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INCIDENCE OF CORAL DISEASE IN THE CARIBBEAN SEA USING REMOTE 

SENSING AND ASSOCIATION RULE DATA MINING 

Heather E. Hunter, MS 

George Mason University, 2013 

Thesis Director: Dr. Guido Cervone 

 

It is estimated that approximately 11% of the historical extent of coral reefs is already 

lost, and an additional 16% severely damaged (Gardner et al., 2003). In the Caribbean 

Sea, alone, approximately 90-95% of a major reef-building coral suffered mass 

mortalities in the last 40 years (Garrison et al., 2003), contributing to a dramatic decrease 

in coral cover across the globe (Selig et al., 2006), primarily caused by increased sea 

surface temperatures and the subsequent thermal stress and bleaching. In conjunction 

with the observed increase in coral mortalities, the Caribbean region has also experienced 

an increase in the number of coral disease cases, hypothesized to be caused by pathogens 

carried by airborne African dust. It is also hypothesized that these pathogens are 

opportunistic; that is, they take advantage of the corals when the corals suffer 

physiological stress due to the negative influence of environmental conditions (Rypien, 

2008). While threats attributed to humans can be managed by policy changes or behavior 
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modification, without a better understanding of the relationships between the 

environment, disease, and coral reefs, the means by which to mitigate the corals’ 

response to disease remain indeterminate. Given that coral reefs in this region play a vital 

role in the region’s economy, as well as in the marine ecosystem, this is a worthy 

challenge to pursue. Satellite remote sensing is well-suited to enable understanding, at 

vast temporal and spatial scales, of the local Caribbean climate, how it varies, and how 

African dust storms contribute to further variations that may cause coral disease to thrive.  

While the data available from satellite sensors can measure a breadth of geophysical 

parameters and provide an unprecedented wealth of information about geophysical 

processes, the data sets are vast, and it is increasingly necessary to use computational 

techniques to enable the automatic extraction of useful information and patterns. Data 

mining of association rules is a technique that combines methods from machine learning 

and statistics to uncover interesting patterns in large databases. The goal of this thesis is 

to show that the use of an association rule data mining algorithm on a combination of 

satellite remote sensing and in-situ data can produce meaningful, qualitative results that 

show correlations between the Caribbean climate, African dust storms, and observations 

of coral disease. 
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INTRODUCTION 

 It is estimated that approximately 11% of the historical extent of coral reefs 

around the world is already lost, and an additional 16% severely damaged (Gardner et al., 

2003). In the Caribbean Sea, alone, approximately 90 to 95% of major reef-building 

corals have suffered mass mortalities in the last 40 years (Garrison et al., 2003). Coral 

reefs in this region cover thousands of kilometers of coastline and play an integral role in 

the region’s economy as sources of food for millions of people, shoreline protection, a 

foundation for the region’s tourism industry, and, increasingly, biopharmaceuticals 

(Burke and Maidens, 2004). Any degradation to these ecosystems will severely impact 

not only the surrounding environment, but also the economies of the populations that rely 

on them for any of the aforementioned purposes. As shown in Figure 1, most reefs in this 

region are experiencing “high” to “very high” threat levels (Burke and Maidens, 2004). 

Among their greatest threats include human activities such as coastal development, 

sediment run-off, over-fishing, and pollution; approximately two-thirds of reefs in the 

Caribbean face damages related to these activities (Burke and Maidens, 2004). Research 

suggests, however, that two increasingly significant factors in the increase in coral mass 

mortality cases over the last few decades are the concurrent increase in sea surface 

temperatures and coral disease.  
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Figure 1. Location and threat level of coral reefs in the Caribbean Sea region (Burke and Maidens, 2004). 
 

 

Most corals have evolved to thrive in a specific water temperature range between 

23º to 29º C, and temperature anomalies – positive and negative – induce thermal stress. 

The thermal stress response is driven by the mechanisms that govern the photosynthetic 

processes of the corals’ symbiotic algae, known as zooxanthellae. These processes break 

down when the sea surface temperature (SST) deviates from normal maximum or 

minimum by 1.0ºC and is sustained at that temperature over a period of two to three days 

(Burke and Maidens, 2004). This temperature deviation then triggers the expulsion of the 

zooxanthellae, resulting in the appearance of white pigmentation known as coral 

bleaching (Eakin et al., 2010). While temperature anomalies are by far the most common 

cause of bleaching over large areas, other causes of bleaching include alterations in 
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environmental variables such as sea surface salinity (SSS), solar radiation, and 

concentration of microorganisms.  

The increasing prevalence of coral disease in the Caribbean is hypothesized to be 

instigated by aeolian dust transported from the Saharan region of Africa. This dust 

contains important nutrients for marine ecosystems such as nitrogen, phosphorous, and 

iron; however, coral reefs have evolved to thrive in nutrient-limited environments. When 

levels are altered such that there is an abundance of nutrients, specifically iron, sea-

surface dwelling phytoplankton spawn harmful blooms that impede incoming solar 

radiation and weaken coral immunity. Additionally, the dust entrainment process also 

captures bacteria, fungi, and other microorganisms, the growth of which are encouraged 

when environmental conditions are sufficiently harmful to the coral to induce 

physiological stress. Selig et al [2006] have noted a shift from coral- to algal-dominated 

communities in the last forty years, in tandem with the increase in disease observations, 

implying a shift in nutrient availability. It was, therefore, hypothesized that the 

combination of enhanced nutrient enrichment, enhanced dust transport, and increase in 

severity and duration of SST anomalies have sufficiently perturbed the coral environment 

and encouraged the spread of harmful microorganisms (Shinn et al., 2000). In other 

words, research suggests that the mere presence of pathogens in the dust does not 

necessarily guarantee the coral host will succumb to disease; rather, it is hypothesized 

that the pathogens infect the coral by opportunity, taking advantage of corals suffering 

immunosuppression due to physiological stress (Rypien, 2008).  
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To date, only a few of the total number of diseases observed in the region have 

identified pathogens, and the precise reasons for the rapid spread of these diseases in the 

last few decades remains a poorly understood issue. Additionally, the relationships 

between the diseases and environmental perturbations remain unclear; there is need to not 

only to study disease-causing pathogens, but also better understand the relationship 

between coral disease and environmental changes (Lesser et al., 2007). While human 

threats can be immediately managed by altering behavior or implementing policy 

changes, scientists and policy-makers alike require a greater understanding of the effects 

of a changing climate and the relationships between disease, these climate changes, and 

the coral reefs. It is therefore important to understand qualitatively and quantitatively the 

local Caribbean climate, how it varies, and how African dust storms contribute to further 

variations that may cause coral disease to thrive. Remote sensing is being increasingly 

used to that end, and the techniques currently used in this field of research will be 

discussed in this section.   

Remote Sensing of African Dust 

Dust from North Africa to the Caribbean Sea is transported westward between 5˚-

25˚N along easterly trade winds with a southern boundary limited by the Inter-tropical 

Convergence Zone (ITCZ), and a transit time of approximately one week (Moulin et al., 

1997; Adams et al., 2012).  Vertically, this path of transport extends from the marine 

boundary layer (MBL) at 1 km to 3-4 km above the Atlantic Ocean (Prospero et al., 

2005) in a region known as the Saharan Air Layer (SAL). Inspection of satellite 

measurements from MODIS (Prospero et al., 2002) and CALIPSO (Adams et al., 2012) 
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suggest that these North African dust events are derived from multiple source points. The 

precise source of the dust varies seasonally, as shown in Figure 2 and Figure 3; during 

warmer months – May to September – the primary source of African dust is near the 

Niger Delta region in Mali, while in colder months – October to April – the primary 

source is near Lake Chad (Garrison et al, 2003).  

 

 

Figure 2. Average aerosol optical depth at 550 nm for  July 2003, measured by MODIS Aqua on 1˚x1˚ grid, 

showing a dust plume originating near approximately 18˚ N, near the country of Mali. Image generated using 

NASA GES-DISC GIOVANNI web tool. 
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Figure 3. Average aerosol optical depth at 550 nm for  March 2006, measured by MODIS Aqua on 1˚x1˚ grid, 

showing a dust plume originating near approximately 10˚ N, near the country of Chad. Image generated using 

NASA GES-DISC GIOVANNI web tool. 

 

 

In 2012, Adams et al (2012) used CALIPSO to determine the spatial frequency-

of-occurrence distribution of North African dust and verified the maximum dust extent 

variations between seasons. CALIPSO data showed that dust storms originating in the 

Sahara reach maximum extent into the Caribbean as far as 100˚W between June and 

August, while, between September and December, the westward extent decreases 

significantly to 50˚-60˚W (Adams et al., 2012). Annually, the variation of exported dust 

mass from the Sahara is primarily driven by the North Atlantic Oscillation (NAO) and 

coupled with both the Arctic Oscillation and the El Nino Southern Oscillations (ENSO) 

(Garrison et al., 2003; Griffin and Kellogg, 2004; Goudie and Middleton, 2001). During 

positive phases of the NAO and periods of strong ENSO, the Sahara experiences drier 

than normal climate conditions, and the flux of dust is at a maximum. This correlation 

between maximum dust transport, the NAO, and the ENSO was observed in the average 
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surface concentration of African dust measured in-situ at Barbados during the 1983-1984 

ENSO (Garrison et al., 2003). Moulin and Chiapello (2004) verified the correlation using 

the TOMS absorbing aerosol index (AAI). Annually, the total amount of dust exported 

from the North African region is estimated by optical imagery from the Advanced Very 

High Resolution Radiometer (AVHRR) at 100 Tg (Kaufman et al., 2005). 

When African dust is not present, the concentration of bacteria and fungi in 

Caribbean air samples is approximately half that measured when the African dust is 

present (Garrison et al., 2003). Since the late 1970s, coincident with accelerated coral 

reef decline, the amount of transatlantic dust available in the atmosphere above the 

Caribbean Sea has increased. In 1983, observations showed Caribbean-wide coral reef 

mortalities and the infection of Caribbean Sea fans (Shinn et al., 2000). In 1987, mass 

coral bleaching occurred in conjunction with a warm, nearly hurricane-free summer, and 

at the same time, the coral reef black band disease proliferated (Shinn et al., 2000). Since 

these events, observations have shown that coral bleaching is an on-going process 

exacerbated during warm summer months, especially in years of strong ENSO, and when 

summers are longer than usual. Longer or warmer summers are detrimental to corals 

because it is during cooler months in which zooxanthellae densities increase and coral 

tissue is built up (Selig et al., 2006); without sufficient time between periods of thermal 

stress, the re-accumulation of coral tissue is limited and the corals’ vulnerability to future 

stress increases.  

African dust is primarily comprised of quartz, clay minerals, iron oxides, and 

calcium carbonate (Gasso et al., 2010). It also contains major nutrients, such as nitrogen 
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and phosphorous, but most abundantly, silicon, aluminum, and the micronutrient iron 

(Shinn et al., 2000). Among all of the elements available in African dust, the most 

significant element for coral reefs is iron. For iron to be removed from the atmosphere, it 

must be removed by either wet or dry deposition processes. Wet deposition is the 

removal of particles from the atmosphere by rain and can be measured using remote 

sensing by instruments such as the Tropical Rainfall Measuring Mission (TRMM), which 

is specifically designed to monitor tropical rainfall. Dry deposition, on the other hand, is 

the forcible removal of particles either by gravitational settling, in which particles are 

removed according to density and size, or turbulent deposition, which is driven by 

atmospheric eddies (Mahowald et al., 2005). Once deposited in the ocean, iron feeds 

surface-dwelling phytoplankton, which in turn consume CO2 and modulate the balance of 

atmospheric CO2 concentration; however, an excessive amount of iron results in large 

algal blooms which inhibit sunlight and enable opportunistic marine microbial pathogens 

previously held in check by nutrient limitations to infect the coral. If deposited dust 

particles are sufficiently small, residence time in the photic zone increases, and over such 

long time-scales, iron is extracted from the dust and high nutrient levels are maintained 

(Garrison et al., 2003; Gasso et al., 2010). 

Remote Sensing of Coral Reefs and their Environment: Direct 

The increasing availability of remote sensing observations provides a 

comprehensive assessment of coral reefs, a changing climate, and the response of coral to 

such changes. This section will provide a general overview of the use of remote sensing 

both to study coral reefs directly, as well as indirectly, by observing the environment 



21 

 

surrounding the reefs, including atmospheric and oceanographic processes that are used 

in the analysis of this thesis. Direct remote sensing of coral reefs is concerned with the 

physical characteristics of the reefs themselves and provides measurements of coral 

bleaching extent, habitat mapping, geomorphology mapping, or bathymetry. Of these 

measurements, the delineation of the coral habitat and the classification of coral substrate 

types are among the most feasible using optical sensors and have been successfully 

measured by the Landsat Thematic Mapper (TM), Landsat Enhanced Thematic Mapper 

Plus (ETM+), SPOT High Resolution Visible (HRV), and the Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER). These sensors are shown to 

classify approximately 50% of all sub-tidal habitat types with an accuracy of 60-75% 

(Mumby et al., 2004).  The geomorphologic zonation of coral reefs is optically 

distinctive; typical zones include the fore-reef, reef crest, reef flat, and back reef (Mumby 

et al., 2004), and because these zones cover regions on scales of tens to hundreds of 

meters, are usually observed by moderate- to high-resolution sensors such as Landsat TM 

and ETM+, SPOT-HRV, ASTER, and IKONOS.  As with habitat mapping, the mapping 

of coral reef zones is among the most successful applications of the use of satellite 

remote sensing to the study of reef environments. 

The total number of classes identifiable by all sensors is dependent not only on 

the sensor type and spectral range, but also on spectral resolution and the optical path 

between the sensor and the target, e.g.: the optical thickness of the atmosphere, the 

roughness of the ocean surface, water clarity, and coral reef depth. Inference along this 

path owing to any of the previously mentioned variables will impact the accuracies of 



22 

 

classifications, as will similarities in spectral signatures between substrate types and the 

surrounding environment. The ability to accurately distinguish spectral signatures 

between bleached and un-bleached coral is important in using remote sensing to detect 

coral bleaching, but also problematic. The spectral signatures of once-bleached coral vary 

over time as some heal, others do not, and others are overrun by algae colonies. Baker et 

al. [2008] shows, however, that analyses using remote sensing data have been successful 

in discriminating between coral health states in the past. For example, the data from a 

variety of sensors including the Advanced Airborne Hyperpsectral Imaging Sensors 

(AAHIS), Ikonos, ETM+, and SPOT-HRV were used in a derivative analysis that was 

able to distinguish the health of corals after a major bleaching event in 1998. Data from 

the Compact Airborne Spectrographic Imager (CASI), a visible and near-infrared 

imaging spectrograph, was used in conjunction with derivative spectroscopy methods to 

demonstrate the effectiveness of hyperspectral imagery in detecting dead coral (Baker et 

al., 2008). Landsat-5 and Landsat-7 have also been used to identify declines in coral 

cover over time in response to bleaching, and time-series of Ikonos imagery has been 

used to measure the changes in bleached corals over time (Baker et al., 2008).  

Remote Sensing of Coral Reefs and their Environment: Indirect 

Indirect remote sensing of coral reefs is concerned with the surrounding 

atmospheric, oceanic, and biological environment of the reefs. Data from indirect remote 

sensing observations provide a description of the reef’s boundary conditions, and 

therefore, indications of coral reef health (Andrefouet and Riegl, 2004); that is, indirect 

remote sensing monitors the state of the inputs and outputs of the coral reef ecosystem. 
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For this thesis, I are particularly interested in the use of remote sensing for the monitoring 

of SST, ocean turbidity, ocean surface nutrient concentration, and atmospheric aerosols.  

Aerosols such as African dust have both a positive and negative impact on coral 

reefs by altering Earth’s radiative balance, therefore controlling the amount of thermal 

stress experienced by corals, and by being deposited on the ocean surface. Because dust 

aerosols absorb most strongly in the ultraviolet (UV) region of the electromagnetic 

spectrum, certain sensors can distinguish the dust from other background aerosols such as 

pollution and sea salt, which reflect UV radiation. The Total Ozone Mapping 

Spectrometer (TOMS) and its successor, the Ozone Monitoring Instrument (OMI), both 

measure the solar irradiance and the backscattered radiance from Earth in this region to 

determine aerosol optical thickness (AOT) and derive values for AAI. The high-

resolution lidar aboard the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite 

Observations (CALIPSO) satellite, called CALIOP, also measures the vertical profiles of 

African dust over the Atlantic Ocean (Adams et al., 2012), and the Aqua instrument 

AIRS, the Atmospheric Infrared Sounder, also retrieves dust plume properties such as 

altitude, infra-red optical thickness and particle size (Kalashnikova et al., 2008). The 

Advanced Very High Resolution Radiometer (AVHRR) was first used in in the early 

1990s to observe the seasonal and interannual variability of African dust emission 

(Kaufman et al., 2005). The TERRA instruments, MODIS and MISR, the Multi-angle 

Imaging Spectroradiometer, have been used to characterize the extent of these dust 

plumes over water, the evolution of the AOT of the plumes, particle sizes, and the 

variations of spherical and non-spherical fractions during transport, which measure 



24 

 

changes in particle size (Kalashnikova et al., 2008). In this same study, Kalashnikova et 

al. [2008] used MODIS and MISR data to verify that dust transported across the Atlantic 

to the Caribbean is progressively diluted along the transport pathway; in other words, the 

AOT and fraction of non-spherical (coarse) particles decrease with increased dust plume 

extent and with time. In-situ measurements have verified that, by the time the dust 

reaches the Caribbean Sea, the average size of a dust particle is less than 2.5 µm in 

diameter. AOT data from MODIS are also used to estimate the deposition of dust based 

on inference of the correlation of AOT and westward-wind measurements (Kaufman et 

al., 2005).  

The light field of ocean surface waters is described by the diffuse light attenuation 

coefficient, k. This coefficient depends on the wavelength of incident radiation and is a 

measure of water clarity, which itself is a function of the concentration of organic and 

inorganic material within the water column (Mumby et al., 2004). Data from satellite 

sensors show there is also a dependency of k on water bottom type, as k is highly 

dependent on the directional structure of the ambient light field and the reflectivity of the 

water bottom surface (Mumby et al., 2004). This parameter is currently measured by 

several sensors, including MODIS, the Sea-viewing Wide Field-of-view Sensor 

(SeaWiFS), the Medium Resolution Imaging Spectrometer (MERIS), and the Ocean 

Colour Monitor (OCM). 

Solar radiation incident on the ocean surface drives SST variations, and since the 

early 1980s, mass coral bleaching reports have been well-correlated with an increase in 

SST (Eakin et al., 2010; Baker et al., 2008). Observations in the Caribbean Sea during the 
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1980s and 1990s showed that annual coral bleaching increased logarithmically with SST 

anomalies; a 0.1˚C increase in local SST resulted in a corresponding 35% increase in the 

extent of reported coral bleaching, and local SST increases of 0.2˚C resulted in mass 

coral bleaching events (Baker et al., 2008). National Oceanic and Atmospheric 

Administration (NOAA, 2012) Coral Reef Watch (CRW) program currently uses long-

term measurements of SST collected by the Advanced Very High Resolution Radiometer 

(AVHRR) to derive a suite of satellite data-products to quantify coral bleaching-related 

heat stress (Mumby et al., 2004; Eakin et al., 2010). The data products derived from the 

AVHRR-produced SST climatology at a 50-km spatial resolution include coral bleaching 

“HotSpot” anomalies and coral bleaching “Degree Heating Weeks” (DHW) (Eakin et al., 

2010). “HotSpots” are defined as positive SST anomalies above the bleaching threshold 

that reflect the instantaneous level of thermal stress (Eakin et al., 2010), as shown in 

Figure 4, and DHWs are a measure of cumulative thermal stress over a 12-week period. 

These data products were used in 2005 by NOAA to warn scientists of developing 

positive temperature anomalies over the Caribbean region and of the subsequent coral 

bleaching and mortality that followed (Eakin et al., 2010). 
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Figure 4. NOAA/NESDIS coral bleaching hot spots, or positive SST anomalies above the bleaching threshold 

that reflect the instantaneous level of thermal stress, in the Caribbean Sea for September 8, Generated using the 

web-based NOAA Coral Reef Watch bleaching alert tool. 
 

Although iron is one of the most important constituents of North African dust, the 

use of remote sensing to study its effects on coral reefs is limited (Gasso et al., 2010). 

This limitation is due to the need for additional information regarding the underwater 

state (e.g.: mixing layer and concentration of other nutrients) which modulate the 

response of phytoplankton to dust input (Gasso et al., 2010). Regions characterized by 

high iron concentrations, however, also tend to be characterized by high concentrations of 

chlorophyll-a, which can be measured by satellite ocean color sensors (Mahowald et al., 

2005). Satellite ocean color measurements, such as those of SeaWiFS, are used to 

estimate the concentration of suspended colored material near the ocean surface and 

enable investigation of spatio-temporal patterns in the relationship between dust and 
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coral. Andrefouet et al (2002) suggested ocean color observations can be used as a proxy 

to infer and track the pathways for dust and pathogens within and among coral reef 

regions to assess the response of coral reefs to short-term dust events. Erickson et al 

(2003) also used SeaWiFS ocean color measurements to uncover correlations between 

atmospheric iron and chlorophyll concentrations on the ocean surface in the Patagonian 

region. This research concluded the existence of a strong temporal correlation between 

ocean surface monthly averages of simulated atmospheric iron deposition and chlorophyll 

measured by SeaWiFS (Erickson et al., 2003). While ocean color sensors such as 

SeaWiFS, CZCS, MODIS, and MERIS provide mesoscale observations of a coral reef’s 

changing environment, these sensors, by design, are not intended to observe coral reefs 

residing in very shallow or in very turbid waters (Mumby et al., 2004). In such instances, 

the satellite sensor’s received signal is dominated by the reflectance from the surrounding 

seabed, sediments, coastal aerosols, and CDOM (Eakin et al., 2009). 

In the Caribbean, in-situ measurements of microbe distribution in air samples 

have indicated that both bacteria and fungi cross the Atlantic from North Africa with the 

desert dust (Griffin and Kellogg, 2004); however, disease proliferation caused by dust-

borne pathogens cannot be observed directly using remote sensing, and, as of yet, cannot 

necessarily be correlated with in-situ disease observations due to varying spatial scales 

between data sets. Environmental parameters that perturb coral reef ecosystems and 

facilitate infection are already monitored using satellite-based remote sensing, however, 

and the effect of pathogens on coral reefs can be inferred from the correlation of these 

data sets. For example, the prominent driver of the proliferation of coral disease is SST, 
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and the extent of coral disease can be correlated with the frequency and strength of warm 

SST anomalies. The deposition of iron is also not directly observed using remote sensing; 

however, the resulting algal blooms are easily observed by ocean color sensors, 

indicating the possibility of physiological stress on coral reefs when positive SST 

anomalies are also observed. Selig et al (2006) investigated the relationship between SST 

anomalies and outbreaks of coral diseases, and developed a data product to detect the 

correlations. This data product was developed using 4-km AVHRR version 5.0 SST data, 

which provides temperature records for almost all coral reefs worldwide (Selig et al., 

2006). Additionally, both ocean color sensors and synthetic aperture radar (SAR) have 

been used to monitor blooms of nitrogen-fixing microorganisms, especially those that 

carry out photosynthesis and use iron for metabolic processes (Capone and Subramaniam, 

2005). Measurements by SeaWiFS have shown that the most intense deposits of dust, and 

therefore, iron, into the oceans occur in the Caribbean region.  

Scientific Questions 

The Coral Reef Conservation Program (CRCP) of NOAA was established in 2000 

for the purpose of protecting, conserving, and restoring coral reef resources. This 

organization seeks to improve NOAA’s response to climate threats to coral reefs by 

means including the improved and applied understanding and forecasting of climate 

change with respect to its influences on coral reef ecosystems. The CRCP has joined its 

past and present mapping and monitoring projects into a single system known as the 

Coral Reef Ecosystem Integrated Observing System (CREIOS), which provides a suite of 

long-term ecological and environmental observation and information products of a range 
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of spatial and temporal scales to understand coral reef ecosystem conditions (NOAA, 

2012). Specifically, NOAA’s approach to the monitoring of the health of coral reef 

ecosystems encompasses the following techniques: 

1. Continuous in-situ observation of the coral’s biological, physical, and chemical 

conditions by divers, buoys, and underwater instruments, 

2. Remote sensing observations of coral reef physical and biological benthic 

structure, 

3. Interpretation of satellite measurements of SST, near-surface winds, ocean color, 

and other variables, and the integration of these observations with in-situ 

measurements, to produce regional near-real time reports and forecasts. 

This thesis considers each of the NOAA objectives and techniques in the study of the 

influence of African dust storms on coral reef disease. Specifically, given the scientific 

need to understand qualitatively and quantitatively the local Caribbean climate, how it 

varies, and how African dust storms contribute to further variations that may cause coral 

disease to thrive, this thesis seeks to answer two primary questions:  

1. Can I use remote sensing and data mining techniques to describe under which 

state of environmental circumstances African dust storms are most likely to 

influence the incidence of coral disease? 

2. Can the relative significance of each parameter be quantified?  

In answering both questions, the primary objective of this thesis is to show remote 

sensing and data mining can expose not only a correlation between African dust storms 
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and coral disease, but that background environmental parameters also influence this 

correlation. 
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DATA AND METHODOLOGY 

Region of Interest 

This thesis covers the time period between September 1998 and December 2010, 

and the region of study is the Caribbean Sea, as shown in Figure 5, below, with bounds 

9.5ºN, 24.5ºN, 87.5ºW, and 60.5ºW. It is a tropical sea within the Atlantic Ocean 

bounded by the Central and South American land-masses to the West and South and the 

Antilles Islands Arc to the east. These boundaries identify three major regions within the 

Sea, which are, respectively, 1) the Cayman Sea, 2) the Southwestern Caribbean, and 3) 

the Eastern Caribbean. Together, these regions span an area roughly 3,500 kilometers in 

longitude and 2,500 kilometers in latitude (Andrade and Barton, 2000). The climate of 

this region is predominantly modulated by the geographical position of the Inter-tropical 

Convergence Zone (ITCZ); when the ITCZ is at its southernmost position (0˚-5˚S), the 

Caribbean region experiences its windiest and driest season (December through April), 

while it experiences one of the rainiest seasons in the world (August through October) as 

the ITCZ moves over the Southwestern Caribbean. Approximately 65 species of the 800 

reef-building, or stony, coral worldwide are found in the Caribbean Sea (Burke and 

Maidens, 2004). The most common types of reefs found in this region include fringing 

and bank reefs; these comprise the greatest surface area of shallow reef systems at 

approximately 26,000 km
2
 along the coasts of most islands (Burke and Maidens, 2004).  
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Figure 5. Sea-WiFS average monthly diffuse attenuation coefficient at 490 nm over the entire study period of 

September 1998 to December 2010, showing the region of study for this thesis. This figure was generated using 

the web-based NASA GES-DISC GIOVANNI tool. 
 

Data Overview 

UV-Absorbing Aerosol Index (AAI). The Aura Ozone Monitoring Instrument 

(OMI) and the Total Ozone Mapping Spectrometer (TOMS) series of instruments provide 

measurements of the back-scattered radiances in the near-UV. OMI has collected data 

since August 9, 2004 over a spectral region of 264-504 nanometers (nm) with two 

algorithms for the retrieval of aerosol characteristics over ocean and land – one that uses 

data in the near-UV, and the other, data across multiple wavelengths. The multi-

wavelength algorithm is known as the OMI Aerosol Optical Depth and Single-Scattering 

Albedo (OMAERO) algorithm and is based on reflectances in both the near-UV and 
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visible regions between 342.5 and 483.5 nm. Inclusion of radiances in the near-UV 

enhances the ability of the algorithm to distinguish between weakly absorbing and 

strongly absorbing aerosol types due to enhanced Rayleigh scattering in this region 

(Ahmad et al., 2006). By differencing the measured radiances at 360 and 331 nm with 

that calculated using radiative transfer theory in a pure Rayleigh atmosphere, the OMI 

algorithm can calculate a qualitative measure of the absorption of UV radiation by 

aerosols known as AAI (Ahmad et al., 2006). An AAI value of approximately 0 implies 

the existence of clouds, and values larger than 0 imply the presence of UV-absorbing 

aerosols.  

TOMS are a sequence of instruments that have been payloads on 4 separate 

satellites – Nimbus-7, Meteor-3, Earth Probe, and ADEOS – since 1978. The TOMS 

instrument on board the Earth Probe (EP) satellite provides measured backscattered UV 

radiances from 1996 to 2005 and calculates AAI according to the same algorithm 

previously described for OMI. The instrument specifically measures radiances at 6 near-

UV wavelengths: 308.60, 313.50, 317.50, 322.30, 331.20, and 360.40 nm. For this thesis, 

I obtained TOMS-EP level 3 daily aerosol index products from the Goddard Earth 

Sciences (GES) Data and Information Services Center (DISC) using the MIRADOR 

search tool for the time period from September 1997 to December 31, 2004. These files 

were downloaded as ASCII formatted text files data mapped to a global 180˚x288˚ grid 

with a spatial resolution of 1˚x1.25˚. 

Daily level 3 OMI UV-AAI data with a spatial resolution of 0.25˚x0.25˚ degrees, 

known as OMAEROe, were obtained from the January 1, 2005 to December 31, 2010 
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period to provide continuity following the unavailability of TOMS-EP data. These data 

were retrieved as HDF-5 files from the Goddard Earth Sciences (GES) Data and 

Information Services Center (DISC), also using the MIRADOR search tool.  

 Sea Surface Temperature (SST). Sea surface temperature is the temperature of 

the top millimeter of the ocean’s surface and is measured by several instruments 

including the Moderate Resolution Imaging Spectrometer (MODIS) aboard the Aqua 

spacecraft, and the legacy Advanced Very High Resolution Radiometer (AVHRR) 

aboard a succession of the POES spacecraft. The first in a series of AVHRR instruments 

was first launched in 1981, and until 2002, was the primary source of remotely sensed 

SST measurements. It is a scanning radiometer that uses 6 detectors covering a spectral 

range from 0.58 to 12.5 µm at a 1-km spatial resolution. Although MODIS covers 36 

spectral regions between 0.40- and 14.4-µm and provides substantially improved spatial 

resolution in most bands – 250 m (bands 1-2), 500 m (bands 3-7), and 1 km (bands 8-36) 

– no data exist prior to 2002. The selected study period for this thesis, however, begins in 

1998 to ensure a sufficient number of data points for analyses. To adhere to the original 

study period, a monthly NOAA Optimum Interpolation (OI) SST version 2.0 data set 

covering a temporal range from 1981 to the present was used for this thesis. These data 

are available in a single NetCDF file from NOAA’s Earth System Research Laboratory 

(ESRL) Physical Sciences Division’s data archive. The OI-SST analysis product is based 

on data from the Pathfinder AVHRR re-analysis (1985 to the present), Aqua AMSR 

(2002 to 2011), and spatially smoothed, 7-day average in-situ buoy measurements, which 

are used for the correction of atmospheric biases inherent to the use of the infrared (IR) 
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spectrum for Earth surface measurements. The data covers of a 1ºx1º global grid and 

optimum interpolation is performed to fill in missing values on a weekly basis before 

linear interpolation is performed to generate monthly average values. The OI-SST data 

provides continuous, unbiased data from the beginning of the study period (1997) to the 

present. 

 K-490 Diffuse Attenuation Coefficient. The diffuse light attenuation coefficient 

at 490 nm, K490, is a qualitative description of the clarity of water in the blue-green 

portion of the electromagnetic spectrum and is influenced by the concentrations of 

dissolved organic materials and suspended sediments within the water column (Mumby 

et al., 2004). The Sea-WiFS instrument was launched aboard the SeaStar spacecraft in 

September 1997 and provided data on global ocean bio-optical properties as its 

predecessors the Nimbus-6 Coastal Zone Color Scanner (CZCS), 1985 to 1986, and the 

ADEOS Ocean Color and Temperature Scanner (OCTS), 1986 to 1987.  For this thesis, I 

obtained level 3 “standard mapped image” (SMI) files of 8-day composited K490 

measurements with a spatial resolution of 9 km (or 5”), where a single bin contains data 

accumulated over a period of 8 days. These data, stored in HDF-EOS format, were freely 

retrieved from the Ocean Biology Processing Group (OBPG) using a wget routine that 

recursively downloaded each data file from OBPG FTP sites over the entire study period.  

Ocean Color (Cl-a). Sunlight incident on the ocean surface can either be 

absorbed or scattered, depending on the amount of phytoplankton, suspended sediment, 

and dissolved organic material that is present in the water column (Capone and 

Subramaniam, 2005). An unimpeded water column will absorb most red light while 
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scattering most blue light, and therefore appear blue; on the other hand, when the water 

column surface is covered by colonies of phytoplankton – chlorophyll-containing 

organisms – both red and blue light are absorbed, while green light is scattered. Ocean 

color sensors such as SeaWiFS, MERIS, and OCM measure the back-scattered radiance 

in this wavelength band with the intent of understanding the magnitude and variability of 

chlorophyll production on the ocean surface. This information also tells us about the role 

of the ocean in certain biogeochemical cycles such as that of iron. For this thesis, Sea-

WiFS Chlorophyll-a measurements were used to observe nutrient density in the 

Caribbean region. For this thesis, level 3 “standard mapped image” (SMI) files of 8-day 

composited chlorophyll-a measurements were obtained with a spatial resolution of 9 km 

(or 5”) over the study period, from September 1997 and December 2010. These data, 

stored in HDF-EOS format, were freely retrieved from the Ocean Biology Processing 

Group (OBPG) using a wget routine that recursively downloaded each data file from 

OBPG FTP sites. 

 Southern Oscillation Index (SOI). The SOI is a single value for every month 

designed to indicate the existence and intensity of El Niño or La Niña. It is traditionally 

determined by differencing the measured sea level pressures at Darwin, Australia and 

Tahiti. A positive value of SOI indicates the existence of La Niña, or prolonged cooling 

in the eastern tropical Pacific Ocean, and a negative value of SOI indicates the existence 

of El Niño, or abnormally warm waters in the eastern tropical Pacific Ocean. This data 

set was acquired as a TXT file for the 1998 to 2010 study period from the NOAA ESRL 
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Physical Sciences Division archive of climate indices. This data is freely available and 

covers the time period between 1951 and the present.   

In-Situ Disease Observations. Coral disease data in the Caribbean Sea was 

downloaded as a Microsoft Excel spreadsheet from the ReefBase GIS and covers a 

temporal range from 1950 to 2013. An example of information available in this database 

is shown in Error! Reference source not found. and includes the name of the coral 

disease observed, year of observation, latitude and longitude of observation, name of the 

reef or surrounding region, and other comments regarding disease characteristics. The 

data available in ReefBase GIS was derived from a database compiled by the UN 

Environmental Programme (UNEP) World Conservation Monitoring Centre (WCMC) in 

conjunction with the NOAA National Marine Fisheries Service (NMFS) called the 

Global Coral Disease Database (GCDD). The GCDD is comprised of data mined from 

peer-reviewed literature and technical reports prior to 2007 and volunteered data from 

individual and organizational field work. The database is continually updated by users 

and provides a central platform for the aggregation and dissemination of disease data 

throughout the world in a consistent format. Although the data set is useful, the easily 

available data file from ReefBase suffers from a very coarse temporal resolution of 1 

year. The actual observations submitted to UNEP-WCMC by users include the date, 

month, and year of each observation; however, obtaining metadata for a large number of 

observations from the GCDD on the UNEP-WCMC website is, at the time of this writing, 

not possible. Owing to this limitation, the ReefBase data set was used as the disease 

observation data set for this thesis; however, because of its low sampling rate as 
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compared to the other data sets, a piece-wise cubic Hermite interpolating polynomial was 

applied to the data to interpolate disease counts between years and obtain “estimated” 

values for each 3-month bin. One motivation for using this method is to avoid increasing 

the temporal resolution of the remotely sensed data sets; the use of annual averages 

would result in loss of information across all data sets. Additionally, this approach was 

chosen because of the assumption that the distribution of values following discretization 

would satisfactorily model the actual trend of coral disease over time.  

 

Table 1. Example of entries in the ReefBase GIS Coral Disease Database. 

 

 

Methodology 
 

Data Mining  

NASA’s Earth observation program is comprised of a suite of 22 active satellite 

missions that provide continuous observations of the entire Earth system, from the 
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biosphere to the atmosphere. These remotely sensed data measure a breadth of 

geophysical parameters and provide an unprecedented wealth of information about how 

the Earth and its climate are changing; however, because the data sets are increasingly 

vast, encompassing large spatial and temporal scales, it is necessary to use computational 

techniques to enable the automatic extraction of useful information and patterns. Data 

mining is one such technique that combines methods from machine learning and statistics 

to enable analysts to uncover interesting patterns in large databases, and it is becoming 

increasingly used in the Earth sciences to that end. Various data mining algorithms 

approach the task of discovering patterns in different ways, and for this thesis, I used the 

association rule data mining (ARDM) apriori algorithm. 

The mining of frequent item-sets in a database is intended to uncover 

associations, correlations, or causal relationships among items (Han et al., 2001). 

Association rule mining was initially developed for market basket analysis, in which 

consumer habits are analyzed by finding associations between the items the customer 

purchased (Han et al., 2001). In the Earth sciences, ARDM can provide insight into 

which states of certain environmental parameters are most likely to occur at the same 

time. For example, an association rule may reveal a pattern that SST within a given 

temperature range is most likely to occur in tandem with chlorophyll-a concentrations 

within a specific range. Analyzing results from an association rule algorithm, however, 

should be used with caution, since the results of any ARDM algorithm are inductive and 

not deductive. In other words, the results of the analysis support pre-existing hypotheses, 

but not relied upon to generate new hypotheses.  
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Association rules are expressed in notation as {A, B}  C, where A and B are the 

antecedents and C is the consequent. An antecedent is comprised of a set of items, known 

as an item-set, or a group of item-sets. Each rule describes the likelihood that C will 

occur when the item-set, containing A and B, occurs. The total number of antecedents in 

an item-set can vary between 1 and the total number, N, of unique items in the dataset, 

and while the number of consequents can vary on a similar range, for the purposes of this 

thesis, only 1 consequent was selected. For this thesis, a total of 4 antecedents were used, 

each representing the environmental parameters described in the previous section. For all 

analyses described in this thesis, the single consequent was the total number of coral 

disease observations during each 3 month sampling period. 

When developing association rules from large transaction databases, each rule is 

evaluated by two measures: confidence and support. The confidence of a rule can be 

expressed mathematically as follows: 

 

    (       )   (       ) 

Equation 1. Confidence of an association rule (Han et al., 2011). 

 

 

In other words, this measure describes the conditional probability of C given A, and 

provides the accuracy of the rule. The support of a rule describes the probability of 

transactions containing both the antecedent and the consequent and provides awareness 

of how often the rule is relevant. Support is calculated mathematically as in Equation 2: 
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Equation 2. Support of an association rule (Han et al., 2011). 

 

 

 
 An open-source MATLAB tool from the MATLAB file-exchange community, 

called ARMADA, was used to perform the association rule data mining analysis 

(Malone, 2011). This tool was chosen because of its ability to run within MATLAB and 

provide seamless integration with other MATLAB code written for this thesis. 

ARMADA is a simple tool for extracting association rules in a variety of data formats, 

with the ability to specify support and confidence criteria, as well as the ability to define 

specific antecedent or consequent “mining goals”. Pre-processed remote sensing and 

coral disease observation data used for input to ARMADA were first saved to comma-

separated value (CSV) files, where each antecedent and consequent for each transaction 

were listed on a single row, separated by commas. To maximize the number of 

association rules generated for each experiment, the support and confidence criteria were 

set to their minimum values of 1%. Additionally, mining goals were set to extract only 

those goals where the consequent was equal to a value in the coral disease observation 

time series.  

While support and confidence, individually, provide measures of whether or not 

an association rule is “strong”, it is possible for rules with high confidence to have the 

lowest correlation, or the rules with the lowest confidence to have the highest correlation. 

This is because, as noted in Tan et al. [2001], the calculation of confidence is agnostic to 

the calculation of support. Therefore, a correlation measure of “interestingness” known as 
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“lift” is typically used to rank association rules. Lift expresses the correlation between the 

antecedent and the consequent and is written mathematically as: 

 

    (       )   
 (       )

 (     )   ( )
 

Equation 3. Lift of an association rule (Han et al., 2011). 

 

This equation is also equivalent to the ratio of the confidence of the rule to the support of 

the rule. This latter form was used to calculate the lift values for each association rule 

generated by ARMADA, and it is written: 

 

    (       )   
    (       )

    (       )
 

Equation 4. Simplified calculation of association rule lift (Han et al., 2011). 

 

 

Lift values that are less than 1 represent a negative correlation between the antecedent 

and consequent; in other words, there is a probability that the occurrence of one of these 

values, or sets of values, leads to the absence of the other value (Han et al., 2001). On the 

other hand, lift values greater than 1 represent a positive correlation, in which the 

occurrence of a value or set of values infers the occurrence of the other value (Han et al., 

2001). Should the lift value equal 1, then the antecedents and consequent are independent 

and no correlation exists.  

Preprocessing 
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All data pre-processing code was written in MATLAB version 7.12.0 (R2011a). 

To begin, code was written to process all data automatically. MATLAB provides an API 

to the NetCDF C library created by the UNIDATA group at the National Center for 

Atmospheric Research (NCAR), and this API was used in our code to process the SST-

OI data. Additionally, MATLAB contains libraries specific to HDF-EOS files that were 

used to open and read the CHL-A, K490, and OMI AAI data sets based on example code 

made freely available by the HDF Group at the University of Illinois. No reader function 

currently exists in MATLAB for TOMS level-3 gridded ASCII text (TXT) files; 

therefore, custom code was developed to process these data. Each text file is preceded by 

a 3-line header that defines the date of data recording, the instrument and satellite names, 

the number of longitude and latitude bins, the latitude and longitude bin sizes, and the 

maximum and minimum spatial boundaries. The data is then parsed into latitude blocks 

with the specific latitude value defined at the end of the block, as shown in the following 

figure: 
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Figure 6. A single latitude block of TOMS AAI data. 

 

Data values for each longitude in a latitude block are stored as 3-digit integers, where the 

value 999 represents a missing value. The MATLAB code written to parse this data 

looped through each latitude block and read each line of the file, processed each 

longitude bin by parsing each line of characters 3 characters at a time, and stored the 3-

digit values in the appropriate longitude bin. It should be noted that, when TOMS AAI 

data files are imported into MATLAB, an additional “whitespace” is present before every 

new line; this whitespace must be removed in order to for the correct number of digits to 

be stored in each bin. Additionally, before using the data, each value must be multiplied 

by 0.1 to retrieve the actual aerosol index, since the values in the file are scaled to avoid 

decimals, and each missing value must be converted to NaN.  

All remote sensing data sets were re-gridded to a common 2˚x2˚ grid. The pre-

processing code accomplished this by using the meshgrid function, and subsequently the 

MATLAB “griddata” function to interpolate each data set from the original to the new 

spatial resolution. The griddata function solves interpolation problems for scattered data 
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by first applying a Delaunay triangulation algorithm to the input data, which divides the 

data region into a series of non-overlapping triangles, where each vertex of every triangle 

is a single data point. Once this is accomplished, the function performs an interpolation 

across the triangle based on the user’s choice of interpolation method. For this thesis, a 

standard linear interpolation was used.  The primary limitation of re-gridding the data to a 

much coarser resolution is the loss of information through smoothing. 

Once all remote sensing data sets were re-gridded and stored in memory as 2-

dimensional cell matrices, each data set was processed again to create 3-dimensional 

“stacks” of data with time along the Z-axis, longitude along the X-axis, and latitude along 

the Y-axis – e.g. [360, 180, 49], as shown in Figure 7. Further, each time-series, 

including the coral disease time series, was re-processed into bins containing average 

values over a period of 3-months.  

 

Figure 7. Data cube example. 
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 The database of in-situ coral disease observations was processed in Excel and 

MATLAB to extract observations from within the region of interest and the time period 

of study. Using the filtering tool in Microsoft Excel, filters were created for the latitude 

and longitude columns to obtain only data within the geographical boundaries defined in 

Data section. The resulting data set was then sorted by increasing time values, stored in a 

separate spreadsheet, and imported into MATLAB using the “importdata” function. This 

function reads data from an Excel file into a nested structure array containing separate 

structures for numeric data, text, and column headers.  MATLAB code was then written 

to sort through the data structures to cull data between 1998 and 2010, but not including 

data from 2006, as the ReefBase data set contained no points for 2006 within the study 

region. A 2˚x2˚ grid was created using the MATLAB “meshgrid” function and each entry 

in the data set was binned into the appropriate cell by looping through each latitude and 

longitude on the new grid. After binning each data entry, I created a time series of disease 

observations at each grid location. As mentioned in the Data section of this thesis, this 

data set was interpolated using a piecewise cubic Hermite interpolating polynomial 

function due to the sparse temporal resolution of the original ReefBase data set. The 

MATLAB “pchip” function was used to interpolate the time series from a resolution of 1 

year to a resolution of 1 month between 1998 and 2010.  

Seasonal variations in time series data are usually removed because the seasonal 

cycle dominates the original signal, thereby hindering the detection of anomalies (Tan et 

al., 2001). Additionally, the seasonal signal is generally removed to make the original 

time series stationary, that is, to ensure the mean and variance of the signal do not change 
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over time. For this thesis, a simple 12-month moving average was used. A 12-month 

moving average provides satisfactory results for most analyses; however, the primary 

limitation of this method is its tendency to spread the effects of deviations from the 

average values across neighboring points in time (Tan et al., 2001).  MATLAB was used 

to plot each data time series at different locations in space to visually test whether or not 

the 12-month moving average generated a satisfactory trend for each data set.  

Prior to using the data with ARMADA, each data set was transformed into a table 

of “transactions”, where each row of the table represents a set of “events”, as shown in 

Figure 8. Creating a transaction table allows the generation of patterns that show the co-

occurrence of events, or lack thereof. Code was written in MATLAB to “flatten” each 

data set into a 1-dimensional array by extracting the value in each data cube for every 

latitude and longitude at each time step. Each value was then stored in a matrix of width 

equal to the number of data sets used for this thesis, 6, and length equal to the product of 

all the dimensions – for this thesis, 8x14x49, or a total length of 5,488. Values of NaN 

were removed, reducing the total number of transactions to 1,411. The resulting table was 

used in ARMADA for analysis. 
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Figure 8. Example of transaction table before discretization and conversion of values to Boolean. 

 

Discretization is the process of segmenting data into groups or clusters with 

similar characteristics (Tadesse et al., 2005). It is a procedure essential to the ARDM 

algorithm because the number of discrete values in a geophysical time-series can be very 

large, resulting in an inordinate number of association rules with statistically low 

significance. Selection of a discretization algorithm should consider the distribution of 

the data set and the “closeness” of the data values. Since ARDM was originally designed 

to deal with Boolean-like values, the method most appropriate for this thesis would 

divide each data set into “low” and “high” values based on some pre-determined 

threshold value (Yang et al., 2011). The process of transforming a set of data containing 

thousands of discrete values into a data set containing two values is inherently lossy, and 

because of its dependency on the user’s choice of a threshold between low and high 

values, is not entirely objective. For this thesis, two different discretization methods were 

coded in MATLAB. The simplest method used the mean value of each data set as the 

threshold distinguishing high and low values, and the more complex method used a K-

means clustering function available in MATLAB called kmeans. This function partitions 
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points in a 2-dimensional matrix into k number of clusters by finding k centroids and 

assigning each point in each data set to the cluster associated with the nearest centroid. 

The process of selecting centroids seeks to minimize the total “error” for each point, 

where the error is defined as the discrepancy between a point and its centroid, or the 

squared distance (Steinbach et al., 2000). The input to the kmeans function was each data 

vector generated by the aforementioned flattening function and the number of clusters, 

which was chosen for this thesis to be 2. The resulting output was a 1-dimensional vector 

containing the cluster indices of each point. This vector was then input into custom code 

to match each data point to the appropriate cluster.   

Disease data was heavily biased toward “low” values; therefore instead of using 

the mean of the dataset, which would be skewed by very high values, a piece-wise 

function was used on values below a manually chosen threshold. This threshold was set 

to 1, because the sequence of interpolating the 12-month data set and binning the 

resulting 1-month data set into bins containing 3-month averages generated values less 

than 1. After using this threshold to delineate two “low” and “high” bins, those values at 

the extreme end of the data set, greater than 1, were appropriately binned into the “high” 

category. As with the disease data set, the AAI data required a different discretization 

routine than the other remote sensing variables. As mentioned in the Data section, AAI 

ranges are pre-defined such that values less than 0 represent non-UV absorbing aerosols, 

while values greater than 0 represent UV-absorbing aerosols such as dust and values 

close to 0, within a variance of 0.1, represent clouds. These rules for AAI were coded into 
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MATLAB as a piece-wise function and discretization was performed on the AAI data set 

using this function.  

As discussed in the methodology section of this thesis, each data set was 

discretized to segment the data into Boolean-like values representing “high” and “low” 

states. Also discussed in the methodology section, for the SST, CHL-A, and K490 data 

sets, the K-means clustering algorithm was used to discretize each data set. When applied 

to SST, the algorithm created 2 clusters, where the cluster classified as “low” was 

centered at 27.24687˚C, and the cluster classified as “high” was centered at 28.14669 ˚C. 

A histogram showing the distribution of values within either cluster is shown in Figure 9, 

below. 
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Figure 9. Histogram showing the distribution of SST values after application of the K-means clustering 

algorithm for discretization. 

 

 When applied to CHL-A, the K-means algorithm classified “low” values with a 

cluster centered at 0.225512 mg/m
3
 and “high” values with a cluster centered at 8.088392 

mg/m
3
. A histogram showing the distribution of values within either cluster is shown in 

Figure 10, below. Owing to the distribution being heavily weighted toward “low” values, 

additional plots, as shown in Figure 11, were generated on the original data set to 

understand the distribution of the data below values of 1. Research shows that the 

average chlorophyll-a concentration measurement in the waters around Cuba is 0.07 

mg/m
3
 (Gonzalez et al., 2000); therefore, the histograms imply that, for the entire study 

period and study region, chlorophyll-a concentrations did not deviate significantly from 

the average, and were, in fact, significantly lower. To verify that the average value of 
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CHL-A remained near average over the entire study period, the web-based GIOVANNI 

Interactive Visualization and Analysis Tool available from GES-DISC was used to 

visualize the average Sea-WiFS-measured CHL-A between September 1998 and 

December 2010. The average concentration is shown in Figure 12.  Similarly, the 

distribution of K490 in the region over the entire study period was also heavily weighted 

toward “low” values. The K-means clustering algorithm created a “low” cluster centered 

at 0.042355 m
-1

 and a “high” cluster centered at 0.897016 m
-1

. In literature, a K490 value 

of 1 m
-1

 is considered “high”; therefore, the distribution, as shown in Figure 13, favors 

very low values. 

 

 

Figure 10. Histogram showing the distribution of CHL-A values after application of the K-means clustering 

algorithm for discretization. 
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Figure 11. The distribution of CHL-A values below a value of 1 mg/m^3, before discretization. 
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Figure 12. Average CHL-A concentration (mg/m^3) over the study period September 1998 to December 2010, as 

measured by the Sea-WiFS sensor. 
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Figure 13. Histogram showing the distribution of K490 values after application of the K-means clustering 

algorithm for discretization. 
 

 As discussed in the methodology section, AAI values were discretized only using 

a simple piece-wise function that classified the values as “low” if AAI was less than or 

equal to 0, and “high” if AAI was greater than 0. The justification for this classification 

scheme is that values less than 0 represent the presence of non-UV absorbing aerosols, 

and, therefore, an insignificant measure of UV-absorbing aerosols, while values greater 

than 0 represent the presence of UV-absorbing aerosols such as African dust. A 

histogram of the original data set is shown in Figure 14, and a histogram of the 

discretized data set is shown in Figure 15. Both figures convey the dominance of UV-

absorbing aerosols, on average, over the entire region and study period. 

 



56 

 

 

Figure 14. Histogram showing the distribution of AAI values over the entire region and 1998-2010 study period. 
 

 

Figure 15. Histogram showing the distribution of AAI values after discretization. 
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 Disease values, as AAI values, were also discretized using a piece-wise function. 

A threshold was chosen at 0.3 and data was classified as “low” if below this threshold 

and classified “high” if above the threshold. The distribution of values following 

discretization is shown in Figure 16. Although values of 0 are included in this figure, all 0 

values were discarded from this data set prior analysis. The GCDD does not contain 

continuous observations at each latitude and longitude over the study period; therefore, 

values of 0 in each time series generated for this thesis do not necessarily correspond to 

observations of non-diseased coral and may simply correspond to missing data. The 

resulting discretized values of coral disease observations, therefore, represent different 

degrees of available observations, not the absence or presence of observations. 

 

 

Figure 16. Histogram showing the distribution of coral disease observation values after discretization. 
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Significance Testing 

Association rule data mining explores large data sets to find patterns that satisfy 

some type of constraint. Traditionally, rules were constrained by minimum support and 

minimum confidence values, where confidence was believed to measure the rule’s 

“strength” and support was believed to measure the rule’s “statistical significance” 

(Webb, 2007). One serious limitation of the rules developed by these techniques, 

however, is that there is a large risk of generating spurious rules; that is, the antecedent 

and consequent may appear by chance and subsequently only appear to satisfy the user-

specified constraints. Overcoming this problem requires evaluating the generated rules 

using statistical significance tests. The purpose of a statistical significance test is to 

address the question of whether or not the computed relationships between the given 

antecedents and consequent actually exist.  To calculate the statistical significance of 

rules generated by association rule data mining algorithms, Webb [2007] suggested the 

use of the Fisher’s Exact Test, which is a test used to measure the exact probability of the 

associations between two different classes. In other words, the test can be used to 

examine the significance of the relationships between a single antecedent or multiple 

antecedents and a consequent in a given rule. The Fisher’s test accomplishes this goal by 

calculating the hypergeometric probability of observing a given set of values; that is, in 

context of this thesis, the probability that environmental variables or African dust at a 

given state will result in a given state of coral disease. To apply this statistical test to the 

association rules generated for this thesis, the “null hypothesis” must first be defined, or 

the default position in which there is no relationship between the phenomena being 
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tested. In context of this thesis, the null hypothesis is that the given association rule or 

antecedent does not satisfy the minimum support and minimum confidence constraints 

specified for the algorithm; that is, that the given rule is a false discovery.  

One of the questions posed by this thesis was whether or not the significance of 

each parameter, with regard to its relationship to coral disease observations, could be 

quantified. To address this question, I used the freely available R statistical language and 

R-Studio programming environment to apply the Fisher’s Exact Test to each parameter. 

The fisher.test function available in R via the stats package was used to generate five 2x2 

contingency tables. Each cell contains the support of the relationship expressed by the 

overlapping column and row. The probabilities used in each contingency table were 

derived from results generated using the data mining ARMADA software; in generating 

association rules using an a-priori algorithm, the first rules calculated are those relating 

the consequent to a 1-item antecedent. In other words, the first rules convey the 

relationships between each antecedent and the consequent. The support values of these 

single-antecedent rules represent the probability of that parameter occurring with the 

consequent, without regard to other parameters.  
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RESULTS AND DISCUSSION 

Results 

 This section presents the results obtained using an association rule data mining 

algorithm on remote sensing and in-situ data to analyze the relationships between African 

dust, environmental parameters, and observations of coral disease. The open-source 

ARMADA MATLAB tool was used with minimum confidence and support constraints 

of 1%, each, such that the maximum number of rules possible could be mined, as shown 

in Figure 17, below. Further, rule “goals” were created and applied to restrict mined rules 

to those containing the coral disease parameter as the consequent. Results from 

ARMADA runs were stored in a text file and imported into MATLAB. Custom code was 

written in MATLAB that formatted and parsed the ARMADA results and calculated lift 

according to Equation 4.  
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Figure 17. Set up for ARMADA association rule data mining software, where the data file is a comma-separated 

file, minimum confidence and support are specified at 1% - the minimum possible value – and rules goals were 

specified to constrain mined rules to only those with disease observations as the consequent. 

  

 Using ARMADA, a total number of 146 rules were generated, ranging from rules 

with 1-item antecedents to 5-item antecedents, in which all parameters used for this thesis 

were applied to the analysis. “Redundant” rules are those containing fewer parameters 

than the total number of parameters and are a sub-set of the rules containing all 

parameters. For this thesis, redundant rules were removed manually by comparing each 

rule with antecedent sets containing less than 5-items to those containing exactly 5-items. 

After removing redundant rules, I further pruned the results by calculating lift values for 

each rule using our custom lift calculation code and selecting only those rules with lift 

values greater than 1.  Select association rules generated for the entire study region over 

the 1998 to 2010 time period are shown in Table 2. As discussed in the methodology 
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section, prior to executing the ARMADA software, each data set was discretized into two 

clusters by either using the K-means clustering algorithm or by manually selecting a 

threshold based on knowledge of the data set’s distribution. This process transformed the 

values in each data set into Boolean-like values, where each point in the data set either 

represented a “low” or a “high” state for the given parameter. In Table 2, “H” represents 

the “high” state of a parameter, and “L” represents the “low” state of a parameter, where 

the respective definitions of “high” and “low” for each parameter are described in the 

pre-processing sub-section of the methodology chapter. As described in the data section 

of the methodology chapter, SOI is a single value for every month that indicates the 

existence and intensity of El Niño or La Niña. A positive value of SOI indicates the 

existence of La Niña, and a negative value of SOI indicates the existence of El Niño. In 

Table 2, therefore, a value of “H” for SOI represents the presence of La Niña, and a value 

of “L” represents the presence of El Niño. 

 

Table 2. Select association rules generated for the study region over the 1998 to 2010 study period. 

SST CHL K490 AAI SOI Disease Supp. Conf. Lift 

H L L H L H 104 37.8% 1.5366 

H L L H H H 104 26.9% 1.0947 

L L L H H L 92 26.4% 1.0742 

 L L L  L 15 48.4% 1.9661 

H L   L L 71 25.5% 1.0340 
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The first rule generated by the ARMADA tool, as shown in the previous table, 

conveys that a greater number of disease observations is probable when SST is high, 

CHL-A concentrations are low, K490 values are low, dust is present, and El Nino is 

dominant. The lift calculated for this rule is much greater than 1, in which case the 

elements of this rule can be described as having a positive correlation; that is, the 

occurrence of this particular combination of geophysical states infers the occurrence of a 

greater number of disease observations. The second rule is similar; however, this rule 

shows that the same state values for SST, CHL-A, K490, and dust are likely to occur with 

a greater number of disease observations even if La Nina is present. The lift value 

calculated for this rule is very close to 1, indicating that, although the correlation is 

considered positive, it is not as strong of a correlation as that of the first rule, which 

favored the presence of El Niño. The third rule shows that a lower number of disease 

observations are likely when SST is low, CHL-A concentrations are low, K490 values are 

low, dust is present, and La Nina is the dominant pattern. Here, the lift value is also very 

close to 1, implying that the correlation is again positive, but not strong. The fourth and 

fifth rules do not contain each parameter; however, they are included in Table 7 because 

they represent non-redundant, unique rules with high lift values. The fourth rule shows 

that a lower number of disease observations are likely when CHL-A concentrations are 

low, K490 values are low, and dust is not present. The lift value calculated for this rule is 

significantly greater than 1 and much greater than the previous rule, implying a greater 

likelihood of a low number of disease observations co-occurring with the presence of 

non-UV absorbing aerosols. The final rule shows that a lower number of disease 
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observations are likely even when SST is in a “high” state, if it occurs with low CHL-A 

concentrations, low K490 values, and an El Nino pattern. 

As described in the methodology section, inherent to association rule data mining 

is the risk of generating spurious rules; that is, the antecedent and consequent may appear 

by chance and subsequently only appear to satisfy the user-specified constraints. The 

Fisher’s Exact Test, as defined in the methodology section, was applied to each 

parameter, and p-values were calculated and compared against a standard p value of 0.05. 

The contingency tables used for this analysis are shown in the tables below, where the 

probabilities used in each contingency table represent the probability of that parameter 

occurring with the consequent, without regard to other parameters. The results of the 

Fisher’s Exact Test are presented in Table 8, below. This table conveys that, given the 

distributions of the original data sets, the least statistically significant parameters with 

regard to coral disease observations are K490 and CHL, while the most statistically 

significant parameters are SST, SOI and AAI, where SST is the most significant. The 

results of Fisher’s Exact Test provide qualitative measures to describe the relative 

significance of each parameter with regard to the number of coral disease observations 

and suggest that SST is the most significant driver of such observations. 

 

Table 3. Contingency table for SST and Disease Observations. 

 Dis. – L Dis. - H 

SST – L 163 55 

SST – H 169 208 
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Table 4. Contingency table for AAI and Disease Observations. 

 Dis. – L Dis. - H 

AAI – L 16 0 

AAI – H 316 263 

 

 

Table 5. Contingency table for K490 and Disease Observations. 

 Dis. – L Dis. - H 

K490 – L 331 263 

K490 – H 0 0 

 

 

Table 6. Contingency table for CHL and Disease Observations. 

 Dis. – L Dis. - H 

CHL – L 331 263 

CHL – H 0 0 

 

 

Table 7. Contingency table for SOI and Disease Observations. 

 Dis. – L Dis. - H 

SOI – L 140 136 

SOI – H 192 127 
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Table 8. P-values for each environmental parameter discussed in this thesis. 

Parameter p-value 

SST << 0.0001 

AAI 0.000111 

SOI 0.02083 

K490 1 

CHL 1 

 

 

Discussion 

The rules generated using the association rule data mining algorithm indicate 

there is a strong relationship between African dust and coral disease observations in the 

Caribbean Sea, modulated primarily by the magnitude of the SST signal. Fisher’s Exact 

Test produced a p-value much lower than 0.0001 with regard to the relationship between 

SST and coral disease observations. The null-hypothesis for this statistical test, as 

described in the methodology chapter, was defined as the case in which a given 

parameter did not satisfy the minimum support and confidence constraints for the 

association rule algorithm. For values of p less than 0.05, the null-hypothesis is rejected, 

as it is for SST. This indicates that SST is a statistically significant parameter in 

determining the number of coral disease observations, and this supports research such as 

that of Selig et al. [2006], which hypothesizes that rising ocean temperatures may be 

exacerbating the effects of infectious disease on coral reefs.  
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The first two association rules shown in Table 2 conveyed that a greater number 

of disease observations are positively correlated to the presence El Niño with a high SST 

and the presence of dust, while less strongly correlated to the presence of La Niña. This 

non-definitive result suggests a weak correlation between disease observations and the 

state of the El Niño, and this hypothesis is supported by the p-value calculated using 

Fisher’s Exact Test. The p-value for SOI was calculated to be 0.02083 and because it is 

close to 0.05, it is considered only marginally statistically significant. Previous research, 

however, has identified correlations between El Niño and African dust. Specifically, the 

annual variation of exported dust from the Sahara is shown to be driven by El Niño by 

Garrison et al. [2003], Griffin and Kellogg [2004], and Goudie and Middleton [2001]. 

The research these authors discuss show that the Sahara experiences drier than normal 

climate conditions in the presence of strong El Niño, contributing to high levels of dust 

concentration transported to the Caribbean Sea. Given that our results consider SST a 

highly statistically significant parameter with regard to coral disease, that research shows 

a correlation between El Niño and African dust, and that the first rule in Table 2 shows 

that disease observations are highly correlated to the combined presence of dust, high 

SST, and El Niño, this rule supports the hypothesis that African dust storms are likely 

influencing the incidence of coral disease observations. 

The results of Fisher’s Exact Test also suggest that other environmental 

parameters, such as ocean surface turbidity and nutrient concentration, are not as 

influential as SST in affecting the number of coral disease observations, regardless of the 

co-occurring state of SST, El Niño, and dust concentrations. The p-values calculated for 
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both CHL-A and K490 were calculated to be 1, implying that the two parameters are not 

statistically significant with regard to coral disease observations. As described in the 

methodology section, these results should be used with caution, because the chlorophyll 

concentration and diffuse attenuation coefficient data sets used for this thesis are heavily 

biased toward low values. To mitigate this bias, further research should consider a greater 

temporal range.  

To understand the results from the application of the data mining algorithm as 

well as those of Fisher’s Exact Test, a secondary, quantitative analysis was performed by 

visualizing each data set in alternately “quiet” and “active” years of dust storms using the 

web-based GIOVANNI Interactive Visualization and Analysis Tool available from GES-

DISC. Figure 18 shows the small region in the Caribbean Sea bounded by 17˚N, 23˚N, 

82˚W, and 63˚W chosen for this portion of the analysis. This region contains coral reefs 

along the shores of southeastern Cuba, Haiti, the Dominican Republic, and Puerto Rico. 

To distinguish between quiet and active years, a time series of UV AAI values from 

TOMS-EP were plotted between 2000 and 2005, without removing the seasonal signal, as 

shown in Figure 19. From this plot, I selected 2001 to represent a quiet year due to the 

dominance of AAI values below 1, implying a relatively low concentration of UV-

absorbing aerosols as compared to other years. 2003 was then selected to represent an 

active year because the maximum AAI value on this time series was found to occur 

between 2003 and 2004.  
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Figure 18. Region of interest used for analysis of association rule data mining and Fisher's Exact Test results. 

 

For each of the study years, the coral disease database was scanned in Excel to 

determine the total number of coral disease observations for that year within these 

geographical bounds. In 2001, a total of 173 counts of coral disease were observed in this 

region, while a total of 221 counts were observed in 2003. Figure 20, Figure 21, and 

Figure 22 show the transport of African dust in 2001, represented by AAI, during the 

peak season for dust transport as described in the introduction chapter of this thesis. 

These images were generated using GIOVANNI and data from TOMS-EP. 
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Figure 19. Daily TOMS-EP UV aerosol index between 2000 and 2005 for the region bounded by (17N,82W) and 

(23N,63W) generated using the web-based GES-DISC GIOVANNI tool. 

 

 

Figure 20. Average UV aerosol index measured by TOMS-EP for May 2001, depicting UV-absorbing aerosols in 

the atmosphere over the Saharan region of Africa. 
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Figure 21. Average UV aerosol index measured by TOMS-EP for June 2001, showing a significant increase in 

UV-absorbing aerosols in the atmosphere over the Saharan region of Africa, as compared to May 2001. 

 

 

Figure 22. Average UV aerosol index measured by TOMS-EP for July 2001, showing a significant increase in 

UV-absorbing aerosols in the atmosphere over the Saharan region of Africa, as compared to May and June 

2001. 
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 For the entire year of 2001, I generated time-series of area-averaged SST, CHL-

A, and K490 using GIOVANNI and Sea-WiFS data. As in Figure 23, the average trend 

for CHL-A in this analysis region did not deviate significantly from an average of 0.12 

mg/m
3
. Similarly, as shown in Figure 24, K490 was not found to deviate significantly 

from an average value of 0.032 m
-1

. Figure 25 shows a monthly SST as measured by 

MODIS Terra – because MODIS Aqua was not available until 2002 – and it shows a 

trend centered around an average of 27.5˚C and a maximum value at approximately 

29.5˚C.  

 

 

Figure 23. Sea-WiFS average CHL-A concentration for the analysis region between January 2001 and 

December 2001. 
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Figure 24. Sea-WiFS average diffuse attenuation coefficient at 490 nm for the analysis region between January 

2001 and December 2001. 

 

 
Figure 25. MODIS Terra measurement of area-averaged monthly SST for the analysis region between January 

2001 and December 2001. 
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The same process described previously was performed on data from 2003. Figure 

26, Figure 27, and Figure 28 show the transport of African dust in 2003, represented by 

AAI, during the peak season for dust transport. As for the previous images, these images 

were generated using GIOVANNI and data from TOMS-EP. These images show that 

2003 was dramatically more active in terms of dust storms than 2001.  

 

 

Figure 26. Average UV aerosol index measured by TOMS-EP for May 20013 depicting the strong presence of 

UV-absorbing aerosols in the atmosphere over the Saharan region of Africa. 
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Figure 27. Average UV aerosol index measured by TOMS-EP for June 2003, depicting a significant increase in 

UV-absorbing aerosols in the atmosphere over the Saharan region of Africa and a westward extent of 

approximately 82˚ W. 

 

 

Figure 28. Average UV aerosol index measured by TOMS-EP for July 2003, depicting the movement of UV-

absorbing aerosols in the atmosphere over the Saharan region of Africa across the Atlantic Ocean, beyond a 

westward extent now beyond 82˚ W. 
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In Figure 29, the average trend for CHL-A in this analysis region deviated 

significantly from the regional average of 0.07 mg/m
3
 to an average of approximately 

0.15 mg/m
3
, with a maximum value of approximately 0.165 mg/m

3
 during the period of 

maximum African dust extent, between May and August. Similarly, as shown in Figure 

30, K490 was found to trend higher than in 2001, with an average of approximately 0.035 

m
-1

. Figure 31 shows a monthly SST as measured by MODIS Aqua, and it shows a trend 

centered around an average of 28˚C and a maximum value at approximately 29.8˚C. 

 

 

Figure 29. Sea-WiFS average CHL-A concentration for the analysis region between January 2003 and 

December 2003. 
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Figure 30. Sea-WiFS average diffuse attenuation coefficient at 490 nm for the analysis region between January 

2003 and December 2003. 

 

 

 
Figure 31. MODIS Aqua measurement of area-averaged monthly SST for the analysis region between January 

2003 and December 2003. 
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This secondary analysis was performed to validate our results and show that our 

data mining and significance test results support the hypothesis that K490 and CHL-A are 

not statistically significant parameters with respect to coral disease observations. 

Additionally, this analysis showed a substantial influence of the concentration of UV-

absorbing aerosols on both CHL-A and K490 values; however, given the data sets used 

for this analysis, SST and the number of coral disease observations were found only to be 

marginally influenced by this concentration. The difference between the area-averaged 

values of SST in 2001 and 2003 was approximately 1˚C, and the subsequent difference 

between the number of coral disease observations in these same years was approximately 

48 counts, or 21%. These results, therefore, do not explicitly infer a relationship between 

dust concentrations and SST, but do infer a tightly coupled relationship between the 

number of coral disease observations and SST in the presence of dust. I can subsequently 

hypothesize that, given the results of the data mining algorithm, the significance test, and 

the secondary analysis, the influence of African dust storms on the number of coral 

disease observations is more dependent on ocean temperatures than on turbidity and 

nutrient concentration. 



79 

 

CONCLUSIONS AND FURTHER RESEARCH 

Conclusions 

Over the last 40 years, it has become increasingly important to understand the 

relationships between climate variables, African dust storms, and coral disease in order to 

take action toward protecting and managing coral reef ecosystems. These reefs play a 

significant role in the region’s economy and allowing them to succumb to changes in 

climate and the proliferation of diseases will severely impact the entire Caribbean 

ecosystem, including human populations.  A greater understanding of the effects of the 

changing climate and the relationships between disease, these changes, and coral reefs is 

essential to the development of management techniques, and remote sensing is one means 

by which this may be achieved at sufficiently large temporal and spatial scales. To that 

end, government organizations such as NOAA have established working groups such as 

the CRCP to improve the government’s ability to understand and forecast the influence of 

various environmental parameters on coral reef ecosystems in the Caribbean. 

Specifically, NOAA works to monitor the health of coral reef ecosystems by integrating 

in-situ observations with observations made by satellite remote sensing and augmenting 

both types of measurements with analyses that develop new data products by which coral 

health may be monitored.  
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This thesis demonstrated that remote sensing and data mining can uncover not 

only a correlation between African dust storms and coral disease, but that this correlation 

is influenced by other sea surface temperatures. Specifically, the rules generated by the 

ARMADA tool indicate there is a strong relationship between African dust and coral 

disease observations that is primarily modulated by SST, rather than by K490 or CHL-A 

concentration. To determine the specific statistical significance of each environmental 

parameter with regard to its influence on the number of coral disease observations, this 

thesis used Fisher’s Exact significance Test. The results of this test and a secondary, 

qualitative analysis support the hypothesis that coral disease in the Caribbean Sea is not 

influenced only by the absence or presence of African dust, but the state of the local 

Caribbean climate, specifically SST. 

Further Research 

The development of models, forecasts, and new data products to monitor and 

track the influence of a changing climate on coral reefs remains in its infancy. Although 

organizations such as NOAA have developed several well-used data products to enable 

the comparative analyses of coral reef ecosystems, geography, environmental conditions, 

and anthropogenic stressors for the improvement of management approaches, research 

and development in this field faces a few key difficulties. In this section, I present some 

of these difficulties with recommendations for further research.  

Currently, coral disease observations are reported by divers and input manually 

into databases. The use of human researchers provides comprehensive and detailed 

classification of disease type and extent, and it is an appropriate method to retrieve 
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accurate information. For the purpose of studying a large area such as the entire 

Caribbean Sea, however, this method suffers from poor spatial and temporal resolution. 

As observed when preparing this thesis, when data is collected by scientists, it is 

collected for a certain length of time at a certain time interval, and these periods of time 

are not necessarily consistent among researchers; therefore, data at any given location 

may not be continuous. Additionally, it is not always appropriate for researchers to cover 

coral reefs with large spatial extent. In regions where coral flourish, such as the 

Caribbean Sea, there is a significant amount of surface area that researchers must cover; 

however, covering the entire region is expensive in terms of resources and time. Research 

is being conducted to overcome the temporal and spatial limitations by combining remote 

sensing data with in-situ data; however, the process of collecting and archiving the in-situ 

data must first be improved. I recommend research and development be performed to 1) 

ensure the consistent formatting of data observations, 2) create a single database, such as 

GCDD, containing these data at consistent temporal scales, and 3) improve and automate 

the ability to access, search, and use these observations. 

Research is currently being conducted to develop new sensors to study coral reefs 

and coral diseases, and to improve classification algorithms to automatically delineate 

diseased coral. Regarding the study of the influence of African dust storms and climate 

variables on incidence of disease on Caribbean corals, further research is required to 

develop better spatio-temporal data mining algorithms. In preparation of this thesis, 

several data mining algorithms were considered, including sequential pattern data mining 

(SDM) and SDM with time lags, and it is recommended that this study be again 



82 

 

performed using a combination of SDM with time lags and association rule data mining. 

This is because finding instantaneous relationships between the variables presented in 

this thesis does not consider that environmental variables may influence each other over a 

period of time. Any future research conducted regarding the topic presented in this thesis 

should therefore consider time lags between variables. One interesting study conducted 

by Tadesse et al. [2005] in studying the influence of climatic and oceanic parameters on 

drought in Nebraska implemented a new data mining algorithm called the Minimal 

Occurrences With Constraints and Time Lags (MOWCATL) algorithm, which was used 

to identify time-lagged association rules among atmospheric and oceanic parameters and 

incidences of drought. I, therefore, recommend that this algorithm be used, or a similar 

algorithm be developed, to identify time-lagged associations among climatic variables – 

to include African dust storms – and incidences of coral disease in the Caribbean Sea.  

This thesis considers each of NOAA’s remote sensing-related coral reef 

management directives and shows that remote sensing and data mining can be used to 

provide a greater understanding of the relationships between African dust, environmental 

parameters, and coral disease. The experiments here-in have used a combination of 

remotely-sensed data and in-situ observations to monitor coral reef health in the 

Caribbean, as well as an association rule data mining technique to identify how each of 

these parameters influence coral disease in the presence or absence of African dust.  
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