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Abstract 

Every year tropical cyclones (TC) threaten or make landfall on the world’s coastlines. The most 

intense TC can cause extensive fatalities and property damage. To mitigate the tragic loss of life 

and property damage, early and relevant warnings on threatening TC are a priority to allow for 

adequate preparation and evacuation time. This quantitative study examined the use of the C4.5 

decision tree algorithm to see if it could provide a statistically significant value to improving the 

overall TC forecast accuracy. This research analyzed the five-day TC forecasts provided by the 

National Hurricane Center over a 15-year period. This study failed to find a significant 

difference between certain types of weather pattern components. However, this study was able to 

identify and fill three gaps in the existing body of knowledge. This new information provides 

benefits to both researchers and practitioners in hopes that one day, a future study may result in 

the identification of the differences in the weather pattern components such that they could aid in 

determining a successful TC forecast from an unsuccessful TC forecast. 
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CHAPTER ONE 

Every year tropical cyclones (TC) threaten or make landfall on the world’s coastlines. 

Some of the most intense TCs can cause extensive fatalities and property damage (McAdie & 

Lawrence, 2000; Rappaport et al., 2009; Sheets, 1990; Zhao, Lin, Lee, Sun, & Zhang, 2016). 

Landfalling TCs caused on average over $1 billion in damages (National Centers for 

Environmental Information [NCEI], 2016). On August 8, 2009, TC Marokot killed 600 people, 

displaced 25 K people, and caused damage to the Taiwanese road infrastructure (Huang, Chan, 

& Hyder, 2010). On November 2013, TC Haiyan affected 16 million people and killed 6,300 

people in the Philippines (Comes, Vybornava, & Van De Walle, 2015; Graham, Thompson, 

Wolcott, Pollack, & Tran, 2015). To mitigate this tragic loss of life and prevent property damage, 

early and relevant warnings on threatening TCs are a priority (Comes et al., 2015; Gall, Franklin, 

Marks, Rappaport, and Toepfer, 2013; Wang et al., 2015). Early and relevant warnings allow for 

people to have adequate preparation and evacuation time.  

Hence, the purpose of this quantitative study was to evaluate improvements on TC 

forecast accuracy through the use of the C4.5 decision tree algorithm. This study analyzed a 15-

year period of five-day TC forecasts provided by the National Hurricane Center (NHC) through 

their tropical discussions. To analyze a dataset containing over 5,131 forecasts and over 1.35 

million words categorized this study in the realm of big data analytics. The application of 

predictive analytics on meteorological data added another use case to big data analytics.  

This chapter provides a brief topic overview, significance of the study, and justification 

for this study. Subsequently, this chapter also defines the problem opportunity statement, 

research question, and hypothesis of this study. Additionally, this chapter covers assumptions 

and biases, limitations, and delimitations that affected the study in one way or another. Finally, 
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this chapter concludes with an overview of the implementation of predictive text analytics on the 

15-year tropical discussion dataset. 

Topic Overview/Background 

Tropical cyclones are an organized rotating system of thunderstorms over a closed low-

level circulation (Nakamua, Lall, Kushnir, & Rajagopalan, 2015; NHC, n.d.a). The maximum 

sustained wind speeds help describe a TC’s intensity and potential destructive power (Simpson 

& Saffir 1974). Since 2001, the NHC extended the TC forecasting period out to five days from 

its previous three-day TC forecasts (Cangialosi, 2016; Rappaport et al., 2009; Williamson et al., 

2014). At first approximation, the TC track is dependent on environmental conditions and 

steering flow, where TC intensity is dependent on the internal dynamics of the storm (Colbert & 

Soden, 2012; Nakamua et al., 2015; NHC, n.d.a.; Wang et al., 2015; Zhang & Tao, 2013). From 

2001 to 2015, the NHC hurricane specialists have amassed 5,131 instances of explicit knowledge 

in the form of tropical discussions (NHC, n.d.a). These tropical discussions help explain the 

hurricane specialists’ reasoning behind their forecasts. 

The NHC tropical discussion dataset falls under the definition of big data, which is any 

dataset that has high velocity, volume, and variety (Laney, 2001; Mao et al., 2015; Richards & 

King, 2014). Big data contains hidden patterns within it, and big data analytics is the use of 

certain algorithms to help uncover those hidden patterns (Garcia, Ferraz, & Vivacqua, 2009; 

Podesta et al., 2014).  

Predictive data analytics is a type of big data analytics that helps answer the question 

What will happen? using algorithms like decision trees, classification and regression trees 

(CART), and artificial neural network (Fayyad et al., 1996; Vardarlier & Silahtaroglu, 2016). In 

particular, decision trees are created using explicit knowledge; they are a non-linear machine 

learning predictive classification model (Berson, Smith, & Thearling, 1999; Chen, 2011; 
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Nassirtoussi et al., 2014; Quinlan, 1986; Zhou, 2015). Decision trees were given their name 

because they resemble a tree made out of nodes. Decision tree algorithms have been used to 

explore a dataset by searching for independent variables that have the strongest association to the 

dependent variable; this technique is called information gain (Berson et al., 1999; Chen, 2011; 

Ou & Wang, 2009). Quinlan (1986, 1996) developed the C4.5 decision tree algorithm. The 

advantage of the C4.5 algorithm is (a) the way in which it chooses to split data while reducing 

overfitting and (b) its use of error-based pruning algorithms to remove the least reliable branches 

from the model (Chen & Cheng, 2010; Quinlan, 1986; Sung, Chang, & Lee, 1999; Zhou, 2015).  

Accordingly, this study introduced the techniques, procedures, and C4.5 algorithm of 

predictive data analytics to the field of meteorology. The C4.5 algorithm was used in multiple 

studies to define success in the field of finance (Ahmad, 2014; Bollen, Mao, & Zeng, 2011; Chen 

& Cheng, 2010; Gilbert & Karaholios, 2010; Vu, Chang, Ha, & Collier, 2012; Zhang, Fuehres, 

& Gloor, 2011). The literature regarding predictive text analytics in forecasting financial markets 

is promising, such that introducing these techniques and procedures to the field of meteorology 

was also possible and promising. Transferring the methodologies used to forecast the different 

aspects of the financial markets to TC forecasts is possible via the diffusion of innovation (DoI) 

theory (Hagenau, Liebmann, & Neumann, 2013; Rogers, 2010). 

Problem Opportunity Statement 

Tropical cyclones are a global phenomenon that can cause extensive fatalities and 

property damage (McAdie & Lawrence, 2000; Rappaport et al., 2009; Sheets, 1990; Zhao, Lin, 

Lee, Sun, & Zhang, 2016). Allowing for adequate preparation and evacuation time to mitigate 

TC fatalities and damages could be accomplished by improving TC forecasts (Comes et al., 

2015; Wang et al., 2015). Gall et al. (2013) identified that one of the goals of the Hurricane 

Forecast Improvement Project (HFIP) was to improve the forecast accuracy by 50% by 2019.  
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The problem with this goal is that Gall et al. focused on the use of dynamical and ensemble 

forecasting models to improve TC forecasts, which did not take into account other methods like 

predictive data analytics.  

Since 2001, the NHC has been collecting explicit knowledge in the form of tropical 

discussions (NHC, n.d.b). This study analyzed the tropical discussion dataset through the use of 

predictive text analytics techniques, a subset of predictive data analytics. The application of 

predictive text analytics on meteorological data added another use case of big data analytics. 

This new case deepens the body of knowledge further in one vertical while introducing new 

techniques and procedures in another vertical (Corrales et al., 2015). Finally, Garcia et al. (2009) 

expressed concern that subject matter experts are not always available to verify the importance 

and accuracy of the data mined results. This study evaluated the results from both a 

meteorological and data analytics perspective to aid in filling this gap for both of these fields. 

Purpose Statement 

The purpose of this experiment was to test whether the use of the C4.5 algorithm could 

relate the independent variables to the dependent variable. The independent variables in this 

study were the individual weather pattern components that interact with the TC. Analyzing each 

forecast as either scoring above (unsuccessful forecasts) or below (successful forecast) the 15-

year average forecast error allows for the classification of the dependent variable in each of the 

TC forecasts. The results from this quantitative study could help provide insights to the NHC 

hurricane specialists to improve the accuracy of their TC forecasts (Gall et al., 2013; Rappaport, 

Jiing, Landsea, Murillo, & Franklin, 2012).  
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Research Question 

The research question that guided this qualitative research study was: Which weather 

pattern components can improve the Atlantic TC forecast accuracy through the use of C4.5 

algorithm on the five-day tropical discussions from 2001 to 2015?  

Hypothesis  

Tropical cyclones interact with other weather pattern components, which do affect a TC’s 

track and intensity. The C4.5 algorithm should be able to detect these individual weather pattern 

components that help classify TC forecast as either successful or unsuccessful. For this study, the 

null hypothesis (H0) is non-directional, whereas the alternative hypothesis (H1) is directional: 

H0: There are no significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 

H1: There are significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 

This study used a 90% confidence interval for pruning the C4.5 algorithm’s derived decision tree 

and used the Cohen’s kappa statistic (for interrater agreement) value of 0.81 to 1.00 as the proof 

criteria. 

Conceptual and Theoretical Framework 

Through the use of predictive classification algorithms, it is possible to understand which 

weather pattern components drive TC forecast outcomes. This study classified TC forecast 

outcomes as either successful or unsuccessful. Therefore, the conceptual framework for 

understanding the success of a TC forecast, states that the outcome is dependent on many 

weather pattern components discoverable by analyzing the tropical discussions with data 
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analytics. The body of knowledge indicated that the conceptual framework for understanding TC 

forecasts is no different from that for understanding forecasting financial markets.  

When forecasting financial markets, the definition of success is gaining a positive return 

on investment. The conceptual framework for understanding financial market outcomes 

illustrates that there are many independent variables hidden within a body of text, which are 

discoverable through data analytics and can influence the dependent variable. The dependent 

variable is either a positive, neutral, or negative return on investment (Kim, Jeong, & Gahni, 

2014; Li, Wang, Li, Liu, Gong, & Chen, 2014; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; 

Thanh & Meesad, 2014).  

Finally, the use of the diffusion of innovation (DoI) theory, proposed by Rogers (1962), 

suggests that innovation and ideas can diffuse across multiple entities. The use of the C4.5 

algorithm is an idea used in the field of finance that could diffuse into the field of meteorology, 

given that there are parallels between the conceptual frameworks. Thus, the processes and 

techniques used to identify success in forecasting financial markets can be used to identify 

success in forecasting TCs. 

Assumptions/Biases 

This study had a few assumptions. One of the assumptions revolved around the analyses 

of tropical discussions. A tropical discussion conveys the reasoning behind the hurricane 

specialist's analysis with their five-day forecasts as technical products (Knaff et al., 2003; 

Rappaport et al., 2009; Williamson et al., 2014). These technical discussions are assumed in this 

study to contain semantic (meaning of words) and syntactic (order of the words) information and 

lack sentiment (words conveying emotion) information (Nassirtoussi et al., 2014; Schumaker, 

Zhang, Huang, & Chen, 2012). This assumption impacts the research because this study does not 



 

7 

analyze the text contained in the tropical discussions through sentiment analysis, only the 

semantic and syntactic analysis.  

Also, a different hurricane specialist at the NHC does each TC forecast and 

corresponding tropical discussion (NHC, n.d.c). However, this study assumed that the NHC 

produced the products (one level of abstraction higher than at the hurricane specialist level). 

Consequently, the tropical discussions come from one government agency and therefore one 

source. An assumption for this level of abstraction ensures a homogeneous dataset that allowed 

for comparability between forecasts and tropical discussions written by different hurricane 

specialists. This is a valid assumption because the NHC’s products are viewed and scrutinized by 

multiple stakeholders. Additionally, the NHC is the authoritative and visible government voice 

for TC products that ensures the quality and homogeneity of their products (Williamson et al., 

2014). When a new technology, model, or forecasting technique becomes adopted by the NHC, 

the hurricane specialists are trained to ensure uniformity in their products (Rappaport et al., 

2012).  

Personal experiences can introduce biases and assumptions in any research project. 

Ethically, the researcher must disclose that he volunteered at the NHC for four months during 

2011. The responsibility rests on the researcher to remain neutral and objective as possible, and 

not allow biases from his personal experience to interfere with this study. It is important to state 

that the data collected for this study existed online through the NHC, and the researcher avoided 

the use of personal relationships within the NHC to conduct the study (NHC, n.d.b). Disclosure 

of these potential sources of bias and assumptions allows the reader to have a clarifying lens 

through which to understand this study.  
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Figure 1. Combining the conceptual frameworks for understanding successful financial market forecasts and for understanding 

successful tropical cyclone forecasting using big data analytics through the use of Diffusion of Innovation as the theoretical 

lens. 



 

9 

 

Significance of the Study 

Murray (2009) suggested that researchers are developing new knowledge and that 

practitioners should use the researcher’s results. However, it takes a lot of time and energy for 

practitioners to adopt these innovations. Nevertheless, through the Joint Hurricane Testbed, the 

NHC hurricane specialists scan the scientific body of literature to help bridge the gap between 

researchers and practitioners (Rappaport et al., 2012). Given that Gall et al. (2013) did not take 

into account other methods for improving TC forecasts––like big data analytics––this study 

addressed it.  

Since 2001, the NHC has been collecting instances of explicit knowledge in the form of 

tropical discussions, which explain their reasoning behind their forecasts (NHC, n.d.b.). This 

study addressed the gap in the field of meteorology created by Gall et al. (2013) by analyzing the 

text data contained in the tropical discussions using predictive text analytics. This study applied 

an instance of predictive text analytics on meteorological data. Therefore, this study added 

another use case of predictive text analytics in the field of big data analytics, which helped to 

deepen the body of knowledge in data analytics (Corrales et al., 2015).  

The field of finance has been using predictive text analytics to help understand financial 

markets (Hagenau et al., 2013; Kim et al., 2014; Li et al., 2014; Nassirtoussi et al., 2015; 

Schumaker et al., 2012; Thanh & Meesad, 2014). The field of finance also used the C4.5 

algorithm to help understand successful financial forecasts (Ahmad, 2014; Bollen et al., 2011; 

Chen & Cheng, 2010; Gilbert & Karaholios, 2010; Vu et al., 2012; Zhang et al., 2011). The 

definition of success in the field of financial forecasting is considered to be tangential to the 

definition of success in the field of meteorological forecasting. Therefore, this study used the 

C4.5 algorithm from the field of finance and applied it to the field of meteorology. The results 

gained from this study could be the first of many needed for full adoption of predictive data 



 

10 

analytics by the hurricane specialist and other meteorologists. Therefore, meteorologists can 

begin to use these techniques and procedures as a new way to understand their forecasts. 

Delimitations 

The study used a stratified purposive sampling on secondary data to identify the TC 

forecasts for the study. Thus, the delimitations imposed by this study are:  

1. TC forecasts that were created by the NHC 

2. TC that were active in the North Atlantic Oceanic Basin 

3. TC that formed during the period in which the official 5-day forecasts are available 

4. Forecast verifications of the official forecasts exist  

The researcher did not intend to provide generalized results for all TCs around the world in all 

oceanic basins nor for all TC forecasts that have ever existed by any number of differing entities, 

corporations, or agencies. However, the methods and techniques used for the Atlantic TC 

forecasts could be transferable to other oceanic basins or forecasting agencies. Therefore, 

through this stratified purposive sampling, the dataset incorporated the tropical discussions, 

which were products from the NHC from active TC in the Northern Atlantic Oceanic Basin from 

2001 to 2015 (NHC, n.d.b).  

Limitations 

There are some aspects of the research that cannot be controlled by the study. One of 

these limitations existed in the data and the data source. Given that the tropical discussion was a 

product of the NHC that conveyed the reasoning behind the hurricane specialists’ analyses and 

contains their five-day forecasts, these products were pure examples of codified explicit 

knowledge (Knaff et al., 2003; Rappaport et al., 2009; Williamson et al., 2014). Explicit 

knowledge is the expressible form of knowledge maintained in a repository (Chatterjee, 2014; 

Tow, Venable, & Dell; 2015). In each of the tropical discussions of an active TC, hurricane 
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specialists decided on what to include or exclude from their analysis even though the specialist 

has looked at various models, datasets, and data points to make official forecasts. The exclusion 

of certain types of knowledge from the tropical discussions made it impossible for this researcher 

to infer this form of implicit knowledge from this study. Implicit knowledge is the knowledge 

that has not been expressed for one reason or another even though that piece of knowledge is 

expressible (Chatterjee, 2014; Tow et al.; 2015). However, it was hard to know what is unknown 

(Zhang, Ma, & Yao; 2014). Therefore, this analysis was limited to understanding the explicit 

knowledge contained within the 15-year tropical discussion dataset. 

Another limitation of this study was that the dataset represents a static 15-year snapshot 

from the entire world history of TCs. The results from this study did not include the entire 

solution space of TC forecasts and therefore did not take into account all the climatological, 

multi-centennial, or multi-decadal effects. However, the methodology used in this study helped 

to mitigate the multi-annual variations in TCs. In analyzing the tropical discussions in the North 

Atlantic Oceanic Basin over a 15-year period has helped cover many, but not all, of the 

exhaustive unique situations and weather pattern combinations that would aid in improving 

weather forecasts (Rittel, & Webber, 1973; Taleb, 2007; Yukawa, 2015).  

Similarly, the dataset used in this study focused on a fixed point in space––the North 

Atlantic Oceanic Basin. There is a total of seven oceanic basins where TCs occur, which are the 

North Atlantic, North Eastern Pacific, North Western Pacific, North Indian, South Western 

Indian, South Eastern Indian, and South Western Pacific basins (Atlantic Oceanographic and 

Meteorological Laboratory, n.d.). The same geophysical fluid dynamic principles govern each of 

these oceanic basins. However, each has a set of different local properties, which can contribute 

to varied local steering patterns and different local weather oscillation patterns. These oscillating 
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local weather patterns affect the local oceanic basin and neighboring basins differently 

(Camargo, Emanuel, & Sobel, 2007; Maloney & Hartmann, 2015; Wang, Xiang, & Lee, 2013). 

The climatological analysis suggested that about 69% of all TCs occur in the northern 

hemisphere and about 14% of all TCs occur over the North Atlantic Ocean, which is further 

proof that local oceanic basin differences impact TC activity (Landsea & Delgado, 2016). Thus, 

a study focused on one oceanic basin was quite limited, and generalizable results to any of the 

other seven oceanic basins were difficult. Although every oceanic basin has its differences, it 

was beyond the scope of the study to correlate the insights gained from analyzing North Atlantic 

TC forecasts with the TC forecasts from other basins. 

Finally, the use of only the C4.5 algorithm in this study was only one of many predictive 

analytical algorithms. It was impossible that a single predictive algorithm in the methodology 

would fit all forecasting situations. This limitation was one of the main results derived from 

multiple studies in forecasting financial markets (Ahmed, 2014; Chen & Cheng, 2010; Maimon 

& Rokach, 2010; Sakurai, Makino, & Matsumoto, 2014). Also, even if the C4.5 algorithm 

worked for the North Atlantic oceanic basin, it may not work well for any other oceanic basins, 

or at any other period outside of the 15-year period in this study. Other decision tree algorithms 

or even other predictive algorithms may yield more accurate information for the same dataset 

used in this study. Numerous studies have applied the C4.5 algorithm, but Dogan and Tanrikulu 

(2013) concluded that this classification algorithm is one of the best algorithms. The use of this 

algorithm to this dataset is meant to be an introduction of predictive data analytics to the field of 

meteorology. 

Definition of Terms 

The following terminology defined should aid in the understanding the critical factors in 

this study: 
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Big data. Any set of data that has high velocity, volume, and variety; also known as the 

3Vs (Davenport & Dyche, 2013; Fox & Do 2013, Kaur & Rani, 2015. Mao, Xu, Wu, Li, Li, & 

Lu, 2015; Podesta, Pritzker, Moniz, Holdren, & Zients, 2014; Richards & King, 2014; Sagiroglu 

& Sinanc, 2013; Zikopoulous & Eaton, 2012). 

C4.5 Decision Tree Algorithm. The predecessor of the decision tree ID3 algorithm first 

developed from Quinlan (1986, 1996). 

Classification algorithms. Aim to classify data into different predefined classes (Fayyad 

et al. 1996). 

Decision tree. A non-linear machine learning predictive classification models that 

resemble a tree made of nodes, and are powered by explicit knowledge (Berson et al., 1999; 

Chen, 2011; Nassirtoussi et al., 2014; Quinlan, 1986; Zhou, 2015). 

Diffusion of innovation (DoI). The theory that is concerned with the rate of innovation 

adoption between entities (Ahmed, Lakhani, Rafi, Rajkumar, & Ahmed, 2014; Bass, 1969; 

Robertson, 1967; Rogers, 1967; Rogers, 2010; Rohani & Hussin, 2015). 

Financial market forecast. Predicting financial markets with hopes of increasing the 

return on investment. Financial markets could include the foreign exchange (FOREX) markets, 

commodity markets, futures, stock exchanges, and individual stocks (Angandi & Kulkarni, 2015; 

Chen et al., 2011; Jin, Chen, & Zhang, 2014; Nassirtoussi et al., 2015; Parkavi & Sasikumar, 

2016; Zhou, 2015). 

Hurricane specialists. A job title given to weather forecasters that specialize in 

hurricanes and who work within the NHC (NHC, n.d.c). 
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Innovation. An idea, value, service, technology, method, or thing that is new to an entity 

(Jeryaraj & Sabhewal, 2014; Rogers, 1962; Rogers, 2010; Sáenz-Royo, Gracia-Lázaro, & 

Moreno, 2015). 

Predictive analytics. Help to explain “What will happen?” through data/text analytics 

algorithms that take input data and try to predict values of interest for the future. Predictive 

analytics can consist of classification, regression, and anomaly detection algorithms (Fayyad et 

al., 1996; Vardarlier & Silahtaroglu, 2016). 

Tamed problems. Problems that can be quite complicated, but have a little diversity and 

are resolvable through linearized thoughts and actions, similar to puzzles (Briggs, 2007; Grint, 

2010; Head & Alford, 2015; Summers & Smith, 2014). 

Text mining. A process that involves discovering implicit knowledge from textual data 

(Gera & Goel, 2015; Hashimi & Hafez, 2015; He, Zha, & Li, 2013; Hoonlor, 2011; Mei & Zhai, 

2005; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015). 

Tropical cyclone (TC). An organized rotating system of thunderstorms over a closed low-

level circulation. TCs originates in the tropical waters and are the overarching term to describe a 

tropical depression, tropical storm, hurricane/typhoon, and major hurricane/super typhoon 

(Nakamua et al., 2015; NHC, n.d.a.).  

Tropical discussions. A product of the NHC that conveys the reasoning behind the 

hurricane specialist's analysis and contains their five-day forecasts (Knaff et al., 2003; Rappaport 

et al., 2009; Williamson et al., 2014). 

Wicked problems. Problems that are not evil, but are difficult to solve due to their 

complexity (Briggs, 2007; Camillus, 2008; Coulton et al., 2014). 
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General Overview of the Research Design 

The research design for this study is similar to a causal-comparative non-experimental 

quantitative research. Causal-comparative studies test the hypotheses that are based on finding 

which of the independent variables help to explain differences between two groups (Gall et al., 

2006). The two key datasets that meet the delimitations set for this study are the: NHC’s tropical 

discussions and the NHC’s forecast verification, which are freely available through the internet 

(NHC, n.d.b, n.d.d). Collecting the raw and unaltered real world data is the first step of any data 

or text mining research study. However, preprocessing data allows the data to become suitable 

for predictive data analytics software tools like WEKA (Coralles et al., 2015; Gera & Goel, 

2015; He et al., 2013; Hoonlor, 2011; Miranda, n.d.; Nassirtoussi et al., 2014). Also, software 

tools work well when the raw data is in a common format (Mandrai & Barkar, 2014). Then, the 

missing and defective data must be removed before both datasets can be integrated (Barak & 

Modarres, 2015; Fayyad et al., 1996; Mandrai & Barkar, 2014; Netzer et al., 2012). Predictive 

data analytics tools can analyze unstructured text data after the preprocessing step. Preprocessing 

involves tokenization, stop word removal, and word-normalization (Hoonlor, 2011; Miranda, 

n.d.; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Pletscher-Frankild et al., 2015; Thanh & 

Meesad, 2014).  

Next, the data is ready to be fed into the predictive data analytics tool to create a 

predictive model (Corrales et al., 2015; Fayyad et al., 1996; Gera & Goel, 2015; Kumar & Fet, 

2011; Miranda, n.d.; Nassirtoussi et al., 2014). Selecting the C4.5 algorithm and its features from 

the library of algorithms is necessary before running the model (Miranda, n.d.). For this 

particular research problem, a randomized sample of 66.66% of the data across the 15-year 

period was used to train the C4.5 model. The remaining 33.34% of the data was the data used to 

test the derived model’s accuracy (Kim et al., 2014; Li et al., 2014; Liu et al., 2013; Thanh & 
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Meesad, 2014; Vu et al., 2012). Subsequently, the Waikato Environment for Knowledge 

Analysis (WEKA) software could then visualize the results, therefore allowing for the 

interpretation of the model and model results (Ahiaga-Dagbui & Smith, 2014; Corrales et al., 

2015; Mandrai & Barskar, 2014; Miranda, n.d.). 

Summary of Chapter One 

The purpose of the quantitative study was to determine whether the use of the C4.5 

algorithm provides a statistically significant value to improving the overall TC forecast accuracy. 

Chapter One provided the background, significance, and justification for this study, while at the 

same time defining the problem opportunity statement, research question, and hypothesis. The 

assumptions and biases, limitations, and delimitations set by the study influenced the study in 

one way or another were summarized.  

Organization of Dissertation 

Chapter Two presents the foundation for this study through a detailed exploration of the 

following topics: data analytics, predictive analytics on financial markets, DoI theory, wicked 

problems, and hurricane forecasting. The following chapter explores each topic through an 

extensive review of the contextual and seminal body of knowledge, which aids in identifying the 

gaps in the literature and understanding of how each topic relates to the overall problem 

statement of this study. Thus, Chapter Two presents the case for the underlying principles used 

in this study in improving TC forecasting. In Chapter Three, there is a further exploration of the 

implementation of predictive text analytics on the 15-year tropical discussion dataset. Chapter 

Four presents the results of the data collection, data analysis, and discussion. Finally, Chapter 

Five provides an overview of the dissertation results, the implications for the practice, and 

identifies the recommendations for future research. 
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CHAPTER TWO 

This chapter provides a review of the literature that covers what, when, where, and how 

key aspects of text analytics and the origination of big data analytics. Subsequently, this chapter 

covers the successful application of text analytics on forecasting financial markets. Also, the 

exploration of how the diffusion of this innovation across fields occurs. This study defined the 

innovation as the use of text analytics for understanding the success of forecasting financial 

markets, along with the explanation of why the diffusion of this innovation would occur between 

the fields of finance and meteorology. Also, a discussion of how the problem statement is a 

wicked problem helps to set the reader's expectations and the scope of the study. Additionally, 

this chapter covers the body of knowledge of the techniques, methods, and datasets used to help 

create the TC forecasts, but with the end goal of consolidating multiple different topics that were 

presented into understanding what makes a successful TC forecast through analyzing the NHC 

tropical discussions. Finally, this chapter discusses the gaps in the body of literature and how this 

study would address them. 

Text Analytics 

Dr. Snow (1855) is one of the first well-known cases that set the foundations for modern 

day data analytics. Snow’s original hypothesis was about the transmission of cholera through 

water distribution systems, the data and analysis of which helped to support his hypothesis 

(Brody et al., 2000; Snow, 1855). Snow drew his famous spot maps for the Board of Guardians 

of St. James’ parish in December 1854, to show that his hypothesis regarding how the cholera 

outbreak was spreading was true (Brody, Rip, Vinten-Johansen, Paneth, & Rachman, 2000; 

Snow, 1855). However, it could have been argued by anyone that the atmosphere in that region 

of London was causing the outbreak (Brody et al., 2000). What made Snow’s hypothesis correct 

was that he had been studying cholera for a while, which rendered him a subject matter expert 
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(Brody et al., 2000). The use of subject matter expertise before the use of experimenting with 

data analytics can help generate the best results (Chonde & Kumara, 2014; Garcia, Ferraz, & 

Vivacqua, 2009). This is because using outdated Edisonian-esque systems, which use a test-and-

fail methodology, can generate suboptimal results and can be very costly on research and 

development budgets (Chonde & Kumara, 2014). Thus, for the best results, the theory should 

guide the data analytics.  

The first few cases of text mining came out of papers from Luhn (1953; 1957). Luhn 

(1953) proposed that when two investigators manually search through the text, they can come up 

with different results; particularly when they are trying to assign key terms to the same reference. 

In 1957, Luhn proposed an automated statistical approach to assigning key terms to 1200 

documents while removing the subjective key term assignments introduced by human 

investigators. At that time, it was not conclusive whether verbs or nouns made for better 

keywords (Luhn, 1957).  

The implications and application of this research sparked the field of text mining. 

Dumuis, Furnasa, Landauer, Deerwester, and Harshman (1988) built on Luhn’s (1957) work, 

proposing the use of latent semantic analysis for text mining. The issue addressed how to deal 

with the English language’s use of synonyms, where more than one word means the same thing, 

and polynyms, where one word means different things, when building key terms based off of text 

data (Dumuis et al., 1988). Then, Salton and Buckley (1988) proposed term-weighting 

approaches in their automatic text indexing. These were some of the earliest works in text 

mining. Triss (2013) argued that text mining grew from the works of Dumuis et al. (1988) and 

Salton and Buckley (1988) to form the assortment of text mining algorithms as is seen today. 

However, text mining’s true roots come from Luhn (1953; 1957).  
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From Snow’s analysis of 616 deaths in 1854, the field of data analytics has evolved 

significantly (Brody et al., 2000; Snow 1855). A century after Dr. Snow's (1855) famous 

analysis, the field of data analytics saw the creation of what is modern day text analytics through 

analyzing 1200 documents like Luhn (1958) or 2000 memos in Dumuis et al. (1988). These 

cases of text analytics paved the way for modern big data analytics. Back in those days, analysis 

of that many data points was considered big data. 

Big Data 

The definition of big data changes with respect to time. Both Crawford, Miltner, and 

Gray (2014) and Fox and Do (2013) made the distinction that what is considered to be big data 

today, will not be big data 10 or 20 years from now. Likewise, what was under consideration as 

big data in the past is no longer considered big data today. The attribution of this claim is given 

to Moore’s law of doubling circuits approximately every two years making it possible to process 

more data as time progresses (Crawford et al., 2014). Fox and Do explained that big data’s 

definition varies with time based on how big is too big, how widespread is the data typing, and 

how fast the data comes into a system such that it creates processing issues. 

Big data is nearing the end of its nascent period, because, in nascent fields (i.e. 

cheminformatics) different definitions for keywords are expected (Chonde & Kumara, 2014). 

Now, an accepted definition of big data is any set of data that has high velocity, volume, and 

variety, which, together, are also known as the 3Vs (Davenport & Dyche, 2013; Fox & Do 2013, 

Kaur & Rani, 2015. Mao, Xu, Wu, Li, Li, & Lu, 2015; Podesta, Pritzker, Moniz, Holdren, & 

Zients, 2014; Richards & King, 2014; Sagiroglu & Sinanc, 2013; Zikopoulous & Eaton, 2012). 

The definition of the 3 Vs of big data originated with a Gartner blog post (Laney, 2001; Mao et 

al., 2015; Richards & King, 2014). Vardarlier and Silahtaroglu (2016) agreed with the 3Vs but 

added two more Vs: veracity and value. Sagiroglu and Sinanc (2013) did not classify value as the 
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main characteristic of big data, but asserted that big data analytics should provide some form of 

value for the end user. The definition of veracity was composed of two other distinct 

characteristics––high volumes of data from a variety of sources and formats (Vardarlier & 

Silahtaroglu, 2016). Crawford et al. (2014) mentioned veracity, but did not claim it as part of 

their definition of big data. Thus, the simplest unit definition of big data analytics depends on 

analyzing data with high volume, high velocity, and high variety. However, Mao et al. (2015) 

and Davenport and Dyche (2013) argued that variety in big data analytics is very important and 

can yield the biggest potential reward.  

The 3Vs 

The velocity of data is known as the speed in which data comes in (Davenport & Dyche, 

2013; Mao et al., 2015; Podesta et al. 2014; Sagiroglu & Sinanc, 2013; Vardarlier & 

Silahtaroglu, 2016). An example of high velocity comes from the fact that about 200 hours of 

video and 350,000 pictures are uploaded online in a minute (Podesta et al., 2013). Data with high 

velocity adds to the volume of potential data that is being collected and analyzed.  

Volume is the size of the data and units of bytes are used to describe data volume 

(Davenport & Dyche, 2013; Fox & Do, 2013; Mao et al., 2015; Podesta et al., 2014; Sagiroglu & 

Sinanc, 2013; Vardarlier & Silahtaroglu, 2016). For example, a single human genome has three 

billion base pairs, which amount to 100 GB of uncompressed data, and 13 quadrillion base pairs 

have been sequenced already in the genome project (O’Driscoll, Daugelaite, & Sleator, 2013). 

Through collecting of large amounts of data and information, Aruldoss, Lakshmi Travis, and 

Venkatesan (2014) explained that the value of big data analytics increases as more information is 

transformed into knowledge. Aruldoss et al. (2014) also suggested that data should be collected 

strategically or selectively because collecting this data can be expensive, financially and 
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temporally. Another way to create volume in a dataset is to add variety to it (Sagiroglu & Sinanc, 

2013).  

Finally, for variety, Corrales, Ledezma, and Corrales (2015) defined data fusion as the 

combination of data from multiple sources and different data structures, which at times can be 

incompatible with existing data. Thus, data can come from different data sources, which can lead 

to three different flavors of data: structured, semi-structured, and unstructured (Davenport & 

Dyche, 2013; Mao et al., 2015; Podesta et al., 2014; Sagiroglu & Sinanc, 2013; Vardarlier & 

Silahtaroglu, 2016). These three data types provide a holistic value to big data analytics 

(Davenport & Dyche, 2013). Relational and numerical data can be considered as structured data 

because it can be tagged, stored, and sorted (Davenport & Dyche, 2013; Hashimi & Hafez, 2015; 

Nassirtoussi, Aghabozorgi, Wah, & Ngo, 2014; Sagiroglu & Sinanc, 2013; Vardarlier & 

Silahtaroglu, 2016). Text data can contain unstructured collections of words like synonyms and 

polynyms, which make text analytics non-trivial (Dumuis et al., 1988; Meyer et al., 2008). Thus, 

text data is considered unstructured data (Davenport & Dyche, 2013; Hashimi & Hafez, 2015; 

Nassirtoussi, Aghabozorgi, Wah, & Ngo, 2014; Sagiroglu & Sinanc, 2013; Vardarlier & 

Silahtaroglu, 2016). Finally, semi-structured data have elements of both unstructured and 

structured data. Social media data can be semi-structured data, where portions of the data can be 

sorted and tagged, but analyzing sentiment and semantic information from it is not trivial 

(Davenport & Dyche, 2013; Hashimi & Hafez, 2015; Sagiroglu & Sinanc, 2013; Vardarlier & 

Silahtaroglu, 2016). During the 15-year period, the NHC has produced 5,131 tropical discussions 

for the Atlantic Oceanic Basin and their corresponding numerical forecasts, which yielded over 

1.35 million words (NHC, n.d.b). Therefore, using the 3Vs definition of big data, the NHC 
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dataset fell under the definition of big data and established the need for big data analytics to deal 

with this dataset. 

Big Data Analytics 

Big data analytics is the use of algorithms on data to aid in revealing the most critical 

patterns or rules hidden within the big data (Garcia et al., 2009; Podesta et al., 2014). There are 

three primary types of analysis that reveal these relevant patterns: descriptive, predictive, and 

prescriptive (Davenport & Dyche, 2013; Fayyad, Piatetsky-Shapiro, & Smyth, 1996; Vardarlier 

& Silahtaroglu, 2016). Fayyad et al. (1996) stated that the definition of these analytical 

techniques has boundaries that are fuzzy at best, where some algorithms have elements of the 

other analytical techniques. Note that understanding the main difference between these three 

analytical techniques is useful (Fayyad et al., 1996).  

Descriptive analytics helps answer “What happened?” through data and text analytics 

algorithms like K-means (and its derivatives), tree clustering, and fuzzy clustering (Fayyad et al., 

1996; Vardarlier & Silahtaroglu, 2016). Predictive analytics helps explain “What will happen?” 

through data and text analytics algorithms like decision trees, CART, and artificial neural 

networks (Fayyad et al., 1996; Vardarlier & Silahtaroglu, 2016). Prescriptive analysis helps 

explain “Why it happened?” through data and text analytics algorithms like machine learning, 

sentiment analysis, computer vision, and signal processing (Vardarlier & Silahtaroglu, 2016). 

The main focus of this study was to use predictive text analytics.  

Predictive analytics and decision trees. Predictive analytics takes input data and tries to 

predict values of interest in the future based on that data. Predictive analytics can consist of 

classification, regression, and anomaly detection algorithms (Fayyad et al., 1996). This study 

focused on classification algorithms, which aim to classify data into different predefined classes 

(Fayyad et al., 1996). The use of classification algorithms to identify reasons as to why some 
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years were more profitable when asking for government grants for security improvements were 

used to help predict when it is best to apply for more grants in the aviation sector (Wang, Kofi 

Andoh-Baidoo, & Sun, 2014). These classification algorithms were also used to propose a three-

tiered system for identifying email spam to improve the accuracy of spam filters over time 

(Zhou, Yao, & Luo, 2014). There has even been a multi-disciplinary use of a classification 

algorithm to study 472 peer-reviewed articles from 1977 to 2008 to search unstructured semantic 

data from the abstracts to ascertain certain firm characteristics that could lead to IT innovation 

and its evolution over time (Basole, Seuss, & Rouse, 2013). Yoon and Song (2014) classified 

and analyzed US patent text and citation data in the field of LED technology from 1989 to 2008 

and was able to discover technological opportunity and potential future patenting partners. 

Basole et al. (2013) and Yoon and Song (2014) classified and analyzed data from a time series 

perspective, which was mining for predictive patterns through temporal means.  

Decision trees are a non-linear machine learning predictive classification models that 

resemble a tree made of nodes and are powered by explicit knowledge (Berson, Smith, & 

Thearling, 1999; Chen, 2011; Nassirtoussi et al., 2014; Quinlan, 1986; Zhou, 2015). Decision 

tree algorithms have been used to explore a dataset in search for independent variables that have 

the strongest association to the dependent variable (Berson et al., 1999; Chen, 2011; Ou & 

Wang, 2009). Barak and Modarres (2015) used predictive tree classification for forecasting stock 

attributes and obtain predictive accuracy levels of 71%. The advantage of decision trees is they 

(a) can divide and classified data without a loss, (b) are easy to understand and interpret, and (c) 

do not require any assumptions about the underlying distribution of the data (Berson et al., 1999; 

Ou & Wang, 2009).  
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In decision trees, there are three types of nodes that help grow the tree: root nodes, 

internal nodes, and leaf nodes (Zhou, 2015). Root nodes are the main question asked of the 

decision tree, and they are the first node in the tree; it is from this node that the tree grows (Zhou, 

2015). Root nodes and internal nodes represent new specific questions. These specific questions 

generate other internal nodes or leaf nodes through splitting the data by its attributes into 

different non-overlapping subspaces (Ahmad, 2014; Berson et al., 1999; Chen, 2011; Chen & 

Cheng, 2010; Nassirtoussi et al., 2014). 

Dogan and Tanrikulu (2013) studied 10 different datasets and compared them with 14 

different types of classification algorithms and were able to conclude that C4.5 was one of the 

best classifiers. The C4.5 algorithm is the predecessor of the decision tree ID3 algorithm first 

developed by Quinlan (1986, 1996). The advantages of the C4.5 algorithm are (a) the way in 

which it chooses to split the data, (b) it reduces overfitting, and (c) it uses error-based pruning 

algorithms to remove the least reliable branches (Chen & Cheng, 2010; Quinlan, 1986; Sung, 

Chang, & Lee, 1999; Zhou, 2015). The described advantages of using decision trees, in 

particular the C4.5 algorithms, are the main reasons why the decision tree was used classify TC 

forecasts; in particular, the decision tree was applied for its ease of use, pruning algorithms, and 

the fact that there are no assumptions regarding the underlying data distributions.  

Accordingly, this study introduced the techniques and procedures of the C4.5 algorithm, 

which has been utilized to define success in the field of finance (Ahmad, 2014; Bollen, Mao, & 

Zeng, 2011; Chen & Cheng, 2010; Gilbert & Karaholios, 2010; Vu, Chang, Ha, & Collier, 2012; 

Zhang, Fuehres, & Gloor, 2011). The introduction of the predictive analytics on financial 

markets in the following section is possible because the definition of success in the field of 

finance forecasting was considered to be tangential to the definition of success in the field of 
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meteorological forecasting. Also, the field of finance has already been using predictive text 

analytics on financial markets (Hagenau, Liebmann, & Neumann, 2013; Kim, Jeong, & Ghani, 

2014; Li et al., 2014; Nassirtoussi et al., 2015; Schumaker, Zhang, Huang, & Chen, 2012; Thanh 

& Meesad, 2014). 

Predictive Text Analytics on Financial Markets 

Predictive pattern identification, statistical data, and text analytics have been used to help 

forecast financial markets for the primary purpose of seeing a positive return on principle 

investment from knowledge gained of dominant market variables (Chen & Cheng, 2010; Huang 

& Lin, 2014). A rational investor may try to assimilate as much information as they can in their 

goal to increase their return on investment (Chen & Cheng, 2010). Therefore, these research 

studies aim to provide investors with enough valuable information to make lucrative data-driven 

decisions. These studies obtain valuable information through classification or clustering 

algorithms depending on the final result: positive, neutral, or negative return on investment 

(Barak & Modarres, 2015; Bollen et al., 2011; Chen & Cheng, 2010; Dogan & Tanrikulu, 2013; 

Groth & Muntermann, 2011; Haung & Lin, 2014; Parkavi & Sasikumar, 2016; Wei & Haung, 

2012). The use of predictive data analytics in financial markets can extend to (a) foreign 

exchange (FOREX) markets, (b) commodity markets, (c) futures, (d) stock exchanges, (e) 

individual stocks, and (f) a company's financial variables (Angandi & Kulkarni, 2015; Chen, Su, 

Cheng, & Chiang, 2011; Jin, Chen, & Zhang, 2014; Nassirtoussi et al., 2015; Parkavi & 

Sasikumar, 2016; Zhou, 2015). 

Angadi and Kulkarni (2015) and Wei and Huang (2012) proved the effectiveness of 

predictive analytics in forecasting financial market over analyzing common stock price patterns. 

The previous studies conflicted with Chen et al.’s (2011) findings. Chen et al. proposed a stock 

prediction model based on understanding common stock price patterns, over a nine-year period 
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of the Taiwan stock market index (TAIEX), which outperformed statistical time series models, 

fuzzy time series model, and an advanced fuzzy time series model. The results of Chen et al.’s 

study came on the heels of research conducted by Qu and Wang (2009). Qu and Wang analyzed 

seven years of FOREX data and the Hang Seng index in the Hong Kong stock market under 10 

different predictive analytics techniques and they were able to obtain a prediction hit rate of over 

80%. The even earlier research was able to use predictive analytics on Korean Stock Exchange 

(KSE) to predict which companies could go bankrupt over a one-year period (Sung et al., 1999). 

Then, Wei and Huang (2012) were able to show support for long-term forecasting of changes in 

price trends in 500 stocks in the Standard and Poor’s (S&P) 500 index. Finally, when the use of 

the automated statistical Autoregressive integrated moving average (ARIMA) model with the R 

programming language, there were observed improvements in the short-term forecasts (Angadi 

& Kulkarni, 2015). Therefore, these studies were able to disprove Chen et al.’s (2011) results 

and suggest the effectiveness of predictive analytics in forecasting financial markets.  

The further use of predictive analytics techniques on just numerical data is still not 

enough to forecast financial markets (Angadi & Kulkarni, 2015; Barak & Morarres, 2015; Haung 

& Lin, 2014). Through, the use of association rules and decision trees techniques, Barak and 

Modarres (2015) were able to create 35 different prediction algorithms on the Tehran Stock 

Exchange (TSE) over a nine-year period. They were able to achieve an accurate prediction result 

that ranges from 54% to 80% on risk assessment accuracy and 58% to 79% on return accuracy 

depending on the algorithm. Haung and Lin (2014) integrated multiple predictive data analytical 

techniques, including dynamic time series, ANN, technical analysis, and Bayesian probability, 

which were re-trained daily to analyze TSMC and Evergreen stocks, producing returns on 

investment of 53.6% and 128% respectively. Angadi and Kulkarni (2015), Barak and Modarres 
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(2015), and Haung and Lin (2014) stated that, for future work, they would like to incorporate 

linguistic sentiment and semantic analysis to obtain better forecasting results.  

Predictive text analytics has been used to help forecast financial markets for the primary 

purpose of seeing a positive return on the principle (Hagenau et al., 2013; Kim et al., 2014; Li et 

al., 2014; Nassirtoussi et al., 2015; Schumaker et al., 2012; Thanh & Meesad, 2014). These 

particular researchers have used both predictive data and text analytics techniques to analyze 

news, public mood, news headlines, opinions (sentiment analysis), and other numerical 

indicators to help forecast whether stock markets, stock indices, industries, or FOREX would 

increase, decrease, or stay neutral. The advantages from the use of data and text analytical 

techniques to forecast market conditions saw an increase in accuracy on average from 50% 

(random chance) to 70% to 80%. It is common that a result over 55% is considered a success 

(Nassirtoussi et al., 2014). One such example is the investigation of the Arizona Financial Text 

system for financial news (Schumaker et al., 2012). The researchers found that the role of the 

news article tone (sentiment analysis) and content (semantic analysis) had an increase in 

predicting the direction of the stock prices within the S&P 500 over a one-month period and 

yielded a return on investment of 2.4% to 3.3%.  

Schumaker et al. (2012) also found that negative sentiment made it easier to predict stock 

price changes. Kim et al. (2015) used natural language processing for sentiment analysis on news 

articles over a one-year period to derive an average of 60% in predicting the Korea Composite 

Stock Price Index over a one-year period, depending on the news source. An analysis of the top 

100 firms in the Chinese Stock Index yielded a 219% to 397% return on investment over a three-

month period, which had results that depended on the type of sentiment analysis model used on 

news articles and comments from financial discussion boards (Li et al., 2014). Nassirtoussi et al. 



 

28 

(2015) used natural language processing and pattern recognition in combination to study the 

sentiment of Euro/USD FOREX news headlines for a three-year period, which yielded an 83% 

accuracy level. Finally, the use of predictive semantic analysis on German stock prices 

(dependent variable) and financial news (independent variable) was able to have an accuracy of 

76% (Hagenau et al., 2013). In summary (see Figure 2), these studies suggest that the dependent 

variables are the financial market outcomes that can be either positive, neutral, or negative. 

Subsequently, the independent variables are items derived from either semantic or sentiment 

machine learning algorithm. 

The use of decision trees as a predictive text analytics tool also extends to financial 

market forecasting (Ahmad, 2014; Bollen et al., 2011; Chen & Cheng, 2010; Gilbert & 

Karaholios, 2010; Vu et al., 2012; Zhang et al., 2011). Gilbert and Karaholios (2010) were able 

to conclude that the use of sentiment analysis on over 20 million LiveJournal posts in 2008 was 

able to help measure anxiety that can help predict the S&P 500. Bollen et al. (2011) were able to 

find a correlation between the Dow Jones Industrial average and sentiment analysis on Twitter 

feed data over a one-year period. In another study using sentiment analysis on Twitter feed data 

to predict the Dow Jones, NASDAQ, and S&P 500 over a six-month period, it was also able to 

find a strong correlation between the two (Zhang et al., 2011). However, in Zhang et al.’s (2011) 

study, it was concluded that it did not matter if the sentiment was positive or negative, the value 

of the stock indexes fell when there was a high volume of sentiments in either direction. Chen 

and Cheng (2010) applied multiple different predictive text analytical algorithms on 70 stocks 

over a three-year period and were able to conclude that the C4.5 algorithm helped select the most 

influential independent variables with an 80% or higher accuracy. Ahmad (2014) used the C4.5 

algorithm on oil stock data to help select relevant features from text-based data. Finally, Vu et al. 
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(2012) were able to use the C4.5 algorithm to analyze the Twitter feeds to correlate them with 

the outcomes of the Amazon, Apple, Google, and Microsoft stocks in 2011 to obtain a range of 

75-83% in forecast accuracy. 

 

The literature in predictive text analytics in forecasting financial markets is promising, 

such that, on average, it is doing better than minimum 55% threshold value discussed by 

Nassirtoussi et al. (2014). However, it is impossible that a single predictive algorithm in the 

methodology for forecasting markets fits all forecasting situations and needs (Ahmed, 2014; 

Chen & Cheng, 2010; Maimon & Rokach, 2010; Sakurai, Makino, & Matsumoto, 2014). 

However, the methodologies proposed and used to forecast different aspects of the financial 

 

Figure 2. A conceptual framework used for forecasting financial markets through predictive 

analytics. 
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markets can be used in another application through the use of diffusion of innovation as a 

theoretical lens (Hagenau et al., 2013; Rogers, 2010). 

Theoretical Lens 

An idea, value, service, technology, method, or thing that is new to an entity is an 

innovation (Jeryaraj & Sabhewal, 2014; Rogers, 1962; Rogers, 2010; Sáenz-Royo, Gracia-

Lázaro, & Moreno, 2015). Modifications to the idea, value, services, technology, method, or 

thing are still considered an innovation since it is looking at something old in a new way 

(Johannessen, 2013; Nwagwu & Okafor, 2014; Rogers, 1962; Rogers, 2010; Sáenz-Royo, 

Gracia-Lázaro, & Moreno, 2015). Even though an entity may not consider something as an 

innovation by an entity, it can still be considered innovative if adopted by a different entity 

(Newby, Nguyen, & Waring, 2014). Therefore, innovation is not a singular event. However, the 

existence of innovation would start to propagate and diffuse into other entities slowly (Chen & 

Li, 2014; Newby et al., 2014; Rogers, 1967). The DoI theory describes the diffusion and 

adoption of innovation from one entity to another (Rogers, 1967).  

The DoI theory is concerned with the why, what, how, and rate of innovation 

dissemination and adoption between entities (Ahmed, Lakhani, Rafi, Rajkumar, & Ahmed, 2014; 

Bass, 1969; Robertson, 1967; Rogers, 1967; Rogers 2010; Rohani & Hussin, 2015). The 

dissemination of innovation is carried out through different communication channels over a 

period. Entities need to make a binary decision that can fluctuate in time between whether or not 

to adopt an innovation (Herrera et al., 2015; Murray, 2009; Sáenz-Roy et al., 2015). Rogers 

(1962) first proposed that the timing of the adoption rates of innovation between entities follow a 

normal frequency distribution: innovators (2.5%), early adopters (13.5%), early majorities 

(34%), late majority (34%), and laggards (16%). The cumulative frequency distribution mimics 

an S-curve (Bass, 1969; Robertson, 1967; Rogers, 1962). However, Bass (1969) claimed that 
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Rogers' frequency distribution was arbitrarily assigned, and therefore Bass reclassified both 

innovators and early adopters as innovators and everyone else as imitators as a means to create a 

simplified numerical DoI model. There are still many studies that use the original DoI model 

(Alraja, Hammami, & Alhousary, 2015; Herrera, Armelini, & Salvaj, 2015; Illia, Ngniatedema, 

& Huang, 2015; Nwagwu & Okafor, 2014; Murray, 2009; Rohani & Hussin, 2015). This study 

added to the ever-expanding existing body of knowledge that utilizes this theory since it 

classified the use of machine learning algorithms from the field of finance as innovators in the 

field of TC forecasters as imitators. 

Imitators are more deliberate, conservative, and traditional learners, who learn from 

innovators, whereas innovators are more venturesome (Bass, 1969; Rogers, 2010). Innovators 

have a lower threshold of resistance to adopting an innovation than imitators since the adopters' 

perception are driving the innovator's adoption rates (Rogers, 2010; Sang-Gun, Trimi, & Kim, 

2013). Hoti (2015), Oliveira and Martins (2001), and Rohani and Hussin (2015) stated that DoI 

is incomplete when it is extended to informational technology for innovations in organizations 

because the adoption of innovation affects three different organizational contexts: technology, 

organization, and environment (TOE). The addition of TOE framework, which was developed by 

Tornatzky and Fleischer (1990), provided a more holistic approach to the adoption of 

technological innovation. The TOE framework is a verified framework, but studies using that 

framework involved organizations that are big and that have a deeper hierarchical structure, 

which aids in increasing the speed adoption of innovation because of their characteristics and 

resources (Newby et al., 2014; Sáenz-Royo et al., 2015).  

Given that the NHC has a very shallow hierarchical structure, it is much smaller in size 

and has fewer resources than those in the finance field. It could be assumed that the NHC could 
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be seen as an imitator rather than an innovator according to Newby et al. (2014) and Sáenz-Royo 

et al. (2015). However, this is not the reason why the NHC hurricane specialists are considered 

imitators; rather, it is due to their risk aversion (Sheets, 1990). Also, based on the NHC’s size 

and hierarchical depth, the TOE framework cannot apply to this study. The risk felt in the field 

of finance is small compared to the field of meteorology, because getting a forecast wrong in the 

field of finance means loss of financial capital. Whereas, in the field of meteorology and TC 

forecasting, a wrong forecast can mean the loss of human and financial capital. This higher level 

of risk is why certain entities are more likely to become imitators in their fields and therefore less 

willing to adopt an innovation without rigorous considerations (Lawson-Body et al., 2014; 

Robertson 1967; Rogers, 1962). Per the normal frequency distribution, as the number of adopters 

increase, the chances of an imitator adopting the innovation also increases. Imitators adopt the 

innovation because of the increase in adopters, and an increase in the number of communication 

channels, which leads to increasing the knowledge about the innovation (Bass, 1969; Leibe, 

Husers, & Hubner, 2016; Rogers, 1962; Robertson, 1967).  

Rogers (2003) stated that most entities do not evaluate an innovation’s usefulness for 

adoption by scientific research, but through communication channels. However, Murray (2009) 

suggested that researchers are developing new knowledge and practitioners should use the 

researchers’ results. However, it takes a lot of time and energy for practitioners to adopt these 

innovations. Nevertheless, the hurricane specialists at the NHC through the Joint Hurricane 

Testbed, scan the scientific body of literature to help bridge the gap between researchers and 

practitioners (Rappaport, Jiing, Landsea, Murillo, & Franklin, 2012). This assertion is not as 

different from what was proposed by Bass (1967) and Rogers (1962). Before the hurricane 

specialists can adopt the innovation, a significant amount of scientific research would be needed 
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to establish enough confidence that the innovation is robust enough for adoption. This does not 

imply that the hurricane specialists are not seeking new innovative research ideas to put into 

practice; if that were the case then there would not be a case needed for the HFIP (Gall, Franklin, 

Marks, Rappaport, & Toepfer, 2013). Therefore, this study used the DoI to justify the 

introduction of the techniques and procedures utilized in the field of finance into the field of 

meteorology. So, the results gained from this study were the first of many needed for full 

adoption by hurricane specialists and other meteorologists, who can begin to use these 

techniques and procedures as a new way to tame the wicked problems involved in TC forecasts.  

Wicked Problems 

Wicked problems are not evil, but are called and defined as wicked because they are 

difficult and resistant to solution due to their complexity (Briggs, 2007; Camillus, 2008; Coulton 

et al., 2014). Tackling the inherent complexity of a wicked problem requires data gathering and 

analysis through multiple complicated, interdependent contexts, which can be irreducible by 

parts (Horn & Webber, 2007; Rittel, & Webber, 1973; Yukawa, 2015). Even though a wicked 

problem is irreducible by parts, there is no optimal or explicit solution to a wicked problem. 

Wicked problems are also difficult to define due to (a) their lack of boundaries, (b) their multiple 

interdependencies, and (c) their conflicting objectives (Adams-Shoen, 2016; Briggs, 2007; 

Camillus, 2008; Navarro, Hayward, & Voros, 2008; Pang, 2010; Wang, & Ruhe, 2007). 

Churchman (1967) argued that wicked problems could be chucked into smaller specified 

pieces to find a proposed solution for just that piece. However, defining the nuances of a wicked 

problem can occur after several iterations of examining the issue from multiple different 

perspectives and asking the right questions, which makes wicked problems different than tamed 

ones (McLeod & Childs, 2013; Navarro et al., 2008; Summers & Smith, 2014; Rittel & Webber, 

1973).  
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Tamed problems are those that can be quite complicated but have a little diversity; they 

are different from wicked problems since they are resolvable through linearized thoughts and 

actions, similar to puzzles (Briggs, 2007; Grint, 2010; Head & Alford, 2015; Summers & Smith, 

2014). Like puzzles, people know more readily how to go about solving tamed problems when 

compared to a wicked problem (Grint, 2010; Head & Alford, 2015; Rittel & Webber, 1973). 

When techniques used to solve tamed problems are used to solve the entire domain of the wicked 

problem, it can exacerbate the problem further (Camillus, 2008; Navarro et al., 2008). Conklin 

(2006), warns that using tamed problem-solving techniques on wicked problems may ameliorate 

the problem in the short run, but the solution will fail in the long run.  

Wicked problems are unique, diverse, and multi-dimensionally complex, which cannot 

allow for it to be removed from its environment, solved for, and placed back into its environment 

and have that solution still apply (Grint, 2010; Head & Alford, 2015; Pang, 2010). Therefore, 

this is the first step to understanding the difference between tame and wicked problems, because 

knowing the difference can help drive expectations on the solutions and aid in identifying the 

right problem-solving techniques (Adams-Schoen, 2016; Briggs, 2007). 

There are plenty of ways to classify wicked problems (Camillus, 2008). Rittel and 

Webber (1973) established the 10 principle criteria that help classify wicked problems, though 

they have stated that wicked problems do not need to have the 10 criteria to be classified as such: 

(a) there is no definitive formulation of a wicked problem; (b) wicked problems have no stopping 

rule; (c) solutions to wicked problems are not true-or-false, but good-or-bad; (d) there is no 

immediate and no ultimate test of a solution to a wicked problem; (e) every solution to a wicked 

problem is a "one-shot operation,” because there is no opportunity to learn by trial-and-error, 

every attempt counts significantly; (f) wicked problems do not have an enumerable (or an 
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exhaustively describable) set of potential solutions, nor is there a well-described set of 

permissible operations in a plan; (g) every wicked problem is unique; (h) every wicked problem 

can be considered to be a symptom of another problem; (i) there are numerous ways to explain 

the existence of a discrepancy representing a wicked problem; and (j) the planner has no right to 

be wrong. There have been two other main attempts to change the classification criteria from 

those above in the context of government and businesses type problems (Briggs, 2007; Camillus, 

2008). However, they both happen to be similar to the classification above.  

Thus, no matter how the literature has tried to put a spin on the Rittel and Webber (1973) 

criteria, the scholarly consensus still embraced the criteria as originally defined. In context of 

climatology, the term super wicked problems entered the problem-type space, which has four 

additional criteria added to the aforementioned criteria: (a) time is running out; (b) those who 

chase the problem also seek to provide a solution; (c) central authority needed to address the 

problem is weak or nonexistent; and (d) hyperbolic discounting occurs that pushes responses into 

the future when immediate actions are required to set in train longer-term policy solutions 

(Levin, Cashore, Bernstein, & Auld, 2007).  

Even though the original intent of classifying wicked problem was for the context of 

public policy, Rittel and Webber (1973) criteria have been used to define countless other 

problems. One example is in the field of meteorology. For instance, other than climatological 

studies, post-disaster relief of both Hurricane Katrina and Super Storm Sandy have also been 

classified as wicked problems (Duijnhoven, & Neef, 2016; Lee, 2014; Moynihan, 2015; Wagner, 

Chhetri, & Sturm, 2014).  

Classifying tropical cyclone forecasting as a wicked problem. The central ideas about 

the problem need to be properly organized and framed to classify a problem as either tamed, 
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wicked, or super wicked (Wagner et al., 2014). When properly organized and framed, the 

forecasting of TCs is a wicked problem because it meets many of the classifying criteria set forth 

by Rittel and Weber (1973). For instance, there is no one size fits all solution to forecasting TCs, 

if that were the case, then the HFIP would not be needed (Gall et al., 2013). Gall et al. (2013), 

proposed global, ensemble, and regional forecast model improvements along with more in-situ 

data collection to help improve TCs forecasts. However, by focusing on data collection and 

forecast modeling as the primary solution within the meteorological field, it can be self-limiting 

and self-defeating (Briggs, 2007; Horn & Weber, 2007; Yukawa, 2015). 

Subsequently, independent variables (weather components) influence TCs. For example, 

climate oscillations (similar to El Niño and La Niña) also impact TCs and the surrounding 

environment. Note that the independent variables are interdependent of each other. This 

interdependence between the variables makes this problem quite complex to study (Horn & 

Webber, 2007; Rittel, & Webber, 1973; Yukawa, 2015). Therefore, each TC forecast is unique 

because it exists in a unique situation, with its respective unique surrounding environment. Thus, 

it is impossible to remove the TC from its environment, conduct the analysis needed to forecast 

the dynamical properties of the TC through computer models, and then place it back into its 

environment and expect the solution to hold (Grint, 2010).  

Also, analyzing the TCs in the Atlantic Ocean basin over a 15-year period helped cover 

many, but not all the exhaustive unique situations and weather component combinations (Rittel, 

& Webber, 1973; Taleb, 2007; Yukawa, 2015). Thus, even analyzing a 15-year period of storms 

does not cover the full solution space, making the results from this study incomplete solution set. 

When including this study methodology for understanding the success of TC forecasts, it 

introduces a new set of possible solutions to the wicked problem that is TC forecasting. This new 
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solution to this problem is one of many other possible solutions yet to be explored and not 

covered in this study. Given that both Rittel and Webber (1973) and Camillus (2008) stated that 

some of the 10 criteria should be met to classify a problem as a wicked problem, then TC 

forecasting can be added to the ever-growing list of wicked problems.  

This study attempted to solve one aspect of the problem, using the framing of the 

research problem, but it does not claim to be the absolute definitive solution (Briggs, 2007; Head 

& Alford; 2015; Pang, 2010; Wagner et al., 2014). Definitive solutions require a definitive 

problem space where all problems and their various iterations are defined properly (Rittel & 

Weber, 1973). Per Churchman (1967), as a researcher in the field of big data, should ethically 

state that the solution here solves the wicked problem under the 15-year period of the study and 

through the use of statistical predictive text analytics. However, it is not to say that there will not 

be any insights to be gained through viewing this project through this lens (Briggs, 2007; 

Churchman, 1967). Especially through lenses that similar projects like forecasting positive 

returns in financial markets through the use of predictive text analytics have already employed. 

Tropical Cyclone Forecasting 

Tropical cyclones are an organized rotating system of thunderstorms over a closed low-

level circulation that originates in the tropical waters and a known to be extreme weather events 

(Nakamua, Lall, Kushnir, & Rajagopalan, 2015; NHC, n.d.a). Tropical cyclones differ in their 

intensity through their maximum sustained winds, where certain levels of maximum sustained 

wind speeds can cause certain levels of property damage (Simpson & Saffir, 1974). It is through 

this differentiation of the maximum sustained winds that help classify TC as either a tropical 

depression, tropical storm, hurricane, or major hurricane (NHC, n.d.a; Simpson & Saffir, 1974). 

At the center of a TC is where the maximum sustained winds exist. Also, TCs have spiral 

rainbands that extend outside the TC’s center of rotation. Moon and Nolan (2015a; 2015b) 
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discussed the four different types of spiral rainbands that exist within TCs, their structure, their 

vertical tilt, and their propagation on the TC center of rotation. Numerical simulations of TC 

rainbands suggest that they are convective clouds that are deformed and propagate by the TC’s 

cyclonic wind field (Moon & Nolan, 2015b).  

A TC’s track forecast is dependent on environmental conditions and steering flow, 

whereas TC intensity forecasts are dependent on the internal dynamics of the storm (Colbert & 

Soden, 2012; Nakamua et al., 2015; NHC, n.d.a; Wang et al., 2015; Zhang & Tao, 2013). 

Tropical cyclones tend to form between 5o and 30o in latitude and their paths, to a first 

approximation, are influenced by interactions between large-scale circulation patterns (Colbert & 

Soden, 2012; Nakamua et al., 2015; NHC, n.d.). The most notable and prevailing flow in the 

North Atlantic Oceanic Basin is the North Atlantic subtropical high (also known as the Bermuda 

High) and the westerly trade winds (Colbert & Soden, 2012; Nakamua et al., 2015). Zhang & 

Tao (2013) and Wang et al. (2015) stated that environmental wind shear, which is changes in the 

wind speed on the horizontal or vertical axis, can influence the TCs strength. Therefore, the 

larger the wind shear, the greater uncertainty in the TCs forecasts (Zhang & Tao, 2013). The 

NHC has trained hurricane specialists that produce TC forecasts for both the Atlantic and North 

Eastern Pacific Oceanic Basin (NHC, n.d.a). 

The NHC began in 1965 in the then-Computing Center of the University of Miami, and 

became responsible for predicting TCs, and overseeing and coordinating TC watches and 

warnings (Knaff, DeMaria, Sampson, & Gross, 2003; Sheets, 1990; Simpson, 1998; Weather 

Bureau, 1965). The NHC moved from the main campus of the University of Miami to the main 

campus of Florida International University in 1995 (Rappaport et al., 2009). Since 1965, the 

NHC has created three-day TC forecasts, watches, and warnings (Cangialosi, 2016; Rappaport et 
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al., 2009). Since 2001, the TC forecasting period, watches, and warnings were extended to five 

days (Cangialosi, 2016; Rappaport et al., 2009; Williamson et al., 2014). In other words, the 

NHC hurricane specialists issue five-day track and intensity forecasts for active TCs in the 

Atlantic and Eastern North Pacific Oceanic Basins (Cangialosi, 2016; Franklin, 2009; Knaff, 

DeMaria, Sampson, & Gross, 2003; Rappaport et al. 2009; Williamson et al., 2014). Each TC 

forecast comes up with a forecast track and intensity at 12-hour intervals. Finally, forecast 

products created at six-hour intervals at standard times of the day. Hurricane specialists analyze 

different meteorological parameters like (a) TC vortex flight level and surface level geographic 

location, (b) wind data, (c) central sea-level pressure, (d) barometric pressure at differing heights, 

(e) surface wind, (f) rain rates, (g) radar imagery, (h) satellite imagery, (i) Doppler Radar 

imagery and its derived values, (j) temperatures, (k) sea-surface temperature, (l) dew-point 

temperatures, (m) buoy data, (n) dropsonde data, and (o) ship data (Williamson et al., 2014). 

From these parameters, the tropical discussion is a product of the NHC that conveys the 

reasoning behind the specialist’s analysis and contains their five-day forecasts (Knaff et al., 

2003; Rappaport et al., 2009; Williamson et al., 2014). However, there is still much more to learn 

when it comes to improving TC forecasts. 

Data types, sources, and collection on tropical cyclones. Since, the inception of the 

NHC in 1965, technology has improved and therefore the observational network on TC has 

increased significantly, which has aided the NHC hurricane specialist in preparing their official 

forecasts (Cangialosi, 2016; Hagen & Landsea, 2012). Satellites have been able to provide a 

reliable way of detecting, monitoring, and predicting of TC in data-sparse regions (Aberson, 

1998; Brennan, Hennon, & Knabb, 2009; Hagen & Landsea, 2012; Olander & Velden, 2007; 

Wang et al., 2015; Williamson et al., 2014). Satellite imagery can be composed of either visible, 
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infrared, or microwave spectrum (Brennan et al., 2009; Rappaport et al., 2009; Ruf et al., 2016; 

Williamson et al., 2014). Based on microwave analysis, researchers have been able to describe 

the key features and threshold values in the precipitation coverage and type in the TC’s core right 

before it undergoes a period of rapid intensification (Jiang & Ramirez, 2013). Through the use of 

visible and infrared satellite imagery, researchers and practitioners have been able to describe the 

kinematic and thermodynamic aspects of the TC by estimating the TC intensity (Dvorak, 1975; 

Olander & Velden, 2007; Tourville, Stephens, DeMaria, & Vane, 2015; Velden, Harper, Wells, 

& Beven, 2006; Williamson et al., 2014). The latter technique is called the Dvorak technique, 

which has had a profound impact on the field of TC detection, monitoring, and prediction with 

verifiable accuracy, but it does have its flaws (Dvorak, 1975; Velden et al., 2006). According to 

Velden et al. (2006), the Dvorak technique is not a direct measurement of the TC, but it is 

provides an accurate estimate of the TC. Olander and Velden (2007) stated that this technique 

could be subjective and hence proposed an automated objective version of the technique. Despite 

the Dvorak technique’s flaws, it is still used by NHC hurricane specialists as a primary method 

for detecting and monitoring TC (Velden et al., 2006; Williamson et al., 2014). 

Satellite imagery is great for detecting, monitoring, and predicting of TC in data-sparse 

regions. However, as the TC gets closer to impacting populated regions, the NHC would use the 

government’s reconnaissance aircraft to circumnavigate or penetrate TC (Hagen, Strahan-

Sakoskie, & Luckett, 2012; Nakamura et al., 2015; Williamson et al., 2014). The goal of 

reconnaissance aircraft is to get more accurate measurements from the flight level down to the 

surface level of a TC as a way to help improve TC forecasts (Williamson et al., 2014). 

Reconnaissance aircraft can drop instrument packets from a height of 13 km, called dropsondes 

(Morlinari & Vollaro, 2014; Rappaport et al., 2009; Wang et al., 2015). These dropsondes help 
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to measure the vertical profile of the atmosphere directly. Invented in 1996, dropsondes are such 

an effective tool in measuring and understanding the thermodynamics of the TC that the NHC 

has dropped over 13,000 during the period of 1996 through 2012 (Wang et al., 2015). These 

reconnaissance aircraft come equipped with Doppler radars in the aft, where a single radar can 

measure the precipitation type, and a dual Doppler radar can also help measure the three-

dimensional wind structure of the TC (Didlake, Heymsfield, Tian, & Guimond; 2015; 

Williamson et al., 2014). However, Doppler radar data can also be collected when a TC 

approaches too closely to land and falls within the range of the WSR-88D computerized land 

radar network (Williamson et al., 2014; Zhao, Lin, Lee, Sun, & Zhang, 2016). However, 

reconnaissance aircraft fly in approximately 30% of the lifecycle of the TC, and a land-falling 

TC is not as common. Thus, there is a need for satellite imagery to be the primary tool used by 

NHC hurricane specialists (Rappaport et al., 2009; Williamson et al., 2014). Other data sources 

could include unfortunate ships data, buoy data, or drifting buoy data, all of which can help 

provide much needed TC surface data to the TC forecasters (Hagen & Landsea, 2012; 

Williamson et al., 2014). 

Tropical cyclone forecasting through forecasting models. The NHC uses many types 

of statistical and dynamical models to help them create their forecasts (NHC, 2009; Williamson, 

2014). Numerical prediction models can also be used in theoretical studies to gain a deeper 

understanding of the underlying principles involved in TC path, dynamics, and intensity (Moon 

& Nolan, 2015b; Stern, Vigh, Nolan, & Zhang, 2015). Dynamic models are computationally 

heavy and complex, and try to solve the physical equations governing the atmosphere through 

various inputs, parameters, initial/boundary conditions, and a variety of observational data 

(Cangialosi, 2016; NHC, 2009). Statistical models use historical data and established 



 

42 

relationships to make predictions on TCs. Also, statistical models can vary from either a simple 

or very complex model with the incorporation of the outputs from dynamical models in what is 

called a statistical-dynamical model (Cangialosi, 2016; NHC, 2009; Rappaport et al., 2009; 

Vecchi et al., 2013). However, statistical models do not properly define outliers (Rappaport et 

al., 2009). These statistical models are considered to be the benchmark of forecasting skill 

against dynamical models (NHC, 2009).  

Based on their domain, dynamical models could fall under a global or regional model 

classification, each with their strengths and weaknesses (NHC, 2009). Global models are 

proficient at resolving the general flow around a TC, but due to their lack of geographic 

resolution, they cannot resolve the intensity of the storm, and a strong TC can also alter its 

surrounding flow (Gall et al., 2013; Rappaport et al., 2009). Regional models tend to outperform 

the global models because they can resolve the internal core of the TC. However, the resolution 

in regional models for resolving the TC inner is still not small enough; the regional models do 

not resolve the lateral boundary conditions, and thus errors generated early on in the forecast can 

grow exponentially (Aberson, 1998; Gall et al., 2013; NHC, 2009). 

A single model output is considered a deterministic outcome. However, these 

deterministic outcomes come with their biases and uncertainties based on the numerical models, 

data assimilation technique, input data, physics packages used in the model, and the 

initial/boundary conditions (Gall et al., 2013). To overcome these challenges, the NHC analyzes 

and weighs many dynamical and statistical models when making a TC forecast, and the mean 

track of these models is what is called a consensus model (Cangialosi, 2016; Gall et al., 2013; 

NHC, 2009). On average, consensus forecasts are more accurate than any of the individual 

models that make it up; and the variation between the individual models that make up the 
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consensus forecast describe the uncertainty within in the consensus forecast (NHC, 2009). 

Ensemble modeling uses a similar assumption to consensus forecasts.  

In ensemble models, the model is fed perturbed initial or boundary conditions, taking 

advantage of how small differences in the onset of the forecast can cause different outcomes 

(Aberson, 1998; Cangialosi, 2016; Gall et al., 2013; NHC, 2009). Ensemble models use the same 

dynamical model to create different what-if forecasts to create a consensus forecast from those 

differing outcomes. Ensemble forecasts run on coarser resolution than deterministic forecasts, 

therefore lacking the much-needed resolution to resolve the inner core dynamics of the TC, 

which plays a huge role in its forecast (Gall et al., 2013; NHC 2009; Rappaport et al., 2009). 

Therefore, consensus forecasts are more accurate than ensemble forecasts, even though a 

limitation of these consensus forecasts is that they are dependent on the assumption that past 

model performance is equivalent to future model performance (Gall et al., 2013; NHC, 2009). 

Even though statistical, dynamical, consensus, or ensemble forecasts have their strengths and 

weaknesses, Rappaport et al. (2009) and Ruf et al. (2016) stated that, since 1990, track forecasts 

have improved by over 50% due to the incorporation of models in the NHC tropical discussions. 

Many studies have explored the various strengths and weaknesses of the TC forecast models, and 

this study did not attempt to recreate any of these. Thus, this study did not evaluate the mention 

of forecast models in the tropical discussions. 

The gap in the body of knowledge in tropical cyclone forecasting. A possible result of 

an inaccurate TC forecast can lead to millions of dollars in damages, injury to hundreds of 

people, and even fatalities (Comes, Vybornava, & Van De Walle, 2015; Graham, Thompson, 

Wolcott, Pollack, & Tran, 2015; Huang, Chan, & Hyder, 2010). Thus, to mitigate this damage 

and loss of life, accuracy in forecasts still needs to be improved by 50% by 2019. Perfecting the 
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overall forecast accuracy could remedy this situation, and improving model forecasts is not the 

only way to approach this challenge (Gall et al., 2013). However, this notion of improving model 

forecasts came from studies similar to Rappaport et al. (2009) and Ruf et al. (2016), which stated 

that TC forecasts have improved by over 50% due to the incorporation of models in the NHC 

tropical discussions. Therefore, Gall et al. (2013) suggested that the best way to get to these 

goals is through improvements in high-resolution global models (running a high-resolution 20- to 

30-member ensemble). They also proposed that there should be an increase in the use of regional 

models, as they outperform global models for track forecasts three to five days out. Finally, they 

also proposed that numerical models should focus on increasing their spatial resolutions to 3 km 

or finer.  

However, Gall et al. (2013) did not take into account other methods of big data analytics. 

Given that, since 2001, the NHC has been forecasting active TC, the hurricane specialists have 

amassed about 5,131 instances of explicit knowledge in the form of tropical discussions that 

explain the reasoning behind their forecasts (NHC, n.d.a). This current study analyzed this 

dataset to address the gap in the knowledge Gall et al. (2013) contributed.  

A typical TC forecast produced by the NHC follows the subsequent conceptual 

framework (Figure 3). Each TC forecast starts off with obtaining observational data from the 

weather components that could influence a TC (independent variables). These independent 

variables are inserted into a few different dynamical or statistical models, to create either a 

deterministic, consensus, or ensemble forecast. Based on these model forecasts, the NHC 

hurricane specialist analyzes them along with the weather components to create the final TC 

forecasts (dependent variable). The dependent variables then get recorded along with the analysis 
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of the forecast into a tropical discussion (Knaff et al., 2003; Rappaport et al., 2009; Williamson 

et al., 2014). 

 

At the end of each year, hurricane specialists conduct a post analysis of the TC for that 

year and issue a summative report for each storm and for the year to interested stakeholders 

(Williamson et al., 2014). The annual post analysis helps define where the storm was at and its 

intensity with higher precision through the accumulation of more datasets. This annual post 

analysis is needed because some of the data may have been available at the time of the original 

forecasting period of an active TC. These post analysis helps to determine a TC best track 

(Cangialosi, 2016; Franklin, 2009; Rappaport et al., 2009; Williamson et al., 2014). The best 

track data is then compared to the official forecasts released by the hurricane specialists 

throughout the season to calculate the forecast error per TC and forecast window (Cangialosi, 

2016). The best track is not a static dataset, but rather improves with time as a better 

 

 

Figure 3. The conceptual framework used in forecasting tropical cyclones 
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understanding of TC and the data arises, and it changes with time because of the advancements 

made in the TC Reanalysis project (Landsea et al., 2014; Rappaport et al., 2009). However, the 

TC re-analysis project or the yearly post-analysis of TC focuses on an individual TC or a whole 

year. Therefore, a post-analysis study that spans over a 15-year period has yet to be 

accomplished and can provide additional value, thereby establishing the need for this study. 

Big data analytics on tropical cyclones. Big data has been used in TC research by 

Chenoweth and Divine (2012), Daloz et al. (2015), and Nakamura et al. (2009). Nakamura et al. 

used k-means cluster analysis to classify storms into six different subcategories based on 

geographical locations within the North Atlantic Oceanic Basin. Later on, Daloz et al. (2015) 

helped cluster the storms into four groups based on their zonal or meridional aspect of the TC 

tracks. Chenoweth and Divine (2012) used descriptive statistics to study centuries of TC data and 

study the multi-centennial accumulated cyclone energy to understand if there has been an 

increase or decrease in TC activity over the centuries and their results were inconclusive, due to 

their lack of a homogeneous dataset. The 15-year tropical discussion dataset used in this study is 

considered to be as close to homogeneous as it can be. This homogeneity consideration is 

substantiated because the main forecasting techniques have not varied much, even though 

upgrades in technology have.  

Other studies like Graham et al. (2015), Haung et al. (2010), Lai et al. (2012), and Van 

den Homberg, Meesters, and Van De Walle (2014) have used big data analytics for TC disaster 

recovery. Each of these studies builds a case that information management at multiple levels of 

the hierarchy in TC disaster recovery efforts could help speed recovery, save lives, and provide 

adequate aid. Even so, the use of big data analytics and information management for TC disaster 

recovery is rather a new concept, and there is a need for more research in this area (Graham et 
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al., 2015; Haung et al., 2010; Lai et al., 2012). However, this perspective is out of the scope for 

this study, but they do illustrate that the use of big data can extend beyond just forecasting TC 

and can encompass disaster recovery efforts. 

Conceptual and Theoretical Framework 

The HFIP proposed many different solutions to improve the accuracy of TC forecasting 

(Gall et al., 2013). However, none of these proposed solutions would solve the problems of TC 

forecasting and that there is no one-size-fits-all solution to forecasting TCs. Therefore, when 

properly organizing and framing the central ideas of this problem, forecasting TCs is a wicked 

problem because it meets many of the classifying criteria set forth by Rittel and Weber (1973). 

This study focused on producing a new solution to improve TC forecasting through the use of 

predictive analytics, but like the other proposed solutions in Gall et al. (2013), it did not solve the 

entire problem of TC forecasting (Churchman, 1967; Rittel & Webber, 1973).  

Therefore, accomplishing the understanding of TC forecasting success through the use of 

predictive classification algorithms is possible. The classification of each forecast as either above 

(unsuccessful forecasts) or below (successful forecast) the 15-year average forecast error is 

necessary for the C4.5 algorithm. Thus, the main conceptual framework for this study aimed at 

trying to understand the differences between a successful and unsuccessful TC forecasting, as 

seen on the right half side of Figure 4. This framework stated that many weather components 

(independent variables) impact a TC forecast, which can be discoverable by using predictive data 

analytics. These independent variables also impact the dependent variables. Thus, this conceptual 

framework for understanding TC forecasts (right side of Figure 4) is different from the 

conceptual framework for creating forecasts (Figure 3) because they are two different tasks 

asking two different questions. Research indicates that the conceptual framework for 

understanding TC forecasts is no different from that of forecasting financial markets (Figure 2).  
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Figure 4.  Combining the conceptual frameworks for understanding successful financial market forecasts and for 

understanding successful tropical cyclone forecasting using big data analytics through the use of Diffusion of Innovation 

as the theoretical lens. 
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For forecasting financial markets, the definition of success is gaining a positive return on 

investment. The conceptual framework for understanding financial market outcomes (Figure 2 

carries over to the left half side of Figure 4) stated that there are many independent variables 

hidden within a body of text, which are discoverable through data analytics. Those discoverable 

independent variables can influence the dependent variable. The dependent variable is either a 

positive, neutral, or negative return on investment (Kim, Jeong & Gahni, 2014; Li, Wang, Li, 

Liu, Gong, & Chen, 2014; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Thanh & Meesad, 

2014).  

The use of the DoI theory, proposed by Rogers (1962), made this study possible given the 

parallels between the two different conceptual frameworks. Thus, applying the DoI as a 

theoretical lens for understanding what makes a successful TC forecast justified the use of the 

C4.5 algorithm in the same way as for understanding successful financial market forecasts. 

Summary of Literature Review 

Forecasting TCs is a wicked problem. However, one possible way to tame the problem is 

to recognize that the conceptual model for understanding successful financial market forecasts is 

similar to that of understanding successful TC forecasts. Therefore, the application of the same 

predictive C4.5 analytical algorithm across fields was possible through the logic of the DoI. 

From the aforementioned review of the body of knowledge in this chapter has identified and 

addressed the three gaps in the literature. First, Gall et al. (2013) described the critical success 

factors to assess the improvement made on forecasting TC through the use of dynamic and 

ensemble forecasting models, but they did not take into account other methods of big data 

analytics. Since 2001, the NHC has collected about 5,131 instances of explicit knowledge 

(containing over 1.35 million words) in the form of tropical discussions that explained the 

reasoning behind their forecasts; this study analyzed this dataset (NHC, n.d.b). Second, Garcia et 
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al. (2009) identified a typical gap in the field of knowledge discovery, where subject matter 

experts are not always available to verify the importance and accuracy of the data-mined results. 

This study evaluated the results from both perspectives––meteorological and big data analytics. 

These two perspectives aid in filling this gap for both of these fields. Third, the application of the 

big data analysis on meteorological data added another instance of predictive text analytics, 

deepening the body of knowledge further in one vertical, which addresses the gap in Corrales et 

al.’s (2015) study. Thus, this chapter identified the gaps in the body of knowledge, provided the 

justification for the adoption of predictive text analytics on meteorological forecasts, and helped 

justify the classification of forecasting TCs as a wicked problem. A detailed discussion of the 

processes used for the implementation of predictive text analytics on this TC dataset occurs in 

the next chapter. 
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CHAPTER THREE 

The purpose of the quantitative study was to determine whether the use of the C4.5 

decision tree algorithm provided a statistically significant value to improve the TC forecast 

accuracy. This chapter establishes the methodology used in this study and its supporting 

information. Meanwhile, this chapter also provides an understanding of the research tradition, 

research process, population, data collection, data analysis, and ethical considerations in this 

study.  

Research Tradition(s) 

Quantitative research traditions have pre-determined questions and hypothesis-testing 

approaches that examine the relationships between well-known variables (Crewswell, 2013; 

Edmondson & McManus, 2007; Gall et al., 2006). Studies in the field of finance have used 

predictive text analytics to determine the return on investment of the financial markets through 

the use of quantitative research traditions (Kim, Jeong & Gahni, 2014; Li, Wang, Li, Liu, Gong 

& Chen, 2014; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Thanh & Meesad, 2014). 

Through the application of the DoI theory, which suggests that innovation and ideas can diffuse 

across multiple entities, the use of predictive text analytics through the quantitative research 

traditions in the financial forecasting can diffuse into the field of meteorology (Rogers, 1962). 

Based on this premise, this study used the quantitative research traditions. 

Quantitative research addresses data that are categorical and continuous (Creswell, 2013). 

The type of data in this study was categorical. Categorical variables are also a critical feature of a 

causal-comparative study (Gall et al., 2006). Therefore, the type of variable in this study 

informed the research design as causal-comparative, which is a type of non-experimental 

quantitative research. Causal-comparative studies test the hypotheses that are based on finding 

which of the independent variables help to explain differences between two groups (Gall et al., 
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2006). This study categorically classified these two groups as successful and unsuccessful TC 

forecasts.  

At first, a descriptive analysis of the data was conducted to provide context to the 

predictive data results (Joyner, 2012). This study created a predictive data analysis model for this 

research problem through the of use the C4.5 algorithm to classify successful and unsuccessful 

TC forecasts. Also, testing the C4.5 derived model’s accuracy with the kappa statistic allowed 

for inferential statistics and hypothesis testing (Field, 2013; McHugh, 2012). The combination of 

both descriptive and inferential statistics to analyze the categorical data fit the purpose of a 

quantitative research tradition (Creswell, 2013). 

Research Question and Hypotheses  

The research question for this quantitative study was: Which weather pattern components 

can improve the Atlantic TC forecast accuracy through the use of C4.5 algorithm on the five-day 

tropical discussions from 2001 to 2015?  

Tropical cyclones interact with other weather pattern components, which affect a TC’s 

track and intensity. The C4.5 algorithm should be able to find these individual weather pattern 

components to help classify a TC forecast as either successful or unsuccessful. For this study, the 

null hypothesis (H0) was non-directional, whereas the alternative hypothesis (H1) was 

directional: 

H0: There are no significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 

H1: There are significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 
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This study used a 90% confidence interval for pruning the C4.5 algorithm’s derived decision tree 

and used the Cohen’s kappa statistic (for interrater agreement) value of 0.81 to 1.00 as the proof 

criteria. 

Research Design 

To test the hypothesis, this researcher adopted a research design, which at the highest 

level of abstraction is a causal-comparative study using text mining. It consisted of four basic 

steps (Figure 5): (a) collecting the raw data, (b) preprocessing, (c) predictive data analytics, and 

(d) interpretation and evaluation. At this level of abstraction, the connection to the research 

design and the conceptual framework (Figure 4) was easy to see. In the first step of the research 

design, collecting the raw data means collecting both the big unstructured data and the dependent 

variables. The second step is preprocessing, which is preparing the data for conducting the 

predictive data analytics in step three. Step three corresponds to the conceptual framework. 

Finally, step four is the interpretation and evaluation of the predictive data analytics results. In 

the conceptual framework, step four is referring to the analysis of the differences in the weather 

components that exist between a successful and an unsuccessful TC forecast.  

Collecting the raw and unaltered real world data is the first step of any data or text 

mining research study (Coralles et al., 2015; Gera & Goel, 2015; He et al., 2013; Hoonlor, 2011; 

Nassirtoussi et al., 2014). Next, preprocessing raw text data is needed, because raw text data files 

are unsuitable for predictive data analytics software tools like WEKA (Hoonlor, 2011; Miranda, 

n.d.). Barak and Modarres (2015), Miranda (n.d.), and Nassirtoussi et al. (2014) concluded that 

in both data and text mining, data preprocessing has the most significant impact on the research 

results. 

Raw data can have formats that change across time, therefore converting the data into one 

common format for analysis is necessary for data analytics (Mandrai & Barkar, 2014). Also, the 
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removal of HTML tags from web-based data sources allows for the removal of extraneous data 

points that can provide unpredictable results (Netzer et al., 2012). Finally, deciding on a strategy 

about how to deal with missing or defective data fields can aid in mitigating noise from the 

results (Barak & Modarres, 2015; Fayyad et al., 1996; Mandrai & Barskar, 2014; Netzer, 2012).  

Furthermore, to gain the most insights surrounding a research problem, data from multiple data 

sources should be collected and integrated (Corrales et al., 2015).  

After classifying the NHC TC verification data as either successful (0) or unsuccessful 

(1), the data integration took place. Since the NHC TC forecast verification data described 

absolute errors per each forecast period, the determination of which forecast was successful or 

not is figured by calculating the mean absolute deviation (MAD) values (NHC, n.d.d.). 

Averaging the absolute errors across a five-day forecast period is considered to be a MAD 

calculation (Field, 2013). Subsequently, this study calculated the aggregated MAD (aMAD) 

value by averaging the 15-year MAD calculation per period to obtain one MAD value. From this 

 

Figure 5. Research design for text mining and this study. 
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point, an algorithm matched the corresponding aMAD value with the forecast period MAD value 

so that a three-day MAD value is matched to the 15-year aMAD value for three days. If the 

aMAD value > forecast period MAD value, then the forecast was considered a success and it is 

labeled as so, otherwise, the forecast was unsuccessful. Finally, the classified TC forecast 

verification data was integrated with the tropical discussion data by matching the datasets by the 

storm name and time-stamps (Corrales et al., 2015). 

Predictive data analytics tools can analyze unstructured text data after the preprocessing 

step. Preprocessing involves tokenization, stop word removal, and word-normalization (Hoonlor, 

2011; Miranda, n.d.; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Pletscher-Frankild et al., 

2015; Thanh & Meesad, 2014). Tokenization is when a body of text is reduced to a set of units, 

phrases, or groups of keywords for analysis (Hoonlor, 2011; Miranda, n.d.; Nassirtoussi et al., 

2014; Nassirtoussi et al., 2015; Pletscher-Frankild et al., 2015; Thanh & Meesad, 2014). For 

example, the term eyewall replacement would be considered one token, rather than two words or 

two different tokens. Stopword removal is the removal of the words that add no value to the 

predictive analytics algorithm from the body of text; these words are prepositions, articles, and 

conjunctions (Hoonlor, 2011; Miranda, n.d.; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; 

Thanh & Meesad, 2014). Miranda (n.d.) stated that sometimes stop-word removals could also be 

context-dependent because some contextual words can yield little to no value in the analysis. For 

instance, meteorological forecast models in this study are considered context-dependent stop-

words. Lastly, word-normalization transforms the letters into a body of text to one single case 

type and removes the conjugations of words (Hoonlor, 2011; Miranda, n.d.; Nassirtoussi et al., 

2014; Nassirtoussi et al., 2015; Thanh & Meesad, 2014). For example, stemming the following 

words cooler, coolest, and colder becomes cool-, which heightens the fidelity of the results due 
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to the reduction of dimensionalities. The list of the stemmed and tokened words used in this 

study is in the Appendix under Table A. 

Next, the data is now ready to be fed into the predictive data analytics tool to create a 

predictive model (Corrales et al., 2015; Gera & Goel, 2015; Fayyad et al., 1996; Kumar & Fet, 

2011; Miranda, n.d.; Nassirtoussi et al., 2014). Selecting the C4.5 algorithms and its features 

from the library of algorithms were needed before running the model (Miranda, n.d.). Finally, to 

create a predictive model from a particular algorithm, a researcher should select a sample of 50% 

to 90% of the entire dataset to train the predictive data analytics algorithm. Consequently, about 

50% to as low as 10% of the remaining dataset is used to test the derived model to verify the 

accuracy of the model (Chen & Cheng, 2010; Hagenau et al., 2013; Kim et al., 2014; Li et al., 

2014; Liu et al., 2013; Ou & Wang, 2009; Sakurai et al., 2014; Thanh & Meesad, 2014; Vu et al., 

2012; Zhou, 2015).  

The C4.5 algorithm should use the trained model to predict the outcomes of a test dataset 

(Kim et al., 2014; Li et al., 2014; Liu et al., 2013; Thanh & Meesad, 2014; Vu et al., 2012). 

Using a test dataset allows the researcher to assess the predictive model’s actual performance and 

accuracy (Kim et al., 2014; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Sharma et al., 

2012; Thanh & Meesad, 2014). To measure accuracy, the true positive (TP), false positive (FP), 

true negative (TN), and false negative (FN) values can be derived to assess the criterion validity 

of the model (Ahlemeyer-Stubbe & Coleman, 2014; Kim et al., 2014, Kumar & Fet, 2011). 

Subsequently, the WEKA software could then visualize the results, therefore allowing for the 

interpretation of the model and model results (Ahiaga-Dagbui & Smith, 2014; Corrales et al., 

2015; Mandrai & Barskar, 2014). 
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Population and Sample 

This study used a stratified purposive sampling on the entire population of the TC 

forecasts for the study. The NHC has been creating forecasts for TCs and has been recording 

their explicit knowledge in the form of tropical discussions, which help to explain the reasoning 

behind their forecasts (Cangialosi, 2016; NHC, n.d.b.; Rappaport et al., 2009; Williamson et al., 

2014).  

Since 2001, the NHC has been creating multiple five-day forecasts for active TCs 

(Cangialosi, 2016; Rappaport et al., 2009; Williamson et al., 2014). At the time of this study, a 

15-year period (2001 to 2015) of best track data is available, such that forecast error from the 

official NHC five-day forecasts can be computed and verified (Cangialosi, 2016). During this 

15-year period, the NHC has produced 9,784 tropical discussions with numerical forecasts, 

which consist of a total of 2.5 million words (National Hurricane Center [NHC], n.d.b.).  

Given the other delimitations placed by the research question, this study focused on the 

tropical discussions from active TCs in the Northern Atlantic Oceanic Basin between  2001 and 

2015 (NHC, n.d.b). Therefore, during the same 15-year period, the NHC had 5,131 tropical 

discussions with numerical forecasts for the Atlantic Oceanic Basin, which yielded over 1.35 

million words (NHC, n.b.d.). As a consequence, in analyzing the tropical discussions in the 

North Atlantic Oceanic Basin over a 15-year period can help cover many, but not all, the 

exhaustive unique situations and weather pattern combinations that would aid in improving 

weather forecasts (Rittel & Webber, 1973; Taleb, 2007; Yukawa, 2015).  

Sampling Procedure 

This study collected and analyzed the data through the use of predictive data analytics 

algorithms to address the research question and hypothesis expressed in this study. 

Consequently, the entire categorically classified tropical discussion dataset needed to be split 
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randomly into a two sub-groups (Chen & Cheng, 2010; Hagenau et al., 2013; Kim et al., 2014; 

Li et al., 2014; Liu et al., 2013; Ou & Wang, 2009; Sakurai et al., 2014; Thanh & Meesad, 2014; 

Vu et al., 2012; Zhou, 2015). Therefore, this study used a randomly selected sample split among 

66.66% and 33.34% for a training and testing dataset from the entire 15-year period (Camargo, 

Emanuel, & Sobel, 2007; Maloney & Hartmann, 2015; Wang, Xiang, & Lee, 2013). Selecting 

forecasts across the entire 15-year period aided in removing the year-to-year effects caused by 

local weather oscillations that exist in the data. The training to testing ratio outlined in this study 

fell within the acceptable range of ratios as outlined in the body of literature. 

Instrumentation 

Web crawlers and web scraping tools are the standard technique for automatically 

searching and downloading large volumes of data from a web page (Ali, Kim, & Kim, 2015; 

Kim, Jeong, & Ghani, 2014; Lai et al., 2012; Li et al., 2014; Netzer, Feldman, Goldenberg, & 

Fresko, 2012; Pletscher-Frankild et al., 2015; Schlegel, 2015). Therefore, this study applied 

Microsoft Visual Studio 2015 to create a simple web crawler and web scraping tool to search the 

archives of the NHC’s tropical discussions from 2001 to 2015 and create a comma-separated 

values (CSV) file (NHC, n.d.b). From the CSV file, this study used Microsoft Excel 2016 to aid 

in the data cleaning process of the tropical discussions. Use of Excel aided in allowing for data 

integration with the derived classification data of successful and unsuccessful forecasts from the 

NHC forecast verification data (NHC, n.d.d). Since this study collected data from the internet, it 

was easy for the predictive data analytics algorithm to evaluate the classified data (Kim et al., 

2014). The accuracy of the model output can also depend on the data preparation and integration 

procedures (Fayyad et al. 1996; Mandrai et al., 2014; Nassirtoussi et al., 2014). 

Finally, this study used the Java-based, open sourced, and platform independent WEKA 

tool (Dogan & Tanrikulu, 2013; Gera & Goel, 2015; Miranda, n.d.; Xia & Gong, 2014). This 
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study used WEKA for data preprocessing, predictive data analytics, and facilitating 

interpretations and evaluations. Also, WEKA contains classification, clustering, association 

rules, regression, visualization capabilities, and in particular the C4.5 algorithm (Dogan & 

Tanrikulu, 2013; Gera & Goel, 2015; Hachey & Grover, 2006; Kumar & Fet, 2011). 

Subsequently, research studies have used WEKA in applications that are tangential to this study 

(Dogan & Tanrikulu, 2013; Gera & Goel, 2015; Hachey & Grover, 2006; Kumar & Fet, 2011; 

Parkavi & Sasikumar, 2016; Xia & Gong, 2014). Therefore, WEKA was the primary instrument 

for the implementation of the C4.5 algorithm on the TC forecasting data. 

Validity 

The validity of a study allows for drawing meaningful, useful, and correct inferences 

from its results, because the information is accurate, consistent, and based on sound 

methodologies (Creswell, 2013; Field, 2013; Van de Walle & Comes, 2015). In other words, 

validity assesses whether the research study measures what it set out to measure. Thus, there are 

multiple ways to express the validity of research studies: criterion, external, and internal validity 

(Ahlemeyer-Stubbe & Coleman, 2014; Creswell, 2013; Field, 2013; Gera & Goel, 2015). Where 

criterion validity is that established by the instruments, external validity is that established by 

sampling, and internal validity is that established by the subjects in the research study 

(Ahlemeyer-Stubbe & Coleman, 2014; Creswell, 2013; Field, 2013). 

The instrument establishes the criterion validity (Field, 2013). However, evaluation 

through collecting data like TP, FP, TN, and FN values can help provide predictive data analytics 

model validation based on both the algorithm and tool (Ahlemeyer-Stubbe & Coleman, 2014; 

Kumar & Fet, 2011). Using the above values, Kim et al. (2014) and Kumar and Fet (2011) 

suggested to describe its validity of a model; the study should calculate the overall success rate in 

the following equation: 
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𝑠𝑢𝑐𝑐𝑒𝑠𝑠 𝑟𝑎𝑡𝑒 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  

Also, Kim et al. (2014) suggested to calculate the F-measure to analyze the information retrieval 

from the predictive measure using the following equation: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
  

To be able to provide the correct inferences of the results, this study exercised both of these 

values to assess and establish the criterion validity from WEKA’s C4.5 algorithm. 

Sampling procedures establish external validity (Ahlemeyer-Stubbe & Coleman, 2014; 

Creswell, 2013). As a consequence of the delimitations of this research study, the sample TC 

forecasts analyzed helped cover many, but not all, of the exhaustive unique situations and 

weather pattern combinations that would aid in improving weather forecasts (Rittel, & Webber, 

1973; Taleb, 2007; Yukawa, 2015). Also, this study did not intend to provide generalized results 

for all TCs around the world in all seven oceanic basins because each is different from the other 

(Camargo, Emanuel, & Sobel, 2007; Maloney & Hartmann, 2015; Wang, Xiang, & Lee, 2013). 

Nor does this study have any high validity in extending its inferences beyond the NHC TC 

forecasts, since they are not the only one’s forecasting TCs tracks and intensities. 

Finally, the subjects of the research study establish the internal validity of the study 

(Creswell, 2013; Field, 2013). In the dataset, different hurricane specialists at the NHC created 

each of the TC forecasts and tropical discussions (NHC, n.d.c). Using a higher level of 

abstraction to provide internal validity for this study, this research assumed that the NHC 

produced their products. At this level of abstraction, this meant that the data came from one 

government agency, or one data source. Considering the NHC is the authoritative and visible 

government voice for TC products, their products are viewed and scrutinized by multiple 

stakeholders, which helps make this a valid assumption (Williamson et al., 2014).  
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Reliability 

Establishing a study’s reliability is to have the ability to produce consistent 

interpretations of the results when using similar data under different conditions (Ahlemeyer-

Stubbe & Coleman, 2014; Field, 2013). This study explored the following aspects of its 

reliability: data collection, analytics algorithm, instrumentation, and internal reliability. Doing so 

established the reliability of this study, which is important for establishing the validity of this 

study and providing meaningful interpretations of the results (Van de Walle & Comes; 2015). 

Knowing the source of the data and method of data collection is vital to ensure the 

reliability and credibility of the data and information (Van de Walle & Comes, 2015). Therefore, 

to ensure reliability, this study identified missing values, inconsistencies, redundancies, and 

incomplete integrated data and discarded those data points (Corrales, Ledezma, & Corrales, 

2015; Creswell, 2013; McNurlin, Sprague, & Bui, 2008; Van de Walle & Comes; 2015). The 

removal of noise in the dataset allowed for the classified forecast data to be compatible with 

WEKA and enhanced the reliability (Fox & Do, 2013; Miranda, n.d.). 

Establishing an instrument's reliability is to see how well it has produced consistent 

results in previous studies (Creswell, 2013). Accordingly, this study used the techniques and 

procedures of the C4.5 algorithm. The C4.5 algorithm has been utilized to understand success in 

the field of finance (Ahmad, 2014; Bollen, Mao, & Zeng, 2011; Chen & Cheng, 2010; Gilbert & 

Karaholios, 2010; Vu, Chang, Ha, & Collier, 2012; Zhang, Fuehres, & Gloor, 2011). Also, 

WEKA has the C4.5 algorithms, which has been used in many other research studies that are 

tangential to this study and has provided consistent results (Dogan & Tanrikulu, 2013; Gera & 

Goel, 2015; Hachey & Grover, 2006; Kumar & Fet, 2011; Parkavi & Sasikumar, 2016; Xia & 

Gong, 2014).  
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Finally, this study addressed its internal reliability by testing for robustness through 

repeating the random sampling, training, and testing processes using the C4.5 algorithm at most 

three times to ensure consistent results similar to Liu, Pitt, and Wu (2013) and as suggested by 

Field (2013). Also, Hoonlor (2011), Kim et al. (2014), Thornes and Stephenson (2001) suggested 

there are known measures for understanding a model reliability, such as measuring for accuracy, 

precision, type I and II errors, and statistical significance tests. 

Data Collection 

Based on the delimitations placed by the research question, this study relied upon two 

key secondary datasets from the NHC online databases during the 15-year period (2001 to 2015). 

Thus, the two key datasets for this study, the NHC’s tropical discussions and the NHC’s forecast 

verification, need to be cleaned, classified, and integrated with each other before data preparation 

processes can begin (NHC, n.d.b., n.d.d). At the time of this study, the two key datasets were 

freely available on the internet: the NHC’s tropical discussions and the NHC’s forecast 

verification. 

Data Analysis 

At first, a descriptive analysis of the data was conducted to provide context to the 

predictive data results (Joyner, 2012). This study created a predictive data analysis model for this 

research problem by the of use the C4.5 algorithm to classify successful and unsuccessful TC 

forecasts. Testing this model against a pre-classified test dataset helped establish the model’s 

accuracy (Kim et al., 2014; Li et al., 2014; Liu et al., 2013; Nassirtoussi et al., 2014; Nassirtoussi 

et al., 2015; Sharma et al., 2012; Thanh & Meesad, 2014; Vu et al., 2012). From the values 

provided by WEKA, the TP, TN, FP, and FN values were derived to further assess the criterion 

validity of the model (Ahlemeyer-Stubbe & Coleman, 2014; Kim et al., 2014, Kumar & Fet, 

2011; Miranda, n.d.). WEKA provides a means of testing the model’s accuracy with the kappa 
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statistic, and this statitic allowed for the use of inferential statistics for hypothesis testing (Field, 

2013; McHugh, 2012). Subsequently, the WEKA software then visualized the results, therefore 

allowing for the interpretation of the model and model results (Ahiaga-Dagbui & Smith, 2014; 

Corrales et al., 2015; Mandrai & Barskar, 2014).  

Ethical Considerations 

The NHC hurricane specialists freely sign each of the tropical discussions and TC 

forecasts to help aid in transparency and to hold themselves accountable to their forecasts 

(Richards & Kings, 2014; Robinson, 2015). It is often tempting to use the dataset for other 

purposes not intended by this study, once its compiled and integrated with the verification 

classifications dataset (McEwen, Boyer, & Sun, 2013; Podesta et al., 2014; Prentice, 2007). The 

implications of correlating an individual hurricane specialist’s successful and unsuccessful TC 

forecast rate could have unintended consequences to their careers (Prentice, 2007). Therefore, 

this study did not examine any individual hurricane specialist’s successful TC forecasts rates due 

to the ethical implications. This researcher took the necessary precautions to de-identify the 

information. During the raw data collection phase, the code removed the unique identifiers of the 

forecasts, such that the forecasts do not correspond to any specific individual (McEwen et al., 

2013; O'Driscoll, Daugelaite, & Sleator, 2013; Podesta et al., 2014; Richards & King, 2014). 

Accordingly, this study at the collecting raw data phase of the research design only recorded the 

number of forecasters used to make the forecast, not the individual names.  

This study raised the important question in data analytics: How should the data be used in 

an ethical study? Given that the data comes from the NHC archives, it is outside the bounds of 

this study to protect the hurricane specialist from any unintended consequences. The NHC 

hurricane specialist freely divulges identification information on each of their tropical 

discussions. Anyone could recreate the study from scratch without the precautions set forth by 
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this study to de-identify the data, to come up with an analysis of TC forecaster's success rates 

(Podesta et al., 2014; Richards & Kings, 2014; Robinson, 2015). This fact is known. Steps to 

mitigating the impacts from others recreating the study from scratch are out of the study’s 

control.  

Summary of Chapter Three 

This quantitative study determined whether the use of the C4.5 algorithm can provide a 

statistically significant value in understanding successful TC forecasts. The aim of this study was 

to aid in improving the overall TC forecast accuracy. Therefore, this chapter established the 

methodology for this study and its supporting information. This chapter also provided an 

understanding of the research tradition, research process, population, data collection, sampling 

procedure, validity, reliability, and data analysis in this study. The following chapter presents the 

results, analysis, and discussions based on this study’s methodology and dataset. 
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CHAPTER FOUR 

This chapter is organized to address the quantitative research question posed: Which 

weather pattern components can improve the Atlantic TC forecast accuracy through the use of 

C4.5 algorithm on the five-day tropical discussions from 2001 to 2015?  

 Through understanding which weather components could improve the TC forecast 

accuracy, the data studied provided insights and information to the hurricane specialists 

that could be utilized to improve their future TC forecasts (Gall, Franklin, Marks, Rappaport, & 

Toepfer, 2013; Rappaport, Jiing, Landsea, Murillo, & Franklin, 2012).  

Fundamentally, this chapter presented and discussed the results of the data collection and 

analysis. Thus, this chapter provides the context of the research question through a descriptive 

analysis of the dataset before the use of the C4.5 algorithm. Subsequently, the chapter provides 

an analysis of the status of the tropical discussion forecasts with regards to the HFIP stated goals 

and objectives (Gall et al., 2013). Furthermore, this chapter provides an analysis of the token 

words during the 15-year period and the information gained from these words. Finally, this 

chapter discusses the results of the predictive analysis from the C4.5 algorithm on the 15-year 

tropical discussion data. 

 Descriptive Analysis 

This study analyzed the five-day TC forecasts provided by the NHC in their tropical 

discussions over a 15-year period. Thus, from 2001 to 2015, the NHC hurricane specialists have 

amassed 5,131 instances of explicit knowledge (containing over 1.35 million words) in the form 

of tropical discussions (NHC, n.d.a). However, the tropical discussion dataset had to be 

integrated with the classified NHC TC forecast verification data (NHC, n.d.d). After the dataset 

integration, the total number of tropical discussions to be analyzed dropped to 4,812. This 

outcome could have happened for many reasons. After further analysis of more data, the NHC 
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hurricane specialists may conclude that storm genesis could have begun later or ended earlier 

than originally thought. In its yearly post analysis, the NHC added this precision to the lifecycle 

of the storm (Cangialosi, 2016; Franklin, 2009; Rappaport et al., 2009; Williamson et al., 2014). 

Therefore, this study used 4,812 instances of explicit knowledge containing 1.31 million words 

that were verifiable. Of the 4,812 verifiable tropical discussions, about 60% of them (Figure 6a 

and 6b) had better than average forecast error. Although, sometimes some of the forecasts were 

better in either track or the intensity forecast but not the other.  

Through the contextual descriptive analysis, the stronger the initial TC intensity was, the 

better the forecast track (Figure 6c) and vice versa for intensity forecasts (Figure 6d). This result 

emanated from many factors, and the C4.5 algorithm was unable to assist in understanding which 

factors and why. However, it is thought that the stronger the storm, the deeper the TC vortex 

becomes, which is then affected by the stronger middle and upper level steering flows (Colbert & 

Soden, 2012; Nakamua, Lall, Kushnir, & Camargo, 2015; NHC, n.d.a.; Wang et al., 2015; Zhang 

& Tao, 2013). It is often easier to forecast mid-to-upper level steering for stronger TCs than 

lower level steering flows for weaker TCs. However, the storm inner dynamics of its core could 

also affect its track and its surrounding steering flow (Colbert & Soden, 2012). Therefore, still 

causing larger than average error values for the TC track (Figure 6c). However, the inner storm 

dynamics and thermodynamics and flow asymmetry are not fully understood, and this makes for 

an unpredictable intensity estimate (Colbert & Soden, 2012; Wang et al., 2015; Zhang & Tao, 

2013). 
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                                  N = 4812                                                        N = 4812 

 (a)                                                                       (b)  

 
                n = {1466, 1964, 700, 275, 197,  196,  34}              n = {1466, 1964, 700, 275,  197, 196,   34} 

               (c)                                                                              (d) 

 
                    n = {4134,           673,                5}                      n = {4134,            673,               5}     

                     (e)                                                                        (f) 

Figure 6. Descriptive statistics of the classified better than average forecasts are in blue and 

worse than average forecasts are in red proportions per (a) and (b) total number of tropical 

discussions, (c) and (d) per initial tropical cyclone intensity, and (e) and (f) per numbers of 

forecasters for each tropical discussion. The statistics on the left represent the track classification 

scores, whereas on the right represents the intensity classification scores. Finally, the sample size 

for each bin is below each chart. 
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Nakamua et al. (2015) stated that the track of the TC could also influence the TC’s 

strength. For instance, if the track of the storm goes over warmer or cooler sea surface 

temperatures (SSTs) or makes landfall. Thus, the TC track is interrelated to TC intensity. 

However, more research is needed to explore this relationship further. 

Looking at the verifiable tropical discussions, the sample size of data decreases as the 

initial storm intensity increases, suggesting that higher storm intensities are the exception, not the 

norm. Additionally, during this 15-year period, there were eight category five TCs and 34 

verifiable tropical discussions like Isabel (2003), Ivan (2004), Emily (2005), Katrina (2005), Rita 

(2005), Wilma (2005), Dean (2006), and Felix (2007). Subsequently, there is no significant 

difference between the number of forecasters and the probability of the outcomes on either track 

or intensity forecasts (Figure 6e and 6f). Now, the next question that stems from this contextual 

descriptive analysis is whether or not HFIP is on the path to meeting their goal. 

Gall et al. (2013) stated that, in 2009, one of the goals of the HFIP was to improve the 

forecast accuracy by 50% by 2019. When observing the classification scores per year over the 

entire 15-year period (Figure 7) and using polynomial regression on both the track and intensity 

classification scores, the TC forecasts have not improved towards the stated 50% goal. The 

polynomial regression provided the highest R2 values at the cost of making the regression 

formula onerous. Although the starting point of this improvement metric begins on 2009, the 

five-day forecast dataset begins on 2001. Given that the five-day forecast dataset began in 2001 

drafting a regression formula from 2001 rather than 2009 helps paint a holistic picture of the 

actual progression of the five-day TC forecasts. Also, this is one of many ways to analyze and 

calculate the NHC’s progress towards this particular goal, and this study has chosen this 

classification method to meet the needs of the C4.5 algorithm.  
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Prior to the conducting predictive data analytics (Figure 5) on the tropical discussion 

dataset, this study stemmed, normalized, and tokenized the words in the dataset (Hoonlor, 2011; 

Miranda, n.d.; Nassirtoussi et al., 2014; Nassirtoussi et al., 2015; Pletscher-Frankild et al., 2015; 

Thanh & Meesad, 2014). For this study, the words that have been stemmed, normalized, and  

tokenized are in Appendix Table A. These tokenized words had to be normalized per year, to 

reduce the influence of highly active Atlantic TC Seasons; for instance, 2005 had the most active 

TC season in recorded history.  

 
n={335, 312,  391, 411,  614,  262, 307,  362,  142,  400, 376,  440,  193, 149,  218} 

 

Figure 7. The percentage of successful track classification score per year (purple circles) 

and the percentage of successful intensity classification score per year (green diamonds). 

The polynomial regression formulas and R2 values are in their corresponding colors to the 

type of classification score. 

y = 0.0003x3 - 1.6015x2 + 3219.8x - 2E+06
R² = 0.7778
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R² = 0.5719
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Basole, Seuss, and Rouse (2013) conducted a study of IT innovation adoption and created 

a table on the distribution of scientific literature by year of publication and occurrence of firm 

characteristics in bins of decades over a 40 year period. Yoon and Song (2014), stated that 

mapping the term document frequencies with respect to time in one-year bins could assist in 

finding patterns of term introduction, growth, majority, and decline. Thus, this study tried to find 

 

 

Figure 8. Red-white-green chart of the normalized frequency of certain token words 

across the 15-year period of the study and their corresponding sparklines. 
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these term patterns from the tokenize words over time in one-year bins based on these two 

studies (Figure 8). Subsequently, there are no such term patterns found within the 15-year North 

Atlantic tropical discussion dataset, suggesting that this tokenized dataset is consistent across 

the15-years. 

Predictive Analysis 

Token words were used to calculate information gain using the randomly sampled 

training data. When token words that appear quite frequently and are statistically significant, 

they appear as non-zero information gain values (Hoonlor, 2011; Yao, & Luo, 2014; Zhou, 

Schouten, Frasincar, & Dekker, 2016). Thus, information gain allows for pattern discovery 

because it assumes rare token words do not carry much information (Hoonlor, 2011; Yao, & 

Luo, 2014). Accordingly, the higher the information gain, the more likely it is important enough 

for decision makers and decision tree algorithms to consider (Barak & Modarres, 2015; Senthil 

Kumar, Sathyadevi, & Sivanesh, 2011). Therefore, similar to calculations in Kwok and Cater 

(2013) and Schouten et al. (2016), the ranked non-zero information gain appears for each 

randomly sampled training data (Tables 1 and 2). 

For this study, most of the token terms with non-zero information gain appear on the 

three randomized track training data (Table 1). Thus there is uniformity across the three random 

samples. Token words like TC eye and TC eyewall for the three track runs were ranked the top 

two for information gain, whereas the other weather components are ranked differently across 

the three runs (highlighted values on Table 1). The top 10% rankings were the same, though the 

rank values were slightly different. Whereas, tokens like a vessel, lower satellite derived winds, 

and SSTs are mentioned once in the three ranked information gain runs. Unlike the token terms 

in the track training data, half of the token terms with non-zero information gain appear on the 

three randomized intensity training data (Table 2). There is semi-uniformity across the three 
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random training samples. Thus, illustrating the added difficulty in forecasting TC intensity 

compared to TC tracks (NHC, n.d.d). The TC eye, reconnaissance, and lower satellite derived 

winds for the three runs were the top three ranked information gained token words, whereas the 

other weather components are ranked differently across the three runs (highlighted values on 

Table 2). Thus, across all three runs, the top 25% of the pattern rankings were similar. In the end, 

both sets of information gain on training data had a similar set of significant patterns, just not in 

the same rank, but they each had their dominant patterns consistently on the training runs in their 

respective classification scores. 

Overall, in the six randomly sampled training datasets (Tables 1 and 2), tokens like TC 

eye, reconnaissance, TC eyewall, and eyewall replacement ranked as non-zero information gain 

tokens. This result suggests that gaining a further understanding of a TC eye, and its eyewall is 

key features for improving the overall TC forecasts. However, full understanding of the TC eye 

and eyewall could create a limitation in creating better forecasts in the future, because they are 

not only affected by the TC internal dynamics, but by their surrounding environment (Colbert & 

Soden, 2012; Moon & Nolan, 2015a; 2015b; Nakamua et al., 2015; Stern, Vigh, Nolan, & 

Zhang, 2015; Wang et al., 2015; Zhang & Tao, 2013). Furthermore, a key dataset that helps 

improve the overall TC forecasts come from reconnaissance. However, reconnaissance missions 

run during 30% of the TC lifecycle when the storm is closer to land and has the potential to 

impact populated areas (Hagen, Strahan-Sakoskie, & Luckett, 2012; Nakamura et al., 2015; 

Williamson et al., 2014).  
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Table 1. Track results after the Application of the C4.5 Algorithm. 

Information Gain on Track Forecasts* 

Rank Training Sample #1 Rank Training Sample #2 Rank Training Sample #3 

0.01656 

0.01107 

0.01017 

0.00872 

0.00748 

0.00552 

0.00533 

0.00519 

0.00488 

0.00411 

0.00376 

0.00373 

0.0028 

0.00273 

0.00252 

0.00238 

0.00235 

0.00201 

0.00162 
 

TC Eye  

TC Eyewall  

Flight-level data 

Eyewall replacement 

Reconnaissance  

Convection  

Dropsonde  

Inner eyewall 

Outer eyewall 

Central pressure 

Radar  

Warm water 

Deep TC 

Burst of convection 

Vessel  

Concentric eyewall 

Lower satellite derived winds 

Cloud top temperatures 

Microwave Radiometer 
 

0.01517 

0.00977 

0.00912 

0.00814 

0.00767 

0.0045 

0.00407 

0.00383 

0.00364 

0.0035 

0.00339 

0.00313 

0.00301 

0.00297 

0.00286 

0.00237 

0.00229 
 

TC Eye  

TC Eyewall  

Eyewall replacement 

Flight-level data 

Reconnaissance  

Burst of convection 

Warm water 

Dropsonde  

Shearing  

Inner eyewall 

Deep TC 

Outer eyewall 

Radar 

Central pressure 

Convection  

SSTS 

Cloud top temperatures 
 

0.01558 

0.0093 

0.00896 

0.00795 

0.00742 

0.00611 

0.00573 

0.00504 

0.00369 

0.00314 

0.00288 

0.00275 

0.00269 

0.00253 

0.00239 

0.00216 

0.0021 
 

TC Eye  

TC Eyewall  

Eyewall replacement 

Radar  

Flight-level data 

Reconnaissance  

Central pressure 

Convection  

Shearing  

Outer eyewall 

Concentric eyewall 

Deep TC 

Warm water 

Burst of convection 

Dropsonde  

Inner eyewall 

Microwave Radiometer 

 

 

Note: Bolded tokens have an information gain ranked score greater than zero. 
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Table 2. Intensity results after the Application of the C4.5 Algorithm. 

Information Gain on Intensity Forecasts* 

Rank Training Sample #1 Rank Training Sample #2 Rank Training Sample #3 

0.0093 

0.0068 

0.00429 

0.00387 

0.00347 

0.00339 

0.00271 

0.00263 

0.00251 

0.0024 

0.00228 

0.00222 

0.00199 
 

TC Eye  

Reconnaissance  

Lower satellite derived winds 

TC Eyewall  

Cloud top temperatures 

Eyewall replacement 

TC outflow 

Central pressure 

Flight-level data 

Dropsonde 

Rapid intensification 

High pressure 

Cloud patterns 
 

0.01117 

0.00757 

0.00538 

0.00449 

0.00377 

0.00343 

0.00294 

0.00201 

0.00137 
 

TC Eye  

Reconnaissance  

Lower satellite derived winds 

Eyewall replacement 

TC Eyewall  

TC outflow 

Cloud top temperatures 

Cloud patterns 

High pressure 
 

0.01246 

0.0092 

0.00868 

0.00694 

0.00524 

0.00445 

0.00402 

0.00379 

0.00346 

0.00261 

0.00236 

0.00189 
 

TC Eye  

Lower satellite derived winds 

Reconnaissance  

TC Eyewall  

TC outflow 

Flight-level data 

Central pressure 

Cloud top temperatures 

Dropsonde  

Eyewall replacement 

Rapid intensification 

High pressure 
 

Note: Bolded tokens have an information gain ranked score greater than zero. 
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Subsequently, if a token word has information gain across multiple randomly sampled 

training data, or even has the same rank across the different training data, any small differences 

in their information gain score are important and crucial (Schouten et al., 2016). These small 

differences in the information gain score can impact how the C4.5 decision trees are built and 

can yield stark differences (Batal, 2012; Kwok & Carter, 2013; Kumar & Fet, 2011; Senthil 

Kumar et al., 2011). The complexity of this wicked problem also leads to decision trees not to 

have robust characteristics (Song & Lu, 2015). Thus, the stark differences between these ranked 

information gain scores resulted in different C4.5 decision trees, and when the randomly sampled 

test data was used to confirm the accuracy and other measures of these trees the following results 

were captured and summarized in Table 3. 

Having 60 token words to be analyzed adds complexity for the C4.5 algorithm and 

therefore reduces predictability robustness. The added complexity meant having poorer 

generalizability (Ghosh, Manwani, & Sastry, 2016; Song & Lu, 2015). Ghosh et al. (2016) 

defined robustness of machine learning decision trees by, as the training data goes to infinity 

regardless of data size it would yield the same decision tree. However, DeFries and Chan (2010) 

helped defined how to measure robustness between trees differently by observing smaller 

spreads in the maximization of the kappa statistics, and in the minimization of the mean error 

values. Tweaking the C4.5 algorithm’s tree pruning threshold values can help increase 

robustness (DeFries & Chan, 2010; Ghosh et al., 2016). This study observed 84 decision trees 

from the C4.5 algorithm under varying confidence intervals: 99.9%, 99.5%, 99%, 98% … 91%, 

90%, and 75.0% (default value). The results in Table 4.3 and subsequent decision tree figures 

stemmed from a pruning threshold of 90% confidence interval, which produced high correct 

classification, high kappa statistic, and small mean error. However, the kappa statistic for each 
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run is less than 0.20. Thus, there is none-to-slight interrater agreement (Field, 2013; McHugh, 

2012). Meaning that this study fails to reject the null hypothesis because hypothesis testing 

would be inconsistent due to this low kappa statistic value (McHugh, 2012). The kappa statistic 

does not indicate if the interrater agreement had more false positives or false negatives. 

However, other calculations done in this study indicated that there were more false positives than 

false negatives for each run (not shown). Consequently, there are no significant differences in the 

C4.5 algorithm derived weather pattern components, which can decipher the difference between 

a successful and unsuccessful TC forecast. 

However, Kim et al. (2014) and Kumar and Fet (2011) suggested calculating the overall 

success rate value of a model to showcase its validity. The spread of success rate (Table 3) is 6% 

for track classification runs, and 1.85% for intensity classification runs. Kim et al. (2014), 

suggested to calculate the F-measure to analyze the information retrieval from the predictive 

measure as another form of validity testing, and that spread is 4.97% (3.38%) for the track 

(intensity) classification runs. Thus, based on the success rate and F-measure spreads being 

small, it can be concluded that this was a valid method for this type of dataset. Additionally, the 

spread of the precision score is 4.82% (3.54%) and the correct classification rates spread is 

1.27% (2.83%) for track (intensity) classification runs, which means that these tests are reliable. 

Also, Nassirtoussi et al. (2014) stated that it is common to see results of over 55% to be 

considered a success. Therefore, having the C4.5 algorithm correctly classified instances rates of 

over 55% for each run means that the algorithm was a success. 
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Table 3. Descriptive Statistics for Randomly Sampled C4.5 Decision Tree Runs 

Run 

Correct 

Classified 

Instances 

Incorrect 

Classified 

Instances 

Kappa 

Statistics 

Mean 

Absolute 

Error 

Success 

Rate 
F-Measure Misclassification Precision 

Track Classifications 

1 948 (60.46%) 620 (39.54%) 0.1253 46.87% 56.04% 62.99% 41.33% 61.26% 

2 979 (61.03%) 625 (38.97%) 0.010 48.94% 50.04% 66.51% 43.64% 56.44% 

3 968 (59.86%) 649 (40.14%) 0.0457 48.51% 52.16% 61.64% 44.16% 58.86% 

AVE   0.0573 48.11% 52.75% 63.71% 43.04% 58.86% 

Intensity Classifications 

1 920 (58.67%) 648 (41.33%) 0.0533 46.98% 52.31% 66.42% 39.54% 60.90% 

2 904 (56.36%) 700 (43.64%) 0.0293 47.49% 51.23% 66.41% 38.97% 61.46% 

3 903 (55.84%) 714 (44.16%) 0.0670 47.55% 53.08% 63.04% 40.14% 64.44% 

AVE   0.0499 47.34% 52.21% 65.29% 39.55% 62.27% 
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Thus, the results of failing to reject the null hypothesis are valid, due to the how this 

study met the criteria to be successful, valid, and reliable. As a result, the study further examined 

the first randomly sampled dataset’s decision trees for both track and intensity classification 

because of their high correct classification instances rate, high F-measure rate, high kappa 

statistic, low mean absolute error, and low misclassification rate. 

 

 

 

Figure 9. The C4.5 decision tree output. Shown is the C4.5 decision tree output for the first 

of three randomly sampled training and testing on classified intensity outcomes, where 

zero is an outcome better than average, and one is an outcome worse than average. The 

resulting image comes from a pruning threshold of 90% confidence interval. 
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Observing the C4.5 decision tree for the intensity classifications (Figure 9), the TC eye, 

TC eyewall replacement, central pressure, and rapid intensification nodes also appear as ranked 

information gained values (Table 2). The words TC eye and TC eyewall replacement are in the 

three intensity classification information gained datasets, while central pressure and rapid 

intensification are in two out of the three sets. However, the tree nodes of fronts, synoptic, and 

cool water are not in any of the ranked information gained values for intensity. However, the 

decision tree has eyewall replacement as a level 1 node, TC eyewall and fronts as a level 2 node, 

rapid intensification a level 3 node, synoptic as a level 4 node, with central pressure and cool 

water as the leaves of this tree. The tree is also missing other information gained tokens from 

Table 2, like cloud top temperatures, reconnaissance, and the TC outflow. 

Information gain can be used to help understand why some token words split the decision 

tree in a certain way (Schouten et al., 2016). At each decision tree node, tokens with information 

gain are used to split the data into two subsets, one that contains the token word and one that 

does not, and uses the training supplied classification score to build its model (Batal, 2012, 

Kumar & Fet, 2011; Kumar et al., 2011; Zhou et al., 2014). However, the decision tree algorithm 

considers the highest normalized information gain (Kwok & Cater, 2013; Kumar et al., 2011). 

Information gain is also used to prune the decision tree of non-value added information (Barak & 

Modarres, 2015; Batal, 2012). It could have been the combination of these steps in the tree 

generation process that resulted in the decision trees of Figures 9 and 10.  
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Figure 10. The C4.5 decision tree output for the first of three randomly sampled training and testing on classified track 

outcomes. In this output, zero is an outcome better than average, and one is an outcome worse than average. The resulting 

image comes from a pruning threshold of 90% confidence interval. 
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By this logic, for the intensity classification decision tree for the first run (Figure 9), TC 

eye should be a level 1 node, eyewall replacement, central pressure, rapid intensification should 

be lower level nodes with fronts, synoptic, and cool water should be the leaves of this tree. This 

study could apply similar logic to the track classification decision tree for the first run (Figure 

10). The TC eye should be the first level node, followed by flight level data, radar, warm water, a 

burst of convection, shearing, and lower satellite derived winds as subsequent lower level nodes 

with the remaining tokens as leaves. These same differences happened with each of the trees. 

However, none of these trees fit the theory precisely, which could indicate that these trees could 

have had their shape and nodes defined via pruning techniques. This assumption could have 

contributed to the low value in the kappa statistics, which failed to reject the null hypothesis.  

From a meteorological perspective to the first approximation the TC track is dependent 

on environment conditions and steering flow (Colbert & Soden, 2012; Nakamua et al., 2015; 

NHC, n.d.a.; Wang et al., 2015; Zhang & Tao, 2013). Whereas, TC intensity is dependent on the 

internal dynamics of the storm. Steering was not brought up in the ranked information gain on 

track forecasts, which should have been a clue as to why this algorithm’s inability to correctly 

decipher which weather components (via the kappa statistic) aided in improving the forecasts. 

Although, a lot of the key inner dynamical features may have been present in the information 

gain on intensity forecasts; maybe the right ones were not present. Equally important to the TC 

intensity forecast is its dependence on the TC track forecast. The path of a TC into favorable 

environmental and oceanic conditions can help intensify the storm and vice versa (Nakamua et 

al., 2015). Getting the track forecast wrong could mean getting the intensity forecast wrong as 

well. Getting the wrong intensity of the storm wrong could mean getting the wrong atmospheric 

level steering currents. This study found that 64.56% of the forecasts had at least greater than 
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average track or intensity errors or both, while 35.43% of the forecasts were better than the 

average track and intensity errors. Therefore, there is still a need for more research to improve 

both the track and intensity forecasts. 

Summary of Chapter 

This chapter presented both the descriptive and predictive data to examine the 

quantitative research question: Which weather pattern components can improve the Atlantic TC 

forecast accuracy; through the use of C4.5 decision tree algorithm on the five-day tropical 

discussions from 2001to 2015? This study uncovered that the kappa statistic for these robust and 

reliable runs was too small to yield a statistically significant result that could reject the null 

hypothesis. Subsequently, this study explored the results through both a data science (ranked 

information gain) and a meteorological perspective. Though the use of the C4.5 algorithm was 

not able to derive which weather components could be used to help improve the accuracy of TC 

forecasts, it did provide some insights through the ranked information gain scores. Finally, based 

on the classification system used in this study, the primary forecast goal for the HFIP project has 

not been met. The following chapter provides a summarization of the results, implications for 

practice, and future research that stemmed from this dissertation. 
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CHAPTER FIVE 

This chapter is organized to present an overall interpretation of the results and findings 

from the previous chapters. The summary relates to the key findings to this study’s research 

question and hypothesis. This chapter describes an elaboration of the limitations that were 

discovered through the research process and not mentioned in Chapter One. Also, the chapter 

describes the implications for practitioners, offers suggestions for future research, and concludes 

the study. 

Findings and Conclusions 

The goal of this study was to quantitatively understand which weather components could 

improve the TC forecast accuracy. This study posed the following research question, to meet the 

goal mentioned above: Which weather pattern components can improve the Atlantic TC forecast 

accuracy; through the use of C4.5 algorithm on the five-day tropical discussions from 2001 to 

2015? The following were the null hypothesis (H0) and the alternative hypothesis (H1) of this 

study that corresponds to the research question: 

H0: There are no significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 

H1: There are significant differences in the C4.5 algorithm derived weather pattern 

components, which can decipher the difference between a successful and unsuccessful 

TC forecast. 

To test this hypothesis, this researcher adopted a research design, which at the highest level of 

abstraction was a causal-comparative study using text mining. It consisted of four basic steps: (a) 

collecting the raw data, (b) preprocessing, (c) predictive data analytics, and (d) interpretation and 
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evaluation. At this level of abstraction, the connection of the research design to the conceptual 

framework was easy to see.  

The data that was collected and analyzed represent the TCs of the Atlantic oceanic basin. 

Through a contextual descriptive analysis of the 4,812 verifiable tropical discussions, about 60% 

of them had better than average forecasts. While looking at the verifiable tropical discussions, 

the sample size of data decreases as the initial storm intensity increases, suggesting that higher 

storm intensities are the exception, not the norm. Also, as discovered, the stronger the initial TC 

intensity, the better the forecast track and vice versa for intensity forecasts. This data suggested 

that forecasting the track of a TC is easier to the hurricane specialists when the intensity of the 

storm at the time of the forecast is strong. Subsequently, there is no significant difference 

between the number of forecasters and the probability of getting either track or intensity 

forecasts correct. Thus, the adage of “two heads are better than one” is not true in this study.  

Gall et al. (2013) stated that in 2009 one of the goals of the HFIP was to improve the 

forecast accuracy by 50% by 2019. Also, based on the classification system used in this study, 

the primary forecast goal for the HFIP project has not been met. Therefore, there is still a need 

for further research needed to improve both the track and intensity forecasts to help meet this 

HFIP stated goal. 

The predictive text analytics results presented in Chapter 4 stemmed from a pruning 

threshold of 90% confidence interval, which also produced a high correct classification, a high 

kappa statistic, and small mean error. However, the kappa statistic for each run was less than 

0.20. Thus, there is none-to-slight interrater agreement (Field, 2013; McHugh, 2012). Meaning 

that this study fails to reject the null hypothesis because hypothesis testing results would be 

inconsistent due to this low kappa statistic value (McHugh, 2012). Thus, there are no significant 
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differences in the C4.5 algorithm derived weather pattern components, which can decipher the 

difference between a successful and unsuccessful TC forecast. After further examination of the 

spreads of the success rate and the F-measure and the value of the correct classification rate, this 

study’s methodology and algorithm choice was successful, valid, and could produce reliable 

results (Kim, Jeong & Gahni, 2014; Kumar & Fet, 2011; Nassirtoussi et al., 2014). In the end, 

the conclusion of failing to reject the null hypothesis was a valid one. Subsequently, information 

gain is represented the token words that appear quite frequently and were statistically significant 

(Hoonlor, 2011; Yao, & Luo, 2014; Zhou, Schouten, Frasincar, & Dekker, 2016). Thus, the 

results of the descriptive analysis and information gain supported meteorological studies and 

theories about TC forecasting and explored them in depth in Chapter 4. Throughout this 

investigation, other limitations arose and must be addressed to provide the appropriate context of 

this research’s results. 

Limitations of the Study 

Limitations of the study previously addressed included, the knowledge that was either 

included or excluded from the tropical discussion, but still used as part of the TC analysis by the 

hurricane specialist (Knaff, DeMaria, Sampson, & Gross, 2003; Rappaport et al., 2009; 

Williamson et al., 2014). The second and third aforementioned limitations of this study were that 

a static 15-year snapshot of TC in one oceanic basin does not represent the entire TC solution 

space for the entire world history. If the TC dataset used in this study does not represent the 

entire TC solution space, then it cannot reflect any definitive solution (Rittel, & Webber, 1973; 

Taleb, 2007; Yukawa, 2015). Thus, the problem of improving TC forecasts is still a wicked 

problem that entices future researchers to solve it.  

Including more TC discussions may have yielded more information, improved 

information gained from the scores of token words, and improved decision trees generated from 
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the training dataset, which could have improved the kappa statistics. In particular, a limitation 

that was previously addressed and appeared in this study was the sole use of the C4.5 algorithm 

as the predictive analytical algorithm. Due to the multiple studies that use the C4.5 for 

forecasting financial markets, the C4.5 algorithm was considered a suitable fit for this study 

(Ahmed, 2014; Chen & Cheng, 2010; Maimon & Rokach, 2010; Sakurai, Makino, & 

Matsumoto, 2014). There are other numerous studies that have used different classification 

algorithms or decision trees generators that, if used on this dataset, could have provided 

statistically significant results.  

A limitation that arose during the study was that the words used for stemming and 

tokenization came from the term document frequency thresholds. Approximately the top 1,000 

terms were saved and analyzed through the use of WEKA during the preprocessing phase. This 

threshold value helped generate the 60 token words used in this study (See Appendix A). Other 

terms or weather components could have come from expanding this number by an order of 

magnitude of ten. However, expanding the term document frequency threshold could cause false 

statistical significance due to the effects that small differences play on big datasets (Field, 2014). 

Therefore, to reduce the likelihood of false statistical significance, expanding this threshold was 

not accomplished in this study. 

Another limitation that emerged from this study was the binary classification of forecasts, 

which was chosen to aid in generating simple decision trees. However, the interactions between 

track forecast errors and intensity errors could have played a role in providing a low kappa 

statistical value (Colbert & Soden, 2012; Nakamua, Lall, Kushnir, & Camargo, 2015; NHC, 

n.d.a; Wang et al., 2015; Zhang & Tao, 2013). Thus, there could be improvements made to the 

classification system that showcases an overall score of 0 for successful track and intensity 
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forecasts, 0.25 for a successful track forecast but unsuccessful intensity forecasts, 0.75 for 

successful intensity forecasts but unsuccessful track forecast, and 1 for unsuccessful track and 

intensity forecasts. Subsequently, other classifications breakdowns could be anything outside of 

the simple binary classification system used in this study. 

An additional limitation that emerged came from the randomly sampled testing to 

training data ratio of 66.66% to 33.34%. This constraint could have expanded in the study to 

encompass the huge range that exists in the research literature. An analysis of a random sample 

of 50% to 90% of their entire dataset could examine the efficacy of training on the predictive 

data analytics algorithm. Consequently, about 50% to as low as 10% of the remaining dataset 

could have been used to test the predictive data analytics model to verify the usefulness and 

accuracy of the model (Chen & Cheng, 2010; Hagenau, Liebmann, & Neumann, 2013; Kim, 

Jeong & Gahni, 2014; Li, Wang, Li, Liu, Gong & Chen, 2014; Liu et al., 2013; Ou & Wang, 

2009; Sakurai, Makino, & Matsumoto, 2014; Thanh & Meesad, 2014; Vu, Chang, Ha, & Collier, 

2012; Zhou, 2015). A study could have found the right training to testing data ratio, to 

confidence interval threshold values, with the aim to maximize the kappa statistic value. This 

possible future investigation could hope to compensate for this huge range in training to testing 

data ratio. 

Implications for Practice 

After the review of the body of knowledge, this study identified and addressed three gaps. 

First, Gall et al. (2013) described that the critical success factors to assess the improvements 

made on TC forecasting were through the use of dynamical and ensemble forecasting models. 

However, since 2001, the NHC has collected about ,5131 instances of explicit knowledge, where 

4,812 were verifiable instances of explicit knowledge in the form of tropical discussions (NHC, 

n.d.b). Gall et al. did not take into account this dataset nor other methods of data analytics to 
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analyze this data. It was important to analyze these tropical discussions because they helped 

explain the hurricane specialists’ reasoning behind their forecasts (Knaff et al., 2003; Rappaport 

et al., 2009; Williamson et al., 2014.). Though research exists on analyzing one to a few TCs at a 

time through the annual post analysis or case studies, no study thus far has been completed on 

this scale with data analytics (Cangialosi, 2016; Franklin, 2009; Rappaport et al., 2009; 

Williamson et al., 2014). The application of a predictive text analytics algorithm has been both 

introduced and used to analyze the 15 years of data. Sometimes, analyzing the same old problem 

through a different lens can create the best breakthroughs or innovations in the field. Therefore, 

practitioners should look to other tangential fields to help find new innovative ways to solve their 

problems. 

Second, Garcia et al. (2009) identified a common gap in the field of knowledge 

discovery, where subject matter experts were not always available to verify the importance and 

accuracy of the data mined results. This study evaluated, discussed, and concluded the results 

from both perspectives: meteorological and big data analytics. These two perspectives aided in 

filling this gap for these two fields. Analyzing the results from both perspectives was the best 

approach to analyzing a result from a project that stems from those two perspectives. Thus, 

practitioners should take into account the different fields of study when combining fields to solve 

a problem; if not, the conclusions are not complete. 

Third, the application of the big data analysis on meteorological data had added to 

another instance of predictive text analytics, deepening the body of knowledge further in one 

vertical, which addresses the gap in the study conducted by Corrales, Ledezma, and Corrales 

(2015). Thus, the introduction of predictive text analytics on meteorological data widened the 

use and application of analytics. Therefore, this study paves the way for practitioners to apply 
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predictive analytical processes and techniques to other weather components and phenomena, i.e. 

tornado forecasting. From successfully filling in these gaps in the body of knowledge, this study 

provided the justification for the adoption of predictive text analytics on meteorological 

forecasts.  

There are three other implications for practice that emerged during the research. First, 

this study suggested further assessment towards gaining a better understanding of the TC eye, 

eyewall, eyewall replacement, and the reconnaissance program. These four tokens quantitatively 

yielded a non-zero ranked information gain on the six randomly sampled training datasets. Thus, 

practitioners from the Joint Hurricane Testbed could prioritize projects on these four tokens, to 

yield a higher return on investment. Second, the identification of 60 significant tokens or weather 

components through term document frequency, suggests that these tokens were heavily used 

during this 15-year period to analyze and forecast TC tracks and intensity. These results could 

help practitioners create a checklist for weather components to be analyzing and forecasting TCs 

that are great for knowledge sharing. Third, this research was able to showcase that the NHC has 

valuable information and explicit knowledge stored in the tropical discussions that warrant 

further and future investigation. 

Implications of Study and Recommendations for Future Research 

The opportunities to expand this research are countless, and some of those opportunities 

are enumerated here from a data analytical, meteorological and computational science 

perspective. They feature using the current algorithm for different datasets, altering the algorithm 

and running it with the same set, or applying it using a different perspective on the data. From a 

data analysis perspective, more fields outside of the ones explored in this study need to adopt 

data analysis to help deepen the body of knowledge further in one vertical (Corrales et al., 2015). 

This research was the first to apply predictive text analytics in the field of meteorology (a 
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different field of study). Other researchers and practitioners from different fields could benefit 

from this study. However, more diverse fields need to identify datasets that could benefit from 

using data analytics, is fields that meet the 3Vs of big data (Davenport & Dyche, 2013; Fox & 

Do 2013, Kaur & Rani, 2015; Mao, Xu, Wu, Li, Li, & Lu, 2015; Podesta, Pritzker, Moniz, 

Holdren, & Zients, 2014; Richards & King, 2014; Sagiroglu & Sinanc, 2013; Zikopoulous & 

Eaton, 2012). As more fields identify such datasets, these different fields will provide different 

points of view appropriate to their respective fields, and thereby expand the field of data 

analytics. 

From a meteorological basis, it would be interesting to use the same research question 

and hypothesis on the different oceanic basins as an immediate next step: North Eastern Pacific, 

North Western Pacific, North Indian, South Western Indian, South Eastern Indian, and South 

Western Pacific (Atlantic Oceanographic and Meteorological Laboratory, n.d.). Each oceanic 

basin provides a variety of data that is quite different from the datasets examined in this study. 

Aside from the North Eastern Pacific basin, which is also under the domain of the NHC, the 

other oceanic basins would have other international weather agencies yet similar to the NHC. 

These international weather agencies would also provide analysis products similar to tropical 

discussions, which are open to the public through these international weather agencies’ websites. 

Another recommendation for future studies, from a computational science, data 

analytical, and meteorological perspective, could focus on changing the predictive text analytics 

algorithm. Just because this study failed to reject the null hypothesis using the C4.5 algorithm 

does not mean that a researcher could not change the algorithm in the future. By changing the 

algorithm and testing the modified algorithm against the same dataset might provide interesting 

results that could be statistically significant (Ahlemeyer-Stubbe & Coleman, 2014; Minelli, 



 

91 

Chambers, & Dhiraj, 2013). By changing the algorithm, future meteorological researchers could 

seek statistically significant weather components that drive a successful or unsuccessful TC 

forecast. Through changing the algorithms, but maintaining the same dataset would allow for a 

comparison between the different types of algorithms, which would provide valuable insights for 

the field of data analytics. Finally, computer scientists could compare computing resource 

utilization, and the computational time it takes to run each of these different algorithms on the 

same dataset. From both a computational science and data analytics perspective, a comparison 

matrix between different predictive analytical algorithms would provide value to these three 

fields. 

From another meteorological and data analytical perspective, this study served as a 

foundation for performing a predictive text analytics project on the TC Reanalysis project. Given 

that the yearly post analysis help to determine a TC best track that is not a static dataset, but 

improves with time as a better understanding of the TCs and the data arises (Cangialosi, 2016; 

Franklin, 2009; Landsea et al., 2014; Rappaport et al., 2009; Williamson et al., 2014). Each 

change is documented and approved by a board of hurricane specialist under the TC Reanalysis 

Project (Hagen, Strahan-Sakoskie, Luckett, 2012; Landsea et al., 2014). The documented change 

log entries in the best track data could be analyzed in a similar fashion to this study.  

Conclusion 

Every year TCs threaten or make landfall on the world’s coastlines. Globally, various 

people are impacted by TCs, therefore driving the need to study and improve TC forecasts. The 

review of the literature attempted to understand how the field of finance used predictive text 

analytics to maximize their return on investments and to introduce these processes and 

techniques to the field of meteorology and TC forecasting. This quantitative study examined the 

use of the C4.5 decision tree algorithm to see if it could provide a statistically significant value to 
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improving the overall TC forecast accuracy. Thus, the study used 4,812 verifiable tropical 

discussions.  

Nevertheless, when trying to maximize the kappa statistic and correct classification rate, 

while minimizing mean error at a 90% confidence interval for pruning, the kappa statistic was 

too small to yield a consistent hypothesis testing result. Thus, the study was unable to reject its 

null hypothesis. Therefore, the analyzed data did not provide evidence of significant differences 

in the C4.5 algorithm derived from a review of the weather pattern components. Therefore, the 

investigation could not decipher the difference between a successful and unsuccessful TC 

forecast based on the findings. A variety of emerging limitations may have influenced the results, 

as stated in the limitations section of this chapter.  

The results from this study were a success. The analysis of the collected data exceeded 

the 55% threshold of correctly classified discussions and achieved the metric for success. 

Finally, the greatest contribution was the ability to illuminate three gaps in the body of 

knowledge and to provide a foundation for future research in the processes and techniques for 

researchers and practitioners to advance the body of knowledge. 
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APPENDIX 

LIST OF STEM WORDS  

Table A. List of stem words from the 4812 verifiable National Hurricane Center’s tropical 

discussions. Through preprocessing each term is tokenized for the use of the predictive analytics 

C4.5 Decision Tree Algorithm.  

Stem words Tokenized word (token word count) 

Topic: TC core and structure 

entrains; entraining; entrained; entrain; entrainment entrainment (153) 

cirrus outflow; cirrus; upper anticyclone; outflow 

anticyclone; outflow 

tcoutflow (1206) 

central dense overcast; dense convective overcast; dense 

overcast; convective overcast; overcast 

centraldenseovercast (190) 

rapid intensification; significant intensification; rapid 

strengthening; rapid development; significant 

development; rapid deepening; explosive deepening; 

significant deepening 

rapidintensification (285) 

rapid weakening; aggressive weakening; quick 

weakening; quicker weakening; quickly weakening; 

significant weakening; rapidly weakening; rapid decay; 

significant decay 

rapidweakening (143) 

eye wall; eye-wall; eyewall tceyewall (463) 

concentric eyewalls; double eyewall; double-eyewall; 

two eye walls; concentric eye walls; both eyewalls; 

inner and outer eyewalls; two more eyewalls 

concentriceyewall (86) 

eyewall replacements; eyewall replacement eyewallreplacement (152) 

outer eyewalls; secondary eyewall; new eyewall; outer 

eyewall 

outereyewall (79) 

inner eyewall; innermost eyewall; internal eyewall innereyewall (54) 

banding eye; banded eye; banding-eye bandingeye (40) 
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warm core; warm-core; warm eye warmcore (82) 

eye                                                                                            tceye (1368)                                                                                            

core; low-level center tccore (1454) 

rain bands; rain band; bands; band; banded; rainband; 

rainbands 

rainband (828) 

convective; convecting; convection; convectively; 

convectional 

convection (3508) 

bursts; burst; bursting burstofconvection (392)  

shallow convection; shallow cyclone; shallow 

circulation; shallow system; shallow tropical cyclone; 

shallow cyclone; shallow vortex; shallow warmcore; 

shallow storm 

shallowtc (71) 

deep convection; deep cyclone; deep circulation; deep 

system; deep tropical cyclone; deep cyclone; deep 

vortex; deep warmcore; deep layer cyclone; deep-layer 

cyclone 

deeptc (1984) 

central pressure; surface pressure; center pressure; mb 

pressure; measured pressure; minimum pressure; 

observed pressure 

centralpressure (998) 

Topic: Ocean 

gulf stream; warmer gulfstream; warm gulfstream gulfstreamwaters (153) 

sea surface temperatures; sea surface temperature; sea-

surface temperatures; oceanic heat content; ocean heat 

content; water temperatures; water temperature; sea 

surace temperatures; ocean temperatures; sst; ssts; ocean 

heat 

ssts (875) 

warm waters; warmer waters; warmest waters; ocean is 

warm; ocean is warmer; warm ocean; warmer ocean; 

warmest ocean; high ssts; increasing ssts; warm ssts; 

warmer ssts; warm water; warmer water; warmest 

water; water is warm; water is warmer; increased ssts; 

higher ssts; highest ssts 

warmwater (806) 

cool waters; cooler waters; cold waters; colder waters; 

low ssts; lower ssts; ocean is cool; ocean is cooler; cool 

coolwater (877) 
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water; cooler water; cold water; colder water; lesser ssts; 

cold ssts; colder ssts; cool ssts; decreasing ssts; colder 

ocean; cold ocean; cool ocean; cooler ocean; cooling 

waters; coolish ssts 

Topic: Other weather components  

ridge; ridges; ridging ridge (4843) 

trough; troughs; troughing trough (4016) 

steers; steered; steering; steer; mid-level flow; mid-level 

wind flow; low-level flow; low-level wind flow; upper-

level flow; upper-level wind flow; mid/upper-level wind 

flow; mid-latitude flow 

steering (2097) 

sheared; shears; shearing; shear shearing (6396) 

frontal; fronts; front fronts (955) 

sal; saharan air layer; saharan air; drier; dry dryair (918) 

anticyclone; high pressure; high over; high pressure 

area; high pressure in; high pressure over; high pressure 

system 

highpressure (761) 

low off; low offshore; low over; low pressure area; low 

pressure associated; low pressure in; low pressure over; 

low pressure system located 

lowpressure (327) 

upper-low; upper-level cyclone upperlow (135) 

upper-level environment                                                                                  upperenvironment (121) 

baroclinic; baroclinicity; baroclinically baroclinic (410) 

terrain terrain (172) 

synoptic synoptic (227) 

Topic: Instrumentation 

flight-level; flight level; flight report; flight reports; 

flight showed; flight recorded; flight levels; flight 

winds; flight wind 

flightleveldata (1020) 

radars; doppler radar; doppler; wsr-88d radar; wsr-99d radar (914) 
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airplane; air force plane; noaa plane; noaa p3 plane; 

noaa p3; air force reserve plane; hurricane hunters; 

hurricane hunter; g4 jet; noaa high altitude jet; jet 

missions; jet mission; jet data; gulfstream jet; noaa g-iv 

jet; gulfstream-iv jet; noaa jet; g-iv jet; gulfstream-v jet; 

reconnaissance plane; reconnaisance aircraft; aircraft 

reconnaissance; reconnaissance aircraft; recon; plane; 

planes; aircraft 

reconnaissance (3470) 

microwave radiometer                                                                                    microwaveradiometer (49) 

ship ship (256) 

buoy; buoys buoy (445) 

dropsondes; dropsondes dropsonde (387) 

Topic: Satellite 

t-numbers; adt; dvorak                                                                                   dvorak (2195) 

cloud tops; cloud top; cloud temperatures cloudtoptemperatures (445) 

ascat; quikscat lowersatellitederivedwinds (894) 

cloud pattern; cloud structure cloudpatterns (663) 

satellite imagery satelliteimagery (785) 

water vapor imagery; water vapor satellite imagery; 

water vapor images; water vapor image; water vapor 

loops; water vapor pictures; water vapor animations; 

water vapor animation; water vapor winds; water vapor 

wind; water vapor-derived winds; water vapor  

watervaporimagery (583) 

infrared satellite; infrared imagery; infrared pictures; 

infrared satellite imagery; infrared images; infrared 

image; shortwave-infrared imagery; shortwave infrared 

imagery; ir images; ir imagery; ir image; ir satellite 

imagery; ir; infrared 

infraredimagery (435) 

microwave satellite; microwave imagery; microwave 

satellite imagery; microwave images; microwave image; 

microwave overpass; microwave pass; microwave data; 

microwave fixes; microwave   

microwaveimagery (774) 
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visible satellite; vis; visible satelite; visible imagery; 

visible pictures; visible loops; visible satellite imagery; 

visible images; visible image; visible and; visible or 

visibleimagery (581) 

satellite satellite (2402) 

 


