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Abstract 

The Intensive care units (ICU’s) of a hospital comprise a large share of the health care budget 

as today’s lifestyle habits and environmental conditions contribute to the onset of chronic 

diseases. High risk patients in ICU require extensive monitoring and direct attention from 

healthcare providers. Improving the quality, efficiency, and effectiveness of healthcare 

provision is an issue of huge importance. Recent technological advances in machine learning 

have resulted in innovative solutions for the healthcare industry. This research evaluates state 

of the art deep learning against traditional machine learning algorithms for predicting patients 

most at risk in critical care. The proposed deep neural network classifier outperforms the 

traditional methods such as Logistic Regression, GLM, Naïve Bayes, Random Forest and 

Decision Tree in terms of accuracy, precision, recall, specificity, AUC, and training time. The 

best performing state of the art deep learning model has an accuracy of 97%. 
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Chapter 1 - Introduction 

 
1.1 Background: 

In the Intensive Care Unit (ICU), the most seriously ill patients are diagnosed and treated in a 

hospital. ICUs have advanced medical resources with a high staff to patient ratio. Those at 

higher risk would be in immediate need of extensive monitoring and direct attention from 

healthcare providers. Hence, evaluation of critical deterioration risk for ICU patients has drawn 

much interest from healthcare providers, due to its importance in saving patients’ lives. The 

significant objectives of ICU are to recover the patients from their illness and to improve patient 

safety through the better determination of treatment criteria and risk factors. 

Presently health care organizations are met on research techniques for improving the capability 

of the treatment for critically sick patients in ICU. The concept of providing cost-effective 

intensive care has now generalized to all developed countries, becoming a major interest of 

clinicians, hospital administrations, health care managers, medical economists, and 

governmental policymakers. 

Monitoring the levels of proteins, enzymes, minerals, tests, oxygen levels, blood cell count, 

Arterial Pressure, weight, temperature, etc., of the patient is important. As the monitoring levels 

indicate the risk in patients, High/less than the required amount; however, the ability to estimate 

the risk of adverse outcomes using existing illness severity scores is limited. Using the available 

data, we aimed to develop a more accurate model of risk prediction using deep learning. 

 

1.2 Business Background 

Healthcare data is playing a crucial role which is differentiating by having a huge amount of 

data and moreover leading the industry to the future. Precision medicine can be customized to 

each patient’s exact needs. The patient’s health risk in critical care aims at predicting by 

analyzing the MIMIC-III data and clinical care data retrieved from RapidMiner. This research 

is conducted using the computational model to predict the patient’s health risk. 

Research Question: Evaluating deep learning model against traditional machine learning 

algorithms for predicting patient most at risk in critical care. 

Aim: Comparison of deep learning versus traditional machine learning methods for the 

prediction of patients most at risk in critical care. 

Objective: Improving patient care by identifying the patients most at risk from the monitored 

data.  

Hypothesis: Deep Learning will outperform traditional machine learning approaches. 

1.3 Scope 

The algorithms used for this research proposal are deep learning, machine learning approaches 

such as Generalized Linear Model (GLM), Logistic Regression, Decision Tree, Naïve Bayes, 

Random Forest. 
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1.4 Limitations  

To perform deep learning model very fast, it requires minimum of 16GB memory or RAM, 

highly configured processor and always better have a small size SSD and a large HDD where 

SSD’s are preferred to store and retrieve data that is actively used, on the other hand, HDD 

used to store data that is used in future. The limitations of traditional approaches are discussed 

in the chapter 5 – Discussion section. 

 

1.5 Research Plan 

The following is a research plan for implementing the dissertation project: 
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Chapter 2 - Literature Review 

The current research done for high-risk patients’ prediction is studied to identify the best 

prediction classification techniques. It is a difficult task to determine which are the best models 

either deep learning algorithms or traditional machine learning algorithms to classify the data. 

For better understanding, the following research articles and books were referred. 

(Nithya and Ilango, 2017) did the study on various prediction techniques and tools for machine 

learning in various domains and discussed the prominent role in the healthcare industry by 

predicting cardiovascular disease, diabetes predictions, Hepatitis Disease, cancer using various 

machine learning algorithms. They produced the report on extensively used algorithms for the 

model of the machine learning algorithm and describes the features that define the importance 

of tools that makes the machine learning faster, easier. This research recommends that machine 

learning and predictive analytics techniques could transform the entire healthcare industry by 

offering accurate insights and predictions related to symptoms, diagnoses, practices, and 

medications. 

(Ta et al., 2018) in a report describes the development and implementation of machine learning 

predictive model to identify the patients who are at risk from the nationwide for admission 

prevention. The system architecture comprises three key components namely, Business 

Research Analytics Insights Network (BRAIN), National Electronic Health Record (NEHR) 

and Care and Case Management System (CCMS). BRAIN is the central piece of the Hospital 

to Home (H2H) prediction tool system, which is segregated into development and 

implementation with similar system configurations which cut down the deployment time and 

efforts. It also supports the operational needs of the healthcare sector by generating and 

disseminating patient risk scores, reports and dashboards. NEHR is the main source of data for 

this research, which integrates information from multiple sources and is extracted, harmonized 

and linked onto BRAIN. CCMS is used to view the high-risk patient list and enrolment. 

This research uses the matrix-based performance of the predictive model- sensitivity, Positive 

Predictive Value (PPV) and Area-Under-Curve (AUC). They implemented different models 

such as Gradient Boosting Machine, Lasso, Random Forest, and Logistic Regression. Out of 

which Gradient Boosting Machine has the highest AUC (95% CI) of 0.79 and sensitivity (PPV 

set at 70%) of 0.39. 

(Dahiwade, Patle and Meshram, 2019) designed the disease prediction model using a machine 

learning approach. This study uses the patient disease dataset from UCI machine learning 

which has general disease prediction, the living habits of the patient and check-up information. 

They proposed two machine learning algorithms namely, Convolutional Neural Network 

(CNN) and K-Nearest Neighbour (KNN) to predict the disease based on the symptoms. CNN 

(approximately 97%) achieved better accuracy than the KNN (around 95%) algorithm. And 

KNN took more time and memory requirements than CNN. This report concludes that CNN is 

better than KNN in terms of accuracy and time. 

(Zebin and Chaussalet, 2019) illustrate the study on the design and implementation of a deep 

recurrent model for the prediction of readmission in critical care using electronic health 

records. This article predicts the unexpected readmissions to the Intensive care unit (ICU) from 

an openly available dataset called MIMIC-III. They used multiple model structures including 

bidirectional LSTM, CNN, and various sequences to automate the feature extraction process 
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and proposed a heterogeneous LSTM+CNN model that was implemented using python Keras 

library with TensorFlow back end. The proposed predictive model outperformed all the 

benchmark classifiers such as SVM, random forest and logistic regression models on the 

performance measures except recall, whereas random forest performed slightly better. 

Predictions from these methods will help in source planning and decrease mortality or length 

of stay in clinical care settings. 

(Vairavan et al., 2012) conducted research on mortality prediction in an intensive care unit. 

The dataset obtained as a part of the PhysioNet/Cinc Challenge 2012 for this study. They 

proposed an algorithm with a combination of logistic regression and Hidden Markov models 

using vital signs, laboratory values, and the fluid measurements which commonly available in 

ICUs. The proposed algorithm was trained on 4000 patients of ICU and validated across two 

different sets of 4000 ICU patients. The tool used for this proposal is the Simplified Acute 

Physiology score (SAPS-I) which is used to improve the quality of intensive care and to 

determine the appropriate diagnostic plan for every patient. The performance of the algorithm 

was assessed using two different metrics, namely, Event1 (minimum of sensitivity and positive 

predicted value) and Event2 a goodness of fit measure (range-normalized Hosmer-Lemeshow 

(H) statistic). The model achieved an Event 1 score of 0.50, 0.50 and an Event 2 score of 15.18, 

78.9 which is compared with the SAPS-I (Event 1: 0.3170, 0.312 and Event 2: 66.03, 68.58) 

in two different sets of validation dataset. The proposed model outperforms the commonly used 

critical illness severity assessment rating, SAPS-I. 

(Miao et al., 2018) proposed the comprehensive risk model for research to predict heart failure 

mortality by using an improved random survival forest (iRSF).  In this report, they introduce a 

novel split rule and stopping criterion where the proposed iRSF identifies the improved 

discriminative variables that separate survivors from non-survivors from a small population. 

This study uses the MIMIC-II clinical database with 8059 patients, 32 risk factors include 

demographics, clinical laboratory data, and medications which are analyzed to develop the risk 

model for patients with heart failure. This proposal is compared with the previous studies, 

where critical laboratory predictors were identified and their inherent effects on events which 

determines the most at risk for predicting failure mortality with respect to iRSF. The proposed 

model (iRSF) is compared with the RSF model, where the iRSF is performed superiorly with 

an out-of-bag C-statistic value of 0.821 and this model is served as a tool for clinicians for 

predicting the hospital mortality with heart failure patients.  

(Li and Li, 2018) proposed the study to predict the patient’s health risk using big medical data. 

To predict this proposal, the big medical data used is highly complex and heterogeneous; they 

normally contain a huge amount of unstructured data, such as text documents, audio voice, and 

email messages; they may have lots of missing values. To address these challenges, this study 

proposed an approach that seamlessly integrates deep neural network (DNN) with collaborative 

filtering (CF) to predict the health risk of the patient. Especially, we estimate missing values 

based on the patient’s similarity using CF which tightly couples the model and probability 

matrix factorization that utilizes the huge information hidden in the data. Then DNN is applied 

to predict the health risks. This proposal evaluated the proposed model using a real-world UCI 

dataset which contains the diabetes readmission hospital records. The performance of the 

proposed algorithm is measured based on metrics such as accuracy, precision, recall, micro-

averaged F1and macro-averaged F1 and compared it with classification approaches, namely 

SVM, Decision Tree, and Naïve Bayes. It is observed that Collaborative Filtering-Enhanced 
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Deep Learning (CFDL with 88% accuracy) outperformed many other approaches (SVM:87% 

accuracy).  

(Che et al., 2017) explain the study of exploiting deep learning techniques and their 

applications in healthcare. This report proposed a deep learning framework that can boost risk 

prediction performance with limited Electronic Health Record (EHR) data. The proposed 

model takes a modified generative adversarial network called ehrGAN, that provide likely 

labeled EHR data by mimicking the real patient records, which augment the training dataset in 

a semi-supervised learning process. This study uses a generative model along with the 

convolutional neural network (CNN) created on the prediction model to improve the onset 

prediction performance. This survey conducted the experiments on two real healthcare datasets 

namely, heart failure and diabetes cohorts and demonstrate that proposed framework (CNN) 

that improves the generalization power and are compared with logistic regression (LR), SVM, 

random forest (RF),  recurrent neural network models using gated recurrent units (GRU) and 

LSTM.  CNN model achieved significant improvements than classification tasks with 

generated data over several state-of-the-art baselines. The other two deep models worked well 

but do not beat CNN. 

(Poucke et al., 2016) to report on the proposed integration of the MIMIC-II database in 

RapidMiner, which enables scalable predictive analysis of clinical data from critically ill 

patients using a visual, code-free environment. The major benefit of using a visual data analysis 

platform tool is to integrate seamless manipulation, data extraction, pre-processing and 

predictive analytics of the high volume of data without writing a single line of code. The 

proposed system has the potential to put cutting edge analytical tools at the hands of health-

care domain experts, finally leaving the gap between potential and actual data usage. Some of 

the scalable predictive analytics and visual open platforms suggested in this report are 

MapReduce, Hadoop, Hive, Mahout, Spark, RapidMiner, WEKA, KNIME (Konstanz 

Information Miner). This approach enables the development of Digital Research Environments 

(DRE) which contains data lakes that attract platforms in research facilities throughout the 

world. The proposed environment developed the robust processes, for automatic building 

models, parameter optimization and evaluation and demonstrated a prognostic value of platelet 

count in critically ill patients by using ETL on Hadoop and predictive modeling in RapidMiner. 

These processes are easily adapted to other projects and the environment is favorable for 

scalable predictive analytics in health research. 

(Gajare and Sonawani, 2018) demonstrate the study on improved automatic feature selection 

techniques to predict health risk. In this paper, the feature selection approach is applied to 

Electronic Health Record (EHR) dataset which includes demographics, lab tests & results, 

medical history, habits, etc. It contains a load of data that is handled properly where Feature 

Selection is used to select relevant data from the dataset. This study uses Logistic Regression 

to improve the loss functional parameter that increases the accuracy, response time and 

performance of the system. The scores calculated using representation learning which enables 

the selected features of the feature vector. Finally, they proposed the Deep Neural Network 

(DNN) by using associated parameters to estimate the risk prediction. In DNN, improved 

transfer learning is done to predict pattern recognition. Therefore, the proposed model predicts 

risky parameters with more accuracy. 
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(Ghosh et al., 2016) state appropriate clinical diagnosis is extremely important in an ICU, since 

quick changes in patient’s conditions may cause instability in physical health resulting in 

immediate medical interventions. To activate immediate medical intervention conventional 

early warning monitoring systems were used which works on the existing embedded set of 

predefined clinical rules, such as vital signs data. In such cases, it is important to monitor the 

early warning signs. In this article hemodynamic monitoring was used to estimate the streaming 

levels of blood pressure in ICUs. This study aimed to identify the discriminative hemodynamic 

sequential patterns using a novel data mining method for the risk stratification in ICU patients. 

These patterns are later used to differentiate hypotensive episodes from normotensive cases.  

Contrast pattern mining technique was applied to generate predictive alerts for hypotensive 

episodes in ICU in the area of critical care informatics. For validation of the method in 

predictive alerts, a large-scale MIMIC-II database was used following appropriate clinical 

inclusion criteria. Initially, blood pressure time series of symbolic sequences converted to a 

symbolic aggregate approximation algorithm, then distinctive subsequences were identified 

using the sequential contrast mining algorithm. These subsequences helped to predict the 

occurrence of an AHE in a future time window separated by a user-defined gap interval. 

Finally, methods performed well in predicting as well as in generating the sequential patterns 

of clinical importance. So, from this study, it is clear that the novelty of sequential patterns is 

a potential physiological biomarker for building ideal patient risk stratification systems. Also 

for further clinical examination of exciting patterns in critical care patients. 

(Chen et al., 2015) postulate that annually 8-19 percent of the people admitted to ICU is facing 

death. So the prevention of deaths has been always a challenge. Due to the rise in electronic 

health records systems, predictive models and visualization of the mortality rate have been 

reducing. As predictive modeling can assist in predicting the risk factors of the patient’s health 

outcomes and visualization of data in ICU is important to implement quick interventions. The 

author states that the little work is done in an interactive tool granted towards mortality 

prediction. To demonstrate the utility used MIMIC-II ICU data set 1, of 31855 patients and 

used machine learning toolbox for mortality related predictive modeling and visualization. The 

authors covered three areas visualizing the raw ICU time series data, attempts to address 

combined and predictive modeling for ICU mortality. Results calculated using prediction task 

setup (0,1), used logistic regression implementation and logistic regression results. Then the 

results identified that shock and cancer patients have more possibility of mortality in ICU. 

Finally, the explICU web service proposed in this study, which hosts EHR data, displays 

timelines of patient actions depending upon the user-specified preferences. performs predictive 

modeling in the back end and displays results to the user via intuitive and interactive 

visualizations. 

 (Chen and Yang, 2014) focused on the mortality rates of ICU in the USA using health care 

records. To handle the problems in ICU sets, they developed the postsurgical decision support 

system with a series of analytical tools, data pre-processing, including data categorization, 

feature selection, feature extraction, and predictive modeling. In this study, the MIMIC-II data 

set was used to evaluate and validate the methodology. The dataset was segregated into set A 

and set B and each set consists of 4000 patients’ records collected from 48 hours of ICU stay. 

The predictive models are only based on set A, and mRMR scores of all features were extracted. 

Finally, this study developed the data-driven ICU decision support system, including the 

variables heterogeneity, patient heterogeneity, and time synchronization. Results showed that 
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data-driven analytics for improving the prediction of ICU mortality risks and post-surgical 

monitoring for patients will considerably decrease the mortality rates in ICU. 

(Johnson et al., 2016) illustrate that three primary challenges in health care as 

compartmentalization, corruption, and complexity. In their study highlighted using machine 

learning in facing the three challenges. In Compartmentalization the main challenges identified 

were the privacy of the data, integration of the data as one entry and lack of the data harmony. 

Under the corruption, removal of untrusted data and Erroneous data identified false alarms in 

ICUs was obtained, also the importance of accurate data to obtain a prediction, observation on 

the patient's needs, missing data on another factor mentioned to obtain accurate data and 

prediction of the disease in ICU. However, in this study, it is stated that the data collected in a 

large amount is needs with better algorithms. Algorithms in domains such as aircraft health 

monitoring or finance, researchers will specifically collect data for the purpose of analysis. 

Whereas in ICUs machine learning is treated as secondary data collection purpose than the 

analysis. This study identifies the data collection needs routine clinical care entries with 

accurate data entries. Advancing data management systems that improve the clinical workflow 

and accurate data collection and recording should be used. In the MIT-BIH arrhythmia 

database, galvanized manufacturers into reporting, and consequently improving the 

performance of their algorithms on ECG signals with arrhythmia will recover the mortality 

prediction rate in ICUs. 

(Li et al., 2018) in a recent study generated models from clinical notes of the patents in the first 

24 hours of ICU treatment, the data was extracted from MIMIC-III.  In total five supervised 

learning classifiers and knowledge-guided deep learning architecture were used to construct 

prediction models. From the clinical notes, authors generated clinically meaningful words and 

concepts representations and embedding, respectively. Through their research, it can be 

suggested that natural language processing in clinical notes can be applied to assist the 

clinicians to identify the risk of acute kidney injury in patients admitted to ICU and the KDIGO 

AKI criterion was used to obtain AKI status. Limitations in this work are, the database 

investigation was from the MIMIC III database so further work on more datasets is needed. 

Moreover, I have only adopted Knowledge-guided CNN as a deep learning framework. 

However, the article suggests further research invalidation of the model and evaluation for 

identifying the risk in patients during early admission in ICU. 

(Panicacci et al., 2018) state that several companies and institutions are testing models to 

predict the risk of hospitalization or death. So, In this study author aimed to study and validate 

the machine learning algorithms to predict the possibility of death or hospitalization from 

administrative and social-economic data. This study was supported by the local health unit of 

central Tuscany by involving in the study. The study used data collected from 2010 to 2014, to 

make predictions for 2015. Various machine learning algorithms were used to solve the binary 

classification. Each algorithm, the tuning of the parameters was used to maximize the positive 

predictive ratio. Data mining process included in the data preprocessing, training of the 

algorithms and the evaluation of results. Finally, this paper presents the performance, 

evaluation of several machine learning algorithms to solve the binary classification problem by 

identifying high-risk patients in the population and by analyzing different sources of 

administrative and socioeconomic data. From the tested algorithms the best models in terms of 

PPR and F1-Score result to be Random Forest and LASSO. Since these tools are considered 
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for the first level of screening, the resulting list of patients is expected to be further analyzed 

by the GPs to extract the final list of patients to be provided with specific treatment plans. 

(Jalali et al., 2016) postulated a novel algorithm with successful integrated expert physiological 

knowledge in a CI-based CDSS for providing accurate decision making to predict ICU 

outcomes. Previously, research studies also used CDSS systems but implemented for ICU 

effect prediction. However, these methods are costumed to a very specific dataset. The other 

researches also ignored available physiological knowledge, hence making the results 

unfavorable to the clinicians. The data used for developing the outcome prediction algorithm 

is gathered from the publicly available Physionet database which consists of 4,000 patient who 

was admitted to ICU and they all were adults. In the data, not all variables are available, so the 

author has taken six variables as general for which multiple observations are available. Finally, 

the results in this article postulated that the current acuity scoring systems can perform well in 

detecting very sick patients. They fail to detect the patients that are at high risk for serious 

deterioration but are not critically ill. The algorithm that presented was able to outperform 

standard acuity scoring systems in the ICU such as SOFA and SAPS by more than 45%. 

However, it has successfully integrated the physiological knowledge in the design of an 

algorithm to make it more clinically intuitive and to improve the accuracy of the predictions. 

From the above literature, it is proof that the current study performed between different models 

is determined based on the overall performance of those models. Many of the researchers have 

been compared different machine learning approaches, deep learning models and even the 

hybrid models using MIMIC-III dataset or other datasets. Most of them found that deep 

learning models outperformed the traditional approaches in terms of accuracy, recall, 

specificity, and precision, whereas one of the traditional methods slightly performed then also 

there is some bottleneck which takes more time or the memory requirements than compared to 

deep learning. So, we conduct existing research on deep neural networks, is implemented by 

python with Keras, R using H2O, and a visual open predictive analytics platform called 

RapidMiner Studio is used for this research as no research journals implemented the research 

on three platforms for the same. The following models chosen and applied for this study are: 

1. Deep Learning/DNN 

2. GLM 

3. Logistic Regression 

4. Decision Tree 
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Chapter 3 - Methodology 

3.1 Tools used: 

The tools used in this methodology are R, Python, RapidMiner Studio, Tableau.  

RapidMiner is used for balancing the data which is imbalanced and used to predict the patient’s 

health risk and helps us to compare the results of traditional machine learning algorithms with 

deep learning using the Auto Model.  

Data Preparation with python and pandas.  

Tableau is used for data exploration which helps us to analyze the data.  

Deep Learning is implemented using H2O using R and Python with Keras.  

 

3.2 Research Methodology: 

The methodology used for this research is the CRISP-DM (Cross-Industry Standard Process 

for Data Mining) process. This procedure delivers a structure for the research that promotes 

better and quicker results. CRISP-DM model comprises of six phases. The figure below 

describes the life cycle of the CRISP-DM process. 

Fig 3.1 CRISP-DM 

 

 

The six phases of CRISP-DM Model are: 

1. Business Understanding 

2. Data Understanding 

3. Data Preparation 

4. Modeling 

5. Evaluation 

6. Deployment 
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These phases are explained in detail with respect to research. 

1. Business Understanding: 

This phase has been explained in Chapter 1 - Introduction section. 

2. Data Understanding: 

The data is collected from two sources – MIMIC-III and RapidMiner Studio for this research 

which is explained briefly below. 

Medical Information Mart for Intensive Care III (MIMIC-III) is a large, freely accessible 

critical care database that is developed by MIT Lab. This database consists of health-related 

data with ~60,000 intensive care unit admissions which contain information such as ss, 

caregiver notes, imaging reports, and mortality. 

From RapidMiner Studio, this data talks about patient monitoring levels such as proteins, 

enzymes, minerals, tests, oxygen levels, blood cell count, Arterial Pressure, weight, 

temperature, etc. 

After analyzing MIMIC-III data and clinical care data retrieved from RapidMiner, the collected 

data consists of 87 attributes and 7678 rows which are used to predict the patients’ health risk 

in critical care. These 87 attributes describe the patients monitoring levels of proteins, enzymes, 

minerals, and some other vital signs. 

The attributes present in the dataset are: 

Fig 3.2 Attributes present in the dataset before processing 

 

From all the attributes, ‘label’ is the dependent variable on the other 86 independent variables. 

The 86 attributes are of ‘real’ type whereas the dependent variable “label” is a ‘nominal’ type 

which is in the form of 0’s and 1’s where 0 = no risk and 1 = at risk. This dataset can generate 

a predicted class ‘label’ using the classification model, which is in the form of a discrete 

category. 

While understanding the data more closely, the distribution of examples across the class label 

is not equal i.e., there is an imbalance in the output label known as “Imbalanced 

Classification”, which refers to a classification predictive modeling that may affect the results 
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in the further stage. There are several methods used to treat imbalanced datasets using 

Undersampling, Oversampling, Synthetic Data Generation, Cost-Sensitive Learning. So, this 

can be rebalanced in the next phase called data preparation. 

 

Fig 3.3 Imbalanced Classification on dependent variable label

 

 

3. Data Preparation: 

Data Preparation is a significant step, it is a process of cleaning and transforming raw data 

before processing and analysis. In order to eliminate bias from poor data quality and get 

meaningful insights, it is an essential prerequisite to put the data in context. This process 

usually includes standardizing data formats, enriching source data, and/or removing outliers. 

Fig 3.4 Data Preparation 
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The Imbalanced Classification is balanced using RapidMiner. The following figure describes 

the balancing of data: 

Fig 3.5 Balancing the data

 

 

The above figure performs as follows: 

• Firstly, retrieve the data, then append it together using ‘Append’ operation which builds 

a merged example set from two or more compatible example sets by adding all 

examples into a combined set.  

• To balance the data, use the ‘Rebalance’ operator and then attach it with the append 

operator. This operator creates a process within a process. Every Time a Subprocess 

operator is made through a process execution, first, the entire subprocess is executed. 

Once the subprocess execution is completed, it will return to the parent process. 

• After performing a Rebalance operator, it will store the IO object in a data repository 

using the ‘store’ operator and connect it with the result. 

The below figure works as follows: the subprocess creates the copy of parent process object, 

then generates the filtering options such as taking filter positives parameter as label=0, whereas 

filter negatives parameter as label=1 (which is used to select which examples of a 

corresponding set are kept and remaining are removed). Further, we use to sample from the 

corresponding set randomly. The size of a sample can be specified on an absolute, relative and 

probability basis. Here the sample parameter is set to ‘relative’ which creates the fraction of 

the total number of examples in the corresponding set. Then merge the filtering options using 

the ‘Append’ operator and make a new copy of the example set in the main memory using 

‘shuffle’ operator. 
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Fig 3.6 Subprocess of Rebalance operator

 

 

After balancing the data, there are 87 attributes and 2,733 rows.  

Data Cleaning is traditionally a time-consuming task, but it plays a crucial role in removing 

faulty data, filling/removing the missing values, conforming data to a standardized pattern.  

Transforming data is the process of preparing the data more understandable by a wider 

audience. Enriching data refers to adding together and connecting information with other 

related data to provide deeper insights. 

 

4. Modeling: 

Artificial Intelligence (AI) is a bigger umbrella group in which machine learning falls and deep 

learning falls under machine learning. Therefore, while everything that is considered as deep 

learning or machine learning is part of the artificial intelligence field, not everything that is 

machine learning will be deep learning.  
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Fig 3.7 Relationship of AI, Machine Learning, and Deep learning

 

Deep Learning: 

Deep learning is the most exciting and powerful branch of Machine Learning. The “deep” part 

of deep learning is a technical term and it stands to the number of layers or segments in the 

“network” part of “neural networks”. Deep Learning models can be used for a variety of 

complex tasks such as: 

 Artificial Neural Networks (ANNs) for Regression and Classification 

 Convolutional Neural Networks (CNNs) for Computer Vision 

 Self-Organizing Maps for Feature Extraction 

 Recurrent Neural Network (RNN) used for one-dimensional sequence data such as 

translating English to Chinses or a temporal component such as text transcript 

 Deep Boltzmann Machines for Recommendation Systems 

 Auto Encoders for Recommendation Systems 

 As for autonomous driving, it is a hybrid neural network architecture 

Fig 3.8 Deep learning Architecture
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Artificial Neural Network (ANN) 

An ANN is a supervised learning algorithm which means that provide it the input data 

containing the independent variables and the output data that contains the dependent variable. 

Whereas, supervised learning problems are categorized into "regression" and "classification" 

problems. In a classification problem, we are trying to predict results in a discrete output. In 

other words, we are trying to map input variables into discrete categories. In a regression 

problem, we are instead trying to predict results within a continuous output, meaning that we 

are trying to map input variables to some continuous function.  

The ANN was implemented using a three-layer backpropagation architecture. The three layers 

are namely an input, hidden and output layer. Each layer consists of certain elements called 

neurons. The above figure Fig 3.8 is a representation of an ANN structure. Once input is given 

to the network, it is passed through several pre-defined hidden layers which helps in finding 

the patterns or classifying the data into some valuable output which is then passed to the output 

layer. The process of the flow of data from input to output layer is called forward propagation 

and when the data is passed back again to the input layer from the output layer in order to 

develop better results from the algorithm, the process is called backpropagation. 

let’s discuss basic terms in a neural network: 

Neuron: This is how a neuron looks like and there will be millions of neurons in the human 

brain connected with each other, which is the prime example of a neural network. The basic 

idea behind a neural network is that we are trying to create artificial neurons in order to mimic 

the human brain.  

 

Fig 3.9 Neuron
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Artificial Neuron: 

An artificial neuron is a mathematical function, which is based on a model of biological 

neurons, where each neuron takes inputs, weighs them separately, sums them up and passes 

this sum through a nonlinear function to produce output.  

Fig 3.10 Artificial Neuron 

 

Let us assume the terms which transform biological neuron to artificial neuron: 

Cell nucleus (Soma) -> Node 

Dendrites -> input 

Synapse -> weights or interconnections 

Axon -> output 

• The main characteristic of Artificial neuron is every neuron holds an internal state 

called activation signal. 
 

Activation Function: 

The activation function of a node defines the output of that node given an input or set of inputs. 

(OR) The function used in a neuron is generally termed as an activation function. And the 

passing of the signal through neurons depends on this function. It is also known as Transfer 

Function. 

There have been 4 major activation functions: Sigmoid, RELU, Leaky RELU, Hyperbolic 

Tangent functions. 

• In the sigmoid function, we use logistic regression. It is a very smooth function. 

Anything value below zero, it drops off and if the value is above zero the function 

approximates towards 1. This function is very useful in the output layer. The value 

range is 0 to 1. 

Equation: 

𝐴 =
1

(1 + 𝑒−𝑥)
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• Tanh function is also known as the Hyperbolic Tangent function, which works almost 

better than the sigmoid function. Both are similar and can be derived from each other. 

This function usually used in hidden layers of a neural network as its values lie 

between -1 to 1 hence the mean for the hidden layer comes out be 0 or very close to it, 

hence helps in centering the data by bringing mean close to 0. This makes learning for 

the next layer much easier. 

       Equation: 

tanh(𝑥) =
(𝑒𝑥 −  𝑒−𝑥)

(𝑒𝑥 +  𝑒−𝑥)
 

• RELU stands for the Rectified Linear Unit, which is implemented in the hidden layers 

of the neural network and the most widely used activation function. In simple words, 

RELU learns much faster than sigmoid and Tanh function. The value range is [0, inf). 

Equation: -  

𝐴(𝑥) = max (0, 𝑥) 

It gives an output x if x is positive and 0 otherwise. 

 

• Leaky RELU is an attempt to solve the dying RELU problem and it introduces a small 

slope to keep the updates alive. 

Equation: -  

𝐴(𝑥) = max (0.001𝑥, 𝑥) 

 

 

Fig 3.11 Activation Functions
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How does the neural network learn? 

 

Fig 3.12 Neural Network Understanding

 

 

The above diagram works as follows: 

 The information is entered the input layer and then is propagated forward to get output 

values (y hats), those are compared with actual values that are we have in a training set 

is called Forward Propagation. 

 And then, the errors (𝐶 =
1

2
(𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑎𝑐𝑡𝑢𝑎𝑙)2, where C is the cost function, if more 

difference observed) are backpropagated through the network in the opposite direction 

and that allows us to train the network by adjusting the weights simultaneously and we 

can know which part of the error each of the weights in the neural network is responsible 

for, this process is known as Backward Propagation. 

 

Gradient Descent: 

There are 3 approaches to adjust the weights. They are as follows: 

• Gradient Descent (GD) is an optimization algorithm used to minimize the cost function 

by iteratively moving in the direction of steepest descent as defined by the negative of 

gradient. This is applied for convex cost functions. In Gradient Descent optimization, 

we compute the cost gradient based on the complete training set; hence, we sometimes 

also call it batch gradient descent. It is faster than the Brute force approach. Whereas, 

Brute force approach is used to adjust the weights accordingly. If we use this for 1000’s 

of weights, it takes years of time to execute. This faces the curse of dimensionality. 
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Fig 3.13 Gradient Descent

 

• In Stochastic Gradient Descent (SGD or sometimes also referred to as iterative or on-

line gradient descent), we update the weights after each training sample (note that cost 

function is non-convex). Here, the term "stochastic" comes from the fact that the 

gradient-based on a single training sample is a "stochastic approximation" of the "true" 

cost gradient. Due to its stochastic nature, the path towards the global cost minimum is 

not "direct" as in Gradient Descent but may go "zig-zag" if we are visualizing the cost 

surface in a 2D space. 

Fig 3.14 Stochastic Gradient Descent

 

 

• Mini-Batch Gradient Descent (MB-GD) a compromise between batch GD and SGD. 

In MB-GD, we update the model based on smaller groups of training samples; instead 

of computing the gradient from 1 sample (SGD) or all n training samples (GD), we 

compute the gradient from 1<k<n training samples (a common mini-batch size 

is k=50).  
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Traditional Machine Learning Approaches: 

GLM 

GLM stands for Generalized Linear Model is a machine learning algorithm which estimates 

regression models for the exponential distribution outcomes. There are categorized into two 

types: Linear Regression and Non-linear Regression. Linear Regression is of two types: Simple 

Linear Regression and Multiple Linear Regression, whereas Non-linear Regression consists of 

Logistic Regression and Poisson Regression.  

Linear Regression is one of the GLM models based on supervised learning which performs a 

regression task, it is typically used for finding the relationship between variables and 

predicting. The regression model predicts the target variable based on the independent 

variables.  

Linear Regression is used to predict the dependent variable value (y, where y is the output) 

based on the given independent variable (x, where x is input). 

The Link function for Linear Regression is: 

𝐲 = 𝐠(𝒚�̂�) =  𝜷�̂� + ∑𝜷�̂�𝒙𝒋𝒊 

The model gets the best regression fit line by finding the best 𝜷�̂�and 𝜷�̂�values. After achieving 

the best fit line, the model predicts y value such that the error difference between the predicted 

y value (pred) and the true y value (y) is minimum. Cost function(J) of Linear Regression is 

the Root Mean Squared Error (RMSE) between predicted y value (pred) and true y value 

(y). 

 

Logistic Regression 

Logistic Regression is used for binary classification problems where the response variable is 

categorical with two labels.  

The estimation for the model is  𝒑 = 𝒑(𝒚 = 𝟏|𝒙). 

The Link function for logistic regression is: 

g(t) = 1/(1+e-t), g () is logit 

which takes any real number and estimates it onto the [0,1] range as required to model the 

probability of belonging to a class. The corresponding s-curve is below: 
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Fig 3.15 Logistic Regression

 

 

The fitted predictive model is: 

𝒑�̂� =
𝟏

𝟏 + 𝒆−({𝜷�̂�+∑ 𝜷�̂�𝒙𝒋𝒊}
 

 

Decision Tree 

The decision tree is one of the classification algorithms that partitions the data into smaller 

subsets where each subset contains (mostly) responses of one class (“yes” or “no”). They are 

one of the simplest forms of decision model uses sample data features to create a decision 

model that forms the tree-like structure. The decision tree is a tree where each node represents 

the feature (attribute), each link(branch) represents a decision and each leaf represents an 

outcome. It is used as both the classification regression model. 

Fig 3.16 Decision tree terminology 
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Decision trees are build using Divide and Conquer algorithm: 

• Divide and Conquer algorithm grows a tree by recursively partitioning the data into 

meaning subsets. 

• Each new rule progressively refers to the classification in a hierarchical manner. 

Entropy: It is a measure of randomness in a system, where the decision tree uses the criteria to 

split the data. The maximum value of entropy depends on the number of classes. In the binary 

case, the maximum occurs at 1. For four classes it occurs at 2, and for 16 classes the maximum 

is attained at 4. It is important for a decision tree because that is used to calculate homogeneity 

of a sample and if there is equal uncertainty about which class an observation belongs to, it has 

an entropy of 1. Therefore, decision trees choose a split for a given partition that minimizes 

entropy in the partition’s distribution of labels. 

The mathematical formula for entropy is as follows: 

𝑬(𝑺) = ∑ 𝒑𝒌𝒍𝒐𝒈𝟐
𝒑𝒌 

Where pk is the probability of an item belongs to the kth class. 

Information Gain: It is used to determine the root node. It is defined as an expected reduction 

in entropy by partitioning the sample according to a given feature. It measures the difference 

between the entropy of the parent node and the expected entropy of the children. The feature 

with the highest entropy is considered as the root node. 

 

5. Evaluation: 

Model evaluation is done in two methods: 

 Deep Learning in Python with Keras 

 Deep learning in R using H2O 

 

• Deep Learning in Python with Keras: 

To evaluate the model, firstly, install Keras and TensorFlow. 

Keras is the standalone open-source API which is popular because it is clean and simple. 

Firstly, it allows us to define, fit and evaluate the deep learning models with few lines of code. 

Secondly, it uses the popular deep learning mathematical libraries which are used to perform 

the computation as the backend, such as TensorFlow, Theano and CNTK. 

Install TensorFlow from its website. Once TensorFlow is installed, it is important whether the 

library is installed successfully or not. If not, it raises an error on this step and you won’t be 

able to run the examples later. There is no need to set up the GPU, our implementation will 

work on the CPU. And Install Keras. 

To Implement the model in python with Keras, follow 6 steps: 

1. Load Data. 
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2. Define Keras Model. 

3. Compile Keras Model. 

4. Fit Keras Model. 

5. Evaluate Keras Model. 

6. Make Predictions. 

Apart from the first step, the remaining steps are said to be “the Deep Learning Model Life-

Cycle”. 

The following figure represents the deep learning model life cycle in Keras: 

Fig 3.17 Life cycle for Neural Network Model in Keras 

 

1. Load Data 

The first step is to define the functions and classes which intend to use in our implementation. 

Use Pandas library to load the dataset, NumPy library to perform mathematical operations, 

Matplotlib library is used for making own plots and graphics, seaborn is a Python data 

visualization library based on matplotlib, scikit-learn library holds a lot of efficient tools for 

machine learning, statistical algorithms such as classification, regression, clustering, and 

dimensionality reduction and define two classes from the Keras Library to define our model. 
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Load the dataset into the dataframe which is a binary classification problem (class label as 1 

or 0). All the input variables are real. Before loading the dataset, download and place it in the 

local working directory whereas the python file will be saved in the same location. Once the 

CSV file is loaded into our memory,  

Split the columns of the data into input and output variables which are stored in a 2D array, 

e.g. [rows, columns]. Then analyze the data which is useful to gain further insight into the data. 

These insights can be explained later. And then prepare the test and training datasets, Apply 

the scikit-learn function train_test_split (X, y, test_size=0.1, random_state=0) to split the data 

into training and test data sets. The training data is used to train the model in terms of weights 

and biases, whereas the test data set is used to verify its accuracy.  

Apply feature scaling that normalizes the values by importing StandardScaler function from 

scikit-learn which does this in two steps: fit () and transform (). 

2. Define Keras Model 

Keras model is defined as the sequence of layers. Create a sequential model and add layers one 

at a time until we get satisfied with our architecture. First, Ensure the input layer has the exact 

number of input features that are specified while creating the first layer with the input_dim 

argument and set it to 83 for the 83 input variables. 

Working on a three-layer fully connected network structure. These fully connected layers are 

defined by using the Dense class. In this class, specify the number of nodes or neurons in the 

first argument, specify the kernal_initializer as uniform which generates the uniform 

distribution and specifies the activation function using activation argument. 

RELU activation function on the first two layers and Sigmoid function in the output layer to 

ensure our network output is between 0 and 1. 

Brief notes on the defined Keras model: 

The Input-layer has 83 nodes, the first hidden layer has 6 nodes and uses the RELU activation 

function, the second hidden layer has 6 nodes and uses the RELU activation function and the 

output layer has one node and uses the sigmoid function. 

The below figure summarizes the model: 

Fig 3.18 Summarize of the model 
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3. Compile Keras Model 

After the model definition, compile the model.  

While compiling, the model utilizes efficient numerical libraries at the backend such as 

TensorFlow or Theano. To train the network and make predictions, it automatically uses the 

best resources to run the hardware. Determine the set of weights to train the network. 

Here specifies the loss function which is used to evaluate the set of weights, the optimizer used 

to optimize the network and any optional metrics will collect and report the performance. 

The following figure illustrates the model compilation: 

Fig 3.19 Compile Keras model 

 

In this case, use the “binary_crossentropy” as the loss argument because our label data is 

binary (1) at risk and (0) not at risk. Define the optimizer function stochastic gradient descent 

algorithm “adam” which automatically tunes and produces good outcomes in a wide scope of 

challenges. We use the “metrics” argument because the research is based on the classification 

problem, then collect and report the accuracy. 

4. Fit Keras Model 

Execute the model on data, after defining and compilation on the model. Fit the model using 

the fit () function on the training model where it calculates the weights, biases, number of 

layers, etc.  

Training occurs over epochs that train all the rows of the dataset at one pass and each epoch is 

split into batches before updating the weights. 

Define the “epochs” argument that runs the fixed number of iterations on the training data and 

it is an iterative process.  As you can see the accuracy goes up quickly then levels off. You can 

add additional epochs, but it varies the accuracy. Give the number of rows in the dataset within 

each epoch that runs parallel, called the batch size and indicate using the “batch_size” 

argument.  
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The below figure depicts the fit model: 

Fig 3.20 Fit Keras Model 

 

In this case, run for 100 epochs and use a relatively small batch size of 32. These configurations 

can be chosen trial and error method. Train the model enough that will always have some error, 

it can be level out after some point for a given model configuration. This is known as model 

convergence. 

5. Evaluate Keras model 

Evaluate the performance of our model; this will give us an idea of how well the dataset is 

modeled that is test accuracy. 

The below figure depicts the model evaluation: 

Fig 3.21 Evaluate Keras Model 

 

Evaluate the model using the “evaluate ()” function. This function will return a list with two 

values. Firstly, it gives the loss of the model on the dataset and the second will be the accuracy 

of the model on the dataset. To determine performance other than accuracy such as precision, 

recall, specificity, AUC. Import the function “confusion_matrix” from the scikit-learn library 

and using the same library, show the classification report which gives the results such as 

accuracy, precision, specificity and other. 
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The following figure depicts the calculation of the performance: 

Fig 3.22 Evaluation Measures 

 

6. Make Predictions 

After fitting the model, make predictions on new data that is test data. Make predictions using 

predict () function on the model. In this scenario, apply a sigmoid function on the output layer, 

so the predictions will be a probability range between 0 and 1. Convert them into the binary 

prediction and round them by assuming a condition prediction>0.5.  

 

• Deep Learning in R using H2O: 

H2O is a fully open-source, distributed in-memory machine learning platform with linear 

scalability. It endorses the extensively used statistical & machine learning models including 

gradient boosted machines, generalized linear models, deep learning and more. It also 

automates and runs all the algorithms and their hyperparameters to produce the best models 

which leads industry AutoML functionality. The H2O platform is used globally and is 

extremely popular in both the R & Python communities. It can easily deploy the models for 

fast and accurate scoring in any environment, including very large models. 
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The below Flowchart outlines the assessment process of the model using H2O in R: 

Fig 3.23 Flowchart of deep learning model in R using H2O 

 

 

Evaluating the model by following the below steps: 

 Install the packages and load the libraries- caTools, h2o where caTools package is used 

for the proper splitting of data and h2o for performing ANN. 

 Start the H2O cluster using h2o.init(nthreads=-1) method that starts up a 1-node H2O 

server on your local machine  

 Import the dataset using read.csv () function 

 Split the data into training and test set using the sample.split() method, set the split ratio 

as 80% and 20%. 

 Specify the response and predictor columns, if the response variable has binary values 

then convert it to factor in order to tell H2O to perform classification instead of 

regression. 

 Build the model on training data using h2o.deeplearning() function under which specify 

the following arguments response variable, training data, activation function as RELU, 

number of hidden layers, number of epochs. 

 Predict the test results using the h2o.predict() method. 

 All done, shutdown the H2O using h2o.shutdown() function.  
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7. Deployment: 

Once the model is ready, then we need to deploy it into the business by providing deployment 

instructions/steps. Monitoring and maintenance play a crucial role when the task is delivered. 

Based on the necessity, this phase can be a simple generated report or a repeated process.  

In this research, the deployment phase is to generate the prediction tool which accurately 

predicts the patient’s most at risk in critical care by analyzing the patient’s record using 

machine learning algorithms and it needs to be monitored by the doctor and get immediate 

attention from the healthcare providers. Hence, it is used to recover the patients from their 

illness, and this improves patient safety through the better determination of treatment criteria 

and risk factors. This phase can be iterated by analyzing the new/modified patient’s record. 

In the future, this work can be extended to estimate the patient’s health risk using vital signs 

and risk factors of the patient’s record using a shiny app or Django for deployment. 

The following figure can be used as a sample to create an application which showcases the 

critically Ill patients’ and get monitored immediately: 

Fig 3.24 Sample application to create in the future 
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Chapter 4 – Data Analysis 

To determine the most efficient model estimation for predicting the patient’s health risk in 

critical care, the finding of the study will be created by following the roadmap mentioned 

below:    

4.1 Exploratory Data Analysis 

4.2  Model Evaluation Results 

 Results of Deep Learning in Python with Keras 

 Results of Deep learning in R using H2O 

 

4.1 Exploratory Data Analysis 

Exploratory Data Analysis (EDA) is conducted on the dataset to analyze and identify the main 

characteristics of the data through visualizations before the models are applied. 

 

1. Histogram of the most likelihood of patients. 

Fig 4.1 Histogram of the most likelihood of patients 

 

The histogram depicts the most likelihood of patients where the class “label” consists of 0 (no 

risk) and 1 (at risk) specify the patient’s health risk in critical care. Here the figure illustrates 

the total number of persons who are likely at risk that is around 1700 persons are not at risk 

and approximately 1000 patients are at risk in critical care. 
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2. Patient's vital signs. 

Fig 4.2 Patients vital signs 

 

The above figure is a line chart that illustrates the patient’s vital signs. Here the patient is 

evaluated by gender-wise with six monitoring levels such as Resp Rate, Temp, Oxygen 

saturation, Systolic and diastolic arterial blood pressure with respect to the label in critical care. 

 

3. Patients risk of having a heart problem. 

Fig 4.3 Patients risk of having a heart problem 

 

The above figure is a packed bubble that provides information about the patient’s risk of having 

a heart problem. It indicates that the gender and patient id. Here the patient risk is estimated by 

weight and cholesterol of having a heart problem. The larger size of the bubble specifies that 

the patient is mostly at risk of having a heart problem whereas the small bubble indicates is 

likely of not having the risk of heart problem. 
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4. Correlation with a heat map. 

Fig 4.4 correlation with a heat map 

 

The above graph shows the correlation between the monitoring levels of the patient which plots 

each value from the dataset against itself and every other value. The monitoring levels which 

are perfectly correlated have correlation value 1. Obviously, each metric is completely 

correlated through itself., which is determined by the red line going diagonally over the middle 

of the graph. There are not many red squares in the chart indicating that no individual value is 

80% likely to be at risk called label(outcome). 

 

5. Respiration rate and heart rate of the patient. 

Fig 4.5 Respiration rate and heart rate of the patient 
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The above is the scatterplot which depicts the information about the respiration rate and heart 

rate of the patient with respect to the label. It also provides data that how many of the patients 

are suffering from heart and respiratory monitoring levels. 

 

4.2 Model Evaluation Results 

• Results of Deep Learning in Python with Keras 

• Results of Deep Learning in R using H2O 

 

1. Results of Deep Learning in Python with Keras: 

The table below describes the performance of deep learning model in python with Keras: 

Table 4.1 Results of deep learning with Keras 

Model Accuracy Precision Recall Specificity AUC 

Deep learning in 

python with Keras 

0.97 0.98 0.96 0.93 0.99 

 

2. Results od Deep Learning in R using H2O: 

The table below describes the performance of deep learning model in R with H2O: 

Table 4.2 Results of deep learning with H2O 

Model Accuracy Precision Recall Specificity AUC 

Deep learning in 

R using H2O 

0.97 1.00 1.00 1.00 0.99 

 

Both the model evaluation methods used confusion matrix to measure the performance of the 

model, they are equally performed on the accuracy, AUC but there is a slight change that took 

place in precision, recall and specificity that don’t be worried because it has some +/- 

classification error. In python, there is a loss of 0.154 on the predicted test set.  
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The following figure describes the deep learning model Area Under the ROC Curve (AUC): 

Fig 4.6 Deep Learning AUC 

 

 

The comparison results between deep learning and traditional machine learning methods are 

explained in Chapter 5 – Discussion section 
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Chapter 5 – Discussion 

This chapter will cover the discussion on the research question. The results obtained in the 

evaluation study will be compared with traditional machine learning results which are also be 

discussed in this chapter. It also discusses the limitations and the reason behind using the 

model. 

Evaluating deep learning against traditional machine learning algorithms for predicting patient 

most at risk in critical care is the research question. 

5.1 The reasons for using deep learning 

The following are the reasons for choosing deep learning model: 

• The primary reason deep learning is offering a better performance on many problems. 

But that’s not the only reason, deep learning also makes problem-solving much easier, 

since it involves multiple levels of representation and multiple layers of non-linear 

processing units (or neurons). 

• Deep Learning models can be used for a variety of complex tasks such as image 

recognition and labeling, autonomous driving, self-organizing maps, etc. 

• DNN has the capacity to store huge information. Therefore, it can gain much more 

information from a large data set. 

• Deep Learning provides a versatile toolbox that has attractive computational and 

optimization properties. Adding another layer or increasing the size of a layer is simple 

to encode. 

• Deep learning models can create new features by themselves while in the traditional 

machine learning approach, features need to be identified accurately by the users. 

• It gives the best results with unstructured data. 

• It provides efficient at delivering high-quality results. 

• In deep learning, feature engineering becomes part of the training process. This model 

would not only learn to predict but also how to extract features from raw data. Whereas 

in machine learning, feature extraction is carried out outside the algorithmic stage. 

 

5.2 Comparison of results between deep learning model and traditional methods 

The following table represents the performance of deep learning model: 

Table 5.1 Results of the deep learning model using Model Evaluation 

 

Performance H2O using R  Python with Keras 

Accuracy 0.97 0.97 

Precision 1.0000 0.98 

Recall 1.0000 0.96 

Specificity 1.0000 0.93 

AUC 0.99 0.99 
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The following table represents the performance of the RapidMiner Auto Model: 

Table 5.2 RapidMiner Auto Model Results 

Model Accuracy Precision Recall Specificity AUC Total Time 

GLM 0.75 0.75 0.55 0.236 0.822 16s 

Logistic Regression 0.755 0.741 0.566 0.874 0.825 11s 

Deep Learning 0.967 0.96 0.95 0.977 0.992 8s 

Decision Tree 0.96 0.93 0.96 0.961 0.969 16s 

 

 The above table depicts the performance of traditional machine learning algorithms and the 

deep learning model which are implemented using RapidMiner which is used for the 

comparison. While looking at the table, the deep learning model is outperformed among all 

machine learning algorithms such as GLM, Logistic Regression, Random Forest, Naïve Bayes. 

Whereas, the decision tree model is performing much better than GLM, logistic regression 

models but equivalent to deep learning.  

The total time taken by the decision tree (16seconds) to predict the patient health risk in critical 

care is higher than the deep learning model (8seconds). This can be taken as a major point 

because if the data is in a huge amount then it takes a lot of time to execute and the performance 

may be varied. 

The Below figure is the graph called Receiver Operating Characteristic curve (or ROC curve). 

This graph is used to compare the predictive models. It is a plot of the true positive rate against 

the false-positive rate for the different possible cutpoints of a diagnostic test. Whereas, the true 

positive rate is also known as sensitivity, recall. The false-positive rate is also known as 

specificity. The closer the curve follows the left-hand border and the top border of the ROC 

space, the more accurate the test. 
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Fig 5.1 ROC Comparison 

 

The below figure depicts the importance of the variable in deep learning model which specify 

that Variable importance is one possible approach to achieve global interpretability, where 

the goal is to rank each input feature based on its contributions to predictive accuracy. 

Fig 5.2 Variable importance of deep learning 
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5.3 Limitations 

Machine Learning algorithms require labeled data, they are not suitable to solve complex 

queries which involve a huge amount of data. It splits the tasks into sub-tasks, solves separately 

and eventually brings together the results. The other reason is that many machine learning 

algorithms can have congestion regarding creating features. Features are a special depiction of 

the workout examples which allow a machine algorithm to pick up data. This process to 

generate these features is called feature engineering. This process is carried out outside before 

applying the model which is a complex task. Applying feature extraction/selection, depending 

on the specific machine learning technique when there is a suspension of having abstraction, 

irrelevancy, and redundancy problems. In general, a minimum of feature extraction is always 

needed. Splits the dataset in a rectilinear fashion. Computational performance during the 

training phase can be slow. Achieving model independence is tricky. Deployment runtime is 

expensive. Tends to overfit the data, when a small change in the dataset can cause a large 

change in the structure which causes instability. 
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Chapter 6 – Conclusion 

ICU patients are the most critically Ill patients in any hospital. Identifying high-risk patients 

become an important challenge to improve the health care service provision and to reduce costs. 

Thus, the estimation of critical deterioration risk for ICU patients has drawn much interest from 

healthcare providers and researchers due to its importance in saving patients’ lives. In this 

paper, we proposed the algorithm based on deep learning to predict the patient’s health risk. 

We got accurate high-risk predictions as output, by giving the input as a patient’s vital signs 

and risk factors. We compare the results between DNN and the traditional machine learning 

algorithms namely, logistic regression, GLM, and decision tree in terms of accuracy, precision, 

recall, specificity, AUC, and time. The accuracy of the DNN algorithm which is more than the 

traditional methods other than the decision tree but did not beat the proposed model DNN and 

time taken for classification for DNN is less than the decision tree. So, we can say DNN is 

better than a decision tree in terms of accuracy and time.  

Future work 

In the future, this research can be deployed using a Shiny app or Django to predict critically ill 

patients using machine learning algorithms and it can be monitored and maintained by the 

doctor and administrator. So, that they get the immediate need for extensive monitoring and 

direct attention from healthcare providers which constantly saves the patient’s lives. 
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Appendices 

This document takes you through the contents of the Artifact and the steps taken before starting 

the implementation for the dissertation project title “Prediction of Patient’s Health Risk in 

Critical Care using Deep Neural Network (DNN)”.  

1. Steps were taken before staring the Implementation/Project 

• Online Course Certification: 

https://www.coursera.org/account/accomplishments/verify/B6L7XAAFC37W 

• MIMIC-III database course:   www.citiprogram.org/verify/?k7c4188a2-e433-

4a93-982b-ad0b313d10d7-33780846 

 

2. Contents of Artifacts 

• Datasets 

➢ icu_sample.csv: The dataset which is not pre-processed. 

➢ ReBalanced_icu_train_sample.csv: The dataset which is pre-processed 

and used for implementation. 

➢ predictions.xlsx: This sample dataset is collected from the RapidMiner 

deep learning prediction results to predict the patient most at risk in critical 

care. 

 

• Data Preprocessing 

➢ balanced_icu_train.rmp: This file is used to balance the data 

icu_sample.csv using RapidMiner Studio. 

➢ DataPreProcessing.ipynb: This file is used to preprocess the 

icu_sample.csv dataset. 

 

• Data Analysis 

➢ deployment dashboard.twbx: This file analyses the patient’s most at risk 

in critical care using predictions.xlsx dataset and the dashboard is used as 

a sample to deploy in the future. 

 

• Model Results using RapidMiner Auto Model 

➢ RapidMiner results: This folder contains all the traditional machine 

learning results along with deep learning results and the correlation matrix. 

 

• Deep Learning in Python with Keras code 

➢ python with keras.py: This file contains the python code using Keras to 

implement the proposed model and some analysis of data. 

 

• Deep Learning in R using H2O 

➢ H2O with R.R: This file contains the R code using H2O to implement a 

deep learning model. 

 

• Literature review articles: This folder contains the articles which support the 

research. 

https://www.coursera.org/account/accomplishments/verify/B6L7XAAFC37W
http://www.citiprogram.org/verify/?k7c4188a2-e433-4a93-982b-ad0b313d10d7-33780846
http://www.citiprogram.org/verify/?k7c4188a2-e433-4a93-982b-ad0b313d10d7-33780846

