UNIVERSITY OF CAPE TOWN

DEPARTMENT OF STATISTICAL SCIENCES
FACULTY OF SCIENCE

MASTERS HALF DISSERTATION

Performance Analysis of Text
Classification Algorithms for
PubMed Articles

Superuvisor:

Mr Koen BONENKAMP

Author:
Dr Suzana SAVVI Prof Fransesca LITTLE

SVVSUZ001
October 27, 2021




The copyright of this thesis vests in the author. No
guotation from it or information derived from it is to be
published without full acknowledgement of the source.
The thesis is to be used for private study or non-
commercial research purposes only.

Published by the University of Cape Town (UCT) in terms
of the non-exclusive license granted to UCT by the author.



' know the meaning of plagiarism and declare that
all of the work in the dissertation, save for that which is
properly acknowledged, is my own’

Signed by candidate |




Contents

2.3.1 NaiveBayes|. . . . . . ... ... ... ... ........

2.3.2  Logistic Regression| . . . . . . ... ... ... .. ... ..

2.3.3  Support Vector Machine | . . . .. ... .. ... ... ..

2.4 Deep Learning

Models| . . . ... ... ... ... ..

241 Convolutional Neural Networkl . . . . . . .. .. .....

2.42 [LSTM]

13 Exploring and Preprocessing the Data

3.1 Principal Component Analysis| . . . .. ... ... ... .....

3.2 t-Distributed 5

tochastic Neighbor Embedding| . . . . . . . .. ..

[3.3 Doc2Vec and K-Means Clustering|. . . . . .. ... ... .....

3.4 opic Modellin

[3.5 Comparing Topics and Clusters with Mesh Labels) . . . . . . . .

5.3 'Topic Modellin

B4 _Mutual Tormation] . « .« « v ovovvee e

Al Al

b.5.1  Machine Learning Models| . . . . . .. ... ... ... ..

9.5.2  Deep Learning Models| . . . . ... .. ... ... ... ..

6 Conclusions|

7.1 Hyperparameters| . . . . . . .. ... ... ... ..........

[References]

50

51
o1
51

52



1 Abstract

The Medical Subject Headings (MeSH) thesaurus is a controlled vocabulary
developed by the US National Library of Medicine (NLM) for indexing articles
in Pubmed Central (PMC) archive. The annotation process is a complex and
time-consuming task relying on subjective manual assignment of MeSH concepts.
Automating such tasks with machine learning may provide a more efficient way of
organizing biomedical literature in a less ambiguous way. This research provides a
case study which compares the performance of several different machine learning
algorithms (Topic Modelling, Random Forest, Logistic Regression, Support
Vector Classifiers, Multinomial Naive Bayes, Convolutional Neural Network and
Long Short-Term Memory (LSTM)) in reproducing manually assigned MeSH
annotations. Records for this study were retrieved from Pubmed using the
E-utilities API to the Entrez system of databases at NCBI (National Centre for
Biotechnology Information). The MeSH vocabulary is organised in a hierarchical
structure and article abstracts labelled with a single MeSH term from the
top second two layers were selected for training the machine learning models.
Various strategies for text multi-class classification were considered. One was
a Chi-square test for feature selection which identified words relevant to each
MeSH label. The second approach used Named Entity Recognition(NER) to
extract entities from the unstructured text and another approach relied on
word embeddings able to capture latent knowledge from literature. At the start
of the study text was tokenised using the Term Frequency Inverse Document
Frequency (Tf-idf) technique and topic modelling performed with the objective
to ascertain the correlation between assigned topics (unsupervised learning
task) and MeSH terms in PubMed. Findings revealed the degree of coupling
was low although significant. Of all of the classifier models trained, logistic
regression on Tf-idf vectorised entities achieved highest accuracy. Performance
varied across the different MeSH categories. In conclusion automated curation
of articles by abstract may be possible for those target classes classified reliably
and reproducibly.



2 Introduction

Pubmed is a service provided by the United States National Library Medicine
(NLM), under the U.S. National Institutes of Health (NIH) and contains over 23
million citations from Medline, a bibliographic database of biomedical literature.
The Medical Subject Headings (MeSH) thesaurus is a hierarchy of terms main-
tained by NLM. MeSH is the main resource used by PUBMED to provide headings
(terms) which are used to index the biomedical scientific bibliography in MED-
LINE. (publicly available at https://www.nlm.nih.gov/mesh/meshhome.html)
At present the MeSH vocabulary contains over 29 000 terms organised by tree
hierarchy covering sixteen separate branches that can reach up to twelve levels
of depth which allows searching medline citations at various levels of specificity
2] .

A rapid increase in the number of publications is evident in the last decade.
Manually absorbing, interpreting, and curating the rapidly growing volumes of
texts is going beyond the scope of individual persons. Currently, indexing is done
manually and requires an in-depth knowledge of the extensive MeSH thesaurus
[47]. Tt is a time consuming and laborious method relying on a comprehensive
scope of each articles contents in order to identify the most relevant set of terms
among the MeSH vocabulary. It is reported that on average, it takes 2 to 3
months for a new article to be indexed upon entering PubMed [I8]. The issue
can be addressed with computer algorithms, such as natural language processing
(NLP) and subsequent text mining techniques, to process existing repositories
of text abstracts from PubMed [3].

Automatic indexing by computers has been previously proposed and at-
tempted but remains challenging, namely due to the large number and biased
distribution of distinct main MeSH headings. In order to advance the state
of the art in automatic MeSH indexing a community-wide shared task called
BioASQ held a global challenge on large-scale biomedical semantic indexing in
2013 [31, 48

2.1 Aims

This study aims to assess the performance of machine learning models for auto-
matically indexing medical abstracts with a unique Mesh term from the second
and third layer of the MeSH tree as illustrated in Fig[l] For this study we
consider single labels for classification and therefore articles with more than one
Mesh term were filtered out. Text classification differs from topic modelling in
that it is supervised learning on labelled data. Instead of placing documents in
predefined sets of classes, topic modelling is unsupervised learning, extracting
cluster based classes from hidden topics in the corpus of documents. LDA (Latent
Dirichlet Allocation) is a topic modelling algorithm that takes documents as
input and finds topics as outputs [4]. Should there be any ambiguity in under-
standing the key topics from human decision making based on mesh_indexing,
LDA may reconcile this by representing the article as a distribution over topics,
and each topic as a distribution over words. In this study we compared this



Anatomy [A] @

Organisms [B] ©

Diseases [C] ©

Chemicals and Drugs [D] ©

Analytical, Diagnostic and Therapeutic Techniques, and Equipment [E] ©
Psychiatry and Psychology [F] ©

Phenomena and Processes [G] @
Physical Phenomena [G01] ©
Chemical Phenomena [G02] ©
Metabolism [GO3] ©
Cell Physiological Phenomena [G04] ©
Genetic Phenomena [G05] ©
Microbiological Phenomena [G06] @
Bacterial Physiological Phenomena [G06.099] ©
Biofilms [G06.120] @
Catabolite Repression [G06.173]
Drug Resistance, Microbial [G06.225] @
Germ-Free Life [G06.320] ©
Hemadsorption [G06.365]
Host Microbial Interactions [G06.373]
Host-Pathogen Interactions [G06.462) ©
Microbial Interactions [G06.550] @
Microbial Viability [G06.580]
Microbiota [G06.591] @
Nitrogen Fixation [G06.625]
Toxin-Antitoxin Systems [G06.773]
Virus Physiological Phenomena [G06.920] ©
Virulence [G06.930]
Physiological Phenomena [G07] ©
Reproductive and Urinary Physiological Phenomena [G08] ©
Circulatory and Respiratory Physiological Phenomena [G09] ©
Digestive System and Oral Physiological Phenomena [G10] ©
Musculoskeletal and Neural Physiological Phenomena [G11] ©
Immune System Phenomena [G12] ©
Integumentary System Physiological Phenomena [G13] @
Ocular Physiological Phenomena [G14] ©
Plant Physiological Phenomena [G15] ©
Biological Phenomena [G16] ©
Mathematical Concepts [G17] @

Disciplines and Occupations [H] ©

Anthropology, Education, Sociology, and Social Phenomena [I] @
Technology, Industry, and Agriculture [J] @

Humanities [K] ©

Information Science [L] ©

Named Groups [M] ©

Health Care [N] @

Publication Characteristics [V] ©

Geographicals [Z) ©

Figure 1: Mesh Tree View (https://meshb.nlm.nih.gov/treeView)



topic modelling approach for cataloguing research articles based on abstracts ,
to mesh_indexed recommendations. Further we aimed to subsequently consider
how supervised methods perform on the same corpus clustered by unsupervised
topic modelling.

Benchmark classifiers considered for the multi-class text classification task in-
cluded Logistic regression, Naive-Bayes, Linear SVM and Random Forest. Word
Vector based approaches applied for this natural language problem included
Deep Learning models, namely Convolutional and Recurrent Neural Networks.
Specifically, the latter sequence model used here is the commonly used variant
LSTM.

For this study, the focus will be on text classification of research articles
using only the available abstract content readily accessible on Pubmed. The
study benefited from the manual assignments of MeSH terms to citations as
training data with preassigned labels for our machine learning models. Correctly
classified scientific research publications will allow for improved and expedited
indexing which could facilitate improved Pubmed article retrieval for researchers.
The workflow is shown in Fig. [2| and will act as a guideline for this study.
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2.2 Literature Review

Text preprocessing is a process that consists of a series of steps to clean, and
standardize textual data into a form that can be readily used for machine learning
and deep learning. Existing steps for normalising the text data include tokenisa-
tion (ie. splitting text into single terms) and several text cleaning techniques.
Cleaning text is achieved through multiple actions by removing special characters
and stopwords (removal of frequently occurring terms), stemming (ie. mapping
related terms to a common base form) and pruning (removal of text with very
high or very low frequencies, which might not be highly informative). These are
methods of reducing dimensionality and improving classification accuracy by
reducing noise of the data. The set of documents is known as the corpus. The set
of all unique words used in any of the articles constitutes our bag-of-words, also
called the vocabulary. In the bag-of-words model, a text document is represented
by the set of words used in the document. Bag-of-words considers only the the
occurrence of words in a document and disregards the order of the words. Each
word is assigned a unique number which is used to encode a document as a
fixed-length vector. The length is equivalent to the size of the vocabulary of
known words, and contains each word’s frequency count [40].

The data is represented as a matrix, in which each article is a row, each
word is a column, and the entry in row ¢ and column j contains the number of
times word j appears in document ¢ (many of these values will be zero, so we
have a sparse matrix). A final column contains our response variable, indicating
the type of article (mesh term entry). Frequency counts of the words used
in a document can then be used to either cluster documents or as features in
predictive modelling [I2]. Replacing the term frequencies with new weighted
values called 'term frequencies inverse document frequency’(Tf-idf) downscales
irrelevant words that appear a lot across documents and upweights words likely
to be useful.

Tf-idf is described for term (¢;) in document(d;) in the equations:

Termfrequency(t;) = Tf(t;) = fti,dj/ Z fva (1)
t'ed

InverseDocument frequency(t;) = Idf (t;) = ZOQHﬁ - 7109% (2)
t

Tf — Idf(t;) = Tf x Idf (3)

Equation one is the number of times that term ¢; occurs in document d; and
normalised by the total number of words in the document, where fthdj is the
count of term ¢; in document d;.t is the complement of term t.

Equation two describes the the inverse document frequency. It is the log
normalised inverse fraction of the documents that contain the word. The total
number of documents is N divided by the number of documents containing the
term n;. Therefore the idf of rare terms is high, and the idf of frequent terms
low [41].



Equation three is the product of Tf and Idf .The Tf-idf is the weight score
of term ¢; that occurs in a document and is inversely proportional to the term
frequency. In this study words were split into tokens (tokenisation) and text
vectorised by the Tf-idf term weighted approach.

Bag-of words is where each word is represented by a large sparse vector and
dependent on the size of vocabulary it is dealing with. An improvement over
traditional ways of encoding such as this is word embeddings. An embedding
representation of a word is by a low-dimensional dense vector which represents
the projection of the word into a continuous vector space. The position of a
word within the vector space is generated by analyzing large collections of text
corpora and studying the co-occurrences of words in the documents. Words that
have the same meaning have similar numerical vector representation. In this way
related words that often occur together in documents and appear in a similar
context would share similar coordinates in the vector space and appear in close
proximity of one another [49].

2.3 Statistical Models

Classification models are supervised machine learning algorithms that are used
to classify data points based on the categorises it has observed in the past. Each
classifier is a supervised learning algorithm meaning it requires training data.
Commonly used algorithms for text data classification include Logistic regression,
Support vector machines (SVM) and Random forest. These techniques are
broadly classified as discriminative rather than probabilistic [22]. Discriminative
models model the decision boundary between the classes. Probabilistic classifiers
such as Multinomial Naive Bayes predict a probability distribution over a set of
classes rather than only outputting the most likely class of an input observation.

2.3.1 Naive Bayes

Naive Bayes classifiers have been successfully applied to NLP tasks and have
been demonstrated to be fast, reliable and accurate in a number of applications
of NLP [46]. They provide straightforward probabilistic prediction, are easily
interpretable with few tuneable parameters. Naive Bayes algorithm is based
on Bayes Theorem and assumes (naively) that the words within a document
are unrelated given the class. This assumption of conditional independence
between features makes Naive Bayes classifier highly scalable and suitable for
very high-dimensional data. It manages the many dimensions by decoupling the
conditional word distributions related to each class variable. This leads to each
distribution being independently estimated as a single dimension distribution
[40] . An example would be :



P(sentence fromabstract) =
P(sentence|Mesh_Class) x P(from|Mesh_Class) x P(abstract|Mesh_Class)

Below Naive Bayes models the joint distribution of the feature sentence
X (x=sentence from abstract) and target Y(y=mesh_class), and then predicts
the posterior probability given as P(Y|X) as follows:

P(Mesh_Class|sentence fromabstract) =

P(sentence fromabstract|Mesh_Class) x P(Mesh_Class)
P(sentence fromabstract)

Bayes rule uses probability to make predictions based on the prior i.e.
P(Mesh_Class) knowledge of conditions that might be related, in order to pro-
duces posterior i.e. P(Mesh_Class— sentence from abstract) predicted probabil-
ities [40].

Naive Bayes estimates the conditional distribution of each document be-
longing to a particular class, where the highest probability will be output. The
multinomial Naive Bayes classifier is one Naive Bayes classifier variant used
specifically for prediction and classification tasks where we have more than two
classes and it is often a good choice as an initial baseline classification [46].
However as Naive Bayes assumes all the features to be conditionally independent,
if some are not as is often the case with a large feature space, the prediction
might be poor.

2.3.2 Logistic Regression

Logistic regression splits the feature space linearly, and typically works reasonably
well even when some of the variables are correlated. It is a linear classification
method that learns the probability of a sample belonging to a certain class
using the logistic function (also called the sigmoid) to estimate the parameter
values. These are the coefficients of all the features such that the overall loss is
minimized when predicting the mesh_term categories in this case.

(Mesh_ Term = By + prx1 + fawa + ... + Bpan)

Such that{z1, zs,...,z,} are our word features and we are trying to estimate
the coefficients {1, 82, ..., 8n}-

To obtain the class probability values with the logistic regression model we
use a sigmoid function derived by taking the inverse of the log-odds or logit
(logistic unit) function where p(X)/(1 — p(X)) is called odds:

(X)

log — odds = loglpii

(%) =fo+ /X (4)
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The probability p(X) ranges from 0 < p < 1 in the S-shaped curve [T1].

For estimating the regression coeflicients, instead of reducing errors (ordinary
least squares) the focus is more on optimizing the coefficients for each feature
using Maximum-Likelihood Estimation (MLE) [I1I]. MLE helps in maximizing
the likelihood function. The likelihood function for binary outcomes is :

N (X = ;)
0 =TI Ty = X = ) (6)
Where the probability of outcome 7(X = z;) = p(X) = sigmoid function (equa-
tion 5). The regression coefficients that maximise the likelihood are determined
by differentiation of the log-likelihood using optimization techniques such as
gradient descent. Alternatively, we can minimise the cross-entropy error function:

CE(B) = —log(L(B)) (7)

Where logistic regression is used for multi-class classification, the MLE
minimises the cross-entropy loss function for multinomial distribution [40].

2.3.3 Support Vector Machine

SVM find the maximal-margin-hyperplane (also known as optimal separating
hyperplane) that divides the classes. This is the hyperplane that is furthest from
the training observations. The points lying on the boundaries are called support
vectors and the middle of the margin is the optimal separating hyperplane. In
support vector machines cost(C) is a hyperparameter determining the penalty
for misclassifying an observation when defining points on the wrong side of the
margin by an amount of &/ :

Y g <o (8)
=1

To avoid overfitting, set the cost setting higher, as decreasing this tuning
parameter to have fewer violations given the narrowing margin would result in a
classifier with high variance [T1] and poor generalisation.

SVM classifiers reportedly perform well on many NLP tasks as they tend
to have better generalisation capability on unseen data. Applications typically
involve high dimensional although sparse feature vectors. This property allows
SVM to easily learn a classification hyperplane in the feature space where
the maximum width of the margin is optimised as a result of the training
observations being widely distributed throughout. Another advantage of SVM
for NLP classification tasks is that it is able to determine which features are
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most useful by assigning different weights to each. A redundant feature would
occur almost equally in all training examples and have a learned weight that
would be irrelevant to the classifier[23].The stochastic gradient descent is often
used for minimizing the loss function in SVM algorithms.

For a multi-class classification problem one vs all approach is followed, where
each each binary classifier learns by separating each n classes from the other n-1
classes. When predicting a class for a given observation the distance to each
hyperplane is scored for each classifier and the maximum score is chosen for
selecting the class label [40].

2.3.4 Random Forest

Decision Trees are built by recursive binary splitting of a feature space into
regions in such a way to reduce the variability within the resultant branch. All
the features j and all possible cut-points s are considered and the feature and
s-value which minimise the variance most are selected for splitting into 2 regions

(R1, R2)[1]:
Rl(j,S)ZX|Xj <S8 (9)

Ro(j.s) = X|X; > s (10)

The total variance or node purity can be measured by the classification error
rate although more typically a Gini index or entropy is used: [11]:

K
k=1
K
D == pmk10g P (12)
k=1

Equations 11 and 12 show the Gini index (G) and entropy (D) where Py, is
the proportion of observations in the mth region from the kth class [11]. The
predominant observations from a single class in the terminal node represent the
classification label.

A major drawback of decision trees is that since they are non-parametric, the
more data there is, the greater the depth of the tree [40]. Such really huge and
deep trees are prone to overfitting. Random Forest is an extension of decision
trees.A random forest can reduce the high variance of such flexible models by
combining the predictions of many decision trees into a single ensemble model,
whereby the final/leaf node will be the majority class in classification problems
[30]. For Random Forests only a random set of features for each split is chosen
to reduce the correlation between individual classifiers. The trees are grown
recursively in this way by choosing only a number of bootstrap samples from
the training set [6].
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2.4 Deep Learning Models

A deep learning neural network goes though an iterative training process where
it learns to map a set of inputs to a set of outputs from training data. With
neural networks, the objective is to minimise the cost or loss function using an
optimisation algorithm such as gradient descent where weights are updated using
the backpropagation error algorithm.

The cost function J(w) contains a regularization term in addition to loss
function and is a generalisation of the one used for binary logistic regression (Log-
arithm of the referred likelihood function in Equation 6). For multi-classification
tasks the loss function used is Categorical Cross Entropy (CE):

J(w) = — Z y(x)log p(x) 4+ regularisation term (13)

M
j=11i=1

where y is the true label and p(x) is the predicted label and M is the number
of classes [32]. The estimated probabilty p(x) is calculated using the sigmoid
function described in Equation 5. The regularisation term serves to minimise
the magnitude of the weights. The objective is to minimise the loss using the
cost function by doing backward pass to adjust the weights until convergence.
Updating the weights this way uses the backpropagation of error algorithm:

oC
W = o _ Jearning rate x o (14)

where the derivative of the cost function is used for doing the gradient descent
to calculate the new weight(w) [I7]. Typically, stochastic gradient descent (SGD)
is used to train a neural network.

Deep learning methods are achieving state of the art results for text classifi-
cation [I6]. Typically such results are achieved with the use of word embedding
for representing words. Pretrained word embeddings that were trained on very
large text corpora, offer good universal features for use in natural language
processing [20]. The models leverage massive datasets and are built using a vast
corpus of language that captures word meanings in a statistically robust manner.
Example training data sets include word vectors induced from PMC full-text
archive of biomedical and life sciences journal literature, or Wikipedia.

SciSpacy is an NLP library for Python with word embedding models built
in [34]. It has a number of different pretrained models trained on the large
corpus of biomedical and general-domain texts from PMC. For this study, the
larger-than-standard en_core_sci_lg library was used, which includes 600k word
vectors with 300 dimensions [28] 43].

Gensim is a topic modelling library for Python that provides pre-trained word
embeddings, as well as allowing access to Word2Vec and other word embedding
algorithms for training. GloVe (global vectors for word representation) is an
unsupervised learning algorithm developed by Stanford for obtaining vector
representations for words. ‘Glove-wiki-gigaword-300’ is a GloVe word vector
model trained on an English Wikipedia dump and English Gigaword 5th Edition
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dataset. For this study this more generalised model’s word embeddings were
loaded into Gensim library for comparative purposes. Its dimensionality is 100
and has 6B tokens (6 Billion tokens and 100 features uncased).

The disadvantage of pre-trained word embeddings is that the words contained
within may not capture the domain-specific language. Training word embeddings
from scratch for specific use-cases may be more relevant as results may not
be optimal with pretrained emdeddings on account of being too general [43].
For this study word embeddings were randomly initialized and trained using
our dataset. For this purpose the Gensim library provides a simple API to the
Google word2vec algorithm to train ones own word vector models.

2.4.1 Convolutional Neural Network

Convolutional Neural Network (CNN) is a deep learning architecture, and
although originally built for image processing, CNN has also been effectively used
for text classification as they easily integrate with pretrained word embeddings
[26], 22]. The non-linearity of the network and the ability to pick out salient
features to detect position-invariant patterns lead to superior classification
accuracy. Yoav Goldberg describes CNN aptly by saying The CNN is in essence
a feature-extracting architecture. The CNNs layer’s responsibility is to extract
meaningful sub-structures that are useful for the overall prediction task at hand.
[15, [14].

Briefly, CNN sentences are mapped to embedding vectors and are available
as a matrix input to the model. Convolutions are performed across the input
word-wise with a set of kernels of size d x d.

The resulting feature maps are then processed using different pooling tech-
niques to reduce outputs while preserving important features. The most common
pooling method is max pooling where the maximum element in the pooling
window is selected [5].

A convolutional architecture that alternates convolutional layers with pooling
layers is used to generate a feature map over the sentence successfully capturing
long-range dependencies between words [26]. Next the pooled output from the
stacked featured maps are flattened into one column. The final fully connected
layers of the CNN are where the extracted features are interpreted in terms of
predictive output [35].

13
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2.4.2 LSTM

Another neural network architecture that researchers have used for text mining
and classification is Recurrent Neural Networks (RNN). RNN are designed to
handle sequences of words with the intention to uncover text structure from
information based on word dependencies. This makes RNN a powerful method
for text, string, and sequential data classification [22]. One commonly used
variant of sequence models, LSTM not only takes the new input (word) but also
considers the output (words) of the last layer into consideration while modeling.
LSTM is particularly useful with respect to overcoming the vanishing gradient
problem and preserving long term dependencies. This allows for better semantic
analysis of a data set’s structure.

Hidden Layer

LSTM LSTM | LSTM
GRU GRU GRU
> ,,
",\.}:((‘

Output
Layer

Figure 4: LSTM schematic
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LSTM uses multiple gates known as Gated Recurring Units (GRU) (see
Fig to remove or add information to each node state. A bi-directional LSTM
propagates the input forward and backwards through the LSTM layer and then
concatenates the output. This helps the LSTM to learn long range dependencies.
The final prediction is made by combining the results of both the BiDirectional
layer and final fully connected dense layer of the network [9].

2.5 Objectives

The objective for this study is to evaluate multi-class classification models for
scientific text documents, using 2 main strategies:

e Machine learning with bag of words (Tf-idf text vectorisation) feature
engineered text;

e Deep learning with word embedding (Word2Vec)

As prediction accuracy is largely influenced by the type of data used [54], both
discrimination and probabilistic learning methods were considered. This study
aims to explore a range of word usage approaches and several statistical models,
to examine which analysis may be best suited for classification of Pubmed articles.
The models selected for this study include SVM, logistic regression, decision tree
forests and Naive Bayes, and two deep learning models, CNN and LSTM. These
algorithms were selected for text classification on account of achieving a good
prediction accuracy in previous literature reviews. Further model performance
is optimised to improve accuracy by fine tuning hyperparameters. NLP libraries
were used.
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3 Exploring and Preprocessing the Data

Data sets were downloaded using E-utilities, the public API to the NCBI Entrez
system which allows access to all Entrez databases including PubMed. The
E-utilities are a suite of eight server-side programs that accept a fixed URL
syntax for search, link and retrieval operations. For the purposes of this study
the root node of the Mesh_tree is level 0, and the second and third layers of the
MeSH tree are level 1 and level 2 respectively.

e Level 1: The dataset downloaded contains 14661 research abstracts, and
classified into 17 categories (Fig. |5|left barplot).

e Level 2: The dataset downloaded contains 11082 research abstracts, and
classified into 15 categories(Fig. [5| right barplot).
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Figure 5: Data Distribution

High volume datasets such as used in this study contain large word vo-
cabularies which translates to a the high number of dimensions along which
the data is distributed. For this purpose two methods of data dimensionality
reduction, which allow easier visualization of complex data were used. The first
commonly used technique called t-distributed stochastic neighbor embedding
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(t-SNE) is useful for exploring local neighborhoods and finding clusters in non-
linear datasets. Here the focus is more on representing local similarities between
individual points while with the second popular method, Principal Component
Analysis (PCA) the focus is instead on preserving the global data structure.

3.1 Principal Component Analysis

PCA is an unsupervised dimensionality reduction technique which reduces
high-dimensional interrelated data to a new set of variables called Principal
Components. The final Principal Components are a linear combination of the
original features where most of the information within the initial variables is
squeezed or compressed into the first components.

To capture as much information from the original dataset PCA uses the
correlated variables and tries to provide a smaller number of uncorrelated
variables that keep the maximum amount of variation. The first component has
the largest variance followed by the second component and so on.

This can be done multiple ways. Either by Singular value decomposition of
the data matrix or Eigen decomposition of the covariance matrix. The covariance
matrix is not more than a table that summarises the correlations between all
the possible pairs of variables, and in the case of z-scored data the covariance is
equal to the correlation matrix, since the standard deviation of all features is 1.

The first step of Eigen decomposition is to compute a covariance matrix
which is simply a table that summarises the correlations between all the possible
pairs of variables. Next the eigenvectors (unit vectors also known as the principal
component weights or loadings) and their associated eigenvalues (scalars by
which the eigenvector is multiplied) of the covariance matrix are calculated.
The top N eigenvectors (based on their eigenvalues) are selected to become
the N principal components. Eigen decomposition uses matrix multiplication
(dot product) of normalized data by eigenvectors of the covariance matrix to
project (transform) the data onto the reduced PCA space[42]. For the purpose
of dimensionality reduction, we can project the data points onto the first n
principal components as the representation of the data:

X, = XWy (15)

where each principal component is the dot product of its weights (W=eigenvector)

and the mean centered data(X) [37].

The importance of each feature corresponds to the absolute values in the eigen-
vectors. The larger the value the more a specific feature contributes to that
principal component. Selecting features in this way according to their coefficient
loadings makes PCA a particularly useful tool for feature selection where multi-
colinearity exists. If the variables are not correlated, PCA will be unable to
determine principal components. PCA is used when there is a reduced number
of features representing the maximum variance of the data. By taking all the
features and reducing them down to just a few important principal ones which
retain most of the variation, it is easy to project them onto a 2 or 3 -dimensional
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space to visualize. In a biplot, a two-variable scatterplot showing information
on both samples and variables, the length of the principal components reflects
the amount of variance contributed.

Alternatively, these reduced components can be used in subsequent machine
learning pipelines. The cumulative variation cutoff to retain principal components
for analysis is 70% [19]. For NLP this variance is often spread over a wide number
of principal components, each commonly accounting for a small fraction of the
cumulative variance. This is because words or tokens from text have small
discriminative power individually (see Fig[T4|iii) and Fig[T5]iii)). For this reason
it is preferred in NLP to instead preprocess text linguistically and not reduce
dimensions mathematically. Dropping the stop-words, stemming or lemmatising
the rest of the words, and dropping words which occur less than n times will
reduce the dimensionality without loosing information.

3.2 t-Distributed Stochastic Neighbor Embedding

PCA assumes a linear relationship between features. The algorithm is not well
suited to capturing non-linear relationships. In this respect t-SNE, a probabilistic
nonlinear dimensionality reduction technique provides better results than PCA
at modelling curved manifolds and interpreting complex polynomial relationship
between features. This makes it well-suited for embedding high-dimensional
data for visualization in a low-dimensional space of two or three dimensions.

While global approaches such as PCA focus on preserving geometry by
keeping the distances between widely separated data points, t-SNE preserves
the clustering of similar components which serves to retain information while
reducing the dimensions. It is uniquely capable of retaining both the local and
global structure of the data at the same time.

Stochastic Neighbor Embedding (SNE) starts by converting the high-dimensional
Euclidean distances between data points into conditional probabilities that rep-
resent similarities. This way the algorithm constructs a probability distribution
for the entire dataset in both a high and low dimensional space and tries to
minimize the sum of the difference of the probabilities. It does so by applying
a gradient descent method to the Kullback-Leibler divergence function, until
the distributions are as close as possible [I7]. The ’t’ in the name refers to
the student-t distribution that is used to overcome the crowding issue when
points are mapped to the lower dimension. The thicker tail means that when
comparing probabilities the distance between points is larger which preserves
the local structure [50} [17].

The best way to use the algorithm is to use it for exploratory data analysis
as it gives a very good sense of patterns hidden inside the data.

Word and document vector representations (refer to section next) capture
many linguistic and semantic properties for text comparison. To gain a bird’s-eye
view of different texts, dimension reduction using t-SNE algorithm computes a
3D visual to be explored like a geographic map for similarities and differences
in textual properties. By identifying observed clusters based on similarity of
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data points with multiple features, patterns in the data are discovered. This
technique is ideal for data exploration and visualization, although in mapping
the multi-dimensional data to a lower dimensional space the input features are
no longer identifiable.

3.3 Doc2Vec and K-Means Clustering

Each abstract was represented as a weighted combination of all words in that
abstract. If each word of the text abstract is represented by an n dimensional
vector, the abstract itself can be represented by a vector of this size by averaging
element wise over the n dimensions [12]. We leveraged Spacy for averaged
embeddings from all words in each document. The document similarity score
was calculated using the document vectors. t-SNE was used to visualise these
embeddings.

t-SNE models each high-dimensional document vector to its 2 or 3 dimensional
point in such a way that similar objects have nearby points and dissimilar objects
are distant. The original algorithm uses the Euclidean distance between objects
as the base of its similarity metric (Fig.

The Doc2Vec averaged embeddings for words in each document were used
as document features for our corpus by K-Means clustering to cluster our
documents. The K-Means clustering algorithm initialises k number of centroids
and tries to partition the data by allocating every data point to the nearest
cluster. The algorithm tries to minimise the within-cluster sum-of-squares, a
criterion otherwise known as inertia. This algorithm is considered one of the
most popular clustering algorithms due to its ease of use and ability to scale big
data environments [40].

3.4 Topic Modelling

Topic modelling is an unsupervised machine learning technique used in NLP
for text mining a corpus of documents to extract key themes or concepts which
are represented as abstract ’topics’. Each topic can be represented as a bag
or collection of words/terms from the document corpus. There are various
techniques for topic modeling and most of them involve some form of matrix
decomposition. One such example is Latent Dirichlet Allocation (LDA) which is
a generative probabilistic model in which each document has a 'mixture’ of a
fixed number of topics. Specifically Bayesian inference associates each document
as a probability distribution over topics, and topics as a probability distributions
over words. LDA uncovers the latent topics contained within the corpus based
on the likelihood of word co-occurrence [4].
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Figure 6: Plate Notation for representing the LDA model from htips
//en.wikipedia.org/wiki/Latent_Dirichlet_allocation. The plates are repeated
entities represented as boxes. The outer plate represents documents, while the
inner plate represents the repeated word positions in a given document. The
grey filled circle means that words are the only observable variables, the rest are
latent.

The model parameters in Fig@l are defined as follows [4]:

e M denotes the number of documents

e N is number of words in a given document

« is the probability distribution of topics per document

[ the probability distribution of the number of words per topic

0 is the topic distribution per document M
e 7 is the topic for the n-th word in document m,

e w is the specific word

To find the hidden topics in a corpus, documents are created by a generative
process where the goal is to infer the words related to a given topic using the
observed words in the corpus. The generative process of LDA follows a few steps
to extract K topics from the documents [40)] :

1. Initialize the hyperparameters « and S (these are the parameters of the
prior probability distributions.

2. For each document, randomly initialize each word to one of the K topics.

3. Run through many iterations each time computing p(topic—document)
and p(word—topic) and updating the prior probability.
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After several iterations each document will be a mixture of topics. The LDA
model was visualised using the package pyLDAvis which allows for comparing
topics on two reduced dimensions and observing the distribution of words in
topics.

Topic Coherence measures the semantic similarity between words within a
topic. These measurements help distinguish whether topics are structured in
meaningful ways. In order to evaluate the optimal number of topics we considered
LDA models for different number of topics (k). Choosing the one that gives the
highest coherence value usually offers meaningful and interpretable topics [38].

3.5 Comparing Topics and Clusters with Mesh Labels

The Mutual Information (MI) is a measure of the similarity between two labels
of the same data, ignoring permutations. The MI score expresses the extent to
which observed frequency of co-occurrence differs from what we would expect
[39].

This metric was used in order to determine whether the match-up between
the inferred topics and the assigned MESH labels was better than random
chance. Statistically it measures the strength of association between the 2 cluster
sets. Adjusted Mutual Information (AMI) is a variation of mutual information
to normalise against chance. It takes into account that mutual information is
generally higher for two clustering’s with a larger number of clusters, regardless
of whether there is actually more information shared. Specifically, AMI is used
when the ground truth clustering is unbalanced and there exist small clusters,
as is the case [52].
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4 Classification

In order to see how useful the Bag of Words features are for classifying Pubmed
abstracts, we trained a classifier based on them. Firstly the Bag of Words was
used to build the feature matrix with each cell of the matrix having counts of
words. This term frequency(tf) was then used to normalise the matrix. Once
the content of each string has been converted into a vector of numbers using
Tf-idf vectorizer, capturing both unigrams and bigrams, the data is able to be
used for machine learning.

4.1 Feature Selection

A clean dataset will allow a model to learn meaningful features and not overfit on
irrelevant noise. Less redundant data means less opportunity to make decisions
based on noise,ultimately improving modeling accuracy. For this purpose, feature
selection was carried out in one of 2 ways in order to drop some columns and
reduce matrix dimensionality.

1. Feature selection was performed where only the most important features
for each class were used. Here only the features with a certain p-value from
the Chi-Square test were selected as the subset of relevant variables [I3] 25].
The free software machine learning library Sklearn.feature_selection.chi2
was used to find the terms that are most correlated within each of the
mesh classes. The number of features was significantly reduced by keeping
the most statistically relevant ones.

2. Named Entity Recognition(NER) is a technique for extracting information
that locates and classifies entities into predefined classes, also recognised
as entity chunking/extraction. In scientific text mining for example,
biomedical text terms such as protein or cell type would be assigned a
named entity tag. For NER, ScispaCy, a full open-source SpaCy pipeline
was used for identifying keyword entities. In this instance only extracted
terms, with a valid concept in the ontology , are taken into account,
disregarding position in the text or syntax.

The main NER model in the scispaCy package ’en_core_sci_lg’ which was
used in this study, is trained on the mention spans in the MedMentions dataset
[33] which is is the largest annotated resource for the recognition of biomedical
concepts [29]. The NER model as a result is able to recognize a wide variety
of entity types along with non-standard syntactic phrases such as verbs and
modifiers. The model rather than predicting specific entity types identifies more
general spans which may include any entity in the biomedical database UMLS
(Unified Medical Language System) [21] (see Fig[12)).

4.2 Multi-Class Imbalanced Classification

Initial attempts were directed at resampling with a focus on balancing the skewed
class distribution. Sampling with replacement was performed while fetching
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abstracts from Pubmed. However as a significant number of the Pubmed_ids
contained no abstracts, after filtering these out | dtf.abstract.isna()], the dataset
remained unbalanced.

As an alternative approach, algorithms can be modified to change the way
learning is performed to bias towards those classes that have fewer examples
in the training dataset. This is called cost-sensitive learning for imbalanced
classification where the cost matrix is defined using the class distribution. The
scikit-learn library provides an optional class_weight argument modifying machine
learning algorithms to make use of the cost matrix. In this study cost-sensitive
learning was supported using this cost-sensitive extension to automatically
calculate a class weighting and ensure each class has an equal weighting during
the training of the model.

In addition the training, validation and/or test datasets were stratified,
meaning that each fold of the cross-validation split had the same class distribution
as the original dataset.

Another approach to addressing imbalanced datasets is to oversample the
minority class. This is a type of data augmentation for the minority class and
is referred to as the Synthetic Minority Oversampling Technique (SMOTE).
SMOTE was used to oversample the minority class to balance the class distribu-
tion. Deep neural net algorithms were trained using the SMOTE-transformed
training datasets in this study.

4.3 Classifier training

The supervised models selected for this study include SVM, Naive Bayes, logistic
regression and Random Forests. These algorithms were selected as previous
studies suggest they should achieve good prediction accuracy for text classification
[22]. Five fold cross validation (out-of-sample testing) for training and evaluation
was done as in Figl[7]

}47 Total Number of Dataset 44

: ; ‘ | Validation

I I |

5 Fold Cross Validation (Source)

Experiment 4 |

Experiment 1 | | [ | [ |
Experiment 2 | [ [ [ [ | [ Trainin
Experiment 3 | | [ J .
[
I

Experiment 5 |

Figure 7: Cross Validation: training proceeds on the training set, after which
evaluation is done on the validation set.

4.4 Deep Learning Models

For neural networks, the data was partitioned for learning the models into
train/validation and test sets. A 0.7 -0.3 train-test split ratio was used to estimate
the performance of deep learning algorithms and used to make predictions on
data not used to train the model. Because the labels are imbalanced, we split
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the data set in a stratified fashion. The features that were used to represent each
article were unigrams and bigrams extracted from the abstracts of each article.

Training Validation

— accuracy — 012
08

06

Loss

Loss
o
o
3

o H N W e WL O N

04

02

[} 2 4 6 8 0 2 4 6 8
Epochs Epochs

Figure 8: An example learning curve for CNN: The plots suggest that the
model has a slight over fitting problem potentially caused by artificial balancing.
Blue: Accuracy ; Black:Loss

For this multi-classification task the Sparse Categorical Cross Entropy (SCCE)
cost function was used. This loss function does not need to one hot encode the
target vector as classes are instead indexed.

The deep learning algorithms contain several hyperparameters to tune. A grid
search of hyperparameters was used to explore the effects on model performance.
The rule-of-thumb guide by researchers was used to determine ranges of the
hyperparameters. (Refer to Appendix Table . Some parameter variations
considered for neural network design included:

e Chosen Vocabulary. Cleaned text and extracted signature entities were
used separately.

e Pretrained embeddings were compared to using custom embeddings trained
on the gathered data.

e Number of layers, filters and kernel sizes.

For this study parameters were tuned for predictors to perform optimally.

An alternative to the SGD optimization algorithm was used. Adaptive
Moment Estimation (ADAM) was selected for optimisation where the learning
rates are adapted for each weight parameter. Smaller updates are performed
for weight parameters associated with frequently occurring features (i.e. low
learning rates) while larger updates are performed for infrequent features. This
method improves the robustness of SGD, making it suitable for sparse large scale
NLP datasets [1].

CNN Design:

The first layer of the CNN architecture is an embedding layer for input of the
data set from our document word matrix. The height of the output matrix is the
length of one document, set to 100 words. The width is 200 as each word in the
document is encoded as a 200 element vector (embedding). As illustrated in Fig.
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O a conservative CNN configuration was used with the first 1D layer containing
32 filters (parallel fields for processing or interpreting the words) and a kernel
size of 8. This means that the input will be processed 32 times resulting in 32
feature maps. The kernel size is the number of time steps the input sequence is
read in or processed onto the feature maps.

The kernel size and input length of the matrix determine the weights for each
filter. With the height of 100 and a kernel size of 8, the window will slide through
the data 93 times (100 x (8 — 1) = 93 ). Each column of the output matrix
holds the weights of one single filter. Therefore 32 columns in total (width) by
93 (height). The result from the first CNN layer is passed through a rectified
linear (relu) activation function and fed into the second CNN layer.

Using two convolutional layers in series allows the model to learn more
complex features from the input data. Therefore another CNN layer was added
with 32 different filters to be trained. Following the same logic as the first layer,
the output matrix will be of size 86 x 32.

This is followed by a pooling layer which reduced the output of the convo-
lutional layer by half. This serves to reduce the complexity of the output and
prevent overfitting of the data. Subsequently another sequence of one dimen-
sional (1D) CNN layers were added in order to learn higher level features. The
output matrix after those two layers is a 39 x 64 matrix. One more pooling layer
follows to avoid overfitting. The pooling layer reduces the learned features to
half their size, consolidating them to only the most essential elements. Next, the
learned features extracted by the CNN are flattened to one long vector followed
by a dropout layer for regularization. As CNNs learn very quickly the dropout
layer is intended to slow the learning process to improve the model. The output
is passed through a fully connected (dense) layer before the final prediction
layer. These final 2 layers are the back-end of the model similar to a standard
Multilayer Perceptron which provides a buffer between the learned CNN features
and the output for interpreting the learned features before making a prediction.
In the final layer the output is reduced to a vector of length 15 or 17. This
is equivalent to the corresponding number of mesh classes in each layer of the
mesh-tree examined that we want to predict. The output layer uses a sigmoid
activation to predict the probability of each mesh category.
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convld_2: ConvliD
output: | (None, 86, 32)
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input: | (None, 86,32)

lingld_1: MaxPooling1D
Tmax_poctingie axooling output: | (None,43,32)

input: | (None, 43, 32)
output: | (None, 41, 64)

'

input: | (None, 41, 64)
output: | (None, 39, 64)

’ convld_3: ConviD

convld_4: ConviD

input: | (None, 39, 64)
output: | (None, 19,64)

max_poolingld_2: MaxPooling 1D
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output: [ (None, 1216)

!

input: | (None, 1216)
output: | (None, 1216)

flatten_1: Flatten

dropout_1: Dropout

-

input: | (None, 1216)
output: | (None, 150)

)

input: | (None, 150)
output: | (None, 15)

dense_1: Dense

dense_2: Dense

Figure 9: Plot of the defined CNN classification model.

LSTM: For this study the sequential model (Fig was structured as follows:

e An Embedding layer that takes the text sequences as input and 200 (or
300) length word emdebbings as weights, as previously described for CNN.

e Two layers of Bidirectional LSTM, each with 100 memory units to model
the order of words in a sequence in both directions.

e The final dense layer outputs 15 (or 17) probability values after softmax
activation, one for each mesh class.



Model: "model 1"

Layer (type) Output Shape Param #
input_2 (InputLayer) [ (None, 100)] 0
embedding 1 (Embedding) (None, 100, 300) 25412400
bidirectional 2 (Bidirection (None, 100, 200) 320800
bidirectional 3 (Bidirection (None, 200) 240800
dense_2 (Dense) (None, 64) 12864
dense_3 (Dense) (None, 17) 1105

Total params: 25,987,969
Trainable params: 575,569
Non-trainable params: 25,412,400

Figure 10: An example of a model summary for a LSTM model as extracted

from Keras.

4.5 Model Performance Evaluation: Performance Metrics

To evaluate the performance of the training models the following accuracy met-
ric was used. Classification accuracy is the fraction of predictions the model
got right. The ratio between correctly predicted outcomes and the sum of all

predictions made for a dataset

TruePositive(T P) + TrueNegative(T N)

TP+ TN + FalsePositive(FP) + FalseNegative(FN)

This was displayed as :

e Confusion Matrix: Also known as an error matrix. It is a summary table
for evaluating the performance of classification algorithms by breaking

down the number of correct and incorrect predictions by each class.

e ROC: a plot that illustrates the true positive rate (TPR) against the false
positive rate (FPR) at various threshold settings. The area under the curve
(AUQ) indicates the probability that the classifier will correctly distinguish
between classes. The ROC curve is plotted with TPR (y-axis) against the

FPR (x-axis) (See Fig. [11).

Classification accuracy is not entirely appropriate for imbalanced classification
problems. In this case the preference is to use precision and recall metrics for

measuring performance [7].

e Precision quantifies the number of correct positive predictions made. All

true positives divided by all positive predictions TP/(TP + F P).
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e Recall also known as sensitivity or TPR quantifies the number of correct
positive predictions made out of all positive predictions that could have
been made. True positives divided by all actual positives TP/(TP + FN).

e Fl-score: This is the weighted average of precision and recall (2*(recall x
precision) / (recall 4 precision)).

For imbalanced classification problems, the minority class is often referred to as
the positive outcome. In this way, precision and recall make it possible to assess
the performance of a classifier on the minority class.

A precision-recall curve (or PR Curve) is a plot of the precision (y-axis)
and the recall (x-axis) for different probability thresholds (See Fig. [11]). The
score is a value between 0.0 and 1.0, 1.0 for a perfect classifier and of 0.0 for no
precision/recall. Notably, the PR curve focuses on the minority class, whereas
the ROC curve covers both classes [7].

Generally you can say that the closer a PRC is to the upper right corner,
the better the test is, and the closer a ROC curve is to the upper left corner,
the better the test is.

X-axis y-axis
Curve . -
Concept Calculation Concept Calculation
Precision-Recall Recall TP/ (TP + FN) Precision TP/ (TP + FP)
ROC 1-specificty FP / (FP + TN) Sensitivity | TP /(TP + FN)

Figure 11: Precision Metrics
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5 Results

To use data for machine learning, it is necessary to convert the content of each
string into a vector of numbers with Tf-idf vectorizer. Each token is assigned
a numerical id and then each sequence of 100 (word_ids) was made the same
length by padding shorter sequences, and truncating longer sequences. The
bag of words was used to build the feature matrix, using either ’clean_text’ or
‘entities’ (see Fig. Fig is an example of the working Dataframe. Each cell
of the final matrix is counts of words. Tf-idf is used to normalize the matrix.

NER example
Barrier enclosures enTiTy  have been developed to reduce enmTy the risk enmiry of COVID-19 ewmy  transmission enTry to

healthcare providers enTT during intubation ENTITY ., but little is known about their impact ETITY on procedure ENTITY
performance ENTITY . We sought to determine whether a barrier ENTITY  enclosure ENTITY  delays ENTITY  time to successful
intubation ENTITY by experienced airway operators ENTITY .We conducteda  crossover simulation study EnTITY ata tertiary academic
hospital exmiTy . Participants enTiTy watcheda four-minute video ENTITY . practiced one simulated ENTITY  intubation ENTITY with
a barrer ENTITY  enclosure ENTITY ,and then completed one intubation ENTITY with and one without the _ barrier enclosure enTITY  (

randomized enTiTY to The primary ENTITY  was time from  placement EnTITY of the video

laryngoscope eNTITY atthe lips enTy to first delivered ventiation enmiTy Secondary outcomes ENTITY were periprocedural
complications enNTITY and participant ENTITY  responses ENTITY toa post-study survey eNTITY . Proceduralists enmiTY (0 = 50)
from emergency medicine ENTITY and anesthesiology ENTITY had median ENTITY intubation ENTITY times of 23.6 seconds with
practice barier ENTITY  enclosure ENTITY , 20.5 seconds with _ barrier enclosure ENTITY , and 16.7 seconds with no barrier EnTITY
Intubation ENTTY with bamrer ENTITY  enclosure ENTITY averaged 4.5 seconds longer (95% confidence interval ENTITY , 2.7-6.4,p <
001) than without, but was less than the predetermined _ clinical ENTITY _ significance _threshold ENTITY  of 10 seconds. Three | complications
ENTITY  occurred, all during the  practice intubation ewtiry . Barrierenclosure gnTiTy made intubation enTiry  more challenging
according to 48%, but 90% indicated they would consider using itin _ clinical practice ewTiTy . Experienced airway ENTITY operators
performed intubation eNTiTY usinga barrer eNTiTY  enclosure enTiTY with minimal enTiY  increased enTTY timeto procedure
ENTITY  completion ENTITY in this uncomplicated ety  airway model ENTITY . Given potentialto reduce ENTITY  droplet ENTITY
spread ENTTY ,useofa bamer ENTTY  enclosure ENTITY maybe an acceptable adjunct ENTITY to endotracheal intubation ENTITY

for those familiar with its use.

BOW for Entities

Level 1 Level 2

S tra

1

in

model

Figure 12: Extracted Entities

29



o[dwrexy owreijee( €] 9INJ1q

-de| aeids| ***9uo aeids) UBIOUS
WNUeIoBqOOAIN  WINLBloBqoAW ) . ) ~gade| WNLBIOBGOIAN S o_mMn_
uonosjul uonoauI 0 L716€€°0 (a4 0'80} UHM UOROBJUI [BOIUIIOGNS _m:.w o_@. Ud 8189€62E
[eaiulogns [eauiogns [eusjoeg
’lod S2INjonA}s  “T"ONJIS al4epun eUOWIOUS
Up{s uonosjul Uis uoiosjul . . . ** puUB UP{S 8y} JO uoIo8juI 20160 o_an_
owoiyo awouyo 0 ve8Lae0 06 OhiE 011D © “BWICIEoAN IEolboloIsAd £990.62¢
BWORAN ewo}eoAw lelisioeg
“rawe|l **0 [eUsjoeq S
e il ol 0 £5v689°0 0S 0'99 “"0Bq 8|esien pue [eaiBojoisAyqd GE88206€
snoynbign snoynbign snoynbign ase iid eA| 8dAL oo
Ind ep| adAL 111d eAl adAy [eus1oeg
*1jousb -6
el9}oRq o¥E} BlLI9JOR] ryolym AQ 5500040 BUSWOUBY
ssaooud sseo0.d 0 9/9005°0 0'S 0't6 . [eaibojoisAud 862££0EE
uoljewlojsuel}  UOIJeWIOjSUBI} U} st uonELLIojSUEA [BIMEN [eusjoeg
[ednyeN [eanjeu
o e BUSWOUBY
wnjue} 80BHNS  80BJINS : . : " 8y} o} swisjueBioosop ea1BojoIsk
swsjuebioosow  wsjuebioololw 0 660€vE0 oe 0’80} Jo Ajjige uoisaype ay | _m:.o o_m 1SAud 0/1v€0EE
uoisaype Ayjge uoisaype [els1oeg
sannua X3} ues|d xapul_waa) ysaw Aypqeqoid oido} oidoyjueuiwiop yibus| moq joesisqe w9} ysaw pI pawgqgnd

30



5.1 Visualising High Dimensional Data

In order to reduce the number of dimensions a Chi-square test for association was
performed on preprocessed ‘clean’ text. Chi2 features significantly associated (p
<0.05) with each mesh category were used for PCA.

o Level 1: 1 216 630 features reduced to 20 683. For PCA the cumulative
explained variation for 1500 principal components was 81.2%. (Fig. |14{iii))

o Level 2: 895 587 features reduced to 22 475. For PCA the cumulative
explained variation for 1500 principal components was 92.1%. (Figiii))
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Figure 14: Dimension Reduction for Visualisation Levell

Fig[T4 Level 1 of the Mesh Tree Hierarchy:

i PCA | first 3 principal components extracted and displayed on 3D scatter
plot. Colours correspond to mesh classes.

ii. T-SNE with PCA initialisation. Colours correspond to mesh classes.

iii Scree plot showing variance drop-off after the third component. Cumulative
explained variation for 250 principal components: 0.385

iv. K-means elbow plot to identify optimal cluster number using 1500 Principal
components which explain 80% of the variance. The slight inflection point
is circled denoting the ’elbow’.
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Figure 15: Dimension Reduction for Visualisation Level2

Fig[T5| Level 2 of the Mesh Tree Hierarchy:

i PCA | first 3 principal components extracted and displayed on 3D scatter
plot. Colours correspond to mesh classes.

ii. T-SNE with PCA initialisation. Colours correspond to mesh classes.

iii Scree plot showing variance drop-off after the third component.Cumulative
explained variation for 250 principal components: 0.485

iv. K-means elbow plot to identify optimal cluster number using 1500 Principal
components which explain 80% of the variance. The slight inflection point
is circled denoting the ’elbow’.

The first 3 principal component coordinates were plotted. From the graph
in Figi) and Figi) we can see these three components definitely hold a
certain amount of information, but clearly not enough to set all of them apart.
The first three principal components contribute 3.1% of the total variation in
both datasets. (See proportion of variance % in Fig[T4{iii) and Fig[T5(iii)). This
shows that the data captured in the first three principal components is not
informative enough to discriminate the categories from one other.

t-SNE is computationally intensive for cases of very high dimensional data
such as ours as it scales quadratically in the number of objects N. For this reason
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another dimensionality reduction technique was applied before using t-SNE for
visualisation. PCA was done and the cut-off of cumulative 80% variation was
chosen to retain 1500 principal components for further analysis. t-SNE was then
applied to the resultant 1500 principal components which contribute 80% of the
variance. From Figii) and Figii) there are some distinguishable clusters
although not clearly separated with an observable ’crowding issue’. There appear
to be a lot of points lying somewhere in the middle not really belonging to any
cluster. This could be a function of the dimensionality reduction method or
it could be a feature of our embedding. Specifically for t-SNE, the parameter
values used have a significant influence on the distribution of the data points.
The slight variance contribution for each principal component seen in the PCA
skree plot (Fig. [14[iii) and Fig[15[iii)) indicates a low correlation between the
variables which do not lend themselves to identifying common dimensions that
explain a lot of the underlying variance.

Next we used k-means ’elbow’ method to select the optimal number of
clusters by fitting the model with a range of values for k. Specifically, we fitted
1500 principal components to the k-means algorithm to determine if there is a
cluster structure in the data. Grouping data together in similar classes using
the k-means model is done by minimizing the within-cluster sum-of-squares or
inertia. Ideally the cluster number where the decrease in inertia reduces and
levels off can be chosen as the right cluster number for the data. As k-means
clustering minimizes within-cluster variances this can also be interpreted as
the point where the percentage of variance explained by the clusters becomes
marginal giving an angle in the graph. This is know as the elbow method.

The k-means Elbow method (see Fig. [L4{iv) and Fig[15[iv)) indicates the
percentage of variance explained as a function of the number of clusters. Only
a slight elbow is visible supporting the lack of clearly differentiated clusters in
the corresponding t-SNE plots. It should be considered that some documents
may simply be vague in their context. For example, a specific abstract from
one mesh class may be using many terms which are shared by abstracts from
another category and thus their vectors might be more similar to each other
than to vectors from their own mesh classes.
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5.2 Doc2Vec

To further examine the data and gain understanding of how it may be interpreted
by machine learning models, we considered tools for exploring our data given the
many thousands of dimensions. Here we used embeddings, a mathematical vector
representation that captures different features (dimensions). Each abstract was
represented as a vector of 200 dimensions and are positioned in the vector space
such that similar abstracts in our corpus are located in close proximity to one
another. Specifically embeddings for each word in the cleaned text were imported
from the Spacy NLP library and averaged for each abstract to create a document
embedding [43]. These document vectors were fed into the k-means algorithm
for clustering where the number of clusters was set to equal the number of
mesh_terms for each corresponding level of the tree. A comparison of clusters
and mesh_terms was done to determine the extent of overlap. This was done
both quantitatively and qualitatively.

Exploring the data qualitatively was done by visualising the data in a multi-
dimensional space. Our 200-dimensional document embeddings were analysed
with the interactive Embedding Projector web application tool. t-SNE modelling
was selected to render a three dimension projection. The technique finds clusters
in the data by giving each data point (abstract/ document) a location and
calculating similarity to its nearest neighbours thereby making sure that an
embedding preserves the meaning in the data. The points were colour labelled
by cluster or mesh_label for comparison (see Fig. From the image projections
we see patterns that are not identical across areas where colours fail to merge,
suggesting the degree of overlap may be lower than anticipated. This is measured
quantitatively by AMI in the next section.

From looking at these 3D t-SNE projections of abstract embeddings in vector
space we were also able to get a general idea of the ‘modellabillity’ of our dataset
(Fig . On close inspection one might suspect that for each mesh class similar
documents agglomerate more in Level 2 than Level 1 where the different coloured
points appear more dispersed. This may be interpreted as not having sufficient
separation of the classes in the multidimensional space for classifiers to resolve.
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5.3 Topic Modelling

Topic modelling was performed using LDA on Tf-idf vectorised clean text and
the results visualised with pyLDAvis [44] (see Fig. [L7).

Level 1(17 topics)

Selected Topic: 2 Previous Topic | Next Topic | | Clear Topic

Slide to adjust relevance metric:(2)
A=047

y 04 os o8
Intertopic Distance Map (via muttidimensional scaling)

02 1
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A" B L 21 AL

Level 2 (15 topics)

Selected Topic: 2 | Previous Topic || Next Topic | | Glear Topic

Slide to adjust relevance metric:(2) 1 N
A=047 02 04 08
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 2 (16.2% of tokens)
o
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<o SR ]
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Figure 17: pyLDAvis provides an interface for visualising and interpreting topics.
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The LDA algorithm estimates the parameters that define a mixture of
topics that the document is about. The topic with the highest probability in
the distribution was labeled as the dominant topic (Fig [13| column 5). The
distribution of documents by topic label shows that the large majority (greater
than 75%) of documents were grouped into 3 predominant topics for both Level
1 (Fig. [18]top left) and Level 2 (Fig. [I§ bottom left ). This invalidates further
supervised learning on topic assigned labels for mesh categorisation given the
heavily skewed distribution across labels.

Level 1

Document distribution for 17 topics
dominant_topic

ok o seroll output; double click to hide Topic Coherence: Determining optimal number of topics
40 4 056 —— Coherence

1 10

°
°
-IIIIIIIII

1000 2000 3000 4000

Level 2
Document distribution for 15 topics

dominant_topic
Topic Coherence: Determining optimal number of topics

—— Coherence

E =3
3
-.IIIII“I m

dominant_topic

4 6 8 10 12 1
500 1000 1500 2000 2500 Topics

Figure 18: Topic Coherence
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Following this, the ideal number of topics given the data was determined
using topic coherence scores. The upper plot in Fig[I8 shows that for Level 1 of
the mesh tree the coherence score fluctuates with the number of topics where
the highest reading obtained was for 4 topics. Choosing 11 topics (coherence
score = 0.52) may resolve more granular sub-topics. The coherence score for 17
topics was 0.380. For Level 2 of the mesh tree the lower plot in Fig[T§ shows
the coherence score decreases abruptly after 7 topics. The coherence score for 15
topics was 0.401. Where the selected k number of topics equals the number of
mesh_terms, the coherence scores are in both cases consistently low relative to
fewer topics. For example four topics may be better (more coherent). The low
scores overall suggest the topic-related words tend to be semantically unrelated
(topics less well-defined).

5.4 Mutual Information

For both k-means clustering and LDA topic modelling , the number of topics or
clusters needs to be prespecified. In both instances the number was set to equal
the number of mesh_term categories.

AMI is a popular tool for clustering comparisons. Where MI measures the
degree of reciprocal matching, AMI is statistically normalised: it is equal to zero
when MI is equal to the expected value obtained by chance[52].

The similarity score exists in the range [0,1], where 1 corresponds to identical
clusterings and 0 implies maximally dissimilar clusterings. The larger the value,
the greater the relationship between the two variables. MI is often used as a
general form of a correlation coefficient.

When comparing the assigned clusters or topics with mesh_terms in this study,
the scores were closer to zero than one (see Fig7 although slightly improved
for clusters than topics. We tested the null hypothesis being that the mutual
information is zero by estimating the p-value as a probability that a random
arrangement has a higher score than the true value = a measure of correlation
between mesh label and topic/cluster assignments. If the approximated p-value
estimate is p — value = 0.0 , then of all the random arrangements, none had
a value higher than that of the true score. The scores reported are therefore
considered statistically significant, even though they fall into the lower range.
Therefore the topics/clusters are not entirely independent and qualifies as some
degree of relation between the 2 sets.
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Figure 19: Confusion Matrices and Adjusted Mutual Score for actual Mesh
Terms compared with predicted Topics and Clusters

5.5 Multi-Class Classification
5.5.1 Machine Learning Models

The best model construct was determined by the highest mean accuracy value.
The graphs in Fig[20] reflect the performances for each of the supervised models
over 5 training-validation cycles. The hyperparameters were tuned for each model
and accuracy scores reflect best model performance. Chosen hyperparameters
can be viewed in the Appendix Table (see Fig.

The best classifier for level 1 and level 2 was logistic regression. SVMs are
highly robust classifiers that try their best to find interactions between our
extracted features, but are not as good as logistic regression. Naive Bayes
Classifiers consider the features as independent, resulting in poorer performance
than SVMs since it does not take into account any interactions between different
features.

The logistic regression models were evaluated further. Figl2I] and Fig23|
show confusion matrices and ROC AUC detailing precision-recall scores for
each mesh_term category. The logistic regression model records higher fl-score
for some classes relative to others, indicating that some terminology may be
more discriminatory for certain classes than for others. For instance the logistic
regression model trained on Level 2 mesh classes achieved 70% accuracy (Fig

39



for the test set although struggles to recognise 'Bacterial Physiological
Phenomena’ (only 99 predicted correctly). By extension this may also explain
the higher scores obtained for the more specialised level 2 branch of the mesh
tree ( third layer of the hierarchical tree structure) when compared to the more
generalised groupings of level 1 (second layer of the hierarchical tree structure).

To fully appreciate how the models have learnt to predict mesh classes, we
considered the f1 score for each and visualised the individual classes, to get an
idea of how similar or dissimilar the data points are to each other. This aids our
understanding of why the model made certain predictions, and scores higher for
some classes in respect of others. This was done for both tree layers. For Layer
1, clean text was used to generate document word vectors which were fed into
the t-SNE algorithm, where for Layer 2 , extracted entities were used as this
corresponded with the logistic regression classifiers best performance of 0.726 (
Fig. .

Embedding Projector was the tool used to translate our high dimensional
document vectors into a low dimensional space while preserving the semantic
relationships of the inputs [45]. The patterns of difference between the classes,
in terms of distribution and spread of documents by t-SNE were visualised for
Level 1 (see Fig and Level 2 (see Fig for each respective category. Classes
were grouped according to the f1 score reported for each layer (refer to Fig
and Fig respectively), from highest to lowest in descending order from left
to right. It is evident on close visual inspection that tightly clustered points
are positively correlated with fl1 score and higher prediction accuracy of the
classifier.

The data does not support accuracy higher than 70%. Some possible expla-
nations may be some input features are noisy and non-informative (of no real
value in separation of classes), despite doing chi2-feature selection, and/or entity
extraction to mitigate against irrelevancy and the ’curse of dimensionality’.
Another possibility is that the classifiers are not 'good’ enough. Deep learning
models were trained next to try improve accuracy performance.
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Figure 23: Best Performing Classifier for Level 2: Logistic Regression on extracted

entities
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5.5.2 Deep Learning Models

In the previous section, we built a bag-of-words text classifier. The bag-of-words
model ignores the order in which words occur. Here we use a 1-dimensional
convolutional and recurring neural network that allows us to capture some of the
natural ordering that appears in language. Words are represented as embeddings,
lower-dimensional vectors of continuous values. We applied dimensionality
reduction algorithm t-SNE to visualise a word and its context in a 3 dimensional
space after training word embeddings on our corpus ( See Fig

The embedding matrix (using either ’'in-house’ custom trained word embed-
dings or downloaded ’static’ pre-trained word vectors) was used to seed our
models predefined embedding layer with parameter weights for the words in
our training dataset. Building a model and setting the trainable option to:True
allows fine tuning and updating of the embeddings while training. This risks
modifying the original word vectors where the learned model may then be less
able to generalise on test data. For this reason no further fine tuning of the
embedding layer was done and stayed fixed during model training.

The models were trained with a batch size of 256 and a training and validation
split of 70 to 30. Results from running the trained models against the test data
were recorded for the different configurations in Fig[26]

Again the best performing models for each respective layer were subject to
further evaluation (see Fig[27| & . LSTM perform overall much better than
CNN. The presence of multiple ‘gates’ in LSTMs allows them to learn long term
dependencies in sequences. Modest improvements were observed when working
with Spacy embeddings coupled with NER, and SMOTE balancing, although
this was not consistent. The best performing model’s configuration relied on
training the embeddings on cleaned text from a smote-balanced dataset for
Level 2 (Accuracy = 0.61). Again, as with the ML models, the improved score
compared to Level 1 (Accuracy = 0.55) can be explained by the nature of the
scientific jargon used at each level. Specifically as the deeper levels of the MeSH
tree become more narrowly specialised, the usuage of more technical terms and
less general terminology accounts for the observed difference.
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Figure 25: 3D text scatter plot using Tsne to show words similar to 'Immunity’
using embeddings trained on our corpus with Word2Vec.

Level 1 Level 2

Accuracy AUC Accuracy AUC
Clean_text _ genism_embeddings 0.49 0.89 0.51 0.90
LSTM Clean_text _ trained_embeddings 0.53 0.90 0.6 0.93
NER _ spacy_embeddings 0.55 0.91 0.55 0.92
NER_ trained_embeddings 0.54 0.91 0.59 0.92
Clean_text _trained_embeddings_SMOTE | - = 0.61 0.93

NER _ spacy_embeddings_SMOTE 0.55 0.92 - -
CNN Clean_text _ genism_embeddings 0.36 0.84 0.38 0.84
Clean_text _ trained_embeddings 0.38 0.84 0.50 0.89
NER _ spacy_embeddings 0.50 0.90 0.47 0.89
NER_ trained_embeddings 0.42 0.85 0.50 0.89
Clean_text _ trained_embeddings_SMOTE | - = 0.54 0.90

NER _ spacy_embeddings_SMOTE 0.49 0.89 - -

Figure 26: Performance Results for Deep Neural Networks
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Figure 27: Best Performing Deep Learning Classifier for Level 1: LSTM on
extracted entities with Spacy pretrained word embeddings and SMOTE balanced
dataset
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Figure 28: Best Performing Deep Learning Classifier
cleaned-text with trained word embeddings and SMOTE balanced dataset
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6 Conclusions

Automatic MeSH indexing remains a challenging task: the current state of
the art performance remains at about 0.6 in F-measure [31], 24]. In this study
using the approaches described, we achieved an fl-score of 0.70 with the logistic
regression classifier, an appreciable score improvement. For multi-class problems
this is considered a good result. When distilled to individual class performance,
2 or 3 classes were weighing down the overall average performance, whilst the
remainder achieved good fl-scores.

For this study only the abstracts were used to perform the evaluations,
whereas MeSH is based on the entire document. Having full content may allow
for more granular separation of labelled documents.

Approaches to combining statistical topic modeling with MeSH terms have
been considered. One such study used latent topic vectors corresponding to
MeSH terms to create new document representations which improved information
retrieval and document classification performance for PubMed abstracts [53].

Classification depends on having documents already indexed with MeSH
terms. Further work could focus on unsupervised machine learning algorithms
to uncover patterns which could distinguish articles into topics independently
of appointed mesh_labels. Topic models may provide an alternative view for
better ranking, clustering, and summarizing relevant documents. Since topic
models can identify patterns in a corpus , they may reveal insights and emerging
themes that are not yet present in MeSH. A topic-based feature representation of
documents has been shown to outperform the bag-of-words representation when
applied to the task of automatic citation screening. The proposed term-enriched
topics were more informative and less ambiguous to systematic reviewers [27].

The introduction of deep pretrained language models in 2018 signals the
same shift to transfer learning in NLP that computer vision saw. Bidirectional
Encoder Representations from Transformers (BERT) is a novel Transformer
model, and has been the state of the art for many kinds of NLP tasks [§]. The
introduction of such deep pretrained language models have seen a momentous
shift to transfer learning in NLP.

BERT however suffer from a major limitation that hinders their applicability
in classification of long sequences. BERT cannot take text longer than the
maximum sequence length of 512 ’word pieces’ (each word subdivided into
multiple parts). When BERT is applied to long text tasks, truncating inputs
by the maximum sequence length has resulted in decreased performance, since
the model cannot learn long-range dependencies of the sequence [36]. The
computational complexity scales quadratically with the length, a limitation with
unacceptable training time and memory usage [51].

BERTSequenceClassification Model is an off-the-shelf pre-trained BERT
model with an additional untrained single linear layer on top for classification.
Fine tuning BERT on our specific classification task was consistent with the
poor performance reported for long inputs (Accuracy < 0.5 , see github for
source code). Continuous improvements dedicated to methods able to tackle
this limitation are been explored , and pose enormous potential for many NLP
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tasks in the near future [10].

7 Appendix

7.1 Hyperparameters

Models Hyperparameters

max_depth=100 ; max_features=1000;

Decision Tree Forest 5 :
min_samples_leaf=10 ; n_estimators=300

SVM Cost =1; kernel='linear'; gamma=1
Multinomial NB alpha= 0.5 ; fit_prior=False
Logistic Regression max_iter = 100 ; C=1; penalty = 'I2'
CNN kernel_size: 3 ; pool_steps 2 ; optimizer: ‘Adam’
LST™M dropout=0.2 ; optimizer: ‘Adam'
t-SNE| Perplexity=25, max-iterations=1000

Figure 29: Parameters for best Accuracy models

7.2 Research code
Github repository, https://github.com/ssavvi/NLP-and-Data-Science.git
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