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Background. Thyroid cancer is a common cancer in adolescents and young adults ranking 4th in frequency. Thyroid cancer has
captured the interest of epidemiologists because of its strong association to environmental factors. The goal of this study is to
identify thyroid cancer clusters in Florida for the period 2000–2008. This will guide further discovery of potential risk factors
within areas of the cluster compared to areas not in cluster. Methods. Thyroid cancer cases for ages 15–39 were obtained from the
Florida Cancer Data System. Next, using the purely spatial Poisson analysis function in SaTScan, the geographic distribution of
thyroid cancer cases by county was assessed for clusters. The reference population was obtained from the Census Bureau 2010,
which enabled controlling for population age, sex, and race. Results. Two statistically significant clusters of thyroid cancer clusters
were found in Florida: one in southern Florida (SF) (relative risk of 1.26; P value of <0.001) and the other in northwestern Florida
(NWF) (relative risk of 1.71; P value of 0.012). These clusters persisted after controlling for demographics including sex, age, race.
Conclusion. In summary, we found evidence of thyroid cancer clustering in South Florida and North West Florida for adolescents
and young adult.

1. Introduction

Nearly 70,000 adolescents and young adults (AYAs; ages 15–
39) are diagnosed with cancer annually in the United States
[1]. The AYA population is a special age group that has not
been recognized in research investigating cancer etiology and
therapy. This age group has failed to show the significant
improvements in mortality reported for a wide variety of
cancer types in other age categories. Also there is a unique
distribution of cancer diagnoses in theAYApopulation [2]. In
the United States thyroid cancer incidence has been growing
at a faster pace than other cancers from 1996–2005 [3, 4]. In
the AYA population thyroid cancer is fourth in overall fre-
quency with an estimated 28% of new thyroid cancers
occurring in this age group [5, 6]. Florida has had significant
increases in rates of thyroid cancer [7].

Geographical analyses of thyroid cancer have been con-
ducted in regions around the world where across all con-
tinents there are increasing trends [8]. Higher rates were
found in districts of Sao Paulo, Brazil, where higher levels of

atmospheric particulate matter were measured [9]. In Italy,
using SaTScan to detect clusters, iodine deficient moun-
tainous regions had higher rates of thyroid cancer deaths.
Space-time cluster analysis showed improvement with iodine
prophylaxis in certain regions [10]. Also in Italy, a case-
control study showed residence for more than 20 years in
regions with higher rates of iodine deficient goiter had higher
rates of thyroid cancer [11]. In Cordoba, Argentina clusters of
thyroid cancer were found in two regions using SaTScan [12].
InWisconsin, where there has been a doubling of thyroid can-
cer rates, geographic areas with higher access to health care
and socioeconomic status had higher rates of thyroid cancer
raising concerns about medical use of radiation for medical
procedures [13]. In a study conducted in Nebraska, the
geographic pattern of thyroid cancer correlated with suscep-
tibility of regional ground water to toxins such as atrazine,
alachlor, uranium, and gross alpha particle radiation [14]. In
England andWales, high rates were seen in the northern and
middle regions ofWales with twice the risk as more southern
regions [15]. In Caledonia where there is ten times the rate of
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other developed countries, there was a sharp increase in rates
that remains unexplained [16]. In France over the time period
1975 to 2004, there has been a dramatic increase in thyroid
cancer rates with five-fold increases [17].

The main environmental risk factor for thyroid cancer
reported in the literature is exposure of the thyroid gland to
radiation. Potential sources that have been studied include
radiation that comes from the atmosphere, ground water,
energy plants, and medical procedures [14, 18–23]. It appears
that younger age increases susceptibility to the effects of
radiation on the thyroid gland.These effectsmay notmanifest
themselves for a prolonged latency period of time after
exposure [19, 22]. Some studies as noted above assumed that
the increase over time was caused by the use of radiation in
medical settings [24, 25]. However, other studies suggest that
the trend was associated with other sources of exposure such
as atmospheric nuclear fallout [18, 26–28]. The National
Academyof Sciences has recently issued amultiphase study to
evaluate the risk of cancer in populations near nuclear
facilities [29].

Other studies suggest that exposure to chemicals used in
the leather, wood, and paper making process and exposure to
solvents, pesticides [30], and cancer chemotherapy [31] may
also play a role in pathogenesis. Polybrominated diphenyl
ethers (PBDEs) that are increasingly being used in plastics,
flame retardants, and construction have been shown to have
disrupting effect on thyroid function and have been hypoth-
esized to cause thyroid cancer [8, 32].

Still others have suggested that increased diagnostic
capabilities have been the major contributor to the observed
increased thyroid cancer rates [23, 33].

Study of the environment for cancer risk factors is
important to conduct especially in the case of thyroid cancer.
Specifically finding a spatial cluster that is defined as unusual
rates of disease in a certain geographic area can help generate
hypotheses that may eventually lead to causative agents [34–
37]. From a public health perspective, geographical cluster
analysis is useful to detect areas of excess risk due to a
known risk factor. Clusters can be detected either spatially
or over time periods through a number of computerized
statistical program packages [34, 38, 39]. Spatial research into
geographically based cancer risk factors can be challenging
given the mobility of populations and long latency from
environmental exposures and development of disease [40].
Thus these studies aremore hypothesis generating rather than
definitive in identification of etiology for cancer.

State cancer registries can provide researchers with a
wealth of information regarding cancer rates by demographic
variables in specific geographic regions over periods of time.
Collecting data since 1981, the Florida Cancer Data Sys-
tem (FCDS) is Florida’s statewide, population-based cancer
registry [41]. The State of Florida Department of Health,
the National Program of Cancer Registries (NPCR) of the
Centers for Disease Control and Prevention (CDC), and the
Sylvester Comprehensive Cancer Center at the University of
Miami Miller School of Medicine support the FCDS. Data
from such registries can readily be input into spatial and time
cluster computer programs for analysis.

There are studies in the literature that have attempted to
link spatially based risk factors and cancer [42–44]. Recent
research has found spatial and temporal clusters of leukemia
in Ohio [39] and leukemia and brain cancer in Florida [45].
The National Academy of Sciences is planning to conduct
research on proximity to nuclear power plants and cancer
[29].

In this study, we sought to identify thyroid cancer clusters
in the AYA population in Florida.

2. Methods

2.1. Study Area and Population. The raw incidence rates of
thyroid cancer for the age group 15–39 years (adolescents and
young adults-AYA), broken down by age group, sex, and race,
were downloaded in January 2010 from the FCDS website,
while the corresponding annual population counts by county
for age, sex, and race were downloaded from the Census
Bureau website [46].

Analysis was conducted for the 67 counties in Florida.We
planned to remove Union County if found to be in cluster
of thyroid cancer, because it is where the Florida’s state
correctional system Medical Center is located [45].

Geographic county center points (centroids) were used to
represent each county for the SaTScan [34] analysis. These
were calculated and projected on maps in the geographi-
cal information system ArcGIS [47]. The study population
included the entire population of adolescent and young adults
15–39 years of age in the state of Florida during the time
period 2000–2008.

2.2. Data Sources. The data for this study was obtained from
the Florida Cancer Data System (FCDS), a publicly available
website [41]. The FCDS is Florida’s cancer statewide cancer
registry created by the Florida Department of Health in
1978. In this registry, cancer types are classified according
to the International Classification of Diseases for Oncology
Third Edition (ICD-O-3) [48] by the FCDS.The International
Classification of Diseases, Tenth Revision (ICD-10), is used
to code cancer deaths, and the International Classification
of Diseases, Ninth Revision, Clinical Modification (ICD-9-
CM), is used for classification of diagnoses in hospitals [49].
FCDS uses rules for coding specified in the Surveillance,
Epidemiology and End Results (SEER)Multiple Primary and
Histology Coding Rules, National Institutes of Health, 2007
[50]. The initial dataset was downloaded in January 2011 and
then combinedwith population data for use for a cluster anal-
ysis. The Florida population data, including demographics
such as sex, age, and race, was obtained from the Census
Bureau for years 2000–2008. For each county, we obtained
the total population at risk, stratified by age, sex, and race.

2.3. Data Analysis. The software package SaTScan was the
main analysis tool. The incidence counts in each county were
used for a purely spatial analysis. Additionally, the time
dimension was incorporated for space-time analyses. The
assumption for this study is that the incidence of cancer in
each county should be distributed according to a Poisson
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model and that the age-adjusted risk of cancer incidence is
the same for all counties controlling for age, sex, and race.

The spatial scan statistics in SaTScan identifies clusters by
utilizing a moving window that scans over a map, including
different sets of neighboring counties.Multiple window scans
of the sixty-seven counties are performed. For each window,
the purely spatial scan statistic test found in SaTScan tests
the null hypothesis that there is no increased risk versus the
alternative that there is a cluster.

As per the SaTScan manual:

“under the Poisson assumption, the likelihood
function for a specific window is proportional to

(

𝑛

𝐸

)

𝑛

(

𝑁 − 𝑛

𝑁 − 𝐸

)

𝑁−𝑛

𝐼 (𝑛 > 𝐸) , (1)

𝑁 is the total number of incidences in Florida;
𝑛 is the observed number of cancer cases within
the scan window; 𝐸 is the expected number of
cancer cases under the null hypothesis. 𝐼 is an
indicator function: 𝐼 = 1 when the scan window
has a larger number of cancer incidences than
expected if the null hypothesis was true, and 0
otherwise. It can be shown that, for a given 𝑁
and 𝐸, the likelihood increases as the number of
incidences, 𝑛, increases in the scan window”.

How the spatial scan statistic within SaTScan actually
identifies cancer clusters is described at http://www.satscan
.org in detail [34].

In SaTScan, cluster stability is attained by Monte Carlo
simulation with 999 random replications of the data set being
created. It is possible to control for multiple demographic
confounding variables using the Monte Carlo’s test. The out-
put from SaTScan provides a summary of the location of the
“most likely clusters” with a 𝑃 value indicating the statistical
significance of these clusters. Additionally a more precise
estimate for the 𝑃 value is possible in SaTScan by utilizing a
Gumbel approximation which is bothmore efficient and pro-
vides higher powered analyses when compared to the Monte
Carlo method [51].

SaTScan uses either circular or elliptical windows in its
scanning methods to identify clusters. In this study, the
circular window option was chosen for the analysis.

Also, in addition to spatial clusters, the data was analyzed
for space-time clusters using SaTScan, where a higher rate of
disease is searched in a specific spatial region over a discreet
time period. For confirmation of space-time clusters, the
nonparametric permutation test for space-time analysis was
performed in SaTScan. This space-time permutation scan
statistic looks for space-time interaction clusters, adjusting
for any purely spatial clusters as well as for any temporal
trends.

Finally, in this study another program, FleXScan, which
can detect irregularly shaped clusters, was utilized to confirm
the spatial analysis [36, 37, 52]. A recent study concluded
that FleXScan was better at detecting rare diseases in large
geographic areas [53].

Table 1: SaTScan output 2000–2008 AYA thyroid cancer purely
spatial analysis adjusted for age, sex, and race.

State Primary
cluster

Secondary
cluster

AYA population 5,358,013 1,695,088 58,637
Number of cases 3,526 1,300 65
Annual cases per 100,000 7.3 8.5 12.4
Relative risk 1.26 1.71
Log likelihood ratio 21.04 7.78
𝑃 value <0.001 0.012

3. Results

The SaTScan purely spatial analysis revealed two statistically
significant thyroid cancer clusters in the state, one in southern
Florida (SF) and the other in northwestern Florida (NWF)
(see Figure 1 and Table 1). A total of 3,526 AYA cases of
thyroid cancer were identified in Florida with incidence rate
of 7.3 average annual cases per 100,000. In SF there were
1,300 observedAYA cases of thyroid cancer and 1,118 expected
cases, with a relative risk of 1.26, implying that, compared
with the state, there is a statistically significant 26% increased
risk of AYA thyroid cancer (𝑃 value <0.001). The probability
that the identified SF cluster is random is very small. In the
NWF cluster, there were 65 observed case and 38 expected
cases, with a relative risk of 1.71 (𝑃 value of 0.012), which
implies that compared with the state of Florida AYA pop-
ulation, in this area there was 1.71 times the risk of being
diagnosed with AYA thyroid cancer, a 71% increased risk.

A separate analysis was run adjusted for age and sex but
not for race. Identical clusters were identified as in the case
when rates are adjusted for age, sex, and race. We conclude
that race does not play an important role in creating the sig-
nificant clusters. It is, however, also known that thyroid can-
cer in females has risen dramatically compared to males. So
therefore further analysis was performed utilizing SatScan to
determine if any spatial or space-time influences were
detectable when analyzing the sexes separately. While the
purely spatial analysis for thyroid rates (adjusted for age, sex,
and race) resulted in two significant clusters (SF and NWF),
when analyzing the data separately by sex, the female data set
(adjusted for age and race) (Figure 2) identifies a smaller area
of SF as themost likely cluster (𝑃 value = 0.001, RR = 1.25) and
NWF as the secondary cluster (𝑃 value = 0.003, RR = 1.86).
The purely spatial analysis of the male data also reveals a
smaller but still separate part of SF as themost likely cluster (𝑃
value = 0.005, RR = 1.82). No other significant cluster exists
for males.

The above purely spatial analysis does not include time in
the analysis. In order to provide information whether there
was a specific time when the cluster occurred, the space-time
function in SaTScan was employed. A statistically significant
space-time cluster of thyroid cancer was found in SF from
2001 to 2003.The space-time permutation scan statisticwhich
looks for space-time interaction clusters, adjusting for any
purely spatial clusters as well as for any temporal trends,
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Figure 1: SaTScan purely spatial Poisson analysis for clustering using county data adjusting for age, sex, race as covariates based on data from
Florida Cancer Data System (FCDS) cancer registry for thyroid cancer in adolescents and young adults (AYA) 2000–2008. Primary cluster
is shown in crosshatched label and contains the South Florida (SF) counties of Miami-Dade, Broward, and Palm-Beach (relative risk 1.26; 𝑃
value < 0.001). Secondary cluster is shown in simple hatched label and contains the northwest (NWF) county of Okaloosa (relative risk 1.71;
𝑃 value = 0.012).

however, did not identify a surge in any given year for the
period 2000–2008. Thus the observed space-time regional
cluster seems to be due to an overall statewide increase in the
thyroid cancer incidence rates, and thus the space-time
findings are artifacts rather than true clusters. A time plot
of age adjusted thyroid cancer incidence rates for 2000–
2008 also supports the space-time permutation analysis with
an increase in thyroid cancer cases statewide over time
(Figure 3).

The results with FleXScan differed slightly from those
by SaTScan by including several counties in the “most likely
cluster” that were not identified by SaTScan. In addition to
Palm Beach, Broward, and Miami-Dade, FleXScan included
the counties Okeechobee, Glades, Polk, and Martin in the
cluster (Figure 4). FleXScan was not confined to circular
shaped clusters, and the position of Lake Okeechobee in the

southern part of Florida made it better to also use FleXScan.
A secondary cluster was found in Santa Rosa and Okaloosa
counties.

4. Discussion

This study identified AYA thyroid cancer clusters in SF
and the NWF regions. These cancer clusters persisted after
controlling for age, sex, and race. With regards to sex specific
clusters, in addition to significant increase in cancer rates
observed in female and male populations together, taken
separately, there were similar spatial regions identified in SF.
Also, there is a relative increase in AYA thyroid cancer crude
incidence rate in SF during the years 2000–2008. Therefore,
the geographic location of residence was found to be relevant
to risk of thyroid cancer.
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Florida counties not in cluster
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Secondary cluster (P = 0.003)

Figure 2: SaTScan purely spatial Poisson analysis for females, adjusted for age and race, for thyroid cancer in adolescents and young adults
(AYA) 2000–2008. Primary cluster is shown in crosshatched label and contains the South Florida (SF) counties of Miami-Dade and Broward
(relative risk = 1.25,𝑃 value< 0.001). Secondary cluster is shown in simple hatched label and contains the northwest (NWF) county ofOkaloosa
(relative risk 1.88, 𝑃 value = 0.003).
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Figure 3: Increasing overall incidence of thyroid cancer in AYA 2000–2008.
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Figure 4: FleXScan purely spatial analysis for thyroid cancer in adolescents and young adults (AYA) 2000–2008. Primary cluster is shown in
crosshatched label and contains seven South Florida (SF) counties includingMiami-Dade, Palm Beach, Broward, Okeechobee, Monroe, Polk,
and Glades (relative risk = 1.14, 𝑃 value = 0.001). Secondary cluster found in Santa Rosa and Okaloosa counties (relative risk 1.77, 𝑃 value =
0.001). Note that this differs from SaTScan analysis because the scanning window in FleXScan can vary in shape, whereas SaTScan is either
circular or elliptical.

This study provides additional information on cancer risk
recently reported inMiami-Dade and Broward counties [54].
This may be due to environmental factors or common risk
factors in the areas. Further investigation is needed to identify
the potential risk factors in the observed thyroid cancer
clusters in these areas. These may include some of the above
identified risk variables including exposure to chemical or
radiation. Also of interest is the general increase in statewide
thyroid cancer. This requires further study.

This study utilized the statistical software (SaTScan)
that has been used in analysis of other disease clusters
[34]. Identification of clusters of disease in space and time
can be complicated by several procedural inaccuracies [55,
56]. Some studies have indicated inconsistencies in results
between the different statistical packages [39, 53]. In this
study we used both SaTScan and FleXScan with similar
results obtained.

Also, in some cases, these studies can be limited by low
statistical power [57]. The large sample of cases in this study
drawn from AYA thyroid cancer database with 1,300 cases
observed in the SF cluster should ensure a sufficiently high
statistical power (Table 1).

Another potential problem that can lead to artifactual
clustering is misclassification or selection bias due to inac-
curate or incomplete case data. Because cancer data from
a highly reliable source (FCDS) was used, this problem is
minimized. The accuracy of case ascertainment in FCDS has
been described and validated elsewhere [7, 58]. FCDS data
quality control is excellent and includes routine inspection
for duplications and accurate categorization of cancer by
demographic factors.

Another problem includes the influence of confounding
demographic variables on the analysis. This study is con-
trolled for the effects of these and still observed a statistically
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significant relative increase in SF compared with the state
of Florida. Finally, it is possible there are other unknown
confounding variables that may explain these clusters [59].

In summary, we found evidence of spatial clustering of
thyroid cancer cases for AYA age range in SF and NWF. This
evidencemay indicate environmental risk factors influencing
these results, predisposing adolescents and young adults in
these cluster regions to increased risk of thyroid cancer.
Further study is needed to investigate the possible factors
contributing to the elevated AYA thyroid cancer rates found.
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