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Chronic Respiratory diseases, mainly asthma and Chronic Obstructive Pulmonary Disease 

(COPD), affect the lives of people by limiting their activities in various aspects. Overcrowding 

of hospital emergency departments (EDs) due to respiratory diseases in certain weather and 

environmental pollution conditions results in the degradation of quality of medical care, and even 

limits its availability. A useful tool for ED managers would be to forecast peak demand days so 

that they can take steps to improve the availability of medical care.  

We developed three classifiers to predict peak demand days of EDs due to respiratory patients. 

The first classifier is an Artificial Neural Network (ANN)-based classifier using Multi-Layer 

Perceptron (MLP) with back propagation algorithm that predicts Peak Events (Peak demand 

days) of patients with respiratory diseases, mainly asthma and COPD. We used the historical 

data of the number of patients initially diagnosed with ICD-9-CM codes 490 to 496 (Chronic 

Pulmonary Obstructive Disease and Allied Conditions) from EDs in Dallas County of Texas in 

the United States to train our classifier in the first experiment. The precision and recall for Peak 
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Event class are 77.1% and 78.0% respectively and those for Non-Peak Events are 83.9% and 

83.2% respectively. The overall accuracy of the system is 81.0%. 

The second and third classifiers are Random Forests (RF)-based classifiers to predict peak days 

of ED visits by asthma patients only. The second classifier is a ‘full’ feature classifier with all the 

eight predictors (historical weather and environmental pollution measurements) whereas the third 

classifier is a feature-reduced ‘simple’ classifier that uses only four (4) out of the eight 

predictors, reduced through Correlation-based Feature Subset (CFS) Selection Evaluator 

algorithm. For both these classifiers, we used historical data of the number of patients diagnosed 

with ICD-9-CM code 493 (Asthma). The overall accuracy of ‘full’ model is 81.30%, while that 

of ‘simple’ model is 76.59%. 
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CHAPTER 1 

INTRODUCTION 

In this chapter, a brief background of health forecasting is presented with special 

reference to forecasting / predicting hospital emergency department (ED) patients load due to 

respiratory diseases, mainly Chronic Obstructive Pulmonary Disease (COPD) and asthma. A 

brief introduction to machine learning methods used for forecasting ED load due to chronic 

respiratory diseases is also covered here. This chapter also describes organization and brief 

description of each chapter in this dissertation. 

1.1 Health Forecasting 

Health forecasting is a newly developing area of forecasting, which can be used to predict 

future health events and situations where there are increased demands of health services and 

needs [1]. The purpose of health forecasting is to inform health service providers in advance 

about community health events so that they can take appropriate actions in timely manner to 

prepare themselves for upcoming events, manage demand, and minimize risks associated with 

shortage of resources for health provisioning.  

In general, forecasting is about predicting future events based on prior knowledge using a 

systematic process of analysis or through intuition [2]. Health forecasting, is thus, predicting 

future health events and situations based on prior available health data using analytical tools, or 

through intuitive judgement.  
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Consistent and dependable health forecasting can be a very useful tool to assist healthcare 

professionals and ED managers to:  

1. Improve preventive health service 

2. Identify peak demand days/periods by creating an alert systems for patient 

overflow management 

3. Optimize inventory cost of healthcare supplies and hospital staffing 

Forecasting emergency department (ED) visits, that includes, daily hospital ED visits and 

admissions is one of the most common applications of health forecasting [3] [4] [5]. This 

forecasting is useful for predicting general periodic (daily, weekly, or monthly) hospital ED load 

a few days in advance, and hospital ED load for specific diseases, such as, heart diseases, COPD, 

asthma, etc. based on predictor variables related to specific conditions [6] [7] [8]. 

1.1.1 Health Data 

A reliable health forecasting requires reliable health data. Records of health conditions 

and situations of individuals, or groups of individuals constitute health data. It also carries 

information of incidences, prevalence, diagnoses, and treatments of diseases, their prognosis and 

prevention methods. Besides vital signs used by medical practitioners in diagnosing diseases, 

health data also includes measurements of other factors that affect the health status of individuals 

and populations, for example, weather and air quality, which are particularly important in 

forecasting asthma and COPD emergency events [9].  

One of the forms of health data, time series, is defined as, “collection of random variables 

indexed according to the order they are obtained in time” [10]. In other words, it is a collection 

of data in the order of time a health event occurred. To make this data systematic, these events 
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are measured at a uniform time interval, for example, hourly, daily, weekly, or monthly. A 

systematic analysis of time series of past events leads to projection of data in future, and thus 

makes health forecasting possible [10] [11]. An example of health data, i.e., daily aggregate 

number of patients admitted in ED in Dallas County from the year 2011 to 2013 is shown in 

Table 1.1. In practical scenarios, data may or may not be in tabular form. 

1.2 Chronic Respiratory Diseases 

The diseases of the airways and other structures of the lung that are not curable are 

known as chronic respiratory disease (CDRs). Patients who suffer from these diseases require 

various forms of short term and long term treatment that help dilate major air passages and 

improve shortness of breath. The treatment helps control their symptoms and increase the quality 

of life for people with the disease. 

Most common chronic respiratory diseases are Chronic obstructive pulmonary disease 

(COPD), asthma, occupational lung disease, and pulmonary hypertension [12]. COPD and 

asthma, being subject of this dissertation, are briefly discussed here. 

1.2.1 Chronic Obstructive Pulmonary Disease (COPD) 

COPD is a lung disease, which characterized by persistent reduction in airflow in 

breathing. It starts with persistent breathlessness at exertion that progressively worsens, and 

finally leads to breathlessness even at rest. This disease can be life threatening if it remains 

undiagnosed and untreated. It is also commonly referred to as Chronic Bronchitis or Emphysema 

[13]. 
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Table  1.1. Example Health Data 

PtType AdmitYear AdmitQuarter AdmitDate COPDCount 

Outpatient 2011 201101 1/1/2011 174 

Outpatient 2011 201101 1/2/2011 163 

Outpatient 2011 201101 1/3/2011 221 

Outpatient 2011 201101 1/4/2011 234 

Outpatient 2011 201101 1/5/2011 230 

Outpatient 2011 201101 1/6/2011 308 

Outpatient 2011 201101 1/7/2011 224 

Outpatient 2011 201101 1/8/2011 217 

Outpatient 2011 201101 1/9/2011 205 

Outpatient 2011 201101 1/10/2011 239 

Outpatient 2011 201101 1/11/2011 319 

Outpatient 2011 201101 1/12/2011 257 

Outpatient 2011 201101 1/13/2011 289 

Outpatient 2011 201101 1/14/2011 198 

Outpatient 2011 201101 1/15/2011 181 

Outpatient 2011 201101 1/16/2011 226 

Outpatient 2011 201101 1/17/2011 276 

Outpatient 2011 201101 1/18/2011 278 

Outpatient 2011 201101 1/19/2011 302 

Outpatient 2011 201101 1/20/2011 324 

Outpatient 2011 201101 1/21/2011 255 

Outpatient 2011 201101 1/22/2011 225 

… … … … … 

… … … … … 

Outpatient 2013 201304 12/27/2013 276 

Outpatient 2013 201304 12/28/2013 253 

Outpatient 2013 201304 12/29/2013 235 

Outpatient 2013 201304 12/30/2013 261 

Outpatient 2013 201304 12/31/2013 230 
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The risk factors for COPD are indoor and outdoor pollution, cigarette smoking, chemicals 

and occupational dust, and repeated lower respiratory infections in childhood [13] [14].  

Global estimate of deaths caused by this disease in 2015 was 3 million, which is 5% of all 

deaths globally occurred that year [13]. COPD is forecasted to be the cause for 8.5% mortality 

globally, which will make it the third leading cause of deaths worldwide by 2030 [15]. Figures 

1.1 and 1.2 show prevalence of COPD among adults (age 18 and above) in the United States 

from 1998 to 2009 as percent of population, and hospitalization and death rate per 100,000 due 

to COPD from year 1999 to 2007 respectively [16].  

This disease is incurable, but the treatment can improve quality of life by reducing and 

relieving the symptoms, and mitigate the risk of mortality.  

In event of exacerbation of COPD, patients require immediate attention by healthcare 

professionals. A hospital emergency department (ED) is an important set up for management of 

 

Figure 1.1.  Prevalence of COPD Among Adults Aged 18 and Over: United States,  

1998–2009 [16] 
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moderate to severe exacerbation of COPD [17]. COPD is the cause of approximately 2 million 

visits to hospital emergency departments (ED) per year in the United States [18].  

1.2.2 Asthma 

Asthma is a lung disease that is characterized by narrowing of airways that causes 

difficulty in breathing, coughing, wheezing, shortness of breath, and chest tightness. Unlike 

COPD, the narrowing of airways in asthma is reversible by proper treatment, though it is also 

one of the risk factors for COPD. 

Asthma is not curable, and requires regular management of the symptoms, which 

includes, but not limited to, long term and short term treatment with inhalers and other 

medication. It also requires periodic visits to healthcare professional for assessment of 

 

Figure 1.2.  Hospitalization and Death Rates for COPD Among Adults Aged 18 And Over: 

United States, 1999-2007 [16] 
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symptoms.  

Asthma is one of the top 20 chronic conditions that are responsible for hospital ED 

admissions in the United States according to [19]. Asthma exacerbations are cause of 

approximately 1.5 million visits to hospital EDs per year in the United States [20]. 

Figures 1.3 and 1.4 show asthma prevalence in the United States and death rates per 1000 

persons due to asthma [21]. 

Asthma and COPD are two of the leading causes of hospitalization in the United States, 

and prediction of hospital load due to these two conditions can help improve efficiency of health 

services provisioning in hospital emergency departments. 

1.3 Machine Learning Methods in Health Forecasting 

Machine learning (ML) is a method of data analysis in which analytical model building is 

automated. Arthur Samuel defined machine learning as, “Field of study that gives computers the 

ability to learn without being explicitly programmed”. ML allows computers, by using 

algorithms that learn from data iteratively, to get hidden insight without being explicitly 

programmed. 

ML has been applied in various fields of biology, medicine, biomedical, and public health 

informatics. More specifically it has been applied to: 

1. Helping with diagnostic and prognostic problems, predicting disease progression, 

knowledge extraction, patient management, data analysis, interpretation of 

continuous data in Intensive Care Units, and intelligent alarming [22] 

2. Classification of several medication conditions and their intensity using medical 

diagnostic signals, such as, electrocardiogram (ECG), electroencephalogram 
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(EEG) [23] [24] functional magnetic resonance imaging (fMRI), lung sound 

signals [25] [26] 

3. Forecasting of various diseases to help predict patient load in hospital EDs [19] 

[20] [22]. 

Since the focus of this dissertation is the area of health forecasting, we’ll briefly discuss 

two main machine learning methods that are widely used in prediction and forecasting.  

1.3.1 Artificial Neural Networks 

Artificial Neural Networks (ANN) is an information processing system that resembles 

biological nervous system (for example, brain) in terms of structure and how it performs 

information processing. It comprises of many interconnected nodes, called neurons. Each neuron 

in ANN is a simple information processing unit. These neurons work together due to their 

interconnectivity to solve a specific problem. The learning process in ANN is performed by 

adjustment of connection between these neurons [27]. Figure 1.5 shows a typical feed forward 

artificial neural network diagram. 

Each node in an ANN uses a smooth non-linear activation function. For ANN with back 

propagation, most commonly used activation function at each node in hidden and output layers is 

sigma (or sigmoid) as given by Equation (1.1), and shown in Figure 1.6. Input nodes take the 

direct assigned values. 

One major area of application of ANN is forecasting [28] as several properties of ANN 

make it the method of choice for forecasting problems. ANN do not need priori assumptions 

about the models for subject problems as they are data driven self-adaptive methods. This makes 

them suitable for the problems where solutions require the knowledge that is hard to pinpoint but 



 

9 

 

Figure 1.3.  Asthma Prevalence in The United States, 2001–2010 [21] 

 

 

 

Figure 1.4.  Asthma Health Care Encounters Per 100 Persons with Asthma, And Asthma 

Deaths Per 1,000 Persons with Asthma: United States, 2001–2009 [21] 
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there are enough observations or data available. Hence, ANNs are also known as non-parametric, 

non-linear, multivariate statistical methods [29] [30]. Since ANN can generalize, i.e., correctly 

infer unseen part of data after learning from available data despite noise, they can serve as ideal 

methods for forecasting [31]. It has been shown in several researches that ANNs can 

approximate any continuous function to the desired accuracy, hence they are also known as 

universal function approximators [32].  

 

Figure 1.5.  Typical Feed Forward Artificial Neural Networks Diagram 

  

    Input Layer          Hidden Layer         Output Layer 
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where, 

𝑎𝑗𝑚
 = activation of a particular “receiving” node m in layer j 

𝑆𝑗𝑚
  = sum of the products of the activations of all relevant “emitting” nodes (i.e., the nodes 

  in the preceding layer i) by their respective weights for node m in layer j. 

𝑤𝑖𝑗  =  set of all weights between layers i and j that are associated with vectors that feed into 

  node m of layer j 

 

  

Figure 1.6.  Sigmoid Activation Function 
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1.3.2 Random Forests 

Random Forests (RF) is one of the recursive partitioning methods used for nonparametric 

classification and regression. RF classification and regression methods have been widely used in 

genetics, bioinformatics, and clinical medicine problems where data has large number of 

predictor variables with complex interactions and non-linearity to obtain high accuracy [33]. In 

ecological predictions, also, RF have demonstrated superior predictive capabilities [34]. 

RF uses an ensemble of decision trees to forecast ‘predicted’ variable. These trees can be 

classification or regression trees depending on the application. The both instances and attributes 

(predictors) are randomized and used to form individual trees that create a forest by combination. 

Each tree in the forest outputs its decision as predicted response by setting thresholds for values 

of each predictor. Probability of an event occurring is then determined by voting from all the 

trees in the forest [35]. Figure 1.7 [36] shows a general architecture of RF. 

Random Forests has also shown excellent performance in classification tasks, even better 

than Support Vector Machines (SVM) [37]. 

1.4 Organization of Dissertation 

This dissertation is manuscript based and comprises of five (5) chapters. Chapter 1 is 

general introduction to health forecasting, chronic respiratory diseases, and materials and 

methods for forecasting hospital ED load. Chapter 2 is review of the related literature, which is 

composed of manuscript of a review paper by the author and his PhD supervisor prepared for 

Journal of American Informatics Association. 
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 Chapter 3 is a manuscript of author’s paper published in IEEE Journal of Biomedical and 

Health Informatics. In Chapter 4, author’s work on prediction of peak days of ED visits due to 

asthma using RF is discussed. The results of this work have been presented at IEEE conference 

on Biomedical and Heath Informatics 2017 held in Orlando, Florida, United States from 16 to 19 

February 2017. An expanded version presented in this chapter is prepared for publication in 

suitable journal. 

Chapter 5 is conclusion and future work. Any additional material is given in appendices. 
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Figure 1.7.  Random Forests 

 

 



 

14 

[2]  S. J. Armstrong, Principles of forecasting: a handbook for Researchers and Practitioners, 

Norwell: Kluwer Academic Publishers, 2001.  

[3]  M. L. McCarthy, S. L. Zeger, R. Ding, D. Aronsky, N. R. Hoot and G. D. Kelen, "The 

Challenge of Predicting Demand for Emergency Department Services," Academic 

Emergency Medicine, vol. 15, no. 4, pp. 337-346, 2008.  

[4]  J. Boyle, M. Jessup, J. Crilly, D. Green, J. Lind, M. Wallis, P. Miller and G. Fitzgerald, 

"Predictin Emergency Department Admissions," Emerging Medicine Journal, vol. 29, no. 

5, pp. 358-365, 2011.  

[5]  R. Champion, L. D. Kinsman, G. A. Lee, K. A. Masman, E. A. May, T. M. Mills, M. D. 

Taylor, P. R. Thomas and R. J. Williams, "Forecasting emergency department 

presentations," Australian Health Review, vol. 31, no. 1, pp. 83-90, 2007.  

[6]  G. R. McGregor, H. A. Watkin and M. Cox, "Relationships between the seasonality of 

temperature and ischaemic heart disease mortality: implications for climate based health 

forecasting," Climate Research, vol. 25, no. 3, pp. 253-263 , 2004.  

[7]  P. Marno, C. Bryden, W. Bird and H. A. Watkin, "How different measures of cold 

weather affect chronic obstructive pulmonary disease (COPD) hospital admissions in 

London," European Respiratory Review, vol. 15, pp. 185-186, 2006.  

[8]  M. Wargon, B. Guidet, T. D. Hoang and e. al., "A systematic review of models for 

forecasting the number of emergency department visits," Emergency Medicine Journal , 

vol. 26, pp. 395-399, 2009.  

[9]  I. N. Soyiri and D. D. Reidpath, "Evolving forecasting classifications and applications in 

health forecasting," International Journal of General Medicine, vol. 5, pp. 381-389, 2012.  

[10]  R. H. Shumway and D. S. Stoffer, Time series analysis and its applications, New York: 

Springer, 2011.  

[11]  C. Chatfield, The Analysis of Time Series: An Introduction, Boca Ranton, FL: CRC 

Press, 2016.  

[12]  "Chronic Respiratory Diseases," World Health Organization, [Online]. Available: 

http://www.who.int/respiratory/en/. [Accessed 2 April 2017]. 

[13]  "Chronic Obstructive Pulmonary Disease: Fact Sheet," World Health Organization, 

November 2016. [Online]. Available: 

http://www.who.int/mediacentre/factsheets/fs315/en/. [Accessed 15 April 2017]. 



 

15 

[14]  S. D. Ramsey and F. D. R. Hobbs, "Chronic Obstructive Pulmonary Disease, Risk 

Factors, and Outcome Trials - Comparision with Cardiovascular Disease," Proceedings of 

American Thoratic Society, vol. 3, no. 7, pp. 636-40, 2006.  

[15]  "World Health Statistics 2008," WHO Press, 2008. 

[16]  L. J. Akinbami and X. Liu, "Chronic Obstructive Pulmonary Disease Among Adults 

Aged 18 and Over in the United States, 1998–2009," U.S. DEPARTMENT OF HEALTH 

AND HUMAN SERVICES, Centers for Disease Control and Prevention, National Center 

for Health Statistics, 2011. 

[17]  S. Kim, C. L. Emerman, R. K. Cydulka and e. al., "Prospective Multicenter Study of 

Relapse Following Emergency Department Treatment of COPD Exacerbation," Chest, 

vol. 125, no. 2, p. 473–481, 2004.  

[18]  National Hospital Ambulatory Medical Care Survey: 2010 Emergency Department 

Summary Tables, Centers for Disease Control and Preventation, 2010.  

[19]  A. Elixhauser and O. Pamela, "Reasons for Being Admitted to the Hospital through 

Emergency Department, 2003," Agency for Healthcare Research and Quality, 2006. 

[20]  C. Tsai, S. K. Griswold, S. Clark and C. A. Camargo, "Factors Associated with 

Frequency of Emergency Department Visits for Chronic Obstructive Pulmonary Disease 

Exacerbation," J Gen Intern Med, vol. 22(6), pp. 799-804, 2007.  

[21]  L. J. Akinbami, J. E. Moorman, C. Bailey and H. S. Zahran, "NCHS Data Brief No. 94: 

Trends in Asthma Prevalence, Health Care Use, and Mortality in the United States, 2001–

2010," U.S. DEPARTMENT OF HEALTH AND HUMAN SERVICES, National Center 

for Health Statistics, 2012. 

[22]  G. D. Magoulas and A. Prentza, "Machine Learning in Medical Applications," in 

Machine Learning and its Applications, vol. 2049, G. Paliouras, V. Karkaletsis and C. D. 

Spyropoulos, Eds., Berlin, Springer Berlin Heidelberg, 2001, pp. 300-307. 

[23]  M. H. Song, J. Lee, S. P. Cho, K. J. Lee and S. K. Yoo, "Support Vector Machine Based 

Arrhythma Classification Using Reduced Features," International Journal of Control, 

Automation, and Systems, vol. 3, no. 4, pp. 571-579, 2005.  

[24]  R. Besrour, Z. Lachiri and N. Ellouze, "ECG Beat Classifier Using Suppor Vector 

Machine," in Proceedings of 3rd IEEE International Conference in Information 

Communication Technology: Theory, Practice, and Application, 2008.  

[25]  A. R. Fekr, M. Janidarmian, K. Radecka and Z. Zilic, "A Medical Cloud-Based Platform 

for Respiration Rate Measurement and Hierarchical Classification of Breath Disorders," 

Sensors, vol. 14, pp. 11204-11224, 2014.  



 

16 

[26]  R. Derakhshanfar, S. Abbasi, A. Abbasi and Y. Sarbaz, "Classification Of Normal and 

Abnormal Lung Sounds Using Neural Network and Support Vector Machines," in IEEE 

Conference Publications for 21st Iranian Conference on Electrical Engineering (ICEE), 

2013.  

[27]  A. K. Jain, J. Mao and K. Mohiuddin, "Artificial Neural Networks: A Tutorial," IEEE 

Computer, vol. 29, pp. 31-44, 1996.  

[28]  R. Sharda, "Neural networks for the MS/OR analyst: An Application Bibligraphy," 

Interfaces, vol. 24, no. 2, pp. 116-130, 1994.  

[29]  H. White, "Learning in artificial neural networks: A statistical Perspective," Neural 

Computation, vol. 1, pp. 425-464, 1989.  

[30]  B. Cheng and D. M. Tetterington, "Neural Networks: A Review from Statistical 

Perspective: Rejoinder," Statistical Science, vol. 9, no. 1, pp. 49-54, 1994.  

[31]  G. Zhang, B. E. Patuwo and M. Y. Hu, "Forecasting with artificial neural networks: The 

state of art," International Journal of Forecasting, vol. 14, pp. 35-62, 1998.  

[32]  K.-I. Funahashi, "On the approximate realization of continuous mappings by Neural 

Networks," Neural Networks, vol. 3, no. 183-192, p. 2, 1989.  

[33]  C. Strobl, J. Malley and G. Tutz, "An Introduction to Recursive Partitioning: Rationale, 

Application, and Characteristics of Classification and Regression Trees, Bagging, and 

Random Forests," Psychological Methods, vol. 14, no. 4, p. 323–348, 2009.  

[34]  A. M. Prasad, L. R. Iverson and A. Liaw, "Newer Classification and Regression Tree 

Techniques: Bagging and Random Forests for Ecological Prediction," Ecosystems, vol. 9, 

pp. 181-199, 2006.  

[35]  A. Liaw and M. Wiener, "Classification and Regression by Random Forests," R News, 

vol. 2, no. 3, pp. 18-22, 2002.  

[36]  C. Nguyen, Y. Wang and H. N. Nguyen, "Random forest classifier combined with feature 

selection for breast cancer diagnosis and prognostic," Journal of Biomedical Science and 

Engineering, vol. 6, no. 5, 2013.  

[37]  R. Díaz-Uriarte and S. A. de Andrés, "Gene selection and classification of microarray 

data using random forest," BMC Bioinformatics, vol. 7, no. 3, 2006.  

  

   

 



 

 
 

17 

CHAPTER 2 

MACHINE LEARNING METHODS IN FORECASTING EMERGENCY 

 

 DEPARTMENT LOAD DUE TO CHRONIC RESPIRATORY DISEASES 

  

(REVIEW OF RELATED LITERATURE) 

 

 

 

 

 

 

Authors – Krishan Khatri, Lakshman Tamil 

 

The Department of Electrical Engineering, EC 33 

 

The University of Texas at Dallas 

 

800 W Campbell Road 

 

Richardson, TX 75080-3021 

 

 

 

 

 

Prepared for submission to Journal of American Medical Informatics Association 



 

18 

2.1 Abstract 

Objective: Health forecasting is a developing area in forecasting. Forecasting of asthma 

and chronic obstructive pulmonary disease (COPD) related hospital emergency department 

admissions or visits falls under the umbrella of health forecasting. We reviewed articles on 

various computational and machine learning methods for forecasting daily hospital emergency 

department admissions due to asthma and COPD to present the state of research to medical 

doctors, scientists, and engineers and provide a summary to help future development in this area. 

Materials and Methods: We performed systematic search for the articles using electronic 

article databases published on the subject area until year 2015, and shortlisted the articles that 

use computational and machine learning methods to evaluate impact of environmental pollution 

and weather parameters on hospital emergency department admissions due to asthma and other 

respiratory diseases, or predict / forecast asthma admissions based on weather and environment 

pollution measurements. We summarize methods and results of six shortlisted articles and 

critically analyze the work presented in each article. 

Conclusion: Machine learning methods are useful tools to forecast hospital emergency 

department load due to asthma and respiratory diseases, and can be used for efficient 

management of hospital emergency departments. Advanced machine learning tools and 

techniques can further improve forecasting accuracy. 

2.2 Introduction 

Asthma and Chronic Obstructive Pulmonary Disease (COPD) are two the major chronic 

respiratory conditions that affect quality of life of people throughout world by limiting their 
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social, emotional, and physical activities [1]. Asthma is a reversible airways disease, 

characterized by hypersensitivity of airways. It requires regular management of the symptoms 

that includes, but not limited to, long term and short term treatment with inhalers and other 

medication. It also requires periodic visits to physician for assessment. COPD, for which asthma 

is one of the risk factors, is characterized by non-reversible airways obstruction. COPD has been 

identified as one of the leading causes of morbidity and mortality worldwide [2]. It is the fourth 

largest cause of mortality in the world at present. It has been forecasted that, by 2030, COPD will 

be the cause for 8.5% mortality globally, making it the third leading cause of deaths worldwide 

[3].    

Both asthma and COPD are chronic respiratory conditions that require regular medication 

and management of patients as their severity may vary due to various factors including weather 

and environmental conditions, effectiveness of medication, etc. Sudden exacerbation of Asthma 

or COPD requires critical medical care, and may lead to hospitalization. Asthma and COPD 

exacerbations are cause of approximately 1.5 million [4] and 2 million [5] visits to hospital 

emergency departments (ED) respectively per year in the United States.  

Growing demand of emergency medical care is a motivating factor for increasing the 

efficiency in the management of hospital ED, and this is gaining more and more importance. One 

of fundamental issues in management of ED worldwide is the sudden rise in number of patients 

visiting / admitted in ED [6]. To handle increased number of patients requiring emergency 

critical care, ED require considerable human and material resources, which are limited in 

practical situations. Due to this, ED are overcrowded [7], and subsequently result in increased 
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length of stay of the patients, reduced attention to patients from ED staff, violence by angry 

patients towards the staff, and increased mortality of patients as they leave untreated [8].  

Health forecasting, though one of the least developed branches of forecasting, can serve 

as a great tool for decision making and supporting health service provisioning [9]. Health 

forecasting can be used for predicting ED visits and admissions [10] [11]. Forecasting of asthma, 

COPD, and other respiratory illness comes under the umbrella of health forecasting. It can serve 

as a useful tool for ED managers to prepare for the requirement of excessive human resources 

and health supplies in events of influx of patients. 

Health data, which is vital for forecasting, is defined as records of health conditions and 

situations referring to individuals, or groups of individuals, and carries information about 

incidences, prevalence, diagnoses, and treatments of diseases, their prognosis and prevention 

methods. Besides vital signs used by medical practitioners in diagnosing diseases, measurements 

of other factors that affect the health status of individuals and populations, for example, weather 

and air quality, which are particularly important in forecasting asthma and COPD emergency 

events [9] are also important.  

Health forecast is a data-rich field, which can use data analytics for decision making [12]. 

Present day state-of-the-art Information and Communication Technologies (ICTs) have enabled 

hospital EDs to capture and store bulk amounts of patients and disease related data, which can be 

processed and analyzed using machine learning and advanced statistical tools to extract relevant 

and specific knowledge that can be subsequently used for decision making by ED managers.  

Machine Learning (ML) tools and techniques have been used in various medical domains 

due to their usability in diagnostic and prognostic problems, prediction of disease progression, 
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knowledge extraction, patient management, data analysis, interpretation of continuous data in 

Intensive Care Units, and intelligent alarming [13]. ML has also been used for classification of 

several medical conditions and their intensity using medical diagnostic signals, such as, 

electrocardiogram (ECG), electroencephalogram (EEG) [14] [15], functional magnetic resonance 

imaging (fMRI), lung sound signals [16] [17], and in forecasting of diseases to help predict 

patient load on hospital emergency departments [18] [19] [20]. 

In this paper, we investigate research conducted in forecasting of emergency department 

visits due to respiratory illnesses (mainly asthma and COPD) that use machine learning tools and 

computational methods. In the first section of the paper, a generalized model for forecasting 

hospital ED visits is explained. The second section describes the work carried out by researchers 

in this area, the third and the fourth sections present discussion with critical review, and 

conclusion, respectively. 

2.3 Methodology 

Health forecasting is currently a developing area of forecasting. Only a few previous 

studies exist in this area [21]. The availability of original research work and published articles in 

this area is further limited when we restrict this to certain specific conditions, that are, asthma 

and COPD, in our literature survey. We conducted literature search using online resources that 

include UT Dallas Library Catalog, IEEEXplore, Google, Google Scholar, and EMBASE until 

the year 2015. Studies relating to health forecasting, forecasting and/or prediction of asthma and 

COPD related ED visits, and factors affecting these conditions were searched. The keywords 

included, but not limited to, “forecasting asthma emergency department visits”, “forecasting of 

asthma and COPD”, “COPD hospital admissions forecast”, “predicting asthma”, “factors 
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affecting asthma”, “factors affecting COPD”, “health forecasting”, “forecasting of asthma using 

artificial neural networks”, “asthma forecasting machine learning”, “COPD forecasting machine 

learning”, “asthma forecasting prediction support vector machines”, etc. 

Research articles selected for review in this paper discuss asthma and COPD related ED 

visits/admissions in different parts of the world including United States of America. The research 

work in the area is summarized and deliverables of each work are identified. The statistical 

comparison of the works by different authors and the shortcomings of the research work have 

been presented in the discussion and conclusion section of this paper. 

2.4 Literature Review Summary 

Summary of the articles shortlisted in this study is presented in this section. First two 

articles reviewed assess the impact of environmental pollution on respiratory diseases admissions 

in ED in New Haven, Connecticut, and Spokane, Washington areas of the United States. Last 

four articles evaluate forecasting methods for daily hospital ED admissions/visits due to Asthma 

and other respiratory diseases in Ashkelon in Israel, Athens in Greece, London in United 

Kingdom, and Shenandoah Valley, Virginia in United States. Article summaries are discussed 

below and summarized in Table 2.1.  

Schwartz [22] examined the impact of airborne pollution, i.e., Sulphur Dioxide (SO2), 

Ozone, and PM10 particles on daily hospital admission rate of elderly patients (above 65 years of 

age) with respiratory diseases (ICD-9-CM codes 460-519) in two cities, New Haven, 

Connecticut and Tacoma, Washington. The cities chosen had substantially different SO2 

concentration, but similar levels of airborne particles 10 micrometers and less (PM10). He used 

multiple regression analysis to regress the number of admissions on daily averages of ambient 
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temperature, humidity, and air pollution (daily average concentration of SO2, Ozone, and PM10 

particles). This work focused on finding dependence of daily admission rates on pollutants, for 

which a 19-day weighted moving regression filter (reference) was used to remove seasonal 

patterns from the time series data. It concluded that there is strong evidence that increase in 

levels of PM10 has positive impact on hospital ED admissions of elderly patients with respiratory 

disease followed by Ozone concentration.  

In another similar study, Schwartz [23] used hospital admission data of the patients above 

65 years of age with respiratory diseases from hospitals in Spokane, Washington, a city where 

correlation of airborne particles PM10 with ozone and ambient temperature was low as compared 

to that in previous studies, and very low or insignificant SO2 concentration. Poisson regression 

analysis was used determine correlation between hospital admission count and the pollutants. To 

remove long wavelength patterns in the data, nonparametric smooth function of the day of study 

was used. Dependence on humidity and temperature was removed using nonparametric smooth 

functions of weather variables. Control for weather was achieved by using sensitivity analysis. In 

conclusion, this study too suggested PM10 and ozone concentrations were responsible for 

increase in hospital admissions. With relative risk (RR) of 1.085, 95% confidence interval 

CI=1.036-1.136 for a 50 microgram increase in PM10, and with RR = 1.244, 95% CI=1.002-

1.544 for 50 microgram increase in ozone was recorded. These results are consistent with studies 

in other locations of United States and Europe even for the areas where the effects of PM10 on 

hospital admission rates for elderly with respiratory disease are confounded by weather and SO2. 

Bibi, et al [19] conducted a study to predict the number of ED visits for respiratory 

symptoms due to asthma, COPD, and acute and chronic bronchitis per day using ANN based on 
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daily values of meteorological and air pollution in Ashkelon, Israel. They used asthma related 

daily ED visits data of the years 1992 to 1995 from a large medical center in the city and daily 

averages of meteorological (temperature, relative humidity, precipitation, barometric pressure, 

solar radiation, and wind speed and direction), and pollution data (carbon dioxide, NO, NO2, 

SO2, total suspended particles, and O3) of the corresponding years. ANN built was a three layer 

ANN with one hidden layer between input and output layers. They used Genetic Algorithm (GA) 

to decide optimal number of neurons in the hidden layer, and back propagation algorithm for 

training. The study concluded that the best predictive performance is observed when 

temperature, relative humidity, barometric pressure, SO2, and oxidation products of nitric oxide, 

and the data presented as peak value 24 h prior to ED admission and the average during the 7 

days before the ED visit are used as input variables. With this, neural network model was able to 

predict the test set with an average error of 12%.  

Artificial neural network (ANN) models were used by Kostas, et al. [24] to forecast 

childhood asthma admission (CAA) in Athens, Greece. They developed three ANN models, one 

for each childhood asthma admission subgroup, i.e., 0-4 years, 5-14 years, and 0-15 years. 

Weather and environmental data variables used in the study were ambient air temperature (C), 

wind speed (m/s), relative humidity (%), cloudiness (octal), sunshine (h) and global radiation 

(W/m2), surface ozone (O3), particulate matter with an aerodynamic diameter less than 10 mm 

(PM10), carbon monoxide (CO), nitrogen dioxide (NO2), and Sulphur dioxide (SO2), CAA was 

collected for children with age range 0-14, and divided into subgroups 0-4 and 5-14. In this 

work, instead of using raw weather and environment data variables as independent variable 

(input layer of ANNs), authors derived various indices of previous seven days, namely, mean 
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daily value of physiologically equivalent temperature (PET), number of extreme hot and cold 

days in previous seven days, the maximum value of European Regional Pollution Indices (ERPI) 

from the seven examined stations during the previous seven days, the number of days with air 

pollution episode according to the ERPI value (ERPI _ 50) from the seven examined stations 

during the previous seven days, the number of stations showed air pollution episode over the 

previous seven days, and the number of admissions in previous seven days in this paper [24]. 

The aggregate number of admissions in next 7 days was taken as dependent variable 

(output layer of the ANNs) that is to be predicted. Coefficient of determination (R2), the Index of 

Table  2.1. Summary of Reviewed Research Articles 

Year Author (s) 
Geographic Area 

of Study 

Classification/Regres

sion/Correlation 

Techniques Used 

ML 

Performance 

Measures Used 

1995 J. Schwartz

New Haven, 

Connecticut and 

Tacoma, WA 

Multiple Regression Not Applicable 

1996 J. Schwartz Spokane, WA 
Poisson Regression 

Analysis 
Not Applicable 

2002 H. Bibi, et al. Ashkelon, Israel ANN Average Error 

2012 
M. P. Kostas, et

al.
Athens, Greece ANN 

R2, IA 

RMSE 

MBE 

2013 
I. N. Soyiri, et

al.

London, United 

Kingdom 
Mutivariate QRM 

Sensitivity 

Specificity 

2013 
A. E. Hoveland, 

et al. 

Shenandoah Valley, 

VA 

GLM 

MARS 

RF 

RMSE 

ROC Curve 
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Agreement (IA), the Root Mean Square Error (RMSE) and the Mean Bias Error (MBE) were 

used to measure the performance of the ANNs developed in this study. This work concluded that 

forecasting ability of ANNs for 0-4 years and aggregated group 0-14 years was satisfactory, with 

R2 values of 0.567 and 0.528 respectively, and IA of 0.838 and 0.837 respectively. However, 

that for 5-14 years-old group was less accurate. The authors concluded that the reason for less 

accuracy of the later is because of small number of admissions in this age group. Soyiri, et al. 

[20] used multistage multivariate quantile regression to predict excessive demand for healthcare 

services in the form of asthma daily admissions in London, using retrospective data from the 

Hospital Episode Statistics, weather and air quality. This study uses Trivariate Quantile 

Regression Model with 14-day range of lags of environmental variables. Daily hospital 

admission of asthma-related patients for two years was collected and merged in time series with 

weather and environment pollutant data, i.e., daily averages of ambient temperature, barometric 

vapor pressure, humidity, carbon monoxide, formaldehyde, nitrogen dioxide, nitrogen oxide, 

ozone, and PM10. Number of patients admitted is used as primary dependent variable. A 

secondary binary variable is generated as 'peak ' and 'no-peak' treating the admissions above 90th 

percentile as 'peak'. Two models were developed in this study; one with all factors, and other, the 

reduced model, with factors that has P > 0.05 with dependent variable. Systematic reduction was 

used to eliminate the weather and environmental factors to obtain a reduced model. Sensitivity 

and specificity of full model were found to be 76% and 66% respectively, and those of reduced 

model were 62% and 76% respectively. This finding also reaffirms the known association of 

asthma with temperature, ozone, and carbon monoxide levels. 
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Hoveland, et al. [25] carried out a study to determine if the relationship between 

environment variables (weather and pollution measurements) and COPD related hospital 

admission rates was strong enough to develop a surveillance system to alert population of 

hazardous conditions in Shenandoah Valley, Virginia. They used three models, namely 

Generalized Linear Model (GLM), Multivariate Adaptive Regression Splines (MARS), and 

Random Forest (RM), and used root mean square error (RMSE) and Receiver Operation 

Characteristics (ROC) curve as performance indicators. This study established that RM worked 

better than rest of the techniques with better ROC curve but none of the curves approached (0,1). 

They concluded that this model can be used for strategic planning to detect peaks in COPD 

admissions, but cannot be used for respiratory alert model because of large false positive and 

false negative results. 

2.5 Discussion 

The research papers [19] [23] [22] [20] [24] [25] analyzed in this paper uses daily 

hospital ED admissions with initial diagnosis asthma and/or COPD as dependent variable. 

Environmental conditions (weather and air quality measurements) are taken as independent 

variables. Environmental conditions include weather data, which are measurements of 

temperature, dew point, barometric pressure, humidity, and air quality measurements that are 

carbon monoxide, formaldehyde, nitrogen dioxide, nitrogen oxide, ozone, and particulate matter 

(PM10 and PM2.5). Two of the six papers analyzed in this paper are studies on correlation of 

environmental variables with hospital ED admissions while remaining four are on forecasting of 

hospital ED admission based on environmental data. 
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Flow diagram of a generalized model for forecasting hospital ED visits/admissions of 

patients diagnosed with asthma and/or COPD is shown in Figure 2.1, which is followed in most 

cases studied in this review. 

Since various researchers discussed in this paper have used different performance 

measures of classification and/or regression, it is hard to present a true comparative analysis. 

Besides, we observe a large chronological gap in research on this subject. The research work on  

  

 

Figure 2.1.  Generic Flow Chart for Forecasting Patients Visiting ED 

1. Daily Admission Record of Asthma and COPD 

2. Weather Data 

3. Air Quality Data 

Arrange all three data in a time-series 

1. Divide data into training and test set as per ML guidelines 

2. User training set to develop a prediction model using daily 

admission record at dependent variable, and weather and air quality 

data as independent variable 

3. Test the model for accuracy, specificity, and sensitivity on test set 

4. Rework the model for applying systematic lags to weather and air 

quality variables and re-test on test data set with similar lags 

5. Lock the model that performs best on test set based on accuracy, 

specificity, and sensitivity 

Deliverables 

1. Prediction Model 

2. Performance metrics 
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the subject is conducted in different geographical areas, hence it’s hard to compare the 

consistency of results.  

Except Soyiri, et al. [20], most papers reviewed in this article use the number of patients 

as percentage of patients to a concerned population size as dependent variable, which is not the 

subject of interest. The subject of interest is hospital load, which can be forecasted by predicting 

peak and no peak days. Use of binary variable makes the model simple in terms of calculation 

complexity and tends to produce more accurate forecast results. With this criteria, Soyiri’s 

models seem more comprehensive and have forecasted peak events with less complexity by 

using binary variable. 

Limiting factors in this review are lack of availability of sufficient literature on the 

subject with special reference to forecasting of asthma and COPD. 

2.6 Conclusion 

Machine learning techniques have proven capability to help hospital managers to make 

informed decision by forecasting peak load days of hospital ED of patients with asthma and 

COPD. However, since the number of factors affecting actual admissions is large, the accuracy 

of forecast or prediction remains limited. Further, the accuracy of forecast depends on reliability 

of data used to make the forecast. We still expect that with the advance in machine learning and 

data acquisition methods, more reliable forecasts can be made. 
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3.1 Abstract 

Chronic Respiratory diseases, mainly asthma and Chronic Obstructive Pulmonary 

Disease (COPD), affect the lives of people by limiting their activities in various aspects. 

Overcrowding of hospital emergency departments (EDs) due to respiratory diseases in certain 

weather and environmental pollution conditions results in the degradation of quality of medical 

care, and even limits its availability. A useful tool for ED managers would be to forecast peak 

demand days so that they can take steps to improve the availability of medical care. In this paper, 

we developed an Artificial Neural Network (ANN)-based classifier using Multi-Layer 

Perceptron (MLP) with back propagation algorithm that predicts Peak Event (Peak demand days) 

of patients with respiratory diseases, mainly asthma and COPD visiting EDs in Dallas County of 

Texas in the United States. The precision and recall for Peak Event class were 77.1% and 78.0% 

respectively and those for Non-Peak Events was 83.9% and 83.2% respectively. The overall 

accuracy of the system is 81.0%.  

 

Index Terms— Health Informatics, Bioinformatics, Health Forecast, Artificial Neural 

Networks (ANNs), Asthma, Chronic Obstructive Pulmonary Disease (COPD), Emergency 

Departments Management 

3.2 Introduction 

Respiratory diseases, mainly Chronic Obstruction Pulmonary Disease (COPD) and 

asthma, are known for affecting quality of life of people of all ages throughout the world by 

restricting social, emotional, and physical aspects of life [1]. Asthma is characterized by 
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hypersensitivity of airways, which is reversible, but requires a constant management of the 

symptoms that include long term and short term medication, mostly inhalers. On the other hand, 

COPD, for which asthma is one of the risk factors, is characterized by non-reversible airways 

obstruction. COPD is a leading cause of morbidity and mortality worldwide [2]. According to 

World Health Organization reports, COPD is the fourth largest cause of mortality in the world at 

present, and it is forecasted that by 2030 COPD will be the cause for 8.5% mortality globally, 

making it third leading cause of deaths worldwide [3].    

Both asthma and COPD are chronic respiratory conditions that require regular medication 

and management of patients as their severity may vary with weather and environmental 

conditions, effectiveness of medication, and other factors. Sudden exacerbation because of any 

reason requires critical medical care and may lead to hospitalization. Asthma and COPD 

exacerbations are cause of approximately 1.5 million [4] and 2 million [5] visits to hospital 

emergency departments (EDs) respectively per year in the United States.  

Efficient management of hospital EDs is important because of growing demand of 

emergency medical care. Worldwide, one of the fundamental issues in management of EDs is 

sudden inflow of patients [6]. To deal with this, EDs require considerable human and material 

resources, which are limited in practical scenarios. This results in overcrowding of EDs [7], and 

subsequently leads to increased length of stay of the patients, reduced attention to patients from 

ED staff, violence of angry patients towards the staff, and increased mortality of patients as they 

leave untreated [8].  

Health forecasting, one of the least developed branches of forecasting, is a useful tool for 

decision making in provision of health services. Besides vital signs used by medical practitioners 
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in diagnosing diseases, it may also include measurements of other factors that affect the health 

status of individuals and populations, for example, weather and air quality, which are particularly 

important in forecasting asthma and COPD emergency events [9]. Health forecasting can be used 

for predicting ED visits and admissions [10] [11]. Forecasting of asthma, COPD, and other 

respiratory illness comes under the umbrella of health forecasting. It can serve as a useful tool 

for ED managers to prepare for the requirement of excessive human resources and health 

supplies in events of influx of patients due to respiratory diseases, mainly Asthma and COPD.  

Health forecast is a data-rich field, which can use data analytics for decision making [12]. 

Present day state-of-the-art Information and Communication Technologies (ICTs) have enabled 

hospital EDs to capture and store bulk amounts of patients and disease related data, which can be 

processed and analyzed using machine learning and advanced statistical tools to extract relevant 

and specific knowledge that can be subsequently used for decision making by ED managers. 

Bouleux et al [13] discussed ongoing research in dealing with problem of overcrowding of ED 

and referred to several analytical methods to forecast ED patient load. In their work, they 

proposed a multiperiod Serfling-based model for daily patient flow and to detect abnormally 

high patient number in ED. 

An Artificial Neural Network (ANN) is an information processing paradigm which was 

inspired by how a biological nervous system (such as brain) processes the information. It is 

composed of many interconnected processing elements, neurons, working in union to solve 

specific problems. ANNs learn by examples, like humans do. Learning process in ANNs occur 

by adjustments to synaptic connections that exist between the processing elements (neurons) like 

that in biological systems [14]. Like biological neurons, artificial neurons accept inputs from 
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different sources, integrate them, and carry out a non-linear process on results and finally 

generate output results [15], according to the requirement of specific application, such as data 

classification.  

A smooth non-linear activation function is used at each node in ANN. For ANN with 

back propagation, most commonly used activation function used at each node in hidden and 

output layers is sigma (or sigmoid) as given by (3.1), and shown in Figure 3.1. Input nodes take 

the direct assigned values.  

 

Forecasting is one major area of application of ANNs [16]. There are several features that 

make ANNs one of the best choice for forecasting problems. ANN’s are data driven self-

adaptive methods with few priori assumptions about the models for subject problems, which 

makes them suitable for the problems where solutions require the knowledge that is hard to 

1

(1 )
m jm

j S
a

e



                                                (3.1) 
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0

m x x

n

j ij i

x

S w a


      (2) 

where, 

 𝑎𝑗𝑚
 = activation of a particular “receiving” node m in layer j 

 𝑆𝑗𝑚
  =  sum of the products of the activations of all relevant “emitting” nodes (i.e., the nodes 

in the preceding layer i) by their respective weights for node m in layer j. 

𝑤𝑖𝑗 =    set of all weights between layers i and j that are associated with vectors that feed 

             into node m of layer j 
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pinpoint but there are enough observations or data available. Thus, ANNs are referred to as non-

parametric, non-linear, multivariate statistical methods [17] [18]. Principally, forecasting is an 

ideal application area for ANNs because ANNs can generalize, i.e., they can correctly infer 

unseen part of population after learning from available data despite noise [19]. It has been shown 

in several researches [20] that ANNs can approximate any continuous function to desired 

accuracy, hence they are also known as universal function approximators. 

  

 

The traditional approaches to time series predictions based on linear models don’t 

perform well as they assume a priori that a realization of time-series is generated by a linear 

 

Figure 3.1.  Sigmoid Function 
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process, which is not a practical fact as real world systems are often non-linear [21]. ANNs are 

non-linear, and hence are the methods of choice for forecasting problems. 

A preliminary version of this work has been reported [22]. 

3.3 Methods 

3.3.1 Data Acquisition and Preprocessing 

Data for daily number of patients visiting hospital emergency departments (ED) in Dallas 

County for respiratory diseases (Asthma, COPD, and other respiratory conditions) was obtained 

from Dallas Forth Worth Hospital Council Education and Research Foundation’s [23] internal 

record due to unavailability of any public record of such sort. This data contains aggregate 

numbers of patients’ visits to EDs in hospitals in Dallas County (whether admitted for treatment 

or discharged same day) each day with primary diagnosis of exacerbation of respiratory 

symptoms documented with 2012 ICD-9-CM codes 490 through 496 (COPD, and Allied 

Conditions) for a three-year period, from 1/1/2011 to 12/31/2013, which is 1096 days of 

continuous data. 

Corresponding daily meteorological (weather) and environmental pollution data was 

obtained from United States Environmental Protection Agency (EPA), which collects and 

processes this data obtained from different monitoring stations in Dallas County owned and 

managed by EPA itself as well as by other state operated relevant agencies. Both public access 

EPA website [24] and email correspondence with EPA staff were used to obtain daily mean 

values of weather parameters and daily Air Quality Index (AQI) [25] values of environmental 

pollutants for the period corresponding to daily hospital ED visits/admissions data referred 
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earlier. Table 3.1 shows measurement type and percentage of missing value of each weather and 

environmental pollution measurements. All these measured parameters have been found to have 

effect in exacerbation of respiratory and cardiac conditions [26] [27] [28] [29] [30]. 

Data obtained from EPA was processed to develop a time series of daily continuous 

values of all parameters for each day of interest and merged with daily number of patients 

visiting hospital ED for respiratory diseases exacerbation to form a time series of predictors 

(weather and pollutants measurements) and dependent variable, i.e., daily number of patients 

visiting hospital ED. To simplify the problem of regression to a binary classification, a binary 

Table 3.1.  Weather and Pollution Measurements Characteristics 

Weather / Pollutant 

Measurement 
Measurement Type 

Unit of 

Measurement 

Missing 

Values  

Outdoor Temperature Daily Average of Hourly 

Measurements (Mean) Degree 

Fahrenheit (F) 
0.3% 

Relative Humidity Daily Average of Hourly 

Measurements (Mean) 
Percent 

Relative 

Humidity 

4% 

Wind Speed Daily Average of Hourly 

Measurements (Mean) Knots 1% 

Carbon Monoxide (CO) Daily AQI Value Not Applicable 6% 

Ozone (O3) Daily AQI Value Not Applicable 3% 

Sulphur Dioxide (SO2) Daily AQI Value Not Applicable 5% 

Nitrogen Dioxide (NO2) Daily AQI Value Not Applicable 3% 

Particulate Matter 2.5µm 

and smaller (PM2.5) 
Daily AQI Value Not Applicable 4% 
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variable was deducted from number of patients. The days on which number of patients was equal 

to 85th percentile or above were labelled as Peak Event, and the rest as Non-Peak Event, 

because, for ED managers, forecasting of peak load days makes same sense as number of 

patients. Also, forecasting of actual number of patients becomes a non-trivial complex task given 

there is no established causal formulation between the factors referred above, and there are 

various other factors that affect the number of patients visiting ED for exacerbation of respiratory 

diseases. 

3.3.2 Data Processing and Classification using ANN 

Since the effect of weather and environmental pollutants on respiratory condition in 

humans is not instantaneous, rather delayed [31][32], the representative predictors on a particular 

day do not represent ED event on the same day. Hence, the representative lags were applied to 

predictors based on the work done previously in this area [27] [33] [34]. The lags are 3-day lag 

outdoor temperature, 7-day lag relative humidity, 3-day lag wind speed, 3-day lag carbon 

monoxide, 3-day lag Sulphur dioxide, 4-day lag nitrogen dioxide, 7-day lag ozone, and 3-day lag 

to PM2.5.  

In order to create a meaningful feature vector for training and cross-validation (CV), date 

and number of patient fields were removed to obtain a (X, y), where X is a matrix of dimensions 

(m x n = 1096 x 8) representing values of predictors, and y is vector of length m = 1096 

representing the output class of the examples, i.e., Event. Any example containing a missing 

value of any predictor will be ignored in further processing. Analysis of data suggested that 

output class is highly imbalanced with 928 examples of Non-Peak and 168 examples of Peak 

events.  
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The performance of a machine learning method, including ANN classifier, is typically 

evaluated by a confusion matrix, and overall accuracy is given by (3.2); however, in situation of 

imbalanced datasets with unequal costs of error, these performance metrics are not representative 

of reasonable performance.  

 

It is, therefore, necessary to balance the database to get true performance values of the 

classifier. We used Synthetic Minority Over-Sampling Technique (SMOTE) proposed by N. V. 

Chawla, et.al [35] to generate additional samples of minority class, i.e., Peak. Finally, the dataset 

was balanced with 928 and 672 examples of Non-Peak and Peak events respectively. 

A three-layered ANN, a type of Multilayer Perceptron (MLP) model with back 

propagation algorithm, was developed having input layer with number of nodes equal to the 

predictors, a hidden layer with 5 nodes, and an output layer with neurons equal to the number of 

classes, i.e., two, and was trained using the data with representative predictor lags. Block 

diagram of forecasting process is shown in Figure 3.2, and Figure 3.3 shows schematic diagram 

of MLP. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
                                            (3.2) 

Where, 

TP = True Positive, FP = False Positive 

TN = True Negative, FN = False Negative 
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3.4 Results 

Statistical summary of predictor variables is shown in Table 3.2. The distribution of daily 

number of patients for the period from 2011 and 2013 in scatter plot is shown in Figure 3.4 (a), 

(b), and (c).  

It is worth noticing that peaks days are more dominant in the months of from November to 

April, which indicates that temperature is a very strong predictor as these months are mostly 

colder in Texas. 

 

 

Figure 3.2.  Block Diagram of Classification System 
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With proposed ANN, precision and recall of Peak class are 77.1% and 78% respectively, and 

those of Non-peak class are 83.2% and 83.9% respectively. The overall accuracy of the classifier 

is 81%. The true positive and False negative rates of Peak class are 78% and 22% respectively, 

while those of Non-Peak class are 83.2% and 16.8% respectively. 

It shows that this ANN classifier gives better precision and recall for Non-Peak events than 

that of Peak events. This is mainly due to the imbalance of real examples of these classes. The 

overall accuracy of prediction, i.e., 81%, is good for the nature of the problem.  

Table 3.2. Statistical Summary of Predictor Variables 

Weather / Pollutant Measurement Min Max Mean 
Standard 

Deviation 

Outdoor Temperature (Daily Mean) 17.91 99.20 69.16 16.82 

Relative Humidity (Daily Mean) 21.20 92.79 54.92 14.43 

Wind Speed (Daily Mean) 1.00 13.08 4.89 1.83 

Carbon Monoxide (CO) (Daily AQI Values) 1 19 3.73 2.48 

Ozone (O3) (Daily AQI Values) 3 172 38.02 21.03 

Sulphur Dioxide (SO2) (AQI Values) 0 16 1.16 2.02 

Nitrogen Dioxide (NO2) (Daily AQI Values) 3 65 23.30 11.77 

Particulate Matter 2.5µm and smaller (PM2.5) 

(Daily AQI Values) 
8 91 4.89 1.83 
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3.5 Discussion 

Peak demand prediction can serve as useful tool for ED managers to plan resources to 

meet excessive demand for healthcare for patients suffering from respiratory diseases. ANN 

classifier proposed in this paper predicted 81% of instances correctly. Since there is no 

benchmark for definition of Peak Event, we relied on our intuition and the agreement of our 

 

Figure 3.3.  Artificial Neural Network 
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hospital admissions data sponsor to label Peak Event as the one with the number of patients that 

is 85th percentile or above. In practical scenario, the number of patients to be labelled as Peak 

Event is to be determined by the stakeholders, and the ANN classifier can be trained accordingly. 

There are a few limitations to this study. In this study, we used eight (8) predictors, namely, 

outdoor temperature, relative humidity, wind speed, carbon monoxide, ozone, Sulphur dioxide, 

nitrogen dioxide, and particulate matter 2.5 µm and smaller as these variables have been 

associated with exacerbation of respiratory diseases, predominantly asthma and COPD. 

However, there are some other variables that also contribute to the exacerbation of these 

diseases, such as, formaldehyde [36], and nitrogen oxide (NO), barometric pressure, etc. We 

were not able to include these variables in our study as daily measurements of these variables for 

Dallas county could not be obtained from EPA. Formaldehyde is measured weekly by the 

monitoring stations in Dallas county of Texas. Other pollutants are either not measured or had 

too many missing values. Since this study is not a causal analysis, rather an exploratory data 

analysis, the results are still valid when some of the variables are not included. Besides, the 

admissions data contains primary diagnosis, which is done when a patient first sees a healthcare 

professional, usually a nurse, at an ED. This diagnosis may not be accurate as further 

investigation is done later by a doctor (specialist), and the diagnosis may fall in a different code. 

Hence, the actual daily number of patients may be slightly different in the codes studied in this 

article.  

Previous works carried out in this area cannot be compared as different researchers used 

different prediction variable and different performance criteria. Table 3.3 shows summary of 

previous work and performance metrics used. 



 

47 

 

 

(a) 

 

(b) 

 
(c) 

 

Figure 3.4.  Scatter Plot of Patients visiting EDs 
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3.6 Conclusion 

In this study, we developed and tested a MLP ANN classifier model that uses back 

propagation algorithm to predict Peak Events in hospital EDs for respiratory diseases (ICD-9-

CM codes 490 through 496) in Dallas County of Texas. A Peak Event was defined as the day on 

which patients visiting (whether admitted or discharged the same day) ED’s in Dallas County 

due to exacerbation in their symptoms of respiratory disease was 85th percentile or above in the 

series. This ANN classifier predicts Peak and Non-Peak events with an overall accuracy of 81%.  

The precision and recall of the system for Peak Events was 77.1% and 78% respectively 

and those for Non- Peak Events was 83.9% and 83.2% respectively. It is concluded that this 

classifier can be used as a forecasting tool for ED managers. Since ANN is a non-linear system, 

the performance is found to be better than the classifier or regression techniques used previously. 

Further work can be done in similar lines by further optimizing the classifier parameters, 

or using other machine learning techniques, such as, Random Forest. 
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4.1 Abstract 

Machine learning (ML) methods to predict daily hospital emergency department (ED) 

visits/admissions are gaining popularity with increased awareness of emergency department 

managers with health forecasting. Various machine learning methods have been used by 

researches over past decade for health forecasting and predicting daily, weekly, or monthly 

hospital ED visits/admissions rates in general, or for specific conditions, such as, heart diseases, 

respiratory diseases, etc. based on weather and environmental conditions. In this paper, we 

developed and evaluated two models using Random Forests (RF) method of decision tree 

technique for predicting daily hospital ED visits/admissions due to asthma exacerbations based 

on daily weather and environmental pollution measurements. The first model, called full model, 

uses eight (8) predictors (historical weather and environment pollution measurements), while the 

other model, known hereafter as simple model, uses only four (4) out of these eight, reduced 

through Correlation Feature Selection (CFS) subset evaluator. The features in reduced feature-set 

are Carbon Monoxide (CO), Sulphur Dioxide (SO2), Ozone, and Particulate Matter 2.5 

Micrometer (PM2.5). The overall accuracy of base model is 81.30%, while that of simple model 

is 76.59%. 

Index Terms— Health Informatics, Bioinformatics, Health Forecast, Random Forests, 

Asthma, Emergency Departments Management 

4.2 Introduction 

Random Forests (RF) is one of the recursive partitioning methods that is becoming a 

widely used technique for nonparametric classification and regression in various scientific fields. 
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RF has been successfully applied to obtain high accuracy in genetics, bioinformatics, and clinical 

medicine where data has large number of predictor variables with complex interactions and non-

linearity [1]. RF have also demonstrated superior predictive capabilities in ecological prediction 

[2]. It has shown excellent performance in classification tasks, even better than Support Vector 

Machines (SVM) [3]. 

Random Forests [4] uses an ensemble of decision trees [5] [6] to forecast ‘predicted’ 

variable. These trees can be classification or regression trees depending on the application. The 

instances and attributes (predictors) both are randomized and used to form individual trees that 

create a forest by combination. Each tree in the forest outputs its decision as predicted response 

by setting thresholds for values of each predictor. Probability of an event occurring is then 

determined by voting from all the trees in the forest [7]. A general architecture of RF is shown in 

Figure 4.1. 

Asthma is one of the top 20 chronic conditions known to be responsible for hospital ED 

admissions in the United States per a report by Agency for Healthcare Research and Quality [8]. 

Approximately 1.5 million visits to hospital EDs per year are caused by asthma exacerbations in 

the United States [9]. Asthma prevalence has been recorded as approximately 6% in the United 

States throughout from year 1998 to 2009 [10]. It accounts for over half a million hospital 

admissions, 3500 deaths, loss of productivity due to about 11 million missed school days and 

over 14 million missed work days annually in the United States [11]. 

Efficient management of hospital EDs is a critical task that needs to be supported by 

modern tools and techniques for better preparedness for sudden influx of patients. This has been 

recognized as a fundamental issue in management of EDs [12]. Overcrowding is the result of this 
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sudden influx, and may causes patients leaving untreated, dissatisfied and angry towards ED 

staff, longer stays at EDs, and increased mortality [13] [14]. 

Besides intrinsic factors, weather conditions and environmental pollution factors are also 

known causes of asthma exacerbation that leads to ED visits and admissions of patients suffering 

from asthma. Various studies has been conducted throughout world to assess and verify impact 

of environmental pollution on asthma exacerbation in children, adults, and elderly patients [15] 

[16] [17] [18] [19]. Zheng et. al. [20] published as systematic review on association between air 

pollutants and hospital admissions, which cites almost a hundred articles on the subject. 

By utilizing the knowledge of weather and environmental pollution measurements, it is 

possible to predict peak demand days of patients visiting EDs due to exacerbation of asthma a 

 

 

Figure 4.1.  Random Forests 
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few days in advance as the effect of weather and pollution is not instantaneous and appears after 

delay of a few days [21]. 

A number of studies have been carried out previously on predicting asthma and chronic 

respiratory diseases related ED visits based on weather and environment pollution measurement 

in various cities of the world. Haim Bibi et. al. [22] used Artificial Neural Network (ANN)-based 

regression model to predict respiratory symptoms related ED visits in a hospital in Ashkelon, 

Israel. They achieved prediction with an average error of 12%. In another research work on 

similar lines was conducted in Athens Greece to forecast weekly childhood asthma admissions 

using ANN with back propagation [23]. A more promising work was conducted by Soyiri et. al 

[24] in London for predicting peak asthma events (daily asthma admissions) using Quantile 

Regression Model (QRM). The sensitivities of the two models developed in this study were 76% 

and 72%, and the specificities are 66% and 76% respectively. In [25], research was conducted to 

develop a respiratory alert model for Shenandoah Valley, West Virginia but finally the authors 

concluded that it was not feasible due to a large false positive rate of predictions that were based 

on three different techniques, that are, Generalized Linear Model (GLM), Multivariate Adaptive 

Regression Splines (MARS), and RF.  

More recent work is presented in [26] using Big Data using unconventional sources of 

data, such as, twitter and using Decision Tree, ANN, ANN with Adaptive Boosting, and 

Stacking (ANN + Decision Tree) techniques. The prediction accuracies of these models were 

found to be 72.73%, 71.43%, 72.73%, and 75% respectively. ANN was also used in [27] to 

predict peak days of COPD and allied conditions-related ED visits. The classifier resulted in 

overall 81% accuracy. 
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The work presented in this article used the same weather and environmental pollution 

data as in [27]. Preliminary results of this work were previously presented in [28] as one-page 

abstract previously. 

4.3 Methodology 

4.3.1 Data 

In this paper, we used data of Dallas county hospital EDs and weather and environment 

pollution. Data of daily Asthma related ED visits (in-patient, and out-patient numbers each day 

that showed up at EDs for Asthma exacerbations) in Dallas County were obtained from DFWHC 

Foundation [29] for a three-year period from 1/1/2011 to 12/31/2013. It is a data of 1096 days 

consecutively from January 1, 2011 to December 31, 2013. We considered only the daily number 

of patients visiting ED that were diagnosed with ICD-9-CM code 493 (Asthma). This includes 

sub-codes 493.1, 493.2, 493.8, 493.9, and their subdivisions. 

Weather and environment pollution data were collected from United States 

Environmental Protection Agency (EPA), from various monitoring stations in Dallas County. 

This data includes both public access data on EPA website [30] and other data obtained with 

special arrangements from EPA for same period, i.e., daily measurements for years 2011 through 

2013. 

These data are merged to generate a time series of weather and environment pollution, 

and daily number of Asthma related ED visits on each day of the period from January 1, 2011 to 

December 31, 2013. In this time series, daily asthma related ED visits is a vector of continuous 

values. Since ED managers’ requirement is not specific number, rather peak days, a secondary 
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binary variable was generated using 85th percentile of ED visits. The days on which ED visits 

were 85th percentile or more were labelled as Peak days, while other labelled as Non-Peak days. 

This simplifies the prediction into a classification problem.  

Finally, we have predictor matrix X [1096*8] and output binary vector y [1096]. Table 

4.1 shows details and statistical summary of the predictor variables. 

Many studies in hospital ED visits with respect to weather and environmental pollution 

have shown that effects of these predictors on respiratory disease patients are not instantaneous, 

rather delayed [15] [31]. Hence, we applied systematic lags to the predictors based on previous 

studies [23] [24] where our RF classifiers trained gives best performance. 

It has been observed in our data that there is significant disparity between the number of 

instances of each class. Figure 4.2 (a) and (b) shows the class imbalance before, and after the 

classes have been balanced using technique mentioned in following section respectively. 

 

Figure 4.2.  Class Balancing using SMOTE 
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4.3.2 Synthetic Minority Oversampling Technique (SMOTE) 

This technique was proposed in [32] to generate additional samples of minority class, 

which is the Peak class in our data set. In this technique, the oversampling of minority class is 

done by taking each minority class sample and introducing synthetic examples along the line 

segments joining any or all the k minority class nearest neighbors. Depending upon the amount 

of over-sampling required, neighbors from the k nearest neighbors are randomly chosen.  

Here we used k = 10 and chose 300% oversampling of Peak class because there was huge 

imbalance between two classes in our dataset. 

4.3.3 Classification – Full Model 

We used Random Forests (RF) for classification, which is non-parametric ensemble 

learning algorithm proposed in [4]. This method is extension of decision trees and builds many 

trees for classification or regression. Each decision tree is constructed by drawing an individual 

bootstrap sample from original data, and the split is determined at each node based on Gini 

criterion. Unlike standard decision trees, in RF, a subset of variables is randomly selected at each 

node, and the best-splitting variable is chosen from this subset. Majority vote among the 

classification outcomes of all constructed decision trees to classify new data. Samples that are 

not in bootstrap data, known as out-of-bag (OOB) data are used at each iteration to estimate 

classification error, and this is done for each decision tree. Finally, majority vote among 

classification outcomes of all decision trees for each sample in original data is compared with 

true class label of original data to measure RF performance. 
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We used full training set with all predictors to train a RF classifier. There are two main 

parameters that need to be configured optimally for optimum classification accuracy in RF. 

Those are, number of randomly selected features m from feature set X, and the number of 

samples to grow each tree N. Our classifier gives optimum performance at m = 4, and N = 100%. 

We used 10-fold cross validation to evaluate the performance of RF classifier. Figure 4.3 

shows flow chart of methodology. 

 

Figure 4.3.  Flow Chart of Methodology 
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4.3.4 Classification – Simplified Model 

In order to develop a simplified classifier with less number of predictors (features), we 

performed feature selection using Correlation-based Feature Subset Selection (CFS) algorithm 

proposed in [33] with exhaustive search method. 

CFS is a fully automatic algorithm, which means user is not required to specify any 

thresholds or the number of features to be selected. It operates on the original feature space, 

which is discretized. It means, any knowledge induced by learning algorithm using selected 

features by this algorithm can be interpreted in terms of original features; not in terms of 

transformed space, unlike Principal Component Analysis (PCA) [34]. CFS acts as filter and does 

not call learning algorithm repeatedly. It assumes that features are conditionally independent 

given the class. 

CFS implemented on our pre-processed dataset selected four features, i.e., Carbon 

Monoxide (CO) with 3-day lag, Sulphur Dioxide with 3-day lag, Ozone (O3) with 6-day lag, and 

Particulate Matter 2.5 micrograms and below (PM2.5) with 3-day lag that highly correlate to the 

output vector (binary class vector). Thus, a reduced data-set is generated with four predictor 

variables and the same resultant class, that is Peak and Non-Peak events.We used this reduced 

feature-set in this method to train RF classifier with same parameters as discussed in section 

4.3.3. 

The results are presented and discussed in next section. 
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4.4 Results and Discussion 

Statistical Summary and Characteristics of predictor variables are shown in Table 4.1. 

Figure 4.4 shows daily number of patients visiting ED’s in Dallas county due to exacerbation of 

asthma during 2011-2013.  

We used standard performance metrics to evaluate the performance of RF classifiers in 

both full model and simplified model. These metrics are true positive and false positive rates, 

precision, recall, F-Score, and the area under ROC (Receiver Operating Characteristics) curve. 

The results are summarized in Table 4.2 and Table 4.3 for full model and simplified model 

respectively. Feature selection and the performance metrics of reduced model shows that 

environment pollution measurements alone have a significant impact on asthma exacerbations 

and are cause of increase in ED patient load due to asthma. 

 

Figure 4.4.  Daily Number of Patient Visiting ED in Dallas County 2011-2013 
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Forecasting of Peak demand serves as a public health management tool for ED managers. 

They can plan resources for peak demand days/periods for patients suffering from respiratory 

asthma. Both full and simplified classifiers presented in this article have good to excellent 

predictive capability as indicated in ROC areas of 0.85 and 0.80 respectively.  

As with [27], since there was no benchmark for definition of Peak Day/Peak Event, we 

relied on our intuition and the agreement of our hospital admissions data sponsor to label Peak 

Event as the days on which number of patients is 85th percentile or above. In practical scenario, 

the number of patients to be labelled as Peak Event is to be determined by the stakeholders, and 

the classifier or regression model can be trained accordingly. 

This study has some limitations. We used eight predictor variables, that are, outdoor 

mean temperature in degrees Fahrenheit, daily average relative humidity in percent, daily mean 

wind speed in Knots, and Air Quality Index (AQI) values of carbon monoxide, ozone, Sulphur 

dioxide, nitrogen dioxide, and particulate matter 2.5 µm and smaller as these variables have been 

associated with exacerbation of respiratory diseases, including asthma. Previous studies have 

shown that formaldehyde [35], nitrogen oxide (NO), barometric pressure, etc., also contribute to 

exacerbation of respiratory disease. These variables could not be included in this study as EPA 

and related state monitoring stations did not provide daily measurements of these variables for 

Dallas county. Formaldehyde is measured weekly by the monitoring stations in Dallas county of 

Texas. Other pollutants are either not measured or had too many missing values. 

The results of these classifiers are still useful for estimating daily ED load due to asthma 

exacerbation as it is not a causal analysis, rather it is a rigorous exploratory data analysis though 

some of the variables have not been included. 
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4.5 Conclusion 

In this article, we presented two classifiers based on RF classification algorithm to predict 

Peak Events in hospital EDs for asthma (ICD-9-CM code 493 and its sub codes) in Dallas 

County of Texas. A Peak Event is defined as the day on which patients visiting (whether 

admitted or discharged the same day) EDs in Dallas County due to exacerbation in their 

symptoms of asthma was 85th percentile or above in the series. RF classifier models presented in 

Table 4.2.  Performance Metrics of RF Classifier – Full Model 

 

Performance Measurement Peak Non-Peak 

True Positive Rate (TP Rate) / Recall 73.6% 86.8% 

False Positive Rate (FP Rate) 13.2% 26.4% 

Precision 79.9% 82.2% 

F-Score 76.6% 84.4% 

Area Under ROC curve 0.85 0.90 

Overall Accuracy of the classifier 81.30% 

 

Table 4.3.  Performance Metrics of RF Classifier – Simplified Model 

 

Performance Measurement Peak Non-Peak 

True Positive Rate (TP Rate) / Recall 63.9% 85.7% 

False Positive Rate (FP Rate) 14.3% 36.1% 

Precision 76.1% 76.9% 

F-Score 69.5% 81.0% 

Area Under ROC curve 0.80 0.80 

Overall Accuracy of the classifier 76.59% 
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this article, i.e., full classifier with eight predictor variables and simple classifier with four 

predictors can predict with overall accuracies of 81.30% and 76.59% respectively. This system 

can be used by ED managers as a prediction too. RF has a proven capability of better 

performance due to its non-parametric and non-linear nature. 
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CHAPTER 5 

CONCLUSION AND FUTURE WORK 

This chapter presents contributions of this dissertation and gives some insight into 

possible future areas of work relating to predicting and forecasting hospital emergency load due 

to patients with chronic respiratory and other diseases.  

5.1 Contributions and Results 

The research presented in this dissertation is aimed at developing machine learning based 

tools for predicting hospital ED load in terms of peak demand and non-peak demand days due to 

exacerbation of chronic respiratory diseases, mainly asthma and COPD. These tools can be used 

by public health management professionals and ED managers to predict peak demand days of 

asthma and COPD related ED visits in advance so that they can plan material and human 

resources accordingly. 

Following summarizes key contributions and results of this dissertation: 

1. A review article included in the second chapter of this dissertation reviews 

research work carried out previously in the area of health forecasting specific to 

chronic respiratory diseases including asthma and COPD. No earlier review 

article was found in the literature that addressed this subject and this is first such 

contribution to the field. 

2. A peak or non-peak load classifier has been developed using ANN to forecast or 

to early detect peak demand days of ED visits due to COPD and allied conditions 

(which includes asthma as well). The model was built using the historical data of 
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daily number of patients visiting hospital ED due to exacerbation of their 

respiratory symptoms. We selected all patients whose primary diagnosis was   

ICD-9-CM codes 490 to 496 including sub codes. The forecast predictors are 

weather and environmental pollution measurements. 

3. A classification system to predict peak load days of ED visits due to asthma only

(ICD-9-CM code 493 and its sub codes) has also been developed. In this work,

two different classifiers are developed, one with full feature-set (predictor

variables), and another with limited feature-set, known as full and simple models

respectively.  The full model has eight predictors whereas the simple model has

only four predictors.  Feature reduction was performed using “Correlation-based

Feature Selection” method using exhaustive search. Classification results of the

simple model are also ‘good’ in terms of accuracy and ROC area.

The contribution stated in bullet point No. 2 has been published in IEEE Journal of 

Health Informatics and available online at IEEE Xplore Digital Library. Those contributions 

stated in No. 1 and No. 3 have submitted for publication in peer reviewed journals.  

The overall accuracies of the systems presented in this dissertation are 81% (ANN), 

81.3% (RF-full), and 76.59% (RF-Simple).  

5.2 Future Work 

In Chapters 3 and 4, we presented development of tools for forecasting daily hospital ED 

load with patients visiting EDs due to exacerbation of chronic respiratory diseases using the 

historical daily number of patients visiting EDs in Dallas county due to COPD and allied 
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conditions (ICD-9-CM codes 490 through 496) obtained from DFWHC Foundation. Although 

these data are reliable and serve the purpose, the work can be further extended to obtain 

historical as well as real-time data from twitter and other social media platforms from patients 

suffering due to respiratory diseases. The analysis can be done using more advanced machine 

learning methods, such as Deep learning. 

 This work can also be extended to develop chronic respiratory diseases alert system that 

informs the patients in advance about restricting their exposure to the outdoor environment so 

that they can be prevented from exacerbation of these diseases, and to save them from having to 

visit ED. A conceptual model of this alert system is shown in Figure 5.1. 

 

 

 

 

Figure 5.1.  Respiratory Alert System Conceptual Model 
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In this research, we could obtain daily measurements of only eight (8) predictors due to 

measuring stations’ limitations in Dallas county. There are some other weather and environment 

pollution factors that are known to cause exacerbation in respiratory disease patients. These are 

Formaldehyde and Barometric Pressure. In consultation with medical professionals, any other 

predictor variables may also be determined and included, and studies can be carried out 

accordingly.  

This work can also be extended to analysis of effect of sudden variations in weather and 

variability of environmental pollution on asthma and COPD related patients’ visits to ED. Our 

work is limited to daily averages and Air Quality Index (AQI) values of predictors. By taking 

into account hourly measurements and their variation patterns, more insightful results may be 

obtained. 

Another future avenue is developing and training individualized patient alert system 

using machine learning methods that can predict a COPD patient’s likelihood of suffering from 

exacerbation from the knowledge obtained from environmental measurements, analysis of 

patient’s electronic medical record (EMR), physiological measurements, such as breathing 

sound, and calendar and/or GPS data and alert them in advance to avoid certain activities or 

exposure till environment is hostile. 
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APPENDIX A 

ANN CLASSIFIER TRAINING AND CROSS VALIDATION IN WEKA 

 

=== Run information === 

 

Scheme:       weka.classifiers.functions.MultilayerPerceptron -L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 

20 -H a 

Relation:     Weather-Hospital-Final Spring-3.CO1.3SO2.3MeanWind-

weka.filters.supervised.instance.SMOTE-C0-K10-P300.0-S100-

weka.filters.unsupervised.attribute.Remove-R1,10-11 

Instances:    1607 

Attributes:   9 

              CO.AQI.8hr 

              SO2.AQI.1hr 

              NO2.AQI.1hr 

              O3.AQI.8hr 

              PM2.5.AQI 

              Mean.Temp 

              Mean.Hu 

              Mean.Wind 

              Event 

Test mode:    10-fold cross-validation 
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=== Classifier model (full training set) === 

 

Sigmoid Node 0 

    Inputs    Weights 

    Threshold    -1.6632998626379185 

    Node 2    6.2132589936592435 

    Node 3    3.322232642402884 

    Node 4    3.438593984542305 

    Node 5    -3.9717858760102698 

    Node 6    1.9195509818254617 

Sigmoid Node 1 

    Inputs    Weights 

    Threshold    1.6632998626378515 

    Node 2    -6.213258993643978 

    Node 3    -3.32223264240262 

    Node 4    -3.4385939845408084 

    Node 5    3.971785876007989 

    Node 6    -1.9195509818254017 

Sigmoid Node 2 

    Inputs    Weights 

    Threshold    -5.725066507382707 

    Attrib CO.AQI.8hr    3.210263464666347 
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    Attrib SO2.AQI.1hr    5.026253963391973 

    Attrib NO2.AQI.1hr    1.9864600762191984 

    Attrib O3.AQI.8hr    0.46218742750196273 

    Attrib PM2.5.AQI    -0.5606006731886908 

    Attrib Mean.Temp    14.226504828352917 

    Attrib Mean.Hu    12.99502044672681 

    Attrib Mean.Wind    -3.330655018704558 

Sigmoid Node 3 

    Inputs    Weights 

    Threshold    -21.06923393862502 

    Attrib CO.AQI.8hr    2.892827947315314 

    Attrib SO2.AQI.1hr    -20.275436762994964 

    Attrib NO2.AQI.1hr    -6.553187417798125 

    Attrib O3.AQI.8hr    2.4726340018181125 

    Attrib PM2.5.AQI    -6.240476275206752 

    Attrib Mean.Temp    4.589369527505137 

    Attrib Mean.Hu    0.9185654445855722 

    Attrib Mean.Wind    4.816050470491146 

Sigmoid Node 4 

    Inputs    Weights 

    Threshold    3.5221225209226024 

    Attrib CO.AQI.8hr    10.783229009364897 
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    Attrib SO2.AQI.1hr    5.602356010744706 

    Attrib NO2.AQI.1hr    8.692763718746143 

    Attrib O3.AQI.8hr    1.8430673292088282 

    Attrib PM2.5.AQI    2.653307849126065 

    Attrib Mean.Temp    17.74545172662368 

    Attrib Mean.Hu    -10.605109958211019 

    Attrib Mean.Wind    -9.130326256148658 

Sigmoid Node 5 

    Inputs    Weights 

    Threshold    0.8111335688779637 

    Attrib CO.AQI.8hr    18.986828877329287 

    Attrib SO2.AQI.1hr    2.719940438448476 

    Attrib NO2.AQI.1hr    -0.3292801339244107 

    Attrib O3.AQI.8hr    -2.90592282473689 

    Attrib PM2.5.AQI    5.093673348661135 

    Attrib Mean.Temp    2.8991581485805202 

    Attrib Mean.Hu    -1.1808180682785787 

    Attrib Mean.Wind    -3.9762429447615357 

Sigmoid Node 6 

    Inputs    Weights 

    Threshold    3.2515021218515554 

    Attrib CO.AQI.8hr    4.956874775892018 
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    Attrib SO2.AQI.1hr    -3.842508921614504 

    Attrib NO2.AQI.1hr    8.773904228039566 

    Attrib O3.AQI.8hr    1.5054298886595128 

    Attrib PM2.5.AQI    6.2795118473064555 

    Attrib Mean.Temp    15.132878725796855 

    Attrib Mean.Hu    3.6910513841481776 

    Attrib Mean.Wind    1.195703697940265 

Class NO-PEAK 

    Input 

    Node 0 

Class PEAK 

    Input 

    Node 1 

 

 

Time taken to build model: 1.57 seconds 

 

=== Stratified cross-validation === 

=== Summary === 

 

Correctly Classified Instances        1296               81      % 

Incorrectly Classified Instances       304               19      % 
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Kappa statistic                          0.6107 

Mean absolute error                      0.252  

Root mean squared error                  0.38   

Relative absolute error                 51.7202 % 

Root relative squared error             76.9945 % 

Total Number of Instances             1600      

Ignored Class Unknown Instances                  7      

 

=== Detailed Accuracy By Class === 

 

                 TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  

Class 

                 0.832    0.220    0.839      0.832    0.835      0.611    0.863     0.882     NO-PEAK 

                 0.780    0.168    0.771      0.780    0.775      0.611    0.859     0.781     PEAK 

Weighted Avg.    0.810    0.198    0.810      0.810    0.810      0.611    0.861     0.839      

 

=== Confusion Matrix === 

 

   a   b   <-- classified as 

 772 156 |   a = NO-PEAK 

 148 524 |   b = PEAK 
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APPENDIX B 

RF CLASSIFIER TRAINING AND CROSS VALIDATION RESULTS (FULL MODEL)  

 

IN WEKA 

 

=== Run information === 

 

Scheme:       weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 

0.001 -S 1 

Relation:     Weather-Hospital-Final Spring-3.CO1.3SO2.3MeanWind-ForAsthmaONly-

weka.filters.unsupervised.attribute.Remove-R1,10-11-weka.filters.supervised.instance.SMOTE-

C0-K10-P300.0-S100 

Instances:    1600 

Attributes:   9 

              CO.AQI.8hr 

              SO2.AQI.1hr 

              NO2.AQI.1hr 

              O3.AQI.8hr 

              PM2.5.AQI 

              Mean.Temp 

              Mean.Hu 

              Mean.Wind 

              Event 

Test mode:    10-fold cross-validation 
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=== Classifier model (full training set) === 

 

RandomForest 

 

Bagging with 100 iterations and base learner 

weka.classifiers.trees.RandomTree -K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilities 

 

Time taken to build model: 1.62 seconds 

 

=== Stratified cross-validation === 

=== Summary === 

 

Correctly Classified Instances        1296               81.3049 % 

Incorrectly Classified Instances       298               18.6951 % 

Kappa statistic                          0.611  

Mean absolute error                      0.3273 

Root mean squared error                  0.3792 

Relative absolute error                 67.3256 % 

Root relative squared error             76.9097 % 

Total Number of Instances             1594      

Ignored Class Unknown Instances                  6      
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=== Detailed Accuracy By Class === 

 

                 TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  

Class 

                 0.868    0.264    0.822      0.868    0.844      0.612    0.883     0.906     NO-PEAK 

                 0.736    0.132    0.799      0.736    0.766      0.612    0.881     0.849     PEAK 

Weighted Avg.    0.813    0.209    0.812      0.813    0.812      0.612    0.882     0.882      

 

=== Confusion Matrix === 

 

   a   b   <-- classified as 

 807 123 |   a = NO-PEAK 

 175 489 |   b = PEAK 
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APPENDIX C 

RESULTS OF CORRELATION BASED SUBSET EVALUATION IN WEKA 

 

=== Run information === 

 

Evaluator:    weka.attributeSelection.CfsSubsetEval -P 1 -E 1 

Search:       weka.attributeSelection.ExhaustiveSearch  

Relation:     Weather-Hospital-Final Spring-3.CO1.3SO2.3MeanWind-ForAsthmaONly-

weka.filters.unsupervised.attribute.Remove-R1-weka.filters.unsupervised.attribute.Remove-R9-

10-weka.filters.supervised.instance.SMOTE-C0-K10-P300.0-S100 

Instances:    1600 

Attributes:   9 

              CO.AQI.8hr 

              SO2.AQI.1hr 

              NO2.AQI.1hr 

              O3.AQI.8hr 

              PM2.5.AQI 

              Mean.Temp 

              Mean.Hu 

              Mean.Wind 

              Event 

Evaluation mode:    evaluate on all training data 
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=== Attribute Selection on all input data === 

 

Search Method: 

 Exhaustive Search. 

 Start set: no attributes 

 Number of evaluations: 256 

 Merit of best subset found:    0.179 

 

Attribute Subset Evaluator (supervised, Class (nominal): 9 Event): 

 CFS Subset Evaluator 

 Including locally predictive attributes 

 

Selected attributes: 1,2,4,5 : 4 

                     CO.AQI.8hr 

                     SO2.AQI.1hr 

                     O3.AQI.8hr 

                     PM2.5.AQI 
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APPENDIX D 

RF CLASSIFIER TRAINING AND CROSS VALIDATION RESULTS  

(SIMPLIFIED MODEL) IN WEKA 

 

=== Run information === 

 

Scheme:       weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 

0.001 -S 1 

Relation:     Weather-Hospital-Final Spring-3.CO1.3SO2.3MeanWind-ForAsthmaONly-

weka.filters.unsupervised.attribute.Remove-R1-weka.filters.unsupervised.attribute.Remove-R9-

10-weka.filters.supervised.instance.SMOTE-C0-K10-P300.0-S100-

weka.filters.unsupervised.attribute.Remove-R3,6-8 

Instances:    1600 

Attributes:   5 

              CO.AQI.8hr 

              SO2.AQI.1hr 

              O3.AQI.8hr 

              PM2.5.AQI 

              Event 

Test mode:    10-fold cross-validation 

 

=== Classifier model (full training set) === 
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RandomForest 

 

Bagging with 100 iterations and base learner 

 

weka.classifiers.trees.RandomTree -K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilities 

 

Time taken to build model: 1.42 seconds 

 

=== Stratified cross-validation === 

=== Summary === 

 

Correctly Classified Instances        1221               76.5997 % 

Incorrectly Classified Instances       373               23.4003 % 

Kappa statistic                          0.5072 

Mean absolute error                      0.3434 

Root mean squared error                  0.4141 

Relative absolute error                 70.6419 % 

Root relative squared error             83.9959 % 

Total Number of Instances             1594      

Ignored Class Unknown Instances                  6      

 

=== Detailed Accuracy By Class === 
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               TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  Class 

                 0.857    0.361    0.769      0.857    0.810      0.512    0.804     0.804     NO-PEAK 

                 0.639    0.143    0.761      0.639    0.695      0.512    0.803     0.786     PEAK 

Weighted Avg.    0.766    0.270    0.766      0.766    0.762      0.512    0.804     0.797      

 

=== Confusion Matrix === 

 

   a   b   <-- classified as 

 797 133 |   a = NO-PEAK 

 240 424 |   b = PEAK 
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Pakistan, 1-Aug to 2-Sept 2005 

• Wireless Communication Technology and Policy by DGF-KTC, Korea Information Strategy 

Development Institute @ Seoul Republic of Korea, 6-Jul to 16-July 2005 

• Next Generation Networks at Telecommunication Staff College@ Haripur, Pakistan, 4-Apr to 8-

apr 2005 

• Wireless Rural Telecommunication Systems Planning and Infrastructure Development by 

Telemobile Inc. at Torrance, CA, United States of America, 4-Oct to 8-Oct 2004 

• Satellite Communication Systems and Services by Intelsat Global Services Corp. at 

Washington, DC, United States of America, 27-Sep to 1-Oct 2004 

• Online Training in Next Generation Networks by DGF-KTC Republic of Korea, 5-Jul to 29-

Aug 2004 

• Traffic Fundamentals and Forecasting (PSTN) at ICT Islamabad, Pakistan, 26-Dec to 30-Dec 

2003 

• Huawei TELLIN/FIN by M/s Huawei Technologies Pakistan @ ICT Islamabad Pakistan, 26-

May to 30-May 2003 



 

 

• MBA Level Courses (Principles of Management, Financial Accounting, Managerial 

Communication) at Iqra University Karachi, Pakistan, Jun to Sep 2002 

OTHER SKILLS AND EXPERIENCE 

• Freelance Writer and Researcher 

• Strong analytical abilities and problem solving skills 

• Excellent written and verbal communication and report writing skills 

 

 




