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ABSTRACT 

 

Liquidity constraints have been proposed as an important explanation for deviations from the 

rational expectations/permanent income hypothesis.  This paper introduces to the liquidity 

constraint literature the ratio of a household’s debt payments to its disposable personal income 

(DSR).  We find that a household with a high DSR is significantly more likely to be turned down 

for credit than other households.  Also, the consumption growth of likely constrained 

households, identified using the DSR along with the liquid asset to income ratio, is significantly 

more sensitive to past income than that of other households, confirming the DSR’s value in 

identifying constrained households. 
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The presence of liquidity constraints has been proposed as an important explanation for 

deviations from the rational expectations/permanent income hypothesis (RE/PIH).  Numerous 

papers have tested for the presence of liquidity constraints and their effects on consumption 

growth in household-level data, and many of those papers have employed the liquid asset to 

income ratio to identify liquidity-constrained households.  This early literature has been 

inconclusive.  For example, (Hall and Mishkin 1982) and (Zeldes 1989) find evidence that 

liquidity constraints have a significant impact on consumption, whereas (Runkle 1991) comes to 

the opposite conclusion.  Although (Garcia et al 1997) acknowledge that ratios of wealth or 

assets to income are “natural classifiers” of liquidity constraints, they point out that the diversity 

of conclusions may stem from the use of a single indicator.  They propose an array of 

demographic and financial characteristics, similar to those used in (Jappelli 1990), to identify 

liquidity-constrained households and conclude that the consumption of households that are likely 

liquidity constrained is indeed excessively sensitive to anticipated changes in income.  (Jappelli 

et al 1998) also favor the multivariate approach and find that the evidence for liquidity 

constraints is stronger if the likelihood of being liquidity constrained is estimated by using a 

direct measure of access to credit rather than by splitting the sample according to a single asset 

or wealth variable. 

We argue that at least two attributes of a household’s financial condition may indicate what 

has generally been referred to as liquidity constraints.  In consumption models in which 

borrowing is not allowed, households must save and spend out of assets if they desire to 

consume more than their income.  Households with insufficient assets to consume at their 

desired level are considered constrained.  In models in which households can borrow up to an 

exogenously determined level, households with insufficient assets may be able to borrow to 
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consume at their desired level.  Thus, in these models, low liquid assets may not be sufficient to 

precisely identify a constrained household, and some measure of the household’s debt position 

may be needed to indicate how close it is to its credit limit, at which point the household can 

consume only its current income, at least in the short run. 

    In this paper, we will distinguish between the two attributes by referring to a household 

with low liquid assets as a liquidity-constrained household and by referring to a household 

without ready access to credit as a borrowing-constrained household.  We will use the liquid 

asset to income ratio to identify liquidity-constrained households and will introduce the ratio of a 

household’s required debt payments to its disposable personal income, also known as the debt 

service ratio (DSR), to identify borrowing-constrained households.  Although each indicator 

alone fails to identify constrained households, we will show that the consumption growth of 

households that are both liquidity and borrowing constrained is excessively sensitive to lagged 

income.  We will refer to these households as constrained households. 

In a similar spirit, (Filer and Fisher 2007) find that the consumption of households that 

recently filed for bankruptcy—another factor in granting access to credit—is sensitive to 

predictable income changes, consistent with the presence of borrowing constraints.  One 

advantage of the DSR over a bankruptcy flag is that the bankruptcy flag identifies only the most 

severely borrowing-constrained households and does not permit accurate estimation of the size 

of the borrowing-constrained population. 

One disadvantage of using the DSR is that it is unclear what level of the DSR indicates 

borrowing constraints.  In particular, a household may have a very low DSR either because it 

cannot borrow or because it prefers not to borrow.  Likewise, a very high DSR indicates the 
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ability to borrow in the past, but it may also indicate that the household is close to its credit limit 

and cannot borrow much in the future.  For example,   

“…consider a household with high wealth, but whose assets are ‘committed,’ for 

example, set aside to pay for college tuition or a mortgage.  Such assets might not be 

available to be used to smooth nondurable consumption.” (Jappelli et al 1998, p.252)  

Therefore, the DSR may be a more useful measure of borrowing constraints when used to 

augment other household characteristics. 

Using data from the Survey of Consumer Finances (SCF), we find that the DSR helps predict 

whether a household is turned down for credit, but the effect of the DSR is nonlinear.  A 

household without debt or with a DSR below the top two quintiles (a DSR below about 20 

percent) is less likely to be turned down for credit than a household with a DSR in the top two 

quintiles.  A household in the top DSR quintile—with a DSR above about 30 percent—has a 

likelihood of being turned down that is nearly 8 percentage points higher than that of a household 

with no debt at all.  Importantly, using data from the Consumer Expenditure Survey (CE), we 

also find that the DSR helps predict which households have consumption growth that is more 

sensitive to past income than that of other households confirming the DSR’s value in identifying 

constrained households. 

The paper is organized as follows.  Section 1 describes how the DSR is constructed and 

presents sample statistics for two surveys.  Section 2 tests whether the DSR helps predict which 

households in the SCF have been denied credit.  Section 3 shows that the DSR can help identify 

households in the CE whose consumption is more sensitive to past income than that of other 

households, consistent with the existence of constraints.  Section 4 concludes the paper. 
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1. THE DEBT SERVICE RATIO 

The DSR, sometimes referred to as the back-end ratio, is often used in the credit underwriting 

process.  For example, the back-end ratio is used as a guideline for conforming mortgage 

lending; a typical cutoff is 36 percent (Quercia et al 2003).  Ceteris paribus, a household with a 

relatively high DSR is more likely to be denied credit than a household with a relatively low 

DSR. 

Our measure of the DSR includes principal and interest payments on all automobile loans 

and all mortgage debt, including mortgages on primary residences, mortgages on other real 

estate, and all forms of home equity debt.  It also includes an assumed minimum monthly 

payment on credit cards of 2.5 percent of the outstanding balance on all credit cards.  Although 

our preferred measure of the DSR includes only required debt payments, we chose to use 

household reports of “typical” payments rather than to construct required payments from 

household reports of loan terms because it has been shown that households recall their loan 

payments more accurately than their loan terms (Bucks and Pence 2008).  The only exception is 

credit card payments, for which we constructed a minimum payment.  We acknowledge that our 

measure of debt payments may include some prepayment. However, households that are able to 

prepay their debt are not likely borrowing constrained, and so including some prepayment in our 

measure of the DSR biases our results against finding an effect of the DSR on the likelihood of 

being borrowing constrained.    Table 1 summarizes the types of debt payments included in our 

measure of the DSR in the SCF and the CE.2 

The largest component of debt service is payments on primary mortgages, accounting for just 

more than one-half of total debt payments (table 2, upper portion).  Vehicle debt makes up 

another one-fourth of debt payments, and other mortgages and credit card payments account for 
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the remainder.  The level of debt payments appears to be measured fairly similarly across the two 

surveys.  However, the standard deviation of debt payments is larger in the SCF than in the CE, 

in part because the CE topcodes several of the variables in our measure. 

The lower portion of table 2 compares the distributions of the DSR in the two surveys.  In 

both the SCF and the CE, a bit less than one-third of households do not have any debt payments 

at all.  Among households with positive debt payments, households in the lowest quintile of the 

DSR have debt payments less than about 6 percent of income, whereas households in the highest 

quintile of the DSR have debt payments greater than about 28 percent of income.  In all, the 

distributions of the DSR in the two surveys are remarkably similar. 

 

2. THE DSR AS A DIRECT INDICATOR OF BORROWING CONSTRAINTS 

We tested the proposition that a higher DSR increases the likelihood of credit denial in the set of 

households interviewed for the 1992-2004 waves of the triennial SCF.  The SCF is a detailed 

survey of household balance sheets in which households are asked whether they have applied for 

credit in the past five years and, if so, whether they have been turned down for credit.  

Households are also asked whether they have refrained from applying for credit because they 

believed they would be turned down.  Those that have been denied credit and those that have 

been discouraged from applying have been defined as borrowing constrained in several prior 

studies, including (Jappelli 1990) and (Jappelli et al 1998), and we also adopt this definition.3  

By this definition, about 19 percent of households across all years in our sample are classified as 

borrowing constrained.  Because the reference period for these SCF questions reaches five years 

into the past, this definition of borrowing constraints only roughly approximates whether a 

household is borrowing constrained at the time of the survey.   While this definition may 
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potentially overclassify some households as borrowing constrained, we believe that borrowing 

constraints are likely persistent.  For example, factors that affect a household’s access to credit, 

such as past payment behavior and bankruptcy records, remain on a consumer’s credit record for 

many years and are used to construct measures of credit risk, such as FICO scores. 

When a household’s creditworthiness is being assessed, its current debt position is typically 

measured against its normal income if current income is unusually high or unusually low.  Thus, 

we calculated the DSR using households’ reports of their “normal” household income.  

Households in the SCF are asked if their reported income in the year before the survey was 

unusually high or unusually low.  In the 1992 survey, households that reported unusually high or 

unusually low income were dropped from the sample.4  Later surveys asked each household what 

its normal income would have been; the household’s response to this question is the denominator 

used to construct the DSR. 

We modeled the likelihood of being borrowing constrained in a probit model and, following 

the previous literature, we presumed that the likelihood varies with the household’s current 

financial position and demographic characteristics.  As shown in table 3, the likelihood of being 

constrained varies significantly with the household head’s education, age, marital status, and race 

and with the family size of the household.  It decreases with a household’s income and is lower 

for homeowners than for nonhomeowners. 

We also included five dummy variables for the level of the DSR, one for each quintile of the 

DSR distribution conditional on having positive debt payments (the omitted group includes 

households with a DSR of zero).  The DSR quintiles were calculated separately for each year and 

each SCF imputation and were weighted by the revised Kennickell-Woodburn weights 

(Kennickell and Woodburn 1999).  Adding these dummy variables increased the pseudo R-
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squared of the regression 2.8 percent (for the results of a probit model that excludes these 

dummy variables, see appendix table 1).5  Importantly, the likelihood of being borrowing 

constrained varies significantly with the quintile to which the household’s DSR belongs, but the 

relationship is nonlinear.    The probabilities of being borrowing constrained for households 

below the fourth quintile are similar to each other and are slightly higher than the probability of 

being borrowing constrained for households without debt.  Households in the fourth quintile are 

more likely to be borrowing constrained than households with no debt payments by a statistically 

significant margin of more than 4.0 percentage points.  Those in the top quintile are 7.7 

percentage points more likely to be borrowing constrained.  This effect is large given that, 

overall, 19.5 percent of households in the sample are borrowing constrained.  Interestingly, the 

median DSR in this top quintile is 38 percent, which is quite close to the guideline for 

conforming mortgage lending of a maximum back-end ratio of 36 percent. 

 

3. THE DSR AND CONSUMPTION SMOOTHING 

If the DSR is a useful indicator of borrowing constraints, we expect that this indicator, perhaps in 

combination with a liquidity constraint indicator, will identify a group of constrained households 

whose consumption growth is more sensitive to past income than that of other households, even 

if the indicator for liquidity constraints alone is unable to yield a sharp contrast in consumption 

sensitivity between the constrained and unconstrained groups. 

 

3.1 The Model 

We began with a specification that is commonly used to test for consumption’s excess sensitivity 

to lagged income (Zeldes 1989) and (Jappelli et al 1998): 
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. . 1 , 0 1 , , 1

, 0 1 , , 1 ,

log log

1 log

C C C
i t i t i t i t i t

U U U
i t i t i t i t

C C P Y

P Y

   

    

 



      
      

     (2)
 

Although the notation is suppressed, the estimated equation also includes dummy variables for 

the year and month of the household’s interview to capture any effect of macroeconomic and 

seasonal factors on consumption growth.  If only constrained households violate the RE/PIH, 

then we should expect that 

0C U   .            (3) 

That is, among unconstrained households, consumption growth should not depend on income in 

the previous period, while among constrained households, higher income in the previous period 

is associated with a relaxation of the constraint, which leads to higher consumption relative to the 

current period and a reduction in consumption growth.  
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3.2 Data and Empirical Issues 

We estimated equation (2) using data from the 1992 to 2006 waves of the CE.  The Bureau of 

Labor Statistics (BLS) conducts the CE to provide weights for the market basket used to 

construct the consumer price index.  As part of its expenditure data collection, the BLS asks 

households to report their payments on mortgages and vehicle loans.  The BLS also asks 

households to report their credit card balances, which we used to compute their required credit 

card payments.  These three components make up our measure of household debt payments in 

the CE.  As noted by the BLS, “Consumer expenditure surveys are specialized studies in which 

the primary emphasis is on collecting data related to family expenditures for goods and services 

used in day-to-day living.” (Bureau of Labor Statistics 2006).  As such, many studies validating 

the CE data focused on the CE’s ability to replicate aggregate measures of consumption 

expenditures, such as personal consumption expenditures (PCE) reported quarterly by the Bureau 

of Economic Analysis (Gieseman 1987), (Branch 1994).  However, we are unaware of any study 

that has validated the CE household liability data.  As noted earlier, debt payments in the CE 

appear to be fairly similarly measured relative to those in the SCF, with debt payments for 

primary mortgages and for credit cards more similar between the two surveys and those for 

mortgages on other real estate and automobile loans less similar.  A complete discussion of the 

similarities between debt payment measures in the CE and those in the SCF is in (Johnson and Li 

2009). 

We restricted our sample to households interviewed after 1991 because prior surveys did not 

collect data on credit card debt, which is an important component of the DSR.  The sample size 

has grown substantially over time; in earlier waves of the quarterly interview survey, the BLS 

collected data from about 5,000 non-institutionalized households.  In the more recent waves, this 
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number reached about 7,500 households.  Each household is given an initial (first) interview that 

collects basic information, and each one is subsequently interviewed once per quarter for four 

consecutive quarters. 

To estimate equation (2), we used the debt payment and income data collected during the 

second interview and the change in consumption between the second and fifth interviews, so that 

each household contributed one observation of consumption growth.  Using the DSR measured 

in the earlier interview, rather than the DSR measured over the entire year, partially eliminated 

potential endogeneity between debt and future consumption growth.  As noted earlier, a 

household’s current debt position is typically measured against its normal income.  Unlike the 

SCF, the CE does not collect information about a household’s normal income, so we imputed 

normal income from a regression of income (measured during each household’s second 

interview) on an age polynomial of the household head, family size, and dummy variables for a 

nonwhite head, education, and the interview year dummies.6  This imputed normal income is 

used in the denominator of the DSR.  Finally, the CE measures household expenditures, not 

consumption per se.  So we focused on the response of nondurable goods and services because 

expenditures on these items closely approximate consumption.  We used the measure of 

nondurable goods and services defined in (Lusardi 1996), which includes food, alcoholic 

beverages, public transportation, utilities, household operations, gasoline, personal care, tobacco, 

apparel, health care products, reading materials, educational expenses, and miscellaneous.  A 

detailed discussion of the included expenditure categories (and their corresponding Universal 

Classification Codes, or UCCs) is in (Johnson and Li 2007). 

We restricted our sample to observations with valid data for consumption, income, household 

demographics, and the DSR.  We also dropped topcoded observations, trimmed the top and 
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bottom 1 percent of the distributions of consumption and income growth, and dropped any 

household that has a DSR greater than 1.7  Finally, we eliminated most households whose head is 

a student or a retiree by choosing households whose head is between 24 and 65 years of age.  

Our final sample included 27,881 households. 

In the final sample, more than one-half of the household heads earned only a high school 

diploma, slightly more than one-fourth earned a college degree, and the remainder had not 

completed high school (table 4, column 1).  Household heads in the sample are, on average, 44 

years old, 60 percent are married, and 12 percent are black.  The households in the sample had 

between two and three members on average; they earned $41,000 in total income during the year 

before their interview. 

The final sample was similar to the overall population of U.S. households aged 25 to 64 

(table 4, column 2).  That said, the average before-tax household income in our CE sample was a 

bit lower than that reported in the Current Population Survey.  Although a portion of this 

difference may have been due to our sample selection, this discrepancy is consistent with income 

underreporting in the CE documented elsewhere (Branch 1994). 

 

3.3 Results from simple sample-splitting method 

We estimated equation (2) using two different methods to identify constrained households.  

The first method is a simple sample split that follows (Zeldes 1989) and others who presumed 

that households with liquid assets below a specified level are constrained.  The liquid asset to 

income ratio was constructed as the household’s sum of checking and savings account balances 

divided by imputed income.  As a starting point, we set the probability of being constrained, Pi,t 

in equation (2), equal to 1 for each household with a liquid asset to income ratio less than 2.5 
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percent and equal to 0 for other households.  We find the consumption of these households is no 

more sensitive to lagged income than that of other households, suggesting that the asset to 

income ratio is insufficient to identify constrained households (table 5).8  The point estimate for 

low liquid asset households—at negative 0.015—is actually smaller in absolute value than that 

for other households.  This result is robust to both a tighter and a looser split—liquid asset to 

income ratios of 1 percent and 15 percent—and is consistent with the findings of (Jappelli, 

Pischke, and Souleles 1998), who noted that asset-based measures of liquidity constraints alone 

can be inconclusive. 

We next turned to our indicator for borrowing constraints, presuming that each household 

with a DSR in the top quintile (greater than about 28 percent) is constrained (and setting Pi,t = 1 

for these households and Pi,t = 0 for all other households).  We chose the top quintile because, as 

shown in the earlier probit analysis, a household in this group is significantly more likely to be 

denied credit than a household with a lower DSR.  The consumption of constrained households 

defined in this manner appears slightly more sensitive to lagged income than that of other 

households, although the difference between the two coefficients is not statistically significant.  

The results were about unchanged if households in the top two quintiles were defined as 

constrained.  Perhaps a household with a high DSR is able to smooth consumption as well as 

other households because it has not yet exhausted its credit limits, despite having devoted a 

substantial share of its income to the repayment of existing debt.  This possibility, in turn, may 

reflect households’ increased access to credit during the past decade and a half.   

However, our earlier results from the SCF suggested that a household with a DSR at this 

level is likely to have difficulty obtaining additional debt.  Consistent with this finding, in our CE 

sample, higher debt service is associated with slower subsequent debt growth, controlling for 
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other factors.  In a regression of the change in the ratio of total debt balance to imputed income 

on the DSR, the association between the DSR and a subsequent change in the ratio is negative 

and statistically different from zero.9  This result provides some additional evidence against the 

hypothesis that a household with high debt service can borrow as much as other households. 

Another explanation is that a household with a relatively high DSR may have sufficient 

liquid assets to buffer against a change in its income.  Consistent with this idea, we find that 

higher debt service in our CE sample is associated with higher liquid assets, all else being equal.  

In a regression of the ratio of liquid assets to imputed income on the DSR, the association is 

positive and statistically different from zero.10  Therefore, these results hint that high-DSR 

households may use their liquid assets to smooth consumption through income changes.  

However, this positive correlation is somewhat puzzling, as some households could have 

increased their return by paying off their debt instead of holding low-return liquid assets, a 

puzzle also pointed out by (Gross and Souleles 2002). 

To summarize, the positive correlation between the DSR and the likelihood of being turned 

down for credit and the negative correlation with subsequent debt growth suggest that a high 

DSR may be useful as an indicator of borrowing constraints.  However, this role may be masked 

by the fact that a household with a higher DSR also tends to have higher liquid assets.  To better 

isolate this role, we looked at the effect of a high DSR on consumption sensitivity among 

households with low liquid assets.   

Splitting the sample according to both a household’s assets and its DSR leads to a different 

conclusion than splitting according to assets or the DSR alone.  For example, the consumption 

growth of a household with a liquid asset to income ratio of less than 2.5 percent and a DSR in 

the top quintile is nearly 10 times more sensitive to lagged income than the consumption growth 
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of other households (table 5, lower portion).  This excess sensitivity is robust to different 

thresholds for both the liquid asset to income ratio and the DSR and suggests that the DSR is a 

useful indicator to identify a constrained household. 

 

3.4 Results from regime-switching regressions  

The exercise described in the previous section presumes that any household with a high DSR has 

been turned down for credit and is therefore borrowing constrained.  This presumption ignores 

other information that helps predict whether a household has been turned down for credit.  

Alternatively, one could use the DSR in conjunction with other variables to estimate the 

likelihood that a household is borrowing constrained, allowing P to vary between 0 and 1.  Using 

this more comprehensive method to identify borrowing- constrained households provides some 

further evidence that the DSR is indeed a useful indicator of constraints. 

Following (Jappelli et al 1998), we imputed the probability that a household in the CE 

sample is borrowing constrained using the parameters of the probit model estimated with the 

SCF data.11  We first imputed this probability from a model that excludes the DSR as an 

explanatory variable; we then estimated equation (2), replacing Pi,t with this probability.12  We 

estimated this regime-switching regression on the same three groups of low liquid asset 

households as in the sample-splitting exercise.  Because the probability of being constrained was 

estimated with a probit model rather than a linear probability model in the first stage, the 

standard errors could not be corrected using the (Jappelli et al 1998) method.  To account for 

estimation errors in the first stage, as well as those arising from the normal income imputation 

used in the DSR and asset ratio calculations (see section 3.2), we imputed normal income and 
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estimated the first and second stages on 1,000 bootstrap samples.  Standard errors were 

calculated from the coefficients estimated using these samples.   

Regardless of the definition of low liquid assets, the coefficient on past income in the 

unconstrained regime is equal to about negative 0.02 and is quite precisely estimated (not 

shown).  However, the past income coefficients in the constrained regime are a touch smaller in 

absolute value, and the standard errors on all estimated coefficients for this regime are quite 

large. Three factors may explain the large standard errors.  First, we were attempting to identify 

two distinct borrowing-constrained regimes in a small group of liquidity-constrained households.  

Second, the probability of being in the borrowing-constrained regime was estimated with 

noise—the pseudo R-squared for the probit model is only about 0.10.  Finally, the two regimes 

do not occur with equal probability:  Households are far less likely to be in the borrowing-

constrained regime, so it is unsurprising that characterizing this regime is difficult. 

Subsequently, we ran a more restrictive regression in which the probability of being 

borrowing constrained, estimated excluding the DSR, was interacted only with past income.  In 

this specification, the coefficient on past income in the unconstrained regime is similar to that in 

the less restrictive regression, whereas such coefficients in the constrained regime appear larger 

in absolute value and more precisely estimated.  However, the differences between the 

coefficients in the two regimes are only marginally significant when low liquid assets are either 

defined as less than 2.5 percent of income or defined as less than 15 percent of income (table 6, 

columns 1-3). 

We then imputed the probability of being borrowing constrained from a model that includes 

the DSR.  For the least restrictive asset to income ratio group, we find that the difference 

between the past income coefficients in the two regimes does not depend on whether the DSR is 
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included or excluded from the model of borrowing constraints.  For the more restrictive asset to 

income groups, the differences between the past income coefficients in the two regimes become 

larger and more statistically significant when the DSR is included in the model predicting the 

probability of being borrowing constrained.  For a household with a liquid asset to income ratio 

of less than 2.5 percent, the difference between the income coefficients in the constrained regime 

and the unconstrained regime becomes statistically significant when the DSR is included in the 

first stage.  For a household with a liquid asset to income ratio of less than 1.0 percent, the 

difference between the income coefficients in the two regimes more than doubles when the DSR 

in included—from negative 0.004 to negative 0.009.  Taken together, these results suggest that 

constrained households can be better identified using information from both the asset and 

liability sides of the household balance sheet. 

 

4. CONCLUSION 

In summary, we find that the DSR is a useful measure of household borrowing constraints.  A 

household with a DSR in the top two quintiles of the distribution—above about 20 percent—is 

significantly more likely than other households to have been turned down for credit in the past 

five years.  Despite having had access to credit in the past, a household in the top quintile—with 

a DSR above about 30 percent—has a likelihood of being turned down for credit that is 7.7 

percentage points higher than it is for a household without any debt at all.  The DSR level above 

which a household has limited access to credit is in line with mortgage origination guidelines, 

providing confidence that this result indeed reflects borrowing constraints.  We also find that the 

consumption growth of a household with a very high DSR reacts more to past income than the 

consumption growth of other households.  Specifically, when the DSR is used in conjunction 
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with other measures commonly used to identify constrained households, the consumption growth 

of the constrained group is more sensitive to past income than that of other households, and the 

gap becomes statistically significant. 

These results underscore the importance of the household’s debt position in determining 

whether the household is constrained from optimal consumption smoothing.  The fact that a 

household may have been able to borrow in the past does not imply that it can borrow as much in 

the future.  This finding is consistent with consumption models that allow households to have 

limited access to credit, and it suggests that further research on household liabilities will 

strengthen our understanding of household consumption.
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1 The opinions, analyses, and conclusions in this paper are solely those of the authors and do not 

necessarily reflect those of the Board of Governors of the Federal Reserve System or its staff.  

The authors would like to thank the editor, Masao Ogaki, and two anonymous referees, as well 

as Orazio Attanasio, Chris Carroll, Karen Dynan, Fumiko Hayashi, and seminar participants at 

the Federal Reserve Board, the 2007 Midwest Macro Meetings, the 2007 Federal Reserve 

System Applied Microeconomics Conference, the 2007 NBER Summer Institute, and the Federal 

Deposit Insurance Corporation’s Center for Financial Research for helpful comments on an 

earlier draft.  All remaining errors are our own. 

2 These two surveys will be discussed in more detail later in the paper. 

3 Specifically, borrowing-constrained households are defined as households that applied for 

credit in the past five years but were turned down or received less than they applied for and were 

unable to obtain the full amount by applying elsewhere.  The definition also includes households 

that did not apply because they thought they would be turned down.  Because the 1992 survey 

did not ask whether the household had applied for credit in the past five years, it was assumed 

that all households had applied.  Excluding the 1992 survey from the analysis did not 

qualitatively affect the results to follow. 

4 Dropping all observations from 1992 does not appear to change our results regarding the DSR’s 

effect on the likelihood of being borrowing constrained.  We also restricted the analysis sample 

to households with a head aged 24 to 64, a positive household income, and a debt service ratio 

below 1.  Taken together, these restrictions led us to drop 30 percent of the sample. 

5 This improvement in pseudo R-squared is comparable to that achieved by adding a dummy 

variable for households with liquid assets less than 1 percent of their income.  That said, the 
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improvement in the pseudo R-squared rises 5.6 percent when both a low liquid asset to income 

ratio dummy and DSR dummies are added, suggesting that the DSR contains information beyond 

that contained in the low liquid asset to income ratio dummy (see also appendix table 1).  

6 The results of this regression are shown in appendix table 2.   

7 Including observations with extremely high DSRs did not materially affect our regression 

results based on DSR quintiles, but it would potentially yield misleading statistics of the DSRs in 

the top quintile. 

8 Because both the liquid asset to income ratio and DSR were calculated using imputed normal 

income, all standard errors reported in Table 5 were calculated using 1,000 bootstrap samples to 

account for the variation in the imputation coefficients. 

9 Total debt balance is the sum of mortgage, vehicle, and credit card debt balances. We computed 

the change in the debt balance to imputed income ratio between the second and fifth interviews.  

Using the same set of control variables as equation (2), we find that the DSR coefficient in the 

regression of the change in the ratio of debt to income on the DSR is negative 0.27 and is highly 

statistically significant.  This coefficient implies that the debt to income ratio of households with 

a high DSR (equal to the median of the top two quintiles) increases about 6.8 percentage points 

less than the debt to income ratio of those with a low DSR (equal to the median of the lower 

three quintiles). Although some of this correlation may be driven by the two ratios’ common 

denominator, the dollar value of debt payments and subsequent debt growth are also highly 

negatively correlated.  In addition, because payments on credit cards are constructed as a 

constant share of the balance, we also ran this regression using an alternative measure of debt 

balance that excludes credit card debt, which yielded very similar results. 
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10 The controls in this regression were similar to those in equation (2), but here we focused on 

levels, not changes in demographics.  The DSR coefficient in this regression is 0.21, which is 

highly statistically significant. The DSR coefficient implies that the asset to income ratio of 

households with a high DSR (equal to the median of the top two quintiles) is about 5 percentage 

points higher than that of households with a low DSR.  Although some of this correlation may be 

driven by the two ratios’ common denominator, debt payments and assets are also highly 

positively correlated. 

11 The results that follow were similar whether we used reported normal income to calculate the 

DSR quintiles in the SCF or we imputed normal income in the SCF using the same procedure as 

that used in the CE. 

12 The results of a probit model that excludes the DSR dummy variables are in appendix table 1. 
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SCF Debt Payment Categories Corresponding CE Universal Classification Codes
1. Primary residence mortgages 220311, 830201

2. Other Real Estate Backed Loans
A. Home equity loans secured by primary residence 220313, 830203

B. Lines of credit secured by primary residence 880110, 880120

C. Mortgages, home equity loans, and lines of credit 
     on vacation homes and other properties

220314, 790940, 830204, 220312, 790920, 830202, 
880210, 880220, 880310, 880320

3. Vehicle loans 850100, 870103, 870203, 870803

4. Credit cards
Computed using data on credit card balances from 
the CE EXPN files

SCF Survey of Consumer Finances.
CE Consumer Expenditure Survey.

Table 1. Summary of Debt Payment Variables in the SCF and the CE
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Table 2. The DSR in the SCF and the CE (1992-2004 waves)

Item SCF CE
Average annual debt payments, by type of debt (1992 $)
Total  
   Mean 5,757            5,400            
   Standard deviation 19,127          8,406            
Primary mortgage
   Mean 3,294            2,962            
   Standard deviation 6,016            4,895            
   Share of total debt service 57.2% 54.9%
Mortgage on other real estate
   Mean 803               573               
   Standard deviation 17,357          5,056            
   Share of total debt service 13.9% 10.6%
Vehicle  
   Mean 1,230            1,433            
   Standard deviation 2,498            2,731            
   Share of total debt service 21.4% 26.5%
Credit card  
   Mean 429               432               
   Standard deviation 1,194            1,142            
   Share of total debt service 7.5% 8.0%

Percentiles of the DSR
Percent with no debt payments 30.5% 28.8%
20th percentile 6.0% 5.5%
40th percentile 12.7% 12.1%
60th percentile 19.2% 18.5%
80th percentile 28.9% 27.9%
DSR Debt service ratio.
SCF Survey of Consumer Finances.
CE Consumer Expenditure Survey.
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Table 3.  Effect of Household Characteristics on the Likelihood of Being Borrowing Constrained

Household Characteristic

Coefficient 
Estimate

Standard 
Error

Marginal 
Effect (ppt.)

DSR quintile conditional on positive debt
   First 0.086 * 0.042 2.213
   Second 0.099 * 0.047 2.575
   Third 0.055 0.050 1.405
   Fourth 0.140 ** 0.051 3.690
   Fifth 0.290 ** 0.048 7.977
Demographics of household head
   High school graduate -0.037 0.039 -0.925
   College graduate -0.268 ** 0.044 -6.514
   Age  0.003 0.010 0.070
   Age squared/100 -0.103 ** 0.035 -0.005
   Married 0.000 0.000 -2.618
   Black, non-Hispanic 0.355 ** 0.034 10.016
Family size 0.066 ** 0.011 1.649
Log of household income -0.158 ** 0.019 -3.965
Household owns home -0.545 ** 0.034 -14.772
1992 SCF -0.283 ** 0.044 -6.401
1995 SCF -0.146 ** 0.038 -3.523
1998 SCF -0.081 * 0.037 -1.998
2001 SCF -0.082 * 0.037 -2.017

Pseudo R-squared 0.110
Percent of borrowing-constrained households 19.5
Average number of observations in each implicate 15,071
DSR Debt service ratio.
SCF Survey of Consumer Finances.
**Significant at the confidence level of 1 percent or better.
*Significant at the 5 percent confidence level.
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Table 4. Characteristics of CE Respondents and U.S. Households

CE Sample 
(1992-2005)

U.S. Households with 
Heads Aged 25-64 

(1992-2005)

Characteristics of household head
   Distribution by educational attainment
      Did not complete high school (percent) 14.9 14.0
      High school graduate (percent) 57.4 55.7
      College graduate (percent) 27.8 30.3
   Age (years) 43.6 42.3
   Married (percent) 59.8 66.6
   Black (percent) 11.6 9.8
Household size (persons) 2.8 3.2
Before-tax income (1992 $) 40,597 50,750

Source: Consumer Expenditure Survey (CE); for U.S. household statistics: Current Population Survey.
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Table 5. Effect of Past Income on Consumption Growth—Sample-Splitting Regression Technique
(Standard errors in parentheses)

Estimation Results

Definition of Constrained Households

Share of 
Constrained 
Households 

(percent) Constrained Unconstrained

Difference in 
coefficients (t-

statistics in 
brackets)

Liquid asset to income ratio only
   < 15 percent 74.4 -0.011 ** -0.030 **

(0.004) (0.009)
   < 2.5 percent 40.6 -0.015 ** -0.024 **

(0.006) (0.006)
   < 1.0 percent 29.5 -0.012 * -0.022 **

(0.006) (0.005)
DSR only
   Top quintile 15.3 -0.023 -0.009 * -0.015

(0.012) (0.004) [-1.032]
   Top two quintiles 31.0 -0.024 ** -0.011 ** -0.013

(0.008) (0.005) [-1.440]
Both liquid asset to income ratio and DSR
   < 15 percent and top DSR quintile 10.3 -0.028 * -0.008 * -0.020

(0.015) (0.004) [-1.231]
   < 15 percent and top two DSR quintiles 21.3 -0.030 ** -0.007 -0.023 *

(0.010) (0.004) [-2.215]
   < 2.5 percent and top DSR quintile 4.0 -0.066 ** -0.007 -0.059 **

(0.021) (0.004) [-2.826]
   < 2.5 percent and top two DSR quintiles 8.5 -0.052 ** -0.006 -0.046 **

(0.015) (0.004) [-2.927]
   < 1.0 percent and top DSR quintile 2.4 -0.047 -0.008 * -0.039

(0.026) (0.004) [-1.460]
   < 1.0 percent and top two DSR quintiles 5.2 -0.048 ** -0.007 -0.040 *

(0.018) (0.004) [-2.072]

DSR Debt service ratio.
**Significant at the confidence level of 1 percent or better.
*Significant at the 5 percent confidence level.
Note. Standard errors are bootstrapped to account for the imputation of normal income in the DSR and asset 
ratio calculations.
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Table 6. Effect of Past Income on Consumption Growth—Regime-Switching Regression Technique
(Standard errors in parentheses)

Liquid Asset to 
Income Ratio 

Diff. in 
Coeff. 

(t -statistic 

in brackets)

Diff. in 
Coeff. 

(t -statistic 

in brackets)
(1) (2) (3) (4) (5) (6)

< 15 percent -0.022 ** -0.015 ** -0.007 -0.021 ** -0.014 ** -0.007
(0.008) (0.005) [-1.68] (0.007) (0.005) [-1.70]

< 2.5 percent -0.027 ** -0.019 ** -0.008 -0.030 ** -0.019 ** -0.011 *
(0.010) (0.006) [-1.52] (0.009) (0.006) [-2.06]

< 1.0 percent -0.017 -0.014 * -0.003 -0.024 -0.015 * -0.008
(0.011) (0.007) [-0.49] (0.010) (0.007) [-1.38]

**Significant at the confidence level of 1 percent or better.
*Significant at the 5 percent confidence level.
Note: Standard errors are bootstrapped to account both for the first stage estimation and the imputation of 
normal income in the DSR and asset ratio calculations.

DSR Excluded DSR Included

Constrained Unconstrained Constrained Unconstrained
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(Standard Error in Parentheses)

Household Characterist
Coefficient 
Estimate 

Marginal 
Effect 
(ppt.)

Coefficient 
Estimate 

Marginal 
Effect 
(ppt.)

Coefficient 
Estimate 

Marginal 
Effect 
(ppt.)

Demographics of household head

   High school graduate ‐0.023 ‐0.006 0.019 0.474 0.006 0.163

(0.039) (0.040) (0.040)

   College graduate ‐0.254 ** ‐6.233 ‐0.204 ** ‐5.024 ‐0.214 ** ‐5.226

(0.044) (0.045) (0.045)

   Age   0.004 0.093 0.001 0.034 0.000 ‐0.004

(0.010) (0.010) (0.010)

   Age squared/100 ‐0.000 ‐0.005 0.000 ‐0.005 0.000 ‐0.004

(0.000) (0.000) (0.000)

   Married ‐0.104 ** ‐2.660 ‐0.107 ** ‐2.728 ‐0.107 ** ‐2.713

(0.035) (0.035) (0.035)

   Black, non‐Hispanic 0.351 ** 9.934 0.333 ** 9.370 0.336 ** 9.402

(0.034) (0.034) (0.034)

Family size 0.068 ** 1.710 0.064 ** 1.628 0.062 ** 1.548

(0.011) (0.011) (0.011)

Log of household income ‐0.160 ** ‐4.043 ‐0.134 ** ‐3.381 ‐0.130 ** ‐3.274

(0.018) (0.019) (0.019)

Household owns home ‐0.457 ** ‐12.332 ‐0.438 ** ‐11.772 ‐0.535 ** ‐14.479

(0.029) (0.029) (0.034)
Liquid asset to income 
ratio < 1.0 percent 0.245 ** 6.554 0.283 ** 7.598

(0.040) (0.041)
DSR quintile conditional 
on positive debt

   First 0.120 ** 3.143

(0.042)

   Second 0.131 ** 3.418

(0.048)

   Third 0.090 2.338

(0.050)

   Fourth 0.180 ** 4.790

(0.051)

   Fifth 0.335 ** 9.316

(0.049)
Pseudo R ‐squared 0.107 0.110 0.114

**Significant at the confidence level of 1 percent or better.
*Significant at the 5 percent confidence level.

Appendix table 1.  Additional Estimates of the Effect of Household Characteristics
 on the Likelihood of Being Borrowing Constrained
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Appendix table 2. Regression of Log Income for DSR Calculation.

Variable Estimate Standard Error

Intercept 7.536 ** 1.063
Age 0.159 0.103
Age square -0.594 0.364
Age cubed 1.108 * 0.558
Age fourthed -0.795 * 0.313
High school 0.492 ** 0.011
College 0.909 ** 0.012
Black -0.221 ** 0.012
Married 0.569 ** 0.008
Family size 0.037 ** 0.003

R -squared 0.352

**Significant at the confidence level of 1 percent or better.
*Significant at the 5 percent confidence level.
Note: Year dummies (as a full set) were jointly statistically significant.

 

 


