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Abstract 

 

Healthcare information is usually collected and stored in form of numbers, 

texts or images. This data consists of important details such as their visits, symptoms, 

prescriptions, notes or vital statistics of the patients. Most of these documents are 

huge in amounts and difficult to maintain or access, hence most of the health 

institutions maintain such details in the form of Electronic Health Records (EHR) in 

order to avoid manual error and avoid redundancy. This dissertation uses text mining 

techniques on textual notes from a real time EHR database (MIMIC – III); to identify 

the most effective vectorization technique to retrieve meaningful information. A 

comparison among machine learning models alongside of deep learning model is 

made using the novel H2O framework and Rapid Miner to predict the ICD9 code 

based on the extracted data. 

 

Keywords: Machine Learning, Deep Learning, text mining, predictive analysis, 

healthcare 
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Chapter 1 Introduction 

 

1.1  Background 

The medical care industry is ready for some significant changes. From ongoing 

infections, cancer to radiology and other highly chronic diseases, there are almost 

unlimited occasions to use innovation to convey more exact, proficient, and effective 

mediations at precisely the correct second in a patient's consideration. Computer 

based intelligence offers various preferences over conventional investigation and 

clinical dynamic strategies. Algorithms can turn out to be more exact and precise as 

they connect with preparing information, permitting people to pick up phenomenal 

bits of knowledge and insights into diagnostics, care measures, treatment 

inconstancy, and patient results. 

 

1.1.1 Artificial Intelligence in Health care 

 As of late AI methods have sent immense waves across medical services, in 

any event, fuelling a functioning conversation of whether AI specialists will 

ultimately supplant human doctors later on. But human doctors cannot be 

supplanted by machines within a reasonable time-frame, yet AI can help doctors 

to settle on better clinical choices or even supplant human judgment in certain 

practical regions of medical services (eg, radiology). The expanding accessibility 

of medical care information and fast improvement of large information logical 

techniques has made conceivable the new fruitful uses of AI in medical care. 
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Guided by important clinical inquiries, ground-breaking AI strategies can open 

clinically applicable data covered up in the gigantic measure of information, 

which thus can help clinical dynamic. Artificial Intelligence (AI) intends to 

mirror the capabilities of the human intellectual. It is bringing a change in 

outlook to medical care, controlled by expanding accessibility of medical care 

information and quick advancement of examination strategies. Mainstream AI 

strategies incorporate AI techniques for organized information, for example, the 

traditional support vector machine (SVM ) and neural networks (NN) , and the 

advanced deep learning, just as natural language processing for unstructured 

information. Significant illness zones that utilize AI apparatuses incorporate 

cancer, nervous system science and cardiology (Jiang et al., 2017) .  

 

1.1.2 Application of Artificial Intelligence in Healthcare 

 Partners Healthcare introduced a main scientists and clinical employees 

exhibited the various advances and zones of the medical care industry that are 

destined to see a significant effect from Artificial Intelligence inside the 

following decade at the 2018 World Medical Innovation Forum (WMIF) on 

artificial intelligence. 

 EHRs have assumed an instrumental part in the medical care industry's 

excursion towards digitalization, yet the switch has brought bunch issues related 

with intellectual over-burden, unending documentation, and client burnout. 

Clients invest most of their energy on three assignments: clinical documentation, 

request section, and figuring out the in-crate. EHR designers are currently 
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utilizing Artificial Intelligence to make more instinctive interfaces and automate 

a portion of the standard cycles that burn-through such an extensive amount a 

client's time. Artificial Intelligence may likewise assist with handling routine 

solicitations from the inbox, similar to prescription reorders and result warnings. 

It might likewise assist with organizing errands that genuinely require the 

clinician's consideration. However, Machine Learning (ML) in medication is 

making incredible steps, and IBM Watson Oncology is at the front line of this 

development by utilizing quiet clinical history to help create numerous treatment 

alternatives . 

 

1.2  Business Problem 

The global healthcare sector has been rapidly expanding, with an increase in 

the demand for healthcare services, with a projected cost to reach around $12 trillion 

in just about seven years (Alajmani and Jambi, 2020). The rapid development in the 

healthcare sector has also lead to some new problems; one of the biggest hurdles 

faced by the healthcare professionals and management is that they are only expected 

to only cater to those needs that fit within their expertise. Also, it is quite difficult to 

predict the outcome solely based on practice, in order to get a second opinion or 

detailed accurate results different machines and instruments are often relied on. Wide 

range of data is being generated in the form of  radiology, medical images, x-rays, 

genomics, details about the medical history of the patients, blood pathology etc. 

Artificial Intelligence (AI), in particular Machine Learning (ML) has been the 

biggest contributor to the solution for the advancement;  but, the digitization of  such 
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vast amount of data generated by healthcare facilities are not exactly in machine 

understandable form, they can be messy and also unstructured or semi – structured 

which cannot be understood by simple models.  

Around eighty percent of the data consists of unstructured physician notes and 

are inaccessible by the electronic health record (EHR) and are eliminated long before 

they can be accessed by quality improvement applications or advanced decision 

support . Since, it is quite tedious for a human assistance for translation of such vast 

records of medical data all the time; Machine Learning in particular can be useful to 

access such raw information and convert it into meaningful data and draw 

meaningful conclusions to predict the ICD9 Code based on the physicians notes. 

 

1.3 Research Problem 

The Research Problem focuses mainly on two parts, first being to identify the 

best vectorization techniques, comparing TF, IDF and TF-IDF. On achieving the best 

vectorization technique the second part focuses on a comparison between different 

machine learning models alongside deep learning model to attain accurate prediction 

outcomes using classification models and to identify if the deep learning model 

outperforms the machine learning models.  

 

Research Question : Comparison of various models and the vectorization 

techniques to predict the ICD9 Code. 
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Aim : The main aim of this research is to accurately predict the diseases based on the 

textual data. 

 

Objective : The main objective of this research is to compare the classification 

machine learning models alongside deep learning model to predict the ICD9 Code 

based on the textual data and. The sub objective is also to compare the different 

vectorization techniques and choose the best fitting technique to improve the output 

of the models.  

 

Hypothesis : The hypothesis is to determine if the deep learning model out performs 

the machine learning models and to determine if TF-IDF is the best vectorization 

technique. 

 

1.4 Scope 

The scope of this research is to build a tool that could access wide range of 

UMLS and updated ICD code library that successfully compares a huge range of 

models to predict the ICD9 code based on the textual data input by the user. 

 

1.5 Limitation 

The dataset consists of 15 different classes of ICD9 codes and diseases,  though 

it is possible to perform a predictive analysis for 15 different classes; the accuracy 

will be hindered, given the limited size of the data available. Also, It is almost 
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impossible to compare each and every model, Rapid Miner auto model is used to 

check prediction for only selective models that are most appropriate for the dataset. 

 

1.6 Roadmap for the Dissertation  

The roadmap provides methodical plan for the  implementation of the research. 

The research plan consists of a 5 step process. 

 

 

 

 

 

 

 

 

Introduction

•This chapter includes the background of  healthcare, business problem, 
research problem, aim and the hypothesis.

Literature 
Review

•This chapter consists of the background and research of existing 
theories and models for the prediction of the diseases.

Methodology

•CRISP - DM methodology willl be used to implement this research in six 
systematic phases.

Result

•This chapter highlights the findings and interprets the comparisons 
from methodology to answer the research questions

Conlusion

•This chapter summarizes the research
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Chapter 2 Literature Review 

 

Extraction of text from medical notes has been quite beneficial for providing 

diagnostics in the medical field, though text mining techniques have been efficiently 

used in the past, the main challenge is providing accurate predictions and avoiding 

misdiagnosis. In order, to have a better understanding of the different approaches and 

techniques, the following published papers and journals and documentations were 

referred. 

  

 (Ketpupong and Piromsopa, 2018), extract symptoms of diseases based on text 

keyword input made by the user and maps it to the possible ICD-10-CM code. The 

author performs Data mining techniques on a data collected from combination 

hospital records aswell as web records (3:1 ratio being most accurate based on the 

evaluation plotted on the ROC curve) , to only use the vocabulary of the text using 

feature engineering  and fits various Machine Learning Models (SVM , Naïve Bayes, 

Decision Tree, Neural Networks)  to get predictions for the symptoms obtaining an 

Area Under the Curve (AUC) as high as 0.9304 for Deep Learning with the highest  

True Positive Rate (TPR). The study also discusses that the reason that other models 

performed poorly is due to the inclusion of multiple classes of diseases, which 

increases the chances of False Positive Rate (FPR), thus reducing the overall AUC. 

 

(Shetty et al., 2019), adopt Machine Learning approach to determine the common 

diseases to minimize human intervention.  The authors gather Unified Medical 
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Language System (UMLS) which is vocabulary based database mapping the diseases 

to symptoms and real time dataset from National Health of Scotland (NHS) using the 

web scraping technique. The authors use TF-IDF as their vectorization technique to 

break down the symptoms into tokens and use the bigram words classification and 

visualize it using Word Cloud to identify the most common symptoms. The 

evaluation is solely based on the accuracy of the models with Naive Bayes model 

achieving an accuracy as high as 98.5%. T-distributed Stochastic Neighbour 

Embedding (T-SNE) is also used to plot the symptoms and represent clusters as 

diseases.  

 

(Hwang et al., 2017), focus extracting symptoms for a broader spectrum of diseases 

based on forming clusters of symptoms, agglomerative hierarchical to create a 

network –based approach; this could help in identifying the type of advanced cancer 

like diseases. The authors establish a symptom-network creating relationships 

between the diseases and its symptoms. This network focuses on creating relavant 

context of network rather than relying on an enumerated approach for identifying the 

disease based on the symptoms. The authors has used TF-IDF to weigh the words 

and map them based on their relevance using the Gephi software; to create 3 filters ( 

co-occurrence,  TF-IDF,  edge-degree) for the word occurrences. The clustering of 

the symptoms is carried out by calculating its pb value.  

  

(Domeniconi et al., 2016), compared the different weighting factor to provide a 

sentiment analysis using the SVM classification method. The authors provide a 

detailed analysis on different types of weighting factors and its usefulness in 
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prediction. Cosine normalization is used on each of the weighting factor techniques. 

The authors discuss about the various weighting factor techniques such as binary 

weighting in which 0 or 1 is used to denote the presence of the word. Categorization 

is made in the weighting factors based on supervised term and unsupervised term. 

The weighting factors such as TF-IDF, WIDF and MIDF are categorized under the 

unsupervised term weighting method,  whereas ICF, RF, are categorized under 

supervised term weighting methods for comparison. Each of the weighting factors 

are evaluated based on the precision and recall in SVM.  

   

(Alsheref and Fattoh, 2020), provide a study on the MIMIC data in which they 

discuss about the Information Extraction (IE) which is a measure is stressed over the 

procedure for perceiving critical pieces of the report. The IE is requested subject to 

system type and the level of automation. These two sub-estimations are related to the 

computerization level of the IE techniques is impacted by the framework type. The 

authors strategy makes use of the semantic explanation apparatus for clinical report 

dependent on both UMLS Metathesaurus as a biomedical cosmology instrument and 

IBM Watson as the tool.  Evaluation method of precision and recall is used to 

measure the performance, with score as high as 91% for both precision as well as 

recall. 

 

(Khaleghi, Murat, Arslanturk, & Davies, 2020), the authors discuss about the text 

mining techniques on a historical surgical dataset, providing a detailed information 

of the pre-processing techniques of the textual data for the text mining process. The 

pre-processing stage begins with the removal of special characters followed by the 
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removal of stop words. Tokenization followed by stemming approach is used to 

normalize the textual data. Similarity matrix is then calculated to provide the 

clustering using the heirarchial agglomerative clusters (HAC). In order to find the 

best cutting depth, the authors propose best cut off method for the dendogram. 

Through the text mining process the findings of 17% misspelling and 8% 

abbreviation used in the dataset was known. 

 

(Mehta and Varnagar, 2019), compare machine learning models such as Logistic 

Regression, SVM, Naive Bayes and Decision Trees using an IHD dataset. Python’s 

Scikit Learn library is used for the implementation of these models. Results are 

generated based on the information provided by the user; the Flask Restful API is 

used to provide these results providing an intractable user interface. Prediction on 

high risk and low risk classes are made, for which the SVM model has been chosen 

based on its accuracy to make correct predictions. The data is then used to generate a 

recommendation system to suggest nearby health institutions, exercises to be 

followed and specialized doctors nearby. 

 

(Guo et al., 2018) , proposes a Deep Learning approach to extract symptoms from a 

Medical dataset. Unlike the usual Recurring Neural Network (RNN) approach, the 

author discusses about the long range dependencies of the gradient problem for  large 

sequences of RNN in the medical application. The use of bi-directional LSTM is 

used to tackle the problem; using AUC as the metric of evaluation,  the  author also 

makes a comparison of  different weighting  models ( tf – idf , wordvec) to enhance 

the accuracy of inference of the diseases. 
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(Roul, Sahoo, & Arora, 2017), the authors discuss about the drawbacks of TF-IDF 

and propose four modified TF-IDF techniques, TF-IDF based on inter-class 

dispersion where the  contribution of a term in a class helps the classifier to take a 

correct decision. TF-IDF based on modified IDF, selects terms that are frequently 

used in the document thus improving the performance of normal IDF. TF-IDF based 

on the frequency of the class helps to identify the relevancy of a term in a particular 

class. TF-IDF modified using the normalized length increases the importance of TF 

and reduces the weights values of the terms which are rare but have comparatively 

high TF weightage in the document. 

 

(Tache and Dragoicea, 2019) , the authors perform text mining of a multiple medical 

records using Rapid Miner to create sub processes that converts documents into text 

and extracts meaningful data; creating a dataset that consists of the dosage, the name 

of the drug and its frequency. 

 

(Huang Yi et al., 2016),  the authors provide a study of the Deep Neural Networks 

(DNN) and its application in various different fields. The authors explain that the 

depth of a deep neural network is always greater than 3, because a multilayer 

perceptron (MLP) has depth of 3 with only 1 hidden layer. The authors disucss how 

the DNN extracts feature from one layer to another where the low level layers form a 

combination and result in a high-level features, where the data can be of distributed 

expression. Based on their findings, the authors have states that the DNN has better 

feature expression and it can easily map complex models and ability to model 
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complex mapping as compared to the simple neural networks (NN); because the 

DDN uses the greedy algorithm which is a weight matrix initialization method. 

 

(Yadav and Shukla, 2016), the authors discuss about the k-fold cross-validation and 

compare it against the hold out cross validation technique.  The author compares 

these to the classification models of Decision Tree, support vector machine (SVM) 

and K nearest neighbours (KNN) models. Author discusses about the instance where 

2 fold and 5 fold model is used  for the cross validations on the 20  algorithms of the 

selected models. K-fold’s performance outperforms the hold our cross validation 

suggesting the ideal fold for the data to lie between the range of 3 to 5.  

 

(Kochura et al., 2020), the authors highlight the efficiency of H2O framework and its 

consistency across different languages, while comparing it with well known open  

source  frameworks  for  machine  learning   (TensorFlow  and   Deep   Learning4j). 

 

From the literature review we can infer that most of them have adopted TF-

IDF as their default vectorization technique and have managed to achieve good 

results and interpreted it with a word cloud visualization, which can be a good way to 

visualize the weighting factor and the importance for relevant words. It is evident 

from the comparisons made by the researchers that the most preferable models used 

for the research are Descision Tree, Naïve Bayes, Random forest and Deep learning  

models which have performed well. The papers have discussed about using different 

measures of performance such as Accuracy, area under the curve (AUC) , receiver 

operating characteristic curve (ROC). 
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The frequently used models can also be compared with Gradient Boosting 

Machine (GBM) which is a fairly new model used for predictive analysis. Also H2O 

framework is a fairly new platform on which no research is available. 
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Chapter 3 Methodology 

 

3.1 Introduction 

The CRoss Industry Standard Process for Data Mining (CRISP-DM) is a cycle 

model with six stages that normally depicts the data science life cycle. It gives an 

organized way to deal with arranging a data mining project. It is a powerful and all 

around demonstrated technique. The CRISP-DM model consists of 6 phases which 

resembles a bunch of guardrails used to implement this dissertation. Each of the 

phases of the CRISP – DM is executed as per the research.  

 

 

Figure 3.1 Phases of CRISP – DM methodology 

 

(Shearer C, 2000) describes each of the phases as a standard practice for the 

implementation of data science project. The phases are as follows : 
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• Business Understanding : Understanding project goals and prerequisites and 

defining the objectives with data mining.   

• Data Understanding : Initial information assortment and acclimation is 

made and using EDA techniques to identify information quality issues.  

• Data Preparation : Data and trait determination and  data cleansing. 

• Modeling : Splitting and testing the data across models, comparing different 

models. 

• Evaluation : Determining if results from the modeling stage  meet business 

requirements 

• Deployment : Putting the process to real time use. 

 

3.1 Business Understanding 

The Business Understanding phase, is the first stage in the CRISP – DM 

methodology. The objective of this phase of the cycle is to reveal significant factors 

that could impact the result of the undertaking from a business point of view. 

The aim of this research is to accurately predict the ICD9 Code from the EHR 

based on textual data provided. The data will be extracted using the Python’s Panda 

framework and Rapid Miner to perform the text mining techniques. Based on the 

vectorization technique that is proved to be most efficient the data will be trained on 

various models to identify the best performing model to predict the ICD9 Code. A 

comparison between Random Forest, Naive Bayes and Generalized Linear Model 

(GLM) is compared to the Gradient Boosting Machine (GBM) machine Learning 

model alongside the Deep Learning model to determine the best working model. The 
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performance of the models is based on the overall factor and not just dependent on 

the accuracy of the model.   

 

3.2 Data Understanding 

In this phase the data is gathered and exploratory analysis is performed on the 

data to analyze. MIMIC –III (Medical Information Mart for Intensive Care), a real-

time critical care EHR dataset is used for this research. The MIMIC – III coordinates 

deidentified, thorough clinical information of patients admitted to the Beth Israel 

Deaconess Medical Center in Boston, Massachusetts (Johnson et al., 2016). The data 

contains data of 61,532 patients that have had intensive care unit stay from the date 

span of 2001 to 2012. The dataset provides the physician’s notes that provide a brief 

description procedure performed to treat the diseases. It consists of 15 different 

classes of the diseases and their respective ICD9_Codes. The dataset consists of 4 

columns.  

 

Field Data Type 

HADM_ID Int 

ICD9_CODE Varchar [10] 

Diseases Varchar [50] 

TEXT Text 

 

Table 3.1 Raw MIMIC-III dataset 
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The HADM_ID column is the unique identifier for every patient admitted to the 

hospital. The patients that have been discharged from hospital will not be provided a 

HADM_ID. For this particular dataset, the HADM_ID acts as a primary key to 

identify the patients. The ICD9_CODE column is a code that specifies the procedure 

to be performed to treat the diseases. It is unique to each class of diseases and the 

label column for the research. The Diseases column contains 15 unique classes of 

diseases. The last column is a textual column named TEXT which contains 

physicians note and a brief description of the procedure to be performed to cure the 

disease. The text mining process is performed on this column to extract the data. 

 

 

Figure 3.2 ICD9 code classes 

 

The data contains 15 distinct classes of ICD9 code with a balanced count. For 

convenience of better performance 2 classes are chosen; V053 and 53081 that 

correspond to the disease prphyl vc vrl hepat and esophageal reflux respectively. 
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Figure 3.3 Analyzing the textual column 

  

Columns are derived in order to analyze the TEXT column; to find the word 

count of each row which gives the frequency of words in each row. The char_count 

gives a total count of the characters in the row including special characters and blank 

spaces; giving a total word count of the row. In order to better understand the length 

of each word in the row, the histogram shows that many rows have an average of 6 to 

7 length words. 

 

 

Figure 3.4 Average count of words 
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The last column analyzes the stopwords, which is a collection of most common 

english words in a sentence. Such words are repetitive and reduce the importance of 

the sentence. 

 

3.3 Data Preparation 

The data preparation phase, involves preparation of the data relevant for the 

processing. The two important columns used for the research is the ICD9_CODE 

column, which is the label column and the TEXT column which is the feature 

column.  

 

Text Classification 

Natural Language Processing is used for the retrieval of the data using which is 

called as the information retrieval (IR), but most of the data is in an unstructructed 

raw format, thus making it difficult to retrieve the data. Therefore, there is a need for 

the NLP to know accurately if the text, grammar, syntax and semantics of the data 

being used is precise or not. Text classification method is used for the NLP to 

understand the type of the text and its context. Text classification breaks down the 

data into a collection of words that could be easily analyzed by the NLP. The NLP 

then assigns tags to these words based on the groups it belongs to for the purpose of 

easy information retrieval. 
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Figure 3.5 Data pre-processing stages 

 

3.3.1 Data Cleaning 

 The label column consists of 15 classes which is not feasible for analysis; the 

cleaning stage firstly involves filtering the class with ICD9 code V053 and 53081 

and changing their values to 1 and 2 respectively so that the label column can be 

integer type without any discrepancy due to the character values within the type 

of classes.  

 The feature column consists of physician notes which are in textual format; 

the data is firstly converted into lower case, this is because incase of case 

sensitivity similar word in different cases could be identified as a new word, thus 

the case is changed in the early stage to avoid duplicity.  A normal sentence 

contains of punctuations and special characters to complete the meaning of the 

sentences; a raw data could have a collection of these special characters which do 

not contribute to any importance in the analysis of the data and is removed in the 

data cleaning process, since any value followed by a space could be considered 

as a new word. 
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Figure 3.6 Data cleaning stages 

 

 Similar to punctuations, stop words do not add any importance to the 

sentence. Stop words refer to the common words belonging to a particular 

language, these words are repetitive and are used syntactically to frame a 

sentence. The words such as ‘the’, ‘and’, ‘is’, ‘a’ etc; distract from the real theme 

of the sentence being high in frequency. Just like stop words other common 

words that do not add any meaning to the text are removed. Python’s Natural 

Language Took Kit (NLTK) library provides a predefined stop word collection.  

Measure of units such as ‘mg’, ‘day’ and ‘tablet’ were noticeable common words 

that are not important for the analysis but high in frequency, hence they were 

removed. Rare words that have low frequency only add up to the noise of the 

data and do not highlight the theme of the text, which is why it is cleaned 

(Ketpupong and Piromsopa, 2018). 

 

3.3.2 Tokenization 

 Tokenization is a method of isolating a bit of text into more modest units 

called tokens. The Natural language uses tokens as their building blocks. These 

unique tokens are then used to build a vocabulary for the textual input (Khaleghi, 

Murat, Arslanturk, & Davies, 2020). Token of words are considered to be the 
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foundational blocks of the Natural Language Processing (NLP), since tokens are 

just collection of words, it is the common method of processing of the the raw 

textual data. Most of the models process the raw text at the most basic token 

level. Hence it is the primitive step for the modeling of the data. . Here, tokens 

can be either words, characters, or sub words. In the research word tokenization 

is used to break down the text corpus into a collection of words using the textblob 

library. 

 

Word tokenization 

As compared to the other 2 techniques, the word tokenization is the most popular 

tokenization algorithm. It considers as a word as a whole separated by blank 

spaces acting as a delimiter, splitting the collection of words in the sentence into 

list of single words. For example,  the corpus containing the sentence ‘Today is a 

sunny day’ will be broken down into a list containing the words [‘today’, ‘is’ , 

‘a’, ‘sunny’, ‘day’].   

 

3.3.3 Stemming 

 Stemming is the process where the words are reduced to the stem form which 

does not include its prefixes or suffixes, the root word formed by this process is 

called at the lemma. Stemming is an important part of the natural language 

programming (NLP). Stemming plays an important role in the information 

retrieval by normalizing the text, making it more recognizable by the NLP. If 

skipped the variant of the word is treated as a new word, hence it is necessary to 
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find the root or the lemma of words (Khaleghi, Murat, Arslanturk, & Davies, 

2020). Words such as ‘stopping’, ‘stopped’, ‘ stops’ have the same root word 

‘stop’ and means the same. Stemming is a text normalizing technique used to 

determine the root of the word, so that the variations in the word are not 

considered as a separate word adding to the noise in the data. Simple stemming 

algorithms usually works on the suffix and prefix of the word by slicing it to find 

a meaningful root word. This leads to the chances of under stemming, which is 

an issue where the meaning of the stem word is not clear due to the lack of 

processing by the stemming algorithm. On the other hand if a same word of 

different roots are identified as same due to the excessive processing of the 

stemming algorithm, then the over stemming error can occur. For this research 

Porter Stemmer algorithm is used to find the stem of the data. 

 

Porter Stemmer 

The Porter Stemmer is the oldest and the most basic stemming algorithm. It is 

widely known for its efficiency based on the ease and the speed. The main 

application of this algorithm is to retrieve the information, but this algorithm is 

only limited to English vocabulary. Since it only gets rid of the basic prefix and 

suffix, the resultant word is not always meaningful. Porter Stemmer library 

utilizes addition striping to create stems. It does not keep the semantic 

arrangement of rules to deliver stem for stages in various cases, because of this 

explanation porter stemmer doesn't create stems, for example genuine English 

words. It applies calculations and rules for delivering stems. It likewise considers 

the standards to choose whether it is astute to strip the addition or not. 
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3.3.4 Lemmatization 

 Lemmatization  is the process of  text classification in which similar types of 

words are clubbed together to find their lemma which is meaningful as compared 

to stemming. These words are then analyzed and identified as a single output 

word. Lemmatization is a strategy answerable for gathering distinctive words into 

the root structure, having a similar importance. It is like stemming, thus, it gives 

the stripped word that has some word reference meaning. The morphological 

findings would require the extraction of the right lemma of each word. For 

instance, Lemmatization obviously distinguishes the base type of 'studies' to 

'study' signifying some importance while, Stemming will remove 'es' part and 

convert it into 'studi' which has some unacceptable importance and spelling 

blunders.  

 

‘studies’  >  Lemmatization  >  'study' 

 

‘studies’  >  Stemming  >  ‘studi’ 

 

TextBlob library is a predefined library in Python which is specifically used for 

pre-processing of the textual data. It is used commonly for natural language 

programming (NLP) related problems where the library provides an extension for 

the extraction of the words, classification, or translation of the words. The 
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textBlob library is used in the research for the lemmatization, apart from that it is 

also used for the other text mining processes. 

 It is not necessary to use both stemming as well as lemmatization, since their 

purpose is almost similar. For this research, stemming is the preferable text 

normalizing technique used, whereas lemmatization is used in the generation of 

the wordclouds.  

 

3.3.5 Bag of Words 

 It is imperative to change textual information over to numeric structure so the 

machine can understand it, because it is not possible to straightforwardly pass the 

printed information to the machine. It is imperative to change the records to 

established length vectors of numbers, the calculation accepts vectors of number 

as the information. An intelligent and successful strategy while managing text 

archives is known as a ‘Bag of-Words Model’. Bag of words cast the entirety of 

the efficient data in the words and the focal point of consideration is the events of 

words in the archive. This thing can be accomplished by allotting each word with 

an unmistakable number. With the length of the jargon of the natural words, any 

docs can be encoded as vectors having established length. With the pace of event 

of each word in the encoded report, in each position in the vector, the worth can 

be topped off. For example, the bag of words considers the sentences “ Today is a 

sunny day” , “It is cold today” . The BOW model creates a vector containing all 

the words from the two sentences. Based on its occurrence in the sentence a 

count is allotted to each word. This is the most basic method of assigning weight 



33 

 

to the data. It is not mandatory to use the BOW model, the term weighting factors 

used in the next steps are a modification to the BOW model. 

 

3.3.6 Term Weighting Factors 

 Weights for each words are assigned based on a predefined term weighting 

technique, these techniques are meant to meaningfully estimate the significance 

of each term within each document (Domeniconi et al., 2016). Term weighting is 

a technique that happens during the content ordering measure to evaluate the 

estimation of each term within the data. Term weighting is the task of 

mathematical qualities to terms that speak to their significance in a record to 

improve the retrieval. Basically it considers the general significance of individual 

words in a data recovery framework, which can improve framework adequacy, 

since not all the terms in a given textual values are of equivalent significance. For 

this research 3 types of term weighting factors will be considered. 

 

Term Frequency 

The recurrence of a term determines the frequency of a word. There are a few 

different ways of ascertaining this recurrence, with the least complex being a 

crude check of occurrence of a word shows up in a data. The term frequency (TF) 

simply calculates the number of times the word occurs in the data. 

 

tf(t, d) =  
𝑓𝑡,𝑑

𝑁
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where,  t is the term (word) , d is the document, f  is the frequency of the term 

and N is the number of words in the document. If the given sentence is  “ it is 

what it is”  the count of the words in this sentence is 5, hence the term frequency 

for ‘it’ will be 2/5 , “what” will be 1/5. Thus it simply measures the frequency of 

the term in the sentence. 

  

Inverse Document Frequency 

The inverse document frequency (IDF) of the word across a bunch of data 

calculates  how normal or uncommon a word is in the whole report set. The 

closer it is to 0, the more normal a word is. This measurement can be determined 

by taking the all out number of documents, partitioning it by the quantity of data 

that contain a word, and ascertaining the logarithm. So, if the word is normal and 

shows up in numerous reports, this number will move toward 0. Else, it will 

move toward 1. 

 

𝑖𝑑𝑓(𝑡) =  log (
𝑁

𝑑𝑓 + 1 
) 

 

where,  t is the term (word) , df is the document frequency and N  is the 

frequency of the words in the document. In the IDF common words as well as the 

stopwords are allotted the value of 0 since they provide no importance to the 

main theme of the textual data. 

 

TF-IDF 
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Multiplying the term frequency (TF) and the inverse document frequency (IDF) 

values gives the TF-IDF score of a term in a document. The term is considered to 

be more important to the document if the score of the TF-IDF is higher. TF-IDF 

is a measure that evaluates how pertinent a word is to a document. A word that 

occurs less frequently  in the corpus but more frequently in a document is 

assigned a high weightage. (Roul, Sahoo, & Arora, 2017) 

 

𝑡𝑓𝑖𝑑𝑓(𝑡, 𝑑) = 𝑡𝑓(𝑡, 𝑑) ∗  log (
𝑁

𝑑𝑓 + 1 
) 

 

where,  t is the term (word) , d is the document,  df is the document frequency,  N  

is the frequency of the words in the document and tf  is the term frequency. 

 

Word Clouds 

The importance of the words can be visualized using the word clouds, Word c 

Word Cloud is a procedure utilized for visualizing the message information in 

which the size of each word demonstrates its recurrence or significance (Shetty et 

al., 2019). Word cloud is an easy yet useful for visualization of the processed 

textual data.  Huge printed information focuses can be featured utilizing a word 

cloud. Also, colored clouds can indicate the varied importance of the words 

within the word cloud. Word mists are generally utilized for examining 

information from interpersonal organization sites.  
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Figure 3.7 Word cloud for TF 

 

The most important words highlighting the theme of the context is 

‘fluid’ and ‘ct’ which is highlighted and in bold in the TF word cloud. These 

are the most frequent words in the document. Similar method is used to 

identify the important words in IDF, but word ‘ddavp’ and ‘sdu’, forms of 

drug used to treat the disease, these words determine the most important 

words in the document since they are unique. 
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Figure 3.8 Word cloud for IDF 

 

The words ‘fluid’ from Term Frequency (TF) and ‘ddvap’ from Inverse Document 

Frequency (IDF) are still visible in the TF-IDF word cloud but the multiplication of the 

two results in the display of the words that are relevant to the context. 

 

 

Figure 3.9 Word cloud for TF-IDF 
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3.3.7 Word Vectorization 

Word Embeddings or Word vectorization is a technique in NLP to plan words 

or expressions from jargon to a comparing vector of numbers which used to 

discover word predictions, word likenesses/semantics. 

 

 

Figure 3.10 Word Vectorization in Rapid Miner 

 

The word vectorization for this research is carried out in Rapid Miner studio, 

where the same preprocessing has been carried out as python but with the 

variation of using Stemming over Lemmatization due to its simplicity and speed. 

The word vectors are created based on the three term weighting factors 

individually to compare each of them separately. The resultant is the class along 

with all the word columns with their respective weights for the class using the the 

term weighting factors such as TF, IDF or TFIDF. This technique helps in 

assigning numerical importance to each class for the calculation and prediction.  
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3.4 Modeling 

In this stage, diverse modeling techniques are picked and associated and their 

parameters are aligned to be optimized. Consistently, there are a couple of 

methodology for a similar data mining issue sort. A couple of methods have specific 

outcome on the type of data. Accordingly, the modeling stage is where the different 

models are applied to the data for the desired outcomes. For the data modeling stage, 

H2O framework is used. H2O is an open-sourced platform for machine learning, 

which is scalable and fast (Kochura et al., 2020). The modeling phase is divided into 

two parts for convenience.  The first part compares the vectorization techniques and 

the second half is the comparison between the machine learning models alongside 

the deep learning model for the ICD9 code prediction. 

 

H2O Framework 

H2O is a completely open source, dispersed in-memory AI stage with straight 

adaptability. H2O underpins the most broadly utilized factual and machine learning 

models including deep learning, bagging models, SVM and many others. H2O 

likewise has an industry driving AutoML usefulness that naturally goes through all 

the calculations and their hyperparameters to create a leaderboard of the best models. 

The H2O stage is utilized by more than 18,000 associations around the world and is 

widely used along with both the R and Python. 
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3.4.1 Modeling phase for the comparison of the vectorization techniques 

Modeling phase for the comparison of the vectorization techniques is done 

using the Distributed Random Forest (DRF) model, the performance factors are 

considered in order to choose the better vectorization technique for the next 

phase of comparison of different models. In this modeling phase, the word 

vectors from the Rapid Miner are used, 3 different word vectors are separately 

imported to H2O and are converted to H2O frame. The data is split into training, 

testing and validation set of (70 : 15 : 15 ratio). The data is then passed to the 

DRF model. 

 

Distributed Random Forest 

Random forest (RF) model is usually used for the classification problem. 

However this supervised learning algorithm can be used for both regression as 

well as classification. More trees add upto more robustness of this model. 

Decision trees are created on the sample values using the random forest algorithm. 

Theses trees predict an output and the best of the trees is chosen among all the 

decision trees. Inspite of having single tree output, the random forest uses the 

ensemble method which makes it more efficient than a using just a simple 

conditional based decision tree, because it helps in reducing the overfitting of the 

model while trying to average the inputs. 

Distributed Random Forest (DRF) is used mostly in classification or 

regression  related modeling. At the point when given a bunch of information, 

DRF produces a backwoods of regression or classification trees, instead of using 
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just one regression or classification tree. Every one of these trees is a learner 

based on a subset of values provided to it. More trees will decrease the fluctuation 

and create more precise decisions by reducing the variations. Both regression and 

classificiation take the average of the  outcomes over the entirety of their trees to 

make a prediction, regardless of whether the data is numeric or class based value. 

This is why, DRF is one of the prefarrable model choice for this research. 

Distributed Random Forest (DRF) constructs half the same number of trees 

for binomial problem, like Gradient Boosted Method (GBM): it utilizes a one tree 

to gauge class 0 (likelihood p0), and later calculates the likelihood of class 0 as 1.0 

to p0. For multiclass issues, a tree is utilized to assess the probability of each class 

independently. It parts on the segment and level that outcomes in the best decrease 

in residual sum squares (RSS) in the sub tree by then. It considers all fields 

accessible from the calculation. The utilization of row and column sampling will 

make every choice not consider all data points, and that this is deliberately to 

produce more strong trees. To locate the best level, the histogram binning measure 

is utilized to rapidly figure the expected MSE of every conceivable split.  

 

3.4.2 Modeling phase for the comparison of models to predict ICD9 code 

Based on the outcome of the best performance of the vectorization 

techniques, the word vector is chosen as the input data for the modelling. The data 

is then compared across DRF, Naive Bayes, GLM, GBM and Deep Learning 

models. 

 

Naive Bayes Model 
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It is a grouping strategy dependent on Bayes' Theorem with a supposition of 

independence among indicators. In basic terms, a Naive Bayes classifier expects 

that the presence of a specific component in a class is irrelevant to the presence of 

some other element. Naive Bayes model is simple to build and especially useful 

for large data. Alongside effortlessness, Naive Bayes is known to outflank even 

profoundly refined classification techniques. Bayes hypothesis gives a method of 

figuring back likelihood 𝑃(𝑐|𝑥) from 𝑃(𝑐), 𝑃(𝑥) and 𝑃(𝑥|𝑐).  

 

𝑃(𝑐|𝑥) =
𝑃(𝑥|𝑐)𝑃(𝑐)

𝑃(𝑥)
 

 

𝑃(𝑐|𝑋) =  𝑃(𝑥1|𝑐) ∗  𝑃(𝑥2|𝑐) ∗ … .∗ 𝑃(𝑥𝑛|𝑐) ∗  𝑃(𝑐)    

 

Where, 

𝑃(𝑐) -  prior probability of the class c. 

 𝑃(𝑥) -  prior probability of the predictor. 

 𝑃(𝑐|𝑥) - posterior probability of c class which is the target and x predictor is the 

attribute.   

𝑃(𝑥|𝑐) – probability of the predictor x when the class c is given.  

 

Naive Bayes classifiers is used in the research for the text classification since 

it works better with categorical data due to its independence rule which makes it 

more useful for the classification problem to predict the classes of the ICD9 
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codes. Bernoulli Naive Bayes approach is used because only 2 classes are used 

for this research. 

 

Generalized Linear Model 

Generalized Linear Model (GLM) can be used for both binomial as well as 

multinomial arrangement. For binomial grouping, the result can just have two 

levels; for multinomial, the result will have multiple levels. Genaralized Linear 

Models (GLM) are generally used for regression for exponential distribution. 

Along with the normal distribution, these incorporate Poisson, gamma and 

binomial distributions. Each fills an alternate need, and relying upon the 

distribution and functions, they can be used for classification based problems as 

well.  

A component 𝑓 for the dependent y is given by the density function  

𝑓(𝑦: 𝜃, ∅) has a probability distribution from the exponential family that is 

parametrized by ∅ and 𝜃. This cancels the implications on the distribution of the 

error and allows for homogeneity of the variance with respect to the mean vector. 

 

𝐸(𝑌|𝑋) = 𝑒−1 (𝑋𝛽) 

 

Where,  

 𝐸(𝑌|𝑋) is the conditional probability of Y on X 

 𝑋𝛽 is the linear predictor 

 𝑒−1 (𝑛) is the link function  
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The link function determines the relation between the linear predictor and 

mean distribution. In a binomial distribution, the expected value is np will be 

the probability to be predicted. The link functions differ based on the type of 

distribution. For this research, since only 2 classes are considered binomial 

distribution is used to count the occurrence of the classes ‘V053’ and ‘53081. 

Binomial Family Categorization is given by Logistic Regression, with 

outcomes of [0,1] and the probability distribution is denoted in this range 

denoting an S-curve.  

 

Figure 3.11 Logistic Regression S - curve 

 

 

�̂� = 𝑃(𝑦 = 1|𝑥) =
𝑒𝑥𝑇𝛽 + 𝛽0

1 +  𝑒𝑥𝑇𝛽 + 𝛽0
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Regularization in GLM solves overfitting that occurs while using 

GLM. In order to reduce variance of the prediction error and handle the 

correlated predictors. The common models used are ridge regression and 

LASSO (least absolute shrinkage and selection operator). For this research  

LASSO method is used, which can be attained on the H2O framework by 

setting the GLM hyperparameters of alpha to 0 and lamda to 1. LASSO 

represents the  penalty of the model. It is an alternative regularized least 

squares method in which the sum of the absolute coefficents is penalized. 

When a large tuning parameter is provided, sparse solutions are provided by 

LASSO.  

 

Gradient Boosting Machine 

Boosting is a method in which the weak learners are converted into strong 

learners. Each tree is derived from the changes made to the original data in 

boosting. The Gradient Boosting Machine (GBM) works on the AdaBoost 

algorithm where a decision tree is assigned equal weight initially. After the 

performance of the first tree is checked, the observations from lower level 

tress that are not easily classifiable have their weights increased to match the 

weights of the trees that have stronger observation. The tree therefore 

increases based on the weighted data provided to it. The predictions of the 

new tree is the addition of the new tree, where the classification errors from 

the new trees are used to derive other trees. The process is repeated till it 

reaches the mentioned iteration and the prediction of the residuals are made. 
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Thus, the prediction of the resultant model is an additive of all the previous 

predictions made by the trees. 

Gradient Boosting Machine (GBM) model is used for both 

Classification and Regression. It is a forward learning ensemble of weak 

predictions. The guiding heuristic generalizes these learning to optimize its 

output so that best predictive results can be achieved. The algorithm 

optimizes the differentiable loss function by iterating over the function that 

moves in negative direction of the gradient. 

 

ℎ𝑚(𝑥) = 𝑦 −  𝐹𝑚(𝑥) 

 

Where,  

 ℎ𝑚(𝑥) is the estimator 

 𝑦 − 𝐹𝑚(𝑥) is the residual 

 

With every iteration  𝐹𝑚(𝑥) tries to rectify the errors from its 

predecessors, moving in the negative direction of the gradient, till the 

optimum value is attained. 

 

Deep Learning 

Deep Learning is a part of machine learning that deals with problems inspired 

by the functioning  of the neural networks of the brain called artificial neural 

networks. Neural Network uses perceptron to receive the real numbers input 

then calculates weighted combinations to find output  (Ketpupong and 
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Piromsopa, 2018). An artificial neural network (ANN) with multiple layers in 

between its input and its output layers is known as the deep neural network 

(DNN) (Huang Yi et al., 2016). These Neural Networks consists of neurons, 

synapses, bias and weights that make up the algorithm. 

 

                          

Figure 3.12 Deep Neural Network  

 

DNNs are usually feed-forward networkswhere the data flows in a 

unidirectional manner from the input layer to the output layer and it cannot 

looping back. Firstly, the deep neural network (DNN) algorithm creates a 

structure  of virtual neurons and maps it to random weights values , forming a  

connections between the two. These weights are multiplied with the inputs 

are to return an output that lies between the range of 0 and 1. If the network 

cannot recognize a particular pattern, the weigths of the algorithm are 

https://en.wikipedia.org/wiki/Artificial_neural_network
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adjusted. That way the algorithm can make certain parameters more 

influential, until it determines the correct mathematical manipulation to fully 

process the data. Rectified Linear Unit (RELU)  is the most popular 

activation function  that is used by the deep learning model’s hidden layers. 

The working of this function is very basic, it takes inputs of both positive and 

negative values, hence if the input values are positive then 1 is the value that 

is returned or else for other cases the value returned is 0. This helps in solving 

the issues with the vanishing of the gradient  because  if the function value is 

0 the value is treated as a constant value and the derative of a constant value 

is 0. 

  

3.5 Evaluation 

The evaluation phase of the model is where the accurateness of the model is 

checked. An overview of the models is provided where the models are evaluated 

based on its ability to achieve the business goals and objectives. The performance 

of each models provided by H2O’s performance metrics are analyzed to choose 

the best performing models among. The models performances are primarily 

compared based on the accuracy, AUC, Confusion matrix and the ROC of the 

models (Ketpupong and Piromsopa, 2018). 

 

     Confusion Matrix 

The Confusion Matrix is a table where the four outcomes of the classes are 

plotted. It consists of the following :  

 

 Prediction ‘V053’ Prediction ‘53081’ 

Class ‘V053’  True Positive  False Positive 

Class ‘53081’ False Negative True Negative 
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Table 3.2 Sample Confusion Matrix 

 

The four outcomes are plotted in the table and determine if the classes are 

accurately predicted or not. 

 

 

     Accuracy 

 Accuracy is the models ability to correctly predict for the test data. The accuracy 

of a model can be calculated by dividing the number of correct predictions of the 

ICD9 code classes by the number of total predictions. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

If the ICD9 codes are correctly predicted to their given classes, then the 

accuracy of the model increseas. 

 

 

Receiver Operating Characteristic Curve (ROC) 

A  receiver operating characteristic curve (ROC) curve is a graph used for the 

evaluation of the model by checking the performance of a classification model at 

its thresholds. This curve plots two parameters: 

True Positive Rate (TPR) also called as the recall 

𝑇𝑃𝑅 (𝑅𝑒𝑐𝑎𝑙𝑙) =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

False Positive Rate (FPR) 

𝐹𝑃𝑅 =  
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
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The ROC curve plots a graph where the TPR is plotted against the FPR at 

different classification thresholds. A higher value of TPR suggests a better 

performing value and increases the area under the curve of the ROC 

Area Under the Curve (AUC) 

The Area under the Curve, as the name suggests is the area lying beneath the ROC 

curve. The AUC ranges from 0 to 1 and a better performing model has higher 

AUC. 

 

3.5.1 Cross Validation 

Apart from the performance, most of the models are prone to overfitting in 

which the model learns the behaviour of the data and predicts the outcome giving 

a false notion of high performance due to the high bias, to tackle this cross 

validation is applied on the models. Cross-validation is a method in which the 

skill of machine learning models is estimated. It is mainly used to compare a 

model for a predictive problem. In cross validation the data is resampled on a 

smaller data sample. The k-fold method involves a single parameter k which 

points to the number groups that the data must be split down into. This procedure 

is called as the k-fold cross validation. The ideal values for the k are between 5 to 

10. In H2O the n-folds hyperparameter is used to specify the cross validation of a 

model. 

The cross validation of a model works in the manner that when k is provided 

as an input, k+1 models are build. The first k models are built on the training set 

of the model, while the last model is built on the testing set from the split. Later 

the main model is built entirely on the training set data. This main model contains 

the data metrics which is the cross validation metrics, which can be used for the 

evaluation of the models. 
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3.6 Deployment 

Deployment is the stage is the final stage of the CRISP-DM methodology 

where data mining is used in real time applications. In this last phase of the Cross-

Industry Standard Process for Data Mining (CRISP-DM) methodology, the working 

of the model is put to work as a solution for the business problem. There is no 

deployment for this research since it focuses only on the comparative study, which 

has been analyzed in the previous stages of the CRISP-DM model. Although, it is 

possible to have a deployment stage in future in which the best fitting model and its 

vectorization techniques are chosen automatically as per the requirement of the 

project.  
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Chapter 4 Result 

 

In this chapter all the outputs and findings from the codes are analyzed. The 

model performances are compared. This chapter answers the business problems and 

infers the results that could answer the objectives and prove the hypothesis for the 

research. The main goal of this chapter is to find the best vectorization technique 

based on the evaluation and then compare various machine learning models and deep 

learning model to figure out if deep learning model performs well or not  and which 

model is the best model for the prediction of the ICD9 codes. 

 

4.1 Comparison of the vectorization techniques 

In chapter 2, visualization of the vectorization techniques were provided in 

which were wordcloud representation of the weigthing factors.  Based on the 

wordclouds an analysis could be made on the different weightage of the word but it 

is not enough to evaluate the performance of the vectorization techniques. Hence, 

three vector models were put to test using the Distributed Random Forest model to 

analyze the performance of the models. The performance of the models were 

analyzed based on the following: 

 

Accuracy  

 

Weighting Factor Accuracy 

TF 0.9433962264150944 

IDF 0.9372693726937269 

TF-IDF 0.9441340782122905 
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Table 4.1 Comparison of Accuracy for the weighting models 

 

Accuracy ranks the ability of the model to predict correct classes, based on the 

performance it is evident that using TF-IDF, the model is able to attain higher 

accuracy. 

 

ROC and AUC 

 

 

  

 

Figure 4.1 Comparsion of ROC of the weighting models 

  

The ROC compares the true positive rate versus the false positive rate, each of the 

models have achived a higher true positive rate, which covers larger amount of area 

under the curve. The AUC for TF, IDF and TF-IDF are 0.9650, 0.9645 and 0.9810, 

all of which show great performance, but again the AUC for TF-IDF has the best 

performance. 

 

 Based on the comparison of the three vectorization techniques, TF-IDF has 

better performance in accuracy, ROC and area under the curve. Hence, TF-IDF based 

vectorization is chosen for the analysis of different models. 
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4.2 Comparison of the machine learning models vs Deep Learning  

The TF-IDF based term vector model consists of data frame having the 

weighted columns these add importance to each words and based on this weightage 

the model classifies the ICD9 code to create predictions. Following are the 

performances of the different models : 

 

 

Distributed Random Forest 

 

MSE 0.06663287360797006 

RMSE 0.2581334414754703 

LogLoss 0.22748965869451823 

Mean Per-Class Error 0.07006144393241165 

AUC 0.9674961597542242 

AUCPR 0.9570420193429238 

Gini 0.9349923195084484 

Table 4.2 Performance Metrics of DRF 

 

The performance of the Random Forest is based on the multiple classification trees, 

based on the performance metrics, the AUC for DRF is around 0.96 which is 

considered as a good AUC score, the overall performance also is decent with MSE as 

low as 0.067, making this a good model for classification.  The confusion matrix 

shows that the model might be slightly inclined to the 2nd class.  

 

  1 2 Error Rate 

0 1 161.0 25.0 0.1344 (25.0/186.0) 

1 2 1.0 174.0 0.0057 (1.0/175.0) 

2 Total 162.0 199.0 0.072 (26.0/361.0) 

Table 4.3 Confusion Matrix of DRF 



55 

 

 

 

Genaralized Linear Model 

 

MSE 0.009693713862995036 

RMSE 0.09845665982042574 

LogLoss 0.0701230537805026 

Residual deviance 48.94589153879083 

AUC 1.0 

AUCPR 1.0 

Gini 1.0 

 

Table 4.4 Performance Metrics of GLM 

 

The performance of the Generalized Linear Model, in this case the Logistic 

Regression shows some ideal performance, but this could be a result of the model 

overfitting to the data, where the GLM  model has memorized the pattern of the 

given data. This could be an issue when new data has been introduced, hence a cross 

validation  of the model could predict the real performance of the model. 

 

  1 2 Error Rate 

0 1 186.0 0.0 0.0 (0.0/186.0) 

1 2 0.0 176.0 0.0 (0.0/176.0) 

2 Total 186.0 176.0 0.0 (0.0/362.0) 

Table 4.5 Confusion Matrix of DRF 

 

 

Naïve Bayes Model 

 

MSE 0.04011461318051576 

RMSE 0.20028632799199192 

LogLoss 1.3855096548101706 

Mean Per-Class Error 0.03825136612021862 
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AUC 0.9617486338797814 

AUCPR 0.9222222222222223 

Gini 0.9234972677595628 
 

Table 4.6 Performance metrics of Naive Bayes 

 

Naïve Bayes model performs classification based on the independence of the 

predictor and response columns by applying the Naïve Bayes Classifier algorithm to 

its performance is almost similar to that of the DRF with the confusion matrix again 

slightly inclined to the 2nd class.  

 

  1 2 Error Rate 

0 1 169.0 14.0 0.0765 (14.0/183.0) 

1 2 0.0 166.0 0.0 (0.0/166.0) 

2 Total 169.0 180.0 0.0401 (14.0/349.0) 

Table 4.7 Confusion Matrix of Naive Bayes 

 

 

Gradient Boosting Model 

MSE 0.0030268218492591334 

RMSE 0.0030268218492591334 

LogLoss 0.025085601489071897 

Mean Per-Class Error 0.0 

AUC 1.0 

AUCPR 1.0 

Gini 1.0 

Table 4.8 Performance metrics of GBM 
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The Gradient Boosted Model learns based on the approximation of its predecessor, 

thus obtaining the best possible outcome for the prediction, the overall performance 

looks very ideal and could be the best performing model so far. 

 

  1 2 Error Rate 

0 1 183.0 0.0 0.0 (0.0/183.0) 

1 2 0.0 166.0 0.0 (0.0/166.0) 

2 Total 183.0 166.0 0.0 (0.0/349.0) 

Table 4.9 Confusion Matrix of GBM 

 

Deep Learning 

MSE 0.00958507098421703 

RMSE 0.09790337575496072 

LogLoss 0.037356552683353916 

Mean Per-Class Error 0.0 

AUC 1.0 

AUCPR 1.0 

Gini 1.0 
 

Table 4.10 Performance metrics of DL  

 

The Deep Learning model used here is the Deep Neural Network where the several 

layers perform classification multiplying the weights with the input, based on the 

performance of the DNN it is evident that it has learned the pattern for classification 

of the data with the scores being ideal enough just like GBM but the RMSE and the 

logloss is comparatively higher than GBM indicating that the model could be 

overfitted, hence the cross validation for the model can determine the real 

performance. 
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  1 2 Error Rate 

0 1 179.0 0.0 0.0 (0.0/179.0) 

1 2 0.0 169.0 0.0 (0.0/169.0) 

2 Total 179.0 169.0 0.0 (0.0/348.0) 

Table 4.11 Confusion Matrix of DL 

 

The accuracy of each of the models are as follows :  

 

Distributed Random Forest Accuracy :  93.35260115606935 

Genralized Linear Model Accuracy :  100.0 

Naive Bayes Accuracy :  95.98853868194843 

Gradient Boosted Accuracy :  100.0 

DeepLearning Accuracy :  100.0 

 

The accuracy of each of the model is good enough. While DRF and NB have lesser 

than GBM, GLM and DL, it is almost impossible for any of the model to get an 

accuracy of 1.0 and correctly predict each and every classes perfectly. This strongly 

indicates that along with good performance there is also a high chance that each of 

the models have high variance. 

 

 

Cross Validation 

The k-fold cross validation method is used for this research with the k set to 5 for the 

models. The data is then split into 6 equal parts where the training is done on the 5 



59 

 

parts of the model and last part is meant for the testing of the data. This method is 

repeated 5 times while  increasing the test part by one until the test has been done on 

all parts. The performance of the models are tested on 2 parameters, the accuracy and 

the AUC after the cross validation. 

 

 

Model    

 

Accuracy AUC 

DRF 95.1149 96.4877 

GLM 96.8391 99.1141 

NB 91.092  91.3243 

GBM 96.5517 99.6529 

DL 88.5057 93.3837 

 
Table 4.12 Model Performance Comparison 

 

There is a significant decrease in the performance of few of the models; GLM, GBM 

and DL had shown perfect accuracy of 1.0  and  AUC of 1.0 as well. But after the 

cross validation, it is evident that the Deep Learning model did not perform well, 

which clearly indicates that it had overfitted in the earlier performance. Meanwhile, 

GLM and GBM are both well performing models, with GLM scoring high on 

accuracy where as the AUC  for GBM is higher. Based on previous performance, 

GBM is chosen as the best model for predicting the ICD9 codes. 
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Figure 4.2 Prediction of the ICD9 codes using GBM 

 

Thus, the prediction of the ICD9 code is made for the classification of the 

‘V053’ and ‘53081’ classes.  
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Chapter 5 Conclusions 

 

Thus, the objective of the research is achieved, where TF-IDF is the 

better vectorization technique as compared to TF or IDF. The DL model 

showed a strong performance before the cross validation, but fared poorly 

after, hence it can be said that the deep learning model is not better than the 

machine learning models. In comparison to machine learning models, the 

GBM and GLM models stood out with minor differences making GBM the 

best suited model for the prediction of the ICD9 code. 

 

 Future Work 

The future work of this research can include many other models that had not 

been used during this research and provide a detailed analysis of each models. 

For this research only 2 classes were chosen for convenience, the future 

models could include all the 15 models and provide accurate predictions of 

the multiple classes. An automated analysis of all the models can be made to 

choose the best fitting model. In case of the prediction of the ICD9 codes, 

deployment phase can be implemented where a user interface could be 

provided that intakes the user input and provides and automatic output with 

correct prediction of the ICD9 codes matched to the notes. Also, many other 

variations of text weighting factors are known, which could be used for 

weighting of the terms accurately based on its importance in the context. 
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Appendix –A 

1. Datasets used :  

• Idf_preprocessed : The preprocessed idf dataset created using Rapid Miner. 

• MIMIC_Balanced_Data_3750 : The main raw dataset used for this research. 

• Tf_preprocessed : preprocessed tf dataset created using Rapid Miner. 

• Tf_idf_preprocessed : preprocessed tfidf dataset created using Rapid Miner. 

 

2. Preprocessing of the document in Rapid Miner 
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3. Python code :  

• Dissertation_model_codes.ipynb : contains the python codes for 

processing and comparison of different models as well their results. 
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Appendix -B 

 

Contributors: Massachusettes Institute of Technology Affiliates 

Following is the certificate granted to use the MIMIC-III dataset. 
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Glossary of terms  

 

AI – Artificial Intelligence 

API – Application Program Interface 

AUC – Area Under the Curve 

BOW – Bag Of Words 

CRISP-DM - Cross-Industry Process for Data Mining 

DRF – Distributed Random Forest 

DNN – Deep Neural Network 

EHR – Electronic Health Record 

FPR – False Positive Rate 

GBM – Gradient Boosting Method 

GLM – Genaralized Linear Model 

ICD9 – International Classification of Diseases, Ninth Revision 

ICF - Inverse Category Frequency 

IDF – Inverse Document Frequency 

IE – Information Extraction 

IHD - Ischaemic Heart Disease 

LASSO - Least Absolute Shrinkage And Selection Operator 

LSTM – Long Short Term Memory 

MIDF – Modified Inverse Document Frequency 

ML – Machine Learning 

MSE – Mean Squared Error 

NHS – National Health of Scotland 

NLP – Natural Language Programming 

NLTK - Natural Language Toolkit 

NN – Neural Network 

RF – Relative Frequency 

RNN – Recurrent Neural Network 

ROC – Receiver Operating Characteristic Curve 
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RSS – Residual Sum Square 

SVM – Support Vector Machine 

TF – Term Frequency 

TF-IDF – Term Frequency Inverse Document Frequency 

TPR – True Positive Rate 

T-SNE – T- Distributed Stochastic Neighbour Embedding 

UMLS – Unified Medical Language System 

WIDF – Weighted Inverse Document Frequency 

 


