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Abstract  i 
 

Abstract 

 

Biomedical Named Entity Recognition (Bio-NER) is a complex natural language processing 

(NLP) task for extracting important concepts (named entities) from biomedical texts, such as 

RNA (Ribonucleic acid), protein, cell type, cell line, and DNA (Deoxyribonucleic acid), and 

attempts to discover automatically, biomedical knowledge and clinical concepts and terms 

from text-based digital health records. For automatic recognition and discovery, researchers 

have investigated extensively different types of machine learning models, leading to 

sophisticated NER systems. However, most of the computer based NER systems often require 

manual annotations, and handcrafted features specifically designed for each type of biomedical 

or clinical entities. The feature generation process for biomedical and clinical NLP texts, 

requires extensive manual efforts, significant background knowledge from biomedical, clinical 

and linguistic experts, and suffer from lack of generalization capabilities for different 

application contexts, and difficult to adapt to new biomedical entity types or the clinical 

concepts and terms. Recently, there have been increasing efforts to apply different machine 

learning models to improve the performance and generalization capabilities of automatic 

Named Entity Recognition (NER) systems for different application contexts. However, their 

performance and robustness for biomedical and clinical contexts are far from optimal, due to 

the complex nature of medical texts and lack of annotated dictionaries, and requirement of 

multi-disciplinary experts for annotating massive training data for the manual feature 

generation process. 

In this thesis, a novel computational framework based on robust machine learning models for 

biomedical and clinical named entity recognition task is proposed. The validation of the 

proposed computational framework models based on shared representations, including the 
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BioNER and clinical-NER domains resulted in improved NER performance. The innovative 

machine learning models based on shared representations were built using different types of 

machine learning algorithms, including traditional shallow machine learning algorithms based 

on international (Maximum Entropy), CRF (Conditional Random Fields), and several Deep 

Learning variants, including FFN (Feedforward networks), RNN (Recurrent Neural Networks), 

Hybrid CNN (Convolution Neural Networks), and the enhancement with hyperparameter 

optimization techniques, allowing the characteristics of context-specific biomedical and 

clinical entity types, to be captured from unstructured free text.  The experimental validation 

of proposed Biomedical NER framework based on a large scale and deep machine learning 

algorithms was done on Bio-NER and clinical-NER benchmark datasets, representing different 

biomedical and clinical entity types and has resulted in significant improvement in 

performance, as compared to the traditional NER systems based on traditional shallow learning 

models, by a large margin, even with limited training data, and unbalanced datasets, and with 

challenges of recognizing a large set of entities from small datasets. The reason behind the 

improved performance and generalization of the proposed deep learning-based computational 

framework models, could be due to embedding of context-specific shared information at 

character- and word-level between different biomedical entities and clinical entities, modelled 

by the deep learning architectures used. The contributions from this research can create new 

opportunities, in terms of a generalized, robust, high-performing computer-based NER 

framework, that can work across a wide range of inter-related health domains, with several 

polysemous names and entities, including biomedical, clinical, chemical, medical and public 

health contexts.  
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CHAPTER ONE 
 

Introduction 
 

1.1 Overview 

In this Chapter, the name entity recognition problem for biomedical and clinical context is 

introduced first, and then the background, challenges, and research gaps are identified. The 

formulation of research questions to address the gaps and research plan in terms of aims, 

objectives, approach, and methodology for the thesis is presented next. The Chapter concludes 

with research contributions of this thesis, and road map for the rest of the work done for this 

research. 

1.2 Introduction and Background 

As the prosperity of medical knowledge either the form of literature or in the form of electronic 

records increases, there is an increasing opportunity and need for mining this knowledge with 

new and effective natural language processing (NLP) based analysis approaches, for efficient 

computer-based decision support tools and assistive technologies to be developed and deployed 

in the health care systems. The computer-based named entity recognition (NER) is an important 

first step for text-based information extraction systems, and the objective of the NER task is to 

identify words and phrases in free text that belong to classes of interest, using NLP, text mining, 

machine learning, and Artificial Intelligence approaches.  
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The named entity recognition (NER) task in general, involves the automated assignment of a 

named entity tag to a designated word by using rules and heuristics. The named entity can 

represent a human, location, and an organization, and this needs to be recognized from a snippet 

of text [1]. In a typical NER task, nominal and numeric information is extracted from a 

document containing the words that represent a person, location, an organization, or a date 

category [2]. NER systems are normally designed to classify all words in the document into 

existing categories and “none-of-the-above” or “unknown” category. 

The named entity recognition task for a block of text corresponding to Biomedical domain ( 

being termed as “Bio-NER” task in this thesis for convenience), is an important task, in order 

to get an in-depth understanding (in terms of specific knowledge),  containing crucial 

information about proteins and genes, such as RNA or DNA. Finding named entities of genes 

from texts is a crucial, but difficult task [3]. It is very similar to finding a company name or a 

human name in newspapers, but recognizing biomedical named entities is more difficult than 

recognizing normal named entities from newspapers [4].  

Like biomedical domain, the NER task is an equally important and crucial task for the clinical 

domain as well (termed as clinical-NER task in this thesis). Clinical studies often require 

detailed patients’ information documented in clinical narratives and handover summaries [1]. 

Clinical-NER task aims to extract entities of interest (e.g., disease names, medication names, 

and lab tests) from clinical narratives and handover summaries, to provide insight on patients’ 

treatment regime, adverse drug reactions,  tracking and monitoring the quality of care, and 

facilitate clinical and translational research [2, 3].   

A large body of research currently exists on methods for recognizing named entities for many 

health-related domains, including the biomedical and the clinical domain.  But most of these 

methods are based on dictionary and rule-based approaches [5]. Recently, some studies on the 
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use of computer-based approaches for mining the medical text has also been reported in the 

literature, using a combination of rule-based and supervised machine learning and text mining 

approaches. Some of these approaches for the Bio-NER task include methods involving Hidden 

Markov Models (HMMs) [6], decision trees [7], support vector machines (SVMs) [8], and 

conditional random fields (CRFs) [9, 10]. Supervised machine learning models usually 

involving building representation models during training phase with features extracted from 

annotated data, based on various linguistic rules created from expert annotations, and tested 

with unannotated evaluation/validation data, for assessing the performance and generalization 

possible during real deployment/test scenarios.  

For the clinical domain, similar computational models based on dictionary-based approaches, 

rule-based approaches, and a combination of supervised machine learning and rule-based 

approaches have been proposed as well. For the clinical-NER task, some of the well-known 

approaches and tools include   MetaMap [4], Med LEE [5], and Knowledge Map [6], and these 

are based on rule-based approaches relying on existing medical vocabularies and dictionaries 

for NER. The clinical NLP community has been regularly organizing several challenges and 

shared tasks, to further the state-of-the-art with benchmark datasets, and evaluation criteria in 

each of these challenges [7-10]. Several of the top-performing systems in these challenges and 

shared tasks are primarily based on supervised machine learning models with expert annotated 

data made available by challenge organizers, and manually extracted and handcrafted NLP 

features [11-13]. Few other methods based on traditional supervised machine learning 

algorithms include ensemble models that combine multiple machine learning methods [14,15], 

hybrid systems that combine machine learning with high-confidence rules [16], unsupervised 

features generated using clustering algorithms [17,18],  Brown clustering [19], and domain 

adaptation [20,21],  to leverage labeled corpora from other domains, albeit requiring manual 



 

CHAPTER ONE  4 
  

feature engineering and handcrafting of features requiring human expert annotated training 

corpus creation.   

However, despite the significant progress that seems to have been made, in the development 

of computer-based approaches and tools for Bio-NER and Clinical-NER tasks, there are several 

challenges in each of these domains, that were overlooked or not been addressed. This could 

be due to the evolving, growing, and complex nature of text sources/documents used in 

different sub-specialties within the health-related domains. For example, there are certain 

common terms used in the text documents in some of the sub-specialty domains, which appear 

as similar words, but they do not mean the same in the context of these individual domains. 

The current computer-based approaches and tools cannot handle these complexities and cannot 

provide decision support and assistance without human expert intervention. There is a need to 

address this problem, in terms of better Bio-NER and clinical-NER approaches to be 

developed, and efficient computer-based decision support tools and assistive technologies to 

be made available for translational benefits to be realized in this health area. Next Section 

provides the rationale, in terms of significance and motivation underpinning this research, and 

some strategies for addressing the problems associated with the current state of Bio-

NER/clinical-NER systems.  

 

1.3 Significance and Motivation 

The healthcare industry collects enormous amounts of health data from diverse sources 

including electronic healthcare records, hospital and census databases, medical sensors, and 

mobile devices. These large biomedical and clinical data sets provide opportunities to advance 

health care and biomedical research. Predictive analytics based on efficient machine learning 
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techniques can leverage these large, heterogeneous data sets to further knowledge and foster 

discovery. Predictive modeling can facilitate appropriate and timely care by forecasting an 

individual’s health risk, and health outcomes. Approaches to predictive modeling can include 

traditional modeling approaches such as structural equation models, or descriptive statistics-

driven logistic regression methods, as well as the recent machine learning methods. The power 

of machine learning methods comes from the ability to build data-driven models that improve 

automatically through experience [15], such as support vector machines (SVM), neural 

networks (NN), decision trees (DT), random forests (RF), probabilistic and Bayesian Networks 

(BN). Compared to statistical methods, these machine learning techniques can increase 

prediction accuracy, sometimes doubling it, with less strict assumptions, e.g., on data 

distribution [16-18].  

In general, the focus of traditional machine learning techniques used for Bio-NER and clinical-

NER systems is based on supervised learning (with SVM, NN, DT, RT, or BN learners), as it 

allows expert annotated training corpus to be used for model building. And the model-building 

techniques mostly used for these systems are based on shallow machine learning approaches, 

and normally involves several feature engineering and manual handcrafting steps, to obtain a 

good representation of the input data, and reasonable prediction performance and robustness, 

as well as generalization during real test/deployment phase with the unannotated and unseen 

data. Further, the inherent data quality (goodness of data) of the text sources/documents for 

building the Bio-NER and clinical-NER systems can also dictate the performance, robustness, 

and generalization that could be achieved. In addition to the goodness of the data, the feature 

engineering and representation techniques used can have a significant impact on the 

performance of machine learners. For example, with poor-quality data and weak and inefficient 

features extracted from this data, even an advanced machine learning algorithm cannot produce 
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an efficient model. However, with a good data representation, a high-performance model can 

be produced even with a relatively simpler machine learning algorithm.  

Having said that, there are several problems associated even with good representation, due to 

implementation challenges (particularly in biomedical and clinical data domains with complex 

NLP text and lack of appropriate annotated dictionaries from medical sub-domains) and require 

significant human intervention and handcrafting from experts. Some of these challenges 

include:  

1. The complexity of the health data captured from heterogeneous disparate sources, 

including the Electronic Health Records, the biomedical databases, the clinical and 

hospital databases, the Census databases, the data from medical sensors, and mobile 

devices, resulting in massive volumes of raw and unstructured data.  Most of the 

traditional machine learning techniques based on shallow learning currently 

available, cannot leverage the benefit from massive volumes of complementary data 

available since the massive data needs human expert interventions from multiple 

disciplines to be able to create annotations and predictive models to be built. This 

is evident from the lack of appropriate dictionaries and laid rules for building NER 

models. Another problem that was discussed in earlier section as well, is the 

problem of polysemous names and entities that exist in the closely related health 

domains (for example biomedical, clinical, pathological, chemical and disease-

related datasets have all similar sounding words and names, but they carry a 

different meaning in different contexts in their respective domains). So, the 

annotated corpus creation from raw data stores requires not just expert input from 

one discipline, but several knowledge engineers and experts from multiple health-

related disciplines participating in the creation of annotated corpus. This has been 
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practically impossible in the past, though this is being addressed recently, with 

shared tasks and evaluation challenges from participants across multiple disciplines. 

This situation has led to the development of several NER systems, within each 

subspecialty that may work satisfactorily in a silo but for a broader deployment in 

the real world, they have several performance-related issues, although they all 

appear to be based on machine learning-based technologies.  

 

2. For analyzing massive volumes of data, traditional machine learning based on 

shallow learning methods with extensive feature engineering, pose other unique 

challenges, including difficulty in dealing with moving and changing / streaming 

data, the spatiotemporal aspects of it, the highly distributed input sources, noisy and 

poor-quality data, high dimensionality, scalability of algorithms, imbalanced input 

data, unlabelled and un-categorized data, and limited supervised/labeled data, etc. 

 

3. The complications associated with NLP datasets for health contexts, in terms of 

adequate data storage, data indexing/tagging, and fast information retrieval also 

make the existing machine learning approaches ineffective for Bio-NER and 

Clinical-NER tasks. 

 
 
4. The other user-centric aspects such as quality issues associated with the NLP data 

sources/documents coming from discharge summaries, handover notes and care 

documents/reports available from the current systems, where there is plenty of 

medical jargon, incomplete sentences, and short-hand abbreviations, leading to poor 

quality data, and problems in extracting proper NLP features, for building 
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computer-based NER models, often resulting in propagation of medical errors in 

the implementation pipeline in real-world operational scenarios. 

 
5. The translational aspects arising due to problems with translating the discoveries 

driven by findings from inter-disciplinary health related domains including biology, 

physiology or genomic, into safer, more effective, and more personalized healthcare 

solutions. As an illustration, it is important to highlight one of the problems related 

to this scenario - the user-centric aspects in particular: Currently, the patients and 

general people in public often find eHealth documents quite difficult to understand. 

Even clinicians have problems in understanding the jargon of other professional 

groups even though laws and policies emphasise the need to document care 

comprehensively and provide further information on health conditions to help their 

understanding. A simple example from a United State discharge document is “AP: 

72 yo f w/ ESRD on HD, CAD, HTN, asthma p/w significant hyperkalaemia & 

associated arrhythmias”. The clinical handover between nurses in hospital systems 

involves similar discharge notes and use of such handover notes can lead to loss of 

information, as computer-based systems and tools cannot interpret the named 

entities in such text, and the clinical-NER/Bio-NER systems may not work 

correctly. Further, coupled with this, the use of the public Internet as the source of 

health-related information is a widespread phenomenon. Search engines are 

commonly used to access health information available online, however the 

reliability, quality, and suitability of the information for the target audience varies 

greatly. If an individual (for example, the patient in this case), tries to search the 

meaning of discharge note above on social media/online, it would not provide any 

meaningful explanation. Previous research has shown that exposing people with no 

or scarce medical knowledge to complex medical language may lead to erroneous 
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self-diagnosis and self-treatment. Hence, trying to access to medical information on 

the public Internet that cannot handle such a complex discharge note as shown 

above, can lead to the escalation of concerns about disease symptoms (e.g., 

cyberchondria). The current commercial search engines are far from being effective 

in answering such queries yet.  

 

Use of better computer based approaches, algorithms and data driven machine learning 

techniques, without a need for multidisciplinary experts for annotation, corpus creation 

and NLP feature engineering work (involving  biomedical, clinical, linguistic, 

computing experts), is needed to improve the state of the art in Bio-NER and clinical-

NER systems. This can then lead to development of efficient decision support tools and 

assistive technologies for empowering the patients, the care givers, the health 

professionals, the regulatory bodies, and the researchers in the entire ecosystem of 

domain of health to be benefited. For example, the same text based eHealth discharge 

document (“AP: 72 yo f w/ ESRD on HD, CAD, HTN, asthma p/w significant 

hyperkalaemia & associated arrhythmias”)  would be much easier to understand, if an 

efficient Bio-NER and/or clinical-NER system is available for translating this sentence, 

by expanding shorthand and correcting the misspellings (if any), by normalising all 

health conditions to standardised terminology, and by linking the words to a patient-

centric search on the Internet. This would result in making sense of above mentioned 

cryptic jargon ridden sentence to be more user friendly and can be read as: “Description 

of the patient's active problem: 72-year-old female with dependence on haemodialysis, 

coronary heart disease, hypertensive disease, and asthma who is currently presenting 

with the problem of significant hyperkalaemia and associated arrhythmias” with the 
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highlighted words linked to their definitions in Consumer Health Vocabulary and other 

patient-friendly sources.  

Further, the current Bio-NER/clinical-NER systems are weaker in their capabilities, to 

provide tailored and customised eHealth information in response to different target user 

groups’ information needs in a timely manner, and ensure that this information is 

reliable and accurate, and available for different usage scenarios and settings. Building 

Clinical-NER and Bio-NER systems that can work with unlabelled data, and that do 

not require large set of annotated data, and can provide tailored and customised domain-

adaptation capabilities, and are applicable across different clinical domains and usage 

scenarios would be a real breakthrough in this field.  While it may not be feasible to 

achieve all these objectives at once, it is possible to incrementally make progress in 

achieving each objective and building on each capability for better NER systems to be 

available for Biomedical and Clinical NER tasks. Some of these incremental steps could 

include: 

 Adapt, extend and enhance the Bio-NER and Clinical-NER models built with 

shallow learning strategies, with novel NLP feature representations that can model 

the latent information between words in sentences and blocks of text,  

 Explore automatic discovery of NLP features and feature combinations, with less 

reliance on dictionary and rule-based approaches,  

 Use novel machine learning algorithms based on semi-supervised learning, 

incremental learning, transfer learning, or the recent deep learning algorithms and 

their hybrid combined learning architectures [19-21].  
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Using several of these strategies together, could be helpful in building better NER systems for 

complex health contexts, and can result in improved Bio-NER and clinical-NER systems [22-

23].  

Another hurdle that can complicate the development of better Bio-NER and clinical-NER 

systems, is level of technological maturity and sophistication in the support infrastructure 

available for each of the biomedical and clinical NER systems. While there has been significant 

progress in the availability of support systems and resources for building Bio-NER systems, in 

terms of benchmark datasets, shared tasks, and automated computational frameworks for 

addressing different complexities and challenges in Biomedical domain, the situation for 

Clinical-NER systems is less than ideal. There could be several reasons behind that, with some 

of the reasons discussed in the next Chapter on Literature review, but there is a need for 

focussed research efforts in building better clinical-NER systems, and one way of doing this is 

to leverage the cross-domain modelling approaches - by using shared representations, by 

leveraging shared aspects within the subspecialty domains in a discipline, and exploit the best 

performing modelling techniques from relatively mature and sophisticated Bio-NER field for 

example, and tailor/customise them to build better models for  weaker and  ill-addressed 

clinical-NER contexts. This could be a promising strategy, due to the similarities and shared 

objectives that exist between these two health-related domains. Some of earlier studies on such 

cross-domain adaptation strategies for  building NER systems in other application domains 

include, use of an approach based on stacking up nonlinear feature extractors resulting in  

improved classification modelling [24], use of better quality samples obtained by generative 

probabilistic models [25], and the use of features based on invariant property of data 

representations [26]. These cross-domain adaptation approaches have produced outstanding 

results in some other application contexts as well, including computer vision [27-28], speech 

recognition [29-31], and natural language processing [32]. The ability of these cross-domain 
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machine learning strategies based on shared representations, to extract high-level complex 

abstractions from heterogenous disparate data sources, from different domains, to condition the 

ill-structured data in clinical domain, would be an attractive option for building better NER 

tools for clinical-NER systems. Next section focusses on some of the challenges associated 

with cross-domain application contexts, particularly the two sub-domains of Bio-NER and 

clinical-NER domains specifically, and identifies the research gap that exists in the automated 

computer-based approaches that are available currently for dealing with such contexts 

1.4 Challenges and Research Gap 

There are several complexities and challenges the NER systems must address within the health-

related sub-domains and contexts. Some of these arise from commonality between each of 

these subspecialty domains, and some from differences in meanings and interpretation of 

similar sounding names and entities within each of these subspecialty domains, and inability 

of current Bio-NER and Clinical-NER systems in dealing with them. For example, making 

sense of polysemous names and entities, which leads to word sense ambiguation, is one of 

major problem which the current Bio-NER and clinical-NER systems cannot address. There 

are several other challenges in addition to this, and any innovation and research contributions 

need to take these challenges into account, for improving the state of the art. Further details on 

some of these challenges are described in next two sections of this chapter.  
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1.4.1 Bio-NER challenges 

Named entity recognition (NER) task is a subtask of information extraction, which aims to 

classify all unregistered words appearing in texts, and unstructured data collection. In general, 

the NER task involves eight categories — location, person, organization, date, time, 

percentage, monetary value, and “none-of-the-above” or “Unknown” [12, 13]. A typical NER 

pipeline attempts to first find named entities in sentences and declares the category of the entity. 

For example, in the following sentence: 

“Apple [organization] CEO Tim Cook [Person] Introduces 2 New, Lager iPhones, Smart 

Watch at Cupertino [Location] Flint Center [Organization] Event [14].” 

 Here “Apple” needs to be recognized as an organization name instead of a fruit name in terms 

of its context. Further, the words “Tim” and “Cook” need to be together recognized as a single 

word having a meaning of CEO of the Apple Company and a person’s full name. “Cupertino” 

needs to be identified as a city name in California and tagged with a location label or entity, 

and “Flint” and “Center” should be considered as a single name and recognized as the name 

of an organization. This might be easy for humans, but for computers to be able to distinguish 

each of these named entities based on the context in the sentence, is not quite easy.  

Named entity recognition approaches have traditionally tried to make computers understand 

such sentences and subtle linguistic nuances in the text (which humans can do better) in 

different ways — by building models based on dictionary based, rule based, and machine 

learning based approaches. For dictionary-based approach, a list object is normally maintained 

for storing as many named entities as possible. This list-based approach however has some 

limitations, though it appears simple. Since the target words tend to be mainly proper nouns or 

unregistered words, making a computer understand them is normally difficult. Further, the 
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same word stream could mean different things in different contexts within the same domain 

and need to be recognized as different named entities in terms of their current context. In 

addition, if the domain changes (from biomedical to clinical for instance), the same set of words 

in a sentence could carry totally different meaning. So, dictionary-based methods, based on 

lists, developed for one context and domain, tend to perform poorly for different contexts and 

domains. Additionally, new words and word combinations get generated frequently and get 

updated for evolving NER fields, and even the same word stream would carry different 

meaning after updates and has to be recognised as a different named entity [15, 16].  

The second approach used for NER is a rule-based approach [17]. The success of rule-based 

approach depends on the rules laid out, and patterns of named entities appearing in actual 

sentences. However, for rule-based approaches to be able to use context for solving the problem 

of multiple named entities, every rule needs to be written down before it is used. These rules 

need to be changed based on the context and domain changes as well.  

The third approach, based on traditional shallow machine learning-based strategies, consist of 

tagging the named entities to words, even without explicit listing of words in the dictionary, 

and lack of description of the context and domain definition in the rule set. Some of these 

traditional machine learning approaches include, Support Vector Machines (SVMs) [18], 

Hidden Markov Models (HMMs) [6, 19], Maximum Entropy Markov Models (MEMMs) [20], 

and Conditional Random Fields (CRFs) [9, 10]. 

For the Bio-NER domain and the associated contexts, the research focus is normally on 

information extraction of protein, DNA, RNA, cell type, and cell line from biomedical 

literature [21–24]. Biomedical named entity recognition is an essential task in biomedical 

information extraction and forms the first stage of text mining in information extraction from 

biomedical documents and reports. Recognizing technical terms in the biomedical area from 
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the biomedical documents, is in fact a very challenging task in natural language processing and 

has attracted the interest of researchers significantly for years [25]. For Bio-NER task, in 

general, five categories (protein, DNA, RNA, cell type, and cell line) are used, instead of 

normal NER categories in general English language text. For example, the NER tagged 

sentence in a BioNER task can be shown as: 

“IL-2 [B-protein] responsiveness requires three distinct elements [B-DNA] within the 

enhancer [B-DNA].” 

Biomedical NER system for extracting named entities from a sentence shown above, can face, 

several difficulties for several reasons. Firstly, due to evolving and continuously changing 

nature of biomedical domain, the number of new technical terms would be rapidly and 

continuously increasing. To build a dictionary or rule-based decision strategy to include all the 

new and evolving terms could be very difficult. Secondly, based on their context, the same 

words or expressions would mean different things, and hence need to be classified as different 

named entities in terms of their context. Thirdly, for a complex entity (e.g., “12-o-

tetradecanoylphorbol 13-acetate”), with long entity length, and inclusion of control characters, 

such as hyphens, both dictionary and rule based NERs tend to fail or perform poorly. Fourthly, 

a significant word-sense-ambiguity is experienced in biomedical area, due to the large 

proportion of abbreviated expressions frequently used. For instance, “TCF” could refer to “T 

cell factor” or to “Tissue Culture Fluid” [26, 27]. And the final challenging part is, in 

biomedical domain, the normal terms or functional terms are often combined, making it a long 

biomedical term. For example, “HTLV-I-infected” and “HTLV-I-transformed” and include a 

special meaning for the terms “I”, as “infected”, and “T” as “transformed”. Even humans (other 

than biomedical science researchers), cannot interpret this meaning for “I” and “T”, let alone 

computers. Hence, most of the current Bio-NER approaches cannot cope with such named 
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entities.  This is compounded by problems associated with spelling changes [28], and 

subsumption of one named entity category into another category [29].  

1.4.2 Clinical-NER challenges 

Clinical-NER task has mostly been approached by several researchers by addressing the 

problem as a sequence labelling problem, and researchers have developed a machine learning 

formulation with an aim to find the  best label sequence in a particular format (for example 

BIO format labels) for a given input sentence (individual words from clinical text). Some of 

the machine learning models developed for clinical-NER task includes Conditional Random 

Fields (CRFs) [22], Maximum Entropy (ME), and Structured Support Vector Machines 

(SSVMs) [23]. CRFs model appears to be the most popular solution amongst several traditional 

shallow machine learning based models in several top-ranking systems. A typical state-of-the-

art clinical NER approach involves, utilisation of NLP features extracted from different 

linguistic levels, including orthographic information (e.g., capitalization of letters, prefix and 

suffix), syntactic information (e.g. POS tags), word n-grams, and semantic information (e.g., 

the UMLS concept unique identifier). Some of the hybrid models [16] tend to further leverage 

the concepts and semantic types from the existing clinical NLP systems such as MetaMap and 

cTAKES [24]. Further, for an improved performance, some of the researchers have also 

explored combination of different machine learning models, including ensemble models and 

re-ranking [14, 15]. Few other researchers, more recently, have examined unsupervised 

features extracted from large unlabelled corpora, and generated word clusters using Brown 

clustering and random indexing [19]. The intensive and continuous contributions from the 

clinical NLP community have certainly boosted the performance of clinical NER systems. 
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However, some of the challenges that couldn’t be addressed adequately, led to major gaps, and 

hampered their performance and generalisation capabilities. Some of these include: 

Weaker feature representations:  

The most commonly used feature representation for clinical NER tasks is based on bag-of-

words model [26, 27]. It is a simplified representation of a group of words in the text based on 

the presence/absence of its words. The feature representation based on bag-of-words model 

tends to ignore the order between words, grammatical relations, and semantic information, and 

due to sparsity problem, the bag-of-word model for clinical NER leads to weaker feature 

representation and poor performance. As an example, consider the two similar clinical entities: 

“mildly dilated right atrium” and “somewhat enlarged left ventricle”. The bag-of-words feature 

representation of these two clinical entities shows no commonality between them. They have 

nothing in common, from their bag-of-word feature representation. However, clinicians would 

treat these two entities as related concepts. Hence, a more robust feature representation models 

are needed for clinical NER tasks. 

Significant Human Intervention Needs:  

Most of Clinical-NER methods proposed so far are based on traditional shallow machine 

learning approaches, but tend to be rigid and task-specific, and require significant time-

consuming human feature engineering efforts [27, 28]. Two of the critical steps for a typical 

machine learning based clinical NER system are: the feature extraction step and parameter 

optimization step. The feature extraction can be very time-consuming step, as the feature 

extraction for traditional shallow machine learning based methods, heavily depend on human 

intervention for handcrafted features, and machines are just involved for handling the 
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parameter optimization supervised by the gold-standard annotations. Researchers’ manual 

intervention is also needed for screening the positive/negative samples to identify possible 

features with special meanings (for example, tokens containing capitalized letters are more 

likely to have special meanings), and for design of optimal feature set combination and 

sequences (for example body location followed by a disorder mention). These manual 

interventions are commonly referred to as “human feature engineering” and can lead to several 

problems. Mainly, the features extracted by human experts could be incomplete – humans 

cannot sometimes identify all possible features, and there could be inconsistency in the way 

different humans tend to identify all possible features. It could be based on their individual 

subjective judgements or expertise or could be over specified – the same information, 

inconsistencies or human errors could get propagated down the information extraction pipeline. 

Also, with human feature engineering, researchers must engineer the features again for a 

different task or different data source, context or domain. Having a computer do all these tasks 

can help in an objective, consistent and robust models to be developed, with minimal 

supervision and time-consuming feature engineering needs. 

Models with poor long-term dependencies 

Most of the popular clinical-NER systems surveyed were based on CRF models [28-30]. The 

CRF based models use a word window for the input sequence of tokens. But use of word 

windows cannot model long-term dependencies and can lead to system prediction errors due 

to false negatives. However, it is not possible to model long term dependencies, by simply 

increasing the window size, as it may corrupt the signal with more noise getting into the feature 

space and slowing the model building process during the training phase. This problem can only 

be addressed by developing new and better architectures for clinical NER tasks, with 

capabilities to capture long-term dependencies from the clinical texts.  
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To summarize, there is a huge body of work on NER approaches for different domains and 

contexts, including several health-related subspecialty domains. Despite the significant work 

done and methods reported, including different dictionary based, rule-based and machine 

learning based formulations, there are several complex challenges associated with NER 

systems for clinical and biomedical scenarios, and most of the existing systems have several 

shortcomings in dealing with these challenges. There is a need for better approaches to be 

developed to further the state of the art in Bio-NER and clinical-NER field. The research work 

reported in this thesis tries to address this gap and aims to address some of the challenges 

discussed. Three research questions have been formulated for guiding the line of investigation 

and address the challenges and gap in the state of the art in biomedical and clinical NER 

approaches. Next section describes the three research questions formulated for this thesis. 

1.5 Research Questions 

The overarching research question that will be addressed in this thesis is, whether it is possible 

to develop a robust name entity recognition framework that can leverage the benefits of well-

resourced Bio-NER context for improving the low-resourced clinical-NER task performance. 

This will be achieved by attempting to improve the state of the art for Bio-NER systems first, 

as it is a well-resourced context, by exploring some novel strategies for improving the baseline 

Bio-NER task performance, and then attempting to improve the clinical-NER task performance 

by extending and adapting these models appropriately. This line of investigation then leads to 

three focussed research questions as outlined next: 
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Research Question 1:  

Is it possible to enhance the performance of current Bio-NER approaches based on 

shallow supervised machine learning techniques, with new NLP feature sets, and 

alternate learning strategies, based on semi-supervised learning?  

Research Question 2:  

Is it possible to improve the performance of Bio-NER systems by using end-to-end fully 

automated feature discovery and deep machine learning approaches, without 

handcrafting and feature engineering requirements?  

Research Question 3:  

Is it possible to develop novel robust deep machine learning models with shared 

representations, by leveraging the commonality between named entities from high 

resource context (Bio-NER) to low resource context (clinical-NER), and improve the 

performance of low resourced context?  

1.6 Aims and Objectives 

The aims and objectives of this research for addressing the three research questions formulated 

for this thesis are as outlined here:  

1. To enhance the performance of current Bio-NER approaches based on shallow 

supervised machine learning techniques, with new NLP feature sets, and alternate 

learning strategies, based on semi-supervised learning.  
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2. To improve the performance of Bio-NER systems by using end-to-end fully automated 

feature discovery and deep machine learning approaches, without handcrafting and 

feature engineering requirements.  

 

3. To develop robust deep machine learning models with shared representations, by 

leveraging the commonality between named entities from high resource context (Bio-

NER) to low resource context (clinical-NER) and improve the performance of low 

resourced context. 

1.7 Approach and Methodology 

The approach and methodology used for addressing the aims and objectives set for this thesis 

are described briefly here, with further details provided in the individual chapters in the rest of 

the thesis. There are as follows: 

1. The Biomedical named entity recognition (Bio-NER) task chosen was the identification 

of biomedical text terms (five classes), such as RNA, protein, cell type, cell line, and 

DNA. For baseline comparison, traditional shallow machine learning models based on 

supervised learning were examined first. Some of the shallow machine learning models 

examined include the Maximum Entropy Models (MaxEnt), that use supervised 

machine learning techniques. This serves as a baseline for comparing other models 

developed in the thesis. For experimental evaluation and validation, the benchmark 

GENIA dataset from BioNLP/NLPBA 2004 shared task was used, with model 

development and testing conducted on training and evaluation set provided by the task 

organizers. 
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2. The next step was to investigate the performance improvements possible for Bio-NER 

task, with an alternative learning strategy based on semi-supervised learning with the 

conditional random field (CRF) models, and evaluation and validation using the same 

benchmark GENIA dataset from BioNLP/NLPBA 2004 shared task. 

3. The third step was to investigate the performance improvements possible for Bio-NER 

task, with the rich text feature set, consisting of a combination of several text features, 

and build models based with semi-supervised learning and  Conditional Random Field 

(CRF) learner, and validate using the same benchmark GENIA dataset from 

BioNLP/NLPBA 2004 shared task. 

4. The next step was to investigate the Bio-NER performance improvements possible with 

deep learning models based on different architectures, including Feedforward Network 

(FFN), Recurrent Neural Network (RNN), hybrid Convolutional Neural Network 

(CNN-RNN) models, and validate with the same benchmark GENIA dataset. This 

concludes the investigations towards step by step iterative improvements for Bio-NER 

model development. Being a well-resourced context (Due to availability of large 

annotated dataset from a moderately complex scenario)  

5. The final step involved extending and adapting the Bio-NER model developed in a 

well-resourced context (Step 4 above) for the low-resourced context (Clinical-NER), 

by enhancing the robustness of the deep-learning model using hyper-parameter 

optimization. The clinical-NER task chosen was more complex as compared to the Bio-

NER task, and it involved identification of 35 different classes, for a smaller dataset, 

which is sparse, unbalanced, synthetic, and noisy and represents a real-world nursing 

handover context in the clinical domain. For experimental evaluation and validation, 

the benchmark dataset from CLEF eHealth challenge 2016 Task 1 shared task on 

handover information extraction was used, with validation/evaluation experiments 
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conducted on a training and evaluation set provided by the task organizers. As the 

clinical-NER task considered in this work was more challenging as compared to the 

Bio-NER task, new hyper-parameter optimization approaches for deep learning 

networks were developed for improving the performance of the clinical-NER task. 

The details of each step above are described in each chapter in the rest of the thesis. Next 

Section presents the original research contributions made in this work. 

 

1.8 Research Contributions 

 The present research aims to contribute towards a novel robust NER computational framework 

based on different machine learning techniques. Some of the innovative contributions made 

towards the improving the state of the art in Bio-NER and clinical-NER system performance 

includes: 

1. Improvement in Bio-NER model performance by enhancing traditional supervised 

shallow learning models with six different machine learning techniques involving a 

combination of different NLP features, and with supervised, semi-supervised, and deep 

learning approaches. These six algorithms include the Maximum Entropy with 

supervised machine learning, the Conditional Random Field with semi-supervised 

machine Learning, the Conditional Random Fields with supervised machine Learning, 

FFN and RNN based on deep learning, and hybrid CNN–RNN with hyper-parameter 

optimization.  

 

2. Extending the enhanced machine learning framework towards a robust NER 

framework, involving shared representations, using character-level and word-level 
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representations from two different domains (Bio-NER and Clinical-NER) embedded 

within deep learning models, allowing an improvement in the performance of low-

resourced clinical-NER task. The experimental validation on two different benchmark 

datasets (GENIA-BioNLP/JNLBPA and CLEF eHealth 2016 task1 dataset) covering 

major biomedical and clinical entity types shows, that the robust shared modeling 

technique proposed can outperform state-of-the-art systems based on single-domain 

models by a large margin, even with limited training data available. This could be due 

to large performance improvements possible by sharing character- and word-level 

information across different biomedical and clinical entities.  

These innovative research contributions made have been peer-reviewed in terms of several 

international conferences and journal publications, validating the line of investigation used for 

the work reported in this thesis. The outcomes from this research, in the form of a novel robust 

NER computational framework, can pave the way and create new opportunities for the 

development of automatic decision support tools and assistive health technologies for 

evolving/new contexts and domains that share certain commonalities (such as clinical, 

biomedical, chemical, medical and public health domains) for an improved performance, 

robustness and generalization. 
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1.9 Thesis Road Map 

The research work reported in this thesis is organized into the following nine chapters:  

Chapter 1: Introduction.  

Chapter 2: Literature Review and Background Research. 

Chapter 3: Bio-NER Model Development based on Maximum Entropy Learner and 

supervised machine learning. 

Chapter 4: Bio-NER Model Development based on CRF learner with Semi-Supervised 

Machine Learning.  

Chapter 5: Bio-NER Model Development Based on CRF learner and rich NLP feature sets. 

Chapter 6: Bio-NER Model Development Based on Deep Learning Approach. 

Chapter 7: Extending Bio-NER Model to Clinical-NER Based on Deep Learning and hyper-

parameter Optimization techniques. 

Chapter 8: Software Platforms Development and Deployment   

Chapter 9: Conclusions and Further Plan. 

This chapter (Chapter one) introduces the research problem, and provides the background, 

rationale, significance and motivation, challenges and research gap, formulation of research 

questions, identifies the aims, objectives, approach and methodology for addressing the 

research questions, research contribution from this work to the scientific knowledge, and 

finally details the road map of the thesis on what each chapter entails. Chapter two provides a 

review of the literature and related work done and sets the background for determining the line 
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of the investigation, and the strategy for iterative model design, development, implementation, 

and test/evaluation for the proposed NER framework, in terms of different performance 

measures. Chapter three focusses on Biomedical Named Entity Recognition Based on MaxEnt 

Machine Learning, a baseline model for comparison and assessment of improvements possible 

with other NER models developed in this thesis. Chapter four presents an enhanced Bio-NER 

model based on Conditional Random Fields and Semi-Supervised learning techniques. Chapter 

five describes an improved Bio-NER model with a combination of conditional random fields 

and rich NLP feature sets. Chapter six presents details of the enhanced Bio-NER model with 

an end-to-end deep learning approach without any feature engineering. It uses a combination 

of rich NLP features and unsupervised learned word2vec features and feedforward neural 

networks. Chapter seven describes robust Bio-NER model development with a hybrid deep 

learning architecture and hyperparameter optimization. Chapter eight provides the 

implementation of the proposed web service platform on AWS Amazon Web Services) Cloud, 

with a link for the public to test and assess our three decent models: CRF based supervised ML 

and tested with biomedical text, Deep Learning based on Neural Networks RNN and CNN and 

tested with biomedical text, and Hybrid Deep Learning based on Hyperparameter Optimization 

technique and tested with clinical / Nursing Handover text. Finally, chapter nine describes some 

of the conclusions drawn from this thesis and the suggestions for future research directions. 

  



 

CHAPTER ONE  27 
  

1.10    Conclusion 

This Chapter provides an overview of the entire thesis, and involves defining the research 

problem, reviewing the background, and identifying the rationale, significance and motivation, 

formulation of research questions, identification of aims and objectives, approach and 

methodology for addressing the research questions, research contributions from this work, and 

provides a road map for the thesis. The next chapter presents the literature review and related 

work for this research. 
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CHAPTER TWO 

Literature Review and Background 
Research 

2.1 Overview 

In this Chapter a review of the literature and prior research on biomedical and clinical name 

entity recognition is discussed, for setting the background and providing the rationale for 

choosing the line of investigation for the research reported in this thesis. First, the related work 

done on Bio-NER approaches is reviewed, and then the related work on Clinical-NER 

approaches is reviewed. After this brief review of related work done, the details of design and 

iterative development of the proposed robust NER framework, for enhancing the performance 

of NER systems are outlined. 

2.2 Bio-NER literature review 

The Named Entity Recognition (NER) task is a computerized procedure for recognizing and 

labelling entities in given texts. When used in the biomedical domain, the NER task is referred 

to as the Bio-NER task and it is one of the most fundamental tasks in biomedical text mining 

workflow. A Bio-NER system allows computer-based recognition and extraction of different 

biomedical entities (e.g., genes, proteins, chemicals, and diseases) from text documents [31, 

32]. There were several Bio-NER approaches proposed in the literature, with a focus on 

addressing the problems related to specific applications - large-scale biomedical data analysis 



 

CHAPTER TWO                                                                                                                      30 
   

tasks for example. Some of these approaches include biomedical network construction [32],  

gene  prioritization  [33], drug repositioning [34], finding literature support of experimental 

findings [35, 36, 37], generating hypothesis [38, 39,  40]  and  database  curation  [40]. Another 

set of  Bio-NER approaches that were regarded as very efficient approaches, were aimed at  

identifying new gene names from text [40], with the inclusion of the Bio-NER processing step 

as the primitive step for many downstream information extraction applications, such as for 

relation extraction [41] and for knowledge base completion [42, 43, 44, 45, 46, 47]. As the 

focus of Bio-NER task was to identify named entities corresponding to chemical compounds, 

genes, proteins, viruses, disorders, DNAs and RNAs, with documents describing these details 

available in several scientific papers, books and other publications produced annually,  the Bio-

NER researchers had access to abundant resources in terms of large databases for investigating 

Bio-NER systems [4]. MEDLINE is one of such large-scale resource in the biomedical domain 

in which millions of articles are stored regularly in a database [5].  

However, much of the Bio-NER research efforts focussed on extracting biomedical named 

entities using handcrafted rule-based approaches [6], and manual building of the rules is a very 

time-consuming and expensive task. Due to this, the Bio-NER researchers quickly adopted 

machine-learning techniques for identifying biomedical entities automatically, with most of the 

research focussed on using supervised machine learning techniques, an easy option due to large 

annotated databases available for this field [7- 9]. The data size wasn’t a problem, because 

being a high resourced environment, there were several large databases available, and 

availability of annotated corpora wasn’t a problem either, due to several annotated and labeled 

corporate available for Bio-NER researchers, including the SCAI [11] and GENIA [11] 

corpora. The problem was with a poor performance that was being achieved in general for Bio-

NER systems. This could be due to the inherent complexity of Bio-NER terminology and 

jargon, leading to difficulties in extracting discriminative NLP features and building NER 
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models based on supervised machine learning approaches. Biomedical entities tend to be more 

complicated compared to the traditional named entities [13,14]. Campos et al. [5] identified 

several reasons behind the complexity of the Bio-NER task. Firstly, the biomedical entities 

tend to be very descriptive such as “normal thymic epithelial cells”. Secondly, the biomedical 

entities appear differently in texts even though they mean the same, such as “N-acetylcysteine” 

which can be formed as “N-acetylcysteine” or “NAcetylCysteine”. Thirdly, the biomedical 

abbreviations sometimes may refer to completely different entities such as the abbreviation of 

‘TCF’ may refer to “T-Cell Factor” or “Tissue Culture Fluid”. Finally, biomedical entities 

contain complex morphology such as the combination of numbers and punctuations (e.g. 94-

KDA). Hence, the Bio-NER task is inherently complex and challenging task, and the NLP 

features extracted should have the ability to generalize and discriminate the occurrence of 

ambiguous biomedical entities as described above. This is because the NLP features play a 

significant role in building the models in supervised machine learning approaches, and in turn 

determine the effectiveness of the Bio-NER classification process. As good features need to be 

extracted for supervised machine learning methods to be successful and lead to good Bio-NER 

performance, most of the prior research focussed on developing good and efficient NLP 

features, and not much on different learning strategies (supervised learning strategy dominated 

in most of the studies).  

Different types of NLP features that were proposed for Bio-NER task in several previous 

research works include morphological features (which can contain Boolean, numeric and 

nominal features), lexical features (containing nominal features only), the dictionary-based 

features (containing only Boolean features only), and the distance-based features (containing 

numeric features only). As mentioned previously, as compared to traditional named entities, 

the biomedical named entities such as protein, gene, DNA, chemical compounds, and others 

tend to be more complicated in terms of the morphological structure. The reason behind the 
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morphological complexity in the entities is due to unusual character combinations that are used 

for describing Bio-NER entities, such as Greek letters, digits, and special characters. For 

example, some of the biomedical entities consist of multi-word combinations separated via 

punctuations such as ‘Hydro-Oxide’, resulting in poor performance of Bio-NER systems, even 

with a large set of NLP features and supervised learning approaches used. Therefore, there is a 

need to investigate alternate approaches for improving the performance of Bio-NER systems, 

either by finding better feature representations or improved learning strategies. 

2.3 Clinical-NER literature review 

The prior work done on Clinical-NER approaches can be broadly categorized into two main 

categories: rule-based approaches and machine learning approaches. Rule-based clinical-NER 

approaches mainly consist of a set of rules, and an interpreter to apply the rules. The rules could 

be patterns of properties that need to be fulfilled by different positions in the EHR text 

documents. The rules could be defined as regular expressions (regex) with a sequence of 

characters to define a search pattern. From the earlier research works reviewed on clinical-NER 

approaches, it was found that more than 65% of approaches are rule-based, and the rules are 

represented as regular expressions. Savova et al [51] proposed a method based on regular 

expressions to identify peripheral arterial disease (PAD). A positive PAD was extracted if the 

pre-defined patterns were matched (e.g., for a word sequence “severe atherosclerosis”, the 

word “severe” was matched with a list of modifiers associated with positive PAD evidence and 

the word “atherosclerosis” was matched from a dictionary tailored to the specific task of PAD 

discovery). Some other works reviewed used logic rules for building clinical-NER models. 

Sohn and Savova [57] proposed a method based on a set of logic rules for improving smoking  
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status classification. In this approach, the smoking status was extracted from each sentence and 

by utilizing precedence logic rules, document-level smoking status was determined. For 

example, one of the logic rules assigned highest precedence to current smoker, followed by 

past smoker, smoker, non-smoker, and unknown. First, the smoking status was extracted for 

each sentence, and then processed with precedence logic rules to determine a document-level 

smoking status. The current smoker has the highest precedence, followed by past smoker, 

smoker, non-smoker, and unknown. If the current smoker was extracted from any sentence in 

a document, then the document was labeled as a current smoker). Similar logic rules were used 

for assigning final patient-level smoking status. If there is a current smoker document, and 

since the current smoker has higher precedence than past smokers, even if there is a past smoker 

document belonging to that patient, the patient is still assigned a current smoker status. One 

major problem with such rule-based clinical-NER approaches developed by prior researchers, 

is that the composition of rules is done by a human knowledge engineer from knowledge bases 

or with real involvement of the actual clinical expert. Both are very expensive and time-

consuming, as it requires manual feature engineering and requires collaboration with 

physicians, though it is an efficient approach with the physician’s knowledge and experience 

embedded in the rules. Several expensive knowledge base tools were constructed and made 

available by commercial software companies, with computerized database systems for stored 

complex structured information. These expensive software suites available commercially used 

similar NER approaches to extract named entities from unstructured free-text notes. There were 

some popular, open-source structured knowledge-based tools including, UMLS meta-thesaurus 

for medical concepts, PheWas for phenome-wide association studies [90] (disease-gene 

relations), and DrugBank for drug-gene interactions [91]. Other similar tools include MetaMap 

by Martinez et al. [69] for mapped phrases into UMLS medical concepts; RadLex by 

Hassanpour and Langlotz [53] for identifying semantic classes for terms in radiology reports, 
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by using a controlled lexicon for radiology terminology. Elkin et al. Developed a Systematized 

Nomenclature of Medicine – Clinical Terms (SNOMED CT) medical terminology with coded 

signs, symptoms, diseases, and other findings of influenza from encounter notes [92]. 

There were also some research efforts on using machine learning-based Clinical-NER 

approaches based on shallow learning techniques and seemed to be successful attempts with 

acceptable performance and efficiency in many shared tasks [93-96]. Shallow machine learning 

approach based on Support Vector Machine (SVM) appears to be the most frequently employed 

method by researchers for clinical-NER tasks in the earlier work. An integrated feature-based 

classification SVM and template-based clinical-NER approach was proposed by Barrett et al. 

[97]. Roberts et al. [94] proposed an approach based on using SVM with various features to 

extract anatomic sites of appendicitis-related findings. An automatic text classification 

approach for detecting adverse drug reactions using SVM was proposed by Sarker et al. [98]. 

A study to classify chronic obstructive pulmonary disease using SVM was conducted by Himes 

et al. [99] for asthma patients recorded in electronic medical records. Another machine learning 

approach used by researchers in some of the previous studies, is the one based on logistic 

regression (LR), particularly for entity and relation extraction, and downstream processing. 

Chen et al. [100] used the LR approach for a clinical-NER system for detecting geriatric 

competency exposures assessed from students’ clinical notes; and Rochefort et al. [101] 

employed multivariate LR for detecting events with adverse relations in EHRs. Another line 

of investigation, that relied on sequence-based algorithms, due to the inherent nature of the 

sequential structure of NLP text, is the use of a Conditional Random Field (CRF) algorithm for 

clinical-NER tasks. Deleger et al. [23] used CRFs for extracting Paediatric Appendicitis Score 

(PAS) elements from clinical notes; and Li et al. [60] employed CRFs for detecting medication 

names and attributes from clinical notes to extract medication discrepancies automatically. In 

addition, some of the researchers used certain post-processing approaches in addition to 
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traditional machine learning-based algorithms. Yadav et al. [102] used a technique involving 

extraction of NLP features corresponding to complete medical words in the text, and then 

utilized those features as input for a decision tree for classifying emergency department 

computed tomography imaging reports. Few other research works reported a comparative study 

with different machine learning approaches. Zhou et al. [86] compared SVM, Generalized 

nearest neighbor (NNge), and Repeated Incremental Pruning to Produce Error Propositional 

Rule (RIPPER), for identification of patients with depression in free-text clinical documents, 

and by using decision trees (DT) for post-processing, found the combination of DT and NNge 

resulted in the best performance in terms of best F-measure with high confidence, while in 

terms of intermediate confidence, RIPPER outperformed other approaches.  

The comprehensive algorithms for the NER task for Biomedical vs. Clinical NER revealed, 

that there is a significant body of work done in Bio-NER compared to Clinical-NER field, and 

in general, clinical-NER research works had narrow applications focus, model development 

was done in a low resource environment, with small and sparse datasets, and didn’t have 

translational effects, with generalization ability in NER models. Review of the earlier work 

done in using automated techniques and machine learning comparatively, the Bio-NER 

research outcomes led to better translational outcomes, and the Bio-NER models had better 

robustness and generalization abilities and could be easily adapted for different application 

context. This considerable gap could be due to lack of availability of EHR data openly to NLP 

experts and machine learning engineers, and due to privacy and security protocols associated 

with EHR data (particularly the Health Insurance Portability and Accountability Act (HIPAA) 

privacy rule and institutional concerns [169]), as compared to Bio-NER, where the data used 

by NLP experts is freely available in the public domain as publications and reports.  
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Further, in clinical-NER contexts, there are trust issues associated with relying on completely 

automated clinical-NER systems, and the clinical community, in general prefers rule-based 

approaches, requiring medical professional’s knowledge base to be embedded within the 

system. Currently, more than 60% of the clinical-NER approaches surveyed are based on rule-

based approaches. Even the commercial clinical-NER systems developed by large vendors, 

such as IBM, SAP, and Microsoft, use completely rule-based approaches, since rule-based 

clinical-NER systems can incorporate domain knowledge from knowledge bases curated by 

medical experts.  

One possible solution to address this low resource situation, in terms of improving the state of 

the art for clinical-NER systems, is to use alternate strategies, in terms of leveraging the 

similarities in annotated common data available from another domain, or use a different type 

of learning strategy based on semi-supervised or appropriate deep machine learning technique, 

for example, instead of fully supervised shallow machine learning. The research reported in 

this thesis uses some of these innovative strategies and proposes a novel robust NER 

computational framework based on different types of machine learning techniques. The line of 

investigation and the design of this innovative computational framework, in terms of step-by-

step incremental and iterative development and implementation strategy, is outlined in the next 

section. 

2.4 Robust NER Framework Design 

The design and development of the proposed robust NER framework is as outlined below: 

1. The Biomedical named entity recognition (Bio-NER) task chosen was the 

identification of biomedical text terms (five classes), such as RNA, protein, cell type, 

cell line, and DNA. For a baseline comparison, traditional shallow machine learning 
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models based on supervised learning were examined first.  Some of the shallow 

machine learning models examined include the Maximum Entropy Models (MaxEnt), 

and Conditional Random Field models (CRF), that use supervised machine learning 

techniques. For experimental evaluation and validation, the benchmark GENIA 

dataset from BioNLP/NLPBA 2004 shared task was used, with validation/evaluation 

experiments conducted on a training and evaluation set provided by the task 

organizers. 

 

2. The next step was to investigate the performance improvements possible for Bio-NER 

task, with an alternative learning strategy based on semi-supervised learning, with the 

same shallow learning models used in step (1), the MaxEnt, and the CRF models, and 

evaluation and validation using the same benchmark GENIA dataset. 

 

3. The third step was to investigate the performance improvements possible for Bio-NER 

task with the recent deep learning models based on different architectures, including, 

FFN, RNN, and Hybrid CNN-RNN/LSTM models built by combining one or more of 

deep and shallow learning architectures, and with experimental evaluation with the 

same benchmark GENIA dataset. This concluded the investigations towards 

improving the Bio-NER system. 

  

4. The next step involved enhancing the robustness of the Bio-NER models with 

automatic hyper-parameter optimization and extending and adapting it for building 

the clinical-NER models. The clinical-NER task represents a low-resourced and more 

complex context, as compared to a well-resourced Bio-NER context, due to the 

requirement to identify 35 different classes for clinical-NER tasks, with a small 
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dataset, which is sparse, synthetic, and noisy representing a nursing handover context 

in the clinical domain. For experimental evaluation and validation, the benchmark 

dataset from CLEF eHealth challenge 2016 Task 1 shared task on handover 

information extraction was used, with validation/evaluation experiments conducted 

on a training and evaluation set provided by the task organizers.   

The details of the development and implementation of each step described above are described 

in the next few chapters of the thesis. 

2.5 Conclusion 

This chapter presented a review of relevant literature and related work and has set the 

background for determining the line of investigation for this research. First, the prior work on 

Bio-NER approaches reported in the research literature is discussed, and the related work 

clinical-NER approaches were done in Section 3. Based on the thorough review of the earlier 

studies done, problems that need to be addressed for improving the state of the art, and 

identification of a strategy in terms of design and development of an innovative cross-domain 

NER computational framework to address this gap was identified. The chapter concludes with 

step by step implementation plan for the development of this framework, with brief details on 

what each implementation step entails. The next chapter describes the details of the first step 

of the proposed NER framework, which serves as the performance baseline for the rest of the 

research contributions in this thesis. 
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CHAPTER THREE 
 

Bio-NER Model Development based on 
Maximum Entropy Learner and 

Supervised Machine Leaning 
 

3.1  Introduction 

This chapter presents the details of the Bio-NER model development based on the MaxEnt 

machine learning algorithm and bootstrapped incremental supervised learning technique. This 

model serves as a baseline reference system and allows assessment of other advanced machine 

learning models being proposed in this work. For model building and evaluation, the GENIA 

- BIONLP/NLBPA 2004 shared task/challenge dataset; a benchmark biomedical named entity 

recognition dataset was used. The performance of the Bio-NER model was assessed in terms 

of precision, recall, and F-measure. The details of the model development and evaluation are 

described in the next few sections of this chapter. 

3.2 Bio-NER model based on MaxEnt Algorithm 

The baseline Bio-NER system development involved the use of the MaxEnt algorithm, and the 

benchmark GENIA dataset, which is described in detail in Appendix 1. The model building 

steps comprised the maximum entropy (MaxEnt) principle and active/incremental type 

supervised learning approach for building the baseline system. In this learning approach, the 

algorithm interactively collects new data samples by obtaining unlabelled data during the 

training iterations, instead of using a large block of training data at the beginning.  
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Maximum Entropy approach provides a good baseline framework for integrating information 

from many heterogeneous information sources for classification and combined with good NLP 

features, can lead to the construction of good statistical models for classification tasks. Several 

example applications using this framework can be found in the Open-NLP Tools Library [73]. 

MaxEnt learning algorithm has been used in several systems to support common NLP-NER 

tasks, such as finding the names of people, organizations, or locations in news; automatic 

classification of Twitter search results into categories; suggestion of correct spellings of 

queries.  

For building baseline Bio-NER system with Maximum Entropy (MaxEnt) learner, we focussed 

on ten types of clinical entities from the Unified Medical Language System (UMLS) Semantic 

Groups: Anatomy, Chemical and Drugs, Devices, Disorders, Geographic Areas, Living Beings, 

Objects, Phenomena, Physiology, and Procedures [74]. Table 1 shows a subset of clinical 

entities defined as per UMLS Semantic Group and Semantic Types members for building the 

proposed MaxEnt based Bio-NER model. The entities were defined based on the UMLS meta-

thesaurus.  

The UMLS meta-thesaurus unifies concepts from several dozen terminologies in the 

biomedical domain, including linked terms and relations. The Semantic Table comprises 

Semantic Types and Semantic Relations, which are organized sequentially. The 134 Semantic 

Types can be clustered into 15 Semantic Groups [75]. Each concept in the UMLS is assigned 

a Concept Unique Identifier (CUI), a set of terms, and one or more Semantic Types. Semantic 

Groups were designed so that each concept could be assigned to only one semantic category. 

The GENIA - BIONLP/NLBPA 2004 benchmark dataset provided by challenge organizers, 

contained annotations at two granularity levels: Semantic Groups and Concepts. The annotators 

used freely available tools for accessing the UMLS in English and in French in order to assess 
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whether a mention in the text referred to a specific Semantic Group and to identify the specific 

concept.  

The fundamental principle behind MaxEnt learner is the Maximum Entropy Principle, a 

commonly used technique that provides the probability of belongingness of a token to a class. 

MaxEnt computes the probability p(o|h) for any o from the space of all possible outcomes O, 

and for every h from the space of all possible histories H. In NER, history can be viewed as all 

information derivable from the training corpus relative to the current token. The computation 

of probability (p(o|h)) of an outcome for a token in MaxEnt depends on a set of features that 

are helpful in making predictions about the outcome. Given a set of features and a training 

corpus, the MaxEnt estimation produces a model in which every feature fi has a weight αi. 

Symbol Z(h) is the normalization constant, which forces the sum of p(o|h) over the different 

class labels output o to be one for all input h. We can compute the conditional probability as 

[71, 77, 78, 159].  

   

The conditional probability of the outcome is the product of the weights of all active features, 

normalized over the products of all the features.  

The GENIA-BIONLP/NLBPA 2004 shared task corpus used for model building and evaluation 

of BioNER task contained annotations in BIO format, where ‘B-ne’ refers to the words which 

are the beginning word of a NE of type ‘ne’, ‘I-ne’ indicates rest of the words (if the NE 

contains more than one words) and ‘O’ refers to the not-name words. Some tag sequences can 

never happen. For example, ‘I-ne’ should not occur after an ‘O’ tag. Also ‘I-ne2’ should not 

occur after a ‘B-ne1’ or ‘Ine1’ where ‘ne1’ and ‘ne2’ are two different NE classes. 
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Table 1: Subset of clinical entities defined as per UMLS Semantic Group and Semantic 
Types members used proposed MaxEnt learner. 
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We used the Generalized Iterative Scaling (GIS) algorithm [77] to build the MaxEnt model, 

using a training subset of the GENIA corpus. Figure 1 shows the GIS Algorithm.  

 

 

Figure 1: GIS Algorithm to train the MaxEnt model. 

 

The advantage of this simple GIS algorithm is that it is able to bootstrap from the test data, 

eliminate the low confidence data and only select the high confidence data and combine it with 

the original training data to generate a decent Maximum Entropy Model. The GIS procedure 

should terminate [78] after a fixed number of iterations (i.e., in our case, we used 100), or when 

the change in log-likelihood is negligible. Figure 2 shows the active/incremental learning 

process based on the GIS algorithm:  the dashed line depicts the behavior of the posterior 

probability-based confidence metric, while the asterisks on the bottom denote the unlabelled 

data being selected for their high confidence score [79].  
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Figure 2: Shows the relationship between unlabelled data with their high confidence score. 

 

The active/incremental learning algorithm for MaxEnt learner was implemented in a stepwise 

fashion as shown below: 

i) First the NLP feature set was extracted from the training dataset, and the Maximum 

Entropy learner uses these NLP features to build a temporary draft model. 

ii) The draft model is validated with unlabelled test data subset, and test data classification 

results in terms of low and high confidence data, categorized as Test Result 1 and Test 

Result 2 is obtained.  

iii) The High confidence score related to unlabelled data [76, 80] - Test Result 2, was 

selected and combined with the original Train Data and then the BioNER model is 

rebuilt with MaxEnt Learning algorithm, and a refined version of the model is obtained.  

iv) The refined version of the model generated was evaluated with complete test data set, 

and Final Test Results were obtained. The final test results provide an estimate of the 

performance of the model, assessed in terms of evaluation measures suggested by 
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GENIA organizers, and include quantitative measures, the Precision, Recall, and the F-

measure.  

v) The special characteristic of this bootstrapping approach is that the Model will get 

iteratively get refined, gaining more knowledge and produce better results with more 

iterations.  

 

Figure 3: Maximum Entropy Learner with Active/Incremental Learning. 

3.3 Experimental Work 

The Bio-NER model based on a simple MaxEnt algorithm can serve as a good baseline for 

comparison with other advanced algorithms proposed in this thesis. Figure 3 showed the overall 

architecture of the process for obtaining the Maximum Entropy Learner based on bootstrapped 

incremental learning algorithm. Table 2 shows the results for the evaluation of previously 

participating systems’ performance for each subset of data.   
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Table 2: Shared Task Report for the previously participating systems in the challenge. 

 

The performance of each system, shown in Table 2 was assessed in terms of three related 

performance measures Precision/Recall/F-measure. The F-measure or F-Score is the weighted 

harmonic mean of precision and recall [155]. Precision is the percentage of the correct 

annotations, and Recall is the percentage of the total named entities (NEs) that are successfully 

annotated. The value of β is taken as 1. The general expression for measuring the F-Score is: 

 

This shared task with BIONLP/NLPBA GENIA corpus is one of the benchmark databases. The 

corpus is very popular for most Bio-NER tasks. As recently as of 2016, most of the Bio-NER 

approaches used this corpus as a baseline for evaluating automatic named entity recognition 

based on novel machine learners [8].  

The MaxEnt model building in this work involves incremental learning strategy facilitated by 

bootstrapping techniques, which allows iterative model building and refinement, and uses 

small subsets of data for building the model, instead of using a large block of training data, and 

suffer from performance and convergence issues. The subsets provided for training and testing 

were made available with segregation in 10-year window blocks. The four subsets available 

and used in this work include, the 1978-1989 set (which represents an old age from the 
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viewpoint of the models that were trained using the training set), 1990-1999 set (which 

represents the same age as the training set), 2000-2001 set (which represents a new age 

compared to the training set) and S/1998-2001 set (which represents roughly a new age in a 

super domain). The last subset represents a super domain and the abstracts were retrieved with 

MeSH terms, `blood cells' and `transcription factors' (without `human'). The S/1998-2001 set 

includes the whole 2000-2001 set. The performance reported by previous participating systems 

in the shared task/challenge in terms of percentage precision/recall/F-measure for each named 

entity class, and average performance of all classes for each subset is shown in Figure 4 – 8 for 

reference. 

 

Figure 4: Results of MaxEnt based BioNER approach for 1978-1989 subset. 

 

 

Figure 5: Results of MaxEnt based BioNER approach for 1990-1999 set. 
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Figure 6: Results of MaxEnt based BioNER approach for 2000-2001 set. 

 

 

Figure 7: Results of MaxEnt based Bio-NER approach for S1998-2001 set. 

 

 

Figure 8: Expected results for the proposed NER approach (Maximum entropy learner with 
active/incremental learning). 

 

The performance expectation of the proposed MaxEnt based Bio-NER approach for each 

subset of data was to achieve at least the best performing average performance figures of all 

named entity classes of previously participating systems in the challenge (shown circled in red 

in Figure 4 - 8). The actual performance achieved by the MaxEnt based Bio-NER model is 

shown in Table 3 and Figure 9. As can be seen from Table 3 and Figure 9, the proposed Bio-

NER model based on MaxEnt approach (Pha16 red color in Table 3 and blue bar color in Figure 
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9) results in an acceptable performance in terms of precision, recall, and F-measure, as 

compared to other participating systems in the shared task/challenge.  

Table 3: Performance of proposed NER approach with respect of participating systems on 
each test subset. 

 

Figure 9 is a graphical representation of the results, showing improved performance of the 

proposed MaxEnt based Bio-NER approach (Pha16) as compared to two other closely 

competing systems, the Lee04 NER, and the Baseline NER system provided by challenge 

organizers.  

 

Figure 9: Comparative performance of proposed MaxEnt Bio-NER with Lee04 and Baseline 
systems. 
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3.4 Conclusion 

This chapter presents the details of the Bio-NER model development based on the MaxEnt 

machine learning algorithm and bootstrapped incremental supervised learning technique. This 

model serves as a baseline reference system and allows assessment of other advanced machine 

learning models being proposed in this work. For model building and evaluation, the GENIA 

- BIONLP/NLBPA 2004 shared task/challenge dataset; a benchmark biomedical named entity 

recognition dataset was used. The performance of the Bio-NER model was assessed in terms 

of precision, recall, and F-measure. The MaxEnt incremental/bootstrapped supervised learning 

approach for the Bio-NER task has resulted in acceptable performance, better than two others, 

which are closely competing systems in the challenge. This modeling approach serves as the 

baseline for comparing other innovative approaches proposed in the thesis. The next chapter 

presents details of an enhanced Bio-NER approach based on Conditional Random Fields, semi-

supervised learning, and  NLP features. 
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CHAPTER FOUR 
 

Bio-NER Model Development based on 
Conditional Random Fields with Semi-

Supervised Machine Learning 
 

4.1 Overview 

In this chapter, we propose a novel approach for the Bio-NER task based on the Conditional 

Random Field (CRF) algorithm. The approach is based on a special formulation of semi-

supervised Machine Learning (ML), which allows building the Bio-NER model by analyzing 

the relationship between labeled and unlabelled data by using Generalized Expectation criteria 

(GE) method, which has a potential to improve the NER system performance significantly. The 

model development, involving model building and evaluation was done using benchmark 

GENIA data set, from the BioNLP/NLPBA 2004 shared task/challenge. The performance of 

the system was assessed in terms of several quantitative measures, including precision, recall, 

and final score (F-score). The details of this approach and outcomes achieved are described in 

the rest of this Chapter.  

Semi-supervised learning, where a small amount of human annotation is combined with a large 

amount of unlabelled data to yield an accurate classifier, has received a significant amount of 

attention from the research community. GE (Generalised Expectation) criteria are a simple, 

robust scalable method for semi-supervised training using weakly-labeled data. 



 

CHAPTER FOUR                                                                                                                    54 
 

4.2 Proposed Conditional Random Field Scheme 

The Conditional Random Fields (CRF) models are undirected graphical models based on a 

probabilistic scheme for labelling and segmenting structured data [10], such as sequences, 

trees, and lattices. A key advantage of CRFs is their great flexibility to include a wide variety 

of arbitrary, non-independent features of the input, such as more unlabelled data with less 

labeled data, and adding a variety of features or deep domain knowledge, which enable to 

improve the results more accurately. 

The primary advantage of CRFs over other popular probabilistic models, such as hidden 

Markov models (HMMs) is their conditional nature, resulting in the relaxation of the 

independence assumptions required by HMMs [81-83] to ensure tractable inference. Moreover, 

the NER model built with CRF Algorithm based on a semi-Supervised learning algorithm can 

transform it into a naïve large-scale machine learning algorithm and can be then suitable for 

complex health data. The results of the CRF model based on semi-supervised learning are 

described next.  

For building the NER model based on CRF learner, the BioNLP/NLPBA shared task corpus 

[7] was used for evaluating this CRF algorithm using Bio format where 

B: denotes the beginning character of an NE, 

I: denotes each following character that inside the NE, 

O: denotes a character that is not part of any NE, to agree with the convention of the 

NER community. 
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Table 18 and Table 19 showed both train and test data based on the BioNLP format from the 

first dataset of the Bio-NLP challenge task, as shown in Appendix 1. 

Table 4 shows the rich feature text, which used to build the models, and improvement in the 

performance of the CRF model, in terms of average word detections and F-scores, and how it 

outperforms the previous models that have used fewer features or without features at all. Table 

5 shows the event list constructed during building the NER model. And Tables 6 - 9 show the 

outcomes from these rich features. 

       Table 4: Rich Text Features used to create the CRF Model. 

 
 

 

Table 5: Construction of an event List with Features (an Outcome and a Context). 

 

We used a simple semi-supervised learning algorithm for named entity recognition (NER) 

based conditional random fields (CRFs) which used a wide variety of features [76]. This 

achieved by using Generalized Expectation (GE) criteria to express a preference for parameter 

settings in which the model’s distribution on data matches a target distribution. The use of 

generalized expectation criteria allows for a dramatic reduction in annotation time [84] when 
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limited human effort is available and allows adaptation of the base learner based on CRF with 

semi-supervised learning for large scale machine learning tasks that can work well for complex 

health data. 

The GE criteria used to train our CRF model. Figure 10 shows how the semi-supervised 

learning algorithm with GE criteria which allows learning of the NER model using CRFs. 

Assume that we have a small amount of labeled data L and a classifier Ck that is trained on L. 

We exploit a large unlabelled corpus U from the test domain from which we automatically and 

gradually add new training data D to L, such that L has two properties:  

1) Accurately labeled, meaning that the labels assigned by automatic annotation of the 

selected unlabelled data are correct, and:  

2) Non-redundant, this means that the new data is from regions in the feature space that 

the original training set does not adequately cover.  

Thus, the classifier Ck is expected to get better monotonically as the training data gets updated. 

 

Figure 10: Semi-supervised learning algorithm using GE criteria for building CRF model. 
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At each of iteration, the classifier trained on the previous training data (using the features 

introduced in the previous section) is used to tag the unlabelled data. In addition, for each O 

token and NE segment, a confidence score is computed using the constrained forward-

backward algorithm [85], which calculates the LcX, the sum of the probabilities of all the paths 

size passing through the constrained segment (constrained to be the assigned labels).  

One way to increase the training data is to add all the tokens classified with high confidence to 

the training set. This scheme is unlikely to improve the accuracy of the classifier at the next 

iteration because the newly added data is unlikely to include new patterns. Instead, we use the 

high confidence data to tag other data by exploiting independent features.  

Since the features of each token include the features copied from its neighbours, in addition to 

those extracted from the token itself, its neighbours need to be added to the training set also. If 

the confidences of the neighbours are low, the neighbours will be removed from the training 

data after copying their features to the token of interest. If the confidence scores of the 

neighbours are high, we further extend to the neighbours of the neighbours until low-

confidence tokens are reached. We then remove low-confidence neighbours to reduce the 

chances of adding training examples with false labels. Figure 11 shows the overall architecture 

of the NER system for building a decent CRF model. 
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Figure 11: The CRF learner based on semi-supervised learning with Generalized Expectation 
criteria and rich text features. 

 

As can be seen in Table 11, the proposed strategy for adapting the CRF model and its evaluation 

with BioNLP/NLPBA 2004 shared task corpus, resulted in promising outcomes, and the results 

from five prominent experiments are described next. 

  



 

CHAPTER FOUR                                                                                                                    59 
 

4.3 Experimental Work 

The first experiment used only the Training data (40% labelled, 60% unlabelled) was 

submitted to the CRF learner without adding any text features, compiled to obtain first model 

CRF_Model_1 with F-score 7.20%. Table 6 shows the performance of CRF_Model_1 in terms 

of recall, precision, and F-score. 

Table 6: Performance of CRF_Model_1. 

 

 

The second experiment, we still used the Training data (20% labelled, 80% unlabelled, and 

added rich text features F1-F6 showed in Table 4). And we observed that CRF_Model_2 

improved in terms of F-score 32.51%. Table 7 shows the performance of CRF_Model_2 in 

terms of recall, precision, and F-score.  

Table 7: Performance of CRF_Model_2. 

 

 

The third experiment, we increased to 40% labelled data, 60% unlabelled, added rich text 

features F1-F6 showed in Table 4. And we observed that CRF_Model_3 resulted in a better 

performance in terms of F-score 65.32%, Table 8 shows the performance of CRF_Model_3. 

Table 8: Performance of CRF_Model_3. 
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The fourth experiment, we increased to 100% labelled train data, 60% unlabelled test data, 

added rich text feature F1-F6 showed in Table 4. And we observed that CRF_Model_4 resulted 

again in better performance in terms of F-score 68.72%. Table 9 shows the performance of 

CRF_Model_4.  

 

Table 9: Performance of CRF_Model_4. 

 

 

The fifth or final experiment, we used maximum available data from subsets of the corpus: 

100% labelled from Training data, 100% unlabelled from Test data, and added rich text features 

F1-F6 showed in Table 4. And observed that CRF_Model_5 resulted in superior performance 

in terms of F-score 68.74%. Table 10 shows the performance of CRF_Model_5. 

 

Table 10: Performance of CRF_Model_5. 

 

 

The details of the four test subsets are described at Evaluation Data in [7]. This research 

evaluated these test subsets and has outperformed most of the previous systems, in terms of 

recall, precision and F-score. Results show that the proposed CRF model approach achieved 

an F-score of 68.74% substantially better performance than other participating systems in the 

challenge [7]. Table 11 and Figure 12 show the entity recognition performance of each 

participating system on each test subset. 
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Table 11: Comparison Performance of CRF_Model_5 with Respect of Participating Systems 
on Each Test Subset. 

 

 

 

Figure 12: Comparison performances of NER Pha18CRF with previous systems. 
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4.4 Conclusion 

The innovation in the work proposed in this chapter involves the development of a large-scale 

machine learning technique based on a semi-supervised CRF learner, resulting in improved 

performance. The experimental work involved using a base learner, which is the CRF model, 

and adapting it with novel training algorithm - the semi-supervised learning algorithm, and its 

evaluation on benchmark dataset BioNLP/NLBA shared task corpus. It was possible to achieve 

an F-score of 68.74% for the CRF model using semi-supervised learning and has outperformed 

as higher compared to the other six participating systems in the BioNLP Challenge task. Next 

Chapter, the combination of several rich text features investigated to further enhance the 

performance of semi-supervised CRF learner is discussed. 
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CHAPTER FIVE 
 

Bio-NER Model based on Conditional 
Random Field Learner with Rich Feature 

Sets 
 

5.1  Overview 

In this chapter, we propose a novel approach for Bio-NER task based on Conditional Random 

Field (CRF) algorithm with supervised learning, and a combination of several rich text feature 

sets. These feature sets mainly include three distinctive features: word2vec, Term Frequency-

Inverse Document Frequency (TF-IDF), and Regular Expression (RegExp), resulting in 

improved performance, in terms of various measures including precision, recall, and Fscore. It 

was possible to achieve the Fscore of 70.50% for the CRF learner based on supervised learning 

with large and rich feature sets, outperforming most of the other participating systems in the 

BioNLP challenge task.  

In this chapter, we propose an approach based on combining a large feature set, including 

Word2vec features, TF-IDF features, Regular Expression features, and supervised CRF 

learner, leading to around 70 percent Fscore, as shown at the entry Pha18CRF in Table 15. The 

rest of this chapter is organized as follows. The next section 5.2 discusses the background and 

related work. Section 5.3 describes the CRF learner using rich text feature set. Section 5.4 

presents a brief description of the challenge dataset, details for pre-processing data, and model 

building strategy using the CRF learner algorithm. The details of the experimental evaluation 
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done is discussed in section 5.5, and the paper concludes in Section 5.6 with outcomes obtained 

from this work, and plan for further research. 

5.2   Background and Related Work 

Many techniques have been proposed to extract word representing (WR) text features, such as 

LSA (latent semantic analysis) [93], random indexing (RI) [94], Brown clustering (BC) [95], 

and neural language models (NLM) [96]. As per a review by L. Ratinov et al. [97], WR text 

features can be divided into three groups: firstly, word embeddings, such as NLM; secondly, 

clustering-based methods such as BC; and thirdly, distributional representations, such as LSA 

and RI.   

Recently, word representing (WR) approaches have been widely used to improve various 

machine learning-based NLP tasks, such as entity recognition in biomedical text [98-99], part-

of-speech (POS), chunking, and NER in newswire domain [97]. Word embeddings have also 

been applied to the biomedical domain and showed improvement on entity recognition in 

biomedical literature [100]. Having said that, the contribution of diverse types of WR features 

to Bio-NER has not been extensively investigated yet. Therefore, this Chapter investigates a 

variety of features, and systematically evaluates three diverse types of feature sets: TF-IDF 

features created from Weighing each Feature algorithm and Model; Find Similarity/nearest 

Features created from Word2vec algorithm and Model; and other rich features created from 

Regular Expression.  

After pre-processing, we obtained and combined these three distinct types of feature sets 

together and build the Bio-NER model using CRF supervised learner. Our results showed that 

the supervised CRF learning algorithm combined with a large set of complex and rich text 
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features can improve Bio-NER task performance. These could be due to complementarity and 

latent capabilities amongst these different feature sets to support each other. By combining 

these features, including the use of the TF-IDF feature set, the improvements in F-score 

obtained were above 70 percent, outperforming other participating systems in the Bio-NER 

challenge task [7]. 

5.3  CRF Model Development 

5.3.1 CRF Learning 

Conditional Random Field is a Discriminative model, and their underlying principle is that they 

apply Logistic Regression on sequential inputs. Discriminative classifiers are Machine Learning 

models that have two common categorizations, Generative and Discriminative. Conditional 

Random Fields are a type of Discriminative classifier, and as such, they model the decision 

boundary between the different classes. Generative models, on the other hand, model how the 

data was generated, which after having learned, can be used to make classifications. As a simple 

example, Naive Bayes, a very simple and popular probabilistic classifier, is a Generative 

algorithm, and Logistic Regression, which is a classifier based on Maximum Likelihood 

estimation, is a discriminative model. 

In CRFs, our input data is sequential, and we have to take the previous context into account 

when making predictions on a data point. To model this behavior, we will use Feature Functions, 

that will have multiple input values. Each feature function is based on the label of the previous 

word and the current word and is either a 0 or a 1.  

The feature functions are the key components of CRF. Each feature function is a function that 

takes in as input: 
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 a sentence S 

 the position i of a word in the sentence we are predicting 

 the label li of the current word 

 the label li-1 of the previous word in S.   

And it is defined as 𝑓i (S, i, li, li-1). The purpose of the feature function is to express the character 

of the sequence that the word represents. To build the conditional field, we next assign each 

feature function a set of weights (lambda values), which the algorithm is going to learn as 

mentioned at the figure Probability Distribution for Conditional Random Fields of the section 

Mathematical overview of Conditional Random Fields [101].   

It is vital to understand the applications of CRFs. For example, given their ability to model 

sequential data, CRFs are often used in Natural Language Processing, and have many 

applications in that area. One such application we discussed is Parts-of-Speech (POS) tagging. 

Parts of speech of a sentence rely on previous words, and by using feature functions that take 

advantage of this, we can use CRFs to learn how to distinguish which words of a sentence 

correspond to which POS. Another similar application is Named Entity recognition or extracting 

Proper nouns from sentences. Conditional Random Fields can be used to predict any sequence 

in which multiple variables depend on each other.  

As a summary, we use Conditional Random Fields by first defining the feature functions needed, 

initializing the weights to random values, and then applying Gradient Descent iteratively until 

the parameter values (in this case, lambda) converge. We can see that CRFs are similar to 

Logistic Regression, since they use the Conditional Probability distribution, but we extend the 

algorithm by applying Feature functions, as our input data is sequential. 
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5.3.2 Rich Text Feature Set  

In this Bio-NER model development work, we included three types of features: TF-IDF 

features created from Weighing each Feature Model; Find Similar/Nearest features created 

from Word2vec Model; and other rich features created from Regular Expression. Details of 

each type of feature can be described as follows. 

Firstly, Term Frequency – Inverse Document Frequency [102] is a weighting scheme that is 

commonly used in information retrieval tasks. The goal is to model each document into a vector 

space, ignoring the exact ordering of the words in the document while retaining information 

about the occurrences of each word. It is important to understand how TF-IDF works [103]. A 

Term Frequency (TF) is a count of how many times a word occurs in a given document 

(synonymous with a bag of words). The Inverse Document Frequency (IDF) is the number of 

times a word occurs in a corpus of documents. TF-IDF is used to weight words according to 

how important they are. Words that are used frequently in many documents will have a lower 

weighting while infrequent ones will have a higher weighting. In section 2.1.2 of [104] 

illustrates exactly how the TF-IDF works. The TF-IDF is also used in several NLP techniques 

such as text mining, search queries, and summarization. In information retrieval or text mining, 

the TF-IDF is a well-known method to evaluate how important is a word in a document. The 

TF-IDF is a very interesting way to convert the textual representation of information into sparse 

features. 

In information retrieval or text mining, the TF-IDF is a well know method to evaluate how 

important is a word in a document. The TF-IDF is a very interesting way to convert the textual 

representation of information into sparse features. 
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Additionally, TF-IDF is a numerical statistic that is intended to reflect how important a word 

is to a document in a collection or corpus. It is often used as a weighting factor in searches of 

information retrieval, text mining, and user modeling. The TF-IDF value increases 

proportionally to the number of times a word appears in the document and is offset by the 

frequency of the word in the corpus, which helps to adjust for the fact that some words appear 

more frequently in general. TF-IDF is one of the most popular term-weighting schemes today; 

83% of text-based recommender systems in digital libraries use TF-IDF. Variations of the TF-

IDF weighting scheme are often used by search engines [105] as a central tool in scoring and 

ranking a document's relevance [106] given a user query. TF-IDF can be successfully used 

for stop-words [107] filtering in various subject fields, including text summarization [108] and 

classification. 

Secondly, The Word2vec is a two-layer neural net that processes text. Its input is a text corpus 

and its output is a set of vectors or feature vectors extracted for words in that corpus [7]. While 

Word2vec is not a deep neural network, it turns text into a similar feature set that the CRF 

algorithm can understand better. There are several implementations of word2vec algorithms, 

including a distributed form of Word2vec for Java and Scala, which works on Spark with 

GPUs, as documented by the developers in [109]. 

The Word2vec provides a computationally efficient predictive model for learning word 

embeddings from raw text. The word embedding is mapping words with vectors of real 

numbers, for example, W(“cat”) = (0.2, -0.4, 0.7, …) where W is word embedding and 

W(“cat”) is word embedding of word “cat”. This can help in achieving better performance in 

natural language processing tasks, by grouping similar words. In word embedding, similar 

words are likely to have similar vectors. It also can capture various dimensions of meanings 

and phrase information relevant to the potential features of words within the vector.  
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Moreover, the Word2vec comes with two options: The Skip-Gram model and the Continuous 

Bag-of-Words model (CBOW) as shown in Figure 13. Algorithmically, these models are 

similar, except that the skip-gram predicts the source context-words (e.g. 'the cat sits on the') 

from the target words (‘mat’), while the CBOW does the inverse and predicts the target words 

from the source context-words. This inversion might seem like an arbitrary choice, but 

statistically it has the effect that CBOW smoothed over a lot of the distributional information 

by treating an entire context as one observation. Therefore, the majority turns out to be a useful 

thing for smaller datasets. However, skip-gram treats each context-target pair as a new 

observation, and this tends to do better when we have larger datasets.  

We have utilized the Skip-Gram model for this work, as it is a useful word representation in 

predicting neighbouring words in a sentence or a document. It predicts the neighbouring words 

or context when a single word is given. Skip-gram captures the averaged co-occurrence of two 

words in a training set. Skip-gram model is an efficient method for learning high-quality 

distributed vector representations that capture many precise syntactic and semantic word 

relationships. Imagine a sliding window over the text that includes the central word currently 

in focus, together with the four words and precede it, and the four words that follow it. 
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Figure 13: Relationships between the Continuous Bag-of-Words model (CBOW) and the 

Skip-Gram model in Word2vec of the CRF. 

 
 

 

It is important to note that the Skip-Gram model is constructed with the focus word as the 

single input vector, and the target context words are now at the output layer. The model we train 

will run each word in the Skip-Gram through W to get a vector representing it and feed those into 

another ‘module’ called R which tries to predict if the Skip-Gram is going to belong to our dataset 

classes. The CBOW is the opposite of the skip-gram model. The context words form the input 

layer, and each word is encoded in one-hot form. So, if the vocabulary size is V these will be 

V-dimensional vectors with just one of the elements set to one, and the rest all zeros. 

Thirdly, we also explored other rich features created from the Regular Expression as showed 

in Table 4.  

The proposed Conditional Random Field Scheme, which includes the challenge datasets and 

approach and methodology used for building the decent CRF model, will be presented in the 

next section. 
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5.4  Proposed Conditional Random Field Scheme 

In this section, we describe the proposed Conditional Random Fields learning scheme used for 

Biomedical named entity recognition as well as the details of the experimental setup. The 

details to the BioNLP/NLPBA 2004 shared task corpus [7] used is described first to understand 

the complexity of data, followed by the feature selection process and model building approach 

and methodology used for recognizing genes and entities. 

5.4.1 BioNLP/NLPBA 2004 challenge dataset  

The BioNLP/NLPBA 2004 challenge dataset has been developed for biomedical recognition 

and information extraction. The dataset details for performing name entity recognition are as 

follows: 

1.  Training Set: the training datasets came from the GENIA version 3.02 corpora. This was 

formed from a controlled search on MEDLARS using the MeSH terms “human”, “blood cells” 

and “transcription factors”. From this search, 2000 abstracts were selected, and hand-annotated 

according to a small taxonomy of 48 classes based on a chemical classification. Among the 

classes, 36 terminal classes were used to annotate the GENIA corpus. For the shared task we 

decided however to simplify the 36 classes and used only the classes protein, DNA, RNA, cell 

line, and cell type. The first three incorporate several subclasses from the original taxonomy 

while the last two are interesting to make the task realistic for post-processing by a potential 

template filling application. The publication year of the training set ranges from 1990-1999.  

For building the NER model based on CRF learner, the BioNLP/NLBPA shared task corpus 

[7] was used for evaluating this CRF algorithm using Bio format where  
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B: denotes the beginning character of an NE, 

I: denotes each following character that inside the NE, 

O: denotes a character that is outside and not part of any NE, to agree with the 

convention of the NER community. Table 18 showed the train data based on the Bio-

NLP/NLBPA shared task corpus, as shown in Appendix 1. 

Test Set: for testing purposes, we used a new annotated collection of MEDLARS online 

abstracts from the GENIA project. 404 abstracts were used that were annotated for the same 

classes of entities. Most parts of the test set include abstracts retrieved with the same set of 

MeSH terms, and their publication year ranges from 1978~2001. To see the effect of 

publication year, the test set was roughly divided into four subsets: 1978-1989 set (which 

represents an old age from the viewpoint of the models that will be trained using the training 

set), 1990-1999 set (which represents the same age as the training set), 2000-2001 set (which 

represents a new age compared to the training set) and S/1998-2001 set (which represents 

roughly a new age in a super domain). The last subset represents a super domain and the 

abstract was retrieved with MeSH terms, `blood cells', and `transcription factors' (without 

`human'). (The S/1998-2001 set includes the whole 2000-2001 set). Table 19 showed a test 

dataset based on the BioNLP/NLBPA shared task corpus, as shown in Appendix 1. 

As shown in Figure 14, we first extract TF-IDF features and Similarity features for pre-

processing the raw text data, before extracting the regular expression, and these NLP features 

try to model different syntactic and semantic relationship between classes and entities in the 

text. 
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Figure 14: TF-IDF and Similarity feature sets obtained after pre-processing data. 

 

Some of the features shown in Figure 14 include: 

 Orthographic features: Orthographic information is used to identify whether a token 

is capitalized, or an acronym, or a pure number, or punctuation, or has mixed letters 

and digits, etc. 

 Joint features: Joint features are the conjunctions or combinations of individual 

features. For example, if a token is in a biomedical name list and its suffix token is in a 

number list, the token will have a joint feature called as Name + Number (e.g., HIV-1, 

HIV-2, virus-1, etc). 
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 Neighbourhood Features: After extracting the above features for each token, its 

features are then copied to its neighbours (The neighbours of a token include the 

previous two and next two tokens) with a position id. For example, if the previous token 

of a token has a feature “Cap@0”, this token will have a feature “Cap@-1”. 

 Single / Multiple-token feature list: Each list is a collection of words that have a 

common semantic meaning, such as entity, tag/label/class, TF-IDF features, Word2vec 

to find similarity of features, and Regular Expression to generate other rich features. 

Table 4 gave an example to demonstrate the features selection process used for 

processing the CRF algorithm. 

5.4.2 Model Building Approach and Methodology 
 

The approach and methodology utilized for building the CRF model can be outlined as follows: 

We use the word2vec technique for discovering optimal features, for building the CRF model. 

As reiterated before, Word2vec is a computationally efficient predictive model for learning 

word embeddings from raw text. It comes in two choices: The Continuous Bag-of-Words 

model (CBOW) and the Skip-Gram model as showed in Figure 13. And we have chosen the 

Skip-Gram model for the work reported in this paper, as the skip-gram treats each context-

target pair as a new observation, and this tends to do better when we have larger datasets.  

Since the dataset is relatively sparse, with eleven sets of classes (labels/tags), as compared to 

the quality and quantity of text data available. Therefore, we must do some pre-processing, in 

terms of extracting different NLP features from the raw text. The pre-processing step allows 

better and optimal feature discovery during feature extraction stages, such as using Weighing 

Each Feature Model to generate TF-IDF features, Word2vec Model to find similar/nearest 
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features, and Regular Expression to create other rich text features, which are leading to better 

CRF models. Hence, during the pre-processing stage, 3 feature sets are extracted as shown in 

Figure 15. 

 

Figure 15: Combination of 3 features sets: TF-IDF, Find Similar, and other rich features. 

 

After the pre-processing stage, involving different NLP text feature extraction the raw text from 

the BioNLP challenge dataset, we submit the combination of these three feature sets (Figure 

15) into the CRF algorithm to generate the decent CRF model. Figure 17 shows the workflow 

for this process.   

We believe that this novel approach resulted in CRF NER (Table 15) can perform well with 

large scale machine learning that are needed for the complex health data 
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5.5 Experimental Results and Discussion 

In this section, experimental results are discussed for different CRF learning models (i.e., when 

using either with or without the TF-IDF feature set) built with the BioNLP challenge dataset.  

Since the dataset is relatively sparse, with eleven sets of classes (labels/tags), as compared to 

the quality and quantity of text data available. Therefore, we must do some pre-processing, in 

terms of extracting different NLP features from the raw text. The pre-processing step allows 

better and optimal feature discovery during feature extraction stages, such as using Weighing 

Each Feature Model to generate TF-IDF features, Word2vec Model to find similar/nearest 

features, and Regular Expression to create other rich text features, which are leading to better 

CRF models. Hence, during the pre-processing stage, we extracted three different types of NLP 

feature sets, and are outlined in Figure 16. 

After the pre-processing stage, involving different NLP text feature extraction the raw text form 

BioNLP challenge dataset, we submit the combination of these three feature sets (Figure 16) 

into the CRF algorithm to generate a decent CRF model. Figure 17 shows the workflow for 

this process. The details of the algorithm for this are summarized in the following fashion: 

 The training dataset submits into the Weighing Words using TF-IDF Algorithm to 

obtain the Weight of each feature for 6 categories (DNA, RNA, Cell Line, Cell Type, 

Protein, O) as shown in Figure 14, which contains 6 separate documents vectorizes for 

each category, as shown in Figure 15. 

 The training dataset submits to the Word2vec Model to find similar words, as shown in 

Figure 15. 
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 The training dataset then submits to the Regular Expression to find other rich features, 

such as Capitalized, Hyphenated, Window-5, the first token of a sentence, suffixes, and 

With Number, as shown in Table 4.  

 The combination of these three features sets (Figure 15), which finally submits to the 

CRF Algorithm to generate a decent CRF model (Figure 17).  

 The test data then submits to the decent CRF model to generate the Prediction files, 

which will be evaluated with the Reference Text File to generate the Expected results 

as shown at the entry Pha18CRF in Table 15. 

Both Figures 16 and 17 show the overall architecture of the NER system for building a decent 

CRF model. 

 

Figure 16: Use Train dataset to create the Word2Vec Model 
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Figure 17: CRF Model Building Workflow. 

 

As can be seen in Table 15, the proposed strategy for adapting the CRF model and its evaluation 

with BioNLP/NLPBA 2004 shared task corpus [7], resulted in promising outcomes, and the 

results from three prominent experiments will be described next.  

The first experiment used the Testing data (with other features, without Word2vec and TF-

IDF) was submitted to the CRF learner, compiled to obtain the CRF_Model_1 with F-score 
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65.60%. Table 12 shows the performance of the first model in terms of recall, precision, and 

F-score. 

Table 12: Performance of CRF_Model_1. 

 

The second experiment also used the Testing data (with other features and Word2vec) was 

submitted to the CRF learner, compiled to obtain the CRF_Model_2, which improved with the 

F-score of 69.39%. Table 13 shows the performance of the second model.  

Table 13: Performance of CRF_Model_2. 

 

The third and final experiment, we also used the Testing data (with other features, Word2vec, 

and with TF-IDF) was submitted to the CRF learner, compiled to obtain the CRF_Model_3, 

which improved with F-score of 70.50%. Table 14 shows the performance of the third model. 

Table 14: Performance of CRF_Model_3. 

 

The details of the four test subsets are described at Evaluation Data in [7]. This research 

evaluated these test subsets and has outperformed most of the previous systems, in terms of 

recall, precision and F-score. Results show that the proposed CRF model approach achieved 

an F-score of 70.50%, which has outperformed most of the other participating systems in the 

challenge. Table 15 and Figure 18 show the entity recognition performances of each 

participating system on each test subset. 
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Table 15: Comparison the Performance results of three CRF Models with previous 
Participating Systems on Each Test Subset. 
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Figure 18: Comparison the performance of NER Pha18 CRFs with previous participating 
systems. 
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5.6 Conclusion 

In this chapter, we examined a novel scheme for Bio-NER task based on conditional random 

fields and rich text feature set. The evaluation of three diverse types of feature sets with the 

BioNLP/NLPBA 2004 shared task corpus showed that not only individual types of feature sets 

(Capitalized, Hyphenated, Window 5, First token of a sentence, suffixes and With Number) 

were beneficial to improving Bio-NER task performance but also additional feature sets, the 

learning features (Word2Vec) and statistical features (TF-IDF) when combined, can result in 

performance improvement for the Bio-NER task. This ascertains that a good learner and 

powerful set of features can indeed enhance the performance of the complex text mining task, 

involving the recognition of biomedical entities. However, rich text feature extraction may not 

be an easy feat. Ideally, what is needed is an algorithm that can perform as good as this powerful 

combination of rich text features and machine learners, without the manual involvement of 

multi-disciplinary experts for feature engineering. The recent deep learning algorithms provide 

this opportunity, and are known to perform well, or even better, with an appropriate choice of 

the deep learning architecture. The next chapter will discuss the details of Bio-NER model 

development, using deep machine learning algorithms, which can allow latent features to be 

extracted without feature engineering and handcrafting of features, and removing the 

dependency on the need for multi-disciplinary experts for creating annotated training datasets.  
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CHAPTER SIX 
 

Bio-NER Model Development Based on 
Deep Learning Approach 

 

 

6.1 Overview 

This chapter describes a deep learning-based approach for Biomedical named entity 

recognition (Bio-NER) task. Three different deep learning architectures were investigated, 

including the Feedforward Networks (FFNs), Recurrent Neural Networks (RNNs), and Hybrid 

Convolutional Neural Networks (CNNs), to examine the latent feature discovery capabilities 

for the Bio-NER tasks. The performance evaluation of the proposed deep learning approach 

with the same benchmark BioNLP dataset as used in experimental work reported in the 

previous Chapter 5, has led to promising performance, when assessed in terms of F-measure 

(F-score), Recall and Precision. The best performing deep learning algorithm was the one based 

on Hybrid CNN architecture, resulting in an F-score of 70.69%, matching/surpassing the 

performance achieved with traditional shallow learning algorithms based on CRF learner and 

rich text feature set. Though the performance in terms of F-measure metric is similar, there is 

minimal feature engineering and handcrafting required with a deep learning approach, and an 

end of end automated model building was possible. The performance, however, can be 

improved further, anytime, with an appropriate choice of deep learning architecture. The rest 

of the chapter describes the Bio-NER model development based on deep learning models.  
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The three different deep learning techniques investigated for this task includes a traditional 

deep machine learning technique - called the Feedforward Networks (FFNs); a variant of the 

feedforward neural networks with a feedback loop - called the Recurrent Neural Networks 

(RNNs); and a hybrid combination of RNNs with another popular architecture for extracting 

latent features – called the Convolutional Neural Networks (CNNs). These three deep machine 

learning models examined, have shown the potential to model latent features differently, and 

proved their capability to discover and learning different feature representations, directly from 

the raw data.   

The algorithmic workflow for deep learning model development for Bio-NER text mining task 

is similar to any machine learning model development, involving problem formulation as a 

sequence labelling problem, intending to assign a label to each word in a sentence. The 

traditional approach to handle this text mining task is to use well-known NLP techniques, often 

requiring handcrafted text features (e.g., capitalization, prefix and suffix, POS tags, removal of 

stop words and duplicate words) to be specifically done for each entity type [110-113]. This 

NLP feature extraction process is very labor-intensive, often takes most of the time and cost, 

particularly for the Bio-NER model development, due to complex and obscure biological 

jargon [114]. Also, even after significant feature engineering efforts involving 

multidisciplinary NLP/linguistic, biomedical and machine learning experts, it leads to highly 

specialized systems that cannot be directly used to recognize new evolving entity types, and 

their accuracy is still a limiting factor, if the data is insufficient, unbalanced and data quality is 

poor [115].  

The Bio-NER model development and evaluation for the three different deep learning 

architectures, was done on a publicly available NLPBA/BioNLP 2004 challenge data set. This 

benchmark dataset consists of Biomedical text data and five major entity types to be recognized 
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(DNA, RNA, proteins, Cell type, and Cell line). As can be seen in Table 16, out of the three 

different deep learning architectures examined, the Hybrid CNN model resulted in the best 

performance, with an F-score of 70.69%, and matched the performance of system based on 

shallow machine learning, based on CRF learner and rich text feature set (discussed in previous 

Chapter 5). 

The rest of this chapter is organized, as follows:  The next two sections 6.2 and 6.3 discuss the 

background and related work on different deep machine learning approaches. Section 6.4 

presents the three deep learning algorithms used. The experimental work has done for 

evaluation on different deep learning algorithms is presented in Section 6.5. The chapter 

concludes in section 6.6 by summarizing the outcomes of work reported in this Chapter, and 

the plan for future research. 

6.2 Deep Learning Background 

The feed-forward networks (FFNs) are the traditional deep learning networks [116], based on 

a series of algorithms, modeled loosely after the human brain, and are designed to recognize 

patterns. They interpret sensory data through a kind of machine perception, labelling, or 

clustering of raw input. The patterns they recognize are numerical, contained in vectors, into 

which all real-world data, be it images, sound, text, or time series, must be translated. In 

general, neural networks allow clustering and classification layer implementation, on top of 

data we store and manage. The FFNs and RNNs, the recurrent neural networks [117] are 

different types of artificial neural networks designed to recognize patterns in sequences of data, 

such as text data, genomes, handwriting, the spoken words, or numerical times series data 

emanating from sensors, stock markets, and government agencies.  
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RNNs or recurrent neural networks are unique in the sense that they are designed to utilize 

sequential information. Since input data are processed sequentially, recurrent computation is 

performed in the hidden units where the cyclic connection exists. Therefore, past information 

is implicitly stored in the hidden units called state vectors, and output for the current input is 

computed considering all previous inputs using these state vectors. 

It is important to note the differences between these two neural networks. A feedforward 

network feeds information straight through the nodes of the network (never touching a given 

node twice), while in recurrent networks, it cycles through a loop. The feedforward network 

has no notion of order in time, and the only input it considers is the current example it has been 

exposed to. Feedforward networks are amnesiacs regarding their recent past; they only 

remember the formative moments of training. Recurrent networks, on the other hand, take as 

their input, not just the current input example they see, but also what they have perceived 

previously in time. In addition, recurrent networks can be distinguished from feedforward 

networks by the feedback loop connected to their past decisions, ingesting their own outputs 

moment after moment as input. It is often said that recurrent networks have memory. Adding 

memory to neural networks has a purpose: There is information in the sequence itself, and 

recurrent networks use it to perform tasks that feedforward networks cannot. 

Further, the main difference between RNN and FNN is that in each neuron of RNN, the output 

of the previous time step is fed as the input of the next time step. This makes RNN aware of 

time (past, current, and future time) while the FNN has none. For example, in the handwritten 

digit’s classification, you have the input and output. There is no difference between times 1st 

or time 100th because the network has the same input and output. Whereas RNN is usually 

used to describe a sequence (can be time sequence or a context). For example, while reading a 

text file corresponding to the BioNLP challenge dataset [7], the algorithm allows the machine 
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to output the next character. As it reads more and more data, it accumulates the knowledge 

through its previous time step, making the network aware of the context [118].  

One of the other deep learning architectures, that is most popular is the Convolutional Neural 

Network (CNN). The difference between CNN and FNN is that CNNs include several layers 

of convolutions with nonlinear activation functions like Rectified Linear unit (ReLu) [119] or 

Hyperbolic Tangent Function (Tanh) [120] applied to the results. In a traditional feedforward 

neural network, we connect each input neuron to each output neuron in the next layer. That is 

also called a fully connected layer. In CNNs we do differently. Here, we use convolutions over 

the input layer to compute the output. This results in local connections, where each region of 

the input is connected to a neuron in the output. Each layer applies different filters, typically 

like the one shown in Figure 20, and combines their expected results. Due to this, the network 

has the capability to discover latent feature representations automatically. 

Figure 19 shows the architecture of FNNs where a connection between two nodes is only permitted 

from nodes in layer i to nodes in layer i + 1 (To that end, the term feedforward; there are no 

backward, or inter-layer connections allowed).  
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Figure 19: Structure of FFN with 3 input nodes, a first hidden layer with 2 nodes, a second 
hidden layer with 3 nodes, and a final output layer with 2 nodes. 

 

As can be seen from Figure 19, the nodes in layer i are fully connected to the nodes in layer 

i+1. This implies that every node in layer i connects to every node in layer i+1. For example, 

there are a total of 2 x 3 = 6 connections between layer 0 and layer 1, this is where the term 

“fully connected” comes from. We normally use a sequence of integers to describe the number 

of nodes quickly and concisely in each layer. For instance, the network above is a 3-2-3-2 

feedforward neural network, where: 

 Layer 0 contains 3 inputs, our xi values. These could be raw pixel intensities or entries 

from a feature vector. 

 Layers 1 and 2 are hidden layers, containing 2 and 3 nodes, respectively. 

 Layer 3 is the output layer or the visible layer, this is where we obtain the overall output 

classification from our feedforward network. The output layer normally has as many 

nodes as class labels; one node for each potential output. As an example, for a structure 

involving Dogs vs. Cats classification, we will have two output nodes: one for “dog” and 

another for “cat”. 
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Figure 20: Illustration of a CNN architecture for sentence classification. 

 

Figure 20 shows the architecture for CNN, the Convolution Neural Networks, for a sentence 

classification task. The convolution process involves three filter region sizes: 2, 3, and 4, each 

of which has 2 filters. Every filter performs convolution on the sentence matrix and generates 

(variable-length) feature maps. Then 1-max pooling is performed over each map, i.e., the 

largest number from each feature map is recorded. Thus, a univariate feature vector is generated 
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from all six maps, and these 6 features are concatenated to form a feature vector for the 

penultimate layer. The final SoftMax layer then receives this feature vector as input and uses it 

to classify the sentence; here we assume binary classification and hence show two possible 

output states [121]. 

The third type of deep neural model we examined in this work, is the Recurrent neural network 

(RNN) model, essentially built from two smaller modules, W and R. This approach, of building 

neural network models from smaller neural network “modules” that can be composed together, is 

not very widespread. It can, however, lead to very successful outcomes in Natural Language 

Processing (NLP) contexts. RNN can only have a fixed number of inputs. We can overcome this 

by adding an association module, A, which will take two word or phrase representations and 

merge them. By merging sequences of words, A takes us from representing words to representing 

phrases or even representing whole sentences. And, because we can merge different numbers of 

words, we do not need to have a fixed number of inputs. It does not necessarily make sense to 

merge words in a sentence linearly. These models, called “recursive neural networks” use 

recursion, because one often has the output of a module go into a module of the same type [122]. 

They are also sometimes called “tree-structured neural networks”.  

The Convolutional Neural Networks (CNNs) [124] discussed before, are mostly used for 

extracting or for discovery of features, and are designed to process multiple data types, and are 

more popular for processing images. They can be used to classify images, cluster them by 

similarity photo search, and perform object recognition within scenes. They can identify faces, 

individuals, street signs, eggplants, platypuses, and many other aspects of visual data. More 

recently, convolutional networks have also been applied directly to text analytics [125] as well as 

graph data with graph convolutional networks; Other than the FFN, RNN and CNN type deep 

learning models, there are other types of deep learning architectures, such as those based on 
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Restricted Boltzmann Machines (RBM) [123], and Neural Network with Regression. RBM is 

an algorithm useful for several stages, including dimensionality reduction, classification, 

regression, collaborative filtering, feature learning, and topic modeling. The Neural Network 

with Regression (NNR) used for unsupervised learning, classification, or regression [126]. That 

is, they help grouping unlabelled data, categorize that data or predict continuous values after 

supervised training. For performing classification, it typically uses a form of logistic regression 

in the net’s final layer to convert continuous data into dummy variables like 0 and 1. 

However, many of these complex deep learning algorithms are highly computationally 

intensive and require Graphics Processing Units (GPUs) to perform named entity recognition 

from large text corpora. Instead, by combining one or more of these FNN, RNN, or CNN 

architectures, it could be possible to obtain better performing deep learning models. So, we 

tried exploring a Hybrid CNN model involving a combination of RNN and CNN, that might 

perform well even without GPU power, and without significant computational burden for 

complex text processing task, as in Bio-NER problem. As can be seen from the work reported 

in this Chapter, this indeed was a good line of investigation. The next few sections in this 

chapter describe the proposed Deep learning Bio-NER model building in detail. 

6.3 Proposed Deep Learning Bio-NER Scheme 

In this section, we describe the proposed Deep machine learning Bio-NER model building 

scheme and its evaluation with the benchmark BioNLP challenge dataset, involving biomedical 

names (DNA, RNA, Cell line, Cell type, Protein, O) and entities.  
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6.3.1 BioNLP 2004 Challenge dataset 

This is one of the most popular benchmark datasets in the Bio-NER domain and is used as a 

baseline for comparing the performance of different computer-based learning algorithms. The 

BioNLP/NLPBA 2004 shared task corpus contains a training data subset with labeled data with 

tags and annotations, and the test data subset contains unlabeled data as shown in Table 18 and 

Table 19, respectively as shown in Appendix 1. The details of classes/ tags/labels in this dataset 

are as follows:  

 B: denotes the beginning character of an NE, 

 I: denotes each following character that inside the NE, and  

 O: denotes a character that is not part of any NE, to agree with the convention of the 

NER community. 

6.3.2  Deep Bio-NER Model  

The deep Bio-NER model development approach involved several methodological aspects as 

described here. Figure 21 shows the basic architecture for the deep learning model development 

with CNN architecture as an example.  
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Figure 21: Basic CNN Model architecture. 
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Figure 22: Character level of Convolutional Neural Network and Recurrent Neural Network. 

 

After the pre-processing of raw data, we build three different neural network models based on 

FFN, RNN, and a hybrid-CNN-RNN/LSTM architecture. The first architecture used was the 

multi-layer perceptron with two dimensions Feedforward Network (FFN) configuration, and 
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the performance of this model is shown in Table 16 at the entry “Pha18 FFN”. The second 

architecture used was the three-dimensional Recurrent Neural Network (RNN) architecture, 

in which the data will be organized as a time series sequence, with time steps, and the sequence 

length, and the performance of this model is shown in Table 16 at the entry “Pha18 RNN”. 

Figure 22 showed the third architecture with the character level of Hybrid CNN-RNN 

together with the word embedding feature, followed by the Bidirectional LSTM layer. The 

model consists of several stages and layers, with 3-dimensional character-level data in layer 1, 

feeding into the convolutional layer with 3x3 kernel for processing the data, followed by 

several layers of convolution processing, and learning of shared representations, culminating 

into a final output layer, with 32 output channels, with rectified linear unit (ReLu) activation 

function. 

The hybrid CNN model used several stages of character-level convolutional layer processing, 

with a character level 1D max-pooling layer, and a character level convolutional and max-

pooling layer, with 64 output channels. The output of character-level CNN was concatenated 

with word base embedding layer and casing embedding layer (word broke down in few casing 

features for example hyphenated case, numeric case, punctuation case, title case and so on). 

The output of the concatenation layer was fed into two hidden Bidirectional RNN layers which 

processed the input with 200 hidden neurons. And it continued with a fully connected network 

before it ended at another full connection layer, which produced eleven classes as the output. 

This hybrid CNN model building, and evaluation was done with the BioNLP/NLPBA 2004 

shared task corpus. After 10 epochs of training the Hybrid-CNN model, we were able to 

achieve an accuracy of 99.26 percent on the training set as shown in Figure 23.  
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Figure 23: The performance of the character-level for the CNN-RNN hybrid model for 
training data set after 10 epochs. 

 

The performance achieved by different deep learning models for the independent test set is 

shown in Table 16. The best performing model was the hybrid-CNN model resulting in an F-

score of 70.69% followed by an RNN model with an F-score of 65.17%, and finally the simple 

FFN model performance, with an F-score of 38.54%. 

The performance of the hybrid CNN model (Figure 22), with an F-score of 70.69% matches 

the performance reported for the shallow learning model in the previous chapter 5, with CRF 

learner and rich text feature set, and surpasses the performance slightly. Further, this improved 

performance was achieved with no handcrafting or feature engineering, yielding a complete 

computer-based automated solution. This improvement in performance with the hybrid CNN 

model could be due to the efficient CNN-RNN structure, and deep discovery of latent feature 

sets by multiple processing layers in the hybrid-CNN model. 
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Further, it is possible to achieve better performance than this, with appropriate hyper-parameter 

selection, which is discussed in the next Chapter. Some hyper-parameters that are crucial and 

need to be chosen carefully could be the architectural components or the variables, including 

the type of activation function, number of hidden units, learning rate, drop out, etc. For 

example, choosing the right activation function might consist of choosing either ReLu [119] or 

Tanh [120] activation functions. While  ReLu is an activation function defined as the positive 

part of its argument: R(z) = max (0, z), where z is the input to a neuron, the Tanh is the simplest 

and the most successful activation function, as it is a hyperbolic analogue of the tan circular 

function used throughout trigonometry. Tanh is defined as the ratio of the corresponding 

hyperbolic sine and hyperbolic cosine functions. Though the Tanh converges faster than some 

of the activation functions in terms of substantial number of classes/labels but did not perform 

well for our BioNLP data, whereas the ReLu is quite similar, it also converges faster than some 

of the activation functions in terms of the substantial number of classes/labels. In addition, the 

ReLu is a good approximator. It works most of the time as a general approximator, as any 

function can be approximated with combinations of ReLu.  

For the Bio-NER model building attempts based on deep learning, we have utilized the ReLu 

activation function to get a feature map from input numeric data for feeding into the neural 

networks for further processing. Figure 24 shows the transfer function of the Rectified Linear 

unit (ReLu) activation function. 
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Figure 24: The ReLu activation function: R (z) = max (0, z) gives an output z if z is positive 
and 0 otherwise. 

 

6.4 Experimental Work 

In this section, experimental work and performance achieved for three different deep learning 

algorithms for Bio-NER model development are discussed. 

The algorithm workflow for each deep learning-based Bio-NER model development (FFN, 

RNN, and hybrid CNN-RNN/LSTM) proceeds in the following manner: 

 Data preparation phase, in this phase, datasets are prepared by pre-processing each 

sentence. All sentences from the training and testing dataset undergo the same pre-

processing, involving the removal of stop words and duplicate words. We use 

numeric/index to represent the unique words produced. We do the same process for the 

testing and the validation datasets. And we obtain three different unique word datasets. 

 These three unique word datasets are combined into the word pool.  
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 Each unique word training, testing or validation dataset is then split into unique 

sentences and put into separate string array for training, testing or validation dataset. 

 These 3 separate string arrays are mapped with the word pool to generate the integer 

array (i.e., each digit value in the array represents the unique word produced). 

 In the combined dataset, we have 18654 sentences which is equivalent to 18654 

elements in the array (i.e., one sentence represents one row/record which represents one 

element of the array). 

 Since each record in the string array has a different length, we use padding, so that 

each record in the integer array has the same length. 

 Now, we have the training integer array with 18654 records and 208 columns, and 

testing integer array with 4650 records and 208 columns. 

 We then append 11 labels/classes, with B-DNA, I-DNA, B-RNA, I-RNA, B-Cell line, 

I-Cell line, B-Cell type, I-Cell type, B-Protein, I-Protein, and O tags(Figure 40) into the 

training integer array with 18654 records and 208 columns; and testing integer array 

with 4650 records and 208 columns. 

 For creating, training, and evaluating deep learning neural network models, we 

need to use different steps, such as defining the network, compiling the network, fitting 

network, evaluating the network, and make predictions. 

Firstly, we need to define which neural network we are going to use either FNN, RNN, or 

hybrid-CNN. We used Keras tools for building the deep learning models, where neural 

networks are defined as a sequence of layers. The container for these layers in Keras is the 

Sequential class. The first step is to create an instance of the Sequential class. Then we can 
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create our layers and integrate them in the order that they should be connected. Now, we have 

the pre-processed text input at the input layer, we then specify the number of neurons in the 

hidden layer and a neuron in the output layer. We also define activation function for each layer, 

and the choice of activation function and the output layers depends on the type of classification 

task: 

 Regression: For regression tasks, the linear activation function is used, and the number 

of neurons matches the number of outputs. 

 Binary Classification (2 classes): For binary classification tasks, the Logistic 

activation function or Tanh: the hyperbolic functions are used and one neuron for the 

output layer is needed for binary classification. 

 Multiclass Classification (more than 2 classes): For multiclass classification, the 

SoftMax activation function is used, and one output neuron per class value is used, 

assuming a one-hot encoded output pattern. 

Next, after defining the neural network, we need a pre-compute step for our network, as the 

compilation process is required after defining a model. This includes both before training using 

an optimization strategy as well as loading a set of pre-trained weights from a saved file. The 

reason is that the compilation step prepares an efficient representation of the network that is 

also required to make predictions on the hardware.  The compilation step requires certain 

parameters to be specified, particularly tailored to training our network. Further, we use the 

optimization algorithm, involving minimization of a loss function, for building/training the 

model. 

Some of the optimization algorithms available in Keras deep learning library, include: 
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 Stochastic Gradient Descent Optimizer (SGD):  that requires the tuning of a learning 

rate and momentum [133]. It is a popular algorithm for training a wide range of models 

in machine learning, including (linear) support vector machines and logistic regression. 

It is also known as incremental gradient descent and is an iterative method for 

optimizing a differentiable objective function, a stochastic approximation of gradient 

descent optimization. It is called stochastic because samples are selected randomly (or 

shuffled) instead of as a single group (as in standard gradient descent) or in the order 

they appear in the training set [134]. 

 RMSprop: an optimization method that requires the turning of the learning rate, and it 

is also used to enhance gradient descent [135].  

 ADAM Optimizer: Adam optimizer combines the advantages of two other extensions 

of stochastic gradient descent optimizers [132], involving: 

o Adaptive Gradient Algorithm (AdaGrad) that maintains a per-parameter 

learning rate that improves performance on problems with sparse gradients (e.g. 

natural language and computer vision problems). 

o Root Mean Square Propagation (RMSProp) that also maintains per-parameter 

learning rates that are adapted based on the average of recent magnitudes of the 

gradients for the weight (e.g. how quickly it is changing). This means the 

algorithm does well on online and non-stationary problems (e.g. noisy). 

Adam realizes the benefits of both AdaGrad and RMSProp. 

 

We have used the ADAM optimization algorithm for tuning of hyperparameters for three types 

of neural network models: FFN, RNN, and Hybrid-CNN. ADAM optimizer method is 

straightforward to implement, is computationally efficient, has little memory requirements, is 

invariant to the diagonal rescaling of the gradients, and is well suited for problems that are 
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large in terms of data and/or parameters. The method computes individual adaptive learning 

rates for different parameters from estimates of first and second moments of the gradients. The 

method is also appropriate for non-stationary objectives and problems with very noisy and/or 

sparse gradients. The hyper-parameters have intuitive interpretations and typically require little 

tuning; the name Adam is derived from adaptive moment estimation [132]. 

The third step involved fitting, where, once the network is compiled, it needs to be fitted, 

which means adapting the weights on a training dataset. Fitting the network requires the 

training data to be specified, both a matrix of input patterns X and an array of matching output 

patterns Y. The network is trained using the backpropagation algorithm and optimized 

according to the optimization algorithm and its loss function specified when compiling the 

model. The backpropagation algorithm requires that the network be trained for a specified 

number of epochs. Each epoch can be partitioned into groups of input-output pattern pairs 

called batches. This defines the number of patterns that the network is exposed to before the 

weights are updated within an epoch. It is also requiring an efficient optimization, ensuring that 

not too many input patterns are loaded into memory at a time. Once it is fit, a history object is 

returned representing a trained model. 

The fourth step involves evaluation, where once the network is trained, it needs to be 

evaluated. The network can be evaluated and trained by using the same training data, but this 

will not provide a useful indication of the performance of the network, in terms of the predictive 

power, as it has seen all the data beforehand. Hence, we evaluate the performance of the 

network on a separate dataset, unseen data during training, and can provide an estimate of the 

performance of the network at making predictions for unseen data in the future. The model 

evaluation is done in terms of the loss metric across all the test patterns, as well as other metrics 

specified when the model was compiled, such as accuracy, confusion matrix, precision, recall, 
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and F-measure. Table 16 shows the performance of each network in terms of different metrics 

we have defined for evaluating each deep learning algorithm for the Bio-NER model 

development.  Figure 21 (Basic CNN) and Figure 22 (Hybrid CNN-RNN) shows the 

architecture for two CNN based deep learning algorithms. As can be seen in Table 16 and 

Figure 25, the hybrid CNN (Pha18CNN) model has resulted in improved performance in terms 

of Precision, Recall and F-score: Pha18CNN (72.45, 68.30, 70.69), and surpasses the 

performance reported of standalone deep learning models based on FFN, RNN and CNN 

architectures, shown in Table 16 at the entry “Pha18 CNN”.   

Table 16: Performance Results of Participating Systems in BioNLP challenge tasks. 
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Figure 25: Comparison of the performance between Neural Networks from Hybrid Pha18 

(CNN) with other BioNLP participating systems using F-Score. 
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6.5 Conclusion 

In this chapter we present the details of a novel strategy for Bio-NER model development based 

on different deep machine learning models. The three deep learning approaches based on 

feedforward networks (FFNs), recurrent neural networks (RNNs), and hybrid convolutional 

neural networks (Hybrid-CNNs) were examined. The hybrid-CNN model based on 

bidirectional LSTMs, character-level CNN embeddings, allowed latent feature discovery at a 

deep level to be discovered, and permitted automatic learning of structure from biomedical 

text, unlike the manual handcrafting and feature engineering stage required for traditional 

shallow learning algorithms based on CRF and rich text feature sets, described in Chapter 5. 

Out of the different deep learning models examined, the  Hybrid-CNN architecture resulted in 

better performance in terms of Precision, Recall and F-score for the CNN Pha18 (72.45, 68.30, 

70.69), and surpassed most of other participating systems in the BioNLP challenge task, 

including our own model proposed in previous Chapter involving CRF learner and rich text 

feature set. The experimental evaluation was based on benchmark BioNLP/NLPBA 2004 

shared task corpus. 

Overall, the experimental work in this chapter has shown that the use of deep learning 

algorithms for complex Bio-NER tasks can be beneficial, particularly a hybrid deep learning 

model, based on an appropriate combination of different deep learning techniques. The hybrid 

deep learning model allows the automatic discovery of latent features contained in the structure 

of the biomedical NLP texts better. This can help in the development of fully automated 

machine learning pipelines, for any type of text data for any complex application domain, with 

unbalanced, sparse and unannotated data, as is the case with complex biomedical entity 

recognition tasks (i.e., the benchmark challenge dataset we used for Bio-NER modeling has six 

class labels as input and 11 class labels as output, and has poor quality data). 
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To strengthen these findings, the next Chapter seven in this thesis describes the investigations 

done for the deep learning model development for a different and more complex dataset, 

involving a clinical handover scenario. The dataset used for this scenario involves data from 

CLEF eHealth 2016 challenge task and is described in detail in the next Chapter. 

.  
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CHAPTER SEVEN 
 

Extending Bio-NER Models to Clinical-
NER Based on Deep Learning and 

Hyperparameter Optimization Techniques 
 

7.1 Overview 

As seen in the previous Chapter, deep learning approaches have shown to perform well for 

complex Bio-NER model development and relieved the manual feature engineering step 

required for shallow machine learning techniques. However, the choice of deep learning 

architecture, and hyperparameters are chosen for the architecture, can determine the 

performance improvements that can be achieved. Out of the three different deep learning 

architectures used in the previous Chapter, the hybrid-CNN-RNN architecture seemed to 

perform well, whereas the other two architectures, the one based on FFN and RNN did not 

perform well when compared with shallow machine learning technique as a baseline. One of 

the reasons behind the poor performance deep learning models (FFN/RNN here) could be the 

choice of hyperparameters, and difficulty in choosing multiple hyperparameters. As the deep 

learning architecture gets more complex (hybrid-CNN-RNN for example), there will be more 

hyper-parameters that need to be tuned, often requiring human expert intervention. As the aim 

of deep learning approaches is to minimize human intervention, and create end-to-end 

automated algorithm pipelines, the hyper-parameter selection and tuning needs to be automated 

as well. With appropriate automatic hyperparameter selection and tuning tools, it is not only 

possible to minimize human intervention and create fully automated pipelines, but it is also 
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possible to adapt and extend the deep learning algorithm pipeline to a different NER context. 

This chapter describes the research efforts made in this direction and shows how the hybrid-

CNN-RNN deep learning model with hyperparameter optimization has been extended for the 

clinical-NER model development. The rest of the Chapter describes each step for this work 

done in detail. Next Section provides a background on hyper-parameter optimization. The 

clinical-NER problem is described in Section 7.3, and details of the approach used for hybrid-

CNN-RNN with hyperparameter optimization for Clinical-NER model development are 

described in Section 7.4. Section 7.5 presents the experimental work done for validating the 

proposed approach, and the Chapter ends with the outcomes achieved and plans for further 

research work. 

7.2 Hyper-parameter Optimization  

Hyperparameter optimization is a process for selecting suitable hyperparameters to work with 

an existing dataset or any new dataset to obtain better results for a shallow or deep machine 

learning algorithm [145]. Most deep learning algorithms explicitly define specific 

hyperparameters that control different aspects, such as memory or cost of execution. However, 

additional hyperparameters can be defined to adapt an algorithm to a specific scenario. Data 

science practitioners typically spend quite a bit of time tuning hyperparameters in order to 

achieve the best performance for a specific model.  

Various techniques have been proposed in the literature for automatic hyper-parameter 

optimization, including random search [136], Bayesian optimization [137-139], evolutionary 

optimization [140], meta-learning [141-142] and bandit-based methods [143]. All these 

techniques require a search space/the domain of the function to be optimized that specifies 

which hyperparameters to optimize and what ranges to consider for each of them. Currently 
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these search spaces are designed by experienced machine learners, with decisions typically 

based on a combination of intuition for testing purposes. 

Also, when it comes to selecting and optimizing hyperparameters, there are two basic 

approaches: manual and automatic approaches. Both approaches are useful, and the decision 

typically represents a tradeoff between the deep understandings of a machine learning model 

required to select hyperparameters manually versus the high computational cost required by 

automatic selection algorithms. The main objective of manual hyperparameter selection is to 

tune the effective capacity of a model to match the complexity of the target task. Machine 

learning models also have a concept of effective capacity. In that context, the effective capacity 

of a machine learning algorithm is determined by three main factors: (1) The representational 

capacity of the algorithm or the set of hypotheses that satisfy the training dataset; (2) The 

effectiveness of the algorithm to minimize its cost function; (3) The degree on which the cost 

function and training process minimize the test error. Tuning different hyperparameters is the 

key to find the optimal balance between those factors. However, optimizing hyperparameter 

manually can be an exhausting endeavor. To address that challenge, we can use algorithms that 

automatically work out a potential set of hyperparameters and attempt to optimize them while 

hiding that complexity from the developer. Algorithms such as Random Search and Grid 

Search are some of the popular and well-performing algorithms for hyperparameter inference 

and optimization. 

Essentially, model optimization is one of the toughest challenges in the implementation of 

machine learning solutions. Entire branches of machine learning and deep learning theory have 

been dedicated to the optimization of models. Typically, we think about model optimization as 

a process of regularly modifying the code of the model in order to minimize the testing error. 

However, deep learning optimization often requires fine-tuning elements that live outside the 
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model but that can heavily influence its behavior. Deep learning often refers to those hidden 

elements as hyperparameters as they are one of the most critical components of any machine 

learning application.  

It is also important to mention the tools for optimizing hyperparameters. Most deep learning 

frameworks such as Tensor-Flow or Keras natively include hyperparameters optimization 

algorithms. However, they do not give much freedom in tailoring it to different application 

contexts. Certain toolsets available recently (Weights and Biases Toolset for example) provide 

this autonomy. We selected Weights&Biases (W&B) as our Hyperparameter optimization 

toolset for tuning each component of the deep learning architecture to improve the performance 

and extend it to different application contexts. The W&B toolset is used by deep learning 

powerhouses such as OpenAI [146] and uses an advanced programming model for recording 

and tuning hyperparameters across different experiments.  

In addition to W&B toolset, few other approaches are also used for hyper-parameter 

optimization, such as Speeding up the Hyperparameter optimization tools for Deep 

Convolutional Neural network [147], which is based on using lower-dimensional data 

representations at the beginning, while increasing the dimensionality of the input later in the 

optimization process; Efficient Hyperparameter Optimization of Deep Learning Algorithms 

Using Deterministic RBF Surrogates tools [148] aims to improve the performance of Bayesian 

optimization, as the probabilistic surrogates require accurate estimates of sufficient statistics of 

the error distribution and thus need many function evaluations with a sizeable number of 

hyperparameters; Sherpa library [149], is a free open-source hyperparameter optimization 

library for machine learning models. It is designed for problems with computationally 

expensive iterative function evaluations, such as the hyperparameter tuning of deep neural 

networks. With Sherpa, scientists can quickly optimize hyperparameters using a variety of 
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powerful and interchangeable algorithms. Sherpa library also allows implementing custom 

algorithms. This library can be run on either a single machine or a cluster via a grid scheduler 

with minimal configuration. 

7.3  Hyperparameter optimization for Hybrid CNN- 

RNN Model  

In this section, we describe how the hyper-parameter optimization was done for the hybrid CNN-

RNN model, one of the best performing model in previous Chapter (Chapter 6), out of the three 

different deep learning models: the FFN, RNN and hybrid CNN-RNN, and how it was extended 

for a different NER model development, comprising clinical-NER task. Before discussing further 

details of the framework, it is important to understand the details of the benchmark challenge 

dataset, the CLEF eHealth 2016 Task 1 challenge shared task corpus, used for clinical-NER 

model development and validation. This dataset represents a more complex application scenario 

as compared to the Bio-NER problem discussed in previous Chapters and involved recognition 

of 36-class recognition with small training, validation, and test corpus. 

The train data file format contained labeled data or annotated text, and the test data file contained 

unlabeled data or unstructured text. The details of tags or class labels can be outlined as follows:  

 B: denotes the beginning character of an NE, 

 I: denotes each following character that inside the NE, and  

 O: denotes a character that is not part of any NE, to agree with the convention of the 

NER community.  
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The deep learning model used is the best performing Hybrid-CNN-RNN model used in the 

previous Chapter 6, involving model development and evaluation using the benchmark 

BioNLP 2004 dataset. The only difference is that we introduced the hyperparameter 

optimization for this model based on W&B toolset for automatic hyper-parameter selection 

and tuning of the Hybrid CNN-RNN model. We selected different types of hyperparameters 

using a systematic approach, as detailed next:  

 We defined five different hyperparameters for tuning the hybrid CNN-RNN separately, 

including batch and epoch-size parameter, optimizer, kernel regularization, dropout 

rate, and number of outputs for the embedding layer. 

 Each hyperparameter consists of different algorithms inside it, such as Batch size, 

Nadam, Regu, Dropout rate, layEmb.    

 Each algorithm within the chosen hyperparameter will perform cross-validation checks 

independently and generate different results. 

 After obtaining results from all algorithms for each hyperparameter, we select the best 

result from the best algorithms and add it for building the Clinical-NER model.  

 The same process applied to the remaining of the Hyperparameters. Finally, we obtain 

an optimal Clinical-NER model built from the training subset of the dataset. 

 The model is ready for validation with the validation subset and testing with test-subset. 

Figure 22 showed the character level Hybrid CNN together with the word embedding feature 

followed by RNN/LSTM layers. We have used the hyperparameter optimization approach to 

tune five layers, such as Convolutional Neural Network (CNN), Word Embedding, 

Bidirectional (LSTM) Hidden Layer 1, Bidirectional (LSTM) Hidden Layer 2, and the Dense 

or Linear Operation.   
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The hybrid CNN-RNN model was trained with a pre-processed dataset from the CLEF 

challenge corpus.  After 75 epochs of validating the Hybrid CNN above model, we were able 

to achieve an accuracy of 94.87 percent on an independent validation set. The accuracy for 

each epoch is shown in Figure 26. 

 

Figure 26: Validating accuracy results for the Hybrid CNN-RNN model for 75 epochs. 
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Further, after 75 epochs of testing the Hybrid CNN above model, we were able to achieve an 

accuracy of 89.07 percent on an independent test set. The accuracy for each epoch is shown in 

Figure 27. 

 

Figure 27: Testing accuracy results for the Hybrid CNN model in 75 epochs. 

 

7.4 Experimental Results and Discussions 

In this section, experimental results for three different deep learning-based Clinical-NER 

models, the FFN, RNN, and Hybrid CNN-RNN built using the CLEF eHealth 2016 challenge 

task 1 dataset and its’ comparison with other models are discussed [8]. The performance 

achieved with each model is shown in Table 17. 
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As can be seen in Table 17, the best performing deep learning model for Clinical-NER task is 

the Hybrid-CNN-RNN model, with 89% precision, recall and F-measure (entry PHA-19-CNN-

RNN (0.89, 0.89, 0.89)), and it is one of the best performing model, outperforming all others 

participating systems in the challenge task [8].  

Table 17: Performance Results of All Participating Systems in the CLEF challenge task. 
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Figure 28: Comparison F-score performance between Neural Networks from Hybrid PHA-
19-CNN-RNN with all other participating Systems in the CLEF challenge task using Bar 

Chart. 

 

Figure 28 shows the graphical representation of the performance achieved and shows the F-

score of 89% for the Clinical-NER hybrid CNN-RNN model (PHA-19-CNN-RNN (89.0, 

89.0, and 89.0)). 
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7.5 Conclusion 

In this chapter, we presented the hyper-parameter optimization technique for deep learning 

models, and discussed it’s use for automating the entire deep learning algorithm pipeline and 

extending it to a different and more complex task, from Bio-NER task to Clinical-NER task. 

The hyper-parameter optimization done for a well-designed hybrid-CNN-RNN deep learning 

model has allowed improved performance, resulting in a Precision, Recall, and F-score of 89%, 

outperformed all other participating systems in the same challenge task.  Further, this study has 

shown that the efficient deep learning architectures for complex NER tasks with efficient 

hyperparameter tuning, are extensible and adapt well for addressing the challenges of different 

application contexts (from Bio-NER to Clinical-NER task), and are able to learn and 

understand the shared representations and the latent structure for the biomedical and medical 

NLP texts better.   

Next Chapter shows the software platform and implementation of the NER system based on 

the algorithms developed in this thesis. 
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CHAPTER EIGHT 
 

Software Platform Development and 
Deployment 

 

8.1 Overview 

This chapter presents an Information Visualization stage which is based on our three robust 

models: CRF learner based on rich features; Bio-NER based on CNN and RNN Neural 

networks; and Clinical-NER based on hybrid deep learning. We developed these three robust 

models in Chapters 5, 6, and Chapter 7 respectively, and deployed on Amazon Web Services 

(AWS) cloud. 

To make the public link ec2-34-203-212-72.compute-1.amazonaws.com convenient for you to 

test and assess these models, the web application needs to be developed and created first, which 

has the main page and 3 sub web pages: Deep Learning predicts NHO (Nursing Handover), 

Deep Learning predicts Biomedical, and CRF predicts Biomedical. To deploy our web 

application to the web browser for displaying the predictive results to the client, we need to 

register a new account with the Amazon Web Services (AWS) to configure the new Virtual 

Machine (VM) using Amazon Elastic Computing Cloud (Amazon EC2), which is a web service 

that supplies resizable, secure compute volume in the cloud. It is designed to make web-cloud 

computing easier for developers [152].  
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8.2 Software Development Framework 

This research work has used two popular software tools: The Flask framework and the AWS 

platform. Flask stands for Flux Advanced Security Kernel. It is a lightweight Web Server 

Gateway Interface (WSGI) web application framework. It is designed to make getting started 

quick and easy, with the ability to scale up to complex applications. Flask also provides a web 

server that can be used for testing the web application in the development environment [153]. 

Furthermore, after the web application was successfully tested in the development stage, it is 

ready to be hosted into the production stage for public access for testing and assessing the 

proposed model. We have chosen AWS as a different webserver to host my web application. 

AWS stands for Amazon Web Services. It is designed to work and develop a cloud computing 

platform provided by Amazon company. AWS services offer a variety of tools include database 

storage, compute power, and content delivery services [154]. 

 8.3  The Experimental Results  

After three web applications developed based on three best models that we developed in 

chapter six (CRF), chapter seven (Neural Network), and chapter eight (Hybrid Deep Learning). 

To make these web applications available to the public, we need to register to the Amazon Web 

Services (AWS). Once we have successfully configured both server and Internet Information 

Services (IIS), then we can upload these applications to the AWS services, which automatically 

provided the public link here to the public who wish to access and test my proposed models by 

using either biomedical or clinical text.  

http://ec2-34-203-212-72.compute-1.amazonaws.com/ 
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8.3.1  Client-Server Communication 

Initially, the client submits either biomedical text or clinical text as a query and clicks on the 

submit button to request a server about the model performance. Once the server received patient 

information details from the model, it responds the result to the client, who displays the 

expected result as shown in the column heading “Details” of figures 32, 34, and 36. Figure 29 

describes how both clients and servers are effectively communicating with each other. 

 

 

Figure 29: Effective Communication between Client and Server. 
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8.3.2  Main Webpage  
 

To open the main webpage, copy the provided link and paste it on your internet address bar, 

as shown in the red color box below.  

 

Figure 30: The main Webpage contains three sub-webpages. 

 

As mentioned on the main webpage above, we have provided three buttons for predicting 

clinical-NER entities and from Biomedical NER entities. 

The three buttons displayed on the main webpage showed in different functions: 

 DL predicts NHO stands for “Deep Learning predicts Nursing Handover text”. 

 DL predicts Biomedical stands for “Deep Learning predicts biomedical text”. 

 CRF predicts Biomedical for “Conditional Random Field predicts biomedical text”. 
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8.3.3  Open Sub Webpage: CRF predicts Biomedical 
 

To predict biomedical text using CRF learner, click on button “CRF predicts Biomedical”, as 

shown in figure 30. And you can see figure 31 displays below. To test this CRF model: 

Enter the biomedical text on to the large text box circled in green color, and click on the Submit 

button circled in blue color, which means that the client requests the server to access the model, 

which predicts the biomedical text request. Once the server has the predicted result from the 

model, the server responds to the client with the table result in the red heading color “Patient 

Information, Details”. 

It is important to note that the form before submitting as shown in figure 31 has empty results 

under the “Details” heading, and the form after submitting as shown in figure 32 has full 

results which the client has just received from the server. 
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Figure 31: Before submitting, this sub-webpage contains “Value” as an empty result under 
the “details” heading. 
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Figure 32: After submitting, this sub-webpage form contains expected results under the 
“details” heading.  
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8.3.4  Open Sub-Webpage:  DL predicts Biomedical 

This sub-webpage is similar to the previous webpage. To predict biomedical text using Deep 

Machine learner, click on button “DL predicts Biomedical”, as shown in figure 30. And you 

can see figure 33 displayed below. To test this Deep Learning model, enter the biomedical text 

on to the large text box circled in green color, and click on Submit button circled in blue color, 

which means that the client requests the server to communicate with the model, whose predicts 

the biomedical text request. Once the server has the predicted result from the model, the server 

responds to the client with the table result in the red heading color “Patient Information, 

Details”. 

It is important to note that both forms are user friendly and displaying in different results:  

 The form before submitting as shown in figure 33 has empty results under the 

“Details” heading. And after you click the Submit button, a small dialog box displayed 

and informed you that “please wait … responding soon. Thank you”, which means 

that the client should wait as usual responding time from 5 to 15 seconds for the result”. 

Once you click on the OK button, wait for a few seconds, the second dialog box 

displayed “Result is ready now” which informed you that the result is now available. 

Once you click on the OK button, the full results displayed under the “Details” heading, 

refer to figure 34. 

 The form after submitting as shown in figure 34 has full results under the “Details” 

heading, which the client has just received from the server. 
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Figure 33: Before submitting, this sub-webpage form contains “Value” as an empty result 
under the “details” heading.  
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Figure 34: After submitting, this sub-webpage form contains expected results under the 
“details” heading. 
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8.3.5  Open Sub-Webpage:  DL predicts NHO 

Likewise, this sub-web page is like the previous two sub-webpages. To predict clinical Nursing 

Handover text using a Hybrid Deep Machine learner, click on button “DL predicts NHO”, as 

shown in figure 30. And you can see figure 35 displayed below. To test this Hybrid Deep 

Learner model, enter the clinical text on to the large text box circled in green color, and click 

on the Submit button circled in blue color, which means that the client requests the server to 

communicate with the model, whose predicts the clinical text requested. Once the server has 

the predicted result from the model, the server responds to the client with the table result in red 

heading color “Patient Information, Details” as shown in figure 36. 
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Figure 35: Before submitting, this sub-webpage form contains “N/A” as an empty result 
under the “details” heading. 
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Figure 36: After submitting, this sub-webpage form contains expected results under the 
“details” heading.  
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8.4  Conclusion  
 

This chapter presented the software development of the machine learning Information 

Extraction and Information Visualization based on three different NER models with the best 

performance. The software platform expects the client to send the request to the server which 

communicates with the model for predicting the biomedical or clinical named entities from the 

unstructured free text as input. Once input text is provided, the server responds to the client via 

a web browser (i.e., can be Chrome, Firefox, or Internet Explorer) which displays the result on 

the form under the “Patient Information and Details” heading. 

The next Chapter nine concludes the findings from this thesis, and plan for further research. 
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CHAPTER NINE 
 

Conclusions and Further Plan 

The main objective of this work is to develop an innovative computational framework for 

biomedical named entity recognition that is robust, extensible and adaptive between its sub-

domains (biomedical and clinical sub-domains).  This was achieved by iterative step-by-step 

development based on different shallow and deep machine learning models, and validation 

with different benchmark datasets.  

Firstly, Bio-NER model development was done with the MaxEnt machine learning algorithm 

and bootstrapped incremental supervised learning technique. This model served as a baseline 

reference system and allows assessment of other advanced machine learning models 

developed. The model building and evaluation was done with the GENIA - BIONLP/NLBPA 

2004 shared task/challenge dataset, a benchmark biomedical named entity recognition dataset. 

The performance of the Bio-NER model was assessed in terms of precision, recall, and F-

measure. The MaxEnt incremental/bootstrapped supervised learning approach for the Bio-NER 

task has resulted in an F-measure of 59.7%, better than two others closely competing systems 

in the challenge.  

The next step was the Bio-NER model development with a semi-supervised CRF learner, the 

experimental work involved using a CRF learner, and adapting it with novel training algorithm 

- the semi-supervised learning algorithm, and its evaluation on benchmark dataset 

BioNLP/NLBA shared task corpus. It was possible to achieve an F-score of 68.74% for the 

CRF model using semi-supervised learning and has outperformed compared to the other six 

participating systems in the BioNLP Challenge task.  



 

CHAPTER NINE                                                                                                            140 
 

The next stage involved Bio-NER model development, based on conditional random fields and 

rich text feature set. The rich text feature set contained three different types of feature sets, the 

NLP feature set with distinct features for (Capitalized, Hyphenated, Window 5, First token of 

a sentence, suffixes and With Number), the learning feature set (Word2Vec) and statistical 

feature set (TF-IDF), resulting in improved performance for the Bio-NER task. The 

experimental validation of this model for the same benchmark GENIA dataset shows 

significant improvement in performance with an F-score of around 70%. This ascertained that 

a good learner and powerful set of features can indeed enhance the performance of the complex 

text mining task, involving the recognition of biomedical entities. However, rich text feature 

extraction may not be possible or an easy task. Ideally, what is needed, is an algorithm that can 

perform as good as this powerful combination of rich text features and machine learners, 

without the manual involvement of multi-disciplinary experts for feature engineering. The 

recent deep learning algorithms provide this opportunity, and are known to perform well, or 

even better, with an appropriate choice of the deep learning architecture.  

The next step was to build the Bio-NER model, using different types of deep machine learning 

algorithms, with the power to model latent features to be extracted without feature engineering 

and handcrafting of features, and removing the dependency on the need for multi-disciplinary 

experts for creating annotated training datasets. Three different deep learning approaches were 

examined, including the feedforward networks (FFNs), recurrent neural networks (RNNs), and 

hybrid convolutional neural networks (Hybrid-CNNs). Out of the different deep learning 

models examined, the  Hybrid-CNN architecture resulted in better performance in terms of 

Precision, Recall and F-score for the CNN Pha18 (72.45, 68.30, 70.69), and surpassed most of 

other participating systems in the BioNLP challenge task, including our own model proposed 

in previous Chapter involving CRF learner and rich text feature set. The experimental 

validation was done on benchmark BioNLP/NLPBA 2004 shared task corpus. 



 

CHAPTER NINE                                                                                                            141 
 

This established the power of deep learning algorithms for complex Bio-NER tasks, 

particularly the hybrid CNN-RNN/LSTM model, based on an appropriate combination of 

different deep learning techniques. The hybrid deep learning model allows the automatic 

discovery of latent features contained in the structure of the biomedical NLP texts better. This 

can help in the development of fully automated machine learning pipelines, for any type of text 

data for any complex application domain, with unbalanced, sparse and unannotated data, as is 

the case with complex biomedical entity recognition tasks (i.e., the benchmark challenge 

dataset we used for Bio-NER modeling has six class labels as input and 11 class labels as 

output, and has poor quality data). 

To examine the robustness and capacity to generalize and adapt to different sub-domain, the 

robust Bio-NER model was developed based on a hybrid-CNN-RNN algorithm with hyper-

parameter optimization, and validation with BioNLP GENIA corpus, and extended for low-

resourced clinical-NER context. This resulted in an improved performance with Precision, 

Recall, and F-score of 89%, the best performance achieved amongst all other participating 

systems in the same challenge task. Further, the findings in this Chapter has shown that the 

efficient deep learning architectures for complex NER tasks with efficient hyper-parameter 

tuning, are extensible and adapt well for addressing the challenges of different application 

contexts (from Bio-NER to Clinical-NER task), and are able to learn and understand the shared 

representations and the latent structure for the biomedical and medical NLP texts better.   

Some of the future directions of this research is to investigate such hybrid deep learning 

algorithms that are robust and work well under low resourced contexts, as it is hard to find 

large annotated texts in several subdomains in the medical field. For medical NLP fields, the 

availability of annotated examples is scarce. To improve NER model performance and 

robustness in such situations, some of the enhancements that could be explored include layer-
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wise initialization with pre-trained weights, combining pre-training data from two different 

sub-domains, custom word embeddings, optimizing out-of-vocabulary (OOV) words. Further, 

these improved algorithmic implementations should be validated for performance 

improvement and robustness, with several benchmark datasets drawn from low resourced 

contexts. This can then lead to seamless integration of end-to-end automated algorithmic 

pipeline that can work with few training/annotated examples and can be implemented for real-

time online NER systems. 
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APPENDIX 1 

Details of Benchmark datasets used 
 

Data selection is defined as the process of determining the appropriate data type and source, as 

well as suitable instruments to collect data. The current thesis has collected and prepared two 

different types of data for the experiments involved: the BioNLP 2004 challenge task and the 

CLEF eHealth 2016 task 1A, which can be described next.  

The first challenge dataset: The data obtained from the biomedical entity recognition task at 

BioNLP/NLPBA 2004 [7]. The first step for preparing the data involved checking to see what 

format of the data provided and found that the data format is given using the IOB format as we 

expected. The IOB format (short for inside, outside, beginning) is a common tagging format 

for tagging tokens in a chunking task in computational linguistics, such as named entity 

recognition (NER). The task of NER involved the recognition of six biomedical concepts, such 

as DNA, RNA, Protein, Cell-line, Cell-Type, and O (for Others) as shown in figure 37. 

 

Figure 37: Shows 6 class labels contained in the Training dataset as input. 

 

Regarding the IOB format, all datasets contain one word per line with empty lines representing 

sentence boundaries. In addition, each line contains a label indicating whether the word is 
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inside the named entity or not. Words labeled with O are outside of named entities. The B-

XXX label is used for the first in a named entity of type XXX. And I-XXX is used for all other 

words in named entities of type XXX. Figure 40 showed the NER system produced an output 

of 11 classes in the IOB format as an example.  

The current thesis concentrates on classification technique to predict 11 class labels as expected 

output (Figure 38) when using the first BioNLP dataset, and to predict 71 class labels as 

expected output (Figure 39) when using the second CLEF challenge dataset rather than using 

regression technique. This classification technique has performed better results -67\compared 

to previous participating systems in the same challenge task. 

 

Figure 38: Illustrates 11 class labels as expected output predicted from the BioNLP 

challenge task. 
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Figure 39: Illustrates 71 class labels as expected output from the second CLEF challenge 
task. 

 

The first BioNLP challenge task consists of two files: a training file and a test file. The data 

consists of two columns separated by a space. The first column of each line is a word and the 

second column of that line is the named entity class label. Table 18 shows an example of the 

sentence as part of the training dataset, Table 19 shows the test data based on the Bio-NLP 

format from the first dataset of the Bio-NLP challenge task, respectively.  
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Table 18: Train data file contains labeled data from the BioNLP/NLPBA 2004 challenge task 

 

 

Table 19: Test data file contains unlabelled data from Bio-NLP/NLPBA 2004 challenge task. 
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The second challenge dataset: The data obtained from the CLEF eHealth 2016 challenge task 

1 [8]. The first step for preparing the data for the experimental work in this thesis involved, 

using a benchmark dataset, with synthetic data collected initially from voice recording 

simulating the nursing handover process, by researchers from NICTA Canberra Research Lab, 

Australia. The data obtained was in the XML format and the data preparation step involved, 

conversion into the Conference on Computational Natural Language Learning (CoNLL-2002) 

format [65]. The data consists of two columns separated by a single space. Each word was put 

on a separate line and there is an empty line after each sentence. The first item on each line is 

a word and the second the named entity tag. Figure 40 shows the 36 class labels as input data 

contained inside the training dataset of the CLEF challenge corpus.  

 

Figure 40: Illustrates 36 input class labels contained in the Train dataset of CLEF eHealth. 

 

B-YYY was used for the first word in a named entity of type YYY. Words tagged with O are 

outside of named entities.  And I-YYY was used for all other words in a named entity of type 

YYY. And to predict 71 classes as expected output (Figure 41). In addition, this CLEF eHealth 

challenge task consists of three files: a training file, a validation file, and a testing file. 
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APPENDIX 2 
 

Machine Learning Development Tools Used 
 

The current research has used six well-known software development tools: Apache OpenNLP 

toolkit, MAchine Learning for LanguagE Toolkit (MALLET), sklearn-crfsuite toolkit, and 

Keras: The Python Deep Learning Library; and six machine learning development schemes: 

Maximum Entropy, CRF semi-supervised ML, CRF with supervised ML, and deep learning 

(FNN, RNN, and Hybrid CNN-RNN). These machine learning algorithms allow the prototype 

outcomes to be translated into the production system for business deployments. The software 

development tools will be described in the following:  

The Apache OpenNLP library is a machine learning-based toolkit for the processing of 

natural language text. It supports the most common NLP tasks, such as tokenization, sentence 

segmentation, part-of-speech tagging, named entity extraction, chunking, parsing, language 

detection, and coreference resolution. These tasks are usually required to build more advanced 

text processing services. OpenNLP also included maximum entropy and perceptron-based 

machine learning. The goal of the OpenNLP project will be to create a mature toolkit for the 

abovementioned tasks. An additional goal is to provide many pre-built models for a variety of 

languages, as well as the annotated text resources that those models are derived from. The 

Apache OpenNLP library contains several components, enabling one to build a full natural 

language processing pipeline. These components include sentence detector, tokenizer, name 

finder, document categorizer, part-of-speech tagger, chunker, parser, coreference resolution. 

Components contain parts that enable one to execute the respective natural language processing 

task, to train a model, and often also to evaluate a model. Each of these facilities is accessible 
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via its application program interface (API). In addition, a command-line interface (CLI) is 

provided for the convenience of experiments and training. The Apache OpenNLP library also 

supports testing and model training. We have modified this toolkit and used it for solving the 

problem of NER in the biomedical context. 

MALLET is a Java-based package for statistical natural language processing, document 

classification, clustering, topic modeling, information extraction, and other machine learning 

applications to text. MALLET includes sophisticated tools for document classification: 

efficient routines for converting text to "features", a wide variety of algorithms (including 

Naïve Bayes, Maximum Entropy, and Decision Trees), and code for evaluating classifier 

performance using several commonly used metrics. In addition to classification, MALLET 

includes tools for sequence tagging for applications such as named-entity extraction from text. 

Algorithms include Hidden Markov Models, Maximum Entropy Markov Models, and 

Conditional Random Fields. These methods are implemented in an extensible system for finite-

state transducers. Furthermore, to sophisticated Machine Learning applications, MALLET 

includes routines for transforming text documents into numerical representations that can then 

be processed efficiently. This process is implemented through a flexible system of "pipes", 

which handle distinct tasks such as tokenizing strings, removing stop-words, and converting 

sequences into count vectors. MALLET also includes implementations of several classification 

algorithms, including Naïve Bayes, Maximum Entropy, and Decision Trees. In addition, 

MALLET provides tools for evaluating classifiers, which are algorithms that distinguish 

between a fixed set of classes, such as "spam" vs. "non-spam", based on labeled training 

examples.  

As mentioned, the Sklearn-crfsuite toolkit is a thin CRFsuite (python-crfsuite) wrapper that 

provides a scikit-learn-compatible estimator. CRFsuite [67] is a fast implementation of 
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Conditional Random Fields (CRFs) [10, 68, 69] for labelling sequential data. Among the 

various implementations of CRFs, this software provides the following features: (1) Fast 

training and tagging. The primary mission of this software is to train and use CRF models as 

fast as possible; (2) Simple data format for training and tagging. The data format is similar to 

those used in other machine learning tools; each line consists of a label and attributes (features) 

of an item, consecutive lines represent a sequence of items (an empty line denotes an end of 

item sequence). This means that users can design an arbitrary number of features for each item, 

which is impossible in CRF++; (3) Forward/backward algorithm using the scaling method [85]. 

The scaling method seems faster than computing the forward/backward scores in the logarithm 

domain; (4) Linear-chain (first-order Markov) CRF; (5) Performance evaluation on training. 

CRFsuite can output precision, recall, F1 scores of the model evaluated on test data; (6) an 

efficient file format for storing/accessing CRF models using Constant Quark Database 

(CQDB). It takes a little time to start up a tagger since preparation is done only by reading an 

entire model file to a memory block. Retrieving the weight of a feature is also very quick. 

Keras: The Python Deep Learning library is used to discover latent feature sets proposed in 

the hybrid CNN model. It is called “Keras” [63], which is a high-level neural networks API, 

written in Python and capable of running on top of TensorFlow, CNTK, or Theano. It was 

developed with a focus on enabling fast experimentation. Being able to go from idea to result 

with the least possible delay is the key to doing good research. For that reason, the current 

research used Keras, as we need a deep learning library that: (1) allows for easy and fast 

prototyping through user-friendliness, modularity, and extensibility:  

 User-friendliness: Keras is an API designed for human beings, not machines. It 

puts the user experience front and center. Keras follows best practices for reducing 

cognitive load: it offers consistent & simple APIs, it minimizes the number of user 
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actions required for common use cases, and it provides clear and actionable 

feedback upon user error. 

 Modularity: A model is understood as a sequence or a graph of standalone, fully 

configurable modules that can be plugged together with as few restrictions as 

possible. In particular, neural layers, cost functions, optimizers, initialization 

schemes, activation functions, regularization schemes are all standalone modules 

that you can combine to create new models. 

 Easy extensibility: New modules are simple to add (as new classes and functions), 

and existing modules provide ample examples. To be able to easily create new 

modules allows for total expressiveness, making Keras suitable for advanced 

research. 

(2) Supports convolutional networks and recurrent networks, as well as combinations of the 

two; (3) runs seamlessly on CPU and GPU. 

The Apache OpenNLP library is a machine learning-based toolkit for the processing of 

natural language text [59]. It supports the most common NLP tasks, such as tokenization, 

sentence segmentation, part-of-speech tagging, named entity extraction, chunking, parsing, 

language detection, and coreference resolution. These tasks are usually required to build more 

advanced text processing services. OpenNLP also included maximum entropy and perceptron-

based machine learning. The goal of the OpenNLP project will be to create a mature toolkit for 

the abovementioned tasks. An additional goal is to provide many pre-built models for a variety 

of languages, as well as the annotated text resources that those models are derived from. 

The Apache OpenNLP library contains several components, enabling one to build a full natural 

language processing pipeline. These components include sentence detector, tokenizer, name 

finder, document categorizer, part-of-speech tagger, chunker, parser, coreference resolution. 
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Components contain parts that enable one to execute the respective natural language processing 

task, to train a model, and often also to evaluate a model. Each of these facilities is accessible 

via its application program interface (API). In addition, a command-line interface (CLI) is 

provided for the convenience of experiments and training. The Apache OpenNLP library also 

supports testing and model training. We have modified this toolkit and used it for solving the 

problem of NER in the biomedical context. 

The MALLET library is a Java-based package for statistical natural language processing, 

document classification (classifier), clustering, topic modeling, information extraction, and 

other machine learning applications to text. It includes sophisticated tools for document 

classification: efficient routines for converting text to "features", a wide variety of algorithms 

(including Naïve Bayes, Maximum Entropy, and Decision Trees), and code for evaluating 

classifier performance using several commonly used metrics. 

In addition to classification, MALLET includes tools [60] for sequence tagging for applications 

such as named-entity extraction from text. Algorithms include Hidden Markov Models, 

Maximum Entropy Markov Models, and Conditional Random Fields. These methods are 

implemented in an extensible system for finite- state transducers 

In addition to sophisticated Machine Learning applications, MALLET includes routines for 

transforming text documents into numerical representations that can then be processed 

efficiently. This process is implemented through a flexible system of "pipes", which handle 

distinct tasks such as tokenizing strings, removing stop-words, and converting sequences into 

count vectors. 

A classifier is an algorithm that distinguishes between a fixed set of classes, such as "spam" vs. 

"non-spam", based on labeled training examples. MALLET includes implementations of 
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several classification algorithms, including Naïve Bayes, Maximum Entropy, and Decision 

Trees. Additionally, MALLET provides tools for evaluating classifiers. The MALLET Named 

Entity Recognition is also known as CRF Classifier. The software provides a general 

implementation of (arbitrary order) linear chain Conditional Random Field (CRF) sequence 

models. Its goal is to make it very easy to apply a bunch of linguistic analysis tools to a piece 

of text. 

Sklearn-crfsuite is a thin CRFsuite (python-crfsuite) wrapper which provides an interface 

similar to Scikit-Learn [62], which is a Machine Learning in Python: simple and efficient tools 

for data mining and data analysis; accessible to everybody, and reusable in various contexts; 

open-source, commercially usable - BSD license. Sklearn-crfsuite CRF is a Scikit-Learn 

compatible estimator, in which you can use Scikit-Learn model selection utilities (cross-

validation, hyperparameter optimization) with it. In summary, sklearn-crfsuite is a very easy-

to-use package for applying CRF algorithms.  

Weights&Biases (W&B) tool was used for hyperparameter optimization in this work. 

Investigation reveals that hyper-parameters optimization algorithms natively included in most 

of deep learning platforms, such as Keras, TensorFlow, or Theano. Nevertheless, the process 

of optimizing hyperparameters able in real-world deep learning schemes requires advanced 

tooling [64] that can help developers conduct different experiments and track the results. Most 

deep learning platforms in the market include some basic form of hyperparameter optimization 

but many of them are still quite limited to be used in large-scale deep learning schemes. A 

hyperparameter optimization toolset should be to work consistently across different deep 

learning frameworks while providing rich interfaces for modeling, running, and comparing 

experiments using different hyperparameter optimizations. Here are some very innovative 

hyperparameter optimization tools, such as SageMaker, Comet.ml, Weights&Biases, Deep 
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Cognition, Azure ML, and Cloud ML. We have utilized the Weights&Biases (W&B) tool with 

our deep learning scheme, as W&B provides an advanced toolset and programming model for 

recording and tuning hyperparameters across different experiments. The solution records and 

visualizes the different steps in the execution of the model and correlates it with the 

configuration of its hyperparameters. 
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APPENDIX 3 
 

The World of DNA and RNA 
 

It is important to mention that DNA stands for deoxyribonucleic acid. It is the genetic code 

that determines all the characteristics of a living thing. Deoxyribonucleic acid is a large 

molecule in the shape of a double helix. That is a bit like a ladder that has been twisted many 

times. It is made up of repeating units called nucleotides. Each nucleotide contains a sugar and 

a phosphate molecule, which make up the ‘backbone’ of DNA. The information in DNA is 

stored as a code made up of four chemical bases: adenine (A), guanine (G), cytosine (C), and 

thymine (T). It has the specific order of A, G, C and T within a DNA molecule that is unique 

to you and gives you your characteristics. Human DNA consists of about 3 billion bases, and 

more than 99 percent of those bases are the same in all people. The order, or sequence, of these 

bases, determines the information available for building and maintaining an organism, similar 

to the way in which letters of the alphabet appear in a certain order to form words and sentences. 

You got your DNA from your parents, we call it ‘hereditary material’ (information that is 

passed on to the next generation). Nobody else in the world will have DNA the same as you 

unless you have an identical twin [156].  

Furthermore, RNA stands for Ribonucleic Acid. It is one of the major biological 

macromolecules that is essential for all known forms of life. The nucleotides that comprise 

RNA include adenine (A), guanine (G), cytosine (C) and Uracil (U). It performs various 

important biological roles related to protein synthesis such as transcription, decoding, 

regulation, and expression of genes [157]. 
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It is also very important to distinguish between DNA and RNA. Structurally, RNA is quite 

similar to DNA. However, whereas, DNA molecules are typically long and double-stranded, 

RNA molecules are much shorter and are typically single-stranded. RNA molecules perform 

a variety of roles in the cell but are mainly involved in the process of protein synthesis 

(translation) and its regulation. There are four different nitrogenous bases found in DNA and 

RNA; however, there is one difference. The bases found in DNA are guanine, cytosine, 

adenine, and thymine. The bases found in RNA are guanine, cytosine, adenine, and uracil. 

Remember that DNA and RNA differ slightly at the nucleotide level. Therefore, the process of 

transcribing DNA into RNA not only changes the information from a double-stranded into a 

single-stranded molecule, but also changes all the thymine bases into uracil ones [158]. 
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