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Abstract 

 
Coccidioidomycosis, or Valley Fever, is an infectious disease caused by 

inhalation of soil-dwelling fungus Coccidioides posadasii spores in the Lower Sonoran 

Life Zone (LSLZ) in Arizona. In the context of climate change, the habitat of 

environmentally-mediated infectious diseases, such as Valley Fever, are expected to 

change. Connections have been drawn between climate and Valley Fever infection. The 

operational scale of the organism is still unknown. Here, we use climatic variables, 

including precipitation, soil moisture, and temperature. We use PRISM precipitation and 

temperature data, and Moderate Resolution Imaging Spectroradiometer (MODIS) 

Normalized Difference Vegetation Index (NDVI) as a measure of soil moisture for the 

entire state of Arizona, divided into 126 primary care areas (PCA). These data are 

analyzed and regressed with Valley Fever incidence to determine the effects of climatic 

variability on disease distribution and timing. This study confirms that Valley Fever 

occurrence is clustered in the LSLZ. Seasonal Valley Fever outbreak was found to be 

variable year-to-year based on climatic variability. The inconclusive regression analyses 

indicate that the operational scale of Coccidioides is smaller than the PCA region. All 

variables are related to Valley Fever infection, but one variable was not found to hold 

more predictive power than others.   
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CHAPTER 1: INTRODUCTION 

 

The primary goal for geographers is to investigate spatial and temporal 

distribution of specific phenomena in a region of study. Environmental variability is a 

concern for all areas of environmentally impacted geographic studies, including 

biogeography and medical geography. In order to understand the impact of climatic 

variability and its effect on Valley Fever infection, these variables must be analyzed, and 

an effort to better understand the habitat of the fungus must be made. The entire state of 

Arizona has not been analyzed regarding Valley Fever and climatic variability, with use 

of medical data at the principal care area (PCA) scale. Furthermore, most groundbreaking 

Valley Fever research has not been conducted with current incidence data up to 2016. My 

research investigates the links between Valley Fever incidence and precipitation, 

temperature, and the Normalized Difference Vegetation Index (NDVI) gathered via 

satellite.  

 

1.1 Explanation of the Problem 

Valley Fever has been linked to seasonality and climatic variability (Comrie 2005). 

Climatic variability includes behavior of temperature, precipitation, and vegetation 

greenness. Metrics for temperature, precipitation, and soil moisture are gathered via 

point-based ground stations. It is not practical to utilize ground station data throughout 

the entire state over a multi-year period, however. Remote sensing technology is able to 

continuously monitor large areas of earth’s surface at a fine spatial scale. These methods, 

combined with a geographic information system (GIS) offer an innovative approach to 

environmental analysis. 
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1.2 Purpose and Significance of Research 

 
The complex relationship between Coccidioides spore supply and climatic variability 

is not well understood. As a result, health care professionals are unable to mediate Valley 

Fever effectively, by means of public awareness or directions to avoid spreading 

Coccidioides spores via human disturbance. My research strives to understand the 

relationship between climatic variables and the habitat of Coccidioides posadasii. The 

distribution of Valley Fever relative to climatic variables has not been researched 

extensively by means of remotely sensed data as a primary platform. The primary goal 

of my research is to assess the habitat of Coccidioides posadasii, through its 

relationship with climatic variables and Valley Fever incidence. Pima, Maricopa, and 

Pinal counties of Southern Arizona claim the highest reported Valley Fever incidence on 

earth, making the state of Arizona a prime region of study (AZDHS 2015). In addition to 

determining the relationship between climatic variables and Valley Fever, I investigate 

whether the monsoonal precipitation regime is reflected in the Valley Fever incidence 

spread in Southern Arizona, though the entire state of Arizona will be included in this 

study at the PCA scale. There are 126 PCAs in Arizona, thus the spatial scale of this 

study has more accuracy potential than is offered at the county scale, of which there are 

15 in Arizona. The PCA region was developed as a metric of healthcare, yet previous 

Valley Fever research has not been conducted at this scale. Research outcomes may assist 

public health officials in better preventing Valley Fever outbreaks through a greater 

understanding of spatial trends and seasonal timing of the disease.  
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1.3 Background 

 

 Section 1.3.1 is comprehensive literature review of Coccidioides, covering the 

distribution of the fungus, and the links found between Valley Fever outbreak and 

environmental variability. Section 1.3.2 focuses on previous methods used in similar 

studies.  

 

1.3.1 Coccidioidomycosis 

Introduction  

Coccidioidomycosis (also known as Valley Fever) is a mammalian disease, endemic 

to arid and semi-arid environments in the western hemisphere, including the southwestern 

United Stated, regions in Mexico, and Central and South America (Maddy 1958; Fisher 

et al. 2002). This disease is caused by inhalation of the airborne fungal spores of 

Coccidioides (Pappagianis 1988). Unlike diseases like West Nile or Rift Valley Fever, 

coccidioidomycosis is not transmitted between hosts or by a vector, such as a mosquito. 

Most humans infected by the pathogen have no symptoms, while others present 

symptoms similar to influenza. A small portion of infections are fatal, resulting from 

dissemination of the disease beyond the lungs. The risk of the disease may be increasing 

due to disturbance and development of previously undisturbed spore-ridden areas, shifts 

in population demographics, and impacts of climate change (Kolivras et al. 2001). 

 

History of Valley Fever 

Coccidioidomycosis has been present in arid and semi-arid environments for 

thousands of years. There are reports of a skeleton with lesions likely from Valley Fever 
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dated back to as early as 1000 AD (Harrison 1991). The first to characterize the disease 

was a medical student, Alejandro Posadas, in Argentina in 1892; it was thought to be 

caused by a protozoan, rather than a fungus (Deresinski1980; Fisher et al. 2002). In 

California in 1904, coccidioidomycosis was accurately identified as a fungal infection; it 

was discovered in Arizona in 1937, though it was not considered a reportable disease 

until 1997 (Ampel et al. 1998; Pappagianis 1988). The more serve disseminated form of 

the disease, which occurs when the spherules spread beyond the lungs into the 

bloodstream, was linked to a geographically similar respiratory illness known as “San 

Joaquin Valley Fever” (Kirkland 1996; CDC 2017). 

Prior to World War II, the disease (“San Joaquin Valley Fever”) was expected to 

be geographically limited, and not seen as an imminent threat. However, as military 

personnel migrated into the southwestern United States and established air force bases, 

Valley Fever infection started to rise (Ajello 1957). Soldiers began falling ill to the 

disease, as did prisoners-of-war kept in internment camps in Arizona and California 

(Deresinski 1980). This is arguably when Valley Fever research garnered interest and the 

disease began to be considered a reckonable force.   

Partially due to increased mobility of populations and tourism to the southwestern 

U.S., reported cases of Valley Fever have been steadily increasing since 1996 (Tabor 

2010). From 1998–2011, over 110,000 Valley Fever cases were reported to the CDC, 

with cases in 28 states and the District of Columbia (CDC 2011). Of these, 66% were 

from Arizona, 31% from California, 1% from other endemic states, and <1% from non-

endemic states (CDC 2011). This is clearly a disease that needs to be well-researched and 
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better understood in an effort to decrease Valley Fever infection and subsequent illness 

and deaths. 

 

Lifecycle of Coccidioides spp. 

In order to better recognize the nature of the organism, it is crucial that the unique 

lifecycle of the fungus be explained. The fungus Coccidioides was identified as the cause 

of Valley Fever, as opposed to a protozoan, in 1900 (Deresinski 1980). Despite this 

discovery over 100 years ago, it is only relatively recently that the fungus Coccidioides 

posadasii has been distinguished from Coccidioides immitis.  

The two species are only distinguishable by microsatellite markers, which are 

repetitive DNA in which certain motifs are repeated, and multilocus sequence analysis, 

which is a technique used in molecular biology to isolate microbial species through DNA 

sequences (Fisher et al. 2000). The two are morphologically identical, but differ 

genetically, epidemiologically, and in location. C. immitis is believed to be endemic to 

California, in the semiarid desert areas, as well as potentially Baja California. C. 

posadasii is thought to be endemic to Southern Arizona, New Mexico, western Texas, 

and northern Mexico (Barker et al. 2012). 

In the saprophytic phase, the fungus exists as mold, and produces hyphae. The 

hyphae then dry, and as they break, become arthroconidia (fungal spores) (Fiese 1958). 

After the fungal spores are released into the air as fugitive dust by wind or disturbance, 

they can then be inhaled by a host, causing the fungal infection. Within the lung is where 

the parasitic phase beings. (Fiese 1958). 
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The parasitic phase, true to its name, occurs within the host. It occurs typically in 

lungs, but the infection can spread beyond the lungs. Spreading beyond the lungs is  

known as the disseminated version of the disease. Inside the host, the fungus 

appears as a spherule, inside of which endospores grow until the spherule breaks. At this 

point, the endospores then develop into new spherules. This is how the disease remains, 

until the immune system of the host destroys the spherules. (Fiese 1958). Figure 1, from 

Lewis et al. 2015, explains this cycle. 

 

Valley Fever Impacts on Human Populations 

Symptoms of Valley Fever 

About 60% of people who get Valley Fever remain asymptomatic. About 30% of 

infected humans present symptoms for only a period of months (CDC 2017). In 

individuals with healthy immune systems, one can typically fully recover within six 

months (CDC 2017). Valley Fever is typically not transmitted from host to host, and after 

infection an individual may develop a resistance to future infection (Pappagianis 1988). 

Common symptoms include respiratory infection (like bronchitis or pneumonia), fatigue, 

fever, cough, chest pain, chills, joint aches, and rash. 

 Symptoms of the disseminated form of the disease include damage to bones and 

joints, including lesions and swelling. Additionally, lesions and ulcers can form on 

organs or skin, or meningitis can occur (infection in the brain and heart-surrounding 

membranes; CDC 2017). Roughly 2% of all reported Valley Fever cases result in 

dissemination; Coccidioidal meningitis is typically fatal (Fiese 1958; CDC 2017). There 
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are reports that the U.S. has had thousands of coccidioidomycosis-related deaths over the 

past two decades (Huang et al. 2012). 

 

Valley Fever Testing and Diagnosis 

 Testing for Valley Fever is typically done with a skin test. The patient is given an 

injection on the inside of the forearm; if the test is positive, a bump will form on the skin 

at the injection site (CDC 2017). The doctor will examine the injection site 48 hours after 

the injection is administered. A positive skin test result indicates that a patient has an 

immune response to Coccidioides, meaning the patient has contracted Valley Fever in the 

past or currently has Valley Fever. It is possible to be asymptomatic, yet test positive in 

the skin test. Generally, an individual with a positive skin test will not contract the 

disease again in the future, and has built up an immunity. However, some patients may 

experience a false-negative result, meaning the individual has previously had (or 

currently has) Valley Fever, but the skin test result showed negative. False-negative 

results are more common in individuals who have had Valley Fever recently, have a 

condition that hinders the results, or are taking medication that interferes with the results. 

(CDC 2017). 

 

Demographics Influence Infection 

The severity of Valley Fever varies based on an individual’s demographic 

situation. People, regardless of gender or race, seem to be equally susceptible to Valley 

Fever, but the likelihood of developing the disseminated form varies (Pappagianis 1988; 

Tabor 2010). Research shows that Hispanic, African-American, Asian, and Native 
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American populations are more likely to suffer from the disseminated form of the disease 

(Pappagianis 1988). Additionally, white female adults are less likely to undergo 

dissemination than white male adults (Ampel et al. 1998; Pappagianis 1988). A study 

conducted by Ampel (1998) that used hospitalization data from 1995 reported that 

incidence of hospitalization per 100,000 individuals was 23.8 for white non-Hispanic, 

12.2 for white Hispanic, and 66.8 for African Americans. 

 Age is also a variable in Valley Fever severity. People over 65 and under 5 years 

of age are more susceptible to more severe cases, and are more likely to develop 

disseminated Valley Fever (Pappagianis 1988; CDC 2003; Tabor 2010). In 2003, it was 

reported that people over 65 had the highest Valley Fever incidence in 2001, and the 

highest rate of disseminated Valley fever and hospitalization (CDC 2003). Those with 

diseases or conditions that impact the immune system are more likely to develop the 

disseminated infection, such as individuals with HIV or AIDS, diabetes, lymphoma, who 

have undergone organ transplants, or are in the third trimester of a pregnancy (CDC 

2017).  

In addition to demographic variability, Valley Fever impacts individuals 

differently based on time spent outside; those who are outside more are more likely to 

inhale spores via fugitive dust. Valley Fever disproportionately impacts people who have 

experienced prolonged exposure to dust (Pappagianis 1988; Petersen et al. 2004). This 

includes archeologists, construction workers, agricultural laborers, trail crews, and 

anyone who spends an extended period of time outside an endemic area (Werner & 

Pappagianis 1973; Fisher et al. 2007).  
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Recent Valley Fever Increase in Human Populations 

 Total Valley Fever cases have risen since it became a reportable disease in 1997.  

There has been an increase in hospitalizations of those with Valley Fever, which indicates 

a more severe form of the disease (Komatsu 2003). Throughout the United States, the 

incidence of reported cases has increased from 5.3 per 100,000 individuals in the 

endemic region (Arizona, California, Nevada, New Mexico, and Utah) in 1998 up to 42.6 

per 100,000 individuals in 2011 (CDC 2011). This increase was among all age groups, 

though incidence was typically highest in individuals over 60 years of age in Arizona; 

this increase was roughly 16% higher each year (from 1998-2011) (CDC 2011). 

 The increase in Valley Fever infection is likely attributed to the movement of 

individuals into endemic areas for tourism, incarceration, or migration of susceptible 

populations, specifically. Adults over 65 years old who developed symptoms from Valley 

Fever (in Arizona) had lived in-state for a shorter period of time than those who were 

asymptomatic (Leake et al. 2000). Arizona, due to its scenic appeal and mild winters, is 

also a place of interest for retirees. From 1990-1995, the number of retirees living in 

Arizona increased by more than one fifth (Ampel et al. 1998). Similarly, the population 

in the southwestern U.S. has increased, and many individuals who are moving into the 

endemic region are unlikely to have been exposed to Coccidioides in the past, thus are 

less likely to have formed an immunity (Kolivras et al. 2001). In Arizona, most of the 

increased Valley Fever incidence reported is within a metropolitan area, such as Phoenix 

and Tucson. This population growth leads to construction of housing and further 

infrastructure expansion, which disturbs pristine soils and allows the Coccidioides 
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spherules to become airborne, thus causing Valley Fever infection to increase (Maddy 

1958; Kolivras 2001).  

 It is speculated that visitors from non-endemic areas even driving through 

endemic areas are at-risk to contract the disease (Kirkland & Fierer 1996). Unfortunately, 

these travelers may have a difficult time getting correctly diagnosed from a physician 

outside of an endemic region because physicians may not be familiar with Valley Fever 

symptoms and diagnosis (CDC 2017). A prison facility in the San Joaquin Valley has 

been impacted by ongoing Valley Fever outbreak since 1919, likely because prisoners 

and workers populating the prison are from non-endemic regions (Pappagianis 2007). 

 

Economic Impacts Rising 

 The recent increases in Valley Fever infection have severe personal and economic 

impacts, including money spent on doctor visits, prescription drugs, hospitalization bills, 

taxpayer money, and veterinary bills to treat infected domestic animals and livestock. 

Though most Valley Fever cases do not require medical treatment, treating severe cases 

becomes costlier as the disease becomes more common. Pappagianis (1980) estimated 

that nine million dollars was spent annually on Valley Fever treatment in the United 

States; this figure was calculated decades ago and has likely increased as the cost of 

medical care has. Nearly 75% of those diagnosed with Valley Fever miss work or school 

because of the illness, and more than 40% require hospitalization (Tsang 2010). 

 In the prison facility in the San Joaquin Valley, the estimated cost to hospitalize 

and treat an inmate has increased from $8,000 in the 1990s up to $30,000 of taxpayer 

money (Pappagianis 2007). Cases in this facility have measured at 3,000 infected 
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individuals per 100,000 individuals (Pappagianis 2007).  

 

Geographic Distribution of Coccidioides Spp. 

As early as 1957, the distribution of Coccidioides spp. was mapped in the United 

States (Edwards & Palmer 1957).  A skin test method was used, and it was concluded that 

the south-central valley of California and the desert environments of Southern Arizona 

were the most endemic regions. Results of the skin tests indicated that the rate was as 

high as 50-70% in Kern County, and nearby Tulare and Kings Counties, CA (Edwards & 

Palmer 1957). As mentioned earlier, C. posadasii and C. immitis are different species of 

the fungus, though they are found in different regions. C. immitis is found near the San 

Joaquin Valley, and in other regions in central and southern California, while C. 

posadasii spans a larger range from southern and central Arizona to regions in Texas, 

New Mexico, Utah, and Nevada (Maddy 1958; Barker et al. 2007). In Arizona, the 

majority of Valley Fever cases are reported from Maricopa, Pima, and Pinal Counties 

(Edward & Palmer 1957; Barker et al. 2007). C. posadasii habitat is believed to be 

endemic to the Lower Sonoran Life Zone (LSLZ), the region of the Lower Sonoran 

Desert where life can be sustained (Merriam 1889). The fungus has been found as far 

south as Venezuela and Paraguay, however (Gomez 1950; Campins 1965).  

In 1966, individuals participating in an archeological dig were infected in the 

Dinosaur Monument, Utah region (Fisher et al. 2007). In 2007, during June and 

September, 50 percent of archeologists excavating at Dinosaur National Monument were 

infected, due likely to dust exposure. This study found that the endemic area of 
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Coccidioides immitis extended north by approximately 200 miles farther in Utah than 

previously known (Fisher et al. 2007) 

 

 

Coccidioides Favor Specific Climate  

 Coccidioides habitat is dependent on climate. Maddy (1958) was the first to claim 

that the LSLZ was the only region where the fungus could survive. The LSLZ is 

characterized by its semi-arid climate, consisting of mostly sparse precipitation (with the 

exception of the annual monsoon season), high summer temperatures, and mild winters 

(Kolivras et al. 2001). The geographic limits of the fungus are dependent on these 

parameters; endemic regions outside of the LSLZ (and San Joaquin Valley) have similar 

climate conditions and soil properties (Kolivras et al. 2001). Though it has been 

determined that the fungus favors a specific climate and researchers have identified 

endemic regions, distribution of the fungus varies even in endemic regions (Kolivras 

2001; Figure 2). There are other variables that determine the spore supply in a given 

region.  

 

Arizona’s Variable Climate and Land Cover 

 Though the Sonoran Desert and LSLZ make up a large portion of Southern 

Arizona, the state experiences widely variable climate patterns across its area, such as 

precipitation type and amount, and mean and range temperatures. The elevation of 

Arizona ranges from just over sea level on the banks of the Colorado River, to its highest 

peak, Mt. Humphrey’s, which is over 12,000 ft. Not including the outlying mountainous 

peaks and river basins, Arizona elevation spans roughly 300-8,000 ft. (Shreve & Wiggins 
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1964). Temperatures in Northern Arizona are roughly 30 degrees cooler than 

temperatures in Southern Arizona, year-round. In Northern Arizona, it is not uncommon 

to experience over 70 days of measurable precipitation annually, whereas in Southern 

Arizona, this number can be closer to 15. Additionally, in Northern Arizona precipitation 

is not uncommon year-round, with more snow in the winter months, as compared to the 

summer monsoon period in Southern Arizona (Shreve & Wiggins 1964). 

The Köppen climate system, first published by Wladimir Köppen (1884) has been 

modified several times, but remains a useful resource for classifying regional climate 

based on vegetation phenomena (Lohmann et al. 1993). Arizona contains several climate 

types, mostly within the B and C range, and a few high-elevation regions in the D range. 

The B range represents dry (desert and semi-arid) climates, group B represents temperate 

and mesothermal climates, and group D represents continental and microthermal climates 

(Figure 2) (Köppen 1884; Critchfield 1983). The LSLZ in classified as a hot desert 

primarily, while central Arizona is classified as a cold semi-arid and hot-summer 

Mediterranean climate. Northern Arizona is classified as a cold desert and cold semi-arid 

region, with small high-elevation peaks in the dry summer subarctic climate region, based 

on vegetation (Köppen 1884; Critchfield 1983). 

 

Early Valley Fever Research 

The fundamentals of Coccidioides habitat as it relates to climate have been 

researched for many years. Many theories of early researchers were confirmed in later 

studies. In 1946, Smith et al. noted that the highest Valley Fever incidence rates (in 

California) occurred in the summer and fall, and that incidence would increase after a wet 
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winter. Smith reported that the lowest incidence seasons were winter and spring, when 

California received more precipitation (Smith et al. 1946a). Hugenholtz (1957) found that 

the higher-incidence months (in Maricopa County, Arizona) corresponded to low 

precipitation, and Hugenholtz speculated that if a monsoon season yielded less rainfall, 

then the result was a lower incidence rate the following dry season. This early research 

suggested these links between climate and Valley Fever. Prior research by Maddy (1965) 

is consistent with these theories. Maddy (1965), in a study in Southern Arizona, also 

determined that Coccidioides were present in the soil after monsoon season. Maddy 

(1965) also believed that the fungus was conducive to environments with hot summers, 

mild winters, and monsoonal precipitation.  

The semi-arid environment of the Southwestern U.S. is particularly susceptible to 

Valley Fever outbreak, due to the sparse desert vegetation and fugitive dust, dry soil, 

mild winters, long summers, and monsoonal precipitation patterns (Fisher et al. 2007). 

Essentially, areas of habitat for C. posadasii are suited to the LSLZ, the area of the 

Sonoran Desert which can sustain life (Merriam 1889). 

 

‘Grow and Blow’ Hypothesis  

Prior research laid the framework for the ‘grow and blow’ hypothesis, which 

essentially states that moist conditions followed by dry conditions lead to formation of 

Coccidioides spores, which are then able to become dislodged during a wind event 

(Comrie & Glueck 2007). The hot, dry conditions of soil in the LSLZ is not 

accommodating to most organisms, giving the Coccidioides fungus a competitive 
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advantage, as it is able to thrive just below the top layer of soil (Maddy 1965; Kolivras et 

al. 2001; Comrie & Glueck 2007).  

When the annual monsoons began in mid-summer, the arthroconidia could 

multiply more successfully, because competing organisms were not able to survive the 

hot soil conditions prior (Jinadu 1995). The arthroconidia multiplied until the soil 

moisture returned to pre-monsoonal conditions (Jinadu 1995). At this point, the fungus 

could desiccate and spores could separate from the mycelium with the assistance of even 

a slight wind event (Maddy 1965). The ‘grow and blow’ hypothesis thus characterizes 

apparent links between Valley Fever infection and environmental variability, as well as 

local disturbance. 

 

Studies Linking Climate and Coccidioides 

The studies discussed below are essential in characterizing the existing relationships 

between Valley Fever outbreak and climatic variability. Prior to these influential studies, 

early researchers theorized many accurate links between Valley Fever and environmental 

variability. These studies provide quantitative statistical analyses to establish 

relationships. These relationships are exceedingly complex, as new connections have 

been found between the disease and seasonal variability, variables spanning multiple 

years, and variability in Valley Fever outbreak trends and distribution. 

Kolivras et al. (2001) produced a paper designed to classify current knowledge of 

Valley Fever as it relates to climate and other environmental variables. For this paper, 5 

counties in Arizona were observed, including Pima, Maricopa, and Pinal counties. 

Temperature, precipitation, humidity, wind, salinity, and dust storms were the climatic 
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variables considered. This paper suggested Valley Fever outbreaks were most likely to 

occur in southern-central Arizona following the monsoon season. Relationships between 

Valley Fever incidence and dust storms were consistent, while precipitation trends 

impacting Valley Fever were found to be more variable (Kolivras 2001). This research 

supports the notion that Coccidioides are a sub-surface dwelling organism. Thus, the 

many components that impact characteristics of soil must be considered in an analysis. 

Komatsu et al. (2003) released the first published paper that confirmed the seasonal 

patterns in Valley Fever infection. This study used Arizona Department of Health 

Services (AZDHS) Valley Fever infection data. In 1998, 1,551 cases were reported (a 

rate of 43 per 100,000 population); in 2001, 2,203 cases were reported (rate of 33). Of 

these cases, most were individuals over 65 years old (79 rate). These data were grouped 

spatially into zip code areas, and temporally into seasonal values. GIS software was used 

to plot Valley Fever incidence in zip code polygons. Environmental and climatic data 

were assessed and a Poisson regression was used to generate a model that attempted to 

predict seasonal outbreaks.  

The seasonal analysis indicated that Valley Fever infection rates were higher in the 

winter months (November-February), and that several environmental variables were 

closely related to a spike in infection (Komatsu et al. 2003). The variables found to be 

significant were: indices relating to drought, disturbance indicators (wind velocity and 

Maricopa County building permits to indicate areas of disturbance of pristine soils), mean 

temperature, and precipitation. The results indicated a relationship between precipitation 

several months prior to an outbreak, temperature three months before an outbreak, dust 

from the preceding month, and precipitation two months prior. The model generated in 
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this study successfully predicted seasonal peaks, as well as their absence (Komatsu et al. 

2003). 

In another study, Comrie (2005) observed Valley Fever incidence data in Pima 

County, Arizona, and discovered links between climate (precipitation specifically) and 

Valley Fever. Comrie analyzed Pima County Valley Fever incidence data, and used 

environmental data for the Tucson metropolitan area; 90% of the Pima County population 

is within that region (Comrie 2005). Similar to Komatsu et al. (2003), Comrie used a 

seasonal grouping based on precipitation to observe variability among seasons. This 

precipitation-oriented organization allowed monsoon season to be grouped, as opposed to 

grouping with typical calendar seasons. The seasonal scale allowed environmental lag 

times to be studied. The stepwise regression model considered Valley Fever incidence 

data, dust, precipitation, and lagged precipitation data.  

Comrie’s results (2005) were consistent with previous findings, in that he determined 

rates of infection were higher June-July, and October-November, and lower during 

August-September and February-March. He determined that Valley Fever follows a 

bimodal outbreak pattern. His results also confirmed that fugitive dust was related to 

Valley Fever outbreak, and that precipitation 1.5-2 years prior to the outbreak was 

significant. These results were published before Comrie and Glueck coined the ‘grow and 

blow hypothesis’, but Comrie’s (2005) results are cohesive with the hypothesis: pre-

monsoonal, hot weather prior to outbreak favors the growth of Coccidioides by removing 

competition. Additionally, this research supports the theory that Coccidioides spores can 

remain viable for several years (Comrie 2005). 
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Comrie & Glueck (2007) explore the pre-existing predictive relationships 

between climatic variability and Valley Fever. The 2007 study furthers previous research 

that indicated precipitation and dust-related disturbance account for 80% of variance in 

seasonal Valley Fever outbreaks. Comrie & Glueck use preliminary regression-based 

climate modeling and a seasonal modeling approach in terms of data quality and trends, 

and exposure adjustment methods (2007). Exposure adjustment here refers to 

chronologically adjusting the reported date of Valley Fever infection to account for an 

incubation period (Comrie & Glueck 2007). 

The results show that models that adjust case-level data exposure do not vary 

significantly from case report data that is used without adjustment. The results also show 

that the increase in Valley Fever outbreaks is not explainable through solely climate 

variability, but climate does account for a large portion of infection variability. 

Specifically, relationships between climatic variables and Valley Fever found through 

regression modeling support the ‘grow and blow’ hypothesis for climate and disturbance-

related Valley Fever incidence risk (Comrie & Glueck 2007).   

 

Soil Relationships to Spore Supply 

 As mentioned earlier, though endemic regions of Coccidioides have been 

identified, the fungus is not distributed uniformly in soil within these regions (Kolivras 

2001). It is important to try to understand which other variables are significant in 

Coccidioides spp. distribution. Soil is thought to play an important role; the fungus can 

withstand extreme temperatures and moisture (Maddy 1965; Jinadu 1995; Kolivras 

2001). 
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Favorable Coccidioides Soil Temperature 

 Coccidioides spp. were determined to be resistant to extreme temperatures as 

early as 1955, when Lubarsky and Plunkett conducted a laboratory experiment that 

determined that Coccidioides spp. could survive, once growing, in soil temperature as 

high as 42°C (108°F), and as low as -20°C (-4°F). Studies have found that spores can 

remain viable sub-surface; the fungus is believed to grow under the top layer of soil 

during the hottest months of the year (Maddy 1965). 

 

Soil –Small Mammal Connections to Coccidioides spp. 

Because Coccidioides spp. thrives in lower regions of the soil, it is likely that 

rodent burrows are a fundamental component of Coccidioides habitat (Maddy 1957; 

Maddy 1965; Ajello 1967). Maddy (1965) conducted a study in which he physically dug 

into the soil in the LSLZ near Phoenix, AZ. Here, he directly observed (through soil 

testing) Coccidioides colonies in moist areas (Maddy 1965).  

Maddy determined that a range of mammals- including canines, horses, and 

sheep- are vulnerable to the disease, and when an infected organism (such as a rodent) 

dies, the area in which the mammal dies can be seeded with the organism (Maddy 1965; 

Maddy 1967). A study conducted by Maddy (1967) found that, after burial of infected 

animals, repeated isolations of Coccidioides were possible for seven years, though the 

soil around the burial area was not contaminated. This has led researchers to draw 

conclusions between infected animals, decomposition, and Coccidioides-ridden soil. This 

study also supports the theory that Coccidioides spores can remain viable for long periods 

of time.  
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The link between contaminated mammals that seed the soil and Coccidioides has 

also been researched largely by Krutzsch and Watson (1978), who observed that bat 

guano had been contaminated by the corpses of infected bats (rather than caused by the 

live, infected bats themselves). Skin and guano culture tests from live, infected bats tested 

negative for Coccidioides, while the guano in the underlying region of the habitat tested 

positive. Similar results were found for mice. These results are consistent with the 

hypothesis that rodents perpetuate the cycle of Coccidioides in soils through infection and 

death. Living, infected organisms are unable to spread the disease. However, once the 

organic host breaks down, the Coccidioides spores seed the burial area (Maddy 1967; 

Krutzsch & Watson 1978). 

Canines develop Valley Fever (and the disseminated form) more frequently than 

humans, likely due to their exposure to dust and soil (Maddy 1957; Butkiewicz et al. 

2005). In canines, sex and breed were found to be factors associated with Valley Fever 

risk; male canines and select breeds were found to be most likely to contract the disease 

(Butkiewicz et al. 2005). Canines that were kept outdoors during the day were 4.9 times 

more likely to get the disease compared to canines that stayed indoors (Butkiewicz et al. 

2005). 

 

Coccidioides Spp. Favor Pristine Soil 

 Coccidioides spp. favor pristine soils as opposed to previously turned, irrigated, or 

fertilized areas. In highly endemic regions, Coccidioides is not found in cultivated plots, 

possibly due to fungicide in cropland, or because all spores in the pristine soil have 

already become airborne, and new spores are not forming (Maddy 1958; Maddy 1965). It 
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is speculated that competition from other organisms is more prevalent in cultivated soils 

(Pappagianis 1988). 

 

Soil Moisture Affects Growth and Habitat 

 Researchers have established that precipitation is significant in the Coccidioides 

spore supply, and since Coccidioides grow within the soil, soil moisture as it relates to 

precipitation, temperature, and relative humidity is something that needs to be considered 

when assessing the habitat of the fungus. It has been determined that an increase in 

relative humidity increases Coccidioides spores’ ability to remain viable in an even more 

extreme range of temperatures (Friedman et al. 1956).  

However, while the fungus thrives in moist environments, if the soil is too moist, 

other microorganisms will be able to sustain, creating competition for Coccidioides 

(Kolivras et al. 2001). Coccidioides spp. have been discovered under dry stream beds, in 

moist rodent burrows and near dry washes (Maddy 1957; Kolivras 2001). The fungus 

requires prolonged soil moisture, but the exact relationship that Coccidioides has with 

precipitation, evaporation, transpiration, subsequent soil moisture, and wind-related 

disturbance remains largely uncharacterized.  

 

Summary and Conclusions  

The link between rodent habitat and soil has been observed, as well as a 

relationship between fugitive dust (disturbed soil) and Valley Fever infection. In 1977, a 

dust storm hit Kern County, California and led to an outbreak. The dust spread from the 

storm is believed to have deposited arthrospores throughout the area, leading to higher 
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infection rates. Many of those who were exposed directly to the windstorm experienced 

infections, as were those in areas to the north and west of Kern County (Pappagianis & 

Einstein 1978; Pappagianis 1988). It was unexpected that individuals not directly 

impacted by the dust storm contracted the disease. The storm occurred on December 20, 

1977; the first cases of Valley Fever were recorded in the following months. Within two 

weeks of the storm, 22 cases were diagnosed. Within three months, 379 cases total were 

reported. This is an unusually high number for the annual cases from that period, let 

alone for three months of the year (Pappagianis & Einstein 1978). The infection-window 

is believed to have been small, due to precipitation events shortly after. However, the 

heavy rainfall could have increased the potential for sub-surface spores to grow, leading 

to more Valley Fever cases in the future (Pappagianis & Einstein 1978; Pappagianis 

1988). The previously discussed studies further support the connection between soil, 

disturbance, and Valley Fever infection. Disturbance is believed to be the driver for the 

process of removing the dried arthroconidia spores from the soil, which are then inhaled 

as fugitive dust. Wind and disturbance are crucial mechanisms in the organism’s life 

cycle.  

Coccidioides have been found to live and grow beneath the uppermost layer of 

soil, thus soil-related variables are important to the study of the organism. Conclusions 

have been drawn between the decomposition of infected organisms and Coccidioides-

ridden soil. The ‘grow and blow’ hypothesis was developed based on these connections, 

as well as the linkage between Valley Fever infection and environmental variability and 

local disturbance. Research has shown that soil moisture, temperature, and precipitation 

are key factors in the growth and spread of Valley Fever.  
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Most climate data, including precipitation, are gathered in a point-based system 

dependent upon measurement stations, therefore a remote sensing approach to these 

metrics would be more cost-effective, and would allow a larger study area to be assessed. 

Remotely sensed precipitation, temperature, and soil moisture data could be included in a 

time-series to be correlated to Valley Fever incidence. These correlations could be 

analyzed and provide insight to seasonal timing of the disease, so medical professionals 

could better advise and mitigate populations of endemic regions. Additionally, mapping 

these metrics in endemic areas could inform populations of spatial distribution of the 

fungus, and provide information on the ecological preferences of Coccidioides.  

 

1.3.2 Remote Sensing and Geographic Information Systems in Geographic Epidemiology  

 

Introduction and Background 

 Spatial data have played a major role in geographic epidemiology as early as John 

Snow’s cholera study in 1855, in which Snow mapped clusters of cholera infection and 

determined the disease was spreading from contaminated well water (Snow 1855). In 

modern research, remotely sensed data and GIS platforms are becoming more common as 

researchers recognize the utility of these approaches. A remote sensing method allows a 

larger study area to be observed continuously (as opposed to point-based methods which 

are costly and time-consuming), and can gather information on crucial biophysical 

factors, such as vegetation health and soil moisture. A GIS platform allows for efficient 

data analysis of these metrics, and clear visualizations.  
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Early Uses of Remote Sensing in Epidemiological Studies 

 The term ‘remote sensing’ was coined by Evelynn Pruitt of the U.S. Office of 

Naval Research in the 1950s (Campbell & Wynne 2011). Remote sensing is defined as 

the science of gathering information of objects or phenomena on earth’s surface from a 

distance (Hay 1998). Prior to its modern nomenclature, aerial photography began as early 

as 1858, when Felix Tournachon captured an image of earth’s surface from a tethered 

balloon in France (Jensen 2000). By the 1890s, aerial imagery taken from two balloons 

became known as stereo terrestrial images, or a “stereo pair” of aerial images (Jensen 

2000; Campbell & Wynne 2011). Sherman Fairchild is accredited as furthering the uses 

for aerial photography from the 1930s to the 1960s; during this time, photos were taken 

from aircrafts during wartimes to determine city size and military capability (Campbell & 

Wynne 2011).  

In 1970, Cline suggested that aerial photography and remote sensing were 

effective methods in epidemiological studies because remote sensing technology could 

provide new environmental data on entire landscapes. Cline wrote that the spatial scale of 

remote sensing technology was particularly useful, as well as the multi-band capability 

that many sensors offered. He saw the value in data collection outside of the visible range 

of electromagnetic spectrum (EMS), suggesting that remote sensing was applicable for 

many uses, including ecological monitoring and conservation efforts (1970). The first 

land-based satellite, Landsat 1, was launched in 1972 (NASA 2017).  

One early application of epidemiologic research using remote sensing technology 

identified seasonality of malaria in Kenya by determining the habitat of mosquito larvae 

(Hay et al. 1998). This study used the Advanced Very High Resolution Radiometer 
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(AVHRR) system, and observed satellite information regarding temperature, near 

infrared (NIR) reflectance, rainfall, and plant health (Hay et al. 1998).  

 Remote sensing has slowly been adopted by epidemiological research. As more 

users employ remote sensing technology, data become easier to access. This includes 

imagery, image processing software and advances within the software. 

 

Importance of Remote Sensing in Geographic Epidemiology  

 Most often, geographic epidemiology focuses on characterizing the habitat of a 

vector or parasite by studying environmental variables that are believed to be significant. 

Environmental variables such as temperature, land cover/vegetation, atmospheric 

moisture, precipitation, and soil moisture are considered influential to many diseases, and 

can be observed through remote sensing technology (Hay 1998; Kitron 1998; Kolivras 

2001). 

 These variables are prone to fluctuation, especially in the context of climate 

change. Increasing surface temperatures can impact all of earth’s systems, including 

atmospheric moisture, temperature, and precipitation. Climate change may, in turn, 

impact certain disease vectors and hosts (Epstein 2001). In the case of Valley Fever, these 

environmental shifts may result in a change of rodent habitat, which would cause a 

change in Valley Fever habitat. Not only do diseases need to be further researched and 

understood so medical professionals can mitigate disease risk, but also so behavior can be 

moderated based on climate change. Remote sensing, coupled with GIS, provides a 

platform for the incorporation of multiple datasets, offering us the opportunity to improve 

our understanding of disease and its relation to the environment. 
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Geographic Information Systems in Geographic Epidemiology  

 Similar to remote sensing technology, GIS software is also becoming more 

frequently used in epidemiologic applications. This includes advances in GIS technology 

and increased accessibility to software (Nuckols et al. 2004; Ostfeld et al. 2005). 

Environmental data are, by definition, spatially mediated. A GIS allows researchers to 

import tabular data referenced with a coordinate system that contains information about 

spatial position to be stored in a database, while the tabular data are stored in a layer 

format (Christman 2002). Data can be analyzed within this environment, and the two 

most common products are tabular or cartographic. Tabular products include summary 

data and statistical reports; cartographic products include maps, map files, or overlays 

(Christman 2002). A GIS can analyze remotely sensed (gridded, continuous) data, as well 

as vector (thematic) data.  

 Elliott et al. (2001) assessed the risk of adverse birth results in populations near 

landfill sites in Great Britain using GIS technology. The study period was from 1982-

1997, and the data consisted of 8.2 million births, roughly 4300 of which were stillbirths, 

and roughly 124000 had other abnormalities. Using statistical analysis within a GIS, 

results showed a small risk of congenital anomalies, and a lower overall birth weight near 

landfill sites.  

 Ali et al. (2002) used a GIS-approach to determine environmental risk factors for 

cholera in Bangladesh. Two different strains of the disease were observed, from two 

different study periods, 1983-1987 and 1992-1996. The same risk factors were prevalent 

across both study periods for the two strains of cholera. The results showed that 

proximity to surface water, high population density, and low education levels were all 
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related variables to the disease in the endemic region. The GIS database was used to 

weight the risk factors, and to filter data spatially.  

 

Land Cover and Vegetation Impact Disease 

Understanding the risks of disease, and developing strategies that could be used to 

prevent and minimize intensity of outbreaks requires an understanding between 

environmental conditions and the host or vector. Remote sensing from an orbiting 

satellite platform is useful in monitoring the health, biomass, and phenology of 

vegetation. Remote sensing technology has previously been used to study Valley Fever, 

both in the form of Spectral Vegetation Indices (SVIs) and climatic data (Goetz et al. 

2000). With these satellite data and a GIS-based platform, spatial distribution and 

probability of diseases can be determined and visualized (Hay 1997; Ostfeld et al. 2005). 

 

Spectral Vegetation Indices (SVIs) 

 
An SVI is defined as the mathematic combination of at least two spectral bands 

relating to traits of vegetation (Hay 1997; Huete 1999). SVIs are often used to monitor 

vegetation trends on earth’s surface by providing a radiometric measure of photosynthetic 

activity. SVIs are useful in assessing spatial and temporal changes linked to vegetation 

through factors such as total biomass and plant greenness (Huete et al. 1997; Lyon et al. 

1998; Wayant et al. 2010). 
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EVI vs. NDVI for Greenness Mapping 

Both the NDVI and EVI (defined with index calculations below) are vegetation 

indices proposed by the Moderate Resolution Imaging Spectroradiometer (MODIS) Land 

Discipline Group. These two vegetation indices are intended to assess plant phenology 

and classify vegetation based on radiometric and structural parameters. While both offer 

benefits and drawbacks, the NDVI is used more frequently, especially in epidemiological 

studies (Huete 1999; Hay 2000).  

 

 

 Both SVIs use different combinations of red, near infrared (and blue in EVI) to 

assess plant health and productivity; these bands measure pigments in plant tissue that 

absorb in the visible red portion of the electromagnetic spectrum (chlorophyll and 

carotenoids), and reflect in the near infrared portion (mesophyll tissue) (Tucker 1979;  

Hay 2000). 

With either SVI, there is room for error in atmospheric conditions, sensor 

function, platform stability, and other areas. Though the NDVI is used most often, the 

EVI is better able to eliminate background and atmospheric noise. The EVI has been 

found to perform better than NDVI when assessing areas of high biomass, because it does 

not saturate as easily as NDVI. EVI values tend to stay in the lower range when covering 

semiarid regions (Huete 2002). In order to assess the habitat of an environmentally-

mediated disease, such as Valley Fever, in the semiarid LSLZ, a metric which 

complements high biomass would not be imperative, and the NDVI would be more 
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responsive to the semiarid vegetation. 

 

Land Cover, SVIs, and GIS Used in Conjunction in Epidemiology 

 SVIs are frequently used in epidemiology to determine spatial distribution and 

abundance of disease-spreading hosts and vectors. The studies discussed below 

investigate the habitat of disease-causing organisms, and risk of disease in certain 

regions. Some key studies are discussed here to emphasize variety in diseases studied, 

locations, and remote sensing methods.  

 Reid et al. (2000) aimed to assess multiple landscape-scale changes over time and 

determine how these changes impact patterns of land use/cover change and the ecological 

properties in these regions. The study area was a 2400 km2 area in Ghibe Valley in 

southwestern Ethiopia, from 1957-1993, during which the region underwent drastic land 

use/cover change related to agricultural, drought-related, and socio-economic 

phenomena. Reid et al. believed that this was directly related to the often-fatal livestock 

disease trypanosomiasis, transmitted by the tsetse fly. The insect’s habitat was suspected 

to span over 10 million km2 across Africa (Reid et al. 2000). As the fly’s habitat shifted, 

farmers often moved to the tsetse-free regions, causing agricultural conversion. Data for 

the study included remotely sensed data, land cover classifications, statistical analysis, 

and testimony from long-term residents. 

 Maps of land use/cover change were generated from remotely sensed aerial 

imagery, and Landsat Thematic Mapper (TM) imagery for the study period. The imagery 

was processed for scaling issues, and Reid et al. generated four broad land-cover 

categories to divide the land cover between the aerial photos and Landsat TM imagery: 
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smallholder cultivation, large holder cultivation, riparian woodlands, and wooded 

grasslands; all regions are habitat for the tsetse fly. A land-use preference index was 

generated to test the hypothesis that farmers avoided riparian woodlands when clearing 

land for agricultural uses. This index was supported by interviews conducted with local 

farmers. The findings indicated that, at the landscape scale, each scenario (drought, tsetse 

fly, agricultural shifts) for land use/cover change yielded different patterns of land 

use/cover change. Results showed that the reduction of croplands in the region were 

responsible for: increased grass and woody plant cover, increased frequency and extent of 

fires, and greater wildlife habitat (Reid et al. 2000).  

 Glass et al. (1995) also used Landsat TM data to determine higher-risk areas for 

Lyme disease in Baltimore County, Maryland. A land use/cover map was generated to 

identify forest distribution. This map was correlated with Lyme disease incidence data at 

a residential scale. A logistic regression was used to determine risk levels for county 

areas based on which variables were associated with the disease. The results showed that 

eleven variables were associated with Lyme disease, including residence in forested areas 

and certain soil types. These findings were used to inform risk categories. It was 

concluded that a GIS, when combined with epidemiologic data, was effective to identify 

risk factors of the zoonotic disease. (Glass et al. 1995).  

 Kitron et al. (1991; 1992) used a GIS platform to observe and classify animal 

population in relation to Lyme disease. The spatial distribution of tick-infected and 

uninfected white-tailed deer in Illinois were observed, and compared to areas where 

Lyme disease was found. Results confirmed that Lyme disease habitat was related to 

areas of infected deer. Infested deer areas were then overlaid on soil and vegetation maps. 
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The overlay validated that tick habitat, and infested deer populations, occurred most often 

on sandy soils or in hardwood vegetation areas. 

Fisher et al. aimed to study Coccidioides habitat across several spatial and 

temporal scales, assessing soil variables (including salinity, texture, mineralogy) as well 

as vegetation types and densities. Fine sand and silts were generally found to be more 

abundant in Coccidioides-ridden soils. Researchers did not find a definitive connection 

between Coccidioides habitat and a particular grass, shrub, or forb (2007). 

 

NDVI as an Environmental Proxy for Moisture 

 Several studies discussed in this document have used precipitation as a proxy for 

soil moisture (Kolivras & Comrie 2003; Komatsu et al. 2003; Comrie 2005). There are 

issues with precipitation, however. It is subject to runoff and evaporation, processes that 

are not quantifiable with a simple measurement of precipitation. Additionally, 

precipitation data collection is often a point-based method and is executable only in areas 

with measurement stations. Soil moisture could be an improved metric because of its 

relationship to sub-surface fungal and rodent habitat. Soil moisture is difficult to measure 

at a large scale, and is problematic to assess via satellite through a dense vegetation 

canopy. Vegetation greenness is a viable measure for soil moisture by means of remotely 

sensed NDVI. Because of the correlation between NDVI and precipitation/soil moisture, 

NDVI has been used as a representative metric of various climatic phenomena (Farrar et 

al. 1994; Anyamba et al. 2001; Stacy et al. 2012). Since NDVI is gathered via satellite, it 

is a beneficial metric in regions where there are few stations by which ground based 

measurements could be made (Farrar et al. 1994).  
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NDVI Linked to Precipitation in Epidemiology  

NDVI is a measure of greenness (correlated to precipitation), therefore it is useful 

in providing information on soil moisture- a critical component of fungal habitat (Stacy et 

al. 2012). NDVI was used by Stacy et al. to model Valley Fever incidence in the endemic 

Southern Arizona (2012). In this study, the NDVI time-series data were gathered from an 

AVHRR scanner, because of the high spatial resolution needed to assess soil-moisture 

across the three counties in the study area: Pima, Pinal, and Maricopa, AZ. These data 

were used to correlate soil moisture variability with human Valley Fever incidence at the 

county scale. The supporting evidence that soil moisture is linked to Coccidioides habitat 

helped form the hypothesis of this study. 

Synchronized and lagged NDVI and Valley Fever human incidence data were 

obtained at county-level spatial scales, and divided into seasonal temporal groups. 

Pearson correlations were calculated between variables. Stepwise regressions were used 

to model the findings from the synchronized and lagged NDVI data. Then, a cross-

validation method was used to determine the significance of each correlation found in the 

bivariate and stepwise regression analyses (Stacy et al. 2012). Results showed a bimodal 

seasonal distribution of Valley Fever outbreak; this pattern is related to soil moisture 

following monsoonal precipitation. An inverse relationship between NDVI and Valley 

Fever incidence was found. The high incidence peaks from May-July correspond to 

relatively dry soils, while periods of lower incidence peaks from January-April and 

August-September correspond to moist soils. Results were congruent with the finding 

that Coccidioides spores can remain viable for long periods of time. The results support 
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the hypothesis that Coccidioides growth is greater after a period of rainfall, when soil is 

moist. (Stacy et al. 2012). 

Links have also been studied between Rift Valley Fever and NDVI (Anyamba et 

al. 2001). Anyamba et al. noticed that Rift Valley Fever outbreaks tend to follow periods 

of high rainfall. These high-precipitation events are also directly related to mosquito 

habitat, a vector of the illness. NDVI data were gathered from National Oceanic and 

Atmospheric (NOAA) satellites, and correlated to incidence data of outbreak areas. The 

results confirmed that outbreak regions were related to high regional precipitation, as 

observed in the NDVI data. 

 

Remotely Sensed PRISM Data Derivation 

The Parameter-elevation Regressions on Independent Slopes Model (PRISM) 

dataset is useful for measuring precipitation and temperature over a large area, without 

the need for weather stations or ground-based data collection.  

The PRISM dataset uses point and digital elevation model (DEM) data, in 

addition to meteorological station data that is interpolated to a 4km resolution. It is 

designed to account for issues that may arise from inconsistent terrain, rain shadows, 

regions that lack a high density of precipitation stations, and elevation (Daly 2002). The 

PRISM algorithm calculates linear parameter-elevation relationships. The slope of this 

function changes with elevation, as specified by the data point. The result is a non-linear 

profile that lies in the elevation range of the feature to be assessed. Based on topography, 

atmospheric conditions, and nearby stations, the PRISM regression analysis varies per 

region. In some cases, the PRISM model can extrapolate beyond the highest and lowest 
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physical stations, to replicate phenomena caused by rain shadow and coastal effects. 

Daily PRISM data are generated from several meteorological stations which lie at 

varying distances from grid cells, to improve quality of observations (Daly 1997). 

 

PRISM Accuracy Assessments  

Weiss and Crimmins (2016), conducted an overview of gridded daily topoclimatic 

datasets. They compared station-based observations for Feb 4, 2001 to a single pixel 

where the AZMET (Arizona Meteorological Network) Tucson, AZ station data are 

gathered, and other sources of satellite data, including PRISM. The AZMET provides 

data from an assemblage of automated stations in Southern and Central Arizona. For this 

date, the PRISM dataset was found to be most similar in terms of temperature for the 

pixel region. The AZMET reported a temperature of 15.8°F; the PRISM value was 

15.9°F. The same comparison method was done for November 23, 2013 for precipitation, 

where the AZMET reported .8 inches of precipitation, and the PRISM data reported 1.79 

inches (Weiss & Crimmins 2016). It is worth noting that these measurements are only 

compared for two dates and two variables, though there are limitations in any gridded 

topoclimatic dataset. It has also been found that PRISM’s temperature data reports cooler 

for mean values, on average, and warmer for trends when compared to NRCC (Northeast 

Regional Climate Center) data, but in both gridded historical climate databases, more 

errors occurred in areas of high elevation (Bishop & Beier 2013). 

Wickhorst (2014) conducted a design study in the Santa Rita Experimental Range, 

AZ, in which he compared PRISM derived measurements of precipitation and 

temperature to remote automatic weather stations (RAWS). The Santa Rita range was 
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selected because of its widespread RAWS. The objective of this study was to determine 

how well the 4km PRISM temperature and precipitation data represented the finer-scale 

data recoded at specific points by the RAWS. The PRISM measurements were found to 

closely correlate to the RAWS data, which confirmed the value of selecting PRISM data 

to represent these environmental variables at a scale finer than 4km (Yool 2017, personal 

communication). 

 

Land Surface Temperature Affects Habitat of Coccidioides  

Previous findings have shown that Coccidioides rely on hot surface temperatures 

to eliminate competition prior to a rain event, at which time spores are able to populate a 

sub-soil area in moist, competition-free soil (Maddy 1965; Jinadu 1995; Kolivras et al. 

2001; Comrie & Glueck 2007). It has also been shown that sub-surface rodent habitat is 

closely connected to Coccidioides spores (Maddy 1957; Maddy 1965; Ajello 1967). 

These findings, coupled with the known relationship between increased temperature and 

evaporation, verify that land surface temperature (LST) is a crucial variable in assessing 

Valley Fever outbreak.  

Pianalto (2013) used Landsat TM thermal images to derive surface temperature in 

the Sonoran Desert and to monitor the output of fugitive dust to identify source areas of 

soil disturbance. Annual image differencing was performed on the Landsat TM mid-

infrared remotely sensed images, indicating areas of disturbance. Threshold change areas 

were associated with areas of local dust inspection permits. These data were compared 

with Valley Fever outbreak using rank order correlation and regression methods. Soil 

disturbance from construction was found to be strongly correlated with county-wide 
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incidence. Values representative of mice habitat (derived from the soil-adjusted 

vegetation index) and thermal radiance also correlated with incidence; surface 

temperature was found to be the most selected predictive variable in the automated multi-

linear regression models (Pianalto 2013). This study found temperature to be a crucial 

variable in Valley Fever outbreak, and reaffirmed the links between rodent habitat, 

temperature, fugitive dust, and Valley Fever. 

 

Elevation Impacts Climate 

Elevation impacts all aspects of regional climate, including temperature, 

precipitation, land cover, and soil moisture. A study done by Goulden et al. (2012) used 

data from eddy covariance towers to gather information about the relationship between 

elevation gradient and climatic variability in the Southern Sierra Nevada Mountains, CA.  

The climatic variables assessed in the study included precipitation, temperature, and 

evapotranspiration (ET). After tower data were gathered, remote sensing technology was 

used to extrapolate the ET measurements across the whole basin in the study region. 

Goulden et al. used ET and NDVI observations from the MODIS satellite (2012). The 

eddy covariance towers reported greater precipitation at higher elevations, along with 

lower temperatures, and less ET with higher elevations. The MODIS NDVI product 

correlated well with eddy covariance measured ET, whereas the MODIS ET product did 

not. (Goulden et al. 2012). 

Elevation is crucial to all climatic phenomena, therefore is important when 

characterizing vector and host habitats, and in explaining spatial distribution of disease. 

Guerra et al. (2002) attempted to predict the risk of Lyme disease in portions of 
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Wisconsin, Illinois, and Michigan. Ground-based data were gathered by inspecting small 

mammals for ticks and gathering ticks at over 100 locations. These data were analyzed in 

a GIS, along with environmental data. The environmental data included: soil type, land 

cover type, elevation, and NDVI. The NDVI data were calculated using Landsat TM 

imagery. The results showed that tick habitat was related to grassland areas at lower 

elevations, and conifer and wet forests at higher elevations. A regression analysis was 

used to determine the variability between high tick population areas and low tick 

population areas. In this regression, soil type and land cover were found to hold greater 

predictive power for tick habitat, and subsequent Lyme disease. (Guerra et al. 2002). 

 

Common Statistical Analyses to Determine Disease Habitat 

 All quantitative studies require some degree of statistical analysis. In geographic 

epidemiology and ecological research, a GIS is important to visualize data and assess 

spatial trends. Different correlation and regression analyses are often used to determine 

relationships between vector, host, and disease and predictor variables.  

Spatial distribution of disease can be explained by degree of clustering, as 

quantified by the Getis-Ord Gi* statistic. The Getis-Ord Gi* score is a local spatial 

statistic used to measure the degree of spatial clustering and the distance over which this 

clustering occurs (Getis & Ord 1992; 1995). Each iteration of the process is assigned a 

weight based on distance from a location of interest. The output shows positive or 

negative clustering around within a study region. The Getis-Ord Gi* statistic can be used 

to predict the occurrence of hot spots (areas of high likelihood for phenomena). Spatial 

analysis such as the Getis-Ord Gi* has been used to determine distribution and density of 
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vector, host, and disease by several studies discussed in this document (Kitron 1991, 

1992, 1998; Glass 1995; Nuckols 2004).  

Kolivras and Comrie (2003) determined the relationship between Valley Fever 

incidence and climatic variables (temperature and precipitation) through multivariate 

regression modeling. A backward stepwise regression was performed, and the results 

showed that temperature and precipitation are significant predictors of the infection. The 

models were most sensitive to climatic predictor variables throughout winter. (Comrie & 

Kolivras 2003). 

Correlation and regression analyses have proven successful in many studies to 

determine existing and predictive relationships between environmental variables and 

habitat of a host, vector, or disease. Several previously discussed researchers have 

conducted various types of regression analyses in epidemiologic studies (Glass et al. 

1995; Guerra et al. 2002; Komatsu et al. 2003; Comrie 2005; Comrie & Glueck 2007; 

Pianalto 2013; Stacy et al. 2012).  

The Akaike's Information Criterion (AIC) is a useful metric by which the 

functionality of models is assessed. The AIC is a maximum likelihood function 

developed by Akaike (1973). The AIC estimates a relationship between the maximum 

likelihood and information lost. It is a measure of model uncertainty, which is 

particularly useful in the variable nature of ecological modeling (Mazerolle 2005). An 

AIC score for a dataset, alone, is not interpretable. The AIC is meant statistic to be 

compared relatively. The model with the lowest AIC indicates the best performing model 

of a series of models (Mazerolle 2005). The AIC is a simply generated, robust statistic, 
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making it a useful tool that should be considered when evaluating environmentally 

motivated models. 

 

Summary and Conclusion 

 This review has examined a survey of (primarily epidemiologic) studies that use 

various remote sensing, GIS-based, and statistical techniques. Most studies reviewed are 

related to vector, host, or disease density and distribution, where environmental 

variability is a factor. Results of these studies emphasize the importance of remotely 

sensed data and GIS methods in epidemiological applications in the future, and establish 

and path forward for future research. 

 Remotely sensed data and software are quickly becoming more accessible, and its 

benefits are being noted by researchers. Satellite-derived data allow phenomena on 

earth’s surface to be assessed at regular intervals over a large area. This is a benefit for 

epidemiological research which relies on an understanding of precipitation, land cover, 

temperature, and soil moisture. Epidemiological research is conducted on varying spatial 

scales. With remotely sensed data, the user can seek a system that aligns best with the 

study region and relevant phenomena. 

When combined in a GIS platform, remotely sensed data can quickly be 

visualized and layered with other environmental data, and point or polygon-based disease 

incidence data or areas of habitat. This makes correlation and regression analysis 

particularly effective within this system. Analysis formed through a combination of these 

techniques can inform public health officials of potential risk areas or seasonality for 
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disease, especially in the content of climate change, where environmentally-mediated 

infectious diseases are likely to be impacted.  

 

1.4 Thesis Format 

This thesis consists of one research manuscript (see Appendix A). The appended 

paper will be submitted to the peer-reviewed journal EcoHealth for publication. Sarina N. 

Mann will be the lead author on the paper, with Gary Christopherson, Greg Barron-

Gafford, and Stephen R. Yool, of the University of Arizona as co-authors. Appendix B 

includes figures that are important to the analyses, but which were not selected for 

inclusion in the submitted manuscript.   

 

1.5 Research Questions 

This study surveys the following questions: 

• Are the previously known links between precipitation and NDVI discernable in 

these data? 

• What is the distribution of Valley Fever, spatially at the PCA scale? 

• What is the distribution of Valley Fever temporally month-to-month? 

• Are there links between any of the predictor variables (precipitation, temperature, 

NDVI) and Valley Fever? 

• How do the findings of this study fit into the larger context of Coccidioides 

research? 
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CHAPTER 2: PRESENT STUDY 

 The methods, results, discussion, and conclusions of this study are included as a 

research paper (Appendix A). The following is a summary of the essential findings in this 

paper. 

 

2.1 Study Area and Temporal Range  

 
The area for this study spanned the state of Arizona. The state is divided into 126 

principal care areas (PCAs). A PCA is the smallest geographic region that is considered a 

distinct service area for primary care health services. Densely populated areas are divided 

into more, smaller PCAs, while less dense areas contain fewer, larger PCAs.  

 The temporal range of 2013-2016 was selected for this study to navigate an issue 

with Valley Fever reporting in Arizona. In 2009 in a major commercial laboratory, 

referred to as “Lab A” by AZDHS, this lab changed its reporting practices to include 

reporting of enzyme immunoassay results. This caused a substantial increase in the total 

number of reported cases (Valley Fever Annual Report 2015). The issue was resolved by 

2013, thus a temporal range beyond 2013 is not impacted by the change in reporting.  

 

2.2 Data Used in this Project  

 

There were 25,208 Valley Fever cases reported to the AZDHS for the state of 

Arizona from January 2013 to December 2016. Of these cases, 4,921 were recorded at a 

county scale, rather than a PCA scale (Figure 1), and were thrown out. Therefore, this 

study used roughly 80% of all available PCA scale data from January 2013- December 
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2016. The Valley Fever cases were normalized by population to generate an incidence 

(per 10,000 individuals) for each month per PCA. 

Remotely sensed NDVI data from MODIS were downloaded from the ORNL 

DAAC (Oak Ridge National Laboratory Distributed Active Archive Center) Database. 

The MODIS NDVI product was calculated from imagery gathered at 250m resolution 

and 16-day compositing periods, which have been averaged and clipped to a monthly 

value.  

PRISM data for precipitation and temperature were obtained from the PRISM 

Climate Group of the Northwest Alliance for Computational Science and Engineering, 

developed by Oregon State University. Total precipitation represents amounts of rain and 

the water equivalent of snow. The monthly precipitation data (4km resolution) consists of 

averaged daily total precipitation. The monthly temperature data (4km resolution) 

consists of averaged daily temperature. 

 

Novelty of Study 

 Prior to this study, the entire state of Arizona has not been analyzed in terms of 

spatial distribution of Valley Fever. Previously, Pima, Maricopa, and Pinal have been 

believed to be the endemic regions of Valley Fever within Arizona (AZDHS 2015). This 

study observed Valley Fever data statewide to determine whether Valley Fever incidence 

is truly limited to the LSLZ.  

Additionally, the scale of this study has not been used previously. The operational 

scale of Coccidioides remains unknown; Valley Fever incidence has been assessed at the 

county and zip code levels. This is the first study to utilize the PCA scale. Using a novel 
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scale can provide information on the operational scale of the organism, and inform future 

researchers when determining appropriate methods. This study was conducted at the PCA 

scale, statewide, for regression analyses. The success of the regression analyses also 

underscores the efficiency of the PCA scale as it relates to Coccidioides habitat. 

 

2.3 Methods 

 
 The Valley Fever data were visualized and assessed temporally and spatially. 

NDVI and precipitation measurements were correlated to determine if there was a 

discernable relationship between the two in these data. All variables were plotted, then  

normalized to show trends in data and graphed to determine relationships. Correlation 

coefficients were calculated per PCA region with averaged annual values for the 

predictor (environmental) variables and the response variable (Valley Fever). A series of 

ordinary least squares (OLS) regressions were performed at the monthly scale. The 

response variable was the peak month of Valley Fever, and the explanatory variables 

ranging two years prior to the outbreak to determine if one variable holds greater 

predictive power than others. 

 

2.4 Results  

 
Analyses in this study verify that there is a positive relationship between NDVI 

and precipitation in these datasets. This study is the first to confirm that Valley Fever is 

concentrated in the LSLZ spatially, through analysis of the entire state. Valley Fever 

infection is temporally variable year-to-year based on climatic variability and likely upon 

disturbance variables that were not included in these analyses. Normalized data trends 
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show an inverse relationship between Valley Fever and NDVI, indicating that Valley 

Fever is less common during period of high precipitation and increased soil moisture. 

This relationship was not statistically supported. This study suggests that the operational 

scale of the pathogen operates at a smaller scale than perceived in this study. All 

variables seem to impact the spore supply of Coccidioides, though no variable was found 

to hold more predictive power than the others, likely due to incomplete models or 

limitations based on the scale of the response variable. 

 

2.5 Conclusions 

 
The relationships between Coccidioides spp. habitat and the wide range of 

applicable environmental variables are complex. Currently, little is known about the 

environmental variability of Valley Fever infection. The seasonality and spatial 

distribution of Coccidioides is elusive, as is the operational scale of the pathogen. Results 

from the present study provide steps toward improving the understanding of Valley Fever 

as it relates to climatic variability. The results presented did not definitively highlight one 

environmental variable’s ability to better predict Valley Fever incidence, but there is a 

path forward for improving these methods, and conducting similar studies to determine 

the operational scale of the organism. Finer resolution climatic data are becoming more 

common. In coming years, climate change will impact the habitat of the fungus; 

environmentally-mediated infectious diseases will be an area of interest. Valley Fever 

incidence data with a longer temporal range can also be obtained in the future. These 

data, coupled with other advances in remote sensing and GIS technologies can be used to 

generate a simple, robust model to assist health care professionals to help predict Valley 

Fever outbreak, and inform at-risk populations.  
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FIGURES: Chapter 1  
 
Figure 1- Lifecycle of Coccidioides 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Life Cycle of Coccidioides. Lewis et al. 2015. Coccidioides is a dimorphic 

fungus, meaning It exists in two forms. In the saprobic phase, the spores form within the 

soil and detach from the mycelium. The parasitic phase takes place within the host. The 

fungus divides and eventually releases spherules.  
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Figure 2- Köppen Climate Classifications 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 2, Köppen Climate Classifications of Arizona. Arizona spans 

about 8 different climate types. Image calculated from data from PRISM 

Climate Group using Köppen Classification System. 
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Assessing the habitat of Coccidioides posadasii, the 

Valley Fever Pathogen 

 
 

Abstract 

 

Coccidioidomycosis, or Valley Fever, is an infectious disease caused by 

inhalation of soil-dwelling fungus Coccidioides posadasii spores in the Lower Sonoran 

Life Zone (LSLZ) in Arizona. In the context of climate change, the habitat of 

environmentally-mediated infectious diseases, such as Valley Fever, are expected to 

change. Connections have been drawn between climate and Valley Fever infection. The 

operational scale of the organism is still unknown. Here, we use climatic variables, 

including precipitation, soil moisture, and temperature. We use PRISM precipitation and 

temperature data, and Moderate Resolution Imaging Spectroradiometer (MODIS) 

Normalized Difference Vegetation Index (NDVI) as a measure of soil moisture for the 

entire state of Arizona, divided into 126 primary care areas (PCA). These data are 

analyzed and regressed with Valley Fever incidence to determine the effects of climatic 

variability on disease distribution and timing. This study confirms that Valley Fever 

occurrence is clustered in the LSLZ. Seasonal Valley Fever outbreak was found to be 

variable year-to-year based on climatic variability. The inconclusive regression analyses 

indicate that the operational scale of Coccidioides is smaller than the PCA region. All 

variables are related to Valley Fever infection, but one variable was not found to hold 

more predictive power than others.   

 

Keywords: Coccidioidomycosis, Valley Fever, Biogeography, Remote sensing, GIS 
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Introduction  

Coccidioidomycosis (also known as Valley Fever) is a mammalian disease, endemic 

to arid and semi-arid environments in the western hemisphere, including the southwestern 

United Stated, regions in Mexico, and Central and South America (Maddy 1958; Fisher 

et al. 2002). This disease is caused by inhalation of the airborne fungal spores of 

Coccidioides (Pappagianis 1988). Unlike diseases like West Nile or Rift Valley Fever, 

coccidioidomycosis is not transmitted between hosts or by a vector, such as a mosquito. 

Most humans infected by the pathogen have no symptoms, while others present 

symptoms similar to influenza. A small portion of infections are fatal, resulting from 

dissemination of the disease beyond the lungs. The risk of the disease may be increasing 

due to disturbance and development of previously undisturbed spore-ridden areas, shifts 

in population demographics, and impacts of climate change (Kolivras et al. 2001). 

 

Valley Fever and Climate 

Valley Fever outbreak has been linked to environmental variability. Theories 

suggest that hot temperatures followed by annual monsoons allow the arthroconidia 

fungal spores to multiply more successfully, because competing organisms are not able to 

survive the hot soil conditions (Jinadu 1995). After growth, Coccidioides spores can 

desiccate and become airborne with the assistance of even a slight wind event (Maddy 

1965). The ‘grow and blow’ hypothesis thus characterizes apparent links between Valley 

Fever infection and environmental variability, as well as local disturbance (Comrie & 

Glueck 2007). Early and current research shows that Valley Fever incidence increases 

during dry periods (Smith et al. 1946a; Hugenholtz 1957; Maddy 1965; Comrie 2005). 
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Temperature and drought have also been shown to be linked to higher Valley Fever 

incidence rates; the Valley Fever rate has been shown to reflect a seasonal pattern related 

to environmental factors (Komatsu et al. 2003; Kolivras & Comrie 2003). Local 

disturbance is also a crucial variable in the spread of Valley Fever, as it allows the fungal 

spores to become airborne (Pappagianis & Einstein, 1978; Pappagianis, 1988; Kolivras et 

al. 2001). 

Comrie (2005) observed Valley Fever incidence data in Pima County, Arizona, and 

discovered links between climate (precipitation specifically) and Valley Fever. Seasonal 

groupings based on precipitation to observe variability among seasons were used. A 

stepwise regression model considered Valley Fever incidence data, dust, precipitation, 

and lagged precipitation data. The results determined greater incidence occurred in June-

July, and October-November, and is lower during August-September and February-

March. He determined that Valley Fever follows a bimodal outbreak pattern. His results 

also confirmed that fugitive dust was related to Valley Fever outbreak, and that 

precipitation 1.5-2 years prior to the outbreak was significant.  

Other researchers have used precipitation as a proxy for soil moisture (Kolivras & 

Comrie 2003; Komatsu et al. 2003; Comrie 2005). However, there are issues with 

precipitation and the point-based method that is often used to collect data. Precipitation is 

subject to runoff and evaporation, which are not quantifiable with a simple measurement 

of precipitation. Soil moisture estimates could be an improved metric because of its 

relationship to sub-surface fungal and rodent habitat. Since soil moisture is difficult to 

measure at a large scale, vegetation greenness is a viable measure for soil moisture 

(Huete et al. 1997; Wayant et al. 2010). 
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Remotely Sensed Data for Soil Moisture 

Vegetation greenness, as a proxy for soil moisture, can be measured using remote 

sensing technology at various spatial and temporal resolutions. The Normalized 

Differenced Vegetation Index (NDVI) (defined with index calculations below) is a 

vegetation index proposed by the Moderate Resolution Imaging Spectroradiometer 

(MODIS) Land Discipline Group. This vegetation index is intended to assess plant 

phenology and classify vegetation based on radiometric and structural parameters by 

using different combinations of red and near infrared reflectance to assess plant health 

and productivity; these bands measure pigments in plant tissue that absorb in the visible 

red portion of the electromagnetic spectrum (chlorophyll and carotenoids), and reflect in 

the near infrared portion (mesophyll tissue) (Tucker 1979; Hay 2000). 

 

Because of the correlation between NDVI and precipitation/soil moisture, NDVI has 

been used as a representative metric of various climatic phenomena (Farrar et al. 1994; 

Anyamba et al. 2001; Stacy et al. 2012). Since NDVI is gathered via satellite, it is a 

beneficial metric in regions where there are few stations by which ground based 

measurements could be made (Farrar et al. 1994).  

 

PRISM Data 

The Parameter-elevation Regressions on Independent Slopes Model (PRISM) 

dataset is useful for measuring and predicting precipitation and temperature over a large 

area, without the need for weather stations or ground-based data collection. The PRISM 

dataset uses point and digital elevation model (DEM) data, in addition to meteorological 
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station data that is interpolated to a 4km resolution (Daly 2002). The PRISM algorithm 

calculates linear parameter-elevation relationships. The slope of this function changes 

with elevation, as specified by the data point, resulting in a non-linear profile that lies in 

the elevation range of the feature to be assessed (Daly 1997). 

The PRISM dataset has been tested and found to be a reliable source for 

precipitation and temperature data. Weiss and Crimmins (2016) compared PRISM data 

with station-based observations. The AZMET reported a temperature of 15.8°F, and the 

PRISM value was 15.9°F. The same comparison method was done for November 23, 

2013 for precipitation, where the AZMET reported 0.8 inches of precipitation, and the 

PRISM data reported 1.79 inches (Weiss & Crimmins 2016). It has also been found that 

PRISM’s temperature data reports cooler for mean values, on average, and warmer for 

trends when compared to other datasets (Bishop & Beier 2013). 

Wickhorst (2014) conducted a design study in the Santa Rita Experimental Range, 

AZ, in which he compared 4km PRISM derived measurements of precipitation and 

temperature to remote automatic weather stations (RAWS). The PRISM measurements 

were found to closely correlate to the RAWS data, which confirmed the value of 

selecting PRISM data here to represent these environmental variables at a scale finer than 

4km (Yool 2017, personal communication). 

 

Geographic Information Systems in Epidemiology 

 Geographic Information Systems (GIS) software is becoming more frequently 

used in epidemiologic applications. This includes advances in GIS technology and 

increased accessibility to software (Nuckols et al. 2004; Ostfeld et al. 2005). A GIS 
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allows researchers to import tabular data referenced with a coordinate system that 

contains information about spatial position to be stored in a database, while the tabular 

data are stored in a layer format (Christman 2002). A GIS can analyze remotely sensed 

(gridded, continuous) data, as well as vector (thematic) data. Elliott et al. (2001) assessed 

the risk of adverse birth results in populations near landfill sites in Great Britain using 

GIS technology. Using statistical analysis within a GIS, results showed a small risk of 

congenital anomalies, and a lower overall birth weight near landfill sites. Ali et al. (2002) 

used a GIS-approach to determine environmental risk factors for cholera in Bangladesh. 

The results showed that proximity to surface water, high population density, and low 

education levels were all related variables to the disease in the endemic region. The GIS 

database was used to weight the risk factors, and to filter data spatially.  

 

Goals and Objectives 

The goal of this paper is to investigate the relationships between climatic variables 

and the habitat of Coccidioides posadasii. The climatic variables used are remotely 

sensed NDVI data and PRISM temperature and precipitation data. Valley Fever incidence 

data for the state of Arizona is assessed at the primary care area (PCA) scale. There are 

126 PCAs in Arizona, thus the spatial scale of this study has more accuracy potential than 

is offered at the county scale. These datasets are converged on a GIS platform to 

determine relationships and distribution. The findings are then aligned with previous 

research. Research outcomes may assist public health officials in better preventing Valley 

Fever outbreaks through a greater understanding of spatial trends and seasonal timing of 

the disease.  
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Study Area 

 

The area for this study spanned the state of Arizona. By observing the whole state, 

a gradient of Valley Fever incidence is detectable from highly endemic regions in 

Southern Arizona, to regions in Northern Arizona with significantly less reported cases. 

Pima, Maricopa, and Pinal counties are the most endemic regions for Valley Fever 

(AZDHS, 2015). The study area is divided into 126 principal care areas (PCAs), which 

are discussed in greater detail below (Figure 1). 

 

Utility of Primary Health Care Areas 

Using PCA regions, also called primary care service areas (PCSA), offers a 

unique perspective for this study. A PCA is the smallest geographic region that is 

considered a distinct service area for primary care. PCAs include ZIP code tabulation 

areas (ZCTAs), with at least one primary care provider, and any contiguous ZCTAs 

where the population may seek primary care from the same providers (Goodman et al. 

2003). Previous research on Coccidioides has been conducted at a zip code-level scale, 

and a county scale. The PCA scale lies between the two, dividing Arizona into 126 

regions. The utility of the PCA region for this research is largely based upon population 

and area. The PCA scale offers a building block smaller than the county scale, wherein 

heavily populated areas are divided into more, smaller PCAs, while less populated areas 

contain fewer, larger PCAs. Heavily populated areas contain more ZCTAs per PCA; less 

populated areas contain fewer ZCTAs per PCA. Since PCA regions are delineated by 

population and healthcare variables, there are more PCAs in areas of higher population, 



68 
 

such as the heavily populated Phoenix and Tucson metropolitan areas, within the LSLZ 

(Figure 1) (Goodman et al. 2003). 

 

Temporal Range 

The temporal range of 2013-2016 was selected for this study to navigate an issue 

with Valley Fever reporting in Arizona. This issue occurred in 2009 in a major 

commercial laboratory, referred to as “Lab A” by AZDHS, during which this lab changed 

its reporting practices to include reporting of enzyme immunoassay results. This caused a 

substantial increase in the total number of reported cases (Valley Fever Annual Report 

2015). This laboratory also changed the reporting method in 2014. Because of this 

change, in 2013 the number of cases reported through Arizona decreased 55% as 

compared to 2012 (Figure 2). The issues found in these data are do not impact the 

temporal range of 2013-2016.  

 

Data Used in Project 

 
Human Incidence Data 

 

There were 25,208 Valley Fever cases reported to the AZDHS for the state of 

Arizona from the 48-month period of January 2013 to December 2016. Of these cases, 

4,921 were recorded at a county scale, rather than a PCA scale (Figure 1), and were 

thrown out. Therefore, this study used 20,287 total cases throughout the temporal range 

of the project, roughly 80% of PCA data. Within this period, we used monthly count of 

cases in each PCA, and a document containing population of PCA regions at given times. 
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The Valley Fever cases were normalized by population to generate an incidence (per 

10,000 individuals) for each month per PCA. 

 

NDVI Data  

Remotely sensed NDVI data were gathered from the MODIS system on board the 

Earth Observing System-Terra platform, and downloaded online via the Global 

Subsetting Tool, from the ORNL DAAC (Oak Ridge National Laboratory Distributed 

Active Archive Center) Database. The MODIS NDVI product is calculated from imagery 

gathered at 250m resolution and 16-day compositing periods, which have been averaged 

and clipped to a monthly value.  

 

Precipitation and Temperature Data 

PRISM data for precipitation and temperature is also used. Total precipitation 

represents amounts of rain and the water equivalent of snow. These data were obtained 

from the PRISM Climate Group of the Northwest Alliance for Computational Science 

and Engineering, developed by Oregon State University. The monthly precipitation data 

(4km resolution) consists of averaged daily total precipitation. The monthly temperature 

data (4km resolution) consists of averaged daily temperature. 

 

Novelty of Study 

 Prior to this study, the entire state of Arizona had not been analyzed in terms of 

spatial distribution of Valley Fever. Previously, Pima, Maricopa, and Pinal have been 

believed to be the endemic regions of Valley Fever within Arizona (AZDHS 2015). This 
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study observed Valley Fever data statewide to determine whether Valley Fever incidence 

is truly limited to the LSLZ.  

Additionally, the scale of this study had not been used previously. The operational 

scale of Coccidioides remains unknown; Valley Fever incidence has been assessed at the 

county and zip code levels. This is the first study to utilize the PCA scale. Using a novel 

scale can provide information on the operational scale of the organism, and inform future 

researchers when determining appropriate methods. This study was conducted at the PCA 

scale, statewide, for regression analyses. The success of the regression analyses also 

underscore the efficiency of the PCA scale as it relates to Coccidioides habitat. 

 

Methods 

 
The resolutions of the datasets must be considered when shaping the analysis. 

This project divided the ‘grow and blow’ hypothesis into predictor variables for both 

components of the Coccidioides life cycle. This study focused on the ‘grow’ portion of 

the hypothesis. The variables assessed include the vegetation index NDVI, as well as 

PRISM precipitation and temperature data. 

 

Pre-Processing 

The data were visualized using ArcMap 10.4. A boundary file containing PCA 

regions (Figure 1) was obtained for Arizona through contacts at AZDHS. The MODIS 

NDVI data were obtained via web download using the Global Subsetting Tool, from the 

ORNL DAAC Database. The zonal statistics tool was used to convert gridded NDVI 

250m (MODIS) data to polygons congruent with the PCA polygons. Similarly, the 
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temperature and precipitation data were downloaded from the PRISM online database. 

These 4km datasets were converted from a gridded format to PCA polygon areas.  

 

Spatial Distribution of Valley Fever 

First, the Valley Fever incidence data were analyzed to determine spatial and 

temporal distribution of the disease within the entire state of Arizona. This included 

correlation analyses to assess the spatial and temporal variability of Valley Fever 

outbreak. To assess the spatial behavior of Valley Fever, the incidence data were 

averaged annually (for each year) and visualized per PCA.  Hot spot analysis was also 

conducted, using the Getis-Ord Gi* statistic, to determine areas of high and low 

clustering. To assess spatial variability, several maps were generated, including average 

annual Valley Fever incidence for all PCAs (2013-2016). Scatterplots were also 

generated showing monthly Valley Fever incidence values per PCA. 

 

Temporal Distribution of Valley Fever 

To determine seasonal variability of the disease, average monthly Valley Fever 

data for all PCAs were calculated, and visualized chronologically by month. These data 

were visualized in various ways to show trends in the data, and variability among years. 

 

Analysis Among Climatic Variables 

The climatic variables were then analyzed. A scatterplot matrix was compiled for 

each year (2013-2016) with all annually averaged variables (Valley Fever, temperature, 

precipitation, and NDVI) to determine relationships among variables. Then, scatterplots 
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for each year (2013-2016) were generated with annual averaged precipitation and NDVI 

values to show the relationship between the two variables. A series of trended graphs 

were generated for each year, displaying monthly average values for all variables: Valley 

Fever, temperature, precipitation, and NDVI, scaled between 0-1 to show trends between 

variables. 

 

Regression Analyses 

A correlation coefficient was calculated showing the relationship between each 

PCA in terms of Valley Fever average annual incidence and each predictor variable. For 

the response variable, Valley Fever, the annual rate per PCA was calculated. Similarly, 

for each predictor variable the annual average per PCA was calculated. The statistical 

analysis was done in the software package R. From the output of the regression, twelve 

total maps were generated, visualizing the R2 values. Each map shows the R2 values per 

PCA region, as the Valley Fever incidence relates to that individual predictor variable 

over space (precipitation, temperature, NDVI). These data were compiled into one 

composite map per predictor variable. These data were also visualized in a single linear 

graph with values for each variable per year, to total four graphs. 

 

Ordinary Least Squares Regression 

  
 Last, a series of ordinary least squares (OLS) regressions were performed. For 

each year, three OLS regressions were done, totaling 12 regressions. The response 

variables were the highest month of Valley Fever. Each OLS regression used only one 

predictor variable with a two-year range. For example, the highest Valley Fever month 
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for 2016 (November) was regressed against all monthly precipitation data from 

November 2014- November 2016. This procedure was followed for each high month per 

year per predictor variable. The Akaike information criterion (AIC) and correlation 

coefficient R2 scores for each model and corresponding variables were used to compare 

the models. 

 

 

Results and Discussion  

 

Temporal Distribution of Valley Fever 

The temporal distribution of Valley Fever for the study region over the four-year 

study period (2013-2016) was found to be variable from year to year (Figure 3 & Figure 

4). The range of Valley Fever incidence is between .2 to 1.25 (infected per 10,000) for all 

years. In all years, distinct peaks of the disease were detectable in March, May, 

September, and November, respectively. Except for 2015, these peak months are outside 

of the monsoon season (July-September). In 2013 and 2014, Valley Fever incidence was 

generally low outside of the peak months, with lowest points in January and February, 

relatively. In 2015 and 2016, Valley Fever incidence is higher for the year, on average, 

with low points in February and September, relatively.  

 
 
Spatial Distribution of Valley Fever  

 

While the spatial distribution of Valley Fever for the state of Arizona over the 

study period (2013-2016) was found to be slightly variable from year to year, Valley 

Fever cases are clustered in Southern Arizona, within the LSLZ (Figure 5,Figure 6).  The 
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composite map displays averaged Valley Fever incidence per PCA region with a LSLZ 

overlay. 

 

Getis-Ord Gi* Analysis to Determine Clustering 

 

The hot spot analysis determines degree of clustering (Figure , Figure 7,Figure 

9,Figure 10). In these figures, scores were visualized, showing degree of clustering. The 

results showed high clustering within the LSLZ, indicating that Valley Fever infection is 

spatially concentrated in the LSLZ, and that there is clustering among low Valley Fever 

rates outside of that region. Valley Fever is most often found within the LSLZ, and most 

often not found outside of that region.  

Scatterplots (Figure 11) showing spatial relationships among PCAs also indicated 

that similar PCA regions have similar Valley Fever incidence scores throughout the four-

year study period. Spatial distribution of Valley Fever was found to be less variable than 

temporal distribution year-to-year (Figures 4, 5, 11). 

 

Relationships Among Variables 

 

Figure 12, Figure 13, Figure 14, and Figure 15 show the relationship among 

climatic variables for all years: temperature, precipitation, NDVI, and Valley Fever. The 

values are monthly averages throughout the year, normalized from 0-1 to emphasize 

trends in the data. Temperature behaves in a typical bell-curve distribution, with higher 

temperatures during summer months (June-August) and lower temperatures during winter 

months (December-February). The positive relationship between precipitation and NDVI 

is apparent, especially during the monsoon season (July-September). The lag time for 
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NDVI is indiscernible at the monthly scale during the monsoon months. These data show 

an NDVI lag time in winter months; the NDVI tends to remain low until February or 

March. The inverse relationship between NDVI and Valley Fever is shown in these data 

in all years, with an anomalous peak of Valley Fever and NDVI in 2015, to be discussed 

later in greater detail. 

 

Scatterplot Matrices 

 
Scatterplot matrices were constructed (Figure 16,Figure 17,Figure 18, Figure 19) 

showing the relationships between all predictor variables (temperature, precipitation, and 

NDVI) and the response variable, Valley Fever incidence. The values are annual averages 

for each year per PCA region, with the histograms showing the distribution of the 

variable. The strongest discernable relationship is a positive correlation between NDVI 

and precipitation, shown in greater detail in Figure 20 and Figure 21. There is a 

discernable negative relationship between temperature and precipitation.  

 There is a positive relationship between temperature and Valley Fever, which is 

more discernable in 2013-2015 (Figure 16,Figure 17, Figure 18). There is also a 

relationship between Valley Fever and precipitation, though it is less defined. The 

connection between Valley Fever and NDVI is not discernable from these plots. 

 
 

Positive Relationships Between NDVI and Precipitation  

 

The scatterplots (FiguresFigure 20 & Figure 21) show that NDVI and precipitation 

have a positive relationship throughout the monsoon months (July-September). In Figure 

20, a composite scatterplot was generated showing the relationship between average 

NDVI and precipitation values throughout every monsoon seasons for the 4-year period. 
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Figure 21 shows the relationship between precipitation and NDVI for the monsoon period 

in 2016. In both scatterplots, the relationship is stronger in the higher precipitation and 

NDVI values, and not as defined toward the lower values. 

 

Regression Analyses of All Variables and Valley Fever 

 

Correlation coefficients were calculated to determine the relationship between 

Valley Fever and the predictor variables: precipitation, NDVI, and temperature, 

respectively. The regression analysis was done with averaged annual Valley Fever 

incidence per PCA and the corresponding annual averaged predictor variable per PCA. 

Visualizations of correlation coefficient values per PCA region were generated, totaling 

one map per year per predictor variable- 12 maps total. These R2 values were then 

combined to form composite maps per PCA region. The average relationship between 

each predictor variable and Valley Fever across the four-year period is visualized 

(Figures Figure 22,Figure 23,Figure 24). 

 

Though most areas show very low R2 values (<.1), the regions with higher values 

(.12-.3) are more concentrated in the LSLZ, where the Valley Fever incidence is higher. 

NDVI had the highest R2 values, with values up to .3. Though NDVI exhibited the 

highest overall R2 values, there was inter-annual variability in all variables, with 

precipitation R2 values consistently lower than NDVI and temperature. Figure 25 shows 

the same results visualized as stacked linear functions. It displays the composited R2 

values per PCA region.  
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OLS Regressions  

 The OLS single-variable models performed slightly better than the previous 

calculations, according to the correlation coefficients. Similar to the analyses in 

FiguresFigure 22,Figure 23,Figure 24 and Figure 25, the high end of R2 values from the 

OLS models were roughly .25-.3 for all variables. The model with the highest R2 

(highlighted in Table 1) contained only NDVI variables. The model with the lowest AIC 

was for exclusively temperature variables.  

 

Discussion and Summary of Findings 

 

This study proved that Valley Fever in Arizona is concentrated within the LSLZ 

(Figure 6, Figure 11). These results are consistent with findings in previous research that 

suggest that Coccidioides prefer a semi-arid climate, with sparse precipitation during the 

hot summer months, and a monsoonal precipitation regime. By observing the entire state, 

evidence that was previously anecdotal has been substantiated.  

The temporal distribution of Valley Fever is variable from year-to-year, likely due 

to climatic variability among years, and disturbance metrics which were not included in 

this study (Figure 3, Figure 4). Temperature was found to be normally distributed and 

consistent year-to-year, while precipitation and NDVI were more variable. In the 

normalized graphs, there is a discernable relationship between NDVI and precipitation. 

Figure 20 and Figure 21 show the positive relationship between precipitation and NDVI 

in greater detail. This confirmed that NDVI is a logical environmental proxy for 

precipitation and subsequent soil moisture. 
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There is a slight relationship between precipitation and temperature shown in the 

normalized visualizations; this relationship is also visible in the annually averaged 

scatterplots (Figures Figure 16, Figure 17, Figure 18, Figure 19). Although there is not a 

clear bimodal Valley Fever infection pattern despite the bimodal precipitation regime in 

Arizona for all years, 2016 (Figure 15) and 2013 (Figure 12) have a more bimodal spread 

than other years. 

In each year, there is a clear inverse relationship between Valley Fever and NDVI 

(Figure 12, Figure 13, Figure 14, Figure 15). There are fewer overall cases during the 

monsoon season (July-September). This inverse relationship supports claims made by 

previous researchers that Valley Fever infection is less common during times of moist 

soil, where Coccidioides spores are less likely to detach from the mycelium, and to 

ascend as fugitive dust in the case of a wind or disturbance event. This relationship was 

not proven statistically, however.  

In 2015, (Figure 14) NDVI and Valley Fever incidence both peak in September, 

during the monsoon season. This occurrence is an outlier from other years. This 

anomalous Valley Fever peak could be caused by an unusual precipitation pattern. In 

2015, precipitation was not as concentrated within the monsoon season, but more 

dispersed throughout the year. Additionally, the monthly scale of the climatic variables 

could have been limiting. It is possible that, though September received the greatest 

amount of precipitation, there were uncharacteristically dry weeks within the month 

coupled with a wind or disturbance event, causing Coccidioides spores to become 

fugitive dust. Additionally, it is likely that the operational scale of Coccidioides is below 
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the resolution of the response variable in this study. Coccidioides microhabitats are 

likely, and are undetectable at the PCA scale.   

The composite regression analyses between annual average Valley Fever (2013-

2016) incidence and explanatory variables per PCA region (Figure 22,Figure 23, Figure 

24) do not provide conclusions as to which variable may have the greatest predictive 

power. Most of the higher-range correlation coefficients occur within the LSLZ. 

However, this is likely due to the greater number of cases against which the variables are 

regressed. The correlation coefficient values are somewhat variable year-to-year in all 

climatic predictors, but NDVI R2 values are consistently highest. The results from the 

regression do not show one variable to explain Valley Fever variance more than others. 

However, all variables are found to have some relationship with Valley Fever.  

The OLS regression showed similar results; the higher end of R2 scores were 

roughly .25-.3. However, there was no consistency between variables (Table 1). Each 

variable had one model with a relatively low Akaike's Information Criterion (AIC) score. 

The AIC allows the models to be compared against one another; a lower AIC indicates a 

better performing model. The lowest AIC overall was for the 2014 model with only 

temperature measurements, with an R2 of .278 (highlighted in Table 1). However, the 

highest overall R2 of .31 was generated by the 2015 model with exclusively NDVI 

measurements (highlighted in Table 1). Similarly, the 2015 model with only precipitation 

measurements generated an R2 of .28. One variable was not shown to have more 

predictive power than others, though all were found to be significant in the variability of 

Valley Fever. There was also no consistent significant lag-time for variables.  
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The inconclusive regression results paired with the observable trends in the 

scatterplots and normalized data indicate, once again, that the operational scale of 

Coccidioides is outside of the scale of this study. 

Revisiting Research Questions 

- Are the previously known links between precipitation and NDVI discernable in 

these data? 

- Yes, as shown in the trended graphs and scatterplots of monsoonal NDVI 

and precipitation. 

- What is the distribution of Valley Fever, spatially at the PCA scale? 

- Valley Fever is concentrated within the LSLZ. However, microhabitats 

likely operate at a smaller scale than PCA. 

- What is the distribution of Valley Fever temporally month-to-month? 

- Valley Fever distribution is variable based on climate and likely local 

disturbance events. However, it is less likely during the monsoon season. 

- Are there links between any of the predictor variables (precipitation, temperature, 

NDVI) and Valley Fever? 

- Valley Fever is inversely related to NDVI. Statistically, one variable was 

not found to hold greater predictive power than others. 

- How do the findings of this study fit into the larger context of Coccidioides 

research? 

- This research supports the hypotheses that Valley Fever is less common 

during times of high precipitation, and proves that Valley Fever infection 

is concentrated within LSLZ in Arizona. This study also questions the 

operational scale of Coccidioides for future research. All variables are 

shown to have a degree of significance, while the models indicate a 

missing variable, such as disturbance, and that the operational scale of 

Coccidioides is outside of the scale used in this study. 

 

 

Limitations and Characteristics of Data 
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Scale of Response Variable 

 
Some limitations of these data may arise from the scale of the response variable. 

These data are reported to the AZDHS by clinics, then AZDHS complies these data into 

monthly and annual values per PCA. This study is limited by the scale of the response 

variable. One potential concern for these data involves the distribution of Valley Fever 

cases and PCA regions throughout Arizona. There are more PCA regions in Southern 

Arizona, due to the increased population. There is also more Valley Fever in these 

regions, therefore PCA analyses in this study are more heavily focused on the southern 

portion of the state. It is important to note that over 80% of statewide PCAs are in 

Southern Arizona, therefore monsoonal precipitation regime carries more weight in this 

study than precipitation and NDVI outside of the monsoon period. In these regions, PCAs 

are smaller and closer together, so it is possible that an individual would be diagnosed in 

a region other than where the initial exposure occurred.  

Though PCA regions are established based on health care availability and 

population, they do not account for unevenly distributed populations. All areas of 

Arizona are accounted for in a PCA region, though individuals do not populate all areas 

of the state, specifically protected wilderness areas. Additionally, all areas included in a 

PCA region are not equally susceptible to Valley Fever infection. Areas of higher 

elevation and cooler temperatures are less likely to foster Coccidioides growth.   

 The Valley Fever incidence cases per PCA are relatively small, compared to a 

larger county scale. Previous researchers have assessed Valley Fever at the county scale 

and performed successful regression analyses (Komatsu et al. 2003; Comrie 2005; Stacy 
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et al. 2012; Pianalto 2013). The regression methods in this study would likely have had a 

more concrete output at a larger spatial scale.  

 Additionally, the operational scale of Coccidioides is still unknown. This study 

assumes that the Coccidioides pathogen is detectable within the PCA scale, however this 

may not be accurate. Coccidioides microhabitats are also possible, and not observable at 

this scale. Future researchers are encouraged to study varying spatial scales to determine 

the appropriate operational scale of the pathogen. Though the PCA scale offers greater 

granularity and potentially greater predictive power than the county scale, there are also 

drawbacks of operating at this scale. 

 

Accounting for Disturbance 

 This study focuses on the ‘grow’ portion of the ‘grow and blow’ hypothesis. 

However, the regression-based modeling approach would have performed better with a 

more complete model. A disturbance-based metric could have supplied a more thorough 

model. A spatially distributed and temporally relevant estimate of wind characteristics, 

such as speed and direction, is not currently available. Wind could be a helpful metric to 

consider including when studying the density and distribution Valley Fever incidence.  

 

Time-Adjusting Valley Fever Data 

 Previous researchers have adjusted Valley Fever diagnosis date to account for the 

incubation period, and the time before seeking medical treatment in an effort to pin-point 

the exposure date to the fungus. The incubation period is believed to range from 7-28 

days; this is essentially how long it can take for symptoms to develop after exposure 
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(Tamerius 2011; CDC 2017). Comrie & Glueck (2007) found that models that adjust 

case-level data exposure do not vary significantly from case report data that is used 

without adjustment. In the monthly Valley Fever dataset used in this study, the data have 

not been adjusted for exposure because the resolution does not complement the process. 

Given the temporal resolution of the data, a week-by-week adjustment is not possible, 

and adjustment of one month would potentially not benefit the dataset, given the 

incubation time.  

An adjustment period of 44 days beyond this has also been used, which was 

calculated by a surveillance study of Valley Fever by Tsang (2010). This metric aimed to 

determine how long symptoms persisted before individuals sought medical attention. The 

analysis considered demographic information, and surveyed individuals about their 

experiences with the illness (Tsang 2010).  

Though this analysis is valuable, without access to the case-by-case patient data 

(including demographic information), a similar analysis is not verifiable with the 

available data used in this project. Additionally, the 2010 study was conducted for the 

temporal range of 2007-2008 and it is not likely that the 44-day period would apply to the 

Valley Fever incidence data used in this study from 2013-2016, so a new adjustment 

value would need to be calculated. The present study also assumes that individuals seek 

medical treatment when symptoms first develop. 

 

Albedo of Snow and Remotely Sensed Data 

Any data derived from a remote sensing platform is subject to error, such as 

atmospheric attenuation issues or defects with the sensor itself. NDVI data are no 
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exception. In this study, much of the winter precipitation is snow in Northern Arizona. 

Snow has a high albedo, meaning it reflects in all portions of the EMS (Peng et al. 2017). 

Since NDVI is based on spectral reflectance in the red and NIR portions of the EMS, 

snow impairs the NDVI’s ability to effectively gather data. The NDVI exhibits a longer 

lag-time in the winter months than the summer months, likely for this reason. Once the 

snow melts, the NDVI metric becomes more accurate as the vegetation begins to reflect 

red and NIR light once again. 

 

Bias in Diagnosis 

Another possibility for data limitation is that many people infected with Valley 

Fever remain asymptomatic and undiagnosed. This study only includes individuals who 

sought medical treatment and became diagnosed with the disease. There also may be a 

demographic income bias related to doctor’s visits. Certain higher income areas may 

exhibit more Valley Fever cases, due to the financial stability necessary for frequent 

doctor visits.  

The reporting issue (Figure 2) was not addressed by previous researchers, so 

human Valley Fever data from 2009-2013 may be impacted by this change in reporting. 

More recent studies may exhibit more robust models due to the increase in reported 

cases. 

 

Conclusions and Recommendations 

 

 Though other models investigating environmental variability in Valley Fever 

outbreak have been more conclusive, results from this study provide steps toward 

improving the understanding of Valley Fever as it relates to climatic variability.  
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This is the only study that observes Valley Fever infection at the PCA scale, which 

encourages researchers to include various spatial scales to correctly assess the organism 

as it relates to its operational scale. This is also one of the only studies that operates 

outside of the change in reporting from the commercial “Lab A”, eliminating issues that 

accompany it (Figure 2). This study also uses more current data, through 2016.  

The results presented did not definitively highlight one environmental variable’s 

ability to better predict Valley Fever incidence, but there is a path forward for improving 

these methods, and conducting similar studies. It is important to continue to conduct 

research on Valley Fever using remotely sensed data and GIS platforms, particularly in 

the context of climate change. In coming years, environmentally-mediated infectious 

diseases, like Valley Fever, should be re-evaluated to account for the changing habitat of 

the fungus. NDVI has proven to be a useful metric that is related to Coccidioides habitat, 

and it is measured continuously over a large scale with remote sensing technology. NDVI 

will also be a useful tool in observing large-scale vegetation trends related to climate 

change. A GIS platform is an excellent tool on which multiple datasets can be converged 

and analyzed. These software and data are increasingly improving and becoming more 

accessible. A simple model generated in a GIS, derived from the free, downloaded data 

used in this study could be a viable tool for healthcare professionals.  

 

Suggestions for Further Research  

This project could potentially be altered to generate a simple, robust model that 

could be useful to assess Coccidiodies habitat and mitigate Valley Fever infection risk 

with slightly different methods. The scale of the study could be altered to the county 
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scale, or could include PCA as well as county-level incidence. If conducted at the PCA 

and county scale, the analyses could use 100% of reported Valley Fever incidence cases 

available through the AZDHS, rather than the 80% available at the PCA scale. 

Disturbance data could be included in a similar model. These additional data 

could help increase model performance. Wind data could be obtained, or disturbance data 

in the form of county building permits for the study area. State-wide building permits 

could also be used to determine areas of Coccidioides microhabitats, based on infection 

outside of the LSLZ. Imagery from the Landsat Thematic Mapper (TM) or the newer, 

higher resolution Landsat Operational Land Imager (OLI) could be used to calculate 

areas of disturbance (Stacy et al. 2012). 

Additionally, technological advances in remote sensing and GIS platforms can be 

utilized. As finer resolution climatic data are becoming more available, the ability to 

assess Valley Fever at a smaller scale becomes more obtainable. A more conclusive study 

could be generated with environmental datasets at a finer spatial resolution at the PCA or 

zip-code scale. Digital elevation models of the study area, coupled with spatial masking 

features, can eliminate areas within endemic zones wherein there is no population, or the 

populations are not at-risk, such as high elevation areas, protected wilderness areas, or 

agricultural fields that have been exposed to fungicides. Other vegetation indices such as 

the soil adjusted vegetation index (SAVI) or the enhanced vegetation index (EVI) could 

be used to generate results in areas of particularly reflective soils or dense vegetative 

cover.  

MODIS temperature products could be used in conjunction with PRISM 
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temperature data to determine the more useful measure. Additionally, MODIS offers the 

temperature products at the daily scale. Finer temporal Valley Fever incidence data could 

be obtained, adjusted on a day-to-day basis for exposure timing, and compared to the 

daily MODIS temperature product for increased temporal resolution during a period of 

suspected high incidence.  

Additionally, a demographic study could be performed at the PCA scale. The 

PCA boundaries are derived from zip code, county, and census data. Therefore, there is 

accessible demographic information at the census tract scale. These demographic data 

could be coupled with Valley Fever incidence data to generate a spatial risk model based 

on demographic factors of Valley Fever, coupled with environmental variables. 
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Appendix A Figures 

 

- Figure 1- PCA regions in Arizona 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. PCA regions in Arizona, AZDHS 

(2017). There are 126 total PCA regions in 

Arizona. PCA regions are determined based 

on population and access to medical care. 

Most PCA regions are in the more densely 

populated Phoenix and Tucson metropolitan 

areas; this is within the LSLZ and the 

predicted habitat of Coccidioides posadasii. 
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- Figure 2- Total Valley Fever cases reported by the AZDHS 2009-2015 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Total number of Valley Fever cases as reported by the AZDHS for 

2009-2015. The change in reporting occurred in 2009, at which point cases 

increased dramatically, due to reporting from “Lab A”. Valley Fever Annual 

Report Statistics (2015).  
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- Figure 3- Temporal distribution of Valley Fever incidence 2013-2016 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. The temporal distribution of Valley Fever incidence (per 10,000 people) over the four-year study 

period. Each monthly value is plotted chronologically ranging from January 2013 to December 2016. 2013 and 

2014 have more severe Valley Fever peaks in March and May, respectively, while 2015 is consistently high. 2016 

rates are also fairly consistent, with a low-point in September. Valley Fever timing varies by year, with 

consistently low rates during the monsoon period July-September, aside from 2016. 
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- Figure 4- Temporal distribution of Valley Fever incidence 2013-2016 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Line graphs showing the temporal distribution of Valley Fever incidence (per 

10,000 people) over the four-year study period. Each monthly value is plotted, with the four 

years stacked atop one another. 2013 and 2014 have more severe Valley Fever peaks in 

March and May, respectively, while 2015 is consistently high from June through December. 

2016 rates are also fairly consistent, with a low-point in September. Valley Fever timing 

varies by year, with consistently low rates during the monsoon period July-September, aside 

from 2016. 
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- Figure 5- Composite map of average Valley Fever incidence 2013-2016 per PCA 

with a Sonoran Desert overlay representative of the Lower Sonoran Life Zone 

(LSLZ). 

- Figure 6- Composite averaged Valley Fever incidence visualized by PCA land 

area 2013-2016 

 

 

  

Figure 6. Composite map of average Valley Fever 

incidence (per 10,000 people) per PCA, with a 

Sonoran Desert overlay, representative of the Lower 

Sonoran Life Zone. The blue regions represent PCAs 

with low incidence rates, orange represents moderate 

incidence rates, and red represents higher incidence 

rates. Most Valley Fever cases are concentrated in 

the Lower Sonoran Life Zone. The white PCA region 

just south of the northernmost region of high Valley 

Fever incidence is the Gila River Indian Tribal area. 

In this area, Valley Fever is very infrequently 

reported at the PCA scale, as per decision of the 

tribe. It is reported at a state level consistently, with 

a few cases reported annually at the PCA scale.  
 

Figure 5. Composite averaged Valley Fever 

incidence, visualized by PCA land area 2013-2016. 

The lower average incidence covers the most land at 

215,483 km2 (73% of the state area), then the 

moderate average incidence at 54,074 km2 (18% of 

the state area), and the highest average incidence 

rates covered 25,612 km2 (9% of the state area). 
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- Figure 7- Hot Spot Analysis, 2013 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Getis-Ord Gi* z-scores for annual 

average Valley Fever incidence per PCA, 

2013. A lower Getis-OrdGi* cluster score 

indicates clustering among low values, while a 

higher score indicates clustering of high 

values. Given the upper-range Z-scores of 2.74 

- 4.51, there is a less than 1% likelihood that 

this high-clustered pattern is randomly 

occurring. 



98 
 

- Figure 8- Hot Spot Analysis, 2014

Figure 7. Getis-Ord Gi* z-scores for annual 

average Valley Fever incidence per PCA, 

2014. A lower Getis-OrdGi* cluster score 

indicates clustering among low values, while a 

higher score indicates clustering of high 

values. Given the upper-range Z-scores of 

2.17 - 4.39, there is a less than 1% likelihood 

that this high-clustered pattern is randomly 

occurring.  
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-     Figure 9- Hot Spot Analysis, 2015  

Figure 8. Getis-Ord Gi* z-scores for annual 

average Valley Fever incidence per PCA, 2015. 

A lower Getis-Ord cluster score indicates 

clustering among low values, while a higher 

score indicates clustering of high values. Given 

the upper-range Z-scores of 2.4 - 6.04, there is a 

less than 1% likelihood that this high-clustered 

pattern is randomly occurring. 
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- Figure 10- Hot Spot Analysis, 2016 

  

Figure 9. Getis-Ord Gi* z-scores for annual 

average Valley Fever incidence per PCA, 2016. 

A lower Getis-Ord cluster score indicates 

clustering among low values, while a higher 

score indicates clustering of high values. Given 

the upper-range Z-scores of 2.46 - 5.95, there is 

a less than 1% likelihood that this high-

clustered pattern is randomly occurring. 
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- Figure 11- Valley Fever Incidence Annually per PCA   

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 

Figure 10. Scatterplots showing the spatial distribution of Valley Fever 

incidence (per 10,000 people) throughout the four-year study period, by 

PCA region. The incidence data has been averaged annually per PCA. 

Valley Fever appears to be concentrated in similar PCA regions. 
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- Figure 12- Trends in all Variables, 2013 

 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 11. All monthly variables through 2013: temperature, precipitation, NDVI, and Valley Fever. 

All values have been averaged between 0-1 to show trends. Temperature behaves predictably in that it 

is lower during the winter months, and higher in the summer months. Precipitation is concentrated in 

July-September, due to the monsoonal precipitation regime in Southern Arizona, with outlying high 

precipitation in November and January, likely due to snow patterns in high elevations and Northern 

Arizona. NDVI, represented by the green line, increases after precipitation increases, both after the 

monsoonal precipitation July-September and after the heavy precipitation in November and January. 

The NDVI remains low during January likely due to the high reflectance properties of snow, which 

cause high reflectance values across all sensor bands, skewing NDVI results. Valley Fever is 

represented by the yellow line. An inverse relationship between Valley Fever and NDVI is shown in 

September, but NDVI is high in March, when Valley Fever peaks for the year. 
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- Figure 13- Tends in all Variables, 2014 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 12. All monthly variables through 2014: temperature, precipitation, NDVI, and Valley Fever. 

All values have been averaged between 0-1 to show trends. Temperature behaves predictably in that it 

is lower during the winter months, and higher in the summer months. Precipitation is concentrated in 

July-September, due to the monsoonal precipitation regime in Southern Arizona, with low 

precipitation throughout the rest of the year. NDVI, represented by the green line, increases after 

precipitation increases after the monsoonal precipitation July-September. NDVI is lowest before the 

monsoon season. Valley Fever is represented by the yellow line. An inverse relationship between 

Valley Fever and NDVI is shown drastically in May and June, and more subtly August-October. 
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- Figure 14- Trends in all Variables, 2015 

 

 
 
 
 
 
 
 
 
 
 

Figure 13. All monthly variables through 2015: temperature, precipitation, NDVI, and Valley Fever. 

All values have been averaged between 0-1 to show trends. Temperature behaves predictably in that it 

is lower during the winter months, and higher in the summer months. Temperatures in 2015 are colder 

than the other years in the study period. Precipitation is highest in September, due to the monsoonal 

precipitation regime in Southern Arizona. Precipitation is relatively high from monsoon season 

onward. This winter precipitation is likely due to snow patterns in high elevations and Northern 

Arizona. NDVI, represented by the green line, remains high from monsoon season onward, and during 

February-March. The NDVI remains low during January likely due to the high reflectance properties 

of snow, which cause high reflectance values across all sensor bands, skewing NDVI results. Valley 

Fever is represented by the yellow line. An inverse relationship between Valley Fever and NDVI is 

shown in February and March. However, Valley Fever peaks in September when NDVI peaks. 
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- Figure 15- Trends in all Variables, 2016 

 
 

 
 
 
 
 
 
 
 
 
 
 

Figure 14. All monthly variables through 2016: temperature, precipitation, NDVI, and Valley Fever. 

All values have been averaged between 0-1 to show trends. Temperature behaves predictably in that 

it is lower during the winter months, and higher in the summer months. Precipitation is concentrated 

in July-September, due to the monsoonal precipitation regime in Southern Arizona, and December-

January, likely due to snow patterns in high elevations and Northern Arizona. NDVI, represented by 

the green line, increases after precipitation increases, both after the heavy precipitation in December 

and January, and after the monsoonal precipitation July-September. The NDVI remains low during 

December and January likely due to the high reflectance properties of snow, which cause high 

reflectance values across all sensor bands, skewing NDVI results. Valley Fever is represented by the 

yellow line. There is an inverse relationship between Valley Fever and NDVI in February and 

September. 
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- Figure 16- Scatterplots of all Variables, 2013 

 
 
 
 
 
 
 
 
 

Figure 15. Scatterplots showing the relationships between predictor variables NDVI, 

precipitation, and temperature, and the response variable, Valley Fever. All values are 

annual averages for 2013. The histograms show the distribution of each variable. The 

strongest discernable relationship is between precipitation and NDVI. There is also a 

negative relationship between precipitation and temperature. There is a somewhat 

discernable positive relationship between Valley Fever and temperature; Valley Fever 

and precipitation seem to be slightly related, whereas Valley Fever and NDVI do not 

appear to have a relationship. 
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- Figure 17- Scatterplots of all Variables, 2014 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 16. Scatterplots showing the relationships between predictor variables NDVI, 

precipitation, and temperature, and the response variable, Valley Fever. All values are 

annual averages for 2014. The histograms show the distribution of each variable. The 

strongest discernable relationship is between precipitation and NDVI. There is also a 

negative relationship between precipitation and temperature. There is a somewhat 

discernable positive relationship between Valley Fever and temperature, but the 

relationships between Valley Fever and NDVI and precipitation are less discernable. 
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- Figure 18- Scatterplots of all Variables, 2015 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 17. Scatterplots showing the relationships between predictor variables NDVI, 

precipitation, and temperature, and the response variable, Valley Fever. All values are 

annual averages for 2015. The histograms show the distribution of each variable. The 

strongest discernable relationship is a negative relationship between precipitation and 

temperature. Valley Fever and temperature exhibit a positive relationship, as well. 
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- Figure 19- Scatterplots of all Variables, 2016 

 
 
 
 
 
 
 
 
 
 
 

Figure 18. Scatterplots showing the relationships between predictor variables NDVI, 

precipitation, and temperature, and the response variable, Valley Fever. All values are 

annual averages for 2016. The histograms show the distribution of each variable. The 

strongest discernable relationship is a positive relationship between NDVI and 

precipitation. There is also a discernable negative relationship between temperature and 

precipitation. 
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- Figure 20- Composite Monsoonal NDVI v. Precipitation 

 
 

 
 
 
 
 
 
 
 
 
 

Figure 19. Scatterplot showing the relationship between averaged monsoonal NDVI and 

monsoonal precipitation for all years (2013-2016). The data consists of averaged values 

from July – September for the four-year period. NDVI values have been scaled from 0 -1 

to show the trend of the data. There is a positive correlation between precipitation and 

NDVI, as the trend line shows. 
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- Figure 21- Monsoonal NDVI v. Precipitation, 2016 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 20. Scatterplot showing the relationship between monsoonal NDVI and 

monsoonal precipitation for 2016. The data consists of averaged values from July – 

September. NDVI values have been scaled from 0 -1 to show the trend of the data. There 

is a positive correlation between precipitation and NDVI, as the trend line shows. 
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- Figure 22- Composite R2 Values of Valley Fever and Precipitation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 21. Composite map of the R^2 values of the 

predictor variable, precipitation, as it relates to 

the response variable, Valley Fever, across the 

study period (2013-2016). The state of Arizona is 

divided into PCA regions, for each of which a 

composite R^2 value is shown. R^2 values for 

temperature and Valley Fever are primarily in the 

lower-range and mid-range values of the dataset, 

with upper-range values in 25 PCA regions in 

Arizona, 21 of which are within the Lower 

Sonoran Life Zone. 
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- Figure 23- Composite R2 Values of Valley Fever and NDVI 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 

Figure 22. Composite map of the R^2 values of 

the predictor variable, NDVI, as it relates to the 

response variable, Valley Fever, across the 

study period (2013-2016). The state of Arizona 

is divided into PCA regions, for each of which a 

composite R^2 value is shown. R^2 values for 

temperature and Valley Fever are primarily in 

the lower-range and mid-range values of the 

dataset, with upper-range values in 26 PCA 

regions in Arizona, all of which are within the 

Lower Sonoran Life Zone. 
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- Figure 24- Composite R2 Values of Valley Fever and Temperature 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 23. Composite map of the R^2 values of 

the predictor variable, temperature, as it relates 

to the response variable, Valley Fever, across the 

study period (2013-2016). The state of Arizona is 

divided into PCA regions, for each of which a 

composite R^2 value is shown. R^2 values for 

temperature and Valley Fever are primarily in 

the lower-range and mid-range values of the 

dataset, with upper-range values in 28 PCA 

regions in Arizona, 22 of which are within the 

Lower Sonoran Life Zone. 
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- Figure 25- Composite R2 Values of Valley Fever and all Variables, Visualized in 

a Linear Graph 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 24. Linear display of R^2 values for each predictor variable: precipitation, temperature, and NDVI, as they relate to the 

response variable, Valley Fever per PCA region, for the entire study region of Arizona. The values are composited for all years 

(2013-2016). NDVI is the only variable with an R^2 score greater than or equal to .5; this occurs in two PCAs. Temperature 

has an R^2 score greater than or equal to .2 in six PCAs; the R^2 values for precipitation remain below .2 for all PCAs, except 

one. 
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- Table 1-  Results of OLS Regression 

 

Peak Valley Fever Outbreak: November 2016 

R^2 for Temperature Model: 0.127056  AIC: 426.902100  

R^2 for Precipitation Model: 0.215605  AIC: 417.358742  

R^2 for NDVI Model: 0.155533  AIC: 426.656691  

Significant Variable & Timing 

Temperature Precipitation NDVI 

January 2015 November 2014 December 2015 

May 2016 April 2016 January 2016 

  
February 2016 

 

Peak Valley Fever Outbreak: September 2015 

R^2 for Temperature Model: 0.215708  AIC: 387.770165  

R^2 for Precipitation Model: 0.281318  AIC: 376.762439  

R^2 for NDVI Model: 0.310058  AIC: 371.620248  

Significant Variable & Timing 

Temperature Precipitation NDVI 

 

 

No Significant  

Temperature Variables 

March 2014 March 2014 

August 2014 May 2016 

January 2015 June 2014 

 
September 2014 

 
February 2015 

 
March 2015 

 
May 2015 
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Peak Valley Fever Outbreak: May 2014 

R^2 for Temperature Model: 0.278088  AIC: 367.106431  

R^2 for Precipitation Model: 0.124384  AIC: 405.989213  

R^2 for NDVI Model: 0.159667  AIC: 386.245197  

Significant Variable & Timing 

Temperature Precipitation NDVI 

March 2013 May 2013 October 2013 

April 2013 July 2013 November 2013 

July 2013 December 2013 February 2014 

August 2013 
  

November 2013 
  

January 2014 
  

 

Peak Valley Fever Outbreak: March 2013 

Insufficient Data for Temperature Model 
 

R^2 for Precipitation Model: 0.124384  AIC: 451.884893  

Insufficient Data for NDVI Model 
 

Significant Variable & Timing 

Temperature Precipitation NDVI 

Insufficient Data  April 2011 Insufficient Data 

 
October 2012 

 

 
December 2012 

 

 
January 2013 

 

Table 1, OLS Regression results. The response variable was the peak Valley Fever month per 

year (2013-2016). It was regressed against a two-year span of each variable. The R2 is recorded, 

as well as the Akaike information criterion (AIC) score. A relatively low AIC score, compared to 

other models, indicates a better functioning model. The significant variables are also recorded, in 

an attempt to determine ideal lag times for variables. The lowest AIC and highest R2 values have 
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been highlighted. The results are variable annually, therefore no specific variable can be 

determined to have greater predictive power than the others. The temperature and NDVI-based 

regressions in 2013 were unable to be performed due to insufficient data, and errors in gathering 

and pre-processing data. 
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APPENDIX B 

 

Figures which were not selected to appear in the manuscript 

 

 

 
 

Average Valley Fever incidence (per 10,000 people) per PCA 2013. The blue regions 

represent PCAs with low incidence rates, orange represents moderate incidence rates, 

and red represents higher incidence rates. The majority of Valley Fever cases are 

concentrated in the Lower Sonoran Life Zone. The outlying moderate Valley Fever 

region in Northwest Arizona is the Hualapai tribe.  

 

 
Annual average Valley Fever incidence, visualized by PCA land area 2013. The lower average 

incidence covers the most land at 215,528 km2 (73% of the state area), then the moderate average 

incidence at 60,817 km2 (21% of the state area), and the highest average incidence rates covered 

18,829 km2 (6% of the state area). 
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Average Valley Fever incidence (per 10,000 people) per PCA 2014. The blue regions represent 

PCAs with low incidence rates, orange represents moderate incidence rates, and red represents 

higher incidence rates. The majority of Valley Fever cases are concentrated in the Lower 

Sonoran Life Zone. The outlying moderate Valley Fever regions in Northwest Arizona are the 

Hualapai tribe (northern) and Golden Valley (southern). 

 

 
Annual average Valley Fever incidence, visualized by PCA land area 2014. The lower average 

incidence covers the most land at 219,128 km2 (74% of the state area), then the moderate average 

incidence at 53,881 km2 (18% of the state area), and the highest average incidence rates covered 

22,166 km2 (8% of the state area). 
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Average Valley Fever incidence (per 10,000 people) per PCA 2015. The blue regions represent 

PCAs with low incidence rates, orange represents moderate incidence rates, and red represents 

higher incidence rates. The majority of Valley Fever cases are concentrated in the Lower 

Sonoran Life Zone.  

 

 
Annual average Valley Fever incidence, visualized by PCA land area 2015. The lower average 

incidence covers the most land at 216,833 km2 (73% of the state area), then the moderate average 

incidence at 56,393 km2 (19% of the state area), and the highest average incidence rates covered 

21,948 km2 (8% of the state area). 
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Average Valley Fever incidence (per 10,000 people) per PCA 2016. The blue regions represent 

PCAs with low incidence rates, orange represents moderate incidence rates, and red represents 

higher incidence rates. The majority of Valley Fever cases are concentrated in the Lower 

Sonoran Life Zone, though Valley Fever incidence is relatively low as compared to 2013, 2014, 

and 2015. 

 
Annual average Valley Fever incidence, visualized by PCA land area 2016. The lower average 

incidence covers the most land at 246,221 km2 (83% of the state area), then the moderate average 

incidence at 47,248 km2 (16% of the state area), and the highest average incidence rates covered 

1,705 km2 (1% of the state area). 
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Scatterplot showing the relationship between monsoonal NDVI and monsoonal precipitation for 

2013. The data consists of averaged values from July – September. NDVI values have been scaled 

from 0 -1 to show the trend of the data. There is a positive correlation between precipitation and 

NDVI, as the trend line shows. 
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Scatterplot showing the relationship between monsoonal NDVI and monsoonal precipitation for 

2014. The data consists of averaged values from July – September. NDVI values have been scaled 

from 0 -1 to show the trend of the data. There is a positive correlation between precipitation and 

NDVI, as the trend line shows. 
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Scatterplot showing the relationship between monsoonal NDVI and monsoonal precipitation for 

2015. The data consists of averaged values from July – September. NDVI values have been scaled 

from 0 -1 to show the trend of the data. There is a positive correlation between precipitation and 

NDVI, as the trend line shows. 
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Map of the R^2 values of the predictor variable, NDVI, as it relates to the response variable, 

Valley Fever, 2013. The state of Arizona is divided into PCA regions, for each of which an R^2 

value is shown. R^2 values for NDVI and Valley Fever are primarily in the lower-range values of 

the dataset, with upper-range values in 17 PCA regions, all of which are within the Lower 

Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, NDVI, as it relates to the response variable, 

Valley Fever, 2014. The state of Arizona is divided into PCA regions, for each of which an R^2 

value is shown. R^2 values for NDVI and Valley Fever are primarily in the lower-range values of 

the dataset, with upper-range values in 9 PCA regions, all of which are within the Lower 

Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, NDVI, as it relates to the response variable, 

Valley Fever, 2015. The state of Arizona is divided into PCA regions, for each of which an R^2 

value is shown. R^2 values for NDVI and Valley Fever are primarily in the lower-range values of 

the dataset, with upper-range values in 11 PCA regions, all of which are within the Lower 

Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, NDVI, as it relates to the response variable, 

Valley Fever, 2016. The state of Arizona is divided into PCA regions, for each of which an R^2 

value is shown. R^2 values for NDVI and Valley Fever are primarily in the lower-range values of 

the dataset, with upper-range values in 14 PCA regions, 13 of which are within the Lower 

Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, precipitation, as it relates to the response 

variable, Valley Fever, 2013. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for precipitation and Valley Fever are primarily in the lower-

range values of the dataset, with upper-range values in nine PCA regions in Arizona, most of 

which are within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, precipitation, as it relates to the response 

variable, Valley Fever, 2014. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for precipitation and Valley Fever are primarily in the lower-

range and mid-range values of the dataset, with upper-range values in five PCA regions in 

Arizona, which are all within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, precipitation, as it relates to the response 

variable, Valley Fever, 2015. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for precipitation and Valley Fever are primarily in the lower-

range and mid-range values of the dataset, with upper-range values in 12 PCA regions in 

Arizona, ten of which are within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, precipitation, as it relates to the response 

variable, Valley Fever, 2016. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for precipitation and Valley Fever are primarily in the lower-

range and mid-range values of the dataset, with upper-range values in nine PCA regions in 

Arizona, all of which are within the Lower Sonoran Life Zone. 

 

 

 

 

 

 

 



134 
 

 
 
Map of the R^2 values of the predictor variable, temperature, as it relates to the response 

variable, Valley Fever, 2013. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for temperature and Valley Fever are primarily in the lower-

range values of the dataset, with upper-range values in five PCA regions in Southern Arizona, 

within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, temperature, as it relates to the response 

variable, Valley Fever, 2014. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for temperature and Valley Fever are primarily in the lower-

range values of the dataset, with upper-range values in 16 PCA regions in Southern Arizona, 

within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, temperature, as it relates to the response 

variable, Valley Fever, 2015. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for temperature and Valley Fever are primarily in the lower-

range and mid-range values of the dataset, with upper-range values in 14 PCA regions in 

Arizona, 13 of which are within the Lower Sonoran Life Zone. 
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Map of the R^2 values of the predictor variable, temperature, as it relates to the response 

variable, Valley Fever, 2015. The state of Arizona is divided into PCA regions, for each of which 

an R^2 value is shown. R^2 values for temperature and Valley Fever are primarily in the lower-

range and mid-range values of the dataset, with upper-range values in 16 PCA regions in 

Arizona, 12 of which are within the Lower Sonoran Life Zone. 
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Linear display of R^2 values for each predictor variable, precipitation, temperature, and 

NDVI, as they relate to the response variable, Valley Fever per PCA region, for the 

entire study region of Arizona in 2013. The variables have been average to an annual 

value per PCA. NDVI is the only variable with an R^2 score greater than or equal to .5; 

this occurs in five PCAs. Temperature has an R^2 score greater than or equal to .3 in five 

PCAs; the R^2 values for precipitation remain low for all PCAs.  
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Linear display of R^2 values for each predictor variable, precipitation, temperature, and NDVI, 

as they relate to the response variable, Valley Fever per PCA region, for the entire study region 

of Arizona in 2014. The variables have been average to an annual value per PCA. NDVI reaches 

an R^2 score greater than or equal to .4 in three PCAs. Precipitation reaches an R^2 score 

greater than or equal to .4 in three PCAs as well, though the NDVI values are higher. The R^2 

values for temperature remain low throughout all PCAs. 
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Linear display of R^2 values for each predictor variable, precipitation, temperature, and NDVI, 

as they relate to the response variable, Valley Fever per PCA region, for the entire study region 

of Arizona in 2015. The variables have been average to an annual value per PCA. All variables 

reach an R^2 value over .4, though for temperature it is just in one PCA, and the rest of the PCAs 

report lower values for temperature. NDVI reaches an R^2 value greater than or equal to .4 in 

eight PCAs, and temperature in five PCAs. 
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Linear display of R^2 values for each predictor variable, precipitation, temperature, and NDVI, 

as they relate to the response variable, Valley Fever per PCA region, for the entire study region 

of Arizona in 2016. The variables have been average to an annual value per PCA. Temperature 

and NDVI reach an R^2 value greater than or equal to .3; temperature in 13 PCAs and NDVI in 

11 PCAs. Precipitation reaches an R^2 value greater than or equal to .4 in two PCAs, but is 

otherwise relatively low for all PCAs. 
 

 


