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Injury that has been purposefully inflicted upon self, or self-injury, is a 

considerable morbidity and mortality burden. Over 44,000 Americans die of fatal self-

injury and half a million are treated in emergency departments for self-injury each year. 

Although the morbidity burden is highest among the adolescents and young adults, the 

rising rate of fatal self-injury among middle-aged and older adults has been found and 

has not been curbed. 

This dissertation leveraged electronic health care data from Healthcare Cost and 

Utilization Project to assess individual-level, clinical risk factors for self-injury. 

Environment-level data from the Census, American Community Survey, Community 

Business Patterns, and Food Access Research Atlas were examined in conjunction. 

Expert knowledge-based and data-driven machine learning models were tested and 

compared. 

In the first study of individual-level risk and protective factors associated with self-

injury, we found that expert knowledge-based logistic regression was as informative as 

the data-driven models for younger and middle-aged groups, but not for older adults. 

We also found that prior history of unintentional poisoning is a major risk factor for self-
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injury. In the second study, we found that individuals with self-injury were more likely to 

have resided in areas of lower average income and reduced access to health care 

service. Combining individual- and environment-level risk factors yielded the best 

models. The last study examined health outcomes subsequent to self-injury and found 

that those with self-injury were twice as likely to have psychiatric outcomes and certain 

physical conditions such as coma, epilepsy, and injury of all intents. We did not find any 

environment level factors to be associated with recurrence of self-injury. 

This dissertation illustrated the importance of incorporating environment-level 

factors when studying risk factors for self-injury but showed limited evidence for use 

when studying outcomes following self-injury. We also demonstrated that the risk for 

self-injury varies over lifespan and age-specific epidemiological studies are needed to 

create targeted prevention strategies. 
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CHAPTER 1 
INTRODUCTION 

Epidemiology of Self-Injury 

Self-injury, or injury that has been inflicted upon self, is a considerable burden to 

society. In 2016, over 44,000 Americans died of suicide, or fatal self-injury.1 That year, 

suicide was the tenth leading cause of death overall and the second leading cause of 

death among persons aged 10 and 34 years in the United States. Despite the long 

history of research on suicide, the suicide rate has increased by 20% in the past 10 

years, increasing by more than 60% in certain age groups.2–4  

In addition, about 500,000 individuals are treated in emergency departments 

(ED) for self-injury in the US each year.1 From 2001 to 2017, the rate of self-injury 

leading to a hospital visit increased from 113 per 100,000 to 157 per 100,000. 

Moreover, it is estimated that 1.4 million individuals had some form of self-injury in the 

past year.5 Since the majority of these self-injuries did not result in an ED visit, it is likely 

that this is an underestimate of the true self-injury incidence rate. 

Nonfatal self-injury is most common among young females while fatal self-injury 

is more likely to be incurred by older males in the US.6 Risk factors for self-injury at the 

individual level include unemployment, financial strain, sexual minority status, and social 

disconnectedness.7–11 Additionally, mental health related conditions such as 

depression, bipolar, anxiety, schizophrenia, personality, and substance-related 

disorders are well-studied risk factors.5,9,12 Suicidal ideation, or “thinking about, 

considering, or planning suicide” as defined by the National Institute of Mental Health, 

has also been linked to self-injury, but a very small proportion (7.2%) of those with 

ideation end up sustaining a self-injury.13,14 
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Certain environmental factors including economic downturn, suicide epidemic, 

and exposure to community violence have also been found to be associated with self-

injury.9,15 However, many of these studies examined suicide rates at state levels, not at 

the individual level.16–19 Such studies are prone to ecologic fallacy by making an 

inference about individual risk for self-injury using aggregate group data. 

Definition of Self-Injury 

Historically, several terms have been used to define injury inflicted upon self, 

such as self-injury, self-inflicted injury, deliberate self-harm, suicidal behavior, and self-

directed violence.20 Self-injuries can occur with or without the intention of suicide and 

are often called suicidal self-injury SSI and non-suicidal self-injury NSSI, respectively, in 

American and Canadian literature.21 A similar, but technically different term of deliberate 

self-harm has been used to denote all self-injuries regardless of intent in Europe and 

Australia.21,22 The World Health Organization (WHO) uses the term “suicidal behavior” 

in a universal manner to include suicide, suicidal ideation, and suicide attempt.12 In its 

International Classification of Diseases (ICD)-9th revision coding system, the WHO 

used “self-inflicted injury” for any physical act of suicidal behavior, including suicide 

attempt. The current version, ICD-10, distinguishes suicide attempt separately from 

“intentional self-harm”. On the other hand, the US Centers for Disease Control and 

Prevention advocates for the use of “self-directed violence”.23 The heterogeneity in 

nomenclature has not aided researchers’ ability to compare studies across the literature 

and, by extension, to treat or prevent self-injury. 24 

Gaps in Current Research 

Younger age and female sex have been associated with nonfatal self-injury, but 

males, especially older males, are more likely to sustain fatal self-injury.6 Due to the 
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majority of nonfatal self-injury being incurred by young adults and adolescents, much of 

self-injury research has focused on this population.1 The mean age across studies of 

self-injury was 21.3 years (standard deviation: 4.41).11 Given that risk factors for 

nonfatal self-injury can vary by age and fatal self-injury burden is highest among the 

middle-aged and older age groups,25,26 there is a need to assess risk factors across all 

ages. This is especially important since there has been a recent increase in suicides 

among middle-aged adults (40-65 year olds) in the US.27 

Age is important to consider since previous studies have found that the 

associations between mental health conditions and self-injury vary by age.28 For 

example, the odds ratio for the association between dysthymia (persistent depressive 

disorder) and self-injury ranges from 6.6 to 20.3 and similarly for anxiety, substance 

dependence, and personality disorders. Moreover, the prevalence of psychiatric 

conditions among individuals who sustained a self-injury vary by age: 75.0% among 18-

30 year old, 60.4% among 31-40, 81.2% among 41-49, 49.7% among 50 and older.28  

In addition, several cross-sectional studies have examined comorbid conditions 

at the time of self-injury but were unable to account for prior medical history.29–32 

Longitudinal studies in the US have studied select variables of interest,33 and most 

studies examining prior medical history and their association with self-injury have been 

conducted outside of the US.34,35 Because suicide and self-injury are relatively rare 

outcomes, adequately powered and longitudinal research on risk factors in the general 

population (other than the commonly studied psychiatric population) is scarce.33 In lieu 

of studying a handful number of well-known risk factors, a study examining all prior 

medical history for new risk factors has the potential to identify high risk groups for 
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intervention. Lastly, although certain environmental factors are known to be associated 

with higher rates of suicide,19,36 their role in self-injury at the individual-level and their 

interactions with individual risk factors are unknown. 

Conceptual Framework 

The epidemiologic triad was used to conceptualize the causal factors related to 

self-injury (Figure 1-1). The triad has been frequently used by epidemiologists to show 

that health conditions are the results of agent, individual, and environmental factors.37 

Agent factors are related to the energy transferred to or withheld from the human body 

that results in an injury and can be categorized as biologic, physical, or chemical; some 

examples are firearm (physical) and poisoning (chemical). Individual factors are related 

to a person’s susceptibility to injury and can range from biologic factors like age and sex 

to behavioral factors like alcohol and substance use. Lastly, environmental factors refer 

to extrinsic factors that influence the occurrence of injury. This dissertation uses a broad 

definition of environmental factors to include the physical and social environment. For 

self-injury, these are largely socioeconomic factors like social support and 

characteristics of the community in which people live in, e.g. area deprivation and 

poverty. 

This study examined a wide range of factors related to self-injury. By linking 

health care data from emergency department visits, inpatient visits, hospitals, and 

outpatient settings to environmental factors at each individual’s area of residence, both 

individual-level and environment-level risk factors were examined. These variables 

within the context of the epidemiologic triad are shown in Table 1-1. Moreover, medical 

records of patients who sustained at least one self-injury were used to identify adverse 
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health outcomes following self-injury and how those outcomes are affected by the 

environment in which these individuals reside. 

The unique availability of individual-level health care data that can be linked 

across time and the robust set of ecological information collected in Florida make this 

an ideal setting in which to conduct a study examining individual and environmental 

factors related to self-injury. Moreover, Florida is the third largest state by population 

with an above average rate of overall injury incidence.38 Although Florida has a greater 

proportion of older population than other states, the age-adjusted mortality rate from 

injury is still 11% higher in Florida than the national average. 

Specific Aims 

The objective of this dissertation was to examine risk factors associated with self-

injury and identify adverse health outcomes following self-injury among adults in Florida 

over the lifespan. Specifically, this dissertation had the following aims: 

Aim 1: Examine Individual-Level Risk Factors for Self-Injury for Three Age 
Groups: Younger (18-39 Years of Age), Middle-Aged (40-64 Years of Age), and 
Older (65+ Years Old) Adults 

Hypothesis 1.1: A data-driven machine learning model using all variables will 

outperform a model built using well-known risk factors in differentiating self-injury from 

other injury. 

Hypothesis 1.2: Age will modify the performance of the models. 

Aim 2: Identify Environmental Factors Associated with Self-Injury and Compare 
the Strengths of Associations with Self-Injury When Accounting for Individual-
Level Factors 

Hypothesis 2.1: Individuals with self-injury will be more likely to reside in areas of 

greater poverty, lower income, and reduced access to healthy foods and health care. 
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Hypothesis 2.2: Individual-level factors will be stronger risk factors for self-injury 

than environmental factors alone or in combination with individual-level factors. 

Hypothesis 2.3: Self-injury is more likely to be associated with environmental 

factors for younger adults, both individual and environmental factors will be important for 

middle-aged adults, and only individual factors will be strongly associated self-injury 

among older adults. 

Aim 3: Ascertain the Health Outcomes Subsequent to Self-Injury and Their 
Associations with Environmental Factors 

Hypothesis 3.1: Middle-aged adults will have a greater number of adverse 

physical and psychiatric conditions following self-injury compared to young and older 

adults. 

Hypothesis 3.2: Environmental factors related to employment opportunities will 

be strongly associated with adverse health outcomes following self-injury among 

middle-aged adults. 

Hypothesis 3.3: Individuals living in areas with low access to health care are 

more likely to have another self-injury than those living in areas with high access to 

health care. 

Potential Implications 

Understanding the risk factors for self-injury is essential to preventing the 

physical and psychological harm to the patients with self-injury and their close 

relations.4 Self-injury increases the risk for suicide, 11,33 which takes over 44,000 

American lives each year.1 Suicides also resulted in 895,466 years of potential life lost, 

$2 billion in health care costs, and $187 billion in work loss.1 
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Identification of individuals who are likely to incur fatal or nonfatal self-injury 

remains a high-stake priority.39 Currently, self-injuries are considered behavioral 

symptoms or manifestations of another illness. However, it has been recognized that 

individuals with self-injury may be potentially diagnosed in the future with “suicidal 

behavior disorder”.39 Thus, this dissertation has the potential to add to the scientific 

knowledge on self-injury by examining its risk factors and outcomes among the general 

population. 

Drawing from the entire population of Floridians who used some form of hospital-

based health care from 2005 to 2014, this dissertation has greater generalizability than 

studies conducted using data from only a single health care system or single payer. The 

health care data source used in this dissertation is the largest longitudinal health care 

data across all payers.  

Moreover, this dissertation has linked individuals to their environmental 

characteristics, such as poverty, unemployment, lack of economic resources, and lack 

of food access, all of which can adversely affect health. These factors have the potential 

to inform area- or neighborhood-level public health programs to reduce self-injury. 

Lastly, this dissertation fills a gap in research that has focused on the young adult 

and adolescent population. Identifying age-specific risk factors for self-injury and clinical 

outcomes after a self-injury will be important steps to create age-specific prevention 

strategies and post-injury care plans.  
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Table 1-1.  The epidemiologic triad and the corresponding variables used for this 
dissertation. 

Epidemiologic triad Variables 

Agent Mechanism of injury (method of injury) 
Individual Sex 

Age 
Race/Ethnicity 
Payer 
Charlson Comorbidity Index 
All diagnoses prior to self-injury 
All diagnoses after self-injury 
All procedures after self-injury 

Environment Area Deprivation Index 
Population characteristics 
    Age 
    Race 
    Sex 
    Number of veterans 
    Number of disabled 
Household characteristics 
    Number of households 
    Average household size 
    Median household income 
    Median value of occupied housing units 
    Number of households living below poverty 
Economic characteristics 
    Number of businesses 
    Number of employees 
    Number of health care facilities 
    Number of social assistance facilities 
Food desert designation 
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Figure 1-1.  Epidemiologic triad of self-injury.  
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CHAPTER 2 
DESIGN AND METHODS 

Study Design 

This dissertation was a retrospective, observational study of adults (aged ≥18 

years), who have utilized health care within the state of Florida between January 1, 

2005 and December 31, 2014. A flow diagram of the study population across the three 

aims is shown in Figure 2-1. For Aims 1 and 2, a case-control study of any individual 

with self-injury as cases and 1:2 matched individuals with injury other than self-injury as 

controls via risk set sampling was used. For Aim 3, a cohort study of individuals with 

nonfatal injury was carried out to assess adverse health outcomes, including 

subsequent self-injury and death. This dissertation used data at the individual level from 

health care encounter data and environmental level data from multiple federal sources. 

Health Care Encounter Data 

The Healthcare Cost and Utilization Project (HCUP) by the Agency for 

Healthcare Research and Quality (AHRQ) is a set of health care databases from 

multiple states in the United States. HCUP contains information from health care 

encounters (an emergency department visit, for example) and is the largest longitudinal, 

all-payer health care database in the US. 

For this dissertation, HCUP databases from the state of Florida, including the 

Florida State Emergency Department Database, the Florida State Inpatient Database, 

and the Florida State Ambulatory Surgery and Services Databases, were used. The 

State Emergency Department Database contained health care encounter-related 

information from emergency department (ED) visits that did not require hospital 

admission, the State Inpatient Database had inpatient care records, and the State 
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Ambulatory Surgery and Services Database was comprised of outpatient visits. These 

databases include detailed information from almost all EDs in the state (99%) and a 

majority of hospitals for inpatient stays (>95%).40 This provides nearly complete census 

of all the hospitals in Florida. Individuals can be linked across different HCUP databases 

and years through a HIPAA-compliant anonymous patient identifier called visitLink, 

affording the opportunity to assemble longitudinal medical histories.41,42 

Records of each encounter in the HCUP contained demographic information, 

such as age, sex, race/ethnicity, payer, and ZIP code (Zone Improvement Plan code) of 

residence; International Classification of Diseases (ICD)-9th revision-clinical 

modification (ICD-9-CM) codes specifying clinical diagnoses (up to 10), including the 

external cause of injury codes, or E-codes (up to 3); and medical procedures conducted 

at each of the visits. The Charlson comorbidity index (CCI) was calculated from the ICD-

9-CM codes based on Quan’s algorithm.43 ICD codes were mapped to their equivalents 

in AHRQ’s Clinical Classifications Software (CCS) codes to reduce complexity and 

increase interpretability; ICD-9-CM has 14,000 codes and CCS contains 285 codes.44 

All variables were recoded as binary variables. 

We used HCUP databases from years 2005 to 2014. The data from 2015 and 

2016 (latest available) were not used due to the vast changes in coding structure of ICD 

codes from its 9th (ICD-9-CM) to 10th (ICD-10-CM) revisions. The ICD-10-CM was 

adopted in October 2015. The changes in injury coding between these revisions would 

have introduced misclassification when harmonizing the ICD codes across years. For 

example, poisoning, suffocation, and foreign body were previously coded as external 

cause of injury in ICD-9-CM which were not mandatory for reimbursement.45 However, 
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they became nature of injury codes in ICD-10-CM, which are mandatory for 

reimbursement, affecting whether these diagnoses codes are present in health care 

data. Moreover, specifically related to this dissertation, self-injury codes which were 

exclusively external cause codes in ICD-9-CM (E950-9) have been split with some as 

nature of injury (T36-50, T51-65, T71) and others as external cause (X71-X83) codes in 

ICD-10-CM.45 This would have led to a mismatch between case definitions using ICD-9-

CM and case definitions using ICD-10-CM. Therefore, HCUP data from 2005 to 2014 

were used for uniformity of case definitions and diagnoses. 

Environmental Data 

In addition to individual-level health care data from HCUP, several environment-

level variables from federal sources were used in this dissertation. These included 

population demographics from the 2010 census46 and the 2011 American Community 

Survey (ACS),47 economic data from the County Business Patterns (CBP),48 and food 

accessibility from the US Department of Agriculture Food Access Research Atlas 

(FARA).49 These environmental data were linked to individual health care data using the 

ZIP code of the individual’s residence. Since the individual data is longitudinal and there 

may be multiple ZIP codes over time, the most frequent ZIP code for each individual 

was used. All variables are summarized in Table 2-1. 

The environmental data sources used various geographical units: ZIP Code 

Tabulation Areas (ZCTAs) by the census and ACS, ZIP codes by HCUP and CBP, and 

census tracts by FARA. This required us to translate, or crosswalk, the different 

geographic units to a single standard unit. In Florida, there were 4,245 census tracts, 

1,472 ZIP codes, and 983 ZCTAs in 2010, the midpoint of our HCUP data. The ZCTA 

unit was designated as the geographic unit of observation since it was the most 
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parsimonious and did not require extrapolation of missing values. ZCTAs are similar to 

ZIP codes with the exception of Post Office (PO) boxes. ZIP codes of PO boxes were 

mapped to their physical, geographic locations and translated to their respective 

ZCTAs.50 

The 2010 census data by ZIP Code Tabulation Areas (ZCTAs) were used in this 

dissertation. These variables included total population, number of females, number of 

white, black, and other races, number of Hispanics, median age, number of households, 

and average household size. From the 2011 ACS, we used the number of disabled 

individuals, number of veterans, median household income, median value of housing, 

and number of households living below poverty per ZCTA. These variables provide a 

snapshot of the population demographics in the area of residence. 

The economic data on the number of business establishments and employment 

in each ZIP code were also used in this dissertation. These data can indicate area’s 

employment opportunities and economic health. We used the CBP data from 2005 to 

2014 in this dissertation. Specifically, we used the number of business establishments, 

number of employees, number of health care facilities, and number of social assistance 

services per ZIP code. Health care facilities included physician, dentist, chiropractor, 

optometrist, mental health, and occupational therapist offices as well as home health 

care services, skilled nursing facilities, and continuing care retirement communities. 

Social assistance services included individual and family social services, vocational 

rehabilitation, and child day care services. These variables from CBP provide an 

indication of health care and social assistance availabilities in the neighborhood. 
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Food desert areas were obtained at census tract level from FARA. Data from 

2006, 2010, and 2015 were available as of 2019. Food desert areas were defined as 

areas with low-income and low-access to supermarkets and grocery stores. A low-

income tract was defined as low income if the poverty rate in that tract is over 20% or 

the tract’s median income is less than 80% of the state median income or the 

metropolitan area’s median income. A tract was defined as low-access if more than 

33% or at least 500 individuals in a census tract resided more than 1 mile from a 

supermarket or large grocery store in an urban area and more than 10 miles in a rural 

area. A census tract must be both low-income and low-access to be defined as a food 

desert. The census tract level data was translated to ZCTA using a relationship file from 

the Census Bureau. Because the accessibility to supermarkets and grocery stores is 

important for a healthy diet and health, a dichotomous variable indicating food desert 

status was included the analysis. 

Lastly, the ZIP code of residence from HCUP data was translated into ZCTA. 

This allowed us to link the environmental variables to the individual variables using a 

common geographical unit. 

Methods of Analyses 

Descriptive statistics were calculated prior to testing statistical models. For 

continuous variables, a t-test or a Wilcoxon rank sum test was conducted to compare 

the means. For categorical variables, a chi-square test was used. Due to the large 

number of variables included in the analysis, Bonferroni correction was used to adjust 

for multiple testing. 

Correlation between CCS codes was tested using Pearson correlation 

coefficients of the dichotomized CCS codes. A Phi coefficient greater than 0.5 or lower 
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than -0.5 indicated moderate to strong correlation. Although the Variable Inflation Factor 

(VIF) was also used to test for multicollinearity, no variables had a VIF greater than 10. 

Several statistical models were used in this dissertation. These methods fell 

within the broad category of supervised machine learning, which uses the patterns in 

the data to predict the known dependent variable. First, logistic regression was used to 

predict the relationship between independent variables and a binary outcome. Both 

univariable logistic regression (with one independent variable) and multivariable logistic 

regression (with multiple independent variables) were used. A variant of this regression, 

least absolute shrinkage and selection operator, or LASSO, was also used. LASSO 

regression adds a penalty to the coefficient for independent variables, such that some of 

these coefficients become 0; this leads to the removal of the independent variable with 

a 0 coefficient from the model and reduces the number of variables in the model. A 

decision tree model repeatedly splits the data into subsets to make the best predictions 

about the probability of an outcome. Lastly, a random forests model averages several 

decision tree models. The advantage of the last two machine learning methods, 

decision tree and random forests, is their ability to account for interactions without 

explicit statement. 

Cross-validation (CV) was used to estimate the performance of a statistical 

model on new data. This involved dividing the whole data set into one for building the 

models and another for testing the accuracy of this model. CV increases generalizability 

and reduces overfitting, i.e. having a model that will fit the specific data used to build the 

model well, but not any other data. A 10-fold CV framework was used.  

All analyses were conducted using R. 
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This study used de-identified data from Florida’s AHRQ and was exempt from 

review by the University of Florida Institutional Review Board (IRB201701906) as non-

human subjects research.
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Table 2-1.  List of data sources and variables used in this dissertation. 

Source 
Variable 
Name Variable Type Variable Description 

HCUP Age Continuous Age 
HCUP Sex Dichotomous Sex (Male/Female) 
HCUP Race/Ethnicity Categorical  Race/Ethnicity (White, Black, Hispanic, Other) 
HCUP Payer Categorical  Insurance (Medicare, Medicaid, Private Insurance, Self-Pay, Other) 
HCUP ZIP code Categorical ZIP code of patient’s address 
HCUP ICD* Categorical Diagnoses 
HCUP CCS* Categorical Diagnoses 
Census cPop Continuous Total population in ZCTA 
Census cFemale Continuous Number of females in ZCTA 
Census cWhite Continuous Number of whites in ZCTA 
Census cBlack Continuous Number of blacks in ZCTA 
Census cOther Continuous Number of other races in ZCTA 
Census cHisp Continuous Number of Hispanics in ZCTA 
Census cAge Continuous Median age of individuals in ZCTA 
ACS aHValue Continuous Median value of occupied housing units in ZCTA 
ACS aHSize Continuous Average household size in ZCTA 
ACS aInc Continuous Median household income in ZCTA 
ACS aVet Continuous Number of veterans in ZCTA 
ACS aPov Continuous Percentage of households living below poverty in ZCTA 
ACS aVacant Continuous Percentage of housing units that are vacant in ZCTA 
ACS aDis Continuous Number of disabled individuals in ZCTA 
CBP bEst Continuous Number of business establishments per ZIP code 
CBP bEmp Continuous Number of employees per ZIP code 
CBP bAmb Continuous Number of ambulatory health care services per ZIP code 
CBP bSocial Continuous Number of social assistance facilities per ZIP code 
FARA Desert Dichotomous  Designation as food desert based on income and food access at ZIP code 

(Yes/No) 
* ICD and CCS were dichotomized into binary variables. HCUP=Healthcare Cost and Utilization Project; ICD=International Classification of 
Diseases; CCS=Clinical Classifications Software; ZCTA=ZIP Code Tabulation Area; ACS=American Community Survey; CBP=County Business 
Patterns; FARA=Food Access Research Atlas 
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Figure 2-1.  Flow diagram of study population for dissertation’s aims.  
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CHAPTER 3 
COMPARISON OF KNOWLEDGE-DRIVEN MODEL TO DATA-BASED MACHINE 

LEARNING MODELS TO STUDY RISK FACTORS FOR SELF-INJURY 

Background 

On an average day, more than 1,300 Americans are treated in emergency 

departments for self-injury.1 Self-injury, or injury that has been purposefully inflicted 

upon self, places a considerable burden on society and is incurred by an estimated 1.4 

million individuals each year.5 

Despite the long history of research and understanding of major risk factors, the 

rate of self-injury is increasing.3,4,33 The increase in suicide rate has been the greatest 

among middle-aged adults, aged 40-65 years.27 Because nonfatal self-injury rate is 

most common among adolescents and young adults, research has focused on this 

population.11 However, given that risk factors for self-injury can vary by age and fatal 

self-injury occurs most frequently among the middle-aged and older age groups,25,26 

there is a need to study self-injury across all ages. 

Using health care encounter data, we retrospectively examined self-injury and its 

association to a wide range of risk and protective factors among adults. Health care 

data can be a good source for studying rare outcomes in the general population since it 

enables evaluation of multiple risk factors spanning across all medical diagnoses.51 

Specifically related to self-injury, about half of the individuals with fatal self-injury utilized 

primary care in the month prior to injury, and 19% used mental health care within the 

month before suicide.52 The health care utilization rate is greater among those with 

nonfatal self-injury where 75% of those with nonfatal injury had a health care encounter 

in the 1 month prior to attempt.53 
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Aims and Hypotheses 

The aims of this study were to examine individual-level risk factors of self-injury 

among adults: younger (18-39 years of age), middle-aged (40-64 years of age), and 

older (65+ years of age). Data from health care encounters were used to compare the 

performance of knowledge-driven model to data-driven machine learning models across 

adult lifespan. Two hypotheses were tested: 

Hypothesis 1: A data-driven machine learning model using all variables will 

outperform a model built using well-known risk factors in differentiating self-injury from 

other injury. 

Hypothesis 2: Age will modify the performance of the models. 

Methods 

Setting and Study Population 

This case-control study used population-based hospital discharge data from 

Healthcare Cost and Utilization Project (HCUP) from January 1, 2005 to December 31, 

2014. HCUP data consisting of State Inpatient Database, State Ambulatory Surgery and 

Services Database, and State Emergency Department Database from Florida were 

utilized. These databases cover emergency room, inpatient, and outpatient health care 

encounters within the state. Patients were linked across databases and over time using 

a HIPAA-compliant anonymous identifier called visitLink.42  

Individuals were selected as cases if they had a health care visit with an 

International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-

CM) code E950-E958 indicating self-injury (Table A-1) with at least three years of health 

history in the HCUP without the aforementioned codes for self-injury. Thus, individuals 

who were seen for self-injury without a history of self-injury in the past 3 years were 
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selected as cases. Controls were selected based on risk set sampling from individuals 

who had a health care visit in the same year as the case and with an ICD-9-CM code for 

injury other than self (E000-E949, E960-E999) as shown in Table A-2. Controls were 

selected in a 1:2 case to control ratio to increase statistical power. They also had to 

have three years of health history within HCUP. We focused on adults (18 or older) and 

individuals with non-missing age, sex, and race/ethnicity. Age was missing from 0.005% 

of the emergency department encounters in 2014; sex (<0.001%) and race/ethnicity 

(0.78%) also had low frequencies of missing values. 

Middle-aged adults were individuals who are 40-64 years old, as defined in 

current self-injury literature and by their roles as working adults with family 

responsibilities and aging-related physical and psychological developments.27,54 

Younger adults were defined as those less than 40 years old and older adults were 

those over 65 years of age. 

Variables 

A lookback period of three years was used to extract all ICD-9-CM codes for 

cases and controls from visits prior to the index visit. There were 736 unique ICD-9-CM 

codes among the entire study population, which were then translated to HCUP’s Clinical 

Comorbidity Software (CCS) codes to reduce the dimensionality and increase clinical 

relevance.44 In addition to the diagnosis codes, demographic variables such as age 

(<39 years old, 40-64 years old, and 65+ years old), race/ethnicity (white, black, 

Hispanic, other), payer (Medicare, Medicaid, self-pay, private insurance, and other), and 

sex (male and female) were included in the analysis. Quan’s algorithm was used to 

calculate the Charlson comorbidity index (CCI), an indicator for number of major health 

conditions related to mortality.43 Due to the positive skewness of the CCI values in the 
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data, we coded as 1 if CCI ≥1 and 0 of CCI<1 using the median (1) as cutoff. 

Categorical variables were coded into binary variables (1=yes; 0=no). Sex was coded 

as 1 if female and 0 if male. 

Statistical Analyses 

Descriptive statistics were computed comparing means and standard deviations 

for continuous variables using t-test for the normally distributed variable (age) and 

Wilcoxon rank sum test for the non-normally distributed variable (CCI). Categorical 

variables were compared using chi-square tests. All descriptive statistics were 

conducted with Bonferroni correction for multiple testing, and two-tailed p value of 0.05 

was used as the significance cutoff. 

Prior to model building, multicollinearity was assessed with variance inflation 

factor (VIF) (<10 as cutoff) and Phi correlation coefficient (<|0.50| as cutoff). Bivariate 

analyses were conducted by testing each of the CCS codes in a univariable logistic 

regression with self-injury as outcome. Unadjusted odds ratios (OR) and 95% 

confidence intervals (CI) were examined. 

Four supervised machine learning models were tested. Random forests, decision 

tree, logistic regression, and least absolute shrinkage and selection operator (LASSO) 

regression models used all independent variables in the data set. Two additional logistic 

regression models using select variables were also tested. The first of these regression 

models was an expert knowledge-based model containing CCS codes related to mental 

health and suicidal ideation (CCS codes: 650-670) which are known risk factors for self-

injury.55 Lastly, a feature selection model which included the top 20 most important CCS 

codes was tested. Using a feature selector based on chi-square tests of significance for 

each CCS code in the data, the CCS codes were ranked based on strength of 
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association with the outcome via Cramér’s V. This yielded a list of variables which are 

positively or negatively most strongly associated with the outcome. 

These models were tested in a 10-fold cross-validation framework and compared 

using Area Under the Receiver Operating Characteristics (AUROC), sensitivity, and 

specificity. The optimal cutoff point for the calculation of sensitivity and specificity was 

chosen via Youden’s J index. 

The best performing model was used to conduct stratified analyses by age. For 

each age group, the best performing model was refitted with a) all variables, b) only 

demographic variables (age, sex, race/ethnicity, payer, CCI), c) only clinical variables 

(CCS codes), d) expert knowledge-based set of variables, and e) feature selected 

variables. Similar to analysis with the entire population, a 10-fold cross-validation 

framework was used, and AUROC, sensitivity, and specificity were used to compare the 

models. 

All analyses were conducted in R. This study used de-identified data and was 

exempt from review by the University of Florida Institutional Review Board 

(IRB201701906). 

Results 

Among over 21 million individuals in the HCUP data from 2005 to 2014, there 

were 62,140 cases who met the case definition of having a health care visit due to self-

injury and 3 years of health care history without prior self-injury (Figure 3-1). As shown 

in Table 3-1, the majority of cases were seen for self-poisoning (n=46,408; 74.7%). 

Cutting was the second most common form of self-injury (n=9770; 15.7%). There were 

121,300 controls in the study. Although the risk set sampling would allow any control 
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who would later have self-injury to become a case in the study, there were no overlaps 

between the cases and controls due to the large sample size. 

As shown in Table 3-2, individuals with self-injury were younger than the controls 

(mean age: 38.5 vs. 52.2), had fewer comorbidities (mean CCI: 0.93 vs. 1.54), were 

more likely to be female (57.3% vs. 52.9%) and white (76.9% vs. 63.1%), and were self-

paying (28.4% vs. 8.6%). All of these demographic variables were significantly different 

between cases and controls after correction for multiple testing (p<0.05). 

No variables had VIF higher than 10. There were 5 variables with absolute value 

of the correlation coefficient greater than 0.50 and were removed prior to analysis 

(Table 3.3). 

In bivariate analyses across all 191 CCS codes, poisoning by psychotropic 

agents yielded the top unadjusted odds ratio associated with self-injury. Compared to 

those without self-injury, individuals with self-injury had 9.89 times the odds of prior 

poisoning by psychotropic agents (95% confidence interval: 8.97-10.94). CCS codes 

with top 10 highest unadjusted odds ratios are shown in Table 3-4. The CCS code 662, 

indicating suicide and intentional self-inflicted injury, had the second highest odds ratio. 

This CCS corresponded wholly to suicidal ideation, given the case definition of not 

having a self-injury in the 3 years prior to index visit. Thus, suicidal ideation had the 

second highest odds ratio; the cases were 9.78 times more likely to have had a 

diagnosis for suicidal ideation (95% confidence interval: 9.78-10.24). Ideation was 

previously diagnosed in 16.8% of the cases (n=10,432 out of n=62,140). Other well-

known psychiatric disorders such as personality, mood, substance-related, and alcohol-

related disorders were also found among the top predictors of self-injury.  
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Most of these top CCS codes were part of the expert knowledge model (Table 3-

5). In addition, the top 20 variables selected using Cramér’s V for the feature selection 

model had a substantial overlap with the expert knowledge model. 

Figure 3-2A and Table 3-6 show the results of various models tested. LASSO 

regression had the highest AUROC of 0.8405 as well as the highest sensitivity (76.9%) 

and specificity (76.6%). The worst performing model was a decision tree (AUROC: 

0.8111; sensitivity: 77.2%; specificity: 72.4%). When compared to LASSO, most models 

were significantly worse. However, the LASSO only had an incremental gain in 

performance compared to the logistic regression model based on expert knowledge 

(AUROC: 0.8279; sensitivity: 75.9%; specificity: 75.3%). This meant that the expert 

knowledge model with 14 CCS codes and demographic covariates performed almost as 

well as the LASSO which retained 186 out of 196 variables. Therefore, we used the 

expert knowledge model to examine specific risk factors associated with self-injury. 

The adjusted odds ratios from the expert knowledge model are shown in Table 3-

7. After adjusting for demographic covariates, individuals with self-injury had higher 

odds of prior diagnosis with anxiety disorders (adjusted OR (aOR): 1.59; CI: 1.54-1.64); 

attention-deficit, conduct, and disruptive behavior disorders (aOR: 1.22; CI: 1.07-1.39); 

mood disorders (aOR: 2.54; CI: 2.45-2.62); personality disorders (aOR 1.25; CI: 1.11-

1.42); schizophrenia and psychotic disorders (aOR: 1.65; CI: 1.57-1.74); alcohol-related 

disorders (aOR: 1.55; CI: 1.50-1.61); substance-related disorders (aOR: 1.44; CI: 1.39-

1.49); suicide and intentional self-inflicted injury (aOR: 2.50; CI: 2.37-2.64); and other 

mental health disorders (aOR: 1.11; CI: 1.02-1.21). In contrast, delirium, dementia, and 

other cognitive disorders were protective (aOR: 0.86; CI: 0.79-0.93). 
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From the expert knowledge-based model, we also found that screening and 

history of mental health and substance abuse was a significant risk factor for self-injury 

(aOR: 1.41; CI: 1.37-1.45). When the corresponding ICD codes to this CCS code (663) 

were further examined, we found that most of this screening was limited to tobacco use 

screening. There were 67,467 individuals diagnosed with tobacco disorder, and 29,409 

had history of tobacco use; 13,167 had both. Other possible screening and history 

within this CCS code include history of mental health disorder, psychological trauma, 

history of physical or emotional abuse, and screening for depression, among others. 

However, none of the cases or controls had mental health, trauma, or abuse related 

screenings. 

The best performing model, LASSO, was used to test the variable domains for 

each of the age groups. Figure 3-2B and Table 3-8 show the results from comparison of 

domains: demographic domain, clinical domain, and both domains compared to expert 

knowledge variables. Using all variables yielded the highest AUROC of 0.8407, highest 

sensitivity at 77.2% and second highest specificity of 76.5%. The stratified analysis of 

younger, middle-aged, and older adults is shown in Figure 3-3 and Table 3-9. Among 

younger adults, using all available variables yielded the highest AUROC (0.7939), 

second highest sensitivity (73.0%), and highest specificity (72.2%). Similarly, using all 

the variables yielded highest AUROCs for middle-aged group and older-aged group. 

While the expert knowledge variables performed well for younger age and middle-aged 

groups (AUROC: 0.7771 and 0.8016, respectively) it had reduced performance for the 

older age group. Among the older adults, the expert knowledge-based model had an 

AUROC of 0.6900, sensitivity of 75.2%, and specificity of 52.6%. 



 

39 

Discussion 

In this study, we found that majority of self-injury occurred through self-poisoning, 

which is consistent with national and state figures.1 We also found that previous 

diagnosis of poisoning, suicidal ideation, personality disorders, and mood disorders 

were highly associated with self-injury. Although the psychiatric disorders are well-

studied risk factors for self-injury, poisoning was a novel addition since these poisonings 

were unintentional poisonings, not intentional self-poisonings. Our study’s case 

definition was an individual with a diagnosis of self-injury and 3 years of health 

encounter data without prior diagnosis of self-injury. This meant that those with history 

of prior self-poisoning would not be eligible to become a case. In fact, all 2,317 cases 

with poisoning had a prior diagnosis of unintentional poisoning with benzodiazepine-

based tranquilizers. 

We tested several machine learning models in this study. Although random 

forests and decision tree models are known for their ability to account for complex 

interactions and simultaneous analysis of all independent variables, these models did 

not perform the best overall. This led us to conclude that interactions were not a 

significant factor in this study, but it is possible that there are significant interactions 

present and will be found if explicitly stated in regression models. Additionally, expert 

knowledge-based model which had 13 CCS codes related to psychiatric health 

performed just as well as a regression model using all 196 variables in the data. Such 

model with smaller number of variables will have greater interpretability and clinical 

utility. 
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Limitations 

This study has several limitations. Although a case-control study is appropriate 

for studying self-injury due to its rarity, selection of appropriate controls is a common 

issue for injury studies.56 We used risk set sampling which allowed a control to become 

a case at any point during the study period. We also selected from a pool of patients 

who were seen at the hospital for an injury other than self-injury. Thus, the injury for 

both cases and controls were of severity which led to a hospital visit. However, we are 

missing individuals who did not have a hospital visit for nonfatal self-injury and those 

who had fatal self-injury. 

In this study, the controls were matched to the cases based on the year of the 

index visit. This is due to the anonymized nature of the data which does not contain the 

exact date or month of health care visit for privacy. Thus, we used the year of the index 

visit to match controls to cases. This means that seasonal effects on suicide (suicide 

rates are highest in late spring and early summer) cannot be accounted.57 The data 

used in this study lacks other variables related to self-injury like bereavement, 

unemployment, financial issues, genetics, and legal problems, so confounding is also 

possible.26 

Also, Florida has a long history of accurate coding of injuries via state mandate,58 

but it is possible that there are misclassifications and misdiagnoses present in health 

care data such as HCUP. Misclassification on the intentionality of an injury or poisoning 

is a known issue with health care data.59 Varying ranges of positive predictive values 

using ICD-9-CM codes for self-injury (4-100%) have been observed.60 
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Strengths 

This study’s major strength is its large sample size (n=183,440) and its 

generalizability. HCUP data in Florida has almost complete coverage across the state; 

95-99% of hospital emergency departments, outpatient facilities, and inpatient facilities 

in Florida contribute to HCUP.40 HCUP is not limited to a single health care system or a 

single payer and covers the entire population across multiple payers, including 

uninsured and self-paying individuals. This increases the generalizability of the study. 

The use of health care data eliminates recall bias. 

In this study, we found that prior unintentional poisoning is a risk factor for self-

injury. We also found that the expert knowledge-based model was just as informative as 

data-driven machine learning models to study risk factors for self-injury. However, we 

found that such expert knowledge-based model worked well for younger and middle-

aged groups but had reduced performance for the older age group. A penalized 

regression model using all of the health care data had the best performance for the 

older age group. Further research on risk factors for self-injury other than psychiatric 

disorders is warranted for this age group. 

Moreover, we found a lack of mental health related screenings, such as history of 

physical or emotional abuse, being recorded in these health encounter data. Although 

this may be driven by lack of financial incentive to conduct or record such screenings, 

screening for mental health, trauma, and abuse is especially pertinent for people at risk 

of self-injury and should be a priority. 
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Table 3-1.  Distribution of cases and controls by their ICD-9-CM case definitions shown as frequencies and percentages. 

ICD-9-CM ICD-9-CM description 

Cases 
(n=62140) 
n (%) 

Controls 
(n=121300) 
n (%) 

E950 Suicide and self-inflicted poisoning by solid or liquid substances 46408 (74.7)  
E951 Suicide and self-inflicted poisoning by gases in domestic use 5 (0.0)  
E952 Suicide and self-inflicted poisoning by other gases and vapors 381 (0.6)  
E953 Suicide and self-inflicted injury by hanging strangulation and suffocation 837 (1.3)  
E954 Suicide and self-inflicted injury by submersion [drowning] 66 (0.1)  
E955 Suicide and self-inflicted injury by firearms air guns and explosives 767 (1.2)  
E956 Suicide and self-inflicted injury by cutting and piercing instrument 9770 (15.7)  
E957 Suicide and self-inflicted injuries by jumping from high place 273 (0.4)  
E958 Suicide and self-inflicted injury by other and unspecified means 3633 (5.8)  
E000 External Cause Status  93 (0.1) 
E001-E030 Activity  181 (0.1) 
E800-E807 Railway Accidents  5 (0.0) 
E810-E819 Motor Vehicle Traffic Accidents  8769 (7.2) 
E820-E825 Motor Vehicle Nontraffic Accidents  360 (0.3) 
E826-E829 Other Road Vehicle Accidents  667 (0.5) 
E830-E838 Water Transport Accidents  76 (0.1) 
E840-E845 Air And Space Transport Accidents  12 (0.0) 
E846-E849 Vehicle Accidents, Not Elsewhere Classifiable  5885 (4.9) 
E850-E858 Accidental Poisoning By Drugs, Medicinal Substances, And Biologicals  1103 (0.9) 
E860-E869 Accidental Poisoning By Other Solid And Liquid Substances, Gases, And Vapors  170 (0.1) 
E870-E876 Misadventures To Patients During Surgical And Medical Care  849 (0.7) 
E878-E879 Surgical And Medical Procedures As The Cause Of Abnormal Reaction Of Patient Or 

Later Complication, Without Mention Of Misadventure At The Time Of Procedure 
 31556 (26.0) 

E880-E888 Accidental Falls  23489 (19.4) 
E890-E899 Accidents Caused By Fire And Flames  236 (0.2) 
E900-E909 Accidents Due To Natural And Environmental Factors  1277 (1.1) 
E910-E915 Accidents Caused By Submersion, Suffocation, And Foreign Bodies  1235 (1.0) 
E916-E928 Other Accidents  27633 (22.8) 
E929-E929 Late Effects Of Accidental Injury  1193 (1.0) 
E930-E949 Drugs, Medicinal And Biological Substances Causing Adverse Effects In Therapeutic 

Use 
 12133 (10.0) 

E960-E969 Homicide And Injury Purposely Inflicted By Other Persons  2948 (2.4) 
E970-E979 Legal Intervention  128 (0.1) 
E980-E989 Injury Undetermined Whether Accidentally Or Purposely Inflicted  1293 (1.1) 
E990-E999 Injury Resulting From Operations Of War  9 (0.0) 
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Table 3-2.  Demographic characteristics of the study population. Cases are those with 
self-injury and controls are those with injury other than self-injury. 

 

Total 
(n=183440) 
n (%) 

Cases 
(n=62140) 
n (%) 

Controls 
(n=121300) 
n (%) p value 

Age     
    Mean (SD) 47.57 (18.5) 38.46 (14.6) 52.23 (18.5) <0.0001 
    [18-39] 67980 (37.1) 34992 (56.3) 32988 (27.2) <0.0001 
    [40-64] 76376 (41.6) 23483 (37.8) 52893 (43.6) <0.0001 
    [65+) 39084 (21.3) 3665 (5.9) 35419 (29.2) <0.0001 
Charlson Comorbidity 
Index 

    

    Mean (SD) 1.33 (2.0) 0.93 (1.6) 1.54 (2.1) <0.0001 
    ≥1 90361 (49.3) 26749 (43.0) 63612 (52.4) <0.0001 
Sex     
    Female 99840 (54.4) 35617 (57.3) 64223 (52.9) <0.0001 
Race/Ethnicity     
    Black 32621 (17.8) 6564 (10.6) 26057 (21.5) <0.0001 
    Hispanic 21422 (11.7) 6289 (10.1) 15133 (12.5) <0.0001 
    Other 5070 (2.8) 1475 (2.4) 3595 (3.0) <0.0001 
    White 124327 

(67.8) 
47812 (76.9) 76515 (63.1) <0.0001 

Payer     
    Medicare 67519 (36.8) 13670 (22.0) 53849 (44.4) <0.0001 
    Medicaid 22397 (12.2) 11341 (18.3) 11056 (9.1) <0.0001 
    Self-Pay 28033 (15.3) 17623 (28.4) 10410 (8.6) <0.0001 
    Other 17463 (9.5) 6204 (10.0) 11259 (9.3) 0.0045 
    Private 48028 (26.2) 13302 (21.4) 34726 (28.6) <0.0001 

SD= Standard Deviation. P values from t-tests (if normally distributed), Wilcoxon rank sum tests (if non-

normally distributed), and chi-square tests of proportions with Bonferroni corrections are shown.  
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Table 3-3.  List of variables with an absolute value of the Phi correlation coefficient 
greater than 0.5. 

CCS CCS Description 

49 Diabetes mellitus without complication 
53 Disorders of lipid metabolism 
99 Hypertension with complications and secondary hypertension 

157 Acute and unspecified renal failure 
236 Open wound of extremities 

  



 

45 

Table 3-4.  Results of bivariate analyses showing top 10 CCS codes with the highest 
unadjusted odds ratios shown with frequencies among cases and controls. 

CCS CCS description 
Unadjusted OR 
(95% CI) 

Cases 
(n=62,140) 

Controls 
(n=121,300) 

241 Poisoning by psychotropic 
agents 

9.89 (8.97-10.94) 2317 473 

662 Suicide and intentional self-
inflicted injury 

9.78 (9.35-10.24) 10432 2451 

658 Personality disorders 7.85 (7.06-8.74) 1688 430 
652 Attention-deficit, conduct, and 

disruptive behavior disorders 
5.77 (5.17-6.47) 1205 414 

657 Mood disorders 5.28 (5.16-5.42) 23023 12156 
661 Substance-related disorders 5.12 (4.98-5.26) 18856 9519 
659 Schizophrenia and other 

psychotic disorders 
3.82 (3.67-3.97) 7401 4149 

660 Alcohol-related disorders 3.79 (3.69-3.89) 16290 10397 
670 Miscellaneous mental health 

disorders 
3.77 (3.51-4.04) 2255 1201 

651 Anxiety disorders 3.25 (3.17-3.32) 22992 18582 
OR= Odds Ratio; CI= Confidence Intervals  
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Table 3-5.  List of variables used to build the models. 

Models Variables 

Random forests All 
Decision tree All 
Logistic 
regression 

All 

LASSO regression All 
Logistic 
regression based 
on expert 
knowledge 

Demographics: sex, race/ethnicity, payer, CCI 
CCS 650 Adjustment disorders 
CCS 651 Anxiety disorders 
CCS 652 Attention-deficit, conduct, and disruptive behavior 

disorders 
CCS 653 Delirium, dementia, and amnestic and other cognitive 

disorders 
CCS 654 Developmental disorders 
CCS 657 Mood disorders 
CCS 658 Personality disorders 
CCS 659 Schizophrenia and other psychotic disorders 
CCS 660 Alcohol-related disorders 
CCS 661 Substance-related disorders 
CCS 662 Suicide and intentional self-inflicted injury 
CCS 663 Screening and history of mental health and 

substance abuse codes 
CCS 670 Miscellaneous mental health disorders     

Logistic 
regression with 
feature selection 

Demographics: sex, race/ethnicity, payer, CCI 
CCS 47 Other and unspecified benign neoplasm 
CCS 50 Diabetes mellitus with complications 
CCS 55 Fluid and electrolyte disorders 
CCS 59 Deficiency and other anemia 
CCS 86 Cataract 
CCS 96 Heart valve disorders 
CCS 98 Essential hypertension 
CCS 101 Coronary atherosclerosis and other heart disease 
CCS 108 Congestive heart failure; non-hypertensive 
CCS 114 Peripheral and visceral atherosclerosis 
CCS 117 Other circulatory disease 
CCS 158 Chronic kidney disease 
CCS 237 Complication of device; implant or graft 
CCS 651 Anxiety disorders 
CCS 657 Mood disorders 
CCS 659 Schizophrenia and other psychotic disorders 
CCS 660 Alcohol-related disorders 
CCS 661 Substance-related disorders 
CCS 662 Suicide and intentional self-inflicted injury 
CCS 663 Screening and history of mental health and 

substance abuse codes 
CCI= Charlson Comorbidity Index  
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Table 3-6.  Comparison of models used to examine predictors of self-injury using 
variables listed in Table 3-5. Mean and SD of AUROC, sensitivity, and 
specificity across 10 cross validations are shown. 

Models AUROC SD Sensitivity Specificity p value 

Random forests 0.8395 0.0016 0.7764 0.7590 0.1691 
Decision tree 0.8111 0.0022 0.7715 0.7241 <0.0001 
Logistic regression 0.8403 0.0013 0.7713 0.7629 0.1427 
LASSO regression 0.8405 0.0013 0.7691 0.7657 REF 
Logistic regression based 
  on expert knowledge 

0.8279 0.0015 0.7593 0.7531 <0.0001 

Logistic regression with  
  feature selection 

0.8337 0.0015 0.7672 0.7541 <0.0001 

AUROC= Area Under Receiver Operating Characteristic; SD= Standard Deviation; P values show t-tests 
results comparing each model to the model with best AUROC.  
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Table 3-7.  Adjusted odds ratios and 95% confidence intervals from logistic regression 
based on expert knowledge variables model. 

Variable 
Adjusted OR 
(95% CI) 

Sex  
    Female 1.41 (1.38-1.45) 
    Male REF 
Race/Ethnicity  
    Black 0.29 (0.28-0.30) 
    Hispanic 0.67 (0.65-0.70) 
    Other 0.72 (0.67-0.77) 
    White REF 
Payer  
    Medicare 1.05 (1.01-1.09) 
    Medicaid 1.93 (1.86-2.01) 
    Self-Pay 3.54 (3.42-3.67) 
    Other 1.22 (1.17-1.28) 
    Private REF 
Age  
    [18-39] 2.07 (2.02-2.13) 
    [40-64] REF 
    [65+) 0.41 (0.39-0.43) 
CCI  
    ≥1 0.65 (0.63-0.67) 
CCS  
    650 Adjustment disorders 0.98 (0.86-1.11) 
    651 Anxiety disorders 1.59 (1.54-1.64) 
    652 Attention-deficit, conduct, and disruptive behavior disorders 1.22 (1.07-1.39) 
    653 Delirium, dementia, and amnestic and other cognitive  
    disorders 

0.86 (0.79-0.93) 

    654 Developmental disorders 1.04 (0.91-1.19) 
    657 Mood disorders 2.54 (2.45-2.62) 
    658 Personality disorders 1.25 (1.11-1.42) 
    659 Schizophrenia and other psychotic disorders 1.65 (1.57-1.74) 
    660 Alcohol-related disorders 1.55 (1.50-1.61) 
    661 Substance-related disorders 1.44 (1.39-1.49) 
    662 Suicide and intentional self-inflicted injury 2.50 (2.37-2.64) 
    663 Screening and history of mental health and substance  
    abuse 

1.41 (1.37-1.45) 

    670 Miscellaneous mental health disorders 1.11 (1.02-1.21) 
CCI= Charlson Comorbidity Index; OR= Odds Ratio; CI= Confidence Intervals  
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Table 3-8.  Comparison of domains using the best performing model, LASSO 
regression: 1) clinical variables domain includes all CCS diagnoses codes; 2) 
demographic variables include age, sex, race/ethnicity, payer, and CCI; 3) 
expert knowledge variables include demographic variables and CCS 650-670 
and 4) feature selected variables include demographic variables and top 20 
most significant CCS diagnoses. Mean and SD of AUROC, sensitivity, and 
specificity across 10 cross validations are shown. 

Variable domains AUROC SD Sensitivity Specificity p value 

All variables 0.8404 0.0017 0.7754 0.7588 REF 
Clinical variables 0.8146 0.0012 0.7513 0.7255 <0.0001 
Demographic variables 0.7699 0.0013 0.6924 0.7032 <0.0001 
Expert knowledge variables 0.8286 0.0014 0.7673 0.7471 <0.0001 
Feature selected variables 0.8005 0.0010 0.7416 0.7115 <0.0001 

CCS= Clinical Classifications Software; AUROC= Area Under Receiver Operating Characteristic; SD= 
Standard Deviation; P values show t-tests results comparing each model to the model with best AUROC.  
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Table 3-9.  Comparison of models used to examine predictors of self-injury stratified by 
age: younger age (18-39), middle-aged (40-64), and older age (65+) groups. 
Domains are separated into: 1) clinical variables domain includes all CCS 
diagnoses codes; 2) demographic variables include age, sex, race/ethnicity, 
payer, and CCI; 3) expert knowledge variables include demographic variables 
and CCS 650-670; and 4) feature selected variables include demographic 
variables and top 20 most significant CCS diagnoses. Mean and SD of 
AUROC, sensitivity, and specificity across 10 cross validations are shown. 

 AUROC SD Sensitivity Specificity p value 

Younger age group      
    All variables 0.7939 0.0024 0.7297 0.7223 REF 
    Clinical variables 0.7493 0.0028 0.7339 0.6410 <0.0001 
    Demographic variables 0.7110 0.0029 0.7171 0.6020 <0.0001 
    Expert knowledge variables 0.7771 0.0026 0.7067 0.7220 <0.0001 
    Feature selected variables 0.7833 0.0021 0.7225 0.7157 <0.0001 
Middle-aged group      
    All variables 0.8269 0.0029 0.7805 0.7301 REF 
    Clinical variables 0.7993 0.0018 0.7729 0.6830 <0.0001 
    Demographic variables 0.6909 0.0041 0.5390 0.7175 <0.0001 
    Expert knowledge variables 0.8016 0.0030 0.7716 0.6997 <0.0001 
    Feature selected variables 0.8121 0.0031 0.7670 0.7200 <0.0001 
Older age group      
    All variables 0.7304 0.0069 0.7174 0.6200 REF 
    Clinical variables 0.6980 0.0075 0.7805 0.5151 <0.0001 
    Demographic variables 0.5588 0.0058 0.2403 0.8611 <0.0001 
    Expert knowledge variables 0.6900 0.0054 0.7524 0.5257 <0.0001 
    Feature selected variables 0.6686 0.0047 0.7930 0.4391 <0.0001 

CCS= Clinical Classifications Software; AUROC= Area Under Receiver Operating Characteristic; SD= 
Standard Deviation; P values show t-tests results comparing each model to the model with best AUROC.  
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Figure 3-1.  Flow chart of sample population for inclusion in the first study.  
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Figure 3-2.  Receiver Operating Characteristic (ROC) curves of models used to 
examine risk factors for self-injury. A) ROC curves of expert knowledge-based 
and data-driven machine learning models for the study population. B) ROC 
curves of five domain-specific models with the best performing model, 
LASSO, fitted on all variables, demographic variables only, clinical variables 
only, set of expert knowledge variables, and a set of feature selected 
variables.  
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Figure 3-3.  Receiver Operating Characteristic (ROC) curves of models used to 
examine predictors of self-injury with best performing model, LASSO, fitted on 
all variables, demographic variables only, clinical variables only, set of expert 
knowledge variables, and a set of feature selected variables for A) younger 
age group (18-39); B) for middle-aged group (40-64); and C) for older age 
group (65+). 
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CHAPTER 4 
RISK FACTORS FOR SELF-INJURY ACROSS INDIVIDUAL AND ENVIRONMENTAL 

DOMAINS STUDIED THROUGH MACHINE LEARNING 

Background 

Each year, over half a million individuals are treated in emergency departments 

for self-injury in the US.1 Over 44,000 die of fatal self-injury, and it is estimated that 

some 1.4 million individuals inflicted self-injury in the past year.5 Self-injury, or injury 

intentionally inflicted upon self, is a considerable morbidity and mortality burden on 

society. 

Although self-injury has been known by various terms, including deliberate self-

harm, self-directed violence, suicidal behavior, and self-inflicted injury,20 there has been 

a long history of research on self-injury. Some of the well-studied risk factors are mental 

health conditions, such as schizophrenia, depression and bipolar disorders, suicidal 

ideation, and substance-related disorders.5,9,10,12,61 Unemployment, financial strain, 

sexual minority status, and social disconnectedness have also been found to increase 

the risk of self-injury.7–9,11,33 In addition, environmental factors like economic downturn, a 

local suicide epidemic, and exposure to community violence have been found to be 

associated with higher incidence of self-injury.9,15 Variations in self-injury incidence by 

geography also have been observed in the US and elsewhere.16,62–64 

A person’s health is affected not only by his or her individual health determinants, 

but also his or her environment.65 In this study, we aimed to examine both individual- 

and environment-level risk factors for self-injury using machine learning. Both levels of 

factors have been found to be important in the context of self-injury, but studies 

incorporating both levels have been limited to certain age groups or select composite 

indices indicating socioeconomic health.66–68 
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Using routinely collected health care encounter data and linking individuals to 

their environmental characteristics, we examined the associations of demographic, 

clinical, and environmental risk factors with the outcome of self-injury among adults in 

Florida. 

Aims and Hypotheses 

We aimed to identify environmental factors associated with self-injury and 

compare the strengths of associations with self-injury when accounting for individual 

level factors. The following hypotheses were tested: 

Hypothesis 1: Individuals with self-injury will be more likely to reside in areas of 

greater poverty, lower income, and reduced access to healthy foods and health care.  

Hypothesis 2: Individual-level factors will be stronger risk factors for self-injury 

than environmental factors alone or in combination with individual-level factors. 

Hypothesis 3: Self-injury is more likely to be associated with environmental 

factors for younger adults (18-38 years old), both individual and environmental factors 

will be important for middle-aged adults (40-64 years old), and only individual factors will 

be strongly associated self-injury among older adults (65+ years old).  

Methods 

Study Population and Case Definition 

This retrospective observational study examined adults residing in Florida who 

utilized health care between January 1, 2005 and December 31, 2014 with at least 3 

years of prior history of health care utilization. Cases were those with an International 

Classification of Diseases-9th revision-Clinical Modification (ICD-9-CM) diagnosis for 

self-injury (Table A-1), and controls were those with an ICD-9-CM diagnosis for any 

injury other than self-inflicted (Table A-2). Controls were selected using risk set 
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sampling based on year of visit for the cases in a 1:2 case to control ratio. Individuals 

with non-missing sex, race/ethnicity, payer status, and valid ZIP code (Zone 

Improvement Plan code) of residence in Florida were included in this study. 

Individual-Level Data 

Health care encounter data from the Healthcare Cost and Utilization Project 

(HCUP) databases were used. These databases were the Florida State Emergency 

Department Databases, State Inpatient Databases, and State Ambulatory Surgery and 

Services Databases including visits date from January 1, 2005 to December 31, 2014. 

Individuals were linked across the databases and years using a HIPAA-compliant 

anonymous patient identifier, visitLink, to reconstruct their health care utilization across 

hospitals and time.42 

HCUP data included demographic covariates, sex, race/ethnicity, payer, and ZIP 

code of residence, and clinical variables: ICD-9-CM diagnoses and procedure codes. 

ICD-9-CM codes were mapped to their respective Clinical Classifications Software 

(CCS) codes44 to reduce the number of codes and increase clinical utility and 

interpretability. ICD-9-CM has almost 50 times the number of codes in CCS. We used 

all CCS codes from the 3 years prior to self-injury for cases and 3 years prior to any 

non-self-injury for controls. Charlson comorbidity index was calculated using ICD-9-CM 

diagnoses codes.43 All variables were dichotomized into binary variables. 

Environmental Data 

Built and social environment data were obtained from the decennial census,46 the 

American Community Survey (ACS),47 the County Business Patterns (CBP),48 and the 

`Food Access Research Atlas (FARA).49 The variables are summarized in Table A-3. 
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The 2010 decennial census provided demography of the population living in a 

ZIP Code Tabulation Area (ZCTA). These included the total number of individuals 

residing in the area and their demographic breakdown by sex, race, ethnicity, and age. 

From the 2011 ACS, household and housing characteristics were obtained. The 

median value of occupied housing units, average household size, median household 

income, percentage of households living below poverty, and percentage of housing 

units that are vacant were obtained. In addition, the number of veterans residing in the 

ZCTA was also obtained. From the 2012 ACS, the number of disabled individuals 

residing in the ZCTA was obtained (this variable was not available until 2012). For all 

ACS variables, 5-year estimates, or estimates using 5 years of collected data, were 

used since they had the greatest reliability and full availability of the ZCTA geographic 

units compared to 1- or 3-year estimates.69  

For some ZCTAs, the census and ACS did not contain information on housing 

value, income, poverty status, and/or other variables. These geographic areas were 

most likely non-residential and included the state prison (ZCTA: 32026), naval stations 

(32212, 32228, 32508), air force bases (32403, 32925), and university (33620). 

Information on the economic characteristics of a neighborhood was gathered 

from the 2005-2014 CBP datasets. The variables extracted were number of business 

establishments overall, number of employees overall, number of ambulatory health care 

services, and number of social assistance facilities. The last two variables were created 

based on the categorization of businesses within the CBP. The number of ambulatory 

health care services was extracted with the North American Industry Classification 

System (NAICS) designation for ambulatory health care services (621); these 
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businesses included offices of physicians, dentists, mental health practitioners, and 

others as listed in Table A-4. The variable for the number of social assistance facilities 

was extracted under NAICS code for social assistance (624), which included individual 

and family services, community food services, vocational rehabilitation, and child day 

care. The 2007 and 2012 NAICS codes were used within the 2005-2014 time period, 

but the NAICS codes for health care facilities did not change between these two 

versions. These variables from CBP were used to indicate the economic health of a 

neighborhood as well as the accessibility to health care and social assistance. Each of 

these variables was measured by CBP at the ZIP code level, so they were translated to 

their respective ZCTAs.50 

Next, food desert designation was extracted from the 2006, 2010, and 2015 

FARA datasets. Food deserts are areas of low-income and low-access to health foods, 

such as supermarkets and grocery stores. FARA designates a census tract as low-

income if the poverty rate is over 20% or if the tract’s median income is less than 80% 

of the state’s or the metropolitan area’s median income. A census tract is designated as 

low-access if more than 33%, or at least 500 persons, reside more than 1 mile from a 

supermarket or a large grocery store in an urban area or more than 10 miles in a rural 

area. While FARA provides data at the census tract level, the environment-level data for 

this study was aggregated at the ZCTA level. Thus, we mapped the census tracts from 

FARA to ZCTA using a relationship file from the Census Bureau. A ZCTA may contain 

one or more census tracts. Using the population density, the food desert designation for 

a ZCTA was based on whether the majority of the population within that ZCTA lived in 
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food desert designated census tracts. This variable indicating food desert was included 

to consider the accessibility to a healthy diet. 

Lastly, an area deprivation index based on Singh’s algorithm was calculated for 

each ZCTA.70 This is a composite indicator of a neighborhood’s socioeconomic 

deprivation. 

Data Linkage 

The individual-level data from HCUP and the environmental data from the 

census, ACS, CBP, and FARA were linked at the ZCTA level. For each individual in 

HCUP, the most frequently recorded ZIP code from the 3-year lookback period was 

used and the year where this modal ZIP code most frequently appeared was used as 

the year of ZIP code extraction. The modal ZIP code was mapped to ZCTAs, which are 

the standard units in the census and ACS. This translation geocodes Post Office (PO) 

boxes to their physical locations.50 

Using the ZCTA of residence, cases and controls were linked to the census and 

ACS characteristics of their environment. Using both the modal ZCTA and year of ZCTA 

extraction, each individual was linked to the CBP variables by ZCTA and year. Lastly, 

since FARA data were available only for years 2006, 2010, and 2015, the FARA dataset 

from the year closest to the year of ZCTA extraction were used. To reduce the effect of 

varying scales of the environmental variables, they were categorized into multinomial 

variables using tertiles: lower than average (1st tertile), around average (2nd or median 

tertile), and higher than average values (3rd tertile), e.g. lower than average median 

household income, around average median household income, and higher than 

average median income. Individuals with any missing environmental data and residence 

outside of Florida were removed from the analyses. 
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Statistical Analyses 

Descriptive statistics were conducted using t-tests or Wilcoxon rank sum tests for 

continuous variables and chi-square tests for categorical variables. Corrections for 

multiple testing were made using Bonferroni adjustment. Bivariate analyses of each 

environmental variable and self-injury as outcome were conducted using univariable 

logistic regression. Since the environmental variables were transformed to a multinomial 

variable with 3 categories, the median tertile was used as the reference group. We 

reported unadjusted odds ratios (OR) and their 95% confidence intervals (CI) from 

these bivariate analyses. 

Several statistical models were compared in this study. A multivariable logistic 

regression model with all independent variables and a least absolute shrinkage and 

selection operator (LASSO) regression were used. The latter adds a penalty to the 

coefficients that are less informative and yields a regression model with a smaller 

number of variables. A decision tree model was also used; this methodology repeatedly 

splits the data into subsets in an “If A, then B and if not A, then C” decision pathway-like 

manner. For example, a simple decision tree may have a split for “if age is greater than 

65, then has Medicare”, leading to a “yes” branch for those with age over 65 and the 

probability of having Medicare as a leaf or a “no” branch for those with age less than 65 

and the probability of having Medicare under this branch. A random forests model 

combines many decision trees to reduce their variance.71 Decision tree and random 

forests models can account for interactions without explicit statement, and random 

forests tend to yield high accuracy but reduced interpretability. For random forests 

models in this study, the top 15 variables with the highest variable importance 

calculated by Gini impurity were reported.72 
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A 10-fold cross validation (CV) framework was used to estimate the performance 

of these models. For each CV run, the data for the study were divided into a training set 

to build the models and a test set to apply the models and test their performance. The 

models were compared by averaging the means and standard deviations of Area Under 

Receiver Operating Characteristic (AUROC) from the 10 CV runs using Bengio’s 

corrected t-test.73 Sensitivity and specificity were calculated using Youden’s J index. 

To test the discriminatory power of the sets of the variables in this study, further 

model testing was conducted using the best model from the CV. The variables were 

divided into domains of a) clinical variables (CCS codes from HCUP), b) demographics 

(from HCUP), c) individual-level variables (clinical & demographic variables combined), 

and d) environmental variables (from census, ACS, CBP, and FARA). 

This study used de-identified data from Florida’s HCUP and was exempt from 

review by the University of Florida Institutional Review Board (IRB201701906). 

Results 

Study sample selection is shown in Figure 4-1. Among over 21 million individuals 

in the HCUP data from 2005 to 2014, there were 62,140 who met the case definition 

and had at least 3 years of prior medical history. Those with ZIP code of residence 

outside of Florida or ZIP code of a residence without linkable environmental 

characteristics (such as those of state prison, military bases, and university among 

others) were excluded. The final sample size was 181,322 with 61,530 cases and 

121,300 controls. The majority of cases was seen for self-poisoning at the index visit 

(74.7%) (Table 4-1). 

Geographic heterogeneity in the self-injury rate can be seen in Figure 4-2 which 

shows the number of cases in our study per 100,000 population by county. As detailed 
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in Table 4-2, the self-injury cases were more likely to be younger in age, with less 

comorbidity, more likely to be female and white, and more likely to be on Medicaid or 

uninsured (self-paying) than controls. 

Results of preliminary analyses examining the associations of environmental 

variables with the self-injury outcome are shown in Table 4-3 and Figure 4-3. Compared 

to controls, cases were more likely to have previously resided in areas of higher 

deprivation, of smaller population size, with smaller number of blacks, and of higher 

median age of residents. In terms of housing characteristics, cases were more likely to 

reside in areas with lower than average median value of housing units, smaller 

households, and lower median household incomes. Compared to controls, cases 

resided in areas of both lower and higher than average number of veterans. Highest 

unadjusted ORs were seen for economic variables of the neighborhood; cases had 1.26 

times the odds of residing in areas with smaller number of businesses (CI: 1.23-1.29) 

and 1.23 times the odds of residing in areas with smaller number of employees (CI: 

1.20-1.26). Interestingly, previous residence in areas with higher numbers of ambulatory 

health care service and social assistance service were protective with OR of 0.97 (CI: 

0.95-0.99) and OR of 0.69 (CI: 0.68-0.71), respectively. 

Among the four models tested in this study, the random forests model had the 

highest AUROC of 0.868, sensitivity of 80.2%, and specificity of 78.4% (Table 4-4 and 

Figure 4-4A). LASSO and logistic regressions closely followed behind but were inferior 

to the random forests model (p<0.05). Using random forests, the best performing model, 

we tested how well each of the domains was able to discriminate between cases and 

controls (Table 4-5 and Figure 4-4B). The model with all variables had the best AUROC 
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of 0.868 and highest sensitivity and specificity, 79.9% and 78.6%, respectively. 

Although a model with only environment-level variables had lower AUROC, it was still 

higher than chance (AUROC: 0.5). Interestingly, the second-best performing model was 

composed of individual-level variables (demographic & clinical), and its performance 

was statistically significantly improved with the addition of environmental variables, as 

shown in the highest AUROC for the model with all variables. 

After stratifying by age groups, younger (18-39 years old), middle-aged (40-64 

years old), and older (65+ years old), the random forests model was applied to each 

age group. For all ages, the model with all variables had the highest AUROC (Table 4-6 

and Figure 4-5). Among individuals of younger age, individual- and environment-level 

variables had similar performance, 0.787 and 0.780, respectively. Overall, the 

discriminatory ability of environmental variables across all age groups hovered around 

0.76-0.78. While the addition of individual variables to the environmental variables 

improved the model performance for the younger age and middle-aged groups, its effect 

was non-significant for the older age group. The environmental variables only model 

achieved AUROC of 0.781 while the all variables model had AUROC of 0.788 

(p=0.2587). 

We further examined the variables with the highest importance in the age-

specific random forests models. These variables represent those most important for the 

model and can be positively or negatively associated with self-injury. Across all ages, 

several CCS codes for mental health disorders were seen (Figure 4-6). The variable 

with the highest importance, CCS 657, encodes mood disorders, bipolar and depressive 

disorders. Although the CCS 662 code for suicide and intentional self-inflicted injury was 
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an important variable for all age groups, this code only indicated suicidal ideation (ICD-

9-CM: V62.84 Suicidal ideation) in this study due to our case definition. We also found 

several codes unrelated to mental health to be significant predictors of self-injury: CCS 

205 (Spondylosis, intervertebral disc disorders, and other back problems), CCS 84 

(Headache, including migraine), CCS 53 (Disorders of lipid metabolism), and CCS 257 

(Other aftercare). 

Discussion 

In this study, we tested several hypotheses on the associations of self-injury with 

individual- and environment-level variables. First, we found that individuals with self-

injury were more likely to reside in areas with lower income and reduced access to 

health care service. Contrary to our hypothesis, we found that they were not more likely 

to reside in areas of greater poverty or in areas with reduced social assistance facilities. 

Cases were also not more likely to reside in food deserts. 

The random forests model outperformed the decision tree, logistic regression, 

and LASSO regression models in terms of AUROC, sensitivity, and specificity. Using 

both individual- and environment-level variables yielded the model with the best 

performance. 

When specifically examining the younger age and middle-aged groups, we found 

that using both individual and environmental variables were able to classify cases better 

than using either set of variables alone. In contrast, we found that a model with only 

environmental variables had comparable performance to a model with individual and 

environmental variables for the older age group. However, this is most likely due to a 

reduction of performance of individual-level variables among the older age group, not 

due to an increase in performance of environmental factors. 
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Limitations 

This study has several limitations. Although our study is longitudinal and 

examines 3 years of clinical history prior to self-injury, we did not test any causal 

pathways in this machine learning framework. Additionally, although we tested machine 

learning models which are able to accommodate possible interactions, we did not 

explicitly test interactions within variable domains or cross-level interactions across 

individual and environmental domains. It is possible that such pathways and interactions 

are better modeled by other statistical methods.74,75 

Ecologic fallacy, or inference about individuals based on group level 

characteristics, is possible in studies incorporating environmental variables. For 

example, an individual may have resided in an area with greater access to ambulatory 

health care overall, but this individual may not have that greater access due to their 

rural residence. Thus, concluding that everyone in that same residence equally has high 

access is incorrect. In juxtaposition, there is a possibility for atomistic fallacy, or 

inference about groups based on individual-level characteristics. Deducing that living in 

an area with many individuals with mood disorders is associated with self-injury would 

be false, for instance. A study of discordance between individual characteristics and 

environmental factors would be more appropriate to solidify such inference. 

In our study, we used ZCTAs as geographic units to merge the individual and 

environmental level data. For HCUP and CBP, these ZCTAs were derived from ZIP 

codes. ZIP codes are created for the ease and efficiency of the US postal service, not to 

serve as statistical or standardized geographical units.76 Frequent updates are made in 

sub-annual basis, so our use of the 2010 relationship file may lead to mismatch of ZIP 
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codes to ZCTAs for years other than 2010 and perhaps even within year 2010. Thus, it 

is possible that our spatial joins are inaccurate.  

Moreover, our environmental variables provided a snapshot of the environmental 

characteristics and do not account for their spatiotemporal variations. Examples of such 

variations specific to this study include the number of employees recorded for the CBP 

data (e.g., there may be more employees during end of year holiday seasons) or the 

number of census tracts over time (i.e., 64,909 census tracts in 2000 vs. 72,365 census 

tracts in 2010).49 

The exact date of health care encounter is not included in HCUP due to privacy 

concerns. Therefore, the year of the health care encounter was used to conduct the risk 

set sampling as well as for linkage to environmental variables. We were unable to 

account for seasonal trends in suicide (suicide rates are highest in late spring and early 

summer).57 We were also unable to account for genetics,77 family history,78 sexual 

identity,79 or mental pain80 which have been shown to be associated with self-injury, so 

confounding cannot be ruled out for our study. 

Strengths 

Despite these limitations, our study has a large sample size (n=181,322) with a 

large number of clinical variables. Florida’s HCUP has good coverage; 95-99% of 

hospitals in the state participate in HCUP.40 Thus, the HCUP captures almost the entire 

population of Florida who has ever visited a hospital during the study period. Although 

this means that our study is generalizable only to those who have ever used health care 

in Florida, this sample population is not biased in terms of geography (state-wide 

coverage), clinical conditions (not limited to individuals in psychiatric treatment or with 
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mental health illness diagnoses like many self-injury studies), or payer/insurance status 

(HCUP is all-payer).  

Our study was able to test multiple environmental factors spanning demography, 

housing, regional economy and business, and access to health care, social services, 

and food. In comparison, other studies combining individual- and environment-level 

characteristics have been conducted using composite socioeconomic indices,67,81 tested 

only among adolescents,66 or examined fatal self-injury exclusively.68,82,83 Additionally, 

our individual-level variables spanned across clinical expertise and health care systems 

and included all diagnoses from three years prior to first hospital-presenting self-injury. 

This allowed us to find pain-related conditions, such as back problems (CCS 205) and 

headache (CCS 84), and chronic disease like hypercholesterolemia and hyperlipidemia 

(CCS 53) as important variables in the machine learning models. Models limited to 

psychiatric conditions or studies limited to psychiatric patients would have been unable 

to detect these conditions. 

In this study, we simultaneously tested over 180 individual and environmental 

variables and their association with self-injury through machine learning. Longitudinal, 

all-payer health care encounter data like those from HCUP have the potential to make a 

public health impact,84 and the addition of environmental factors have the potential to 

reflect a well-rounded view of an individual’s health.85 Moreover, the environmental risk 

factors can point toward neighborhood- or area-based interventions, which can be more 

effective than targeting individuals in terms of cost and resources. Further research to 

understand geographic variations of self-injury and modifiable environmental factors in 

conjunction with modifiable individual factors is needed.   
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Table 4-1.  Distribution of cases and controls by their ICD-9-CM case definitions. 

ICD-9-CM ICD-9-CM description 

Cases 
(n=61530)  
n (%) 

Controls 
(n=119792) 
n (%) 

E950 Suicide and self-inflicted poisoning by solid or liquid substances 45976 (74.7)  
E951 Suicide and self-inflicted poisoning by gases in domestic use 5 (0.0)  
E952 Suicide and self-inflicted poisoning by other gases and vapors 379 (0.6)  
E953 Suicide and self-inflicted injury by hanging strangulation and suffocation 826 (1.3)  
E954 Suicide and self-inflicted injury by submersion [drowning] 66 (0.1)  
E955 Suicide and self-inflicted injury by firearms air guns and explosives 756 (1.2)  
E956 Suicide and self-inflicted injury by cutting and piercing instrument 9662 (15.7)  
E957 Suicide and self-inflicted injuries by jumping from high place 266 (0.4)  
E958 Suicide and self-inflicted injury by other and unspecified means 3594 (5.8)  
E000 External cause status  93 (0.1) 
E001-E030 Activity  177 (0.1) 
E800-E807 Railway accidents  5 (0.0) 
E810-E819 Motor vehicle traffic accidents  8667 (7.2) 
E820-E825 Motor vehicle nontraffic accidents  355 (0.3) 
E826-E829 Other road vehicle accidents  651 (0.5) 
E830-E838 Water transport accidents  75 (0.1) 
E840-E845 Air and space transport accidents  12 (0.0) 
E846-E849 Vehicle accidents, not elsewhere classifiable  5798 (4.8) 
E850-E858 Accidental poisoning by drugs, medicinal substances, and biologicals  1086 (0.9) 
E860-E869 Accidental poisoning by other solid and liquid substances, gases, and vapors  170 (0.1) 
E870-E876 Misadventures to patients during surgical and medical care  843 (0.7) 
E878-E879 Surgical and medical procedures as the cause of abnormal reaction of patient or later 

complication, without mention of misadventure at the time of procedure 
 31118 (26.0) 

E880-E888 Accidental falls  23202 (19.4) 
E890-E899 Accidents caused by fire and flames  232 (0.2) 
E900-E909 Accidents due to natural and environmental factors  1269 (1.1) 
E910-E915 Accidents caused by submersion, suffocation, and foreign bodies  1219 (1.0) 
E916-E928 Other accidents  27285 (22.8) 
E929-E929 Late effects of accidental injury  1179 (1.0) 
E930-E949 Drugs, medicinal and biological substances causing adverse effects in therapeutic use  12032 (10.0) 
E960-E969 Homicide and injury purposely inflicted by other persons  2915 (2.4) 
E970-E979 Legal intervention  125 (0.1) 
E980-E989 Injury undetermined whether accidentally or purposely inflicted  1275 (1.1) 
E990-E999 Injury resulting from operations of war  9 (0.0) 
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Table 4-2.  Demographic characteristics of the study population. Cases are those with 
self-injury and controls are those with injury other than self-injury. 

 Total 
(n=181322) 
n (%) 

Cases 
(n=61530) 
n (%) 

Controls 
(n=121300) 
n (%) p value 

Age     
    Mean (SD) 47.54 (18.46) 38.47 (14.63) 52.20 (18.47) <0.0001 
    [18-39] 67263 (37.1) 34621 (56.3) 32642 (27.2) <0.0001 
    [40-64] 75546 (41.7) 23279 (37.8) 52267 (43.6) <0.0001 
    [65+) 38513 (21.2) 3630 (5.9) 34883 (29.1) <0.0001 
Charlson Comorbidity 
Index 

    

    Mean (SD) 1.34 (2.01) 0.94 (1.65) 1.54 (2.14) <0.0001 
    ≥1 89498 (49.4) 26575 (43.2) 62923 (52.5) <0.0001 
Sex     
    Female 98837 (54.5) 35326 (57.4) 63511 (53.0) <0.0001 
Race/Ethnicity     
    Black 32412 (17.9) 6515 (10.6) 25897 (21.6) <0.0001 
    Hispanic 21318 (11.8) 6258 (10.2) 15060 (12.6) <0.0001 
    Other 5019 (2.8) 1466 (2.4) 3553 (3.0) 0.0001 
    White 122573 (67.6) 47291 (76.9) 75282 (62.8) <0.0001 
Payer     
    Medicare 66554 (36.7) 13519 (22.0) 53035 (44.3) <0.0001 
    Medicaid 22306 (12.3) 11298 (18.4) 11008 (9.2) <0.0001 
    Self-Pay 27689 (15.3) 17421 (28.3) 10268 (8.6) <0.0001 
    Other 17242 (9.5) 6117 (9.9) 11125 (9.3) <0.0001 
    Private 47531 (26.2) 13175 (21.4) 34356 (28.7) <0.0001 

SD=standard deviation. P values from t-tests (if normally distributed), Wilcoxon rank sum tests (if non-
normally distributed), and chi-square tests with Bonferroni corrections are shown.  
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Table 4-3.  Results from bivariate analyses of environmental variables with self-injury as 
outcome, shown as unadjusted odds ratios and 95% confidence intervals. 

Variable Cutoff values 
Unadjusted OR 
(95% CI) 

Area Deprivation Index   
    Lower deprivation [-22.3, 102] 0.76 (0.75-0.78) 
    Average deprivation (102, 108] REF 
    Higher deprivation (108, 127] 1.12 (1.09-1.14) 
Total population   
    Lower population size [13, 23119] 1.18 (1.15-1.21) 
    Average population size (23119, 35825] REF 
    Higher population size (35825, 72249] 0.82 (0.80-0.84) 
Number of females   
    Lower number of females [7, 12012] 1.10 (1.07-1.12) 
    Average number of females (12012, 18905] REF 
    Higher number of females (18905, 38000] 0.70 (0.69-0.72) 
Number of whites   
    Lower number of whites [10, 15730] 0.83 (0.81-0.85) 
    Average number of whites (15730, 25521] REF 
    Higher number of whites (25521, 68021] 0.79 (0.77-0.81) 
Number of blacks   
    Lower number of blacks [0, 1774] 1.19 (1.17-1.22) 
    Average number of blacks (1774, 6068] REF 
    Higher number of blacks (6068, 53812] 0.69 (0.67-0.71) 
Number of other races   
    Lower number of other races [0, 1457] 0.87 (0.85-0.89) 
    Average number of other races (1457, 3334] REF 
    Higher number of other races (3334, 12430] 0.76 (0.74-0.78) 
Number of Hispanics   
    Lower number of Hispanics [0, 1903] 0.95 (0.93-0.98) 
    Average number of Hispanics (1903, 5994] REF 
    Higher number of Hispanics (5994, 68562] 0.79 (0.77-0.81) 
Median age of individuals   
    Lower median age of individuals [21.6, 36.6] 0.85 (0.83-0.87) 
    Average median age of individuals (36.6, 42.3] REF 
    Higher median age of individuals (42.3, 82.8] 1.33 (1.30-1.37) 
Median value of occupied housing units   
    Lower median value of housing units [$13400, $154300] 1.18 (1.15-1.21) 
    Average median value of housing units ($154300, $206800] REF 
    Higher median value of housing units ($206800, $1000000+] 0.80 (0.78-0.82) 
Average household size   
    Smaller average household size [1.26, 2.42] 1.29 (1.26-1.32) 
    Around average household size (2.42, 2.74] REF 
    Larger average household size (2.74, 4.81] 0.91 (0.89-0.94) 
Median household income   
    Lower median household income [$9979, $41043] 1.06 (1.03-1.08) 
    Average median household income ($41043, $52091] REF 
    Higher median household income ($52091, $250000+] 0.83 (0.81-0.85) 
Number of veterans   
    Lower number of veterans [0, 1799] 1.07 (1.04-1.09) 
    Average number of veterans (1799, 2856] REF 
    Higher number of veterans (2856, 9816] 1.12 (1.09-1.15) 
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Table 4-3.  Continued. 

Variable Cutoff values 
Unadjusted OR 
(95% CI) 

Percentage of households living below poverty   
    Lower percentage of households living below poverty [0%, 10.6%] 0.95 (0.93-0.98) 
    Average percentage of households living below poverty (10.6%, 15.7%] REF 
    Higher percentage of households living below poverty (15.7%, 54.7%] 0.96 (0.94-0.99) 
Percentage of housing units that are vacant   
    Lower percentage of vacant housing units [0%, 13.7%] 0.97 (0.95-1.00) 
    Average percentage of vacant housing units (13.7%, 19.5%] REF 
    Higher percentage of vacant housing units (19.5%, 95%] 1.06 (1.04-1.09) 
Number of disabled individuals   
    Lower number of disabled individuals [0, 2944] 1.09 (1.07-1.12) 
    Average number of disabled individuals (2944, 4603] REF 
    Higher number of disabled individuals (4603, 11515] 0.89 (0.87-0.91) 
Number of business establishments   
    Smaller number of businesses  [1, 514] 1.26 (1.23-1.29) 
    Average number of businesses (514, 894] REF 
    Higher number of businesses (894, 4036] 1.06 (1.04-1.09) 
Number of employees   
    Smaller number of employees [4, 5439] 1.23 (1.20-1.26) 
    Average number of employees (5439, 11458] REF 
    Higher number of employees (11458, 82131] 0.88 (0.85-0.90) 
Number of ambulatory health care services   
    Smaller number of ambulatory health care services [0, 26] 1.05 (1.02-1.07) 
    Average number of ambulatory health care services (26, 72] REF 
    Higher number of ambulatory health care services (72, 372] 0.98 (0.96-1.00) 
Number of social assistance facilities   
    Smaller number of social assistance facilities [0, 8] 0.97 (0.95-0.99) 
    Average number of social assistance facilities (8, 16] REF 
    Higher number of social assistance facilities (16, 53] 0.69 (0.68-0.71) 
Food desert designation   
    Not food desert 0 REF 
    Food desert 1 0.94 (0.91-0.97) 

OR= Odds Ratio; CI= Confidence Intervals  
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Table 4-4.  Comparison of models used to examine individual and environmental 
predictors of self-injury. Mean and SD of AUROC, sensitivity, and specificity 
across 10 cross validations are shown. 

Models AUROC SD Sensitivity Specificity p value 

Random forests 0.8681 0.0015 0.8024 0.7835 REF 
Decision tree 0.8146 0.0020 0.7760 0.7260 <0.0001 
Logistic regression 0.8505 0.0011 0.7847 0.7655 <0.0001 
LASSO regression 0.8522 0.0011 0.7879 0.7642 <0.0001 

AUROC= Area Under Receiver Operating Characteristic; SD= Standard Deviation; P values show t-tests 
results comparing each model to the model with best AUROC.  
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Table 4-5.  Comparison of individual and environmental variable domains using the best 
performing model, random forests. Mean and SD of AUROC, sensitivity, and 
specificity across 10 cross validations are shown. 

Variable domains AUROC SD Sensitivity Specificity p value 

All variables 0.8681 0.0013 0.7992 0.7858 REF 
Clinical variables 0.8146 0.0010 0.7530 0.7245 <0.0001 
Demographic variables 0.7707 0.0021 0.7179 0.6777 <0.0001 
Individual-level variables* 0.8397 0.1398 0.7795 0.7569 <0.0001 
Environment-level variables 0.7758 0.0017 0.7136 0.7087 <0.0001 

* Individual-level variables contain both demographic and clinical variables. AUROC= Area Under 
Receiver Operating Characteristic; SD= Standard Deviation; P values show t-tests results comparing 
each model to the model with best AUROC.  
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Table 4-6.  Comparison of random forests models used to examine individual and 
environmental predictors of self-injury stratified by age groups: younger age 
(18-39), middle-aged (40-64), and older age (65+). Mean and SD of AUROC, 
sensitivity, and specificity across 10 cross validations are shown. 

 AUROC SD Sensitivity Specificity p value 

Younger age group      
    All variables 0.8404 0.0010 0.7546 0.7758 REF 
    Clinical variables 0.7477 0.0017 0.7286 0.6520 <0.0001 
    Demographic variables 0.7107 0.0028 0.7137 0.6065 <0.0001 
    Individual-level variables* 0.7870 0.0019 0.7219 0.7223 <0.0001 
    Environment-level variables 0.7801 0.0012 0.7124 0.7202 <0.0001 
Middle-aged group      
    All variables 0.8479 0.0017 0.7817 0.7618 REF 
    Clinical variables 0.7936 0.0025 0.7790 0.6716 <0.0001 
    Demographic variables 0.6908 0.0021 0.5956 0.6598 <0.0001 
    Individual-level variables* 0.8206 0.0020 0.7714 0.7305 <0.0001 
    Environment-level variables 0.7621 0.0030 0.6970 0.7045 <0.0001 
Older age group      
    All variables 0.7881 0.0033 0.7352 0.6917 REF 
    Clinical variables 0.6816 0.0063 0.7507 0.5247 <0.0001 
    Demographic variables 0.5620 0.0053 0.2604 0.8439 <0.0001 
    Individual-level variables* 0.6911 0.0055 0.7567 0.5316 <0.0001 
    Environment-level variables 0.7806 0.0063 0.7542 0.6717 0.2587 

* Individual-level variables contain both demographic and clinical variables. AUROC= Area Under 
Receiver Operating Characteristic; SD= Standard Deviation; P value shows t-test results comparing each 
model to the model with best AUROC.  
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Figure 4-1.  Flow diagram of study population for the second study.  
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Figure 4-2.  Number of self-injury cases in this study per 100,000 for each county.  
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Figure 4-3.  Unadjusted associations between environment-level variables and self-injury as outcome.  
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Figure 4-4.  Receiver Operating Characteristic (ROC) curves of models used to 
examine individual and environmental predictors of self-injury. A) ROC curves 
of four models using all variables: random forests, decision tree, logistic 
regression, and LASSO regression. B) ROC curves of five models with the 
best performing model, random forests, fitted on all variables, individual-level 
variables (demographic and clinical), demographic variables only, clinical 
variables only, and environmental variables only.  
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Figure 4-5.  Receiver Operating Characteristic (ROC) curves of models used to 
examine predictors of self-injury with best performing model, random forests, 
fitted on all variables, individual-level variables (demographic and clinical), 
demographic variables only, clinical variables only, and environmental 
variables only for A) younger age group (18-39); B) for middle-aged group 
(40-64); and C) for older age group (65+).  
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Figure 4-6.  Top 15 variables with the highest Gini impurity from random forests models 

for younger age (18-39), middle-aged (40-64), and older age (65+) groups. 
Demographic characteristics are in light blue, clinical variables are in dark 
blue, and environmental factors are in fuchsia.  
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CHAPTER 5 
DESCRIPTIVE STUDY OF HEALTH OUTCOMES FOLLOWING SELF-INJURY 

Background 

Each year, over 1.4 million Americans are estimated to sustain an intentional 

self-injury.5 Alarmingly, both fatal and nonfatal self-injury rates have been increasing in 

the US and at a faster rate for the middle-aged population, specifically.3,6,27 

In addition to the societal costs of health care and productivity loss,5 nonfatal 

self-injury has a cost on individual’s health by increasing the risk for death. Any nonfatal 

self-injury regardless of method chosen increases the risk of another self-injury, 

especially fatal self-injury.86 A systematic review found that suicide risk is 100 times 

higher among this population compared to the general population.87 Death due to any 

cause is also 8 times higher in this population.88 

History of self-injury is the biggest risk factor for repetition of self-injury and 

mortality due to self-injury and all causes.89–91 Several studies have examined the risk of 

repetition and mortality, but few have examined outcomes other than these two. Among 

the handful of studies examining other adverse outcomes, one study found that 

individuals who sustained a self-injury at young age experienced more mental and 

physical health problems (e.g., metabolic syndrome, functional limitations), were more 

likely to be unemployed, and needed social support such as welfare benefits at 

midlife.92 

These adverse conditions following a self-injury may be related to the lack of 

follow-up care. More than 39% of those who sustained a self-injury did not receive any 

assistance after the injury.93 Another study found that only 12% of older adults with self-

injury are referred to mental healthcare.94 There are no effective treatments to prevent 



 

82 

repetition of self-injury, however; psychotherapy, outreach, and follow-up programs 

have been ineffective and suffer from substantial drop outs.95–98 In addition, current 

scales and instruments to predict self-injury have not been “clinically useful”.99–102 

In conclusion, there is a lack of literature on outcomes subsequent to self-injury 

other than repetition and mortality, and there are limited treatment and screening tools 

to prevent another self-injury. Therefore, this exploratory study aimed to identify clinical 

outcomes among adults who sustained a self-injury and visited a hospital for care. We 

examined the recurrence of self-injury and the onset of physical and psychiatric 

conditions over the adulthood lifespan. 

Aims and Hypotheses 

We aimed to ascertain the health outcomes subsequent to self-injury and their 

associations with environmental factors. The following hypotheses were tested: 

Hypothesis 3.1: Middle-aged adults (40-64 years of age) will have a greater 

number of adverse physical and psychiatric conditions following self-injury compared to 

younger (18-39 years of age) and older adults (65+ years of age). 

Hypothesis 3.2: Environmental factors related to lack of employment 

opportunities will be strongly associated with adverse health outcomes following self-

injury among middle-aged adults. 

Hypothesis 3.3: Individuals living in areas with low access to health care are 

more likely to have another self-injury than those living in areas with high access to 

health care. 



 

83 

Methods 

Study Population and Case Definition 

This study was a retrospective cohort study of individuals who visited any of the 

Floridian hospitals participating in the Healthcare Cost and Utilization Project (HCUP) 

between January 1, 2005 and December 31, 2014. Our cohort of interest was those 

who sustained a self-injury as defined by International Classification of Diseases-9th 

revision-Clinical Modification (ICD-9-CM) diagnoses for self-injury (Table A-1). These 

codes have been commonly used in literature to define those with self-injury and are the 

codes used by the Florida Department of Health.38,55,103 For each individual with a self-

injury, we identified individuals for the comparison cohort who visited a hospital or an 

emergency department for an injury that is not self-inflicted (codes are listed in Table A-

2) in the same year as the case’s index visit. From this pool of individuals, we randomly 

selected 2 comparisons for each case; 1:2 ratio was chosen to increase statistical 

power. Individuals with at least 3 years of health care utilization in the HCUP prior to 

self-injury and at least 1 follow-up subsequent to self-injury were included in this study. 

Those with missing information on sex, race/ethnicity, or payer status and/or with invalid 

ZIP code (Zone Improvement Plan code) of residence (indicating residence outside of 

Florida or in a non-residential neighborhood) were excluded. 

Individual-Level Data 

The HCUP data for the Florida State Emergency Department Databases, the 

State Inpatient Databases, and the State Ambulatory Surgery and Services Databases 

were used. Individuals were linked across these databases and over time via a HIPAA-

compliant patient anonymous identifier, visitLink. This identifier was assigned by 
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Florida’s HCUP provider and allowed reconstruction of health care utilization across 

hospitals and over the years.42 

For this study, we used the following variables from HCUP: sex, race/ethnicity, 

payer, ZIP code of residence, and diagnoses as coded by ICD-9-CM. We mapped ICD-

9-CM codes to their respective Clinical Classifications Software (CCS) codes44 to 

reduce the number of variables tested and to increase interpretability. CCS is calculated 

and validated by the HCUP provider and has been used in self-injury literature to make 

the clinical diagnoses easier to interpret.55 

In order to ascertain outcomes occurring after self-injury, we only considered new 

diagnoses and excluded diagnoses present before or at the time of self-injury. For 

example, if an individual has a diagnosis of CCS 659 (Schizophrenia and other 

psychotic disorders) during the follow-up period which was not present in the 3 years 

prior to self-injury and was not present at index visit, then this person is considered to 

have acquired this new diagnosis. On the other hand, if CCS 659 was present in the 

prior history or at index visit, then the diagnosis is not considered to be a new outcome 

that occurred after self-injury. To examine psychiatric and physical health burden, we 

calculated the number of psychiatric conditions (CCS 650-670) and the number of 

physical conditions (all others) manually. 

For each individual, we used the original ICD-9-CM diagnoses codes to calculate 

the Charlson Comorbidity Index (CCI) and Injury Severity Score (ISS).43,104 CCI has 

been used in literature to predict mortality risk in the 1 year following hospitalization, but 

it has also been commonly used to quantify comorbidity. ISS indicates severity of injury; 
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we used the version implemented by Clark’s group in R.105 All individual-level variables 

were dichotomized into indicator variables. 

Environment-Level Data 

Since socio-environmental factors, such as neighborhood socioeconomic status, 

have been found to be associated with rates of self-injury,15,64,106 we wanted to account 

for and test these environmental factors in our study. We linked the ZIP code of 

residence from the HCUP data for each individual in the study with environment-level 

characteristics from the decennial census,46 the American Community Survey (ACS),47 

the County Business Patterns,48 and the Food Access Research Atlas (FARA).49 The 

specific variables we used are listed in Table A-3. 

The observation units in these datasets included ZIP codes, ZIP Code Tabulation 

Areas (ZCTAs), and census tracts; thus, we standardized them into single units across 

the datasets into ZCTAs. 

For the 2010 decennial census, we retrieved information on the demography of 

the population living within a ZCTA, including the total number of individuals residing in 

the ZCTA and their demographic breakdown by sex, race, ethnicity, and age. 

From the 2011 ACS, we obtained household and housing characteristics such as 

the median value of occupied housing units, average household size (number of 

individuals in a household), median household income, percentage of households living 

below poverty, and percentage of housing units that were vacant out of all housing units 

in the ZCTA. We obtained the number of veterans residing within the ZCTA from the 

2011 ACS and the number of disabled individuals living in the ZCTA from the 2012 ACS 

because the variable was not available until 2012. The 5-year estimates, or estimates 

using 5 years of collected data, were used for all ACS variables due to their greater 
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reliability and stability compared to 1- or 3-year estimates.69 For example, the 5-year 

estimate from 2011 uses all data from 2007-2011. 

We obtained the number of business establishments and the number of 

employees at each ZIP code from the 2005-2014 CBP datasets. Using the CBP 

datasets, we calculated the number of ambulatory health care services in the ZIP code 

using the North American Industry Classification System (NAICS) designation for 

ambulatory health care services (621) (Table A-4). This variable was calculated as the 

total number of physicians, dentists, mental health practitioners, and other health care 

professionals in the ZIP Code. We also calculated the number of social assistance 

facilities which were designated with NAICS code 624. These facilities included 

individual and family services, community food services, vocational rehabilitation, and 

day care. These four variables derived from the CBP were used as proxies for 

economic health indicators as well as health and social care accessibilities. 

From the 2006, 2010, and 2015 FARA datasets, we obtained food desert census 

tracts. Food deserts are areas of low-income and low-access to healthy food from 

resources such as supermarkets and grocery stores. Since several census tracts can 

fall within a ZCTA, we used the density of number of people living in a food desert 

census tract to designate a ZCTA as food desert. For instance, if there are 4 census 

tracts within a single ZCTA with 2 that are food deserts and 2 that are not food deserts 

and if the number of people living in the two food desert census tracts were greater than 

the number of people living in the two not food desert census tracts, we designated the 

ZCTA as food desert. 
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In addition to these variables from the Census Bureau and the Department of 

Agriculture, we calculated an Area Deprivation Index (ADI) using Singh’s algorithm.70 

ADI is a composite index of a neighborhood’s socioeconomic deprivation, and higher 

values indicate greater deprivation. 

All of the environment-level variables were categorized into multinomial variables 

to reduce the effect of outliers, account for non-Gaussian distribution of the continuous 

variables, and variety of scales in which these data are collected. They were 

constructed as tertiles: lower than average (1st tertile), around average (2nd or median 

tertile), and higher than average (3rd tertile). The utility of this can be seen with the 

median value of occupied housing units; the 1st tertile of lower than median value of 

housing unit included units valued at $13,400-154,300, the 2nd tertile with housing units 

valued at $154,300-$206,800, and the 3rd tertile with housing units valued at $206,800 

to over $1 million. In comparison to this wide range of values from ten-thousands to 

over a million, median age of individuals in a ZCTA ranged from 21.6 to 82.8. 

Data Linkage 

The individual-level variables from HCUP and the environment-level variables 

from the census, ACS, CBP, and FARA were linked prior to analysis. The ZIP code of 

residence most frequently reported in an individual’s medical history within HCUP was 

used to map to ZCTAs (observational units in census and ACS).50 The year in which the 

modal ZIP code is most frequently reported was also used to link to datasets that 

spanned multiple years. For example, since CBP was available every year of the study 

period, the ZIP code and the year of ZIP code extraction were used to extract the 

economic characteristics. In contrast, FARA was available for 2006, 2010, and 2015, so 
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we used the FARA dataset from the year closest to the year of ZIP code extraction to 

designate the food desert status. 

Statistical Analyses 

The data used in this study were described using means, medians, and standard 

deviations (SD) with appropriate tests to compare their means. T-tests, Wilcoxon rank 

sum tests, and Kruskal-Wallis tests were used with Bonferroni correction for multiple 

testing. Unadjusted relative risks (RR), adjusted relative risks (aRR), and their 95% 

confidence intervals (CI) were calculated for outcomes using generalized linear models 

(GLM) with log as link function. Each clinical diagnoses was used as dependent variable 

and self-injury indicator was the independent variable. Adjusted RRs were calculated by 

adding age, sex, race/ethnicity, and payer as covariates. Similarly, the associations 

between environment-level factors and recurrence of self-injury was assessed using 

GLM and with 2nd tertile/median values as referent groups.  

All analyses were conducted in R. 

This study was a secondary analysis of HCUP’s data per data use agreement 

and was exempt from review by the University of Florida’s Institutional Review Board 

(IRB201701906). 

Results 

Figure 5-1 shows how the cohort of individuals with self-injury and comparison 

cohort of those with injury other than self-injury were derived. Out of over 21 million 

individuals identified in our HCUP data, there were 138,035 who met the case definition, 

and they were matched to a comparison group in a 1:2 ratio using risk set sampling. 

After excluding those without 3 years of medical history, missing demographics, 

residence outside of Florida, and without any follow up, there were 52,877 in the self-
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injury cohort and 90,895 in the comparison cohort. Most of the self-injury cohort 

sustained a poisoning injury (75.9%) (Table 5-1). 

The description of the cohort is shown in Table 5-2. Those in the self-injury 

cohort were more likely to be younger (mean age: 38.4; SD: 14.5 vs. mean age: 52.4; 

SD: 18.3, respectively). Self-injury cohort was mostly female (58.5%), white (77.0%), 

and likely to be without insurance/self-pay (27.2%). Suicidal ideation was found among 

30.2% of the self-injury cohort compared to 2.4% in the comparison group. The mean 

CCI was lower for the self-injury cohort, but the mean ISS was higher for the self-injury 

cohort. 

When examining outcomes subsequent to self-injury, many of the self-injury 

cohort were diagnosed with mood disorders (n=12,381 out of 52,877; 23.4%) and 

anxiety disorders (n=8,811; 16.7%) (Table 5-3). Over 15% ended up having another 

self-injury. The unadjusted and adjusted RR were highest for the diagnosis of 

personality disorders; individuals with self-injury had 14.9 times (CI: 13.1-16.9) the risk 

of having a personality disorder compared to their controls after adjusting for age, sex, 

race/ethnicity, and payer. The self-injury cohort were at higher risk of another poisoning 

injury (aRR: 7.11; CI: 6.3-8.1), getting diagnosed with schizophrenia (aRR: 3.59; CI: 3.4-

3.8), and being diagnosed with attention-deficit, conduct, and disruptive behavior 

disorders (aRR: 3.43; CI: 3.0-4.0) (Table 5-3 and Figure 5-2). In terms of non-

psychiatric conditions, individuals with self-injury had 2.3 times the risk of coma, stupor 

or brain damage, 2.0 times the risk of hepatitis, and 1.9 times the risk of epilepsy. 

Chronic conditions such as chronic obstructive pulmonary disease (16.8%), headache 
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(11.2%), and hypertension (10.8%) were found at a greater prevalence among the self-

injury cohort. 

Interestingly, self-injury was protective against Parkinson’s disease (RR: 0.73; CI: 

0.6-0.8) and delirium, dementia, and amnestic and other cognitive disorders (RR: 0.5; 

CI: 0.5-0.5) in bivariate analyses, but it became a risk factor after accounting for the 

demographic covariates (aRR: 1.7 and aRR: 1.5, respectively). Similar pattern was 

seen with osteoarthritis with RR=0.9 and aRR=1.3. 

Individuals with self-injury had on average 1.07 (SD: 1.21) psychiatric conditions 

and 7.20 (SD: 7.14) physical conditions based on CCS codes after their self-injury. In 

comparison, individuals in the injury but not self-injury cohort had on average 0.48 

psychiatric conditions (SD: 0.84) and 6.88 (SD: 6.63) physical conditions. These 

differences were significant and are shown in Figure 5-3. Some individuals had as many 

as 9 psychiatric conditions and 60 physical conditions following their injury. Younger 

adults had on average 1.1 psychiatric and 6.7 physical conditions, middle-aged adults 

had 1.1 psychiatric and 7.8 physical conditions, and older adults had 1.1 psychiatric and 

7.9 physical conditions (Figure 5-4). 

When individuals with self-injury were further examined for recurrence, many of 

the environment-level factors had no significant effects on the recurrence of self-injury 

(Table 5-4). Even after stratifying by age groups, younger, middle-aged, and older, most 

variables did not increase the risk of another self-injury (Figure 5-5 shows aRR for 

middle-aged group). For the younger adults, living in an area with lower median 

household income (RR: 1.1; CI: 1.0-1.2) and with higher than average number of 

veterans (1.1; 1.0-1.2) were associated with increased risk of recurrence. Living in an 
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area with higher than average number of Hispanics (RR: 1.2; CI: 1.0-1.3), with smaller 

average household size (1.2; 1.1-1.3), with lower number of disabled individuals (1.2; 

1.0-1.3), and with reduced access to healthy food (1.2; 1.0-1.3) increased the risk of 

recurrence among the middle-aged group. Among older adults, living in an area with 

higher median age of individuals (1.6; 1.0-2.6), with higher percentage of vacant 

housing units (1.6; 1.0-2.4), and with higher number of businesses (1.6; 1.0-2.6) were 

associated with recurrence. 

Discussion 

This study compared the clinical outcomes between 52,877 individuals with self-

injury and 90,895 individuals with injury other than self-injury. We found that those with 

self-injury were at higher risk of unintentional poisoning and several psychiatric and 

physical conditions. They were more likely to be diagnosed with personality disorders, 

schizophrenia, and other mental health conditions including substance- and alcohol-

related disorders. They were also more likely to have chronic physical outcomes such 

as coma, stupor, and brain damage as well as hepatitis, epilepsy, chronic obstructive 

pulmonary disease, hypertension, and diabetes among others. The average number of 

psychiatric conditions affecting the self-injury group was two times that of the 

comparison group, but the average number of physical conditions were similar. Older 

adults had the highest average numbers of psychiatric and physical conditions. 

This study also found that environment-level factors were unlikely to affect the 

recurrence among self-injury cohort. No environment-level factor was consistently found 

to be associated with risk of recurrence of self-injury across age groups. Therefore, 

contrary to our hypotheses, neither employment-related opportunities nor access to 

health care affected clinical outcomes in this study. 
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Limitations 

There are several limitations to this study. To focus on the first episode of self-

injury and its effect, we restricted our analysis to individuals with no prior health care 

visit for self-injury in the 3 years prior to index self-injury visit. However, it is possible 

that these individuals may have had self-injury which did not require a hospitalization or 

emergency department visit. Most self-injuries do not require a health care visit.5 Our 

study is also unable to account for those who sustained an injury but were not 

diagnosed as having an injury. Our study also does not include individuals who 

sustained a fatal self-injury without hospital-based treatment. In this work, we did not 

limit our follow-up time period since self-injury leads to increased lifetime risk of another 

self-injury.55,107 Thus, it is possible that the outcomes we detected are not immediate 

consequences of self-injury. Our individual-level data lacked known risk factors for 

recurrence of self-injury and death such as mental pain,80 physical pain,108 genetics and 

family history,77 childhood environment and adverse childhood events,109 and sexual 

identity.79 

Although we did not find any significant environment-level factors which protect 

against recurrence, it is possible that inference about individual risk of recurrence 

should not be made based on group level characteristics since that would lead to 

ecologic fallacy. 

Issues regarding the use of ZIP codes or ZCTAs as geographic units have been 

addressed elsewhere.76 These concerns include frequent updates to geographic 

boundaries of a ZIP code and mismatch between ZIP code and ZCTA mappings over 

time. However, ZIP codes from health care data are generally likely to be accurate since 

they are routinely collected for billing and communication purposes. 
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We included ISS to account for severity of the injury, but we were unable to 

produce accurate scores using the computerized algorithm. Most of the individuals in 

our study had ISS score of 0 (n=119,477 out of 143,772), indicating no injury. Therefore, 

ISS was of limited utility. Literature has already pointed out limitations in deriving ISS 

from ICD-9-CM codes.110–112 

Strengths 

This study also has several strengths. First, the coverage of hospital-based 

health care encounters is near universal since 95-99% of hospital emergency 

departments, inpatient facilities, and outpatient facilities in Florida participate in HCUP.40 

In our study, both the self-injury and comparison cohorts had injury severe enough to 

lead to a hospital visit. We were not limited to a single hospital or single payer system 

and were able to achieve a large sample size (n=143,772 total). And as with all studies 

using health care data, there is no recall or interviewer bias which can be found in 

survey-based self-injury studies. 

In this study, we compared the clinical outcomes among individuals with and 

without self-injury. Using 3 years of prior medical history and at least 1 follow-up visit 

post-injury, we were able to ascertain psychiatric and physical conditions among these 

individuals. Because much of literature focuses on recurrence, fatal self-injury, and all-

cause mortality, many of these conditions have not been previously examined. Current 

treatment for self-injury focuses on reducing these aforementioned outcomes, but not 

any other outcomes.95 Although cognitive behavior therapy and medications like Lithium 

have been shown to reduce recurrence, other social and low-cost approaches such as 

case management and postcard follow-ups have been found to be ineffective. Even 

among those with near-fatal self-injury, only a small number of people receive therapy, 
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and only 12% of those who were treated for self-injury were referred to mental health 

services.94 In our study, we found that administrative/social admission was highly 

prevalent among the self-injury cohort (14.3%). Largely, these encompass supervision 

and hospital-based social care, but they can also include homelessness, lack of family 

able to care for the individual, and psychological stress. Perhaps addressing these 

specific social conditions may yield fruitful results.  
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Table 5-1.  Distribution of individuals in the study by their ICD-9-CM case definitions. 

ICD-9-CM ICD-9-CM description 

Prior self-injury 
(n=52877) 
n (%) 

No prior self-
injury 
(n=90895) 
n (%) 

E950 Suicide and self-inflicted poisoning by solid or liquid substances 40136 (75.9)  
E951 Suicide and self-inflicted poisoning by gases in domestic use 2 (0.0)  
E952 Suicide and self-inflicted poisoning by other gases and vapors 296 (0.6)  
E953 Suicide and self-inflicted injury by hanging strangulation and suffocation 606 (1.1)  
E954 Suicide and self-inflicted injury by submersion [drowning] 53 (0.1)  
E955 Suicide and self-inflicted injury by firearms air guns and explosives 422 (0.8)  
E956 Suicide and self-inflicted injury by cutting and piercing instrument 8123 (15.4)  
E957 Suicide and self-inflicted injuries by jumping from high place 226 (0.4)  
E958 Suicide and self-inflicted injury by other and unspecified means 3013 (5.7)  
E000 External cause status  57 (0.1) 
E001-E030 Activity  108 (0.1) 
E800-E807 Railway accidents  5 (0.0) 
E810-E819 Motor vehicle traffic accidents  5906 (6.5) 
E820-E825 Motor vehicle nontraffic accidents  268 (0.3) 
E826-E829 Other road vehicle accidents  426 (0.5) 
E830-E838 Water transport accidents  54 (0.1) 
E840-E845 Air and Space Transport Accidents  8 (0.0) 
E846-E849 Vehicle accidents, not elsewhere classifiable  4603 (5.1) 
E850-E858 Accidental poisoning by drugs, medicinal substances, and biologicals  895 (1.0) 
E860-E869 Accidental poisoning by other solid and liquid substances, gases, and vapors  123 (0.1) 
E870-E876 Misadventures to patients during surgical and medical care  677 (0.7) 
E878-E879 Surgical and medical procedures as the cause of abnormal reaction of patient or later 

complication, without mention of misadventure at the time of procedure 
 25267 (27.8) 

E880-E888 Accidental falls  17012 (18.7) 
E890-E899 Accidents caused by fire and flames  166 (0.2) 
E900-E909 Accidents due to natural and environmental factors  886 (1.0) 
E910-E915 Accidents caused by submersion, suffocation, and foreign bodies  941 (1.0) 
E916-E928 Other accidents  19859 (21.8) 
E929-E929 Late effects of accidental injury  928 (1.0) 
E930-E949 Drugs, medicinal and biological substances causing adverse effects in therapeutic use  9479 (10.4) 
E960-E969 Homicide and injury purposely inflicted by other persons  2170 (2.4) 
E970-E979 Legal intervention  67 (0.1) 
E980-E989 Injury undetermined whether accidentally or purposely inflicted  984 (1.1) 
E990-E999 Injury resulting from operations of war  6 (0.0) 
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Table 5-2.  Demographic characteristics of the self-injury cohort and comparison cohort. 

 

Total 
(n=143772) 
n (%) 

Prior self-
injury  
(n=52877) 
n (%) 

No prior self-
injury  
(n=90895) 
n (%) p value 

Age     
    Mean (SD) 47.3 (18.3) 38.4 (14.5) 52.4 (18.3) <0.0001 
    [18-39] 53702 (37.4) 29712 (56.2) 23990 (26.4) <0.0001 
    [40-64] 60336 (42.0) 20162 (38.1) 40174 (44.2) <0.0001 
    [65+) 29734 (20.7) 3003 (5.7) 26731 (29.4) <0.0001 
Sex     
    Female 80273 (55.8) 30942 (58.5) 49331 (54.3) <0.0001 
Race     
    Black 26247 (18.3) 5629 (10.7) 20618 (22.7) <0.0001 
    Hispanic 16420 (11.4) 5320 (10.1) 11100 (12.2) <0.0001 
    Other 3676 (2.6) 1199 (2.3) 2477 (2.7) <0.0001 
    White 97429 (67.8) 40729 (77.0) 56700 (62.4) <0.0001 
Payer     
    Medicare 54252 (37.7) 12121 (22.9) 42131 (46.4) <0.0001 
    Medicaid 19430 (13.5) 10184 (19.3) 9246 (10.2) <0.0001 
    Self-Pay 21866 (15.2) 14355 (27.2) 7511 (8.3) <0.0001 
    Other 13222 (9.2) 5098 (9.6) 8124 (8.9) 0.0002 
    Private 35002 (24.4) 11119 (21.0) 23883 (26.3) <0.0001 
Pre-injury conditions     
    Pre-injury suicidal ideation 18088 (12.6) 15946 (30.2) 2142 (2.4) <0.0001 
    Pre-injury CCI     
        Mean (SD) 1.4 (2.1) 1.0 (1.7) 1.7 (2.2) <0.0001 
        ≥1 75056 (52.2) 23840 (45.1) 51216 (56.4) <0.0001 
Injury Severity Score     
    Mean (SD) 0.36 (1.0) 0.5 (1.2) 0.2 (0.5) <0.0001 

CCI=Charlson Comorbidity Index; SD= Standard Deviation. P values from t-test, Wilcoxon rank sum test, 
and chi-square test of proportions with Bonferroni corrections are shown. 
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Table 5-3.  Frequencies, unadjusted, and multivariate adjusted relative risks of clinical conditions in descending order of 
adjusted relative risk. 

CCS CCS Description 

Prior Self-
Injury 
n (%) 

No Prior Self-
Injury 
n (%) RR (95% CI) 

Adjusted RR (95% 
CI) * 

658 Personality disorders 3407 (6.44) 274 (0.30) 21.37 (18.91-24.16) 14.90 (13.13-16.90) 
662 Suicide and intentional self-inflicted injury 8128 (15.37) 1395 (1.53) 10.02 (9.47-10.59) 8.83 (8.32-9.37) 
241 Poisoning by psychotropic agents 1864 (3.53) 310 (0.34) 10.34 (9.17-11.65) 7.11 (6.27-8.07) 
659 Schizophrenia and other psychotic disorders 4176 (7.90) 2106 (2.32) 3.41 (3.24-3.59) 3.59 (3.39-3.80) 
652 Attention-deficit, conduct, and disruptive behavior 

disorders 
988 (1.87) 251 (0.28) 6.77 (5.89-7.77) 3.43 (2.96-3.96) 

255 Administrative/social admission 7549 (14.28) 2634 (2.90) 4.93 (4.72-5.14) 3.39 (3.24-3.54) 
650 Adjustment disorders 966 (1.83) 587 (0.65) 2.83 (2.55-3.13) 3.21 (2.86-3.61) 
654 Developmental disorders 958 (1.81) 569 (0.63) 2.89 (2.61-3.21) 2.91 (2.59-3.27) 
660 Alcohol-related disorders 4610 (8.72) 2543 (2.80) 3.12 (2.97-3.27) 2.41 (2.29-2.54) 
85 Coma; stupor; and brain damage 1656 (3.13) 1318 (1.45) 2.16 (2.01-2.32) 2.30 (2.12-2.50) 

661 Substance-related disorders 5802 (10.97) 3457 (3.80) 2.89 (2.77-3.00) 1.97 (1.88-2.06) 
6 Hepatitis 1605 (3.04) 922 (1.01) 2.99 (2.76-3.24) 1.96 (1.79-2.14) 

83 Epilepsy; convulsions 3386 (6.40) 2719 (2.99) 2.14 (2.04-2.25) 1.90 (1.80-2.01) 
235 Open wounds of head; neck; and trunk 2072 (3.92) 2129 (2.34) 1.67 (1.58-1.78) 1.88 (1.76-2.02) 
129 Aspiration pneumonitis; food/vomitus 1576 (2.98) 2398 (2.64) 1.13 (1.06-1.20) 1.75 (1.63-1.88) 
657 Mood disorders 12381 (23.41) 12248 (13.47) 1.74 (1.70-1.78) 1.75 (1.71-1.80) 
79 Parkinson`s disease 270 (0.51) 634 (0.70) 0.73 (0.64-0.84) 1.72 (1.48-2.01) 
10 Immunizations and screening for infectious disease 4841 (9.16) 5049 (5.55) 1.65 (1.59-1.71) 1.67 (1.60-1.74) 

651 Anxiety disorders 8811 (16.66) 8347 (9.18) 1.81 (1.76-1.87) 1.64 (1.59-1.70) 
5 HIV infection 1312 (2.48) 1471 (1.62) 1.53 (1.42-1.65) 1.63 (1.51-1.77) 
8 Other infections; including parasitic 1541 (2.91) 1345 (1.48) 1.97 (1.83-2.12) 1.57 (1.45-1.71) 

653 Delirium, dementia, and amnestic and other cognitive 
disorders 

1308 (2.47) 4444 (4.89) 0.51 (0.48-0.54) 1.50 (1.41-1.60) 

236 Open wounds of extremities 3161 (5.98) 3116 (3.43) 1.74 (1.66-1.83) 1.48 (1.40-1.56) 
152 Pancreatic disorders (not diabetes) 1264 (2.39) 1398 (1.54) 1.55 (1.44-1.68) 1.48 (1.36-1.61) 
136 Disorders of teeth and jaw 2996 (5.67) 2110 (2.32) 2.44 (2.31-2.58) 1.45 (1.37-1.54) 
81 Other hereditary and degenerative nervous system 

conditions 
590 (1.12) 728 (0.80) 1.39 (1.25-1.55) 1.43 (1.27-1.61) 

125 Acute bronchitis 3135 (5.93) 3032 (3.34) 1.78 (1.69-1.87) 1.41 (1.34-1.49) 
239 Superficial injury; contusion 6704 (12.68) 7899 (8.69) 1.46 (1.41-1.50) 1.39 (1.34-1.44) 
252 Malaise and fatigue 4578 (8.66) 6520 (7.17) 1.21 (1.16-1.25) 1.37 (1.31-1.42) 
128 Asthma 2985 (5.65) 3589 (3.95) 1.43 (1.36-1.50) 1.35 (1.28-1.42) 
94 Other ear and sense organ disorders 1869 (3.53) 2161 (2.38) 1.49 (1.40-1.58) 1.34 (1.25-1.44) 
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Table 5-3.  Continued. 

CCS CCS Description 

Prior Self-
Injury 
n (%) 

No Prior Self-
Injury 
n (%) RR (95% CI) 

Adjusted RR (95% 
CI) * 

127 Chronic obstructive pulmonary disease and 
bronchiectasis 

8861 (16.76) 13026 (14.33) 1.17 (1.14-1.20) 1.34 (1.30-1.37) 

232 Sprains and strains 5220 (9.87) 5299 (5.83) 1.69 (1.63-1.76) 1.32 (1.27-1.38) 
92 Otitis media and related conditions 1050 (1.99) 834 (0.92) 2.16 (1.98-2.37) 1.32 (1.19-1.45) 
245 Syncope 3406 (6.44) 4921 (5.41) 1.19 (1.14-1.24) 1.32 (1.25-1.38) 
84 Headache; including migraine 5943 (11.24) 6407 (7.05) 1.59 (1.54-1.65) 1.32 (1.27-1.37) 
93 Conditions associated with dizziness or vertigo 3892 (7.36) 4907 (5.40) 1.36 (1.31-1.42) 1.31 (1.25-1.37) 
98 Essential hypertension 5705 (10.79) 6542 (7.20) 1.50 (1.45-1.55) 1.31 (1.26-1.36) 
200 Other skin disorders 1859 (3.52) 1912 (2.10) 1.67 (1.57-1.78) 1.29 (1.20-1.38) 
139 Gastroduodenal ulcer (except hemorrhage) 1720 (3.25) 2637 (2.90) 1.12 (1.06-1.19) 1.27 (1.19-1.36) 
210 Systemic lupus erythematosus and connective tissue 

disorders 
234 (0.44) 254 (0.28) 1.58 (1.33-1.89) 1.26 (1.04-1.54) 

244 Other injuries and conditions due to external causes 6177 (11.68) 8887 (9.78) 1.19 (1.16-1.23) 1.26 (1.22-1.31) 
168 Inflammatory diseases of female pelvic organs 990 (1.87) 733 (0.81) 2.32 (2.11-2.55) 1.26 (1.14-1.40) 
49 Diabetes mellitus without complication 3704 (7.00) 5688 (6.26) 1.12 (1.08-1.17) 1.25 (1.20-1.31) 
203 Osteoarthritis 3115 (5.89) 5806 (6.39) 0.92 (0.88-0.96) 1.25 (1.20-1.31) 
163 Genitourinary symptoms and ill-defined conditions 4601 (8.70) 7199 (7.92) 1.10 (1.06-1.14) 1.24 (1.20-1.30) 
138 Esophageal disorders 6164 (11.66) 9539 (10.49) 1.11 (1.08-1.14) 1.24 (1.20-1.28) 
134 Other upper respiratory disease 2188 (4.14) 2913 (3.20) 1.29 (1.22-1.36) 1.24 (1.16-1.31) 
198 Other inflammatory condition of skin 797 (1.51) 954 (1.05) 1.44 (1.31-1.58) 1.23 (1.11-1.37) 
154 Noninfectious gastroenteritis 2643 (5.00) 3348 (3.68) 1.36 (1.29-1.43) 1.23 (1.16-1.30) 

* Adjustments include demographic characteristics (age, sex, race/ethnicity, and payer) and adjustment for prior condition of same CCS. CCS= 
Clinical Classifications Software; RR= Relative Risk; CI= Confidence Intervals.  
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Table 5-4.  Environment-level factors and their associations with recurrence of self-injury using multivariate log-binomial 
regression. Relative risks and 95% confidence intervals per age groups are shown. 
 Younger Age 

RR (95% CI) 
Middle-Aged 
RR (95% CI) 

Older Age 
RR (95% CI) 

Area Deprivation Index    
    Lower deprivation 0.96 (0.86-1.06) 0.98 (0.87-1.12) 1.34 (0.82-2.21) 
    Average deprivation REF REF REF 
    Higher deprivation 0.93 (0.86-1.01) 1.03 (0.92-1.14) 0.93 (0.56-1.55) 
Total population    
    Smaller population size 1.03 (0.83-1.28) 1.00 (0.74-1.34) 1.19 (0.34-4.09) 
    Average population size REF REF REF 
    Larger population size 0.79 (0.63-0.99) 1.11 (0.84-1.47) 0.99 (0.30-3.32) 
Number of females    
    Lower number of females 1.16 (0.94-1.44) 0.94 (0.70-1.26) 1.08 (0.31-3.78) 
    Average number of females REF REF REF 
    Higher number of females 1.13 (0.90-1.41) 0.93 (0.71-1.22) 1.12 (0.36-3.51) 
Number of whites    
    Lower number of whites 1.00 (0.91-1.10) 0.92 (0.81-1.04) 1.04 (0.61-1.79) 
    Average number of whites REF REF REF 
    Higher number of whites 1.05 (0.95-1.16) 0.99 (0.87-1.12) 1.20 (0.67-2.16) 
Number of blacks    
    Lower number of blacks 1.04 (0.96-1.12) 0.97 (0.88-1.07) 0.76 (0.50-1.16) 
    Average number of blacks REF REF REF 
    Higher number of blacks 0.97 (0.90-1.06) 0.93 (0.83-1.03) 1.44 (0.88-2.37) 
Number of other races    
    Lower number of other races 0.89 (0.80-0.99) 1.03 (0.90-1.18) 0.66 (0.36-1.21) 
    Average number of other races REF REF REF 
    Higher number of other races 1.07 (0.97-1.17) 1.01 (0.89-1.14) 0.84 (0.47-1.50) 
Number of Hispanics    
    Lower number of Hispanics 1.03 (0.94-1.13) 0.95 (0.84-1.07) 0.92 (0.54-1.58) 
    Average number of Hispanics REF REF REF 
    Higher number of Hispanics 1.03 (0.94-1.12) 1.16 (1.03-1.31)* 1.13 (0.64-1.98) 
Median age of individuals    
    Lower median age of individuals 1.01 (0.94-1.09) 1.06 (0.95-1.17) 1.46 (0.86-2.48) 
    Average median age of individuals REF REF REF 
    Higher median age of individuals 1.06 (0.98-1.16) 1.01 (0.91-1.12) 1.65 (1.03-2.64)* 
Median value of occupied housing units    
    Lower median value of housing units 1.02 (0.94-1.11) 1.05 (0.94-1.17) 1.00 (0.60-1.68) 
    Average median value of housing units REF REF REF 
    Higher median value of housing units 0.99 (0.90-1.09) 0.98 (0.87-1.10) 1.08 (0.65-1.78) 



 

100 

Table 5-4.  Continued. 
 Younger Age 

RR (95% CI) 
Middle-Aged 
RR (95% CI) 

Older Age 
RR (95% CI) 

Average household size    
    Smaller average household size 0.99 (0.92-1.07) 1.19 (1.07-1.31)* 0.73 (0.47-1.13) 
    Around average household size REF REF REF 
    Larger average household size 1.04 (0.96-1.12) 0.98 (0.89-1.09) 0.74 (0.45-1.20) 
Median household income    
    Lower median household income 1.10 (1.01-1.20)* 0.89 (0.79-1.00) 1.05 (0.61-1.81) 
    Average median household income REF REF REF 
    Higher median household income 1.06 (0.97-1.17) 1.04 (0.92-1.18) 1.02 (0.63-1.67) 
Number of veterans    
    Lower number of veterans 0.96 (0.89-1.05) 0.95 (0.85-1.06) 0.79 (0.50-1.24) 
    Average number of veterans REF REF REF 
    Higher number of veterans 1.08 (1.00-1.18)* 0.98 (0.88-1.09) 0.89 (0.55-1.43) 
Percentage of households living below poverty    
    Lower percentage of households living below poverty 1.07 (0.99-1.16) 0.98 (0.89-1.09) 0.95 (0.62-1.45) 
    Average percentage of households living below poverty REF REF REF 
    Higher percentage of households living below poverty 1.06 (0.97-1.16) 1.07 (0.95-1.20) 1.09 (0.64-1.88) 
Percentage of housing units that are vacant    
    Lower percentage of vacant housing units 1.05 (0.98-1.13) 1.05 (0.96-1.15) 1.27 (0.81-1.98) 
    Average percentage of vacant housing units REF REF REF 
    Higher percentage of vacant housing units 0.98 (0.92-1.06) 0.99 (0.90-1.09) 1.58 (1.04-2.42) 
Number of disabled individuals    
    Lower number of disabled individuals 1.03 (0.94-1.14) 1.16 (1.02-1.32)* 1.33 (0.76-2.35) 
    Average number of disabled individuals REF REF REF 
    Higher number of disabled individuals 1.05 (0.96-1.14) 0.91 (0.82-1.02) 1.11 (0.68-1.80) 
Number of business establishments    
    Smaller number of businesses  0.97 (0.87-1.07) 1.05 (0.92-1.20) 1.52 (0.85-2.70) 
    Average number of businesses REF REF REF 
    Higher number of businesses 1.05 (0.96-1.15) 0.99 (0.88-1.11) 1.62 (1.00-2.64)* 
Number of employees    
    Smaller number of employees 1.02 (0.93-1.12) 1.01 (0.90-1.14) 1.06 (0.62-1.80) 
    Average number of employees REF REF REF 
    Higher number of employees 1.03 (0.95-1.12) 1.09 (0.98-1.22) 0.82 (0.52-1.28) 
Number of ambulatory health care services    
    Smaller number of ambulatory health care services 1.00 (0.92-1.09) 0.92 (0.82-1.02) 1.10 (0.67-1.82) 
    Average number of ambulatory health care services REF REF REF 
    Higher number of ambulatory health care services 1.05 (0.96-1.14) 0.97 (0.87-1.08) 1.26 (0.79-2.02) 
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Table 5-4.  Continued. 
 Younger Age 

RR (95% CI) 
Middle-Aged 
RR (95% CI) 

Older Age 
RR (95% CI) 

Number of social assistance facilities    
    Smaller number of social assistance facilities 1.00 (0.93-1.08) 0.98 (0.88-1.08) 1.39 (0.91-2.11) 
    Average number of social assistance facilities REF REF REF 
    Higher number of social assistance facilities 0.98 (0.91-1.06) 1.04 (0.93-1.15) 1.14 (0.72-1.82) 
Food desert designation    
    Not food desert REF REF REF 
    Food desert 1.02 (0.94-1.11) 1.15 (1.04-1.28)* 1.26 (0.75-2.12) 

* Indicate confidence intervals that do not include 1. RR= Relative Risk; CI= Confidence Intervals. 
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Figure 5-1.  Derivation of study population from HCUP Florida. 
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Figure 5-2.  Adjusted relative risks for clinical outcomes after self-injury with 95% confidence intervals (CI).  
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Figure 5-3.  Number of psychiatric and physical conditions for cohort with prior self-
injury and cohort without prior self-injury.  
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Figure 5-4.  Number of psychiatric and physical conditions by age group within prior 
self-injury cohort. P values from paired Wilcoxon rank sum tests are shown.  
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Figure 5-5.  Adjusted relative risks of showing associations between environmental variables and self-injury recurrence for 
middle-aged group.  
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CHAPTER 6 
CONCLUSION 

Summary of Findings 

This dissertation confirms previous findings on presence of any mental health 

disorder as a risk factor for self-injury.33,55,113 This dissertation adds to the literature on 

the unrecognized unintentional poisonings as a possible risk factor for self-injury. 

Unintentional poisonings and intentional poisonings are difficult to distinguish clinically 

since both behaviors indicate injury upon self, departing from human nature or drive to 

survive. While intentional self-poisoning (or self-injury by poisoning) has been 

recognized to increase the risk of suicide,89 the association with unintentional poisoning 

has not been seen. These accidental overdoses may be related to increased substance 

use which have been recognized by American Association of Suicidology and Centers 

for Disease Control and Prevention as proximal warning signs of self-injury.33 

Several statistical and machine learning methods have been applied to health 

care data to predict self-injury.55,74,114,115 This dissertation found that although certain 

machine learning methods such as random forest and LASSO were able to yield high 

discriminatory performance, a simple regression model with known risk factors (13 

mental health conditions) and demographic covariates performed just as well. 

Performance of new prediction models should be compared with a model based on 

“expert knowledge” or known risk factors. 

Recently published machine learning-based prediction models have yielded 

mixed results in terms of performance and have been limited by their low positive 

predictive values (PPVs).114 Although PPV will always remain low (<0.01) due to rare 

incidence of self-injury, we found that the combination of environment-level factors with 
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individual-level data, such as health care data, can have better classification accuracy 

than individual-level factors alone. Incorporation of area- or neighborhood-level factors 

may aid in creating better performing prediction models. 

However, this must be conducted with an improved collection and application of 

environment data.36 It has been noted that the heterogeneity of associations with area 

socioeconomic characteristics and self-injury may be due to the lack of consistency of 

the study designs and environment-level data collection. There are no guidelines on 

how to test environment-level factors with self-injury. 

Lastly, this dissertation found that individuals with self-injury suffer adverse 

outcomes in psychiatric and physical health which are not mitigated by environment-

level factors. 

Future Research 

Self-injury has a long history of research.33 Yet, key definitions and agreement on 

terminology are lacking among self-injury researchers.20–22  

Self-injury can encompass self-injuries with both suicidal and non-suicidal 

intents, but such distinction is not always possible since the intention may change over 

time.60,116 Since non-suicidal self-injury is highly correlated to future suicidal self-

injury,117 researchers have proposed that non-suicidal self-injury may be a “stepping 

stone” between suicidal ideation and self-injury with suicidal intent.118 Measurement of 

intent and clarification of vocabulary are critical. 

Measurement of self-injury can also be improved. This dissertation relied on ICD 

codes (E950-E959) which are commonly used in self-injury studies with PPV over 

82%.55,103 However, a recent systematic review noted that this high PPV is applicable to 
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self-injury hospitalizations and not for suicides.60 The performance of these ICD codes 

for less severe self-injury is unknown. 

A recurrent goal of the National Action Alliance for Suicide Prevention and goal of 

many others, clinicians or otherwise, is to predict who is at risk of self-injury.119 The poor 

prediction performance of scales currently used in clinical practice have been 

recognized.99,101,120 Currently, scales commonly used to quantify self-injurious thoughts 

and behavior are not considered “clinically useful”,99 and recent studies using health 

care data have shown to predict self-injury better than clinicians.121 With the increasing 

availability of health care data and other novel sources of data that reflect our 

environment and lifestyle, data-driven models may be able to outperform our current 

abilities.  
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APPENDIX 
SUPPLEMENTARY MATERIAL 

Table A-1.  List of ICD-9-CM codes used to define cases 

ICD-9 Code Code Description 

E950 Suicide and self-inflicted poisoning by solid or liquid substances 
E951 Suicide and self-inflicted poisoning by gases in domestic use 
E952 Suicide and self-inflicted poisoning by other gases and vapors 
E953 Suicide and self-inflicted injury by hanging strangulation and suffocation 
E954 Suicide and self-inflicted injury by submersion [drowning] 
E955 Suicide and self-inflicted injury by firearms air guns and explosives 
E956 Suicide and self-inflicted injury by cutting and piercing instrument 
E957 Suicide and self-inflicted injuries by jumping from high place 
E958 Suicide and self-inflicted injury by other and unspecified means 
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Table A-2.  List of ICD-9-CM codes used to define controls 

ICD-9 Code Code Description 

E000 External cause status 
E001-E030 Activity 
E800-E807 Railway accidents 
E810-E819 Motor vehicle traffic accidents 
E820-E825 Motor vehicle nontraffic accidents 
E826-E829 Other road vehicle accidents 
E830-E838 Water transport accidents 
E840-E845 Air and space transport accidents 
E846-E849 Vehicle accidents, not elsewhere classifiable 
E850-E858 Accidental poisoning by drugs, medicinal substances, and biologicals 
E860-E869 Accidental poisoning by other solid and liquid substances, gases, and 

vapors 
E870-E876 Misadventures to patients during surgical and medical care 
E878-E879 Surgical and medical procedures as the cause of abnormal reaction of 

patient or later complication, without mention of misadventure at the 
time of procedure 

E880-E888 Accidental falls 
E890-E899 Accidents caused by fire and flames 
E900-E909 Accidents due to natural and environmental factors 
E910-E915 Accidents caused by submersion, suffocation, and foreign bodies 
E916-E928 Other accidents 
E929-E929 Late effects of accidental injury 
E930-E949 Drugs, medicinal and biological substances causing adverse effects in 

therapeutic use 
E950-E959 Suicide and self-inflicted injury 
E960-E969 Homicide and injury purposely inflicted by other persons 
E970-E979 Legal intervention 
E980-E989 Injury undetermined whether accidentally or purposely inflicted 
E990-E999 Injury resulting from operations of war 
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Table A-3.  Environmental variables used in this study with their sources*. 

Source 
Variable 
Name Variable Description 

Census cPop Total population 
Census cFemale Number of females 
Census cWhite Number of whites 
Census cBlack Number of blacks 
Census cOther Number of other races 
Census cHisp Number of Hispanics 
Census cAge Median age of individuals 
ACS aHValue Median value of occupied housing units 
ACS aHSize Average household size 
ACS aInc Median household income 
ACS aVet Number of veterans 
ACS aPov Percentage of households living below poverty 
ACS aVacant Percentage of housing units that are vacant 
ACS aDis Number of disabled individuals 
CBP bEst Number of business establishments 
CBP bEmp Number of employees 
CBP bAmb Number of ambulatory health care services 
CBP bSocial Number of social assistance facilities 
FARA Desert Designation as food desert based on income and food access 

* 2010 decennial census; 2011 and 2012 American Community Survey (ACS) 5-year estimates; 2005-
2014 County Business Patterns (CBP); and 2006, 2010, and 2015 Food Access Research Atlas (FARA) 
were used.  
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Table A-4.  Brief list of 2007 North American Industry Classification System (NAICS) 
designations for health care facilities in County Business Patterns data. Full 
detailed list can be accessed: https://www.census.gov/cgi-
bin/sssd/naics/naicsrch?chart=2007. 

NAICS NAICS Description 

62 Health care and social assistance 
621 Ambulatory health care services 

6211 Offices of physicians 
6212 Offices of dentists 
6213 Offices of other health practitioners 

62131 Offices of chiropractors 
62132 Offices of optometrists 
62133 Offices of mental health practitioners (except physicians) 
62134 Offices of physical, occupational and speech therapists, and audiologists 
62139 Offices of all other health practitioners 

6214 Outpatient care centers 
62141 Family planning centers 
62142 Outpatient mental health and substance abuse centers 
62149 Other outpatient care centers 

621491 HMO medical centers 
621492 Kidney dialysis centers 
621493 Freestanding ambulatory surgical and emergency centers 
621498 All other outpatient care centers 

6215 Medical and diagnostic laboratories 
621511 Medical laboratories 
621512 Diagnostic imaging centers 

6216 Home health care services 
6219 Other ambulatory health care services 

62191 Ambulance services 
62199 All other ambulatory health care services 

621991 Blood and organ banks 
621999 All other miscellaneous ambulatory health care services 

624 Social assistance 
6241 Individual and family services 

62411 Child and youth services 
62412 Services for the elderly and persons with disabilities 
62419 Other individual and family services 

6242 Community food and housing, and emergency and other relief services 
62421 Community food services 

624221 Temporary shelters 
624229 Other community housing services 

62423 Emergency and Other Relief Services 
6243 Vocational rehabilitation services 
6244 Child day care services 
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