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Abstract---Biomedical document feature extraction and ranking play
an essential role in the real-time document key phrase extraction and
ranking. International classification of disease (ICD-10) is a list of
medical related terms such as disease symptoms, abnormal discovery
and disease signs. In most of the conventional methods, finding,
extraction and ranking of biomedical disease patterns with the gene
terms help to rank the phrase or document. However, the contextual
disease patterns of these methods are independent of gene entities,
disease entities and drug discovery codes for document ranking and
summarization. Conventional word embedding models such as gain
ratio, entropy, Glove, chi-square and probabilistic measures are used
to find the essential key terms and its relationships using static gene
disease databases. The main objective of the proposed work is to
optimize the word embedding model along with the key-phrase
ranking and classification. Most of the biomedical applications use
pre-trained gene-disease database with limited number of gene names
for key phrase ranking and classification process. In this work, an
integrated gene-disease database and ICD drug database codes are
used to train the model using the optimized SVM classification model
and Bayesian estimation model. In this work, an ensemble learning
model is integrated to CNN framework to classify the document sets
using the gene disease database and ICD codes. Experimental results
are implemented on biomedical documents using ICD codes and gene
disease databases with different statistical metrics. Results show that
the present framework has better true negative rate, error rate and
precision than the stat of art algorithms.
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Introduction

The Machine-learning framework used for the discovery of medications and
bioactive substances prioritization with pharmacological impacts and their
streamlining [1]. In Bioinformatics, the main goal is to make more and more
medicines in a short amount of time that are usually safe. There is now a new
field called computer-aided drug design that is separate from the rest of the field.
Bioinformatics is the field that deals with the huge growth in natural information.
This has led to the development of important and optional databases of nucleic
sequences, patterns of proteins, and structures. . Many applications use the
WordNet lexical database in conjunction with clustering algorithms. Clustering
algorithms using ontologies such as WordNet are presented by [2]. They acquaint
lexical chains with a select subset of semantic features (core semantics) that
define the document's theme and are useful for clustering in order to fully utilise
the semantic data from Word-Net. The lexical chain is a technique for extracting a
set of semantically linked terms from a page and capturing the main subject.
However, while the proposed approach eliminated many of the problems
associated with traditional clustering, it still has certain drawbacks, such as
essential words not found in the WordNet lexicon not being reflected as concepts
for similarity calculations. It can be improved by studying a wider database of
knowledge, such as Wikipedia. [3] provide a novel multi-document summarizer
that generates the summary using the Yago ontological knowledge base. They use
Yago ontology to identify the essential notion using entity identification and
disambiguation.

This stage can be improved even further by employing entropy-based sentence
selection. The proposed method can be extended to include multilingual
summary. Text Mining is an interdisciplinary field that employs both data mining
and other disciplines like information extraction and retrieval, classification /
classification information and text summary techniques. Typical text mining
techniques include grading, clustering, extraction of information, recovery of
information, categorization, ranking, extraction of subject subjects, etc.
Documents are first prepared during text clustering and features are extracted
using different techniques. The features retrieved are then grouped together. For
feature extraction and text clustering, various methods are available. The key
terms are generally extracted in words or phrases during the clustering process.
The characteristics are first extracted using various formulas in the form of
phrases. Then, the phrases are weighed and each document extracts a certain
ratio of phrases with the highest weight. The summary phrases are then clustered
with the WordNet seminal. The traditional class imbalance approach is used to
solve the problem. A number of advanced methods are developed to achieve
increased precision in standard classification approaches to solve the class-
imbalanced problem. The cost-sensitive method of learning generally includes a
cost matrix for all error or case categories. It aims mainly to facilitate learning
from imbalanced data sets. In the process of sampling the minority class, this
mechanism has an equivalent effect. It can end by overfitting training with
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specific rules or regulations. ANN is a characterized statistical learning algorithm,
based on the Neural Network. The neural network is a neuronal network to detect
cases when activated. Approximation and feature assessment can be performed
by looking for network sizes that take inputs. The interconnected neurons of
ANNs may also, besides pattern recognition, be defined as input/output
measurement in line with the machinery learnings (pattern recognition). K- The
nearest neighbor (KNN) is an instance-based classification system to support
kernel learning in anomaly repositories. The kernel design classification function
KNN optimizes the anomaly pattern removal function [4].

This model thus has a phrase cluster through the relationship and classification
process at document level. A number of relevant documents that would have been
classed as low on a best match search will be grouped with other relevant
documents (via inter-documental linkages), improving the efficiency of the IR
system. When the cluster hypothesis is applied to a collection of papers, the
relevant documents are well segregated from the non-related documents ( i.e.
grouped separately). The efficacy of hierarchical clustering can be measured using
cluster searches that discover the cluster that best fits the query [S5]. The number
of clusters, documents, and the number, type, and dimension of characteristics
accessible for the clustering technique are referred to as the document
representation. The process of identifying the most effective subset of features to
employ for clustering is known as feature selection. The application of one or
more input alterations to generate additional important features is one of the
extraction features [6]. These two strategies can be used to provide a set of
characteristics suitable for clustering applications. A similarity function in pair
form is commonly used to determine the document's similarity. There are
numerous techniques to execute the text-clustering grouping phase. The
clustering algorithms begin with as many clusters as there are records, with each
cluster containing only one record.

The cluster pairs are then mixed one by one until the number of clusters is
reduced to k. The pairs of merged clusters are the stages that are closest to each
other. If the combination continues, it will result in a hierarchy of clusters with a
single cluster having all of the records at the top. This traditional Hierarchy is in
the form of a tree (a dendrogram). Individual elements are at one end of this
hierarchy, whereas each element at the other end is a single cluster.
Agglomerative hierarchical clustering algorithms can be described as gullible in
an algorithmic sense. A wide range of agglomerative hierarchical clustering
techniques has been proposed. Such hierarchical algorithms can be split into two
method categories with relative ease. The first group consists of connection
methods, single, complete, weighted and uneven average connection methods.
These methods may be used to display a graph. The second hierarchical group of
clustering methods are methods for specifying the cluster centers (as an average
or a weighted average of the cluster member vectors). The central, median, and
minimum variance methods [7] include these methods. Clustering is the
responsibility of grouping together similar objects [8] Clustering was initially a
method used in an information retrieval system to improve precision or to
recall[9]. This is the best way to browse documents or organize search engine
results in reply to user query or to help users rapidly identify and focus on the
appropriate result set. Clustering has become the most efficient way to navigate
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documents. The document clustering is an uncontrolled learning from
unstructured textual data and it helps to improve efficiency in the retrieval of
different information (IR) tasks. The hypothesis indicates that if a cluster
document is relevant to a search request, other documents within the same
cluster will also probably be relevant. This is because the clustering of documents
is very important, because the clustering of good data results in the creation of
good clusters, whereas the clustering of raw data produces poor -clusters.
Preprocessing involves removing undesirable text, removing stopwords, stemming,
reducing functions, etc.

All of these steps lead to reduced dimensions and thus the clustering process is
simplified. The representation in a common vector space of a set of documents is
called the vector space model. Also known as a 'word bag,' the space model is
supposed to appear in a separate mode with an immaterial order. Documents are
shown as vectors for the characteristics representing the terms of the collection. A
meaningful feature unit is called an index term in each word. Clustering
documents of similar groups to create a consistent cluster. For accurate
clustering it is necessary to define the closeness between a couple of objects in
terms of a pair of wise similarities or distance. Similarity is accurately reflected in
similarity measures between two data objects. Similarity measure is the main
input to a clustering algorithm. Various similarity or distance measures lead to
various cluster formations. Similarity or distance measurements are therefore
very important for a grouping algorithm's outcome and success. The depictions of
words do not deal with the lexical variation, semantic variation, syntactical
variation and morphological variation. However, there is scope to explore these
different similarity measures more closely with different clustering algorithms.

Text documents are treated as a sequence of words to overcome these problems. A
suffix tree data structure maintains the sequential relationship between words
and documents. A suffix tree is a data structure used to match and query strings
efficiently. A large amount of suffixes were studied and used. It has been used in
fundamental string issues such as strings, [10] text compression and the most
time-consuming substring. Suffix trees are used because the search time is
separate from the string length. A string suffix tree is just a compact selection of
all its suffixes. The documents can be considered as word sequences instead of
characters. Text document is considered to be a string of words in the STD model
of a suffix tree document. Classification can take many forms, from fully
automated human intervention systems[11] to semi-automatic systems that use a
hybrid human machine approach. The structural modifications of airways may
create remodeling of the wall and this may lead to decrease in luminal diameter.
An effective gene selections algorithm (NMI), Correlation-based Selection Feature
(CFS), and Particle Swarm Optimization (PSO) are proposed to be integrated into a
set technique, and SVM with leave-one-out cross validation is used as a
classification. Fix and Hodges, which is one of the simplest and most popular
classification, was first introduced to the k-nearest neighbor method (k-NNN). As
a learner, the k-NN has a simple strategy.

The k-NN classification has two phases, the first phase consists of the
determination of the k-neighbors and the second phase of class definition using
the neighbors. It maintains all training instances instead of generating an explicit



1295

model. This takes a test example feature in a vector form and finds the Euclidean
distance from each example to the vector representation. The closest sample to
the test sample is called the closest neighbor. As the trained sample is in some
sense the most similar in terms of our trial samples, it makes sense to allocate its
class marking to the test sample. The removal of such negligible features by
selecting adequate and fewer information elements helps to overcome the
'dimensionality curse' problem and helps to make learning more efficient. Feature
selection techniques do not alter, but simply select a subset, the original
representation of the variables. So, the original semantics of the variables are
preserved. The methods of selection are described as filters, wrappers, embedded
feature and hybrid methods based on the selection criteria. The filter methods are
separate algorithms of categories [12]. They select the best feature subset only
based on the distinctive data characteristics, such as distance, correlation, and
consistency. They are using gene ranking statistical methods. Either uniform or
multivariate filters are used. For each feature, univariate methods provide a value
and multivariate measures take groups of functions or characteristic interaction
into account.

Background

The traditional model based on a graph only takes into account the question of
the sentence node and the sentence node relation. In this system, the prediction
and the measurement sensitive to query is taken into consideration from sentence
to sentence edge. Another model that uses TextRank with certain differences has
been presented. This procedure uses a shortest way to generate the TextRank
summary. The majority of work in multi-document classification is based on
content coverage, centrality, or maximum marginal based approaches [13]. They
conducted a thorough literature study on the biomedical text to discover distinct
approaches, areas of application, research trends, and research gaps. They
discovered that research has changed from single document ranking to multi-
document ranking, and that interest in knowledge rich approaches is expanding
faster than interest in knowledge poor methods. Future study on cognitive
aspects of classification is needed to increase knowledge in this topic. Recent
studies have focused on hybrid methodologies, which incorporate statistics,
linguistics, machine learning, and language processing techniques. They
proposed a method for automatically creating abstracts for biomedical research
papers.

They analysed the appropriateness of text classification methodologies in terms of
content coverage and human perspective using two approaches: extractive and
abstractive. Despite advanced research in the biomedical domain, some research
gaps must be filled for future studies, such as a heavy reliance on English
literature, a scarcity of extrinsic evaluation studies, and a lack of standard
corpora and reference standards to support the development of ranking in the
biomedical domain. Another biomedical rankingapproach, [14] increased
performance by incorporating domain knowledge into the Bayesian ranking
process using the Unified Medical Language System (UMLS) paradigm. They used
six features to extract relevant themes from biomedical text in their technique. In
the biomedical field, the Unified Medical Language System (UMLS) has proven to
be a helpful information source for ranking. The language of the document being
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condensed must be mapped onto the ideas it contains when the UMLS is used.
The usage of e-materials in education has grown dramatically in recent years.
Many colleges and universities record their lectures and notes and make them
available on the internet. One of the challenges with these materials is that they
must be both basic and comprehensive. [15] introduced a classification
application that solves the learner's problems and creates a simple summary.
They came up with a collection of learner-dependent readability-related features
for extracting essential sentences to help with this.

The majority of present text classification research is focused on short text
documents. There are just a few studies in the literature that can summarise a
long text document, such as a novel. To summarise the Novel documents, [10]
developed a topic modelling based extraction approach. The underlying concept
behind topic modelling is that the text is viewed as a collection of separate
themes. Local and worldwide distribution of features or topics can be found in a
long text novel. As a result, topic modelling is a good choice for novel text
summary. The LDA topic modelling approach was utilised. Following the topic
modelling process, all of the candidate phrases that are too large to fit in the
compression ratio are extracted. Finally, the most important candidate sentences
are chosen based on the repetition and topic diversity of each candidate sentence.
By extracting semantic entities, the proposed method can be enhanced. [17]
Developed a word-sentence co-ranking based technique to increase sentence
scoring to address this issue. They argue that words and sentences have mutual
impact in the sense that words appearing in high-scoring sentences gain high
scores, and sentences containing high-scoring words should be regarded high-
scoring sentences.

They integrate word-sentence relationships into a graph-based ranking algorithm
in the proposed work so that mutual impact can more precisely supply the
intrinsic status of words and sentences. For single document classification, the
suggested co-ranking technique is used. It is possible to extend co-rank for multi
document ranking. For text segment extraction, [18] presented a hybrid approach.
There are two parts to how it works. In the first stage, a context-based features
matrix is constructed, and segments are represented as nodes in the second
stage. For rating text parts, they devised the Hopfied Network algorithm. Because
semantic information is considerably closer to human perception, it can provide
more valuable indications for sentence rating in ranking systems, thanks to
recent advances in natural language processing and shallow semantic parsing
techniques. Finally, a greedy algorithm is used to choose highly scored sentences
for inclusion in the summary. Deep semantic information, rather than shallow
semantic information, can be used to improve the current technique. They also
presented a graph ranking model-based text classification technique. Their
method consists of two steps. The first operation searches the document for
cohesive chunks, while the second operation ranks the individual chunks and
selects the phrases. [19] presented single document ranking based on graph.

It can be improved by incorporating several rule-based algorithms that can help
resolve anaphora in sentences between nouns and pronouns. Graph-based
approaches for multi-document extractive ranking, in particular, treated
sentences as Bags of words and ignored the semantic structure of sentences and
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semantic links between phrases. These solutions use a content closeness metric
to determine sentence similarity, which may not be able to separate several
sentences that are semantically equivalent. As a result, the final summary may
include redundant information. [20]proposed a clustered genetic semantic graph-
based approach that automatically groups comparable sentences and generates
abstractive summaries via language generation. [21] provide an excellent overview
of graph-based approaches in recent technical papers. They looked at the
functional components and maturity of graph-based methods in the field of
natural language processing and comprehension. They employed feature
extraction criteria to train Maximum Entropy (ME), Naive-bayes, and support
vector machines in their supervised model (SVM). Because text characteristics are
language agnostic, it is possible to utilize different or additional features
depending on the language and kind of text to improve the summary.

Proposed Model

In the proposed approach, a large set of multi-domain document sets are taken as
input for keyphrase ranking and classification process. In this work, initially,
biomedical document sets are filtered using the Stanford NLP library for non-
special characters removal, tokenization, stemming etc. Gene-disease database is
used to find the contextual similarity between the gene-disease to the contextual
keyphrase word embedding vectors. Similarly, ICD drug codes are used to find the
contextual similarity between the gene-disease, ICD code and keyphrases. Gene-
disease, disease chemical contextual similarities are used to evaluate the
document classification and ranking process for large biomedical document sets.
The overview of the proposed framework is represented in figure 1. Here, an
efficient particle swarm optimization(PSO) approach is used to select the key
ranked features to the Bayesian graph based deep learning framework for
document ranking process. The selected ranked documents are classified using
the multi-class SVM classification framework on large document candidate sets.

Biomedical documents Gene-disease DB Chemical drug
Symbols
L4 ¥ e L
P Gene Disease Disease Chemical
Filtering Similarity Mapping
- y rs
Word embeddi CNN
Optimized PSO > orm:an;u:es "o ]

v

Essential ranked
features

!

Multi-class SVM
classifier

Figurel. Gene-disease and ICD based biomedical document ranking and
classification
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Proposed model is implemented in three phases:

e Data collection and contextual similarity computation

e Word embedding measures and contextual similarities for keyphrase
extraction and ranking

e Phrase level and document level classification framework.

Phase#1: Data collection and contextual similarity computation

In this phase, biomedical documents are taken as input from the multiple
domains such as pubmed and medline for document feature extraction, ranking
and classification process. Initially, all the document sets are filtered using the
Stanford NLP library for tokenization, stemming and contextual similarity
between gene-disease and ICD codes.

The contextual dependency between the

DependencyMeasure(s1,s2) = max{>_sim(GV(w,),PV)/[s1], > sim(ICDV(w,),PV)/|s1[}
p=1 p=1
PV

sim(w, PV[]) = Z prob(w / PV[i]).cosine(w, PVIi])/ | PV |

Phase 2: Word embedding and features extraction

In this phase, each biomedical document is processed to find the essential key
terms using the glove optimization model and the contextual similarity measures.
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« Stepl: Find the word embedding vectors using proposed

Glove optimization mdodel.

» Step 2: To each feature in the embedding vector , gene-
disease and ICD codes, compute the contextual phrase
similarity using the following formula. The following are the
phrase wise and sentence wise contextual similarity ranking
computations for the document ranking and classification

process.

WordVectorRank(WVR)
Pr(WVT[]) = —Prob(F).log(Prob(F))
Ent(F, WV]]) = Z Pr(WV[i]/ F) log(Pr(WV[i]))

WVR(WV[]) = (3fEnt(F)*| T |*CEntropy(w,/ F)) / Chisq(F)

PhraseVectorRank(P VR)

Pr(PV[]) =—Prob(p,/F).log(Prob(p,/E))

PVR(PV[]) = Pr(PV[])*CEntropy(w,/ PV[])/ N;

SentenceVectorRank(SVR)

Pr(SVR[]) =—Prob(s,/E).log(Prob(s,/ F))

PVR(SVRI]) = Pr(PV[])* CEntropy(w,/SV[])* CEntropy(w,/ PV[]) / max{w,/ (PV nSV)};

Contextual relationship between Glove vector and Gene sets

Let vl denotes the count of gene sets in D.
Let v2 denotes the count of glove vector entities in D.
The contextual relationship between the glove vectors and gene-sets are given by

Sim(vc[], vc 2[]) = Prob(vcl/ vc2)/ | vcl|.| ve2]|
Contextual relationship between Glove vector and ICD codes

Let w, and w,, be the glove vectors and ICD codes then the contextual similarity is
is given as

|[We N Wiep |
maX(WG, WICD)

Sim(wg, Wiep) =
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Phase-3: Phrase level and document level classification framework

Initially, document dependency graph DDG ->(V, E) is constructed using the
bayes network based edge set and vertex set as E and V. Here ,V is initialized with
document features, disease and chemical drug vector sets and E is initialized
with contextual similarity between the node vertices. The sample graph based
disease relationships are extracted in a hierarchical manner as shown in figure 2.

ROOT

idiopathic

the |[pulmoparv] | fibrosis - | | in

Figure 2. Sample graph based disease pattern extraction

Figure 2, describes the dependency parse tree of the sample biomedical gene
disease pattern. In this example, the relationship between the disease and its
chemical symbols are identified for feature extraction process.All the features in
the PSO approach and graph based weighted tokens are given to word embedding
process of CNN framework as shown in figure 3. The word embeddings for these
words can be initialized to Glove model as pre-trained vectors.

[ Multi-Objective SVM ]
I

|
000000

\ @ @
| Caucel Gene 8 BRCA2 | 8‘ | is identified 8 ! as tumor
FINL | | Jy PRSP 1., | 4 gt PR R g yeH L ORIy - DR AT, 425
i | | i [8} ; Gene, Dlsease and
Chemical drug

58]. E \: 3{8}E word vectors
Figure 3. Proposed Graph based CNN framework for dlseaSCerug prediction
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Different filters with varying window sizes (here, only the height is different) slide
over the full E rows in the convolution layer, i.e. the filter width is usually the
same as the E width. Each filter conducts E-convolution, generating various
function maps. A max-over-time pooling operation is applied to the elements
located in the same feature map to extract the most important feature. Max-over-
time pooling operation is performed on the word embedding features to find the
essential key relationships among the gene disease based chemical drug terms as
shown in Figure 3. In the proposed CNN framework, a multi-objective SVM is
proposed to the classify the input tokens for chemical drug prediction based on
the gene disease patterns.

Input the CNN word embedding features for data classification
For each feature set do
for each disease in GDP.
do
Apply SVM multi-class optimization models as
pe)[ [Pt/ c)+It nwv|
_ _ vi
WV[I=P(c, /t,) = o)

pe) [Pt/ c)+ It APV

PV[=P(c,/PV,) = i o APV
pe)[ [P/ )+t NSVl
SVII=P(c,/SV)) = i
p(t;NSV,)

Here, word level, phrase level and sentence level contextual conditional
probabilities are computed in order to find the best optimization function in

multi-class SVM model.
I

|
mianvak %”\Nk”f Ty +Zai (yl [ker <X y> 'W+b]_1+§i) —Z}/ifi

i=1 =y
stker<x,y>w+b>1-¢&"-7,
E">0
7, >0;m=1...classes
& =max{vc;,pv;,cv; }

Here kernel function ker(x,y) represents the kernel functions defined from gene
disease vector space to chemical symbol vector space.

Ker <x,y>=¢ g 2tx-y1°)
e—gi” Iog(ZII x—yu”?)

=. if x<y

e—;” Iog(ZII yII2)

if x==y

ifx>y

Step 4: Test data is predicted to the class y based on the largest decision values
as
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argmax{W, D, +b, }

Experimental setup and results

The proposed model is simulated in Amazon AWS cloud server with 32GB of RAM.
In the AWS server, different word embedding model are used to select to find the
best processing speed and accuracy on large datasets. In the proposed work, java
based deep learning framework is implemented in the large AWS instance to filter
the essential key patterns and classification models. In order to improve the
classification speed, proposed model is simulated with multi-class classification
model on arge features space. We evaluate the performance of our frameworks on
different Gene dataset, ICD and biomedical documents. Here, different metrics
such asaccuracy, Precision, and Area under the Curve (AUC) are used to evaluate
the performance of gene disease and drug prediction.

Tablel
Performance of proposed gene-ICD based feature extraction and classification
model to the conventional biomedical document classification models for accuracy

computation
TestSample Glove+RF MI+SVM PSO+SVM  ProposedModel
#1 0.9 0.94 0.92 0.96
#2 0.91 0.93 0.92 0.96
#3 0.92 0.92 0.9 0.96
#4 0.89 0.92 0.92 0.96
#5 0.89 0.94 0.92 0.97
#6 0.89 0.94 0.91 0.98
#7 0.9 0.9 0.92 0.96
#8 0.92 0.91 0.9 0.98
#9 0.9 0.91 0.91 0.96
#10 0.92 0.94 0.9 0.98
#11 0.93 0.93 0.9 0.96
#12 0.91 0.91 0.91 0.97
#13 0.9 0.91 0.91 0.98
#14 0.91 0.92 0.9 0.97
#15 0.93 0.92 0.91 0.96
#16 0.9 0.9 0.91 0.97
#17 0.91 0.92 0.91 0.97
#18 0.9 0.95 0.9 0.97
#19 0.93 0.9 0.92 0.98
#20 0.91 0.91 0.93 0.97
#21 0.9 0.94 0.92 0.97
#22 0.92 0.91 0.92 0.97
#23 0.91 0.92 0.92 0.96
#24 0.93 0.9 0.91 0.96

#25 0.92 0.92 0.92 0.97
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Table 1, describes the performance of proposed gene-ICD based feature extraction
and classification model to the conventional biomedical document classification
models for accuracy computation. As given in table, proposed framework has
better accuracy than the conventional approaches for large biomedical document
sets.

Table2
Performance of proposed gene-ICD based feature extraction and classification
model to the conventional biomedical document classification models for recall

computation
TestSample Glove+RF MI+SVM PSO+SVM  ProposedModel
#1 0.89 0.94 0.9 0.98
#2 0.9 0.94 0.91 0.97
#3 0.92 0.91 0.91 0.97
#4 0.91 0.9 0.92 0.98
#5 0.92 0.91 0.93 0.97
#6 0.92 0.95 0.91 0.97
#7 0.9 0.94 0.91 0.98
#8 0.91 0.94 0.9 0.96
#9 0.9 0.94 0.91 0.98
#10 0.9 0.91 0.91 0.97
#11 0.9 0.92 0.91 0.97
#12 0.92 0.92 0.92 0.97
#13 0.89 0.94 0.91 0.96
#14 0.91 0.91 0.91 0.98
#15 0.9 0.94 0.9 0.98
#16 0.9 0.93 0.93 0.96
#17 0.92 0.9 0.92 0.97
#18 0.91 0.91 0.92 0.98
#19 0.92 0.93 0.91 0.97
#20 0.93 0.91 0.93 0.98
#21 0.91 0.92 0.9 0.96
#22 0.93 0.9 0.9 0.97
#23 0.92 0.93 0.91 0.97
#24 0.91 0.94 0.9 0.98
#25 0.9 0.91 0.91 0.96

Table 2, describes the performance of proposed gene-ICD based feature extraction
and classification model to the conventional biomedical document classification
models for recallcomputation. As given in table, proposed framework has better
recall than the conventional approaches for large biomedical document sets.
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0,98

0,96
0,94
0,92 M Glove+RF
0,9 u MI+SVM
m PSO+SVM
0,88
B ProposedModel
0,86
0,84

#1 #3 #5 #7 #9 #11 #13 #15 #17 #19 #21 #23 #25

Precision

Test-documents

Figure 4. Performance of proposed gene-ICD based feature extraction and
classification model to the conventional biomedical document classification
models for precision computation

Figure 4, describes the performance of proposed gene-ICD based feature
extraction and classification model to the conventional biomedical document
classification models for recall computation. As given in figure, proposed
framework has better precision than the conventional approaches for large
biomedical document sets.

0,98

0,96
0,94
0,92 H Glove+RF
0,9 u MI+SVM
m PSO+SVM
0,88
H ProposedModel
0,86
0,84

#1 #3 #5 #7 #9 #11 #13 #15 #17 #19 #21 #23 #25

ROC measure

Test-document sets

Figure 5. Performance of proposed gene-ICD based feature extraction and
classification model to the conventional biomedical document classification
models for ROC computation.
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Figure 5, describes the performance of proposed gene-ICD based feature
extraction and classification model to the conventional biomedical document
classification models for recall computation. As given in figure, proposed
framework has better ROC than the conventional approaches for large biomedical
document sets.

Table 3
Performance of proposed gene-ICD based feature extraction and classification
model to the conventional biomedical document classification models for F-
measure computation

TestSample Glove+RF MI+SVM PSO+SVM  ProposedModel
#1 0.91 0.92 0.93 0.97
#2 0.9 0.91 0.91 0.98
#3 0.9 0.92 0.9 0.97
#4 0.9 0.91 0.93 0.96
#5 0.93 0.91 0.91 0.97
#6 0.93 0.92 0.93 0.97
#7 0.9 0.91 0.92 0.98
#8 0.9 0.92 0.93 0.97
#9 0.9 0.92 0.93 0.98
#10 0.92 0.94 0.92 0.97
#11 0.91 0.94 0.9 0.96
#12 0.91 0.92 0.9 0.96
#13 0.89 0.94 0.93 0.97
#14 0.92 0.93 0.9 0.96
#15 0.92 0.93 0.93 0.97
#16 0.91 0.9 0.91 0.97
#17 0.91 0.92 0.93 0.98
#18 0.91 0.94 0.9 0.98
#19 0.91 0.95 0.92 0.97
#20 0.91 0.94 0.91 0.98
#21 0.9 0.92 0.9 0.97
#22 0.92 0.9 0.93 0.96
#23 0.89 0.94 0.93 0.96
#24 0.92 0.9 0.9 0.96
#25 0.9 0.94 0.91 0.97

Table3, describes the performance of proposed gene-ICD based feature extraction
and classification model to the conventional biomedical document classification
models for F-measure computation. As given in figure, proposed framework has
better F-measure than the conventional approaches for large biomedical
document sets.
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Figure 6. Performance of proposed gene-ICD based feature extraction model to the
conventional biomedical document feature extraction measures

Figure 6, describes the feature extraction count of proposed approach to the
state-of-art approaches on different biomedical document sets. In this figure,
features count is evaluated using the k measure and genes, drugs and its
contextual similarities.

Conclusion

Gene disease based contextual biomedical documents are used to find the
essential key information for the decision making systems. Most of the
conventional systems are difficult to extract the integrated gene and ICD based
key features for the large biomedical document sets. Conventional word
embedding models such as gain ratio, entropy, Glove, chi-square and
probabilistic measures are used to find the essential key terms and its
relationships using static gene disease databases. The main objective of the
proposed work is to optimize the word embedding model along with the key-
phrase ranking and classification. Most of the biomedical applications use pre-
trained gene-disease database with limited number of gene names for key phrase
ranking and classification process. In this work, an integrated gene-disease
database and ICD drug database codes are used to train the model using the
optimized SVM classification model and Bayesian estimation model. In this work,
an ensemble learning model is integrated to CNN framework to classify the
document sets using the gene disease database and ICD codes. Experimental
results are implemented on biomedical documents using ICD codes and gene
disease databases with different statistical metrics. Results show that the
present framework has better true negative rate, error rate and precision than the
stat of art algorithms.
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