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Teen birth (TB) imposes serious health and economic burdens to both individuals and government.  Various 

attempts have been made to overcome TB such as teen pregnancy prevention evidence-based programs. However, 

these programs might have declined teen birth rate (TBR), most of which do not address the influencing socio-

economic factors linked to areas where teenagers live. This study is aimed at investigating socio-economic factors 

contributing to TB and identify their geographical disparities. The methodology was developed using the 

vulnerability theory to examine the complex relationship between TB and socio-economic factors. Principal 

Component Analysis (PCA) and Geographically Weighted Regression (GWR) were employed to analyze census 

data. Findings suggest that socio-economically disadvantaged minorities, including unemployed black and 

uneducated Hispanic, are more vulnerable to TB. Additionally, geographic locations of communities where such 

teenager live are recognized. The outcomes verified the utility of the vulnerability theory to predict the geographical 

locations of vulnerable teens that can be leveraged by policymakers to allocate more health resources and perform 

place-specific interventions to effectively reduce TBR.  
 

1. Introduction  

Teen birth (TB) has been defined as the number of births to female aged 15-19 (or teenage subgroup) 

in a given year (Martin, Park and Sutton 2002, Ventura and Hamilton 2011, Hamilton, Mathews, et 

al. 2016, Guldi and Herbst 2017, Sheen, et al. 2018). Historically, there have been diverse viewpoints 

and experiences surrounding TB as both a social norm and social problem in the U.S. During the late 

eighteenth century, teen childbearing was an intentional practice and was deemed as socially 

normative. Over the nineteenth century, due to westward territorial expansion, the U.S. experienced 

high rates of adult death and infant mortality that necessitated an early onset of acceptable marriage 

and childbearing age. Further, the frequent and early childbearing was also linked with the necessity 

for larger household sizes to handle agrarian tasks (Furstenberg 2007 ). This trend did not last until 

the early twentieth century that TB was perceived as a significant social, cultural, and economic issue 

(Price, El-Khoury and Wonnum 2014).  

Rise of industrialization in the twentieth century caused the U.S. to experience delayed marriage 

as well as childbearing (Furstenberg 2007 ), that was not until after America’s social and economic 

rebounds. From 1955 to 1965, the U.S. faced with baby boom and experienced an increase in fertility 

among female of all ages, including teenagers, thereby TB became an important social concern. 

Therefore, national concerns with regard to TB exacerbated in the late 1690s and early 1970s, and 

the U.S. faced a decline in TB and delayed age of marriage (Furstenberg Jr, Brooks-Gunn and Chase-

Lansdale 1989). Unlike the 1960s, when most teen mothers- nearly 85%- were married (Livingston 

and Thomas 2019), during 1970s, TB has been linked to unwanted births, and non-marital births 

(Price, El-Khoury and Wonnum 2014), just as the majority of TBs today (89%) are to unmarried 

mothers (Livingston and Thomas 2019). 

As of 1977, every U.S. president, from President Jimmy Carter to recent presidencies of Donald 

Trump, has also emphasized TB as a social problem that directly influenced public policy 

(Furstenberg 2007 , Burns 2017). Still, public attention to the TB as a social, cultural, and political 

concern continues to remain steady. One of the reasons that TB has remained as an issue of public 

concern is the likelihood of health complications for teenage mothers and their infants (Hamilton and 

Ventura 2012). For instance, teenage mothers are more likely to deliver a low birth weight, premature 
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or underweight infants compared to adult mothers, plus the mortality rate for teenage mothers in the 

U.S. is twice that as for their adult counterparts (Klein 2005, Papri, et al. 2016). Furthermore, infants 

born to teenage mothers have also been identified at greater risk for developmental delays and death 

within one year (Cherry, Byers and Dillon 2009) 

Furthermore, early motherhood leads teen girls to vulnerable population with substantial 

physical, psychological, and social needs. Teenage mothers have higher rates of weak-family 

involvement, mental health problems, poverty, substance abuse, and achieve lower levels of 

education, which lead them to long-term dependence on public welfare (Sangalang 2006, Casares, 

et al. 2010, Brown, et al. 2012). As a result, TB imposes serious economic burdens on both U.S. 

citizens and the government through increasing spending of taxpayers on health, foster care, and loss 

of tax revenue due to low education and low income of teenage mothers (Lavin and Cox 2012). As 

such, it is estimated that TB costs the U.S. government approximately 10 billion dollars annually 

(Brace, Hall and Hunt 2008, Hamilton and Ventura 2012, Burns 2017), ranging from $15 million in 

Vermont to $1.1 billion in Texas (NCSL 2014). The cyclical nature of poverty has made TB a cyclical 

and persistent problem (Klein 2005, Bouris, et al. 2012) with an overall 38 percent of teenage girls, 

between the ages of 15 and 19, living in poverty account for 60 percent of TB (Cherry, Byers and 

Dillon 2009, Kearney and Levine 2012, Taylor 2017).   

Teen birth rate (TBR) varies widely across the U.S. by geographic location, as well as race and 

ethnicity. For instance, a teenage girl in Mississippi is four times more likely to give birth than a 

teenage girl in New Hampshire (Kearney and Levine 2012). In addition, TBR for the city of Chicago 

was about 1.5 times higher than the national rate, 57 births per 1,000 teens versus 39 births per 1,000 

teens (Gunaratne, et al. 2015). With respect to racial and ethnic differences of TBR, in 2017, Hispanic 

teens exhibited the highest rate of TB (28.9 percent), followed by black (27.6), then by white (13.4) 

(U.S. Department of Health & Human Services 2019) with the negligible rate exhibited in the U.S. 

of other races.  

TBR has fallen dramatically in the U.S. over time, from peaked at 96.3 births per 1,000 girls age 

15-19 in 1957, the midst of the baby boom, to 17.4 births per 1,000 by 2018 (Livingston and Thomas 

2019), as visualized in Fig. 1. However, the urban areas experienced the largest TBR declines 

compared with smallest declines occurred within the rural areas from 2007 through 2015 (Hamilton, 

Rossen and Branum 2016). Moreover, Martin, et al. (2018) have declared that from 2016 TBR of the 

U.S.  has dropped 10% and 6% for women aged 15-17 and 18-19 years, respectively.  

 

 

Fig. 1 TBR decreasing trend in the U.S. over time as of 1940. Retrieved from “Why is the U.S. teen birth rate falling?”, by 

G. Livingston Gretchen and D. Thomas, 2019, https://www.pewresearch.org/fact-tank/2019/08/02/why-is-the-teen-birth-

rate-falling/. 

 

Nevertheless, the implicit reasons for nearly 40% decline in TBR since 1991 are not clear, health 

service research data assert that approximately 12 of 30 percent decline until 2012 can be explained 

https://www.pewresearch.org/fact-tank/2019/08/02/why-is-the-teen-birth-rate-falling/
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by policy changes such as expanding family planning services through Medicaid as well as welfare 

benefits (Kearney and Levine 2012). Other evidences also suggest that this long-term decline has 

also linked to more sexual abstinence among teenagers, as well as increased availability of 

preventative resources, healthcare, abortion and effective use of contraception (Santelli, Lindberg, et 

al. 2007, Sedgh, et al. 2015, Dee, et al. 2017, Chhabra 2019). Namely, Lindo and Packham (2017) 

estimated that expanding access to long-acting reversible contraceptives could successfully reduce 

6.4 of 12 percent drop over five years - from 2012 to 2017. In addition, establishment of teen 

pregnancy prevention programs have been considered as efficient ways overcoming the prevalence 

of TB (Demby, et al. 2014, Solomon-Fears and Ronquillo 2015, Marseille, et al. 2018).  

In spite of the consistent downward trend, the U.S. still reigns as having the highest TBR among 

developed countries, including Canada and the United Kingdom (Elders 2012, Hamilton and Ventura 

2012, Kearney and Levine 2012, Sedgh, et al. 2015). To enhance the efficacy of the current public 

policy in reducing TBR, national-level policy is required to target communities with elevated rates 

of TB. Next, the vulnerability theory should be leveraged to examine the role of socio-economic 

status of teenage girls in such communities on prevalence and incidence of TB (Blake and Bentov 

2001).  Then, the identified socio-economic status can be used to predict the vulnerable teens and 

their locations and engage them in specific initiatives aimed at mitigating TB. Meanwhile, providing 

consistent evidenced-based evaluation could assess the programmatic impacts.  

 

2. Vulnerability Theory  

Aday’s theory of vulnerability (2002) provides a conceptual framework to identify the origins of 

vulnerability through examining various social and corresponding individual determinants. As 

mentioned earlier, vulnerable population are those who are at risk of either poor physical, 

psychological, or social health. According to the vulnerability theory, community and corresponding 

individual characteristics constitute as risk factors associated with or lead to increases in the 

probability of occurrence of poor health. Aday asserts that individual risk factors vary as a function 

of resources associated with the social characteristics (age, gender, race, and ethnicity) of the 

individuals themselves, the nature of the ties between them (e.g. family members, friends, and 

neighbors), and characteristics of the neighborhood (e.g. schools, jobs, incomes, and housing) in 

which they live. Three risk factors refer to social status, social capital, and human capital, respectively 

that their importance and relative relationship are shown in Fig. 2. 

In accordance with Aday’s assertion, social status refers to prestige and power gained through 

roles that individuals occupying in a society and depends on age, gender, race and ethnicity. Age-

related examples would be risk-taking behavior of teenagers that expose them to health risks. In 

terms of race and ethnicity, minorities including African Americans, Hispanic, and Native Americans 

are much more likely to be in poor health than are majority of Americans described as white and 

middle-class by Morgan, Chaper and Fisher (1995).  

In addition, social capital refers to interpersonal ties among people that yield social support. 

Obviously, people who have supportive social networks experience better physical, phycological, 

and social well-being. To specify, well-developed social networks of pregnant women provide 

extensive emotional and economic support and encourage them to care themselves and their children 

and less likely to be vulnerable.   

While, human capital points out to the level of investment on people’s capabilities to enhance 

their contributions in a society. Neighborhood with low-rank schools, high rates of unemployment 

and substandard housing reflect low levels of investments in the human capital. Hence, people who 

have the compound disadvantage of living in such places are more likely to become unemployed, 

less educated, and poor people in general tend to experience more health problems than do their 

socioeconomically advantaged counterparts. It should be noticed that integration of social status, 

social capital, and human capital should be considered to determine the vulnerability of populations. 
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For instance, economically advantaged minorities might be at much lower health risk than are other 

minorities.  

 

Fig. 2. Predictors of populations at risk. 

 

3. Purpose of the Study 

The main objective of this study is identifying socio-economic predictors contributing to TB and their 

spatial variations. Referring to the vulnerability theory, such predictors can be mainly characterized 

as education and economy (human capital) and race and ethnicity (social status). Due to lack of 

explicit data indicating social capital, such predictors are not contributed in the analysis. Once the 

predictors are identified, their geographic locations will be determined. It is worth noting that TB 

contains spatial information and its associated predictors create a network of causes, hence statistical 

approaches along with Geo-spatial Information Science (GIS) can integrate census data to analyze 

TB and ultimately identify why and where the problem exists (Graves 2008).  

Given the above, the study will address the following research questions:  

• What are the socio-economic factors contributing to TB?  

• What are geographic variations of such factors? 

 

4. Material and Method 

 

4.1. Study site 

Chicago has been selected as the study area due to the highest rate of TB as well as its diverse 

population with high geographical disparities. Chicago is located northeast of Illinois, covering  

approximately 606 square kilometers, with an estimated population of 2.7 million, comprises 77  

communities (U.S. Census Bureau 2017). The multidimensional geographic data of Chicago, updated 

in 2014, is retrieved from GeoDa Data and Lab. The collected geographic dataset is the most current 

publicly available dataset containing various socio-economic variables (Anselin, et al. 2014).  

In accordance with the vulnerability theory, variables associated with race, education, and 

economy, as listed in Table 1, have been used to investigate TB. Referring to Table 1, seven variables 

include populations of white (Wht14), black (Blk14), Asian (AS14), and Hispanic (Hisp14), number 

of adults without a high school diploma (NoHS14), number of unemployed people (Unemp14), 

number of children (age 0-18) living in poverty (ChldPov14). To specify, some races, such as 
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American Indian, Native Hawaiian, and other constitute a small portion of races (less than 4 percent 

together) and hence have been excluded from the analysis.  

 
Table 1 Recognized predictors of TB include race, education, and economic domains. 

 

Domain Variable Description Source 

Race  

Wht14 

Blk14 

AS14 

Hisp14 

White population  

Black population  

Asian population 

Hispanic population  American community survey 2014 

Education NoHS14 Number of adults without a high school diploma  

Economic  
Unemp14 Number of people unemployed  

ChldPov14 Number of children (age 0-18) living in poverty  

Health TeenBirth TBR per 1000 females aged 15-19 City of Chicago data portal 2014 

 

4.2 Data analysis 

First off, the adequacy of samples, in this case communities, is verified using the Kaiser-Meyer-Olkin 

method (Hargreaves and Mani 2015) and Moran’s I is employed to measure the spatial similarity 

between communities for TBR (Diniz‐Filho, Bini and Hawkins 2003). Second, PCA, as a successful 

dimension-reduction technique (Singh 2003, Messer, et al. 2006, Aungkulanon, et al. 2017) is 

leveraged to reduce the incorporating variables to a small set of components that link racial and 

economic variables. Third, local GWR, as an efficient method constructing place-based linear models 

(Shoff and Yang 2012, Lewandowska-Gwarda 2018), is employed to create a local regression model 

for each community through identifying the relationship between its associated TBR and components 

(Brunsdon, Fotheringham and Charlton 1998). Finally, the resultant linear regression models enable 

us to recognize the most influencing component on TBR of each community along with the 

geographic location of such communities. It is worth noting that Kaiser-Meyer-Olkin and PCA are 

implemented using SPSS statistical analysis software, whereas local Moran’s I statistic and GWR are 

conducted in ArcGIS 10.4.1.   

 

5. Results  

The Kaiser-Meyer-Olkin is obtained greater than 0.5, implying that a sample containing 77 

communities is big enough to generalize the results. Further, Moran’s I statistic is obtained 0.23 

indicating that communities with high TBR are spatially autocorrelated highlighting the importance 

of TBR analysis in Chicago. Fig. 3 depicts clusters of communities with high and low TBR in white 

and black colors, respectively. In accordance with Fig. 3, the spatial distribution of white and black 

communities implies that communities with similar TBR are spatially clustered; namely communities 

with high TBR are mainly distributed across midwestern and southern parts of Chicago. Notable that 

the presence of such spatial pattern within communities experienced high TBR might be due to a 

great deal of similarity between variables affecting TBR of such communities.  
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Fig. 3. Clusters of communities in Chicago with similar TBRs. 

 

Then, PCA is employed to transform seven variables into only two components comprising the 

major part of the variation of the initial variables. It is noteworthy that the two components, having 

eigenvalues greater than one, account for approximately 73 percent of the variance of seven initial 

variables. The first and second components, as listed in Table 2, account for approximately 44 

percent and 29 percent of the total variance, respectively.  

 
Table 2 Variance accounted by each component and cumulative variance. 

 

Initial eigenvalues Rotation sums of squared loadings 

Component Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 3.09 44.17 44.17 3.08 44.10 44.10 

2 1.99 28.46 72.63 1.99 28.52 72.63 

3 0.95 13.67 86.30    

4 0.57 8.27 94.57    

5 0.22 3.26 97.84    

6 0.15 2.15 99.99    

7 0.00 0.01 100.00    

 

Next, two components, component1 and component2, are interpreted and described based on 

their contributing variables, with absolute loadings greater than 0.7, as listed in Table 3. According 

to Table 3, component1 refers to communities with low white population, high black population, 

along with high unemployment and child poverty rates that can be briefly termed as unemployed 

black. Meanwhile, component2 refers to communities with high population of Hispanic and high rate 

of adults without a high school diploma and hence termed as uneducated Hispanic. These imply that 

all seven variables except the Asian population provide meaning to the remaining components. 

 
Table 3 The rotated component matrix contains loadings of each variable on two components. 

 

Variable Component1 Component2 

Wht14 -0.93  

Blk14 0.91 -0.36 

AS14 -0.38 -0.12 

Hisp14 -0.18 0.92 

Unemp14 0.90  

ChldPov14 0.87 0.19 

NoHS14 0.29 0.90 
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Subsequently, component1 and component2 of 77 communities are calculated as listed in 

Appendix A;  component1 varies between -1.48 and 1.93, while component2 varies between -1.23 

and 2.80. After transforming seven variables into only two components, local GWR is employed to 

establish a linear relationship between values of two components and TBR of each single community. 

In other words, GWR, as a local regression model, estimates the intercept and coefficients of the 

linear model for each single community, as shown in Equation (1).  

TBRi =  intercepti + (∑ coefficientj componentj)i
2
j=1 +  ϵi                          (1) 

i denotes the geographic location of the ith community, two coefficients are associated with two 

components, and ϵ denotes the residual of the model. Table 4 lists the range of values associated with 

intercept, coefficient1, and coefficient2 of 77 linear regression models. Referring to Table 4, 

coefficien1 and coefficient2 contain only positive values implying that both of which have positive 

relationship with TBR. Therefore, we can infer that increase in unemployed black and uneducated 

Hispanic population will undoubtedly lead to the growth of TBR.   

 
Table 4 Ranges of values associated with intercept, coefficient1, and coeffidcient2, respectively. 

 

 
Min Max Mean 

Intercept  0.31 0.61 0.45 

Coefficient1 0.11 0.33 0.23 

Coefficient2 0.00 0.18 0.07 

 

In addition, the R-squared value of local GWR is obtained approximately 0.82, indicating that 

77 derived regression models through contributing component1 and component2 can explain 82 

percent of TBR variations across Chicago. Appendix B lists the intercept, coefficient1, coefficient2 

of 77 communities as well as their residual values calculated by subtracting observed from predicted 

TBR. In accordance with Fig. 4, visualizing the spatial distribution of residuals, it is visually evident 

that over and under predicted communities in dark and light gray colors, are randomly distributed. 

Fig. 4 also implies that only 18% of communities, 14 out of 77, have an absolute residual value 

greater than 11 percent (beyond -.11 and .11 range). Accordingly, we could conclude that output 

predictive linear models can explain TBR of 82 percent of communities with 89 percent accuracy.  

 

Fig. 4. The choropleth map of residuals resulting from local GWR. 

 

Another interesting point is that the predicted mean (intercept) can never be zero, since it varies 

between 0.31 and 0.61 according to Fig. 5 (A), which implies that TBR had never been zero across 

Chicago communities in 2014. This is quite consistent with the dataset used in the study, since there 
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is no community containing zero TBR. Overall, we can infer that there might be other variables 

contributing to TBR other than those introduced in this study for constructing component1 and 

component2.  

 

Fig. 5. The choropleth maps of (A) intercept and (B) TBR. 

 

Corresponding to Moran’s I statistic, 31 communities experienced considerably high TBR, 

white communities in  Fig. 6 (A). As listed in Appendix C, component1 has a greater impact than 

component2 on TBR of 23 out of 31 communities, corresponding with white communities in Fig. 6 

(B). In fact, it is undeniable that component1 is the most influential factor on TBR of nearly 75 

percent of communities characterized by high TBR, whereas, component2 has a greater impact on 

TBR of only 25 percent of communities witnessed high TBR, white communities in Fig. 6 (C). To 

clarify, unemployed black is the most influencing socio-economic factor of 75 percent of 

communities, while uneducated Hispanic account the major part of only 25 percent of communities 

experienced high TBR. In addition, visual inspection of the spatial distribution of the fore-mentioned 

23 and 8 communities, visualized in Fig. 6 (B) and (C), indicates the presence of clustering patterns 

amongst them.  

 

 

Fig. 6. Spatial distribution of (A) 31 white communities experienced high TBR, (B) 23 white communities, and (C) 8 white 

communities where unemployed black and uneducated Hispanic are the most influencing factors on their associated TBRs, 

respectively. 

 

In fact, Fig. 6 truly addresses both research questions in a way that explain the socio-economic 

factors contributing to TBR as well as their associated geographic locations. In accordance with Fig. 
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6, communities witnessed high TBR mainly spread over midwestern and southern parts of Chicago. 

TBRs of southern communities could be greatly explained by unemployed black residents, whereas 

in the northern communities, uneducated Hispanic population is the most influencing socio-

economic factor on their respective TBR. Through comparing the maximum impact of unemployed 

black relative to the maximum impact of uneducated Hispanic, it seems that unemployed black has 

maximum score of o.52 that is three time higher than uneducated Hispanic with maximum score of 

o.17 inferring a higher impact on communities with high TBR. This outcome might lead to prediction 

that communities with higher percentage of unemployed black are three times more likely to 

experience high TBR compared to uneducated Hispanic population.   

Eventually, the output linear regression models generated for 77 communities by GWR, could 

be leveraged to calculate the predicted TBR associated with each single community and compare 

with its observed TBR to obtain residual values. Fig. 7 (C) depicts that only 7 of 77 communities 

have inconsistent TBR predicted and observed. In fact, it is undeniable that GWR could successfully 

deliver linear models explaining TBR of 82 percent of communities with 89 percent accuracy through 

incorporating socio-economic factors. This implies that output linear regression models could be 

leveraged to predict TBR of communities across Chicago with a promising accuracy that 

undoubtedly resulting in detection of the most vulnerable population. Finally, the achieved accuracy 

enables us to justify the efficiency of the introduced data analysis method in addressing both research 

questions.   

 

Fig. 7. Spatial distribution of white communities (A) with high observed TBR, (B) with high predicted TBR using GWR, 

and (C) where the predicted and observed TBRs are not consistent. 

 

6. Discussion and Related Works 

Overall, this study delivered local linear models explaining 82 percent of TBR variations across 

Chicago communities with 89 percent accuracy that enable us to subsequently predict the associated 

locations of the most vulnerable teens. The models also reflect this fact that socioeconomically 

underserved minorities, including unemployed black and uneducated Hispanic, are more likely to be 

subjected to TB than white and Asian teens, while teens from higher socio-economic levels are less 

likely to be subjected to TB. Furthermore, we reached to the point that no meaningful contribution 

found from Asian population in describing TBR, which implies that not only being minority, but also 

socio-economic status determines the high-risk population. This seems quite consistent with the 

vulnerability theory that economically advantaged minorities might be at much lower risk than are 

other minorities. 

The outcomes are in line with prior studies conducted by Gunaratne et al. (2015) and Blake and 

Bentov (2001). The former research investigated TBR of Chicago over a ten-year period from 1999 

to 2009 at the community level. The authors showed a strong positive association between TBR and 
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the percentage of residents who were black and Hispanic, poor, without a high school diploma, and 

living in crowded housing. In the later study, the relationship between several socio-economic factors 

and TBR at zip-code level in Dallas County in 1990 was examined. The authors concluded that TBR 

and the percentage of adults without a high-school diploma and percentage of black and Hispanic 

populations are positively associated, whereas there was a negative relationship between TBR and 

both median household income and percentage of white population. 

Similarly, a wide range of studies have shown that teenagers, growing up in disadvantaged 

circumstances, such as high poverty, high unemployment rate, and low education, are more likely to 

give birth (Santelli, Lowry, et al. 2000, Corcoran, Franklin and Bennett 2000, Kirby, Coyle and 

Gould 2001, Driscoll, et al. 2005, SmithBattle 2007), however, such studies found that that race and 

ethnicity have a poor association with TBR. Furthermore, Underwood (2019) supports this assertion 

that high school students, attending rural or high poverty schools, are more likely to be sexually 

active and less inclined to use contraceptive methods, which increased their risk for TB. In addition, 

our achieved observation appears slightly different with the study conducted by Kirby, Coyle and 

Gould (2001) in California at the zip code level, since they only inferred that education among 

Hispanic teenagers, was significantly related to TBR. 

The notion of variation of TBR across the geographic expanse and socio-economic strata of the 

U.S. has been also declared by Price, El-Khoury and Wonnum (2014) who linked teenage 

childbearing with historical contents. The authors declared that a teenage parent in the U.S. is likely 

to be black or of Hispanic origin, which also associated with the likelihood of living in a low-income 

community where TB is expected as a social norm. We also note that GWR, as a local regression 

model, could accurately explain TBR of majority of communities in Chicago, which aligns with 

Shoff and Yang (2012) who investigated geographical variation of TBR at the U.S. county-level. 

Through applying GWR on determinants of TBR, the authors inferred that negative impacts of socio-

economic disadvantages in metropolises are stronger than in non-metropolitan areas. Accordingly, 

GWR seems a successful model to be used when dealing with geographical variation of regression 

models including TBR as the dependent variable. 

To specify, vulnerability theory asserts that there is a complex relationship between TB and 

socio-economic factors characterized as related to age, sex, education, income, race, and ethnicity. 

While some of these factors, such as ethnicity, cannot be controlled or altered, others like 

unemployment, poverty and low education can be controlled and modified through interventions 

(Rogers 1997). Our work provides a contribution in developing a strategy to integrate both controlled 

and uncontrolled factors to explain geographical variation of TBR. To our best knowledge, this is 

the first time that GWR, local linear models, is developed to predict vulnerable populations along 

with their associated locations with promising accuracy. Ultimately, the outcomes verify the utility 

of the vulnerability framework in predicting potentially vulnerable population that might direct 

decision makers to allocate appropriate programs addressing high rates of unemployment, and lack 

of education of associated racial groups (Skatrud, Bennett and Loda 1998, Shoff and Yang 2012) 

that in return will reduce high rate of TBR in Chicago. 

 

7. Conclusion 

This study investigated the socio-economic factors contributing to TB in the Chicago and identified 

their geographical disparities at the community level. The study leveraged a multivariate geographic 

dataset and identified the potential predictors of the high-risk population based on the vulnerability 

theory. Then, PCA was employed to reduce large number of the identified predictors into two 

components. Next, GWR, was used to build local linear models at the community level. The output 

linear models, involving socio-economic variables, could be used to effectively predict the vulnerable 

population and their associated geographic locations.  

The outcomes from this study can provide policymakers with useful and critical information 
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about the geographic locations of teens experienced TB and their associated constituents. Then, 

observations regarding to geographical variations of factors affecting TBR could be used to predict 

the location of vulnerable teens. The predicted locations reflect the fact that merely place-specific 

policies and interventions are required to significantly reduce TBR as a public concern. Notable that 

such appropriate strategies considering nuances of population and community, with a vital role in 

reducing TBR disparities, would not be feasible without consideration of local data-driven 

approaches aimed at promoting our understanding of community. 

Beyond the focus of this study, there are other interesting angles to explore in further research. 

Since the results of the study are limited to a single dataset. Given the population mobility, further 

research is necessitated to include historical datasets in analysis. Additionally, rather than restricting 

the analysis to only one city, future research could extend the analysis to counties and beyond. To 

sum, in the light of above findings and limitations, and considering the enormous amount of teens 

who are at risk of TB across the U.S., we deem the problem of studying TB to be crucial and worth 

to be further explored to propose the effective measure that help out the community to mitigate the 

presence of the phenomenon.  
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Appendix  
 

Appendix A The calculated values for component1 and component2 associated with 77 communities. 
 

Community  Component1 Component2 

Albany Park  -0.59 1.00 

Archer Heights  -0.45 1.50 

Armour Square  -0.37 0.10 

Ashburn  -0.06 0.10 

Auburn Gresham  1.38 -0.54 

Austin  1.02 -0.07 

Avalon Park  0.97 -1.00 

Avondale  -0.79 0.37 

Belmont Cragin  -0.18 2.45 

Beverly  -0.92 -1.24 

Bridgeport  -0.57 0.19 

Brighton Park  -0.25 2.00 

Burnside  1.25 -0.34 

Calumet Heights  0.74 -0.95 

Chatham  1.13 -0.83 

Chicago Lawn  0.74 1.32 

Clearing  -0.91 0.51 

Douglas  0.70 -0.80 

Dunning  -1.02 -0.21 

East Garfield Park  0.98 -0.41 

East Side  -0.24 0.91 

Edgewater  -0.76 -0.68 

Edison Park  -1.42 -0.80 

Englewood  1.82 0.02 

Forest Glen  -1.49 -0.83 

Fuller Park  1.43 -0.08 

Gage Park  -0.05 2.75 

Garfield Ridge  -0.89 0.28 

Grand Boulevard  1.25 -0.60 

Greater Grand Crossing  1.45 -0.64 

Hegewisch  -0.84 0.03 

Hermosa  -0.21 2.80 

Humboldt Park  0.54 1.46 

Hyde Park  -0.77 -1.08 

Irving Park  -0.89 0.27 

Jefferson Park  -1.08 -0.35 

Kenwood  0.29 -0.95 

Lake View  -1.42 -1.09 

Lincoln Park  -1.43 -1.08 

Lincoln Square  -1.02 -0.55 

Logan Square  -0.83 -0.20 

Loop  -1.25 -1.20 

Lower West Side  -0.09 1.94 

McKinley Park  -0.32 1.13 

Montclare  -0.70 0.83 

Morgan Park  0.00 -0.70 

Mount Greenwood  -1.36 -0.98 

Near North Side  -0.94 -0.98 

Near South Side  -1.03 -1.03 

Near West Side  -0.31 -0.80 

New City  0.57 1.32 

North Center  -1.46 -0.88 

North Lawndale  1.27 -0.07 

North Park  -1.06 -0.45 

Norwood Park  -1.30 -0.77 

Oakland  1.31 -0.55 

Ohare  -0.76 -0.02 

Portage Park  -0.66 0.62 

Pullman  1.28 -0.45 

Riverdale  1.92 -0.06 

Rogers Park  -0.38 -0.32 
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Roseland  1.10 -0.71 

South Chicago  0.97 0.07 

South Deering  0.72 0.13 

South Lawndale  0.07 1.87 

South Shore  1.27 -0.70 

Uptown  -0.50 -0.59 

Washington Heights  0.99 -0.99 

Washington Park  1.58 -0.33 

West Elsdon  -0.52 1.56 

West Englewood  1.78 -0.05 

West Garfield Park  1.20 -0.09 

West Lawn  -0.38 2.11 

West Pullman  1.33 -0.49 

West Ridge  -0.76 -0.29 

West Town  -0.80 -0.19 

Woodlawn  1.00 -0.62 
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Appendix B The calculated values of intercepts and two coefficients of linear models, predicted and observed TBRs, and  

residuals of 77 communities. 

 

Community Intercept Coefficient1 Coefficient2 Predicted Observed Residual 

Albany Park 0.50 0.23 0.06 0.43 0.38 -0.05 

Archer Heights 0.53 0.28 0.01 0.41 0.43 0.02 

Armour Square 0.37 0.14 0.07 0.32 0.14 -0.18 

Ashburn 0.42 0.25 0.05 0.41 0.33 -0.08 

Auburn Gresham 0.38 0.27 0.06 0.72 0.71 -0.01 

Austin 0.58 0.23 0.02 0.81 0.70 -0.11 

Avalon Park 0.36 0.26 0.13 0.48 0.55 0.07 

Avondale 0.57 0.26 0.03 0.38 0.54 0.16 

Belmont Cragin 0.54 0.26 0.05 0.60 0.58 -0.02 

Beverly 0.39 0.24 0.04 0.12 0.10 -0.02 

Bridgeport 0.37 0.16 0.08 0.29 0.24 -0.05 

Brighton Park 0.47 0.30 0.04 0.47 0.50 0.02 

Burnside 0.37 0.24 0.10 0.63 0.59 -0.04 

Calumet Heights 0.41 0.20 0.13 0.44 0.34 -0.10 

Chatham 0.33 0.28 0.08 0.58 0.58 0.01 

Chicago Lawn 0.41 0.27 0.05 0.68 0.58 -0.11 

Clearing 0.49 0.25 0.02 0.27 0.33 0.06 

Douglas 0.37 0.15 0.08 0.41 0.29 -0.12 

Dunning 0.50 0.27 0.07 0.22 0.17 -0.05 

East Garfield Park 0.58 0.25 0.00 0.83 0.80 -0.03 

East Side 0.45 0.14 0.10 0.50 0.45 -0.04 

Edgewater 0.44 0.16 0.11 0.25 0.13 -0.12 

Edison Park 0.46 0.24 0.09 0.05 0.03 -0.02 

Englewood 0.32 0.30 0.14 0.88 0.90 0.02 

Forest Glen 0.49 0.25 0.07 0.06 0.05 0.00 

Fuller Park 0.35 0.23 0.14 0.67 0.59 -0.07 

Gage Park 0.44 0.27 0.05 0.56 0.53 -0.04 

Garfield Ridge 0.52 0.26 0.01 0.29 0.29 0.00 

Grand Boulevard 0.37 0.20 0.13 0.53 0.47 -0.07 

Greater Grand Crossing 0.37 0.26 0.15 0.66 0.72 0.06 

Hegewisch 0.46 0.11 0.06 0.36 0.40 0.04 

Hermosa 0.57 0.24 0.02 0.58 0.60 0.01 

Humboldt Park 0.60 0.23 0.01 0.74 0.67 -0.07 

Hyde Park 0.37 0.22 0.15 0.04 0.07 0.03 

Irving Park 0.54 0.26 0.04 0.33 0.32 -0.01 

Jefferson Park 0.50 0.25 0.07 0.19 0.24 0.05 

Kenwood 0.37 0.19 0.14 0.29 0.22 -0.07 

Lake View 0.51 0.21 0.10 0.10 0.14 0.03 

Lincoln Park 0.54 0.22 0.11 0.10 0.02 -0.09 

Lincoln Square 0.46 0.18 0.09 0.22 0.33 0.11 

Logan Square 0.58 0.25 0.03 0.36 0.57 0.20 

Loop 0.36 0.11 0.05 0.16 0.01 -0.15 

Lower West Side 0.43 0.23 0.04 0.50 0.42 -0.08 

McKinley Park 0.39 0.27 0.08 0.40 0.41 0.01 

Montclare 0.51 0.27 0.06 0.38 0.53 0.15 

Morgan Park 0.38 0.21 0.03 0.36 0.40 0.04 

Mount Greenwood 0.40 0.23 0.04 0.04 0.07 0.02 

Near North Side 0.40 0.16 0.04 0.21 0.29 0.08 

Near South Side 0.36 0.12 0.06 0.17 0.44 0.26 

Near West Side 0.47 0.26 0.01 0.38 0.31 -0.07 

New City 0.32 0.29 0.13 0.66 0.81 0.15 

North Center 0.52 0.22 0.08 0.12 0.07 -0.05 

North Lawndale 0.56 0.28 0.01 0.91 0.93 0.02 

North Park 0.47 0.21 0.08 0.21 0.09 -0.12 

Norwood Park 0.48 0.25 0.08 0.09 0.03 -0.06 

Oakland 0.37 0.17 0.10 0.54 0.47 -0.07 

Ohare 0.46 0.25 0.09 0.27 0.14 -0.13 

Portage Park 0.51 0.26 0.06 0.38 0.36 -0.02 

Pullman 0.44 0.15 0.07 0.60 0.58 -0.02 

Riverdale 0.45 0.12 0.06 0.68 0.55 -0.13 

Rogers Park 0.44 0.16 0.10 0.34 0.35 0.01 

Roseland 0.37 0.20 0.02 0.57 0.68 0.11 

South Chicago 0.40 0.22 0.15 0.62 0.66 0.04 
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South Deering 0.45 0.13 0.07 0.55 0.56 0.00 

South Lawndale 0.51 0.33 0.03 0.58 0.66 0.08 

South Shore 0.37 0.24 0.15 0.57 0.56 -0.01 

Uptown 0.47 0.18 0.11 0.32 0.30 -0.02 

Washington Heights 0.39 0.23 0.05 0.57 0.56 -0.01 

Washington Park 0.37 0.24 0.18 0.69 0.71 0.02 

West Elsdon 0.49 0.26 0.02 0.39 0.39 0.00 

West Englewood 0.36 0.29 0.08 0.88 1.00 0.12 

West Garfield Park 0.61 0.22 0.00 0.87 0.98 0.11 

West Lawn 0.45 0.24 0.04 0.44 0.38 -0.06 

West Pullman 0.38 0.17 0.02 0.60 0.58 -0.02 

West Ridge 0.44 0.18 0.09 0.28 0.26 -0.03 

West Town 0.55 0.26 0.04 0.33 0.42 0.09 

Woodlawn 0.35 0.24 0.14 0.51 0.44 -0.07 
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Appendix C List of 31 communities witnessed high TBR, in which 23 and 8 communities, where unemployed black and 

uneducated Hispanic are the most influencing factors on their associated TBRs, are discriminated by tick in the last two 

columns. 

Community 
Intercept 

Coefficient1 

×  

 Component1 

Coefficient2 

× 

Component2 

TBR influenced more by 

Unemployed  

black               

 

Uneducated 

Hispanic 

Auburn Gresham 0.38 0.37 -0.03 ✓  

Austin 0.58 0.23 0.00 ✓  

Avalon Park 0.36 0.25 -0.13 ✓  

Avondale 0.57 -0.20 0.01  ✓ 

Belmont Cragin 0.54 -0.05 0.11  ✓ 

Burnside 0.37 0.30 -0.03 ✓  

Chatham 0.33 0.31 -0.07 ✓  

Chicago Lawn 0.41 0.20 0.07 ✓  

East Garfield Park 0.58 0.25 0.00 ✓  

Englewood 0.32 0.55 0.00 ✓  

Fuller Park 0.35 0.32 -0.01 ✓  

Gage Park 0.44 -0.01 0.14  ✓ 

Greater Grand Crossing 0.37 0.38 -0.10 ✓  

Hermosa 0.57 -0.05 0.06  ✓ 

Humboldt Park 0.60 0.12 0.01 ✓  

Logan Square 0.58 -0.21 0.00  ✓ 

Montclare 0.51 -0.19 0.05  ✓ 

New City 0.32 0.16 0.17  ✓ 

North Lawndale 0.56 0.36 0.00 ✓  

Pullman 0.44 0.19 -0.03 ✓  

Riverdale 0.45 0.23 0.00 ✓  

Roseland 0.37 0.22 -0.02 ✓  

South Chicago 0.40 0.21 0.01 ✓  

South Deering 0.45 0.09 0.01 ✓  

South Lawndale 0.51 0.02 0.05  ✓ 

South Shore 0.37 0.31 -0.10 ✓  

Washington Heights 0.39 0.23 -0.05 ✓  

Washington Park 0.37 0.38 -0.06 ✓  

West Englewood 0.36 0.52 0.00 ✓  

West Garfield Park 0.61 0.27 0.00 ✓  

West Pullman 0.38 0.23 -0.01 ✓  

Auburn Gresham 0.38 0.37 -0.03 ✓  

Austin 0.58 0.23 0.00 ✓  

Avalon Park 0.36 0.25 -0.13 ✓  

Avondale 0.57 -0.20 0.01  ✓ 

Belmont Cragin 0.54 -0.05 0.11  ✓ 

Burnside 0.37 0.30 -0.03 ✓  

Chatham 0.33 0.31 -0.07 ✓  

Chicago Lawn 0.41 0.20 0.07 ✓  

East Garfield Park 0.58 0.25 0.00 ✓  

Englewood 0.32 0.55 0.00 ✓  

Fuller Park 0.35 0.32 -0.01 ✓  

Gage Park 0.44 -0.01 0.14  ✓ 

Greater Grand Crossing 0.37 0.38 -0.10 ✓  

Hermosa 0.57 -0.05 0.06  ✓ 

Humboldt Park 0.60 0.12 0.01 ✓  

Logan Square 0.58 -0.21 0.00  ✓ 

Montclare 0.51 -0.19 0.05  ✓ 

New City 0.32 0.16 0.17  ✓ 

North Lawndale 0.56 0.36 0.00 ✓  

Pullman 0.44 0.19 -0.03 ✓  

Riverdale 0.45 0.23 0.00 ✓  

Roseland 0.37 0.22 -0.02 ✓  

South Chicago 0.40 0.21 0.01 ✓  

South Deering 0.45 0.09 0.01 ✓  

South Lawndale 0.51 0.02 0.05  ✓ 

South Shore 0.37 0.31 -0.10 ✓  

Washington Heights 0.39 0.23 -0.05 ✓  

Washington Park 0.37 0.38 -0.06 ✓  

West Englewood 0.36 0.52 0.00 ✓  
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West Garfield Park 0.61 0.27 0.00 ✓  

West Pullman 0.38 0.23 -0.01 ✓  


