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Abstract

We present evidence that binding mortgage processing capacity constraints reduce mortgage
originations to borrowers with low to modest credit scores. Mortgage processing capacity constraints
typically bind when the demand for mortgage refinancing shifts outward, usually because of lower
mortgage rates. As a result, high capacity utilization leads mortgage lenders to ration mortgage credit,
completing mortgages that require less underwriting resources, and are thus less costly, to produce.
This is hypothesized to have a particularly adverse impact on relatively higher credit-risk borrowers’
ability to obtain mortgages. What is more, we show that, by lowering capacity utilization, a rise in
interest rates can, under certain circumstances, induce an increase in mortgage originations to relatively
higher risk borrowers. In particular, we find fairly large effects for purchasing borrowers with low to
modest credit scores, in which we find that a decrease in capacity utilization of 4 applications per
mortgage employee (similar to that observed from 2012 to 2013) could result in increased purchase
mortgage originations, as the relaxed capacity constraint might have offset any negative effect on
mortgage demand from higher interest rates.
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1. Introduction

The financial crisis had its roots in, as well as profound effects on, housing and mortgage markets,
affecting many households, lenders, investors, and the overall health of the economy. The large
declines in house prices eroded households’ housing equity and left many borrowers underwater and at
risk of default (Mayer et al. (2009)). The resulting wave of defaults left lenders and investors on the
hook for losses that depleted (and sometimes exhausted) funds available to cover those losses. And the
resulting collapse of building activity and the financial markets led to a severe recession with a dramatic

rise in the unemployment rate.

The Federal Reserve quickly stepped in, pushing the fed funds rate toward zero and embarking on a
path of extraordinarily accommodative policy, in which the Fed committed to purchasing Treasury
securities and mortgage-backed securities (MBS) with the stated goal of supporting the housing market
by lowering mortgage rates. The resulting boost to the housing market was expected to help bring a
halt to, and then hopefully begin to reverse the slide in house prices, increase household wealth, and
spur household consumption. Several papers have examined the effects of Federal Reserve large-scale
asset purchase programs on longer-term interest rates. Hancock and Passmore (2014) show that
Federal Reserve purchases lowered mortgage rates, while Stroebel and Taylor (2012) show that these
purchases had little effect on mortgage rates. Fuster and Willen (2010) and Fuster et al. (2014), using
data on the menu of mortgage rates and points available to borrowers, found substantial effects of the

Federal Reserve’s asset purchase programs on MBS yields and mortgage rates.

But even if the Federal Reserve was successful in lowering longer-term interest rates and therefore
mortgage rates, the effects on mortgage borrowers may be less clear-cut. The reduction in MBS yields
due to Federal Reserve MBS purchases were not entirely passed through in the form of lower mortgage

rates. Scharfstein and Sunderam (2014) cite the lack of a competitive market structure as the primary



obstacle to transmitting these savings through to mortgage borrowers. Fuster, et al. (2012) attribute
the lack of pass-through in part to fatter profit margins earned by originators, as well as higher costs.
Many industry participants cited higher guarantee fees charged by the housing GSEs, but also cited
lender capacity constraints, driven by the unanticipated bulge in refinancing demand that strained the

processing capacity that remained after the 2008-2009 mortgage industry contraction.

Our study provides a complementary analysis which focuses on the quantity of mortgage
originations, and how the interplay of refinancing demand and industry processing capacity affected the
type of borrower able to access the market. We show that the spread between mortgage rates faced by
new mortgage borrowers and the yield on agency MBS is positively correlated with the extent to which
mortgage originators were capacity constrained in producing additional mortgages. Moreover, we show
that lenders showed no visible propensity to expand capacity in response to increased refinance
volumes. Rather, lenders expand and contract their mortgage staffs as the volume of purchase
mortgage demand expands and contracts through a slow process. This pattern is of behavior is plausible

when refinancing waves are expected to be relatively short-lived.

When lenders are capacity constrained, they might have the ability to choose which mortgage
applications to complete and originate. We show, both theoretically and empirically, that capacity-
constrained lenders are likely to bias their selection away from applicants of relatively higher credit risk
toward those of lower credit risk, whose mortgages are generally easier and thus less costly to
complete. As capacity constraints ease, lenders then turn to underwriting the riskier and more-difficult-
to-complete mortgage applications. We show that, as a result, it is entirely possible that purchase
originations among relatively higher credit-risk borrowers increase (or at least don’t fall as quickly as
originations among lower credit-risk borrowers) following a rise in interest rates, as the effect of relaxed

capacity constraint at least partially offsets the higher cost of mortgage credit on their demand for



loans. This contrasts with the more normal negative response of mortgage originations among lower

credit-risk borrowers to higher interest rates.

Indeed, our estimates suggest that a decrease in capacity utilization consistent with that seen from
early 2013 to late 2013 could increase purchase originations by 20-30 percent among borrowers with
low credit scores (620 or less), 20-25 percent among borrowers with credit scores of 621-680, 8-14
percent among borrowers with credit scores of 681-710, and up to 8 percent among borrowers with
credit scores of 711-740. In some cases, the boost coming from lower capacity utilization more than

offsets the drag caused by higher mortgage rates.

The remainder of this paper is organized as follows. Section 2 provides some background and some
key empirical facts that guided our thinking and estimation and summarizes the data we use. Section 3
presents our theoretical model and Section 4 discusses our empirical strategy and results. Section 5

concludes.

2. Data and Stylized Facts

The housing market saw a sea change along many dimensions following the onset of the financial
crisis. Amidst the steep decline in housing prices, soaring delinquencies and mortgage defaults, the
collapse of prominent mortgage lenders, and the conservatorship of Fannie Mae and Freddie Mac, the
number of purchase originations plunged to about half their previously prevailing levels (see Avery et al.

(20104, 2010b)). This can be seen in Figure 1A, which shows monthly purchase applications and



originations from the Home Mortgage Disclosure Act (HMDA) data during 2003-2014.%3 Refinance

activity, however, held up fairly well, propped up by historically low mortgage rates (Figure 1B).

But the decline in purchase originations does not reveal the fundamental character of the
underlying change. Similar to the findings in Bhutta (2014), the pullback in credit supply (and demand,
for that matter) has been very different among borrowers with different credit-risk profiles. We
therefore augment the HMDA data with the monthly proportion of originations that fall within various
credit-score ranges by mortgage product type* based on the proportions observed in the LPS / Black
Knight data. In particular, we define seven credit-score groups among the prime GSE mortgages
contained within the LPS / Black Knight data: 620 or less, 621-680, 681-710, 711-740, 741-770, 771-790,
and greater than 790. In the end, the combined data allow us to approximate monthly purchase and

refinance originations among each of these credit-score groups during 2003-2014.

These data are plotted in Figure 2. Purchase originations to borrowers with near-average (prime)
credit scores, those with scores in the 710-740 range, have been cut to less than half their mid-2000s
pace. The number of loans to borrowers with lower credit scores (620-680) has shrunk to around 10
percent of their mid-2000s pace. At the same time, among borrowers with very high credit scores, the
“super-prime” group (with scores exceeding 790), the pace of purchase originations did not really step
down post-crisis. As a result, as shown in Figure 3, the 10™"-percentile credit scores on new purchase

originations and new refinance originations moved up sharply during the financial crisis, as lenders and

2 As the HMDA data are currently available only through the end of 2013, we use data from the Mortgage Bankers
Association’s Weekly Applications Survey to estimate the total number of HMDA applications for October 2013 —
September 2014 and the total number of HMDA originations for January 2014 — September 2014. The regression
results are contained in Table A.1 in the Appendix.

3 The HMDA data cover 80-90 percent of the mortgage market and are described in detail in Bhutta and Ringo
(2014) among many others.

4 We partition the LPS / Black Knight data into Fannie Mae / Freddie Mac (GSE), FHA/VA, private-label securitized
(jumbo, alt-A, and subprime mortgages), and bank portfolio loans and adjust for differential data coverage of these
market segments.



homeowners alike reevaluated their tolerance for credit risk. Therefore, in our empirical work to follow,
we exclude the crisis period itself, and model the behavior of mortgage originations post-crises period
separately from the pre-crises period, spans of time during which credit-score distributions were

relatively stable: January 2003 to June 2007 and July 2009 to September 2014.

In the aftermath of the financial crisis, mortgage lenders cut their mortgage staffs dramatically. In
particular, according to data from the Bureau of Labor and Statistics, the total number of employees
working in the mortgage industry in the U.S. peaked at about 500,000 around the end of 2005.> By the
end of 2008, total industry staffing had been cut nearly in half (Figure 4A). While mortgage industry
employment and purchase mortgage activity both plunged during the financial crisis, the pace of
refinancing activity rebounded to pre-crisis levels in the first half of 2009 and for again for much of the
period from late 2010-2013 amidst large and persistent declines in mortgage interest rates. Indeed, the
pace of refinancing activity during much of the latter period was enough to cause lenders to cite
capacity constraints as a major hurdle to passing through interest rate savings onto borrowers (Fuster et

al. 2012).

To gauge how the dramatic changes in industry employment might have strained mortgage industry
capacity, we construct a measure of capacity utilization based on a simple productivity concept:
mortgage demand per industry employee. The broadest measure one might consider would be equal to
total mortgage applications in a given month divided by the number of industry employees available
that month. We focus on a somewhat narrower measure, based solely on the number of refinancing

applications, which will have the benefit of being somewhat exogenous, or at least distinct, from our

5 The real estate credit and mortgage and non-mortgage loan broker employment components we use from BLS
likely overstate the number of employees who solely process mortgage applications.



main empirical measure of mortgage demand, purchase applications.® To account for lags in processing
and completing applications when capacity utilization is high, we use a (geometrically) weighted average
of refinance applications over the past four months, divided by the number of mortgage-related
employees available to process and complete those applications that month. Our capacity utilization
measure is shown in Figure 4B. Clearly, capacity utilization during much of the period between 2009

thru the first half of 2013 ran well above the level that prevailed during most of the pre-crisis period.

If capacity constraints effectively convey temporary market power to mortgage lenders, then this
should affect both pricing and quantities, compared to a world where supply was highly elastic. Figure
4B shows our measure of capacity utilization plotted alongside a price measure of capacity constraint:
the interest rate spread between the 30-year fixed-rate mortgage rate and the 30-year current-coupon
mortgage-backed security (MBS) yield. As shown in Fuster et al. (2012) and Scharfstein and Sunderam
(2014), this spread tends to increase when mortgage capacity is strained: Lenders have an incentive to
(jointly and individually) control the flow of arriving refinance applications by not decreasing mortgage

rates in line with MBS yields.”®

Gauging the effect on quantities, the subject of our study, is a bit more subtle. We argue, in
particular, that an important quantity effect was to skew underwriting resources away from borrowers

requiring more effort, generally those without pristine credit records or easily documented regular

6 Because the number of mortgages for refinancing is generally much larger than the number of purchase
mortgages, particularly since 2009, excluding purchase applications from the numerator does not have a very large
effect on our capacity utilization measure, that is, measures that include and exclude purchase applications are
quite highly correlated.

7 Lenders might also exercise a form of price discrimination by charging relatively high mortgage rates to
borrowers who have the largest incentives to refinance, before lowering mortgage rates to entice additional
borrowers, with smaller incentives, to refinance.

8 In addition, the nature of future commitments and the secondary TBA market provide disincentives for lenders
and secondary-market participants to move rates down too quickly: Lenders have committed to deliver a certain
volume of mortgages with pre-specified characteristics to the secondary market, while secondary market
participants have committed to deliver TBA pools of mortgages with pre-specified characteristics.

6



income. Before moving on to the modeling, one suggestive piece of evidence of this effect is provided in
Figure 5, which plots our main capacity utilization measure alongside the 10"-percentile credit score
among new purchase and refinance originations over the post-crisis period. As shown, when capacity
utilization tends to be high, the 10"-percentile credit score among borrowers getting mortgages also

tends to be relatively high.

We use several other sources for auxiliary data. In particular, we use the monthly national
unemployment rate from the Bureau of Labor Statistics, and compute monthly data on year-over-year
house price growth from CorelLogic data, monthly average mortgage rates from Freddie Mac and
LoanSifter / Optimal Blue data, and monthly average current-coupon MBS yields from Barclays data.

Each of these data series is available during 2003-2014.

In the remainder of the paper, we attempt to examine the underlying relationship between capacity

constraints and credit availability, and provide a model to help interpret it.

3. Model

We offer a fairly simple model of the mortgage originator’s decision on the range of borrower credit
risks and the number of purchase and refinance mortgage applications that it will process in a given
period, assuming it faces an inelastic supply of underwriting resources, i.e., trained labor. The focus of
this model is thus a somewhat interesting and presumably relevant example of how a producer might
optimally allocate an inelastically supplied input to the production of multiple outputs. We then use this
simple model to examine how changes in the demand for mortgages driven by market interest rates can

affect the allocation of those underwriting resources.



The lender is assumed to be a price taker, with the revenue earned on each mortgage determined
by the housing government-sponsored enterprises (GSEs) that purchase the mortgages. As shown in
Table 1A, which shows a portion of a mortgage rate sheet for an anonymous lender, lenders offer a
menu of mortgage rates and up-front points to be paid by the borrower when the mortgage closes.
Historically, the trade-off between mortgage rates and up-front points is around one-sixth of a
percentage point on the mortgage rate per up-front point. So a borrower wishing to pay no up-front
points might receive a mortgage rate of 3.50 or 3.625, while a comparable borrower willing to pay

around two up-front points would receive a mortgage rate of 3.25.

The lender would then sell these two mortgages into the TBA market. The net proceeds for each
mortgage would depend on the TBA price (the price paid by the GSEs to acquire a mortgage meeting the
TBA guidelines), base servicing costs, guarantee fees, and any g-fee buydowns or excess servicing (see
Fuster et al. (2012) for a more detailed description and an example). Moreover, as shown in Table 1B,
lenders also face loan-level pricing adjustments in which the GSEs charge for perceived credit risk. For
example, the lender would be required to pay 0.75 percentage points for extending a mortgage to a
borrower with a 20-percent downpayment and a credit score of 720, and 2.75 percentage points for a
similar borrower with a credit score of 660. In sum, the secondary mortgage market and the GSEs are

the primary drivers of the pricing of a mortgage, irrespective of the mortgage note rate.’

Total demand, or applications received, for purchase mortgages, a,, (i), and for refinance
mortgages, a,-(i) is assumed to depend negatively on the level of market interest rates. That is,

borrowers submit fewer mortgage applications when interest rates are higher. Moreover, it is assumed

% While it is true that an investor in the secondary market will pay more for a higher-yielding security, mortgages
tend to be bundled into MBS pools with a specified yield. But a lender delivering a mortgage with a high note rate
will likely have to pay discount points to the borrower, while a lender delivering a mortgage with a low note rate
will likely receive points from the borrower.



that the refinance mortgage demand is more sensitive to interest rates than demand for purchase

mortgages; in particular, a, < a;, < 0.

The most important assumption underlying our analysis is that the labor resource cost for
underwriting either a purchase (or refinance) mortgage u,, (u,) is increasing in the borrower’s credit
risk, as measured, for instance, by their credit history. The underwriting cost of a purchase (or “new”)
mortgage, for any given borrower credit risk, is assumed to be higher than the cost of a refinance
mortgage, by a factor of 8 > 1, though this is less critical to the analysis. In order to keep the analytics
simple, and without loss of generality, we assume that the range of borrower underwriting costs for a
refinance mortgage is measured on the unit interval [0, 1]. Thus, refinance (and purchase) applications
at the top of the credit-risk spectrum, the most costly to underwrite, cost 1 unit of labor (u = 1),
whereas the least costly refinance mortgages to underwrite, those with the lowest credit risk, cost no
resources (u = 0). Similarly, the range of borrower underwriting costs for a purchase mortgage is
measured on the interval [0, 8], with 8 denoting the cost of the most costly, highest credit-risk purchase
mortgage. As shown in the Appendix, our results are robust to the more general and plausible
assumption of a strictly positive but relatively small marginal cost for underwriting the lowest credit-risk

borrowers.

The lender’s problem is thus to choose credit-risk “cut-off” levels, i.e., the highest credit-risk
purchase and refinance applications, having per-unit costs, u,, and u,, respectively, that it is willing to
underwrite. The lender processes and completes all the applications it receives with costs at or below
those cutoff levels. The terms u,, and u, thus represent the proportion of purchase and refinance

applications processed and completed: The total quantity of mortgages originated (i.e., the number of

applications processed and completed) is fou" a,du+ four a, du = u,a, + u,a,. Note that this implies



that the credit risk of arriving applications is assumed to be uniformly distributed. Moreover, the range

and distribution of application borrower credit risk is independent of interest rates.

Assuming that the lender faces a wage rate per unit of underwriting labor equal to w > 0, then the
cost of processing and completing mortgage applications is w8 fou" ua, du+w four ua, du. In addition,
we assume that the lender faces a labor capacity constraint which can limit the number of mortgages it
can originate: 0 fou" ua, du + four ua, du < L, where L is the amount of labor the lender has available.

Note that, while we use an explicit constraint, analogous results can be shown in a model where the firm

faces a labor cost function that is convex in the quantity of labor used.

The lender’s profit function therefore takes the form

Upn Ur

ua, du — Wj ua, du,

puya, +pu,a, — ij
0

0

which it maximizes with respect to its choice of u,, and u,., subject to the capacity constraint
Upn Up
Gf uandu+f ua,du < L.
0 0

This leads to the following three propositions, the first of which relates the cut-off underwriting cost
(borrower credit risk) for purchase originations to that for refinance originations (all proofs are given in

the Appendix).

Proposition 1. Lenders will be more inclined to extend higher up the credit-risk spectrum for refinance

borrowers than for purchase borrowers. That is, u, > u,.

In essence, lenders are indifferent between processing and completing a purchase application with

underwriting cost u* and a refinance application with underwriting cost fu*. The next proposition

10



compares the interest-rate sensitivity of the cut-off underwriting costs for purchase and refinance

originations.

Proposition 2. When lenders are capacity constrained, a rise in interest rates will result in lenders
extending their range of lending to higher credit-risk purchase and refinance borrowers. Furthermore,

their increased willingness to lend to higher credit-risk borrowers as a result of the rise will be larger for

ou, oun,
ai > ai

refinance borrowers. That is, > 0.

In other words, the cut-off credit risk (the highest credit-risk borrower with access to a loan) drops as
interest rates rise and total demand for loans falls. Moreover, the cut-off underwriting cost for
refinance originations is more interest-rate sensitive than for purchase originations. The final

proposition provides conditions under which purchase originations can increase when interest rates rise.

Proposition 3. When lenders are capacity constrained, a rise in interest rates will result in a decline in

total lending to refinance borrowers; on the contrary, a rise in interest rates will, under some conditions,

. . . .9
result in a rise in total lending to purchase borrowers. That is, % < 0 always holds but under some

conditions % > 0. Necessary (but not sufficient) conditions under which a rise in interest rates

boosts total purchase lending include:

o &, /& K 1(where g, and &, denote the interest rate elasticities of purchase and refinance
applications, respectively), i.e., refinance applications are far more interest rate elastic than
purchase applications.

e 0> 1,i.e., purchase applications are more expensive to process and complete than refinance
applications.

e a,/a,<1,ie.,the number of purchase applications is substantially lower than number of

refinance applications.
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That is, the positive effect of the easing of capacity constraints can at least partially offset the negative
effect of higher interest rates under certain, fairly plausible, conditions. For example, one set of
reasonably plausible parameters under which rising interest rates will induce an increase in purchase
originations is when (i) the interest rate elasticity of refinance applications is 3 times the interest rate
elasticity of purchase applications, (ii) there are twice as many refinance applications as purchase
applications, and (iii) the relative cost of underwriting a purchase mortgage is the same or greater than
that of underwriting a refinance mortgage of similar credit risk. Such conditions seem quite likely to

hold, for instance, when interest rates are near historically low levels.

In the empirical work to follow, we test the implications of these three propositions. First, we will
show that lenders are more willing to extend credit to higher credit-risk refinance borrowers than higher
credit-risk purchase borrowers (Proposition 1). Second, we will show that credit risk is positively related
to interest rates for both refinance and purchase originations and that the credit risk of refinance
originations is more sensitive than purchase originations to interest rates (Proposition 2). Third, we will
show that it is indeed possible to observe increased purchase originations when interest rates rise, as
the positive effect of easing capacity constraints can at least partially offset the negative effect of higher

interest rates (Proposition 3).

4. Estimation and Results

Mortgage Employees

The first thing we examine are the short-run dynamics of mortgage-related employees, that is, the
sensitivity of aggregate industry employees to purchase and refinancing applications. Capacity

constraints on making purchase mortgages that result from a steep rise in refinancing activity are not

12



inevitable, but would occur only if hiring was not very responsive to swings in refinancing activity. One
might not expect much sensitivity to refinancing activity if lenders view refinancing waves as being
relatively short-lived reactions to temporarily low interest rates. Even in the presence of low but stable
interest rates, refinancing waves wane due to borrower “burn-out” and the presence of borrowers who
do not refinance when they have the incentive to do so (Schwartz and Torous (1989), Deng and Quigley
(2006), and Campbell (2006)). To briefly examine the relative importance of purchase versus refinancing

activity on industry employment, we consider the following regression:

12 12
log(L)e = fo+ ) Fue108(@n)eic + Y Frilog(@,),-ic
k=1 k=1

The regression results are shown in Table 2. As can be seen, total mortgage staffing is strongly
correlated with purchase applications. Lenders seemingly adjust only slowly, if at all, to refinance
applications. So when interest rates decline and the demand for refinancing picks up, it appears that
lenders behave as if they are “stuck” with their level of mortgage staffing, causing capacity utilization to
increase. This is consistent with Fuster and Willen (2010), who find evidence that lenders were caught
off-guard by the surge in refinance applications. We provide evidence below that when capacity
utilization is elevated, lenders appear to favor originating relatively lower credit-risk, less-costly-to-

produce mortgages, to the apparent detriment of borrowers with relatively high credit risk.
Credit Scores

Given our presumption that applications from borrowers with higher credit risk tend to involve
greater underwriting costs, particularly in the post-crisis era, we estimate the relationship between the
distribution of credit scores on new prime GSE originations and capacity utilization in the previous
month. In particular, we use the 10"-percentile credit score among purchase originations as a (inverse)
proxy for u,, the high end of the underwriting cost range among purchase applications processed by the

13



originator. The lower is the 10™-percentile credit score, the larger is the range of underwriting cost (u,,)

that the originator covers. We thus consider regressions of the form

aT
A-w;=po+h (T) . + B3Xi-1 + Vi,

where (1 — u), denotes the 10™-percentile credit scores on new purchase originations or refinance

originations in month t, (%) is capacity utilization in month t — 1, and X;_; is a vector of controls,
t-1

such as the year-over-year change in house prices, the year-over-year change in mortgage rates, the
unemployment rate, and a time trend.’® Table 3 shows the regression results, which reveal several
important facts. First, higher credit scores are associated with higher capacity utilization for both

purchase originations and refinance originations. This result is consistent with the prediction of

ou,
ai

Proposition 2, in which we hypothesized that aail," > 0and > 0. Furthermore, the final column

shows the results when the difference between monthly credit scores on purchase originations versus
refinance originations is used as the dependent variable. Here, the estimated constant is positive and
statistically significant, indicating that u,, > u,, which is consistent with the prediction of Proposition 1.

Moreover, credit scores on refinance originations are more sensitive to our capacity utilization measure,

ou, duy,

so that o > T > 0, which is consistent with the penultimate prediction of Proposition 2.

All else being equal, these results suggest that an increase in capacity utilization of 4 applications per
employee (a move consistent with that seen from early 2011 to mid 2012) increases the 10'™-percentile
credit score on new purchase originations by about 6 points. Similarly, the increase in capacity
utilization increases the 10'™-percentile credit score on new refinance originations by about 16 points.

This provides evidence that higher credit-risk applicants appear to be adversely affected by high capacity

10 We de-mean the independent variables in these regressions to in order to interpret the constant as the mean
value of the 10t™-percentile credit score over each period.

14



utilization. Indeed, as capacity utilization declined during the latter half of 2013, credit scores on newly
originated mortgages declined. It bears noting, however, that these effects pale in comparison to the
drastic pull-back in lending that followed the financial crisis, when 10"-percentile credit scores jumped

60-80 points, likely as a result of lenders and homeowners reevaluating their tolerance for risk.

Purchase Mortgage Originations

Our model from Section 3 also implies that not only the distribution, but also the number of
mortgage originations will be sensitive to the cost of underwriting, which varies with credit risk and
mortgage type. To more directly examine the differential effect of capacity constraints on originations
for borrowers of varying credit risk, we estimate separate regressions for new purchase originations
falling into seven credit-score buckets: 620 or less, 621-680, 681-710, 711-740, 741-770, 771-790, and

greater than 790.

Throughout our analysis, we use total purchase applications to proxy for the underlying demand for
purchase mortgages. As shown in Figure 6, data obtained from Optimal Blue on locked mortgage
applications during 2013-2014 suggest that, at least in recent years, purchase applications from different
credit-score groups tended to move together quite closely, except for the very lowest credit-score group
(perhaps because of still relatively tight mortgage credit conditions). Because we estimate separate
regressions for each credit-score group, the effect of total purchase applications on purchase
originations are allowed to vary across credit-score groups. Finally, we expect high capacity utilization
to act as a drag on originations, particularly for higher credit-risk, more-costly-to-complete mortgage
originations; that is, when capacity utilization is higher, purchase applications do not translate into as

many originations. This could be due to higher denial rates or longer origination timelines.

Our baseline empirical model takes the form

15



a
log(unan)it = Bo + PB1 (Tr) . + By log(an)e—1 + B3 X1 + vy,

where (u,a,);; is the number of new prime GSE purchase originations for credit-score group i during
month t, (%) is capacity utilization in month t — 1, (a,);_1 is the number of purchase applications,
t—1

and X;_; is a vector of controls, such as the unemployment rate and a time trend. The prediction of

Proposition 3 is that 8; < 0, particularly among borrowers in the lower credit-score groups.

Table 4 contains our parameter estimates for prime GSE purchase originations for the post-crisis
period (July 2009 to September 2014) in the upper panel, and the pre-crisis period (January 2003 to June
2007) in the lower panel. First, these results reveal that purchase originations for each credit-score
group are positively related to lagged aggregate purchase applications, log(a,,)—;.'* Second, and
consistent with the prediction of Proposition 3, higher capacity utilization tends to hold back purchase
originations among the low to middle credit-score groups (620 or lower, 621-680, and 681-710), while
lower capacity utilization tends to support purchase originations for these credit-score groups. This
implies that any easing of capacity utilization could at least partially offset the standard interest-rate

effect.

Note that in the pre-crisis period our capacity utilization measure enters the estimation results with
the expected sign and is statistically significant only for the 621-680 credit-score group. We would argue
that the lack of negative capacity utilization effects during the pre-crises period would be consistent
with the view that the cost of underwriting higher credit-risk borrowers was substantially lower prior to

the financial crisis. For example, Fuster et al. (2012) show several indicators of lower costs, including

11 This relationship can break down if, for instance, lending to lower credit score borrowers became unhinged from
the overall volume of purchase applications, as underwriters might have focused more on expected house prices.
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lower guarantee fees charged by the GSEs and shorter origination timelines, while Mayer et al. (2009)

and Demyanyk and van Hemert (2011) point to less-scrupulous underwriting standards.

All else equal, these results suggest that a decrease in capacity utilization of about 4 applications per
employee (a move consistent with that seen from 2012 to 2013) would result in over 30 percent more
purchase originations among the lowest credit-score group (620 or less), 25 percent more for the 621-
680 credit-score group, and 12 percent more for the 681-710 credit-score group. This effect would at
least partially offset lower application volumes resulting from higher mortgage rates. Thus, it would
appear that higher credit-risk applicants may have been adversely affected by the extraordinarily low
interest rates, which helped to drive the elevated pace of refinancing by very low credit-risk borrowers,

and thus, the elevated level of capacity utilization in the post-crisis period.

Next, we consider a simple nonlinear variant of our capacity utilization variable. In particular, we
assume that capacity utilization only matters when it is above average: the capacity utilization variable is
thus measured as the maximum of zero and the gap between capacity utilization and its average level.

This specification takes the form

a a
(1 —w)¢ = By + f; max {(Tr)t ) - Trr 0} + B3X_1 + Vi

for credit scores on new mortgage originations and

a
)t—l — Tr' 0} + Bz log(an)e—1 + P3Xe—1 + Vit

ar

log(unan)ir = Bo + py max {( L
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for the number of new purchase originations, where % denotes mean capacity utilization during 2003-

2014.1%2 The results (presented in Table 5 for credit scores and Table 6 for purchase originations) are
similar to those of our primary specification. The coefficients on capacity utilization are often somewhat
larger in the nonlinear version, while the regression fit (R-squared) is sometimes slightly higher and
other times a bit lower. Consistent with the predictions of Propositions 1-3, higher credit scores are
associated with greater capacity utilization for both purchase and refinance originations, credit scores
on refinance originations are more sensitive to capacity utilization, and higher capacity utilization tends
to hold back purchase originations among the low to middle credit-score groups (620 or lower, 621-680,

681-710, and 711-740).

These results suggest that, all else equal, a decrease in above-average capacity utilization of about 2
applications per employee (a move consistent with that seen from 2012 to 2013) could result in an
increased 10"-percentile credit score on new purchase originations of about 3 points, an increased 10%"-
percentile credit score on new refinance originations of about 12 points. Our regression using the
number of purchase originations suggests that the effect would be to increase purchase originations by
about 33 percent, 27 percent, 14 percent, and 8 percent for the 620 or less, 621-680, 681-710, and 711-

740 credit-score groups, respectively.

Robustness Tests

Our first robustness check alters our primary specification by using the interest rate spread between

the 30-year fixed-rate mortgage rate and the 30-year current-coupon MBS yield as an alternative, price-

12 The maximum function shown here is equivalent to an indicator function for above-average capacity utilization

interacted with the gap between capacity utilization and its average level: I {(%) > %} [(%) — %] where
\L /¢ t-1
I{-} denotes the indicator function taking on the value one when (%) = % and zero otherwise. We use the
t-1

simpler, “maximum” notation throughout.
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based measure of capacity utilization. This spread tends to increase when mortgage capacity is strained,
as lenders have an incentive to (jointly and individually) reduce the supply of refinancing by not
decreasing mortgage rates in line with MBS yields or by exercising some degree of price discrimination.
In addition, their mortgage pricing may be bound by institutional frictions in the mortgage market (see,
for example, Fuster et al. (2012) and Scharfstein and Sunderam (2014)). This alternative specification

takes the form

(I —w¢ = Po + Lr(frm —mbs)_q + P3Xi_1 + vy

for credit scores on new mortgage originations and

log(unay,)ic = Bo + B1(frm —mbs),_1 + By log(an)e—1 + B3Xi—1 + vig,

for the number of new purchase originations, where (frm — mbs);_4 is the average interest rate
spread (mortgage rate minus MBS yield spread) in month t — 1. The results (presented in Table 7 for
credit scores and Table 8 for purchase originations) are similar to those of our primary specification.
Higher credit scores are associated with greater capacity utilization for both purchase and refinance
originations; credit scores on refinance originations are more sensitive than purchase originations to
capacity utilization; and higher capacity utilization tends to hold back purchase originations among

lower credit-score groups (620 or less, 621-680, and 681-710).

These results suggest that, all else equal, a decline in the interest rate spread of about 40 basis
points (a move consistent with that seen from 2012 to 2013) could result in an increased 10"-percentile
credit score on new purchase originations of about 3 points, and an increased 10"-percentile credit
score on new refinance originations of about 13 points, and increased purchase originations of about 21
percent, 21 percent, and 8 percent for the less than 620, 621-680, and 681-710 credit-score groups,

respectively.
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Our final two robustness checks alter our initial specification by (i) adding an additional lag for the

number of purchase applications on the right-hand-side of our estimation equation so that

logCunan)ic = o+ 61 (7)

. + B21log(an)e—1 + Brzlog(an)e—z + f3Xe—q + vy,

and (ii) placing the number of purchase applications on the left-hand-side of our estimation equation, so
that the dependent variable is the log of the ratio of (credit-score group) originations to total purchase
applications,

a
log(u,ay)ie —log(ay)e—1 = Bo + B2 (Tr)t_l + B3 Xi-1 + Vit

These results are reported in Tables 9 and 10, respectively. As before, higher capacity utilization tends
to hold back purchase originations among the lower credit-score groups (620 or less, 621-680, and 681-

710).

In total, our results provide evidence that mortgage lenders, when constrained, produce lower
credit-risk mortgages more readily than higher credit-risk mortgages. During the most recent mortgage
refinance wave of 2011-2013, refinancing activity more than doubled, but lenders (eventually) increased
their mortgage staffs by less than 20 percent. This left lenders capacity constrained and, as a result, we
hypothesize that lenders had a preference to complete relatively lower credit-risk, less costly, and
quicker-to-complete mortgages. As a result, we found that credit scores on new mortgage originations
tended to increase during mortgage refinancing booms, when lenders had higher capacity utilization,
and then tended to decrease afterward. Similarly, we found that higher credit-risk purchase originations
were suppressed during recent mortgage refinancing waves, when lenders were most constrained, in

favor of lower credit-risk purchase and refinance mortgages.
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5. Conclusion

We present evidence suggesting that binding mortgage processing capacity constraints reduce
mortgage originations to borrowers with low to modest credit scores. Mortgage processing capacity
constraints typically bind when the demand for mortgage refinancing shifts outward, usually because of
lower mortgage rates. As a result, high capacity utilization leads mortgage lenders to ration mortgage
credit, completing mortgages that require less underwriting resources, and are thus less costly, to
produce. This is hypothesized to have a particularly adverse impact on relatively higher credit-risk
borrowers’ ability to obtain mortgages. What is more, we show that, by lowering capacity utilization, a
rise in interest rates can, under certain circumstances, induce an increase in mortgage originations to
relatively higher risk borrowers. In particular, we find fairly large effects for purchasing borrowers with
low to modest credit scores, in which we find that a decrease in capacity utilization of 4 applications per
mortgage employee (similar to the moves observed from 2012 to 2013) could result in increased
purchase mortgage originations, as the relaxed capacity constraint might have offset any negative effect

on mortgage demand from higher interest rates.
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Appendix

Proof of Proposition 1. Lenders maximize pu,a, + pu,a, — wb f;‘” ua, du—w f(;lr ua, du with
respect to u, and u,., subject to the capacity constraint 6 fou" ua, du + f:r ua, du < L. This leads to

the following first-order conditions:
p —wlu, —A8u, =0
p—wu,—Au, =0

1 1
A (EOu,Zlan + Eufar — L) =0,

where 1 > 0 is the Lagrange multiplier on the capacity constraint. In the unconstrained case, A = 0 so

that u,, = p/wé and u,, = p/w. Because 8 > 1, u, > u,. In the capacity constrained case, A > 0. The

) . . -wé -
first-order conditions yield 1 = P (:; Yn P ;’ur so that u, = Ou,. Because8 > 1, u,.>u,. =
n T

Proof of Proposition 2. When lenders are capacity constrained, 8u2a,, + u?a, = 2L. Further, u, =

I 2L 2L
Ou,, implies that u? = and u2 =

PP Santoa Differentiating and simplifying yields

du, 1 |-2L8(a, +0a;)
i 2u,| (a,+06a,)?

ou, 1 [—ZLH(a;L + 0a;)

20 2u, | 8%(a, + 6a,)?

Because u,, > 0 and u, > 0, it is sufficient to sign the numerators of these two expressions. Because

d d
—2L6 < 0,a;,, <0,and a; < 0, then ;l_r > 0 and % > 0. Further, because u,, = fu, and 6 > 1,
our _ ,0uy ou, oun,
o —B—ai >Osothat—ai >_6i > 0. [ ]
. oura, 1 4L0(ap+0a,)arar—2L0a2(an+0a;) - -
Proof of Proposition 3. — = . Because u,.a, > 0, it is sufficient
ai 2(uray) (an+6a,)?

to sign the numerator of this expression, 4L8(a, + 68a,)a,a, — 2LOa?%(a}, + 0a,) = 4LOa,a,a} +
2L6a%(0a) — a},). Because 8 > 1and a) < a, < 0, 4LAa,a,a. + 2LOa?(Oa,. — a}) < 0 so that

oura, <0 dupan _ 1 4L8(ap+0Par)anan—2L0a%(an+0ay)
ai i 2(upan) 62(an+0a,)?

. Because u,a, > 0, it is sufficient to sign

the numerator of this expression, 4L9(a, + 8a,)a,a;, — 2L8a2(a,, + Oa,) = 2LOa%a), +
4L6%aya.a;, — 2LO%a%a).. Under what conditions is this positive? 2L8aZa;, + 4L6%a,aa;, —

C . - 20 ;
2L6%a2a;. > 0 when aya}, + 20a,.a}, > Oa,a;., which is equivalent to the condition that% =
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1 a;\ an, S s ar . 1a, &n . . .
(5 + 2;) o < 1. Multiplying and dividing by;ylelds (Ea_r + 2)8— < 1. For this latter inequality to

r

hold, &, /& « 1,80 » 1,and/ora, / a, < 1. [

Generalized Model. Here we generalize our model of the lender’s decision on the credit risk of
mortgages it chooses to underwrite. To generalize, we relax the assumption that the least costly to
underwrite mortgage costs no resources (u = 0). We therefore assume that the range of borrower
underwriting costs for a refinance application is measured on the unit interval [c, ¢ + 1]. Thus,
refinance applications at the bottom of the credit-risk spectrum, the least costly to underwrite, cost c,
whereas the most costly refinance mortgages to underwrite, those with the highest credit risk, cost ¢ +
1. Similarly, underwriting costs for purchase applications range from 8¢ for the lowest credit-risk

mortgages to 6(c + 1) for the highest credit-risk mortgages (6 > 1).

As before, the lender takes prices as given and faces an exogenous flow of purchase and refinance
applications with a; < a;, < 0. The lender then chooses credit-risk “cut off” levels, the highest credit-
risk purchase and refinance applications, having per-unit costs , u,, and u,., that it is willing to incur in
underwriting purchase and refinance mortgages, respectively. The lender processes and completes all
the applications it receives with costs at or below those cutoff levels. The terms u,, — ¢ and u,. — ¢ thus
represent the proportion of purchase and refinance applications processed and completed: the total
guantity of mortgages originated (i.e., the number of mortgage applications processed and completed)
is fcu" a,du+ fcur a,du = (u, —c)a, + (u, — c)a,. Note that the credit-risk distribution of arriving
applications is uniformly distributed. Moreover, the range and distribution of application borrower

credit risk is independent of interest rates.

The lender still faces the separable cost function wo fcu" ua, du+w fCuT ua, du in processing and
completing mortgage applications, as well as a labor capacity constraint which can limit the number of
mortgages it can originate: 0 fcu" ua, du + fcur ua, du < L. This labor capacity constraint still acts as
the main mechanism by which lenders will crowd out high-cost purchase applications in favor of lower

cost purchase and refinance applications.

The lender’s profit function therefore takes the form

Uy
ua, du — Wj ua, du,
c

Un
p(un - C)an + p(ur - C)ar - WBJ

c

which it maximizes with respect to its choice of u,, and u,., subject to the capacity constraint
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Up Uy
Gf uandu+f ua,du < L.
Cc Cc

This leads to the following three propositions.

Proposition 1. Lenders will be more inclined to extend higher up the credit-risk spectrum for refinance
borrowers than for purchase borrowers. That is, u, > u,.
Proof. The lender maximizes p(u, — ¢)a, + p(u, — c)a, —wé fcu” ua, du—w fcur ua, du with
respect to u,, and u,., subject to the capacity constraint 6 fcu" ua, du + fCuT ua, du < L. This leads to
the following first-order conditions:

p —wlu, —10u, =0

p—wu,—Au,. =0
1 1
A Ee(u% - cHa, +E(u$ —c¥a, - L] =0,

where 1 > 0 is the Lagrange multiplier on the capacity constraint. In the unconstrained case, A = 0 so
that u,, = p/wé and u,, = p/w. Because 8 > 1, u, > u,. In the capacity constrained case, A > 0. The

' - . -wé -
first-order conditions yield 1 = 20—t — Pt

so that u, = Ou,. Because8 > 1, u,.>u,. =
Ouy, Up

Proposition 2. When lenders are capacity constrained, they will lend to higher credit-risk borrowers

when interest rates rise. Furthermore, lenders’ willingness to lend to higher credit-risk borrowers when

ou u
r>_n

interest rates rise will be greater for refinance borrowers. That is, Py o

> 0.

. . 1 1
Proof. When lenders are capacity constrained, EG(u,ZI - c¥a, + E(u? —c¢?)a, = L. Further, u, =

. . 2 _ 2L6+c%0(Pan+ay) 2 _ 2L+c%(Bap+tay) . .. . . .
Ou,, implies that u; = BT — and u; = T oant0a) Differentiating and simplifying yields

Ju, 1
i 2u,

(a, + 0a,)c?6(Ba,, + a}.) — [2LO + c?6(Ba,, + a,)](a;, + Ba}.)
(an + 0a,)?

ou, 1 [(an+80a,)c?*0(8ay, +ay) —[2L0 + c*8(0a, + a)](ay, + 0a;)
i 2u, 02 (a, + 6a,)? '

Because u, > 0 and u,, > 0, it is sufficient to sign the numerators of these two expressions. Expanding
the numerator for%yields c26(1 - 6%)aya, + c?6(6% — 1)a,a}, — 2LO(a}, + 6a}). Multiplying and

dividing by a, a, and simplifying gives [c?0(1 — 8%)(e, — &,,) — 2LO(s,, / a, + B¢, / ay)]a,a,.
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au‘r 6ur

Because 1 — 0% < 0and ¢, < &, <0, > 0. Further, because u,, = Bu, and 6 > 1, =0— au” >0

aur dun,

o > 0. ]

so that

>

Proposition 3. When lenders are capacity constrained and the number of refinance mortgages

originated decreases when interest rates rise, a lender’s total lending to purchase borrowers could

o(ur— c)ar o(up— c)an

increase when interest rates rise. That is, if < 0 then > 0 under some conditions.

Necessary (but not sufficient) conditions for a rise in interest rates to boost purchase lending include:

o &, /& K1 (where g, and g, denote the interest rate elasticities of purchase and refinance
applications, respectively), i.e., refinance applications are far more interest rate elastic than
purchase applications.

e @ > 1,i.e., purchase applications are more expensive to process and complete than refinance

applications.

d(ur—clay _ %

57 5 @t a,-(u, — ¢) < 0 and are looking for conditions under which

Proof. We assume that

d(up— ] T ou
% = %an + ay, (u, —c¢) > 0. Substituting in u,., u,, — 50 -, and —from Proposition 2 and

1
_ (2L+c2(9an+ar) P

anpt+0a;)c?6(0an+a 2L0+c%0(0an+a,)|(an+6a . 11 _
( n r) ( n r) [ ( n T)]( n T) ) glves——u 1x _|_
an+0a, 2V6

(ant+bar)?

and u

setting x =
£ (\/Eu - c) <0 andl\/au_lx + ¢ (iu - c) > 0. Isolatin thelx terms iveslx +
r 2 n\Vve ’ & 2 & 2

_ -1 2 _ 1 2o (L. 1
\/Eu(\/au c)sr—2x+(0u \/auc)er <0and2x+\/§u(\/§u c)en =cx+

1 1 . . 1 1
(Eu2 — ﬁuc) &, > 0. For the latter inequality to hold, |&,| (Euz — \/—Euc) K Isrl(l9u2 - \/guc) so
en (u—Véc)

%, 8(6u—oc) & 1. For this latter inequality to hold, &, / €- < 1 and/or 8 > 1. [ |

that
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Table A.1: Estimation Results for HMDA Applications and Originations

HMDA Purchase HMDA Refinance

Applications  Originations  Applications  Originations

Constant 4.736*** 2.562 2.612%** .254
(.585) (1.645) (.318) (.552)
Log MBA Purchase apps. (t) 961%** .023
(.072) (.142)
Log MBA Purchase apps. (t-1) .508%***
(.137)
Log MBA Purchase apps. (t-2) .534%*x*
(.131)
Log MBA Purchase apps. (t-3) .110
(.169)
Log MBA Refinance apps. (t) .970%** 224%%*
(.029) (.066)
Log MBA Refinance apps. (t-1) .258%**
(.096)
Log MBA Refinance apps. (t-2) 371***
(.063)
Log MBA Refinance apps. (t-3) .285%**
(.066)
R-squared .879 .725 .979 .961

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

* *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(HMDA applications) or log(HMDA originations).

Sample periods: Jan. 2011 — Sep. 2013 for applications, Jan. 2011 — Dec. 2013 for originations.

Data sources: HMDA applications and originations from Home Mortgage Disclosure Act (HMDA) data; MBA

applications from Mortgage Bankers Association (MBA) Weekly Application Survey.
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Table 1A: Mortgage Price Sheet

Up-front Points

Rate (pct of loan amount)
3.000 4.344
3.125 2.929
3.250 1914
3.375 1.110
3.500 0.139
3.625 -0.976
3.750 -1.789
3.875 -2.386
4.000 -3.105
4.125 -3.964
4.250 -4.615
4.375 -5.082
4.500 -5.582
4.625 -6.113
4.750 -6.594
4.875 -7.007

Note: 30-day lock period.

Source: Anonymous lender rate sheet.

Table 1B: Fannie Mae Loan-Level Pricing Adjustments (Percent of Loan Amount)

LTV Ratio (percent)
Credit <=60.00 60.01- 70.01- 75.01- 80.01- 85.01- 90.01- 95.01-

Score 70.00 75.00 80.00 85.00 90.00 95.00 97.00
>=740 .00 .25 .25 .50 .50 .50 .50 .50

720-739 .00 .25 .50 .75 .75 .75 .75 .75

700-719 .00 .75 1.00 1.25 1.25 1.25 1.25 1.25
680-699 .25 .75 1.50 2.00 1.75 1.50 1.50 1.25
660-679 .25 1.25 2.25 2.75 3.00 2.50 2.50 2.00
640-659 .75 1.50 2.75 3.25 3.50 3.00 3.00 2.50
620-639 .75 1.75 3.25 3.25 3.50 3.50 3.50 3.25
<620 .75 1.75 3.25 3.25 3.50 3.50 3.50 3.50

Loan-level pricing adjustments reported here include 25 basis point adverse-market delivery charge.

Source: Fannie Mae loan-level pricing adjustments as of December 2014.
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Table 2: Mortgage Employees

Constant -2.805%**
(.683)
Purchase apps. (t-1) L196%** Refinance apps. (t-1) .005
(.068) (.022)
Purchase apps. (t-2) 176%** Refinance apps. (t-2) .017
(.065) (.019)
Purchase apps. (t-3) .053 Refinance apps. (t-3) .026
(.083) (.018)
Purchase apps. (t-6) .100 Refinance apps. (t-6) .014
(.086) (.022)
Purchase apps. (t-9) .015 Refinance apps. (t-9) .021
(.082) (.025)
Purchase apps. (t-12) -.002 Refinance apps. (t-12) .026
(.073) (.026)
Trend .001**
(.000)
R-squared: .967

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, ** and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(Mortgage employees): log(L);.

Sample period: January 2003 — September 2014.

Data sources: Mortgage employees from Bureau of Labor Statistics (BLS); mortgage

applications from Home Mortgage Disclosure Act (HMDA) data.
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Table 3: Credit Scores on Prime GSE Purchase Originations (Primary Specification)

July 2009 -
Sep. 2014 Purchase Originations  Refinance Originations  Purchase-Refinance
Constant 699.56%** 676.76%** 22.79***
(.26) (1.20) (1.34)
(ay/L)e-r 1.48%%* 4.07%%* -2.59*
(.32) (1.22) (1.43)
Trend -.04 -.07 .02
(.06) (:31) (.36)
A House prices 10.36 -112.48*** 122.84***
(7.71) (41.09) (44.30)
A Mtg rates -.06 .26 -.33
(.78) (3.50) (3.96)
Unemp rate 2.76%** 2.98 -.22
(.85) (3.85) (4.38)
R-squared 933 .879 748
Jan. 2003 -
June 2007 Purchase Originations  Refinance Originations  Purchase-Refinance
Constant 644.78*** 638.15%** 6.63***
(.41) (.41) (.55)
(ay/L)e-r 1.53%%* 2.87%%* -1.34%%*
(:32) (.40) (-49)
Trend .10 -21%* 31%
(.12) (.10) (.18)
A House prices 62.91*** 13.41* 49.50%**
(11.58) (7.22) (12.99)
A Mtg rates 1.10 -3.34%*x 4.44%**
(1.13) (.76) (1.02)
Unemp. rate -1.19 -7.48%** 6.29
(3.23) (2.74) (4.81)
R-squared .745 .903 .827

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: 10t"-percentile credit score: (1 — u);.

Sample periods: January 2003 —June 2007 and July 2009 — September 2014.

Data sources: 10t-percentile credit scores calculated from LPS / Black Knight data; applications per
mortgage employee calculated from Home Mortgage Disclosure Act (HMDA) and Bureau of Labor
Statistics (BLS) data; house prices changes calculated from CorelLogic data; mortgage rates calculated
from Freddie Mac and Optimal Blue (formerly LoanSifter) data; unemployment rate from the Bureau

of Labor Statistics (BLS).
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Table 4: Prime GSE Purchase Originations (Primary Specification)

July 2009 - Credit Score
Sep. 2014 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 8.628 -3.550** -5.866** -6.867** -8.268%** -6.550** -3.909*
(7.400) (1.550) (2.694) (2.853) (2.944) (2.491) (1.973)
(a,/L)e-1 -.079* -.063%** -.030%* -.015 .002 014 .022%%*
(.042) (.009) (.012) (.011) (.010) (.009) (.007)
log(an)e_r 2.638%** .906%** 1.078%** 1.210%** 1.273%%%* 1.073%** 865*¥*
(.552) (.098) (.153) (.156) (.164) (.143) (.118)
Trend -.110%** .007*** .008** .007* .009** .010%** .011%**
(.011) (.002) (.003) (.004) (.004) (.003) (.002)
Unemp rate -1.540%** -.118%** -.067 -.056 .002 .057 .064*
(.169) (.039) (.053) (.063) (.057) (.047) (.036)
R-squared 712 .948 .909 .865 .844 .811 .812
Jan. 2003 - Credit Score
June 2007 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 14.247%** 5.640%** 2.450%** 1.739* 1.119 -.921 -6.140**
(1.899) (.881) (.728) (.903) (.827) (.913) (2.293)
(a,/L)e—1 -.001 -017%%* -.004 -.002 -.006 -.002 023**
(.013) (.005) (.004) (.004) (.004) (.005) (.010)
log(an)e_r -.332%%x .381%x* .640%** T24%%% L793%x* .956%** 1.331%%*
(.106) (.071) (.050) (.061) (.054) (.071) (.136)
Trend -.001 -.002 -.003** -.005%** -.007%** -.008%** -.002
(.003) (.001) (.001) (.001) (.001) (.002) (.004)
Unemp. rate -.039 .068 .003 -.001 .037 -.029 -.253**
(.089) (.044) (.040) (.045) (.050) (.059) (.108)
R-squared 314 .667 .788 .808 .872 .854 .874

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, ** and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(purchase mortgage originations) by credit-score group: log(u,a,) ;-

Sample periods: January 2003 — June 2007 and July 2009 — September 2014.

Data sources: Mortgage originations calculated from LPS / Black Knight and Home Mortgage Disclosure Act (HMDA) data; applications
per mortgage employee calculated from Home Mortgage Disclosure Act (HMDA) and Bureau of Labor Statistics (BLS) data; mortgage

applications from Home Mortgage Disclosure Act (HMDA) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 5: Credit Scores on Prime GSE Purchase Originations (Nonlinear Capacity Effect)

July 2009 -
Sep. 2014 Purchase Originations  Refinance Originations  Purchase-Refinance
Constant 699.56%** 676.76%** 22.79%**
(.31) (1.22) (1.32)
max{(%) _ % 0} 1.59** 6.16%** -4.57***
et (.68) (1.47) (1.59)
Trend .05 .10 -.05
(.07) (.34) (.36)
A House prices 20.62** -87.86%* 108.47**
(8.52) (43.54) (45.25)
A Mtg rates -2.03** -3.81 1.78
(.79) (2.47) (2.63)
Unemp rate 4.82%** 7.35% -2.53
(1.02) (4.03) (4.38)
R-squared .898 .869 .749
Jan. 2003 -
June 2007 Purchase Originations  Refinance Originations  Purchase-Refinance
Constant 644.78*** 638.15%** 6.63%**
(.43) (.42) (.55)
max {(%)Fl _T'O} 1.46%** 2.83%** -1.38%**
(:33) (.41) (-49)
Trend 11 -.20%* 31*
(.12) (.10) (.18)
A House prices 65.80%** 19.79** 46.01%**
(12.21) (7.86) (13.01)
A Mtg rates .84 -3.72%** 4.56%**
(1.16) (.71) (.97)
Unemp. rate -.63 -6.58** 5.95%
(3.24) (2.58) (4.70)
R-squared 732 .901 .830

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, ** and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: 10t"-percentile credit score: (1 — u);.

Sample periods: January 2003 —June 2007 and July 2009 — September 2014.

Data sources: 10t-percentile credit scores calculated from LPS / Black Knight data; applications per mortgage

employee calculated from Home Mortgage Disclosure Act (HMDA) and Bureau of Labor Statistics (BLS) data;

house prices changes calculated from Corelogic data; mortgage rates calculated from Freddie Mac and

Optimal Blue (formerly LoanSifter) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 6: Prime GSE Purchase Originations (Nonlinear Capacity Effect)

July 2009 - Credit Score
Sep. 2014 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 12.735* -.336 -4.393%* -6.177***  -8.505%**  -7.404*** -5.180**
(6.647) (1.239) (1.994) (2.313) (2.707) (2.565) (2.299)
max{(%) _ %' 0} -.167* -.138%** -.072%** -.042%* -.015 .010 .027*
1 (.096) (.017) (.022) (.020) (.016) (.014) (.014)
10g(an)e_1 2.365%** B86*¥*  Q70%**  1153%kx ] DE8*** 1 ]Q9%**  gQ¥x*
(.535) (.083) (.120) (.133) (.157) (.154) (.143)
Trend - 112%%* .006%** .008*** .007* .010*** .012%** .012%**
(.010) (.002) (.003) (.004) (.003) (.003) (.002)
Unemp rate -1.600*** - 162%** -.083** -.060 .016 .081* .094**
(.146) (.031) (.041) (.054) (.053) (.048) (.040)
R-squared 711 .949 .914 .870 .846 .801 .790
Jan. 2003 - Credit Score
June 2007 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 14.205%**  5751%** 2.487*** 1.773 1.174 -.840 -6.078**
(1.905) (.856) (.725) (.905) (.815) (.893) (2.319)
max{(Tr) _ %, 0} .000 -.018*** -.005 -.003 -.007 -.004 .020*
-1 (.012) (.005) (.004) (.004) (.004) (.004) (.010)
10g(ay)e_1 -.329%%* 366%%*  636*** 721K .786%** 949%¥* ] 334%%x*
(.110) (.069) (.051) (.062) (.053) (.071) (.140)
Trend -.001 -.002 -.003** -.005%** -.007%** -.008%** -.002
(.003) (.001) (.001) (.001) (.001) (.002) (.004)
Unemp. rate -.040 .066 .003 .000 .037 -.027 -.244**
(.089) (.044) (.040) (.044) (.049) (.058) (.109)
R-squared 314 .677 .789 .808 .873 .855 .871

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(purchase mortgage originations) by credit-score group: log(u,a,);;-

Sample periods: January 2003 — June 2007 and July 2009 — September 2014.

Data sources: Mortgage originations calculated from LPS / Black Knight and Home Mortgage Disclosure Act (HMDA) data; applications

per mortgage employee calculated from Home Mortgage Disclosure Act (HMDA) and Bureau of Labor Statistics (BLS) data; mortgage

applications from Home Mortgage Disclosure Act (HMDA) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 7: Credit Scores on Prime GSE Purchase Originations (Price Measure of Capacity Utilization)

July 2009 -
Sep. 2014 Purchase Originations Refinance Originations Purchase-Refinance
Constant 699.56%** 676.76%** 22.79***
(.32) (1.23) (1.32)
(frm —mbs),_, 6.84** 32.88%** -26.03**
(3.28) (11.33) (12.26)
Trend 11 .29 -.18
(.07) (.35) (:37)
A House prices 12.41 -130.36** 142.77%**
(9.96) (51.03) (50.12)
A Mtg rates -1.78 -1.49 -.29
(1.08) (3.93) (4.25)
Unemp rate 5.85%** 11.14%* -5.30
(.92) (4.41) (4.76)
R-squared .889 .867 752
Jan. 2003 -
June 2007 Purchase Originations  Refinance Originations  Purchase-Refinance
Constant 644.78*** 638.15%** 6.63%**
(.57) (.77) (:58)
(frm —mbs),_, -9.10 28.05 -37.15*
(14.04) (21.37) (18.60)
Trend .05 -.20 .25
(.19) (.20) (.16)
A House prices 49.08%** 4.18 44.90***
(14.06) (14.67) (12.70)
A Mtg rates -1.05 -5.11%** 4.06***
(1.38) (1.83) (1.40)
Unemp. rate 2.34 -5.69 8.02
(4.02) (5.36) (5.32)
R-squared .581 752 .815

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: 10t-percentile credit score: (1 — w),.

Sample periods: January 2003 — June 2007 and July 2009 — September 2014.

Data sources: 10t-percentile credit scores calculated from LPS / Black Knight data; mortgage-rate spread
calculated from Freddie Mac, Optimal Blue (formerly LoanSifter) and Barclays data; house prices changes
calculated from Corelogic data; mortgage rates calculated from Freddie Mac and Optimal Blue (formerly

LoanSifter) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 8:

Prime GSE Purchase Mortgages (Price Measure of Capacity Utilization)

July 2009 - Credit Score
Sep. 2014 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 11.586* -1.783 -4.824** -6.285%* -8.133%** -6.796%** -4.393%*
(6.741) (1.517) (2.301) (2.496) (2.731) (2.437) (2.057)
(frm —mbs),_, -.513 -.533%** -.206** -.089 .058 .149%* .215%**
(.341) (.089) (.101) (.097) (.085) (.072) (.067)
log(ay)i—1 2.596%** .905%** 1.066*** 1.200%** 1.262%** 1.065%** .858***
(.533) (.091) (.139) (.146) (.161) (.147) (.126)
Trend - 115%** .004** .007** .006* .009*** .017%** .012%**
(.011) (.002) (.003) (.003) (.003) (.003) (.002)
Unemp rate -1.688*** -227%** - 121%** -.084* .003 .080* .101%**
(.142) (.027) (.036) (.048) (.046) (.041) (.033)
R-squared .700 .933 .900 .861 .845 .813 .812
Jan. 2003 - Credit Score
June 2007 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 14.071%** 6.188%** 2.987*** 2.349%* 1.821* -.212 -6.545%*
(1.647) (1.069) (.808) (.946) (.941) (1.048) (2.490)
(frm —mbs),_, .045 -.430%* -.242% -.234% -.320%* -.270 463
(.314) (.161) (.125) (.127) (.133) (.167) (.426)
log(ay)e—s -.320%** .352%** .607%** .685%** T49%** L911%** 1.348%%*
(.100) (.073) (.052) (.059) (.054) (.071) (.158)
Trend -.001 -.002 -.003** -.006*** -.008*** -.009%** -.001
(.003) (.002) (.001) (.001) (.002) (.002) (.004)
Unemp. rate -.045 .083* .021 .020 .060 -.005 -.262%*
(.105) (.049) (.042) (.044) (.045) (.055) (.125)
R-squared .315 .648 .795 .815 .879 .859 .868

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(purchase mortgage originations) by credit-score group: log(u,a,) ;-

Sample periods: January 2003 — June 2007 and July 2009 — September 2014.

Data sources: Mortgage originations calculated from LPS / Black Knight and Home Mortgage Disclosure Act (HMDA) data; mortgage-rate

spread calculated from Freddie Mac, Optimal Blue (formerly LoanSifter) and Barclays data; mortgage applications from Home

Mortgage Disclosure Act (HMDA) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 9: Prime GSE Purchase Originations (Additional Purchase Application Lag)

July 2009 - Credit Score
June 2014 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant -6.049 -5.215%** -7.894%** -8.836%** -10.352*** -8.398*** -5.465%**
(8.500) (1.425) (2.398) (2.549) (2.538) (2.129) (1.652)
(ay/L) -1 -.074* -.059%** -.026%* -011 .006 017** .025%%*
(.040) (.008) (.011) (.011) (.010) (.008) (.007)
1og(ay)e_1 2.026%** .510%** .596*** WZVARE T78*** .634% % A96***
(.652) (.140) (.141) (.137) (.133) (.129) (.132)
log(ay)e—; 812 524% % .638%** 620%** 656%** 5g2*x* A90***
(.852) (.149) (.130) (.139) (.120) (.119) (.125)
Trend -.110%** .007*** .008** .007 .009** .010*** .011%**
(.011) (.003) (.003) (.004) (.004) (.003) (.002)
Unemp rate -1.540%** - 117%** -.067 -.055 .002 .058 .064
(.169) (.044) (.055) (.066) (.060) (.050) (.039)
R-squared 718 .959 .932 .894 .882 .856 .849
Jan. 2003 - Credit Score
June 2007 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 14.191%** 5.366%** 1.852** .988 .376 -1.881* -7.711%**
(2.050) (1.016) (.832) (1.010) (.944) (1.084) (2.554)
(ay/L) -1 -.001 -.016%** -.003 -.000 -.004 .000 027%%*
(.013) (.005) (.004) (.004) (.005) (.004) (.009)
10g(an)e_1 -351%* .286%** A34%%* AB5*** .536*** .625%** 788***
(.149) (.078) (.062) (.067) (.075) (.082) (.150)
log(ay)e—; 023 114 .249% %% 313%%* .309%** A00*** B55*H*
(.142) (.078) (.075) (.083) (.095) (.105) (.170)
Trend -.001 -.002 -.003** -.005%** -.007*** -.008%** -.002
(.003) (.001) (.001) (.001) (.002) (.002) (.004)
Unemp. rate -.038 .071 .008 .006 .043 -.021 -.240**
(.092) (.045) (.041) (.045) (.049) (.059) (.112)
R-squared .315 .673 .805 .829 .886 .874 .891

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(purchase mortgage originations) by credit-score group: log(u,a,);;-

Sample periods: January 2003 —June 2007 and July 2009 — September 2014.

Data sources: Mortgage originations calculated from LPS / Black Knight and Home Mortgage Disclosure Act (HMDA) data; applications
per mortgage employee calculated from Home Mortgage Disclosure Act (HMDA) and Bureau of Labor Statistics (BLS) data; mortgage

applications from Home Mortgage Disclosure Act (HMDA) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Table 10: Prime GSE Purchase Mortgages (Ratio Specification)

July 2009 - Credit Score
Sep. 2014 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant 30.934%** -4.835%** -4.807*** -4.009** -4 558*** -5.559%** -5.747%**
(5.528) (.799) (1.147) (1.530) (1.437) (1.018) (.684)
(ar/L)¢-1 -.059 -.064%** -.029** -.012 .005 .015* .020%**
(.042) (.009) (.011) (.011) (.011) (.009) (.007)
Trend - 115%** .007*** .008** .006 .008* .010%** .011%**
(.016) (.002) (.003) (.004) (.004) (.003) (.002)
Unemp rate -1.612%** -.114%%* -.070 -.065 -.010 .054 .070**
(.227) (.039) (.052) (.068) (.063) (.046) (.033)
R-squared .621 .945 .897 .818 .754 .708 .735
Jan. 2003 - Credit Score
June 2007 <=620 621-680 681-710 711-740 741-770 771-790 >790
Constant -6.049 -3.796** -3.034%** -2.466*** -2.043%** -1.591%** -1.091
(3.683) (1.595) (.896) (.746) (.557) (.571) (.964)
(ar/L)¢-1 .044* .004 .008 .007 .001 -.001 .012
(.023) (.011) (.009) (.007) (.006) (.004) (.012)
Trend .005 .001 -.001 -.004 -.006*** -.008*** -.003
(.014) (.006) (.003) (.003) (.002) (.002) (.003)
Unemp. rate .168 .165 .059 .042 .069 -.022 -.305%**
(.327) (.135) (.081) (.067) (.051) (.060) (.105)
R-squared .252 486 .543 725 .863 .798 .518

Heteroskedasticity-autocorrelation consistent (HAC) standard errors in parentheses.

*, *¥* and *** denote statistical significance at the 90%, 95%, and 99% confidence levels.

Dependent variable: log(purchase mortgage originations / purchase applications) by credit-score group: log(u,a,);; —log(a,)¢_1-

Sample periods: January 2003 — June 2007 and July 2009 — September 2014.

Data sources: Mortgage originations calculated from LPS / Black Knight and Home Mortgage Disclosure Act (HMDA) data; mortgage applications
from Home Mortgage Disclosure Act (HMDA) data; applications per mortgage employee calculated from Home Mortgage Disclosure Act

(HMDA) and Bureau of Labor Statistics (BLS) data; unemployment rate from the Bureau of Labor Statistics (BLS).
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Figure 1A: Purchase Applications and Originations
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Figure 1B: Refinance Applications and Originations
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Source: Home Mortgage Disclosure Act (HMDA) data and authors’ estimates.
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Figure 2A: GSE Purchase Originations by Credit Score (Low Credit Scores)
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Figure 2B: GSE Purchase Originations by Credit Score (High Credit Scores)
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Source: Authors’ estimates from Home Mortgage Disclosure Act (HMDA) and LPS / Black Knight data.
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Figure 3: 10"-Percentile Credit Scores on GSE Originations
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Source: Calculations from LPS / Black Knight data.
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Figure 4A: Refinance Applications vs Mortgage-Related Employees
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Figure 4B: Capacity Utilization
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Source: For mortgage employees, Bureau of Labor Statistics (BLS); for refinance applications, Home Mortgage Disclosure Act (HMDA) data;

for fixed-rate mortgage rate, Freddie Mac and Optimal Blue (formerly LoanSifter) data; for MBS yield, Barclays.
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Figure 5A: 10'™-Percentile Credit Scores on Purchase Originations vs Capacity Utilization
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Figure 5B: 10"-Percentile Credit Scores on Refinance Originations vs Capacity Utilization
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Source: For mortgage employees, Bureau of Labor Statistics (BLS); for refinance applications, Home Mortgage Disclosure Act (HMDA)
data; for 10t-percentile credit scores, LPS / Black Knight data.
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Figure 6A: Purchase Applications by Credit Score (Low Credit Scores)

20,000
,,“\\",/"\\\
16,000 -} e S
//
/
/
/
- /I
12,000 - P N /
e T / AN —
/ \ P 7 - \\
d \\ ad / ~,
Ve ~ - / ~
, —~—\ \,/
’ 7 N N /
8,000 - r— - /
. / -~ /
// \\ /,/
7 N/
//
4,000 -
/_——
O T T T T T T T T T T T T T T T T T T T T
NENENENENENENBNBNRNRNRNRNR NN AR ARSI N
STl PN el R gl R At TN agt Pl S g NP s R Sl
Q7 QY. Q8 O, 9,90 S O VNN Q7 QY o~ & O O O S\ O
NI N FNE RN N NV NN N M N NN
DS S S S U S S S S N S S S S S S S S
| <=620 ---- 621-680 ——- 681-710 |

Figure 6B: Purchase Applications by Credit Score (High Credit Scores)
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Source: Estimates based on Optimal Blue data, and does not contain lender or customer identities.
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