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ABSTRACT 

This dissertation consists of three essays on microfinance and education. The first essay employs 

panel data from the Kyrgyzstan Household Integrated Survey from 2006 to 2010 to analyze 

household micro-credit allocation. A multivariate Probit model is developed and populated with 

borrowers’ loan allocations. Key factors considered are education, gender, equipment ownership, 

and geographical region. Results indicate that the Naryn region has the largest impact on 

borrowers’ likelihood to allocate loans toward food and the smallest (negative) impact on the 

probability of starting a new business. Mobile phone and livestock ownership are identified as 

two key factors, which decrease borrowers’ probability of using loans to purchase food and 

increase the probability of agricultural investment or to start a business.  

 The second essay analyzes the relationship between racial diversity, school performance, 

and school location for elementary schools in Georgia. The results indicate that the relationship 

between racial diversity and school performance depends on school location. In metropolitan 

areas, an increase in racial diversity has a positive effect on minority students’ achievement 

scores while there is no corresponding decline in white students’ performance. In rural areas, 

either no significant effect was observed or it was followed by a reduction in the achievement 

scores of white students. The results of this study suggest that educational policy goals defined at 



the state level to foster school performance should be further differentiated according to the 

student population. 

The third essay investigates the transportation cost of the voluntary inter-district school 

transfer program in the Atlanta Metropolitan Area (AMA). In this essay, cluster analysis was 

employed to recognize low and high performing schools while the distribution of the non-

affluent students was realized with the centroids of the Voronoi diagram. These findings indicate 

that, in the Atlanta Metropolitan Area, the differences in the school performance are more 

clustered between school districts than within them. In addition, low-income students are less 

isolated from high performing schools than non-white students. This suggests that the voluntary 

inter-district school transfer program based on color-blind actions should be combined with 

policies aimed at alleviating the isolation of non-white students in the AMA. 
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CHAPTER 1 

HOUSEHOLD ALLOCATION OF MICROFINANCE LOANS IN KYRGYZSTAN 

1.1 INTRODUCTION 

Microfinance programs are based on the concept that low-income households are affected by the 

lack of credit access (Petrick, 2005; Armendáriz and Labie, 2011). In general, asymmetric 

information reduces the lender’s ability to recognize reliable borrowers and this generates credit 

rationing (Stiglitz, 1990). Due to the lack of borrowing history and collateral as required by 

banks, low-income households scattered in depressed rural areas are particularly credit 

constrained (Barnett et al., 2008). The relaxation of credit constraints is usually realized by 

microfinance through the introduction of group (joint liability) lending (Armendáriz and Labie, 

2011). All members in a group are jointly responsible for a loan, which reduces a lender’s risk 

and increases access to financial services for households (Stiglitz, 1990). Thus, microfinance has 

the potential to lift low-income households out of poverty (Khandker, 2005; Katsushi et al., 

2010).  

In Central Asia and specifically in the Kyrgyz Republic, the collapse of state directed 

economies produced a dramatic rise in small business and self-employment (World Bank, 2004).  

However, the rate of credit penetration in Kyrgyzstan is one of the lowest in Central Asia and 

Eastern Europe (Microfinance Center, 2011). In 2009, this penetration rate from any source 

among the economically active population (15-65 years old) was only11% in Kyrgyzstan 

(Microfinance Center, 2011). In contrast, microfinance covers more than 70% of the credit 

market in Kyrgyzstan, second only to Mongolia (Microfinance Center, 2011). The 
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underdeveloped credit market in Kyrgyzstan is mainly served by microfinance. A possible 

reason for this dominance is that microfinance has one of the most advanced legal frameworks in 

Central Asia (World Bank, 2004; Brown and Jacobs, 2010).  Further, Kyrgyzstan microfinance 

has excellent outreach capabilities to service poor households and the rural sector (World Bank, 

2004). 

Within the last decade the rapid growth of Kyrgyzstan microfinance has raised concerns 

about its economic development effectiveness. In general, if the diffusion of microfinance is 

associated with providing basic necessities and not for investment purposes, its effectiveness to 

promote economic growth is at risk.  The question is: if loans are for consumption rather than for 

productive purposes that generate economic opportunities, this may lead to over-indebtedness 

(Schicks, 2012). Kyrgyzstan and Mongolia are the two countries in Central Asia and Eastern 

Europe with the highest level of over-indebtedness (PlaNet Finance Foundation, 2013). In May 

2012 the Kyrgyzstan National Bank closed 94 microfinance lenders for charging above the 

industry-average interest rates due to concerns about over-indebtedness (Smith, 2013). In August 

2013, the president signed a bill that sets an interest cap (price ceiling) to limit usurious practices 

(Youatt, 2013).  

Any potential welfare improvements from these or future policies are predicated on this 

question of over-indebtedness.  As an aid toward answering this question, the credit allocation of 

microfinance borrowers is analyzed. The Kyrgyzstan Integrated Household Survey (KIHS, 

2010), is utilized, which provides detailed information on the socio-economic status of 

households from 2006 to 2010. Specifically, the survey provides information on microfinance 

borrowers and the purpose of their loans. This dataset supports a multivariate Probit model for 

analyzing the interdependence of the choices among different loan uses. The model is employed 
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to study if households are credit constrained and if they used their loans for investment or 

consumption purposes.  The target area is low-income households in the Naryn district (Figure 

1.1), which is characterized by high rates of rural poverty. In 2011, the United National 

Development Program (UNDP) estimated that Naryn district had the highest poverty rate in the 

country, 52% of the national poverty line (Slay, 2011). In addition, the population density is the 

lowest with only five inhabitants per square kilometer (National Statistical Committee of the 

Kyrgyz Republic, NSCK, 2009). Finally, according to the KIHS (2010), the Naryn region 

accounts for 56% of the microfinance loans.  

The essay is organized as follows: Section two provides the background on the economic 

transition and the microfinance sector in Kyrgyzstan; section three discusses the empirical 

strategy; section four describes the dataset and the variables employed; section five introduces 

the microeconomic model and the econometric approach for estimation; section six presents the 

results, while the conclusions and implications are provided in the final section.  

1.2. ECONOMIC TRANSITION AND MICROFINANCE IN KYRGYZSTAN 

1.2.1 ECONOMIC TRANSITION IN KYRGYZSTAN  

The Kyrgyz Republic, located in Central Asia, received its independence in 1991 after the 

collapse of the Soviet Union (USSR). As with many of the former Soviet Republics, its economy 

was dependent on trade within the USSR, and after the collapse, it witnessed a large drop in 

Gross National Income (GNI) and living standards (Figure 1.2). It took 19 years to restore GNI 

to the pre-independence level.  

The World Bank (2014a) classifies the Kyrgyzstan Republic as a low-income country. 

Approximately 6% of the population lives at the lowest poverty threshold of $1.25 per day. 

Moreover, the poverty gap increased by 37.5% from 2006 to 2011 (World Bank, 2014b). 
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While the country does have substantial reserves of coal, gold, uranium, antimony, and rare 

earth minerals, its currently mining production is only 50% of the pre-independence period 

(World Bank, 2005). Agricultural production, accounting for a third of the workforce, declined 

by 40% from 1990 to 1995 and is only now gradually recovering. In contrast, trade and the 

service sectors have substantially increased their share of GDP from 29.6% in 2000 to 46.6% in 

2010 (National Statistical Committee of the Kyrgyz Republic, 2014).   

1.2.2 MICROFINANCE IN KYRGYZSTAN 

According to Kyrgyz legislation, “the goal of microfinance organization activities is to 

provide accessible microfinance services to alleviate poverty, increase employment, and assist in 

the development of entrepreneurship and social mobilization of the population in the Kyrgyz 

Republic” (Kyrgyz Republic, 2002). In other words, microfinance in Kyrgyzstan was introduced 

as a poverty reduction tool, given the country’s low living standards. 

The first examples of microfinance organizations in Kyrgyzstan date back two decades. 

Since then, their presence has grown considerably. Trends in the country’s microfinance sector, 

both in terms of size, number of loans, and interest rate, are listed in Table 1.1. From 2006 to 

2011, the average loan size ranged from $391 to $597, while the real interest rate increased from 

34% to 44%. In the same period, interest payments increased from $155 to $209. These figures 

are on the same scale with the rest of Central Asia and Eastern Europe microcredit loans (Weiss 

and Montgomery, 2004). 

Microfinance also presents some peculiar characteristics in Kyrgyzstan. Despite a large 

number of microcredit institutions, the market is very concentrated: 84% of the clients are served 

by only five organizations - Aiyl Bank, Bai Tushum, Finca, Kompanion, and Mol Bulak 

Microfinance Center, 2011). Table 1.2 lists the operational self-sufficiently index and the loan 
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portfolio at risk (over 30 days) for these institutions. From 2006 to 2010, the operational self-

sufficiency index is greater than one, indicating that the costs were smaller than the revenues 

even when the margins of profit shrank during the world financial crisis in 2008-2009. 

Moreover, the level of risk is low. Table 1.2 lists the portfolio at risk for loans overdue 30 days 

or more, ranges from zero to 5.45%. These figures are lower than in any other Central Asian or 

East European country (Microfinance Center, 2011).  

In recent years Kyrgyzstan has experienced an increase in competition among 

microfinance leaders, due to favorable legislation for their establishment (Smith, 2013). A 

microfinance institution (MFI) can be established with only $2,175 and no expertise in 

microfinance. Small MFIs are often more aggressive in attracting new clients and tend to charge 

higher interest rates (Smith, 2013). The growth of the interest rates and the rapid diffusion of 

microfinance agencies have raised some concerns about over-indebtedness, especially for low-

income households in rural areas (Youatt, 2013). The higher interest rate charged to low-income 

borrowers scattered in remote rural areas can be motivated by a higher degree of asymmetric 

information suffered by the lender (Stigltz, 1999).   

Lack of property rights has also contributed to over-indebtedness (World Bank, 2009). 

The restricted use of agricultural assets as collateral increases the lender’s transaction costs and 

reduces low-income farmers’ access to credit. As in all former Soviet Union countries, the 

process of land reform in Kyrgyzstan moved from state owned to private ownership. Kyrgyzstan 

was the latest among the former Soviet republics to allow private land ownership in 1998 

(Lerman and Sedik, 2009). In the last decade the number of registered properties and cadastre 

offices increased substantially (World Bank, 2009), but there are still constraints. Apart from the 
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technical difficulties of mapping land characteristics, land use rights are still limited (USAID, 

2005). 

1.3. EMPIRICAL STRATEGY   

There are three empirical issues to consider when modelling households’ loan allocations. First, 

selection on the unobservables could be present (Wooldridge, 2002). Before deciding the loan 

allocation, a household prepares a formal application. This application is subjected to screening 

by microfinance officers and, if approved, the loan will be granted. Specifically, a loan allocation 

is observed only if the loan is approved.  In this case, there are two incidental truncations: 

households with microfinance loans are observed conditional to the loan application and 

households with a specific loan purpose are observed conditional to their loan approval.   

These incidental truncation problems can cause endogeneity issues (Greene, 2012; Freedman and 

Sekhon, 2010).  Since the Kyrgyzstan Integrated Household Survey does not provide information 

on the loan application, the strategy is to employ a wide range of controls in the structural 

equation. In general, correlation between the included variables does not generate incidental 

truncation and bias (Wooldridge, 2002). Including relevant exogenous controls in the structural 

equation will remove these factors from the error term and reduce the potential correlation 

between equations.  

In addition, even if incidental truncation were present, the model can be consistently 

estimated conditional to the dataset (Wooldridge, 2002). Specifically, for the households with 

access to microfinance, the proposed strategy produces unbiased estimates. A recent example of 

this empirical strategy applied to the credit market is in Huergo and Moreno (2014) and the 

relative literature review is provided by Cellini (2008). 
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The second central issue is the household’s loan allocation which is an interdependent 

choice. In general, credit constrained households allocate scarce funds among different choices 

subject to their opportunity cost (Karlan and Goldberg, 2011). Some of these choices, including 

capital investment or financing an emergency, can have high initial costs, which precludes the 

use of the loan for other choices. It is then reasonable to assume that the choices are 

interdependent. If the choices are interdependent, the error terms will be correlated among 

choices. Defining univariate models for each choice provides consistent estimates of the 

coefficients but incorrect standard errors (Greene, 2012). Consequently, a multivariate model 

yielding efficient errors is preferred.  

Finally, simultaneity is the third econometric issue. In general, identifying which factors 

affect a more productive use of microfinance can reduce food insecurity and stimulate economic 

growth (Schicks, 2012). In this study, the analysis of the relationship between loan allocation and 

durable goods will be provided. The issue is that the loan allocation is contextual to the purchase 

of durables goods. This is particularly true for credit constrained households, which purchase 

durable goods for the first time. In order to solve this problem, the independent variables that 

represent economic assets are lagged. In this way, it will be possible to test if the ownership of 

durable goods in the previous period (year) affects the probability to allocate the loan for a 

specific purpose in the current period.  

1.4. DATA  

The dataset is based on the Kyrgyzstan Integrated Household Survey (KIHS, 2010) collected by 

the NSCK, covering the years from 2006 to 2010. The KIHS broadly consists of seven sections: 

general socio-economic information (age, gender, and marital status), family status (education, 

internal migration, and health status), consumption and expenditure composition, and 
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employment status. Other data include purchases of non-food commodities, household income 

and expenditures, and housing conditions. An exhaustive description of the KIHS survey data is 

available in Esenaliev et al. (2011). 

The survey is a rotating panel with only a maximum of one-quarter of the sample being 

replaced annually, leading to a non-fixed sample size of 5,016 households for 19,060 individuals 

per year. The sample of the KIHS is drawn using stratified two-stage random sampling based on 

the results of the 1999 population census. The total sample size is 25,360 observations that 

correspond to 7,716 households repeated by one or more times for five years.  

The sample of households with access to microfinance credit consists of all the 

households with at least one microfinance loan during the studied period. This corresponds to 

6% of the sample (608 loans, 449 households). Due to the differentiation of the durable goods 

variables and the off-farm income, the first year of observations is dropped from the dataset and 

the sample size utilized to estimate the model is 445 loans (330 households). 

The socio-economic variables including age, family size, education, and off-farm income 

are employed along with dummy variables for gender and rural or urban residence. The socio-

demographic variables were defined with respect to the household head. The exact definition of 

each variable is listed in Table 1.3 with summary statistics in Table 1.4. 

The off-farm income is the real income calculated with the Atlas method. This method is 

employed to compare the living standards among countries (World Bank, 2014c), which uses the 

GDP deflator and the average exchange rate adjusted for the difference in the inflation rate. Due 

to some skewness of the distribution, the off-farm income variable was log transformed. 

The dataset also provides information on the region of residence. Apart from the capital 

city Bishkek, there are seven districts (Oblasts): Issykul, Jalal-Abad, Naryn, Batken, Osh, Talas, 
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and Chui. Table 1.5 indicates that the share of sampled households in the Naryn district is on the 

same scale with the other districts (13.4%). In contrast, the access to microfinance and share of 

total loans in this district is larger, 51% and 56%, respectively.  

Finally, the KIHS classified the loan purposes into seven categories: Food purchase for 

household nutrition, starting a private business, agricultural needs, housing, education, 

healthcare, and other expenses. Each dependent variable was defined equal to one if the 

household used the loan for that purpose and zero otherwise.  

1.5. ECONOMETRIC APPROACH AND HYPOTHESES 

1.5.1 ANALYTICAL STRATEGY  

Assume a household with access to microfinance faces 𝑀 choices. Each choice consists of 

allocating part or the entire amount of the loan to a specific purpose. It is assumed that a 

household is a utility maximizer in its use of credit. A household’s utility is unobservable, but 

household’s attributes are observable. The utility function is then decomposed in the summation 

of a household’s attributes and the error term: 

 𝑼𝑗
∗ = 𝑿𝒋𝜷𝑗 + 𝜺𝑗  ,   j = 1 . . M ,     (1.1) 

where 𝑼𝑗
∗  is a N by 1 vector of random utilities of N households, 𝑿𝒋 is a N by 𝐾𝑗 matrix of 

household’s attributes, 𝜷𝑗 is a  𝐾𝑗 by 1 vector of parameters, and 𝜺𝑗  is N by 1 vector of error 

terms. The system given in (1.1) identifies M equations, one for each choice.  

System (1.1) is assumed to have a threshold value such that if the utility of the borrower i 

from the choice j, 𝑈𝑖𝑗
∗ , is larger than the threshold, household i allocates part or the entire amount 

of the loan to choice j. Without loss of generality, the threshold value is assumed to be equal to 
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zero. Utility 𝑈𝑖𝑗
∗  is not observed, so (1.1) is empirically estimated by considering a binary 

variable 𝑦𝑖𝑗 equal to one if household i allocates the loan to choice j and zero otherwise: 

 𝑦𝑖𝑗 = {
1 𝑖𝑓 𝑈𝑖𝑗

∗ > 0

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
              (1.2) 

In particular, 𝜺 is assumed to follow a multivariate standard normal distribution 𝑁[𝟎, 𝜮] 

where 𝜮 is the covariance matrix. This identifies the model as a multivariate Probit model, which 

allows for random taste variation (Train, 2009).  The choice among different uses of the 

microfinance loan is not exclusive where more than one choice is possible. Seventy-two percent 

of the loans were used for one purpose, 21% for two, 6% for three, and 1% for four or five 

purposes. Given the normality assumption, the model is estimated with maximum likelihood 

estimation. The likelihood function is a multivariate distribution, which requires evaluating a 

multiple integral. Quadrature methods are developed for trivariate distributions, but for integrals 

of a level greater than three, simulation techniques are considered satisfactory in terms of speed 

and accuracy (Greene, 2012).   

The most widely used Probit simulator is the Geweke-Hajivassiliou-Keane (GHK) 

smooth recursive simulator (Train, 2009). With the probability of choice j defined as the 

probability that this choice will be preferred to all the others, the GHK simulator evaluates M−1 

integrals, where M is the number of choices. The integrals are evaluated by averaging over R 

draws from truncated normal distributions (Greene, 2012; Train, 2009). With a large sample size, 

R should not be smaller than the square root of the number of observations (445 observations, 22 

draws) Cappellari and Jenkins (2006). With a small sample size, R should be at least as large as 

the sample size. Consequently, the estimation of the marginal effects will be based on 1000 

draws.  
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The multivariate Probit model allows for a wide variety of marginal effects and 

probabilities. Interest is in the unconditional probability to choose one alternative as opposed to 

another. It is not possible to directly test if microfinance generates over-indebtedness, but it is 

possible to study how the household ranks different uses of their loan. The use of a loan for 

productive purposes is usually associated with a lower likelihood of over-indebtedness (Schicks, 

2012). Consequently, if there is evidence loans are employed for short-run consumption and not 

for investment, it is determined that a risk of over-indebtedness exists. This evidence may be 

revealed by estimating the marginal effects of the unconditional probabilities. These estimates 

will identify which factors are determinant in allocating a loan to a specific choice and provide 

information to formulate effective policy strategies.  

Greene (2012) derives analytically the partial effects, the conditional probabilities, and 

the unconditional probability for a bivariate Probit while Mullahy (2011) derives them for the 

multivariate case. Specifically, give unconditional mean functions are univariate probabilities, 

their partial effects are estimated likewise to the univariate case (Greene, 2012). Controlling for 

heteroskedasticity, the significance of the average partial effects will be estimated by the delta 

method from the cluster-robust standard errors with clusters defined at the household level.  

1.5.2 MODEL SPECIFICATION  

Limited observations resulted in aggregating loan categories.  Specifically, housing, educational, 

healthcare expenses, and other expenses are aggregated into a category called Other Purchases.  

Such aggregation does not distract from the main objective of estimating the likelihood of a 

household securing a loan for consumption versus investment.  This defines a system of four 

equations: 
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{
  
 

  
 
𝑼𝒇𝒐𝒐𝒅
∗ = 𝑿𝟎𝜷𝒇𝒐𝒐𝒅

𝟎 + 𝑿𝒇𝒐𝒐𝒅𝜷𝒇𝒐𝒐𝒅 + 𝜺𝒇𝒐𝒐𝒅                        

𝑼𝒔𝒕𝒂𝒓𝒕
∗ = 𝑿𝟎𝜷𝒔𝒕𝒂𝒓𝒕

𝟎 + 𝑿𝒔𝒕𝒂𝒓𝒕𝜷𝒔𝒕𝒂𝒓𝒕 + 𝜺𝒔𝒕𝒂𝒓𝒕                       

𝑼𝒇𝒂𝒓𝒎
∗ = 𝑿𝟎𝜷𝒇𝒂𝒓𝒎

𝟎 + 𝑿𝒇𝒂𝒓𝒎𝜷𝒇𝒂𝒓𝒎 + 𝜺𝒇𝒂𝒓𝒎                     

𝑼𝒐𝒕𝒉𝒆𝒓
∗ = 𝑿𝟎𝜷𝒐𝒕𝒉𝒆𝒓

𝟎 + 𝑿𝒐𝒕𝒉𝒆𝒓𝜷𝒐𝒕𝒉𝒆𝒓 + 𝜺𝒐𝒕𝒉𝒆𝒓   ,        

     (1.3) 

where the subscript 𝑓𝑜𝑜𝑑, 𝑠𝑡𝑎𝑟𝑡, 𝑓𝑎𝑟𝑚, and 𝑜𝑡ℎ𝑒𝑟  identifies the loan use for Food Products, 

Start a Business, Agricultural Needs, and Other Purchases, respectively.  

Each equation in (1.3) has a fixed group of independent socio-economic variables (𝑿𝟎). 

These socio-economic variables are gender, age, family size, education, residence, and the off-

farm income. In addition, dummy variables for the Naryn district and the year were defined.   

The ownership of mobile phones is also included in each equation as a measure of 

household’s willingness to adopt new innovations. Mobile communication technology plays a 

strategic role in improving access to labor markets and reducing vulnerability to unpredictable 

shocks (World Bank, 2007). In 2006, the share of households with access to microfinance and a 

mobile phone was 12%. In 2010, the share was 91% (KIHS, 2010).  

Explanatory variables specific to each equation represent the household’s resource 

endowment. For (1.3), this corresponds to 

{
  
 

  
 
𝑿𝒇𝒐𝒐𝒅 = (𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘, 𝑙𝑎𝑛𝑑, 𝑓𝑜𝑜𝑑 𝑠𝑡𝑜𝑟𝑎𝑔𝑒)                                                             

𝑿𝒔𝒕𝒂𝒓𝒕 = (𝑡𝑒𝑥𝑡𝑖𝑙𝑒, 𝑓𝑜𝑜𝑑 𝑠𝑡𝑜𝑟𝑎𝑔𝑒, 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛)                                             

𝑿𝒇𝒂𝒓𝒎 = (𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘, 𝑙𝑎𝑛𝑑, 𝑓𝑜𝑜𝑑 𝑠𝑡𝑜𝑟𝑎𝑔𝑒, 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛)                             

𝑿𝒐𝒕𝒉𝒆𝒓 = (𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛, 𝑠𝑎𝑛𝑖𝑡𝑎𝑡𝑖𝑜𝑛, ℎ𝑜𝑡 𝑤𝑎𝑡𝑒𝑟) .                                          

   (1.4) 

The choice of the independent variables in each equation is based on the loan purpose. 

Dummy variables for the ownership of textile machinery and food storage equipment were 

included in the Start a Business equation, given the leading retail sectors in Kyrgyzstan are still 
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food products and clothing (Huang, 2014; EurasiaNet, 2014). Similarly, the ownership of 

sanitation and the hot water supply were considered as a proxy of the housing conditions and 

they were included in the Other Purchases equation (Parkinson and Talipova, 2005; and United 

Nations Economic Commission for Europe, UNECE, 2009). Note that all the variables in (4), as 

well as the off-farm income and the ownership of mobile phone in 𝑿𝟎, were lagged by one year 

to avoid endogeneity issues.  

1.6. RESULTS 

The results of the multivariate Probit model for (1.3) are listed in Table 1.6. At the bottom of 

Table 1.6, the likelihood ratio rejects the null hypothesis of no correlation among equations at the 

1% level. This indicates that loan choices are interdependent. The estimated correlation matrix is 

given in the lower half of Table 1.6. All the correlation coefficients are negative and significant 

at the 1% level, apart from the Food Products and the Start a Business allocation of the loan. This 

supports the hypothesis that different loan choices are considered substitutes by households. This 

also suggests households are substantially credit constrained given the loan allocation for one 

choice reduces the financial resources for other choices (Karlan and Goldberg, 2011). It is 

interesting to notice the absence of statistically significant correlation between buying food and 

starting a new business. Further, the Wald test does not reject the hypothesis of zero correlation 

between the Food Products choice and the Start Business choice with a p-value equal to 0.39 

(Jenkins et al., 2005).  A possible explanation is that the first alternative is related to the 

autonomous consumption, the fixed spending necessary to satisfy basic needs, which is 

independent from the disposable income originating from the second alternative (Aitymbetov, 

2006).  Note that the model also indicates numerical stability with robust results for a small 

number of draws, as small as 25.  
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The estimated probabilities and the marginal effects are listed in Table 1.7. The highest 

unconditional probability is Food Products (48%), followed by Agricultural Needs (32%), Other 

Purchases (29%), and Start a Business (25%). This relatively large household allocation of credit 

to food purchases and the low allocation for small business and agricultural investment generate 

some concerns about the borrowers’ perception of risk in use of microfinance in Kyrgyzstan.  

In general, microfinance loans are directed to small businesses and residually to 

agricultural purposes and food products as noted in other studies (Raghunathan et al., 2011). This 

is due to microfinance agencies providing loans with respect to several factors, mainly risk 

considerations. Trade and manufacturing activities are usually considered less risky given they 

can generate more income growth than consumption activates (Raghunathan et al., 2011). If 

borrowers are not able to transform their loan into a future income stream at the expiration date, 

they may be worse off, given that they have to repay the principal and high interest rates. Since 

buying food has the highest probability of loan allocation while productive uses have the lowest 

probability, the risk that microfinance in Kyrgyzstan could increase over-indebtedness is a very 

real possibility (Microfinance Center, 2011).  

The analysis of marginal effects allows identifying key factors in the loan allocation. For 

instance, in the Agricultural Needs equation, the ownership of livestock has a positive effect 

(0.23) while it has a negative effect in the Food Products equation (−0.17). This suggests 

livestock is a strategic asset for agricultural investment and it represents a substantial food source 

for small farmers (Lerman and Sedik, 2009). The Kyrgyz territory is mainly mountainous and the 

arable land has low productivity. Gazing cattle does not require ownership of land while the 

employment of fertilizer and the irrigation system are still quite limited for small farmers 
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(Lerman and Sedik, 2009). This can explain the lack of significant effect of the ownership of 

arable land in the Food Products equation and the Agricultural Needs Equation.  

The ownership of mobile phones also indicates an interesting pattern. If the household 

has a mobile phone in the previous period, the probability to use the loan to Start a Business in 

the current period increases by 0.12. In contrast, the ownership of mobile phone decreases the 

probability to allocate the credit for Food Products by 0.11. The strategic role played by mobile 

technology to foster the economic development in Kyrgyzstan suggests that if households 

improve their communication capabilities, this may reduce their vulnerability to unpredictable 

shocks and stimulate their access to market and job opportunities (World Bank, 2007).  

The probability of using the loan to Start a Business is also positively affected by the 

ownership of textile and food storage equipment. If the household owns textile and food storage 

equipment, the probability to allocate the loan for starting a business increases by 0.07 and 0.08, 

respectively (10% significance).  Note that the magnitude of the average partial effects of the two 

independent variables is basically the same. This is supported by the F-test on equal coefficients, 

which does not reject the null with a p-value equal to 0.82. 

The off-farm income increases the probability to use the loan for Other Purchases by 0.07 

and it decreases the probability to allocate credit for Agricultural Needs by 0.09. The effect of 

the off-farm income on loan allocation purposes is basically opposite that of the residence 

variable. Dwelling in a rural area increases the probability to use the loan for Agricultural Needs 

by 0.23 and it decreases the probability to use the loan for Other Purchases by 0.10. Labor 

migratory trends in Kyrgyzstan in the last two decades are in line with these results. The Kyrgyz 

population, especially the young, is migrating from the countryside in order to find better 

economic opportunities in urban areas and abroad (Thieme, 2008). Off-farm income is mainly 
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characterized by labor income, in particular more skilled jobs present in urban areas. In addition, 

remittances are another substantial source of the off-farm income that may further stimulate the 

abandonment of the countryside. 

The Naryn region is positively associated with the probability to use the loan for Food 

Products (0.38) and negatively with the probability to use the loan to Start a Business (−0.08). 

Naryn presents the highest poverty rate, at 52% (Slay, 2011), and the largest share of small 

microfinance loans in Kyrgyzstan (Microfinance Center, 2011).  This suggests that microfinance 

in this region targets low-income households with substantial credit constraints. The results 

indicating microfinance loans are mainly used to satisfy basic needs confirms the previous 

analysis. Low-income households located in rural areas employ microfinance to relax their credit 

constraint, but the extra liquidity is mostly used for short-run purposes rather than for investment 

uses. 

Other factors have an isolated effect only on specific choices. The gender variable 

confirms the use of microfinance for nutritional purposes in households headed by women, 

especially for the care of children (Khandker, 2005). If the head of the household is female, the 

probability of purchasing food increases by 11% at the 5% significance level.  Similarly, the 

educational level of the head of the family positively affects the probability to use the loan for 

Agricultural Needs at the 1% significance level. If the educational level increases by one year, 

the probability to invest in Agricultural Needs increases by 0.03 at the 1% significance level. In 

general, education can improve the farmer’s understanding of agricultural processes and this may 

stimulate expenditures in farming activities (Muhongayire et al., 2013).  Finally, the Other 

Purchases are positively associated with family size at the 1% significance level. The average 
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partial effect is 0.06. This may be due to the high share of young people in urban areas in 

Kyrgyzstan that require income for educational and healthcare expenditures (NSCK, 2009).  

1.7. CONCLUSIONS AND POLICY IMPLICATIONS 

An economic assessment is presented for microfinance loan allocations in Kyrgyzstan from 2006 

to 2010. Results indicate that buying food for consumption has the highest loan use probability 

while starting a new business has the lowest probability. The study also identified a geographical 

component of the loan allocation. The Naryn region has the largest impact on the loan use 

probability to buy food and the smallest (negative) impact on the probability to start a new 

business. The study suggests that microfinance was able to relax low-income borrowers’ 

substantial credit constraints, but the risk of over-indebtedness for low-income rural households 

was likely in Kyrgyzstan in the 2006-2010 period (Schicks, 2012; PlaNet Finance Foundation, 

2013).   

 This study identifies two key drivers of loan allocation: mobile phone and livestock 

ownership. Mobile phone ownership reduces the probability to allocate the loan for food needs 

and increases the probability to use the loan for starting a business. Policy strategies that increase 

the signal coverage, improve the affordability, and the speed of the mobile phone service can be 

an effective tool for poverty alleviation and economic growth (Driesbach et al., 2009). In 

addition, other information and communication technologies such as Internet access can reduce 

their vulnerability to unpredictable shocks and make low-income households more informed 

about market conditions and borrowing costs (World Bank, 2007).  

Similarly, the ownership of livestock is a strategic asset for agricultural investments and 

the food supply of small farmers. The poor development of crop activities for small scale farmers 

in the Kyrgyz Republic seems due to several factors, namely poor soil productivity, limited 
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private land rights, and low levels of technology adoption (Lerman and Sedik, 2009). From this 

point of view, subsidies that address the livestock sector could be combined with policies that 

stimulate education and farmers’ training including schooling and extension services. This can 

substantially contribute to rural poverty alleviation through a more productive use of 

microfinance for the diffusion and the adoption of farming technologies (Muhongayire et al., 

2013). In addition, seed and fertilizer distribution schemes may stimulate the agricultural 

productivity and provide spillover benefits for the entire rural sector (Jayne et al., 2004; 

Tilekeyev, 2013). 

Finally, regardless of microfinance, the under-development of the traditional credit 

channel represents one of the most difficult challenges in the Kyrgyz Republic (Microfinance 

Center, 2011). Policies that support financial literacy, increase the market competition, and 

conclude the reform of property rights can be effective, but they should be mated to other market 

and political liberalizations. Otherwise, the transition from a centrally planned economy to a 

market economy will leave the country mired in poverty.     
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CHAPTER 2 

RACIAL DIVERSITY AND SCHOOL PERFORMANCE: A SCHOOL LOCATION APPROACH 

2.1. INTRODUCTION 

Parents, educators, and policymakers are concerned about the effects of racial diversity on the 

educational environment and academic achievement in K-12 schools. Racial disparity is a major 

cause of U.S. school inequality (National Center for Education Statistics 2014). While the racial 

achievement gap has declined over the last 40 years, the literature still indicates a consistent 

difference in favor of whites. Moreover, while the achievement gap between fourth grade white 

and black students in the mathematics standardized test fell from 18% in 1973 to 12% in 2013, 

the gap still exists (National Center for Education Statistics 2014).  

Within the U. S., the traditional academic approach has highlighted how racial peer-

effects improve students’ school performance (Jencks et al., 1972). Hoxby (2000) indicates 

African-American third graders perform substantially better in primarily white student classes. 

Similarly, Hanushek, Kain, and Rivkin (2009) determined having a higher share of non-white 

classmates lowers African-American student academic achievement.  

Racial peer-effects, if present, are externalities. Thus, they may create opportunities for 

social welfare-enhancing interventions. For instance, a school financial system that encourages 

an efficient distribution of peers will experience improved efficiencies in human capital 

investments (Hoxby 2000).  However, racial diversity can also be a negative externality, which 

reduces academic performance. For satisfying greater heterogeneous students’ demands, an 

increase in the per pupil spending may be required or the educational outcome could decrease 
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(Hall and Leeson 2010).  Easterly and Levine (1997) indicate the degree of ethno-linguistic 

fractionalization affects negatively on the number of years of schooling in the U. S. Recently, 

Hall and Leeson (2010) determine that racial fractionalization decreases the educational 

achievement of ninth grade students in Ohio school districts by 7% to 17.5%.  

In general, the perception of race is affected by institutional factors of the school and its 

community (Akerlof 1997; Tyson et al., 2005). These factors affect students, parents, and 

teachers and so their idea of race. Morris and Monroe (2009) in the southeastern U.S. investigate 

the interaction between racial diversity and school performance. They indicate that within rural 

and urban areas characterized by stark disparities, racial diversity can be negatively perceived by 

students and it may contribute to the academic disengagement (Morris and Monroe 2009). In 

addition, Ely, Padavic, and Thomas (2012) determine that only when white and non-white 

groups consider the learning environment supportive, does the relationship between racial 

diversity and performance becomes positive.   

Socio-economic traits usually have a spatial pattern (Anselin 2002). In general, more 

wealthy neighborhoods are characterized by better infrastructures and higher quality of services, 

in particular education (Naidoo and Munch 2014; Feitosa et al., 2008; Gordon and Monastiriotis 

2007). Given that these characteristics affect the learning environment and the learning 

environment affects the relationship, it is expected that the interaction between racial diversity 

and educational outcome depends on the school location.  

Consequently, the goal of this study is to empirically investigate the relationships among 

racial diversity, school performance, and school location. This study utilizes school-level data on 

race and educational achievement for Georgia fifth grade public schools for the 2008 - 2009 

academic year. With Georgia one of the most racially differentiated states in the United States, it 
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represents an interesting case to analyze racial diversity and educational achievement (U. S. 

Census Bureau 2012).  

Moreover, the study of racial diversity, school performance, and location is also 

fundamental to formulating appropriate educational strategies. Traditional policies to increase 

the educational supply are more effective where the relationship between racial diversity and 

school performance is absent or negative. In contrast, in schools where the relationship is 

positive, investing in alternative strategies to stimulate racial diversity may be the most 

productive choice.   

The essay is organized as follows: section two provides the empirical strategy; section 

three describes the dataset and the variables employed; section four presents the econometric 

approach for the analytical estimation; section five presents the results; while the conclusions 

and implications are drawn in section six.  

2.2. EMPIRICAL STRATEGY AND BACKGROUND 

In general, there are three central issues in estimating the relationship among racial diversity, 

educational achievement, and school location. First, it is reasonable to assume there are 

unobserved variables associated with a student’s presence in a particular classroom within a 

school, for instance the quality of the school (Hoxby 2000; LeSage and Pace 2009). Researchers 

usually observe only some of these variables, but they affect the educational outcome. Several 

strategies are available to handle this issue. The most commonly cited remedy is the inclusion of 

fixed effects in the regression specification, in particular at the spatial level (Anselin and 

Arribas-Bel 2011). A spatial fixed effects model is a model with intercepts/dummy variables 

defined at some spatial level of aggregation. One approach is to define fixed effects at the school 
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district level. Schools within the same school district share common characteristics and this can 

generate unobserved heterogeneity.  

There are, however, several concerns associated with this model. First, to have reliable 

estimates, it is necessary for the number of school districts to be small relative to the number of 

observations and the number of observations with a district relatively large (Anselin and Arribas-

Bel 2011; Wooldridge 2002). In this study, for Georgia school districts, the number of schools 

per school district ranges from 1 to 92. This large variability makes the applicability of a spatial 

fixed effects model questionable. Second, if the unit of observation is a school, defining fixed 

effects on the basis of school districts will remove all the variables at this level. Many socio-

economic indicators are available only at the school district level, but not at individual schools. 

Finally, if there is within group heteroskedasticity or interaction, this will be relegated to the 

error term, resulting in heteroskedasticity and/or spatially correlated disturbances (Anselin and 

Arribas-Bel 2011).  

A suitable approach for estimating the effect of racial diversity on the educational 

outcome is spatial regression. A spatial error model (SER) with neighborhood structure defined 

at school district level can address all the estimation issues (Anselin and Arribas-Bel 2011). The 

SER model assumes the error term is not correlated to the included variables, which may not 

hold. If the SER model is the true model, OLS estimates will be consistent even if inefficient 

(Anselin and Bera 1998). This issue may be accounted for by considering other spatial regression 

models. In particular, the spatial lag model (SLAG), the spatial Durbin model (SDM), and the 

general spatial model. These models define directly the omitted variables as spatial lag of the 

dependent and/or independent variables. If the learning environment affects the relationship 

between racial diversity and school performance, it is reasonable to assume that it also is affected 
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by socio-economic characteristics that vary across space (Anselin and Arribas-Bel 2011). These 

models allow for a wide range of global and local effects, so they should adequately represent 

the underlying educational environment.  

The second central problem with estimating the relationship between racial diversity and 

achievement scores is self-selection (Hoxby 2000).  Parents can choose which school their 

children attend on the basis of different factors, primarily related to the school performance 

(Reback 2008; Georgia Public Policy Foundation 2010). Since school choice affects the racial 

composition of the school, this feedback generates endogeneity and possible unreliable estimates 

(Wooldridge 2002).   

In general, the school choice is realized through two channels. One channel is school 

transfer. A student is assigned to a school with respect to the family’s residence, but parents can 

request a different school. While school transfer is allowed in Georgia, its impact is extremely 

limited. In Georgia, there are two types of school transfers, intra-district and inter-district.  

Before 2012, less than 5% of the student population in Georgia was involved intra-district 

transfers. After 2012, its incidence decreased. In 2012-2014, Georgia, together with 42 other 

states, received an amendment to federal legislation that increased the flexibility (No Child Left 

Behind Act, Georgia Department of Education 2014b). In terms of intra-district school transfer, 

the new legislation abolished public support for the transportation cost, and thus it further 

decreases the incidence of this program in Georgia (Georgia Department of Education 2014b).  

The inter-district school transfer programs also have a limited impact on the racial 

composition of schools in Georgia. These programs allow students to attend schools outside their 

own district. In order to realize the inter-district school transfer, it is necessary that a space is 

available in the receiving school. Furthermore, the sending district and the receiving district must 
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agree on the funding allocation to support the transfer. Finally, inter-district school transfers are 

allowed by the Georgia legislation under the condition that they do not change the racial 

integration plans (Georgia Department of Education 2014b). 

In contrast, the second channel through which the school choice is realized can have a 

substantial impact on the racial composition of schools. Household mobility may happen in 

response to the educational achievement (Lareau and Goyette 2014). Families decide where to 

live with respect to several socio-economic factors: job opportunities, quality of the 

neighborhood, availability of transportation, and the ranking of schools for their children. This 

problem is more serious considering that the school report card provides data on the achievement 

scores in reading and math, the dependent variable used in this analysis, which allows parents to 

make informed decisions on their school choice option (Georgia Public Policy Foundation 

2010)
1
.   

Consequently, given the risk of endogeneity of racial diversity, it will be necessary to test 

if this is the case and then employ specific estimation techniques, spatial general method of 

moments and spatial instrumental variable/two-stage least square regression (Anselin and Bera 

1998; Monchuk et al., 2011).  

The third estimation problem is the learning environment. In the analysis, two racial 

groups are considered: white majority schools and non-white majority schools. The idea is to 

study how the effect of racial diversity on the educational outcome changes between a racially 

segregated environment and a non-racially segregated environment. We also consider three 

different geographical areas: the Atlanta Metropolitan Area (AMA) schools, urban schools 

                                                           
1
 Charter schools do not affect the racial composition due to the fact that they locate to attract more students with a 

specific demand and thus they can increase racial segregation (Zimmer et al. 2009). Magnet schools may increase 

the racial diversity, but they are very few to satisfy the huge school choice demand. For instance, the Atlanta 

Metropolitan Area represents 48% of the sample of 537 elementary schools, but only six elementary magnet schools 

are located in its territory (Georgia Department of Education 2014a). 
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different from AMA, and rural schools. The rural-urban location is considered as one of the 

primary factors that affect the school environment (National Center for Education Statistics 

2008)
2
.The Atlanta Metropolitan Area was also evaluated separately from all the other urban 

schools given it is considered a specific tract to collect statistical data (U.S. Office of 

Management and Budget 2013) and also to assess the educational outcome (Nation’s Report 

Card 2013).  

In general, if the relationship between racial diversity and school performance changes 

with respect to the location and the racial composition of the school, it should be sufficient to 

employ an interaction term between racial diversity and dummy variables to detect the school 

characteristics. However, the previous argument holds if the learning environment does not 

change with respect to the school characteristics. Rural areas can be characterized by high 

poverty and low levels of family education, but also low crime rates relative to urban areas 

(Singh and Siahpush 2014). At the same time, non-white communities can be characterized by a 

high share of single-parent families, low racial diversity, and poorer living conditions than their 

white counterparts (Chatty et al., 2014; Cheng and Kindig 2012). From an empirical point of 

view, a different learning environment can imply structural breaks in the estimation equation and 

so different coefficients among sub-groups of the sample (Greene 2012). For instance, say 𝑦 the 

achievement score, 𝑥𝑘 a set of independent variables with k from 1 to K, G different equations 

are defined as: 

𝑦𝑔 = 𝛽0
𝑔
+ 𝛽1

𝑔
𝑥1
𝑔
+ 𝛽2

𝑔
𝑥2
𝑔
+ . . . +𝛽𝐾

𝑔
𝑥𝐾
𝑔
+ 𝜖𝑔;   𝑔 = 1…𝐺,  (2.1) 

                                                           
2
 Factors that are considered peculiar of the learning environment are disciplinary issues, lack of parental 

involvement, and access to school facilities, primarily computers (National Center for Education Statistics 2008).  
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where the supercript 𝑔 represents the sub-group.  The empirical strategy requires testing if 

structural breaks are present. If this is the case, different regressions for each sub-group should 

be estimated. Otherwise, a dummy variable approach can be employed.  

2.3. DATA 

Achievement data were collected from the Georgia Department of Education and Governor’s 

Office of Student Achievement (Georgia Public Policy Foundation 2009). The data provides 

information to help parents make informed decisions about the quality of public education in 

Georgia, based on data for the 2008-2009 school year. Student achievement data are employed 

by school systems to evaluate student learning outcomes, teacher effectiveness, and overall 

school performances (Georgia Public Policy Foundation 2009). The analysis was performed at 

the school level employing fifth grade data. Due to some skewness, the dependent variable was 

log-transformed. 

The data on the racial composition are also from the 2008 Georgia Department of 

Education, which identifies six ethnic groups: White, Black, Hispanic, Asian, Native-American, 

and multiracial. Four racial groups are employed: White, Black, Hispanic, and other, where 

White, Black, and Hispanic groups represent 94% of the student population. 

Two definitions of racial fractionalization are employed. The first is the racial 

fractionalization index, 𝑟𝑓𝑗  (Hall and Leeson 2010), which measures the probability two 

randomly drawn individuals from the overall population belong to different ethnic groups: 

𝑟𝑓𝑗 = 1 − ∑ 𝜋𝑗𝑘      
2𝐾

𝑘=1 ,             (2.2) 

where 𝜋𝑗𝑘 is the share of the racial group k in the school 𝑗. The index is bounded between zero 

and one and it increases with racial diversity.  

For sensitivity analysis, Theil’s racial diversity index is employed (Theil, 1971): 
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𝑟𝑓𝑗
𝑇ℎ𝑒𝑖𝑙 = ∑ 𝜋𝑗𝑘 ∙ ln(1 𝜋𝑗𝑘⁄ )       ,𝐾

𝑘=1        (2.3) 

where if 𝜋𝑗𝑘 = 0, then 𝜋𝑗𝑘 ∙ ln(1 𝜋𝑗𝑘⁄ ) is set to zero. 

The poverty rate is defined as the share of students in the fifth grade who are eligible for 

a reduced price or a free school lunch. Eligibility is based on family income. Data on the 

eligibility are provided by the National School Lunch Program (NSLP) as reported in the United 

States Department of Agriculture Economic Research Service (USDA-ERS) Food Environment 

Atlas (2011). 

The school spending per pupil and the centralized spending per pupil were determined by 

dividing the funds expended at the school site by the number of full-time equivalent students. 

The centralized spending per pupil is the residual public spending not allocated to a particular 

school activity as reported by the Georgia Department of Education (2009) divided by the 

number of students in each school. 

County-level variables were collected from the U.S. Census Bureau for year 2009 (U.S. 

Census Bureau 2009) and they were utilized as a measure of human capital in the school district.  

They are: the share of teachers with thirty or more years of experience, the unemployment rate, 

the percent of single-parent families, and the share of population who have a high school 

diploma or higher.  

The urban-rural definition is from the United States Office of Management and Budget 

(OMB).  An urban area is a city with population of 50,000 or more. The Atlanta Metropolitan 

Area is defined as the “Atlanta-Sandy Springs-Marietta, GA Metropolitan Statistical Area” 

according to the U. S. Office of Management and Budget (2013).  

Data on spatial coordinates were taken from the physical address of the schools.  The 

dataset contains 1,112 elementary schools.  The descriptive statistics are presented in Table 2.1. 
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2.4. ESTIMATION APPROACH 

A spatial regression model is developed by the following equations (Anselin and Bera 1998; 

LeSage and Pace 2009; Anselin and Arribas-Bel 2011). 

The general spatial regression model is defined as: 

𝑦 =  𝜌𝑊1𝑦 + 𝑋𝛽 + 𝜀   ;        𝜀 = 𝜆𝑊2𝜀 + 𝑢     ,        (2.4) 

where W1 and W2 are two weighting matrices and u is assumed i. i. d.  

 If 𝜆 = 0 the model becomes the spatial lagged model (SLAG): 

𝑦 =  𝜌𝑊1𝑦 + 𝑋𝛽 + 𝜀 ,          (2.5) 

where 𝜀 is assumed i. i. d.  

 If 𝜌 = 0 the model becomes the spatial error model (SER): 

𝑦 =  𝑋𝛽 + 𝜀   ;       𝜀 = 𝜆𝑊2𝜀 + 𝑢  .       (2.6) 

 One alternative formulation of the model given in (2.5) is the spatial Durbin model 

(SDM): 

𝑦 =  𝜌𝑊2𝑦 + 𝑋𝛽 +𝑊2𝑋𝜃 + 𝑢   .       (2.7) 

 Notice if 𝜃 = −𝜆𝛽 the spatial Durbin model yields the spatial error model (Anselin and 

Bera 1998). Thus, we will test equations (2.4)-(2.7).  

Binary contiguity matrices, which are row-standardized, were employed. Two contiguity 

matrices, one based on the cut-off distance and one based on the school district definition, were 

employed. 
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 The cut-off contiguity matrix was built such that each observation has at least five 

neighbors. The distances were calculated with the Haversine formula to count for the earth 

curvature (Liao and Wang 2012). Figure 2.1.A indicates the details
3
.  

The second weighting matrix is based on the school district definition. Two schools are 

neighbors if they belong to the same school district. Notice that the school district definition 

almost corresponds to the County definition. In Georgia there are 159 counties for as many 

school districts plus another 21 city level school districts. These districts are illustrated in Figure 

2.1.B. 

The spatial regression models were estimated by maximum likelihood estimation based 

on the concentrated log likelihood function (Anselin and Bera 1998). The bootstrapped standard 

errors will be shown for all the models.  The bootstrapping methodology is the paired 

bootstrapping from Monchuk et al., (2011). The authors analyzed three bootstrapping methods 

for spatial regression models: non-parametric bootstrapping, parametric bootstrapping, and 

paired bootstrapping. In the presence of heteroskedasticity, the paired bootstrapping is the only 

one that produces consistent estimates (Monchuk et al., 2011). 

Specification tests for the model choice require performing robust tests if more spatial 

dependences are detected (Anselin and Florax 1995). After robust Lagrange multiplier (LM) 

tests, if the diagnostics are still not able to indicate a specific form of spatial dependence, the 

model with the highest robust LM test will be chosen (Anselin and Florax 1995). 

The analysis of endogeneity of racial diversity requires performing the Hausman test. To 

control for heteroskedasticity, the significance of the test will be calculated with bootstrapped 

standard errors (Monchuk et al., 2011). If endogeneity is present, the model will be estimated by 

                                                           
3
 Preliminary diagnostics shows that the presence of spatial interaction from one neighbor to five neighbors is 

detected, but for ten neighbors the Moran’s I is not able to distinguish the sign of the spatial autocorrelation and 
the Geary’s C does not reject the null of no spatial feedback. This is due to the high presence of spatial clusters. 
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spatial general method of moments (GMM) or spatial instrumental variables/two-stage least 

square regression (Anselin and Bera 1998; Monchuk et al., 2011).  

The analysis of structural stability requires performing the spatial Chow test (Anselin 

1990). In the presence of spatial dependence, there are four versions of the test: equal spatial 

parameter, but equal/unequal variance; unequal spatial parameter and independent/dependent 

equations (Anselin 1990). If no structural break is detected, the model will be estimated defining 

interaction terms between the racial fractionalization index and dummy variables that identify the 

location (rural, urban, and metropolitan) and the racial composition (white and non-white) of 

schools. Otherwise, different regressions will be estimated for the sub-groups that present 

structural instability, that is, different coefficients.  

2.5. RESULTS 

The diagnostics for the model choice are presented in Table 2.2. The robust Lagrange 

multiplier (LM) test of the SER model is significant for any weighting matrix while the test of 

the SLAG model with cut-off weighting matrix does not reject the null of spatial lag equal to 

zero (p-value 0.21). Notice also that the LM test is always higher for the SER model than for the 

SLAG model. This suggests that the SER model performs better than the SLAG model (Anselin 

and Florax 1995).  

The diagnostics also indicate the school district weighting matrix performs better than the 

cut-off distance weighting matrix. Notice the likelihood ratio test (LeSage and Pace 2009) to 

constrain the spatial Durbin model to the SER model does not reject the null for the school 

district weighting matrix (p-value 0.28). Consequently, we will focus on the SER model based 

on the school district weighting matrix.  
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Before estimating the models, two aspects were analyzed. First, it was necessary to check 

if racial diversity is endogenous. Following Monchuk et al. (2011), the spatially lagged racial 

diversity index with one and two lags was employed. The racial fractionalization index defined 

at the district level in 2000 was also used (U. S. Census Bureau 2000). To check if the 

diagnostics change with respect to the model specification, the Hausman endogeneity test was 

performed employing the SER model and OLS in the second stage. The resulting tests indicate a 

value of 0.73 and 0.91 with the OLS model and the SER model in the second stage, respectively 

(p-values 0.46 and 0.36). The test never rejects the null hypothesis of exogeneity of the racial 

fractionalization index. This suggests the endogeneity of racial fractionalization index is not an 

issue for the fifth grade schools in Georgia. The statistical insignificance of feedback between 

achievement score and racial diversity can be explained by the low incidence of school transfers 

in Georgia’s public schools (Georgia Department of Education 2014b). In addition, household 

mobility may be only partially affected by the school choice since several other factors are 

involved (Lareau and Goyette 2014). 

Second, it is also important to consider structural instability. The Chow test results in the 

spatial error model are listed at the bottom of Tables 2.3 and 2.4 (Anselin 1990). The tests were 

estimated by assuming different variance and spatial structure for each subgroup (Anselin 1990). 

The tests were also performed by assuming the independence between sub-groups. Notice that 

only the racial definition splits the school district correlation. School districts present in both the 

racial sub-groups represent less than 21% of the sample and this can indicate a quite limited 

dependence. To check the magnitude of the correlation between white and non-white schools, 

the Breush-Pagan test on independent equations was calculated. The Chi-square statistics is 0.19 

(1 degree of freedom) and it does not reject the null hypothesis of no correlation (p-value 0.66).  
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The test indicates there is substantial structural instability, in particular due to the racial 

composition of the school. The Chow test is equal to 727 for two racial groups (white and non-

white schools), 163 for three geographical zones (AMA, urban, and rural), and 710 for all the six 

subgroups. All the p-values are equal to zero and the tests always reject the null hypothesis of no 

structural break. These results indicate that the learning environment changes considerably with 

respect to the racial composition and the location of a school. School facilities, teaching 

methods, and neighborhood characteristics shape the educational experience of students. The 

presence of structural breaks for different learning environments is also confirmed by the 

magnitude of the spatial parameter. Notice the lambda parameter is 0.37 in the AMA, 0.30 in 

urban areas different from AMA, and 0.22 in rural zones. In addition, the spatial parameter is 

0.40 for non-white student majority schools and 0.27 for white student majority schools. This 

suggests that the noise due to the spatial interaction increases with the population density.    

Tables 2.3-2.7 indicate the maximum likelihood estimates for the SER model with the 

school district weighting matrix. With the dependent variable specified as a log transform, the 

coefficients indicate that the percent change of the achievement score (
𝜕𝑙𝑛𝑦

𝜕𝑥𝑘
=

𝜕𝑦/𝑦

𝜕𝑥𝑘
= 𝛽𝑘). For 

comparison purposes, the estimates for the entire sample are listed in Table 2.3 column six. At 

the aggregate level, the racial fractionalization index is significant at the 1% level and its 

coefficient is equal to 5%. The positive effect of racial diversity on the achievement score is 

present in non-white majority schools (estimated coefficient 0.07, 1% significant) as listed in 

Table 2.3, columns one and two. This is offset by the negative effect of racial diversity on the 

achievement score in white student majority schools (estimated coefficient -0.03, 10% 

significant).  
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Table 2.4 provides further insight on the relationship between racial diversity and 

achievement score for the fifth grade schools in Georgia. The negative effect of racial diversity 

on the achievement score in white majority schools is located in urban areas (estimated 

coefficient -0.08, 1% significant) as listed in Table 2.4, columns one, two, and three. Similarly, 

the positive effect of racial diversity on the achievement score in non-white majority schools is 

located in metropolitan areas and urban areas, but not in rural areas. The estimated parameters 

are 0.06 (1% significant) and 0.09 (10% significant) in the AMA schools and urban schools, 

respectively.  

These results indicate that Atlanta Metropolitan Area is the only region where the 

positive effect of racial diversity for non-white student majority schools is not followed by a 

reduction in the educational outcome for white majority schools located in the same region. This 

suggests stimulating the racial composition in the Georgia public schools could be ineffective, 

especially in rural areas where its positive effect on achievement scores is barely significant. In 

addition, increasing the racial composition in urban centers outside the Atlanta Metropolitan 

Area in white majority schools may be counter-productive and decrease the achievement score. 

Moreover, results suggest that increasing racial diversity is particularly effective in the Atlanta 

Metropolitan Area where the educational outcome on minority students is positive and there is 

no significant reduction of the white students’achievement score.  

The poverty rate has a negative effect on the achievement scores. The estimated 

coefficient is -0.21 and -0.31 (1% significant) for white majority schools and non-white majority 

schools, respectively. In addition, the negative effect of poverty has the largest impact on schools 

located in urban areas (estimated coefficient -0.35, 1% significant). This is particularly evident 

for non-white student majority schools where the estimated parameter is -0.43 (1% significant, 
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Table 2.4). These results support previous studies, which indicated that students who are hungry 

are less likely to be ready to learn and more apt to exhibit behavioral problems, than children 

who arrive at school with adequate nutrition (Alaimo, Olson, and Frongillo 2001; Hinrichs, 

2010). 

The share of teachers with more than 30 years of experience has a positive effect on the 

achievement score in white student majority schools. The estimated coefficients are 0.45 and 

0.41 (10% significant) in schools located in the AMA and in urban areas, respectively (Table 

2.4). Similarly, the share of single-parent households has a negative impact on the achievement 

scores for non-white student majority schools.  In urban areas the estimated coefficient is -0.16, 

1% significant, with a similar result in rural non-white majority schools (Table 2.4). 

As expected, the unemployment rate also has a negative effect on the achievement score 

for all racial groups and in all locations, except the Atlanta Metropolitan Area (Table 2.3). The 

impact is the largest in schools located in urban areas where the coefficient ranges from -0.06 

(10% significant) to -0.15 (10% significant) for white majority schools and non-white majority 

schools, respectively (Table 2.4).  

The share of population who are high school graduates or higher has a positive effect on 

the achievement scores for white majority schools located in the AMA and in rural areas. The 

estimated coefficients are 0.18 (10% significant) and 0.31 (5% significant) for white majority 

schools located in the AMA and in rural areas, respectively (Table 2.4). Out of six analyzed 

groups, only one of the two coefficients for school spending was significant. Table 2.4, fifth 

column, indicates the estimated coefficient is 2.12E-05 for non-white schools located in urban 

areas (10% significant). A $1,000 increase in the school spending per pupil FTE stimulates the 

achievement score by 2%. This provides additional evidence that the relationship between per 
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pupil spending and the educational outcome in Georgia’s public schools is weak or absent which 

is supported in other studies (Hanushek 1997; Hoxby 2002; Wenglinsky 1997).  

Further evidence of the robustness on the relationship between racial diversity and 

achievement scores for the Georgia’s fifth grade students is listed in Table 2.5-2.7. Table 2.5 lists 

the results of employing the racial fractionalization index (2.3) instead of (2.2). The primary 

difference is the coefficient magnitudes are different with the pattern of significant coefficients 

remaining unchanged. The estimated coefficient of the racial fractionalization index is negative 

for white majority schools located in urban areas (-0.04, 5% significant) and positive for non-

white majority schools located in the AMA and in urban areas.  

Similarly, Table 2.6 lists the estimates by defining the racial fractionalization index 

according to three racial groups (white, black, and other) instead of four (white, black, Hispanic, 

and other) as in Table 2.4. In this case, the relationship between racial diversity and achievement 

score is not significant in non-white student majority schools located in urban areas, but all the 

other results and implications do not change. In particular, the Atlanta Metropolitan Area is the 

only region where a positive effect of an increase of the racial diversity on the achievement score 

for minority students is not follow by a decrease of the school performance of the white majority 

schools.  

Finally, the estimates of adding a dummy variable to the model to identify black student 

majority schools among the non-white student majority schools are listed in Table 2.7. This 

variable was considered to check if racial diversity is a proxy for African-American majority 

schools (Hall and Leeson 2010). The estimated coefficients of the racial fractionalization index 

are the same as in Table 2.4, fourth-sixth column. The only difference is that the single-parent 
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family share is no longer significant. This suggests that the variable is a proxy for the African-

American student majority schools. 

In general, the major implication of this analysis is that an increase of the racial diversity 

can be considered a policy tool to positively enhance achievement scores in Georgia’s public 

schools. However, at the disaggregate level, the study indicates different results.  The results 

suggest policy strategies designed to increase racial diversity in the public schools should 

carefully consider the learning environment where they will be applied. As Akerlof (1997) 

pointed out, the policy implications of programs aimed at reducing social inequalities should be 

combined with initiatives that carefully demonstrate to students, families, and teaching staff the 

importance of school spirit and cohesion. If racial diversity has a negative impact on the 

achievement scores of some student group, then probably investing in other factors such as the 

teaching faculty or school facilities may produce better results.  

2.6. CONCLUSIONS AND IMPLICATIONS 

Results indicate that the relationship between racial diversity and school performance depends on 

the learning environment. The effect is positive and larger for the non-white majority schools 

(7%) and negative for the white majority schools (-3%). The negative effect of racial diversity on 

the achievement score in the white majority schools is present in urban areas outside the Atlanta 

Metropolitan Area (-8%). In contrast, the positive impact on the achievement score in the black 

and Hispanic majority schools is found in all urban areas in general. No significant effect was 

determined in rural schools for any racial group whether they are white or non-white majority 

schools. 

There are several educational strategies to stimulate racial diversity. The voluntary inter-

district school desegregation programs are choice-oriented programs that allow families and 
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students to choose a public school outside the school district boundaries of their residence 

(Darling 2007). In the U. S., there are eight programs of this kind involving students in 

elementary, middle, and high schools (Boston, MA; East Palo Alto, CA; Indianapolis, IN; 

Hartford, MD; Milwaukee, WI; Minneapolis, MN; Rochester NY; and St. Louis, MO (Wells et 

al., 2009). These programs have shown a positive impact on achievement scores, reduced drop-

out rates, reduced inequality, and increased career opportunities for the enrolled students (Wells 

et al., 2009).  

Another educational policy designed to efficiently foster racial diversity is based on the 

racial peer-effect externality. Public support for fees and tuition for transferring students to 

increase racial diversity can make human capital investments more efficient and so stimulate the 

economic growth through increased educational outcomes (Hoxby 2000).  

Finally, increasing school spending can still be effective in some contexts, but it presents 

two possible downsides. First, it may compound the pressure on the already limited public funds 

for education. Second, there are effectiveness concerns, given the limited statistical relationship 

between school achievement and per student expenditure (Hanushek 1997; Hoxby 2002; 

Wenglinsky, 1997). Policies designed to stimulate educational achievment and social equality 

may represent the most effective strategy in many metropolitan areas (Barron 2009). 
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CHAPTER 3 

TRANSPORTATION COST OF THE INTER-DISTRICT SCHOOL TRANSFER PROGRAMS 

3.1. INTRODUCTION 

Voluntary inter-district school transfer programs are choice-oriented programs, which allow 

families and students to choose a public school outside the school district boundaries of their 

residence (Darling, 2007). Voluntary inter-district school transfer programs aim to simulate 

educational outcome through the classroom peer-effects. In general, increasing students’ 

diversity in classroom may increase or decrease a student’s performance while substantially 

depends on the learning environment (Akerlof, 1997). Previous studies indicated that classroom 

peer-effects are positive externalities: bad students gain more by being exposed to good students 

than good students lose by being exposed to bad peers (Hoxby, 2000). If this asymmetry is 

strong, then investments in human capital are maximized when students attend schools with a 

broad array of economic and social backgrounds (Angrist and Lang, 2004).    

The voluntary inter-district desegregation programs also aim to reduce racial segregation 

and income inequality in public schools (Holme and Wells, 2008; Wells et al., 2009). Income 

and racial disparities comprise the two main causes of school inequality in the U.S. While the 

racial achievement gap has decreased in the last 30 to 40 years, studies still indicate a consistent 

difference in favor of whites (National Center for Education Statistics, 2014). Meanwhile, the 

achievement gap between high- and low-income students has widened (Reardon, 2011).  

Voluntary inter-district desegregation programs provide free transportation in contrast to 

many state open enrollment plans. Students involved in the programs travel on the bus several 
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miles before reaching their school of destination. This implies high transportation costs. Low-

income and racially segregated families generally cannot afford this expense, and thus, their 

participation in the program becomes impossible without free or subsidized transportation 

(Aspen Associates, 2007).  

The transportation cost of the voluntary inter-district school transfer programs is 

supported by state and local funds. In some cases, the program administrators receive funds 

directly from the state to cover the transportation cost (Voluntary Inter-District Choice 

Corporation, VICC, 2014). Alternatively, the receiving school districts support the transportation 

cost and then they are reimbursed by the state, based on the number of served students and the 

traveled distance (METCO Program, 2014). The reimbursement does not necessarily cover the 

entire amount of the transportation cost, and thus, a fraction of the cost falls on the involved 

school districts. 

Funding the transportation cost reduces the allocation of resources to alternative 

purposes, namely institutional activities. In many public school systems, if a school is relegated 

to the low performing category, it has to allocate a share of its budget between tutoring activities 

and transportation costs for transferring students to high performing schools (Rich, 2014). In 

addition, local taxpayers may contest school transfers. In general, families decide where to live 

with respect to several socio-economic factors: job opportunities, characteristics of the 

neighborhood, availability of transportation, and the quality of schools for their children (Lareau 

and Goyette, 2014). Local taxpayers can take positions against voluntary inter-district 

desegregation programs if this reduces the availability of school capacity for their children. 

Moreover, negative reactions can undermine the community spirit necessary for the effectiveness 

of the program (Finnigan and Stewart, 2009).  
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This study develops a model to estimate ex-ante the transportation cost of voluntary inter-

district desegregation programs. The model is applied to Atlanta Metropolitan Area (AMA) 

schools. The Atlanta Metropolitan Area is one of six urban districts in the U.S. where the inter-

district school transfer program can be the most effective (Barron, 2009). In addition, the Atlanta 

Metropolitan Area is also one of 21 metro areas in the U. S. for which the Department of 

Education provides a specific assessment of the achievement scores (Nation’s Report Card, 

2013).  

The assessment of the transportation cost is realized for the income inequality reduction 

strategy and the racial segregation reduction strategy (METCO Program, 2014; Minneapolis 

Public Schools, 2014). Given the same transportation expenditure, the analysis identifies which 

strategy maximizes the number of transferred students. In addition, the assessment provides an 

evaluation of racial and income segregation in the AMA public schools. The analysis is realized 

in terms of accessibility to high performing schools for students from low-income family and 

non-white students.  

The essay is organized as follows: Section 2 provides the background on the voluntary 

inter-district school transfer programs, Section 3 presents the microeconomic model, Section 4 

describes the data, Section 5 discusses the methodology, Section 6 presents the results, while the 

conclusions and implications are drawn in Section 7.  

3.2. THE VOLUNTARY INTER-DISTRICT SCHOOL TRANSFER PROGRAMS 

In the U. S., there are eight inter-district school transfer programs involving students in 

elementary, middle, and high schools. Previous studies suggested that for the students who 

transfer out of poor urban schools into more affluent suburban schools, the results demonstrate 

an improvement in educational achievement. More than half of Project Choice students in 
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Hartford, MD showed higher proficiency rates in test scores than their non-participant peers 

(Frankenberg, 2007). Similarly, the 3
rd

, 6
th

, and 10
th

 grade students involved in METCO program 

in Boston in 2006-2010 outperformed their counterparts (Eaton and Chirichigno, 2011).  

The improvement of the educational outcome is generally more substantial in the long 

term. In St. Louis, MO the students involved in the Voluntary Inter-District Choice Corporation 

program performed 10% better in reading and math tests than their non-participant peers by 

middle and high school (Freivogel, 2002). In addition, lower dropout rates, higher graduation 

rates, and better career opportunities are observed for those students involved in the program 

(Frankenberg, 2007).  

The positive impact on the students’ performance is not limited to the purpose of the 

program. In Minneapolis, MN the Choice is Yours program is aimed at low income family 

members regardless of their race (Minneapolis Public Schools, 2014). In comparison with the 

eligible non-participants, students enrolled in the program showed a 33% higher achievement 

score (Orfield and Gumus-Dawes, 2008). 

Many choice programs started in the 1960s and they are still operative with waiting lists 

by far exceeding their capacity. In the 2007-2008 school year, the number of accepted students in 

Boston, St. Louis, and Milwaukee were 460, 1163, and 370, respectively, while the number of 

students in waiting list was 13000, 2499, and 1630, respectively (Wells et al., 2009).  

The primary costs of the school transfers are the transportation costs and the funding for 

the receiving school districts (Wells et al., 2009). Funding to support the student transfer has a 

consistent impact on the budget of the receiving school and it depends on how much the transfer 

is funded. Nevertheless, the magnitude of school funds is limited at the aggregate level. At the 

district level, a student is already funded in his/her school of origin and only the difference in the 
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per-pupil spending between sending and receiving schools affects the public resources (Johnson, 

2012). The per-pupil spending in public schools in the U S. for white students exceeded the 

spending for non-white students by $334 per year (Spatig-Amerikaner, 2012).  

In contrast, school transfers imply a long bus ride outside the boundaries of the school 

district of residence and a high cost. In metropolitan areas, the transportation cost of the 

voluntary inter-district school transfer programs can be more than $2,000 per student per year 

(Wells et al., 2009). In addition, before and after school activities make the availability of free 

transportation fundamental for families with a difficult work schedule (Aspen Associates, 2007). 

Finally, non-affluent families may find it difficult to drive their children in suburban districts 

outside of their communities and this reduces their participation in the program (Finnigan and 

Stewart, 2009). 

3.3. TRANSPORTATION COST OF THE INTER-DISTRICT TRANSFER PROGRAM 

We assume that the transferred students come from 𝑛 different locations and that each location, i, 

has 𝑎𝑖 expected transferred students. Similarly, we assume that there are 𝑚 receiving schools and 

that each school, j, has 𝑏𝑗 expected available places for the transferred students.  

The selection process starts when the student’s parents complete the transfer application. 

Parents do not incur any particular cost apart from gathering information (Reback, 2008).There 

are also no requirements in terms of average grade to be eligible for the program, apart from the 

legal residence of the parents in the boundaries of the town and the absence of disciplinary 

sanctions for the student (METCO Program, 2014). Parents generally cannot rank their 

preferences for the destination school, which is left to the program administrators (Minneapolis 

Public Schools, 2012). Since the demand exceeds the supply, the student selection is usually 

made by lotteries for open slots to guarantee equal treatment (Wells et al., 2009). Thus, we 
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assume that there is a random variable that follows a Bernoulli distribution and it takes value one 

with probability 𝑝 if an applicant student is chosen and zero otherwise with probability (1 − 𝑝). 

Say 𝐸𝑖 the number of eligible students at the location 𝑖, the number of selected students at that 

location will follow a binomial distribution with expected value equal to 𝑎𝑖 = 𝑝 ∙ 𝐸𝑖. 

Although the participation of the receiving school districts is voluntary, their involvement 

is strongly encouraged by the state educational agencies (Holme and Wells, 2008). In general, 

only a small share of suburban school districts is not involved in the program (METCO Program, 

2014; VICC, 2014). In addition, once a school district decides to participate in the program, low 

drop outs are observed (Wells et al., 2009). Without loss of generality, in the following analysis 

we assume that all the receiving schools adhere to the program.  

In some programs, the selection process gives the receiving schools the opportunity to 

choose which students will be considered for the lotteries (Wells et al., 2009; Minneapolis Public 

Schools, 2014; Reback, 2008). In these cases, some choices are biased in favor of some groups. 

For instance, the Minneapolis program is aimed at low income students regardless of their race; 

subsequently, the share of white students enrolled in the program is 40% even though the share 

of white students in the school population is only 27% (Wells et al., 2009). In the following 

analysis, we assume that the receiving schools do not affect the selection process (VICC, 2014). 

Thus, a student transfer is only possible if there is available space in the receiving school.  

In general, the availability of a transfer place depends on the number of enrolled students, 

the dropout rates in the receiving schools, and the residential inflows and outflows in the nearby 

areas of the receiving schools. It is not rare that there is only one student transferred in one 

receiving class (METCO Program, 2014). Similarly, we assume that there is a probability 𝑞  that 
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a transfer is available. Thus, the expected number of available transfers in the school 𝑗 is equal to 

𝑏𝑗 = 𝑞 ∙ 𝑆𝑗 where 𝑆𝑗 is the number of enrolled students in that school. 

In all the programs, once the transferred students are selected, the assignment of a student 

to a receiving school is based on proximity (Voluntary Inter-District Choice Corporation, 2014; 

Milwaukee Public Schools, 2013). This minimizes the transportation cost supported by public 

funds and it permits students to spend less time on the bus. The minimization cost problem is 

said to be a balanced transportation problem (Vanderbei, 2001; Berkelaar, 2014) and it is written 

as: 

min𝑥𝑖𝑗 𝑐 ∙ ∑ ∑ 𝑑𝑖𝑗 ∙ 𝑥𝑖𝑗    ,
𝑚
𝑗=1

𝑛
𝑖=1       (3.1) 

subject to: 

∑ 𝑥𝑖𝑗 =
𝑚
𝑗=1 𝑎𝑖; 𝑖 = 1 . . . . 𝑛 

∑ 𝑥𝑖𝑗 =
𝑛
𝑖=1 𝑏𝑗; 𝑗 = 1 . . . . 𝑚       (3.2) 

𝑥𝑖𝑗 ≥ 0 ∀ 𝑖 𝑎𝑛𝑑 𝑗    

 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑖 ≠ 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑗;  ∀ 𝑖 ≠  𝑗  ,   

where in (3.1) the transportation cost is assumed to be proportional to the distance 𝑑𝑖𝑗, 𝑐 is the 

per mile cost to transport one student, 𝑥𝑖𝑗  is the expected number of students transported from the 

location 𝑖 to the school 𝑗, and 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 is a categorical variable to specify that the school transfer 

is between districts.  

Since the number of total trips is constant (∑ 𝑎𝑖 = ∑ 𝑏𝑗
𝑚
𝑗=1

𝑛
𝑖=1 = ∑ ∑ 𝑥𝑖𝑗

𝑚
𝑗

𝑛
𝑖 ), if we divide 

equation (3.1) and the constraints in (3.2) by this number, the minimization problem is 

equivalent to minimizing the average home school distance: 

min𝑥𝑖𝑗 𝑐 ∙ ∑ ∑ 𝑑𝑖𝑗 ∙ 𝑥𝑖𝑗
′𝑚

𝑗=1
𝑛
𝑖=1    ,       (3.3) 
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subject to: 

 ∑ 𝑥𝑖𝑗
′ =𝑚

𝑗=1 𝑎𝑖 ∑ 𝑎𝑖
𝑛
𝑖=1⁄ = 𝑎𝑖

′;    𝑖 = 1 . . . . 𝑛 

∑ 𝑥𝑖𝑗
′ =𝑛

𝑖=1 𝑏𝑗 ∑ 𝑏𝑗
𝑚
𝑗=1⁄ = 𝑏𝑗

′;     𝑗 = 1 . . . . 𝑚     (3.4) 

𝑥𝑖𝑗
′ ≥ 0 ∀ 𝑖 𝑎𝑛𝑑 𝑗      

𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑖 ≠ 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑗;  ∀ 𝑖 ≠  𝑗  ,  

where 𝑥𝑖𝑗
′  is the share of transferred students from the location 𝑖 to the school 𝑗, 𝑎𝑖

′ =

𝐸𝑖 ∑ 𝐸𝑖  
𝑛
𝑖=1⁄ , and 𝑏𝑗

′ = 𝑆𝑗 ∑ 𝑆𝑗
𝑚
𝑗=1⁄ . 

Inter-district school transfer programs differ by their eligibility criteria. This affects the 

vector 𝑎𝑖
′ in constraints (3.4). If the program is addressed to reduce racial segregation, all non-

white students in low performing schools are considered in the vector 𝑎𝑖
′ (METCO Program, 

2014). Similarly, if the program focuses on income inequality, all the students qualified for the 

National School Lunch Program are eligible for transfer programs (Milwaukee Public Schools, 

2013).  

Note that with minor modifications of the model, the transportation cost can be estimated 

for different school transfer programs. For instance, if the last constraint in (3.4) is removed and 

the vector 𝑎𝑖
′ interests all the students in low performing schools, the model reduces to the 

mandatory school transfer programs (Rich, 2014). Alternatively, if the last constraint in (3.4) is 

defined as equality, the school transfers are at the intra-district school level (Education 

Commission of the State, 2013).  

In general, if the transportation cost is supported by public resources, the demand for 

transfer exceeds the supply. In these cases, the number of eligible persons will be sufficiently 
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high and it is reasonable to assume that the representative agent (student) has a fixed probability 

to participate to the program. Since the availability of the service is limited by the supply of 

available places, the transportation cost can always be solved by shares of students.  

3.4. DATA 

Achievement data were taken from the Georgia Department of Education and Governor’s Office 

of Student Achievement, as reported in the “2008 Georgia Report Card for Parents” (Georgia 

Public Policy Foundation, 2009). Student achievement data are used by school systems to 

evaluate school performance under the criteria of adequate yearly progress (Georgia Public 

Policy Foundation, 2009). The two most commonly used measurements of school performance 

are the achievement score and the exceeding standard score. The achievement score variable is 

the share of students per school who passed the mathematics and reading exam of the Criterion 

Referenced Competency Test (CRCT). The exceeding standard variable is the share of students 

per school who exceeded the mathematics and reading exam of the CRCT. The analysis is 

performed at the school level using fifth grade data. Due to some skewness, these variables are 

log-transformed. 

Data on the eligibility based on the racial composition are also taken from the 2008 

Report Card by the Georgia Department of Education and Governor’s Office of Student 

Achievement (METCO Program, 2014; VICC, 2014). The report card identifies six ethnic 

groups: white, black, Hispanic, Asian, Native-American, and multiracial.  

The racial fractionalization index is from Hall and Leeson (2010) and it measures the 

probability that two randomly drawn individuals from the overall population belong to different 

ethnic groups: 

𝑟𝑓𝑗 = 1 − ∑ 𝜋𝑗𝑘      
2𝐾

𝑘=1 ,            (3.5) 
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where 𝜋𝑗𝑘 is the share of the racial group k in the school 𝑗. The index is bounded between zero 

and one and it increases with racial diversity.  

Similarly, data on the eligibility based on the student’s family income are provided by the 

National School Lunch Program (NSLP) as reported in the USDA-ERS Food Environment Atlas 

(2011). 

The Atlanta Metropolitan Area definition is the “Atlanta-Sandy Springs-Marietta, GA 

Metropolitan Statistical Area” as defined by the U. S. Office of Management and Budget (2013).  

To estimate the annual transportation cost, the number of school days in a year is 180 

(National Center for Education Statistics, 2004). Similarly, the constant c in equation (3.3) is the 

annual per student transportation cost divided by the annual per student bus miles (National 

Center for Education Statistics, 2013; American School Bus Council, 2010). 

Data on spatial coordinates were taken from the physical address of the schools.  The 

dataset contains 537 elementary schools. To count for differences in measurement units, all the 

data were also standardized. The descriptive statistics are presented in Table 3.1. 

3.5. METHODOLOGY 

To estimate the transportation cost of the inter-district school transfer program there are two 

problems. First, high performing schools have to be recognizable from low performing schools. 

Second, it is necessary to know the distribution of the student population. The next sections 

present the estimation methodology.   

3.5.1 CLASSIFICATION OF HIGH PERFORMING SCHOOLS AND LOW PERFORMING SCHOOLS  

The vectors 𝑎′and 𝑏′ in the constraints (3.4) are the shares of students in the sending schools and 

the receiving schools, respectively. To estimate these shares, it is necessary to recognize high 

performing schools from low performing schools. This can be done with cluster analysis.  
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Cluster analysis is a statistical technique that allows identifying groups of observations 

cohesive and separated from other groups when the true classification is unknown (Agresti, 

2013). Cluster analysis is realized with the expected-maximization algorithm (EM algorithm, 

Fraley and Raftery, 2002; Fraley and Raftery, 2007; Fraley et al., 2014). The EM algorithm is 

superior to classical approaches for cluster analysis, given the statistical properties of the model 

are generally known. Moreover, the EM algorithm gave good results in many applications of 

cluster analysis, even when the regularity conditions do not hold.  

Under the normality assumption, the EM algorithm can be summarized as follows: 

 Choosing a maximum number of clusters, M, and a set of mixture models. The choice of 

the mixture models is made by specifying the covariance matrix 𝛴𝑘 for 𝑘 = 1. . . 𝑀 

through the eigenvalue decomposition: 

𝛴𝑘 = 𝜆𝑘𝐷𝑘𝐴𝑘𝐷𝑘
𝑇    ,          (3.6) 

where 𝜆𝑘 is a scalar, 𝐷𝑘 is the matrix of eigenvectors, and 𝐴𝑘is a diagonal matrix 

proportional to the eigenvalues.  

 For each number of clusters from two to M and for each model, the initial values of the 

parameters of the model 𝜃𝑘 and the probabilities �̂�𝑘to belong to the kth cluster are 

estimated through hierarchical agglomeration. 

 For each number of clusters from two to M and for each model, the E-step calculates the 

conditional probability 𝑧𝑖𝑘 to belong to the kth cluster for the observation i: 

�̂�𝑖𝑘 =
�̂�𝑘𝜙𝑘(𝒚𝑖|�̂�𝑘)

∑ �̂�𝑘𝜙𝑘(𝒚𝑖|�̂�𝑘)
𝐺
𝑘=1

  ,      (3.7) 

where 𝜙𝑘 indicates the multivariate normal density function. Then, the M-step maximizes 

the complete-data log likelihood function: 
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ℒ(𝜃1, … , 𝜃𝐺; 𝜏1, … , 𝜏𝑘|𝒚, �̂�) = ∑ ∑ �̂�𝑖𝑘log
𝐺
𝑘=1

𝑛
𝑖=1 [𝜏𝑘𝜙𝑘(𝒚𝑖|𝜃𝑘)]    ,   (3.8) 

The E-step and M-step are iterated until convergence, after which an observations is 

assigned to the group or cluster corresponding to the highest conditional probability.  

 For each number of clusters from two to M and for each model, the Bayes Information 

Criterion (BIC) is computed. The optimal classification corresponds to the number of 

clusters of the model with the highest BIC: 

𝐵𝐼𝐶 = 2ℒ(𝜃1
∗, … , 𝜃𝐺

∗ ; �̂�1
∗, … , �̂�𝑘

∗|𝒚, �̂�∗) − 𝑣𝑘log(𝑛)  ,    (3.9) 

where the asterisk denotes that the log likelihood function is evaluated at its maximum,  

𝑣𝑘 is the number of parameter of the model, and 𝑛 is the number of observations.  

The attributes considered in the analysis are the exceeding standard variable and the 

achievement score variable. These attributes are considered separately in the analysis to reduce 

the linear dependence (Fraley and Raftery, 2007). In addition, the distance from the center of the 

Atlanta Metropolitan Area is considered. 

In general, socio-economic factors, and in particular educational outcomes, have a precise 

spatial pattern. The Atlanta Metropolitan Area is characterized by low performing schools 

located in the inner city and high performing schools in suburban zones. In the 2012-2013 school 

year, Atlanta and the DeKalb County district reported the worst elementary school performance 

data. In contrast, Decatur city, Fayette, and Gwinnet County district reported the best elementary 

school performance of the entire region (Atlanta Regional Commission, 2014). Thus, the 

distance from the center of the Atlanta Metropolitan Area can be considered a proxy for the flow 

of the student transfers. Note that the center of the AMA is estimated as the arithmetic average of 

the coordinates of the schools since definitions based on centroids did not provide any 

improvement (Okabe et al., 2000). 
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3.5.2 ESTIMATION OF THE DISTRIBUTION OF THE STUDENT POPULATION. 

The estimation of the transportation cost also requires knowing the distances 𝑑𝑖𝑗 in equation 

(3.3). The destination points are known once the school classification is estimated, given they are 

the locations of the receiving/high performing schools. We need to know 𝑛 representative points 

from where students will be transferred.  

In the following part we assume that the school population is a proxy for the student 

population in the area nearby the school. In general, this varies from state to state. In Georgia, 

less than 5% of the student population attends school outside the attendance area of their 

residence (Berge, 2012). In addition, the voluntary inter-district school transfers are allowed 

under the condition that they do not change the racial integration plans (Georgia Department of 

Education, 2014). Under this assumption, the estimation of 𝑛 representative points from where 

students will be transferred is realized with the Voronoi diagram (Okabe et al., 2000).  

The Voronoi diagram, also called Voronoi tessellation, is a geometrical technique 

employed to solve the closest-point problem. Given n sites, the Voronoi diagram divides the 

space into disjoint cells, one for each site, such that all the points inside a cell are the closet 

points to that site. If the sites are schools, the edges of the cells identify univocally the district 

boundaries, given that they represent the shortest distance to the school (Mumm, 2004). 

Moreover, each cell has also a center point inside itself. The center points are said to be centers 

of mass or centroids and they represent the population center of the school district.  

Formally, let 𝑃 ≔ {𝑝1, 𝑝2,…,𝑝𝑛} be a set of n distinct sites in the plane, the Voronoi 

diagram of P is the subdivision of the pane into n cells, one for each site in P, such that a point q 

lies in the cell corresponding to a site 𝑝𝑖 if and only if 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑞, 𝑝𝑖) < 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑞, 𝑝𝑗) for 
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each 𝑝𝑗 ∈ 𝑃 with 𝑗 ≠ 𝑖 and the distance is Euclidean. In addition, for each cell with e edges, the 

x-axis of the centroids is defined as: 

 
𝐶𝑥 =

1

6
∑ (𝑥𝑣 + 𝑥𝑣+1)
𝑒
𝑣=1 (𝑥𝑣𝑦𝑣+1 − 𝑥𝑣+1𝑦𝑣)/ 

1

2
∑ (𝑥𝑣𝑦𝑣+1 − 𝑥𝑣+1𝑦𝑣)
𝑒
𝑣=1  , (3.10) 

where 𝑥𝑣 and 𝑦𝑣 are the Cartesian coordinates of the vertexes which are supposed to be arranged 

counter-clock wise with 𝑥𝑒+1 = 𝑥1.The definition of 𝐶𝑦 is similar (Okabe et al. 2000).  

The Voronoi diagram is realized on a rectangular window over the boundaries of the 

Atlanta Metropolitan Area with the iteration algorithm (Turner, 2014; Lee and Schatcher, 1980). 

Figure 3.1 shows the maps of the DeKalb County in the AMA and its tessellation. DeKalb 

County has 84 public elementary schools, which correspond to 84 small Voronoi cells (DeKalb 

County School Districts, 2015). Each cell has a center from where students are hypothesized to 

be transferred. Thus, the distance 𝑑𝑖𝑗 in (3.3) measures how far the centroid of the sending school 

𝑖 is from the receiving school 𝑗. 

3.6. RESULTS 

Figure 2 shows the Bayesian information criterion for the model selection. Cluster analysis with 

the exceeding standard variable identifies two groups for the mixture model with covariance 

matrix 𝛴𝑘 = 𝜆𝐷𝑘𝐴𝐷𝑘
𝑇  (Figure 3.2.a). Figure 3.2.b shows the results with the achievement score 

variable. In this case, three clusters are selected for the mixture model with covariance matrix 

𝛴𝑘 = 𝜆𝑘𝐴𝑘.  

For each cluster, Table 3.2 lists the mean and the standard deviation of the socio-

economic characteristics of the schools and Figure 3.3 maps the school distribution in the Atlanta 

Metropolitan Area. Both models identify a group of schools located in the inner city (red circles). 

These schools are characterized by poor educational outcome, low share of white students, and 

limited racial diversity. In addition, high poverty levels and elevated concentration of racial 
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minority students are observed for these schools. These results confirm previous studies 

indicating that the largest share of the low performing schools in Georgia is located in metro 

Atlanta (Baron, 2009). Moreover, these results highlight structural characteristics of the region 

that do not depend on the studied year (Atlanta Regional Commission, 2014).   

Cluster analysis also indicates that high performing schools in the Atlanta Metropolitan 

Area are located in suburban zones. The model based on the exceeding standards data detects 

one group of schools outside the inner city (blue circles, Classification 1). In contrast, the model 

based on the achievement score identifies two groups of schools located in suburban zones (blue 

and green circles, Classification 2).  

Note that, for Classification 2, group 2 presents higher values of factors positively 

associated with high performing schools (achievement score, exceeding standards, and white 

student share) and lower values of factors negatively associated with high performing schools 

(poverty rate, African-American and Hispanic student shares) than group 3. Note also that group 

3 is, on average, closer to the outer boundaries of the Atlanta Metropolitan Area. The average 

distance from the center of the AMA is 24 miles and 30 miles for group 2 and group 3, 

respectively. This result is contrary to previous studies indicating that the peripheral regions of 

the Atlanta Metropolitan Area show better socio-economic status than the suburban counties 

(Kruse, 2007). In contrast, our results indicate clearly that socio-economic characteristics of the 

most affluent schools reach a maximum in the suburban regions and then they decrease closer to 

rural regions. 

Table 3.3 shows the optimal home-school distance. The one-way, home-school distance 

ranges from 21.77 miles to 25.01 miles. It is interesting to note that the effect of the last 

constraint in (3.4) is almost absent. In fact, less than 7% of the school transfers would occur 
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inside the same school district. This suggests that the school performance is strongly associated 

with the school district and that segregation in the Atlanta Metropolitan Area is more present 

among school districts than within them (Clotfelter, 2006).  

The estimated transportation cost of the voluntary inter-district school transfer program 

ranges from $1189 to $1373 per student. Compared with a regular bus route, the annual per 

student transportation cost is $386 and $394 in Atlanta and DeKalb County, respectively, in 

2011-2012 constant dollars (Georgia Department of Education, 2014).  

In addition, Table 3.3 indicates that the income inequality reduction policy (first strategy) 

is less expensive than the racial segregation reduction policy (second strategy). In the Atlanta 

Metropolitan Area, the annual transportation cost ranges between $1189-$1280 and $1325-

$1373 for the first and second strategies, respectively. This means that the income inequality 

reduction strategy allows transferring 10% more student than the racial segregation reduction 

policy. In addition, this implies that low-income students are less isolated from high performing 

schools than non-white students in the AMA (Reardon and Sullivan, 2004). This result is quite 

surprising if compared with other studies. 

In 2012, Atlanta reported the most unequal income distribution over the fifty largest cities 

in the U.S. (Berube, 2014). In addition, although racial segregation is still severe in the region, 

integration for the African-American population showed a substantial improvement since the 

1970s (U.S. 2010 Census Project, 2015).  

The presence of alternative educational institutions, in particular charter schools, can 

explain this result. Evidence indicates that charter schools do not decrease the racial segregation 

in U.S. public schools and in several cases they may actually increase it (Bifulco and Ladd, 

2007). Charter schools may increase the racial segregation due to the fact that they select their 
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location to attract more demand, that is, the more racially segregated students, and this does not 

help them respond to opportunities outside their immediate neighborhood (Zimmer et al., 2009). 

3.7. CONCLUSIONS AND POLICY IMPLICATIONS 

An economic assessment of the educational outcome for the fifth grade public schools in the 

Atlanta Metropolitan Area is presented. Results confirm that the school performance is clustered 

in this region (Atlanta Regional Commission, 2014). High performing schools are located in 

suburban areas while low performing schools are in the inner city. In addition, the school 

performance is strongly related to the school districts (Clotfelter, 2006). At the aggregate level, 

high performing schools tend to gather in high performing school districts and vice versa. The 

analysis of the transportation cost also suggests that, in the Atlanta Metropolitan Area, low-

income students are more exposed to high performing schools than non-white students.  

 This study suggests that, to stimulate the educational outcome and equal opportunities in 

the Atlanta public schools, it is necessary to focus more at the inter-district level and less at the 

intra-district level (Holme and Wells, 2008). In general, housing programs intended to provide 

affordable dwellings can reduce racial and income disparities between suburban and urban 

neighborhoods and thus educational performance among school districts. Examples are the 

mixed-income housing program and the tenant-based rental assistance program (DeLuca and 

Rosenblatt, 2010; Joseph, 2006). 

In addition, educational policies based on the strategic site selection for new schools and 

attendance zones that carefully consider the neighborhood demographics can stimulate the 

school diversity and thus the student performance (Rich, 2014). Moreover, faculty recruitment 

policies that allow low performing schools to be endowed with a more qualified teaching body 

can remove one of the primary causes of the achievement gap in urban areas (Foody, 2015). 
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Finally, the voluntary inter-district school transfer program represents an effective 

educational strategy in the Atlanta Metropolitan Area, especially for the limited transportation 

cost. This study suggests that the voluntary inter-district school transfer program aimed at 

reducing income inequality allows school districts to transport 10% more students than the racial 

segregation reduction policy in the AMA. To maximize the effect on educational outcome and 

stimulate equal opportunities, this strategy can be combined with policies aimed at alleviating the 

isolation of non-white students in the Atlanta Metropolitan Area. 
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Table 1.1. Microfinance Loans in Kyrgyzstan, 2006-2011  

 
2006 2007 2008 2009 2010 2011 

Loan Volume (million dollar)
a
    78.9 112.4 148.8 161.2 195.4 274.8 

Number of Loans 172,702 188,166 311,126 412,302 484,953 579,714 

Loan Amount (dollar)
a
 457 597 478 391 403 474 

Annual Real Interest Rate (%)
b
 34 36 36 40 36 44 

Interest Payment (dollar)
c
 155 215 172 156 145 209 

a
 Monetary values are in real terms deflated by the CPI (2005 = 100). 

   b
 The interest rate is the arithmetic average of interest rate for different loan sizes ($200, $500, 

and $1,000). 
c
 The average interest payment is the product of the average annual real interest rate 

multiplied by the average loan amount.  

Source: National Statistical Committee of the Kyrgyz Republic, 2014. 
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Table 1.2.  Performance and Portfolio Risk of the Largest Microfinance 

               Institutions in Kyrgyzstan, 2006-2010 

Microfinance 

Institution 
Aiyl Bank 

Bai 

Tushum 
FMCC Kompanion 

Mol Bulak 

Finance 

 Portfolio at Risk > 30 days
a
 

2006 3.94% 3.65% 1.68% 0.57% 0.00% 

2007 5.16% 0.00% 0.92% 0.11% 0.52% 

2008 5.45% 1.08% 0.56% 0.36% 0.14% 

2009 1.36% 2.72% 0.58% 0.01% 0.71% 

2010 3.63% 2.53% 3.89% 2.33% 2.23% 

      

Microfinance 

Institution 
Aiyl Bank 

Bai 

Tushum 
FMCC Kompanion 

Mol Bulak 

Finance 

 Operational Self-sufficiency Index
b
 

2006 164% 140% 148% 132% 213% 

2007 168% 164% 132% 135% 166% 

2008 106% 133% 125% 125% 108% 

2009 111% 130% 129% 114% 110% 

2010 135% 128% 111% 116% 115% 

a
 The portfolio at risk more than 30 days indicates the portfolio share of loans overdue from 

30 days or more. 
b
 Financial revenue / (financial expenses + operating expenses + net impairment loss).   

The operational self-sufficiently index is defined as the financial revenues divided by the 

summation of the financial expenses, operational expenses, and net impairment loss.  

Source: Mix Market Microfinance Information Exchange, 2014.  
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Table 1.3. Variable Definition 

Variable Name Unity Description 
 

Food Products Dummy (0,1) 1 if microfinance loan is used to buy food products 

Start a Business Dummy (0,1) 1 if microfinance loan is used to start a new business 

Agricultural 

Needs 

Dummy (0,1) 1 if microfinance loan is used to invest in agricultural equipment 

House Expenses Dummy (0,1) 1 if microfinance loan is used to invest for housing expenses 

Healthcare 

Expenses 

Dummy (0,1) 1 if microfinance loan is used for healthcare expenses 

Educational 

Expenses 

Dummy (0,1) 1 if microfinance loan is used for educational expenses 

Other Expenses Dummy (0,1) 1 if microfinance loan is used for other expenses 

Gender Dummy (0,1) 1 if household head is female 

Age Years Household head age 

Family Size Members Number of family members 

Education Years Years of school attendance of the household head (World Bank 

2011): 0 (illiterate), 2 (incomplete elementary degree), 4 

(elementary degree, 4
th
 grade), 7 (incomplete basic secondary 

degree), 9 (basic secondary degree, 9
th
 grade), 11 (professional 

and special secondary school, 10
th
-11

th
 grades), 13 (incomplete 

university degree), and 15 (complete university degree, 14
th
-16

th
 

grades). 

Residence Dummy (0,1) 1 if household head dwells in rural area 

Off-farm Income
a
 Real dollars Income from wages, self-employment, pension, scholarship, 

alimony, unemployment benefit, social benefit, subsidies, 

leasing, remittances, financial activities, and other. 

Livestock Dummy (0,1) 1 if ownership of livestock 

Land Dummy (0,1) 1 if ownership of arable land 

Refrigerator Dummy (0,1) 1 if ownership of refrigerator  

Textile Dummy (0,1) 1 if ownership of sewing machine and/or knitting machine. 

Mobile Phone Dummy (0,1) 1 if ownership of mobile phone 

Transportation Dummy (0,1) 1 if ownership of truck, car, and/or minivan 

Hot Water Dummy (0,1) 1 if hot water supply is present in the house 

Sanitation Dummy (0,1) 1 if sanitation system is present in the house 

2008 Dummy (0,1) 1 if year 2008 

2009 Dummy (0,1) 1 if year 2009 

2010 Dummy (0,1) 1 if year 2010 

a
 Off-farm income estimated with the Atlas method (World Bank 2014c). 
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Table 1.4.  Household Characteristics of Microfinance Borrowers in Kyrgyzstan, 2006-2010 

Variable Name
a
 Mean Standard Deviation 

Food Products 0.46 0.50 

Start a Business 0.26 0.44 

Agricultural Needs 0.29 0.46 

House Expenses 0.08 0.27 

Healthcare Expenses 0.04 0.19 

Educational Expenses 0.05 0.22 

Other Expenses 0.17 0.38 

Gender (1=female) 0.28 0.45 

Age (years) 48.18 10.62 

Family Members 4.40 1.56 

Education (years) 10.60 2.64 

Residence (1 = rural ) 0.73 0.44 

Off-farm Income (real dollar) 528 602 

Livestock (1= if own livestock) 0.58 0.49 

Land (1 = if own arable Land) 0.55 0.50 

Food Storage (1 = if own refrigerator) 0.61 0.49 

Textile (1 = if own textile durables) 0.61 0.49 

Mobile Phone (1 = if own mobile phone) 0.63 0.48 

Transportation (1 = if own transportation) 0.28 0.45 

Hot Water (1 = if house has hot water supply)
 
 0.14 0.34 

Sanitation (1 = if house has sanitation facilities) 0.33 0.47 

Naryn (1 = if Naryn district) 0.56 0.50 

a
 For the variable definition, see Table 1. Statistics based on 608 households. 

Source: Kyrgyzstan Integrated Household Survey (KIHS 2010). 
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Table 1.5.  Regional Access to Microfinance in Kyrgyzstan, 2006-2010 

Oblast 

(Region) 

Number of 

Households with 

Microfinance Access 

Share 

Number of 

Microfinance 

Loans 

Share 

Share of 

Households in 

the Sample 

Issykul 41 9.1% 55 9.0% 13.3% 

Jalal-Abad 23 5.1% 35 5.8% 13.3% 

Naryn 231 51.4% 342 56.3% 10.6% 

Batken 51 11.4% 53 8.7% 10.3% 

Osh 29 6.5% 31 5.1% 13.4% 

Talas 40 8.9% 49 8.1% 10.7% 

Chui 31 6.9% 37 6.1% 13.1% 

Bishkek 3 0.7% 6 1.0% 15.2% 

Total 449 100.0% 608 100.0% 100.0% 

Source: Kyrgyzstan Integrated Household Survey (KIHS 2010). 
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Table 1.6. Multivariate Probit Model SMLE Results (multiplied by 100) 

 Loan Purpose
a
 

Independent Variable 

Food 

Products 

Start a 

Business 

Agricultural 

Needs 

Other 

Purchases 

Gender (1 = Female) 32.75** 5.13 −8.09 −13.44 

 
(15.73) (15.62) (19.19) (16.12) 

Age −0.52 0.11 0.85 −0.50 

 
(0.73) (0.67) (0.74) (0.67) 

Family Size 6.10 7.71 0.81 16.29*** 

 
(4.90) (5.26) (5.23) (4.72) 

Education 0.71 2.09 9.71*** −2.30 

 
(2.93) (2.70) (3.30) (3.01) 

Residence (1 = Rural) −5.22 −17.21 76.26*** −29.76* 

 
(18.63) (15.40) (18.16) (15.63) 

Region (1 = Naryn) 108.46*** −27.16* −2.41 −21.60 

 
(15.88) (14.46) (16.29) (14.65) 

Lag Livestock (1 = Livestock in t−1) −49.84*** --- 77.74*** --- 

 
(17.84) --- (19.39) --- 

Lag Land (1 = Arable Land in t−1) 6.59 --- 14.62 --- 

 
(19.92) --- (18.53) --- 

Lag Mobile Phone (1 = Mobile Phone in t−1) −32.51* 42.48** 7.72 −21.50 

 
(16.74) (17.42) (19.18) (16.78) 

Lag Off-farm Income (ln(income) in t−1) 10.31 −2.57 −31.28*** 20.60** 

 
(9.67) (9.77) (10.18) (9.19) 

Lag Textile (1 = Textile Machinery in t−1) --- 24.27* --- --- 

 
--- (13.36) --- --- 

Lag Food Storage (1 = Refrigerator in t−1) 12.99 28.58* 10.21 --- 

 
(14.66) (15.24) (16.54) --- 

Lag Transportation (1 = Vehicles in t−1) --- −1.02 2.14 −5.60 

 --- (16.99) (17.67) (15.99) 

Lag Sanitation (1 = Sanitation System in t−1) --- --- --- 8.27 

 --- --- --- (15.93) 
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Table 1.6. Continued  

 Loan Purposes
a
 

Independent Variable 

Food 

Products 

Start a 

Business 

Agricultural 

Needs 

Other 

Purchases 

Lag Hot Water ( 1 = Hot Water Supply in t−1) --- --- --- 2.35 

 --- --- --- (55.78) 

2008 (1 = 2008) −3.74 −17.88 −7.39 3.74 
 (19.53) (20.02) (23.00) (21.11) 

2009 (1 = 2009) 57.52*** −5.63 −22.50 10.19 
 (21.26) (23.94) (24.85) (22.92) 

2010 (1 = 2010) 4.99 −92.84*** 23.86 −1.60 
 (23.06) (25.24) (24.28) (23.57) 

Intercept −113.50 −66.99 −82.04 −158.58** 
 (78.33) (75.69) (85.75) (78.70) 

Correlation Matrix 
Food 

Products 

Start a 

Business 

Agricultural 

Needs 

Other 

Purchases 

  𝜌12 𝜌13 𝜌14 

Food Products --- −6.90 −42.39*** −33.13*** 

 --- (7.93) (7.46) (7.25) 

   𝜌23 𝜌24 

Start a Business --- --- −34.73*** −29.45*** 

 --- --- (7.34) (7.51) 

    𝜌34 

Agricultural Needs --- --- --- −41.98*** 

  --- --- --- (7.39) 

Observations 445 

Number of Draws 1000 

Log Likelihood Function −862.61 

Deviance test Chi2(1,713) Goodness of Fit (p-value)                         1,725.22 (0.41) 

Likelihood Ratio test Chi2(6) (p-value)   (𝐻0: 𝑛𝑜 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛)  142.12 (0.00) 

Wald test Chi2(1) (p-value)   (𝐻0: 𝜌12 = 0)     0.75 (0.39) 

a
 Cluster-robust standard errors defined at the household level (330 clusters).  

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively.  

Source: Kyrgyzstan Integrated Household Survey (KIHS 2010). 
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Table 1.7. Average Partial Effects and Predicted Probabilities (multiplied by 100)
a
 

 Loan Purpose
b
 

Independent Variable 

Food 

Products 

Start a 

Business 

Agricultural 

Needs 

Other 

Purchases 

Gender (1 = Female) 10.96** 1.48 −2.24 −4.46 

 
(5.38) (4.54) (5.31) (5.31) 

Age −0.17 0.03 0.23 −0.17 

 
(0.25) (0.19) (0.21) (0.23) 

Family Size 2.04 2.21 0.23 5.48*** 

 
(1.65) (1.55) (1.45) (1.74) 

Education 0.24 0.60 2.70*** −0.77 

 
(0.98) (0.78) (1.03) (1.02) 

Residence (1 = Rural) −1.75 −4.91 23.50*** −9.90* 

 
(6.26) (4.47) (6.79) (5.20) 

Region (1 = Naryn) 37.99*** −7.94* −0.67 −7.35 

 
(5.85) (4.52) (4.54) (5.11) 

Lag Livestock (1 = Livestock in t−1) −16.69*** --- 22.74*** --- 

 
(6.18) --- (6.88) --- 

Lag Land (1 = Arable Land in t−1) 2.19 --- 3.99 --- 

 
(6.59) --- (5.06) --- 

Lag Mobile Phone (1 = Mobile Phone in t−1) −10.70* 11.99** 2.14 −7.24 

 
(5.55) (5.21) (5.29) (5.75) 

Lag Off-farm Income (ln(income) in t−1) 3.44 −0.74 −8.69*** 6.93** 

 
(3.27) (2.80) (3.22) (3.20) 

Lag Textile (1 = Textile Machinery in t−1) --- 7.10* --- --- 

 
--- (4.11) --- --- 

Lag Food Storage (1 = Refrigerator in t−1) 4.36 8.10* 2.88 --- 

 
(4.96) (4.44) (4.98) --- 

Lag Transportation (1 = Vehicles in t−1) --- −0.29 0.60 −1.87 

 --- (4.85) (4.93) (5.30) 

Lag Sanitation (1 = Sanitation System in t−1) --- --- --- 2.74 

 --- --- --- (5.37) 

Lag Hot Water ( 1 = Hot Water Supply in t−1) --- --- --- 0.79 

 --- --- --- (18.95) 

Predicted Unconditional Probability 47.84 24.6 32.48 29.29 

a 
Average partial effects and standard errors averaged over all the observations.  

b
 Cluster-robust standard errors in parenthesis. Clusters defined at the household level (330 

clusters).Standard errors calculated with the delta method.  

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively.  

Source: Kyrgyzstan Integrated Household Survey (KIHS 2010). 
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Figure 1.1. Central Asia and Regions of Kyrgyzstan. A: Central Asia Map; B: Kyrgyzstan Map. 
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Figure 1.2. Kyrgyzstan Gross National Income Per Capita in constant 2005 U. S. dollar (World 

Bank, 2014a). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2
0
0

3
0
0

4
0
0

5
0
0

6
0
0

7
0
0

8
0
0

9
0
0

1
,0

0
0

U
. 

S
. 

D
o
lla

rs

1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012

Year



85 
 

Table 2.1. Descriptive Statistics on Georgia’s Public Elementary Schools
a
 

 

Average 
Standard 

Deviation 

Variable 

Level 

Achievement Score
b
 0.86 0.09 School 

Poverty Rate
c
 0.57 0.27 School 

School Spending Per Pupil (real dollars)
d
 7,305 1,191 School 

Centralized Spending Per Pupil (real dollars)
d
 1,890 1,104 School 

Teachers With More Than 30 Years Experience % 0.05 0.02 County 

Single Parent Families % 0.36 0.11 County 

Unemployment Rate 0.10 0.02 County 

Population With High School Degree or More % 0.83 0.07 County 

Racial Fractionalization Index
e
 0.41 0.20 School 

Black ( = 1 if African-American Majority School) 0.37 0.48 School 

AMA (=1 if Atlanta Metropolitan Area School) 0.48 0.50 County 

Rural (=1 if Rural School) 0.21 0.41 County 

a
  Georgia’s 5

th
 grade public schools.

 

b
  Share of students per school who passed the fifth grade math and reading exam on CRCT. 

c
  Share of students per school who are eligible for reduced price or free meals, (NSLP). 

d
  GDP Implicit price deflator, 2009 base year = 100. Source Federal Reserve Bank  

of St. Louis (2015).  
e 
 Racial fractionalization index as defined in equation (2.2) based on four racial groups  

(white,  black, Hispanic, and other). 
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Table 2.2. Diagnostics for the Model Choice   

Weighting Matrix 
School 

District 

Cut-off 

Distance 

LM test H0: 𝜌 = 𝜆 = 0 in General (2 DF) (General vs. OLS)
 a
 68.44 22.77 

 
(0.00) (0.00) 

LM test H0: 𝜌 = 0 in SLAG (1 DF) (SLAG vs. OLS)
 a
 8.86 3.81 

 
(0.00) (0.05) 

LM test H0: 𝜆 = 0 in SER (1 DF) (SER vs. OLS)
 a
 63.41 20.89 

 
(0.00) (0.00) 

Robust LM test H0: 𝜌 = 0  in SLAG (1 DF) (SLAG vs. OLS)
 b

 6.36 1.56 

 
(0.01) (0.21) 

Robust LM test H0: 𝜆 = 0 in SER (1 DF) (SER vs. OLS)
 b

 49.52 9.76 

 
(0.00) (0.00) 

LR test H0: 𝜃 = −𝜆𝛽 (8 DF) (SDM vs. SER)
 c
 9.84 17.38 

 
 (0.28) (0.03) 

a
 Anselin and Bera, 1998. 

b
 Born and Beritung, 2011; Baltagi and Yang, 2013. 

c
 LeSage and Pace, 2009.  
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Table 2.3. SER Model MLE Results - Separate Regressions of the Achievement Score by Racial  

Group and Geographical Zone in Georgia
a
 

a
 Racial fractionalization index as defined in equation (2.2) based on four racial groups (white, 

black, Hispanic, and other). 
b
 Atlanta Metropolitan Area (AMA) defined by the US Office of Management and Budget 

(2013) as “Atlanta-Sandy Springs-Marietta, GA Metropolitan Statistical Area.” 

Dependent Variable  In(Achievement Score)  

  
Racial Group  Geographic Zone  

Total 

Sample 

Independent Variables 

 White 

Majority 

Schools 

Non-White 

Majority 

Schools 

 
AMA

b 

Schools
 

Urban 

Schools 

Rural 

Schools 

  

Poverty Rate   -0.21*** -0.31***  -0.26*** -0.35*** -0.25***  -0.28*** 

(% NSLP)  (0.01) (0.03)  (0.01) (0.03) (0.03)  (0.01) 

School Spending Per Pupil   1.50E-06 1.60E-06  -1.10E-06 1.51E-05* -6.60E-06  1.70E-06 

(real dollar)  (2.20E-06) (3.50E-06)  (2.60E-06) (8.33E-06) (5.40E-06)  (2.30E-06) 

Centralized Spending Per Pupil   -2.00E-06 1.30E-06  3.70E-06 -1.83E-05 -4.40E-06  7.00E-07 

(real dollar)  (3.30E-06) (5.20E-06) 
 

(3.60E-06) (1.60E-05) (4.20E-06)  (3.40E-06) 

Teachers with more   0.37*** -0.19  0.16 0.13 0.07  0.17 

than 30 years Exp. (%)  (0.13) (0.38) 
 

(0.45) (0.28) (0.23)  (0.15) 

Single Parent Families   -0.01 -0.10  -0.16** 0.01 -0.14*  -0.13*** 

(%)  (0.03) (0.08) 
 

(0.08) (0.08) (0.08)  (0.04) 

Unemployment Rate   -0.04*** -0.12***  -0.01 -0.13*** -0.07***  -0.09*** 

(%)  (0.02) (0.02) 
 

(0.02) (0.02) (0.02)  (0.02) 

Pop. With High School Degree   0.13* 0.22  0.16* 0.20 0.36**  0.15* 

or more (%)  (0.07) (0.22) 
 

(0.09) (0.19) (0.13)  (0.08) 

Racial Fractionalization Index  -0.03* 0.07***  0.06*** 0.04** 0.05*  0.05*** 

  (0.01) (0.03) 
 

(0.02) (0.02) (0.03)  (0.01) 

Constant  -0.15** -0.28  0.43 -0.33** -0.28**  -0.19** 

  (0.06) (0.20) 
 

(0.26) (0.16) (0.11)  (0.08) 

Lambda  0.27*** 0.40***  0.37** 0.30*** 0.22***  0.36*** 

  (0.06) (0.09) 
 

(0.15) (0.11) (0.08)  (0.04) 

Sigma  0.05 0.10  0.07 0.09 0.07  0.08 

Observations  618 494  537 340 235  1,112 

R
2
  0.56 0.46  0.67 0.62 0.64  0.56 

Wald Test Overall Fit (8 DF)  444.31 216.20  572.55 300.02 778.36  861.49 

p-value Wald Test  0.00 0.00  0.00 0.00 0.00  0.00 

Chow Test Structural Stability
c
  727.07  162.80  --- 

p-value Chow Test  0.00  0.00  --- 
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 c 
Chow test for structural stability in the error term with unequal variance and unequal spatial 

structure for each group (Anselin 1990). 

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively. 
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Table 2.4. SER Model MLE Results - Separate Regressions of the Achievement Score by Racial  

Group and Geographical Zone in Georgia
a
 

a 
Racial fractionalization index as defined in equation (2.2) based on four racial groups (white, 

black, Hispanic, and other). 
b
 Atlanta Metropolitan Area (AMA) defined by the US Office of Management and Budget 

(2013) as “Atlanta-Sandy Springs-Marietta, GA Metropolitan Statistical Area.” 
 c 

Chow test for structural stability in the error term with unequal variance and unequal spatial 

structure for each group (Anselin 1990). 

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively. 

Dependent Variable  In(Achievement Score) 

  White Majority Schools  Non-White Majority Schools 

Independent Variables  AMA
b
 Urban Area Rural Area  AMA

b
 Urban Area Rural Area 

Poverty Rate   -0.20*** -0.23*** -0.22***  -0.30*** -0.43*** -0.12* 

(% NSLP)  (0.02) (0.02) (0.04)  (0.03) (0.07) (0.07) 

School Spending Per Pupil   2.50E-06 1.30E-06 1.04E-06  -3.00E-07 2.12E-05* -2.96E-06 

(real dollar)  (4.90E-06) (4.60E-06) (4.90E-06)  (4.50E-06) (1.25E-05) (8.50E-06) 

Centralized Spending Per Pupil   5.30E-06 1.90E-06 -3.30E-06  3.90E-06 -2.54E-05 -2.43E-05 

(real dollar)  (5.50E-06) (1.56E-05) (3.80E-06) 
 

(5.30E-06) (2.71E-05) (2.10E-05) 

Teachers with more   0.45* 0.41* 0.20  -0.14 -0.49 0.05 

than 30 years Exp. (%)  (0.27) (0.24) (0.23) 
 

(0.12) (0.50) (0.40) 

Single Parent Families   -0.11 -0.02 0.07  -0.02 -0.16*** -0.10* 

(%)  (0.11) (0.06) (0.09) 
 

(0.18) (0.06) (0.06) 

Unemployment Rate   -0.05 -0.06* -0.04  -0.03 -0.15* -0.10* 

(%)  (0.09) (0.04) (0.03) 
 

(0.02) (0.09) (0.06) 

Pop. With High School Degree   0.18* -0.05 0.31**  0.20 0.09 0.35 

or more (%)  (0.09) (0.13) (0.14) 
 

(0.19) (0.37) (0.27) 

Racial Fractionalization Index  -0.02 -0.08*** 0.02  0.06** 0.09* 0.06 

  (0.02) (0.03) (0.04) 
 

(0.03) (0.05) (0.07) 

Constant  0.14 -0.06 -0.41***  1.40** -0.27 -0.22 

  (0.16) (0.11) (0.11) 
 

(0.64) (0.42) (0.24) 

Lambda  0.34** 0.20* 0.14  0.42* 0.13 0.30** 

  (0.16) (0.12) (0.12) 
 

(0.15) (0.26) (0.13) 

Sigma  0.04 0.05 0.06  0.09 0.11 0.07 

Observations  263 181 174  274 159 61 

R
2
  0.64 0.58 0.39  0.48 0.49 0.63 

Wald Test Overall Fit (8 DF)  247.94 169.16 66.03  135.04 89.93 57.70 

p-value Wald Test  0.00 0.00 0.00  0.00 0.00 0.00 

Chow Test Structural Stability
c
  710.36 

p-value Chow Test  0.00 
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Table 2.5. SER Model MLE Results - Separate Regressions of the Achievement Score by Racial  

Group and Geographical Zone in Georgia
a
 

 

a
 Racial fractionalization index as defined in equation (2.3) based on four racial groups (white,  

black, Hispanic, and other). 
b
 Atlanta Metropolitan Area. 

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively.  

 
 

 

Dependent Variable  In(Achievement Score) 

  White Majority Schools  Non-White Majority Schools 

Independent Variables  AMA
b
 Urban Area Rural Area  AMA

b
 Urban Area Rural Area 

Poverty Rate   -0.20*** -0.23*** -0.22***  -0.30*** -0.42*** -0.13* 

(% NSLP)  (0.02) (0.02) (0.04)  (0.03) (0.07) (0.07) 

School Spending Per Pupil   2.80E-06 1.40E-06 1.05E-06  -2.00E-07 2.14E-05* -3.00E-06 

(real dollar)  (4.80E-06) (4.70E-06) (5.10E-06)  (4.40E-06) (1.20E-05) (9.00E-06) 

Centralized Spending Per Pupil   5.30E-06 1.90E-06 -3.40E-06  3.90E-06 -2.48E-05 -3.00E-05 

(real dollar)  (5.90E-06) (1.39E-05) (3.50E-06)  (5.30E-06) (2.79E-05) (2.00E-05) 

Teachers with more   0.46* 0.43** 0.21  -0.14 -0.50 0.03 

than 30 years Exp. (%)  (0.27) (0.22) (0.22)  (0.11) (0.52) (0.36) 

Single Parent Families   -0.11 -0.03 0.08  -0.03 -0.17*** -0.10* 

(%)  (0.10) (0.05) (0.09)  (0.18) (0.06) (0.06) 

Unemployment Rate   -0.06 -0.06* -0.03  -0.02 -0.16* -0.10* 

(%)  (0.10) (0.03) (0.03)  (0.02) (0.09) (0.06) 

Pop. With High School Degree   0.18** -0.05 0.31**  0.20 0.08 0.37 

or more (%)  (0.08) (0.14) (0.15)  (0.20) (0.42) (0.26) 

Racial Fractionalization Index  -0.01 -0.04** 0.02  0.03** 0.06* 0.03 

  (0.01) (0.02) (0.02)  (0.02) (0.03) (0.05) 

Constant  0.15 -0.04 -0.41***  1.40 -0.28 -0.22 

  (0.21) (0.13) (0.12)  (0.61) (0.45) (0.26) 

Lambda  0.33** 0.21*** 0.13  0.42*** 0.10 0.29** 

  (0.17) (0.10) (0.10)  (0.14) (0.30) (0.15) 

Sigma  0.04 0.05 0.06  0.09 0.11 0.07 

Observations  263 181 174  274 159 61 

R
2
  0.64 0.58 0.38  0.47 0.48 0.63 

Wald Test Overall Fit (8 DF)  247.35 165.60 66.64  135.01 92.13 57.23 

p-value Wald Test  0.00 0.00 0.00  0.00 0.00 0.00 
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Table 2.6. SER Model MLE Results - Separate Regressions of the Achievement Score by Racial  

Group and Geographical Zone in Georgia
a
 

 

a
 Racial fractionalization index as defined in equation (2.2) based on three racial groups (white, 

black, and other). 
b
 Atlanta Metropolitan Area. 

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively.  
 

 

 

Dependent Variable  In(Achievement Score) 

  White Majority Schools  Non-White Majority Schools 

Independent Variables  AMA
b
 Urban Area Rural Area  AMA

b
 Urban Area Rural Area 

Poverty Rate   -0.19*** -0.23*** -0.22***  -0.30*** -0.43*** -0.12 

(% NSLP)  (0.02) (0.02) (0.04)  (0.03) (0.08) (0.08) 

School Spending Per Pupil   2.50E-06 1.50E-06 1.03E-06  -2.00E-07 2.09E-05* -3.00E-06 

(real dollar)  (5.00E-06) (4.40E-06) (5.70E-06)  (4.30E-06) (1.22E-05) (1.13E-05) 

Centralized Spending Per Pupil   5.40E-06 1.70E-06 -3.30E-06  3.70E-06 -2.61E-05 -2.44E-05 

(real dollar)  (5.80E-06) (1.47E-05) (3.80E-06)  (4.70E-06) (3.04E-05) (2.01E-05) 

Teachers with more   0.45 0.41* 0.20  -0.14 -0.50 0.04 

than 30 years Exp. (%)  (0.29) (0.22) (0.24)  (0.14) (0.65) (0.40) 

Single Parent Families   -0.11 -0.02 0.08  -0.02 -0.16** -0.10 

(%)  (0.10) (0.06) (0.09)  (0.19) (0.06) (0.06) 

Unemployment Rate   -0.05 -0.06 -0.04  -0.03 -0.15* -0.09 

(%)  (0.10) (0.04) (0.03)  (0.02) (0.09) (0.07) 

Pop. With High School Degree   0.18** -0.04 0.31**  0.20 0.08 0.33 

or more (%)  (0.08) (0.13) (0.14)  (0.19) (0.44) (0.32) 

Racial Fractionalization Index  -0.03 -0.08*** 0.01  0.06** 0.09 0.06 

  (0.02) (0.03) (0.04)  (0.03) (0.06) (0.08) 

Constant  0.14 -0.06 -0.41***  1.50** -0.25 -0.20 

  (0.21) (0.12) (0.12)  (0.65) (0.50) (0.27) 

Lambda  0.34* 0.20* 0.14  0.42*** 0.13 0.29** 

  (0.18) (0.12) (0.12)  (0.14) (0.27) (0.15) 

Sigma  0.04 0.05 0.06  0.09 0.11 0.07 

Observations  263 181 174  274 159 61 

R
2
  0.64 0.58 0.38  0.47 0.48 0.55 

Wald Test Overall Fit (8 DF)  249.10 168.69 65.95  134.54 90.06 57.21 

p-value Wald Test  0.00 0.00 0.00  0.00 0.00 0.00 
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Table 2.7. SER Model MLE Results - Separate Regressions of the Achievement Score By  

Geographical Zone for Non-White Majority Schools in Georgia
a
 

 

Dependent Variable  ln(Achievement Score) 

  Non-White Majority Schools 

Independent Variables  AMA
b
  Urban Area Rural Area 

Poverty Rate (% NSLP)  -0.30*** -0.42*** -0.13** 

  (0.03) (0.06) (0.06) 

School Spending Per Pupil (real dollar)  -2.00E-07 1.90E-05* -2.98E-06 

  (4.10E-06) (1.02E-05) (9.10E-06) 

Centralized Spending Per Pupil (real dollar)  4.00E-06 -2.64E-05 -2.89E-05 

  (5.20E-06) (3.32E-05) (2.11E-05) 

Teachers more than 30 years Exp. (%)  -0.13 -0.61 0.03 

  (0.11) (0.61) (0.34) 

Single Parent Families (%)  -0.02 0.03 -0.02 

  (0.18) (0.31) (0.13) 

Unemployment Rate (%)  -0.03 -0.18 -0.12** 

  (0.02) (0.23) (0.05) 

Pop. High School Degree or more (%)  0.20 -0.11 0.56 

  (0.18) (0.24) (0.27) 

Racial Fractionalization Index  0.06** 0.10* 0.03 

  (0.03) (0.05) (0.08) 

Black ( = 1 if African American Majority School)  -0.01 -0.05* -0.07* 

  (0.02) (0.03) (0.04) 

Constant  1.50*** -0.21 -0.33 

  (0.57) (0.54) (0.25) 

Lambda  0.36*** 0.11 0.29*** 

  (0.14) (0.16) (0.11) 

Sigma  0.09 0.11 0.07 

Observations  274 159 61 

R
2
  0.47 0.49 0.65 

Wald Test Overall Fit (9 DF)  136.03 93.94 63.17 

p-value Wald Test  0.00 0.00 0.00 

 

a
 Racial fractionalization index as defined in equation (2) based on four racial groups (white, 

black, Hispanic, and other).  
b
 Atlanta Metropolitan Area. 

The symbols *, **, and *** represent significance at the 10%, 5%, and 1%, respectively. 
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Binary Contiguity Matrix A B 

 

Cut-off Distance 

Five Neighbors
a
 

School 

District
b
 

Number  of Schools 1,112 1,112 

Average Number of Neighbors 208.8 30.3 

Maximum Number of Neighbors 475 89 

Minimum Number of Neighbors 5 0 

Standard Deviation of the Number of Neighbors 176.94 30.47 

Density
c
 0.19 0.03 

a
 The cut-off distance is equal to 34.42 miles and it corresponds to at least five neighbors   

  for each school.  
b
 Based on 180 school districts in Georgia. Two schools are neighbors if they belong  

  to the same school district. The bullet point in the map represents a city district in a  

  County (Georgia Department of Education, 2011). 
c
 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 = ∑ ∑ 𝑐𝑖𝑗/(𝑛(𝑛 − 1)/2)

𝑛
𝑗=1

𝑛
𝑖=1  where 𝑐𝑖𝑗 is 1 if the schools 𝑖  and 𝑗 are  

  neighbors and otherwise.  

 

Figure 2.1. Georgia Public Elementary Schools. 
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Table 3.1. Descriptive Statistics of the 5
th

 Grade Public Schools in the Atlanta 

Metropolitan Area in the 2008-2009 School Year 

Variable Average Standard Deviation 

Achievement score
a
 0.87 0.09 

Exceeding standard
b
 0.29 0.15 

Poverty rate
c
 0.52 0.29 

White students (%) 0.38 0.32 

African-American students (%) 0.42 0.33 

Hispanic Students (%) 0.13 0.17 

Other race students (%) 0.08 0.06 

Racial fractionalization index
d
 0.43 0.22 

Observations 537 --- 

a
 Share of students per school who passed the fifth grade mathematics and reading 

exam of the Criterion Referenced Competency Test  (CRCT). 
b
 Share of students per school who exceeded the Georgia standard for the fifth grade 

mathematics and reading exam of the CRCT. 
c 
Share of students per school who are eligible for reduced price or free meals (NSLP). 

d 
Racial fractionalization index defined in equation (4). 
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Table 3.2. Clustering Analysis for the 5
th

 Grade Student in the Atlanta Metropolitan Area
a 
 

 
Classification 1

b
 

 
Classification 2

c
 

 
Group 1 Group 2  Group 1  Group 2 Group 3 

Achievement score 0.80 0.92  0.80 0.95 0.87 

 
(0.08) (0.05)  (0.08) (0.02) (0.04) 

Exceeding standard 0.18 0.37  0.19 0.44 0.24 

 
(0.08) (0.14)  (0.12) (0.12) (0.07) 

Poverty rate 0.75 0.34  0.76 0.24 0.53 

 
(0.18) (0.22)  (0.20) (0.17) (0.19) 

White student % 0.11 0.59  0.11 0.59 0.48 

 
(0.17) (0.24)  (0.18) (0.25) (0.28) 

African-American 0.65 0.23  0.64 0.22 0.34 

Student (%) (0.30) (0.22)  (0.31) (0.24) (0.25) 

Hispanic students (%) 0.18 0.09  0.18 0.08 0.11 

 (0.22) (0.08)  (0.23) (0.08) (0.12) 

Other race students (%) 0.07 0.09  0.07 0.11 0.07 

 (0.05) (0.07)  (0.05) (0.08) (0.04) 

Racial fractionalization 0.37 0.47  0.36 0.46 0.49 

index (0.25) (0.18)  (0.25) (0.19) (0.17) 

Distance from AMA center  12.08 27.35  10.65 23.59 30.49 

(miles) (5.20) (9.56)  (4.29) (7.77) (9.40) 

Number of schools 239 298  206 181 150 

a
 Mean and standard deviation in parenthesis.  

b
 Classification 1 based on the exceeding standard variable and the distance variable. 

c
 Classification 2 based on the achievement score variable and the distance variable. 
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Table 3.3. Transportation Cost of the Inter-district School Transfer Program in the Atlanta  

Metropolitan Area 

Policy Reduction Strategy 
Income 

Inequality 

Racial 

Segregation 

Income 

Inequality 

Racial 

Segregation 

 

Receiving 

Schools 

Home-school distance 

(miles) 

Annual Per Student 

Transportation Cost 

Classification 1
a
 Group 2 22.19 25.01 $1218  $1373  

Classification 2
b
 Group 2 21.77 24.13 $1189  $1325 

Classification 2
b
 Group 3 23.31 24.96 $1280  $1370  

a
 Classification 1 based on the exceeding standard variable and the distance variable. 

b
 Classification 2 based on the achievement score variable and the distance variable. 
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Figure 3.1. Elementary School Attendance Area in DeKalb County (GA) and Extract of Voronoi 

Diagram. 
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Figure 3.2. Bayes Information Criterion (BIC) for Model Selection. Covariance 

decomposition: 𝐸𝐸𝑉 = 𝜆𝑘𝐷𝑘𝐴𝐷𝑘
𝑇, 𝐸𝑉𝐼 = 𝜆𝐴𝑘, 𝐸𝐸𝐼 = 𝜆𝐴, 𝐸𝐸𝐸 = 𝜆𝐷𝐴𝐷𝑇 , 𝑉𝑉𝐼 = 𝜆𝑘𝐴𝑘, 

𝑉𝑉𝑉 = 𝜆𝑘𝐷𝑘𝐴𝑘𝐷𝑘
𝑇. 
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Figure 3.3. Cluster Analysis for the 5
th

 Grade Public Schools in the Atlanta Metropolitan Area. 
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