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Chapter I
1
1.1

Introduction

Background

Performance indicators have become a vital part in determining whether a process or
system is under control. These indicators are extremely beneficial as they allow
companies to both determine what aspects of their work environment they would like to
track and help maintain the stability of processes (Sprunger, 2016). Stability is achieved
through a feedback process; the indicators provide a snapshot of the state of the process
being observed and, when changes to the system are made, feedback is received by
continuing the observation of the process trend. Unfortunately, indicators provide delayed
feedback as they report on past events, at times up to 1-month old, resulting in postponed
corrective actions. Therefore, if there is a non-desired trend in the process, the responsive
action will always be delayed (Meadows, 2015). By the time the problem is identified,
the behavior that led to that response cannot be directly changed due to the lag between
its occurrence and its identification. Therefore, any changes that are implemented affect
different actions and the business must wait until the end of another time period to see
how the modification affected the system. Given the constant response delay, it is very
important that the sensor and comparator operate continuously and quickly to ensure that
discrepancies are identified at the earliest possible opportunity so “corrective action can
immediately be initiated” (Jackson, 2011).
In order for companies to be able to stay ahead of their business trend, it is best to briefly
analyze the system as part of their daily cadence. This proves to be a problem due to the
fact that the analysis of business procedures is quite time consuming and complicated.
The complexity of this analysis can be traced to the classification of manufacturing
systems as living systems (Miller, 1990). In other words, they are systems that
continually interact and exchange information with the environment. While this added
relationship makes it more difficult to analyze the data from the system or process, there
are applicable statistical methods for living systems. These methods, however, are
convoluted and require the expertise of a statistics expert thus creating two more
dilemmas. First and foremost, small to medium sized businesses cannot afford to hire a
consultant. Secondly, by hiring an advisor the floor and supervisory levels lose visibility
to the trended process. As both the floor and supervisory levels have the greatest
understanding of the behaviors that affect the trajectory of the performance indicators,
from a strategic standpoint it would behoove businesses to have them conduct the
analysis as well. With both their knowledge of the process or system and an
understanding of the trend, the floor and supervisory levels would be able to provide
feasible solutions to negative progressions.
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If the current practices utilized for conducting an analysis are examined, it becomes clear
why floor and supervisory level employees are not able to determine if the process or
system in question is under control. Current practices in use include control charts, least
square regression analysis, Monte Carlo testing, A/B testing and cumulative sum charts
(CUSUM charts). In order to adapt these approaches for living systems, the
methodologies must take into account some key qualifications of the systems. Living
systems are prone to natural growth, so there must be a distinction made between natural
growth and any growth that occurs due to the behavior of the system itself. The tactic
must also take into account the relationship living systems have with the environment –
they are continuously trading information back and forth. This relationship does influence
some of the behaviors seen in the system, therefore it is important to include this
connection during calculations.
All the methods previously discussed can be adapted to reflect the natural growth seen in
living systems. However, the process of adapting the approaches increases their
computational complexity. The added complexity makes it difficult for companies to
monitor the trend without the help of an outside consultant. Additionally, there is a large
time and monetary impact regardless of the method a company chooses to use. As the
scenario being observed is inherently more complex, the simplest solution would be to
have a visual cue that determines if a process is in or out of control – if the cue suggests
that the system is out of control then further testing can be done to determine what
behavior needs to be adjusted.
1.2

Problem Statement

Statistical tests, techniques, and new developments, such as A/B testing, regression
analysis, and CUSUM charts, have been created to observe the trend of both processes
and systems. Ample research has also been conducted to adapt existing analytical
processes to living systems. Although these tools are readily available, the overall
knowledge and time required to properly utilize said processes act as a barrier to their
application - an analysis cannot be completed unless the party conducting the study has a
strong background in statistics. This lack of formal knowledge forces many companies to
spend an undesirable amount of time and money on consultants who have the proper
knowledge. Therefore, there is a need to develop an alternative method that provides a
simple and elegant solution that minimizes knowledge and time requirements to detect
changes in signal-to-noise-ratios.
1.3

Research Question

Can a set of simple linear regression lines be utilized to detect changes in signal-to-noiseratio in data streams?
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1.4

General Hypotheses

Complex systems can be monitored by using a visual cue derived from simple linear
regression lines that detect changes in data trends.
a) The model is capable of identifying a change data trend over time.
b) The model is capable of identifying the difference between the desired path that the
system will naturally follow and the actual path that it will follow over a specified
time-period.
1.5

Research Purpose

The purpose of this research is to provide a methodology for tracking the trend of a
system process that is applicable over all education levels. As previously stated, current
methods require a strong knowledge and proficiency of statistical processes in order to
accommodate for the natural growth of living systems. By utilizing a visual tool to
observe the trend of a process, a strong academic background is not necessary and the
ability to monitor the changes in a trended process can be universal.
1.6

Research Objectives

General objectives of this research are:
1. To provide the background needed to understand the complex domain of living
systems in a manufacturing environment.
2. To set the foundation for future research that will create a methodology that can
help monitor complex processes or systems in a simplified manner.
3. To validate a theoretical model that encompasses multiple theories that can be
applied to nonlinear data.
1.7

Delimitations

This research focuses on statistical methods that are utilized to analyze complex systems
that portray the behavior of a living system. In the case of this study, the growth is
assumed to be positive as the living system has a tendency to find the optimal path to its
desired stage. Examples of this positive behavior include the height of a growing child
and growth rate of the population.
For this research, living systems that have continuous data and do not follow a linear
trend are considered. Furthermore, this study seeks to examine systems that have both
noise and signals within the system so as to ensure that the proposed foundation accounts
for noise within systems. Therefore, data will be collected from Twitter and
GoogleTrends to replicate the presence of noise. Provided the systems contain noise, the
trend of the system is not constant but can be predicted over time given the correct tools.
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1.7.1

Limitations

A list of the limitations encountered during this research is displayed below:
• The data collection is restrained by the amount of tweets that can be pulled in a
certain amount of time.
• For the majority of events, data collection began once the event occurred, not
leading up to when they actually occurred. This is due to the nature of the events
analyzed.
• The data collection is limited to the amount of information that can be found by
using two twitter accounts that were approved for API access.
1.7.2

Assumptions

A list of the main assumptions of the proposed solution is shown as seen below:
• The proposed solution is intended for processes that depict a living system. In other
words it is expected to display trended behavior, likely in an upward direction,
which replicates the growth of the system.
• The mean and variability of the process have trended behavior.
• The observed data is continuous.
• Data that is observed as straight-line is deterministic.
• The majority of complex systems never happen upon optimal trajectories while
changing states.
1.8

Relevance of this Study

Multiple techniques have been developed to monitor the trend of living systems. The
general nature of living systems is more complex than that of trended data as there is a
natural growth component that must be considered. In order for industries to monitor
their business trend, it is necessary to employ a highly knowledgeable individual in the
field of statistics. Thus, more time and money must be spent to analyze the current state
of the company. However, not every company can afford to hire a specialized analyst.
Medium and small businesses would benefit from the added value of business trend
analysis, but would take a large hit financially if they hired a consultant. By developing a
simpler technique to analyze the trend of living systems there would not be a need to seek
out a specialist in statistics. Those who work directly on the floor would have the ability
to assess the current state of the company daily and determine if outside help is actually
necessary.
1.8.1

Need for this Research

This research strives to extend the ability of analyzing the trend of a living system to a
wider demographic. Current methods used to analyze complex systems, such as CUSUM
Charts and Linear Regression, are convoluted and difficult to understand without a
formal educational background. Furthermore, the existing tools examine the system in
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lengthy time-periods, often encompassing at least 1-month. Living systems are
consistently changing and adapting, therefore the ability to observe the trend on a daily
basis would be beneficial to allow for timely responses to undesired trends. Therefore,
businesses have a need for a simplified, time-conscious, and inexpensive tool for
observing complex processes and systems.
1.8.1.1 Theoretical Research Needs
The theoretical purpose of this research is to contribute to the industrial engineering field
by furthering the current studies that have been conducted on living systems. The studies
on living systems and growth trends have primarily focused on statistical analysis
(Ramirez-Galindo, 2012, Tercero-Gomez, 2013) as opposed to the theories that provide
the foundation needed to understand the behavior of living systems. This thesis will delve
deeper into the complexity of living systems (Miller, 1990) and how Hamilton’s principle
helps describe their goal-seeking behavior (Byström, n.d.). This paper will also seek to
bring into engineering the use of Barlas’ (1996) steps for a systems dynamics study by
combining signal detection theory, systems dynamics, and Hamilton’s principle.
Specifically, it tests the concept that utilizing Hamilton’s principle allows for further
understanding of the behaviors seen in growth trends, thus allowing a simplified version
of signal detection theory to be applied to systems.
1.8.1.2 Practical Research Needs
Control charts and statistical processes have been developed specifically for processes
with a natural growth trend (Bradley, 2018; Ramirez-Galindo, 2012; Tercero-Gomez,
2013; Siddall, 1983), but if using one of these techniques it is assumed that there is a
strong statistical background. For situations in which a system with a natural growth
trend needs to be analyzed, results are highly dependent on the resources available to a
company. However, there is a need to expand the ability to observe complex trends.
Companies need an accurate analysis tool that will allow supervisory and floor-level
employees to make an informed decision on necessary process modifications instead of
waiting to receive monthly feedback from a consultant.
1.8.2

Benefits of this Research

Visual aids are utilized to monitor a process – in some cases the process is
straightforward and easy to predict. In others, such as the stock market, there are many
relationships that make it more unpredictable and difficult to track. In order to get the
most from these visual aids, a statistical analysis must be paired with them. Information
for the analysis can be obtained through a series of equations that are convoluted and
require a strong grasp of statistics. This research seeks to reduce the degree of
qualifications needed to properly monitor a living system. By creating a simple visual cue
that will signal an out-of-control system, the control is placed back into the hands of
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those on the floor and in the supervisory-level. It is a system that can be trusted to predict
the trend of the system and will address out-of-control behavior in real-time.
1.9

Research Outputs and Outcomes

The main outcome of this research is the foundation to create a procedure that can be
used on a daily basis to monitor the behavior of a complex living system. Since there is
existing knowledge on measuring the behavior of living systems, it is expected that the
resulting theory will be a simplification of existing methods. The resulting foundation
will set the path to create a technique that will allow employees with little to no statistics
knowledge be decision makers within their company. In other words, if those without a
statistics background have the ability to utilize the new technique they will have the
ability to make informed decisions about the process being monitored. The outcome will
have a wide range of uses and will help the further future research.
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Chapter 2
2
2.1

Literature Review

Introduction

The following literature review presents a high-level overview of the overarching theory
that supports current research on the methods that are utilized to analyze business trends.
The application of this theory will be demonstrated on data from living systems that has
been collected from Twitter and Google Trends.
2.2

Hamilton’s Principle

Hamilton’s principle is the principle of stationary action. It states that the dynamics of a
system can be determined by a variation problem that incorporates a single function
which contains all the physical properties of the system (Anonymous, n.d.). Ultimately,
the development in time for a system is such that the integral of the difference between
the observed physical properties is stationary (Byström, n.d.). The true evolution of a
system between two specific states over a period of time is a stationary point of the
integral function.
This notion that the overall trend of a system will remain unchanged between two
different points in time can be illustrated with the following equation:
t2

δI = δ � L(q, q̇ , t)dt = 0
t1

(1)

In the above equation, action I describes the entire motion of the system (Anonymous,
n.d.). The action depends on the entire path from t1 to t 2 and integrates the derivative of
Lagrange’s equation. The infinitesimal distance of action I between t1 and t 2 is
stationary, or zero to the first order of δq(t). In other words, while there are curves that
may exist between the endpoints of the action path, the first derivative of the action
integral will be equal to zero. The difference between the actual path and the most
efficient path between the two points is extremely small so it converges to zero, thus the
action integral I can be considered stationary for the actual path. Figure 1 below
demonstrates how this equation would work on a trend. This figure was adapted from a
lecture on Hamilton’s Principle from Harvard (Anonymous, n.d.).
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Figure 1. Hamilton’s Principle

The action principle is most commonly utilized in physics in regards to the Laws of
Conservation, but has practical application in other fields of study as well. It has been
used often in research pertaining to the study of system processes, which will be what this
paper focuses on. Specifically, my research emphasizes the production of patterns in
systems that are identified as having a specific systemic isomorphic growth in their trend.
Furthermore, as seen in Figure 1, Hamilton’s Principle demonstrates the underlying
aptitude natural systems have of seeking the optimal solution. This is turn describes key
characteristics of systems that allow them to pursue the optimal path to a new state.
Hamilton’s Principle serves as the background needed to claim that the overall trend of a
living system will remain unchanged between two points in time as the system
continually adapts in its environment.
2.3

General Systems Theory

When systems are analyzed and predictions are being made, a single problem often
reoccurs. This is the problem of the interaction of many variables, some of which are
partly unknown. General Systems Theory (GST) was developed to better explain systems
with such complex interactions. Von Bertalanffy, the father of GST, realized that our
present science did not do an adequate job of telling us everything about the behavioral
trends of such systems (1969). GST helps interpret the various connections and
interrelations in systems by mixing the highly generalized constructs of math and specific
theories of specialized disciplines (Boulding, 1956).

9
Von Bertalanffy defines a system as a “set of elements standing in interrelation among
themselves and with the environment” (1972). There are two categories systems can be
broken into – open and closed (Von Bertalanffy, 1969). Closed systems have no
interaction with the environments around them therefore they do not share any
information outside of their systemic boundaries. These systems have a final state that
“can change depending on the initial conditions” (Ramirez-Galindo, 2012). Open systems
on the other hand interact with the environment and take in information that has been
transmitted from the surroundings. In these systems entropy can increase, remain in
steady state, or decrease (Von Bertalanffy, 1969). If they remain in steady state the final
state is equifinal. However, since open systems are complex, entropy is often increased
which makes it more difficult to make accurate predictions. Various factors, such as
feedback loops, can increase the complexity of systems and convolute the analysis
process. In order to properly analyze or adjust the system, the system’s architecture must
first be understood (Von Bertalanffy, 1969). This is important so as to not create any
irreversible changes in the system that would cause negative consequences. It also helps
identify any interrelationships with other environments as well as emergent properties
that form from these relationships.
As just stated, systems can be classified as either an open or closed system. It is,
however, important to clarify that neither open nor closed systems truly exist in nature.
Closed systems are classified as “closed” because they are isolated from the environment
around them. In other words, they do not exchange any matter energy with its
surroundings and is not subject to external forces. Nonetheless, closed systems are never
fully closed because they are never fully isolated from the environments surrounding
them. To some extent even closed systems are influenced by external forces. Similarly,
open systems are closed to a certain degree. They cannot be considered completely open
because there are some environments and external forces that the system will not
exchange matter energy with. Thus, to certain environments open systems are actually
closed.
A subset of open systems is living systems. These systems are more complex than even
open systems as they have a natural growth trend making it difficult to decipher between
the natural trend of the system and a consequence that stemmed from a change in the
system. They also have a self-balancing mechanism called homeostasis that allows them
to auto-adjust if there are any disturbances in the system (Von Bertalanffy, 1969). In
order to further this concept of complex systems, an additional description of Living
Systems Theory is presented in the next section.
2.3.1

Defining a Living System

The Living Systems Theory (LST) is a conceptual system developed by James Grier
Miller that explains how all living systems work, sustain themselves, progress and change
(1990). According to Miller, all living systems have eight levels of organization and
intricacy ranging from the simplest level, a cell, to the most complex, a supranational
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system (1990). All eight levels of living systems and a brief description are presented
below in Table 1.
1. Cell
2. Organs

Basic building block of life.
Cells, organized in simple, multicellular
systems.
3. Organism
All organisms contain distinctive cells,
tissues, and body plans. There are three
types (fungi, plants, animals) and each
carries out life processes differently.
4. Groups
Contain two or more organisms and their
relationships.
5. Organizations
Involve one or more groups with their
relating control systems for doing work.
6. Communities
Include persons and groups, as well as
groups that are formed in order to provide
services to them.
7. Societies
Loose associations of communities, with
relationships between and among them.
8. Supranational Systems
Organizations of societies with a
superordinate system of influence and
control.
Table 1. Eight Hierarchal Levels of Living Systems (Parent, 1996)
Each of the eight levels contains twenty subsystems that are required to ensure survival of
the living system. These subsystems are arranged by input-throughput-output processes.
Thus, depending on its inherent nature and function, some are tasked with processing
matter-energy, information, or both (Ramirez-Galindo, 2012). No matter which of the
eight hierarchal levels a living system falls into, it will need all twenty subsystems in
order to survive. There is no limit as to what form the subsystems can take on within the
organization or process that is being observed which allows more freedom as to what is
defined as a living system (Ramirez-Galindo, 2012). All twenty of these subsystems can
be seen in Table 2.
1. Reproducer

6. Producer

2. Boundary

7. Storage

3. Ingestor

8. Extruder

4. Distributor
5. Converter

9. Motor
10. Support

11. Input
Transducer
12. Internal
Transducer
13. Channel and
Net
14. Timer
15. Decoder

16. Associator
17. Memory
18. Decider
19. Encoder
20. Output
Transducer

Table 2. Subsystems of a Living System (Skyttner, 1997)
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As previously stated, there is a wide variety as to what can be defined as a living system.
A living system can be organisms or an entire organization which has a natural tendency
towards growth and is complex. A large part of what makes living systems so complex is
the relationship they share with their environment – they are continually sharing and
receiving information with the environment. This interaction makes it possible for
“systems to orient themselves in space-time, to react and adapt to changing
circumstances, to find food and mates, and to receive feedback about the results of their
actions” (Miller, 1990). The subsystems are utilized in this interaction to help guide and
control the subsequent actions of the system. A general depiction of a living system is
available on Figure 2.

Figure 2. General Representation of a Living System (Skyttner, 1997)

As living systems have a tendency to grow over time, statistical methods have been
developed to better understand their trends. One of the main uses for these methods is to
monitor organizations, an example of a living system. The statistical methods that are
utilized vary from traditional statistical techniques as it is difficult to manage the
complexity of the system itself and living systems fail to comply with the “required
assumptions to make valid analyses” (Ramirez-Galindo, 2012). Section 2.4 will discuss
further some of the studies that research the analysis of trended data.
2.4

Signal Detection Theory

Signal detection theory (SDT) is a framework for understanding the accuracy that makes
the role of decision-making unambiguous (Macmillan, 2002). In other words, the
framework is used to differentiate between a specific signal (an event occurs) and the
random noise (no special event occurs) within data systems. SDT is based on statistical
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techniques; therefore, in order to estimate the signal-to-noise ratio, data needs to be
collected to estimate the frequency, phase, and/or magnitude of the events (Tuzlukov,
2013). When collecting the data on the data system, the observer experiences two types
of trials: noise trials when no special event occurs and signal trials when an event occurs
(Wickens, 2002). Based on the type of trial experienced and the response of the observer,
there are four possible outcomes. These include hits, misses, false alarms, and correct
rejections. These four possible outcomes are described in Figure 3 below.

Figure 3. Trial vs. Response (Adapted from Wickens, 2002)

The formulas for finding the probability of getting each outcome can be found in
Equations (2)-(5).
P[CR] =
𝑃𝑃[𝐹𝐹𝐹𝐹] =
𝑃𝑃[𝑀𝑀] =
𝑃𝑃[𝐻𝐻] =

nCR
nCR + nFA
𝑛𝑛𝐹𝐹𝐹𝐹
𝑛𝑛𝐶𝐶𝐶𝐶 + 𝑛𝑛𝐹𝐹𝐹𝐹
𝑛𝑛𝑀𝑀
𝑛𝑛𝑀𝑀 + 𝑛𝑛𝐻𝐻

𝑛𝑛𝐻𝐻
𝑛𝑛𝑀𝑀 + 𝑛𝑛𝐻𝐻

(2)

(3)

(4)
(5)

As seen in Figure 3 both a hit and a correct rejection are desirable as that means the
observer was able to correctly detect the presence, or lack thereof, of a signal and react
accordingly (Tuzlukov, 2013). A false alarm, though not desirable, is preferred over a
miss. When a false alarm occurs, an unnecessary action is taken in response to a signal
that is not present. This creates extra work and can be costly depending on the
corresponding action, but the cost of having a miss outweighs that of a false alarm. A
miss occurs when a signal is present but the observer fails to respond to it. A miss has
consequences for the system as the process is out-of-control and the observer will fail to
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respond to its change in trend. A miss can lead to consequences such as out-of-spec parts,
patients being misdiagnosed, and a car breaking down.
The four possibilities for the response to a trial provide an insight into what the observer
is doing. However, they do not measure the observer’s ability to detect the signal
(Wickens, 2002). In order to determine the specific outcome of a trial, the sensitivity and
bias of the observer must be calculated (Tuzlukov, 2013). The first parameter to be
calculated is d’, which represents the accuracy of the detection of a signal, based on the
difference between the hit rate and false-alarm rate (Macmillan, 2002). In other words, d’
is the sensitivity of the observer (Tuzlukov, 2013). The difference between the rates can
be found from Equation 6 where MS is the mean of the signal and MN is the mean of the
noise.
d′ = MS − MN

(6)

β = −Z(f) = Z(h) − d′

(7)

The second parameter, β, reflects the response of the observer. It indicates how willing
the observer is to say that a signal is present (Calvo-Amodio, 2014). This can be found
with Equation 7 below:

The variables 𝑍𝑍(ℎ) and 𝑍𝑍(𝑓𝑓) correspond to the z-score corresponding the proportion of
the hit rate and the false alarm rate respectively (Tuzlukov, 2013). Ideally, when
analyzing data and trials ran, d’ should decrease and β should increase (Wickens, 2002).
This would demonstrate that the distribution of the signal and noise are not widespread
and that the observer is able to determine when the signal is present. Visually this theory
can be depicted in Figure 4 below.

Figure 4. Noise and Signal + Noise (Calvo-Amodio, 2014)
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In order to truly assess the criterion of the data, β can be compared with β∗ , or the optimal
observer response (Hsiang, 2012). The means by which to find this value is seen in
Equation (8) where V represents the value of an outcome and C represents the cost of a
result. P[N] and P[SN] represent the probability of having the presence of noise and a
signal within the system, respectively.
β∗ =

(V[CR] − C[FA]) × P[N]
(V[H] − C[M]) × P[SN]

P[N] =
P[SN] =

(8)

where

nCR + nFA
nCR + nFA + nH + nM

nM + nH
nCR + nFA + nH + nM

(9)
(10)

Signal detection theory provides the foundation needed to be able to separate an event
from any noise (or expected behavior) that is present in the system. If we consider living
systems, the natural growth of the system is the noise present. Thus, it becomes important
to be able to discern the difference between the noise within the system and a signal that
may indicate an unwanted trend. If we assume that an unwanted trend has a specific
characteristic that can be used to identify it as different from noise, then it is conceivable
to say that the trend and its severity can be predicted as soon as that characteristic is
noticeable. If the observer uses a visual representation of the system, such as Figure 4, to
determine the state of the system, then they would look for a d’ that extends past the
control limits. A d’ that is too big indicates an out of control process thus a prediction of
the new trend can be made and a determination of any necessary changes can be made
accordingly.
2.5

Analyzing Data Trends

As previously mentioned, there are a variety of statistical methods that have been
developed to analyze trended data. Control charts, least square regression, Monte Carlo
testing, A/B testing, and cumulative sum charts can all be used by businesses to
determine whether or not their process or system is in control. These methods and their
use in data analysis will be briefly discussed in this section.
The first of the aforementioned statistical processes to be utilized was control charts. In
1924, Walter A. Shewhart introduced what is now called the control chart to monitor how
a process changes over time (Ramirez-Galindo, 2012). Shewhart’s control charts plot
data in time-order and determine if a response variable, the data points, vary naturally to
a target value. Control limits are typically computed considering ± 3 standard deviations
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from the calculated mean. If the data points fall outside of the control limits, it is an
indication that the process is out of control.
After control charts became widely used, other methods were developed. Closely
following the development of control charts was cumulative sum charts, or CUSUM
charts (Ramirez-Galindo, 2012). CUSUM charts were developed by Page (1954) to
detect recurrent changes of a population mean and variance (Tercero-Gomez, 2013). The
CUSUM chart is more sensitive to small changes (1.5 standard deviations or less) than
the previous methods before it. These charts are used to detect shifts in the running mean
and running standard deviation of the system (Tercero-Gomez, 2013). This tests is a
statistical strategy that is capable of detecting and estimating change points in normal
processes. It must be assumed, however, that the data being observed is normally
distributed.
Another tool for analysing trended data, linear regression, also utilizes charts to display
the data. In order to develop the chart itself, an expected value must be obtained for the
observations. The equation utilized is based on a time series and takes into account that
the parameters may not always be constant (Ramirez-Galindo, 2012). This model is
suitable for linear trends, but can be utilized for nonlinear trends as well because real
processes do not necessarily follow a linear trend (Ramirez-Galindo, 2012). In order to
use linear regression to analyse a living system, the following equations, where t
represents the time, must be applied:
Tt−1 = f(Yt−1 , Yt−2 , … , Yt−n )

(11)

Yt = Tt−i + e

(13)

Tt−i = b0 + b1 ∗ t + b2 ∗ t 2 + e

(12)

Once the above equations are used to find the expected values, the difference between
each observation can be calculated to estimate the variability of the system. Additionally,
the second differences (SD’s) can “be obtained from the original data to analyse the
changes in the variability” (Ramirez-Galindo, 2012). This number will indicate whether
or not the system is following a normal trend or if there is a negative behaviour driving
the trend.
The last two methods utilized, A/B testing and Monte Carlo Simulation, focus more on
random experiments. The goal of A/B testing is to attempt to infer causality so that
decisions can be made with confidence (Bradley, 2018). Monte Carlo simulation runs a
number of experiments and estimates the characteristics of the output variable (Siddall,
1983). Both A/B testing and Monte Carlo simulations are relatively simple to calculate as
they can easily be run with a computer and are ideal for individuals who have a limited
statistical background. However, while these tests can both be used to analyse trended
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data they are not recommended for expensive projects as they are computationally
inefficient and can lead to errors (Siddall, 1983). If an error occurs then either the null
hypothesis has been rejected when it should be accepted or has been accepted when it
should be rejected. In other words, either a false alarm or a miss has ensued. Regardless
of which error has occurred, the repercussions seen in the system would be large.
Therefore, these processes are not recommended for an accurate analysis of process or
system in question.
2.6

Theoretical Model

In this chapter, relevant theories have been presented in order to create the foundation for
a proposed theoretical model. This section strives to provide the theoretical fundamentals
to the methodology that will be presented in Chapter 3 and that will be utilized in
Chapters 4-6. Systems help define the natural world and provide a structure that
simplifies complex interactions. Hamilton’s Principle introduces a stationary trend into
systems. In other words, it states that between two points in time the integral motion of a
system’s trend remains constant.
As systems can be analyzed as living systems (Miller, 1990), or systems that are
characterized by an inherent growth trend (Ramirez-Galindo, 2012), Hamilton’s Principle
can also be applied to non-linear trends. Although Hamilton’s Principle can also be
applied to non-linear trends, other methodologies that concern data analysis cannot be as
seamlessly applied to non-linear data trends. The existing methods that are used for
analyzing linear data sets are difficult to use for non-linear data as the process becomes
extremely convoluted and time-consuming because it requires a deeper understanding of
statistical principles and consists of longer procedures. Furthermore, the existing
solutions are not always feasible solutions for companies when they need to have data
analyzed. In some cases, they do not have the time or the financial freedom to hire a
statistics specialist. Therefore, there exists a need for a straightforward solution that will
work regardless of data having a zero-slope, linear slope, or nonlinear slope.
Out of the existing methodologies, Signal Detection Theory stands out as the one that
proves easier to apply to trended data. This theory can be adapted to determine specific
signals within the data. This is significant as a common dilemma surrounding data with a
nonlinear trend is an inability to accurately determine the difference between an
indication that the trend is changing, noise that exists within the system, and the natural
growth of the system. Figure 5 is adapted from Figure 4 in order to include Hamilton’s
Principle and the natural growth trend of the system.
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Figure 5. Noise and Signal in a Living System (Adapted from Calvo-Amodio, 2014)

The data in Figure 5 has a natural growth that is represented by its trend-line. Although
the data did not follow the pattern of the desired path, the evolution of the data system
remains stationary. Ultimately, the difference between the actual trend-line and the
desired path of the systems remains constant throughout the life of the system. This
remains true even with the presence of a signal during the related time period.
When initially considering the expected path of a living system, it is natural to assume
that the data would have exponential behavior and, therefore, an expected path that
follows a curved track. However, if the desired path is further considered, it would be
concluded that, ideally, the trajectory would be a straight line from point A to point B.
This would be desired, as it would allow the system to achieve its goal in the least
amount of time. It is also theoretically accurate by assuming the system is an open system
and that the Hamiltonian trajectory is equifinal for all similar systems. From here, and
even though the desired path is a straight line, the trend-line in Figure 5 is still applicable
as it represents a goal-seeking behavior. The trend-line will remain curved as the system
will fluctuate between deteriorating and improving towards its goal – the progress will
not be constant. The adjusted figure is illustrated in Figure 6.
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Figure 6. Hamilton's Principle seen as Behavior

In order to properly determine whether or not there is a signal present in a data set, the
user knowledge, or d’, must be measured. To measure d’, it is necessary to find the
probability density functions from the means of the noise and signal events (CalvoAmodio, 2014). Figure 7 below incorporates the addition of the probability density
functions for both the means of the noise and the signal.

Figure 7. Representation of Combining SDT and SPC with Hamilton's Principle
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As the difference between the two density functions increases, so does d’. Therefore, it is
desirable to have a higher d’ as this would represent a higher user knowledge and indicate
that a signal is occurring. When d’ is small, there is a low level of user knowledge and it
is more difficult to correctly differentiate between a signal and noise within the system.
While Figure 7 helps materialize the theory presented, it is unrealistic and impractical to
use a density function in order to determine whether or not changes within the system
have occurred. The method utilized must be simpler to implement and quickly use within
a manufacturing environment. Hamilton’s Principle emphasizes that the difference
between the expected path and the actual path of the data will remain stationary.
Therefore, in order to find where a signal occurs, it is necessary to find occurrences in
which the actual path deviates too far from the expected path.
Figures 5, 6, and 7 all display a single “Actual Path” for the represented data. Since we
are looking for specific occurrences in which the actual path deviates from the inherent
path of the system, the data must be divided into smaller time-periods. Dividing the data
into smaller time-periods allows the analyzer to see trend paths that are more
representative of the data’s real-time behavior. This is displayed in Figure 8 below.

Figure 8. Data Fitted with Multiple Trend-lines

Based on the actual trend paths of each time-period, it can be determined if the trajectory
has deviated too far from the expected path. The deviation of each time-period is
represented through an angle θ, or the angle between the expected path and the actual
path of the data. The deviation is assessed through a ratio to the angle between the
expected path and a connecting path that creates a triangle consisting of both the expected
and actual path. This angle is deemed α. Both angles and the respective triangle is
modeled in Figure 9 for a single time-period.
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Figure 9. Theta and Alpha of a Singular Time-period

The critical ratio between theta and alpha is also related to the time-period as the actual
path changes depending on the amount of time being observed. In general, the actual path
is steadier over a longer period of time. Therefore, it is important that the actual path
observed extends over all available time-periods. As seen in Figure 9 above, there are
various actual paths that continue to cross as the system ages. This helps ensure that the
data is being analysed holistically. The analysis can be completed using the equation
below which relates theta and alpha in order to assess whether or not the system is out of
control.
|θ| ≥ |5.5 ∝|

(14)

The above equation was determined through testing various alternatives, which will be
explained further in section 4.2.1. The right side of the equation was determined through
a comparison of various scenarios in which there was a determined signal within the data.
Both sides of the equation are within absolute value bars due to the fact that the data is
likely to fluctuate being both above and below the expected path. Thus, in some cases
theta or alpha will be negative and the equation should accommodate for these instances.
If the absolute value of theta is greater than or equal to the right side of Equation 14, then
the system is out of control. If the absolute value of theta is less than the right side of the
above equation, the system is in control and no changes need to be made.
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Chapter 3
3
3.1

Methodology

Introduction

The purpose of this chapter is to provide an outline of the methodology used throughout
this research. The chapter provides details on how the research methodology was divided
between two people and two tasks. This chapter also explains how the tasks were
consolidated for the purpose of this research paper.
3.2

Research Design

Through my research I seek to construct a theoretical model for a complex and dynamic
system. Therefore, my paper will focus on the six major steps provided by Barlas (1996).
This research will primarily focus on the formation and analysis of a model as the design
and implementation will be at the discretion of firms.
3.2.1

Type of Research

My research is informed by theoretical model presented in section 2.6, which was
developed using deductive reasoning. Deductive logic begins with one or more
assumptions that are widely accepted to be true, and from there moves towards a logical
conclusion (Leedy & Ormrod, 2005). Beginning with the assumptions that Hamilton’s
Principle specifies that systems follow a pre-determined path and that signal detection
theory measures deviations between expected and non-expected behaviors, I then
combined the two concepts in order to create a wide-ranging framework for detecting
signals. Combining the two theories required the use of data simulation and multiple
iterations.
My research also utilizes the model proposed by Barlas for model validations as its type
of research. As presented by Barlas (1996), six major steps are applied in a typical system
dynamics study. The six steps can be seen in Table 3 below.
1. Problem identification
2. Model conceptualization (construction of a conceptual model)
3. Model formulation (construction of a formal model)
4. Model validation and verification
5. Policy analysis and design
6. Implementation

Table 3. Major Steps in a System Dynamics Study (Adapted from Barlas, 1996)
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My research primarily focused on steps 1-4 as the residual steps remain outside the scope
of this project. The process followed was iterative and non-linear. The collected data was
analyzed with the current methods, specifically CUSUM charts, used to investigate nonlinear data sets presented in section 2.5. Following the initial analysis, the theoretical
model presented in section 2.6 was used to examine the same data set in order to compare
and contrast the two methods. Specifically, the percentage of hits, misses, false alarms,
and correct rejections were taken into consideration. This process was followed 100,000
times until the testable hypothesis could be rejected or accepted with confidence.
3.2.2

Research Focus

My research focused on testing an alternative method, for detecting signals within data
that replicates the behavior of a living system, which strives to decrease the need for a
strong statistical background. It specifically concentrated on social media content on
Twitter from the 2018 midterm election. This event was selected as it shows a clear
growth of mentions as the poll date nears. Furthermore, the event was highly covered by
multiple news sources meaning there will be ample background information on all the
political shifts and occurrences that took place during the time-period in question.
3.2.3

Research Hypotheses Restated

In chapter 1, a research hypothesis was stated for the research being conducted. The
hypothesis will be used in accordance with the data analysis, or task 2, as presented
below.
General Hypothesis:
Complex systems can be monitored by using a visual cue derived from simple linear
regression lines that detect changes in data trends.
a) The model is capable of identifying a change data trend over time.
b) The model is capable of identifying the difference between the desired path that the
system will naturally follow and the actual path that it will follow over a specified
time-period.
Hypothesis Re-stated:
H0 : βij < β∗ij
HA : βij ≥ β∗ij

Where β is defined as the response of the observer and how willing they are to say that a
signal is present. β∗ij is defined as the optimal response of the observer while i and j
represent the length of the time-periods observed and the length of time between each
time-period respectively. The values chosen for i and j will determine the sensitivity of
the model as the correct combination of the two values will allow the user to identify a
change in the trend over time.
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The values chosen for i and j will also impact the difference between the desired path and
the actual path that the system will follow. The difference between these two paths can be
identified with the parameters necessary to properly use the model. The accuracy of the
model is addressed by the ROC curve which measures the probability of getting a hit and
a false alarm within the system.
3.3
3.3.1

Collection and Treatment of Data
Data Collection

The data utilized in my research was provided by Jennifer Daniels. In order to collect the
data, she created a Python program that would retrieve tweets that included specific
keywords selected by both her and myself. The python program is shown in Appendix A
and the keywords associated with the midterm elections are available in Appendix B. If a
keyword was found in a tweet, that tweet was pulled and stored in a JSON file for
treatment later. The program ran from October 11, 2018 through November 29, 2018.
3.3.2

Treatment of Data

The data provided on the midterm elections was raw data, so after receiving it I did sort
the data as to better understand the day-to-day mentions. However, prior to sending it to
me, Jennifer treated the data. As previously mentioned, once the program was ran she
stored the data in a JSON file. After the last day of running the program, Jennifer
extracted all of the pertaining JSON files into an excel sheet and sorted the data for any
replicate or irrelevant tweets. The remaining data is what Jennifer provided to me for
analysis.
After receiving the remaining data from Jennifer, I sorted all of the data based on the date
that it was collected. The raw data was sorted based on both the date and the key word
that was found within the tweet. Therefore, before completing the analysis on the data, I
summed the data for all the key words based on the dates that the data was pulled.
3.4
3.4.1

Methodological Issues
Reliability

The reliability, or the accuracy, of this research was achieved through the validation of
the theoretical model. As there are existing methods utilized to analyze data from a living
system, these methods were implemented to examine the collected data. Following the
initial analysis, the theoretical model was then used for an independent evaluation of the
collected data. Based on the results from both methods, the accuracy of the theoretical
model could be determined.
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Furthermore, methods from Signal Detection Theory were implemented in order to
determine the result of the trial. As previously mentioned, there are four different
outcomes for a trial including hits, misses, false alarms, and correct rejections. By finding
the probability of getting each outcome for trials being analyzed with the theoretical
model, I was able to determine how reliable the process is.
3.4.2

Validity

Model validity, or consistency of the model’s intended performance, depends on
identifying the type of system being observed, certifying the data, and ensuring that the
process aligns with the assumptions made. The system identification step requires
background knowledge on the system and creativity to envision its expected behavior
over time. In order for the model to be utilized and verified, the systems observed must
be living.
The next element in the validity process was that of certifying the data being analyzed.
Data errors and irregularities can lead to a failure to properly identify any signals and can
impair the use of the model. Prior to using the data, the accuracy had to be assessed to
ensure that control were used. In order to assure the quality, the raw data was compared
with news stories from that date. For example, as seen in the raw data in Appendix C,
there is a sudden rise in the number of tweets that included the words “poll” and
“polling” on November 6th. This is due to the fact that the general election was held on
November 6th, therefore there should be a sudden spike in the number of times those
keywords are mentioned. The sudden increases in mentions can all be explained by
specific events surrounding the midterm elections.
Following data certification, the data was then analyzed in trials with the use of Crystal
Ball. While the trials were ran, it was imperative that each simulation was as similar as
possible in order to ensure that the results could be accurately compared. Two things
were done in order to ensure accurate comparisons – the same data set was used
throughout all trials and the seed value was set to 999. By using the same data set and a
consistent seed value, each trial ran utilized the same set of random numbers. Using the
same set of random numbers for all the tests conducted was important because it provided
an important gage on how different tests impacted the level of detection seen.
The final element is ensuring that the process is effective. This step ties into the reliability
of this research, which was discussed in Section 3.4.1. The effectiveness of the process
was proven through the use of the current standards for analyzing living systems. If the
model produced results that agree with the current standards, then it was concluded that
the process is effective and accurate.
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3.4.3

Replicability

The replicability of this research is determined by the availability of data similar in
characteristics to the data analyzed by me. This data can be personally collected or
retrieved from another source. So long as they have similar data, this research is
replicable by measuring the expected path of a data set along with the actual path of the
data.
3.4.4

Bias

There exists an inherent bias within the model due to the simplification of systems within
the real world. There also exists a bias by the data collector during the treatment of data.
Depending on how she perceived the quality of the data, it was either kept or discarded.
Lastly, as Signal Detection Theory was the primary method for determining when a
system is out of control, there exists a bias against other methods for defining out-ofcontrol datum.
3.4.5

Representativeness

This research is representative of systems in general that share some characteristics with
living systems. Characteristics that define living systems and are desirable in general
systems that share similar features include the ability to adapt to outside sources, selforganize, and to have an inherent trend towards growth. The key characteristic that this
research is illustrative of is complex systems.
3.5

Research Constraints

The main purpose of my research is to provide a simplified method for detecting signals
in a set of data. Due to this, I did not develop a method of collecting data. Furthermore,
the data collected by Jennifer was bounded by the amount of time available to find
adequate data pertaining to the midterm elections. Additionally, the research is
constrained by the time available to me to conclude the research and by my having an
undergraduate level of knowledge.
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Chapter 4
4
4.1

Results

Introduction

This chapter’s purpose is to discuss the results from the analysis completed on the 2018
Midterm Elections Data. As the data was provided to me by Jennifer Daniels, my task
consisted solely of the analysis of the available data. The analysis of said data was
accomplished with two different means – the first being a CUSUM chart and the second
being the theoretical model presented in Section 2.6. The theoretical model was used to
analyze the data collected and the trended data that was both forecasted and simulated
with Crystal Ball.
4.2

Data Analysis

The following section details (1) the design of the framework, including how to calculate
the necessary parameters for utilizing the proposed framework, and (2) how to determine
the level of fit between the system state and that found with both the proposed framework
and CUSUM charts.
4.2.1

Design of Proposed Framework

As previously mentioned in Chapter 3, the design of the proposed framework was an
iterative process. The design of the framework was based on the expected path of the
data, the actual path of the time-period in question, the length of the path that connects
the actual path with the expected path, and the calculated theta and alpha. Based on those
parameters, multiple relations were tested in order to find a solution that would be viable
and simple to calculate in comparison to existing methods. The test for each relation was
completed in the following steps:
Step 1. Calculate the expected slope (mE ) and intercept (bE ) from the initial data point
to the final data point.
mE =

y2 − y1
x2 − x1

bE = y1 − x1 ∗ mE
or
bE = y2 − x2 ∗ mE

(15)

(16)
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Step 2. Calculate the expected path for the data set.
yEi = mxEi + b

(17)

Step 3. Calculate the mean (x�), lower limit (LL) and upper limit (UL) of the data set. In
this research, I assumed a 99.7% confidence level, or a confidence level of 3σ where σ is
the standard deviation.
x� =

∑n1 xi
n

LL = x� − 3 ∗ SE

UL = x� + 3 ∗ SE
SE =

s= �

s

√n

∑n1(xi − x�)2
n−1

(18)
(19)
(20)
(21)

(22)

Step 4. Calculate the slope (mA ) and the intercept (bA ) of the time-period in question. If
the time-period is 25, then the initial calculation will utilize data points (x1 , y1 ) and
(x25 , y25 ).
mA =

y2 − y1
x2 − x1

bA = y1 − x1 ∗ m

(23)
(24)

Step 5. Find the intercept location of the actual path and the expected path.
xint =

bE − bA
mA − mE

yint = x1 ∗ mA + bA
or
yint = x1 ∗ mE + bE

(25)

(26)

Step 6. Calculate the actual path of the data for each time-period.
yAi = mxAi + b

(27)
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Step 7. Calculate the total length of the actual path.
LA = �(xA − xint )2 + (yA − yint )2

(28)

LE = �(xE − xint )2 + (yE − yint )2

(29)

LC = �(yE − yA )2

(30)

Step 8. Calculate the total length of the expected path.

Step 9. Calculate the total length of the connecting path.

Step 10. Calculate theta.

θ = cos

−1

L2A + L2E − L2C
(
)
2 ∗ LA ∗ LE

(31)

Step 11. Calculate alpha.
α = sin−1 (

LA ∗ sin θ
)
LC

(32)

An example of the results of these steps on the collected data is presented in Appendix D.
Once the above steps were completed, then I was able to test many relations in order to
find one that would provide adequate knowledge and sensibility of the system through a
comparison of β and β∗ . In order to properly calculate β and β∗ , the probabilities of
getting each outcome had to be calculated. As seen in the following equations, the
number of hits, false alarms, misses, and correct rejections had to be found in order to
complete this calculation.
P[CR] =
P[FA] =
P[M] =

nCR
nCR + nFA

nFA
nCR + nFA
nM
nM + nH

(33)

(34)
(35)
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P[H] =

nH
nM + nH

(36)

After calculating the probability for each outcome, then the values for β and β∗ can be
found. The value for β is dependent on the z-score of either the probability of a false
alarm or the probability of a hit. This can be found with equation 7.
β = −Z(f) = Z(h) − d′

(37)

The value for β∗ , on the other hand, is dependent on monetary values assigned to each
possible outcome as well as the overall probability of having noise or a signal in the
system.
β∗ =

(V[CR] − C[FA]) × P[N]
(V[H] − C[M]) × P[SN]

P[N] =
P[SN] =

(38)

where

nCR + nFA
nCR + nFA + nH + nM

nM + nH
nCR + nFA + nH + nM

(39)
(40)

Examples of the relations tested include the ratio between theta and alpha, the ratio
between the length of the expected path and the length of the actual path, and the ratio
between the length of the actual path and the connecting path. Based on the outcomes of
each test, it was ultimately determined that |θ| ≥ |5.5 ∝| provided the highest sensibility
and knowledge of the system.
4.2.2

Determining the Level of Fit of Proposed Framework

The proposed framework is designed to determine when the data in question is out of
control. As previously mentioned, the proposed method considers CUSUM charts as a
reference point for a widely accepted level of system sensibility and knowledge. For all
of the approaches that were tested, data was collected on the percent of Correct
Rejections, False Alarms, Hits, and Misses that were obtained. The classification of these
outcomes can be seen below in Figure 3.
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Figure 10. Trial vs. Response (Adapted from Wickens, 2002)

By utilizing the Trial vs. Response outcomes, I was able to compare the results of various
tests in Crystal Ball in order to choose an approach that had an appropriate level of
sensibility and knowledge of the system. For each test, I ran a Monte Carlo simulation for
100,000 trials in Crystal Ball. The assumptions made were the data collected and the
defined forecasts were the number of each outcome observed during the trial. The
following figures display an example of the cells that were assumptions and an example
of forecasted cells.

Figure 11. Crystal Ball Assumptions

For this research, the data was normally distributed in order to get some diversity in the
data while running the simulation.

Figure 12. Crystal Ball Forecasts
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Each forecasted cell counts the number of possible outcomes observed for all of the trials
that were ran. As the simulation runs, Crystal Ball stores all of the outcomes and
generates statistics for the test. The equation used in the forecasted cell was a count
function that would search for a specified indicator of an outcome; for example, a hit was
represented by “H.”
Each trial utilized the same initial seed, 999, in order to ensure an accurate comparison of
test results. The figure below displays the run preferences used for each test.

Figure 13. Crystal Ball Run Preferences

The results from each test ran included the forecasts for the three time-periods being
observed. The outcomes were output in an overlay chart that displayed the statistics for
all three time-periods. An example of this overlay chart is displayed below.

Figure 14. Overlay Chart
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Based on the resulting statistical means, the probabilities for getting each outcome could
be calculated. These values were calculated using equations 2-5.
P[CR] =
P[FA] =
P[M] =
P[H] =

nCR
nCR + nFA

(41)

nFA
nCR + nFA

(42)

nM
nM + nH

(43)

nH
nM + nH

(44)

The results from each test ran can be seen in Tables 4-9 below.
15 ∝
|θ| ≥ �
�
∆t
t=5

t = 10

t = 25

0.15

0.51

0.77

Miss

0.25

0.30

0.55

False Alarm

0.85

0.49

0.23

Hit

0.75

0.70

0.45

Correct Rejection

Table 4. Test 1 Outcomes

20 ∝
|θ| ≥ �
�
∆t
t=5

t = 10

t = 25

0.65

0.51

0.78

Miss

0.66

0.30

0.56

False Alarm

0.35

0.49

0.22

Hit

0.34

0.70

0.44

Correct Rejection

Table 5. Test 2 Outcomes
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10 ∝
|θ| ≥ �
�
∆t
t=5

t = 10

t = 25

0.15

0.50

0.77

Miss

0.25

0.30

0.55

False Alarm

0.85

0.50

0.23

Hit

0.75

0.70

0.45

Correct Rejection

Table 6. Test 3 Outcomes

LA
≥1
LC
t=5

t = 10

t = 25

0.15

0.66

0.79

Miss

0.31

0.66

0.60

False Alarm

0.85

0.34

0.21

Hit

0.69

0.34

0.40

Correct Rejection

Table 7. Test 4 Outcomes

LA
≥ 30
LE
t=5

t = 10

t = 25

0.15

0.85

0.99

Miss

0.31

0.94

0.97

False Alarm

0.85

0.15

0.01

Hit

0.69

0.06

0.03

Correct Rejection

Table 8. Test 5 Outcomes
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|θ| ≥ |5.5 ∝|
t=5

t = 10

t = 25

0.73

0.89

0.93

Miss

0.69

0.66

0.88

False Alarm

0.27

0.11

0.07

Hit

0.31

0.34

0.12

Correct Rejection

Table 9. Test 6 Outcomes

The frequency of obtaining a specific outcome for Test 6 can be seen in the figures
below. The figures further show that as the time-period observed increases, the sensibility
and knowledge of the system also increase. It should be noted that the figures are
representative of the data obtained while running all 100,000 trials.

Figure 15. Test 6 Trial vs. Error Frequency for 5 Day Time-period
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Figure 16. Test 6 Trial vs. Error Frequency for 10 Day Time-period

Figure 17. Test 6 Trial vs. Error Frequency for 25 Day Time-period

As previously discussed, in order to determine if a model is a good fit for the data, β and
β∗ must be compared. In order to calculate the value of β∗ , knowledge of four additional
parameters are needed – V[CR], C[FA], V[H], and C[M]. These parameters represent the
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value of properly detecting a signal and the cost of incorrectly identifying a signal. The
value and cost of each outcome will vary depending on the data set being analyzed. In the
case of this research, the data set utilized focuses on the 2018 Midterm Elections. If the
data is approached from the perspective of an employee on a campaign, then the stakes
for having reliable probabilities are high. For the purpose of this research, the numerical
values assigned for the four outcomes are arbitrary based on historical data of the cost of
advertisements during the midterm election campaign. According to estimates, a total of
$900,000,000 was spent on digital advertisements during the 2018 midterm elections
(Political ad spending hits new record for 2018 midterm elections, 2018). Digital
advertisements include mediums such as Facebook, Twitter and Instagram – sites where
the goal is to get a lot of views in a short period of time. Based on the estimate, it was
assumed that a candidate spent $1,000,000 for the initial advertisements and $200,000 for
additional ads. Therefore, V[H] and V[CR] are equal to $750,000 while C[M] and C[FA]
are equal to $250,000. Given this criteria, β and β∗ were calculated for each test. The
cases in which β was greater than β∗ can be seen in the following tables. The full results
for each test can be viewed in Appendix E.

i
β
β*
j

i
β
β*
j

15 ∝
�
∆t
5
10
5
5
5
5
10
0.99909 1.07118 0.90685 1.37562 14.9310 0.45653 0.86610
0.61335 0.93365 0.52594 0.63594 0.61172 0.42040 0.81152
0
0
1
2
3
4
4
Table 10. Test 1 Beta and Optimal Beta
|θ| ≥ �

20 ∝
�
∆t
5
10
5
5
5
5
10
1.09423 1.07116 3.41534 0.98287 62.5897 1.01071 0.86510
0.61357 0.93365 0.52594 0.63686 0.61283 0.42040 0.80997
0
0
1
2
3
4
4
|θ| ≥ �

Table 11. Test 2 Beta and Optimal Beta

i
β
β*
j

10 ∝
�
∆t
5
10
5
5
5
5
10
0.99911 1.07107 0.90436 1.37562 0.76079 0.45653 0.86610
0.61357 0.93390 0.52620 0.63595 0.61283 0.42040 0.81153
0
0
1
2
3
4
4
Table 12. Test 3 Beta and Optimal Beta
|θ| ≥ �
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i
β
β*
j

LA
≥1
LC
5
10
10
5
10
5
10
5
5
10
0.9932 1.0335 0.9454 1.0808 1.5199 0.8823 1.3118 0.4565 1.0904 1.0913
0.5766 0.9339 0.5012 1.0055 0.5841 0.5539 0.8174 0.4204 0.8539 0.6012
4
4
9
0
0
1
1
2
3
3
Table 13. Test 4 Beta and Optimal Beta

i
β
β*
j

LA
≥ 30
LE
25
25
25
5
5
5
10
25
5
25
0.9929 0.9500 1.5199 0.5201 13.859 0.4565 1.6856 12.303 1.6722 2.4875
0.5766 0.5012 0.5841 0.8556 1.4186 0.4204 1.4186 1.3319 1.1904 1.2500
5
9
10
0
1
2
2
3
4
4
Table 14. Test 5 Beta and Optimal Beta

i
β
β*
j

|θ| ≥ |5.5 ∝|
5
10
5
10
5
10 10
5
10 10 10 25 25 25
0.92 1.51 2.42 2.95 1.07 1.89 2.40 0.32 3.53 2.58 2.08 8.61 2.47 1.78
0.54 0.94 0.55 0.98 0.26 0.98 0.79 0.09 0.81 1.01 0.64 2.69 1.97 0.61
4
4
5
9
9
15 24
0
0
1
1
2
2
3
Table 15. Test 6 Beta and Optimal Beta

Based on the results obtained from each test, there were multiple alternatives that had a
larger β than β∗ . However, none of the alternatives had this outcome for all three timeperiods, if applicable. Due to this, an approach that yielded the highest number of
scenarios in which β was larger than β∗ was chosen. This alternative was |θ| ≥ |5.5 ∝|.
Once this approach was selected as the best possible solution, its probability outcomes
were then compared with the probability outcomes from CUSUM Charts. The process for
obtaining this data was the same as for Tables 4-9 presented earlier in the chapter; the
number of each possible outcome were found and then the probabilities were calculated
using equations 2-5.
P[CR] =
P[FA] =

nCR
nCR + nFA

nFA
nCR + nFA

(45)

(46)
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P[M] =
P[H] =

nM
nM + nH

(47)

nH
nM + nH

(48)

Tables 16-18 display the probabilities of getting each outcome for both the CUSUM
Charts and the proposed methodology, |θ| ≥ |5.5 ∝|.
CUSUM Charts Trial vs. Error
Correct Rejection

0.92683

Miss

0.77778

False Alarm

0.07317

Hit

0.22222
Table 16. CUSUM Chart Outcomes

Table 16 shows that CUSUM charts allow for a high rate of correct rejections, but fail to
have a similar rate for the number of hits in a system. This method of determining
whether or not there is a signal present still allows a number of misses, thus there is not a
high level of system knowledge.
Proposed Method Trial vs. Error
t=5

t = 10

t = 25

Correct Rejection

0.87805

0.65854

0.95122

Miss

1

0

0.55556

False Alarm

0.12195

0.34146

0.04878

Hit

0

1

0.44444

Table 17. Proposed Method Outcomes

Table 17 shows that with as the time-period observed increases in length that the
knowledge and sensibility of the system also increase. There are still a high number of
misses that are observed, but the probability of getting a hit decreases as the length of
time increases. Table 18 below follows this same notion, but differs in that the
intermediate length of time-observed provides the greatest knowledge and sensibility of
the system. This differs from Table 17, as more trials were run in order to get the data
presented in Table 18.
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Crystal Ball Trial vs. Error
t=5

t = 10

t = 25

Correct Rejection

0.73

0.89

0.93

Miss

0.69

0.66

0.88

False Alarm

0.27

0.11

0.07

Hit

0.31

0.34

0.12

Table 18. Crystal Ball Outcomes

The data presented in Tables 5 and 6 suggest that the proposed method is more sensible
than CUSUM charts. Furthermore, it can be presumed based on the data that the proposed
method has a higher system knowledge. As the theoretical model is less complex than
CUSUM charts and does not require the user to have a background in statistics, it is more
applicable for the general population. The above tables also suggest that when an
intermediate time-period is observed, the user has a higher system knowledge, which in
turn allows them to make better judgements as to whether or not the system is in control.
In order to corroborate this and determine the best length of time between each observed
time-period, a sensitivity analysis was conducted. The findings from this are seen in the
following section.
4.3

Sensitivity Analysis

In order to assess which time-period and length between each time-period provides the
best results, a sensitivity analysis was conducted. The sensitivity analysis was completed
with the use of a ROC curve as it is a visual way to see the signal and noise distribution
based on various parameters.
Crystal Ball was used to simulate a trended data set that would be analyzed with the
theoretical model and then used to create ROC curves for each time-period, i, with
various lengths of time, j. A portion of the created data can be found in Appendix E. The
resulting ROC curve can be seen in Figure 11 below.
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Figure 18. Initial ROC Curve

Prior to analyzing the ROC curve, the points that are outliers, when the cut-off was 5
days and when the cutoff was 10 days, were addressed. In an attempt to smooth the data,
the test that resulted in the outlier for 5 days was rerun with 1,000,000 trials. The
resulting data ultimately smoothed the ROC curve, therefore it can be assumed that there
is a warm-up period while running the simulation. The remaining tests were also run with
a total of 1,000,000 trials. The resulting figure can be seen below.
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Figure 19. Secondary ROC Curve

Figure 19 demonstrates that additional data points help to smooth the ROC curves.
Although it is not completely smoothed, in the interest of time, no further reruns were
completed. It can be assumed that running additional trials would further smooth the
ROC curves. Furthermore, as many of the values tested for j were similar, the resulting
probabilities of obtaining a hit or a false alarm were also very similar if not the same.
Consequently, the ROC curve will never fully be smoothed.
When analyzing the above ROC curve, the length of time that has the greatest area
underneath the curve is 25 days. Although this time-period is deemed the most desirable
due to the fact that there is a high probability of a hit and a low probability of a false
alarm, it is not suitable for this research as it is unfeasible to calculate the value of β if
any of the possible outcomes are equal to zero. For the purpose of this research, the
inability to calculate the value of β results in the inability to prove that the test is an
appropriate means of examination.
Based on this, we must move to the time-period that has the second greatest area under
the curve. In this case, it is a length of 10 days. By using a time-period of 10 days, we
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have the ability to compare the values of β and β∗ to truly determine whether or not the
proposed model is a suitable tool. After determining that the most appropriate timeperiod to observe is 10 days, the β and β∗ were then found for every possible length of
time in-between each time-period. If the value of i is equal to 10 then the possible values
of j are constrained by a maximum of 9 in order to include all the data collected. The
pertaining values of β and β∗ for each possible combination of i and j can be seen below
in Table 19.

j
0
1
2
3
4
5
9

|θ| ≥ |5.5 ∝|
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

i
10
1.34195
1.67857
1.65552
3.22222
3.38449
3.16667
1.59524
2.00000
1.28523
1.69333
N/A
2.50000
N/A
2.50000

Table 19. Crystal Ball Simulation Beta and Optimal Beta

In order to calculate β∗ , it was assumed that the new data generated with Crystal Ball was
also data from a political race, therefore the same parameters for the value and
consequences of each outcome were utilized. As seen in the above table, there is a single
case in which β is greater than β∗ . Therefore, it can be concluded that the methodology
works best when i is equal to 10 and j is equal to 2. This can be corroborated with the fact
that β is greater than β∗ when i was equal to 10 and j was equal to 2 during the analysis of
the original data collected, as seen in Table 18.
Given the proposed method is optimal when the time-period is equal to 10 days and the
time in between each time-period is 2 days, the data collected pertaining to that particular
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test can be analyzed in order to compare the signal-to-noise ratio. In Figure 20 below, the
blue curve represents a signal trial and the red curve represents the noise trial.
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Figure 20. Signal to Noise Ratio

As can be seen from the layout of the two curves, the observer experienced a higher rate
of noise trials than signal trials. The shaded area of the noise, or the red, distribution
represents the probability of getting a correct rejection. As the distribution is almost
entirely shaded, it can be assumed that the proposed model adequately determines when
noise is present in the system. The shaded area of the signal, or the blue, distribution
represents the probability of getting a hit. As this distribution is mostly unshaded, it can
be assumed that the model has room for improvement when it comes to discerning the
presence of a signal.
4.4

Results from Study

As previously mentioned, the proposed method considers CUSUM charts and compares
this method with the theoretical model. For all of the approaches that were tested, data
was collected on the percent of Correct Rejections, False Alarms, Hits, and Misses that
were obtained. The classification of these outcomes can be seen below in Figure 3.
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Figure 3. Trial vs. Response (Adapted from Wickens, 2002)

This study observed the 2018 midterm election data, which contained a population of 50
data points. This data was analyzed with the use of both the CUSUM chart and the
theoretical model previously presented. After the initial analysis, the data was then used
to forecast an additional 25 data points with Crystal Ball. Crystal Ball was also used to
simulate supplementary data sets based on the original and forecasted data. The data
simulated with Crystal Ball was run with a total of 100,000 trials in order to assure a
quality analysis. What is more, is across the two analyses that utilized the proposed
model, the data was observed from three different time-periods. The time-periods
observed included t = 5 days, t = 10 days, and t = 25 days. The probability of getting a
specific outcome for each analysis can be seen below in Tables 19-21.
CUSUM Charts Trial vs. Error
Correct Rejection

0.92683

Miss

0.77778

False Alarm

0.07317

Hit

0.22222
Table 20. CUSUM Chart Outcomes

Proposed Method Trial vs. Error
t=5

t = 10

t = 25

Correct Rejection

0.87805

0.65854

0.95122

Miss

1

0

0.55556

False Alarm

0.12195

0.34146

0.04878

Hit

0

1

0.44444

Table 21. Proposed Method Outcomes
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Crystal Ball Trial vs. Error
t=5

t = 10

t = 25

Correct Rejection

0.10

0.96

0.97

Miss

0.01

0.67

0.86

False Alarm

0.90

0.04

0.03

Hit

0.99

0.33

0.14

Table 22. Crystal Ball Outcomes

Based on the results obtained, it can be inferred that analyzing data with the proposed
methodology, |θ| ≥ |5.5 ∝|, is an adequate means by which to determine whether or not
there is a signal present in the system. Ideally, and in order to provide the best results, the
system’s data will be analyzed with a time-period equal to 10 days and with 2 days in
between each time-period.
Furthermore, it can be concluded from the data presented in Tables 19-21 that the null
hypothesis can be rejected. The proposed methodology, when utilized with an i equal to
10 and j equal to 2, results in β is greater than β∗ for the data in question. As previously
mentioned, the value for β∗ is dependent on specified parameters that will vary based on
the system in question. For the system of midterm elections, the theoretical model proved
applicable and thus the null hypothesis could be rejected.
All the findings from this research, given the proposed methodology with an i equal to 10
and j equal to 2, are presented in the table below.
Testable Hypothesis
H0 : βij < β∗ij
HA : βij ≥ β∗ij

Model sensitivity

Results
Given the proposed methodology, it was found
that the null hypothesis can be rejected. For the
data found and tested, the value of β was
greater than β∗ , demonstrating the model
provides an adequate means of analysis.
The data presented in Table 22 proves that the
suggested model provides an adequate
sensitivity as it allows the user to identify
whether or not a signal is present. As it is
assumed that i is equal to 10, the column that is
of importance in the table is the middle one.
This shows the high percentage of times in
which the user has correctly identified that a
signal has not occurred. It also shows a
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Testable Hypothesis

Model capability of identifying
various paths

Model Performance

Results
percentage of 33% for the rate of hits indicating
that the user is able to decipher when an event
is occurring.
The model is capable of deciphering the
difference between the two paths of the system
– the desired path and the actual path. The
difference between these two paths was
identified with the parameters necessary to
properly use the model. As it was found that the
model was ultimately an adequate means of
analysis, it can be concurred that the model was
also able to identify the difference between the
two paths while being used.
The ROC curve presented in Figure 18
demonstrates the model’s ability to separate the
signals from noise in the data. As the area
underneath the curve when the time-period was
equal to 10 days is large, it can be concluded
that the model performs on par with other
accepted methods. Specifically, the data point
on the curve that represents when i is equal to
10 and j is equal to 2 has a p(H) equal to 0.67
and a p(FA) equal to 0.05. Thus, this data point
is not one of the outliers and shows a desirable
distribution of outcomes.

Table 23. Research Findings
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Chapter 5
5
5.1

Conclusion

Features of this Research

The purpose of this research was to develop a framework that would allow users without
a formal background in statistics to determine whether or not a signal was present in a
system. Therefore, the proposed methodology addresses the constraints that many
companies face when trying to determine whether or not there has been a significant
change within their environment. Furthermore, the methodology is designed to use
concepts that stray from the widely used statistical methods in order to increase the size
of the population that have the appropriate knowledge to properly use it.
This research impacts companies, especially those with less financial stability, as it
provides them with a potential low-cost solution to anticipating changes within their work
environment. The value of this solution is that it does not require a high knowledge in
statistics in order to implement. As it relies heavily on geometry and trigonometry
concepts, the proposed methodology has the ability to be utilized by a more diverse group
of people than the currently accepted methods of signal detection allow for. Additionally,
this research provides an opportunity to managers to give more responsibility to their
subordinates as it is expected that someone with a high school diploma has the necessary
tools and knowledge to properly implement the process.
In order to develop a simpler framework, four main steps were implemented. Table 23
presents a summary of the rationale of the steps taken to achieve an applicable
framework.
Steps Taken

A gap was identified
in the existing
literature and
methodologies.

Rationale
It was determined that there is a gap in the level of difficulty
that is deemed appropriate by signal detection theory scholars
and the industry members that are ultimately seeking to
implement the current methodologies. The following gaps
exist:
1. Scholars must fully understand the needs of industry
members so that their work on signal detection theory
may be presented in a manner that will be applicable
for potential consumers in industry.
2. Industry members must understand all existing
methods for detecting signals in a living environment
in order to determine which is most applicable for their
work environment.
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Steps Taken

Rationale
3. Industry members must understand the selected method
for distinguishing noise versus signal in order to
properly implement the method effectively.
The first two assumptions can be addressed by developing an
accessible framework for analyzing system data. The third
assumption relates to the implementation and use of an
appropriate framework and is, therefore, outside the scope of
this research.
There is a need for a framework that strays from the norm of
It was determined how utilizing statistical practices in order to determine if there is
best to address the
an actual change in trend for the system in question. In order
gap.
to develop this framework, certain assumptions must be made
about the systems and the related data that would be analyzed.
Similar to the current methodologies that are used to analyze
living systems, the theoretical model had a strong foundation
built by Signal Detection Theory. Specifically, the framework
relied heavily on the trial vs. error outcomes that Wickens
introduced (2002). The theoretical model differed from
A theoretical model
current practices in that its foundation was also built on
was created.
Hamilton’s Principle, which states that ultimately the true
evolution of a system over time is stationary (Byström, n.d.).
The design of the proposed model incorporated Signal
Detection Theory and Hamilton’s Principle in order to explain
the nature of a living system’s behavior and justify the
resulting model.
Data was collected on the 2018 midterm elections in order to
Tests were ran on
represent a living system. The data was sorted based on the
collected and
date in which it was found and then analyzed with 6 possible
simulated data with
methodologies by utilizing trigonometry and geometry
possible
concepts. The tests were completed with the use of excel and
methodologies.
Crystal Ball the latter of which allowed for simulation of
trended data.
The outcomes of each test ran were compared on two
accounts: the number of instances in which β was greater than
β∗ and the probability of obtaining each outcome for a trial
vs. error test. The methodology that was ultimately chosen
Test outcomes were
had the highest number of instances in which β was greater
analyzed.
than β∗ and had a high knowledge and sensibility of the
system. A comparison with the level of knowledge and
sensibility provided by current methodologies allowed for a
level of confidence to be associated with the proposed
method.
Table 24. Rationale of Steps Taken
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5.2

Findings from this Research

This research presents preliminary findings that support the effectiveness and
applicability of a non-statistical framework in order to determine if a signal is present in
an observed system. The results support the hypothesis presented in this thesis: Complex
systems can be monitored by using a visual cue derived from simple linear regression
practices that assesses the overarching trend of data and if, and when, observations are
out-of-control.
a) The model is capable of identifying a change in growth trend over time.
b) The model is capable of identifying the difference between the desired path that the
system will naturally follow and the actual path that it will follow over a specified
time-period.
In order to address the results obtained in this research, an example of the model in use in
shown. The model being utilized on the 2018 midterm election data can be seen in Figure
21 below.

Figure 211. Proposed Model Example

The figure above shows all of the calculated actual paths for the collected data. As the
length of the time-periods is 10 days, with two time-periods having an overlap of 7 days,
the model is sensitive enough to identify when a change in the trend occurs. For example,
the first change identified is during days 2-16. A number of these days failed to have any
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mentions of the midterm elections, therefore the trend was not following the desired path
and adjustments needed to be made. The difference between the actual paths and the
optimal path allowed the model to identify the change in trend.
Furthermore, the model holds the ability to differentiate between the desired path and the
actual path observed as they are included in the parameters necessary to properly use the
model. From a visual standpoint, the model clearly differentiates between the two as the
desired path is a singular line throughout the data set and the actual path is broken down
into multiple time-periods. This allows for a visual break making it easier to differentiate
between the two different paths. Lastly, the model is able to correctly identify signals
amongst the noise as demonstrated by both Figure 21 and the ROC curves in Chapter 4.
Overall, the high probability of getting a hit corroborates the notion that the model has
the ability to recognize when signals occur.
By supporting the hypothesis, the proposed methodology supports the notion that
complex systems can be analyzed by means that are at a more rudimentary level of
knowledge. This will help close the gap between the high level of systems and statistical
understanding held by scholars and the level of knowledge held by the general public.
While the proposed model can help close the present gap, it still requires use of
trigonometry and geometry concepts. Therefore, it does not completely remove the gap.
In addition to reducing the gap between scholars and industry members, the proposed
model remains grounded in literature on Signal Detection Theory and Hamilton’s
Principle. The combined use of these two ideologies allows for a complete understanding
of how complex systems can be analyzed. Furthermore, the combined use helps describe
the behavior of living systems in a more measurable manner permitting a greater
understanding of how living systems function.
Lastly, this research builds on previous research conducted on possible methodologies
that can be utilized when analyzing data trends in complex systems, such as CUSUM
charts and linear regression analysis. It continues the work previously done and further
refines the current processes.
5.3

Future Research Needs

Based on the information presented in Chapters 4 and 5, the theoretical model for
analyzing systems with an inherent growth trend can be improved further if the following
areas are addressed:
1. Testing the theoretical model on a new system in order to prove a use in a widerange of environments.
2. Increasing the simplicity of the model to further improve its applicability within
companies.
3. Improve the detection rate of the model among data sets that inherently have shorter
time-periods being observed.
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4. Improving the performance of the model in order to decrease the miss rate and
therefore increase the sensibility of the model.
5. Develop a model that solely utilizes a visual cue in order to decide whether or not
the data in question is in control.
6. Define the use of the model and how to get the highest benefits out of its use.
7. Express the implementation of the model and how to utilize it within a company
setting.
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Chapter 7
7
7.1

Appendices

Appendix A: Python Program for Data Collection

This appendix shows the program utilized my Jennifer to collect the midterm election
data.
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7.2

Appendix B: Python Program Key Words

The following list of words are what were utilized in Jennifer’s program shown in
Appendix A. The key words all relate to political races.
Ballot
Civic
Democrat
Department
Election
Federal
General
Midterm
Poll
Polling
Public
Rally
Republican
Trump
US
Vote
Won

57
7.3

Appendix C: Data Collected on 2018 Midterm Election

The figures below shows the raw data collected on the midterm elections.
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7.4

Appendix D: Proposed Method Parameters.

The figure below is a screenshot from the excel sheet used. It shows the parameters
needed to use the proposed method.
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7.5

Appendix E: Beta vs. Optimal Beta for Methodology Tests

The following tables show the values of β and β* found for each combination of i and j.

j
0
1
2
3
4
5
9
10
12
15
20
24

15 ∝
|θ| ≥ �
�
∆t

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
0.99909
0.61335
0.90685
0.52594
1.37562
0.63594
14.9310
0.61172
0.45653
0.42040
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

i
10
1.07118
0.93365
0.81760
0.98375
0.86745
0.97643
0.53540
0.78991
0.86610
0.81152
0.67150
1.00556
0.04086
0.63533
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
1.29009
3.81219
1.47322
3.21771
1.31370
3.85864
1.17880
3.90422
0.97861
3.27725
1.18045
2.97134
1.06204
2.68750
0.80516
2.97576
0.94944
2.55285
1.06286
1.97163
0.74769
1.42748
N/A
0.61350

61

j
0
1
2
3
4
5
9
10
12
15
20
24

|θ| ≥ �

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
1.09423
0.61357
3.41534
0.52594
0.98287
0.63686
62.5897
0.61283
1.01071
0.42040
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

20 ∝
�
∆t

i

10
1.07116
0.93365
0.81934
0.98375
0.86745
0.97643
0.53540
0.78991
0.86510
0.80997
0.67150
1.00556
0.04086
0.63533
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
1.29586
3.81213
1.47865
3.21771
1.31656
3.58649
1.17880
3.90422
0.97885
3.28037
1.18045
2.97134
1.06204
2.68750
0.80197
2.95783
0.94944
2.55285
1.06286
1.97163
0.74769
1.42748
N/A
0.61350
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j
0
1
2
3
4
5
9
10
12
15
20
24

10 ∝
|θ| ≥ �
�
∆t

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
0.99911
0.61357
0.90436
0.52620
1.37562
0.63595
0.76079
0.61283
0.45653
0.42040
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

i
10
1.07107
0.93390
0.81233
0.98375
0.87031
0.98762
0.53499
0.78909
0.86610
0.81153
0.66750
1.00370
0.02203
0.63714
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
1.28145
3.80962
1.46481
3.21626
1.30703
3.58649
1.17264
3.89325
0.98081
3.28037
1.17237
2.97452
1.06214
2.69271
0.82526
2.97576
0.95631
2.53226
1.05891
1.97163
0.76219
1.42738
N/A
0.60976
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j
0
1
2
3
4
5
9
10
12
15
20
24

LA
≥1
LC

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
0.99316
0.57660
0.94542
0.50122
1.51995
0.58410
0.88228
0.55389
0.45653
0.42040
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

i
10
1.03352
0.93392
1.08078
1.00545
1.00027
1.05712
1.31184
0.81739
1.09037
0.85396
0.67136
1.10114
1.09130
0.60120
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
1.17131
3.81213
1.40174
3.65245
1.34253
3.34783
1.29033
3.71464
1.43453
2.83632
1.31479
2.93939
1.23678
2.05344
1.04484
2.50000
N/A
2.15789
1.50790
1.50000
N/A
1.01005
N/A
0.50000
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j
0
1
2
3
4
5
9
10
12
15
20
24

LA
≥ 30
LE

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
0.99298
0.57660
0.95000
0.50122
1.51995
0.58410
0.88955
1.85638
0.45653
0.42040
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

i
10
0.24809
0.77753
0.27613
0.83079
0.52005
0.85561
0.50105
0.85561
0.32327
0.77162
0.11723
0.83251
N/A
0.51433
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
0.89495
1.52698
0.94173
1.51741
7.37639
1.41862
13.8585
1.41862
1.68562
1.41858
12.3027
1.33196
1.67218
1.19037
2.48745
1.25000
N/A
1.05398
N/A
1.00000
N/A
0.67000
N/A
0.50000
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j
0
1
2
3
4
5
9
10
12
15
20
24

|θ| ≥ |5.5 ∝|

β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*
β
β*

5
0.91727
0.54060
2.41913
0.54731
1.07379
0.26287
N/A
0.61823
0.31989
0.09244
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

i
10
1.51357
0.93915
2.95239
0.98376
1.88979
0.97830
2.40219
0.78992
3.53086
0.81153
2.57735
1.00556
2.07470
0.63533
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

25
1.40233
3.81213
2.30104
3.21771
1.38357
3.78947
1.08342
3.90423
2.96247
3.28037
0.79134
2.97452
8.61275
2.68750
0.99361
2.97576
1.00257
2.25248
2.46552
1.97163
0.85729
1.41667
1.77974
0.60736
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Appendix F: Crystal Ball Simulated Data

The following figure shows the data simulated with Crystal Ball.

