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Chapter 1

Introduction

Synopsis: In this chapter, we will provide a small summary of our com-
plete work. We also make an introduction to recommender systems and
their importance in our lives. Lastly, we will give an in-depth overview of
the algorithms that we used in our approach.

Recommendation engines nowadays are an essential part of many on-
line systems working on different application domains. They are used in
a variety of areas, from movie recommendations and media streaming to
e-commerce and social media applications. Therefore, it is clear that the
need for accurate personalized recommendations is growing bigger by the
day since the aforementioned services are part of our daily lives and in
many cases, unavoidable.

One area of interest for recommender systems is healthcare. The main
purpose of our research work is to develop a framework for providing ac-
curate and explainable personalized drugs recommendations for patients,
making use of different algorithms while trying to avoid any possible side-
effects from the recommended prescriptions. To achieve this we worked
with the MIMIC-III database [39] and used some of Cornac library’s built
in Matrix Factorization algorithms for our experiments, as well as, Neural
Networks and compared the results according to our evaluation protocol
which is explained in detail in Chapter 4. From the database we made
use of the relevant data about the patients, such as their diseases and the
history of the user-drug relations. In addition, we had to make use of the



list of adversarial drug-drug interactions (DDIs), which contains all pairs
of drugs that may cause different side effects if prescribed together, for
our experiments to be meaningful. In the next Chapter of our work, we
describe various models that have already been used and tested and show-
case their results. Chapter 3 is an in depth theoretical overview of Neural
Collaborative Filtering and Multi-Layer Perceptron which we also used
for our experiments in the next Chapter. Chapter 4 contains the practical
aspect of our research, as it presents the experiment runs for the various
algorithms, that we compare in order to determine the best possible results
for us to conclude which option is the safest overall.

1.1 Introduction to Recommendation Systems

According to [36] the Recommendation System (RS) should act as an
information filtering system that urges to predict the preferences that the
user may have for one item over another and to predict whether or not
a particular item would be preferred by him. A precise definition of a
recommendation system is given as (Figure 1.1): A recommendation sys-
tem (which sometimes replaces the system with a synonym such as a plat-
form or a machine) is a subcategory of the information filtering system
that seeks to predict the rating or preference that a user would give to an
item.

One of the lessons learned in recent years from recommendation sys-
tems research is that the scope has a significant influence on the types of
methods that can be applied successfully. Particularly important are fea-
tures of areas such as maintaining user utility. For example, users’ tastes in
music may change slowly, but their interest in celebrity news can fluctuate
much more. Thus, the reliability of preferences accumulated in the past
may vary. Similarly, some items, such as books, are available for recom-
mendation and consumption for a long time - often for years. On the other
hand, in a technology field such as cell phones or cameras, old products
are quickly becoming obsolete and cannot be used in a useful way. This
also applies to areas where current events are important, such as news and
cultural events.
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Figure 1.1: Recommender System.

It is therefore not surprising that there are many aspects of research into
recommendation systems, as researchers are concerned with various areas
of recommendation. To integrate these different approaches, it is useful
to consider the aspects of artificial intelligence (AI) recommendation, and
in particular the knowledge base on which a recommendation system is
based.

Each artificial intelligence system relies on one or more sources of knowl-
edge to do its job. For example, a supervised machine learning system
would have a labelled data collection as its primary source of knowledge,
but its algorithm and parameters can be considered another implied kind
of knowledge used for classification work. Proposal algorithms can also
be classified according to the knowledge sources they use. There are three
basic types of knowledge [27]:

* social knowledge about the user base in general,

¢ personal knowledge of the specific user for whom recommendations
are requested (and possibly knowledge of the specific requirements
that these recommendations must meet) and, finally,

¢ content knowledge about recommended components, ranging from
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simple feature lists to more complex ontological knowledge and knowl-
edge that allows the system to explain how an item can meet a user’s
needs.

The different recommendation approaches come from different parts
of this range of knowledge sources. The terms of the Netflix Award com-
petition only contained opinions in the form of ratings, but there were
no requirements or demographic information for users. Good knowledge
of the field is notoriously difficult to gather in this field, due to the com-
plexity of representation and reasoning for narrative content, directional
style, etc. Thus, the problem was solved with a mathematical approach
technique based solely on social and individual scores. In contrast, the
problem of investing options mentioned in [27] can benefit from detailed
knowledge of the client’s income and financial condition, other elements
of his portfolio, and his attitude towards risk. The opinions and choices of
other users may be helpful, but they are not enough to make high quality
recommendations in this area.

Various methods are proposed to develop an effective system of recom-
mendations, two of which form the basis for the development of other
approaches. These methods are content filtering, collaborative filtering
[36]. In addition, these techniques are extended and in the present RS
techniques are classified as (Figure 1.2):

Recommender System

-
! ! ! !

o Collaborative Knowledge based
{ Content Filtering ] [ Fitering ( Fitering Hybrid Filtering

{Memory Based} [ Model Based ] { Hybrid }

Figure 1.2: Recommender System Classification.




1.2 Item-KNN & User-KNN

The k-nearest neighbors algorithm, also known as KNN or k-NN, is a
non-parametric, supervised learning classifier, which uses proximity to
make classifications or predictions about the grouping of an individual
data point. While it can be used for either regression or classification prob-
lems, it is typically used as a classification algorithm, working off the as-
sumption that similar points can be found near one another. It is also one
of the best-known classification algorithms. The principle is that known
data are arranged in a space defined by the selected features. When a new
data is supplied to the algorithm, the algorithm will compare the classes of
the k closest data to determine the class of the new data. Analysis consists
in the observation of the impact of parameters such as distance and clas-
sification rules on classification results. The major advantage of the KNN
classification is its simplicity, it is also an efficient method. However, de-
spite its efficiency, computation times can be long with large databases,
the determination of the number of neighbors to use (k) requires trial and
error and the algorithm is weak with outliers which can strongly impact
its efficiency [19].

K-Nearest Neighbors method is based on analogous learning. That means
that it compares a given set of controls with training sets that are similar to
it. Each plural represents a point in an n-dimensional space. In this way,
all training blocks are stored in a one-dimensional space template. When
an unknown plural is given, a k - nearest neighbor classifier searches the
space pattern for the k training plots that are closest to the unknown plu-
ral. These k training clusters are the k "nearest neighbors" of the unknown
cluster.

The first step is to calculate the distance between the new point and each
training point. The Euclidean distance between two points or multiples,
that iS, X1 = (x11,x12, ce ,xln) and X2 = (le,XQz,. < 2n ) iS,

n
dist(Xy, Xp) = \/Z(xu — X2;)?
i=1



In this approach, similarities between pair of users and items respec-
tively are computed using Pearson similarity metric.

n

i -7 (i—y)
VI (xi —X)%(y; — 1)?

r

where:

* 1 is sample size
* x;y; are the individual sample points indexed with i

* X = % Y.i1 x; (the sample mean); and analogously for i

1.3 Non-negative matrix factorization (NMF)

In the Non Negative Matrix Factorization (NMF) algorithm, an array X
is transformed into a product of two other arrays W and H, as shown in
Equation 1.

nmf(X, k) =W x H(1)

Besides table X, the algorithm takes as input a positive number k. The
generated table W has k columns, while H has k rows. In general, the fac-
torization of tables is not done in a unique way and therefore a number of
different methods have been developed (e.g. principal component analy-
sis, singular value decomposition) with each having its own limitations. In
NMEF there is a certain restriction that limits table X, allowing it to contain
only elements greater than or equal to zero. Tables W and H are subject
to the same constraint and are generated by the algorithm so that they do
not have negative elements. Let V be the product of the tables W, H such
that:

W x H=V(2)



The multiplication of the arrays can be done by linearly combining the
column vectors of W with the values of H. Thus, each column of array V
is computed with the Equation 3.

v; = i H;;W;(3)
j=1
where
¢ N is the number of columns of W
* v; is the i-th column vector of the generated table V

* Hjjis the value of the table H in the row j and column i

* Wi is the j-th column of the table W

1.4 Multilayer Perceptron (MLP)

A multilayer network consists of two or more sensors (Perceptrons).
Particularly, a MLP neural network with a hidden layer consists of the
input level, the level of hidden neurons, which may be one or more, and
the output level. A significant characteristic of these neural networks is
that each node is powered by the output of the previous level, but also
that it is a fully interconnected tree. That is, each neuron on one level is
interconnected with all the neurons of the previous level.

The training process begins with the random initialization of the weights
of each neuron. Then, the process proceeds with two network passages
(one forward and one backward). In the forward process each input ele-
ment goes through the hidden levels and then ends up at the network out-
put giving a value to the dependent variable. In this passage the weights
remain constant. After passing through the output level, all of the input
elements are capable of giving a result. This process allows the calculation
of the model error by subtracting the found values from the actual values
using a cost function. Then, an extra calculation is needed in order to de-
termine the amount of weight that affects the error. This can be done by
calculating the few derivatives of the final node and then by applying the



derivative reduction algorithm (gradient descent). The form of the func-
tion used for weight renewal is as follows:

w=w—nVy](w)

Afterwards, this information is transferred to the immediately previous
level. There, the user will have to calculate some of the derivatives while
using the previously acquired information about weights. Thus, their val-
ues can be determined with ease. This process continues until the user
reaches the entry level, which will obviously remain the same.
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Chapter 2

Bibliographic Review of Drug
Recommendation Systems

Synopsis: In this chapter, we will provide a bibliographic review of rec-
ommendation systems in healthcare. We will showcase what the research
on the field has achieved so far and describe the techniques for each work
respectively, as well as their performances.

2.1 Recommendation Systems for Precision Medicine

The authors’ study [56] briefly refers to biomarkers, which play an im-
portant role in the treatment of respiratory functions. It is also noted that
more than 10% of patients treated in intensive care are affected by acute
lung injury (ALI). The most severe type of ALI is the Acute respiratory
distress syndrome (ARDS) in which a mortality rate of 40% is observed.
The contribution of biomarkers to the pathophysiology of ARDS is much
smaller to a significant degree. However, a major problem is that ARDS
is such a diverse and multifactorial termination condition that the tech-
niques for "clotting and disintegration" are considered to be very serious
and intense.

However, the implementation of a biological network in ARDS is made
possible by the sequence of the human genome and the provision of im-
proved techniques to analyze mRNA transcription (gene expression) and
also through the development of sensitive immunoassays. It is also used
in the molecular phenotypic domain to identify patients at risk of de-
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veloping ARDS through a panel of biomarkers. This disease is still seri-
ous and deadly despite the development of the treatment and control of
ARDS. Monoclonal antibodies (anti-Tumor Necrosis Factor- anti-TNF) and
TNFR fusion protein have given incompatible results. However, with ad-
vances in mechanical ventilation techniques, the increasingly frequent use
of neuromuscular-blocking drugs has led to positive results and the de-
velopment of somatic cell therapies. In the future, it is expected that this
could provide reasonable corrective goals and ultimately improve clinical
care, as the role of understanding biomarkers is integrated into the patho-
physiology of ARDS and lung problems.

On the other hand, [46] briefly describes the approach that although
there are many clinical benefits that clarify the importance of producing
treatment for rare diseases and cancer, the impact on treating and control-
ling very complex diseases such as diabetes type 2, remains very low. It
also primarily identifies the ways in which people are exposed to serious
health problems through the application of diagnostic labels. According
to his study, a different "pallet" model is proposed, based on a molecular
classification that aims to categorize an individual according to the most
pathophysiological processes, which involve the risk and development of
diabetes.

2.2 Recommender System Using Collaborative Fil-
tering

Over time, the health recommender system (HRS) is becoming more and
more a very important platform for healthcare services. Against this back-
ground, intelligent health systems have become essential tools in health-
care decision-making processes. Their main goal is to ensure the avail-
ability of valuable information at the right time, ensuring the quality of
information, reliability, authentication and confidentiality. Just as peo-
ple use social media to understand their state of health, so is a system of
health referrals important for delivering results such as diagnoses, health
insurance, clinical trials, and alternative medicines, the patient’s health
profile. There has been a lot of research aimed at using a large volume
of medical data while combining multimodal data from different sources.
This reduces both the workload and the cost of health care. In the field
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of healthcare, big data analytics using referral systems play an important
role in decision-making processes related to patient health. In particular,
the authors’ research [60] includes a proposed, intelligent HRS using the
deep learning method of the Restricted Boltzmann Machine (RBM) and
the Convolutional Neural Network (CNN), which provides an overview
of how big data analytics can be used to implement an effective health rec-
ommendation engine. In addition, it illustrates the opportunity given to a
healthcare industry to move from a traditional situation to a more person-
alized model, within a tele-health environment. Finally, and taking into
account the values of the Root Square Mean Error (RSME) and the Mean
Absolute Error (MAE), the proposed Deep Learning Method (RBM-CNN)
has fewer errors than other approaches.

2.3 Fast Data Processing in Recommendation Sys-
tems

The problem of analyzing a large volume of user data to determine their
preferences and based on this data, to provide new product recommenda-
tions, is of paramount importance. Depending on the accuracy and time-
liness of the recommendations, significant gains or losses may arise. The
work of data analysis for users of services of different companies, is car-
ried out in special referral systems. However, in cases where there is a
large number of users, the data to be processed becomes too large, which
complicates the operation of referral. The Singular Value Decomposition
(SVD) method can perform intelligent information analysis, providing an
efficient data analysis in trading systems. In addition, in the face of a large
volume of processed information, the authors [54] proposed the use of dis-
tributed systems. This approach reduces data processing time and recom-
mendations to users. For the experimental part of their study, they applied
the distributed SVD method using Message Passing Interface (MPI) tech-
nologies, Hadoop and Spark, and obtained the results of reducing data
processing time using distributed systems compared to non-distributed
systems.

On the other hand, [18] proposed the algorithm based on SVD and
the algorithm of multiple objective immunity (Multi-Objective Immune
Algorithm - MOIA), or SVD-MOIA. In this research, MOIA was used to

13



optimize the conflicting goals of accuracy and diversity. However, the
authors modified the algorithm only to determine the optimal number of
parameters to provide recommendations, leaving the issue of applying the
method that arises in cases of large volumes of data remains unresolved.
The recommendation system is primarily concerned with the accuracy of
the recommended result. For the target user, R is the list of items recom-
mended for user u . Just Function f; is used to define the accuracy of the
recommendation list as follows.

_ Yicr S(u, 1)
fi Rl

S(u,i) denotes the similarity between the user u and item i . |R| is the
length of R. The accuracy is better if the function value is higher.

In addition to the recommended accuracy, we also hope there are di-
verse recommended items in the list, which may bring a surprise to the
user. Diversity of the recommended list can be formulated with function
f2 as follows.

fr= Yicr Ljer,iz S(i,])
R (IR[— 1)

The function f, is a measure of the similarity between the recommen-
dation items. The smaller the similarity, the better the diversity. And so,
the recommendation problem is converted into a multi-objective optimiza-
tion problem as follows.

min {—f1, f2}

Therefore, [54] modified the SVD method in order to ensure the effi-
cient operation of the algorithmic recommendations, even with increas-
ing data. Furthermore, [37] proposed the normalization of the unique de-
composition method based on the choice of parameters, while [3] consid-
ered the adaptation of the recommendation systems for data processing
needs.The Rocchio algorithm is used to produce recommendations based
on relevant and non-relevant documents previously voted by the user.
The method can work with term frequency, tf-idf, or any term weight-
ing schemes. Given a set of documents vectors that are found to be rele-
vant by the user r1,72,...,rn and another set of non-relevant documents
ul,u2,...,um, then the algorithm finds a document vector that combines

14



both sets of documents as follows.

“ N ;B M
i=1 j=1
where g was originally proposed as the mean document vector of an ini-
tial query made into the system, such as a search for a particular keyword.
The parameters a and B control how much the relevant and non-relevant
documents affect the final query vector, respectively.

In addition, [45] proposed a combination of the Singular Decomposition
method and statistical methods for the operation of the travel guide sys-
tem, but without presenting an adaptation of the SVD method for use in
distributed systems. [30] proposed a method of combining information
about data characteristics with a historical scoreboard to predict potential
users’ preferences. This method combines features and time information
in a decomposition table model. The method described is an effective way
to solve the problem of slow start of new data. While, some methods of a
data processing system that analyzes data for movies based on algorithms
oriented to each customer, were formulated in their study [21].

Finally, the authors [1] proposed a new model by integrating three
sources of information: a point-user table, explicit and implicit relation-
ships. The basic strategy of this research is to use the method of Multistage
Resource Allocation (MSRA) to identify hidden relationships in social in-
formation. First, explicit social information is used to identify similarities
between each pair of users. Second, for each pair of users who are not
friends with each other, the MSRA method is used to determine the like-
lihood of their relationship. Therefore, if the probability exceeds a thresh-
old value, a new relationship is created. All sources are then included in
the SVD method for calculating residual forecast values. Pearson Corre-
lation Coefficient method is exploited to compute the similarity between
explicit friends and implicit friends by measuring the common rated items
for both users as follow.

Y 1(Vz]h i) (rfm —Tf)
\/Zh 1 (Tijn — \/Ezzl(rf,jh —7f)?

Where, 7;; is the rating of item j by user i, r¢ ; represents the rating of
item j by user f and f indicates the friends of i which refers to the average

szm
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rating of the user. n is the number of the common items between users
i and f. In this method, the similarity value between i and f is ranging
from [-1,1], the higher value means that the two users are more similar.
The similarity method is applied two times, first for the explicit friends
and second for implicit friends. All these resources are employed in SVD
to produce the new model.

2.4 Drug Recommendation System Based on User
Profile

With the rapid growth of the Internet, the online medical platform has
become an essential part of the drug trade. In order to help users find
fast and satisfying products through a large number of products, the rec-
ommendation system has been proposed. The traditional recommenda-
tion algorithm usually only takes into account the user component score,
which leads to low prediction accuracy. In their work [17] proposed a
method of recommendation based on user profile, which uses in-depth
learning to analyse user behaviour and create multidimensional features
of the user. The profile can be constructed by analysing information about
the drugs. By analysing historical information about user activity, includ-
ing market, browsing, and collection, it is possible to make dynamic pre-
dictions of user evaluation of drugs with the help of a trained neural net-
work. Experimental verification on the B2B medical platform shows that
the prediction accuracy is higher than other algorithms. The proposed
system can not only improve the user experience, but also increase sales
of the platform.

The rapid development of technology has made people’s lives more
closely integrated into the Internet. Internet data is growing at an un-
precedented rate. According to IDC, global data will increase from 33ZB in
2018 to 175ZB in 2025, where 1ZB equals 1 trillion GB. Big data has greatly
facilitated human life, but it has brought new challenges, most notably
information overload. One solution to this problem is the search engine
although the problem can not be solved as long as users are not able to
define the keywords of the correct search. Another solution is the recom-
mendation system, which is based on user behaviour and can help them
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quickly retrieve the desired information. The recommendation system has
been widely used in both academia and industry.

The core of the recommendation system is the recommendation algo-
rithm, which is responsible for finding the items that are potentially of
interest to the user through user and item information. Traditional rec-
ommendation algorithms can be classified into trees: collaborative filter-
ing [48], content-based algorithms [78] and hybrid recommendation algo-
rithms [20]. Different recommendation algorithms are proposed for differ-
ent scenarios and environments.

Providing high quality personalized services to users must be based on
user understanding. In recent years, the user profile has been used to cre-
ate multi-dimensional user-related tags. It depicts his background, his in-
terests, his identity, his psychology, his needs, his personality, etc. and
adequately describes the user information. In their work [18] proposed a
recommendation algorithm based on the user profile, which can dynami-
cally reflect the user preferences and purchase intention.

In recent years, deep learning has achieved excellent results in computer
vision [66], speech recognition and comprehension of natural language
[85]. Since deep learning can automatically learn features and the indi-
rect relationship between them [77], recommendation algorithms based on
deep learning can overcome the problem of data sparse and cold start that
other existing algorithms have. recommendations. In their work [17], they
proposed a dynamic user profile recommendation algorithm. Initially, the
user profile is created dynamically and then the user-drug evaluation is
based on a trained neural network. Experimental results show that the
proposed algorithm performs much better than other recommendation al-
gorithms.

The user profile is an essential part of any given recommendation. [67]
devised a method of scalable user profiles from user profiles, which fo-
cuses on dynamic and static user information [32]. [50] attempted to clas-
sify user topics using the Bayesian algorithm, which was derived from
user-generated text information [43]. [26] used user behaviour, recording,
and history data to create a user profile that reflected the user’s actual
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psychological needs at the time [22]. [58] used textual and social charac-
teristics to create user profiles and conducted research on age classification
[83]. Multidimensional users began to be created through data from vari-
ous types of features. Obviously, multidimensional data has proven to be
a reliable source for creating stereoscopic user profiles, which can signifi-
cantly improve the quality of the user profile.

User profile technology plays a vital role in many areas, such as ad-
vertising marketing and personalized recommendation services, mainly
in the form of linking information and user goals. For the recommenda-
tion system, algorithms are responsible for finding the items that users
are most likely interested in. Collaborative filtering algorithm is the most
commonly used recommendation algorithm. The sort algorithm sorts and
predicts whether a user buys a particular item type based on the data at-
tributes and historical behaviour of the user and the item. Famous clas-
sification algorithms are the decision tree, the support carrier machine
and the accounting regression. [13] proposed a random forest algorithm
[10]. It is a complete learning method, and the GBDT algorithm uses the
integration method, which has a strong generalization ability. In recent
years, learning-based recommendation algorithms have been proposed to
overcome the limitations of the traditional model that can achieve better
performance. In-depth learning effectively captures non-linear and non-
trivial user-drug relationships and supports the association of more com-
plex abstractions in higher-level data representations [38].

User Profile Based Algorithm with Deep Neural Networks

In this section, a recommendation algorithm based on user profile is
proposed. Features of users and drugs are first extracted and then the
deep neural network (DNN) is trained to make predictions.

The characteristics of the user profile and the drug are shown in the
following figures. The characteristics of the user profiles are developed by
analyzing information from three dimensions, wealth index, activity index
and interaction behavior. The wealth index is created by sales. The activity
indicator describes information about users’ activities, such as browser
frequency and purchases. The interaction behavior shows the relationship

18



between user and different types of drugs. By analyzing the efficacy, the
factory and the price of the drugs, it is possible to obtain characteristics of
the drugs, as shown in the following figure.

Wealth index Vital index Interacton
Average amount per Purchase frequency, The interaction that
order and maximum Browse frequency, the user interacts
amount arder, etc. Userlocation, et with Drug classes, etc.
‘ One-hot One-hot Standardizing

L l

‘-»__J_.-"" -_L\‘.;_." -\v"__.-

User Profiles feature

Figure 2.1: User Profiles.

Deep Neural Network Model

As a non-linear model, a deep neural network has a strong ability to
adapt, can learn the indirect relationship between features, and improve
the performance of the composition algorithm. The entry of the deep neu-
ral network developed by [17] is a combination of user and drug charac-
teristics as shown in the figure below.

Experiments and Evaluation of the Model

The performance of the proposed algorithm on a server equipped with
two GPUs (NVIDIA 1080TI) and one CPU (Intel (R) Xeon (R) e5-2670),
256G memory is investigated. The data set is collected by a medical B2B
platform, includes user purchases, browsing, collection and other behavioural
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Figure 2.2: Characteristics of Drugs.
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Figure 2.3: DNN Model.

2

data. It contains 1.83 million reviews, recording 103,799 users and 5,919
drugs. The statistics of the data set are shown in the table below.
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#users 103799

#elements 5919
#ratings 1830000
#ratings/user 17,63

#ratings/element 309,17
Inability to evaluate | 99,7%

Table 1. Data set statistics

There are many parameters for evaluating the performance of a recom-
mendation algorithm, such as coverage, random discovery, and predic-
tion accuracy. In his article [17], the Mean Absolute Error (MAE) and the
Root Means Square Error (RMSE) are adopted for performance evaluation.
They can demonstrate directly whether the model can capture the key fea-
tures of educational data. The MAE value reflects the change in the actual
error value and the RMSE cost indicates the difference in the amount of the
maximum error. The expressions MAE and RMSE are given as follows:

1 R
MAE = & Y IRij + Rl
i,j

1 N
RMSE = NZ’Ri]‘—{-Rijl
i

where N refers to the number of samples in the test set, Rij is the user’s
actual score value and s the predicted score value of the recommendation
algorithm. The smaller these two values, the better the performance that
the algorithm can achieve.

In the simulations performed, the proposed algorithm was compared
with other algorithms, such as linear regression (LG), single decomposi-
tion matrix decomposition (SVD) [79], non-negative matrix factorization
(NMF) [28] and accounting regression (LF). The following figures show
that the proposed algorithm achieves the best performance. A hidden
four-level network was used. The first level is the entrance level, which
has 623 dimensions. From the second to the fifth level are the hidden lev-
els. The number of hidden level neurons is 1000, 500, 200 and 100. ReLu
was selected as the activation function. The output plane has five neurons
and softmax was used as the activation function.
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Figure 2.4: MAE of different methods of composition.
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Figure 2.5: RMSE of different methods of composition

In their study [17], a user profile-based recommendation algorithm for
an online medical platform was proposed and a deep neural network was
used to calculate the user-drug rating prediction according to service and
drug characteristics. The framework of the study was simple and flexi-
ble. The experimental results show that the proposed model achieves a
very high prediction efficiency, which proves that the implementation of
the deep learning model is a successful attempt at user profiles. In future
work, other in-depth learning techniques will be used to improve system
performance on user profiles, such as convergent neural networks, repeti-
tive neural networks, etc.
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2.5 Framework of Intelligent Drug Recommen-
dation System

In their work [5], they designed and implemented a universal medicine
recommendation system framework that applies data mining technologies
to the recommendation system. The drug recommendation system con-
sists of the database system unit, the data preparation unit, the recommen-
dation unit, the model evaluation, and the data visualization unit. SVM
(Support Vector Machine) drug recommendation algorithms, BP neural
network algorithm and ID3 decision tree algorithm based on diagnostic
data were analysed and tested. Experiments were performed to coordi-
nate the parameters for each algorithm for the best possible performance.
Finally, for this specific open data set, the SVM recommendation model
for the drug recommendation unit was selected in order to achieve a good
balance between the accuracy, efficiency and scalability of the model. In
addition, an error checking mechanism was proposed to ensure the accu-
racy of the diagnosis and the quality of services. Experimental results have
shown that this system can recommend drugs with excellent performance,
accuracy and scalability.

The Hospital Information System (HIS) provides a huge amount of data.
The big challenge is how one can extract possible and useful knowledge
from the diagnostic case data. Data mining and recommendation tech-
nologies are a very promising direction to solve these demanding prob-
lems. Since the mid-1990s, various setup systems techniques have been
proposed, and recently many types of setup system software have been
developed for a variety of applications. Traditional recommendation tech-
nologies complement collaborative filtering (CF), content (CB), knowledge
(KB) and hybrid proposal techniques, but these techniques are subject to
certain limitations. CB provides highly specialized recommendations and
CF has problems with weakness, escalation and cold start. To solve these
problems, data mining technologies are applied to recommendation sys-
tems in order to design a new drug recommendation system framework.

In their work [5], they introduced a system of universal medicine rec-
ommendation systems designed and implemented to apply data mining
technologies to recommendation systems that use the potential knowledge
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contained in medical records in order to reduce medical mistakes. The
drug recommendation system consists of a database system unit, a data
preparation unit, a recommendation model unit, a model evaluation unit
and a data visualization unit. Data visualization presents some valuable
knowledge behind diagnostic case data. The drug recommendation algo-
rithms of SVM (Support Vector Machine), BP neural network and ID3 de-
cision tree based on diagnostic data were examined. The SVM was finally
chosen for the drug recommendation model thanks to its high accuracy,
good performance and scalability. Taking into account the safety of the
patient, a faulty control mechanism was proposed that ensures the safety
and quality of the service. Experimental results have shown that the sys-
tem proposed by them [5] can recommend drugs with excellent efficacy,
accuracy and scalability.

Recommendation systems aim to provide users with personalized prod-
ucts and services to address the growing problem of information over-
load on the Internet. Various recommendation system techniques have
been proposed since the mid-1990s and many types of recommendation
system software have been recently developed for a variety of applica-
tions. Most of the recommendation technologies are applied in areas such
as: e-government [31], e-commerce [44], e-commerce / e-marketing [82],
tourism [74] and so on. However, the field of medicine rarely includes
recommendation technologies and their work [5] focused on the design of
the drug recommendation system and the knowledge of extracting from
medical case data.

The most common recommendation techniques include collaborative
filtering (CF) techniques [25] content-based (CB) techniques [50] and knowl-
edge (KB) [47] as well as hybrid recommendation technologies [16]. Each
recommendation technology has advantages and disadvantages: CB mainly
produces recommendations using traditional recovery methods and ma-
chine learning methods, but on the other hand provides highly special-
ized recommendations. Collaborative filtering (CF) recommendation tech-
niques help to make choices based on the views of other people with sim-
ilar interests, but this technique presents problems of weakness, escala-
tion, and cold start. The Knowledge Base (KB) proposition provides users
with data based on knowledge about users, data and / or their relation-
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ships. Typically, KB recommendations maintain a functional knowledge
base that describes how a particular item meets the needs of a particular
user. To achieve higher performance and overcome the disadvantages of
traditional technical proposals, a hybrid composition technique has been
proposed that combines the best features of two or more composition tech-
niques. When it comes to a new application area, a new set of recommen-
dations is needed to address these issues.

Smart medical diagnosis is a growing concern. Some selected tech-
niques for data mining in medicine are discussed in [41]. Data mining
technology has been used to predict heart disease and diagnose thyroid
disease [70]. Health search research presents challenges and important is-
sues related to medical search and discovery, suggesting that information
retrieval, personalization, expert modelling, data mining and privacy pro-
tection are vital to make progress in health. These approaches solve some
problems in medical diagnosis and application of new technologies based
on data in the medical field. However, there is no one-size-fits-all model
that works well for all data and conditions. When dealing with different
data and application scenarios, it is necessary to create a different model
and perform data analysis. In their work [5], they presented a framework
of universal medicine recommendation system that has been designed and
implemented for the application of data mining technologies in the rec-
ommendation system where the possible knowledge contained in medical
records is used to reduce medical errors.

The recommendation system has become a valuable field of research as
it is combined with the development of artificial intelligence technologies.
Unlike most current recommendation systems that focus on e-business,
book and movie suggestions, our system aims to provide a virtual experi-
enced physician for inexperienced beginners and patients in the use of the
right medications. As high accuracy and efficiency are critical to such a
system of online drug delivery, it is advisable to evaluate some data min-
ing approaches to achieve the best balance between accuracy, efficiency
and scalability.

The Database System section provides data links to modules, which con-
tain databases of diagnostic cases, drugs, and specialized knowledge. The
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Figure 2.6: The context of a recommendation system

database communicates, stores the data of the hospital diagnostic cases
and provides access to other units. The Drug Database collects all the
drugs and indexes the largest ones to be found. The database of experts
stores the knowledge of experts, which is obtained by collecting their ex-
periences.

The data preparation unit acts as a data cleaner in the system. Actual
data is raw data and therefore likely to be incomplete or contain noise.
Therefore, the data preparation unit is intended to make clear data and
consists of value sending processing, systems analysis and data normal-
ization. The configuration model unit is the core of the system proposed
by them [5], which is based on a combination of SVM algorithms, BP neu-
ral networks, ID3 decision tree and so on. Although this model is based
on these three algorithmes, it is of course possible to add new data mining
algorithms. The visualization unit mainly provides the visualization tech-
nology in order to present valuable knowledge behind the diagnostic case
data.

The model evaluation unit evaluates the different recommendation mod-
els in a specific data set. When dealing with different application scenar-
ios, it becomes necessary to evaluate the models in order to achieve the
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optimal compensation between the accuracy, efficiency and scalability of
the model.

This universal medicine recommendation system applies data mining
technologies to medical diagnostics, making full use of diagnostic case
data and expert experience. Some models of recommendations are devel-
oped based on the case data of the diagnosis and suggest the appropriate
drug for the patient through the experience of specialists. In addition, a
faulty control mechanism is proposed to ensure the accuracy of the diag-
nosis and the quality of service. That is, if the drug recommended by the
SVM model does not match the opinion of the specialists, the specialist
doctor will examine the patient, suggest more appropriate drugs and up-
date the specialist experience database, so that this strategy ensures the
patient safety and improve the quality of service.

Vector Support Engines

In 1955, Cortes and Vapnik proposed the idea of the Support Vector
Network, which was a new learning machine for two-group classification
problems [24]. This is the first version of SVM. A carrier support machine
constructs a super level or a set of super levels in a space of high or infinite
dimensions, which can be used for sorting, regression or other tasks. Intu-
itively, a good separation is achieved by the layer that is farthest from the
nearest training data point of any class (the so-called operating margin),
as generally the larger the margin the smaller the classifier generalization
error.

SVM is based on the basic idea that the input carrier can be divided by
a linear decision surface when mapped to a very high-character feature
space. SVM can only deal with the two classification problems initially,
the model was extended to deal with multiple order problems and regres-
sion problems [20]. SVM offers a huge advantage for high-dimensional
data and non-linear data. It overcomes the problem of overload and di-
mensional damage. The final optimized problem can be transformed into
a limited quadratic programming (QP) problem [52]. When it comes to
large-scale data, SVM does not perform fast. There is also no standard for
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selecting kernel mode. The work in [65] applies the SVM model to identify
complex patterns of human movement.

SVM has good scalability for multidimensional data and is suitable for
pattern recognition and regression problems based on statistical consider-
ations. SVM turns the request into an optimization problem. Let the set
of training data be (x;y;),i— = 1,2,..,x € R",y € {£1} where [ is the
number of training samples and n is the dimension of the data set. The
final optimization problem is as follows:

l

) 1 )
maxQ(a) = Z a4 =5 Z Z a;ay;y;(x; - x;)
j=1

i=1j=1

l
st. Zajy]- =0,j= 1,2,...,l,a]~ >0,i=12,..1
j=1

So the final super level resulting from the double optimal problem is
obtained. The classification function is as follows:

flx) = Sgn{zl:ﬂi * yik(X - ;) +b*}

i=1
Where x € R" and a; and b are optimization parameters.

k(x-x;) = ¢(X) - ¢(x;), is the definition of the kernel function. It is
enough just to calculate the internal production of the feature space.The
SVM enters the kernel function to compute the internal function. The
above problem can therefore be treated as a non-linear classification prob-
lem.

Due to these features, the SVM has good scaling and performance. There
are two important parameters that can greatly affect the performance of
SVM. This is the gamma parameter denoted as g in the kernel function
and the cost parameter denoted by c. And the K-aspect cross-validation
method is applied in the experiments to obtain the appropriate g and c,
in the K-aspect cross-validation, the K-1 aspects are used for training and
the latter aspect is used for evaluation. This process is repeated K times,
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so that each time the evaluation aspect is different. In their experiment [5]
set K = 5 and the number of examples is 1200. Figure 4 shows the opti-
mization process and the result of g and c. For simplicity of the design,
the logarithm of g is treated as a y-coordinate and the logarithm of c is
treated as a x-coordinate, the accuracy of the SVM is considered to be a
z-coordinate. The colour of the line from blue to red indicates that the ac-
curacy ranges from low to high. And we can understand it when g = 0.125
and ¢ = 362.0387, the SVM has good 95% accuracy.

BP Neural Network

Backpropagation (BP) is a well-known method for training an artificial
neural network with an optimization method such as cathodic inclination.
The BP neural network is based on reverse propagation that minimizes
the sum of square errors between the actual and desired output values.
His work [53] demonstrates that artificial neural networks provide effec-
tive solutions to problems encountered in building systems that mimic a
physician’s experience and present a system of specific neural networks
in medical diagnosis. However, due to the downward method, there are
some disadvantages to the BP neural network, such as the long training
time and the easy convergence to the local minimum. To address these
issues, [71] some improved approaches are proposed.

Based on the diagnostic data, training of the BP model of the neural
network is performed and specific experiments are performed with differ-
ent number of hidden nodes. A variable backward learning rate training
function is used to train the model. The following figure shows that the
test error rate and the training error rate changed as a function of the num-
ber of hidden nodes. It has been observed that the learning error rate de-
creases with increasing number of hidden nodes, while the test error rate
decreases first and then shows an increasing trend. For number of hidden
nodes = 8 an accuracy of 97% was achieved.

ID3 Decision Tree

ID3 is an algorithm proposed by Ross Quinlan and used to create a data
tree based on data [55] from which it is then possible to make decisions
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Figure 2.7: Evaluation of test and training error rate

based on this tree. The main challenge in ID3 is the choice of features
while gaining information is of great value. In addition, ID3 can make
decisions in an abstract and thoughtful way. Taking into account these
teatures, in combination with good performance, the ID3 model emerges.
The final decision tree is shown in Figure 6 and the numbers from one to
five indicate the drug A, B, C, X, Y. After all the features are separated, a
decision tree is created based on the information gain of each feature. So in
the case of a new patient, the ID3 recommendation model will first check
the K level and then find the output node of the tree.

Model Evaluation The diagnostic case data is divided into two parts,
which consist of 70% training data and 30% test data, while for each model
ten sets of experiments are performed in order to avoid accidental errors.
The accuracy of the model and the execution time are the average of ten
groups of experiments. The following figure illustrates the result of the
experiment.

30



1.4

-accuraéy |
100/ M running time| — _ _ _ . 12
| |
B)
= 90F----gez-—-- S - S - - - 18
S =
s £
2 80F -~ B 0.8°2
= j=10]
3 g
S 70F------- - DA - - 0.6 £
60F--- - - - - R SR - - - - 0.4
50 0.2

ID3 decision tree SVM BP neural network

Figure 2.8: Accuracy and running time of the three models

The previous figure gives a visualization of the accuracy and operating
time of the models, the length of the red bar indicates the accuracy of the
model and the length of the blue bar indicates the operating time of the
model. It seems that the accuracy is getting bigger while obviously the
performance is changing.

When a drug recommendation system gives a diagnostic result and rec-
ommends the drug to a patient, the first thing to consider is accuracy. High
accuracy leads to high quality services and high security. However, effi-
ciency is also a very important factor for the electronic system, and the
result of the diagnosis must be available as soon as possible. The ID3 deci-
sion tree model shows the shortest time, but its accuracy is only 89% and it
has poor scalability. As the features get bigger, it’s hard for ID3 to make a
decision tree. The BP neural network on the other hand achieves the high-
est accuracy, but the operating time is 1.7 seconds, while requiring longer
training time and poor understanding of the result. The SVM model has
good 95% accuracy in 0.74 seconds. SVM is therefore selected as a model
drug recommendation due to its high accuracy, good performance and
scalability in this open data set.
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2.6 Comparative Neural Network Graph for Drug
Interchange System with Crossover Sales

Recent developments in deep neural networks for structured graph data
have led to state-of-the-art performance in recommendation system evalu-
ation criteria. Adapting these methods to drug cross-breeding work with
one million products and hundreds of millions of sales remains a chal-
lenge, due to the complex medical and legal properties of pharmaceuti-
cal data. To meet this challenge, a graph convolutional network (GCN)
algorithm called PharmaSage was developed, which uses chart convolu-
tions to create drug integrations, which are then used in a downstream rec-
ommendation job. The underlying graph incorporates both cross-selling
information from the sales transaction into the graph structure as well
as product information as node characteristics. Through modifications
to sampling involved in the network optimization process, a common
phenomenon in recommendation systems, the so-called popularity bias,
has been addressed: popular products are often recommended, while less
popular ones are neglected and rarely or not recommended at all. Phar-
maSage was developed using real-world sales data and trained with 700,000
articles represented as nodes in a cross-node chart representing approxi-
mately 100 million sales transactions. By utilizing the properties of medic-
inal products, such as indications, ingredients and their side effects and
combining them with long sales histories, better results have been achieved
than with a purely statistical approach. This is the first application of deep
embedding charts for intersection of pharmaceutical products on this scale
to date.

His work [35] described the main challenges in implementing the idea
of a system of recommendations based on convergent graph networks
in cross-selling recommendations of pharmaceutical products, given the
aforementioned limitations. The first challenge is to devise a system of
recommendations based on product feature information and sales data
that represents information about which products have been sold together
while providing no information on product-customer relationships. To ad-
dress this challenge, a graph of drug sales and product data is created and
a neural graph is used for training on product integrations, which can be
used for a downstream recommendation work. Describes how this infor-
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mation was chosen to be encoded in a graph structure, representing drugs
as nodes, their characteristics as node characteristics, and sales statistics as
node edges.

The goal of optimizing the neural network training process in relation
to this data is further described. It was chosen to use a semi-supervised
training program using the loss of trinity to optimize network parame-
ters. Defining positive and negative samples is a key decision when using
triple loss in optimization. The following is a description of how the pos-
itive and negative samples were selected based on cross-selling informa-
tion and characteristics as shown in the graph.

Cross-selling Recommendations of Pharmaceutical Products

In their study, [59] interviewed sixteen pharmacists and found that phar-
macists relied primarily on personal judgment augmented by feedback
from patient feedback to make product recommendations. Another study
that examined the factors that influence pharmacists’ recommendations
for complementary medicines also stated that the recommendations are
based on personal experience and training and concluded that in order to
encourage documented use of complementary medicines in pharmacies,
there is a need to develop accessible quality resources. A study exam-
ining community pharmacists’ recommendations for alternative natural
products for stress in Melbourne found that out of 94 pharmacies, twenty-
five provided the customer with an unsuitable product and concluded
that there was a need to develop guidelines for pharmacists for taking
evidence-based decisions recommending complementary and alternative
medicines [23]. A study investigating a recently released drug recommen-
dation system has developed a side effect labelling component that emits,
for a given prescription, a set of drugs that should be avoided as they will
cause side effects if taken at the same time as the prescription [8]. [84]
proposed a system of indications for the use of cloud-based drugs for on-
line pharmacies, in order to suggest to users the top N drugs according to
the symptoms. In their system, they first grouped the drugs into several
groups according to the functional description information and designed
a basic individualized drug composition based on collaborative user filter-
ing. In collaborative filtering based on their pipeline segment, the authors

33



leveraged drug user ratings. In their study [35] there was no access to
historical data or user ratings. The modelling was based solely on raw
sales data and product features. Therefore, a unique approach has been
devised to solve the drug-product recommendation task based on node
integrations created by a graphical neural network that can utilize sales
data as well as product features without the need for customer history or
ratings of users.

Graph of Neural Networks and Recommendation Systems

Conceptually, the approach of [35] relates to previous node integration
algorithms and current developments in the application of convergent
neural networks to graph-structured data. The basic idea behind node
integration methods is to create useful small-dimensional vector represen-
tations of high-dimensional information for a node in the graph, including
the node graph neighbourhood. The use of low-dimensional vector inte-
grations as feature inputs for a wide variety of machine learning tasks,
such as sorting, predicting, grouping, and setting tasks, has proven valu-
able [7]. His original work [15], which introduced a convergent graph
variable based on spectral graph theory, was followed by several authors,
proposing improvements and extensions [7]. The first approaches to creat-
ing node integrations, such as the GCN introduced by [40], were transfer-
able and limited in their generalization to invisible nodes and their scala-
bility, as these methods required to work in the whole of Laplace. of the
graph [80]. Subsequent approaches worked inductively [51]. In contrast
to inductive integration methods based on matrix factorization, newer ap-
proaches utilize node characteristics and the local neighbourhood spatial
structure of each node, as well as the distribution of node characteristics in
the neighbourhood [33]. Based on this, further improvements and new al-
gorithmic capabilities that ensure performance, scalability and improved
sampling have recently been explored [75]. These developments have led
to new improved performance at benchmarks, such as node classification,
link prediction, or web-scale proposal work, as well as the application of
these methods to areas such as drug design [14].

Prejudice of Popularity
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One obstacle to the effectiveness of recommendation systems is the prob-
lem of popularity bias [6]. Collaborative filtering recommendations usu-
ally focus on popular articles (e.g. those with more sales, views, or ratings)
rather than articles [49] that may be popular with only a small group of
customers or consumers. While popular articles can be a good recommen-
dation, they are also likely to be well known and sometimes bad recom-
mendations, especially in the face of cross-selling drug recommendations.
In addition, delivering only popular articles will not accelerate the discov-
ery of newly introduced articles and ignore good suggestions. The idea of
the popularity of the article and its impact on the quality of the recommen-
dations has often been the subject of investigation [81]. In these projects,
the authors sought to improve the performance of the recommendation
system in terms of accuracy, while others focused on reducing the bias
of popularity through normalization [2] or reclassification. Significant re-
search has also been published on the diversity of recommendations, with
the aim of preventing the introduction of too many similar articles.

Representation of Data in Graph

In order to harness the power of convergent neural networks in order to
learn product integration, pharmacy sales data and product information
must be converted into a graph. Each unique pharmacy product is repre-
sented as a node, which also contains the descriptive information of the
corresponding product coded into one, which in turn has approximately
15,000 entries, representing the medical indications, active ingredients and
side effects of the products. The data was obtained from the main German
commercial pharmaceutical database used in pharmaceutical and other
software solutions for pharmacies, doctors, hospitals and other healthcare
providers, provided by Pharmatechnik. The undirected weighted edges
between two nodes represent the frequency of cross-selling for each prod-
uct pair, where "cross-selling" is defined as the sale of two products sold in
the same transaction. The total of approximately 100 million transactions
with information about the products sold together was provided by Phar-
matechnik, utilizing the sales transactions documented through the IXOS
Pharmacy Management System, which is currently used in more than
5,000 pharmacies. Prior to further processing, transactions are restricted
by those on which the cross-selling numbers are based on those with two
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or three items sold, corresponding to approximately 25% of the total. The
fewer products involved in a transaction, the greater the relationship be-
tween the products sold. These transactions involve about 700,000 dif-
ferent products, but also include many similar products that differ little
(or not at all) from each other. For example, there are many Aspirin 100
product offerings from different manufacturers. For training, validation
and testing, 60% of these default trades were randomly selected to create
a training chart and 20% to generate validation and testing charts. These
graphs serve as an entry into the model training and validation phase.
However, the final model used for conclusions is then trained in all the
sales transactions included. In model training, the highest-scoring cross-
section articles (those with the highest acne weights with a specific query)
were used as candidates for the concentration and optimization part of the
modelling process. Unfortunately, popular articles dominate. To compen-
sate for this so-called popularity bias, a probability theory-based approach
is introduced that aims to update the weights of all the ends of the graphs.

Model Architecture

Suppose a model of a convergent graph neural network that uses local
convergences in aggregate neighbourhood vectors to create product inte-
grations represented by graph nodes, similar to that presented in [33]. The
basic idea is to transform the representations of the neighbours of a given
node through a dense neural network and then to implement an aggrega-
tion / concentration function (a weighted sum, presented in the form of
blue boxes in the following figure, the "CONVOLVE" unit ) in the result-
ing set of vectors. This assembly step provides a vector representation of
the local neighbourhood of a node. This aggregate neighbourhood vector
(dark grey frame) is then combined with the current representation of the
nodes (light grey frame) and the connected vector is transformed through
another dense neural network. The output of the algorithm is a repre-
sentation of a node, called node integration, which integrates information
about itself and the neighbourhood of the local graph. Details about the
algorithm exist in their work [80]. The only change made is that the neigh-
bourhood node information was collected only in the "top neighbours" of
a given node. The upper bouts featured two cutaways, for easier access to
the higher frets. The lower bouts featured two cutaways, for easier access

36



to the higher frets. Recommendations are then calculated using these final
node integrations
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Figure 2.9: The convergent neural network graph uses local convergences
in aggregate neighbourhood vectors to learn product integrations. Here,
the two-level graph neural network is presented that calculates the final
integrations of nodes A and B using the previous level representation of
nodes A and B, respectively, and that of their respective neighbourhoods.
Different colours indicate different nodes. The proposed score between
two products A, Bis then calculated by using the cosine similarity between
the two final integration vectors of nodes A and B.
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Model Training

To optimize the network parameters, the trinity loss is used, as shown in
the equation W,eigya (B, A) = Wyaw(B, A) — E(B|A), which is a distance-
based loss function that operates on the final integration of three input
nodes: the central A, the positive P, which are typically from the same
order as A or related to some other measure, and the negative N, which is
typically of a different order from A.

minL(A, P,N)
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L(A,P,N) = max(0,sim(A,N) — sim(A, P) + A)

The incorporations of pharmacy products represented by nodes in the
graph were used as inputs for trinity loss. Each node can be a base node
A, and each has positively correlated nodes P and negatives N. A given
pair A, P must be associated with some measure, i.e., they are often pur-
chased together or are similar in attribute coding. Pair A, N is believed
to be related to some other measure, i.e., they are never bought together
or bought together less than expected. The aim of the training phase is to
optimize the PharmaSage parameters so that the sim (A, P) resemblance
of the base-positive pair is higher than the residual sim (A, N) of the base-
negative pair by some margin 0.5.

Sampling

Positive samples were selected for a given key node A by sampling
nodes between the top neighbors of that node with equal probability in
each iteration. The leading cross-sellers are those neighbors with the high-
est edge weight with the main, who represent the products that are sold
more often than expected in relation to this product represented by the
main node. Together, they form the positive sampling tank. To complete
the positive sampling based on edge weight, nodes are used that share
coding characteristics with the basic one as possible positive samples. In
this hybrid positive sampling approach, 50% of the positive samples were
selected based on the similarity of key node characteristics with respect
to all other nodes and the other 50% based on edge weights representing
reclassified cross-sales. Products are included in the additional positive
sampling based on additional attributes for a given key node, if the prod-
uct / node shares any attribute with the key.

Negative samples were selected between nodes that are not connected
to the main one, which are never sold with it. Additional nodes with neg-
ative acne weights relative to the baseline were used as possible negative
samples, as the expected amount of cross-selling with the base node is
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higher than the actual cross-selling. In general, semi-hard negative poten-
tial mining was applied, as introduced on FaceNet [64], which has been
widely used since then [69].

Recommendation

The final embodiments calculated from the model presented by them
[35] after the training are used to calculate the scores of the proposal rec-
ommendations among all the products. We obtained a recommendation
score defined within the interval [0, 1] using the cosine similarity of two
vectors, sim (A, B), commonly used in the information retrieval and data
mining technique (Singhal, 2001). Given the similarity scores between a
search product and all other products (except prescription drugs, which
can only be sold if they have been prescribed by a doctor and are there-
fore not legitimate cross-selling recommendations), the products with the
highest similarity to search. as recommendations for the search article.
A diagram illustrating the high-level architecture for how to calculate the
recommendations between Articles A and B is shown in the previous fig-
ure.

System Setup and Execution Time

For the software, the Python framework, the networkx library were
used to create the chart, and the PyTorch framework was used to imple-
ment the GCN. The network is trained in system with Intel Core i7 8750H,
Nvidia GeForce GTX1070 GPU and 32 GB RAM. The training lasts about
48 hours and ends as soon as the loss of a trinity, which starts at the mar-
gin of 0.5, has reached a limit of 0.05 for the training chart. The validation
loss is at 0.092 and the test loss at 0.095 at this point. It has been found
empirically that the quality of results does not improve much beyond this
point. The training of the model used for conclusions stopped at the same
threshold.
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Quality of Recommendation

In order to evaluate the performance of the algorithm, a collection of
product reviews was provided by experts on a total of 25 product searches.
For each recommendation generated by PharmaSage, the feedback given
may have one of three values: 0 (no pharmaceutical relationship with the
search product), 1 (there is a drug relationship and the product is a good
recommendation for the search) or 2 (there is a drug relationship and the
product is a very good recommendation to look for). The average of the
scores for the top 15 recommendations for 25 products is then used as a
performance quantifier.

Recommendations are calculated based on cross-selling data encoded
in the graph, which can be thought of as a conventional propositional ap-
proach similar to collaborative filtering. The products that are most often
sold with the search product are selected as recommendations. The rec-
ommendations are then calculated based on the PBR graph. This result
provides an insight into what can be achieved without additional learn-
ing. The PBR graph is then used to train the PharmaSage model.

As shown in the following figure, the quality of the evaluated recom-
mendations is comparatively lower for simple recommendations based on
cross-sales statistics and the quality increases in the PBR approach. The
PharmaSage model then trained for the PBR approach introduces another
increase in recommendation quality. Compared to sales data-based ap-
proaches, this model is able to learn from cross-selling information en-
coded at the edges of the chart, as well as leverage characteristics informa-
tion encoded as node characteristics.
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Figure 2.10: Average quality recommendations among the top 15 sug-
gested articles for 25 rated products. Recommendations are calculated
based on the graph including crude cross-selling statistics and the graph,
where edge weights have been recalculated using the probability approx-
imation (PBR). PharmaSage is optimized based on the PBR approach as
input.

The following table shows examples of recommendations calculated by
PharmaSage, their recommendation score, and expert feedback on pred-
nisolone, a corticosteroid. Prednisolone is used to treat a wide range of
health problems, such as allergies, skin conditions, infections and cer-
tain autoimmune disorders. Helps reduce inflammation and suppress the
immune system. PharmaSage also recommends over-the-counter allergy
medications (ranking 1, 5, Table 2) for which prednisolone and stomach
acid inhibitors are often prescribed to reduce the negative effects of the ac-
tive ingredient in the search article (ranking 2, 4, Table 2). Calcium and
vitamin D3 can both help improve bone health, which can be affected
by ongoing treatment with corticosteroids (rankings 6, 9, Table 2). The
non-steroidal anti-inflammatory drug helps with pain and has additional
anti-inflammatory action (ranking 8, Table 2). Another antipruritic and
anti-inflammatory gel (ranking 10, Table 2) is recommended, which com-
pensates for the symptoms associated with the main indications of pred-
nisolone, as well as a nasal spray for additional treatment, which relieves a
closed nose, reduces swelling and can cause swelling. to assist in the treat-
ment of allergic airway reactions (ranking 3, Table 2). ASS100 (ranking
7, Table 2), an anticoagulant, should not be recommended without addi-
tional medical advice. Therefore, the expert feedback signal is 0.
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Ranking | Recommended Product | Expert Comments
1 CETIRIZIN AL DIREKT 2
2 PANTOPRAZOL ABZ 2
3 PANTOPRAZOL ABZ 2
+ OMEPRADEX 20MG 2
5 LORANO AKUT 2
6 DEKRISTOL 400 IE 2
7 ASS AL 100 TAH 0
8 IBUPROFEN OPT 400MG 2
9 CALCIUM D3 RATIO 2
10 FENISTIL 2

Table 2. Examples of recommendations for prednisolone

In their work [35] they presented PharmaSage, a continuous network
of charts for cross-selling recommendations for pharmaceutical products.
PharmaSage is the first graphical synergistic neural network application
for drug composition, utilizing sales statistics and drug characteristics such
as indications, ingredients, and contraindications. In addition, a method
based on probability theory presented that addresses the common prob-
lem of popularity bias was presented. It has been shown that there is a
bias of popularity in pharmacy sales and cross-selling data sets and ways
have been developed on how it can be successfully addressed in order
to increase both the quality of the recommendations and the diversity.
PharmaSage was developed on the basis of real pharmaceutical data and
thoroughly evaluated the quality of learning incorporations for a cross-
selling recommendation task, demonstrating a significant improvement in
the quality of proposals compared to traditional cross-statistical approach-
based approaches. This demonstrates the positive impact that graphical
aggregation-based methods can have on pharmacy cross-selling recom-
mendation systems, and reflects the belief that PharmaSage can be further
expanded to address other learning problems of graph representation and
retail in the retail industry. A future point of interest will be the further
evaluation of the quality of PharmaSage recommendations by evaluating
A / B tests against traditional recommendations by pharmacists and the
way in which both cross-selling and customer feedback are affected.
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Chapter 3

Matrix Factorizations with Neural
Neworks (SVD, MLP and NCF
algorithms)

Synopsis: In this chapter, we will focus on Multi-Layer Perceptron(MLP),
Generalized Matrix Factorization(GMF) and Neural Collaborative Filter-
ing(NCF) Framework for probabilistic models. We will introduce Neural
Networks and describe the MLP and GMF models and their formulas, in
order to show how they work with auxiliary data. Furthermore, after a
brief introduction to NCF we will elaborate on the use of the NCF Frame-
work with probabilistic models on a theoretical level, before actually im-
plementing them in our experiments in Chapter 4. Finally, we will explain
the Singular Value Decomposition(SVD) and Post Hoc Re-Ranking algo-
rithms and present a Toy Example for a patient using the best performing
algorithm (SVD) as shown in Chapter 4 and compare the recommended
drugs with SVD Reranking to conclude which results are safer for actual
use.

3.1 Problem Analysis

Our main focus is analysing the performances of the Multi-Layer Per-
ceptron, Generalized Matrix Factorization and Singular Value Decompo-
sition Learning models from the Cornac library. In particular, our goal
is to check whether these algorithms can be applied to solve the intricate
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challenges presented by the healthcare environment.

All the above-mentioned methods can deal with a main user-item inter-
actions matrix and support a potential auxiliary network for the items. In
our specific scenario, the drugs serve as our items and the patients serve as
users. In addition, a list of adversarial drug-drug interactions will be used
as side information. The results achieved by the models with and without
auxiliary data will be presented in the next Chapter.

Other than simply examining the efficiency and effectiveness of the Cornac
models, we have also implemented an extended version of the Singular
Value Decomposition algorithm in order to see how the results would
change by adding supplementary side information, by implementing the
Post Hoc Re-Ranking algorithm. In particular, we tried to feed the lat-
ter method with the drug-drug interactions auxiliary networks. Different
experiments and outcomes will also be shown and compared in the next
Chapter.

3.2 Multi-Layer Perceptron MLP

A multilayer perceptron (MLP) is a feedforward artificial neural net-
work model that maps sets of input data onto a set of appropriate outputs.
In MLP-based prediction [73], the input data is the history observations,
while the output is the prediction of the future states.

Since two paths are adopted for modeling users and objects, it is consid-
ered intuitive to combine the features of the two paths. However, a single
vector concatenation cannot account for any interaction between user and
object latent function. To address this issue, the authors [34] proposed
adding hidden layers to the concatenated vector, using a standard MLP.
In this way, the interaction between the user-object latent function can be
established and, by extension, the model can be given a great level of flex-
ibility and non-linearity. More specifically, the MLP model is defined, as:

z1 = ¢1(py q;) = [Z”] )
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¢r(zi—1) = ar(Wizr_1 +by),

Jui = o(h ¢pr(z1-1))

where Wy, by and a, denote the weight matrix, bias vector, and activa-
tion function for the x-th layer perception, respectively. Finally, regarding
the activation functions for the MLP layers, the user can freely choose be-
tween the sigmoid, the hyperbolic tangent (tanh), and the rectifier (ReLU)
(among others).

[4] in their textbook provided a simple example of neural networks be-
ing used as black-boxes. Neural networks simulate the human brain with
the use of neurons, which are connected to one another via synaptic con-
nections. In biological systems, learning is performed by changing the
strength of synaptic connections in response to external stimuli. In arti-
ficial neural networks, the basic computation unit is also referred to as
a neuron, and the strengths of the synaptic connections correspond to
weights. These weights define the parameters used by the learning algo-
rithm. The most basic architecture of the neural network is the perceptron,
which contains a set of input nodes and an output node. An example of a
perceptron is shown in Figure 3.1. For a data set containing d different di-
mensions, there are d different input units. The output node is associated
with a set of weights W, which is used to compute a function f(-) of the d
inputs. A typical example of such a function is the signed linear function,
which would work well for binary output:

z; = sign{W - X; + b}
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Figure 3.3: Pre-processing the ratings matrix. Shaded entries are itera-
tively updated.
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Figure 3.4: Neural networks for predicting and updating missing entries.
Shaded entries of Figure 3.3 are iteratively updated by the neural net-
works.

Here, X; is a d-dimensional row vector defining the d inputs of the ith
training instance, and W is the coefficient vector. In the context of collab-
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orative filtering, the d inputs correspond to the (n — 1) items, which are
used to predict the rating of the remaining item. Assume that the label of
the ith instance is y;. In the context of collaborative filtering, y; represents
the observed ratings of the items being predicted. The parameter  de-
notes the bias. One can already notice the similarity of this approach with
linear regression although the prediction function is slightly different. The
value of z; is the predicted output, and the error (z;y;)? of this predicted
output is used to update the weights in W in a manner similar to linear re-
gression. This update is similar to the updates in gradient descent, which
are made for least-squares optimization. In the case of neural networks,
the update function is as follows :

W =W a(y; - z) X

Here, « > 0 denotes the learning rate and Wt is the value of the weight
vector in the tth iteration. It is not difficult to show that the incremental
update vector, is the negative gradient of (y;z;)? with respect to . We iterate
through all the observed ratings in the item being predicted in order to
make these updates. Since it was assumed that y; is binary, this approach is
designed for binary ratings matrices. One can also design neural networks
in which the output need not be binary, and the prediction function need
not be linear.

In general, a neural network can have multiple layers, and the interme-
diate nodes can compute nonlinear functions. An example of such a multi-
layer neural network is illustrated in Figure 3.2. Of course, such a network
would have a larger number of learning parameters. The corresponding
learning algorithm is referred to as the back-propagation algorithm [9].
The main advantage of neural networks is that the multi-layer architec-
ture provides the ability to compute complex nonlinear functions that are
not easily computable with other classification methods. Therefore, neu-
ral networks are also referred to as universal function approximators. For
noisy data like ratings matrices, regularization can be used to reduce the
impact of noise.

Consider a ratings matrix with four items, illustrated in Figure 3.3. In
this example, the items correspond to movies. The first step is to mean-
center each row, in order to remove user biases. The resulting mean-
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centered matrix is shown on the right-hand side of Figure 3.3. Note that
the missing values are replaced with the corresponding row average, which
is 0 after mean-centering. Since there are four items, there are four possible
neural network models, whereby each model is constructed by using the
ratings input of the other three items as training columns, and the fourth
as the test column. These four neural networks are shown in Figure 3.4.
The completed matrix of Figure 3.3 is used to train each of these neural
networks in the first iteration. For each column of the ratings matrix, the
relevant neural network in Figure 3.4 is used for prediction purposes. The
resulting predictions made by the neural networks are then used to create
a new matrix in which the missing entries are updated with the predicted
values. In other words, the neural networks are used only to update the
values in the shaded entries of Figure 3.3 with the use of an off-the-shelf
neural network training and prediction procedure. After the update, the
shaded entries of Figure 3.3 will no longer be zeros. This matrix is now
used to predict the entries for the next iteration. This approach is repeated
iteratively until convergence. Note that each iteration requires the appli-
cation of n training procedures, where 7 is the number of items. However,
one does not need to learn the parameters of the neural networks from
scratch in each iteration. The parameters from the previous iteration can
be used as a good starting point. It is important to use regularization be-
cause of the high dimensionality of the underlying data [29].

This model can be considered an item-wise model, in which the inputs
represent the ratings of various items. It is also possible to create a user-
wise model [86], in which the inputs correspond to the ratings of various
users. The main challenge with such an approach is that the number of
inputs to the neural network becomes very large. Therefore, it is recom-
mended in [86] that not all users should be used as input nodes. Rather,
only users who have rated at least a minimum threshold number of items
are used. Furthermore, the users should not all be highly similar to one
another. Therefore, heuristics are proposed in [86] to preselect mutually
diverse users in the initial phase. This approach can be considered a type
of feature selection for neural networks, and it can also be used in the
item-wise model.
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3.3 Neural Collaborative Filtering

In today’s information age, the proposed systems play a very decisive
role in the relief” of information, from possible overloads. This has been
helped by the adoption of a number of online services, including e-commerce,
online news and social networking sites. According to the authors [63], the
key to a personalized recommender system is modeling user preferences.
Preferences can be identified based on previous user interactions (e.g. rat-
ings and website browsing), and this system is known as Collaborative
filtering. Among the various techniques encountered in collaborative fil-
tering, matrix factorization (MF) is the most popular. This has the ability
to project users and objects into a shared latent space using a latent feature
vector. So the vector is meant to represent a user or an object. A user’s
interaction with an object is then modeled as the inner product of its latent
vectors.

Having gained great popularity through the Netflix Prize competition,
MF is considered the de facto approach for recommendations based on a
latent factor model. Additionally, a great deal of research effort has been
made to improve MF, such as through its integration with neighbor-based
models, its combination with thematic content (object) models, but also
through its extension in factoring machines (for a general modeling of fea-
tures). However, despite its effectiveness, the performance of MF can be
hampered by the simple choice of an interaction function (IFC). For exam-
ple, in terms of rating prediction (in explicit feedback), the performance of
the MF model can be improved by incorporating the user and item bias
terms into the interaction function. Despite its apparent simplicity, this in-
tegration highlights the positive effect of designing a better, dedicated in-
teraction function. Its goal is to model the interactions (the latent function)
between users and objects. Also, the inner product, which linearly com-
bines the multiplication of latent features, may not be sufficient to capture
the complex structure of user interaction data.

The authors [34] carried out a thorough investigation, which focused on
neural collaborative filtering. First, they presented the general NCF (Neu-
ral network-based Collaborative Filtering) framework, elaborating how
the framework is learned, with a probabilistic model. In this case, the
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model emphasizes the binary nature of implicit data. The authors then
demonstrated how MF can be expressed and generalized with NCF. Then,
in order to explore deep neural networks (DNNSs) for collaborative filter-
ing, they proposed a detailed representation of NCF, using a multi-layer
perceptron (MLP). MLP was an important part of the research because it
aimed to learn the user-object interaction function. Finally, [34] presented
a new factorization model (neural matrix), which combines MF and MLP,
in the context of NCF. In this way, the new model has the ability to unify
both the advantages of linearity of MF and the advantages of nonlinearity
of MLP. Thus, it is considered suitable for modeling the latent structures
between user-object.

In order to enable a complete, neural processing of collaborative filter-
ing, the authors [34] adopted a multi-layer representation. Their goal was
to model a y,,; for user-object interaction, in which the output of one layer
serves as the input of the next. The bottom layer of the input consists of
two feature vectors (v} and v!), which respectively describe user u and ob-
jecti. In addition, they can be adapted to provide support for a wide range
of user and component modeling (e.g. context-aware), content-based, as
well as neighborhood-based. Since this research focuses on setting up a
‘pure’ collaborative filtering, the authors used the identity of a single user
(and an object) as input. Thus, it was possible to convert them into a bi-
nary, sparse vector (with single beam encoding). Also, by using such a
generic feature representation (for inputs), the method in question can be
easily adapted to deal with the cold start problem. It can achieve this by
using content functions to represent users and objects.

Continuing with the framework description, above the input layer is
the embedding layer. The embedding layer is a fully connected layer,
which projects the sparse representation into a dense vector. In this, the
obtained embedding of the user (object) can be considered as the latent
vector for the user (object), in the context of the model. Both user and ob-
ject integration are then fed into a multi-layered, neural architecture called
"neural collaborative filtering layers". These are used to map the latent
vectors to prediction scores. Also, each layer of the CF neural layers can
be adapted to discover certain latent structures of user-object interactions.
More specifically, the dimension of the last hidden layer X, determines the
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model’s ability, while the final output level is the predicted score #,;. In
this case, training is performed by minimizing the point loss between #,;
and the target value y,,;. At this point, it is worth mentioning that there is
another way of training the model and more specifically, performing pair-
wise learning. In it, Bayesian Personalized Ranking [57] and margin-based
loss [68] are used. Returning to the proposed method and performing the
aforementioned steps, the authors [34] formulated the prediction model of
NCF as

Jui = f(PTy/, Q'0{|P,Q, )

where the P € RM*K and Q € RVN*K, denote the factor latent matrix for
users and objects, respectively, while @ denotes the model parameters for
the interaction function f. Since the function f is defined as a multi-layer
neural network, it can be expressed as

f(PToY, Q"0!) = ¢our (<Px < o <<P1(PTvg, Qtvl-l)). .. ))

where ¢, and ¢, denote the matching function for the output layer
and the x layer of the neural, collaborative filtering (CF) respectively. Still,
there are a total of X CF neuronal layers.

Additionally, in order to better understand the model parameters, the
authors’ existing point methods [76], perform (largely) a regression with
the following squared loss

]qur - Z wui(yui - yAui)z
(u,i)etUy—

Where 1 denotes the set of observed interactions in Y and 1+~ denotes
the set of negative interactions. The w,; is a hyperparameter denoting
the weight of the training instance (u,i). On the other hand, although
quadratic loss can be explained according to a Gaussian distribution [62],
the authors [34] point out that it may not adequately correspond to im-
plicit data. This is because for the indirect data, the value of the target y,,;
is a binary 1 or 0, indicating whether u has interacted with i. Then, they
present a probabilistic approach to learning the point NCF, which pays
special attention to the binary property of the implicit data.
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Furthermore, considering the nature of a category, the included feed-
back, the value of y,; is set to label -1. This means that item i is differently
related to u and 0. In this case, the prediction score #j,; represents the
probability of the association. Still, to be able to give such a probabilistic
explanation to the NCF, the authors first had to limit the output 7,;, to the
target of [0,1]. This can be easily achieved by using a probabilistic func-
tion (e.g. the Logistic or Probit function) as an activation function, for the
output level ¢, Therefore, according to the above settings as well, [34]
defined the likelihood function as

plvy IP,QOp) = [] 9w [1 (1-19y)
(ui)ey (u,i)eUy~
Subtracting the negative logarithm of the probability gives the follow-
ing equation

L=— Y yuilogdu+(1—yu)log(l —fu)
(u,i)etUy—

This is the objective function to be minimized, for NCF methods. Op-
timizing this function can be done by performing Stochastic gradient de-
scent (SGD) and is the same as binary cross-entropy loss (also known as
log loss). Finally, as for the negative y—, cases, they are uniformly sam-
pled from unobserved interactions (in each iteration) and the proportion
of sampling w.r.t., for the number of observed interactions is checked.

3.4 Generalized Matrix Factorization - GMF

Here, MF can be interpreted as a special case of the NCF framework.
Because MF is the most popular model for factorization, its retrievability
allows NCF to emulate a large family of factorization models. Also, due to
the unique encoding of the user ID (for the input layer), the resulting em-
bedding vector can be considered as the latent vector of the user (object).
That is, let the user latent vector p,, be PTo!/ and the object latent vector g,
be Qva . In this case, the mapping function of the first CF neural layer is
defined as

4)1(pu/qi) =Py qu

53



where © denotes the elementary product of the vectors. The vector is
then projected onto the output layer, as

Gui = "‘out(hT(Pu ©q;))

where a,,; and h denote respectively the activation function and edge
weights of the output layer. Intuitively, if an identity function is used for
aoyt and h € is imposed as a uniform vector of 1, the MF model can be
accurately recovered.

3.5 Singular Value Decomposition (SVD)

According to linear algebra, a register of X dimensions n x m is decou-
pled through the relation : X = UAVT , where U is a register of dimen-
sions 1 x m with orthogonal columns (UTU = I), V is an orthonormal
table (VTV = I) of dimensions m x m and A is a diagonal array of di-
mensions m X m with positive or zero elements called eigenvalues. These

values are the non-zero eigenvalues of table XX and are the same as those
of table X7 X.

Firstly and based on the above, the SVD method calculates the A values
of the covariance array C = %XTX and then creates the diagonal array
S. The s; elements of the square roots of the non-zero eigenvalues A are
arranged in a descending order. Having calculated table S, the method
creates table V which contains the orthogonal eigenvectors corresponding
to the e values of S, which are also sorted in a descending order. After
that, it calculates the table U. The first N columns are given by the rela-
tion u; = si_lei and the remaining M — N by using the Gram-Schmidt
orthogonalization method.

In this way, the initial table of input data X is analyzed in the form:
X = USVT and the corresponding covariance table becomes C = %XTX =
%USZVT. According to the SVD method it is known that the first columns
of table U correspond to the ordered non-zero eigenvalues of C. Thus, the
principal components are now given by the transformation: ¥ = UTX =
UUSVT with U indicating a simple array of aces on the diagonal and zero
values anywhere else.
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The SVD algorithm accepts an array M of dimensions m x m as input
and finds arrays U(m x m),S(m x k), V(k x m), such that = USVT. U
array is a unitary, i.e. U — 1 = U, S is an orthogonal diagonal array and V'
is also orthomonical.

So based on the theory of SVD, in this thesis we use the algorithm as
follows:
X = USV', where:

o U: is the left singular matrix, (Patients)
* S:is a diagonal matrix containing singular eigenvalues
¢ V:isright singular matrix (Drugs)

The element X(7,/) in a commuting matrix X denotes the number of
path instances from the patient p; to drug d;, then row i in the commuting
matrix can be used as features of patient p;, and column j can be used as
features of drug d;.

Our proposed Post Hoc Re-Ranking Method

Until now, algorithms were trained on data with patient-drug relation-
ships. So the algorithms were learning to recommend new drugs to a pa-
tient who is already taking certain drugs based on other patients with a
similar profile. However, in this context, the additional information that
some drugs interact with other drugs (side effects) is not taken into ac-
count. Therefore, to address this problem, we will use the Post Hoc Re-
rank algorithm to incorporate drug interaction information into the rec-
ommendation scores to improve safety. This algorithm is defined as:

modelScore/DF, if modelScore > 0.5
0, otherwise

drugScore = {

where modelScore is the score given by the model to a specific drug.
It is the value that predicts the possible patient-drug interaction. In par-
ticular, when the SVD method is applied, the empty values of the two-
dimensional matrix that holds patient and drug interactions are filled. DF
is the frequency with which a drug occurs in the set of unwanted drug-
drug interactions.
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3.6 A Toy Example to well-motivate our Proposed
Method

Finally, we will show an example for better understanding.
User 1 is taking 12 medicines:

[690, 106, 753, 131, 137, 71, 656, 589, 192, 1000, 135, 543]

Using the SVD algorithm, we find that based on the patient-drug table, the
5 best drugs are :

[460, 690, 192, 52, 574]

The suggested scores of these drugs are :

[0.548, 0.478, 0.348, 0.261, 0.224]

However, there is a side effect between drugs 52 and 574. If we use the
Post Hoc Re-Rank, then the top 5 drugs are:

[690, 102, 460, 574, 131]

There is no interaction between these drugs. The suggested scores of these
drugs are:

[155.88,9.02, 0.69, 0.52 0.43]

From the example above we can conclude that, the addition of the re-
ranking mechanism allows SVD to drop its DDI Rate to a minimum, mean-
ing that the recommendations produced by our model include mostly
drugs that can be combined to generate safe treatments and nurse various
diseases without generating side effects. So, in terms of accuracy, the two
recommendations are equivalent, as they include two drugs from the list
(690, 192 from the first list and 690, 131 from the second list). We observe
that there is no interaction between the drugs suggested after re-ranking.
Therefore, the second recommendation after re-ranking is more suitable
for actual use.
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Chapter 4

Evaluation Protocol

The link for the code in GitHub is https://github.com/OathKeeperGreg/
RecSys.

4.1 Data Set Description

Synopsis: In this chapter, we will showcase our experiments for all the
models (SVD, Item-KNN, User-KNN, NMF, MLP, GMF) and their results.
First, we present an overview of the MIMIC-III database to describe the re-
lationships between patients and drugs. Before the experiments, we used
Grid Search to optimise the parameters for each model. We then present
the evaluation metrics we used to choose the model with the best balance
between performance and safety in drug recommendations. Finally, we
will show why the Post Hoc Re-Ranking algorithm for our best perform-
ing model and the precision tradeoff is important to achieve much safer
results for actual use.

Patient-Drug Relationships

From the MIMIC-III database file, we select the table, which lists the
patient-drug relationship (Dbo_PATIENT-DRUGS_COUNT). It also has a
third column that gives the frequency of use of the drug, which will be
used as an evaluation by the referral system. In total we have 155661 re-
lationships between 2351 users and 2987 drugs. Then we divide the data
into 80% training set and 20% test set. The models will be created based on
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the training data, but they will be evaluated on the test data, which have
not been used in the construction of the model, so the results will be more
objective.

4.2 Prerequisites

We used Python 3.7 programming language and the Cornac library [61]
[72], which provides various recommendation algorithms. Also, in order
to be able to execute algorithms with neural networks, we installed the
package Tensorflow 1.15 and tensorflow-estimator 1.15. In more detail,
we installed anaconda which provides many ready-made packages and
created a virtual environment as follows:

* Conda create -n py37 python=3.7
* Conda activate py37

¢ Conda install cornac -c cornac-forge

Conda install sklearn

Conda install tensforflow==1.15

Pip install tensorflow-estimator==1.15
Algorithms

We tested the following recommendation algorithms:

* SVD (Singular Value Decomposition)[11]

ItemKNN (Item K-Nearest Neighbour) [12]

UserKNN (User K-Nearest Neighbour) [63]

NMF (Non-negative Matrix Factorization) [42]

MLP (Multi-layer Perceptron neural network) [34]

GMF (Generalized Matrix Factorization) [34]
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4.3 Grid Search for parameters optimization

To find the best values of the parameters, we do Grid Search, that is, we
try all possible combinations.

SVD

For the SVD algorithm we tested for the parameter k the values (10, 15,
20, 25, 30), for the learning rate the values (0.1, 0.01, 0.001, 0.0001) and for
the parameter normalization (regularization) A the values (0.1, 0.01, 0.001,
0.0001). The values with the maximum performance with the metric RMSE
(root mean squared error) are k = 25, learning rate 0.001, and A = 0.001.

UserKNN and ItemKNN

For the classification of k-nearest neighbors, the unknown plural is as-
signed the most common class among its k nearest neighbors. When k =1,
the unknown plural is assigned the class of the training plural that is clos-
est to it in the template space.

The ItemKNN algorithm tries to find objects similar to those already
associated with the user. This is done based on a similarity metric and the
K-nearest neighbours algorithm. We used Pearson’s correlation coefficient
as a similarity metric. With Grid Search we tested values of K from 5 to 50
with step 5 and the optimal was K = 40.

The UserKNN algorithm tries to find users with similar characteristics
for each object. Like ItemKNN, it is based on a similarity metric (we used
Pearson’s correlation coefficient) and the K algorithm closest neighbours.
With Grid Search we tested values of K from 5 to 50 with step 5 and the
optimal was K = 35.

NMF
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In array multiplication, arrays that are the factors of the product can
be significantly lower than the array produced. This is the property that
forms the basis of the NMF. If a table can be factorized into factors of lesser
degree than the original, then the column vectors of the first factor are
regarded as spanning vectors in the vector space.

The NMF algorithm accepts as input an array M(m x n) and tries to find
two arrays W(m x k), H(k x n), such that M = WH, with the restriction
that no array contains any negative elements. This method has gained
widespread recognition in the Netflix Award Recommendation System
for movie recommendations. In the NMF algorithm the parameters we
searched with Grid Search are k: (10, 15, 20, 25, 30), learning rate: (0.1,
0.01, 0.001, 0.0001), normalization parameter A: (0.1, 0.01, 0.001, 0.0001 ).
Optimal performance was achieved with the values k = 30, learning rate
0.1 and A = 0.0001.

MLP

The MLP algorithm is based on neural networks. For activation function
we used ReLU (Rectified Linear Unit), while with Grid Search we tested
two architectures, with 4 hidden levels with size 64, 32, 16, 8 and with
3 hidden levels with size 32, 16, 8, while for the learning pace we tested
the values (0.1, 0.01, 0.001, 0.0001). Optimal performance comes from the
model with 3 hidden levels and a learning rate of 0.0001.

4.4 Evaluation Metrics

To evaluate the efficacy and accuracy of the recommendations we used
3 different metrics. Firstly, we used Precision and Recall that are defined
by the following equations :

# of h 1
Precision@k — T© recommended drugs @k that are relevant

# of recommended drugs @k

# of recommended drugs @k that are relevant
total # of relevant drugs

Recall@k =
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An ROC curve (receiver operating characteristic curve) is a graph show-
ing the performance of a classification model at all classification thresh-
olds. This curve plots two parameters:

e True Positive Rate

¢ False Positive Rate

... TP TP
TruePOSltlveRate.TPR—T—m—m—l—PNR
Fp FpP
False Positive R :FPR= —=———=1—TNR
alse Positive Rate N FP+ TN

An ROC curve plots TPR vs. FPR at different classification thresholds.
Lowering the classification threshold classifies more items as positive, thus
increasing both False Positives and True Positives.

We then calculated the toxicity score, which is based on the data from
side effects that exist for some drug pairs. So, for the combination of drugs
that the algorithm suggests to a patient, we look at how many pairs have
side effects in terms of the total of all possible pairs. So the score ranges in
the interval [0,1] and a lower score indicates a safer result.

4.5 Models Comparison

The results are shown in Table 3. As evaluation metrics we have used the
area under the curves (Area Under Curve AUC) Receiver Operator Curve
(ROC) and Precision-Recall (PR). We also give the training time of each
model in seconds. Receiver Operator Curve (ROC) and Precision-Recall
(PR) curves are shown in Figures 4.1 and 4.2 for all models, in the next
Section.
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Algorithm | AUC-ROC | AUC-PR | training time (sec) | testing time (sec)
SVD 0.71 0.69 0.33 6.41
UserKNN 0.72 0.70 0.93 45.14
ItemKNN 0.64 0.61 0.66 51.77
NMEF 0.69 0.67 2.24 6.43
MLP 0.60 0.60 336.43 25.87
GMF 0.60 0.60 327.06 24.11
Table 3. Evaluation Metrics
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Figure 4.1: The Receiver-Operator-Curve curves for machine learning

models.
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Figure 4.2: Precision-Recall curves for machine learning models.

The precision-recall curve shows the tradeoff between precision and re-
call for different threshold. A high area under the curve represents both
high recall and high precision, where high precision relates to a low false
positive rate, and high recall relates to a low false negative rate. High
scores for both show that the classifier is returning accurate results (high
precision), as well as returning a majority of all positive results (high re-
call).

So based on Recall-Precision metrics, the best is UserKNN. Then, SVD
tollows, NMF third, ItemKNN fourth and MLP,GMF last. However, they
all had a result much higher than 50% which is a random prediction.

In terms of time, neural networks (MLP, GMF) are quite late in training
but also in testing. Of the other algorithms, UserKNN, ItemKNN are quite
slow to test. SVD and NMF are the fastest in both training and testing. In
general, training occurs once the system is set up, so perhaps more impor-
tant is test time, although in this case we have no real-time constraints.
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Here we will mention that MLP, GMF algorithms are quite more com-
plex and modern than UserKNN, ItemKNN and SVD. However, their per-
formance is lower than the rest of the algorithms. One possible reason for
this is that precisely because these algorithms are complex and need to
specify a large number of parameters, they require very large datasets.
For example, the MLP model has been used with the Movie Lens movie
recommendation dataset. While on these data the model performs well,
on our data it performed quite poorly. However, Movie Lens contains
27,000,000 ratings on 58,000 movies from 280,000 users, i.e. it is orders of
magnitude larger than our dataset and for this the neural network can be
trained efficiently.

The results for the toxicity scores are shown in Table 4 and Figure 4.3.
UserKNN has a big difference from the rest (43.9%), followed by NMF
(38.5%), SVD (31.8%), MLP (22.3%), GMF (22,2%) and ItemKNN (21.7%).
So taking this parameter into account, UserKNN cannot be chosen as the
best, although it has a high performance, since it recommends drugs whose
combination often has side effects. Considering both factors, performance
and security, SVD probably has a better balance between the two desired
outcomes.

Algorithm | Toxicity Score
SVD 0.318

UserKNN 0.439

ItemKNN 0.217
NMF 0.385
MLP 0.223
GMF 0.222

Table 4. Toxicity Metrics

4.6 Our Post Hoc Re-Ranking Method

For the best performing SVD algorithm, we tested the Post Hoc Re-Rank
algorithm. The result is shown below in figures 4.5 and 4.6. We notice that
we have a worse performance compared to the curves in figures 1 and 2.
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Safety score

SVD UserkNN  ItemENN NMF MLP GMF

Figure 4.3: The performance of the algorithms in terms of toxicity. This
metric quantifies side effects between drugs.

Specifically, for the ROC curve we have 0.64 compared to 0.71 before and
for the PR curve 0.61 compared to 0.69. However, with this ranking, the
safety score is reduced to 0.249, while previously it had a value of 0.318 (as
shown in table 1). In terms of the side effects, we have an average of 2.3
in the top 5 recommendations in both cases (i.e. we range in the average,
as we analyzed earlier). In the top 2 sentences, the average was 0.25 and
after re-ranking it drops slightly to 0.246.

This is to be expected, as the original scores are optimized for perfor-
mance, while the adjusted scores are aimed at increasing security. There-
fore, with the Post Hoc Re-ranking technique we have a relatively small
reduction in performance (about 10%), but the result is considerably safer
(22% reduction in conflicts between drugs). So we have a trade-off be-
tween accuracy and security. But we have found that we can sacrifice
accuracy by a small percentage while increasing security by a larger per-
centage. So, it is recommended to use the Post Hoc Re-ranking algorithm,
to have a list of recommended drugs with greater safety.
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Figure 4.5: The PR curve for the SVD algorithm before and after re-
ranking.
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Figure 4.6: Side-effects for top 5 recommendations before and after re-
ranking.

As can be seen in Figure 4.7, in terms of side effects, we have an average
of 2.3 in the top 5 recommendations before re-ranking, which we manage
to drop to 2.29 after the re-ranking.

4,7 Conclusion

In this thesis we proposed an approach to address the issues introduced by
the healthcare environment, namely the application of Probabilistic Matrix
Factorization models as well as Neural Network models to support the
doctors in prescribing effective and safe treatments to patients affected by
complex diseases. In particular, we focused on the SVD algorithm, that we
have built to deal with additional auxiliary data and to evaluate it under
different circumstances and tried to measure its efficiency and safety in the
proposed prescriptions.

First of all, we conducted a Grid Search to ensure that the parameters
of each algorithm are ideal and can provide with the best possible results.
Followed by an ablation study to check how the results change by varying
the amount of auxiliary data passed to each model. To compare results
between models we used Precision-Recall and Receiver-Operator-Curve
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to calculate the performance of each of the models. Then we took into ac-
count the toxicity score for the drug pairs for each model. While UserKNN
has the best performance it also had the highest toxicity score so we chose
to further improve and work with SVD which is close to the performance
levels of UserKNN but also gave us a lower toxicity score.

Next, we used the Post Hoc Re-rank algorithm for SVD to incorporate
information on drug interactions in the recommendation scores and the
results were pretty promising. We counted the occurrences of each drug
in the list of adversarial drug-drug interactions and the side effects that
each drug combination could potentially cause. We observed a slight but
expected loss in performance of the model but at the same time the toxicity
score for recommendations dropped which guarantees us better results.

4.8 OQOur contributions

As can be seen in Section 4.6 we chose to value safety over performance.
This precision - side effects tradeoff is the most important aspect of this
thesis, in order to ensure that we can reach the lowest possible DDI Rate
and Toxicity, which is the most crucial metric for our work. So even if
the model tends to produce less accurate recommendations with respect
to their executions without re-ranking, its slight drop is essential for our
research if we want to achieve better and more acceptable results that can
lead to safe treatment for the patients, leading to an overall better perfor-
mance as far as every metric is concerned.

Post Hoc Re-Ranking Algorithm takes as input the recommendation list
produced by SVD, updates the score of each drug based on its recurrence
among the adversarial drug-drug interactions and delivers a re-ranked
version of the initial input. From the Toy Example that we presented in
Section 3.7, we can clearly observe that certain drugs that did not cause
side-effects were strongly recommended by SVD before the re-ranking
process, namely 690. This might be because the drug is recommended
to nurse one of the diseases that affects this specific patient and does not
cause any severe side effects if taken with any other recommended med-
ications. At the same time, drug 102 was not considered by our model at
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tirst, but after the re-ranking process it is prescribed as it does not appear
in many adversarial drug-drug interactions compared to the previously
prescribed drugs.

4.9 Future Work

Since our work covers delicate issues of the healthcare environment, it
is necessary for medical experts to review the quality and integrity of our
experimental results, to ensure that our research is safe for use.

With that in mind, in the future we will try to find and analyse other
Probabilistic Matrix Factorization models which rely on different proba-
bility distributions. As we’ve seen from the use of Cornac algorithms, dis-
tinct implementations can give us different results. Furthermore, we have
to review the Neural Networks Models, which might be more up to date
and complex but they didn’t give us the results we expected them to.

Another aspect in need of further attention is the analysis of the auxil-
iary data. For our Post Hoc Re-Ranking algorithm we counted the occur-
rences of each drug in the list of adversarial drug-drug interactions and
also took into account the side effects that each drug combination may
cause. This lead to a slightly worse performance of the model, which we
have to analyze further, but reduced toxicity making the recommenda-
tions safer.

Finally, testing our proposed models by using different datasets would
be appropriate to understand if it is able to provide consistent or even bet-
ter results for some of the models. As we’ve mentioned above, we have
used the MIMIC-III database that worked quite well with Matrix Factor-
ization Algorithms but it didn’t provide us with the best results as far as
Neural Networks are concerned. In order to get better results as a whole
we would need to make use of a larger dataset and compare the results
with the current work to ensure the best possible outcome.
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