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Abstract
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Department of Epidemiology


The purpose of this study was to 1. test whether socioeconomic disadvantage was associated with higher tuberculosis (TB) incidence in Washington State, including possible effect modification by urbanness 2. assess whether severity of TB disease was positively associated with area-based socioeconomic disadvantage in King County, Washington, and 3. evaluate whether socioeconomic disadvantage was associated with increased TB transmission in King County, as assessed using genotypically-defined TB clusters. 

Data were collected utilizing a retrospective cohort design. Patient-level measures were abstracted from charts and surveillance data. A composite socioeconomic position index (SEP) was derived from the 2000 census to measure socioeconomic status. Multivariate regression analysis was conducted at the neighborhood level, which allowed for further exploration of area-specific factors and TB incidence.  

A significant association was found between indices of socioeconomic position and TB incidence in Washington State, with a clear gradient of higher rates observed among lower zip-code tabulation area socioeconomic quartiles (P-trend <0.001). In multivariate analyses, addition of individual- and area-level covariates significantly attenuated this association, although statistical significance was preserved.  No significant interaction between level of urbanness and socioeconomic status was observed.  In multivariate models adjusting for individual demographic and socioeconomic measures, as well as area-based demographic variables, block-group SEP was not significantly associated with greater disease severity. Multilevel models in which community-level characteristics were measured at the block group level demonstrated that lower SEP was positively associated with TB genotypic clustering after controlling for individual covariates, but the trend in odds of  higher clustering with lower SEP quartile was lost when adding additional block-group level covariates.  

These results suggested that area-level SEP was significantly associated with TB incidence and transmission as assessed by clustering, but that TB patients living in lower SEP areas were not more likely to have severe disease.  However, the incidence of severe disease was still high in low SEP areas. The results did not support the hypothesis that individuals who are poor and live in urban areas are at increased risk of active TB disease.  These findings emphasize the importance of neighborhood context and the need to target prevention efforts to low-socioeconomic status neighborhoods.
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PREFACE

This dissertation consists of an introduction, a conclusion and three chapters, each of which is a standalone paper that has been or will be submitted to a peer-reviewed journal. Each chapter has a background, methods, results, and discussion section with tables and figures for that paper at the end of the corresponding chapter.
Introduction

Tuberculosis (TB) continues to represent a major worldwide problem. Approximately two billion people worldwide are infected with Mycobacterium tuberculosis and more than 4,500 TB deaths occur each day  [1]. HIV co-infection, suboptimal case finding and diagnosis, a complex treatment regimen and emerging drug resistance have added additional challenges. As a result of these factors, the global incidence rate of TB continues to grow at approximately 1% per year [1].  While the incidence rate of TB in the United States (US), has consistently declined since 1992 to an historic low of 3.8 per 100,000 person-years in 2009, the current rate is still above the year 2000 national goal of 3.5 per 100,000 [2].  Studies have established that major drivers of TB in industrialized countries, including the US, are population growth, changes in age structure, poverty, immigration from high incidence areas, drug resistance, and human immunodeficiency virus (HIV) rates [3]. 
Of these factors, the relationship between socioeconomic disadvantage and higher TB incidence is one particular arena where novel methodologies are needed and where targeted interventions of at-risk poorer populations are possible. Impoverished individuals are at higher risk of infection with M. tuberculosis compared to the general population due to overcrowded living or working conditions, poor nutrition, co-infections and migration from high risk communities [4] but the role of area-based socioeconomic factors and TB disease is still poorly understood. This dissertation explores the association between socioeconomic disadvantage at a neighborhood-level and a number of TB disease outcomes, including overall incidence, severity of disease and recent transmission as assessed by genotypic clustering. Particular emphasis is given to a multilevel modeling strategy and the unique contribution of area-based measures. The discussion below summarizes some of the previous research on these themes and remaining gaps that this study attempts to address. The latter part of this introductory chapter discusses the specific contributions of this project.

Socioeconomic Position and TB: The association between socioeconomic status and adverse health outcomes in general is well established [5, 6]. TB-specific morbidity was shown to be positively correlated in areas with socioeconomic disadvantage and the association between poverty and tuberculosis has been noteworthy in ecologic studies when adjusting for ethnicity and HIV prevalence [7-9].  Molecular epidemiologic studies in San Francisco and elsewhere have suggested that active TB transmission takes place mainly in socioeconomically deprived groups [10]. One study used a combination of cross-sectional and longitudinal approaches and found a high overall mean TB incidence rate and a relative risk of 1.33 per 10% increase in poverty; however, changes in incidence varied among neighborhoods.  Neighborhoods with declining income experienced larger increases in TB incidence [11]. Studies of socioeconomic status and TB have also utilized deprivation indices [12], housing density [13], social capital [14] and factor analyses to specify those socioeconomic status variables that most likely predict disease  [15]. 

[bookmark: OLE_LINK9][bookmark: OLE_LINK10]Ecologic and Multilevel models of TB: Recent research has emphasized that, beyond individual factors, residential and area context contribute to health disadvantage [16,17] and the relative impacts of area-level factors and individual factors have been established for a variety of diseases. Recent foci have included stroke, coronary heart disease and cancer [18]. Neighborhoods are likely to influence health through several different mechanisms, including availability and accessibility of health services, housing, cleanliness, and psychosocial factors such as attitudes, behaviors, and social support [19]. Transmissible diseases in particular are influenced by both population patterns of exposure and individual exposure status [20].  However, there is a paucity of research on the role of area level socioeconomic effects on TB [21, 22] and the use of area-based measures has been used infrequently for TB [11, 15].  Moreover, traditional individual‐level studies and ecological studies as outlined above are unable to simultaneously examine the role of individual‐ and group‐level factors in the risk of disease. Despite interest in poverty and TB, a recently published article identified only 3 review articles on social epidemiology and TB from 1966-2007 [23].
 The multilevel conceptualization is particularly important for an infectious disease such as TB, where the frequency of an event depends on the number of individuals already affected. Group‐level factors may affect each of the components of the reproductive ratio of an infectious disease (i.e., the rate of transmission, the duration of infectiousness, and the number of contacts per unit of time) or may modify the relationship between individual‐level risk factors and risk of disease [24].  
Multilevel models thus allow us to examine simultaneous effects of area-level and individual-level poverty predictors, while accounting for the fact that group observations are not independent. The models allow for both inter-individual and intergroup variation, and focus on how differences in TB incidence are attributable to poverty at the individual level, compared to poverty as it is measured among neighborhood areas [25] .  Non-TB specific studies have added area-based measures to existing individual measures [26], and conversely, have combined individual measures with existing area-based ones for other diseases [27].  Individual and area-based socioeconomic indicators have been shown to contribute independently to the prediction of mortality [28].  However, where several studies have used individual-level and area-level SES measures simultaneously in the same model for other diseases, they have been sparsely utilized in the study of TB [29-32]. 
Previous studies examining the variation of TB incidence as it relates to area-level socioeconomic factors have been documented in Europe [33-35] but have not utilized a multilevel approach that includes both individual-level and area-level measures. In Asia, ecologic analyses were performed to assess whether socio-economic characteristics accounted for differences in TB incidence rates among different districts [36, 37] but did not focus on other factors such as population density, demographics or immigration. An analysis from 1996-2000 was the first to use generalized linear mixed models to smooth out variability in observed disease rates and to estimate associations between socioeconomic status and TB averaged over time period, accounting for spatial dependence between observations. Relationships were modeled at small area level (census tracts) using 3 indicators.  Clustered spatial patterns of disease and poverty were observed, with a relative risk of TB incidence of 1.8 for incremental increases in the number of persons per house [22].

Delayed diagnoses and disease severity: Another important aspect of socioeconomic disadvantage is its association with delayed diagnosis. In general, delayed diagnosis of TB can lead to an increased period of infectivity in the community, a delay in treatment, and greater severity of the disease. Treatment delay results in greater transmission of infection to close contacts [38]. Poor access to care causes delayed diagnosis and poor access is associated with, poverty and low educational level [39]. However, the hypothesized link between disadvantage and TB disease severity is yet to be demonstrated empirically.  Lung cavitation and smear-positive acid fast bacilli in sputum smears have specifically been linked to pulmonary impairment, TB treatment failure, or death [40-42] and are thus arguably important indicators of TB severity.
For certain other diseases, disease severity has been explored using predicted block group-level disease patterns from multilevel models to examine geographic variation. For example, prostate cancer grade and stage at diagnosis have been studied in the multilevel context, and, less severe tumor grade and stage associated with higher social class [43]. Lower socioeconomic status has been linked to more severe disease outcomes for a variety of disease, including cystic fibrosis [44], sarcoidosis [45], subclinical coronary disease [46], breast cancer [47] and pulmonary fibrosis [48].  As such, more severe TB disease might fit a similar pattern and be impacted by area-level access to care and demographic factors.  

Socioeconomic status and clustering: Socioeconomic disadvantage has also been associated with increased TB transmission. To assess transmission, molecular techniques are used to define genetic clusters of isolates of Mycobacterium tuberculosis with identical DNA fingerprints. A high proportion of clustered isolates in a community generally suggests ongoing TB transmission, while a predominance of unique genotypes implies that most TB cases are caused by reactivation of remote infection [49-51].  The proportion of TB clustering varies considerably by region and population. Studies have demonstrated proportions clustering ranging from 7% to 72%.  In low incidence areas,  41% of cases clustered [50]. In Washington State, over 90% of culture-positive TB patients were genotyped from 2004-2008.  Approximately 37% of the cases clustered. Several population-based molecular epidemiology studies have investigated risk factors for clustered TB cases in North America [51-55].   A recent meta-analysis found that high TB incidence was significantly associated with greater clustering [50].  In addition to male sex, US birth and pulmonary site of disease, homelessness, injection drug use and alcohol abuse have also been found to be significant strain clustering risk factors [55-57].  Two recent studies combining genotyping results with spatial data to localize transmission have identified areas with concordance between higher than expected incidence rates and a higher proportion of matching TB isolates [58, 59].  Such studies have particular impact when the data can be used as a tool garnering support of community-based organizations that interact with high-risk populations[60].  
While observations have shown that neighborhoods which have lower socioeconomic status tended to have greater clustering among TB strains [54, 58] and associations shown between homelessness or unemployment and TB clusters [53, 55, 61, 62], the association between area-based socioeconomic measures and clustering has not been modeled in a multilevel analysis.  Better knowledge of area-level social risk factors for clustering could help develop more effective targeted prevention strategies and the joint effect of both individual- and community-level measures of socioeconomic status might help distinguish compositional and contextual effects of socioeconomic factors on TB transmission.  

The role of urbanization: Effect modification by degree of urbanization on the relationship between socioeconomic status and TB is also not well characterized. TB incidence rates in most US urban centers remains high in comparison to the national average [63]. This is consistent with other reports showing TB incidence rates to be higher than the national average among 27 European cities [33]. In Denmark, TB incidence rates were twice as high in urban areas as in rural areas. In New York City, local areas have between 4 and 20 times the national average [64].  Nationwide, almost 40 percent of US TB cases occur in fifty cities in which 15 % of the population lives. Contributing factors include the concentration of HIV infection [65], injection drug use [53], immigration [55], multi-drug resistance [49, 66], homelessness [51], overcrowding [67], socioeconomic disparities [10] and a failure to identify contacts [65].  In British Columbia, Enarson has shown that within urban areas, an inverse relationship exists between TB and socioeconomic level [68] but whether the magnitude of the SES and TB association is affected differentially by an area’s urban or rural status has yet to be explored.

What this project contributes: The relationship between socioeconomic disadvantage on an area-based level and TB disease risk is poorly understood. Most studies have not used a multilevel approach, and also did not utilize block-group level data. Moreover, existing research has rarely controlled for individual-level confounders, and has typically been cross-sectional.  
My approach in this dissertation has been to combine available individual level data with area-level socioeconomic measures to examine associations with TB outcomes utilizing a multilevel retrospective cohort design. I have done this for incidence (aim 1), disease severity (aim 2), and genotypic clustering (aim 3). As such, this dissertation addresses issues that have not been explored for TB. The individual studies in this dissertation measure area based measures of socioeconomic position (SEP) based on six domains previously discussed and validated in the literature. These are occupational class, income, poverty, wealth, education and crowding. These measures are combined into a summary deprivation measure using an SEP index [69]. A conceptual model shows those variables that are examined in this dissertation to address these aims (Figure 1).

Dissertation Aims and Rationale: This dissertation uses a multilevel, spatial analytic approach to address the relationship between socioeconomic status and TB disease. 
Specific Aims of the studies in the dissertation are as follows:
1) To test whether small--area-based socioeconomic disadvantage is associated with higher TB incidence in Washington State, after controlling for age and gender. Potential interaction with degree of urbanization is also examined. 
2) To assess whether the severity of TB disease is positively associated with area-based socioeconomic disadvantage within a small-area GIS-supported study.
3) To evaluate whether small-area-based socioeconomic disadvantage is associated with increased TB transmission, as assessed using genotypically-defined TB clusters.
The studies take advantage of case investigation and surveillance activities performed by an urban TB control program, and a well-known State TB program, both through collecting primary data, and using data routinely gathered as part of TB surveillance and control.  Data were extracted from the national TB surveillance database, and from other sources including chart reviews and the US census.  The TB case registry from a racially and geographically diverse state facilitates generalizability beyond clinical populations. 
To my knowledge, this is the first TB project to examine spatial autocorrelation  by incorporating the spatial structure of the underlying data (aim 1), and also to simultaneously use a validated composite measure for the exposure (aims 1-3). Furthermore, no studies have examined area-based socioeconomic status and TB disease severity or clustering using multilevel models (aims 2 and 3). By adding a multilevel approach, novel mechanisms for genetic clustering may be uncovered. Finally, most studies address the question of socioeconomic status and TB disease outcomes by only examining individual communities. These analyses contribute to knowledge and understanding of TB by providing insight into pathways by which area-level social resources affect TB disease patterns, including the modifying effect of urban and rural residence.  Further understanding of socioeconomic disadvantage and TB will help us to combine approaches that take into account individual-level social status and those that seek to eliminate health inequalities in settings where people live. Findings that support the adverse role of socioeconomic disadvantage on TB outcomes would suggest that greater emphasis is needed on policies focusing on assisting those living in marginalized areas. There may be a need for greater focus in poor communities on services such as directly observed therapy provision, active case finding, and evaluation and treatment of latent TB infection. 
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Chapter 1: Socioeconomic factors and tuberculosis incidence in Washington State

ABSTRACT
Background
Traditional individual‐level studies and ecological studies are unable to simultaneously examine the role of individual‐ and group‐level factors in the risk of disease. Few studies have used a multilevel approach to assess the role of area-based socioeconomic status on tuberculosis (TB) incidence.  This analysis examined neighborhood-level influences on TB incidence in a multilevel population-based sample as well as the modifying effect of living in an urban area.
Methods
All incident TB cases in Washington state (n=2,161) reported between January 1, 2000 and December 31, 2008 were identified using a retrospective cohort design.  Multivariate Poisson analysis was used at the zip-code tabulation area (ZCTA) level, which allowed for further exploration of area-specific influences on TB incidence.  
Results
A significant association was found between indices of socioeconomic position (SEP) and TB incidence in Washington State, with a clear gradient of higher rates observed among lower ZCTA socioeconomic quartiles (IRR of lowest to highest SEP index quartile: 2.17, 95% CI: 1.93, 2.45; P-trend <0.001). In multivariate analyses, addition of individual- and area-level covariates significantly attenuated this association, although statistical significance was preserved.  No interaction between level of urbanness and socioeconomic status was observed for any of the SEP quartiles.
Conclusion
This study found significant socioeconomic differences in the risk of TB incidence across ZCTAs in Washington even after adjusting for individual age and sex and area-based race, ethnicity, origin and level of urbanness.  The results emphasize the importance of neighborhood context and the need to target prevention efforts to low-socioeconomic status neighborhoods regardless of urban or rural status.
BACKGROUND 
Tuberculosis (TB) continues to represent one of the world’s greatest causes of morbidity and mortality, with a disproportionate burden falling on the poor [7, 70]. TB persists in the United States as well, with disproportionately high incidence rates observed among the foreign-born and racial minorities. That poverty is a risk factor for TB has been recognized qualitatively since the early 19th century [71, 72], and the association between individual low-socioeconomic status (SES) and TB  is also fairly well established [9, 11, 73].   Ecologic studies in the US and Great Britain have shown crude associations between TB incidence and areas with lower levels of education, greater income inequality and poverty [7, 12, 21].
While research has solidly established that individuals living in socio-economically disadvantaged neighborhoods are at greater risk for poorer health outcomes in general compared to those living in better material circumstances, [5, 74-76], there is little information characterizing the association between poorer socioeconomic area and TB incidence, with a few notable exceptions [21, 22, 77].  Moreover, traditional individual‐level studies and ecological studies are unable to simultaneously examine the role of individual‐ and group‐level factors in the risk of disease. Multilevel models, that incorporate both individual- and area-level socioeconomic risk factors, have been conducted infrequently in the context of TB. Only two studies, conducted on nationally representative samples in South Africa and Brazil, respectively found the prevalence and risk of tuberculosis disease to be associated with individual-, household- and community-level socioeconomic status [32, 78]. The near absence of such studies can probably be attributed to the difficulty in finding TB incidence data that are linked to socioeconomic data at the individual and area-levels[79].  The multi-level approach in the study of infectious diseases permits the investigation of whether individual and area factors act independently [80]. This is particularly pertinent to TB, where the risk of disease is affected by characteristics of populations around an individual. 
In research published since the 1990’s TB has been directly associated with increasing community size and population densities [81, 82]. However, the modifying effect of the level of urbanization on the relationship between socioeconomic status and TB is not well understood. TB incidence rates in most US urban centers remain high in comparison to the national average [83]. Nationwide, over half of US TB cases occur in the fifty most populated cities, which account for less than 16% of the total US population. Thus, there is disproportionate concentration of TB cases in these cities. This is consistent with other analyses that indicate that TB incidence rates are higher than national averages when considering 27 European cities [33]. TB incidence rates have shown to be doubled among urban as compared to rural Danish areas [84] and were four to twenty times the national average in various pockets of New York City [64]. In King County, Washington, the city of Seattle, with one-third of the county’s population, has represented over 50% of all TB cases for the past 5 years (Unpublished data).  Low socioeconomic status has previously been linked to TB in more crowded urban as compared to rural settings [9].  In British Columbia, Enarson has shown that within urban areas, an inverse relationship exists between TB and socioeconomic level and has implied that poorer individuals living in a more urban area would have an exponentially greater risk of TB disease than others living in rural areas [68]. 
 To differentiate between individual- and group-level effects on TB risk, I conducted a multilevel analysis of individual-level risk factors as well as zip code tabulation area (ZCTA)-level demographic and socioeconomic factors and TB incidence in Washington State.  The study was designed to address confounding by the sex and age composition of different ZCTAs, but did not collect information on individual SES. The primary hypothesis was that small-area-based socioeconomic disadvantage would be associated with higher TB incidence in Washington State, after controlling for individual age and gender and other area-level covariates.  The secondary aim was to examine the potential interaction of area-level SES with degree of urbanization.  



METHODS

Study Population and Setting
All incident TB cases in Washington state (n=2,161) reported between January 1, 2000 and December 31, 2008, were included in the analysis.  Incident cases were defined as newly detected and reported cases within the local health jurisdiction. As per Centers for Disease Control and Prevention (CDC) guidelines, a case occurring in a patient who had previously had verified TB disease was reported and recounted as incident if more than 12 months had elapsed since the patient completed therapy [85].  A total of 569 ZCTAs were included in the study (mean population n=10,359). ZCTAs were excluded if no population (n=15) or SES data (n=4) existed for that ZCTA. 

Study design
The analysis utilized a retrospective cohort design, combining surveillance data for TB cases with US census data for residents of Washington State on a ZCTA level.  Human subjects approval was granted for this study in May 2009 from the University of Washington and Washington State Institutional Review Boards.

Data Sources
Individual-level data, including race and ZIP code of residence, were obtained from the Washington Department of Health.  Case data are routinely reported through the National TB Surveillance System (NTSS).  Using a geographic information system (GIS) and ZIP code latitude/longitude coordinate data, TB cases were geocoded to the centroid of the corresponding ZCTAs.  ZCTAs represented clusters (aggregations) of census blocks whose mailing addresses shared the same predominant ZIP code in 2000, when the US Census Bureau defined them [86]. A small proportion of cases (5.6%) could not be geocoded at the ZCTA level due to missing or incomplete residential data or because of spatial mismatch—a situation in which patient ZIP codes lacked spatial correspondence with census-based ZCTAs [87].
All socio-economic data as well as area-based data were derived from the U.S Population Census 2000, SF1 and SF3 files [88].  ZCTA TIGER shape files for the year 2000 were also obtained from US Census website [89].  A standardized z-score was created for each of percent working class, percent unemployed, percent under poverty, percent completing high school, percent with expensive homes and median household income.  These z-scores were then averaged to construct a summary deprivation measure, or socioeconomic position (SEP) index.  
[bookmark: class]The SEP index was modeled as a four-level categorical variable, using quartiles in the distribution as cutoffs.  In addition, socioeconomic variables were used singly, consistent with prior measures used in the Public Health Disparities Geocoding Project [90], as follows:  percent of population in the ZCTA living below the federal poverty line.; percent of employed adults in working class occupations (Working class residents include people working in occupations such as clerical and administrative support, sales, private household and other service occupations, craft and transportation workers, and laborers); percent of population below 50% of median household income; percentage of adults age 25 and older with less than a high school education; percent of households with ≥1 person per room; percent of owner-occupied homes worth ≥$300,000. The proportion of ZCTA observations for which socioeconomic status data were missing was small (n=4, 0.7%).
Urbanization was based on the ZCTA of residence at diagnosis. Rural/urban commuting area codes (RUCA) were used to characterize ZCTAs based on their population, commuting distance, degree of urbanization and proximity to a large metropolitan area [91]. RUCA codes are currently used as the basis for eligibility for many federal programs and are being used by numerous health researchers. The RUCA codes were dichotomized into urban ZCTAs and rural ZCTAs. As per the Rural Health Research Center, ZCTAs were referred to urban with codes of 1.0, 1.1, 2.0, 2.1, 3.0, 4.1, 5.1, 7.1, 8.1, 10.1 and rural with code of 4.0, 4.2, 5.0, 5.2, 6.0, 6.1, 7.0, 7.2, 7.3, 7.4, 8.0, 8.2, 8.3, 8.4, 9.0, 9.1, 9.2, 10.0, 10.2, 10.3, 10.4, 10.5, 10.6 [92]. Codes did not necessarily follow strict intervals due to the process in which they were designated. The 10 primary codes offer a relatively straightforward and complete delineation of metropolitan and nonmetropolitan settlement. The primary RUCA codes are further subdivided to identify areas where settlement classifications overlap, based on the size and direction of the second largest commuting flow.  




Data Analysis
All area-based measures derived from the US census data were merged with the case ZCTA data file based on the ZCTA identifier and non-missing SES status (n=2,448 records).  To evaluate TB incidence, TB incidence rates were calculated for each ZCTA by dividing the total number of TB cases in a particular age and sex stratum of that ZCTA by the corresponding stratum population (year 2000), multiplied by the nine years in the reporting period [93]. Incidence was also calculated for each SES quartile.  Cutpoints for categorical area-based socioeconomic measures were based on their percentile distributions. 
The incidence rate ratio (IRR) was computed comparing rates for people living in areas with lower SES to those living in areas with the highest SES (referent group) using a group linear quartile number as the predictor variable.  Linear trends were also assessed across each SES measure. To estimate strength of association between SES and TB incidence, relative risks compared those TB cases located in each SES ZCTA quartile to the highest SES ZCTA quartile which served as a referent category. All ZCTA-level covariates were categorized into quartiles based on their percentile distributions in 2000 ZCTA populations. IRRs compared those TB cases located in each covariate ZCTA quartile with the quartile directly below.
ZCTA-level standardized morbidity ratios (SMR), SES gradients and case density were visually depicted using chloropleth maps. SaTScan version 8.1 was used to identify ZCTAs with higher-than-expected TB incidence. The spatial scan statistic used by SaTScan is a cluster detection test that can detect both the location of clusters and evaluate their statistical significance and is easy to use and interpret.  SaTScan software was used to analyze ZCTAs using Monte Carlo techniques, with each ZCTA assigned a relative risk probability [94]. Under the null hypothesis, the number of TB cases follows a discrete Poisson distribution and the number of cases in a particular ZCTA is proportional to the population in that ZCTA [i.e., the ZCTA population is incorporated as an offset term with coefficient assumed to be 1].  High-incidence zones are areas where the observed number of cases was significantly greater than expected under the null hypothesis. Results of the SaTScan analyses were merged with the master ZCTA data to identify those TB case characteristics separating the most likely clustered ZCTAs from other ZCTAs.
Since a large heterogeneity in TB incidence was observed between ZCTAs, multivariate analysis was conducted at the ZCTA level, which allowed for further exploration of area-specific factors in TB incidence.  Multilevel multivariate Poisson regression was applied to assess the association between socioeconomic factors and TB incidence. The logarithm of the number of cases of TB in each ZCTA x age x gender subgroup was modeled as a function of ZCTA socioeconomic status, as well as other neighborhood variables, with the logarithm of the total person-years  based on the age and gender distribution of the ZCTA included as an offset, as follows:
log (ci)= log (ni) + 0 + 1i x1i+ 2i x2i+…+ ki xki + i 
where the dependent variable was the number of cases of TB in a particular age x gender subgroup within a ZCTA summed over the years 2000-2008, 0  the intercept, x1-x2 identify the cell as to age and gender and x3-x7  the ZCTA-level SEP index exposure measurements and x8-x12 the other covariates. i is the ZCTA-specific random effect. 
 A two-level hierarchical model was estimated. Nesting violates independence assumptions unless accounted for and underestimates standard errors [95]. Random effects were treated as independent and normally distributed. Clustering was accounted for in the modeling. To assess overdispersion, a negative binomial model with an overdispersion parameter was also run in regressions to compare standard errors. Patient and census data were stratified simultaneously by ZCTA, age and sex. Cases and person-time at risk were aggregated within each age-sex stratum across ZCTAs within each SEP index quartile. 
Models run were as follows: Model 1 consisted of the individual covariates of age and sex as well as ZCTA-level SEP index. Model 2 added ZCTA-level covariates of ethnicity, race and foreign birth in addition to the individual-level variables and ZCTA-level SEP index. Model 3 included the effect of urban in addition to prior variables and Model 4 included interaction terms between urban status and SEP index quartiles in addition to the aforementioned variables. As a measure to control for potential confounding by birth and Hispanic status, analyses were also conducted separately analyzing foreign-born and US-born cases, as well as Hispanic and non-Hispanic cases. I also investigated the effects of poverty separately in urban/rural areas, because the effect of poverty appeared to vary by degree of urbanization. Due to the geographically referenced nature of the data, final models were further checked for residual spatial dependence.  STATA 10.0 was used for analyses [96]. ArcGIS version 9 was the geographic information system used for mapping and spatial analysis [97].
Global Moran’s I statistics compared observed associations between case counts in a given ZCTA and its neighboring ZCTAs to those of a spatially random reference distribution.  The strength of the correlation between observations was estimated as a function of the distance separating each ZCTA. A neighboring ZCTA was defined in terms of a shared corner or border (queen contiguity matrix) and inverse distance weighting, with significance levels based on Monte-Carlo simulations on 499 permutations. GeoDa software was used to implement exploratory spatial data analyses [98].




RESULTS

Descriptive analysis
Characteristics of the ZCTAs included in the analysis are shown in Table 1 (Note that some ZCTAs are very rural and contain few individuals).  ZCTAs were mostly White (mean 84.6%), with 7% of individuals identifying as Hispanic or foreign-born.  Neighborhood poverty rate was 13.2% and also varied from 0 to 89%. The mean incidence of TB in the 569 ZCTAs included in the analysis was 4.0 per 100,000 persons, with significant variation in incidence rates observed across ZCTAs, from 0 to 258 per 100,000. TB cases were observed in 282 distinct ZCTAs (48.0%).
The study sample consisted of 2,161 cases of TB reported to the Centers for Disease Control and Prevention (CDC) from Washington State from January 2000 through December 2008.  TB cases are described in Table 2.  Based on the 2000 Washington population, incidence rates were highest among Asian (30.1/100,000), Black (22.7/100,000) and Native Hawaiian (21.3/100,000) race. Hispanics exhibited incidence rates more than twice as high as non-Hispanics. Incidence rates among the foreign-born population (27.7/100,000) were more than 20 times higher than US-born (1.3/100,000) with individuals from Africa showing a disproportionately high incidence rate (166.3/100,000). Incidence rates increased rapidly with age and were also high among homeless (131.9/100,000) and unemployed (55.8/100,000). HIV co-infection was documented in approximately 4% of cases.  A majority of cases were pulmonary (60.3%). Approximately one third of cases were AFB sputum smear positive, and about a quarter of those with abnormal chest x-ray results presented with cavitation.
Geographic variation and spatial scan results
I evaluated the ZCTA of residence to determine whether there were areas in Washington State associated with increased TB incidence. Figure 1 presents a map of the ZCTA-level TB incidence rates.  Of the 2,261 patients, 127 patients (5.6%) were excluded from the geographic analysis, either because of missing ZCTAs or ZCTAs that could not be geographically located in Washington. When the spatial scan statistic was applied, with the maximum cluster size set at 50% of the study population, one significant (P=0.001) contiguous cluster was generated with a relative risk of 4.16. Figure 2 shows that the high relative risk cluster was comprised of 35 ZCTAs with excess incidence in central and south King County.  High TB incidence geographically clustered in areas which also had a high percentage of African American patients and recent immigration from foreign areas (data not shown). Patients in the cluster also tended to have higher rates of HIV infection, homelessness and alcohol use and were more likely to have the health department as their primary provider type (post TB-diagnosis). Global Moran’s I test indicated the presence of significant (P=0.002) spatial autocorrelation, and thus spatial clustering of patients with those in neighboring ZCTAs (Moran’s I=0.42). 
Social disadvantage
As seen in Table 3, without controlling for demographic characteristics, there was a socioeconomic gradient observed across SEP index quartiles, with incidence rates increasing  from one SEP index quartile to the next lowest. Average annual nine-year incidence rates in the lowest quartile (i.e. population residing in the poorest ZCTAs) were twice as high as compared to the highest SEP index quartile. For almost all community-level socioeconomic risk factors, TB incidence rates increased with decreasing socioeconomic status in unadjusted analyses (Table 3).  Incidence rates did not necessarily follow a trend, but with the exception of proportion in the working class, those living in the lowest risk factor quartile had disproportionately high risk ratios, with  IRRs comparing the fourth (lowest) versus the first (highest) SES quartile varying from 1.5-5.  The greatest relative difference in magnitude between quartiles was in home ownership, with case rates of 7.0 and 1.4 per 100,000 person-years in the fourth and first quartiles respectively.  
When the unadjusted composite SEP index measure was dichotomized into high and low groupings, low SEP index cases were significantly more likely to be male, Hispanic, and US-born. They also were more likely to have traditional TB risk factors such as homelessness and drug and alcohol use.  In separate unadjusted analyses, the risk of TB increased two-fold as individuals lived in progressively poorer neighborhoods, regardless of whether the area was urban or rural (data not shown). 
Multivariate associations with Tuberculosis  
In an age and sex-adjusted mixed-effects Poisson model, each lower SEP index quartile was associated with significantly increased risk of disease across all ZCTAs, with the lowest quartile demonstrating a 10-fold increase in risk (Table 4, model 1). Adjusted analyses containing ZCTA-level variables found the lowest SEP index group to be associated with over a 6-fold greater IRR of tuberculosis compared to the highest SEP index referent group (model 2, IRR: 6.2, 95 C.I.:  3.0, 12.9). The introduction of ZCTA-level race and origin variables into the multivariate model had the effect of attenuating the SEP-TB association.  Comparison of the SEP variance across ZCTAs showed substantial variance decrease when area-level influences were first added.  Residing in a ZCTA with greater proportion of foreign-born, Hispanic and Black residents increased the risk of TB in adjusted analyses. Inclusion of the urban covariate had little effect on the SEP-TB association reported above (model 3), although those living in an urban area had a slight non-significant increased risk of TB compared to those living in rural areas. The non-significant interaction terms between SEP index and urbanization for all SEP quartiles indicated that the detrimental effect of lower socioeconomic position did not appear to be further compounded in urban areas (model 4).  
DISCUSSION
In this study a significant association was found between area-based indices of socioeconomic position and TB incidence in Washington State, with a clear gradient of higher rates observed among lower ZCTA socioeconomic quartiles. These results are consistent with other investigations that found higher TB rates in socioeconomically deprived neighborhoods in the US [9, 21, 77] and that TB risk decreases across an SES gradient [9]. SES-health gradients have also been previously described for a number of chronic diseases and all-cause mortality [99] and several multilevel studies have shown various disease-specific outcomes linked to community contextual effects [5, 100].
Neighborhood environments are thought to influence disease patterns through a number of pathways, including social interaction [101], stressors associated with resource deprivation [102] and resource deprivation itself, such as lack of quality and availability and high cost of services and goods [103]. Lower SES neighborhoods may have social environments with attributes that encourage behaviors known to be risk factors for TB such as increased interaction in crowded areas and smoking [104, 105].
In this study, in analyses unadjusted for demographic factors, the independent area-based risk factors with the highest IRRs comparing SES fourth quartile and first quartile incidence rates were living in areas with increasing crowding, lower levels of education and lower rates of home ownership. Higher household density increases the probability of TB exposure because of the greater degree of shared airspace and the effective transmission of TB through small droplet nuclei [8, 67, 106, 107]. However, while a strong association was found between TB mortality and household density at the household level in England and of housing units with greater persons per household and higher TB rates in Chicago [108, 109], an association between TB and neighborhood level overcrowding has not been previously observed [110, 111]. This suggests that airborne transmission of TB in the immediate environment may be more relevant than general measures of crowding across ZCTAs. 
While no single SES measure “outperformed” the others, the clear gradients observed both for most single community measures and the composite measure are broadly supportive of the existing literature correlating these measures with poor health. Previously, etiological mechanisms have been proposed in which multiple SES measures act through a single causal pathway, supporting the use of a composite measure [14, 28], yet others have found that inclusion of any one SES measure does not impact the relationship observed between other SES measures and TB prevalence [32].  Based on the findings from this study, a single composite area-based SEP index may be just as appropriate (and more parsimonious) than use of multiple single indicators.  
Living in neighborhoods with greater proportions of Black, Hispanic or foreign-born residents “explained away” much of the variance in the SEP-TB association.  Higher TB incidence rates have been previously documented in minorities [9] and immigrants have been associated with higher incidence rates and poorer neighborhoods [12].  Higher incidence rates among foreign-born are thought to be mostly due to reactivation of an earlier infection with decline in immunocompetence [112, 113].  Previous research has shown the high residential concentration of minority groups in environmentally and economically deprived areas [114, 115]. Socioeconomic disadvantage is thought to potentially offset the positive effects of ethnic density effects [115]. Interestingly, the opposite may be due for non-contagious processes, where studies have found an inverse relationship between ethnic density and rates of heart disease, while controlling for individual-level SES and/or area-level deprivation [116, 117]. Protective mechanisms are thought to include social networks, positive coping behaviors and a stronger ethnic identity.
Individuals living in both rural and urban areas were at increased risk of TB with decreasing ZCTA SEP index quartiles, but in multivariate results rural vs. urban residence did not remain a significant important predictor of TB incidence. Modeling level of urban residence did not change the SEP-TB estimate, and in adjusted analyses being poor in an urban environment did not appear to result in a higher likelihood of active TB.  Contributing factors associated both with poverty and living in an urban environment are likely to include HIV infection [65], injection drug use [53], immigration [55], multi-drug resistance [49, 66], homelessness[51], overcrowding [67] and a failure to identify contacts [65].   The study findings thus require replication in other settings, although a post-hoc analysis indicated that in this study population rural TB patients were as likely as urban to possess high proportions of many of the aforementioned risk factors.  Landmark studies reporting high rates of recent TB infection, rather than reactivation [49-51] underlie the importance of more rapid and efficient control activities in settings with pockets of extreme poverty, regardless of urban or rural setting.
Limitations of this study include the use of ZCTAs as the geographic unit. ZCTAs may not be the most appropriate level at which to define neighborhoods, since they have greater socioeconomic heterogeneity than census tracts or block groups, and they do not correspond to political or census statistical boundary definitions [118]. While the use of 2000 census measures means that area-level data is a decade old, the prolonged latency period of TB makes it difficult to attribute observed disease rates to current levels of poverty; thus this lag may means that 2000 census measures could be instructive in predicting the prospective disease outcomes measured.  However, year 2000 ZCTAs may not be a reasonable approximation to the ZCTAs in which patients resided up through 2008, given both changing residence and changes in ZCTA designations over time.  It is possible that a previous episode of TB may reduce one’s SES, but the low proportion of cases observed with previous TB (6%) suggests that the possibility of reverse causation explaining these results is likely limited.
Additionally, how neighborhoods were changing over time and how long individuals were exposed in their current environment was not examined despite their known effects on health [119, 120].  A number of potential confounders were either missing or excluded to avoid multicollinearity (e.g. individual level behaviors; household density; various comorbidities). For example, under-nutrition, not measured in the present study, is thought to influence the relationship between poverty and TB [121]. For the purposes of this study, socioeconomic status was not measured at the individual level.  As such, it is important to avoid the ecological fallacy whereby conclusions about individuals are made based only on analyses of group data [122].   Area-based SES status in the study furthermore did not take into account the lifetime history of exposure upon which an individual’s risk of active disease is dependent.  However, area-based inequality assessments have been shown to generate effect estimates analogous to those yielded by individual-level measures [27].  Individual-level educational and employment opportunities, as well as other demographic factors, could be partially determined by the neighborhood in which one lives.  Thus, it would be of great interest to tease apart the contribution of individual-level SES and area-level SES were both kinds of data available. 
Strengths of this study include its multilevel nature allowing for differentiation between individual-level and community-level mechanisms, control for multiple individual-level confounders, low proportions of missing data, and large number of area-based units included in the analysis.  Surprisingly few studies have attempted to quantify the importance of SES and TB rates in low incidence countries using robust multilevel methods.  Only one case-control study could be identified [12] and ecological studies have largely found an inverse association between SES levels and TB incidence [9, 11, 13, 67]. In South Africa, Harling showed the prevalence of self-reported disease to be associated with lower individual-, household- and community-level SES [32].  Additionally the current study assessed spatial dependence and the positive global spatial autocorrelation measure observed allowed for the rejection of the null hypothesis of spatial randomness among TB cases. This finding indicated that TB incidence rate values in one ZCTA tended to be similar to proximal neighboring values. It also showed correlation between SES quartile and incidence over ZCTAs.  Since previous findings have shown the detrimental impact of relative poverty on one’s individual health [123], these results merit further research to determine the impact of neighboring SES on incidence in a particular ZCTA. 
This study supports the hypothesis that socio-economic deprivation contributes to neighborhood differences in TB incidence in Washington State.  Both the SEP index and singular community SES exposures performed well in distinguishing ZCTAs with high TB incidence rates from those with little TB. ZCTAs with higher deprivation have higher TB incidence rates than those with higher socio-economic levels. It is also evident that socioeconomic factors other than poverty alone affect TB rates in Washington. While improvements in the effective identification and interruption of ongoing TB transmission are important, additional emphasis to improve neighborhood SES standing (crowding reduction, improvements in education) may provide a complementary approach to reaching the Institute of Medicine’s TB elimination goals [2]. Further research could use a case-control or cohort design to more intensively study fewer areas while jointly investigating additional SES factors at both the individual and community level. Particular emphasis could be given to recently infected cases, to better understand the mechanisms by which neighborhood-level disadvantage influences continuing TB transmission.  Based on these findings it would be of interest to understand whether TB transmission dynamics are more heavily influenced by airborne transmission of TB in the immediate environment or by general measures of crowding across ZCTAs. 
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[bookmark: _Toc279492538]Table 2.1: Characteristics of 573 Zip Code Tabulation Areas included in the analysis, based on 2000 US Census data*
	
	Median
	Mean
	SD
	Range

	Demographic Variables
	
	
	
	

	Population size (persons)
	3,785
	10,359
	12,559
	5-64,181

	Male, %
	50.0
	50.7
	5.0
	0-100%

	Median age, yrs
	35.3
	37.5
	6.5
	13.5-68.9

	Race
  White, %
	
90.0
	
84.6
	
15.8
	
0-100%

	  Asian, %
	0.9
	2.6
	4.4
	0-43%

	  Black, %
	0.4
	1.9
	5.6
	0-100%

	  American Indian/Alaska     
  Native, %
	1.2
	3.5
	10.9
	0-100%

	  Native Hawaiian and   
  Pacific Islander, %
	0.1
	0.2
	0.4
	0-3%

	Hispanic Ethnicity, %
	3.6
	7.5
	11.8
	0-73%

	Foreign-born, %**
	4.6
	7.4
	8.2
	0-52%

	RUCA Code
	2.0
	4.4
	3.7
	1-10.6

	Socioeconomic Variables
	
	
	
	

	Less than HS Education, %***
	13.8
	15.6
	10.5
	0-100%

	Unemployment, %***
	4.0
	4.6
	3.5
	0-37%

	Working Class, %***
	56.4
	55.9
	11.2
	0-100%

	Median household income, $***
	39,416
	41,521
	13,227
	13,393-132,665

	Below Poverty, %***
	11.3
	13.2
	9.2
	0-89%

	Home ownership, %
	72.6
	70.0
	16.5
	0-100%

	House value $300,000+, %***
	3.5
	9.9
	16.8
	0-100%

	Tuberculosis Measures
	
	
	
	

	Case count sum 
(2000-2008)
Mean case count/yr***
	0

0
	3.8

0.4
	10.2

1.1
	0-127

0-14.1

	Mean incidence (per 100,000 person-years)***
	0
	4.0
	15.5

	0-258.4


Note: SD=Standard Deviation, HS=High School, RUCA=Rural-Urban Commuting Area 
RUCA code available on N=563
*Prior to analysis 14 ZCTAs with no population excluded (water features) 
**Excludes birth in a US territory or birth abroad to American parents
***available on N=569. Person-years at risk estimated by multiplying the 2000 ZCTA population by nine.
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Table 2.2: Characteristics of 2161 TB cases in Washington State, 2000-2008* 
	
	N (%)a
	WA State, 2000 populationf
	9-yr PY Incidence/100,000g

	Total
	2,161(100.0)
	5,894,121 (100%)
	4.1

	Sex 
    Male
    Female
    Unknown
	
1,270 (58.8)
891 (41.1)
1 (0.1)
	
2,934,300 (49.8)
2,959,821 (51.2)
N/A
	
4.8
3.4

	Median diagnosis age,  years
     0-4 
     5-14 
     15-24
     25-44 
     25-64
     65+ 
	42.0

53 (2.5)
49 (2.3)
299 (13.8)
749 (34.7)
577 (26.7)
434 (20.1)
	35.3

394,306 (6.7)
860,745 (14.6)
818,153 (13.9)
1,816,217 (30.8)
1,342,552 (22.8)
662,148 (11.2)
	N/A

1.5
0.6
4.1
4.6
4.8
7.3

	Race
     American Indian
     Asian
     Black
     Native Hawaiian
     White     
     Multiple Races
     Unknown
	
103 (4.8)  
874 (40.4)
389 (18.0)
46 (2.1)
733 (33.9)
5 (0.2)
11 (0.5)
	
93,301 (1.6)
322,335 (5.5)
190,267 (3.2)
23,953 (0.4)
4,821,823 (81.8)
213,519 (3.6)
N/A
	
12.3
30.1
22.7
21.3
1.7
0.3

	Ethnicity
     Hispanicb
     Non-Hispanic
     Missing or Unknown
	
328 (15.2) 
1,823 (84.3)
10 (0.5)
	
441,509 (7.5)
5,452,612 (92.5)
N/A
	
8.3
3.7

	Country of Originc
     US-born
     Foreign-born
             Europe
             Asia
             Africa
             Oceania
             Latin America
             Northern   
             America
             Unknown
	
623 (28.8)
1534 (71.0)
32 (2.2)
887 (57.8)
281 (18.3)       
42 (2.7)
282 (18.4)
1 (0.1)

4 (0.2)
	
5,279,664 (89.6)
614,457 (10.4)
126, 270 (20.6)
239,748 (39.0)
18,775 (3.1)
8,064 (1.3)
173,870 (28.3)
47,687 (7.8)

N/A
	
1.3
27.7
2.8
41.1
166.3
57.9
18.0
0.2




Table 2.2 continued



	Time from US arrival to 
TB diagnosis, yearsd 
     0-4
     5-9 
     10-19 
     20+ 
     Missing
	

586 (38.2)
258 (16.8)
323 (21.1)
255 (16.8)
112 (7.3)
	N/A
	

	HIV Status
      Positive 
      Negative
      Indeterminate
      Refused
      Not offered
      Unknown or missing
	
93 (4.3)
1556 (72.0)
1 (0.1)
161 (7.5)
282 (13.1)
68 (3.1)
	Data Unavailable
	

	  Homeless within Past    
  Year
      No
      Yes
      Unknown
	

1918 (88.8)
240 (11.1)
3 (0.1)
	


20,222 (0.3)
N/A
	


131.9

	Injecting Drug Use within Past Year
      No
      Yes
      Unknown
	

2076 (96.1)
51 (2.4)
34 (1.6)
	Data Unavailable
	

	Excess Alcohol Use within Past Yeare
      No
      Yes
      Unknown
	

1883 (87.1)
245 (11.3)
33 (1.5)
	


447,953 (7.6)
	


6.1

	Non-injecting Drug Use within Past Year
     No
     Yes
     Unknown
	

2004 (92.7)
118 (5.5)
39 (1.8)
	


170,930(2.9)
	


7.7

	Unemployed within past 24 months
     No
     Yes 
	

1,227 (56.8)
934 (43.2)
	


186,102(4.1)
	


55.8



Table 2.2 continued
	Correctional Facility Residence at Diagnosis 
     No
     Yes 
     Unknown or missing
	

2109 (97.6)
50 (2.3)
2 (0.1)
	


31,680 (0.9)
N/A
	


17.5

	Long-Term Facility Residence at Diagnosis
     No
     Yes 
     Unknown
	

       2110 (97.6)
48 (2.2)
3 (0.1)
	


                  20,054 (3.4)
N/A
	


26.6

	Urbanization
     Urban
     Rural
     Missing
	
322 (56.2)
241 (42.1)
10 (1.8)
	
4,831,106 (82.0)
1,063,015 (18.0)
N/A
	

	Previous TB Disease
     No
     Yes
     Unknown
	
1,983 (91.8)
133 (6.2)
45 (2.1)
	N/A
	

	Site of Disease
     Pulmonary
     Extra-pulmonary
     Both
	
1,302 (60.3)
602 (27.9)
257 (11.9)
	N/A
	


*Excludes 56 cases that do not match a 2000 ZCTA or lack a zip code
a Because of rounding, percentages may not total 100.
b Persons of Hispanic ethnicity may be of any race or multiple race.
cForeign-born includes persons born outside the United States, American Samoa, the Federated States of Micronesia, Guam, the Republic of the Marshall Islands, Midway Island, the Commonwealth of the Northern Mariana Islands, Puerto Rico, the Republic of Palau, the US Virgin Islands, and US minor and outlying Pacific islands.
dAmong foreign-born patients.
eExcess alcohol use: ≥5 drinks on same occasion on each of ≥5 days in past 30 days.
fWashington Data Source: US Census 2000
Other WA data sources: Washington State Department of Health doh.wa.gov;
Washington State Coalition for the Homeless. Point in time count, 2006; 2000 National Survey on Drug Use and Health. Alcohol and Illicit drug dependence or abuse in past year among 12 years or older; Washington Institute for Public Policy, 2003, 03-01-1202, where the incarceration rate  defined as the number of inmates in state prisons per 1,000 18- to 49-year-olds in Washington; Across the States, 2009: Profiles of Long-term Care and Independent Living. Total nursing facility residents, 2002.
gPerson-Year incidence rate denominators calculated by multiplying 2000 denominator estimates by nine-year study period.

[bookmark: _Toc279492471]Figure 2.1: Average TB incidence rates, Washington state ZCTAs, 2000-2008









 

South/South-East King County (ZCTAs directly abutLake Washington)

[bookmark: _Toc279492472]Figure 2.2: Most likely cluster of TB in Washington State ZCTAs, 2000-2008
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Table 2.3: Incidence rate ratios for area-based socioeconomic measures 
	ABSM Measure
	Cases
	Person-Years*
	Incidence Rate/100,000
	IRR (95% CI)**

	SEP Index
High 
Medium-High
Medium-Low
Low
	
599
582
471
509
	
20,800,000
13,800,000
10,300,000
8,133,678
	
2.87
4.23
4.58
6.26
	
1
1.46 (1.30, 1.64)
1.59 (1.40, 1.79)
2.17 (1.93, 2.45)

	Poverty, %
0-6.7
6.8-11.3
11.4-17.7
17.8-88.8
	
457
508
669
527
	
18,000,000
15,000,000
12,100,000
7,975,072
	
2.5
3.4
5.5
6.6***
	
1
1.33 (1.17, 1.52)
2.18 (1.93, 2.46)
2.60 (2.29, 2.96)

	Working Class, %
0-50.2
50.3-56.4
56.5-62.3
62.4-100
	
344
434
776
607
	
11,100,000
12,500,000
16,200,000
13,200,000
	
3.1
3.5
4.8
4.6***
	
1
1.12 (0.97, 1.29)
1.55 (1.36, 1.76)
1.48 (1.30, 1.70)

	Median Household Income, $
13,393-32,558
32,559-39,416
39,417-48,379
48,380-132,665
	

415
293
792
661
	

6,474,870
9,162,108
14,700,000
22,700,000
	

6.4***
3.2
5.4
2.9
	

2.20 (1.94, 2.49)
1.10 (0.95, 1.26)
1.85 (1.67, 2.05)
1

	Wealth, %
0-0.2
2.3-3.5
3.6-11.1
11.2-100
	
185
535
658
783
	
2,006,163
14,700,000
18,000,000
18,300,000
	
9.2
3.6
3.6
4.3
	
2.16 (1.83, 2.53)
0.85 (0.76, 0.95)
0.85 (0.77, 0.95)
1

	Crowding, %
0-2.2
2.3-3.9
4.0-6.2
6.3-59.6
	
261
352
557
991
	
10,100,000
13,600,000
16,100,000
13,200,000
	
2.6
2.6
3.4
7.5
	
1
1.00 (0.85, 1.18)
1.34 (1.15, 1.56)
2.91 (2.53, 3.34)

	Low Education, %
0-9.3
9.4-13.8
13.9-19.3
19.4-100
	
549
543
417
652
	
18,400,000
16,300,000
11,400,000
6,845,427
	
3.0
3.3
3.6
9.5***
	
1
1.12 (0.99, 1.26)
1.23 (1.08, 1.39)
3.19 (2.85, 3.58)



Table 2.3 continued
	ABSM Measure
	Cases
	Person-Years*
	Incidence Rate/100,000
	IRR (95% CI)**

	Unemployment, %
0-2.8
2.9-4.0
4.1-5.4
5.5-37.1
	
317
829
588
427
	
10,900,000
20,200,000
13,800,000
8,147,547
	
2.9
4.1
4.3
5.2***
	
1
1.41 (1.24, 1.61)
1.47 (1.28, 1.68)
1.80 (1.55, 2.09)

	Home Ownership, %
0-63.2
63.3-72.6
72.7-80.0
80.1-100
	
1,479
358
213
111
	
21,100,000
14,000,000
10,300,000
7,683,138
	
7.0***
2.6
2.1
1.4
	
4.85 (4.00, 5.94)
1.77 (1.43, 2.21)
1.43 (1.13, 1.82)
1


ABSM=Area-based socioeconomic measure. IRR=Incidence Rate Ratio. CI=Confidence Interval
*Person-year column provides proportion of total population in ZCTAs in particular SES quartile over total 9 year study period.
** IRR represents Incidence Rate Ratio comparing each socioeconomic quartile group to the referent high socioeconomic quartile group.
*** Test for trend P<0.001.

[bookmark: _Toc279492541]              Table 2.4: Adjusted associations of area-based socioeconomic measures and tuberculosis rates using age and                                                                              
[bookmark: _Toc279492542]               sex-adjusted Poisson regression models
	


	Model 1: Age and Sex  IRR (95% CI)
N=561 ZCTA 
	Model 2: Area-level covariates IRR (95% CI)
N=561 ZCTA
	Model 3: Inclusion of rural covariate IRR (95% CI)
[bookmark: OLE_LINK1][bookmark: OLE_LINK4]N=561 ZCTA
	Model 4: Inclusion of rural interaction  term  IRR (95% CI) N=561 ZCTA

	ZCTA Variance (SE)
	1.22 (0.09)  
	0.81 (0.07)
	0.82 (0.07) 
	0.81 (0.07)

	SEP-quartiles*
Q1
Q2
Q3
Q4: Lowest
P trend **
	
[bookmark: OLE_LINK5][bookmark: OLE_LINK6]Reference
2.7 (1.4, 5.5)
4.1 (2.1, 8.3)
10.4 (5.0, 21.4)
P<0.001
	
Reference
2.2 (1.1, 4.4)
2.7 (1.3, 5.4)
6.2 (3.0, 12.9)
P<0.001
	
Reference
2.2 (1.1, 4.5)
2.7 (1.3, 5.4)
6.3 (3.0, 13.1)
P<0.001
	
Reference
2.0 (0.9, 4.6)
2.7 (1.2, 6.1)
6.9 (3.0, 16.1)
P<0.001

	ZCTA-level Variables
	
	
	
	

	Asian
	
	1.2 (1.0, 1.4)
	1.2 (1.1, 1.4)
	1.2 (1.0, 1.4)

	Black
	
	1.3 (1.2, 1.5)
	1.3 (1.1, 1.5)
	1.3 (1.1, 1.5)

	Foreign-born
	
	1.6 (1.4, 1.8)
	1.6 (1.4, 1.8)
	1.6 (1.4, 1.8)

	Hispanic
	
	1.4 (1.3, 1.5)
	1.3 (1.2, 1.5)
	1.3 (1.2, 1.5)

	Urban
	
	
	1.1 (0.9, 1.4)
	1.1 (0.8, 1.4)

	Urban x SEP interaction
Q2
Q3
Q4
	
	
	
	
1.1 (0.7, 1.8)
1.0 (0.8, 1.5)
0.9 (0.5, 1.5)


IRR=Incidence Rate Ratio. CI=Confidence Interval. ZCTA=Zip Code Tabulation Area. SEP=Socioeconomic Position.
Incidence Risk ratios and 95% confidence intervals reflect unit increases in SEP quartile (going from higher to lower SEP).
*Compared to highest SEP referent    **Obtained by including SES as an ordinal covariate in regression equations.

Chapter 2: The role of area-level socioeconomic disadvantage on tuberculosis disease severity

ABSTRACT
Background
Lower socioeconomic status has been widely recognized to be associated with increased risk of tuberculosis (TB), as well as with diagnostic delays, but the extent to which this reflects an underlying gradient in severity is unknown.  I conducted a multilevel cohort analysis examining the relationship between socioeconomic disadvantage and TB disease severity, as measured via sputum smears and chest radiography results.
Methods
 1,269 incident TB cases reported in King County, Washington between January 1, 2000 and December 31, 2008, were included in the study.  A sub-group of 829 were included in a smear grade analysis.  Patient level measures were abstracted from charts and surveillance data. A composite socioeconomic position (SEP) index was derived from the 2000 census to measure socioeconomic status.
Results
Seventy-eight percent of patients displayed abnormal radiography results, and 29%of graded cases with known quantifiable results had positive smears, of which 55% had higher (3+ or 4+) bacillary loads.  In multivariate models adjusting for individual demographic and socioeconomic measures, as well as area-based demographic variables, block-group SEP was not significantly associated with greater disease severity. 
Conclusion
Lower SEP was not significantly associated with greater disease severity in this study cohort after controlling for individual age, race, sex and origin and block-group race, ethnicity and origin. These findings suggest that disease severity is not synonymous with a delayed diagnosis and that the mechanism by which area-based SEP may affect other diseases may not hold true for TB. Further research is needed to assess whether the SEP-severity association observed is further confounded by other area-level factors.

BACKGROUND
Whereas tuberculosis (TB) incidence continues to decline in the United States, the proportion of advanced pulmonary TB, defined as smear positive or cavitary disease, has been increasing [124, 125].  More severe clinical presentation may represent delayed diagnosis and treatment and may result in greater infectivity and likelihood of transmission within a community [126-128]. 
Lower socioeconomic status has been linked to more severe disease status for a variety of diseases including cystic fibrosis [44], sarcoidosis [45], subclinical coronary heart disease [46], prostate and breast cancers [43, 47, 129] and pulmonary fibrosis [48].  While the presence of other comorbidities, poor access to care, substance abuse, low income, educational level, poverty and lack of  insurance [1, 39, 130-136] constitute risk factors for delays in TB diagnosis, little work has been done to characterize the association between socioeconomic status (SES) and TB disease severity as severity is often seen as a characteristic of diagnostic delay.  Areas in which people live are likely to have differential access to care, including proximity, cost, service acceptability and presence of public clinics and transportation [137].  Disease severity is likely to be impacted by such variations in area-level factors and in particular by variations in area-level SES across neighborhoods.
Using TB case registry data on incident TB cases combined with chart reviews, I explored the relationship between individual patient demographic and SES attributes, in combination with area-level social characteristics, and two TB severity outcomes, lung cavitation and smear-positive acid fast bacilli (AFB) in sputum smears. These measures have been specifically linked to impaired pulmonary function, TB treatment failure, or death [40-42] and represent later disease stages [38, 138]. 
Specifically, this study set out to assess whether the severity of TB disease was positively associated with area-based socioeconomic disadvantage within a small-area GIS-supported study in King County, Washington.  By examining socioeconomic and demographic characteristics of block groups, my hope was to help identify those areas where severity of disease represents a special burden, as well as those factors that might play an important role in predicting disease severity. Such findings could provide insight into pathways by which area-level SES independently affects disease severity.




METHODS

Study Population and Setting
A total sample of 1,269 TB cases incident TB cases were reported in King County, Washington between January 1, 2000 and December 31, 2008. Of these, patients were included in the analyses if a sputum specimen (n=1,011) and/or chest radiograph result (n=1,244) was available.  Criteria for diagnosis of pulmonary TB patients either met CDC laboratory criteria for diagnosis, with the majority sputum  culture positive, or the clinical case definition, that includes either an abnormal chest radiograph or other signs and symptoms compatible with tuberculosis [85]. All models excluded minors (less than 18 years of age) as the acid-fast stain of either sputum or gastric contents in small children in particular is positive in < 10% of  cases and the chest radiograph often remains normal [139, 140]. Included cases represented 550 block groups within King County.
Study design
The analysis utilized a retrospective cohort design, merging reporting and chart for TB cases and United States (US) census data for residents of King County, Washington.  Approval was granted for this study in May 2009 from the University of Washington and Washington State Institutional Review Boards.

Data Sources
Measurement of Socioeconomic Position: A summary deprivation measure, or socioeconomic position (SEP) index, was constructed consisting of a standardized z-score combining data on percent working class, unemployed, poverty, high school, expensive homes and median household income. To construct the score, I gave each variable a standardized score, which was the sum of all block group values with SEP data (n=1,576), minus the mean sum, divided by the standard deviation, and then summed up the individual z-scores. The variables included for each block group were taken from the 2000 US Census STF-3 file and were consistent with prior measures used in the Public Health Disparities Geocoding Project [88, 90], as follows:  percentage of population of the block group living below the federal poverty line.; percentage of employed adults in working class occupations; percentage of population below 50% of median household income; percentage of adults age 25 and older with less than a high school education; Percent of households with ≥1 person per room; Percent of owner-occupied homes worth ≥$300,000.  The SEP index was modeled as a four-level categorical variable, using quartiles in the block group distribution as cutoffs. The SEP index was used for subsequent multivariate analyses.
Measurement of Disease Severity: Two available measures of disease severity were chosen: grade of sputum smear and chest radiographic abnormalities.  Sputum smears were quantified using fluorochrome stains and categorized using  sputum smear grades in an ordinal fashion, as  negative, +/- (rare), 1+, 2+, 3+ and 4+, depending on acid-fast bacillary  load.  Smears were also dichotomized as positive or negative. Standard posterior-anterior chest radiographs were used in the analysis, and categorized as normal, abnormal non-cavitary or cavitary on a radiology form in the patient medical chart by the TB Control Program medical director.  Radiographs were also categorized as to whether there was unilateral or bilateral pulmonary involvement.  Both radiography and smear results were obtained from the National TB Surveillance System (NTSS) and supplemented with available data from patient medical charts with quantitative smear grade or when entirely missing. However, medical charts were unavailable for a large subset of the patients (32%).  
Anthropometric and Psychosocial Covariates: The following individual measures from NTSS were used: Race, sex, age (categorized into six standard categories), ethnicity, foreign birth, homelessness, HIV status, as well as provider type and site of disease. In addition, height and weight were measured by an experienced nurse, from which body mass index (BMI) was computed.  Participants reported on standardized clinic forms whether or not they were in paid employment at or prior to diagnosis, as well as their occupation, insurance, smoking status, and alcohol intake history. Overnight hospitalization was abstracted from inpatient hospital intake and discharge notes.  Case-level variables were subsequently aggregated by block group. A census block group was defined as a cluster of census blocks having the same first digit of their four-digit identifying numbers within a census tract [141].
Area-level Measures: Area-based covariates were derived from the US Population Census 2000, SF1 and SF3 [142, 143]. Block group proportion Black, Asian, Hispanic and foreign-born were modeled using quartiles of each population in each block group, with the quartile directly below serving as the referent group in each comparison. 

Statistical Analysis and Modeling 
 Unadjusted proportions of individuals in each SEP index quartile were examined, stratified by both quantitative smear grade and radiography results, with percentages adding up to 100 across SEP index quartiles. The relationship between TB sputum smear grade and radiology results among cases used in multivariate analyses was also examined using Pearson's chi-square test.  
[bookmark: bbib37]To examine area-level influences in addition to, and in combination with, individual attributes as they relate to variation in severity of disease as indicated by cavitary radiography or smear sputa grade, multilevel logistic regression models [25] were used. These classes of models allowed for analysis of the ordered outcomes and accommodated the hierarchical data structure.  In these models, only known, quantifiable results were included for each severity measure. Model building first identified the most predictive set of individual-level attributes. Although theory guided choice of area-level variables, no assumptions were made regarding the direction or strength of their relationship to each other or the outcomes. 
After building multilevel models of significant fixed effects, area-level random intercepts were considered as possible additional parameters. Random-effect terms account for extra area-level variability not explained by the model (overdispersion). These random effects were added in a similar nested process as the fixed effects. Final binary models were of the form:
Logit(P(outcome))=Individual Level Variables+Area Level Variables+Area Level Random Effects
where logit denotes the logit transform for logistic regression and P(·) represents the probability that the outcome of interest is present—in this case, either a more advanced radiography result or positive sputum smear grade.  For ordinal models, the forms used were similar but utilized an ordered logit model allowing for three responses in the case of the radiography outcomes (normal, abnormal non-cavitary, abnormal cavitary) and five responses for the smear grade (negative, 1+, 2+, 3+, 4+).
For each outcome, four models were tested: the first tested area-based socioeconomic quartiles and the association with dependent variables, model 2 included individual demographic factors (mean-centered age modeled continuously and as a quadratic term, race modeled using dummy variables with Native American as referent, sex modeled as a binary term with male as referent, and foreign birth as a binary term with US-born as referent) as covariates.  Individual-level SES factors were included (homelessness as a binary term with non-homeless as referent, provider type as a dummy variable with public service provision as referent) in model 3 in order to isolate the potential effects of individual SES on disease severity above and beyond block-group SEP.  Area-level factors (ethnicity, foreign birth, race) were added in model 4 in order to assess the contextual effects of Asian and Black race, Hispanic ethnicity and foreign birth while controlling for individual confounders and area-level SEP. Complete case analysis was used such that the number of patients with missing covariates excluded from each model was the same.
[bookmark: bbib42]All random effects were assumed to be independent and normally distributed, with means of zero and equal variance. Multilevel model building and estimation were performed using the GLLAMM (Generalized Linear Latent and Mixed Models) [144] extension of STATA software 10.0 [96].

RESULTS
Table 1 describes overall characteristics for the 550 of 1580 block groups included in the analysis.  All other block groups contained no TB cases. Block groups included in the analysis were more likely to contain individuals reporting as Black or Asian descent as well as of Hispanic ethnicity as compared to median values in King County. Additionally, the median proportion foreign-born in these block groups was over one-and-a-half times as high as the King County median.
Table 2 portrays overall and analysis-specific case population characteristics. 1,269 TB cases were included in the initial analysis, with 59% male and a median age at diagnosis of 20.5. TB cases were largely Asian (41.4%), Black (27.0%) or White (23.4%). Over three-quarters of the case population was foreign-born. TB risk factors included homelessness (15.1%), unemployment prior to diagnosis (35.2%), HIV infection (5.7%) and smoking (25.2%).  A total of 829 cases were included in a subgroup for quantitative smear grade analysis, excluding patients when smear grades were unknown (n=431) or smears were only assessed qualitatively (“positive results”, n=9).  The flow chart shows the patient inclusion process for each severity measure (Figure 1).  
In the overall study population, 78% of cases displayed abnormal radiography results, with approximately a third exhibiting more extensive bilateral lung involvement. For the quantitative smear-grade outcome analysis, 29% (241/829) of graded cases had positive smears, of whom 55% had grades of moderate (3+) or numerous (4+) AFB.  Higher-grade of smear and cavitary radiographs was positively correlated, with greater proportions of cavitary x-rays observed with progressively higher smear grade (P-trend <0.001; Table 3). Bilateral lung disease was significantly associated with both higher sputum smear grade (P-trend <0.001) and cavitary disease (P<0.001).
Seventy-one percent of TB patients resided in block groups in the lowest two SEP index quartiles. In unadjusted analyses, patients living in areas with higher levels of deprivation did not appear to have higher probabilities of severe radiographs or higher smear grade, with either steady or fluctuating rates observed (Figures 2a and 2b). 
Tables 4a-c report the results of three multivariate models predicting the association between socioeconomic status and disease severity.  
Chest Radiograph Model
In unadjusted analyses, the baseline model indicated that individuals living in lower SEP index neighborhoods did not have more severe x-ray presentation, with the odds ratio (O.R.) of more severe disease not significantly increased in the lowest as compared to highest quartile  (O.R. = 1.21, 95% C.I. = 0.79, 1.85; P-trend 0.203) (Table 4a, model 1). In additional individual-level models run (models 2 and 3), inclusion of demographic and SES covariates did not significantly alter the association between SEP index quartile and disease severity, although foreign birth decreased the odds (O.R. =0.61, 95% C.I. = 0.44, 0.84) and white race increased the odds (O.R. = 1.96, 95% C.I. = 1.03, 3.72) for more severe presentation. Inclusion of individual insurance status and behavioral risk factors (drug and alcohol use, smoking and body mass index) on smaller available samples did not change the observed association either (model not shown).  In multivariate analyses restricted to non-HIV infected individuals, no significant changes were observed in SEP effect estimates on severity.
[bookmark: tbl3]Comparison of the coefficients from model 3 and model 4 did not show substantial change in the SEP-TB association when other area-level influences were added (model 4). There was a modest change in the strength of the effect, but the direction and magnitude of the associations were consistent across the two models. Of the four area-level variables examined at the block group level in addition to SEP index, none remained statistically significant in the multilevel model (model 4). Observed block-group level variance was close to zero for all models run, such that little heterogeneity was observed in severity across block groups. Area-level variables likely explained very little of existing between-block group variance, with an estimated residual intraclass correlation of 0.09, such that only 9% of the variance in severity was attributable to the block group.
Sputum Smear Models
As with the radiograph findings, lower SES quartiles were not associated with higher smear grade with any of the models run (Table 4b).  No block group level variable was statistically significant.  Even after including random effects, variability consistently approximated zero. Of the variance in smear grade across block groups, only 8% was explained by block group SES.  In models examining binary positive/negative smear outcomes, a positive smear was not significantly associated with SEP quartile and this lack of a relationship remained after controlling for demographic, SES and area-based demographic factors (Table 4c). Homelessness was linked to higher odds of positive sputum smears (O.R. =2.08, 95% C.I. = 1.26, 3.45) but did not attenuate the SEP-smear association. The relative contribution of each of the individual-level main effects was similar in both sputum smear models, suggesting that the area-level factors did not diminish the effect of individual-level influences. As observed block-group level variance was close to zero for model 1,  none of the between-block group variance in the probability of having a positive smear result was accounted for by block group SEP. However, when individual-level age, race, sex and origin were added in model 2, the variance increased five-fold, indicating that heterogeneity in severity was potentially being masked by the varying distributions of these variables in model 1.


DISCUSSION
	The results of this research, indicating that residing in areas with high levels of poverty is not significantly associated with more severe disease, are noteworthy and not consistent with previous studies examining other diseases [47, 129, 145]. These findings remained after attempting to control for important individual-level risk factors and area-level measures and were consistent across three measures of severity: chest radiograph abnormality, higher sputum smear grade, and positive sputum smear. 
	Previous studies of SES and delayed TB diagnoses found that low income and poverty constitute risk factors for delays [4, 130-132].  Low educational level has previously been described as a risk factor for delays [133-135] as have large family size [146], unemployment [147] and being uninsured [136]. However, no studies have previously documented the direct association between area-based socioeconomic status and TB disease severity in a multi-level model, perhaps because severity is often seen as representative of diagnostic delays, with longer time to diagnosis thought to lead to increased infectiousness as patients may progress to higher bacillary numbers on sputum smears and cavitary disease [126, 148]. 
Previous reports have hypothesized that individuals living in poorer SES areas present with later-stage disease because of decreased access to medical care and decreased awareness of screening [129, 149]. Small-area effects are likely to contribute to the quality of care received, and the promptness or thoroughness of workup and diagnosis. Yet the possible explanatory pathways for these effects are complex.  A previous study found that access to care variables, such as lack of employment and knowledge about where to obtain care, were closely associated with clinically significant delay, raising concerns about the equity of access to care among TB patients [147].  Aday and Andersen have also concluded that more equitable access to care occurs when need for care or severity of illness predicts utilization better than potential access barriers (e.g., ethnicity, income, insurance status, appointment waiting time) [150].  If access to care were distributed evenly we would expect that TB patients with more severe illness would be more likely to promptly seek medical care. Instead, in the Asch study perceived access barriers appeared to explain more of the delay than did illness severity, suggesting that subgroups of the TB population were facing inequitable barriers to care As such, we might expect that more severe disease would be impacted by area-level access to care factors  influencing delays.
	However, while “where you live” may play an important role in disease incidence and transmission, it may be a less important factor in defining the risk of presenting with more severe disease. It is possible that area-level SES may not play an independent role in more severe disease, beyond the effects of individual risk factors and socioeconomic factors. This may be because individual SES factors are often thought to be more closely linked to access or usage of health care, including longer wait times and fewer referrals [151, 152].  The effects of individual SES may be more pronounced, such that more comprehensive health insurance, greater health knowledge and motivation to seek care play important roles in predicting severity. Indeed, since greater proportions of non-insured and unemployed were observed in lower SEP quartile block groups in our study, and these variables were significantly associated with more severe radiography results, these individual SES factors may be more important than the area-level SES. These data are consistent with observed correlations between unmet medical need and lower income and lack of insurance in King County [153].
	In unadjusted analyses, the association found between more severe disease and various SES surrogates has precedence in the literature. Substance abusers are more likely to have sputum smear-positive TB disease and cavitary disease [154, 155].  Homelessness has been associated with more smear positive and cavitary disease [156] and smoking associated with cavitary lesions [157]. After 2 months, results of sputum microscopic examination has also been found more often positive in diabetic patients [158] but diabetes comorbidity was not examined in our study population. 
	The effect of HIV on TB severity is of particular concern. HIV infection may alter the radiographic appearance of pulmonary TB due to altered immunity [159]. HIV infection also promotes rapid progression to active tuberculosis disease [160], though its effect on infectiousness remains disputed [161].  Indeed, our results demonstrated that HIV-infected individuals were more likely to have abnormal non-cavitary disease. However, in multivariate analyses restricting to non-infected individuals, no significant changes were observed in SES effect estimates on severity, likely due to the small number of HIV-positives in the analysis.
	Contrary to our findings, a recent publication found that increases in proportions of advanced (smear positive or cavitary disease) pulmonary TB from 1993-2006, were greatest among groups with lower rates of TB including Whites, US-born, employed, non-institutionalized, HIV non-infected, non-abusers of alcohol and the non-homeless [124].  It was hypothesized that greater increases in the proportion of advanced disease among lower-risk groups were due to a lower index of suspicion for TB disease among patients and providers, leading to delays in accessing treatment and diagnosing the disease. Differences may stem in the cross-sectional as opposed to longitudinal nature of these studies, or else varying study populations (King County as compared to the United States).  
	Strengths of this study included the careful assessment of block group boundaries, geocode validation with the county, the incorporation of multilevel models and inclusion of area-based socioeconomic measures to examine SES at both an individual and area-level.  Since no relationship was observed when either smear grade or presence or absence of a positive smear result was analyzed, lower block group SEP did not seem more important in distinguishing bacterial load in the lungs any more than it did presence or absence.
	Limitations of this study included the scope of area-level variables studied.  There are likely many area-based variables that could have potentially confounded the observed associations between area-based SES and disease severity.  While the geographic availability and accessibility of health-care services, which may result in differential diagnostic delay, were not included, given King County’s predominantly urban composition, geography was less likely to have been a strong confounding factor.  Timing and duration of exposure to community residence may also matter. Since residence was only measured at one timepoint (TB diagnosis), we do not know whether the effects of residence at earlier times could have been relevant to the development of disease.  Block group SEP, measured at only one point in time (year 2000), could also have contributed to misclassification of block group socioeconomic status over time. Unmeasured variations among block group risk factor norms (e.g. average alcohol intake) could be residually responsible for community contextual effects, but since controlling for individual-level risk factors did not attenuate the block group SEP effect on disease severity, it seems unlikely that these factors would have an impact on the neighborhood level SES-severity association. Increased severity may also be due to (unmeasured) variable host [162] or strain factors [163-166] rather than delayed diagnoses.
	In this study, area-level social resources were not associated with TB disease severity. Future analyses could take into account multiple levels of geographic aggregation, to include census tract and county-level variables, as well as additional variables related to access to and utilization of TB services. As well, more detail regarding patient residential history and updated information about area-level SES would minimize misclassification biases. This study raises many other important questions including what other factors are tied in to disease severity, both individually and at the community level, whether the SES-severity association is further modified by other factors such as race, and what is the potential impact of SES on delays leading to more severe diagnoses.

 
TABLES AND FIGURES
[bookmark: _Toc279492543]Table 3.1: Characteristics of 550 block groups Included in the Analysis, Based on 2000 US Census data*
	
	Median
	Mean
	SD
	Range
	King County Median**

	Demographic Variables
	
	
	
	
	

	Population size (persons)
	1,128
	1,251
	619
	246-5,575
	1,011

	Race
   Non-Hispanic White race, %
	
68.6
	
63.1
	
22.5
	
3.1-97.5
	
79.7

	   Non-Hispanic Asian race, %
	11.1
	14.8
	13.5
	0-73.1
	7.1

	   Non-Hispanic Black race, %
	4.6
	8.5
	10.4
	0-56.3
	1.8

	Hispanic Ethnicity, %
	5.0
	7.2
	7.1
	0-44.4
	3.5

	Foreign-born, %*
	17.5
	20.2
	12.8
	0-62.4
	11.7

	Socioeconomic Variables
	
	
	
	
	

	Less than HS Education, %
	8.8
	12.2
	10.9
	0-59.7
	6.9

	Unemployment, %
	2.8
	3.4
	2.9
	0-26.4
	2.6

	Median household income, $
	50,156
	52,841
	21,600
	7,382-146,129
	56,691

	Poverty, %
	7.3
	10.4
	10.4
	0-62.7
	5.5

	Working Class, %
	55.7
	55.3
	13.8
	14.0-91.4
	51.1

	Home ownership, %
	62.7
	59.8
	27.9
	0-100
	73.5

	Tuberculosis Measures
	
	
	
	
	

	Mean cases/year
	0.11
	0.23
	0.26
	0.1-3.9
	0

	Incidence rate (per 100,000 person*years)
	
14.6
	
21.0
	
25.8
	
3.5-334.3
	
0


Note: HS=High School, SD=Standard Deviation. 
*Excluding US territories and those born abroad to US parents
**King County median reflects all block groups with SES variables available (N=1,576)
[bookmark: _Toc279492544]
Table 3.2: Characteristics of TB cases reported in King County, 2000-2008
	
	NTSS Population 
n (%)

	Total
	1,269 (100.0)

	Sex, male
Unknown
	751 (59.2)
4 (0.3)

	Mean age at diagnosis, years
Age Categories
      0-4
      5-14
      15-24
      25-44
      45-64
       65+
     Missing
	43.2 (20.5)

26 (2.1)
31 (2.4)
197 (14.4)
464 (36.6)
321 (25.3)
226 (17.8)
4 (0.3)

	Race
     American Indian
     Asian
     Black
     Native Hawaiian
     White     
     Multiple Races
     Missing or Unknown
	
59 (4.7)
525 (41.4)
342 (27.0)
30 (2.4)
297 (23.4)
2 (0.2)
14 (1.1)

	Ethnicity
     Hispanicb
     Missing or Unknown
	
136 (10.7)
10 (0.8)

	Country of Originc
        US-born
        Foreign-born 
        Unknown
	
308 (24.3)
958 (75.5)
3 (0.2)

	Time from US arrival to TB diagnosis, yearsd 
        0-4
        5-9 
        10-19 
        20+ 
        Missing
	
384 (40.1)
163 (17.0)
192 (20.0)
135 (14.1)
84 (8.8)

	Previous TB
        No
        Yes
        Missing
	
1,143 (90.4)
83 (6.6)
39 (3.1)



Table 3.2 continued
	HIV Status
       Negative
       Positive
       Indeterminate
       Refused
       Not offered
      Unknown
	
944 (74.4)
72 (5.7)
1 (0.1)
79 (6.2)
134 (10.6)
39 (3.1)

	Homeless within Past  Year
       No
       Yes	
       Unknown
	
1,071 (84.4)
192 (15.1)
6 (0.5)

	Insurance 
       Yes
       No
       Unknown
	
184 (14.5.)
343 (27.0)
664 (52.3)

	Unemployed within past 24 months
       Yes
       No
	
447 (35.2)
822 (64.8)

	Injecting Drug Use within Past Year
      No
      Yes
      Missing or Unknown
	
1,205 (95.0)
27 (2.1)
37 (2.9)

	Non-injecting Drug Use within Past Year
      No
      Yes
      Missing or Unknown
	   
1,149 (90.5)
77 (6.1)
43 (3.4)

	Excess Alcohol Use within Past Yeare
      No
      Yes
      Missing or Unknown
	
1,090 (85.9)
146 (11.5)
33 (2.6)

	Smoking History 
      No
      Yes
      Missing
	
436 (34.4)
147 (11.6)
686 (54.1)

	Site of Disease
      Pulmonary
      Extra-pulmonary
      Both
      Missing
	
689 (54.3)
407(32.1)
169 (13.3)
4 (0.3)



Table 3.2 continued
	Chest Radiographic Result
       Normal
       Abnormal, non-cavitary
       Abnormal cavitary
       Not Done 
       Missing or Unknown
	
255 (20.1)
754 (59.4)
235 (18.5)
10 (0.8)
15 (1.2)

	Bilateral Lung Involvement 
       Yes
       No
       Unknown
	
200 (15.8)
391 (30.8)
678 (53.4)

	Highest Sputum Smear 
       Negative
       +/-
       “Positive”
       1+
       2+
       3+
       4+
       Unknown or Not Done
	                       
570 (44.9)
18 (1.4)
9 (0.7)
59 (4.7) 
45 (3.6)
59 (4.7) 
78 (6.2)       
431 (32.3)

	Sputum Smear Resultf 
      Positive
      Negative
      Not Done
      Missing or Unknown
	
419 (33.0)
592 (46.7)
250 (19.7)
8 (0.6)

	Hospitalization
      Yes
      No
      Unknown
	         
145 (11.4)
453 (35.7)
671 (52.9)

	Provider Type
      Health Dept.
      Private Provider
      Both
      Missing
	
934 (73.6)
160 (12.6)
164 (12.9)
11 (0.9)


aBecause of rounding, percentages may not total 100.
bPersons of Hispanic ethnicity may be of any race or multiple race.
cForeign-born includes persons born outside the US, American Samoa, the Federated States of Micronesia, Guam, the Republic of the Marshall Islands, Midway Island, the Commonwealth of the Northern Mariana Islands, Puerto Rico, the Republic of Palau, the US Virgin Islands, and US minor and outlying Pacific islands.
dAmong foreign-born patients.
eExcess alcohol use: ≥5 drinks on same occasion on each of ≥5 days in past 30 days.
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Figure 3.1: Study flow c
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Excluded from analysis due to 
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)
Age exclusion (n=38)
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Sputum Smear
Known results (n=1,011)
Not done (n=250)
Missing (n=8)
Chest Radiology
Known results (n=1,244)
Not done (n=10)
Missing (n=15)
Graded smear
Known results (n=829)
Unclear designation (n=9)
Missing (n=431)
Follow-Up
Multivariate Analysis
1,269 counted cases
) 

[bookmark: _Toc279492545]Table 3.3: Relationship between TB sputum smear grade and chest x-ray results (N=819*)
	Sputum Smear
	Chest X-ray

	
	Normal
	Non-cavitary
	Cavitary**

	Negative
Positive
         +/- 
         1+
         2+
         3+
         4+
	98 (17.4)

2 (11.1)
1 (1.7)
1 (2.3)
1 (1.7)
2 (2.6)
	428 (75.9)

12 (66.7)
43 (74.1)
32 (70.5)
25 (43.1)
28 (36.4)
	38 (6.7)

4(22.2)
14 (24.1)
12 (27.3)
32 (55.2)
47 (61.0)


*where sputum smear gradation and chest x-ray results were available and results not unknown or not done
**Chi squared test for trend across sputum smear grade, P<0.001






 
[bookmark: _Toc279492474]Figure 3.2a: Unadjusted proportions of individuals in each SEP quartile stratified by quantitative smear grade
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[bookmark: _Toc279492475]Figure 3.2b: Unadjusted proportions of individuals in each SEP quartile stratified by 
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[bookmark: _Toc279492546]Table 3.4a: Relative odds of being diagnosed with more advanced chest radiography results 
[bookmark: _Toc279492547]according to individual and area-level characteristics, King County 2000-2008
	Variable

	Model 1: Unadjusted O.R. (95% CI) N=1,059
	Model 2: O.R. (95% C.I.) adjusted for demographic factors1 N=1,059
	Model 3: O.R. (95% C.I.) adjusted for demographic, SES factors2 N=1,059
	Model 4: O.R. (95% C.I.) adjusted for demographic, SES, ABSM factors 3 N=1,059

	Highest SEP
Medium-High SEP
Medium-Low SEP
Lowest SEP
P-Trend
	Reference
0.91 (0.55, 1.53)
1.43 (0.88, 2.33)
1.21 (0.79, 1.85)
0.203
	Reference
0.90 (0.54, 1.50)
1.40 (0.86, 2.29)
1.23 (0.79, 1.89)
0.169
	Reference
0.88 (0.53, 1.49)
1.43 (0.87, 2.34)
1.19 (0.77, 1.85)
0.228
	Reference
1.00 (0.58, 1.70)
1.53 (0.91, 2.57)
1.37 (0.81, 2.32)
P=0.097

	Age
Quadratic Age
	
	1.03 (0.96, 1.09)
1.00 (0.97, 1.03)
	1.00 (1.00, 1.00)
1.00 (1.00, 1.00)
	1.00 (0.98, 1.03)
1.00 (1.00, 1.00)

	Asian
Black
Pacific Islander
White
	
	1.68 (0.87, 3.23)
1.12 (0.59, 2.13)
1.81 (0.66, 5.00)
1.96 (1.03, 3.72)
	1.84 (0.92, 3.68)
1.21 (0.62, 2.36)
1.99 (0.71, 5.59)
2.10 (1.08, 4.08)
	1.90 (0.95, 3.81)
1.26 (0.64, 2.46)
2.03 (0.72, 5.72)
2.27 (1.17, 4.41)

	Female Sex
	
	0.59 (0.46, 0.76)
	0.60 (0.47, 0.78)
	0.60 (0.47, 0.77)

	Foreign-born
	
	0.61 (0.44, 0.84)
	0.64 (0.45, 0.89)
	0.67 (0.48, 0.95)

	Homeless
	
	
	1.22 (0.77, 1.92)
	1.24 (0.78, 1.97)

	Private Provider
Mixed service
	
	
	1.10 (0.76, 1.59)
1.00 (0.68, 1.47)
	1.09 (0.75, 1.58)
0.95 (0.65, 1.40)

	Block-Group level
	
	
	
	

	Asian
	
	
	
	1.09 (0.91, 1.30)

	Black
	
	
	
	1.01 (0.86, 1.19)

	Foreign-born
	
	
	
	0.88 (0.72, 1.07)

	Hispanic
	
	
	
	0.94 (0.83, 1.07)


O.R.=Odds Ratio, ABSM=Area-based socioeconomic measure.
1Model 2 adjusted for age, gender, race and foreign birth. 2Model 3, as for Model 2, plus homeless and provider type.
3Model 4, as for Model 3, plus area-level race, ethnicity and foreign birth.
[bookmark: _Toc279492548]
Table 3.4b: Relative odds of being diagnosed with higher grade of sputum smear according to individual and 
[bookmark: _Toc279492549]area-level characteristics, King County 2000-2008
	Variable

	Model 1: Unadjusted O.R. (95% CI)
N=690
	Model 2: O.R. (95% C.I.) adjusted for demographic factors1 N=690
	Model 3: O.R. (95% C.I.) adjusted for demographic, SES factors2 N=690
	Model 4: O.R. (95% C.I.) adjusted for demographic,  SES, ABSM factors 3 N=690

	Highest SEP
Medium-High SEP
Medium-Low SEP
Lowest SEP
P-Trend
	Reference
1.24 (0.73, 2.09)
1.14 (0.67, 1.93)
1.13 (0.71, 1.80)
0.818
	Reference
1.25 (0.74, 2.12)
1.16 (0.68, 1.98)
1.08 (0.67, 1.74)
0.987
	Reference
1.24 (0.73, 2.10)
1.13 (0.66, 1.94)
1.01 (0.62, 1.64)
0.866
	Reference
1.25 (0.72, 2.17)
1.13 (0.62, 1.91)
1.03 (0.56, 1.91)
0.882

	Age
Quadratic Age
	
	1.02 (0.97, 1.07)
1.00 (1.00, 1.00)
	1.01 (0.96, 1.07)
1.00 (1.00, 1.00)
	1.02 (0.97, 1.07)
1.00 (1.00, 1.00)

	Asian
Black
Pacific Islander
White
	
	1.04 (0.43, 2.56)
1.06 (0.45, 2.50)
1.46 (0.44, 4.83)
1.26 (0.53, 3.00)
	1.12 (0.44, 2.84)
1.10 (0.45, 2.66)
1.55 (0.46, 5.23)
1.37 (0.56, 3.31)
	1.07 (0.42, 2.71)
1.14 (0.47, 2.76)
1.56 (0.46, 5.28)
1.36 (0.56, 3.30)

	Female Sex
	
	0.68 (0.48, 0.95)
	0.69 (0.49, 0.98)
	0.69 (0.49, 0.98)

	Foreign-Born
	
	0.93 (0.59, 1.47)
	1.03 (0.63, 1.69)
	0.98 (0.60, 1.62)

	Homeless
	
	
	1.27 (0.71, 2.29)
	1.46 (0.80, 2.66)

	Private Provider
Mixed service
	
	
	0.87 (0.43, 1.73)
0.81 (0.48, 1.35)
	0.92 (0.45, 1.87)
0.81 (0.48, 1.36)

	Block-Group level 
	
	
	
	

	Asian
	
	
	
	1.14 (0.91, 1.43)

	Black
	
	
	
	0.92 (0.76, 1.11)

	Foreign-born
	
	
	
	1.02 (0.85, 1.20)

	Hispanic
	
	
	
	1.02 (0.85, 1.20)


O.R.=Odds Ratio, ABSM=Area-based socioeconomic measure.
1Model 2 adjusted for age, gender, race and foreign birth. 2Model 3, as for Model 2, plus homeless and provider type.
3Model 4, as for Model 3, plus area-level race, ethnicity and foreign birth.
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Table 3.4c: Relative odds of being diagnosed with positive grade sputum smear according to individual 
[bookmark: _Toc279492551]and area-level characteristics, King County 2000-2008
	Variable

	Model 1: Unadjusted O.R. (95% CI)
N=867
	Model 2: O.R. (95% C.I.) adjusted for demographic factors1 N=867
	Model 3: O.R.  (95% C.I.) adjusted for demographic, SES factors2 N=867
	Model 4: O.R. (95% C.I.) adjusted for demographic,  SES, ABSM factors3 N=867

	Highest SEP
Medium-High SEP
Medium-Low SEP
Lowest SEP
P-Trend
	Reference
1.52 (0.87, 2.67)
1.48 (0.88, 2.50)
1.57 (0.95, 2.60)
0.194
	Reference
1.47 (0.84, 2.56)
1.58 (0.94, 2.65)
1.54 (0.93, 2.55)
0.243
	Reference
1.44 (0.83, 2.50)
1.53 (0.91, 2.57)
1.40 (0.84, 2.31)
P=0.474
	Reference
1.46 (0.83, 2.58)
1.44 (0.83, 2.52)
1.26 (0.69, 2.30)
P=0.967

	Age
Quadratic Age
	
	0.97 (0.94, 1.02)
1.00 (1.00, 1.00)
	0.96 (0.92, 1.00)
1.00 (1.00, 1.00)
	0.97 (0.93, 1.01)
1.00 (1.00, 1.00)

	Asian
Black
Pacific Islander
White
	
	0.54 (0.26, 1.14)
0.46 (0.22, 0.94)
0.52 (0.17, 1.58)
0.82 (0.40, 1.67)
	0.70 (0.32, 1.53)
0.55 (0.26, 1.16)
0.64 (0.21, 1.94)
0.97 (0.47, 2.01)
	0.66 (0.31, 1.42)
0.55 (0.27, 1.13)
0.63 (0.21, 1.91)
0.93 (0.45, 1.91)

	Female Sex
	
	0.62 (0.46, 0.83)
	0.67 (0.49, 0.90)
	0.66 (0.49, 0.90)

	Foreign-born
	
	0.93 (0.62, 1.38)
	1.11 (0.73, 1.69)
	1.04 (0.67, 1.59)

	Homeless
	
	
	1.94 (1.18, 3.19)
	2.08 (1.26, 3.45)

	Private Provider
Mixed service
	
	
	0.93 (0.53, 1.62)
1.12 (0.72, 1.73)
	0.98 (0.56, 1.72)
1.11 (0.72, 1.72)

	Block-Group level 
	
	
	
	

	Asian
	
	
	
	1.06 (0.87, 1.29)

	Black
	
	
	
	0.96 (0.81, 1.12)

	Foreign-born
	
	
	
	1.10 (0.88, 1.38)

	Hispanic
	
	
	
	1.01 (0.87, 1.17)


O.R.=Odds Ratio, ABSM=Area-based socioeconomic measure.
1Model 2 adjusted for age, gender, race and foreign birth. 2Model 3, as for Model 2, plus homeless and provider type.
3Model 4, as for Model 3, plus area-level race, ethnicity and foreign birth.

Chapter 3: Association between area-based socioeconomic disadvantage and tuberculosis clustering: a multilevel approach
	
ABSTRACT
Background
Socioeconomic disadvantage has been associated with increased tuberculosis transmission. However, current understanding of tuberculosis strain clustering in the United States is based on individual risk factors, with little understanding of the role of area-based measures. In this study I sought to identify whether area-based socioeconomic status (SES) was associated with clustering utilizing a multilevel modeling approach. 
Methods
This retrospective cohort analysis was performed on data collected on persons newly diagnosed with culture positive tuberculosis in King County, Washington between January 1, 2004 and December 31, 2008. Clinical isolates were characterized using multiple interspersed repeat unit and spoligotyping methods to identify patients infected with the same strain. Residential addresses at the time of diagnosis of tuberculosis were geocoded by block group and cases linked to data from the 2000 census. Multilevel models were used to identify the relationship between area-level SES and clustering using a composite socioeconomic position index (SEP).
Results
In unadjusted analyses, a significant linear trend for increased clustering occurred from high to low SES quartiles (P-trend=0.001).  Multilevel models in which community-level characteristics were measured at the block group level demonstrated that lower SEP was positively associated with TB genotypic clustering after controlling for individual covariates, but the trend in odds of  higher clustering with lower SEP index quartile largely disappeared when adding additional block-group level covariates. Other block group variables may account for much of the variance observed across block groups in the SEP-clustering association.
Conclusion
Our analyses documented the role of area-based SES in recent tuberculosis transmission, particularly in US-born populations. However, demographic characteristics of neighborhoods attenuated this association and may themselves be important determinants in clustering. Results of this study stress the need for TB control interventions that take area-based measures into account, with particular focus on high-risk groups within poor neighborhoods.  


BACKGROUND
While tuberculosis (TB) incidence continues to decline in the United States, several studies have revealed that a high degree of ongoing transmission continues to occur in low-incidence countries [10, 167].  To assess transmission, molecular techniques are used to define genetic clusters of isolates of Mycobacterium tuberculosis with identical DNA fingerprints. Those M. tuberculosis isolates with identical strain types are thought to indicate recent transmission and a continuing transmission chain, while a predominance of unique ‘sporadic’ isolates implies that most TB cases are caused by reactivation or delayed diagnosis of remote infection [49-51].  The proportion of TB clustering varies considerably by region and population, with estimates ranging from 7% to 72%, with 41% of cases clustering among studies from low incidence regions [50].  Characteristics of marginalized populations, including homelessness, injection drug use and alcohol abuse have also been found to be significant strain clustering risk factors [55-57].  In low-incidence areas, tuberculosis has been concentrated among persons born in countries in which the disease remains endemic.  In the United States (US), foreign-born TB patients most often have unique M. tuberculosis isolates and thus appear to be less likely than US-born residents to have been involved in chains of recent transmission [168, 169].
  The association of area-based socioeconomic status with clustering, however, has not been well assessed.  Studies have shown that lower socioeconomic status (SES) neighborhoods are correlated with greater clustering among TB strains [54, 58]  and associations have been shown between homelessness, unemployment and TB clusters [53, 55, 61, 62] , yet the association between area-based socioeconomic measures and clustering has not been modeled in a multilevel analysis. Better knowledge of area-level social risk factors for clustering could help develop more effective targeted prevention strategies and the joint effect of both individual- and community-level measures of SES might help distinguish compositional and contextual effects of socioeconomic factors on TB transmission.  
In King County, Washington, the population is highly diverse in terms of origins, as well as socioeconomic status, across block groups.  It is thus likely that TB genetic clustering would significantly vary, with increased clustering either due to recent transmission, or to commonly circulating strains within some populations.  I hypothesized that those individuals living in block groups with greater socioeconomic disadvantage are associated with increased TB transmission, as assessed using genotypically-defined TB clusters.  Better knowledge of both individual- and area-level social risk factors for clustering could help to develop more effective targeted prevention strategies.



METHODS
Study population and setting
The study population consisted of all incident reported culture-positive TB cases with available genotyping which had block group-level geocodes recorded in King County, Washington between January 1, 2004 and December 31, 2008.  An incident case of TB was defined according to Centers for Disease Control and Prevention (CDC) surveillance criteria, where TB was either diagnosed for the first time or else more than 12 months had elapsed since the patient previously completed TB therapy [85]. A culture-positive sample was defined as isolation of M. tuberculosis from a clinical specimen. Of 686 incident TB cases reported in King County, Washington during this time period, 577 (84.1%) were culture positive, excluding relapses, interjurisdictional transfers, and individuals with missing TB treatment date.  Of reported culture-positive cases, 547 (95%) had a reported genotype.  536 (94%) of these patients were geocoded to residential address and 519 (95%) had both genotypes and geocodes, and therefore were included in the analysis.  Selected demographic (age, race, sex, ethnicity, country of birth) and clinical (sputum smear, site of disease, HIV status) characteristics were compared between cases included in the analysis and other cases to assess representativeness. 

Study design
This retrospective cohort study merged reporting, chart and genotyping data for TB cases and US census data for residents of King County, Washington.  Approval was granted for this study in May 2009 from the University of Washington and Washington State Institutional Review Boards.

Data Sources
Individual-level case variables were collected from the Centers for Disease Control and Prevention’s National TB Surveillance System (NTSS) and follow standard surveillance definitions [85]. Case-level variables were subsequently aggregated by block group. A census block group is defined by the US Census Bureau as a cluster of co-located census blocks within a census tract, sharing the same first digit of their four-digit identifying number and generally containing between 600 and 3,000 people[141]. Residential address at the time of diagnosis was obtained from patient charts and geocoded using ArcGIS. 
The distribution of block group-level Hispanic and foreign-born status was first modeled using a continuous variable measuring the proportion of mean-centered Hispanic (range -0.08 to 0.36) and foreign-born (range -0.24 to 0.38) population in each block group, and subsequently using quartiles, with the lowest quartile the referent. Block group-level Asian and Black descent was also assessed using quartiles, with the quartile directly below serving as the referent group in each comparison. Socioeconomic status (SES) was defined at the block group level using census-based indicators of socio-economic disadvantage. A summary deprivation measure, or socioeconomic position (SEP) index, was constructed consisting of a standardized z-score combining data on percent working class, unemployed, poverty, high school, expensive homes and median household income. To construct the score, I gave each variable a standardized score, which was the sum of all block group values with SEP data (n=1,576), minus the mean sum, divided by the standard deviation, and then summed up the individual z-scores.  While high inter-correlations and reliability were noted (Cronbach’s α coefficient 0.78), these measures have previously been used to assess US small area differences in health [69]. All socio-economic data as well as area-based data were derived from the US Population Census 2000, SF1 and SF3 [142, 143].  Block group King County shape files for the year 2000 were obtained from the King County GIS Data Portal [170].  ArcGIS version 9 was the geographic information system used for mapping and spatial analysis [97].
Culture positive isolates obtained from TB patients residing in King County were sent to the California State Lab in Richmond, CA for genotyping. All patients were genotyped using spoligotyping and mycobacterial interspersed repetitive units (MIRU).  Isolates were considered to be genotypically clustered if they had identical spoligotype and MIRU, where a cluster was defined as two or more patients with identical TB strains within King County. Patients who did not have both spoligotyping and MIRU analysis performed on their isolate or who did not live in King County at the time of specimen collection were excluded from the analysis.  Given the study scope, if cases were part of a Washington cluster designation but unique within King County, they were considered to have a unique TB strain. When multiple isolates were collected for a single patient, only the first isolate was included in the analysis.



Statistical Analysis
Patients with genotypically clustered and unique (non-clustered) strains were compared with respect to each categorical risk variable. Odds ratios (OR) were the measures of association.  Two-person clusters were also separated from clusters with clusters of three or more patients in unadjusted analyses because of the decreased probability that individuals in a larger cluster would match by chance based on similar geographic origin in order to examine whether larger cluster size (three or more), might be associated with risk factors. Both demographic and clinical variables were examined. The proportion of TB patients considered to belong to a chain of recent transmission was calculated as the number of subjects belonging to a cluster divided by the total number of individuals genotyped [171].  Additionally, the proportion of cases due to ongoing transmission was estimated using the n-1 method allowing one source case per cluster, where the source case of each cluster was not considered to have recent disease [172].  The incidence rate of TB was calculated per 100,000 person-years using population estimates from the 2000 Census and rates over time calculated for both clustered and sporadic (unique genotype) patients.  The spatial scan statistic was used to identify geographic clusters of strain types in order to locate approximate locations where ongoing transmission might be occurring [94].
To examine area-level influences on disease clustering in addition to individual attributes, multilevel logistic regression models were used. A two-level hierarchical logistic model with binary clustering outcome was estimated. Hierarchical models have the advantage of yielding accurate parameter estimates and sampling variances in the presence of correlated errors, partitioning clustering variance into its within- and between-cluster components and testing whether there is significant variation across areas in clustering [95, 173, 174]. 
The following models were examined: Model 1 consisted of an empty two-level model (intercept and community effects only) to examine the log-odds of genotypic clustering (yes/no) in an ‘average’ block group and to quantify the block-group-level variance in the unadjusted model. Model 2 added socioeconomic quartiles as exposure variables. Model 3 controlled for the individual demographic variables of age (modeled as a mean-centered linear and quadratic term), race (modeled as dummy variables with Native Americans serving as referent), sex (binary term with males as referent) and country of origin (binary term with US-born as referent) in addition to SEP index. Model 4 included individual socioeconomic variables (homelessness modeled as binary with non-homeless referent, employment modeled as binary with employed referent, provider type modeled with dummy variables with public service provision as referent) in addition to demographics and SEP index. Model 5 added area-level variables of race, ethnicity and foreign birth in addition to individual-level variables and SEP index. In Model 6, random effects for foreign-born and US-born within each block group were added (Figure 1).  Random-effect terms accounted for area-level variability in foreign-born status not explained by the model and included variables. Complete case analysis was used such that the number of patients with missing covariates excluded from each model was the same.  All models were run employing the XTMELOGIT routine in STATA 10.0 [96].

RESULTS
Block Group Demographics
The study consisted of 327 block groups in King County which had at least one case residing in each (20.7% of block groups with SES data) (Table 1). Block groups included in the study were largely of White (60%), US-born (78%) composition. Hispanic ethnicity made up approximately eight percent of the population in block groups included in the study, about 10% of individuals were under the federal poverty line and four percent were unemployed. The average five-year incidence rate of TB was 15.6 per 100,000 across all included block groups.  In comparison to other block groups in King County (N=1249), block groups included in the study were more likely to contain individuals reporting as Black or Asian race as well as of Hispanic ethnicity. Additionally, the median proportion foreign-born in these block groups was almost twice as high as that of King County as a whole.	
TB Cases
During the study period, 686 incident cases of TB were reported to the Public Health—Seattle and King County (7.46 cases/100,000 person-years). 519 (75.7%) of these were included in the study as cases of culture-confirmed TB with genotyping results and block group geocoding available (Table 2). TB patients were mostly of Asian (44%) and Black (28%) descent, and were largely (81%) foreign-born. Approximately one third of foreign-born patients were diagnosed within five years of arrival in the US. Seventy-three percent of TB cases had pulmonary involvement, with 37% sputum smear positive and 82% presenting with abnormal chest x-rays.   Approximately six percent of cases with known HIV results were HIV-positive. 12.5 percent were homeless, with smaller proportions presenting with drug abuse (2-7%). Over 40% of the patient population had a history of recent unemployment prior to diagnosis. Of the study population, 7% reported previous episodes of TB.
Genotype clustering
Complete genotyping results were available for 519 (91%) of the culture-positive cases.  Of those with a known genotyping result, 212 (41%) of isolates clustered.  Forty-six unique clusters were identified. The number of cases per cluster ranged from 2 to 32 cases (Figure 2). A median of 3 and mean of 7 cases were identified per cluster. 52 clustered cases (24.5%) belonged to 2-case clusters (within King County) and 160 (75.5%) belonged to clusters with 3 cases or more. Individual clusters ranged in duration from 1 year to the full 5 years of the study period. Based on spoligotype/MIRU match, 336 unique TB strains were identified in King County during this time period. Assuming that 1 case per cluster resulted from reactivation of remote infection (index case) and that the remainder resulted from the spread of recently transmitted disease (n-1 method), 166 (32%) of isolates could be defined as recently transmitted tuberculosis. Further analysis showed that of cases diagnosed after subtracting out the index case (n-1 method) and unique strain types, 134 (82.7%) matched the isolate of a case that was diagnosed within the 1-year period prior to its diagnosis date, suggesting potential recent transmission from individual to another (data not shown). Incidence rates of clustered and sporadic TB cases over the study time period are illustrated in Figure 3. Clustered TB disease was not spatially homogenously distributed throughout the included block groups with significant spatial aggregation of the clustered cases (P=.047 for most likely cluster, Figure 4) 
In unadjusted clustering analyses, patients with unique genotyping results were compared to those patients in two-case clusters and those with three or more cases per cluster.  In univariate analysis, (Table 2) clustered cases were more likely to be male and US-born. US-born TB patients were twice as likely to cluster compared to foreign-born and Non-Hispanic one-and-a-half times as likely as Hispanic patients when comparing any clustered group to none.  Among foreign-born patients, average clustered case incidence rates (5.10/100,000) were lower than average sporadic (8.93/100,000). The reverse was true among US-born patients, where clustered rates were almost twice as high as sporadic (7.04/100,000 vs. 4.81/100,000). Greater proportions of foreign-born patients clustered as time between arrival and diagnosis increased (data not shown). Clustering was positively associated with indicators of case infectivity, including pulmonary TB, sputum smear positivity, and cavitary TB disease, although not with HIV infection (Table 2). On average, cases were diagnosed 397 days apart in 2-person clusters, compared with 155 days apart among 3-person or greater clusters (P<0.001). 
Socioeconomic Trends
In unadjusted analyses, as SEP decreased, so the proportion clustering increased (P=0.002 for clustering vs. no clustering, P=0.001 for 3-group analysis). A significant linear trend for increased clustering occurred from high to low SEP index quartiles (P=0.001) (Table 3).  Both cluster and sporadic case incidence rates increased with lower SEP index, with the most dramatic increase in rates occurring when going from low to very low SEP quartiles among sporadic cases and with low incidence rates observed among the clustered cases living in the highest SEP quartile. Unadjusted fitted log odds of clustering for the continuous SES z-score are shown in Figure 5. The majority (72.7%) of US-born patients clustered at the lowest socioeconomic quartile. Within the low and lowest SEP index quartile block groups, US-born patients were significantly more likely to cluster than foreign-born. Clustering increased significantly with residence in progressively lower SEP block groups among both US- (P-trend 0.005) and foreign-born TB patients (P-trend 0.016).   
When stratified by SEP index quartiles, the only significant difference between patients stratified by time from arrival to TB diagnosis was seen among those living in the highest SEP group, where clustering peaked among individuals who had been in the US between 10-19 years from arrival to TB diagnosis (data not shown).  Individuals who arrived more recently (0-4 years from arrival until diagnosis) were more likely to cluster if they lived in lower SES quartile block groups (P-trend 0.035)
Multilevel models in which community-level characteristics were measured at the block group level demonstrated that lower SEP index was positively associated with TB genotypic clustering after controlling for individual covariates, but that the trend of higher clustering risk with lower SEP quartile was lost when adding additional block-group level covariates.
In an unadjusted model, a large change in between-community variance (25% decrease) suggested that the distribution of SEP quartiles was different across block groups. As the SEP quartile decreased, the odds of TB clustering increased by 20% compared to the next highest quartile (Table 4, model 2). A positive linear trend was observed (P=0.014), suggesting that clustering occurred more frequently with progressively lower SEP index quartile. However, an estimate almost twice the size of the standard error suggested that much of the variance in clustering was still unaccounted for. Once individual demographic variables were included in the model, between block-group variance was further decreased, evidence of the association of age, race and country of origin with TB clustering, as well as their substantial variation across block groups (model 3).  However, adjusting for these variables did not markedly change the association between SEP and TB clustering. Foreign-born cases were significantly less likely to have clustered disease when compared to US-born cases while for every one year that a patient was older at diagnosis, SEP-clustering odds ratios increased by 5%.  The addition of individual-level SES measures did not affect the SEP-clustering association (model 4). 
When area-level demographic variables were added, the SEP-TB clustering odds ratios decreased by 10-25% and the significant linear trend showing increasing clustering with decreasing SEP disappeared (P=0.374);  between-block group variance dropped by a third, indicating that these block group variables may “explain away” much of the residual block group variance observed. Areas with larger proportions of Black inhabitants were more likely to have TB clusters (Adjusted OR=1.26; 95% CI: 0.99, 1.62) (model 5). In this multilevel analysis, the only individual-level variables to remain independently associated with TB clustering were foreign-born and Pacific Islander race after inclusion of all covariates. These findings suggest that area-level demographic measures may substantially impact genotyping clustering among TB patients.
An additional model was run to explore whether effects of country of origin on the SEP-clustering estimate varied across block groups (model 6).  The odds of TB clustering with each lower SEP quartile group did not change from the previous model and showed almost no variance for the random slope.  This final model suggested that foreign-born effects did not vary substantially across block groups.

DISCUSSION

In this study, TB molecular genotyping was used to explore the association between socioeconomic status and TB strain clustering. The analysis showed that genotype clustering in King County between 2004 and 2008 was common, and closely linked to lower block group socioeconomic status. Both cluster and sporadic case incidence rates were seen to increase with lower SES quartile.
The analysis confirmed previous molecular epidemiologic investigations identifying patients of US birth, Hispanic ethnicity and higher frequencies of excessive alcohol and drug use as at greater odds for clustering [10, 49, 53, 66]. In this study, as in previous work in San Francisco, there was little evidence of genotypic clustering among foreign-born persons, and specific genotyping clusters indicated almost no transmission between US and foreign-born groups [169, 175]. This lack of clustering indicates that a large proportion of foreign-born cases were likely due to reactivation of latent TB or recent infection in the country of origin and, as observed in earlier studies [10, 49, 53, 66] indeed clustering increased with duration of residence in the US, what one might expect with reactivation of existing latent TB.  As previously seen, clustering incidence rates paralleled increases and decreases of overall TB incidence rates over time, potentially indicating that the proportion of disease attributable to recent transmission (as measured by clustering) was fairly constant [53, 175].
Previous studies have observed that clustering is greater in poorer areas [54, 58]  and associations have been demonstrated between homelessness or unemployment and TB clusters [53, 55, 61, 62]. Clustering by restriction fragment length polymorphism (a methodology preceding spoligotyping and MIRU) has also previously been shown to correlate with individual markers of low SES, such as homelessness and low income [49, 54].  Living in a poorer neighborhood may result in higher rates of recent TB transmission because of greater shared airspace through population density and lack of ventilation [8].  Additionally, contextual effects such as health care availability, or the natural or structural environment may influence transmission [176, 177]. Several studies have also shown that residents of neighborhoods with higher poverty rates encounter environments conducive to stressors [116, 178, 179].
In our study, clustered TB strains were spatially aggregated, confirming previous findings that utilized different genotypic and spatial methods [54]. In multivariate analyses, neighborhoods which had lower socioeconomic status exhibited greater odds of clustering among TB strains. These results held after controlling for individual covariates, but the effect was greatly attenuated when the block-group level demographic variables of Asian and Black race, Hispanic ethnicity and foreign birth were added.
Block-group level race, ethnicity and foreign birth measures did attenuate the observed associations, and may indicate that the effect of neighborhood disadvantage does not dominate that of population demographic characteristics in that area. On the other hand, the collinearity present between degree of poverty and predominantly minority neighborhoods, may make it difficult to disentangle these variables at the block group level. Since racial segregation is associated with poverty, and poverty rate may not capture differences in socioeconomic conditions that differ depending on racial composition [9], I adjusted for area-based Black and Asian categories. Race has controversially been hypothesized to be the main driving factor in the spatial organization of urban areas, rather than class [180]. However, race may have less of an effect on clustering and ongoing transmission as it does on baseline incidence.  SES has been shown to account for much of the increased TB risk attributed to particular races. It is also possible that low SES may not fully capture all differences in socioeconomic conditions across neighborhoods that also differ in racial/ethnic composition [9].
 Clustering among immigrants depends on strain diversity, area of origin and time since immigration and may explain the variation in clustering percentage. Previous studies have shown only 25-42% of patients in genetic clusters to have known epidemiologic links [52, 53]. Thus, certain shared genotypes may represent older, endemic strains that are dispersed widely in the US or countries of origin, and clustering may be a result of common contact from circulating strains within a community [61] rather than ongoing active transmission. Spatial variations of unique TB strains by zip code suggest that immigrant neighborhoods have higher rates of unique isolates, suggestive of remote transmission [181].
Some groups of immigrants might share strains acquired in high incidence settings, where one predominant strain type exists. Within each quartile of SEP index, as the proportion of foreign-birth in the block group increased, so clustering decreased, suggesting that living around other people from the same background may decrease the proportion clustering, perhaps because of a high proportion with remote rather than recent TB, or because of decreased stressors and less latent TB activation due to social status, social networks and cohesion [182, 183].  Based on our findings, the effect of foreign-born population proportion on the SEP-clustering estimate did not appear to vary across block groups.
Even if clustering does not indicate an ongoing contagious process, immigrants from areas with known common strains (East Africa, South-east Asia) are more likely to be poor and to settle in poorer neighborhoods [184]. Poverty is likely to result in inadequate access to health care and TB treatment [185]. Nevertheless, poverty rates among immigrant groups decline quickly with time in the U.S [186]. The low clustering rates among recent foreign-born arrivals in the Unites States reflect a lack of ongoing transmission regardless of SES group. Nevertheless, among foreign-born persons, within the recent arrival group (0-4 years from arrival to diagnosis), clustering seemed to increase with lower socioeconomic quartile, but this trend was not observed among those who had been here longer. Genotyping has previously indicated ongoing transmission among the foreign-born within the largest high-incidence zone in Montreal [59], which correlates with lower SES neighborhoods as well as our findings. Previous research has also suggested that new transmission could be expected to cause more active TB in “TB-naïve” neighborhoods, such that the effect of poverty on clustering would be greatest in neighborhoods with a low proportion of foreign-born persons [11, 12].  Our multivariate findings were consistent with this hypothesis.
While 41% of the TB patients belonged to a TB cluster within King County, when examined across Washington State, 53% of patients clustered. This range is similar to rates found previously in Madrid, the Netherlands and Denmark [167, 187, 188]. When the n-1 method was used, where the first case in a cluster is assumed to be the source case, 32% of TB patients belonged to a TB cluster. Differences in clustering rates between studies might be explained by differences in study size, geographic scope, observation period, and patient and molecular marker diversity [10, 189]. One might also expect less clustering in an area with high in/out-migration with many populations and a high amount of strain diversity since isolates not truly linked by new transmission are likely to be distinct [190].  
In this study, multilevel models in which community-level characteristics were measured at the block group level demonstrated that lower SES was positively associated with TB genotypic clustering after controlling for age, race, sex, origin, homeless status, unemployment and provider type individual covariates, but the trend of higher clustering odds with lower SES quartile was lost when adding the additional block-group level covariates of Asian and Black race, Hispanic ethnicity and foreign birth. Potential limitations of the study include misclassification and differences in characteristics of patients with genotypes isolated compared to those of culture-positive patients not included in the sample. However, since the latter represented a relatively small proportion (10%) of overall patients, no inference was drawn about these individuals. The absence of genotyping data on culture-negative TB patients also means that transmission to those individuals was not assessed. Estimates of the degree of clustering and size of clustering are also likely to be conservative because individuals with the same strain are potentially present outside of the study area [191]. Substantial challenges also remain in interpreting the extent of recent transmission, given the background heterogeneity of genotypes, strain evolution over time, and which criteria are used to infer transmission. Authors have previously evaluated various transmission indices in this evolving field of study [175, 192].  Additionally, while the use of spoligotyping and MIRU techniques are currently used by the CDC to determine recent transmission, their low calculated specificities compared to the commonly used IS6110-based restriction fragment length polymorphism have been shown to lead to misclassification of cases, inflated estimates of TB transmission, and low positive predictive values [193]. Finally, some strains may be more transmissible than others, giving rise to sputum smear-positive disease, slower onset of clinical symptoms even as the patient is infectious, or leading to more virulent disease [194].
Further investigation needs to show how risk factors for clustering are associated with poverty in the underlying communities at risk.  Alcohol abuse and homelessness were themselves associated with clustering in this study in unadjusted analyses. Clustering in this study was not associated with HIV infection, as in other studies in the United States [49, 62]. This may be because HIV-infected TB cases are on average less likely to be the source of transmission [195], or due to the small sample of HIV-coinfecteds in our study population. As has been previously noted, prior studies have largely looked exclusively at nosocomial transmission in HIV clinics in the US [64]. 
Future studies might also incorporate other evidence to determine the effect of socioeconomic status on transmission patterns, such as investigating drug susceptibility results and epidemiological linkages (through contact investigation data and the proportion of cases among children) that include spatial and temporal associations. Since patient residence at diagnosis seems to be an important factor in determining clustering, it would be useful to determine whether clusters are proximal to homeless facilities, bars, or other historically important sites of tuberculosis transmission [196]. As well, replication of this study at other geographic levels would ensure validation of the results. Changing levels of data aggregation may result in different observed spatial patterns (Modifiable Areal Unit Problem), as in the shift from block group-level to zip code aggregation.
The findings reported here suggest the importance of understanding not only individual characteristics of patients leading to clustering but also the contextual characteristics of neighborhoods. Results of this study stress the need for TB control interventions that focus on high-risk groups within poor neighborhoods. Recently transmitted disease is most likely propagated among a core of hard-to-reach patients in these areas [54, 196]. Poverty is likely to concentrate risk factors for TB and limit access to adequate care, fueling transmission. Measures such as improved case finding strategies, location-based screening and treating individuals with latent TB infection in these areas could reduce recent rates of transmission. 
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	Model 1
	Model 2
	Model 3
	Model 4
	Model 5
	Model 6

	Outcome
	Clustering Yes/No
	Clustering Yes/No
	Clustering Yes/No
	Clustering Yes/No
	Clustering Yes/No
	Clustering Yes/No

	Exposure
	
	SEP quartile
	SEP quartile
	SES quartile
	SEP quartile
	SEP quartile

	Individual covariate
	
	
	Age, race, sex, country of origin
	Age, race, sex, country of origin, homelessness, employment, provider type
	Age, race, sex, country of origin, homelessness, employment, provider type
	Age, race, sex, country of origin, homelessness, employment, provider type

	Block group covariate
	
	
	
	
	Asian and Black race, Hispanic ethnicity and foreign birth
	Asian and Black race, Hispanic ethnicity and foreign birth, foreign birth random effect



[bookmark: _Toc279492477]Figure 4.1: Multivariate modeling strategy
[bookmark: _Toc279492552]Table 4.1: Characteristics of 327 block groups Included in the analysis, based on 2000 US Census data
	Block Group Characteristic
	Median
	Mean
	SD
	Range
	King County Median**

	Demographic Variables

	Population size (persons)
	1154
	1302
	647
	246-4721
	1,011

	Non-Hispanic White race, %
	65.5
	60.0
	23.0
	3.1-95.7
	79.7

	Non-Hispanic Asian race, %
	12.1
	15.9
	14.3
	0-73.2
	7.1

	Non-Hispanic Black race, %
	5.6
	9.5
	10.9
	0-56.3
	1.8

	Hispanic Ethnicity, %
	5.5
	7.7
	7.3
	0-44.4
	3.5

	Foreign-born, %*
	19.3
	21.5
	13.0
	0-62.4
	11.7

	Socioeconomic Variables

	Less than HS Education, %
	9.8
	12.8
	11.0
	0-57.2
	6.9

	Unemployment, %
	3.0
	3.6
	3.0
	0-26.4
	2.6

	Median household income, $
	
48,021
	
51,043
	
21,297
	8,667-140,884
	56,691

	Poverty, %
	7.9
	10.9
	10.0
	0-57.5
	5.5

	Working Class, %
	57.8
	56.4
	14.1
	21.7-85.4
	51.1

	Home ownership, %
	64.8
	59.4
	28.6
	0-100
	73.5

	Tuberculosis Measures

	Tuberculosis mean cases/yr
	0.22
	0.27
	0.20
	0.11-1.0
	0

	Tuberculosis incidence (per 100,000 person*years)
	12.0
	15.6
	13.4
	3.5-135.5
	0


Note: HS=High School, SD=standard deviation
*Excluding US territories and those born abroad to US parents
**King County median reflects all block groups with SES variables available (N=1,576)



[bookmark: _Toc279492553]Table 4.2: Demographic and clinical features of TB patients included from King County by genotypic clustering
[bookmark: _Toc279492554] of M. tuberculosis 2004-2008*
	Patient Characteristic
	Overall
N (%)a
	Unique
N (%)a
	Clustered (2)
N (%)a
	Clustered (3 or more)
N (%)a
	P-Value**

	Total
	519 (100.0)
	307 (59.2)
	52 (10.0)
	160 (30.8)
	P<0.001

	Sex, male
	309 (59.5)
	170 (55.4)
	31 (59.6)
	108 (67.5)
	P=0.040

	Mean diagnosis age, years
Age Categories
     0-4
     5-14
     15-24
     25-44
     45-64
     65+
	45.2


3 (0.6)
6 (1.2)
89 (17.2)
180 (34.7)
130 (25.1)
111 (21.4)
	46.3


2 (0.7)
4 (1.3)
51 (16.6)
105 (34.2)
66 (21.5)
79 (25.7)
	43.5


1 (1.9)
1 (1.9)
7 (13.5)
20 (38.5)
12 (25.0)
10 (19.2)
	43.5


0 (0.0)
1 (0.6)
31 (19.4)
55 (34.4)
51 (31.9)
22 (13.8)
	P=0.029

P=0.095

	Race
     American Indian
     Asian
     Black
     Native Hawaiian
     White     
     Multiple Races
     Unknown
	
14 (2.7)
226 (43.6)
145 (27.9)
18 (3.5)
109 (21.0)
2 (0.4)
5 (1.0
	
6 (2.0)
141 (46.8)
77 (25.6)
6 (2.0)
71 (23.6)
	
0 (0.0)
19 (36.5)
25 (48.1)
0 (0.0)
8 (15.4)
	
8 (5.0)
66 (41.5)
43 (27.0)
12 (7.6)
30 (18.9)
	P=0.001

	Ethnicity
     Hispanicb
     Missing or    
     Unknown
	
56 (10.8)
3 (0.6)
	
40 (13.1)

	
6 (11.5)
	
10 (6.3)
	P=0.085



Table 4.2 continued
	Patient Characteristic
	Overall
N (%)a
	Unique
N (%)a
	Clustered (2)
N (%)a
	Clustered (3 or more)
N (%)a
	P-Value**

	Country of Originc
     US-born
     Foreign-born 
	
101 (19.5)
418 (80.5)
	
41 (13.4)
266 (86.6)
	
11 (21.2)
41 (78.9)
	
49 (30.6)
111 (26.6)
	P<0.001

	Time from US arrival to TB diagnosis, yearsd 
      0-4
      5-9 
      10-19 
      20+ 
      Missing
	


156 (37.6)
71 (17.1)
90 (21.7)
77 (18.6)
21 (5.1)
	


103 (40.6)
53 (20.9)
55 (21.7)
43 (16.9)

	


16 (41.0)
8 (20.5)
7 (18.0)
8 (20.5)

	


38 (36.5)
11 (10.6)
29 (27.9)
26 (25.0)

	

P=0.174

	HIV Status
       Negative
       Positive
       Indeterminate
       Refused
       Not offered
       Unknown
	
408 (78.6)
26 (5.0)
0 (0.0)
37 (7.1)
27 (5.2)
21 (4.1)
	
231 (93.5)
16 (6.5)
	
45 (97.8)
1 (2.2)
	
132 (93.6)
9 (6.4)
	P=0.514

	Previous TB
       Yes
       No
       Unknown
	
37 (7.1)
473 (91.1)
9 (1.7)
	
23 (7.7)
277 (92.3)
	
5 (9.8)
46 (90.2)
	
9 (5.7)
150 (94.3)
	P=0.557



Table 4.2 continued
	Patient Characteristic
	Overall
N (%)a
	Unique
N (%)a
	Clustered (2)
N (%)a
	Clustered (3 or more)
N (%)a
	P-Value**

	Homeless within Past Year
       No
       Yes
       Unknown
	

452 (87.1)
65 (12.5)
2 (0.4)
	

281 (92.1)
24 (7.9)
	

47 (90.4)
5 (9.6)
	

124 (77.5)
36 (22.5)
	
P<0.001

	Unemployed within past 24 months
       No
       Yes
	

309 (59.5)
210 (40.5)
	

180 (58.6)
127 (41.4)
	

29 (55.8)
23 (44.2)
	

100 (62.5)
60 (37.5)
	P=0.608

	Site of Disease
       Pulmonary
       Extra-pulmonary
       Both	
	
284 (54.7)
139 (26.8)
96 (18.5)
	
212 (69.1)
95 (30.9)
	
38 (73.1)
14 (26.9)

	
130 (81.3)
30 (18.8)
	P=0.019

	Sputum Smear Result
       Positive
       Negative
       Not done
       Unknown
	

194 (37.4)
261 (50.3)
63 (12.1)
1 (0.2)
	

103 (39.2)
160 (60.8)
	

16 (34.0)
31 (66.0)
	

75 (51.7)
70 (48.3)
	
P=0.022

	Chest Radiographic Result
       Normal	
       Abnormal	
       Not Done 
       Unknown
	

90 (17.3)
423 (81.5)
5 (1.0)
1 (0.2)
	

57 (18.8)
247 (81.3)
	

13 (25.5)
38 (74.5)
	

20 (12.7)
138 (87.3)
	
P=0.077



Table 4.2 continued
	Patient Characteristic
	Overall
N (%)a
	Unique
N (%)a
	Clustered (2)
N (%)a
	Clustered (3 or more)
N (%)a
	P-Value**

	Chest Radiographic Abnormalityf
       Cavitary
       Noncavitary,   
       consistent
       Noncavitary, not   
       consistent
       Unknown
	

112 (26.5)
282 (66.7)

23 (5.4)

6 (1.4)
	

52 (21.3)
176 (72.1)

16 (6.6)
	

12 (31.6)
24 (63.2)

2 (5.3)
	

48 (35.6)
82 (60.7)

5 (3.7)
	
P=0.041

	Provider Type
       Health Dept.
       Private Provider
       Both
       Missing
	
411 (79.2)
35 (6.7)
69 (13.3)
4 (0.8)
	
233 (76.4)
23 (7.5)
49 (16.1)
	
44 (86.3)
2 (3.9)
5 (9.8)
	
134 (84.3)
10 (6.3)
15 (9.4)
	P=0.198


*Includes only those individuals who are coded within a block group and have an available Spoligotype and/or MIRU genotype result
**Compares unique, 2-cluster and 3 or more-cluster groups; Missing, unknown values and multiple values excluded from these comparisons.
a Because of rounding, percentages may not total 100.
b Persons of Hispanic ethnicity may be of any race or multiple race.
cForeign-born includes persons born outside the US, American Samoa, the Federated States of Micronesia, Guam, the Republic of the Marshall Islands, Midway Island, the Commonwealth of the Northern Mariana Islands, Puerto Rico, the Republic of Palau, the US Virgin Islands, and US minor and outlying Pacific islands.
dAmong foreign-born patients.
eExcess alcohol use: ≥5 drinks on same occasion on each of ≥5 days in past 30 days.
fAmong patients with an abnormal chest x-ray.








[bookmark: _Toc279492478]Figure 4.2: Number of clusters by cluster size. 







[bookmark: _Toc279492479]Figure 4.3: Annual incidence rate of sporadic and clustered cases of TB, 2004-2008. 


Block groups shaded light green are those with TB patients; those shaded dark green represent block groups with genotypically clustered cases; the significant contiguous block group cluster is shaded in dark grey.
[bookmark: _Toc279492480]Figure 4.4: Genotypic clustering within King County

[bookmark: _Toc279492555]Table 4.3: Overall incidence rate and clustering by SEP index quartiles 
	
	High SEP
	Medium-High  SEP
	Medium SEP
	Low SEP

	Number of block groups
	81
	83
	82
	81

	Population, %
	26.3
	24.8
	24.2
	24.7

	Total Case Count 
	104
	114
	120
	181

	Total Population 
	1,007,559
	950,310
	925,794
	946,953

	9-yr PY Incidence/100,000*
	10.32
	12.00
	12.96
	19.11

	Clustered cases, %**
	27.9
	38.6
	44.2
	47.5

	Sporadic case 9-yr PY Incidence/100,000**
	7.44
	8.00
	6.80
	12.36

	Cluster case 9-yr PY Incidence/100,000**
	2.88
	4.00
	6.16
	6.76


Note: PY=Person-Years, SEP=Socioeconomic Position
*Chi squared test of proportions, top quartile vs. bottom quartile, P<.0001
**Chi squared test for trend across SES quartiles, P=0.001
Population figure provides proportion of total population in block groups in a particular SES quartile.


[bookmark: _Toc279492481][bookmark: _Toc279492556]Figure 4.5: Predicted log-odds of TB clustering by z-score in unadjusted model 
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Table 4.4: Odds ratios for associations of TB clustering with individual- and block group-level variables
	
	Model 1
OR (95% CI)
N=506
	Model 2
OR (95% CI)
N=506
	Model 3
OR (95% CI)
N=506
	Model 4
OR (95% CI)
N=506
	Model 5
OR (95% CI)
N=506
	Model 6 
OR (95% CI)
N=506

	Block group variance (SE)
	1.01 (0.531)
	0.774 (0.481)
	0.515 (0.414)
	0.555 (0.428)
	0.351 (0.386)
	0.351 (0.386)

	Highest SEP
Medium-High 
Medium-Low
Lowest SEP
P-Trend
	
	Reference
1.61 (0.81, 3.20)
2.03 (1.03, 4.02)
2.20 (1.16, 4.19)
P=0.014
	Reference
1.88 (0.95, 3.74)
1.85 (0.93, 3.67)
2.37 (1.24, 4.54)
P=0.016
	Reference
1.86 (0.92, 3.76)
1.75 (0.86, 3.53)
2.24 (1.14, 4.38)
P=0.036
	Reference
1.69 (0.83, 3.43)
1.47 (0.70, 3.21)
1.69 (0.73, 3.93)
P=0.374
	Reference
1.69 (0.83, 3.43)
1.47 (0.70, 3.21)
1.69 (0.73, 3.93)
P=0.374

	Individual-level Demographic 
	
	
	
	
	
	

	Age
Quadratic Age
	
	
	1.05 (1.00, 1.11)
1.00 (1.00, 1.00)
	1.05 (1.00, 1.10)
1.00 (1.00, 1.00)
	1.04 (0.99, 1.10)
1.00 (1.00, 1.00)
	1.04 (0.99, 1.10)
1.00 (1.00, 1.00)

	Asian
Black
Pacific Islander
White
	
	
	1.96 (0.50, 7.66)
1.98 (0.51, 7.65)
7.15 (1.16, 3.92)
1.03 (0.27, 3.92)
	2.72 (0.65, 11.37)
2.61 (0.64, 10.59)
9.38 (1.44, 61.00)
1.29 (0.32, 5.10)
	3.09 (0.77, 12.41)
2.48 (0.64, 9.64)
8.40 (1.37, 51.55)
1.31 (0.35, 5.00)
	3.09 (0.77, 12.41)
2.48 (0.64, 9.64)
8.40 (1.37, 51.55)
1.31 (0.35, 5.00)

	Female Sex
	
	
	0.70 (0.45, 1.07)
	0.77 (0.49, 1.21)
	0.75 (0.48, 1.15)
	0.75 (0.48, 1.15)

	Foreign-born
	
	
	0.26 (0.14, 0.49)
	0.27 (0.15, 0.52)
	0.29 (0.15, 0.53)
	0.29 (0.15, 0.53)

	Individual-level SES
	
	
	
	
	
	

	Homeless
	
	
	
	1.79 (0.82, 3.92)
	1.58 (0.74, 3.38)
	1.58 (0.74, 3.38)

	Unemployed
	
	
	
	0.94 (0.57, 1.57)
	0.92 (0.56, 1.52)
	0.92 (0.56, 1.52)

	Private Provider
Mixed Services
	
	
	
	1.07 (0.44, 2.60)
0.57 (0.29, 1.10)
	1.11 (0.46, 2.64)
0.60 (0.31, 1.14)
	1.11 (0.46, 2.64)
0.60 (0.31, 1.14)



Table 4.4 continued
	
	Model 1
OR (95% CI)
N=506
	Model 2
OR (95% CI)
N=506
	Model 3
OR (95% CI)
N=506
	Model 4
OR (95% CI)
N=506
	Model 5
OR (95% CI)
N=506
	Model 6 
OR (95% CI)
N=506

	Block-Group level demographic 
	
	
	
	
	
	

	Asian
	
	
	
	
	0.78 (0.59, 1.05)
	0.78 (0.59, 1.05)

	Black
	
	
	
	
	1.26 (0.99, 1.62)
	1.26 (0.99, 1.62)

	Hispanic
	
	
	
	
	1.06 (0.85, 1.33)
	1.06 (0.85, 1.33)

	Foreign-Born
Foreign-born variance
	
	
	
	
	1.03 (0.74, 1.44)
	1.03 (0.74, 1.44)
0


Notes: OR=Odds Ratio, CI=Confidence Interval, SE=Standard Error

Synthesis

Research Summary
The relationship between socioeconomic status (SES) on an area-based level and tuberculosis (TB) disease risk is poorly understood. This study used a multilevel approach to test whether small-area variations in socioeconomic disadvantage were associated with higher TB incidence in Washington State. It also tested whether SES was related to greater severity of TB disease in King County, Washington, and increased TB transmission in King County.  Study results suggested that lower area-level SES was significantly positively associated with TB incidence and recent transmission as assessed by clustering, but not with disease severity. The results did not support the hypothesis that individuals who are poor and live in urban areas are at increased risk of active TB disease.  
A significant association was found between indices of socioeconomic position (SEP) and TB incidence in Washington State, with a clear gradient of higher rates observed among lower zip-code tabulation area socioeconomic quartiles. In multivariate analyses, addition of individual- and area-level covariates significantly attenuated this association, although statistical significance was preserved.  No significant interaction between level of urbanness and socioeconomic status was observed.  In multivariate models adjusting for individual demographic and socioeconomic measures, as well as area-based demographic variables, block-group SEP was not significantly associated with greater disease severity in King County, Washington. However, the incidence of severe disease was still high in low SEP areas. Multilevel models in which community-level characteristics were measured at the block group level demonstrated that lower SES was positively associated with TB genotypic clustering in King County after controlling for individual covariates, but the trend in odds of  higher clustering with lower SEP quartile was lost when adding additional block-group level covariates.  

Limitations and Future Directions
In general, multilevel analysis does not easily allow investigation of dynamics between predictors or between predictors and outcomes. For example, multilevel models do not model the possibility that individual‐level properties may influence group characteristics and that these emergent group characteristics may, in turn, shape individual‐level independent variables. Instead, in multilevel analysis, interest centers on estimating group and individual effects on individual‐level outcomes, on studying interactions between individual and group characteristics, and on estimating between‐ and within‐group variability in outcomes. Additionally, identification of disease patterns in these models depends on the geographic scale which is selected, such that a high correlation between incidence/severity/transmission and SEP predictors suggests that they vary at the same geographic scale and may not be true at a different scale where data are unavailable [197].
Although the effects of group‐level variables such as the structure of social contacts in a group (which may be predictors of the dynamics of transmission of disease) can be examined, the actual temporal dynamics of transmission itself are not modeled.  Thus future complementary studies that model transmission dynamics mathematically are warranted and should be an area of major emphasis in the future. 
Additional future areas of research include acquiring individual-level SEP data in order to tease apart the contribution of individual-level SEP and area-level SEP where both kinds of data available.  Particular emphasis could be given to recently infected cases, to better understand the mechanisms by which neighborhood-level disadvantage influences continuing TB transmission.  Additional spatial analyses that utilize both spatial lag and error models would provide further evidence into possible spatial autocorrelation and the effects of neighboring areas on one’s own risk of TB disease [198].   The role of spatial analyses could in general further suggest possible additional area-level associations with TB outcomes, and may be helpful in testing the hypotheses developed in this dissertation [199].  Taking into account multiple levels of geographic aggregation, to include census tract and county-level variables would help avoid the modifiable areal unit problem. As well, more detail regarding patient residential history and updated information about area-level SEP would minimize misclassification biases.
It is also important to tease apart the potential role of poverty, as opposed to host or strain-specific impacts on transmission. For example, the Beijing family of strains is very widely disseminated around the world, which indicates that the strain is either more transmissible, or else more likely to cause disease [194].  Indeed, a small percentage of strains likely cause a disproportionately large number of TB cases worldwide [10, 188].  Since transmission dynamics likely differ, if one could control somewhat for strain family or type, it might be easier to assess area-level effects on disease.  Similarly, the role of potential infectiousness of patients on clustering is a confounder. Infectiousness of initial cases has previously been associated with a higher rate of cluster growth [65].  However, we might like to know what SES factors predict rates of cluster growth, as well as which SES determinants predict cluster size.   Large clusters have previously been associated with factors related to social mixing, but could also depend on factors favoring transmission [200]. Transmission between disparate SES strata would also be of interest to examine, as one would hypothesize that most clusters occur as a result of transmission from individuals within the same SES continuum.  The incorporation of case interviews or contact investigation data could help reinforce the results found through the use of genotypes alone.  Ultimately, a standardized way of classifying TB into recently, remotely, and foreign-acquired disease would be useful to help decide on interventions and allocation of resources.  Future study could focus on clinical presentation of disease, such as radiographic appearance (upper lobe infiltrates, cavitation, bilateral involvement, miliary disease etc.) of TB as an indicator of recent acquisition of disease.

What this dissertation contributes
The findings from this dissertation suggest that lower area-level SES is positively associated with a number of TB outcomes. While a growing body of research is examining the association of area characteristics and TB incidence, prevalence and mortality, these studies have multiple conceptual and methodologic limitations. The present study has added to our knowledge in this area by examining a broader range of area-based measures than previously explored, utilizing multilevel analytical approaches, controlling for multiple covariates at the individual and area level and testing for differential effects of SES and levels of urbanness on TB incidence. These findings emphasize the adverse role of socioeconomic disadvantage on TB outcomes and suggest the need for policies focusing on assisting those living in marginalized areas, including TB-specific services such as directly observed therapy provision, active case finding, and evaluation and treatment of latent TB infection.  Poverty itself is likely to result in inadequate access to health care and TB treatment [185]. Limited access to care, including proximity, cost, service acceptability and presence of public clinics and transportation is in turn likely to result in greater disease severity and transmission [137, 149].  Beyond TB-specific interventions, a holistic framework that focuses on the content, quality, and continuity of care may allow for a more effective approach to prevention.  
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