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Abstract 

Background: Understanding disparities in and drivers of adverse diabetes outcomes is 

important for guiding strategies to improve diabetes management, reducing risks of 

complications, and eliminating disparities. Thus, studies investigating disparities and 

predictors of these complications as well as diabetes-related hospitalization (DRH) rates 

are useful for guiding efforts to reduce these disparities and improve diabetes related 

health outcomes. Therefore, the objectives of this research were to: (i) identify 

predictors of severity of diabetes complications; (ii) investigate local geographic 

disparities of DRH rates; and (iii) identify determinants of geographic disparities of DRH 

rates and determine if the strengths of associations between the identified determinants 

and the outcome vary spatially. 

Methods: Retrospective analyses were conducted using hospital discharge data from 

Florida from 2016 to 2019. Population average models, estimated using generalized 

estimating equations, were used to identify individual- and ZIP code tabulation area 

(ZCTA)-level predictors of severe diabetes complications. Raw and spatial empirical 

Bayes smoothed DRH rates were computed at the ZCTA-level. High-rate DRH clusters 

were identified using Tango’s flexible spatial scan statistic. Ordinary least squares and 

multiscale geographically weighted regression models were fit to identify predictors of 

DRH rates and describe spatial heterogeneity of regression coefficients. 

Results: Significant predictors of severity of diabetes complications included age, 

race/ethnicity, gender, comorbidities (hypertension, hyperlipidemia, obesity, depression, 

and arthritis), type of health insurance coverage, and neighborhood socioeconomic 
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status. The statewide DRH rate was 8.5 per 1,000 person-years. Significant spatial 

clusters of DRH rates tended to be in rural rather than urban areas. Areas with high 

DRH rates tended to have higher: (i) proportions of older adults, (ii) non-Hispanic Black 

residents, and (iii) unemployment rates; and lower: (i) levels of income, (ii) health 

insurance coverage, and (iii) vehicle access. There was evidence of heterogeneity of 

regression coefficients at local, regional, and statewide scales.  

Conclusions: The identification of high-rate DRH clusters and determinants of severe 

complications and hospitalization rates provides useful information to guide resource 

allocation and locally-focused health planning such that communities with the highest 

burdens are prioritized to reduce the observed disparities and improve diabetes 

outcomes.  
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CHAPTER 1 

Introduction 

  



 

 

2 

Diabetes mellitus affects over 37 million adults in the United States, and it is 

estimated that 23% of adults with diabetes have yet to be diagnosed [1]. The condition 

is characterized by hyperglycemia, which either results from insulin resistance or 

impaired insulin production [2]. Inadequate control of diabetes can cause acute 

metabolic complications, and can also lead to long-term complications such as heart 

disease, stroke, renal disease, and neuropathy [3,4]. These complications can 

ultimately lead to functional limitations, physical disability, impacts on quality of life, and 

premature mortality [3,5–9]. In 2019, diabetes was the seventh leading cause of death 

in the United States [10]. Since many of the sequelae of diabetes may be 

prevented/delayed with appropriate management, early diagnosis, glycemic control, and 

management of cardiovascular risk factors are considered key components of diabetes 

care [11–13]. Indeed, diabetes is referred to as an ambulatory care sensitive condition 

(ACSC) because hospitalizations due to diabetes and its complications are generally 

preventable if the condition is managed effectively in the outpatient setting [14]. 

Reducing the burden of preventable diabetes-related complications and 

hospitalizations represents an important opportunity to improve population health in the 

United States. This is particularly true in southeastern states, which have the highest 

burden of diabetes in the nation [15,16]. Florida is the most populous state in this 

region, and it is estimated that at least 2.5 million of the state’s adult residents have 

diabetes [17,18]. In order to mitigate the burden of diabetes complications in Florida, it 

will be essential to focus intervention strategies on populations at high risk of adverse 

diabetes outcomes. Understanding the drivers of these outcomes is useful for guiding 

strategies to improve diabetes management and reduce risks of complications.  
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Unfortunately, there is a lack of information regarding the distribution and 

determinants of diabetes complications and hospitalizations at the local level in Florida. 

Therefore, the overall goal of this research was to investigate disparities and 

determinants of diabetes complications and hospitalizations, and provide information to 

guide evidence-based health planning to reduce inequities in adverse diabetes 

outcomes. The specific objectives of this project were to: (i) identify individual- and area-

level predictors of severe diabetes complications among hospitalized adult patients 

(Chapter 2); (ii) investigate the geographic distribution of diabetes-related hospitalization 

rates at the ZIP code tabulation area (ZCTA) level, identify significant local clusters of 

high hospitalization rates, and describe characteristics of ZCTAs within the observed 

spatial clusters (Chapter 3); and (iii) identify determinants of diabetes-related 

hospitalization rates at the ZCTA level and assess if the strengths of these relationships 

vary by geographic location and at different spatial scales (Chapter 4). All studies were 

retrospectively conducted in Florida, using hospital discharge data provided by the 

Agency for Health Care Administration, through a Data Use Agreement with the Florida 

Department of Health.  

This dissertation contains five separate chapters. The introductory chapter 

includes a brief background and the objectives of this work. Chapters 2, 3, and 4 

describe the methods and results of studies addressing the objectives listed above. The 

findings of Chapters 2, 3, and 4 have been submitted for publication and are currently 

under peer review.  Lastly, Chapter 5 summarizes and discusses the findings of this 

work, and outlines directions for future research.     
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CHAPTER 2 

Investigation of predictors of severity of diabetes complications 

among hospitalized patients with diabetes in Florida, 2016-2019 
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A version of this chapter has been submitted for peer review at BMC Public 

Health. My contributions to this manuscript included study design, data preparation and 

analysis, and drafting and editing the manuscript. Dr. Agricola Odoi was also involved in 

the design of the study and revision of the manuscript. Co-authors from the Florida 

Department of Health, Dr. Keshia Reid, Chris Duclos, and Alan Mai, were involved in 

data curation and revision of the manuscript. All authors read and approved the final 

manuscript. 

2.1 Abstract 

Background: Severe diabetes complications impact the quality of life of patients and 

may lead to premature deaths. However, these complications are preventable through 

proper glycemic control and management of risk factors. Understanding the risk factors 

of complications is important in guiding efforts to manage diabetes and reduce risks of 

its complications. Therefore, the objective of this study was to identify risk factors of 

severe diabetes complications among adult hospitalized patients with diabetes in 

Florida.   

Methods: Hospital discharge data from 2016 to 2019 were obtained from the Florida 

Agency for Health Care Administration through a Data Use Agreement with the Florida 

Department of Health. Adjusted Diabetes Complications Severity Index (aDCSI) scores 

were computed for 1,061,140 unique adult patients with a diagnosis of diabetes. Severe 

complications were defined as those with an aDCSI4. Population average models, 

estimated using generalized estimating equations, were used to identify individual- and 

area-level predictors of severe diabetes complications.  
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Results: Non-Hispanic Black patients had the highest odds of severe diabetes 

complications compared to non-Hispanic White patients among both males (Odds Ratio 

[OR] = 1.20, 95% Confidence Interval [CI]: 1.17, 1.23) and females (OR=1.27, 95% CI: 

1.23, 1.31). Comorbidities associated with higher odds of severe complications included 

hypertension (OR=2.30, 95% CI: 2.23, 2.37), hyperlipidemia (OR=1.29, 95% CI: 1.27, 

1.31), obesity (OR=1.24, 95% CI: 1.21, 1.26) and depression (OR=1.09, 95% CI: 1.07, 

1.11), while the odds were lower for patients with a diagnosis of arthritis (OR=0.81, 95% 

CI: 0.79, 0.82).  Type of health insurance coverage was associated with the severity of 

diabetes complications, with significantly higher odds of severe complications among 

Medicare (OR=1.85, 95% CI: 1.80, 1.90) and Medicaid (OR=1.83, 95% CI: 1.77, 1.90) 

patients compared to those with private insurance. Residing within the least 

socioeconomically deprived ZIP code tabulation areas (ZCTAs) in the state had a 

protective effect compared to residing outside of these areas.  

Conclusions: Racial, ethnic, and socioeconomic disparities in the severity of diabetes 

complications exist among hospitalized patients in Florida. The observed disparities 

likely reflect challenges to maintaining glycemic control and managing cardiovascular 

risk factors, particularly for patients with multiple chronic conditions. Interventions to 

improve diabetes management should focus on populations with disproportionately high 

burdens of severe complications to improve quality of life and decrease premature 

mortality among adult patients with diabetes in Florida.   
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2.2 Background 

Diabetes mellitus is one of the most common chronic diseases in the United 

States (U.S.), with an estimated 28.5 million diagnosed cases among adults in 2019 [1]. 

Complications of diabetes are a significant public health burden [19], and result in 

substantial economic costs to patients and healthcare systems [20,21]. Short-term 

effects of uncontrolled diabetes include acute metabolic complications such as diabetic 

ketoacidosis or hypoglycemic coma [4]. Long-term effects of diabetes, on the other 

hand, are associated with both macrovascular and microvascular complications. The 

macrovascular complications include cardiovascular disease, peripheral vascular 

disease, and stroke [3,4], while microvascular complications include retinopathy, 

neuropathy and nephropathy [4]. Retinal lesions may lead to progressive visual 

impairment resulting in blindness, while neuropathy increases the risk of lower-extremity 

ulcerations that may necessitate amputation [3,4]. Nephropathy can ultimately progress 

to end-stage renal disease, requiring chronic dialysis treatment or kidney transplantation 

[3,4]. Such complications can permanently impact quality of life [7–9], and are 

associated with depression [22], functional limitations, and premature mortality [3,5,6]. 

Therefore, the primary goal of diabetes care is to prevent complications through 

glycemic control and management of cardiovascular risk factors [11–13]. 

Hospitalizations due to complications of diabetes, which is considered an ambulatory 

care sensitive condition, often reflect problems with access to or utilization of quality 

outpatient care [14,23–25]. 
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While hospitalizations due to diabetes complications may be prevented with 

timely access to care and effective management [14], there have been substantial 

increases in diabetes-related hospitalizations, amputations, and hospital costs in Florida 

in recent years [26]. Complications of diabetes will likely present an ongoing challenge 

due to Florida’s growing population of adults aged 65 and over [27]. Age is a known risk 

factor for Type 2 diabetes, which represents 90-95% of the diabetes burden in the U.S. 

[3]. Older adults account for the majority of healthcare resource utilization attributable to 

diabetes [21], and are also projected to account for most of the future increase in 

diabetes prevalence in the U.S. [28]. Reducing the burden of preventable diabetes-

related complications represents an important opportunity to meaningfully improve the 

health of Floridians.  

There is evidence of disparities in diabetes prevalence and participation in 

diabetes preventive programs in Florida (diabetes self-management education) [29,30]. 

This suggests that there might also be disparities in complications of diabetes in the 

state. However, there is a lack of information on distribution or determinants/predictors 

of diabetes complications in Florida. Since severe complications of diabetes pose the 

greatest burden to patients and health systems [31], identifying determinants/predictors 

of these complications is important for guiding strategies aimed at reducing the burden. 

Therefore, the objective of this study was to identify individual- and area-level predictors 

of severe diabetes complications among hospitalized adult patients in Florida. 
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2.3 Methods 

2.3.1 Ethics approval 

This study was approved by the University of Tennessee, Knoxville Institutional 

Review Board (Number: UTK IRB-22-07182-XP).  

2.3.2 Study area 

 This study was conducted in the state of Florida, which is located in the 

Southeastern United States and comprises 67 counties and 983 ZIP code tabulation 

areas (ZCTAs) [32]. In 2019, Florida had an estimated population of 20.9 million people, 

with 20.1% of the population aged 65 and older [33]. ZCTA-level population ranged from 

0 to 76,508 residents [33]. An estimated 14.0% of Floridians had income below the 

poverty level in 2019, and 19.5% of adults under the age of 65 did not have health 

insurance coverage [34,35]. In 2019, the estimated statewide prevalence of diabetes 

among adults in Florida was 11.7% [36]. 

2.3.3 Data sources and preparation 

2.3.3.1 Patient-level variables 

Hospital discharge data from 2016 to 2019 were obtained from the Florida 

Agency for Health Care Administration through a Data Use Agreement with the Florida 

Department of Health. Data management was performed using SAS 9.4 [37]. Variables 

extracted included masked Social Security Number (SSN), patient age, sex, race and 

ethnicity, admission and discharge dates, principal payer, patient ZIP code and county 
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of residence, principal International Classification of Diseases, Tenth Revision, Clinical 

Modification (ICD-10-CM) diagnosis code, and all other ICD-10-CM diagnosis codes. 

Records of hospitalized patients between the ages of 18 and 100 with a diagnosis of 

Type 1 or Type 2 diabetes mellitus (ICD-10-CM codes E10.x or E11.x) in any diagnosis 

field were selected for inclusion in the study, yielding 2,581,031 hospitalizations. 

Dichotomous variables were generated for each entry to indicate the presence/absence 

of a diagnosis for each of the following co-morbidities: hypertension, hyperlipidemia, 

obesity, depression, and arthritis. Diagnosis codes used to construct each of the 

comorbidity variables are displayed in Table 2.1. 

Principal payer was classified into the following groups: Medicare (patients with 

Medicare or Medicare managed care plans); Medicaid (Medicaid, Medicaid managed 

care, or Kidcare); private insurance (commercial health insurance, worker’s 

compensation, or commercial liability coverage); Veterans Affairs (VA), TriCare, federal, 

state and local government; self-pay (patients with no health insurance coverage); non-

payment, and other. The non-payment designation applies to several categories, 

including clinical trials or other research, charity, and refusal to pay or debt. 

Adapted Diabetes Complications Severity Index (aDCSI) scores were calculated 

for each hospitalization using the ICD-10-CM diagnosis codes [31,38,39].  The DCSI is 

a validated 14-level (scores of 0 to 13) measure that is a better predictor of mortality 

than a simple count of number of diabetic complications a patient has [31,38]. Seven 

categories of diabetes complications are included in the computation of DCSI score: 

cardiovascular, cerebrovascular, metabolic, renal, neurologic, ophthalmic, and 

peripheral vascular [38]. Complications for each of the seven categories are assigned  
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Table 2.1. Diagnosis codes used to identify selected comorbidities among 
hospitalized patients with diabetes in Florida, USA, 2016-2019. 
 

Condition ICD-10-CM Diagnosis Codes 

Hypertension I10.x, I11.x, I12.x, I13.x, I15.x 
Hyperlipidemia E78.00, E78.01, E78.1, E78.2, E78.3, E78.41, E78.49, E78.5 

Obesity 
Z68.54, Z68.3, Z68.4, Z68.35, Z68.36, Z68.37, Z68.38, Z68.39, 
E66.01, E66.2, E66.09, E66.1, E66.8, E66.9 

Depression F31.3-6, F32.x, F33.0-3, F33.40-42, F33.8, F33.9, F34.1 
Arthritis  M05.x, M06.x, M12.0x, M15.x, M16.x, M17.x, M18.x, M19.x 
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scores from 0 to 2 based on presence and severity (with the exception of neuropathy, 

which has a maximum of 1). These are generated from ICD-10-CM codes and renal 

laboratory parameters, and are summed to yield the patient’s total DCSI score [31,38]. 

The adapted DCSI (aDCSI) does not include laboratory parameters, but is otherwise 

identical to the original DCSI and exhibits similar performance [39]. In order to identify 

patients with severe complications, aDCSI score was categorized into a dichotomous 

variable (aDCSI < 4 and aDCSI  4). An aDCSI score  4 indicates that a patient: (a) 

has at least one complication related to the majority of the body systems assessed in 

the index, and/or (b) has one or more complications classified as severe. Compared 

with lower aDCSI scores, having an aDCSI score  4 is associated with higher odds of 

hospitalization and mortality, and higher costs of inpatient care and prescription 

medications [40].  

A single admission was randomly selected for each patient with a unique 

identifier (masked SSN) to limit potential bias from patients with repeated 

hospitalizations during the study period. A total of 83,843 entries did not include a 

unique patient identifier, indicating that the patient did not provide an SSN upon 

admission to the hospital. Findings of initial descriptive analyses suggested these 

patients differed from those who did report SSNs with respect to several characteristics, 

and therefore these entries were retained as their exclusion could bias the findings of 

the analysis. Furthermore, recent research suggests that hospital patients who do not 

report an SSN tend to be from vulnerable sub-populations that may be at higher risk of 

adverse health outcomes compared to the general population [41].  
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Since individual identifiers were not present to enable selection of unique 

patients from this group of entries, a matching scheme was employed to link records 

that were most likely to have originated from a single patient. Three potential matching 

schemes were investigated: (1) age, gender, diabetes type, and ZIP code, (2) age, 

gender, diabetes type, ZIP code, race, and ethnicity (where neither race nor ethnicity 

were unknown), and (3) age, gender, diabetes type, ZIP code, race, and ethnicity 

(where race and ethnicity matched between records but could be unknown). Time 

between hospitalizations was taken into consideration when identifying an age match. 

To validate the matching schemes, each was applied to a test set of 2,370 entries from 

1,000 randomly selected patients with known unique identifiers. Matching scheme (3) 

had the best performance for identifying true pairs of records from the same individual, 

with 69.8% sensitivity, 100% specificity, and strong agreement with true matches based 

on a kappa test of agreement (kappa = 0.8113). Additional matching schemes that 

considered diagnosis codes were investigated, but provided no improvements in 

performance. Linked pairs of matching entries were transformed to clusters of entries 

with common identifiers using the Transitive Record Linkage macro in SAS [42,43]. In 

total, 43,807 unique patients were identified from this group, and a single entry was 

randomly selected from each for further analysis.  

2.3.3.2 ZCTA-level variables 

Patient ZIP codes were joined to ZIP code tabulation areas (ZCTAs) using the 

Uniform Data System (UDS) Mapper ZIP code to ZCTA crosswalk [44].  Fifteen ZCTAs 

with total populations of fewer than 100 people were excluded to minimize bias from 

areas with very low population counts [45], resulting in the exclusion of 1.5% of ZCTAs 



 

 

14 

and 0.045% of patients (n = 464) from the study. Theoretical domains and data sources 

for ZCTA-level variables investigated are listed in Table 2.2. Each ZCTA was classified 

as either rural or non-rural based on locale assignments published by the National 

Center for Education Statistics [46].  

Physician information extracted from the Florida Department of Health, Division of 

Medical Quality Assurance’s Florida Healthcare Practitioner Data Portal [47] included 

physician ID, specialty, practice ZIP code, county and state, license status, activity 

description, and dates of issuance and expiration. This Data Portal can be accessed at 

https://mqa-internet.doh.state.fl.us/downloadnet/GeneralInformation.aspx. Physicians 

with internal medicine or family practice specialties were considered primary care 

physicians. Since license status prior to expiration is not listed for physicians with 

expired licenses, only physicians with a clear and active license at the time of data 

accession (01/2021) were included for further analysis. Therefore, 3.21% of practice 

addresses for physicians with unknown license status during the study period were 

excluded. Physician practice address ZIP codes were joined to ZCTAs and the number 

of physicians was aggregated to the ZCTA level.  

Pharmacy data were extracted from the same Florida Healthcare Practitioner 

Data Portal [47] and included practice address ZIP code and state, dates of license 

issuance and expiration, and pharmacy status. Pharmacies with a non-expired license 

during the study period that were listed as closed at the time of data accession 

(03/2021) were included during the last full year prior to license expiration. Pharmacy 

ZIP codes were joined to ZCTAs and aggregated to the ZCTA level. Total population, 

obtained from the U.S. Census Bureau American Community Survey 5-year estimates  
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Table 2.2. Theoretical domains and data sources of ZIP code tabulation area 
(ZCTA) variables investigated as predictors of severe complications among 
hospitalized patients with diabetes in Florida, USA, 2016-2019. 
 

Variable names and domains Data sources 

Rurality  
ZCTA locale designations U.S. Department of Education National Center for 

Education Statistics – Education Demographic and 
Geographic Estimates (EDGE) Program 

Healthcare access  
Number of primary care physicians per 10,000 
population 

Florida Healthcare Practitioner Data Portal, American 
Community Survey (ACS) 2015-2019 5-year estimates 
(Table DP05) Number of pharmacies per 10,000 population 

Food environment  
Number of grocery stores or supermarkets per km2  U.S. Census Bureau 2016 Annual Economic Survey 

(Table CB1600ZBP), U.S. Census Bureau TIGER/Line 
Shapefiles 

Number of convenience stores per km2 

Number of limited service (fast food) restaurants per km2 

Education  
Percentage of population 25 years or older with less than 
a high school education 

ACS 2015-2019 5-year estimates (Table S1501) 

Employment  
Unemployment rate in population 16 years and older ACS 2015-2019 5-year estimates (Table S2301) 

Percentage of males aged 20-64 not participating in the 
labor force 

Housing  
Percentage renter-occupied housing units ACS 2015-2019 5-year estimates (Table DP04) 
Percentage vacant housing units ACS 2015-2019 5-year estimates (Table DP04) 
Percentage occupied housing units with >1 occupant per 
room 

ACS 2015-2019 5-year estimates (Table S2501) 

Percentage renter- and owner-occupied households 
where gross rent or selected monthly owner costs are at 
least 50% of household income 

ACS 2015-2019 5-year estimates (Table B25070 and 
B25095) 

Median value of owner-occupied housing units ACS 2015-2019 5-year estimates (Table DP04)  

Occupation  
Percentage of employed males 16 and older with 
management occupations 

ACS 2015-2019 5-year estimates (Table S2401) 
 

Percentage of employed males 16 and over with 
professional occupations 

Percentage of employed females 16 and over with 
management occupations 

Percentage of employed females 16 and over with 
professional occupations 

Poverty  
Percent of families with income below poverty level ACS 2015-2019 5-year estimates (Table S1702) 
Percentage of female-headed households with own 
children under 18 years of age 

ACS 2015-2019 5-year estimates (Table S1101) 

Percentage of households with annual income of less 
than $30,000 

ACS 2015-2019 5-year estimates (Table B19001) 

Percentage of families with public assistance income or 
in households receiving Supplemental Nutrition 
Assistance Program (SNAP) benefits 

ACS 2015-2019 5-year estimates (Table B19123) 

Percentage of occupied households with no vehicles 
available 

ACS 2015-2019 5-year estimates (Table DP04) 

Racial composition  
Percentage non-Hispanic Black residents ACS 2015-2019 5-year estimates (Table DP05) 

Residential stability  
Percentage of current residents living in the same house 
as 1 year ago 

ACS 2015-2019 5-year estimates (Table B07001) 

Percentage of residents 65 years and older ACS 2015-2019 5-year estimates (Table DP05) 
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for 2015-2019 [48], was used to compute the number of practicing primary care 

physicians and pharmacies per 10,000 population in each ZCTA. 

 The number of grocery stores or supermarkets, convenience stores, and limited 

service (fast food) restaurants at the ZIP code level were obtained from the U.S. 

Census Bureau 2016 Annual Economic Survey [49,50]. Food establishment data were 

joined to ZCTAs [44]. Land area of each ZCTA was extracted from U.S. Census Bureau 

TIGER/Line shapefiles, and used to calculate pharmacy, supermarket, convenience 

store, and fast food restaurant density [51].   

2.3.3.3 Neighborhood deprivation index 

Neighborhood Deprivation Index (NDI) values were computed using the method 

developed by Messer and colleagues [52]. Numerous studies have used the NDI in 

analyses investigating associations between area-level socioeconomic status and 

health-related behaviors or outcomes at both the census tract [53–57], and ZCTA levels 

[58–60]. 

Twenty census variables representing the following domains were assessed for 

inclusion in the NDI: education, employment, housing, occupation, poverty, racial 

composition, and residential stability [52]. Individual variables and their data sources are 

listed in Table 2.2. Forty-one (4.24%) of the 968 ZCTAs included in the study did not 

have complete data for all twenty NDI variables. Seventeen continuous variables had 

one or more missing values, with a maximum of 38 missing observations (for the 

median household value variable). 
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Due to the missing data, multiple imputation (m = 5) with fully conditional 

specification was performed using the “mice” package in R [61]. Since many of the 

variables had significant skewness, imputation with predictive mean matching was used 

[62,63]. The imputation model for each variable with missing data included the 

remaining nineteen NDI variables, as well as the rurality variable.  

Computation of the NDI involved principal components analysis (PCA) and 

selection of a subset of candidate census variables that contributed highly to the first 

component, which was then retained for further analysis [52]. The NDI score for each 

ZCTA was computed by summing the standardized values of these variables, weighted 

by their respective loadings on the first principal component. The NDI scores were then 

standardized to have a mean of 0 and standard deviation of 1, and categorical variables 

representing NDI tertiles, quartiles, and quintiles were generated.  

2.3.4 Statistical analysis 

To investigate and identify predictors of severe diabetes complications (aDCSI  

4), population average generalized linear models were fit to the data using generalized 

estimating equations (GEE), specifying binomial distribution, logit link, and an 

exchangeable working correlation structure [64,65]. Patients residing within the same 

ZCTA were treated as clustered observations. Modeling was performed in SAS 9.4 

using the GENMOD procedure [37]. First, univariable models were fit to identify 

potential predictors, and variables associated with the outcome at a liberal p-value of < 

0.15 were considered for inclusion in multivariable models. Correlations between 

potential predictor variables were assessed using Spearman rank-order correlation. If a 
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pair of variables were highly correlated (|rs| > 0.7), then only one was selected for 

inclusion in the modeling process. 

After identification of candidate predictor variables, models with patient-level 

predictors were fit using backward selection and an inclusion criterion of p < 0.05. 

Changes in the modified quasi-likelihood information criterion (QICu), were also used to 

guide variable selection [64]. Lower values of the QICu statistic indicate a model with 

better fit to the data [64]. If removal of a variable from the model changed the magnitude 

of another variable’s coefficient by more than 20%, it was deemed a potential 

confounder and considered for retention in the model regardless of its statistical 

significance. Patient-level variables considered as potential predictors included year of 

admission, age, gender, race/ethnicity, health insurance coverage, diabetes type, and 

comorbidities (hypertension, arthritis, hyperlipidemia, depression, and obesity). Since 

patients who did not report an SSN during hospitalization tend to be from 

socioeconomically vulnerable groups with low access to healthcare services [41], the 

presence/absence of an SSN was also assessed as a potential predictor. Age was 

assessed as both a continuous variable, scaled by subtracting 18 (the minimum age for 

inclusion), and as a categorical variable. A quadratic term for the continuous age 

variable was also assessed for significance. An interaction term for gender and 

race/ethnicity was assessed, based upon findings of previous research [66].  

After specification of the patient-level variables in the model, significant ZCTA-

level predictors were identified using forward selection with a cutoff of p < 0.05, guided 

by changes in QICu. Due to high correlations between food environment and healthcare 

access variables, physicians per capita and grocery store density were the only 
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predictors from these categories considered for inclusion in the model. Rurality, as well 

as NDI tertiles, quartiles, and quintiles were also assessed. In addition, since racial 

composition was not incorporated into the NDI variable, which was only moderately 

correlated with percentage non-Hispanic Black residents, this was also considered as a 

potential predictor.  

Results for each step in the model-building process for the five imputed datasets 

were combined using the MIANALYZE procedure in SAS [37]. Results of partial F-tests 

assessing the overall significance of categorical variables with more than two levels 

were combined using the “miceadds” package in R [67]. 

2.4 Results 

2.4.1 Descriptive statistics 

A total of 1,061,140 hospital records for unique patients between the ages of 18 

and 100 with diagnoses of Type 1 or Type 2 diabetes mellitus were included in the 

study. The median duration of hospitalization was 3 days, with an interquartile range 

(IQR) of 2 to 6 days and an overall range of 0 to 1,143 days. Median age was 69 years 

(IQR 58 to 78), and there were more male patients (51.7%) than female patients 

(48.3%). Most patients were non-Hispanic White (60.6%), followed by Hispanic patients 

(18.7%) and non-Hispanic Black or African American patients (17.7%) (Table 2.3). The 

vast majority (97.3%) of patients had Type 2 diabetes, and the most common 

comorbidities were hypertension (83.1%) and hyperlipidemia (55.6%). Medicare 

(64.9%), private insurance (18.3%), and Medicaid (7.5%) were the most frequently 

listed payment sources. Adapted DCSI (aDCSI) scores ranged from 0 to 11, with a  
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Table 2.3.  Characteristics and Adapted Diabetes Complications Severity Index 
(aDCSI) scores of hospitalized adult patients with diabetes in Florida, USA, 2016-
2019.  
 

Characteristic % (n) aDCSI<4 aDCSI4 

Year of admission    
      2016 24.4 (258,916) 90.0 (232,982) 10.0 (25,934) 
      2017 23.9 (253,149) 90.6 (229,394) 9.4 (23,755) 
      2018 24.8 (263,102) 90.5 (237,982) 9.5 (25,120) 
      2019 27.0 (285,973) 89.8 (256,833) 10.2 (29,140) 
Gender    
      Male 51.7 (548,773) 88.7 (486,685) 11.3 (62,088) 
      Female 48.3 (512,367) 91.8 (470,506) 8.2 (41,861) 
Race/ethnicity    
      Non-Hispanic American Indian/ Alaska Native 0.13 (1,348) 91.3 (1,231) 8.7 (117) 
      Non-Hispanic Asian 0.98 (10,128) 92.3 (9,343) 7.7 (785) 
      Non-Hispanic Black 17.7 (183,600) 89.6 (164,514) 10.4 (19,086) 
      Non-Hispanic Hawaiian/ Pacific Islander 0.05 (479) 91.0 (436) 9.0 (43) 
      Non-Hispanic White 60.6 (628,604) 89.6 (562,971) 10.4 (65,633) 
      Other non-Hispanic 1.9 (20,123) 91.2 (18,350) 8.8 (1,773) 
      Hispanic 18.7 (193,754) 92.6 (179,394) 7.4 (14,360) 
Presence of social security number (SSN)     
      SSN provided on admission 95.9 (1,017,333) 90.1 (916,990) 9.9 (100,343) 
      No SSN on admission 4.1 (43,807) 91.8 (40,201) 8.2 (3,606) 
Principal payer     
      Medicare 64.9 (689,067) 88.0 (606,108) 12.0 (82,959) 
      Medicaid 7.5 (79,339) 92.3 (73,229) 7.7 (6,110) 
      Private 18.3 (193,909) 95.2 (184,498) 4.8 (9,411) 
      VA1, TriCare, federal, state or local  
        government 

2.7 (28,929) 91.7 (26,523) 8.3 (2,406) 

      Self-pay (uninsured) 4.7 (49,808) 96.0 (47,792) 4.0 (2,016) 
      Non-payment 1.5 (16,073) 95.9 (15,406) 4.1 (667) 
      Other 0.4 (4,015) 90.5 (3,635) 9.5 (380) 
Diabetes type    
      Type 1 2.7 (28,815) 88.7 (25,557) 11.3 (3,258) 
      Type 2 97.3 (1,032,325) 90.3 (931,634) 9.7 (100,691) 
Diagnosed comorbidities    
      Hypertension 83.1 (882,253) 89.0 (784,959) 11.0 (97,294) 
      Arthritis 14.5 (153,460) 90.7 (139,133) 9.3 (14,327) 
      Hyperlipidemia 55.6 (590,247) 88.3 (521,237) 11.7 (69,010) 
      Obesity 26.8 (284,369) 89.8 (255,464) 10.2 (28,905) 
      Depression 12.6 (133,262) 89.9 (119,797) 10.1 (13,465) 
Neighborhood Deprivation Index quartiles    
      1 (most deprived) 26.4 (280,228) 90.6 (253,793) 9.4 (26,436) 
      2 29.9 (317,117) 90.1 (285,679) 9.9 (31,438) 
      3 25.8 (273,824) 90.0 (246,411) 10.0 (27,413) 
      4 (least deprived) 17.9 (189,971) 90.2 (171,309) 9.8 (18,662) 
1Veterans Affairs 
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median of 1 and IQR of 0 to 2. Approximately one-tenth (9.8%) of patients in the study 

had an aDCSI score of 4 or higher. 

The number of patients from each ZCTA ranged from 1 to 5,162 with a median of 

907 and IQR of 402 to 1,625. Summary statistics of ZCTA-level characteristics, all of 

which were non-normally distributed, are displayed in Table 2.4. In 2016, the median 

numbers of primary care physicians and licensed pharmacies were 6 (IQR 1.7 to 13.6) 

and 3.1 (IQR 1.3 to 5.5) per 10,000 population, respectively. The percentage of 

residents with educational attainment below the high school level ranged from 0 to 

62.5%, with a median of 10.3%. Other socioeconomic characteristics of ZCTAs also 

varied widely; for instance, the median unemployment rate was 5.1%, but ranged from 0 

to 78.8%. Median value of owner-occupied housing units ranged from $12,800 to 

$1,208,3300 (median $188,740, IQR $130,420 to $273,460). There was a higher 

median percentage of females in professional occupations (37.9%) compared to males 

(28.8%), but the percentage of males in management positions (median 10.6%) tended 

to be higher than females (median 8.0%). The median percentage of households in 

poverty was 8.9%, but ranged from 0 to 70.8%. The percentage of non-Hispanic Black 

residents at the ZCTA level also ranged widely, from 0 to 100%, with a median of 7.9%. 

Residential stability within a one-year period tended to be high (median 85.6%, IQR 

81.8 to 88.6%).  

2.4.2 Neighborhood deprivation index 

The neighborhood deprivation index (NDI) included variables from the following 

domains: education (percentage of residents at least 25 years of age with education  
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Table 2.4. Characteristics of ZIP code tabulation areas in Florida, USA. 
 

Variable Name and Year 
Quartiles 

Min. Q11 Median Q32 Max. 

Total population (2015-2019) 104 7,940.5 19,030.5 31,342.5 76,508 

Healthcare Access (2016)      

Primary care physicians / 10,000 pop.  0 1.7 6.0 13.6 7,541 
Pharmacies / 10,000 pop.  0 1.3 3.1 5.5 390.2 

Food Environment (2016)      
Grocery stores / km2  0 0.003 0.05 0.2 7.6 
Convenience stores / km2  0 0 0.02 0.1 6.7 
Limited service restaurants / km2 0 0.01 0.2 0.8 38.2 

Education (2015-2019)      

%  25 with less than high school 

education 
0 6.3 10.3 16.7 62.5 

Employment (2015-2019)      
Unemployment rate in population 16 
years and older 

0 3.8 5.1 7.0 78.8 

% males no longer in work force 0 14.4 19.0 26.1 100 

Housing (2015-2019)      
% renter-occupied housing units 0 19.1 27.5 41.2 100 
% vacant housing units 0 10.5 16.1 24.0 97.6 
% crowded (>1 person/room) 0 0.9 2.0 3.7 47.2 
% renter/owner costs >50% of income 0 10.6 13.9 18.2 49.8 
Median value, owner-occupied housing 
units 

$12,800 $130,420 $188,740 $273,460 $1,208,300 

Occupation (2015-2019)      
% males in management 0 6.9 10.6 14.6 100 
% males in professional occupations 0 20.4 28.8 39.4 100 
% females in management 0 5.4 8.0 10.8 100 
% females in professional occupations 0 31.6 37.9 45.8 100 

Poverty (2015-2019)      
% households in poverty 0 5.3 8.9 13.8 70.8 
% female-headed households with 
dependent children 

0 3.1 5.1 7.5 66.0 

% households earning < $30,000 / 
year 

0 18.5 25.7 33.4 100 

% households receiving public 
assistance or SNAP3 benefits 

0 6.7 13.1 21.2 100 

% households with no car 0 2.5 4.5 7.5 41.2 

Racial composition (2015-2019)      
% non-Hispanic Black residents 0 2.8 7.9 17.2 100 

Residential stability (2015-2019)      
% in same residence as 1 year ago 11.9 81.8 85.6 88.6 100 
% 65 years and over 0 13.8 19.2 27.1 87.1 

1First quartile 
2Third quartile 
3Supplemental Nutrition Assistance Program 
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below the high school level), housing (median value of owner-occupied housing units), 

occupation (percentage of employed males and females 16 and over with management 

or professional occupations), poverty (percentage of families with income below the 

poverty level, percentage of households with annual income less than $30,000, 

percentage of families with public assistance income or in households receiving 

Supplemental Nutrition Assistance Program (SNAP) benefits), and residential stability 

(percentage of residents aged 65 and over). Variable loadings on the first principal 

component, which were used to construct NDI scores, are displayed in Table 2.5. 

Across the entire study area, 59.6% of the variance of the ten variables in the index was 

explained by the first principal component. When PCA was stratified by rurality, the 

percentage of variance explained was higher for non-rural ZCTAs (65.7%) than for rural 

ZCTAs (53.6%). Characteristics of the ZCTAs in each NDI quartile are summarized in 

Table 2.6. Lower values of the index were associated with higher percentages of the 

population with less than a high school education, families with income below the 

poverty level, households with annual income less than $30,000, and families receiving 

public assistance income. Higher median housing values, percentage of employed 

males and females with professional or management occupations, and percentage of 

older adults in the population were associated with higher values of the NDI. Therefore, 

lower values of the index indicate more deprived areas. Fewer patients (17.9%) resided 

in ZCTAs in the highest (least deprived) NDI quartile compared to all other quartiles 

(Table 2.3). 
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Table 2.5. Results of principal components analysis used to construct 
Neighborhood Deprivation Index, stratified by rurality, for ZIP code tabulation 
areas (ZCTAs) in Florida, USA, 2016-2019. 
 

Theoretical domains and variable names 
Variable loadings on first principal component 

Rural ZCTAs1 Non-rural ZCTAs1 All ZCTAs1 

Education    

%  25 with less than high school education -0.78 -0.91 -0.84 

Housing    
Median value, owner-occupied housing units 0.68 0.58 0.63 

Occupation    
% males in management  0.57 0.73 0.63 
% males in professional occupations 0.76 0.77 0.77 
% females in management 0.36 0.62 0.48 
% females in professional occupations 0.60 0.70 0.67 

Poverty    
% of families with income below poverty level -0.77 -0.90 -0.83 
% households with annual income < $30,000 -0.83 -0.89 -0.86 
% families with public assistance income or in 
households receiving SNAP2 benefits 

-0.82 -0.98 -0.89 

Residential stability    
% of residents 65 years and older 0.22 0.27 0.24 

Percent of variance explained  53.6% 65.7% 59.6% 
1ZIP code tabulation areas 
2Supplemental Nutrition Assistance Program 

 

 

 
 
Table 2.6. Median values of ZIP code tabulation area characteristics by 
Neighborhood Deprivation Index (NDI) quartile, Florida, USA, 2016-2019.  
 

Variable 
NDI quartile 

1 (most 
deprived) 

2 3 
4 (least 

deprived) 

%  25 with less than high school education 20.6 12.7 8.5 4.4 

Median value, owner-occupied housing units $105,580 $157,250 $207,160 $347,240 
% males in management  5.6 8.9 11.8 17.9 
% males in professional occupations 16.5 25.8 32.5 47.4 
% females in management 5.1 6.7 9.0 12.0 
% females in professional occupations 28.7 35.0 41.2 50.5 
% families with income below poverty level 17.8 10.8 7.1 4.2 
% households with annual income < $30,000 38.4 29.1 22.2 16.0 
% families with public assistance income or in 
households receiving SNAP1 benefits 

27.3 16.8 10.3 4.0 

% residents 65 years and older 16.5 19.6 19.7 21.8 
1Supplemental Nutrition Assistance Program 
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2.4.3 Population average generalized linear model 

Significant individual-level predictors of severe diabetes complications (aDCSI 

score4) included age, gender, race/ethnicity, diabetes type, comorbidities 

(hypertension, hyperlipidemia, obesity, depression and arthritis), payer, report of an 

SSN upon admission, and year of admission (Tables 2.7 and 2.8).  

Coefficients for linear and quadratic age terms in the final model had opposite signs, 

such that the odds of severe diabetes complications were higher for older patients, but 

the magnitude of this effect diminished as age increased. Racial and ethnic differences 

in the odds of severe diabetes complications differed by gender. For instance, among 

males, the odds of severe complications were 21% lower for Asian patients compared to 

non-Hispanic White patients (95% confidence interval [CI]: 0.72, 0.87, p < 0.0001), but a 

significant difference was not observed among female patients (p = 0.0718). On the 

other hand, while Hispanic male patients also had lower odds of severe complications 

compared to non-Hispanic White male patients (odds ratio [OR] = 0.86, 95% CI: 0.84, 

0.89, p < 0.0001), the magnitude of the difference between these groups was greater 

among females (OR = 0.78, 95% CI: 0.76, 0.81, p < 0.0001). In contrast, both male (OR 

= 1.20, 95% CI: 1.17, 1.23, p < 0.0001) and female (OR = 1.27, 95% CI: 1.23, 1.31, p < 

0.0001) non-Hispanic Black patients had higher odds of severe diabetes complications 

compared to non-Hispanic White patients.  

Several clinical factors were associated with the severity of diabetes 

complications among hospitalized adult patients with diabetes. For instance, the odds of 

severe diabetes complications were 62% lower for patients with Type 2 compared to  
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Table 2.7. Predictors of severe diabetes complications among hospitalized adults 
in Florida, USA, 2016-2019. 
 

Parameters Coefficient 95% Confidence Interval* p-value 

Intercept -4.416 -4.496 -4.335 < 0.0001 
Age  0.040 0.037 0.043 < 0.0001 
Age (quadratic) -0.0002 -0.0002 -0.0002 < 0.0001 
Gender     
      Male 0.398 0.381 0.416 < 0.0001 
      Female Ref. - - - 
Race/ethnicity     < 0.0001 
      Non-Hispanic American Indian/Alaska Native 0.123 -0.151 0.397 0.3777 
      Non-Hispanic Asian -0.088 -0.183 0.008 0.0718 
      Non-Hispanic Black or African American 0.238 0.207 0.268 < 0.0001 
      Non-Hispanic Hawaiian/ Pacific Islander 0.098 -0.383 0.578 0.6906 
      Other non-Hispanic -0.070 -0.149 0.009 0.0812 
      Hispanic -0.243 -0.277 -0.210 < 0.0001 
      Non-Hispanic White Ref. - - - 
Diabetes type     
      Type 2 -0.976 -1.017 -0.934 < 0.0001 
      Type 1 Ref. - - - 
Comorbidities      
      Hypertension 0.833 0.804 0.862 < 0.0001 
      Hyperlipidemia 0.258 0.243 0.273 < 0.0001 
      Obesity 0.211 0.194 0.229 < 0.0001 
      Depression 0.089 0.069 0.109 < 0.0001 
      Arthritis -0.216 -0.237 -0.194 < 0.0001 
Principal payer     < 0.0001 
      Medicare 0.615 0.587 0.642 < 0.0001 
      Medicaid 0.606 0.568 0.644 < 0.0001 
      VA1, TriCare, gov’t 0.285 0.233 0.337 < 0.0001 
      Uninsured -0.043 -0.096 0.010 0.1104 
      Non-payment -0.019 -0.106 0.067 0.6586 
      Other 0.450 0.337 0.562 < 0.0001 
      Private Ref. - - - 
Presence of social security number (SSN)     
      No SSN on admission 0.105 0.067 0.143 < 0.0001 
      SSN on admission Ref. - - - 
Admission year     < 0.0001 
      2017 -0.086 -0.105 -0.066 < 0.0001 
      2018 -0.067 -0.088 -0.049 < 0.0001 
      2019 -0.011 -0.030 0.008 0.2613 
      2016 Ref. - - - 
Neighborhood Deprivation Index quartile     
      Lower 3 quartiles 0.090 0.064 0.117 < 0.0001 
      Least deprived quartile Ref. - - - 
Interaction term    < 0.0001 
    Male     
          Non-Hispanic American Indian/ Alaska Native -0.233 -0.615 0.148 0.2299 
          Non-Hispanic Asian -0.147 -0.289 -0.005 0.0421 
          Non-Hispanic Black or African American -0.055 -0.092 -0.019 0.0033 
          Non-Hispanic Hawaiian/ Pacific Islander -0.198 -0.860 0.464 0.5579 
          Other non-Hispanic 0.091 -0.011 0.194 0.0817 
          Hispanic 0.098 0.059 0.136 < 0.0001 
    Female, non-Hispanic White Ref. - - - 

*Confidence intervals computed using modified sandwich estimate of variance 
1Veterans Affairs 
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Table 2.8. Predictors of severe diabetes complications among hospitalized adults 
in Florida, USA, 2016-2019. 
 

Parameters Odds Ratio  95% Confidence Interval* p-value 

Intercept 0.012 0.011 0.013 < 0.0001 
Age  1.041 1.038 1.044 < 0.0001 
Age (quadratic) 0.9998 0.9998 0.9998 < 0.0001 
Gender & race/ethnicity     
   Males          
      Non-Hispanic American Indian/Alaska Native 0.896 0.666 1.205 0.4675 
      Non-Hispanic Asian 0.791 0.716 0.873 < 0.0001 
      Non-Hispanic Black or African American 1.200 1.168 1.233 < 0.0001 
      Non-Hispanic Hawaiian/ Pacific Islander 0.904 0.587 1.395 0.3326 
      Other non-Hispanic 1.021 0.958 1.089 0.5223 
      Hispanic 0.864 0.840 0.889 < 0.0001 
      Non-Hispanic White Ref. - - - 
  Females     
      Non-Hispanic American Indian/Alaska Native 1.131 0.860 1.487 0.3777 
      Non-Hispanic Asian 0.916 0.833 1.008 0.0718 
      Non-Hispanic Black or African American 1.269 1.230 1.307 < 0.0001 
      Non-Hispanic Hawaiian/ Pacific Islander 1.103 0.682 1.782 0.6906 
      Other non-Hispanic 0.932 0.862 1.009 0.0812 
      Hispanic 0.784 0.758 0.811 < 0.0001 
      Non-Hispanic White Ref. - - - 
Diabetes type     
      Type 2 0.377 0.362 0.393 < 0.0001 
      Type 1 Ref. - - - 
Comorbidities      
      Hypertension 2.300 2.234 2.368 < 0.0001 
      Hyperlipidemia 1.294 1.275 1.314 < 0.0001 
      Obesity 1.235 1.214 1.257 < 0.0001 
      Depression 1.093 1.071 1.115 < 0.0001 
      Arthritis 0.806 0.789 0.824 < 0.0001 
Principal payer      
      Medicare 1.850 1.799 1.900 < 0.0001 
      Medicaid 1.833 1.765 1.904 < 0.0001 
      VA1, TriCare, gov’t 1.330 1.262 1.401 < 0.0001 
      Uninsured 0.958 0.908 1.010 0.1104 
      Non-payment 0.981 0.899 1.069 0.6586 
      Other 1.568 1.401 1.754 < 0.0001 
      Private Ref. - - - 
Presence of social security number (SSN)     
      No SSN on admission 1.111 1.069 1.154 < 0.0001 
      SSN on admission Ref. - - - 
Admission year      
      2017 0.918 0.900 0.936 < 0.0001 
      2018 0.935 0.916 0.952 < 0.0001 
      2019 0.989 0.970 1.008 0.2613 
      2016 Ref. - - - 
Neighborhood Deprivation Index quartile     
      Lower 3 quartiles 1.094 1.066 1.124 < 0.0001 
      Least deprived quartile Ref. - - - 

*Confidence intervals computed using modified sandwich estimate of variance 
1Veterans Affairs  
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Type 1 diabetes (95% CI: 0.36, 0.39, p < 0.0001). Diagnoses of hypertension (OR = 

2.30, 95% CI: 2.23, 2.37, p < 0.0001), hyperlipidemia (OR = 1.29, 95% CI: 1.27, 1.31, p 

< 0.0001), obesity (OR = 1.24, 95% CI: 1.21, 1.26, p < 0.0001) and depression (OR = 

1.09, 95% CI: 1.07, 1.11, p < 0.0001) were associated with higher odds of severe 

diabetes complications, while arthritis was associated with lower odds of severe 

complications (OR = 0.81, 95% CI: 0.79, 0.82, p < 0.0001).   

Lack of health insurance coverage was not a significant predictor of the severity 

of diabetes complications when compared to private insurance (p = 0.1104). However, 

patients with Medicare (OR = 1.85, 95% CI: 1.80, 1.90, p < 0.0001), Medicaid (OR = 

1.83, 95% CI: 1.77, 1.90, p < 0.0001), VA and other government insurance (OR = 1.33, 

95% CI: 1.26, 1.40, p < 0.0001), and other insurance sources (OR = 1.57, 95% CI: 1.40, 

1.75, p < 0.0001) did have higher odds of severe complications compared to private 

insurance. Absence of an SSN upon hospital admission was also positively associated 

with severe diabetes complications (OR = 1.11, 95% CI: 1.07, 1.15, p < 0.0001). 

Patients admitted in 2017 (OR = 0.92, 95% CI: 0.90, 0.94, p < 0.0001) and 2018 (OR = 

0.94, 95% CI: 0.92, 0.95, p < 0.0001) had slightly lower odds of severe complications 

than those admitted in 2016. 

Neighborhood Deprivation Index (NDI) quartile was the only significant ZCTA-

level predictor in the final model. Compared to patients living in ZCTAs in the least 

deprived quartile, patients in all other NDI quartiles had significantly higher odds of 

severe diabetes complications (OR = 1.09, 95% CI: 1.07, 1.12, p < 0.0001). Food 

environment, healthcare access, and racial composition variables were not significantly 

associated with severity of diabetes complications. 
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2.5 Discussion  

This study investigated and identified predictors of severe complications among 

adult patients hospitalized with diabetes in Florida. The odds of severe complications 

increased with age, a finding that likely reflects duration of the condition, which is 

associated with macrovascular events in affected patients [68]. The observed 

association between Type 1 diabetes and severe complications is also likely related to 

duration of the condition, since Type 1 diabetes tends to have an earlier age of onset 

than Type 2 diabetes [4]. The diminishing magnitude of the strength of association 

between older age and severity of complications observed in this study might be due to 

survival bias since higher aDCSI values are associated with higher risks of death 

[31,39].  

Several comorbidities were positively associated with severe diabetes 

complications, highlighting the difficulties of managing multiple chronic conditions. 

Patients with multiple conditions face challenges with coordination and quality of care, 

financial costs, and adhering to complex self-management recommendations [69]. 

Hypertension and hyperlipidemia, two important cardiovascular risk factors, were 

predictors of severe diabetes complications, consistent with findings of a previous study 

which reported that hypertension and/or hypercholesterolemia in patients with diabetes 

were predictors of poor health status [70]. Interestingly, having a diagnosis of arthritis 

was associated with lower odds of severe complications. While most evidence suggests 

that multiple conditions are associated with poorer quality of care, this may vary 

depending upon the specific combination of illnesses [69]. Further investigation is 
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warranted to understand the mechanism of the negative association between arthritis 

and severe diabetes complications observed in this study. 

Higher odds of severe diabetes complications were observed among patients 

with a diagnosis of depression compared to those without this diagnosis. Previous 

research has identified a bi-directional association between diabetes and depression, 

and the two conditions share risk factors such as socioeconomic deprivation [71]. The 

association between depression and severe diabetes complications observed in the 

current study could reflect the impacts of diabetes complications on quality of life [71]. 

This finding may also have been driven by poorer adherence to treatment and self-

management recommendations among patients with diabetes who also have 

depression [71]. The association observed in this study underscores the importance of 

depression screening for patients with diabetes, as well as ensuring linkage to 

additional care when indicated [71]. 

There were racial/ethnic and gender disparities in the odds of severe diabetes 

complications, with non-Hispanic Black patients having significantly higher odds of 

severe complications than non-Hispanic White patients. In addition to having higher 

odds of severe complications, non-Hispanic Black patients tended to be younger, with 

the lowest median age (62 years) of any group in the present study. In comparison, non-

Hispanic White patients had a median age of 70 years. These findings are consistent 

with those of a New York City study that reported younger average age for Black 

patients with diabetes compared to White patients and lower relative proportions of 

Black patients in older age groups [45]. The observed disparities in age and odds of 

severe complications could, in part, reflect earlier onset of diabetes among Black 
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patients in Florida. They may also indicate disparities in the provision and quality of 

diabetes care [72–74], and may suggest earlier diabetes-related mortality among Black 

patients [45]. 

While previous studies have reported lower levels of glycemic control [75] and a 

higher prevalence of complications [76,77] among Hispanic patients with diabetes 

compared to White patients, Hispanic patients in this study had lower odds of severe 

complications, a difference that was most pronounced among females. Previous 

research investigating predictors of severe diabetes complications in a Medicare 

population had the opposite finding [66]. This discrepancy could, in part, reflect 

differences between the compositions of the Hispanic populations of Florida and the 

U.S. overall. Diabetes prevalence in the Hispanic population in the U.S. varies by 

country of origin, with the highest diabetes prevalence and diabetes-related mortality 

rates among those of Mexican descent [75,78,79], who represent a much smaller 

percentage of the Hispanic population in Florida (13.5%) compared to the U.S. overall 

(59.5%) [80]. Significantly lower diabetes prevalence and mortality have been reported 

among Cubans and Cuban Americans, the largest subgroup of the Hispanic population 

in Florida [80]. Given the evidence of inequalities in diabetes prevalence, control, and 

outcomes within the Hispanic population, considering this diverse population as a single 

group may mask important differences between subgroups [79,81]. However, detailed 

ethnicity information was not recorded in the hospitalization data, precluding more 

detailed investigation in the current study. 

There is mixed evidence regarding the occurrence of diabetes complications 

among Asian Americans, who experience higher incidence of some complications, such 
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as end-stage renal disease, and lower incidence of others (lower extremity amputations) 

compared to their non-Hispanic White counterparts [77].  In this study, Asian male 

patients had lower odds of severe complications compared to non-Hispanic White 

males, but no such difference was observed for Asian female patients, despite findings 

of a previous study that reported lower diabetes prevalence among females in all Asian 

subgroups [82]. The observed finding may reflect gender-based differences in 

psychosocial factors, health behaviors, and access to healthcare as well as other 

resources necessary for effective management of the condition [72,83,84]. However, 

this finding could also be a result of relative sample size in the current study. In 2019, 

Asian Americans represented 2.6% of Florida’s population [33], and Asian patients 

comprised an even lower percentage of the study population (0.98%, 10,128 patients).  

The odds of severe complications were higher among both Medicaid and 

Medicare patients than those with private insurance. As of July 2022, Florida is one of 

twelve states that have not adopted the Medicaid eligibility expansion of the Affordable 

Care Act, and therefore non-elderly, low-income adults in the state must meet additional 

criteria to be eligible for Medicaid [85]. These criteria include blindness and disability 

[86], both of which can result from complications of diabetes, which may partially explain 

the observed association. In addition, given the income eligibility threshold for Medicaid 

recipients, these patients are likely to face additional financial barriers to securing the 

resources and care necessary for effective diabetes control, despite having health 

insurance coverage. The higher odds of severe diabetes complications among 

Medicare patients compared to those with private insurance may reflect the older age of 

Medicare-eligible patients, and longer duration of diabetes in these patients. In addition, 
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end-stage renal disease, a potential consequence of diabetic nephropathy [4], is one of 

the eligibility criteria for Medicare [87], which may also partly explain the observed 

association. 

Lack of health insurance was not significantly associated with having severe 

diabetes complications when compared to private health insurance coverage.  This was 

somewhat surprising, since health insurance coverage is a predictor of receiving quality 

diabetes care [73,88]. The reason for this finding is unclear, although it could reflect 

utilization of care. As inpatient hospitalization carries a large cost burden, those without 

health insurance coverage may decline necessary care for financial reasons. This may 

have, in part, accounted for the low level of uninsurance among patients in the study 

(4.7%) compared to the overall population of Florida, which has the fourth-highest 

percentage of uninsured individuals in the nation (13.4%), although this difference could 

also reflect the older age of the hospital patients in this study, most of whom were 

insured with Medicare. It is also important to note that only patients’ health insurance 

coverage at the time of hospitalization was available, and prior insurance status was 

unknown. Since diabetes complications may result from cumulative years of inadequate 

glycemic control and cardiovascular risk factor management [89], health insurance 

coverage throughout the life course may be a better predictor of this outcome. 

Regardless, the persistence of disparities in severe diabetes complications despite 

controlling for health insurance suggests that barriers to diabetes control outside of the 

healthcare setting should also be investigated. Indeed, socioeconomic disparities in 

avoidable hospitalizations and lower extremity amputations due to diabetes have been 

reported in Canada, a country with universal access to healthcare [90].  
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In addition to the observed association between Medicaid coverage and severe 

complications, two other findings of this study suggest that socioeconomic position is 

related to the occurrence of severe diabetes complications. First, the odds of severe 

complications were higher among patients not reporting a social security number (SSN) 

than among those that did. It is worth noting that patients who do not report an SSN 

tend to be from vulnerable groups who may have lower access to healthcare and other 

important resources than those who do. Such groups may include temporary workers, 

undocumented immigrants, and those experiencing homelessness [41]. The higher 

odds of severe diabetes complications in these patients in the current study suggests 

that they face barriers to effective diabetes management. In addition, neighborhood 

deprivation, which is a function of educational attainment, housing value, occupation, 

poverty, and residential stability, was also a predictor of severe diabetes complications. 

This association underscores the importance of the living environment, which can 

impact the ability of patients with diabetes to effectively manage the condition and 

prevent complications. Residents of more deprived neighborhoods may have fewer 

opportunities for education and employment, and face both social and physical barriers 

to engaging in recommended health behaviors [91].  

2.5.1 Strengths and limitations 

This study investigated a large sample of hospitalized adult patients with 

diabetes in Florida who were diverse with respect to demographic characteristics, health 

insurance coverage, and socioeconomic status. Previous studies that have investigated 

claims data from a single insurance payer have limited generalizability to patients with 

different insurance sources or without health insurance coverage. The use of hospital 
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data in this study also prevented bias associated with self-reporting, a limitation of 

survey data. In addition, while some studies investigating the association between 

diabetes-related outcomes and socioeconomic position have substituted area-level 

measures for individual income, this analysis accounted for the nested nature of the 

data using population average models estimated with generalized estimating equations 

[92,93]. 

However, this study is not without limitations. A limited number of individual-level 

variables that reflect individual socioeconomic position (health insurance coverage and 

presence of a Social Security Number) were available for analysis. Study findings may 

have also been affected by differences in healthcare utilization, since the financial 

burden of hospitalization may lead patients with limited resources to decline necessary 

care. Further investigation of emergency department visits and observation stays is 

warranted to assess the potential impact of healthcare utilization bias on the findings of 

this study. These limitations notwithstanding, this study provides valuable information for 

guiding the development and implementation of health programs in Florida to reduce 

disparities in preventable complications of diabetes in the state. 

2.6 Conclusions 

This study identified racial, ethnic, gender and socioeconomic disparities in the 

severity of diabetes complications among hospitalized adult patients in Florida. The 

disproportionately high risk of severe complications in some groups may reflect earlier 

diabetes onset as well as challenges to achieving glycemic control and managing 

cardiovascular risk factors. In addition, study findings highlight the challenge of 
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achieving sustained, effective management of diabetes for patients with multiple chronic 

conditions and the importance of depression as a predictor of adverse outcomes of 

diabetes. Since hospitalizations due to diabetes complications are preventable, the 

findings of this study are useful for guiding health programming aimed at improving 

health outcomes for patients with diabetes in Florida. Targeting populations with 

disproportionately high burdens of severe complications using evidence-based 

interventions to facilitate effective diabetes management in outpatient and community-

based settings will help reduce complications, improve quality of life, and decrease 

premature mortality among patients with diabetes. 
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CHAPTER 3 

Investigation of geographic disparities of diabetes-related 

hospitalizations in Florida using flexible spatial scan statistics: an 

ecological study 
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A version of this chapter has been submitted for publication at PLOS ONE and is 

currently under review. My contributions to this manuscript included study design, data 

preparation and analysis, preparing figures, and drafting and editing the manuscript. Dr. 

Agricola Odoi was also involved in the design of the study and revision of the 

manuscript, and both authors read and approved the final manuscript. 

3.1 Abstract 

Background: Hospitalizations due to diabetes complications are potentially preventable 

with effective management of the condition in the outpatient setting. Diabetes-related 

hospitalization (DRH) rates can provide valuable information about access, utilization, 

and efficacy of healthcare services. However, little is known about the local geographic 

distribution of DRH rates in Florida. Therefore, the objectives of this study were to 

investigate the geographic distribution of DRH rates at the ZIP code tabulation area 

(ZCTA) level in Florida, identify significant local clusters of high hospitalization rates, 

and describe characteristics of ZCTAs within the observed spatial clusters.  

Methods: Hospital discharge data from 2016 to 2019 were obtained from the Florida 

Agency for Health Care Administration through a Data Use Agreement with the Florida 

Department of Health. Raw and spatial empirical Bayes smoothed DRH rates were 

computed at the ZCTA level. High-rate DRH clusters were identified using Tango’s 

flexible spatial scan statistic. Choropleth maps were used to display smoothed DRH 

rates and significant high-rate spatial clusters. Demographic, socioeconomic, and 

healthcare-related characteristics of cluster and non-cluster ZCTAs were compared 
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using the Wilcoxon rank sum test for continuous variables and Chi-square test for 

categorical variables.  

Results: There was a total of 554,449 diabetes-related hospitalizations during the study 

period. The statewide DRH rate was 8.5 per 1,000 person-years, but smoothed rates at 

the ZCTA level ranged from 0 to 101.9. A total of 24 significant high-rate spatial clusters 

were identified. High-rate clusters had a higher percentage of rural ZCTAs (60.9%) than 

non-cluster ZCTAs (41.8%). The median percent of non-Hispanic Black residents was 

significantly (p < 0.0001) higher in cluster ZCTAs than in non-cluster ZCTAs. 

Populations of cluster ZCTAs also had significantly (p < 0.0001) lower median income 

and educational attainment, and higher levels of unemployment and poverty compared 

to the rest of the state. In addition, median percent of the population with health 

insurance coverage and number of primary care physicians per capita were significantly 

(p < 0.0001) lower in cluster ZCTAs than in non-cluster ZCTAs.  

Conclusions: This study identified geographic disparities of DRH rates at the ZCTA 

level in Florida. The identification of high-rate DRH clusters provides useful information 

to guide resource allocation such that communities with the highest burdens are 

prioritized to reduce the observed disparities. Future research will investigate 

determinants of hospitalization rates to inform public health planning, resource 

allocation and interventions. 

3.2 Background 

Diabetes mellitus, a condition that affects an estimated 37.1 million adults in the 

United States [1], is characterized by hyperglycemia due to insulin resistance or 
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impaired insulin production [2]. Hyperglycemia in patients with undiagnosed or 

inadequately controlled diabetes promotes vascular changes, which can lead to long-

term complications that account for much of the morbidity and mortality associated with 

the condition [89]. These include accelerated cardiovascular disease, cerebrovascular 

disease, peripheral arterial disease, retinopathy, nephropathy and neuropathy [3,89]. 

Prompt diagnosis, glycemic control, and management of cardiovascular risk factors 

such as hypertension and dyslipidemia are important to limit the development of these 

complications [11–13].  

In general, hospitalizations due to diabetes complications are considered to be 

preventable if the condition is managed effectively in the outpatient setting [14]. 

However, optimal control of diabetes requires tailored patient care and relatively 

frequent engagement with the healthcare system, and can be challenging due to 

financial costs and potentially complex self-management requirements [12,13,94]. Thus, 

surveillance of diabetes-related hospitalization rates can yield important insights with 

respect to access, utilization, and efficacy of healthcare services [14]. Nationwide 

reductions in the risks of diabetes-related complications and mortality over the past few 

decades have been attributed to improvements in clinical care, patient education, and 

support [95,96]. However, some recent reports suggest stagnation or reversal of this 

progress [19,97,98], warranting continued careful attention to this problem.  

In Florida, the age-adjusted rate of hospitalizations due to diabetes increased by 

19% between 2013 and 2018 [26]. During this time period, the annual cost of these 

hospitalizations rose from $1.8 billion to $3.6 billion [26]. It is essential to curb these 

trends to reduce the public health and economic impacts of diabetes, which affects over 
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2.4 million adults in Florida [26]. Rates of inpatient hospitalizations due to diabetes 

provide an indirect measure that can be used to effectively identify geographic hot-spots 

of poor glycemic control in the absence of a population-level hemoglobin A1c (HbA1c) 

registry [99]. This suggests that populations with high hospitalization rates are likely to 

benefit from interventions to improve diabetes management [99]. Therefore, 

understanding the local geographic distribution of diabetes-related hospitalization rates 

is important so that communities with high burdens can be prioritized for resource 

allocation and implementation of such interventions. However, there is a lack of 

information regarding the distribution of diabetes-related outcomes in Florida. 

Furthermore, while county-level geographic disparities in pre-diabetes prevalence, 

diabetes prevalence, and participation in validated self-management education and 

support programs have been identified within the state [30,100–102], information at the 

sub-county level is limited to model-based small area estimates [103] or focused, single-

county investigations [104]. Filling this knowledge gap by characterizing the local 

distribution of diabetes-related hospitalization rates across the state will be essential to 

reduce disparities of adverse diabetes outcomes. Therefore, the objectives of this study 

were to investigate the geographic distribution of diabetes-related hospitalization rates 

at the ZIP code tabulation area (ZCTA) level in Florida, identify significant local clusters 

of high hospitalization rates, and describe characteristics of ZCTAs within the observed 

spatial clusters.  
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3.3 Methods 

3.3.1 Ethics approval 

This study was approved by the University of Tennessee Institutional Review 

Board (Number: UTK IRB-22-07182-XP). The study used secondary data collected 

between January 1, 2016 and December 31, 2019 and provided to the investigators by 

Florida Agency for Health Care Administration through a Data Use Agreement with the 

Florida Department of Health. The study was conducted between 2022 and 2023. Study 

investigators did not have information that could be used to identify individual 

participants during or after data collection. In accord with 45 CFR 46.116(f), informed 

consent was waived by the Institutional Review Board. In addition, the request for 

waiver of HIPAA authorization for the conduct of the study itself is approved. All data 

were fully anonymized before sharing with study investigators. 

3.3.2 Study area and design 

This study was conducted in Florida, which had an estimated population of 20.9 

million in 2019, the largest among the states of the Southeastern United States [33]. 

There are 67 counties and 983 ZIP code tabulation areas (ZCTAs) in the state (Figure 

3.1) [32]. Approximately half (46.6%) of these ZCTAs are classified as rural and had a 

combined population of 6.2 million residents [33,46]. The median age in Florida was 42 

years, and the state had the highest percentage of adults aged 65 and older in the U.S. 

(20.1%) [33]. The estimated prevalence of diagnosed diabetes among adults in Florida 

in 2019 was 11.7%, but was higher among older adults, reaching 22.5% among those 

between the ages of 65 and 74, and 24.8% among those aged 75 and older [105]. A  
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Figure 3.1. Urban-rural classification of ZIP code tabulation areas and geographic 
distribution of counties and major cities in Florida, USA. 
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retrospective ecological study design was used to investigate the local geographic 

distribution of diabetes-related hospitalizations in Florida. Diabetes-related 

hospitalizations were computed at the ZCTA level, and significant high-rate spatial 

clusters were identified. Descriptive statistics were used to compare ZCTAs within high-

rate clusters with the rest of the state with respect to measures of rurality/urbanization, 

demographic composition, economic characteristics, educational attainment, healthcare 

access, and the food environment.  

3.3.3 Data sources and preparation 

3.3.3.1 Hospital discharge, population and ZCTA data 

Hospital discharge data for patients admitted between January 1, 2016 and 

December 31, 2019 were provided by the Florida Agency for Health Care Administration 

through a Data Use Agreement with the Florida Department of Health. The following 

variables were extracted from the dataset: patient age, admission and discharge dates, 

ZIP code of residence, all International Classification of Diseases, Tenth Revision, 

Clinical Modification (ICD-10-CM) diagnosis codes, and all International Classification of 

Diseases, Tenth Revision, Procedure Coding System (ICD-10-PCS) procedure codes. 

Records for patients between the ages of 18 and 100 with diabetes-related 

hospitalizations were selected for analysis. Patients with diabetes-related 

hospitalizations were defined as those who met any of the following criteria:  

(1) Patients with a principal diagnosis code included in one of the following 

Agency for Healthcare Research and Quality (AHRQ) Prevention Quality 

Indicators (PQIs): diabetes with short-term complications (PQI 01), diabetes 



 

 

45 

with long-term complications (PQI 03), and uncontrolled diabetes (PQI 14) 

[106–108].  

(2) Patients with a diagnosis of Type 1 or Type 2 diabetes mellitus (ICD-10-CM 

codes E10.x or E11.x) in any diagnosis field and a procedure code for lower-

extremity amputation in any procedure field. These included all diagnosis 

codes included in AHRQ PQI 16 (lower extremity amputation among patients 

with diabetes) [109], as well as procedure codes for toe amputations in order 

to maintain consistency with methods used in the Florida Diabetes Advisory 

Council Diabetes Report [26].  

(3) Patients with a diagnosis of Type 1 or Type 2 diabetes mellitus in any 

diagnosis field, and a principal diagnosis of a complication of diabetes 

included in the list used to construct the Diabetes Complications Severity 

Index [31,38].  

The ZIP code to ZCTA crosswalk table developed by John Snow, Inc. was used 

to join patient address ZIP codes to ZIP code tabulation areas (ZCTAs) [44], and 

diabetes-related hospitalizations were then aggregated to the ZCTA level. The total 

number of person-years at risk used to compute ZCTA-level diabetes-related 

hospitalization rates was obtained by summing the adult populations for each year from 

2016 to 2019, which were obtained from the U.S. Census Bureau American Community 

Survey (ACS) 5-year estimates [33,110–112]. In order to limit risk of disclosure and 

minimize bias from areas with low population counts, values for ZCTAs with fewer than 

100 adult residents during any year of the study and/or fewer than 10 diabetes-related 
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hospitalizations were excluded from statistical analyses and suppressed in map figures. 

Therefore, a total of 933 ZCTAs were included for further analysis. 

3.3.3.2 Shape files, grocery store, and physician data 

County- and ZCTA-level cartographic boundary shapefiles used for mapping 

were obtained from the U.S. Census Bureau TIGER Geodatabase and the Florida 

Geographic Data Library [113,114]. The number of grocery stores at the ZIP code level 

was obtained from the 2016 U.S. Census Bureau Annual Economic Survey and joined 

to ZCTAs [49]. Grocery store density was computed using land area obtained from the 

ZCTA shapefile. Practice address ZIP codes for physicians with a specialty of family 

practice or internal medicine who had a clear/active license at the time of data 

accession (01/2021) were obtained from the Florida Department of Health, Division of 

Medical Quality Assurance’s Florida Healthcare Practitioner Data Portal [115]. Practice 

address ZIP codes were joined to ZCTAs and aggregated to the ZCTA level to compute 

the number of primary care physicians per 10,000 population. 

3.3.3.3 Socioeconomic and demographic data 

Socioeconomic and demographic characteristics at the ZCTA level were obtained 

from ACS 5-year estimates [33,116–120]. These included: population age distribution 

and racial/ethnic composition, percent  25 years of age without a high school 

education, percent  25 years of age with a bachelor’s degree or higher, median 

household income, median household value, percent of families in poverty, percent 

unemployed, percent without health insurance coverage, and percent of households 

without a vehicle. Diabetes prevalence estimates at the ZCTA level were obtained from 
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the Centers for Disease Control and Prevention (CDC) Population-Level Analysis and 

Community Estimates (PLACES) project [103].  Rural-urban classification of ZCTAs was 

performed using locale assignments published by the National Center for Education 

Statistics [46].  

3.3.4 Geographic analysis 

To adjust for spatial autocorrelation and low populations in some ZCTAs, the 

ZCTA-level diabetes-related hospitalization rates were smoothed before mapping. The 

smoothing was performed using the spatial empirical Bayes smoothing approach, 

employing queen contiguity weights in GeoDa 1.18.0 [121]. This approach shrinks local 

rate estimates toward the local mean rate within a spatial window containing a given 

geographic unit and its neighbors [122]. This results in more stable estimates for areas 

with small populations and large variances, while accounting for the geographic 

structure of the data [122,123].  

Cluster investigation was performed using Tango and Takahashi’s flexible spatial 

scan statistic (FSSS), specifying a Poisson model, implemented in FleXScan v3.1.2 

[124]. Under the null hypothesis of no clustering, the number of cases in each region in 

the study area follows a Poisson distribution with mean proportional to the relative 

number of person-years at risk in the region [124,125]. To assess whether significant 

spatial clustering exists, a set of flexibly shaped scanning windows are imposed on 

each region in the study area. The windows include the individual region as well as all 

combinations of connected regions up to a specified maximum number of nearest 

neighbors. A log-likelihood ratio test (LLR) is used to compare the log-likelihood of 
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observing the number of cases that occur within each window with that of the regions 

outside of it. The regions within the window with the highest value of the LLR comprise 

the primary cluster. Secondary clusters are identified from the remaining regions in the 

study area that do not overlap with any cluster with a higher LLR statistic. To increase 

computational efficiency and avoid including areas that do not have elevated rates in 

the primary cluster, a restricted LLR statistic was used [125,126]. This takes the 

individual rate of each region into account and limits candidates for inclusion in the 

primary cluster to those with elevated risk at a pre-specified  value. In this study, the 

maximum scanning window size was specified as 30 ZCTAs, and the default  value of 

0.2 was selected for restriction of the likelihood ratio test. Monte Carlo simulation with 

999 replications was used for statistical inference. Clusters with LLR test p-values  

0.05 and rate ratios (RRs)  1.5 were reported. 

Smoothed estimates of diabetes-related hospitalization rates and cluster 

identities were imported into QGIS Opensource software, which was used to perform all 

cartographic manipulations [127]. Jenks’ optimization scheme was used for 

classification of smoothed diabetes-related hospitalization rate estimates and rate ratios 

of diabetes-related hospitalization clusters [128]. 

3.3.5 Descriptive statistical analyses 

Descriptive analyses were performed using SAS version 9.4 [37]. The Shapiro-

Wilk test was used to assess normality of distribution of continuous variables. Since all 

continuous variables were non-normally distributed, median and interquartile range 

(IQR) were used as measures of central tendency and dispersion, respectively. ZCTAs 
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with missing data for any of the variables assessed were excluded from computations of 

median and IQR for that variable. Variables with missing data were: median household 

value (14/933, 1.5%), median household income (4/933, 0.4%), percent of families in 

poverty (2/933, 0.2%), percent of households without a vehicle (1/933, 0.1%). The 

Wilcoxon rank sum test was used to assess whether median characteristics of non-

cluster ZCTAs differed significantly from those of ZCTAs within clusters of high diabetes-

related hospitalization rates. The Chi-square test was used to assess whether the 

distribution of rural-urban ZCTA locale assignments differed between cluster and non-

cluster areas.  

3.4 Results 

3.4.1 Distribution of diabetes-related hospitalization rates 

There was a total of 2,581,031 hospitalizations with a diagnosis of Type 1 or Type 

2 diabetes among patients aged 18-100 years. Only 554,449 of these hospitalizations 

met the inclusion criteria for diabetes-related hospitalizations in this study. The 

statewide diabetes-related hospitalization (DRH) rate was 8.5 per 1,000 person-years, 

but spatial empirical Bayes (SEB) smoothed rates at the ZCTA level ranged from 0 to 

101.9 (Figure 3.2). The highest DRH rates tended to occur in ZCTAs in inland central 

and northeastern Florida, as well as along the Gulf Coast to the north of the Tampa Bay 

area (Figures 3.1 and 3.2). In northwest Florida, ZCTAs to the west of Tallahassee as 

well as those in the rural northwest panhandle also had relatively high rates of diabetes-

related hospitalizations (Figures 3.1 and 3.2). While large swaths of ZCTAs with high 

DRH rates tended to occur in relatively rural parts of the state, the distribution of DRH  
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Figure 3.2. Geographic distribution of spatial empirical Bayes smoothed diabetes-
related hospitalization (DRH) rates at the ZIP code tabulation area level in Florida, 
2016-2019. 
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rates exhibited marked variation within some metropolitan areas (Figure 3.3). For 

instance, a group of ZCTAs extending from central Jacksonville to the northern and 

western fringes of the city was characterized by relatively high DRH rates compared to 

those in southeastern Jacksonville and closer to the Atlantic Coast. High rates of DRH 

were also evident in southeastern coastal Florida, an area that consists largely of urban 

and suburban ZCTAs (Figure 3.3). Two distinct groups of ZCTAs with high DRH rates 

were present in this area, one in the city of Fort Lauderdale and the other in northern 

Miami. Both areas were surrounded by ZCTAs with relatively low DRH rates.  

3.4.2 Significant spatial clusters of high rates of diabetes-related hospitalizations 

Geographic locations and rate ratios of significant high-rate spatial clusters of 

diabetes-related hospitalizations are displayed in Figure 3.4. The DRH rate of the 

primary cluster was 14.0 per 1,000 person-years (Table 3.1). The rate ratio (RR) of this 

cluster was 1.65, implying that the rate of diabetes-related hospitalizations within the 

cluster was 1.65 times that of the state. The primary cluster was also the largest cluster, 

and was comprised of 24 ZCTAs in central Florida to the east of Tampa and southwest 

of Orlando (Figures 3.1 and 3.4). Most of these ZCTAs were located in Polk County, but 

the cluster also included portions of Osceola, Highlands, and Hardee Counties (Figures 

3.1 and 3.4). The majority (79.2%) were classified as fringe or distant rural ZCTAs. 

In addition to the primary cluster, 23 secondary clusters were identified, with rate 

ratios ranging from 1.51 to 2.48 (Table 3.1 and Figure 3.4). A total of 179 ZCTAs (19.2% 

of the 933 ZCTAs included in the analysis) were included in high-rate clusters. The 

primary cluster in central Florida was bordered by several secondary clusters that had  
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Figure 3.3. Geographic distribution of spatial empirical Bayes smoothed diabetes-related hospitalization (DRH) 
rates in selected metropolitan areas in Florida, 2016-2019. 
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Figure 3.4. Significant high-rate spatial clusters of diabetes-related 
hospitalizations at the ZIP code tabulation area level in Florida, 2016-2019. 
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Table 3.1. Significant high-rate spatial clusters of diabetes-related hospitalizations 
at the ZIP code tabulation area level in Florida, 2016-2019. 
 

Cluster 
Location 

Size1 
Number of cases 

Rate2 RR3 p 
Region Counties Observed Expected 

1 Central Polk, Osceola, Highlands, Hardee 24 19915 12099.6 14.0 1.65 0.001 

2 Northeast 
Duval, Nassau, Baker, Union, Bradford, 
Clay 

11 9029 4222.6 18.2 2.14 0.001 

3 East Central Pasco, Hernando, Citrus, Sumter 21 18349 11620.8 13.4 1.58 0.001 
4 Southeast Miami-Dade 12 16438 10286.3 13.6 1.60 0.001 
5 Central Sumter, Lake, Marion 23 14427 9081.4 13.5 1.59 0.001 
6 West Central Hillsborough, Pasco 11 11227 7390.5 12.9 1.52 0.001 

7 Northeast 
St. Johns, Putnam, Alachua, Bradford, 
Marion, Volusia 

21 5601 3124.3 15.3 1.79 0.001 

8 
South 
Central 

Glades, Hendry, Lee, Highlands, 
Hardee, Okeechobee, St. Lucie, Martin, 
Osceola 

12 6976 4361.9 13.6 1.60 0.001 

9 Central Orange 4 6879 4318.5 13.6 1.59 0.001 
10 Southeast Broward 2 5568 3360.8 14.1 1.66 0.001 
11 Southeast St. Lucie 5 4724 2735.2 14.7 1.73 0.001 
12 Southwest Lee, Charlotte 4 4156 2693.4 13.1 1.54 0.001 
13 West Central Hillsborough 1 1466 706.1 17.7 2.08 0.001 

14 Northwest 
Gadsden, Leon, Liberty, Wakulla, 
Franklin 

11 3224 2024.7 13.6 1.59 0.001 

15 West Central Pinellas 3 3032 1986.4 13.0 1.53 0.001 
16 Northwest Bay 1 1212 620.2 16.6 1.95 0.001 
17 East Central Volusia 2 2405 1596.3 12.8 1.51 0.001 
18 East Central Osceola, Brevard 4 1733 1126.4 13.1 1.54 0.001 
19 Southwest Charlotte 1 1427 940.9 12.9 1.52 0.001 
20 Central Orange 1 201 81.2 21.1 2.48 0.001 
21 Southeast Palm Beach, Martin 2 398 217.4 15.6 1.83 0.001 
22 Northeast Columbia, Hamilton, Suwannee 1 127 62.8 17.2 2.02 0.001 
23 Northeast Alachua 1 65 26.7 20.7 2.44 0.002 
24 Central Orange 1 56 22.9 20.9 2.45 0.006 

1Number of ZIP code tabulation areas 
2Diabetes-related hospitalization rate per 1,000 person-years 
3Rate ratio 
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rate ratios ranging from 1.55 to 1.60 (Table 3.1 and Figure 3.4). The large secondary 

cluster to the south of the primary cluster encompassed the majority of Highlands and 

Okeechobee Counties, and included rural ZCTAs in several other counties in inland 

south-central Florida (Figures 3.1 and 3.4). 

There were several large clusters to the north of the primary cluster, spanning a 

mostly rural area that extended northeast from west central Florida (Figure 3.4). Cluster 

2 had a rate ratio of 2.14, and was composed of 11 ZCTAs, including 6 “large city” 

ZCTAs in Jacksonville, the most populous city in Florida (Table 3.1; Figures 3.4 and 

3.5). The Jacksonville area cluster was relatively large and had one of the highest rate 

ratios identified in this study. However, high-rate clusters were also identified in several 

other metropolitan areas in Florida. In southeastern coastal Florida, high-rate clusters 

were identified in Miami (RR = 1.60) and Fort Lauderdale (RR = 1.66) (Table 3.1 and 

Figure 3.5). Tampa, St. Petersburg, and Orlando were among the other cities that 

contained ZCTAs in high-rate clusters (Figures 3.4 and 3.5). In addition, there was a 

relatively large cluster (Cluster 14) with a rate ratio of 1.59 that extended west from 

southern Tallahassee, the state’s capital (Table 3.1; Figures 3.4 and 3.5). 

3.4.3 Characteristics of cluster vs. non-cluster ZCTAs 

The median diabetes prevalence estimate for ZCTAs within high-rate clusters of 

diabetes-related hospitalizations was 15.1% (IQR 13.8-16.7), which was significantly 

higher than that of ZCTAs outside of high-rate clusters (11.9%, IQR 10.2-13.5, p < 

0.0001) (Table 3.2). The characteristics of ZCTAs in high-rate clusters differed 

significantly (p < 0.0001) from those that were not in clusters with respect to their level  
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Figure 3.5. Significant high-rate spatial clusters of diabetes-related hospitalizations in selected metropolitan 
areas in Florida, 2016-2019. 
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Table 3.2. Comparison of characteristics of ZIP code tabulation areas within and 
outside of clusters of diabetes-related hospitalizations in Florida, 2016-2019. 
 

Variable 
Median (interquartile range) 

p* 
Cluster ZCTAs1 Non-cluster ZCTAs1 

Diabetes prevalence estimate (percent) 15.5 (13.8 – 16.7) 11.9 (10.2 – 13.5) < 0.0001 
Rurality/urbanization**    
   Rural 60.9 (109) 41.8 (315) 

< 0.0001    Suburban/town 24.0 (43) 38.7 (292) 
   City 15.1 (27) 19.5 (147) 
Demographic characteristics    
   Percent non-Hispanic Black 13.7 (4.4 – 38.4) 7.4 (2.8 – 15.2) < 0.0001 
   Percent Hispanic 10.6 (5.1 – 20.8) 10.4 (5.1 – 24.3) 0.3409 
   Percent 65 years of age and older 20.8 (15.2 – 27.8) 18.9 (13.8 – 26.8) 0.0567 
   Median age 42.4 (36.8 – 51.1) 42.6 (38.0 – 50.3) 0.4720 
Economic characteristics    
   Median household income  $42,060 ($36,551 – $48,214) $57,816 ($48,153 – 72,159) < 0.0001 
   Percent of families in poverty 14.0 (9.7 – 19.4) 7.9 (3.2 – 11.8) < 0.0001 
   Percent unemployed 7.3 (5.4 – 9.0) 4.9 (3.7 – 6.4) < 0.0001 
   Percent of households without a vehicle 6.4 (4.3 – 11.1) 4.2 (2.5 – 6.9) < 0.0001 
   Median household value $115,800 ($95,400 – 154,200) $215,650 ($156,600 – $294,100) < 0.0001 
Educational attainment    

   Percent 25 years of age without a high    
   school education 

16.7 (12.2 – 21.2) 9.1 (5.6 – 14.6) < 0.0001 

   Percent 25 years of age with a bachelor’s  
   degree or higher 

15.3 (11.9 – 19.2) 28.5 (19.6 – 41.3) < 0.0001 

Healthcare access    
   Percent without health insurance coverage 13.9 (10.9 – 17.8) 11.0 (8.1 – 15.0) < 0.0001 
   Primary care physicians per 10,000  
   population 

3.3 (0.5 – 10.0) 7.3 (2.6 – 14.3) < 0.0001 

Food environment    
   Grocery stores per 100 square kilometers 1.8 (0 – 15.4) 6.4 (0.6 – 23.0) 0.0005 
1ZIP code tabulation areas 
*p-value for Chi-square test (categorical variable) or Wilcoxon rank sum test (continuous variables) 
**Percent and frequency presented for categorical variable 
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of rurality/urbanization. High-rate clusters had a higher percentage of rural ZCTAs 

(60.9%) than non-cluster ZCTAs (41.8%). The majority of ZCTAs in non-cluster areas 

were either classified as suburbs/towns (38.7%) or cities (19.5%), while 24.0% of the 

ZCTAs within high-rate clusters were suburbs or towns and 15.1% were cities. 

Populations of cluster and non-cluster ZCTAs also exhibited significant 

differences with respect to racial composition, economic indicators, educational 

attainment, and healthcare and food access (Table 3.2). The median percentage of non-

Hispanic Black residents was significantly (p < 0.0001) higher within cluster ZCTAs 

(13.7%) than non-cluster ZCTAs (7.4%). Populations of ZCTAs within high-rate clusters 

had significantly (p < 0.0001) lower median household income ($42,060) than those of 

non-cluster ZCTAs ($57,816). In addition, the median percentage of families in poverty 

was significantly (p < 0.0001) higher in cluster ZCTAs (14.0%) than non-cluster ZCTAs 

(7.9%). The median unemployment rate and percentage of households without access 

to a vehicle were also significantly (p < 0.0001) higher for populations of cluster ZCTAs 

than those of non-cluster ZCTAs.  

Compared to non-cluster ZCTAs, populations of ZCTAs within high-rate clusters 

tended to have lower levels of educational attainment. The median percentage of adults 

aged 25 and older without a high school education was significantly (p < 0.0001) higher 

within cluster ZCTAs (16.7%) than non-cluster ZCTAs (9.1%). In addition, the median 

percentage of adults with a bachelor’s degree or higher was significantly (p < 0.0001) 

lower within cluster ZCTAs (15.3%) than non-cluster ZCTAs (28.5%). The median 

percentage of the population without health insurance coverage was significantly (p < 

0.0001) higher within cluster ZCTAs (13.9%) than non-cluster ZCTAs (11.0%).  
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Furthermore, the median number of primary care physicians per capita was significantly 

(p < 0.0001) lower in cluster ZCTAs (3.3 per 10,000 population) than non-cluster ZCTAs 

(7.3 per 10,000 population). Finally, median density of grocery stores was also 

significantly (p = 0.0005) lower in cluster ZCTAs (1.8 per 100 km2) than in non-cluster 

ZCTAs (6.4 per 100 km2). 

3.5 Discussion 

This study identified significant high-rate spatial clusters of diabetes-related 

hospitalizations (DRH) at the ZCTA level in Florida, and provides evidence of 

geographic disparities of DRH rates within the state. Interventions that aim to alleviate 

the excess burden of DRH in the identified hotspots have the potential to reduce these 

inequities.  

Previous research in Florida identified county-level geographic disparities in pre-

diabetes and diabetes prevalence [30,100–102]. The locations of those identified high-

prevalence diabetes clusters and the high-rate DRH clusters identified in this study 

exhibited some overlap, particularly in south-central Florida and near Tallahassee 

[30,101,102]. Populations of cluster ZCTAs also tended to have higher diabetes 

prevalence than those of non-cluster ZCTAs, suggesting that the observed disparities in 

hospitalization rates may, in part, reflect the burden of diabetes in the population. 

However, differences between the distribution of DRH rates and diabetes prevalence 

were also apparent in some parts of the state. This could be indicative of disparities in 

diabetes care and management. This is consistent with findings of previous research in 

the US [83,129]. For instance, compared to patients with diabetes from other parts of 
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the country, those from the Southern US are less likely to receive HbA1c testing, are 

more likely to report foregoing medical care due to cost, and are more likely to 

experience hypoglycemia [83,129].  

The identified local clusters in this study are important for guiding targeted efforts 

to improve glycemic control and cardiovascular risk factor management among patients 

with diabetes in communities with high DRH rates. Exploring characteristics of clusters 

and their populations can also inform needs-based planning to improve outcomes in 

these communities. For instance, the largest high-rate DRH clusters were primarily 

located in rural parts of Florida, consistent with findings of other US studies that have 

reported rural-urban disparities in diabetes outcomes [130,131]. This could, in part, 

reflect a higher burden of diabetes and risk factors such as overweight/obesity and 

tobacco use among rural populations compared to those of urban areas [132–136]. 

High DRH rates in rural areas may also reflect challenges in obtaining outpatient care 

and effective diabetes self-management for rural patients. For example, limited public 

transportation in rural areas could pose a barrier to attending appointments or obtaining 

medications in a timely manner. This challenge may be exacerbated by other resource 

limitations of ZCTAs within high-rate clusters. For instance, cluster ZCTAs tended to 

have greater distances between grocery stores (which often contain pharmacies), fewer 

primary care physicians per capita, and populations with more limited vehicle access 

than the rest of the state. Previous research in Florida reported a negative association 

between the percentage of rural residents and county-level rates of participation in 

diabetes self-management education (DSME) programs [30]. In addition, nationwide 

studies have reported that patients with diabetes in rural areas are less likely to receive 
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routine HbA1c testing, foot and eye examinations than those in metropolitan areas 

[74,132].  

While high-rate clusters tended to occur in rural rather than urban areas, it is 

worth noting that the distribution of DRH rates within some of the major cities in Florida 

varied significantly, and high-rate clusters were identified in several metropolitan areas. 

This is consistent with findings of studies in other states that reported geographic 

disparities within urban areas. Examples include hotspots of diabetes-related 

emergency department visits in central Los Angeles County in California [137], and 

diabetes-specific inpatient hospitalizations and emergency department visits in New 

York City [99]. In this study, one of the most notable high-rate clusters occurring in a 

metropolitan area included part of Jacksonville, located in Duval County in northeastern 

Florida. An analysis of 2007 data also reported sub-county level disparities in diabetes 

prevalence, emergency department visits, hospitalizations, and deaths in Duval County 

[104]. Compared to the rest of the county, residents of central Jacksonville had higher 

burdens of all the outcomes investigated in that study [104]. The current study found 

that these central ZCTAs also had relatively high hospitalization rates between 2016 

and 2019, and were part of a significant spatial cluster. This suggests that there are 

persistent geographic disparities with respect to diabetes complications at the sub-

county level, and highlights the value of ongoing data collection and analysis at the local 

level to inform resource allocation.  

ZCTAs located in high-rate clusters of diabetes-related hospitalizations tended to 

have higher proportions of non-Hispanic Black residents compared to the rest of the 

state. This is consistent with findings of the aforementioned Duval County study [104]. 
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The proportion of non-Hispanic Black residents has also been reported to be a predictor 

of county-level pre-diabetes [100] and diabetes prevalence in statewide investigations in 

Florida [102]. Racial disparities with respect to diabetes-related quality of care and 

management have been reported in numerous studies in the United States, and may 

contribute to disparities in adverse outcomes [73,74,88,129,138]. Black patients with 

diabetes have lower odds of receiving HbA1c testing, blood pressure testing, and foot 

examination at recommended intervals, are less likely to have blood pressure and 

HbA1c control, and are more than twice as likely to have diabetes-related hospital 

admissions initiated in the emergency department compared to White patients 

[73,74,88,129,138]. A Georgia study reported that non-Hispanic Black patients with 

diabetes had significantly higher rates of hospital discharges and longer hospital stays 

than non-Hispanic White patients [139].  

High-rate DRH clusters were characterized by relative socioeconomic 

disadvantage when compared to the rest of the state, with populations of cluster ZCTAs 

having lower median income and educational attainment in addition to higher levels of 

poverty and unemployment than those of non-cluster ZCTAs. Socioeconomic position 

can impact diabetes management through pathways such as health behaviors and 

health literacy, social support, stress, competing demands, and area-level structural 

factors such as built environment resources [91]. Cost barriers may contribute to 

medication underuse and foregone medical care among patients with diabetes 

[83,140,141]. Populations of high-rate DRH clusters in this study also tended to have 

lower levels of health insurance coverage compared to those of non-cluster ZCTAs. 

Lack of insurance coverage may result in delayed detection of diabetes and initiation of 
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appropriate treatment [142]. Furthermore, patients with diabetes who do not have health 

insurance coverage are less likely to receive diagnostic testing and examinations at 

recommended intervals compared to those with private insurance [73,74,88,129].  

3.5.1 Strengths and limitations  

To our knowledge, this is the first statewide study investigating geographic 

disparities of diabetes-related hospitalization rates at the sub-county level in Florida. 

This study was conducted using Tango’s flexible spatial scan statistic (FSSS), a robust 

technique for the detection of high risk/rate spatial clusters [124]. Tango’s FSSS can be 

used to detect either circular or irregularly shaped clusters and does not suffer from 

problems of multiple comparisons or pre-selection bias, which are drawbacks of some 

other cluster detection methods. In addition, the use of hospital discharge data over a 

four-year period in this study provided a sufficient sample size for investigating the 

distribution of diabetes-related hospitalization rates at a relatively small geographic unit 

of analysis (ZIP code tabulation areas).  

However, this study was not without limitations. Direct estimates of diabetes 

prevalence are not available at the ZCTA level, so diabetes-related hospitalization rates 

presented in this study are not adjusted for the burden of diabetes in the population. 

Additionally, this study does not account for patients whose illness warrant 

hospitalization but do not receive it, for reasons such as travel time to the nearest 

hospital, or declining care due to cost of hospitalization. Finally, this investigation was 

limited to the state of Florida, and the findings of descriptive analyses comparing cluster 

and non-cluster ZCTAs may not generalize to other areas. However, the techniques 
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used in the present study can be employed in other states to identify and describe high-

rate clusters of diabetes-related hospitalizations and other potentially preventable 

hospitalizations. Despite the above limitations, the findings of this study are valuable for 

guiding health planning and future research. 

3.6 Conclusions 

This study identified geographic disparities of DRH rates at the ZCTA level in 

Florida. High-rate clusters tended to: have greater proportions of non-Hispanic Black 

residents, be in rural areas, have relatively fewer grocery stores and primary care 

physicians, have populations with low income, low educational attainment, and low 

employment rates compared to the rest of the state. The identification of high-rate DRH 

clusters in this study provides useful information to guide resource allocation such that 

communities with the highest burdens of these potentially preventable hospitalizations 

are prioritized to reduce the observed disparities. Future research will investigate 

determinants of hospitalization rates to inform public health planning, resource 

allocation and interventions. 
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CHAPTER 4 

Determinants of disparities of diabetes-related hospitalization rates in 

Florida: a retrospective ecological study using a multiscale 

geographically weighted regression approach 
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A version of this chapter has been submitted for publication at International 

Journal of Health Geographics and is currently under review. My contributions to this 

manuscript included study design, data preparation and analysis, preparing figures, and 

drafting and editing the manuscript. Dr. Agricola Odoi was also involved in the design of 

the study and revision of the manuscript, and both authors read and approved the final 

manuscript.  

4.1 Abstract 

Background: Early diagnosis, control of blood glucose levels and cardiovascular risk 

factors, and regular screening are essential to prevent or delay complications of 

diabetes. However, most adults with diabetes do not meet recommended targets, and 

some populations have disproportionately high rates of potentially preventable diabetes-

related hospitalizations. Understanding the factors that contribute to geographic 

disparities can guide resource allocation and help ensure that future interventions are 

designed to meet the specific needs of these communities. Therefore, the objectives of 

this study were (1) to identify determinants of diabetes-related hospitalization rates at 

the ZIP code tabulation area (ZCTA) level in Florida, and (2) assess if the strengths of 

these relationships vary by geographic location and at different spatial scales. 

Methods: Diabetes-related hospitalization (DRH) rates were computed at the ZCTA 

level using data from 2016 to 2019. A global ordinary least squares regression model 

was fit to identify socioeconomic, demographic, healthcare-related, and built 

environment characteristics associated with log-transformed DRH rates. A multiscale 
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geographically weighted regression (MGWR) model was then fit to investigate and 

describe spatial heterogeneity of regression coefficients. 

Results: Populations of ZCTAs with high rates of diabetes-related hospitalizations 

tended to have higher proportions of older adults (p < 0.0001) and non-Hispanic Black 

residents (p = 0.003). In addition, DRH rates were associated with higher levels of 

unemployment (p = 0.001), uninsurance (p < 0.0001), and lack of access to a vehicle (p 

= 0.002). Population density and median household income had significant (p < 0.0001) 

negative associations with DRH rates. Non-stationary variables exhibited spatial 

heterogeneity at local (percent non-Hispanic Black, educational attainment), regional 

(age composition, unemployment, health insurance coverage), and statewide scales 

(population density, income, vehicle access).  

Conclusions: The findings of this study underscore the importance of socioeconomic 

resources and rurality in shaping population health. Understanding the spatial context of 

the observed relationships provides valuable insights to guide needs-based, locally-

focused health planning to reduce disparities in the burden of potentially avoidable 

hospitalizations.  

4.2 Background 

In the United States, the prevalence of diabetes among adults is estimated to be 

as high as 14.7%, and is projected to increase to 17.9% by 2060 [1,28]. Early diagnosis, 

control of blood glucose levels and cardiovascular risk factors, and regular screening for 

complications are key components of diabetes care to prevent or delay complications 

and reduce the risk of major clinical events that necessitate hospitalization [11,143–
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145]. However, fewer than 1 in 4 US adults with diagnosed diabetes meet 

recommended targets for glucose, blood pressure, and lipid levels [146]. Despite prior 

improvements in achieving these goals, the percentage of adults with diabetes meeting 

glycemic and blood pressure targets have declined since the early 2010s, while the 

percentage with lipid control has plateaued [146–148]. In addition, rates of lower 

extremity amputations due to diabetes and diabetes-associated hospitalizations in the 

US have increased over the course of the past decade [97,149]. In 2017, $69.7 billion in 

healthcare expenditures in the US were attributed to hospital inpatient stays by patients 

with diabetes [150]. 

There is evidence of geographic disparities in access and utilization of diabetes 

care, as well as burden of diabetes and diabetes-related complications in the United 

States [15,16,83,129,131]. A contiguous region in the Southeastern US has been 

termed the Diabetes Belt due to the disproportionately high diabetes prevalence in this 

region compared to the rest of the country [15,16]. However, despite the relatively high 

burden of the condition, those with diabetes in the Southern US have lower odds of 

receiving hemoglobin A1c (HbA1c) testing at recommended intervals, and higher odds 

of foregoing necessary medical care due to cost compared to other regions [83,129]. In 

addition, patients with diabetes in the South have higher odds of experiencing 

hypoglycemic events, and higher odds of death during a diabetes-related hospitalization 

compared to other parts of the country [129,131].  

In Florida, the most populous state in the Southeastern US, over 2 million adults 

have been diagnosed with diabetes [17], and it is estimated that an additional 546,000 

Floridians have diabetes that is yet to be diagnosed [18]. Within the state, there is 
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significant geographic variation in the distribution of diabetes prevalence [30,101,102]. 

In addition, recent research has identified local geographic hotspots of diabetes-related 

hospitalization (DRH) rates [151], indicating that some communities in the state bear a 

disproportionately high burden of potentially preventable diabetes complications. 

Communities in these hotspots also face a major financial burden; in 2018, the median 

cost of a hospital stay due to diabetes in Florida was $40,718 [26]. In order to reduce 

the observed disparities in DRH rates, it is important to close gaps in adherence to 

preventive practices and utilization of diabetes care [146,147]. Identifying predictors of 

hospitalization rates will provide useful information to guide public health planning and 

evidence-based interventions to address barriers to achieving diabetes care targets. 

Furthermore, understanding the spatial context of these relationships can help guide 

resource allocation and ensure that future interventions are designed to meet the 

specific needs of these communities. Therefore, the objectives of this study were (1) to 

identify determinants of diabetes-related hospitalization rates at the ZIP code tabulation 

area (ZCTA) level in Florida, and (2) assess if the strengths of these relationships vary 

by geographic location and at different spatial scales. 

4.3 Methods 

4.3.1 Ethics approval 

This study was approved by the University of Tennessee Institutional Review 

Board (Number: UTK IRB-22-07182-XP). In accordance with 45 CFR 46.116(f), 

informed consent was waived by the Institutional Review Board. In addition, the request 

for waiver of HIPAA authorization for the conduct of the study was approved.  
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4.3.2 Study design and setting 

This retrospective ecological study was conducted in the Southeastern US state 

of Florida. In 2019, the state had an estimated adult population of 16.7 million, 4.2 

million of whom were aged 65 and older [33]. There are 983 ZIP code tabulation areas 

(ZCTAs), which are areal representations of post office ZIP codes, in Florida (Figure 

3.1) [32]. In 2019, the estimated diabetes prevalence among Florida adults was 11.7%, 

compared to 9.3% for the US overall [105]. However, prevalence estimates at the ZCTA 

level in Florida ranged from 1.0% to 24.5% [152].  The main outcome measure in this 

study was ZCTA-level diabetes-related hospitalization (DRH) rates among adults 18 

years of age and older during the period from 2016 to 2019. Factors investigated for 

potential associations with DRH rates were socioeconomic, demographic, healthcare-

related, and built environment characteristics.  

4.3.3 Data sources 

Hospital inpatient data files were provided by the Florida Agency for Health Care 

Administration through a Data Use Agreement with the Florida Department of Health. All 

other data used in the study were obtained from publicly available sources. Model-

based small area estimates of diabetes prevalence were obtained from the Centers for 

Disease Control and Prevention (CDC) Population-Level Analysis and Community 

Estimates (PLACES) project [103].  Population size, socioeconomic and demographic 

characteristics were obtained from the US Census Bureau American Community Survey 

5-year estimates [48,116–120]. Built environment variables assessed included food 

retailers and fitness/recreational facilities. Data on these variables were obtained from 
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the 2016 US Census Bureau ZIP Code Business patterns [49]. Address ZIP codes for 

pharmacies and practices of internal medicine and family practice physicians were 

obtained from the Florida Department of Health, Division of Medical Quality Assurance’s 

Florida Healthcare Practitioner Data Portal [115]. Locale assignments for rural-urban 

classification of ZCTAs were obtained from the National Center for Education Statistics 

[46]. Cartographic boundary shapefiles used for mapping were downloaded from the 

U.S. Census Bureau TIGER Geodatabase and the Florida Geographic Data Library 

[113,114]. 

4.3.4 Data preparation 

4.3.4.1 Diabetes-related hospitalizations 

Records of diabetes-related hospitalizations for patients aged 18 to 100 years 

with home address ZIP codes in Florida and admission dates between January 1, 2016 

and December 31, 2019 were extracted from the hospital discharge data. The inclusion 

criteria for diabetes-related hospitalizations for this study were based on the Agency for 

Healthcare Research and Quality (AHRQ) Prevention Quality Indicators, the Diabetes 

Complications Severity Index (DCSI), and reporting by the Florida Diabetes Advisory 

Council [26,31,38,106–109]. Diabetes-related hospitalizations were defined as those 

with: a principal diagnosis code for diabetes with short-term complications, long-term 

complications, or uncontrolled diabetes [106–108]; a procedure code for lower-extremity 

amputation (including toe amputations) in any field and a diagnosis of Type 1 or Type 2 

diabetes mellitus in any field [26,109]; or a principal diagnosis of a diabetes 
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complication included in the DCSI and a diagnosis of Type 1 or Type 2 diabetes mellitus 

in any field [31,38].  

Patient address ZIP codes were joined to ZCTAs using the crosswalk table 

developed by John Snow, Inc., and aggregated to the ZCTA level [44]. Rates of 

diabetes-related hospitalizations were computed by dividing the number of diabetes-

related hospitalizations by the total number of person-years at risk. The median age of 

patients with diabetes-related hospitalizations for each ZCTA was also computed. After 

exclusion of ZCTAs with fewer than 10 diabetes-related hospitalizations or populations 

of fewer than 100 adult residents to minimize disclosure risk and small number bias, 

933 ZCTAs remained for further analysis.  

4.3.4.2 Socioeconomic, demographic, healthcare-related and built environment 

variables 

The following socioeconomic and demographic variables were considered as 

potential predictor variables: population density, median age, median household income 

and household value, percent of the population that were 65 years or older, Hispanic or 

non-Hispanic Black, 25 years or older without a high school education, 25 years or older 

with a bachelor’s degree or higher, percent of families with income below the poverty 

level, percent of unemployed residents, percent without health insurance coverage, and 

percent of households without a vehicle.  

North American Industry Classification System (NAICS) codes were used to 

extract the number of businesses in each ZIP code classified as: convenience stores 

(NAICS code 445120), limited service restaurants (NAICS code 722211), supermarkets 
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(NAICS code 445110), fruit and vegetable markets (NAICS code 445230), warehouse 

clubs (NAICS 452910), and fitness and recreational sports centers (NAICS 713940). 

The John Snow, Inc. crosswalk was used to join ZIP codes of food retailers, 

fitness/recreational centers, pharmacies, and primary care practices to ZCTAs [44]. A 

ZCTA-level version of the modified retail food environment index (mRFEI), which 

measures the percent of “healthy” food retailers in an area [153], was also computed. 

Businesses included in the category of healthy food retailers were supermarkets, 

produce markets, and warehouse clubs, while those included in the “less healthy” 

category included limited service (fast food) restaurants and convenience stores.  

ZCTA-level densities of food retailers, fitness/recreational facilities, and pharmacies 

were computed using land area from the ZCTA shapefile. The number of primary care 

physicians per 10,000 population in each ZCTA was also computed.  

4.3.5 Statistical analysis 

4.3.5.1 Descriptive statistical analyses 

Statistical analysis was performed using SAS version 9.4 [37]. Normality of 

distribution of continuous ZCTA-level characteristics was assessed using the Shapiro-

Wilk test, and median and interquartile range (IQR) were used as measures of central 

tendency and dispersion for non-normally distributed variables. Diabetes-related 

hospitalization rates were smoothed in GeoDa 1.18.0 using the spatial empirical Bayes 

approach with queen contiguity weights [121]. 
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4.3.5.2 Ordinary least squares regression model 

An ordinary least squares (OLS) regression model was fit to the data to identify 

predictors of diabetes-related hospitalization rates. Due to the highly skewed distribution 

of ZCTA-level DRH rates, natural log transformation of the outcome measure was 

performed. In addition, all continuous variables were standardized to have a mean of 0 

and standard deviation of 1 to facilitate comparison with the results of the MGWR 

analysis described in the following section. To identify candidate variables for inclusion 

in the multivariable model-building process, univariable associations between potential 

predictors and log-transformed DRH rates were first assessed. A significance level of 

0.15 was used to identify variables for consideration in the multivariable model. 

To prevent problems with multicollinearity, Spearman’s rank correlation coefficient 

was used to identify pairs of highly correlated (|rs|  0.7) variables, from which one 

variable was selected as a potential predictor for inclusion in the model-building 

process. Variable selection for the multivariable OLS regression model was performed 

using manual backwards elimination, using a critical p-value of 0.05. During the model-

building process, collinearity between explanatory variables was assessed using 

variance inflation factor (VIF), with VIF  10 indicating multicollinearity [65]. Confounding 

was assessed by examining the magnitude of changes in coefficient estimates as each 

variable was removed from the model. A variable was considered to be a potential 

confounder if its removal resulted in a 20% or greater change in the coefficient estimate 

of another variable in the model, and retained regardless of statistical significance. 
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4.3.5.3 Multiscale geographically weighted regression model 

Global regression models assume that relationships between an outcome 

variable and its determinants do not vary by geographic location within a given study 

area [154]. However, violations of this assumption may occur with geographical data, 

resulting in model misspecification. Therefore, a multiscale geographically weighted 

regression (MGWR) analysis was performed to assess for spatial variability in 

regression coefficients and determine the optimal model to assess these relationships 

[155–158]. Rather than computing a single coefficient that estimates the average 

association between an explanatory and outcome variable for the entire study area, 

geographically weighted regression models estimate a regression coefficient for each 

location in the study area [154]. Model parameters for each geographic unit are 

estimated using a local subset of observations that are weighted by their distance from 

that location [154]. The weight assigned to a given observation depends on the type of 

weighting function selected, and its bandwidth determines the size of the local subset of 

observations used to estimate model parameters [154]. Multiscale GWR differs from 

standard and semiparametric GWR in that a unique kernel bandwidth is computed for 

each explanatory variable in the model [155–158]. In standard GWR, a single bandwidth 

is computed and used for all explanatory variables in the model [155–158]. 

Semiparametric GWR allows for specification of variables as either global (stationary) or 

local (spatially non-stationary), with a single bandwidth computed and used for all local 

variables in the model [155–158]. 

 The multiscale GWR analysis was implemented using the mgwr package in 

Python, specifying the explanatory variables as those selected for the final global 



 

 

76 

multivariable OLS model [159]. To enable comparison of bandwidth values, continuous 

variables were standardized to have a mean of 0 and standard deviation of 1 [155–159]. 

An adaptive bi-square weighting kernel was selected as the weighting scheme. This 

method is useful when geographic units within the study area vary in size, because the 

radius of the kernel depends on a fixed number of nearest neighbors rather than a fixed 

distance [155,160]. Optimal bandwidths were selected using the Golden section search 

method and the bias-corrected Akaike’s Information Criterion (AICc) as the optimization 

criterion. Covariate-specific critical t-values, corrected for multiple testing by adjusting 

for the effective number of parameters, were used to identify ZCTAs with statistically 

significant relationships between each explanatory variable and the dependent variable 

[156,159]. An explanatory variable was considered to exhibit significant spatial non-

stationarity if the interquartile range of its coefficient estimates from the MGWR model 

was greater than twice the standard error of its coefficient estimate from the global OLS 

model [161].  

The optimal bandwidths of the variables in the MGWR model were examined to 

determine whether a simpler, alternate GWR model should be considered [157,158]. 

For example, spatial non-stationarity and similar bandwidths for all variables would 

suggest a standard GWR model may be appropriate [157,158]. A subset of stationary 

variables, with the remainder exhibiting non-stationarity and having similar bandwidths, 

would suggest a semiparametric GWR model should be considered [157,158]. Model fit 

of the global and local models was compared using AICc values. Residual plots were 

generated to assess the distribution of the standardized residuals from the final model, 

assess for heteroskedasticity, and identify outliers.  
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4.3.6 Cartographic displays 

Smoothed diabetes-related hospitalization rates and diabetes prevalence 

estimates obtained from CDC PLACES data were displayed in choropleth maps using 

ArcGIS [103,162]. In addition, choropleth maps were generated to show the ZCTA-level 

distribution of explanatory variables from the final MGWR model and to display local 

coefficients for non-stationary variables. The class ranges used for display of continuous 

variables in map figures were determined using Jenks’ natural breaks classification 

scheme, except for population density, which was displayed using a quantile map [128].  

4.4 Results 

4.4.1 Descriptive analyses 

There were 554,449 diabetes-related hospitalizations in Florida between 2016 

and 2019. The median ZCTA-level diabetes prevalence was 12.5% (interquartile range 

[IQR] 10.6 – 14.3%), and the median rate of diabetes-related hospitalizations was 8.4 

per 1,000 person-years (IQR 6.0 – 11.4) (Table 4.1). The median age of patients with 

diabetes-related hospitalizations was 67 years (IQR 64 – 70 years).  

The geographic distributions of diabetes prevalence and DRH rates are 

displayed in Figure 4.1. Rural areas, such as the region surrounding Tallahassee, north-

central Florida between Orlando and Jacksonville, and south-central Florida, tended to 

have relatively high diabetes prevalence. In addition, there were densely populated, 

urban ZCTAs in Miami, Fort Lauderdale, Tampa, Orlando, and Jacksonville that had 

relatively high diabetes prevalence. Similarly, rural ZCTAs in north-central Florida 

tended to have high DRH rates, as did many of the rural ZCTAs in south-central Florida.  
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Table 4.1. Summary statistics of characteristics of ZIP code tabulation areas in 
Florida, 2016-2019. 
 

Theoretical domains & variables Median IQR1 n 

Health outcomes    
    Diabetes prevalence  12.5 10.6 - 14.3 933 
    DRH2 rate per 1,000 person-years 8.4 6.0 - 11.4 933 
    Median age of DRH2 patients 67.0 64.0 - 70.0 933 
Rurality/urbanization*    
    Population density 471.4 83.3 - 1200.5 933 
    Rural/urban designation*     
        Rural 45.4 - 424 
        Suburban/town 35.9 - 335 
        City 18.7 - 174 
Demographic characteristics    
    Median age 42.5 37.8 - 50.5 933 
    Percent 65 years of age and older 19.3 14.2 - 26.9 933 
    Percent non-Hispanic Black 8.0 3.0 - 17.5 933 
    Percent Hispanic 10.4 5.1 - 23.6 933 
Economic characteristics    
    Median household income $53,988 $44,239 - $68,382 929 
    Median household value $191,500 $135,400 - 274,100 919 
    Percent of families with income below FPL3 8.9 5.4 - 13.7 931 
    Percent unemployed 5.2 3.9 - 7.1 933 
    Percent of households without a vehicle 4.6 2.6 - 7.6 932 
Educational attainment    

    Percent aged 25 years without a high school education 10.4 6.4 - 16.5 933 

    Percent aged 25 years with a bachelor’s degree or higher 25.1 16.2 - 37.7 933 

Healthcare access    
    Percent without health insurance  11.7 8.4 - 15.7 933 
    Primary care physicians per 10,000 population 6.4 1.97 - 13.8 933 
    Pharmacies per 100 km2 13.4 1.1 - 52.8 933 
Built environment resources    
    Healthy food retailers per 100 km2  6.6 0.6 - 24.8 933 
    Less healthy food retailers per 100 km2 26.5 2.4 - 105.3 933 
    Modified retail food environment index 20.0 11.8 - 27.5 933 
    Recreational facilities per 100 km2 2.4 0 - 12.3 933 
*Percent and frequency presented for categorical variable 
1Interquartile range 
2Diabetes-related hospitalization 
3Federal poverty level 
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Figure 4.1. Geographic distribution of ZCTA-level diabetes prevalence estimates and smoothed diabetes-related 
hospitalization rates in Florida, 2016-2019. 



 

 
In addition, the central urban ZCTAs of Miami, Fort Lauderdale, and Jacksonville 

had relatively high DRH rates. Diabetes-related hospitalization rates were comparatively 

lower in the suburban ZCTAs surrounding large metropolitan areas. There were some 

differences between the spatial patterns of diabetes prevalence and DRH rates. For 

example, many of the rural ZCTAs in Holmes and Jackson Counties to the east of 

Tallahassee had high diabetes prevalence, but relatively low rates of diabetes-related 

hospitalizations compared to the rest of the state. 

Summary statistics of ZCTA-level characteristics are displayed in Table 4.1. The 

study area was largely comprised of ZCTAs classified as either rural (45.4%) or 

suburbs/towns (35.9%), with the remaining 18.7% classified as cities. The median 

percentage of older adults (those aged  65 years) was 19.3%. ZCTA populations had a 

median of 8.0% non-Hispanic Black residents, and 10.4% Hispanic residents. Median 

household income at the ZCTA level was $53,988, but ranged from $13,375 to 

$170,673. The median percent of families with income below the poverty level was 

8.9%, and the median unemployment rate was 5.2%. The median percent of adults with 

educational attainment below the high school level was 10.4%, and a median of 25.4% 

of adults had a bachelor’s degree or higher.  The median percent of the population 

without health insurance coverage at the ZCTA level was 11.7%, but ranged from 0% to 

50.4%. Built environment characteristics such as density of pharmacies, food retailers, 

and recreational centers were highly correlated (|rs| > 0.7) with one another, and 

pharmacy and food retailer density were also highly correlated with population density 

and rural-urban classification. 
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4.4.2 Predictors of diabetes-related hospitalization rates 

4.4.2.1 Global ordinary least squares regression model 

Results of the final global multivariable ordinary least squares regression model 

are displayed in Table 4.2. Explanatory variables that had statistically significant, 

positive associations with log-transformed diabetes-related hospitalization rates 

included the percent of the population aged 65 and older (p < 0.0001), percent of non-

Hispanic Black residents (p = 0.003), unemployment (p = 0.001), percent without health 

insurance coverage (p < 0.0001), and percent of households without access to a vehicle 

(p = 0.002). Population density (p < 0.0001) and median household income (p < 0.0001) 

had significant negative associations with DRH rates. Associations between DRH rates 

and the percent of Hispanic residents and percent without a high school education were 

not significantly associated with the outcome, but were retained in the model because 

ethnicity and educational attainment have previously been identified as predictors of 

self-management behaviors, access to healthcare, and diabetes-related outcomes in 

both individual-level and ecological studies [45,66,73,74,76,83,84,141,148,163–166].  

The geographic distributions of the predictor variables included in the global OLS 

model are displayed in Figure 4.2. Populations of ZCTAs along the Gulf Coast, south of 

the Tampa Bay area, and in the rural region to the north of Tampa and northeast of 

Orlando had the highest percentages of adults aged 65 and older, while the percentage 

of older adults in populations of major cities was relatively low. The percent of non-

Hispanic Black residents tended to be highest in populations of ZCTAs surrounding 

Tallahassee, as well as in large cities such as Jacksonville, Orlando, Miami, and Fort  
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Table 4.2. Predictors of log-transformed ZCTA-level diabetes-related 
hospitalization rates in Florida, 2016-2019. 
 

Parameter Coefficient (SE1) p-value VIF2 

Intercept -0.010 (0.023) 0.664 0 
Population density -0.240 (0.031) < 0.0001 1.850 
Percent 65 and older 0.125 (0.027) < 0.0001 1.436 
Percent non-Hispanic Black 0.085 (0.029) 0.003 1.636 
Percent Hispanic -0.020 (0.031) 0.518 1.879 
Median household income -0.458 (0.034) < 0.0001 2.242 
Percent without a high school education 0.041 (0.036) 0.253 2.535 
Unemployment rate 0.092 (0.027) 0.001 1.207 
Percent without health insurance 0.118 (0.032) < 0.0001 1.962 
Percent without access to a vehicle 0.097 (0.032) 0.002 2.020 
1Standard error 
2Variance inflation factor 
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Figure 4.2. Geographic distribution of predictors of ZCTA-level diabetes-related hospitalization rates in Florida, 
2016-2019.



 

Lauderdale. The percent of Hispanic residents was lowest in populations of ZCTAs in 

northern Florida and the panhandle, and tended to be higher in central and south 

Florida. There were similarities in the distribution of several socioeconomic variables, 

including median household income, the unemployment rate, vehicle access, and 

educational attainment. Suburban and fringe rural ZCTAs adjacent to urban areas 

tended to have higher income, educational attainment, employment rates, and vehicle 

access, while these were often lower in distant or remote rural areas as well as some of 

the most densely populated urban ZCTAs in major cities such as Miami and 

Jacksonville. 

4.4.2.2 Multiscale geographically weighted regression model 

Results of the multiscale geographically weighted regression model are 

displayed in Tables 4.3-4.5. The interquartile ranges of the local regression coefficients 

in the MGWR model were greater than twice the standard errors of the coefficients from 

the global model for all parameters except the percent of Hispanic residents (Table 4.3). 

These findings indicate that the coefficients for the intercept and all other explanatory 

variables in the model exhibited significant spatial non-stationarity, varying in strength 

based upon geographic location in the study area. 

Since the bandwidths in an MGWR model control the number of local 

observations used to compute regression coefficients, their values indicate the spatial 

scale at which the associations between explanatory variables and the outcome vary 

within the study area [155–157]. A variable with a small bandwidth relative to the 

number of units in the study area has a large effective number of parameters (ENP) and  
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Table 4.3. Assessment of spatial non-stationarity of regression coefficients in 
MGWR model predicting log-transformed diabetes-related hospitalization rates.  
 

Parameter SE1 (OLS2) IQR3 (MGWR4) IQR3 – 2(SE1) 

Intercept 0.023 0.489 0.443 
Population density 0.031 0.287 0.225 
Percent 65 and older 0.027 0.190 0.136 
Percent non-Hispanic Black 0.029 0.257 0.199 
Percent Hispanic 0.031 0.010 -0.052 
Median household income 0.034 0.157 0.089 
Percent without a high school education 0.036 0.362 0.290 
Unemployment rate 0.027 0.177 0.123 
Percent without health insurance 0.032 0.343 0.279 
Percent without access to a vehicle 0.032 0.108 0.044 
1Standard error 
2Global ordinary least squares regression model 
3Interquartile range 
4Multiscale geographically weighted regression model 

 
 
 
 
 
 
 
Table 4.4. Summary of MGWR model predicting log-transformed ZCTA-level 
diabetes-related hospitalization rates. 
 

Parameter Bandwidth ENP1 
Critical 
t-value 

Number (%) of ZCTAs 
with significant 

coefficients  

Intercept 25 83.657 3.445 148 (15.9) 
Population density 315 4.052 2.507 739 (79.5) 
Percent 65 and older 146 10.034 2.815 763 (82.1) 
Percent non-Hispanic Black 27 63.952 3.370 111 (12.8) 
Percent Hispanic 920 1.114 2.009 0 (0) 
Median household income 275 5.040 2.584 739 (79.5) 
Percent without a high school education 54 30.521 3.158 207 (22.3) 
Unemployment rate 199 7.805 2.732 207 (22.3) 
Percent without health insurance 81 20.167 3.034 301 (32.4) 
Percent without access to a vehicle 446 3.703 2.475 421 (45.3) 
1Effective number of parameters 
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Table 4.5. Distribution of local coefficients from MGWR model predicting log-
transformed ZCTA-level diabetes-related hospitalization rates. 
 

Parameter 
Local coefficients 

Minimum Median Maximum 

Intercept -0.713 0.038 0.756 
Population density -0.577 -0.244 -0.093 
Percent 65 and older 0.022 0.294 0.590 
Percent non-Hispanic Black -1.035 0.186 1.118 
Percent Hispanic -0.006 0.008 0.013 
Median household income -0.449 -0.341 -0.057 
Percent without a high school education -0.355 0.195 0.649 
Unemployment rate -0.112 0.068 0.234 
Percent without health insurance -0.170 0.075 0.714 
Percent without access to a vehicle 0.011 0.075 0.188 
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greater spatial heterogeneity, while a bandwidth approaching the total number of 

observations and ENP close to 1 indicate little spatial variation in the strength of the 

association [155–157]. The optimal bandwidths identified in this study varied, 

suggesting that simpler standard or semiparametric GWR models would not adequately 

describe the spatial variation in the observed associations (Table 4.4). Comparison of 

the AICc values from the global OLS model (AICc = 1951.469) and the MGWR model 

(AICc = 1414.473) indicated that the MGWR model had better fit to the data than the 

global model.   

The geographic distributions of coefficient estimates for explanatory variables 

with significant spatial non-stationarity from the final MGWR model are presented in 

Figures 4.3 and 4.4. For each model parameter, the map on the left shows the 

distribution of coefficient estimates for all ZCTAs in the study area, while the map on the 

right shows only statistically significant estimates, with correction for multiple hypothesis 

testing. Parameter estimates with the lowest bandwidths relative to the number of units 

in the study area, implying regression coefficients with the most spatial heterogeneity, 

included the intercept (BW = 25), percent of non-Hispanic Black residents (BW = 27), 

and educational attainment (BW = 54) (Table 4.4). This spatial heterogeneity is apparent 

in the maps of the regression coefficients, which exhibited a great deal of local variation 

and were only significant in a subset of ZCTAs in the study area (Figures 4.3 and 4.4).  

Another subset of explanatory variables had associations with DRH rates that 

varied at a more regional spatial scale, as evidenced by their bandwidth values and the 

geographic distribution of their regression coefficients. These included population age 

composition (BW = 146), the unemployment rate (BW = 199), and percent without  
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Figure 4.3. Distribution of all (left) and significant (right) local coefficients of 
predictors of diabetes-related hospitalization rates. 
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Figure 4.4. Distribution of all (left) and significant (right) local coefficients of 
predictors of diabetes-related hospitalization rates.  
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health insurance coverage (BW = 81) (Table 4.4). The percent of adults aged 65 and 

older was significantly associated with DRH rates in 82.1% of the ZCTAs in the study 

area, with the strongest associations in the panhandle, the Orlando area, and south of 

Fort Lauderdale (Figure 4.3). Significant associations between the unemployment rate 

and DRH rates occurred primarily in southern Florida, and were also observed in 

southwest Orange County, including part of the Orlando area (Figure 4.4). Health 

insurance coverage was a significant predictor of DRH rates in about one-third (32.4%) 

of ZCTAs, with the strongest associations in the Jacksonville and Orlando areas (Figure 

4.4). 

Non-stationary variables with the largest bandwidths, implying less heterogeneity 

of regression coefficients, included population density (BW = 315), median income (BW 

= 275), and vehicle access (BW = 446) (Table 4.4). The variation in the strengths of 

their associations with DRH rates occurred at a larger spatial scale, with less 

heterogeneity within the study area. For instance, the negative association between 

population density and DRH rates, which was significant in most of the study area, was 

strongest in northern Florida and gradually decreased in magnitude toward the southern 

and western parts of the state (Figure 4.3). Median household income was also 

negatively associated with DRH rates in most of the state, with the strongest 

associations observed in Southwest Florida (Figure 4.3). The percent of households 

that lacked access to a vehicle was a significant predictor of DRH rates across central 

Florida (Figure 4.4). 
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4.5 Discussion  

This study identified determinants of local (ZCTA-level) geographic disparities of 

diabetes-related hospitalization rates in Florida. Identified significant determinants 

included population demographic composition, socioeconomic characteristics, and 

rurality. This study also demonstrated the use of multiscale geographically weighted 

regression as a tool for describing the spatial variation in the associations between 

these determinants and DRH rates. The observed associations differed in both strength 

and direction based on geographic location within the state, and exhibited differing 

levels of spatial heterogeneity.  

Populations with high DRH rates tended to have higher proportions of older 

adults, an association that was significant in most of the state. At the individual level, 

age is a risk factor for diabetes as well as macrovascular complications such as stroke 

and myocardial infarction, so this finding was not surprising [3,68]. To some extent, the 

positive association between DRH rates and the percent of adults over the age of 65 

may also reflect utilization of hospital services, because this population has fewer gaps 

in health insurance coverage due to Medicare eligibility [87,167]. The strength and 

statistical significance of the association between population age composition and DRH 

rates varied based upon geographic location. Weak and/or no associations, particularly 

in areas with relatively high incomes and percentages of older adults, may, in part, 

reflect the presence of active retirement communities and self-selecting populations of 

healthy older adults. It is also worth noting that earlier age of onset of Type 2 diabetes is 

a predictor of adverse diabetes-related outcomes, independent of duration of disease 
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[148,168–170], and patients with diabetes-related hospitalizations in this study tended 

to be younger in areas with high DRH rates, consistent with previous research [45]. 

Thus, it is possible that the association between population age composition and DRH 

rates was attenuated in some parts of the state, particularly those with 

disproportionately high DRH rates, due to the elevated risk profile of younger patients 

with Type 2 diabetes.  

Significant, ZCTA-level associations between household income and DRH rates 

were observed across most of the study area. This finding may be due to a combination 

of individual- and area-level processes, and is consistent with previous research. 

Patients with diabetes who report lower income levels are more likely to forego medical 

care due to cost, and less likely to receive routine HbA1c testing, cholesterol testing, 

and eye examinations [74,83,88]. Furthermore, neighborhood-level income and poverty 

are associated with heart disease, renal disease, and lower extremity amputations 

[171,172], and perceived neighborhood safety is a predictor of treatment nonadherence 

among adults with diabetes [173]. County-level associations between socioeconomic 

status and the burden of diabetes complications and ambulatory care sensitive 

hospitalizations have also been reported in the US [174–176]. Population-level 

educational attainment and unemployment were associated with DRH rates in smaller 

subsets of the study area after controlling for income and the other variables in the 

model. Among those with diabetes, educational attainment below the high school level 

has previously been associated with healthcare quality and utilization in global models 

[73,83,141]. Educational attainment and unemployment may also be associated with 
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other factors such as income and health insurance [177], which may explain the lack of 

association observed in many parts of the study area.  

Interestingly, significant associations between insurance coverage and diabetes-

related hospitalizations were mostly observed in northern Florida, where income was 

not significantly associated with DRH rates. The observed association between health 

insurance coverage and DRH rates is not surprising; at the individual level, health 

insurance is a predictor of linkage to care, diagnostic testing, screening for 

complications, and glycemic control among patients with diabetes [74,88,148]. 

Furthermore, patients without health insurance are at higher risk of diabetes-related 

hospital deaths than those with insurance [131]. The strength of the coefficients for 

health insurance coverage exhibited regional variation, consistent with findings of a 

study that used MGWR to investigate determinants of mortality rates in the US [178]. 

Regional variation in the strength of association between health insurance coverage 

and DRH rates could reflect differences in the availability of resources for uninsured 

individuals within the state, such as county health programs and services [177]. In 

addition, the finding that income was a stronger determinant of DRH rates than 

insurance coverage in some areas may reflect cost barriers to healthcare access and 

effective self-management experienced by many patients despite having health 

insurance coverage.  

Population density, which was used as a measure of rurality in this study, was 

significantly associated with DRH rates, with more densely populated areas tending to 

have lower rates of hospitalizations. It is worth noting that population density was 

selected from a group of highly correlated variables, which included pharmacy and food 
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retailer densities, for inclusion in the modeling process. Thus, the observed association 

between rurality and DRH rates may reflect the availability of built environment 

resources to some extent. Previous research also suggests that quality of care is worse 

for rural patients with diabetes than for those living in metropolitan areas [74]. Rural 

populations in Florida also tend to have lower rates of participation in diabetes self-

management education programs [30].  

Transportation barriers may also contribute to rural-urban disparities in health 

outcomes by creating additional time demands for patients. A review of transportation 

barriers to healthcare access found that access to a vehicle was consistently identified 

as a predictor of access to care, while there was less evidence in support of distance to 

providers as a barrier to receiving care [179]. Furthermore, patients who experience 

transportation barriers to health care tend to utilize emergency department services 

more frequently than those who do not report such barriers [180]. This is in line with the 

findings of our study, which identified vehicle access, but not density of primary care 

physicians, as a significant predictor of diabetes-related hospitalization rates, 

suggesting that increasing the physician workforce alone is not sufficient to close gaps 

in access and utilization of care. The geographic variation in the observed association 

between vehicle access and DRH rates may reflect differences in the availability of 

alternate forms of transportation. Regional differences in transportation barriers to 

health care have previously been reported in the US, with residents of the South and 

Midwest being more likely to report such barriers than those from other parts of the 

country [180].   
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Despite controlling for population-level socioeconomic characteristics, the 

percent of non-Hispanic Black residents remained a significant predictor of DRH rates in 

certain parts of the state, with most of these associations being positive. At the 

individual level, previous studies have reported that Black patients with diabetes are 

less likely than White patients to receive recommended diagnostic testing and 

examinations [73,74,88] and more likely to forego necessary medical care due to cost 

[83]. Furthermore, non-Hispanic Black patients with diabetes are less likely to achieve 

diabetes management targets [148], and tend to have more severe complications [66]. 

Ecological studies in the US, which have investigated burdens of end-stage renal 

disease, stroke, and diabetes-related lower extremity amputations, have reported 

similar findings [171,174,176]. The degree of spatial heterogeneity in the association 

observed in the current study highlights the importance of locally-focused interventions 

to close gaps in access, quality, and utilization of diabetes-related care in order to 

reduce inequities in diabetes outcomes.  

Since predictor variables were standardized prior to regression modeling, local 

intercept coefficients from the MGWR model represent the expected value of the 

outcome (log-transformed DRH rates) in each ZCTA when all of the predictor variables 

are equal to their mean value. The map of significant local intercept parameter 

estimates indicates that there are elevated DRH rates, mostly in ZCTAs in the central 

and northeastern part of the state, as well as a few ZCTAs in the panhandle with lower 

DRH rates than expected, after controlling for the explanatory variables in the model. 

Many of the ZCTAs in central and northeast Florida that had significant, positive 

intercept parameter estimates were also part of high-rate DRH clusters. This finding 



 

 

96 

suggests that there may be additional drivers of the excess DRH rates in these areas 

that were not identified in this study.  

 

4.5.1 Strengths and Limitations 

To our knowledge, this is the first study to investigate determinants of geographic 

disparities of diabetes-related hospitalization rates at the sub-county level using 

multiscale geographically weighted regression. Multiscale geographically weighted 

regression provides a more detailed understanding of the spatial heterogeneity of these 

associations than standard GWR, which assumes that all processes operate at the 

same spatial scale within the study area [155–159]. Understanding the spatial context of 

the observed relationships provides valuable insights to guide health planning aimed at 

improving diabetes management and outcomes at the population level. However, this 

study is not without limitations. Relatively small sample sizes in some ZCTAs may have 

reduced statistical power to detect significant local associations, particularly for 

variables that had a high degree of spatial heterogeneity and large effective number of 

parameters. Models predicting diabetes-related hospitalization rates were not adjusted 

for underlying diabetes prevalence, comorbidities, or health behaviors, since direct 

estimates of these measures are not available at the ZCTA level, and the use of small 

area estimates could have introduced bias into the analysis [181]. Despite these 

limitations, the findings of this study are useful for guiding evidence-based interventions 

by identifying determinants of diabetes-related hospitalization rates, which have been 

shown to reflect population-level glycemic control [99]. 
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4.6 Conclusions 

Addressing barriers to diabetes-related care and effective management of the 

condition, particularly in communities disproportionately burdened by adverse 

outcomes, is essential for reducing disparities. The findings of this study underscore the 

importance of socioeconomic resources and rurality in shaping population health. In 

addition, this study highlights the usefulness of multiscale geographically weighted 

regression as a tool for investigating spatially variable determinants of diabetes-related 

hospitalizations, which exhibited different levels of heterogeneity within the study area. 

Knowledge of the determinants most strongly associated with DRH rates in a given 

location can help guide the development of needs-based policies and interventions that 

address barriers to achieving diabetes care targets in order to reduce the burden of 

potentially avoidable hospitalizations.  
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CHAPTER 5 

Summary, Discussions, and Conclusions 
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This research investigated disparities of potentially preventable hospitalizations 

due to diabetes and its complications in Florida. Understanding these disparities is 

particularly relevant to public health in Florida, where geographic disparities in diabetes 

prevalence have persisted over the past decade, and substantial increases in diabetes-

related hospitalizations, amputations, and hospital costs have been reported 

[26,29,30,102]. The overall goal of this work was to provide information to guide 

evidence-based health planning to improve diabetes management in high-risk 

populations and reduce inequities in adverse outcomes of diabetes in the state.  

This research identified socioeconomic, racial, ethnic, and gender disparities in 

the severity of diabetes complications among hospitalized adult patients in Florida. 

Additionally, significant, high-rate spatial clusters of diabetes-related hospitalizations 

were identified, indicating that certain communities bear disproportionately high burdens 

of diabetes hospitalizations. The determinants of the observed disparities included 

demographic composition, socioeconomic resources, and rurality. The strengths of 

associations between the identified determinants and diabetes-related hospitalization 

rates differed based on geographic location within the state. Elevated blood glucose 

levels promote vascular changes in patients with diabetes, and cumulative effects of the 

condition contribute to the development of micro- and macrovascular complications over 

time [89]. Therefore, disparities in hospitalization rates and severity of complications 

could reflect differences in factors such as age of onset or duration of diabetes, as well 

as barriers to achieving effective management of the condition.  

A number of comorbidities (hypertension, hyperlipidemia, obesity, and 

depression) were positively associated with severity of diabetes complications. This 



 

 

100 

finding highlights the importance of managing cardiovascular risk factors for patients 

with diabetes, who may be faced with the challenge of managing multiple chronic 

conditions. Furthermore, the observed association between depression and severe 

complications contributes to the growing body of evidence linking depression and 

diabetes outcomes [71]. Racial disparities in the severity of complications, as well as the 

age of hospitalized patients, were also identified, with non-Hispanic Black patients 

having the highest odds of severe complications of any group in the study, and a 

substantially younger median age than non-Hispanic White patients. This finding could 

reflect earlier onset of the condition, which is an independent predictor of adverse 

diabetes-related outcomes, as well as disparities in glycemic control [168–170]. Future 

research is warranted to investigate the observed age disparity and identify potential 

avenues for intervention. 

Indicators of individual socioeconomic position that were associated with the 

severity of diabetes complications included having Medicaid (vs. private insurance) and 

not reporting a social security number (SSN). While there is a large body of evidence 

regarding the impact of socioeconomic position on health outcomes, few studies have 

specifically investigated the availability of an SSN in the database as a predictor of 

outcomes in hospitalized patients. However, findings of this research indicated that 

patients with an SSN in their hospital record differed from those who did not with 

respect to several clinical and sociodemographic characteristics. Furthermore, patients 

who do not report an SSN may be from vulnerable groups with less access to care and 

health-promoting resources [41]. Findings of this work suggest that future studies of 

ambulatory care sensitive hospitalizations should consider controlling for this variable 
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rather than excluding this group of patients. Socioeconomic status at the local level, as 

measured using the Neighborhood Deprivation Index (NDI), was also associated with 

the severity of diabetes complications, suggesting that place of residence may be 

associated with diabetes management and outcomes. 

The geographic distribution and determinants of diabetes-related hospitalizations 

were investigated using ecological studies to identify disparities at the population level 

and provide further insights about potential associations with place-based 

characteristics. One of the strengths of this research was the use of Tango’s flexible 

spatial scan statistic (FSSS), a robust technique for the detection of high risk/rate spatial 

clusters, which permitted the detection of both circular and irregularly shaped clusters of 

diabetes-related hospitalizations [124]. Since the analysis was conducted at a relatively 

fine geographic scale, it permitted the assessment of spatial patterns that would have 

been masked at a larger unit of analysis, such as the county level. In addition to 

relatively large spatial clusters of high DRH rates in rural areas, smaller clusters were 

identified within more densely populated, urban areas. This information can be used to 

help implement more focused intervention strategies to improve access to care and 

diabetes management.  

A multiscale geographically weighted regression approach was used to 

investigate spatially variable determinants of hospitalization rates, with local 

socioeconomic, healthcare-related, and built environment characteristics considered as 

potential predictors. The use of this MGWR approach is another strength of this work, 

as it provides a detailed understanding of the spatial heterogeneity of the regression 

coefficients of the identified predictors [155–159]. Understanding the spatial context of 
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the observed relationships provides valuable insights to guide health planning aimed at 

improving diabetes management and outcomes at the population level. Several of the 

variables identified as determinants of DRH rates in this study have previously been 

identified as predictors of quality of diabetes care at the individual level. These included 

variables such as rurality and income, which were significant predictors of DRH rates in 

large parts of the study area, and had regression coefficients that exhibited relatively 

little geographic variation. Other predictors of hospitalization rates, such as the percent 

of non-Hispanic Black residents and the percent of the population without health 

insurance coverage, had associations that exhibited comparatively higher levels of 

spatial heterogeneity. The regional variation in the strength of association between 

health insurance coverage and DRH rates suggests that increasing county programs 

and services for uninsured individuals, particularly in parts of the state where strong 

associations were observed, may be an effective strategy for reducing disparities [177]. 

Vehicle access has been identified as a predictor of access to healthcare in previous 

research [179], and was also associated with diabetes-related hospitalization rates in 

this study, particularly in central Florida. The observed geographic differences in the 

associations between the identified determinants and DRH rates imply that population 

needs differ based on location within the state. The information provided by this 

research provides useful insights to guide health planning and interventions that aim to 

reduce the burden of these potentially preventable hospitalizations. 

The challenges encountered in this research largely relate to the availability of 

data sources that capture socioeconomic and health information at the same level, 

although this is a frequently cited limitation of public health research and is not unique to 
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this work. A limited number of individual-level variables that reflect individual 

socioeconomic position were available in the hospital records used in these analyses. 

Data sources that include individual health information and socioeconomic data, such 

as health surveys, can be costly to obtain, may include self-reported health information, 

and often are not spatially representative at smaller geographic units of analysis. On the 

other hand, while population-level socioeconomic data are publicly available, small-

scale geographic data with direct estimates of diabetes prevalence, comorbidities, or 

health behaviors, are also not currently available in Florida. In some areas, allocating 

resources to purchase larger sample sizes for routinely collected health surveys, such 

as the Behavioral Risk Factor Surveillance System, may be worthwhile to support 

further investigations of diabetes-related outcomes at the local level [104]. For instance, 

such investigations may be warranted in areas that had disproportionately high burdens 

of diabetes-related hospitalizations despite controlling for the explanatory variables from 

the final MGWR model in this study.  

Despite these challenges, the findings of this work are valuable for guiding public 

health planning and further research. To my knowledge, this is the first study to 

investigate predictors of the severity of diabetes complications among hospitalized 

patients in Florida, and the first statewide investigation of geographic disparities and 

determinants of diabetes-related hospitalization rates at the sub-county level. Future 

studies will need to investigate emergency department visits and observation stays so 

as to assess the potential impact of healthcare utilization bias on these findings. In 

addition, further research is warranted to examine age disparities with respect to 

diabetes and diabetes-related hospitalizations in Florida, considering the findings of 
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previous research that suggests younger adults with diabetes have a higher risk profile 

than those with a later age of onset of the condition [168–170].   

In conclusion, this work identified disparities in the severity of diabetes 

complications and diabetes-related hospitalization rates in Florida. In addition, 

individual- and area-level determinants of severe complications and spatially variable 

determinants of diabetes-related hospitalization rates were reported. The identification 

of high-rate DRH clusters in this study can inform resource allocation to prioritize 

communities with disproportionately high burdens of adverse diabetes outcomes.  

Strategies to improve diabetes prevention, early diagnosis, control and risk factor 

management among populations with high burdens of these outcomes will be important 

to reduce the observed disparities. The findings of this research provide valuable 

information for guiding the development and implementation of locally-focused 

strategies to improve access, utilization, and quality of diabetes care in Florida. 
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