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Abstract: Loan volume creates public information. One lender’s underwriting activities generate valuable information not only for the lender itself, but also for other lenders operating in the same neighborhood. The Lang and Nakamura (L-N) model hypothesizes that the total loan volume in a neighborhood positively affects the underwriting of every individual lender. Earlier studies addressed information externalities, but suffered from methodological problems (endogeneity of application volume and omitted neighborhood attributes). In a recent paper, Lin [2001] used improved methods, but only examines factors that influence internal information and did not improve the controls for neighborhood attributes. This essay combines the essential ingredients of earlier studies and innovative features of Lin’s paper provide a direct test for the L-N hypothesis. In the paper, we construct a panel data that combines HMDA data from the last decade with information on lenders’ branch office location. Lenders’ location of branches is used as an instrument in Instrumental Variable (IV) estimation to control for endogeneity of application volume and associated bias. In addition neighborhood fixed effects are included to control omitted neighborhood attributes. After controlling for neighborhood omitted variable bias, we find no evidence supporting the L-N hypothesis.

I. Introduction

Lang and Nakamura [1993] (L-N) provide the first theoretical model of information externalities in the context of mortgage underwriting. Their model shows how external or public information about the neighborhood may influence the underwriting decision about (acceptance or denial of) a particular mortgage application in the neighborhood. In their model, the external information is the accuracy of appraised values of the housing units, and the total number of transactions that occur in the neighborhood generates this information. Every time a lender receives a mortgage application for a housing unit, the lender’s underwriting criteria requires that the unit be appraised. The appraisal process includes a physical assessment of the unit, its attributes and the attributes of the neighborhood where the unit is located by a professional appraiser. The resulting appraised value serves a crucial role in the underwriting decision of the lender, and becomes public information. The volume of the comparable appraisals generated by certain lenders improves the accuracy of appraised values, and reduces the equity risk associated with mortgages for all lenders who serve the neighborhood. 

To test for the existence of L-N type information externalities, the current literature tends to regress the underwriting decision of lenders on application or loan volume in a cross section of loan applications. This approach has two limitations: (a) endogeneity of application volume in the underwriting model and (b) omitted neighborhood characteristics that are often unobserved to researchers. First, application volume not only captures the effect of external information on underwriting decision, but also reflects the underwriting standards used by the lender, generating a classic endogeneity problem. Second, neighborhood heterogeneity is modeled by neighborhood quality proxies based on census data potentially generating omitted variable bias.  

This paper addresses these two limitations. Following a recent paper by Lin [2001] this paper uses branch distance as an exogenous instrument for application volume assuming that branch location affects application decisions, but that underwriting is undertaken at the lender’s main office and unaffected by branch location. This paper also employs a panel data of eight years that provides variation over lenders, time and neighborhoods. This variation allows us to employ a fixed effect model that removes neighborhood specific effects and the associated omitted variable bias.

This paper is organized in five broad sections. Section II describes previous studies that address information externalities in the context of mortgage underwriting and attempt to test the L-N hypothesis. Section III describes the empirical approach taken this paper, and the assumptions made to identify the model. The estimation strategy is explained in the section IV. Section V describes the data used in the empirical analysis. Finally, the section VI states the empirical results and implications of the results.

II. Previous Studies of Information Externalities

The traditional approach for testing the L-N hypothesis is to show a positive and significant relationship between neighborhood application or loan volume in the accept/denial model
 for underwriting. Many of the early empirical studies that attempted to test the L-N hypothesis have followed this approach. Calem’s [1996] study is the first to use total number of loans in the mortgage acceptance equation to test the L-N hypothesis. Using a nationwide dataset of major metropolitan areas, he finds evidence consistent with the L-N hypothesis across primarily white census tracts. He, however, finds no evidence that neighborhood application volume positively affects acceptance for minority tracts. More recently, using 1990 Home Mortgage Disclosure Act
 (HMDA) data from Dade County (Miami), Florida, Ling and Wachter [1998] test the L-N hypothesis, in which the probability of loan acceptance is positively related to the number of recent sales in the neighborhood. Using a logit specification of the lending decision, their analysis finds a positive and significant relationship between number of recent sales and probability of acceptance. Finally, Harrison [2001] uses transaction volume within each tract to control for the potential influences of information externalities. Consistent with L-N hypothesis, he finds a highly significant and positive relationship between transaction volume and the probability of mortgage denial.     

Using 1990 and 1991 HMDA data, Avery et. al. [1999], distinguish between internal and external effects of information on mortgage underwriting. They argue that the mortgage evaluation process generates private information that enhances the future information set of only the evaluating lender. This private information is captured by the number of applications received by the particular lender for properties in a particular neighborhood. The total number of applications received by all lenders in the neighborhood reflects the level of external information. The authors find that up to 25% of observed disparities in denial rates across neighborhood racial and income groups can be explained by the internal effects of information or internal economies of scale.   

There is, however, a methodological problem in this approach. The application volume in the acceptance/denial equation is can be endogenous. Instead of application volume affecting the acceptance, the acceptance might affect application volume in the neighborhood. Lin [2001] points out that number of actual transactions may be correlated with unobserved dimensions of lenders’ actions and may be endogenously determined in a loan denial equation. Due to this endogeneity, use of actual transactions to capture neighborhood information may lead to potentially biased estimation. 

Lin’s paper [2001] suggests the use of an exogenous proxy for information. She measures the distance between lender’s main office and the borrower and uses this distance to capture the neighborhood-specific information available to the lender. She finds that a 1-mile increase in this distance raises the probability of mortgage denial by 0.038 percent. This study overcomes the methodological problem of the previous studies and significantly contributes to the broad understanding of the role of information in mortgage underwriting.  

Lin’s [2001] study, however, does not address mortgage externalities, and therefore, does not test the L-N hypothesis. Her proxy for information is distance from the lender’s main office to the housing unit that will be financed by the mortgage. This distance measures lenders’ ability to directly observe and monitor the neighborhood, its properties, and the borrowers residing in the neighborhood. Therefore, this distance captures private information, which is lender-specific, and internal to the lender. The L-N hypothesis, however, suggest that mortgage market activity generates external or public information. 

Finally, all of the studies discussed above examine a cross-section of loans and only control for neighborhood quality using traditional census variables, such as population, median income, percentage of minority population, owner occupied units in the tract. These variables are unlikely to fully capture neighborhood attributes that are observable by the lender and influence both equity risk and likelihood of default is such neighborhoods, see Ross and Yinger (2002) for an earlier survey of this literature
III. Methodology and Assumptions

    
This section describes the relationship between mortgage underwriting and variables that capture information available to the lender. The section starts by showing the relationship inherent in the standard models, and then proposes an approach to control for the endogeneity of loan volume analyses of the loan denial decision. Essentially, the paper makes use of a proxy similar to one used in Lin’s [2001] study. Under certain assumptions about the structure of the mortgage market and the flow of information, this paper proposes an instrument identifying the causal relationship between both internal and external lending activity and lender underwriting behavior. This section states the key assumptions needed to construct such instruments. 


Following the L-N hypothesis, traditional studies have used application volume as a proxy for external information. These studies tend to use regression to test for the existence of the top arrow in figure 1 (an impact of volume on underwriting). In doing so, these studies may have inadvertently picked up the effect of underwriting on application or application volume (the bottom arrow) that arises because additional households are encouraged to apply for credit and succeed in obtaining credit. 
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Figure1.The upper arrow shows that the application volume affects underwriting through the L-N process, but note that underwriting standards of lenders may also affect total application volume in the neighborhood as shown by the lower arrow.


For this reason, the traditional approach to test L-N hypothesis, that is to test for the existence of the upper arrow, might have suffered from endogeneity bias. Higher rates of acceptance by a particular lender encourage more applicants to apply for mortgages from that lender, in other words borrowers may sort across lenders; as well as encourage additional applicants to enter the market, and similarly lower approval rates discourage potential applicants. Therefore, if a significant impact of application volume is observed in the regression of underwriting on application volume, this impact will consists of two combined effects. They are: (a) the exclusive effect of application volume on underwriting and (b) effect of underwriting standards on mortgage market activity. In testing L-N hypothesis, we are interested to find out the exclusive effect of (a), but there is no way to separate it from (b) in a simple regression framework. 

Avery et. at. [1999] distinguish between internal and external information when examining the influence of application volume on underwriting. Following their paper, internal application volume (LOAN VOLUMELT, in figure 2) is the number of loans made by the lender L in tract T, and this internal application volume captures information internal and exclusive to the lender. External application volume (LOAN VOLUMET in figure 2), on the other hand, is the number loans made by all lenders in the neighborhood T, and this volume captures information externalities. 


Although this improvement separated the internal effect from the external effect of information, their approach essentially is based on the same information generation process described in the L-N hypothesis. In other word, they intend to capture the effect of information (both internal and external) on underwriting using application volume and therefore, their estimation is susceptible to endogeneity bias similar to the traditional studies. Specifically, in their estimation overall underwriting standards in the market will influence the number of applicants and the total number of approved loans or APP. VOLUMET. Moreover, an individual lender’s underwriting standards will influence their own application and application volume APP. VOLUMELT because those standards affect the sorting of applications across lenders.    
Improvement of Avery et. al. [1999] on  Loan Volume Studies
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Figure 2. Avery et. al. [1999] separated total application volume in the tract into two components: internal application volume or APP. VOLUMELT and external application volume or APP. VOLUMET. Through L-N process, internal and external application volume captures internal information and information externalities, respectively. Underwriting, however, affects both these volume, which is shown by the lower arrows.   

Lin [2001] overcomes the endogeneity problem by using distance between borrower and lender’s main office to capture information. Lin’s analysis uses a fairly exogenous proxy for information, and provides a reasonable test for the role of information on underwriting. Her study looks at the effect of internal information available to a lender on underwriting and leaves out the information externalities. There is no mechanism in her model by which external information could be distinguished from the internal information. Finally, distance in her study might have picked up the effect of monitoring cost as opposed to information on neighborhood risk factors.

Lin’s Use of Distance as a Proxy for Information
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Figure 3. Lin [2001] used borrower to lender’s main office distance as a proxy to capture the overall impact of information on underwriting. 


In this paper, we use Lin’s [2001] distance-type proxy to capture both internal and external information and provide a direct test of L-N hypothesis of information externalities. In order to do so, we make certain assumptions about the structure of the mortgage market, and make use of the detailed branch-level location data of the lenders. These assumptions, and the improved dataset allow us distinguish the two mechanisms by which information can flow between borrowers and lenders. 

III.A. Structure of the Mortgage Market We assume that following steps describe the passage of a typical mortgage application in the traditional home mortgage market: 

Step 1. Mortgage applicants apply for loans to a lender’s nearest branch office.

Step 2. Branch office receives the loan application and ships it to the lender’s main office. 

Step 3.  Main office performs underwriting according to its underwriting criteria.

In this assumed structure, the arrows in figure 4 below, show the flow of mortgage applications and the dark lines show two relevant distances. These distances are the borrower to lender’s main office distance (Head Distance) and the borrower to lender’s branch office distance (Branch Distance). According to this structure of mortgage market, the lenders’ main office performs underwriting and incurs monitoring cost. Lenders’ branch office, however, performs a completely different task in this structure. They undertake marketing, servicing and advertising efforts that influence borrowers’ application decisions. Therefore, for underwriting purposes, the branch distance is generally irrelevant,
 but the Head-Distance may directly affect underwriting. This  assumption  suggests that branch distance meets the first requirement for a valid instrument; namely, that the variable does not explain the second stage dependent variable.
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Figure 4. In the structure of the mortgage market, the arrows show the flow of mortgage applications from borrowers to lender’s main office via lender’s branch office. Two dark lines show two relevant distances: Head- Distance and Branch-Distance.  

On the other hand, according to the assumed structure, borrowers generally apply for mortgages at nearby branch offices, and so branch distance is an appropriate variable for the likelihood of applying, or for the application volume. This second assumption, which is tested empirically in the first stage estimates,  suggests that branch distance also satisfies the second condition for a valid instrument; namely, that the variable have explanatory power in the first stage application or loan volume equation.  

III.B. The Flow of Information Distance can capture the flow of neighborhood-specific information between borrowers and lenders, and thereby can affect underwriting in two possible ways. One is a direct flow and the other is an indirect flow of information. In the direct flow, underwriting related information flows directly from neighborhood  to lenders. The direct flow measures the extent of information available to lenders by capturing lender’s ability to know and monitor the neighborhood and its properties. Lin [2001] used this distance variable to capture the effect of information on mortgage underwriting. The direct flow of information is lender-specific, and represents the extent of internal information. Therefore, information about a given borrower varies from one lender to the other with distance.

In the indirect flow, information flows from borrowers to lenders via application or loan volume or through the L-N process. First, the branch distance or proximity captures the likelihood of borrowers to apply for loans, or the application volume. Secondly, as the distance captures the application volume, the application volume in the neighborhood, in turn, generates neighborhood specific information according to the L-N hypothesis. Avery et. al. [1999] uses indirect flow of information, and further separated indirect flow into two components: internal application volume and external application volume. 

III.C. Approach Taken in this Paper

This paper is based on approaches taken by Lin [2001] and Avery et. al.[1999]. In that, we combine Lin’s distance-type proxy to capture both internal and external application volume proposed in the Avery et. al. [1999]. In doing so, we can keep important features of both approaches. More specifically, Lin’s approach uses an exogenous proxy but does not capture information externalities. On the other hand, Avery et. al. [1999] has both internal and external information through internal and external application volume, but suffers from endogeneity bias. Combining these two approaches would allow us to devise an estimation strategy that looks at the effect of internal and external information (absent in Lin) using an exogenous proxy (absent in Avery et. al.).    

The assumptions 1 and 2 about the structure of mortgage market as described above allow us to use branch distance to separate this indirect flow (L-N type) of information from other factors that are captured by headquarters distance, such as the underwriters information set and monitoring costs. Specifically, branch distance captures the marketing effect of branch offices in attracting mortgage applicants, or application volume, and following Avery et. al.’s [1999], internal application volume (APP. VOLUMELT) produces internal information and external application volume (APP. VOLUMET), which may cause information externalities. Consistent with Avery et. al. [1999] approach, Figure 5 identifies two distances, namely, Branch-DistanceLT and Branch-DistanceT. Here Branch-DistanceLT is the average distance
 between borrowers and lender L’s branch offices in tract T and Branch-DistanceT is the general distance between borrower and all the lenders’ branch offices in tract T is. 

Use of Distance in this paper
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Figure 5.  Within indirect flow of information, Branch-DistanceLT and Branch-DistanceT are used to capture internal and external effect of information. Head DistanceLT is used to control for direct flow of internal information and monitoring cost. 

The right hand side of figure 5 is identical to Avery et. al.’s [1999] improvement to application volume studies as shown in figure 2, where APP. VOLUMELT and APP. VOLUMET capture the indirect flows of information. On the left, we added Branch-DistanceLT and Branch-DistanceT to proxy for APP. VOLUMELT and APP. VOLUMET respectively. Under the assumption that branch distances are exogenous, no arrows are drawn to represent a reverse causality going from APP. VOLUMES to Branch Distances. In the middle, we have Lin’s use of distance to capture internal information and monitoring cost, as shown in figure 3. By assumption 1, the effect of this information is captured by Head-DistanceLT. It is also reasonable to expect that this Head office location will affect the branch locations of the lender. An arrow going from Head-DistanceLT to Branch-DistanceLT shows this relationship.

The previous paragraph alludes to the last major assumption required for this empirical strategy. Specifically, this model assumes that branch location is exogenous to loan volume after controlling for all observables in the model.  As will be discussed below, the final model will control for neighborhood fixed effects in order to insulate the analysis from bias caused by omitted neighborhood variables.  Once neighborhood fixed effects are included in the model, the assumption that branch location is exogenous is really an assumption that changes in branch locations over time are unrelated to changes in neighborhood application or loan volume. In that context, the logic behind this assumption arises from the environment faced by financial institutions in Connecticut during the 1990s. During that period, the banking industry underwent major restructuring and consolidation, and most of the opening, closing, and changing of ownership of branches are likely to be attributable to that process rather than sorting of branches based on mortgage volume. This paper also provides an empirical test of this assumption. The details of that test are discussed in the next section.

IV. Estimation Strategy
The empirical model in this paper involves two-stage instrumental variable estimation. In the first stage, we estimate the application volume for each lender using Branch- DistanceLT and Branch-DistanceT as exogenous proxies where the lender’s branch distance represents the ability of the lender to attract mortgage applications from a given census tract and proximity to all branches captures a competition effect that is likely to reduce applications to the lender. Once an unbiased estimate of application volume (predicted application volume) is obtained, we use this estimate in the denial model to test if the predicted application volume for a lender affects mortgage acceptance (internal information), as well as an aggregation of all lenders’ predicted volume to test if total predicted volume affects acceptance (external information). Based on the arguments above, information describing branch proximity is excluded from the second stage underwriting equation, which identifies the effect of both lender and market loan volume in the underwriting model. 

Both the first stage application volume model and the second stage denial model controls for direct flow of information (or the Head-Distance) and include lender, year and tract  fixed effects in order to control for omitted lender, year, and neighborhood attributes.  Baseline specifications are estimated without tract fixed effects in order to present estimates that are comparable to existing research.  Both the first and second stage models control for lender and year fixed effects by inclusion of dummy variables, and tract fixed effects by mean differencing.

This study uses data on mortgage applications and branch location covering eight years from 1992 to 1999. Due to the panel nature of this sample, we are able control for both the lender-specific application volume (or Application volumeLT) and the tract-specific application volume (or Application volumeT). For the same lender, lender-specific application volume (internal information) varies across different tracts. For the same tract, tract-specific application volume (external information) varies across different years. The source of the variation in tract-specific application volume is the opening and closing of bank branches in different years. The large number of consolidations through mergers and acquisitions in the state banking sector and mortgage market restructuring that have taken place over the period of study provide variations in branch location and ownership, which allow us to distinguish between internal and external effects of information. the next section describes the first-stage volume model and second-stage denial model in more detail 

IV.A. Volume Model: In stage I, we estimate the application volume using a branch proximity variable based on the number of branches at different distances away from the census tract, after controlling for lender, year and tract fixed effects:  

VOLUMELTY = (1 + (2NOBLTD + (3NOBTD + (4HEAD_DISTANCELYT + (5LENDERL + (6YEARY + (7TRACTT +  eLYT                                                                                                                          (1)

The dependent variable, VOLUMELTY is the total number of loan applications received by lender L from tract T in year Y. It is believed that the tract application volume depends on NOBLTD or the number of branches of lender L that are D miles away from the centroid of tract T
 and NOBTD or the number of branches of all lenders that are D miles away from the centroid of tract T. Since NOBLTD is number of branches of own bank (L) within certain radii from the centroid of tract T, it captures the marketing effect of having branches near a neighborhood. On the other hand, since NOBTD is the number of branches of all banks within certain radii from the centroid of tract T, it captures a competition effect caused by having competitors’ branches near the same neighborhood. In the model, the application volume also depends on LENDERL, YEARY and TRACTT or lender, year and tract fixed effects. The volume model also controls for borrower to lender main office distance, or HEAD_DISTANCELYT to capture the effect the lender’s headquarters location on its ability to attract applications from a give neighborhood. The error term eLTY, is assumed to be independently distributed.         


The volume sample comes from a sample of tracts for each lender for each of eight years. Whenever a lender did not have an application in a particular tract, but at least one other lender did make a loan in that tract in the particular year, the application volume is set to zero.
 This process gives rise to a large number (about 83.23%) of zeros in the dependent variable. Since Ordinary Least Square (OLS) estimation with large number of zero in he dependent variable produces biased estimation, we consider two versions of volume model. In the model A, we keep all the zeros, but in the model B, we delete all the zeros and retain only the observations for which lenders have made at least a positive number of loans (94,344 observations) in the tract. 

IV.B. Denial Model: In stage II, we estimate denial of loans using a linear probability model with fixed effects. The predicted application volume from stage I, is used to estimate the effect of application volume on the probability of denial after controlling for lender, year and tract fixed effects. Internal predicted application volume, or PredVOLLTY is constructed such that the predicted application volume varies across different lenders in the same tract and year. It becomes a measure for the effect of internal information. Similarly, PredVOLTY or the external predicted application volume remains constant for all lenders in the same tract, but varies across tracts and years. Therefore, PredVOLLTY is a measure for the effect of external information. The denial model can be described as follows: 
DENIAL iLTY = (1 + (2PredVOLLTY + (3PredVOLTY + (4HEAD_DISTANCELYT + (5ACiLT + (6LCiLT + (7LENDERL + (8YEARY + (9TRACTT + eiLT                                                                                                (2)


The dependent variable, DENIALiLT is a dummy variable that takes a value of one if the ith loan application to lender L for a property in tract T in year Y is denied; otherwise it is zero. According to the L-N hypothesis,  the internal and external predicted application volumes, (PredVOLLTY and PredVOLTY), should explain the denial decision and capture the effect of internal and external information on underwriting. In the model, we assume that the denial decision also depends on a vector of applicant characteristics ACiLT, loan characteristics LCiLT, lender, year and tract fixed effects or LENDERL, YEARY and TRACTT. 
IV.C. Exogeniety of Distance. The variables NOBLTD and NOBTD are the number of branches of lender L that are D miles away from the centroid of tract T and the number of branches of all lenders that are D miles away from the centroid of tract T respectively. These two are the key variables constructed to predict application volume in the first stage estimation. From the empirical standpoint, it is of utmost importance that these variables are not affected by application volume or independent variable of our estimation. In other word, this variable needs to be exogenous, or else our first stage estimation will suffer from endogeneity bias and our approach will have replaced biased caused by the endogeneity of loan volume with biased caused by the endogeneity of branch location..

Earlier in this paper, we have argued that the massive scale of consolidation and restructuring in the mortgage market during the last decade was the phenomenon dictated the closing, opening, and selling of branches and that this process most likely overwhelm any influence of mortgage market activity on branch location decisions. In order to test this assertion, we regress NOBLTD on lagged application volume to see if lagged application volume significantly explains NOBLTD. After controlling for lender, year and tract fixed effects, we do not find any statistically significant influence of lagged application volume in explaining NOBLTD. Therefore, we conclude that NOBLTD is a sufficiently exogenous, particularly for the period of our study. The result of this test is shown in the Empirical Result section (Section V).  

V. Data  

The data used in the estimation procedure comes from three sources: the Home Mortgage Disclosure Act (HMDA) data; geographic data on census tracts; and detailed branch location data for the state of Connecticut. Pursuant to HMDA, the Federal Financial Institution Examination Council (FFIEC) collects Loan Application Registers (LARs) of regulated lenders. The LARs, reported by each lender’s main office, contains acceptance or denial information for every mortgage application received by the lender in its entire main and branch offices [3]. In addition to acceptance or denial information, HMDA data also contain basic information about the borrower, the property, and the neighborhood where the property is located. Summary files of the 1990 United States Census of Population and Housing data provide the census tract boundaries in Connecticut. Following Lin [2001], to calculate distance from the borrower, we assume that the location of borrowers in a given census tract is at the centroid of the tract. There were 834 census tracts in Connecticut. Branch location data contains the detailed branch information of all major lenders in the state for the years 1992 to 1999. The branch data contains information on branches including the longitude and latitude information of each branch. 

V.A. Application Volume Sample The application volume sample is based ona sample of tracts for each lender for each of eight years. There were 562,585 observations with 828 tracts and 136 lenders in the complete panel. 

For the volume model, we construct four variables: NOBLT2, NOBLT5 NOBLT10 and NOBLT50. These variables count the number of branches of each lender at different radii away from the borrowers’ location, which is assumed to be the centroid of the tract
. For example, NOBLT2 contains the number of branches of lender L that are less than or equal to two miles away from the centroid of tract T. In the year of 1992, for each of 834 census tracts, we measure the distance between the tract centroid and the 1653 branch offices of 134 lenders. This gives us 1,378,602 distances to consider in our empirical analysis. Table. 1 below shows the total number of banks and total number of branches in different years.    

Table. 1: The total number of banks, branches, tracts and branch-tract distances in each year.

	Year
	Total number

of Banks
	Total number

of Branches
	Total number of

applicable 

Tracts

	Total number of 

branch-tract 

Distances to 

Consider (Million)

	1992
	134
	1653
	817
	1.350

	1993
	127
	1621
	817
	1.324

	1994
	125
	1604
	816
	1.308

	1995
	124
	1593
	817
	1.302

	1996
	120
	1547
	818
	1.265

	1997
	112
	1489
	811
	1.207

	1998
	114
	1468
	818
	1.200

	1999
	106
	1381
	818
	1.129


Once the distances are calculated, four concentric circles covering a 50-mile radius from the center of the tract were drawn. The first circle includes points that are less than or equal to 2 miles away from the tract centroid. The second circle represents a donut shaped area that is more than 2 but less than or equal to 5 miles away from the same centroid. The third and fourth circles similarly show areas that are between 5 to 10 and 10 to 50 miles away from the centroid, respectively. The variables NOBLT2, NOBLT5, NOBLT10 and NOBLT50 were constructed using these distances and radii away from the tract centroid. 

The number of branches of lender L that received applications from tract T is partitioned into four variables: NOBLT2, NOBLT5, NOBLT10 and NOBLT50. For example, according to the figure 4 below, bank L has 7 branches, and we calculate NOB’s as follows:

NOBLT2   = 1  

NOBLT5   = 2

NOBLT10 = 1

NOBLT50 = 3
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Figure 6. Construction of number of branches from a given distance away from the centroid of tract T. The integers 2, 5, 10 and 50 represent circles with radii of 2, 5, 10 and 50 miles. The common center of these circles is the centroid of the tract. 


The number of branches variables (NOBLTD) control for distance because of the nature of their construction. This variable affects the likelihood that a prospective applicant will apply for mortgage in two possible ways: (a) the number of facilities offering mortgage services and (b) the proximity of the service facilities. In other words, we expect that the higher is the number of branches and the closer are the branches to the applicant, the greater is the likelihood of applying. The descriptive statistics of NOBs are shown in table 2. 

TABLE 2: Descriptive statistics for volume model
	Model A (with zero)


	Variable
	Mean
	Standard 

Deviation

	VolumeLT
	      0.940
	       5.133

	NOBLT 2
	      0.184       
	       0.906

	NOBLT 5
	      0.449       
	       1.848

	NOBLT 10
	      1.026       
	       3.424

	NOBLT 50
	    11.799      
	      26.877

	NOBT 2
	    16.585      
	      13.757

	NOBT 5
	    40.321      
	      28.637

	NOBT 10
	    92.211      
	      51.229

	NOBT 50
	1061.330     
	    220.568

	Model B (without Zero)

	Variable
	Mean
	Standard 

Deviation

	VolumeLT
	      5.607      
	      11.445

	NOBLT 2
	      0.557       
	       1.364

	NOBLT 5
	      1.528       
	       3.041

	NOBLT 10
	      3.307       
	       5.438

	NOBLT 50
	     27.055      
	      40.643

	NOBT 2
	     12.704      
	      10.792

	NOBT 5
	     36.155            
	      27.207

	NOBT 10
	     92.308      
	      50.588

	NOBT 50
	  1071.820     
	    218.381



For the volume model, we construct the variable VOLUMELT much more broadly than application volume for the denial model. Since tract application volume in the L-N hypothesis is meant to capture the extent of neighborhood information or accuracy of the appraisal process, all the applications received by the lenders that qualify for appraisal are included in the volume model.  The applications that are withdrawn by the applicant or are closed for incompleteness are deleted from the sample, since full assessment for these applications may not have been completed. The descriptive statistics of VOLUMELT is also included in table 2. 

Not every HMDA lender is available in the bank location data. There were 136 common lenders in both the datasets. The non-common lenders were deleted from the volume model.  This reduced our observations in the volume model. Most of the loans that were (about 81%) deleted due to non-common lenders were made by mortgage bankers and credit unions that are not regulated by four major federal regulatory agencies
, therefore we lost about 19% observation due to non-matching lenders that reports to four major federal regulators. After deleting the edit failures and non-matching lenders, the total loan applications in the HMDA data reduces to 562,585 observations. 

V.B. Volume Model Specification Consistent with the previous study, we have assumed tract centroid to be the location of the borrowers. Since the census tract are organized based on a given number of population residing in the tract, but not on the size of the geographic area, this assumption is a reasonable one for smaller sized census tracts. For larger-sized tracts with sparse population density, this assumption may be unreasonable. In other word, for such tracts centroid may not be a correct proxy for borrower’s location, and therefore may introduce measurement error bias to our first stage estimation. In order to detect the possibility and extent of this bias, we split volume model dataset in two ways giving rise to Truncated Model and Non-Truncated Model
. 
Furthermore, the dataset for the volume model is organized in two different ways. This created two versions of the volume model: volume model with Zero and volume model without Zero). In the ‘With Zero’ model, we had 562,585 observations, or all-possible combinations of lenders and tracts for each year. In this model, whenever a lender did not have any loans in a particular tract the application volume is set to zero. This gave rise to a large number of zeros in the dependent variable. In the ‘Without Zero’ model, we delete all the zeros and retain only the observations for which lenders have made a positive number of loans in the tract. This model has 94,344 observations. We use estimates from both of these models in the second stage, denial model.

V.C. Mortgage Application Sample for Denial Model The denial model uses a sample of mortgage loan applications. For the denial model, the sample of applications only includes home mortgage applications for new purchases. All the refinances and repurchases of loans were deleted since underwriting criteria for these loan types differ markedly from the criteria for new home mortgages. We also focus on 1 to 4 family, owner occupied and conventional loans. After deleting other applications, the finalsample contained 85,552 observations. Descriptive statistics of variables used in the denial model are shown in table 3 below.
The denial model is estimated using three different definitions of denial: Denial 1, Denial 2 and Denial M. With regards to the status of an application, there are five cases reported in the HMDA data. The cases are as follows:

Case 1. Loan originated

Case 2. Application approved but not accepted

Case 3. Application denied by financial institution

Case 4. Application withdrawn by applicant

Case 5. File closed for incompleteness

Following Munnel et. al.[1992], in Denail M dependent variable is defined such that it takes a value one in case 3 and zero in case 1. Following basic specification of Harrison [2001], Denial 3 is defined much broadly.  It is one in cases 3, 4 or 5, and zero in cases 1 or 2. In the Denial 2, denial is one in case 2 or case 3 and zero in case 1. In the denial model, the applicant characteristics include applicant’s income (AppInc), race (Black, Hispanic and Asian) and gender (Male). Loan characteristics include loan amount to income ratio (Ratio). Similar to volume model, denial model also controls for main office distance, or DISTANCE_ ALYT to capture the effect of direct flow of information. The error term eLTY, is assumed to be independently distributed. 
TABLE 3: Descriptive Statistics for the Denial Model

	Variable
	Variable Definition
	Mean
	Standard 

Deviation

	DENIAL(M)
	Dependent variable (Munnel et. al. type 

definition for denial)
	    0.0937       
	    0.2915

	DENIAL(2)
	Dependent variable type 2 
	    0.1542       
	    0.3611

	DENIAL(3)
	Dependent variable type 3 (Harrison 

[2001] type definition for denial)
	    0.0913       
	    0.2880

	AppInc
	Applicant’s income
	   94.3385     
	  115.2155

	Ratio
	Loan to income ratio
	    1.9695       
	    1.6142

	Male
	Dummy for applicant’s gender
	    0.8920       
	    0.3102

	Black
	Dummy for applicant’s race

	    0.0329       
	    0.1784

	Hispanic
	Dummy for applicant’s race
	    0.0321       
	    0.1763

	Asian
	Dummy for applicant’s race
	    0.0221       
	    0.1472

	PredVolA
	Predicted tract application volume from 

volume model A
	    8.1661       
	    7.5662

	PredVolB
	Predicted tract application volume from 

volume model B
	    5.6944       
	    5.4752

	Volume
	Tract application volume
	   15.8291      
	   25.9629


VI. Empirical Results

As described in the estimation strategy, we take an Instrumental Variable (IV) approach and employ a fixed effect model in this paper. The IV approach insulates the estimations from endogeneity bias associated with loan application volume, and the inclusion of fixed effect model captures omitted tract characteristics that might influence both application volume and lender underwriting. In order to understand the effects of these improved methods in the light of previous studies, we will first present the results of a baseline model. Our baseline model consists of a denial model that estimates the internal and external impact of information on mortgage denial. In line with the previous studies, this baseline model would include lender and year fixed effects, but it will assumes that application volume is exogenous and does not include the tract fixed effects nor an IV estimation. The results of the baseline model are discussed in the section VI.A. Next, we examine the effect of endogeneity bias on the estimated relationship between information and underwriting. Accordingly, the loan volume model is estimated and the predictions from those models are used in the second stage loan denial model, but tract fixed effects are excluded from both estimations.  . The results of this model are discussed in the section VI.B. Finally, we incorporate the controls for tract fixed effects into our IV model. The results of the full model are discussed in the section VI.C.

VI.A. Baseline Model


In the baseline model, we estimate the direct effect of application volume on the denial decision of lenders using OLS with time and lender fixed effects. As discussed above, the dependent variable is defined in three different ways. For each denial definition, information variables or the parameters of the model are grouped under two subsets: internal measures and external measures, which represent the lenders application volume in a tract and the application volume for all lenders, respectively 

Table 4: Baseline Model
	Dependent Variable Specification
	Information Types
	Information Variables
	Estimates

Significance

(S.D.)

	Denial M
	Internal Measures
	AppVolLT
	0.0002

(0.0003)

	
	
	HeadDistLT 
	-0.0001

(0.00009)

	
	External Measure
	AppVolT
	-0.0007***

(0.00008)

	Denial 2
	Internal Measures
	AppVolLT
	0.0003

(0.0002)

	
	
	HeadDistLT 
	0.0001*

(0.00007)

	
	External Measure
	AppVolT
	-0.0007***

(0.00006)

	Denial 3
	Internal Measures
	AppVolLT
	0.0003

(0.0002)

	
	
	HeadDistLT 
	0.0001*

(0.00007)

	
	External Measure
	AppVolT
	-0.0007***

(0.00007)


NOTE: For all empirical results presented henceforth, * are assigned as follows:

* = 90 % confidence level,   ** = 95% confidence level,  *** = 99% confidence level

The result of our baseline model is presented in table 4. The results indicate a negative, statistically significant relationship between application volume and denial suggesting the existence of information externalities, which is in accordance with the results obtained by previous researchers. The results also suggest that head distance may influence underwriting, but though monitoring costs or other sources of information rather than through mortgage market activity.

VI.B. IV Without Neighborhood Fixed Effect

As discussed earlier, the OLS estimations presented above are susceptible to two biases: endogeneity bias and omitted variable bias. In this model, we remove the former using an IV approach. This estimation is performed in two stages. Table 5a shows the results obtained form the first-stage, volume model estimation. Table 5b shows the results of the second-stage denial model estimation. 

In the volume model, application volume is regressed on the branch proximity variables and lender and time fixed effects. The distance proxies are grouped into internal and external measures. Here the internal measures are lender-specific, but the external measures are tract-specific distances based on all lenders. This model produces estimates for the instruments used in the second-stage or Denial model estimation. The volume model is estimated with and without large census tracts, non-truncated and a truncated data. This truncation was performed to test if substantial measurement errors were associated with the use of tract centroid in calculating distances between borrowers and lenders.  The assumption here is that the measurement error would be larger for larger  tracts. Both truncated and non-truncated data was estimated using ‘With Zero’ and ‘Without Zero’ model specifications. In the ‘With Zero’ model, observations for which depended variable (number of application receives by lender L in tract T) takes the value of zero
 were included. ‘Without Zero’ model consists of the observations for which dependent variable takes only the positive value.

The first column in Table 5a contains the results for the non-truncated sample, and the second column containsthe results of truncated sample. Under each of the two columns, we present results for the Models where the zeros are retained or dropped. In all estimations, we find very strong significance of distance variables. The parameters also have expected signs. Note, for internal measures, the application volume to lender L (dependent variable) increases with the number of branches of lender L in tract T that are within 2-mile distance (NOBLT2). This is true for other distances as well except 50 miles, at which application volume falls.

For external measures, we also have the usual signs. Here, the application volume to lender L (dependent variable) decreases with the number of branches of all lenders in tract T. This strong significance and expected signs reflects the appropriateness of the instruments (Predicted application volume) used in the second-stage denial model.

Table 5a: IV without Fixed Effects (Stage I)

	Information Types
	Parameters
	Non-Truncated Model
	Truncated Model


	
	
	With Zero
	Without Zero
	With Zero
	Without Zero



	Internal Measures
	NOBLT 2
	0.0077***

(0.0017)
	0.1310***

(0.0135)
	0.1213***

(0.0033)
	0.2775***

(0.0185)

	
	NOBLT 5
	0.0336***

(0.0009)
	0.0775***

(0.0065)
	0.0351***

(0.0013)
	0.0951***

(0.0075)

	
	NOBLT 10
	0.0276***

(0.0005)
	0.0188***

(0.0035)
	0.0343***

(0.0007)
	0.0178***

(0.1743)

	
	NOBLT 50
	-0.0021***

(0.0001)
	0.0027**

(0.0009)
	-0.0025***

(0.0001)
	-0.0018

(0.0011)

	
	HeadDist
	-0.0075***

(0.00006)
	-0.0284***

(0.0010)
	-0.0091***

(0.00008)
	-0.0313***

(0.0011)

	External Measures
	NOBT 2
	-0.0042***

(0.00009)
	-0.0327***

(0.0017)
	-0.0052***

(0.0002)
	-0.0368***

(0.0023)

	
	NOBT 5
	-0.0013***

(0.00005)
	-0.0119***

(0.0007)
	-0.0017***

(0.00006)
	-0.0132***

(0.0008)

	
	NOBT 10
	-0.0004***

(0.00002)
	-0.0003

(0.0003)
	-0.0004***

(0.00003)
	-0.0003

(0.0004)

	
	NOBT 50
	-0.0001***

(0.000005)
	-0.0006***

(0.00007)
	-0.0002

(0.00001)
	-0.0005***

(0.00008)


In the volume model, we estimated both models (with zero and without zero in dependent variable) with truncated and non-truncated dataset. We, however, do not find significant variation of results between the use of truncated and non-truncated data in the first stage estimation in terms of critical variables measuring the effects of internal and external information. This led us to conclude that measurement error due the use of centroid as a proxy for borrower’s location did not introduce significant bias to our estimation, and the results we obtain are robust under truncated and non-truncated data size. Since results using truncated data did not change the results obtained from non- truncated data, we calculated predicted application volume (instrument for this model) using estimates obtained from the non truncates datasets. For non-truncated dataset, we however use both estimates from zero and non-zero model to calculate predicted application volumes. 

Table 5b: IV without Fixed Effects (Stage II)

	Dependent Variable 

Specification
	Information Types
	Parameter
	OLS
	IV without Fixed Effect

	
	
	
	
	With Zero
	Without Zero



	Denial 1
	Internal
	AppVolLT
	0.0002

(0.0003)
	-0.0044

(0.006)
	-0.0032

(0.0020)

	
	
	HeadDist
	-0.0001

(0.00009)
	-0.0001

(0.0001)
	0.0002

(0.0001)

	
	External
	AppVolT
	-0.0007***

(0.00008)
	-0.0009***

(0.0001)
	-0.0006***

(0.0001)

	Denial 2
	Internal
	AppVolLT
	0.0003

(0.0002)
	-0.009*

(0.005)
	-0.0031*

(0.0015)

	
	
	HeadDist
	0.0001*

(0.00007)
	0.00008

(0.00009)
	0.00006

(0.00009)

	
	External
	AppVolT
	-0.0007***

(0.00006)
	-0.0009***

(0.00008)
	-0.0007***

(0.00008)

	Denial M
	Internal
	AppVolLT
	0.0003

(0.0002)
	-0.0078

(0.0049)
	-0.0029*

(0.0015)

	
	
	HeadDist
	0.0001*

(0.00007)
	0.00009

(0.00009)
	0.00007

(0.00009)

	
	External
	AppVolT
	-0.0007***

(0.00007)
	-0.0009***

(0.00009)
	-0.0007***

(0.00009)


In the table 5b, we also show the OLS results obtained in table 4. Next to OLS estimation, in the separate column, we present the results of ‘IV without Fixed Effects” model. We find that both OLS and this model provide very similar results. Therefore, we conclude that endogeneity of application volume did not cause serious bias to the OLS estimation.

V.C. IV with Fixed Effects 


This model has identical structure to ‘IV without fixed effects’, except in one important way; we include tract fixed effects in both the stages of this model. In doing so, we will be able to remove the omitted variable bias associated with unobserved tract characteristics. Similar to IV without fixed effects, this model has two stages: Volume Model and Denial Model. The results of these models are presented in table 6a and 6b.

The results in table 6a show strong significance of distance proxies in explaining application volumes in both ‘With Zero’ and ‘Without Zero’ model specifications. The truncated model provides similar results as to non-truncated model. Therefore, similar to ‘IV without Fixed Effects (discussed in V.B)’, we use the estimates from non-truncated data to calculate predicted application volume (instrument for second stage).  

Table 6a: IV with Fixed Effects (Stage I)

	
	Non-Truncated Model
	Truncated Model

	
	With Zero
	Without Zero
	With Zero
	Without Zero



	Internal Measures
	NOBLT 2
	0.0079***

(0.0017)
	0.1688***

(0.0134)
	0.1211***

(0.0032)
	0.3168***

(0.0182)

	
	NOBLT 5
	0.0338***

(0.0010)
	0.0857***

(0.0064)
	0.0353***

(0.0013)
	0.0975***

(0.0073)

	
	NOBLT 10
	0.0274***

(0.0005)
	0.0160***

(0.0035)
	0.0340***

(0.0007)
	0.0161***

(0.0038)

	
	NOBLT 50
	-0.0022***

(0.0001)
	-0.0029**

(0.0009)
	-0.0026***

(0.0001)
	-0.0026**

(0.0010)

	
	HeadDist
	-0.0077***

(0.00006)
	-0.0302***

(0.0010)
	-0.0093***

(0.00008)
	-0.0326***

(0.0011)

	External Measures
	NOBLT 2
	0.0034***

(0.0004)
	0.0175**

(0.0067)
	0.0013*

(0.0007)
	0.0012

(0.0089)

	
	NOBLT 5
	0.0016***

(0.0003)
	0.0061

(0.0033)
	0.0019***

(0.0003)
	0.0046**

(0.0037)

	
	NOBLT 10
	0.0005***

(0.0002)
	0.0001

(0.0022)
	0.0004*

(0.0004)
	0.0012

(0.0023)

	
	NOBLT 50
	-0.0002***

(0.00005)
	0.0024***

(0.0007)
	-0.0003***

(0.00008)
	0.0025

(0.0007)


In the second stage, we regress mortgage denial on predicted application volume using a linear probability model with lender, time and tract fixed effects. In the table, we also show the OLS results obtained in table 4, and results from ‘IV without Fixed Effects” from table 5b. The last two columns show the results from this second-stage estimation. After controlling for tract unobserved characteristics, we do not find statistically significant evidence of information externalities in explaining mortgage denials. This finding is robust for all three definitions of denials (Denial 1, Denial 2, Denial M) and for both the model specifications in the first-stage volume model estimation (With Zero and Without Zero) that produces instruments for this model.

 Table 6b: IV with Fixed Effects (Stage II)
	Dependent Variable 

Specification
	Parameter
	OLS
	IV without Fixed Effect
	IV with Fixed Effect

	
	
	
	With Zero
	Without zero
	With Zero
	Without Zero

	Denial 1
	AppVolLT
	0.0002

(0.0003)
	-0.0044

(0.006)
	-0.0032

(0.0020)
	-0.0004

(0.0024)
	-0.0043

(0.0036)

	
	HeadDist
	-0.0001

(0.00009)
	-0.0001

(0.0001)
	0.0002

(0.0001)
	-0.00042

(0.0007)
	-0.00032

(0.00017)

	
	AppVolT
	-0.0007***

(0.00008)
	-0.0009***

(0.0001)
	-0.0006***

(0.0001)
	0.00011

(0.00022)
	0.00021

(0.00022)

	Denial 2
	AppVolLT
	0.0003

(0.0002)
	-0.009*

(0.005)
	-0.0031*

(0.0015)
	-0.0014

(0.0030)
	-0.0024

(0.0028)

	
	HeadDist
	0.0001*

(0.00007)
	0.00008

(0.00009)
	0.00006

(0.00009)
	0.00001

(0.0003)
	0.000005

(0.0001)

	
	AppVolT
	-0.0007***

(0.00006)
	-0.0009***

(0.00008)
	-0.0007***

(0.00008)
	0.0003

(0.0002)
	0.0002

(0.0002)

	Denial M
	AppVolLT
	0.0003

(0.0002)
	-0.0078

(0.0049)
	-0.0029*

(0.0015)
	-0.0020

(0.0039)
	-0.0012

(0.0029)

	
	HeadDist
	0.0001*

(0.00007)
	0.00009

(0.00009)
	0.00007

(0.00009)
	0.00001

(0.0001)
	0.00001

(0.0001)

	
	AppVolT
	-0.0007***

(0.00007)
	-0.0009***

(0.00009)
	-0.0007***

(0.00009)
	0.0004

(0.0003)
	0.0002

(0.0002)


Conclusion

The Lang and Nakamura (L-N) model hypothesizes that the total number of applications or loan volume in a neighborhood positively affects the underwriting of every individual lender in the neighborhood. Earlier studies on this question suffered from two methodological problems: the endogeneity of application or loan volume and omitted neighborhood attributes. The recent paper by Lin [2001] used exogenous proxy to test L-N hypothesis, but only addressed the endogeneity of loan volume and only examined the effects of internal information on underwriting. This study combines the essential ingredients of earlier studies and innovative feature of Lin’s paper to test the L-N hypothesis of information externalities in a direct fashion.


This study uses information on the lender’s branch office location to instrument for application volume. By making reasonable assumptions about the structure of mortgage market, this paper motivates the use of branch proximity as an instrument for application volume and provides an improved test of the L-N hypothesis. In the paper, we construct a panel dataset of lender - tract combinations of eight years for the state of Connecticut. The panel structure of the dataset and massive degree of consolidation in the mortgage industry over the period of study provide significant variation in branch location, and enables us to distinguish between the effect of information and lender- and tract-specific characteristics that affect mortgage underwriting. The empirical results of our estimation show that simple OLS estimation of mortgage denial on information externalities variable provides significant support for information externalities confirming the L-N hypothesis in the context of mortgage markets. This result is in line with the findings of the current literature. IV estimation that addresses the endogeneity of application volume continues to provide support for the L-N hypothesis of information externalities. However, after controlling for neighborhood unobservable using census tract fixed effects, we do not find any evidence supporting the L-N hypothesis. This suggests that the strong evidence of information externalities found in the previous studies might be a reflection of significant neighborhood heterogeneity on factors that influence both the level of mortgage market activity and the willingness of lenders to provide credit in a neighborhood.
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� Accept/denial studies:  Accept/denial models are generally used to examine the relationship between the racial composition of neighborhoods and the probability that applications for home loans are accepted or rejected in those neighborhoods. 


� Home Mortgage Disclosure Act (HMDA): The Congress enacted the Home Mortgage Disclosure Act (HMDA) in 1975. The goal of HMDA was to provide sufficient information to determine whether depository institutions are filling their obligations to serve the housing needs of the communities and neighborhoods in which they are located. [12 USC 2801(b)] HMDA required depository institutions and their subsidiaries to provide the total number and dollar value of mortgage originated and purchased in the local market typically segmented by census tract. The 1989 amendment required lenders to report information regarding race, gender, and income along with details disposition of the application at the loan application level.


� Branch office distance might occasionally affect underwriting. Bank officers at the branch office might have information about the local borrowers that can be valuable for underwriters at the main office. Under certain circumstances, to enhance banking relationship with the reputable borrowers, branch office might provide this information to underwriters. Under such scenario, branch distance would affect underwriting.


� Assuming that lender L has multiple branches in the tract T. In case of a single branch in the tract, this distance simply means borrower to lender’s branch office distance.


� Number of branches at different distances away from the borrowers (NOBLTD) combines information of two variables into one to estimate application volume. These two variables are: (1) borrower to lender distance and (2) number of branches in the tract. Detail construction of this variable is discussed in the Data Section (Section IV).   


� If no lender have made any loan in a tract in some year then the tract is deleted for the consideration for that year.


� Similar to Lin (2001) we assumed tract centroid to be the location of borrowers, and consequently, borrower to lender distance was measured using this end location. This assumption, however, may result in measurement errors. The bias associated with measurement errors, and a way to deal with this problem is discussed in this section under ‘Volume Model Specifications’ subsection (IV.B).      


� Applicable tracts are obtained be deleting certain tracts from the 834 total tracts in the Connecticut.  The deleted tracts are those, in which no HMDA lender has made any home mortgage loan in the particular year, Over eight year period, there were 828 tracts to which loans were made and 6 tracts received no loans in any of the year.  


� See ‘Volume Model Specifications’ (subsection V.B)


� Four major federal regulators are the Federal Reserve Board (Fed), the Office of the Comptroller of the Currency (OCC), the Federal Deposit Insurance Corporation (FDIC) and the Office of Thrift Supervision (OTS).


� We truncate our dataset by deleting tracts in which population density was 160 or less people per square mile. This reduced the total number of tract to 602. This truncation reduced total observation in the first stage estimation by 20 percent. We present our first stage estimation result for truncated and non-truncated model in the Empirical Result section (Table 5a and 6a). The result of truncated model does not change the result obtained from non-truncated model in terns of significance of NOBLTD, NOBTD and HEADDISTLT. 





� Base for the race dummy is White


� Zero in the dependent variable implies that in the lender-tract sample, none of the branches of the lender made a loan in the tract. 


� Since the results from truncated model do not change the result obtained from non-truncated model, we will only use the estimates of the non-truncated model to compute instruments for the second stage denial model. 
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