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Abstract 

 

 

Out-of-Control Detection in the Disease Surveillance System: A Novel Approach 

Using Principal Component Analysis and Machine Learning with Radial Basis 

Function Neural Networks  

 

Improperly monitored disease surveillance system produce unreliable system status, 

leading to public health and safety risks. The disease surveillance system collects, 

analyzes and interprets disease data from several sources to implement the disease spread 

prevention controls. Detecting an in-control system status for an actually out-of-control 

system will prevent the timely implementation of the corrective actions. Traditional 

multivariate control charts require higher average run length to detect the out-of-control 

behavior and are thus known to be ineffective to detect shifts with increasing number of 

system variables. Besides combining with the traditional multivariate control charts, 

neural networks for classification in process monitoring employing the back-propagation 

algorithm require extensive computations and may not provide correct system status 

classifications. Using the foodborne and waterborne disease variables, this research 

introduces a novel capability to reliably detect the out-of-control state in the disease 

surveillance system, combining the principal component analysis with the radial basis 

function neural network. By extracting the most important information in the data and 

through the neural network experimentations to reliably detect the out-of-control state, 

this research enables the disease surveillance system manager’s timely implementation of 

the corrective actions, thus avoiding the health and safety risks to the public. 

Keywords: Principal Component Analysis, Radial Basis Function, Neural Network, 

Machine Learning, Disease Surveillance Reliability, Public Health and Safety 
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Chapter 1 – Introduction 

 

 

1.1.Background 

1.1.1. Healthcare System 

A system combines and organizes elements that interact to achieve a certain 

objective (Haskins et al. 2006). A healthcare system consists of human stakeholders and 

other components with activities aligned to achieve a reliable healthcare experience. Fig. 

1, depicting the healthcare system consists of the decomposed levels representing the 

structure of the system; the dynamics of products, services and information ultimately 

reaching the patients; interactions between the stakeholders and components (patients, 

workforce and care provider, decision makers, clinics and nursing homes, hospitals, 

managed care companies, vendors of pharmaceuticals, devices and supplies, research and 

information function, financing entity, regulating agencies and government). A system of 

systems view of the healthcare interactions is provided in the Fig. 2 in which a larger 

system is composed of smaller, but independently operating systems, where each of the 

systems must contribute to achieve the larger system of systems objective (Haskins et al., 

2006).  

Being an integral part of the healthcare system and an entity within the U.S. 

Department of Health and Human Services (HHS), the Centers for Disease Control and 

Prevention (CDC) uses the disease surveillance system to monitor the diseases and 

intends to control the spreads of diseases so as to minimize the public health and safety 

risks. 
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Figure 2: Healthcare System of systems 

 

1.1.2. Disease Surveillance System 

 Within the healthcare system, this research focuses on the disease surveillance 

system. CDC defines surveillance as, "Surveillance is the study of the distribution and 

occurrence of a disease in a population over time, often done in order to learn more 

about preventing future cases." (Carbon Monoxide surveillance). Being a multivariate 

system with large number of variables, the disease surveillance system (Fig. 3) 

consist of the interactions between the hospitals, healthcare providers and labs 

occurring as a result of the patient’s medical care. Reportable diseases are 

communicated to the local, regional and state public authorities that in turn use the 

disease data to control the outbreaks, influence the avoidance of disease spreading, 

and support testing and preventive care and control the disease sources. Coordinated 

by the CDC, the disease specific programs receive the disease surveillance system 
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data to recognize the outbreaks, disease pattern shift monitoring, and to fund the 

disease control activities.  

 This research supports the disease pattern shift detection effort, highlighted in the 

Fig. 3, crucial to the CDC’s disease surveillance effort to control the spread of 

diseases, and thus avoiding public health and safety risks. Unless otherwise stated, 

henceforth ‘system’ indicates the system of disease variables used in this research. 

1.2.Problem Statement 

Improperly monitored disease surveillance system produce unreliable system status, 

leading to public health and safety risks. 

1.3.Thesis Statement 

Upon learning and generalization, the radial basis function (RBF) neural network 

(NN) when combined with the principal component analysis (PCA) control chart, can 

provide a reliable indication of the disease surveillance system’s out-of-control behavior 

and predict the system’s state with higher accuracy compared to the other classification 

procedures. 

1.4.Research Objectives 

1.4.1. Objectives and Overview of the Research 

The two-fold objectives of this research are: First, using the publicly available data 

(NORS Dashboard), detect the disease surveillance system out-of-control state with a 

multivariate method known to be unaffected by the shift dilution issues present in the 

traditional control chart approaches (Montgomery 2007). Second, backed by its accurate 

predictive capability, demonstrate a machine learning (ML) approach feeding the disease 

variable inputs and the system status target outputs to train a NN, thus enabling reliable 
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(Psarakis 2011) system out-of-control detections (Fig. 4). 

Figure 3: Disease surveillance system 

 

Because the disease surveillance system collects data on large number of variables 

(dimensions), system level decision making becomes harder, and thus requires a way to 

compress the data using dimensionality reduction techniques. Leveraging the available 

data, managers should use adaptive machine learning approaches to recognize the 

emerging pattern in the system’s behavior to accurately and quickly detect the out-of-

control, and thus enabling shorter response times to address public health and safety 

risks. 

Fig. 1.1. Disease surveillance system. (Adapted from [49] and [50].)  

(Note: ** denote the domain of this research) 
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Figure 4: Overview of the proposed approach 

 

1.4.2. Advantages of the Proposed Approach 

Following are the advantages of the proposed approach adopted in this research:  

• Adopting a multivariate approach to the disease surveillance problem ensures the 

avoidance of a higher probability of detecting an out-of-control system status when 

the system is actually in-control, i.e. false alarms (Montgomery 2007). 

• The PCA approach offers a way to reduce the number of variables, and thus focuses 

only on the most important information in the data (Montgomery 2007, Abdi and 

Williams 2010). Dimensionality reduction becomes even more important as size of 

the system of variables keeps increasing (Montgomery 2007), thus requiring a way to 

base the decisions on a smaller number of latent variables suspected to influence the 

system. 
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• The PCA multivariate approach adopted will provide the out-of-control indication 

sooner than the Hotelling T2, MEWMA and MCUSUM control charts known to be 

affected by the shift dilution with variables increase, increasing the out-of-control 

average run length (ARL) (Montgomery 518). 

• The iterative Nonlinear iterative partial least squares-Principal component analysis  

(NIPALS-PCA) procedure (Chapter 3) is known to handle large data sets needing 

lesser computer memory (Andrecut 2009). PCA models based on the singular value 

decomposition (SVD) and the eigenvalue decomposition (EVD) are not suitable to 

handle large data sets (Andrecut 2009) and data sets with missing values (Martens. H 

and Martens. M 2001). 

• It augments the control charting approach to detect the system’s out-of-control state  

with ML through the RBFN, capable of achieving the absolute minimal prediction 

error using the pseudo-inverse technique (Bishop 1995, Hill and Lewicki 2006), 

providing accurate system state indication for new inputs, thus enabling the disease 

surveillance manager to quickly detect and respond to the system’s out-of-control 

behavior (Psarakis 2011). 

• The number of computations required to optimize the RBFN’s performance are 

known to be lesser than the BPN technique used by the MLP (Bishop 1995). 

• Recognizing the system behavior patterns to reliably detect the system’s state, the 

approach used in this research is not only applicable to the disease surveillance of the 

public health and safety problems, but also to other systems where detecting the out-

of-control behavior is of prime importance. 

1.5.Research Questions 
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This research seeks to answer the following research questions (RQ): 

• RQ 1: While performing the dimensionality reduction to detect the system’s out-of-

control behavior, can the reduced dimensions explain an adequate proportion of the 

total variability in the original disease data? 

• RQ 2: Upon training and generalization and given its structural simplicity, can the 

RBF NN accurately predict the system’s out-of-control behavior using the unscaled 

original foodborne and waterborne diseases data, thus avoiding the variables scaling 

and dimensionality reduction steps required by the PCA? 

RQ 3: How does the RBF NN perform the out-of-control classification task as 

compared to the other classification procedures such as the support vector machine, 

k-nearest neighbors and the decision trees? 

1.6.Research Hypotheses 

In order to answer the above RQs, the following research hypotheses (RH), serving as 

the alternate hypothesis were developed. At the end of each RH statement, shown within 

the parenthesis is the RQ for which that particular RH provides the input: 

• RH 1: The reduced dimensions can explain over 70% of the variability in the original 

disease data in phases I and II. (RQ 1) 

• RH 2: The confidence level of the assigned output class by the RBF prediction is 

statistically significantly different from the class not assigned. (RQ 2) 

• RH 3: Number of hidden layer neurons in the RBF NN cannot be kept to a minimal. 

(RQ 2) 

• RH 4: Upon training and generalization, the proposed RBF NN model can accurately 

predict the system’s behavior. (RQ 2 and RQ 3) 
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• RH 5: Classification capability of the support vector machine, k-nearest neighbors 

and the decision trees is poorer than the proposed RBF model. (RQ 3) 

1.7.Significance of the Research 

This research is significant for five reasons: First, through the CDC’s surveillance 

system, yearly about 2.7 million disease events are reported and 120 diseases are under 

its surveillance (How We Do Notifiable Disease Surveillance). It is essential that such a 

system provides reliable assistance to control the diseases. This research demonstrates a 

way to reliably detect the out-of-control behavior in the disease system of variables on-

time, thus laying a pathway to implement the controls to prevent the further growth in 

diseases. Second, this research contributes to the risk mitigation through monitoring of 

the undesirable out-of-control complex system behavior, a predicted SE future state 

(INCOSE 2014). Third, while control charts are specialized tools for monitoring process 

and systems, yet they are known to be unreliable in certain cases influenced by specific 

patterns and autocorrelations. This unreliability, results in the control chart not correctly 

classifying and detecting the out-of-control pattern quickly (Psarakis 2011). This research 

adopts ML which overcomes the control charts aforementioned inherent limitation. 

Fourth, the applicability of this research extends much beyond enhancing the public 

health and safety to both within and other areas of the healthcare system and to other 

sectors as well. Fifth, the approach adopted is applicable to systems that are primarily 

driven by human processes as well as to automated systems as well.  

1.8.Research Limitations 

 Infectious disease surveillance data is influenced by the seasonality factors and 

autocorrelation effects and thus this research and the findings are only applicable to 
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the surveillance of the non-infectious diseases. 

 The variables considered for this research pertain to the foodborne and the waterborne 

diseases. Other non-infectious disease surveillance problems such as cancer could 

also be benefited by applying the methods proposed in this research.  

 It is possible that the data transformation procedure might fail to transform the non-

normal data to normality, thus leading to dropping such variables(s) from the phase I 

control charting analysis. 

 A reason driving the need for the multivariate analysis is correlation among the 

system of variables. Thus, a lack of correlation among the variables will devoid the 

multivariate treatment or at a minimum will result in dropping such variable(s) from 

the analysis. 

 While this research focuses on the classification (prediction) capability provided by 

the compared algorithms in determining whether the system is in-control or out-of-

control through the use of several metrics, the execution speed of the algorithms is 

not dealt with in this research. However, the RBFN is known for its higher training 

speed (Bishop 1995). 

 Since NNs are known for their randomness, the classification performance of a given 

NN architecture is bound to vary at every instance the NN performs the classification 

task. While this research endeavors to overcome the randomness of the NN outputs 

by running multiple experiments with the same architecture to obtain the spread of 

the model parameters or outputs, the focus of this research is not in the avoidance of 

the NN randomness problem. 

 NNs are considered as ‘Black-box’ models, i.e. the function approximating the input-
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to-output relationship is not known, unlike the regression models. 

1.9.Organization of Praxis 

The remaining sections of this praxis are organized as follows:  

Chapter 2 reviews the literature in four domains such as multivariate control charting, 

control charting in healthcare system, machine learning with neural networks, neural 

networks for process control applications. The literature review concludes with a 

discussion on the limitations of the current approaches using the control charts and the 

neural networks to the disease surveillance problem and provides an explanation of the 

gaps in the literature that this research seeks to address. 

Chapter 3 discusses the research methods adopted in detail. It begins with an 

introduction of the foodborne and the waterborne disease variables. Next, methods 

adopted for the phases I and II multivariate control charting are presented which include 

variables scaling, multivariate normality testing, Johnson data transformation to 

overcome the non-normality of the scaled variables, principal component estimation to 

reduce the input vector’s dimensionality, and concludes with a discussion on the 

retrospective analysis and ongoing monitoring of the system. It then proceeds to explain 

the methods adopted to generalize the system’s out-of-control state in the phase III. This 

contains the explanation of the RBFN’s architecture, how the NN learns and achieve the 

error minimization and actual methods used to achieve regularization and generalization. 

Finally, the methods used for comparing with the proposed RBFN model such as the 

support vector machine (SVM), K-nearest neighbor (k-NN) and decision trees using 

random forest and boosting trees are discussed. This chapter concludes with a short 
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review of the performance metrics that will be applied to compare the performance of the 

classification approaches. 

Chapter 4 provides the highlights of the research results from the phases I, II and III. 

Phase III includes review of the results from the data splitting strategy and the effect of 

the hidden layer neurons. It then provides the results from comparing the proposed RBFN 

model with the other classification procedures based on the percentage of the correct 

conclusions, accuracy, recall, precision and F-measure, establishing the superior out-of-

control system detection capability of the proposed model against the other procedures. 

Chapter 5 begins with a discussion on the interpretation of the results, and then 

provides the conclusions based on this research. It then proceeds to present this research’s 

contribution and recommends future directions. 
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Chapter 2 – Literature Review 

 

 

Section 4 of chapter 1 indicated the combination of multivariate control chart with 

neural networks. Using this combination, this research will test the RH as to answer the 

RQs listed in the section 5 of chapter 1.  

While control chart was originally developed by Walter Shewhart in 1924 

(Montgomery 2007), initial development of neural network by Warren McCulloch and 

Walter Pitts occurred in the 1943 (Murphy 2012). Since then various researchers have 

contributed to the theoretical and application developments to each of these fields. 

As applied to this research, the reviewed literature is organized as follows: 

• Multivariate control charting  

• Control charting in the healthcare system 

• Machine learning with neural networks 

• Neural networks for statistical process control applications 

2.1 Multivariate Control Charting 

Multivariate control charting involves a system of at-least two variables, thus 

enabling a system level analysis consisting of two phases (Montgomery 2007 and Ryan 

2011). Phase I retrospective analysis establishes the control limit (CL), finding the time 

when the system is in-control and only influenced by the common causes (integral to the 

system) of variations with all the points within the CL. Points outside the CL indicate the 

presence of special (external source) causes driving the out-of-control behavior. With the 

system now being in-control, phase II enables further monitoring of newer observations 

and compares them to the CL to detect any further out-of-control behavior. Upon 

detecting the out-of-control condition, systems managers should identify the variables(s) 
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causing the out-of-control system state, troubleshoot, isolate and remove the special 

causes to restore the system’s in-control state. However, if the system is left unmonitored 

or improperly monitored, further deterioration will eventually result in a complete failure. 

Multivariate control charting applications either deal directly with the original 

variables (Montgomery 2007 and Ryan 2011) such as Hotelling T2, MEWMA and 

MCUSUM or with a reduced set of newer variables such as the PCA (Macgregor et al. 

1995, Mastrangelo et al. 1996, Montgomery 2007 and Abdi and Williams 2010) and the 

partial least squares (PLS) (Montgomery 2007). The reduced set of variables suspected to 

drive most of the variance in the data are extracted from the original variables explaining 

the data’s latent structure. While Hotelling T2 and the PCA are applied to both phases I 

and II, the MEWMA and MCUSUM approaches are applied only in the phase II of the 

control charting (Montgomery 2007). 

2.2 Control Charting in the Healthcare System 

Control charting finds several applications in the healthcare systems. Use of control 

charting in healthcare and public health surveillance has been detailed in the literature 

(Woodall et al. 2006). Scan based methods that were like moving average charts to detect 

increased mortality rates are available (Woodall et al. 2008). Performance of scan based 

and cumulative sum (CUSUM) charts were compared to detect the shift in the rate of 

disease incidence. Supporting the use of multivariate exponentially weighted moving 

average (MEWMA) and multivariate CUSUM charts for early detection in the disease 

monitoring applications and challenges to integrate the multiple multivariate sources of 

data have been addressed (Sparks 2013). 
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A crucial step in the statistical process control (SPC) is to ensure that the data follows 

normal distribution before control limit estimation in the phase I. Methods are available 

to overcome this constraint using data transformations or control charts for non-normal 

data. Multivariate CUSUM charts have been applied for the spatiotemporal bio-

surveillance using non-parametric methods (Lee et al. 2015). Use of statistical quality 

control (SQC) methods that are not based on the normality assumptions have been 

demonstrated in the blood services focused on the patient safety (Hosseinfard et al. 

2014). This research first checked for normality of the data and then applied Box-Cox 

transformation if necessary to achieve normality. 

Use of SPC techniques to achieve a step function performance improvement through 

the Define, Measure, Analyze, Improve and Control (DMAIC) problem solving 

methodology has been recommended (Woodall and Montgomery 2014). This research 

combined the DOE with SPC to maximize the control chart’s out-of-control detection 

capability. While, implementation of a monitoring mechanism is crucial to success in 

healthcare, process owners must ensure that the monitoring mechanisms do not 

themselves contribute to errors causing the system failure (Ramamohan et al., 2012). 

Many health-related applications such as healthcare monitoring, public health 

surveillance, syndromic surveillance, healthcare delivery and risk-adjusted monitoring 

have been discussed in the literature (Woodall and Montgomery 2014). Monitoring of 

healthcare measures such as the rate of hospital-acquired infections, prescription error 

rate, physician’s performance, Apgar score, disease rates, mortality rates, infectious 

disease outbreaks, emergency department arrivals, emerging cluster detection and image 

data have also been highlighted (Woodall and Montgomery 2014). Variations of risk-
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adjusted monitoring, variable life adjusted display charts, risk adjusted mortality and 

survival model based probabilities have been reviewed (Woodall et al. 2015).  

While several healthcare applications use SPC, the focus of this research is in 

applying PCA multivariate control charting to the very critical domain of disease 

surveillance out-of-control detection which requires more attention to assist decision 

makers to implement on-time responses to prevent further disease spread. 

2.3 Machine Learning with Neural Networks 

As a reliable ML tool known for their ability to model complex non-linear functions, 

learn and generalize patterns, to make accurate predictions quickly (Hill and Lewicki 

2006, Psarakis 2011), neural networks (NNs) have been gaining acceptance including in 

healthcare to solve classification and regression problems (Bishop 1995, Duda 2001, 

Hastie et al. 2001, Hill and Lewicki 2006, Murphy 2012). 

NNs are computing mechanisms, trained to acquire knowledge through a learning 

process involving connectivity strength or simple computing units called neurons to 

produce a desired target output by generalizing, otherwise classifying data from the same 

class as the learning data it has not been previously trained on (Bishop 1995, Haykin 

1998). The task of these simple computing units are "loosely based on properties of 

biological neurons" and so are referred as neurons (Duda 2001). 

MLP, one of the two major classes of NNs, consists of neurons in an input layer, one 

or more hidden layers and an output layer. Using adjustable weighs, inputs to the hidden 

and output layers are transformed by applying an activation function to obtain the desired 

outputs (Bishop 1995). RBFN, the other major class of NN consists of neurons at an 

input layer, one hidden layer and an output layer with the distance between the input 
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vector and a prototype vector determining the strength of the inputs to the hidden layer 

neurons and transforming those inputs using a radial basis function (Bishop 1995) with 

further activation at the output layer before obtaining the NN’s final output.  

This research used the RBFN to generalize the disease surveillance system’s 

performance using the in-control and the out-of-control statuses from the phases I and II, 

since it can provide accurate predictions with minimal error (Hill and Lewicki 2006), is 

structurally simpler (Bishop 1995), can be trained faster (Bishop 1995), and does not 

need a complete optimization of the NN to determine the connection weights (Bishop 

1995). 

2.4 Neural Networks for Statistical Process Control Applications  

Neural networks have been applied along with the statistical process control 

applications of control charts either to supplement the control charts or to demonstrate the 

superiority of NNs over the control charts for out-of-control pattern recognition.  

To recognize the patterns in the control charts, NNs using the back propagation 

algorithm have been applied (El-Midany 2010). NNs have been found to outperform the 

traditional |∑| control charting methods to detect the variation in the process variance 

with shorter ARL (Low et al 2003). Neural networks have been applied to supplement the 

control charts to detect the mean shifts in the bivariate processes. They have also been 

recommended for combining with the multivariate versions of the EWMA and CUSUM 

charts (Chen et al 2004). Perceptron neural networks have been found provide good 

results in comparison with the T2 and Mnp control charts. Such NNs have been applied to 

monitor the proportion non-confirming and number of defect by type (Niaki and Abbasi 

2008). Neural fuzzy model has been proposed to detect and then to classify mean shifts in 
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bivariate processes, yielding superior out-of-control ARL performance than the 

multivariate T2 chart. This paper incorporates dual hidden layer in conjunction with the 

feed-forward topology utilizing the back propagation training technique has been utilized 

(Wang et al 2002). NNs have also used in two stage analysis, where the first stage was 

used for selecting the mean shift and the second stage to determine the magnitude of the 

shift in each of the variables, thus providing deeper insight into the variables causing the 

assignable cause for the out-of-control condition (Guh 2007). 

Some of the multitude neural network applications include medical diagnosis of 

asthma, diabetes, chest disease, heart disease and cancer (Shanker et al. 2000, Hirsch et 

al. 2001, Ayer et al. 2010, Er et al. 2010, Jiang et al. 2010, Atkov et al. 2012) and in risk 

management and diagnosis applications in the healthcare and other domains (Bendiab et 

al. 2006, Gomez et al. 2016, Santhosh et al. 2018 and Zio 2018). 

2.5 Literature Review Conclusions 

Literature review indicates several gaps in the methods being used for the disease 

surveillance monitoring: 

Monitoring the disease variables individually does not lead to an understanding of the 

system level performance and thus is not a proper indicator of the disease surveillance 

system’s state. Applying multiple univariate control charts is not only inefficient, but is 

unreliable due to a higher probability of false alarms when the system is actually in-

control (Montgomery 2007). Primarily adopted only for the phase I control charting, the 

frequently used scan statistics method based on the moving window approach used for 

the public health surveillance serve as an alternative to the EWMA and CUSUM 
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univariate control charts (Montgomery 2007), while in practice the disease surveillance 

system is multivariate.  

Detecting the system’s mean shift using the traditional multivariate control charting 

techniques such as the Hotelling T2, multivariate exponentially weighted moving average 

(MEWMA) and multivariate cumulative sum (MCUSUM) require a higher out-of-control 

average run length (ARL), i.e. the detection is delayed due to the shift dilution as the 

number of variables (dimensionality) increase (Montgomery 2007). Despite this 

drawback, traditional multivariate control charting approaches find numerous 

applications (Woodall and Montgomery 1999, Woodall 2006, Fricker 2007, Rolka 2007, 

Woodall et al. 2008, Woodall and Montgomery 2014, Lee at al. 2015, Woodall et al. 

2015). Although capable of reliably detecting the out-of-control behavior (Montgomery 

2007), focusing only on the most important information in the multivariate data set, the 

available research on the adoption of the latent structure models for disease surveillance 

is scanty. 

The choice of the neural network (NN) model adopted governs the structural 

complexity, the learning mechanisms and the choice of the algorithm used, which in turn 

dictate its system status classification (prediction) accuracy (Bishop 1995, Haykin 1998). 

Literature review also indicated the numerous applications of the Multilayer Perceptron 

(MLP) NN using the BPN technique requires extensive computations across the entire 

network (Bishop 1995), is slower to train (Bishop 1995), and is not guaranteed to find the 

absolute minimal prediction error (Hill and Lewicki 2006). Despite possessing the 

capability to accurately predict and to be trained faster (Bishop 1995), the available 

research adopting the RBF NN for the disease surveillance system out-of-control 
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detection and process monitoring is scanty. Additionally, much of the existing research 

using the NNs for process monitoring, combines them with the traditional multivariate 

control charts such as the chi-square, T2, MEWMA, MCUSUM (Psarakis 2011) which 

are known to have drawbacks pertaining to longer out-of-control ARL (discussed earlier 

in this section). 

This research seeks to address the aforementioned gap by providing a novel remedy 

to the current limitations in the disease surveillance system out-of-control detection using 

a three phase approach, augmenting the phases I and II multivariate PCA control charting 

with machine learning in the phase III, by experimenting with the radial basis function 

networks (RBFN) to detect the disease surveillance system’s out-of-control system status. 

Refer section 1.4.2 for the advantages of the proposed approach. Chapter 3 details the 

proposed approach. 
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Chapter 3 – Methods 

 

 

This chapter details how the disease surveillance system status, i.e. in-control or out-

of-control state was detected using the reduced set of newer variables, otherwise known 

as the principal components in the phases I and II, and how the system’s future state was 

accurately predicted using machine learning with the radial basis function neural network  

in the phase III. 

3.1 Foodborne and Waterborne Disease Variables 

Six input variables (i) corresponding to the outbreaks, illnesses and hospitalizations 

and deaths caused by the non-infectious foodborne and waterborne diseases, consisting of 

with j realizations of the input vector βi, resulting in 𝐁 =  [𝛃1 𝛃2 𝛃3 𝛃4 𝛃5 𝛃6] 

were used in this research.  

Publicly available data used for this research was collected from the national outbreak 

reporting system (NORS) dashboard of the centers for disease control and prevention 

(CDC) (NORS Dashboard). Infectious disease surveillance data is influenced by the 

seasonality and autocorrelation effects and thus was not considered for this research. 

3.2 Phases I and II - Multivariate Control Charting 

Detailed explanation of the approach adopted in the phases I and II is provided in the 

following sub-sections (Fig. 5). 

3.2.1.Further Elaboration of the Selected Variables 

Sub-section 3.1 presented an overview of the data source and the input variables used in 

this research. The sample data was scaled before feeding it into the PCA (Jackson 2005) 
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to avoid attributing disproportionate importance to those variables appearing to vary 

more than the others only due to their scale differences, 
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d

i
                (1) 

where, β
d

ji
 is the jth instance of the ith variable in the d

th
 phase with mean μ

d

i
 and standard 

deviation σ
d

i
 resulting in the scaled inputs x

d

ji
, forming the 𝐱

d

i
 vectors. 

3.2.2.Verification of Correlation 

A necessary criteria required prior to initiating the multivariate control charting is to 

ensure that the variables are correlated. Thus before proceeding further, the scaled input 

variables were analyzed for the existence of correlation. A lack of correlation will 

indicate the sufficiency of adopting a univariate control chart procedure. 

3.2.3.Multivariate Normality Testing 

To check the validity of the control charting assumption of the multivariate normality, 

this research used a combination of tests based on the goodness-of-fit and the 

multivariate distribution’s skewness and kurtosis parameters (Mihalcin et al. 2014). The 

goodness-of-fit test used was a chi-square quantile-quantile (Q-Q) plot of the squared 

mahalanobis distance from a data point to the average of the multivariate data versus the 

chi-square quantile (distribution with degrees of freedom). Known as the fat-pencil test, 

the Q-Q plot indicating the convergence of the data in to a straight line is a weak 

indicator of approximate normality. Multivariate skewness and kurtosis (Mardia 1970 

and Mardia 1974) measures used pertains to the more powerful Mardia’s multivariate 

normality test (Mihalcin 2014) with,  

Skewness =
1

J2
∑j1=1

J ∑j2=1
J [(𝐱j1 − 𝐱̅)T 𝐒−1(𝐱j2 − 𝐱̅)]3,           (2) 

and 

Kurtosis =
1

J
∑j=1

J [(𝐱j − 𝐱̅)T 𝐒−1(𝐱j − 𝐱̅)]2              (3) 
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with a sample of size J, input vector 𝐱, mean vector 𝐱̅, covariance matrix S, and the 

general form of the squared mahalanobis distance [(𝐱 − 𝐱̅)T 𝐒−1(𝐱 − 𝐱̅)] (Korkmaz et 

al. 2014). Mardia’s test will fail to reject the null hypothesis that the data is multivariate 

normally distributed when the p-values for the skewness and the kurtosis are both greater 

than alpha (α) = 0.05. 

3.2.4.Johnson Data Transformation 

Typically, random sampling and the central limit theorem requiring multiple samples 

of 10 > sample size > 100 are required for an approximate normal distribution of the 

sample means (Montgomery 2007). Available disease surveillance data set is not large 

enough to support this endeavor, thus enabling further evaluation through a data 

transformation approach using the available phase I sample of size 30. Since the Mardia’s 

test for multivariate normality failed and being more powerful than the Kolmogorov-

Smirnov (KS) test among the commonly available (Razali and Wah 2011) univariate 

normality tests, this research used the Anderson-Darling (AD) test to determine the non-

normal x
1

i
 vectors. Because the Box-Cox transformation handles only the positive values 

(Mihalcin 2014), thus the non-normal variables were transformed (x
+

i
) using the Johnson 

transformation (JT) technique to make them resemble an approximate normal distribution 

(Chou et al. 1998). Upon completing the univariate normality evaluation and if required 

performing the JT, the Mardia’s test was reapplied to check if multivariate normality was 

achieved. Being the most widely used multivariate normality tests besides the Mardia’s 

test, this research also applied the Hanze-Zirkler’s and the Royston’s tests (Korkmaz et 

al. 2014) with all the three tests providing the same multivariate normality conclusions, 

both before and after the JT. 
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3.2.5.Principal Component Estimation 

Refer to chapter 1 explaining the reason for adopting the PCA approach to detect 

system level out-of-control behavior. PCA extracts the most important information (Abdi 

and Williams 2010) from a set of variables, transforming them into a lower number of 

uncorrelated variables, known as principal components (PCs), by linearly combining the 

disease variables in the direction of the maximum variance (Abdi and Williams 2010, 

Wold 1987). In general, PCs are chosen such that the maximum variability in the original 

data is accounted for by projecting each original data point onto the axes of the PC 

indicating the PC scores, i.e. the value of the data point in the new coordinate system 

(Abdi and Williams 2010). The amount by which the disease variables contribute to the 

PCs are the PC loadings, determined by the cosine of the angle between the PC axes and 

the original axes (Abdi and Williams 2010).  

While the first PC explains the most variance in the data, subsequent PCs, 

uncorrelated to the previously extracted PCs, explain the remaining variance in the data. 

Since a firm guideline is not available for the amount of the variability to be explained by 

the PCA (Montgomery 2007), the PC extraction process was repeated until a subset of 

the PCs could explain at-least 70% of the total variability. 

 This research used the NIPALS approach to determine the PCs. (Reason for 

adopting NIPALS instead of the SVD to determine the PCs was explained in the chapter 

1.) PCs were extracted using the scores matrix (T) and the loadings matrix (P) using (Hill 

and Lewicki 2006), 

X = T * 𝐏′                               (4) 
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The NIPALS procedure (Andrecut 2009, Hill and Lewicki 2006) to determine the PC 

scores t
d

k
 and the loadings p

d

k
 begins by initiating the algorithm with k = 1 and X

k
 = X 

and carrying out the following steps: 

Step 1: Column t
i
 of X

k
 is selected. 

Step 2: Loadings 𝐩i = 𝐗k
′  𝐭i  ÷  𝐭i

′ 𝐭i are calculated. 

Step 3: 𝐩i = √𝐩i
′ 𝐩i is assigned. 

Step 4: Scores 𝐭i =  𝐗k 𝐩i ÷ 𝐩i
′ 𝐩i are calculated. 

Steps 3 and 4 were repeated such that the difference in the eigenvalues between two 

successive iterations are less than 0.0001, resulting in the 1st PC. Eigenvalue λ
d

k
, of the kth 

PC in the dth phase is a number indicating the amount of the variance explained by that 

specific PC out of the total variance. Next, k is incremented by 1, and (𝐗k − 𝐭i 𝐩i
′) is 

assigned as 𝐗k+1. This procedure is repeated until the remaining PCs (PC
d

k
) are extracted. 

j
th

 score of k
th

 PC in the d
th

 phase, t
d

jk
 form the scores matrix T

(d)
 and the k

th
 PC loading 

corresponding to the i
th

 input in the d
th

 phase, p
d

ik
 form the loadings matrix P

(d)
. PC’s 

eigenvalue, λk =  𝐭i
′ 𝐭i, will meet 𝜆1 ≥ 𝜆2 ≥ …. ≥ 𝜆K ≥ 0 (Montgomery 2007) and the 

fraction of the variance explained by a PC is, 

R2(𝐗) =  1 − [
residual sum of squares

sum of squares
] =  

λk

λ1 + λ2 + ...+ λK
            (5) 

3.2.6.Retrospective analysis 

A sample of 30 realizations of the diseases data, exceeding the normally used 20 or 

25 (Montgomery 198) to establish the CL were employed, thus ensuring that the analysis 

can still proceed in the event any points fall outside the CL indicating the system’s out-

of-control behavior and thus required to be removed from the analysis. After scaling, 
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checking for multivariate normality and performing the JT, k PCs (PC
1

k
) with eigenvalues 

λ
1

k 
were extracted using the NIPALS algorithm (chapter 3 section 3.2.5).

  

A loadings plot of p
1

ik
 was created to graphically understand the influence of the 

disease variables on each of the k PCs. PC scores t
1

jk
 were plotted, fitting a 95% 

confidence level ellipse representing the CL. When the PC scores fell inside the CL, there 

was no evidence of a shift in the system’s performance and the system was in-control. 

Whereas, scores falling outside the CL indicated a shift in the system’s performance 

exhibiting an out-of-control behavior, thus detecting the out-of-control behavior.  

Systems managers should troubleshoot to determine the disease variables causing the 

out-of-control behavior and implement the corrective actions. Several methods have been 

proposed to identify the variables causing the out-of-control signal (Mason at al. 1995, 

Bersimis et al. 2007). Subsequent to implementing the corrective actions, points falling 

outside the CL can be removed.  

For this research, any points falling outside the CL were removed and ensured that 

the count of the remaining points exceeded the minimum required 20 (Montgomery 

2007), phase I control charting was continued so as to establish a new CL, and the 

remaining points in-turn were confirmed to be within the updated CL, thus indicating that 

phase II control charting may begin. 

3.2.7.Ongoing Monitoring of the System 

With the first 30 inputs of the sample used for the phase I analysis, phase II started 

with the next 20 scaled inputs x
2

ji
. Like in the retrospective analysis, using the NIPALS 

algorithm, k PCs (PC
2

k
) with eigenvalues λ

2

k 
were extracted. PC scores t

2

jk
 were plotted, 
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against the CL determined in phase I. A loadings plot of p
2

ki
 was created to graphically 

understand the influence of the disease variables on each of the k PCs. Like phase I, 

points within the CL indicated an in-control system, while points falling outside of the 

CL indicated an out-of-control system. Managers should troubleshoot and determine the 

disease variables (Mason at al. 1995, Bersimis et al. 2007) causing the system’s out-of-

control behavior and implement the corrective actions. 

3.3 Phase III - System Out-of-Control Generalization 

3.3.1.RBFN Architecture 

The proposed phase III (Fig. 6) began by experimenting with several RBFNs (Fig. 7). 

Six input layer neurons (p) matching the input vector’s (βj) dimensionality (i) were used 

to feed the inputs. At the hidden layer, q neurons such that p < q < JTrain_sample_size were 

used. A rule-of-thumb available in the literature for deciding the number of hidden layer 

neurons is "How large should the hidden layer be? One rule of thumb is that it should 

never be more than twice as large as the input layer." (Berry and Linoff, 1997, p. 323). 

Two output layer (r) neurons, one each for the two output class classifications, i.e. 

whether the system was in-control (0) or out-of-control (1) was detected, were used. The 

output of each neuron in the input layer was fed as an input to every neuron in the hidden 

layer and likewise, the output of each neuron in the hidden layer was fed as an input to 

every neuron in the output layer. 
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Figure 6: Phase III – Research Approach to Generalize the Out-of-Control Detection 
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Since a general rule for data splitting is not available (Hastie et al. 2001), this research 

used a 70-15-15 random split, i.e. 70% of the input-target output combinations were 

assigned to train the NNs, 15% to validate the NNs performance while being trained and 

the remaining 15% to test the NNs predictive capability with data not used in the train 

and validation samples. Additional experiments were conducted to understand the effect 

of data splitting using 70-0-30 and 50-25-25 random splits. 

In RBFNs, the hidden layer receptors (centroids) are initialized randomly by feeding 

only the input vectors exclusive of the target outputs and using the Lloyd’s algorithm 

(Abu-Mostafa slide 11), the squared distance between the input vector and the cluster 

centroid is iteratively minimized until convergence to a local minimum, ∑ ∑ ∥𝛃
j
ϵ 𝐒

q

Q
𝑞=1

𝛃j − 𝛍𝑞 ∥
2 

 

with, 𝛍𝑞 =
1

|𝐒
𝑞
|
∑ 𝛃j

 

𝛃
j
ϵ 𝐒

𝑞
                (6) 

and, 𝐒𝑞 = {𝛃j :  ∥ 𝛃j − 𝛍𝑞 ∥ ≤ ∀ ∥ 𝛃j − 𝛍l ∥}              (7) 

where μq, the hidden layer neuron’s location (prototype vector), and Sq, the cluster 

containing a set of input vectors, such that that the distance between the inputs vector 𝛃j 

and finalized cluster centroid 𝛍𝑞 will be less than the distances between 𝛃j and all other 

possible allocation of the input 𝛃j to any other cluster with centroid 𝛍l. The Euclidean 

distance (∥ 𝛃j − 𝛍𝑞 ∥) between the input vectors and the receptors in the hidden layer 

determines the weights (wpq) or the strength of the inputs to the hidden layer neurons.  

Being the commonly used radial basis function (Orr 1996), this research adopted the 

Gaussian activation function (Hill and Lewicki 2006, Abu-Mostafa slide 4), capable of
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providing a significant response in the region near the receptors to transform the hidden 

layer inputs using, 

𝜑(𝛃j) =  exp{−
1

2
(𝛃j

 
− 𝛍𝑞)

T 𝚺−1 (𝛃j 
− 𝛍𝑞)}                        (8) 

with 𝚺, related to the hidden layer neuron’s radial spread. Using the Gaussian function, 

the RBFN not only performed a non-linear transformation, but also increased the 

dimensions of the input vectors such that p < q < JTrain_sample_size, because it is known 

(Bishop 1995) that the chances of the linear separability of the output class (y
j
) post the 

non-linear transformation increases in the higher dimensions using φ(β) = [φ1(β), φ2(β), 

…, φQ(β)]T, with q = 1 to Q.   

 Using the output layer weights (wqr) and linearly combining (Hill and Lewicki 

2006) the hidden layer’s outputs ∑ 𝐰𝑞𝑟 φ(𝛃)
Q
𝑞=1 , with q inputs and an additional ‘bias’ 

(bias neuron) input with value 1 and weight w
b
 results in the output layer’s inputs [wb ∗

b +  ∑ 𝐰𝑞𝑟 φ(𝛃)]
Q
𝑞=1 . Finally at the output layer, an identity function (a) requiring no 

additional computations, but only passing of the output layer’s inputs directly as the NN’s 

outputs, was applied. 

3.3.2.Learning and Error Minimization 

Two common approaches used to evaluate the RBFN’s learning to perform the 

classification tasks are the sum of the squared error (E
SOS

) and the cross-entropy error 

(E
CE

) (Murphy 2012). This research applied the E
SOS

 and combined it with the identity 

output layer activation function to ensure that the weight adjustment leads to the absolute 

minimum error (Hill and Lewicki 2006). Combining E
CE

 with the other possible output 

layer activation such as the Softmax (Murphy 2012) transformation would not only have 
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required more computations involving the conjugate gradient descent (Haykin 1998) or 

the Broyden-Fletcher-Goldfarb-Shanno (BFGS) (Haykin 1998) algorithms, but also are 

unlikely to reach the absolute minimum error and thus were not used. Further, the RBFN 

used in this research estimated the weights without having to perform a full network 

optimization, as required by the BPN algorithm in the MLP training (Bishop 1995).  

 RBFNs accomplish the learning by adjusting the output layer weights (wqr) and 

comparing the output layer’s outputs with respect to the target outputs (yj) using,  

h(β) = ∑ 𝐰𝑞𝑟 ∗  exp(∥ 𝛃j − 𝛍𝑞 ∥2 ÷  2σ𝑞
2)Q

𝑞=1                (9) 

where, h(β) is the set of hypothesis consisting of the classifiers considered during the 

RBFN’s training with the intent to provide the most minimum possible difference 

between the targeted outputs, y
j
 and the classifier generated outputs such that, 

h(β) ≈ yj                                (10) 

using weights (w), 

w = (Φ
T
 Φ)

-1
 Φ

T
 y                         (11) 

where, the Φ matrix is a function of the input vectors to the cluster centroids 

distances and the radial spreads, exp(∥ 𝛃j − 𝛍𝑞 ∥2 ÷  2σ𝑞
2), and yj is the desired target 

output vector using (Wu et al. 2016), 

[
 
 
 
 
exp(∥ 𝛃1 − 𝛍1 ∥2÷ 2σ1

2) ⋯ exp(∥ 𝛃1 − 𝛍Q ∥2÷ 2σQ
2)

exp(∥ 𝛃2 − 𝛍1 ∥2÷ 2σ1
2) ⋯ exp(∥ 𝛃2 − 𝛍Q ∥2÷ 2σQ

2 )

⋮ ⋮ ⋮
exp(∥ 𝛃J − 𝛍1 ∥2÷ 2σ1

2) ⋯ exp(∥ 𝛃J − 𝛍Q ∥2÷ 2σQ
2 )]

 
 
 
 

 [

w1

w2

⋮
wQ

] = [

y1
y2
⋮
yJ

]            (12) 

 The solution for the above equation is (Bishop 1995, Hill and Lewicki 2006), 

wqr = Φ
+
 y,               (13) 

with, Φ
+
  = (Φ

T
Φ)

-1
Φ

T
              (14) 
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where, Φ
T
Φ should be invertible and Φ

+
 is the pseudo-inverse matrix, determined by 

SVD (Bishop 1995, Hill and Lewicki 2006).  

 Singular value decomposition (SVD) factors the matrix Φ into (Strang 1993): 

Φ = U 𝚫 VT                                      (15) 

where, U and V are orthogonal matrices with U
-1

=U
T
 and V

-1
=V

T
 containing the 

normalized eigenvectors (left and right singular vectors) and 𝚫, the diagonal matrix 

contains the singular values, 𝚫 = 𝚲1/2 where, 𝚲 represents the diagonal matrix of the 

eigenvalues of ΦTΦ and ΦΦT, the singular values of Φ. Using the Gram-Schmidt 

process (Strang 1993), U and V matrices can be obtained. From equation (15), ΦTΦ and 

ΦΦT are, 

ΦTΦ = (V 𝚫 T UT) (U 𝚫 VT) = V 𝚫 T 𝚫 VT                      (16) 

and,  

ΦΦT = (U 𝚫 VT) (V 𝚫 TUT) = U 𝚫 𝚫T UT            (17) 

where, UTU and VTV are identity matrices since U (eigenvector matrix for ΦΦT) and 

V (eigenvector matrix for ΦTΦ) are orthogonal matrices containing the eigenvectors and 

𝚫 T 𝚫 = 𝚫 𝚫 T is a diagonal matrix containing the same eigenvalues λ for ΦΦT and ΦTΦ, 

otherwise σ2 for Φ (Strang 1993). The pseudo-inverse Φ
+
 can be represented as, Φ

+ = V 

𝚫
 -1 U T (Strang 1993) and using the U, 𝚫 and V determined from the SVD of Φ, Φ

+
can 

thus be determined. 

3.3.3.Regularization and Generalization 

A common regularization strategy to ensure that the RBFN is able to generalize or 

correctly predict the outputs for new inputs involve adding a smoothness 
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term [γ ∑ ∫ 𝐚u  (
duh

dβu)
2

dβ
+∞

−∞
∞
u=0 ], acting as a penalty for large derivative changes to the 

sum of the squared (SOS) errors (E
SOS

), 

E
SOS

 = ∑ (h(𝛃) − 𝐲j)
2J

j=1 +  γ ∑ ∫ 𝐚u (
duh

dβu)
2dβ

+∞

−∞
∞
u=0                      (18) 

where, γ is the regularization coefficient and 𝐚u is the coefficient of the uth derivative 

of h(β) with respect to the input vector (Bishop 1995, Haykin 1998).  

RBFN was regularized using weight decay to prevent training data over-fit and under-

fit (Hill and Lewicki 2006, Abu-Mostafa slide 20), adding an additional error term, 

𝐄w = 
γ

2
 𝐰T𝐰               (19) 

to the sum of the squared errors E
SOS

 resulting in an augmented error function E,  

E = E
SOS

 + Ew =∑ (h(𝛃) − 𝐲t)
2J

j=1 + ∑ (γq𝐰𝑞𝑟
2 )

Q
q=1           (20) 

where, γ is the weight decay constant (a regularization coefficient). Optimal weight 

vector wqr is determined by the partial differentiation of the error function (E) and 

equating it to zero to achieve the error minimization (Orr 1996),  

∂𝐄

∂𝐰𝑞
= 2 ∑ (h(𝛃) − 𝐲t)

N
j=1  

∂f

∂𝐰𝑞
(𝛃i) + 2γ𝑞𝐰𝑞𝑟 = 0          (21) 

The radial spread σq ∀ q = 1 to Q, can be solved using the iterative expectation 

maximization (EM) algorithm for solving a mixture of Gaussians, where σq is fixed and 

the weight vector wqr is determined using the pseudo-inverse process explained above. 

Using the wqr obtained in the previous step, the error E
SOS

 is minimized with respect to 

the radial spread σq (Abu-Mostafa slide 17) applying the gradient descent approach (Lei 

and Jordan 1996). The above steps are repeated until convergence resulting in a set of wqr 

and σq. 
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At the start of the training cycles, the NN was expected to under-fit, i.e. large 

prediction errors with high bias (modeling error) and low variance (modeling the random 

error) on both the train and the test data. As the training cycles continue, a decrease in the 

train error with an increase in the test error due to low bias and high variance will 

indicate an undesirable over-fit, i.e. the NN predicts well on the train data, but not on the 

test data. Errors were monitored to ensure that the RBFN was able to generalize well 

without the under-fit and over-fit issues such that at the end of the training, both the train 

and test errors were minimal and that the test error does not increase with a decrease in 

the train error (Hill and Lewicki 2006).  

A receiver operating characteristics (ROC) graph (Fawcett 2006) of the false positive 

rate versus the true positive rate was plotted to compare the performance of the NN 

adopted against the other NNs considered in this research. False positive rate or the 

specificity is the proportion of the number of instances that the RBFN did not predict an 

out-of-control behavior to the number of instances when the phases I and II PCA did not 

detect out-of-control behavior. True positive rate or the sensitivity is the proportion of the 

number of instances that the RBFN predicted an out-of-control behavior to the number of 

out-of-control behavior instances detected in phases I and II. The closer a ROC curve is 

to the top-left corner of the graph having a larger ROC area, the stronger its predictive 

(classification) capability to achieve out-of-control versus in-control separation. 

Using the experimentation results, an RBFN was adopted based on its out-of-control 

generalization capability and its structural simplicity. A fresh set of 10 unscaled inputs 

(β
j
), sequentially following the 20th phase II input were fed into the adopted RBFN to 
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predict if the disease surveillance system was in-control or an out-of-control behavior 

was detected. 

3.4 Compared Approaches 

To demonstrate the efficacy of the proposed approach, the percentage of accurate 

classifications from the RBF neural network was compared with the existing commonly 

used classification procedures such as the support vector machine (SVM), K-nearest 

neighbors (k-NN) and the decision tree approaches. A brief description of these 

classification procedures is provided below: 

3.4.1. Support Vector Machine (SVM) 

Using a similarity function, otherwise known as a kernel and nonlinear decision 

boundaries, the SVM (Hill and Lewicki 2006) performed the disease surveillance system 

status classification employing the radial basis function kernel and the polynomial kernel 

with degrees two to five. The decision boundary separates the input vectors βj based on 

the corresponding predicted output class yj, i.e. whether the system was in-control or out-

of-control. 

3.4.2. K-Nearest Neighbor (k-NN) 

Using a circle containing the nearest neighbors, the k-NN classification procedure 

classifies the data points as to whether the disease surveillance system was in-control or 

out-of-control based on the classification of the neighbors (Hill and Lewicki 2006). The 

classification procedure begun with two nearest neighbors and was sequentially 

incremented by an additional nearest neighbor for up to five nearest neighbors (Hill and 

Lewicki 2006). 

3.4.3. Decision Tree 
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Using inferred decision rules from the foodborne and waterborne disease data, the 

decision tree approaches created models to classify if the system was in-control or out-of-

control. Two types of decision tree approaches used were the random forest and the 

boosting trees. Random forest combines the response from an ensemble of decision trees 

finding the difference in the votes for correct classification versus votes for incorrect 

classification of the system’s output state (Murphy 2012). The boosting trees generate a 

classifier sequence with successive classifiers being better than the previous classifier in 

classifying the previously misclassified data, selecting a data point for the next iteration 

using a selection probability inversely proportional to the previous iteration’s accuracy in 

classifying that data point (Hill and Lewicki 2006). 

3.4.4. Performance Metrics 

Several metrics such as the accuracy, recall, precision and F-measure were 

calculated for each of the classification procedures for comparison purposes using the 

formulas listed below (Fawcett, 2006): 

Accuracy = (TP + TN) ÷ (TP + TN + FP + FN)          (22) 

where, TP is the number of out-of-control signals that agreed with the PCA’s out-of-

control signals, TN is the number of in-control signals that agreed with the PCA’s in-

control signals, FP is the out-of-control signals that did not agree with the PCA’s out-of-

control signals, FN is number of in-control signals that did not agree with the PCA’s in-

control signals. 
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Formulas used for the remaining performance metrics are provided below: 

Recall (Sensitivity) = TP ÷ (TP + FN)             (23) 

Specificity = TN ÷ (FP + TN)             (24) 

Precision = TP ÷ (TP + FP)            (25) 

F-measure = 2 ÷ (1/ Precision + 1/Recall)           (26) 
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Chapter 4 – Results 

 

 

4.1 Research Hypothesis 1 

Phase I’s sample of 30 𝛃
1

i
 (Table 1) were rescaled to form the 𝐱

1

i
 vectors before 

continuing the analysis. (Refer to Standardize the Variables for PCA on count data.) 

Table 1: Input vector applied in phases I and II 

 

Before proceeding further, the correlation among the scaled input variables were 

determined.  

β1 β2 β3 β4 β5 β6 β1 β2 β3 β4 β5 β6

I 1 89 1469 50 3 40 5 II 30 54 1406 184 21 505 43

I 2 73 3654 32 4 39 16 II 31 50 1067 45 11 146 10

I 3 81 926 36 7 122 6 II 32 50 704 59 1 47 0

I 4 82 2032 120 5 670 14 II 33 73 1077 110 3 30 3

I 5 84 1067 37 4 82 13 II 34 83 1305 41 7 23 16

I 6 74 994 58 13 148 27 II 35 81 1415 49 3 26 9

I 7 70 1008 85 17 468 39 II 36 52 717 28 2 41 7

I 8 72 1095 76 17 121 11 II 37 64 983 25 2 17 0

I 9 61 1074 42 2 14 0 II 38 87 2200 343 0 0 0

I 10 46 977 63 4 20 12 II 39 69 1364 102 7 23 12

I 11 69 984 27 3 9 6 II 40 101 1658 95 2 24 0

I 12 52 883 79 5 108 19 II 41 88 1531 130 12 959 96

I 13 50 1903 65 1 21 26 II 42 61 593 100 19 1587 36

I 14 63 971 82 3 63 8 II 43 74 859 73 7 97 20

I 15 68 1807 64 2 40 0 II 44 61 714 71 6 129 25

I 16 78 1096 92 7 192 23 II 45 48 906 67 5 38 2

I 17 72 1336 68 6 225 13 II 46 56 612 50 1 4 4

I 18 74 1403 259 18 360 39 II 47 63 1251 43 5 22 9

I 19 54 457 46 17 283 29 II 48 56 1096 21 4 381 21

I 20 80 1114 76 7 37 20 II 49 51 532 24 2 7 5

I 21 61 844 88 2 15 4

I 22 51 874 47 1 20 0

I 23 93 1590 31 1 2 2

I 24 94 2002 93 2 5 2

I 25 73 1112 37 2 12 10

I 26 70 1234 47 7 227 6

I 27 71 1122 48 6 57 2

I 28 64 917 51 3 12 5

I 29 70 1634 115 9 175 13

B
Phase j

B
Phase j
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Table 2 shows the existence of correlation between the scaled input variables thus 

validating the adoption of a multivariate treatment instead of a univariate treatment of the 

data. (For conciseness only the lower half of this matrix is shown.) 

Table 2: Correlation matrix of the scaled input variables 

 

Fig. 8 visually indicates the existence of correlation, with the 95% confidence 

elliptical contours in a scatter plot format. This plot will indicate a strong positive 

correlation if the points are bunched-up close to each other with an increase (decrease) in 

Y as X increases (decreases). Strong negative correlation will be indicated if the points 

are bunched-up close to each other along with an increase (decrease) in Y as X decreases 

(increases). Strength of correlation declines if the points are farther away from each other 

resulting in a wider confidence contour. 

Following this, the Q-Q plot of X
(1)

 (Fig. 9) indicated substantial departure from the 

standard normal distribution indicating multivariate non-normality which in turn was 

confirmed by the multivariate skewness and kurtosis measures with p-values, both less 

than α = 0.05 (Table 3). 
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Foodborne Outbreaks 1

Foodborne Illnesses 0.356 1

Foodborne Hospitalizations & Deaths 0.110 0.104 1

Waterborne Outbreaks 0.062 -0.178 0.487 1

Waterborne Illnesses 0.155 0.055 0.524 0.599 1

Waterborne Hospitalizations & Deaths -0.058 0.015 0.533 0.735 0.579 1
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Next, the univariate test to determine the non-normal x
1

ij
 vectors indicated that except 

the x
1

1j
 corresponding to the foodborne disease outbreaks (Fig. 10), each of the five other 
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𝐱
1

ij
 vectors, ∀ i ≠ 1 were non-normal. At this juncture, Johnson transformation (JT) (Table 

4 and Fig. 11 - 15) successfully transformed the non-normal 𝐱
1

ij
 vectors to resemble 

normally distributed data, 𝐱
T

ij
. Post JT, Mardia’s test and the Q-Q plot of X

(1)
 consisting of 

columns 𝐱
1

1j
 and 𝐱

T

ij ∀ i ≠ 1 confirmed the multivariate normality (Table 3 and Fig. 16). 

Table 3: Multivariate Skewness and Kurtosis 

 

 

 

 

 

 

 

 

 

 

Pre-JT  Post-JT 

g1p 38.91           12.29           

chi.skew 194.56         61.47           

p.value.skew 0.00             0.28             

g2p 71.39           48.87           

z.kurtosis 6.54             0.24             

p.value.kurt 0.00             0.80             

where,

g1p is Mardia's multivariate skewness statistic

chi.skew is chi-square value of the skewness statistic

p.value.skew is p-value of skewness statistic

g2p is Mardia's multivariate kurtosis statistic

z.kurtosis is z value of the kurtosis statistic

p.value.kurt is p-value of kurtosis statistic

Skewness

Kurtosis
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Table 4: JT equations providing the necessary transformation to normality 

 

Table 5: Phases I and II Principal Component loadings 

 

Next, PC
1

k
 with eigenvalues λ

1

k
, for k =2 PCs cumulatively (R²X) accounting for 

70.3% variance in X
(1) 

(Table 6) were extracted, indicating and adequate amount of 

explained variance by the PCs.  

Table 6: Amount of variation explained by the PCs in the Phase I 

 

Variable JT Function
p-value 

(α = 0.05)

-0.681687 + 0.591479 × Asinh( ( X + 0.547744 ) / 0.152498 ) 0.730

-1.59659 + 1.42316 × Asinh( ( X + 0.911868 ) / 0.533111 ) 0.859

-2.08653 + 1.08863 × Asinh( ( X + 1.07817 ) / 0.242221 ) 0.506

1.39386 + 0.531955 × Ln( ( X + 0.774789 ) / ( 4.61372 - X ) ) 0.969

1.02514 + 0.743338 × Ln( ( X + 1.26724 ) / ( 3.58032 - X ) ) 0.708

 2j
T

 3j
T

 4j
T

 5j
T

 6j
T

Principal component loadings.

0.040 0.871 0.297 0.647

0.057 0.748 0.395 0.915

-0.668 0.141 0.619 0.796

-0.792 -0.018 0.778 -0.399

-0.762 0.044 0.976 -0.528

-0.763 -0.047 0.877 -0.252

P
(2)

Variable
P

(1)

𝐱2j
T

𝐱3j
T

𝐱4j
T

𝐱5j
T

𝐱6j
T

  1
1   2

1

𝐱1j
1

  1
2   2

2

Table 3.3. Phase I Eigenvalues and their contributions. Table 3.4. Phase II Eigenvalues and their contributions.

Component Eigenvalues R²X(Cumulative) Component Eigenvalues R²X(Cumulative)

= 2.241 44.0% = 2.953 43.5%

= 1.341 70.3% = 2.390 78.8%PC
1

2
 

PC
1

1
 

PC
2

1
 and PC

2

2
 

PC
2

1
 and PC

2

2
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PC loadings P
(1)

 plot (Fig. 17 and Table 5) indicated the PC dichotomy in that the 

waterborne diseases strongly contributed to PC
1

1
, and the foodborne  diseases mostly 

contributed to PC
1

2
, justifying the decision to reduce the dimensions by adopting the latent 

structure based PCA control charting approach.  

Table 7: Phases I and II Principal Component Scores 

 

Principal component scores.

1 0.854 1.532 30 2.925 -0.203

2 0.652 1.053 31 -0.256 -0.882

3 0.215 -0.043 32 -1.560 -0.688

4 -1.798 1.654 33 -0.617 0.767

5 0.367 0.621 34 -0.167 0.529

6 -1.394 -0.120 35 -0.550 0.933

7 -2.761 -0.210 36 -1.474 -0.961

8 -1.229 0.153 37 -1.419 -0.211

9 1.986 -0.641 38 1.144 4.857

10 0.186 -1.807 39 -0.029 0.786

11 1.649 -0.618 40 -0.234 2.288

12 -0.864 -1.758 41 4.367 -0.052

13 0.495 -0.538 42 3.534 -2.847

14 -0.003 -0.718 43 -0.117 -0.202

15 1.355 0.593 44 -0.253 -0.789

16 -1.399 0.551 45 -1.078 -0.559

17 -0.781 0.494 46 -1.578 -0.732

18 -3.470 0.892 47 -0.719 0.100

19 -1.722 -2.460 48 -0.201 -0.891

20 -0.642 0.632 49 -1.718 -1.243

21 0.749 -1.296

22 2.044 -1.903

23 2.815 1.708

24 1.306 2.236

25 1.376 0.053

26 -0.227 0.189

27 0.577 0.076

28 1.039 -1.024

29 -1.375 0.699

j j
T

(1)
T

(2)

t1j
1 t2j

1 t1j
2 t2j

2
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Figure 9: Q-Q plot indicating non-normality prior to JT 

 

T
(1) 

scores (Fig. 18 and Table 7) plot detected an instance of the system’s out-of-

control behavior, with t
1

k9 
falling outside the CL. 

In chapter 3 it was stated, that at this juncture the disease surveillance system’s 

managers should troubleshoot the variables causing the system’s out-of-control behavior 

and implement corrective actions before removing the points indicating such behavior 

and recalculating the CL. 

Post removal of t
k9

, using the remaining phase I 29 PC scores, additional system out-

of-control behavior was not detected against the reestablished new CL (Fig. 18), 

indicating an in-control system, thus confirming that the phase II analysis can begin. 

 

 

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.
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Figure 10: Foodborne outbreaks normal probability plot 

 

Figure 11: JT of Foodborne Illnesses 

 

 

 

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.
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Figure 12: JT of Foodborne Hospitalizations and Deaths 

 

Figure 13: JT of Waterborne Outbreaks 

 

 

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.
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Figure 14: JT of Waterborne Illnesses 

 

Figure 15: JT of Waterborne Hospitalizations and Deaths 

 

 

Fig. 3.1. Q-Q plot indicating strong departures from multivariate normality. Fig. 3.2. Foodborne disease outbreaks indicating normality, thus not requiring JT.

Fig. 3.3. JT of the scaled foodborne illnesses inputs resulting in normality.
Fig. 3.4. JT of the scaled foodborne hospitalizations and deaths inputs resulting in 

normality.

Fig. 3.5. JT of the scaled waterborne disease outbreaks resulting in normality. Fig. 3.6. JT of the scaled waterborne illnesses inputs resulting in normality.

Fig. 3.7. JT of the scaled waterborne hospitalizations and deaths inputs resulting in 

normality.
Fig. 3.8. Q-Q plot indicating approximate multivariate normality.

Fig. 3.9. Phase I loadings plot.
Fig. 3.10. Phase I PC scores plot after removing     due to falling outside the CL 

ellipse.

Fig. 3.11. Detecting disease surveillance system failures at       ,       and      in phase 

II.
Fig. 3.12. Phase II loadings plot.

Loading scatterplot (p1 vs. p2)

-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

p1

-1.2

-1.0

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

1.0

1.2

p
2

Foodborne Outbreaks

Foodborne Illnesses

Foodborne Hospitalizations & Deaths

Waterborne Outbreaks

Waterborne Illnesses

Waterborne Hospitalizations & Deaths

Loading scatterplot (p1 vs. p2)

-1.2 -1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2

p1

-1.2

-1.0

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

1.0

1.2

p2

Foodborne Outbreaks

Foodborne Illnesses

Foodborne Hospitalizations & Deaths

Waterborne Outbreaks
Waterborne Illnesses

Waterborne Hospitalizations & Deaths

Scatterplot of Component 2 against Component 1

-4 -2 0 2 4

Component 1

-4

-3

-2

-1

0

1

2

3

4

C
om

po
ne

nt
 2

t
1

k9
 

Scatterplot of Component 2 against Component 1

-4 -2 0 2 4

Component 1

-4

-2

0

2

4

C
om

po
ne

nt
 2

38

42

41

t
2

k38
 t

2

k41
 t

2

k42
 



50 

 

Figure 16: Q-Q plot indicating normality post JT 

 

Figure 17: Phase I Loadings Plot 

 

 

Fig. 3.7. JT of the scaled waterborne hospitalizations and deaths inputs resulting in 

normality.
Fig. 3.8. Q-Q plot indicating approximate multivariate normality.

Fig. 3.9. Phase I loadings plot.
Fig. 3.10. Phase I PC scores plot after removing     due to falling outside the CL 

ellipse.

Fig. 3.11. Detecting disease surveillance system failures at       ,       and      in phase 

II.
Fig. 3.12. Phase II loadings plot.
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Fig. 3.7. JT of the scaled waterborne hospitalizations and deaths inputs resulting in 

normality.
Fig. 3.8. Q-Q plot indicating approximate multivariate normality.

Fig. 3.9. Phase I loadings plot.
Fig. 3.10. Phase I PC scores plot after removing     due to falling outside the CL 

ellipse.

Fig. 3.11. Detecting disease surveillance system failures at       ,       and      in phase 

II.
Fig. 3.12. Phase II loadings plot.
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Figure 18: Phase I Scores Plot 

 

Figure 19: Phase II Scores Plot 
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Figure 20: Phase II Loadings Plot 

 

Proceeding to the phase II analysis using X
(2)

 for the next 20 realizations with j = 30 

to 49 of the foodborne and waterborne disease variables, the eigenvalues λ
2

k
 for k = 2 PCs 

of the extracted PCs, PC
2

1
 and PC

2

2
 explained over 78.8% of the variance in X

(2) 
(Table 8). 

Table 8: Amount of variance explained by the PCs in phase II 

 

  

Table 3.3. Phase I Eigenvalues and their contributions. Table 3.4. Phase II Eigenvalues and their contributions.

Component Eigenvalues R²X(Cumulative) Component Eigenvalues R²X(Cumulative)

= 2.241 44.0% = 2.953 43.5%

= 1.341 70.3% = 2.390 78.8%PC
1

2
 

PC
1

1
 

PC
2

1
 and PC

2

2
 

PC
2

1
 and PC

2

2
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Like phase I, PCs dichotomous relationship with the foodborne and the waterborne 

diseases variables continued in phase II indicated by the loading plot (Fig. 20). PC scores, 

T
(2)

 plotted (Fig. 19) against the CL established during the phase I detected system out-

of-control behavior at t
38k

, t
41k

, and t
42k

. Like phase I, managers should isolate the 

problem variables, contributing to such behavior and implement the corrective actions.  

Since the reduced dimensions were able to explain 70.3% and 78.8% of the 

variability in the original disease data respectively in the phase I and II, thus the null 

hypothesis that the reduced dimensions can explain at most 70% of the variability in the 

original disease data in phases I and II was rejected. 

4.2 Research Hypothesis 2 

Several RBFNs were experimented (Table 9), consisting of an input, hidden and 

output layer of neurons using the Gaussian hidden layer and the identity output layer 

activation functions. Since the input vector’s dimensionality (i = 6) drove the number of 

input layer neurons (p) and the number of output classes (yj = 0 or 1) for the NN to learn 

drove the number of output layer neurons (r), each of the RBFNs experimented used 6 

input layer neurons and 2 output layer neurons.  

The number of hidden layer neurons (q) was varied between 7 and 34 (See chapter 3 

for the RBFN dimensionality increase, resulting in more hidden layer neurons than the 6 

input layer neurons and constrained by the train data size consisting of 70% of the 49 

phases I and II input vectors, resulting in p < q < J
Train_sample_size

). While the weight decay 

procedure was not applicable to the hidden layer, the output layer’s weight decay (γ) was 

set to a minimum (maximum) of 0.0001 (0.001), to achieve the NN’s performance 

regularization. 
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Table 9: Input vector used in the phase III analysis. 

 

Upon feeding the inputs β
j
, for j = 51 to 60 (Table 9) into the RBF 6-7-2, out-of-

control behavior was not detected in the phase III, which was also confirmed with the 

PCA (Fig. 21). 

Figure 21: PCs scores plot confirming the RBF 6-7-2 output prediction. 

 

β1 β2 β3 β4 β5 β6

III 50 100 1706 28 7 185 5

III 51 80 1627 50 5 12 10

III 52 99 1227 142 4 29 13

III 53 95 1457 111 16 219 70

III 54 68 811 61 18 580 22

III 55 77 1010 92 15 309 15

III 56 54 671 75 5 35 5

III 57 53 724 80 8 128 8

III 58 74 1122 35 1 3 0

III 59 65 1334 34 2 7 0

Phase j
B
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Several RBFNs provided accurate classification performance across the train, test and 

validation data (Table 10). ANOVA of the confidence levels (CL) of the predicted output 

classifications among these RBFNs failed to reject the null hypothesis that the CL means 

are statistically significantly different at an α = 0.05. (Fig. 22 and Fig. 23). RBF 6-7-2 

architecture (Fig. 24) was adopted for its accurate classification capability (Table 10) 

with minimal number of hidden layer neurons, thus maintaining the structural simplicity. 

Figure 22: ANOVA to test the difference in the CL between the RBFs that provided 

100% correct output classifications when the assigned output class was yj = 0. 

 

Figure 23: ANOVA to test the difference in the CL between the RBFs that provided 

100% correct output classifications when the assigned output class was yj = 1. 
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A seed of 1000 was used to initialize the network weights, randomly. The optimal 

weight vector [w1 w2 … w64 w65]
T
 with 42 input layer to hidden layer weights 

(w
pq

), 7 radial spreads, 2 hidden layer to output layer bias weights (w
b
) and 14 hidden 

layer to output layer weights (w
qr

) was determined (Table 11) such that the RBF 6-7-2 

was able to provide the output class classifications matching the PCA’s phases I and II 

outputs, yj. 

Since the weights were randomly initialized using the seed of 1000, which in turn will 

influence the confidence level (CL) associated with the predicted system status (Fig. 25), 

an additional 1000 NNs were generated using the RBF 6-7-2 architecture to determine 

the 90% confidence bounds of the CL using those NNs that provided accurate 

classifications (Fig. 26). 

Fig. 3.15. ANOVA to test the difference in the CL between 

the RBFs that provided 100% correct output classifications 

when the the assigned output class was yj = 1.

Network; LS Means

Current ef f ect: F(15, 768)=.09647, p=1.0000

Vertical bars denote 0.95 conf idence interv als
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Table 10: Output classifications from the various RBF NNs. 

 

yj = 0 yj = 1 yj = 0 and 1 yj = 0 yj = 1 yj = 0 and 1

RBF 6-31-2 Total 46 3 49 RBF 6-20-2 Total 46 3 49

Correct 34 3 37 Correct 46 3 49

Incorrect 12 0 12 Incorrect 0 0 0

Correct (%) 73.9 100.0 75.5 Correct (%) 100.0 100.0 100.0

Incorrect (%) 26.1 0.0 24.5 Incorrect (%) 0.0 0.0 0.0

RBF 6-17-2 Total 46 3 49 RBF 6-32-2 Total 46 3 49

Correct 46 3 49 Correct 45 3 48

Incorrect 0 0 0 Incorrect 1 0 1

Correct (%) 100.0 100.0 100.0 Correct (%) 97.8 100.0 98.0

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 2.2 0.0 2.0

RBF 6-9-2 Total 46 3 49 RBF 6-8-2 Total 46.0 3.0 49.0

Correct 46 3 49 Correct 46.0 3.0 49.0

Incorrect 0 0 0 Incorrect 0.0 0.0 0.0

Correct (%) 100.0 100.0 100.0 Correct (%) 100.0 100.0 100.0

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 0.0 0.0 0.0

RBF 6-24-2 Total 46 3 49 RBF 6-16-2 Total 46 3 49

Correct 45 3 48 Correct 46 3 49

Incorrect 1 0 1 Incorrect 0 0 0

Correct (%) 97.8 100.0 98.0 Correct (%) 100.0 100.0 100.0

Incorrect (%) 2.2 0.0 2.0 Incorrect (%) 0.0 0.0 0.0

RBF 6-18-2 Total 46 3 49 RBF 6-33-2 Total 46 3 49

Correct 45 3 48 Correct 46 3 49

Incorrect 1 0 1 Incorrect 0 0 0

Correct (%) 97.8 100.0 98.0 Correct (%) 100.0 100.0 100.0

Incorrect (%) 2.2 0.0 2.0 Incorrect (%) 0.0 0.0 0.0

RBF 6-26-2 Total 46 3 49 RBF 6-14-2 Total 46 3 49

Correct 46 3 49 Correct 45 3 48

Incorrect 0 0 0 Incorrect 1 0 1

Correct (%) 100.0 100.0 100.0 Correct (%) 97.8 100.0 98.0

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 2.2 0.0 2.0

RBF 6-25-2 Total 46 3 49 RBF 6-29-2 Total 46 3 49

Correct 46 3 49 Correct 45 3 48

Incorrect 0 0 0 Incorrect 1 0 1

Correct (%) 100.0 100.0 100.0 Correct (%) 97.8 100.0 98.0

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 2.2 0.0 2.0

RBF 6-10-2 Total 46 3 49 RBF 6-13-2 Total 46 3 49

Correct 46 3 49 Correct 46 3 49

Incorrect 0 0 0 Incorrect 0 0 0

Correct (%) 100.0 100.0 100.0 Correct (%) 100.0 100.0 100.0

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 0.0 0.0 0.0

RBF 6-22-2 Total 46 3 49 RBF 6-27-2 Total 46 3 49

Correct 46 0 46 Correct 46 3 49

Incorrect 0 3 3 Incorrect 0 0 0

Correct (%) 100.0 0.0 93.9 Correct (%) 100.0 100.0 100.0

Incorrect (%) 0.0 100.0 6.1 Incorrect (%) 0.0 0.0 0.0

RBF 6-23-2 Total 46 3 49 RBF 6-15-2 Total 46 3 49

Correct 42 3 45 Correct 39 3 42

Incorrect 4 0 4 Incorrect 7 0 7

Correct (%) 91.3 100.0 91.8 Correct (%) 84.8 100.0 85.7

Incorrect (%) 8.7 0.0 8.2 Incorrect (%) 15.2 0.0 14.3

RBF 6-21-2 Total 46 3 49 RBF 6-12-2 Total 46 3 49

Correct 45 3 48 Correct 46 3 49

Incorrect 1 0 1 Incorrect 0 0 0

Correct (%) 97.8 100.0 98.0 Correct (%) 100.0 100.0 100.0

Incorrect (%) 2.2 0.0 2.0 Incorrect (%) 0.0 0.0 0.0

RBF 6-34-2 Total 46 3 49 RBF 6-28-2 Total 46 3 49

Correct 26 0 26 Correct 46 3 49

Incorrect 20 3 23 Incorrect 0 0 0

Correct (%) 56.5 0.0 53.1 Correct (%) 100.0 100.0 100.0

Incorrect (%) 43.5 100.0 46.9 Incorrect (%) 0.0 0.0 0.0

RBF 6-19-2 Total 46 3 49 RBF 6-30-2 Total 46 3 49

Correct 46 3 49 Correct 34 0 34

Incorrect 0 0 0 Incorrect 12 3 15

Correct (%) 100.0 100.0 100.0 Correct (%) 73.9 0.0 69.4

Incorrect (%) 0.0 0.0 0.0 Incorrect (%) 26.1 100.0 30.6

RBF 6-7-2 Total 46 3 49

Correct 46 3 49

Incorrect 0 0 0

Correct (%) 100.0 100.0 100.0

Incorrect (%) 0.0 0.0 0.0
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Table 11: Weights forming the weight vector for RBF 6-7-2. 

 

 

 

 

 

Weights forming the RBF 6-7-2 network’s weight vector.

Connections
Weight 

values
Connections

Weight 

values

Foodborne Outbreaks --> hidden neuron 1 0.151 radial spread  hidden neuron 1 0.268

Foodborne Illnesses --> hidden neuron 1 0.048 radial spread  hidden neuron 2 0.969

Foodborne Hospitalizations & Deaths --> hidden neuron 1 0.090 radial spread  hidden neuron 3 0.268

Waterborne Outbreaks --> hidden neuron 1 0.048 radial spread  hidden neuron 4 0.223

Waterborne Illnesses --> hidden neuron 1 0.004 radial spread  hidden neuron 5 0.229

Waterborne Hospitalizations & Deaths --> hidden neuron 1 0.042 radial spread  hidden neuron 6 0.223

Foodborne Outbreaks --> hidden neuron 2 0.113 radial spread  hidden neuron 7 0.568

Foodborne Illnesses --> hidden neuron 2 0.297 hidden neuron 1 --> Out-of-Control?(0) 0.037

Foodborne Hospitalizations & Deaths --> hidden neuron 2 0.506 hidden neuron 2 --> Out-of-Control?(0) 344.421

Waterborne Outbreaks --> hidden neuron 2 1.000 hidden neuron 3 --> Out-of-Control?(0) 0.027

Waterborne Illnesses --> hidden neuron 2 0.527 hidden neuron 4 --> Out-of-Control?(0) -0.001

Waterborne Hospitalizations & Deaths --> hidden neuron 2 0.448 hidden neuron 5 --> Out-of-Control?(0) 0.000

Foodborne Outbreaks --> hidden neuron 3 0.000 hidden neuron 6 --> Out-of-Control?(0) -0.008

Foodborne Illnesses --> hidden neuron 3 0.140 hidden neuron 7 --> Out-of-Control?(0) 9.832

Foodborne Hospitalizations & Deaths --> hidden neuron 3 0.143 hidden neuron 1 --> Out-of-Control?(1) -0.038

Waterborne Outbreaks --> hidden neuron 3 0.238 hidden neuron 2 --> Out-of-Control?(1) -344.421

Waterborne Illnesses --> hidden neuron 3 0.040 hidden neuron 3 --> Out-of-Control?(1) -0.027

Waterborne Hospitalizations & Deaths --> hidden neuron 3 0.021 hidden neuron 4 --> Out-of-Control?(1) 0.001

Foodborne Outbreaks --> hidden neuron 4 0.434 hidden neuron 5 --> Out-of-Control?(1) -0.001

Foodborne Illnesses --> hidden neuron 4 0.208 hidden neuron 6 --> Out-of-Control?(1) 0.008

Foodborne Hospitalizations & Deaths --> hidden neuron 4 0.084 hidden neuron 7 --> Out-of-Control?(1) -9.832

Waterborne Outbreaks --> hidden neuron 4 0.286 hidden bias --> Out-of-Control?(0) -0.637

Waterborne Illnesses --> hidden neuron 4 0.059 hidden bias --> Out-of-Control?(1) 1.637

Waterborne Hospitalizations & Deaths --> hidden neuron 4 0.021

Foodborne Outbreaks --> hidden neuron 5 0.453

Foodborne Illnesses --> hidden neuron 5 0.275

Foodborne Hospitalizations & Deaths --> hidden neuron 5 0.146

Waterborne Outbreaks --> hidden neuron 5 0.286

Waterborne Illnesses --> hidden neuron 5 0.235

Waterborne Hospitalizations & Deaths --> hidden neuron 5 0.135

Foodborne Outbreaks --> hidden neuron 6 0.396

Foodborne Illnesses --> hidden neuron 6 0.284

Foodborne Hospitalizations & Deaths --> hidden neuron 6 0.252

Waterborne Outbreaks --> hidden neuron 6 0.333

Waterborne Illnesses --> hidden neuron 6 0.024

Waterborne Hospitalizations & Deaths --> hidden neuron 6 0.125

Foodborne Outbreaks --> hidden neuron 7 0.868

Foodborne Illnesses --> hidden neuron 7 0.483

Foodborne Hospitalizations & Deaths --> hidden neuron 7 0.224

Waterborne Outbreaks --> hidden neuron 7 0.095

Waterborne Illnesses --> hidden neuron 7 0.005

Waterborne Hospitalizations & Deaths --> hidden neuron 7 0.021
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Figure 25: CLs of the assigned and the unassigned output classes for the phases I and II 

outputs (RBF 6-7-2). 

Confidence Levels of the assigned and the unassigned 

output classes for the phases I and II outputs (RBF 6-7-2)

 CL of the assigned output class  CL of the unassiged output class

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49

0.2

0.3

0.4

0.5

0.6

0.7

0.8

  

The 90% confidence bound provided a clear separation between the assigned and the 

unassigned system state output class across the inputs for ∀ j = 1 to 49. With a p-value << 

0.05 at α = 0.05, the t-test conducted on the adopted RBF (Table. 12) rejected the null 

hypothesis that the confidence level (CL) of the assigned class was not statistically 

significantly different than the CL of the unassigned class. Thus, the adopted RBF 

provided the accurate system status classifications while achieving a clear separation 

between the classes it assigned from the class it did not assign to a specific input. 

 

 

 



61 

 

Figure 26: CL of the system status predicted by RBF 6-7-2 using a 90% CB. 

 

Table 12: T-test to test the difference in the CL between the assigned and the unassigned 

output classes yj assigned by RBF 6-7-2 to the inputs βj assuming equal variances 

indicating a statistically significant difference. 

 

4.3 Research Hypothesis 3 

Fig. 3.18. CL of the system status predicted by RBF 6-7-2.

RBF 6-7-2 

Assigned class

RBF 6-7-2 

Unassigned 

class

Mean 0.716             0.284             

Pooled Variance 0.0027           

Hypothesized Mean Difference 0

df 96

t Stat 41.15             

P(T<=t) one-tail 0.00               

t Critical one-tail 1.66               

Table 3.6. T-test to test the difference in the CL between the 

assigned and the unassigned output classes yj assigned by RBF 6-

7-2 to the inputs βj assuming equal variances indicating a 

statistically significant difference.
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As indicated in chapter 2 that since a general data splitting rule is not available, 

two additional splits 70-0-30 and 50-25-25 besides the 70-15-15 were experimented to 

understand the effect of data split on the NN performance. Minimum and Maximum 

number of hidden layer neurons in the 70-0-30 and 70-15-15 data splits were 7 and 34 

respectively, while the 50-25-25 data split was run using 7 and 24 respectively. (Refer the 

chapter 3 for the constraint on the maximum number of hidden layer neurons.). Using a 

sample of 100 NNs, the following (Table 13) average training, validation and test rates 

were obtained: 

Table 13: Classification rates obtained across the data splitting regimes 

 

Since a random seed was used to initialize the weights, thus the RBFN output 

performance was naturally random. Thus, to determine the effect of the number of hidden 

layer neurons two studies were performed.  

The first study was conducted developing a set of 100, 200 and 300 NNs and the 

percentage of networks providing accurate classifications is provided in the Fig. 27 

below: 

 

Data Split 

Regime

Training 

Performance

Validation 

Performance

Test 

Performance

70-15-15 96.76 100.00 92.57

70-0-30 80.83
Not 

applicable
81.43

50-25-25 87.16 89.17 98.75

Average classification rate across 100 NNs
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Figure 27: Percentage of NNs with accurate predictions Vs. Number of neurons applied 

in the hidden layer. 

 

The above figure indicates two distinct buckets of performances leading to accurate 

classification – first bucket from 7 up to 18 hidden layer neurons and the second bucket 

from 19 up to 34 neurons. The second bucket providing a clear indication of the reduction 

in the number of NNs providing accurate classification. This correlates well with the 

concept of the overfit issue discussed in the chapter 3. 

In the second study, 300 NNs were experimented to determine the classification rates 

(CR) across the training, validation and the test sets, providing the CR results in the Table 

14. The number of hidden layer neurons in the NNs were restricted to range between 7 

and 12 considering the CR performance decline in the second bucket on the previous 

graph and the rule-of-thumb indicated in the methods chapter that the hidden layer size 

not to exceed twice the input layer size. 

Overall, all the architectures yielded more NNs with higher correct classification rates 

across the training, validation and test data. Results indicate that the NNs with 7 hidden 
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layer neurons provided about similar performance compared to NNs that used 8 up to 12 

hidden layer neurons, thus further justifying the proposed RBF 6-7-2 model. 

For the training and validation data, RBF 6-7-2 yielded more NNs that were able to 

achieve CR > 90% as compared to the other architectures. For the test data, RBF 6-7-2 

yielded more NNs that were able to achieve CR > 80% as compared to the other 

architectures. 

Table 14: Train, validation and test data CR provided by the hidden layer neurons. 

 

Train Test Validation Train Test Validation

CR = 0 0% 0% 0% 0% 0% 0%

0 < CR ≤ 10 0% 0% 0% 0% 0% 0%

10 < CR ≤ 20 0% 0% 0% 0% 1% 1%

20 < CR ≤ 30 0% 0% 1% 1% 0% 1%

30 < CR ≤ 40 0% 0% 0% 1% 0% 0%

40 < CR ≤ 50 0% 0% 1% 1% 1% 1%

50 < CR ≤ 60 0% 1% 1% 1% 1% 4%

60 < CR ≤ 70 1% 0% 0% 1% 0% 0%

70 < CR ≤ 80 5% 1% 4% 8% 1% 6%

80 < CR ≤ 90 14% 45% 20% 14% 48% 21%

90 < CR ≤ 100 79% 52% 74% 73% 48% 65%

Train Test Validation Train Test Validation

CR = 0 0% 0% 0% 0% 0% 0%

0 < CR ≤ 10 1% 0% 0% 0% 0% 0%

10 < CR ≤ 20 1% 1% 1% 1% 1% 1%

20 < CR ≤ 30 0% 2% 2% 1% 1% 1%

30 < CR ≤ 40 1% 0% 0% 0% 0% 0%

40 < CR ≤ 50 1% 1% 1% 1% 1% 1%

50 < CR ≤ 60 1% 1% 2% 1% 1% 1%

60 < CR ≤ 70 1% 0% 0% 3% 0% 3%

70 < CR ≤ 80 7% 2% 5% 7% 1% 7%

80 < CR ≤ 90 14% 37% 23% 13% 29% 13%

90 < CR ≤ 100 73% 58% 66% 73% 65% 73%

Train Test Validation Train Test Validation

CR = 0 0% 0% 0% 0% 0% 1%

0 < CR ≤ 10 0% 0% 0% 0% 0% 0%

10 < CR ≤ 20 1% 1% 1% 3% 2% 3%

20 < CR ≤ 30 1% 3% 2% 2% 3% 2%

30 < CR ≤ 40 2% 0% 0% 1% 0% 0%

40 < CR ≤ 50 1% 2% 2% 3% 3% 3%

50 < CR ≤ 60 3% 2% 3% 2% 3% 3%

60 < CR ≤ 70 2% 0% 0% 2% 0% 0%

70 < CR ≤ 80 8% 1% 8% 8% 1% 10%

80 < CR ≤ 90 14% 25% 23% 15% 28% 17%

90 < CR ≤ 100 69% 66% 61% 64% 59% 60%
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Thus, the results from the above experiments clearly indicate a failure to reject the 

null hypothesis since the number of hidden layer neurons in the architecture can be kept 

to a minimal of seven, and yet achieve (1) accurate classification without underfit and 

overfit issues and (2) provide a train, validation and test CR better than arhictectures with 

higher number of hidden layer neurons. 

4.4 Research Hypothesis 4 

Training process confirmed that the NN was able to generalize, ensuring that the test 

error did not increase (Fig. 28) across the training cycles while decreasing the training 

error, thus avoiding the under-fit and over-fit issues discussed in chapter 3. ROC graph 

(Fig. 29) indicated the superior predictive capability of the classifier adopted, compared 

to the other classifiers. 

Figure 28: Train and test sample error rates for RBF 6-7-2 indicate neither overfitting nor 

underfitting problems at the training cycle end. 

 

Fig. 3.16. Train and Test sample error rates Fig. 3.17. RBF 6-7-2 with largest ROC area

for RBF 6-7-2 indicate neither overfitting nor indicating accurate classification capability.

underfitting problems at training cycle end. (Some of the NNs experimented are shown.)
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Figure 29: RBF 6-7-2 with largest ROC area indicating accurate classification capability. 

(Some of the NNs experimented are shown.) 

 

Since the above graph indicate that the proposed RBF NN model accurately predicted 

the system’s behavior, thus the null hypothesis that the proposed RBF NN model cannot 

accurately predict the system’s behavior was rejected. 

4.5 Research Hypothesis 5 

For j = 1 to 49, different classification procedures such as the SVM, k-NN and the 

decision tree approaches (random forest and boosting trees) were used to classify the 

inputs based on the class yj = 0 or 1 of the predicted outputs.  

None of the other classification procedures provided the accurate system status 

classifications as did the proposed RBF 6-7-2 (Fig. 30).  

Fig. 3.16. Train and Test sample error rates Fig. 3.17. RBF 6-7-2 with largest ROC area

for RBF 6-7-2 indicate neither overfitting nor indicating accurate classification capability.

underfitting problems at training cycle end. (Some of the NNs experimented are shown.)
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Figure 30: Comparison of the classification performance of the proposed RBF-6-7-2 and 

the other procedures using the phase I and II inputs (βj) and the target outputs (yj). 

 

In the overall correct classification (yj = 0 and 1 combined), the boosting trees 

approach provided better classification performance than the random forest, SVM with 

RBF and polynomial (degree two to five) kernels and the k-NN with two to five nearest 

neighbors, with k-NN providing the worst performance. 

For the disease surveillance system out-of-control behavior (yj = 1) classification, the 

decision tree approaches provided higher correct classification performance than the 

SVM approach, with k-NN unable to classify any of the out-of-control behavior instances 

correctly. 

In summary, the comparative results indicated that the proposed RBF 6-7-2 was well 

suited for the disease surveillance system out-of-control detection problem and was able 

to provide reliable and accurate classifications regardless of whether the disease 

surveillance system was out-of-control or not. 
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Figure 31: Classification performance of the compared procedures 

 

Next, several metrics such as the accuracy, recall (sensitivity), precision, F-measure 

and specificity were evaluated for each of the classification algorithms to determine the 

effectiveness of the compared procedures. The results shown in the Fig. 31 clearly 

indicate that the proposed RBF 6-7-2 outperforms the other procedures and thus the null 

hypothesis that the classification capability of support vector machine, k-nearest 

neighbors and the decision trees is at least as good as that achieved by the proposed RBF 

model is rejected. 

System state results obtained from the compared classification procedures is provided 

in Table 15: 
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Table 15: System status classification outputs obtained using the classification 

procedures. 

 

j
PCA 

(Baseline)
RBF 6-7-2

k-NN 

(k = 2 to 5)

SVM 

(RBF Kernel)

SVM 

(Polynomial 

Kernel, 

degreee 2 to 

5)

Random 

Forest
Boosted Trees

1 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0

3 0 0 0 0 0 0 0

4 0 0 0 0 0 0 0

5 0 0 0 0 0 0 0

6 0 0 0 0 0 0 0

7 0 0 0 0 0 0 0

8 0 0 0 0 0 0 0

9 0 0 0 0 0 0 0

10 0 0 0 0 0 0 0

11 0 0 0 0 0 0 0

12 0 0 0 0 0 0 0

13 0 0 0 0 0 0 0

14 0 0 0 0 0 0 0

15 0 0 0 0 0 0 0

16 0 0 0 0 0 0 0

17 0 0 0 0 0 0 0

18 0 0 0 0 0 0 0

19 0 0 0 0 0 0 0

20 0 0 0 0 0 0 0

21 0 0 0 0 0 0 0

22 0 0 0 0 0 0 0

23 0 0 0 0 0 0 0

24 0 0 0 0 0 0 0

25 0 0 0 0 0 0 0

26 0 0 0 0 0 0 0

27 0 0 0 0 0 0 0

28 0 0 0 0 0 0 0

29 0 0 0 0 0 0 0

30 0 0 0 0 0 0 0

31 0 0 0 0 0 0 0

32 0 0 0 0 0 0 0

33 0 0 0 0 0 0 0

34 0 0 0 0 0 0 0

35 0 0 0 0 0 0 0

36 0 0 0 0 0 0 0

37 0 0 0 0 0 0 0

38 1 1 0 0 0 1 1

39 0 0 0 0 0 0 0

40 0 0 0 0 0 0 0

41 1 1 0 0 0 0 0

42 1 1 0 1 1 1 1

43 0 0 0 0 0 0 0

44 0 0 0 0 0 0 0

45 0 0 0 0 0 0 0

46 0 0 0 0 0 0 0

47 0 0 0 0 0 0 0

48 0 0 0 0 0 0 0

49 0 0 0 0 0 0 0
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Chapter 5 – Discussion and Conclusions 

 

 

5.1 Discussion 

Several noteworthy interpretations of the results discussed in the chapter 4 are 

discussed below: 

 JT was effective to transform the individual scaled variables to achieve normality 

with p-values >> 0.05 such that the Mardia’s test confirmed the multivariate 

normality while achieving the required statistical significance with both skewness and 

kurtosis p-values exceeding 0.05 post JT. Besides the Mardia’s test, the Q-Q plot was 

also able to provide an obvious visual confirmation of the multivariate normality. 

 Using the PCA, not only the input vector’s dimensionality was reduced, but the 

phases I and II PCA processes were able to provide an adequate proportion of the 

total variability in the original disease data using the two PCs in each of the two 

phases the explained variation exceeded 70%.  

 PC loadings plots in both phases I and II confirmed the dichotomy in that the 

waterborne diseases strongly contributed to the first PC, and the foodborne  diseases 

mostly contributed to the second PC, thus clearly justifying the decision to reduce the 

dimensions by adopting the latent structure based PCA control charting approach. 

 Even though several RBFN architectures provided 100% correct classification, the 

ANOVA of the CL of the output classification from the architectures with different 

number of hidden layer neurons indicated no statistically significant difference in the 

CL, thus providing some initial evidence that the RBFN can be modeled with a 

minimum of hidden layer neurons. 

 Monitoring the training graph, both the underfit and overfit issues were avoided as the 



71 

 

training and test data error stabilized before the RBFN was able to provide the final 

system state outputs.  

 The ROC graph of RBF 6-7-2 provided additional evidence that this architecture 

outperformed the classification capability provided by the other architectures in the 

initial experiments. 

 The proposed RBFN model was able to achieve statistically significantly higher 

confidence levels when assigning the predicted state of the disease surveillance 

system versus the state that it did not assign. This attribute was noticed even when 

1000 NNs were experimented with the same architecture and forming the 90% CB. 

Each of the above clearly indicates the CL the RBFNs have on its decision making, 

thus indicating its superior classification (prediction) capability. 

 The data splitting experiments indicated that the test performance was directly 

proportional to the test sample size and the validation sample size. Thus, to generate a 

lower out-of-sample test error, it is important to maintain reasonable sample sizes for 

both the test and validation data. However, care should be taken to ensure that the 

training sample size is not compromised to an extent where the NN will begin to 

underfit, otherwise resulting in a higher bias error. 

 The experiments conducted to study the effect of hidden layer neurons with 100 NNs, 

200 NNs and 300 NNs indicated a decline in the percentage of NNs with 100% 

accurate classification with the increase in the number of hidden layer neurons, 

evidenced in the 2nd bucket. This correlates well with the concept of the overfit issue 

discussed in the methods chapter. Another important takeaway is that the first bucket 

indicated that the RBF 6-7-2 architecture is capable of providing equivalent 



72 

 

classification capability despite its simpler architecture in comparison with the other 

architectures containing more hidden layer neurons.  

 Study conducted to understand the trend in the percentage of NNs falling within a 

certain CR bucket indicated that the architecture with seven hidden layer neurons 

provided more NNs capable of achieving > 90% correct overall classification in the 

training and validation data. This architecture also provided the highest percentage of 

NNs achieving > 80% correct overall classification in the test data set.  

 The proposed RBFN model detected the disease surveillance system’s state 

accurately and was able to provide higher correct percentages for overall and the 

system out-of-control classifications than the other classification procedures 

compared such as the SVM, k-NN and decision trees.  

 Additionally, the proposed model performed better than other compared models on 

the various performance metrics such as the accuracy, recall and F-measure. On 

precision and specificity, the other procedures equaled the performance of the 

proposed RBFN model since all of them achieved the maximum possible values. 

5.2 Conclusions 

(1) While performing the dimensionality reduction to detect the system’s out-of-control 

behavior, the reduced dimensions (PCs) were able to explain an adequate proportion 

of the total variability in the original disease data (> 70%). 

(2) Properly monitored disease surveillance system will produce reliable system status, 

thus enabling the manager’s timely response to public health and safety risks. Upon 

training and generalization of the RBFN with the PCA outputs, the NN can detect the 

system’s future state, both out-of-control and in-control behaviors reliably. 
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(3) Simpler NN architecture based on the radial basis function with a single hidden layer 

combined with ESOS, identity output layer activation and weight decay regularization 

reduced the network’s training, test and validation errors to a minimal, thus reliably 

and accurately generalizing the system out-of-control patterns. 

(4) By providing reliable disease surveillance system out-of-control behavior predictions, 

the RBFN will enable timely implementation of the corrective actions upon such 

behavior, and thus supporting to minimize the public health and safety risks.  

(5) Capable of modeling complex relationships, by using the NN in the phase III, it 

became possible to use the disease variables (β
i
) instead of the scaled inputs (x

i
) and 

still achieve accurate classifications, thus avoiding the need to perform additional 

steps required for further scaling and multivariate analysis once the RBFN was 

confirmed to be reliably generalizing the system’s out-of-control behavior.  

(6) The approach demonstrated in this research is not only applicable to augment the 

multivariate statistical process control with NNs to solve the disease surveillance 

system out-of-control detection problem, but also domains such as medical 

diagnostics requiring reliability and safety and areas where monitoring the out-of-

control system behavior is of prime importance. 

(7) The proposed model outperformed the other compared classification procedures 

across several metrics such the accuracy, recall, precision and F-measure and 

demonstrated its dominance over the other classification procedures. 

5.3 Contributions 

This sub-section reviews several significant contributions of this research. 

In phases I and II, this research applied the latent structure based PCA multivariate 

control charting. In doing so, this research demonstrated the way to reduce the probability 
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of false out-of-control signals and avoid the shift dilution problem discussed in chapter 3 

inherent in the traditional multivariate control charting, for the disease surveillance 

system setting.  

By demonstrating an approach that can be applied in both control charting phases, 

this research has also contributed to expanding the public health surveillance tool set 

beyond the currently applied moving window based scan statistics approach adopted only 

in phase I, serving only as an alternative to the univariate control charts. 

In the phase III, the RBFN model adopted outperformed the other classification 

algorithms, and provided 100% correct disease surveillance system output state 

classification (predictions) – both when the system was known to be in-control and out-

of-control.  

Thus, this research has contributed to a reliable and timely indicator of the disease 

surveillance system’s status with which the managers can implement on time controls to 

counter the further spread of diseases.  

By using ML with NN to predict the system’s state, the approach demonstrated can 

be applied on a large scale basis to meet the needs of ‘big-data’ paradigm, which includes 

both the volume of the data and the frequency of the incoming data. 

Leveraging an architecture with the minimal number of hidden layer neurons using a 

single hidden layer, not only the RBFN developed was structurally simpler than a MLP 

NN which typically requires multiple hidden layers, but, this research demonstrated 

accurate prediction capability, thus avoiding the adoption of more complex architectures 

from among the possible RBFN with up to 34 hidden layer neurons for a 70-15-15 data 

split.  
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In doing so, this research has made two significant contributions – (1) Application of 

the RBFNs for the disease surveillance problem bringing several advantages over the 

MLP NN discussed in the earlier chapters including the faster training speed, ability to 

find the absolute minimal prediction error, performing the classification task with lesser 

number of calculations while maintaining the architectural simplicity and (2) Despite the 

known complications of the MLP NN, research applications that have combined the NNs 

with the multivariate control charting have adopted the MLP NN. Whereas, this research 

combined the multivariate control charting with RBFNs, thus expanding the possible 

combinations of statistical process control charting applications with NNs., leveraging to 

solve the disease surveillance out-of-control detection problem. 

5.4 Future Directions 

Several recommendations are provided below for developing the methods that 

combine control charting with machine learning to detect the system level out-of-control 

detection in the disease surveillance problem: 

 The research provided the reasons for adopting latent structure approach for control 

charting instead of the traditional multivariate methods such as the MEWMA and 

MCUSUM. One possibility for a future research direction is to compare the 

performance of the PCA-RBFN combination with RBFN combinations involving the 

other latent structure techniques such as the factor analysis and the partial least square 

approaches. 

 Besides the disease surveillance, the approach adopted in this research can be applied 

to other healthcare applications such as those in medical diagnosis, patient’s vital 

parameters monitoring during surgical procedures, medical device reliability 
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monitoring and determining attitude shifts in the healthcare quality and patient safety 

culture. 

 As incoming data becomes ‘big’, it is important for the machine learning algorithms 

to run faster. Considering that the domain of application is intended towards the 

disease surveillance to enhance public health and safety and controlling the spreading 

of diseases, novel methods for achieving faster algorithm execution times deems 

more attention. 

 Although this research leveraged some elements of the ensemble learning algorithms 

by comparing the proposed NN model with the random forest and boosting trees, 

ensemble techniques enable the combination of different types of classification 

procedures such as the SVM, k-NN, logistic regression and decision trees. Such 

ensemble combinations are known to provide better results that what could be 

obtained using a single classification algorithm. A potential future research topic 

within the disease surveillance system out-of-control detection should attempt 

combining the ensemble techniques with multivariate control charts to detect the out-

of-control state of the system. 

 Although mostly being used for image analysis, deep learning is being leveraged 

more and more in the machine learning arena. Deep neural networks can be tried 

when the number of input variables are substantially large, >> 25 with images, and 

other types of inputs using large number of input vectors, >> 10,000 (Tamilselvan 

and Wang 2013). 

5.4.1 Applicability of the research to other sectors 
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The approach adopted in this research can be applied to detect out-of-control 

behavior, anomalies and system failures in systems pertaining to other sectors. Some 

examples are as follows: 

 In the aerospace industry, the performance of highly complex systems such as 

airplanes, space ships and rockets is typically influenced by a system of variables, 

very high dimensional in nature. The approach presented can help in detecting out-of-

control behavior, thus helping to troubleshoot and eliminate the special causes driving 

such behavior and restore the system to its normal operation. 

 In the hi-tech industry, software users expect their applications to be highly reliable 

and available whether they reside on the desktop or on the server. Computer hardware 

is also known to be affected by design and manufacturing quality issues which can 

result in their out-of-control behavior. The approach can be adopted to solve anomaly 

detection problems affecting both the software and the hardware. 

 Petroleum refineries are massively complex systems and produce petrochemical 

products. Successful functioning of a refinery resulting in high quality products with 

maximum possible yield is governed by the performance and reliability of numerous 

equipment’s and sub-systems. Under such circumstances, there will be numerous 

opportunities for the system to behave in an out-of-control manner. The approach 

adopted can help detect the out-of-control behavior of such systems precisely and 

thus can assist to restore these systems to their optimal functionality. 
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Appendix A: X matrix post scaling and JT of the input variables 

 

1 1.522 0.769 -0.389 -0.440 -0.184 -0.418

2 0.262 1.737 -1.329 -0.127 -0.198 0.497

3 0.892 -0.812 -1.096 0.490 0.457 -0.300

4 0.971 1.198 1.360 0.118 2.130 0.368

5 1.129 -0.032 -1.039 -0.127 0.219 0.300

6 0.341 -0.383 -0.067 1.174 0.579 1.125

7 0.026 -0.305 0.716 1.470 1.520 1.865

8 0.184 0.070 0.495 1.470 0.452 0.155

9 -0.682 -0.005 -0.770 -0.861 -0.733 -1.493

10 -1.864 -0.484 0.109 -0.127 -0.552 0.229

11 -0.052 -0.442 -1.629 -0.440 -0.950 -0.300

12 -1.391 -1.066 0.572 0.118 0.383 0.677

13 -1.549 1.123 0.174 -1.470 -0.526 1.069

14 -0.525 -0.522 0.646 -0.440 0.068 -0.097

15 -0.131 1.061 0.142 -0.861 -0.184 -1.493

16 0.656 0.073 0.869 0.490 0.751 0.904

17 0.184 0.598 0.268 0.319 0.863 0.300

18 0.341 0.690 2.647 1.533 1.244 1.865

19 -1.234 -2.093 -0.571 1.470 1.037 1.236

20 0.814 0.131 0.495 0.490 -0.226 0.735

21 -0.682 -1.254 0.784 -0.861 -0.699 -0.553

22 -1.470 -1.113 -0.524 -1.470 -0.552 -1.493

23 1.837 0.890 -1.388 -1.470 -1.582 -0.900

24 1.916 1.181 0.889 -0.861 -1.221 -0.900

25 0.262 0.125 -1.039 -0.861 -0.810 0.076

26 0.026 0.425 -0.524 0.490 0.870 -0.300

27 0.105 0.156 -0.478 0.319 0.012 -0.900

28 -0.446 -0.869 -0.346 -0.440 -0.810 -0.418

29 0.026 0.929 1.283 0.768 0.689 0.300

30 -0.946 0.707 1.657 2.442 0.931 1.280

31 -1.189 -0.139 -0.535 0.734 -0.120 -0.258

32 -1.189 -1.044 -0.314 -0.973 -0.411 -0.724

33 0.209 -0.114 0.490 -0.632 -0.460 -0.584

34 0.816 0.455 -0.598 0.051 -0.481 0.022

35 0.695 0.729 -0.472 -0.632 -0.472 -0.305

36 -1.067 -1.012 -0.803 -0.803 -0.428 -0.398

37 -0.338 -0.348 -0.851 -0.803 -0.498 -0.724

38 1.059 2.687 4.164 -1.144 -0.548 -0.724

39 -0.034 0.602 0.364 0.051 -0.481 -0.165

40 1.910 1.335 0.253 -0.803 -0.478 -0.724

41 1.120 1.019 0.805 0.905 2.262 3.751

42 -0.521 -1.321 0.332 2.101 4.102 0.954

43 0.269 -0.658 -0.094 0.051 -0.264 0.208

44 -0.521 -1.019 -0.125 -0.120 -0.170 0.441

45 -1.311 -0.540 -0.188 -0.290 -0.437 -0.631

46 -0.824 -1.274 -0.456 -0.973 -0.537 -0.538

47 -0.399 0.320 -0.567 -0.290 -0.484 -0.305

48 -0.824 -0.066 -0.914 -0.461 0.568 0.255

49 -1.128 -1.473 -0.866 -0.803 -0.528 -0.491

X

j
𝐱2j
T𝐱1j 𝐱3j

T 𝐱4j
T 𝐱5j

T 𝐱6j
T


