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Abstract: This paper uses results from the Homeowner Affordability Modification Program

(HAMP) to estimate a model of mortgage default using a sample of modified loans from 2010Q4

from nine large US MSA’s. Simulations are able to reasonable replicate default patterns and

characteristics across the MSA’s. Counterfactual experiments testing the effectiveness of HAMP

at varying generosity levels indicate HAMP reduces potential default rates among its partici-

pants by roughly half over the first thirteen months of modification, however half gains could

still have been achieved with a HAMP target DTI rate of 39%. Using simulated data, HAMP

modifications are estimated to have induced an extra 19,458 mortgage payment over this thirteen

month period, compared to a modification which would have simply made borrowers current. A

back-of-the-envelope calculation suggest these gains came at a cost of $92 million to HAMP.



Introduction

Between 2005 and 2011 foreclosure rates in the United States sky-rocketed, jumping nearly

tenfold from 0.48% to 4.29%. Given that the US government backs $12 trillion in residential

mortgages and recently bailed out mortgage insurers Fannie Mae and Freddie Mac to the tune

of $154 billion while committing another $75 billion to the Making Home Affordable program,

mortgage default is an important issue of current economic and public policy debate.1 The largest

component of the Making Home Affordable program is the Homeowner Affordability Modification

Program (HAMP), which seeks to reduce mortgage default by modifying mortgage terms of

distressed homeowners. Little research has been done to investigate HAMP’s effectiveness and

impacts on default rates. This paper offers an initial look at HAMP’s effectiveness and expands

previous empirical mortgage default research by first proposing a theoretical mortgage default

model and then structurally estimating the dynamical model using short-term results HAMP.

Key in the fight against the flood of mortgage defaults has been the use of mortgage modifications.

While HAMP has been a major source of these modifications, millions of additional mortgages

have received modified terms independently from lenders. Much debate has arisen in the press

as well as in academia as to the best use of modifications and their overall effectiveness. For

instance, there has been much debate on the use of principal forgiveness in modifications. As

stated earlier, negative equity is a necessary condition for default, so certainly forgiving principal

will lower default rates. However lenders have been reluctant to do so, claiming it is not in their

best interest. Notably Edward DeMarco, the director of the Federal Housing Finance Agency

has not allowed loans back by Fannie Mae and Freddie Mac to be written down, infuriating

many. US Representative Elijah Cummings has gone as far as to say DeMarco is “the largest

hurdle standing between our nation and the recovery of the housing market”.2 At the heart

of the tension is a lack on knowledge on the differential impacts of various modifications. A

mortgage contains several elements: an interest rate, amortization term, and balance at the very

least, and many more recent ones have additional complexities such as adjustable interest rates,

balloon payments, and optional payment amounts. Choosing the most effective, yet least costly,

variable to modify and to what extent is a difficult task. Since modifications are a relatively

new phenomenon, lengthy panel data on results of various modification techniques does not

1Foreclosure information from Lender Processing Services, http://www.lpsvcs.com/
LPSCorporateInformation/ResourceCenter/PressResources/MortgageMonitor/201110MortgageMonitor/
LPSMortgageMonitorOctober2011.pdf. Other information from Wikipedia http://en.wikipedia.org/
wiki/2007_subprime_mortgage_financial_crisis#cite_note-179 and USA today http://www.usatoday.
com/money/economy/housing/2010-10-21-fannie-mae-freddie-mac-bailout_N.htm. Note that HAMP is
included in Making Home Affordable program.

2http://www.bloomberg.com/news/2012-05-17/principal-reductions-won-t-solve-u-s-mortgage-mess.html
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exist, so decisions must be made on a combination of theory, short-term evidence, and common

sense. HAMP has chosen to implement a modification procedure which targets the monthly

payment levels to be an “affordable” percentage of a participants income, potentially utilizing all

variables in the mortgage. Beginning in October 2010, HAMP even began to encourage use of

principal reductions in these modifications. The effectiveness of these modifications have yet to

be convincingly analyzed, though some recent attempts, such as Haughwout et al. (2009), have

begun this line of research.

This paper uses data from the Homeowner Affordability Modification Program to structurally

estimate a dynamic model of mortgage default which incorporates local rental conditions, default

costs, and a monthly preference shock. This model treats the mortgage as an asset with a put

option while assuming full knowledge of the house price disposition path. Empirically, the

paper uses observed mortgage payment decisions of a sample of HAMP modification begun

in the fourth quarter 2010 from nine metro areas over a thirteen month period. This data

is then fit to estimate underlying parameters in the borrowers default decision. Simulations

run using parameter values from the estimation are able to reasonably replicate default levels,

patterns, and defaulter characteristics. Counterfactual simulations are then run, and suggest

HAMP modifications reduced default rates over a thirteen-month period by nearly half compared

to a no-HAMP scenario. Additionally these simulations imply that a four percent increase in the

target debt-to-income ratio in HAMP would have increased default rates by 3%. A cost-benefit

analysis of these HAMP benefits is not yet available, however these non-negligible effects were

likely a significant positive benefit to HAMP participants. While the model makes many key

assumptions which could potentially be relaxed in future research, it provides a solid empirical

framework for mortgage default research to build on.

HAMP Overview

The Homeowener Affordability Modification Program was designed in the wake of record-setting

levels of mortgage default and foreclosure which occurred in the US between 2006 and 2009.

HAMP was created to reduce the burden of mortgage payments for homeowners having diffi-

culty making payments.3 In particular, HAMP was designed to modify current mortgage terms

so that monthly payments are thrity-one percent of current gross monthly income. HAMP en-

tices lender participation in the program by offering to subsidize a portion of the decrease in

monthly payments, along with a couple bonus payments for good performance. Aside from more

favorable mortgage terms, borrowers also receive a $1,000 reduction in mortgage balance after

3Cordell et al. (2009)
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each of the first five years in the program, provided they made timely payments. HAMP began

accepting applications in March of 2009, and after a recent extension, will continue accepting

new applications through December 2012.

The HAMP modification procedure begins by mandating the new mortgage is a fixed-rate mort-

gage, capitalizing all outstanding delinquent interest and escrow, or other advances, and the loan

be cured to current status. The HAMP modification process then follows a “waterfall” structure.

That is, until the target payment level is reached, a mortgage component is altered until either

a threshold value for that component was met, or the target payment level is achieved. The

waterfall begins by reducing the interest rate to a minimum value of two percent, then increased

the remaining mortgage term to a maximum of 40 years or 480 months, and finally reduced

the outstanding balance by forbearing a portion of the balance to a maximum of thirty percent

of the pre-modification balance.4 This forbeared section is non-interest bearing and is due as

a lump-sum payment whenever the mortgage is paid off in full, either at sale or at the end of

the mortgage term. For modified interest rates below current market value, after five years the

modification will increase the interest rate to the market interest rate at the time of modifica-

tion in annual one-percentage point steps. Mortgage servicers are required to use this waterfall

procedure to determine the new modification terms as long as there were no legal complications

from securitized loan servicing agreements, however servicers did have the option to make the

modification more generous than the waterfall dictated (for instance, if the HAMP modification

reduced the interest rate to three percent, the servicer had the option to lower the rate to two

percent).

Aside from having currently monthly mortgage payment greater than thirty-one percent of cur-

rent monthly income, and a first lien mortgage on an owner-occupied with a balance under the

conforming loan limit of $729,000, the other major requirement for acceptance into HAMP is

passing a net present value (NPV) calculation. Technical details on the base NPV model are

available to the public: https://www.hmpadmin.com/portal/programs/docs/hamp_servicer/

npvmodeldocumentationv4.pdf. In short, the NPV model predicts the value of the mortgage

to the servicer in the event of modification and in its absence and determines whether it is in

the servicers interest to perform the modification.5 A positive NPV calculation requires that the

servicer offer the HAMP modification to the applicant if all other program requirements are met.

A negative NPV calculation leaves this offer to servicer discretion. Among report values, 13% of

4Beginning in October 2010, an alternative waterfall, which emphasized principal forgiveness, was introduced
as well. However modifications which were forced to use this waterfall are ignored in this paper.

5Servicers could alternatively create a custom NPV model to evaluate applications, however this model had
to be cleared by the Treasury Department.
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eligible HAMP applications returned a negative NPV value, and of these 52% were still offered

a modification.

Accepted HAMP modifications begin with a trial phase, lasting three or four months, before

becoming official. During this trial phase, the borrower must stay current on the new mortgage

payments, otherwise is dropped from the program. After becoming official, the modification is a

new legal contract, replacing the original mortgage, and subject to the same laws and regulations

as a normal mortgage contract. Servicers are required to report monthly status updates on all

HAMP participants to the Treasury Department. If a HAMP modification becomes 90 days

delinquent, they are dropped from the program and the borrower and lender lose all potential

future incentive payments.

Theoretical Model

The classic mortgage default model proposed by Kau et al. (1994) treats the mortgage as an

asset in a friction-less world, and solves for a threshold home value the property must meet

given a set of mortgage terms, house price expectations and a market interest rate. However this

model ignores any consequences of this default by allowing a borrower to simply walk away and

purchase another home right away, aside from other potential negative consequences. Recent

work by Guiso et al. (2009) has shown this to be an egregious assumption, finding that many

borrowers impose significant moral and social costs to default. Campbell and Cocco (2011)

improves the Kau et al. (1994) model by incorporating income shocks to influence the payment

decision. However, this richer model becomes much more difficult to estimate empirically.

This paper builds on this research by modeling the mortgage as a asset, but allows the borrower to

be hit with period preference shocks which induce default. To begin with, the model assumes that

for each period an agent lives in a home of size H, they receive a consumption value proportional

to the home size, δH. Housing consumption is assumed separable from all other consumption

choices, and a linear utility function on total consumption is imposed. Thus, an agent with

income level I who lives in a home of size H with monthly payment PI, the period utility is

simply:

U(HI) = δH + (I − PI)

Imposing this linear, separable utility function has several benefits. Mainly, it simplifies the

consumption choice decision. Consumption decisions do not depend on income level, and with

no borrowing constraints, a person’s choice to default on their home is independent of income

and other consumption. This allows us to ignore both these elements completely, easing compu-
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tational burden.

Assuming a linear utility function also allows us to treat the home in a typical asset pricing sense.

That is, ownership of the housing asset, H, entitles to borrower to receive periodic dividend

payments, ∆, allowing us to value of the mortgage to be

V (H) =
∞�

t=1

β
t−1∆t

where β is the discount rate. Given the high levels of negative equity many of these modifications

start from, along with the short time period we are able to observe borrowers in the data,we

ignore the decision to sell the home in this model. However the model does include the option

to default each period, included as an American-style put option:6

V (H, 1) = max
L�=1,L�=0

{∆,−cH}+ βV (H �
, L

�)

V (H, 0) = 0

where L is current occupancy status (1=living in home, 0 = renting), and c is a default cost

incurred by the borrower represented as a fraction of the home value. The model also assumes

that once a borrower defaults, they move to the rental market and remain there forever. The

rental market is assumed to exist at a market equilibrium where each period a borrower buys

the dividend stream of a home for exactly its utility value. Thus the value of renting, compared

to owning a particular home, is normalized to zero. 7

Valuing the American put option, which requires solving the optimal exercise decision path,

has been a difficult question in financial literature.8 The mortgage default decision is further

complicated and distinct from the financial asset literature because of the potential, and likely,

case of negative dividends. That is, the periodic dividend a borrower receives, ∆, is defined in

the model as the net exchange of payments a borrower receives from living in the home that

period. So if a borrower receives consumption value δH from living the home, and must make

total PITIA payments on the home of γ, the period dividend the borrower receives is ∆ = δH−γ.

PITIA is an acronym for the primary housing payments a homeowner must make: (P)rincipal and

6An American put option being defined as the option to exercise the put at any period up to a final point, as
opposed to the European put which can only be exercised at a singular point in time.

7While the model does not necessarily need specify where the borrower lives after default, the important
assumption is that there are no gains in housing versus other consumption in this market. Additionally assuming
the borrower is offered another mortgage contract after the initial default with terms that make him indifferent
to renting and owning would not change their decision process.

8Notable research on the topic includes Merton (1973) and Geske and Johnson (1984).
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(I)nterest payments (i.e. the mortgage payment), real estate (T)axes, homeowner’s (I)nsurance,

and (A)ssociation dues and fees. Note that γ is time-dependent. Since we assume both the home

and borrower live for an infinite number of periods, and a given mortgage contract will only last

T periods, after the final period of the mortgage contract, the borrower expects to continue to

receive δH each period afterwards without having to make additional mortgage payments, PI.

Thus, the value of a mortgage contract on home H, with monthly payments, γ, and t periods

remaining on the contract is:

V (H, 1, t) = max
L�=1,L�=0

{∆,−cH}+ βV (H �
, L

�
, t− 1)

V (H, 1, t) = max
L�=1,L�=0

{δH − γ,−cH}+ βV (H �
, L

�
, t− 1)

V (H, 1, t) = max
L�=1,L�=0

{δH − PI − TIA,−cH}+ βV (H �
, L

�
, t− 1)

V (H, 1, 0) = max
L�=1,L�=0

{δH − TIA, δH − cH}+ βV (H �
, L

�
, 0)

V (H, 0, t) = 0

Note that, given the delay between when the default decision is made and when the homeowner

must leave the home, the model allows the borrower to receive housing consumption in the

period default occurs before being moved to the rental market.9 Also note that the model does

not explicitly include any upkeep or investment costs to maintain a home, but these costs are

assumed to be absorbed into δ and the home value H. These investment costs could add another

degree of complexity to the decision process, if for instance a home is allowed to deteriorate

by ignoring investment costs before default, however this problem is considered of second-order

importance to the overall decision process.

Given the complexity of valuing the default option, this paper simplifies the value function by

assuming full knowledge of the future home price disposition path. While this is a restrictive

and unrealistic assumption, especially given the current volatility of the housing market, it

gives allows us to study how much of the current default decisions can be explained without

attributing behavior to a game where the borrower is waiting for house prices to rebound. In the

model, ceterus perebus, adding uncertainty to the house price path would cause the borrower

to wait longer before deciding to default. In place of house price uncertainty, the borrower can

be induced to default in any given period by receiving an iid preference shock, ηt, keeping the

9In reality, the time between when a borrower stops making payments and when they are removed from the
home can be substantial, and depends on state laws and efficacy of the court system among other things. For the
purposes of this modeling, these rent-free months are captured by the default cost, c, which could potentially be
positive or negative.
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current mortgage contract versus moving to the rental market:

V (H, 1, 0) = max
L�=1,L�=0

{δH − γ + ηt, δH − cH}+ βE[V (H �
, L

�
, 0)]

So each period the borrower solves the dynamic programming problem by calculating a cutoff

value for the preference shock, η
∗, such that if ηt ≥ η

∗ the borrower will make a mortgage

payment in period t, and otherwise will default. Solving for η∗ is straightforward:

η
∗ = (δH − cH + βV (H �

, 0, t− 1))− (δH − γ + βE[V (H �
, 1, t− 1)])

= (δH − cH)− (δH − γ + βE[V (H �
, 1, t− 1)])

= −cH − γ − βE[V (H �
, 1, t− 1)])

where the expectation of future value merely considers the probably reaching future period

preference shock cutoffs and their corresponding values. The preference shock is assumed drawn

from a mean-zero distribution Fη(0, σeta), constant across borrowers and time.10

While assigning any real meaning and interpretation to the preference shock is difficult and

a drawback of this approach, using a preference shock is a simplistic way to incorporate the

income shocks used in the Campbell and Cocco (2011) paper and presents a starting point which

future research can improve upon. Potential sources of this shock can include typical “trigger”

shocks mentioned in housing literature such as unemployment, illness, and divorce, along with

also potential shocks like short-term liquidity constraints, a moving preference shock, and shocks

to expectations of future home values. While some of these shocks may be persistent, and the

preference shock is iid, we can simply consider this shock to be the discounted present-value

of receiving a potentially persistent shock. Additionally, while the default model began by

comparing the mortgage default decision to a financial put option, it should be noted that an

important difference between the mortgage and a typical financial asset is that the mortgage itself

is not tradeable only the underlying housing asset is tradeable. This is typically an arbitrary

distinction, but given the out-of-market-equilibrium mortgages assigned in HAMP, exercising

the default option on the mortgage does not simply reallocate ownership of the mortgage, but

instead extinguishes the mortgage completely. This makes mortgage valuation in the context

individual-specific, the thinnest of markets, and thus susceptible to large swings in valuation.

Now that the underlying default model has been specified, it is straightforward to incorporate how

10The mean-zero assumption is imposed since any persistent non-zero shock should be absorbed into the
periodic housing consumption value.
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the HAMP modification program attempts to reduce borrower default. HAMP lowers the burden

of γt, increasing the dividend payment ∆, and lowering the preference cutoff threshold η
∗. To

formally lay out the HAMP modification procedure, define the mortgage contract, M(B,R,T,F),

as composed of four elements: the balance (B), interest rate (R), term length (T), and a forbeared

amount (F). These elements combine to generate monthly principal and interest payments, PIt,

where PIt = B
R

1−(1+R)−T ∀t �= T , with PIT = F + PIT−1. Each period a borrower makes a

payment, the mortgage balance evolves according to:

B
� = (1 +R)B − PI

Valuing a HAMP modification is possible, though computationally difficult, in this model as

the difference in monthly payments must be weighted by the probability of defaulting each pe-

riod. Broadly speaking, lowering the interest rate, R, simply lowers the payment required each

period. Extending the mortgage term, T, also lowers the required monthly payment, but also

requires more total payments. Thus interest rate reductions are superior term extensions from

the borrower perspective. That is, given an initial mortgage M(B,R,T,F) with monthly payment

PI that is modified to M(B,R,T’,F) with monthly payment PI’, there exists an equivalent rate

reduction modification M(B,R’,T,F) with PI’, where the difference in valuing the modifications

is the discount sum of extra payments required in the term extension:
�

T
�

t=T+1 β
tPI�, weighted

by the probability of default. Similarly, interest rate reduction modifications are superior to for-

bearance, as the same number of payments are required, only the final payment for a forbearance

modification requires a large lump-sum amount. The relationship between term extensions and

forbearance modifications is not clear, however it is highly likely that absolving the borrower of

paying interest on a fraction of the mortgage through forbearance is preferred to simply manip-

ulating time frame over which the mortgage must be paid. Granted, a true valuation of these

terms must include looking at the current and expected future market interest rates, adding of

complexity to the problem, this aspect is assumed captured in the preference shock. It should

also be noted that these modification comparisons are purely from the borrower perspective.

Solving the optimal cost-benefit analysis of a mortgage modification in this framework from the

lender or societal perspective is saved as a potential source of future research.

Data

Data for the HAMP program comes from the Making Home Affordable (MHA) dataset, updated

monthly by the US Treasury Department. HAMP has continuously accepted applications since
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March 2009, and the MHA dataset contains a record for each application into the program along

information with its current loan status and history. As of March 2012, HAMP has extended over

2 million trial plan offers, and roughly 800,000 official modifications are still making payments.11.

To estimate the mortgage default model, data from MHA on the modification terms, original

mortgage terms, location, home value, income, real estate taxes, home insurance, association

dues and fees, and dates of modification, default, and appraisal are used. In particular, all mort-

gage terms, including outstanding balance, interest rate, amortization term, forgiven balance,

forbeared balance, and monthly payment amount both before and after the modification are

observed.12 The term “default” is used loosely here throughout this paper. What is observed in

the HAMP data is whether the modified loan is still actively making payments, or has been dis-

qualified from HAMP. Disqualification of an official modification only occurs after the borrower

becomes ninety days delinquent on their mortgage.13

Given the size of the dataset, with roughly 1.6 million trial modifications begun, the sample is

pared down to make estimation feasible. In particular the sample is restricted to official modi-

fications which began in the fourth quarter of 2010. This is an attractive time period to study

since most of these modifications began their trial period after June 2010, when new HAMP

guidelines were imposed which made the applications and trial process operate more smoothly,

however these trial modifications were also begun before October 2010, when the new Principal

Reduction Alternative waterfall structure was introduced. Additionally, to reduce the number of

estimated paramters, estimation is focused to the nine largest MSA’s which began modifications

during this time: Los Angeles, New York City, Chicago, Miami, Las Vegas, Phoneix, Philadel-

phia, and San Francisco. These nine metro areas contain 60 percent of the official modifications

began in the quarter. Several other filters were applied to ensure data quality and eliminate

outliers.14

These filters leave a sample of 19,441 mortgages observed for just over a year. Of this sample,

2,922 or 15.0%, default by March 2012. An overview of demographic and background character-

istics of HAMP participants is in Table 1. Summary statistics of the modification terms, split

11March 2012 Making Home Affordable Report: http://www.treasury.gov/initiatives/
financial-stability/results/MHA-Reports/Documents/Mar%202012%20MHA%20Report%20Final.pdf

12However, note that pre-modification terms are rounded off to help preserve borrower identity.
13This is the point at which lenders can begin foreclosure proceedings, and is often referred to as default.

However what the lender ultimately chooses to do after this point is not observed in the MHA data.
14These filters include an per-modification interest rate less than 15 percent, home value greater than $50,000,

amortization term greater than 3 years, forbearance less than 30 percent of the balance, reported taxes, insurance,
and dues less than 85% of monthly mortgage expenditures, and a home appraisal date within 9 months of the
official modification date.
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according to default status at the end of the period, are in Table 1, and split by MSA in Table

2.

Other data utilized in the estimation are the FHFA All-Transaction House Price Index and

Moody’s reported rent-to-price ratio’s. The All-Transaction House Price Index is reported quar-

terly based on sales and appraisal data for 384 metro areas and all 50 states in the US, and is

available through 2011Q4. The index data for the nine MSA’s from the beginning of HAMP to

present are shown in Figure 1. The rent-to-price ratio reported by Moody’s offers to ratio of

sales price of homes to the annual rent of similar homes in 72 specific metro areas in the US, as

well as metro areas in general and the US as a whole. These values are used to define δ in the

model for each geographic location. Values are taken as of the third quarter of 2010, right before

our sample begins their modification, and is assumed constant throughout the time period.

Empirical Implementation

Outline

Empirically implementing the theoretical default model using data from the HAMP program

starts with switching from an infinite horizon model to a finite horizon model, where the prefer-

ence cutoffs are then solved recursively from a terminal period. While this limits the interpretabil-

ity of the estimated parameters and the ability to forecast future defaults, it does however reduce

the restrictiveness of not considering selling the home in the borrowers decision. As mentioned

earlier, the decision to default is not directly observed; only when a borrower becomes three

months behind on the mortgage reported in the data. Since it takes a minimum of three months

to default, the default decision is assumed to be made three months before it is observed. Given

the transition rates often observed between being current and three months behind in other data,

this is not a forceful assumption. This lag reduces the number of decision periods observed in the

data. Additionally, for consistency, observations in the last periods of the November of October

vintage modifications are ignored so that each observation is observed for the same length of

time, thirteen periods. The estimated parameters of the model are coefficients on variables in

the terminal value period, while all other information in the model is either taken from data or

selectively chosen. Given a set of parameter values, a sequence of preference cutoff values are

determined for each observation and then the likelihood of the observed sequence of choices are

calculated. Then overall likelihood of observing the data is then maximized with a choice of the

estimated parameter vector to produce the results. This procedure is run separately for each of

the nine MSA’s considered, and then with the full sample, and including a MSA-specific term in

the terminal value function.
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Terminal Value

The terminal value in the default decision is modeled as a lump-sum payment received by the

borrower conditional on remaining current through the first thirteen periods. This value is

assumed to be a function of borrowers mortgage terms, home value, and a location-specific

constant:

VT = α0 + αR + αT + αF + αH−B−F (1)

Thus α is composed of 5 elements: the 5 terminal value parameters, a constant, interest rate,

term length, forbearance amount, and equity amount. The α vector is then identified through

the distribution of these terms among those who remain current throughout the observation

period and those who default. While the most accurate terminal value calculation would leave

this functional form as flexible as possible, this formulation imposes a linear function on each

element with no interaction between variables. This may not be ideal, but eases computational

burden significantly. Result should be considered in this context; this is how much a simple

model can explain default behavior in the HAMP program.

Default Cost

The default cost is imposed in the model as a percentage of the home value, and is meant

to incorporate all potential costs or benefits associated with the default decision. This can

include credit score changes, expected legal fees, moral and social costs and months of free-rent

in the home. The default cost is estimated in the model, and is identified by comparing the

home values of defaulters versus non-defaulters, after account for other mortgage terms. Little

research has attempted to estimate the size of this cost, however Bhutta et al. (2010) finds the

median defaulting borrowers has negative equity of -62% as a rough calculation of the full cost

of exercising default.

Home Values

The MHA data reports home appraisal value given in the HAMP application, rounded to the

nearest $100, and provides the date on which the appraisal was taken. Using the FHFA house

price data, the value for the home in each of the observation periods is then imputed. Since FHFA

data are quarterly, while decision occurs monthly, the home values are first computed quarterly,

then are converted monthly by assuming each quarter is centered on the middle month (February,

May, August, and November), and intervening months assume a linear growth path. Time-series

data of the FHFA house price index for the nine MSA’s through 2011Q4 is shown in Figure

BLANK.
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Housing Consumption

The consumption value from a home of size H, δH, is inferred using reported price-to-rent ratios

for each of the MSA’s. The price-to-rent ratio is a measure of what the rental price of a property

of size H would be, and thus gives an indication of what the consumption value of the home is

each period. Price-to-rent ratio values for each MSA are taken from a 2010Q4 Moody’s report,

and assumed constant over time and independent of home size.

Preference Shock

The preference shock, η, is drawn iid from a zero-mean distribution F (0, σeta). Since the data

contain no information on this shock, distributional assumptions must be imposed. The shape

of the function F is assumed normal, F = N(0, ση), with ση = 4, 000. Assuming, as opposed

to estimating, the magnitude of variance of the preference shock limits the interpretation of

parameter sizes, however should not affect comparison of parameters. In other words, the value

of αR may be affected by the choice of ση, however
αR
αT

should be independent of this choice.

Discount Rate

The discount rate β is estimated in the model and presented at an annual rate. Since the model

leave out expectations of house prices, β is the main source of inter-temporal differences, and

thus should incorporate underlying beliefs of variance of house prices. Estimated β values are

much lower than typical life-cycle models use. Imposing a more standard discount rate, such as

0.96, causes simulated default patterns to shift the distribution of defaults earlier.

Measurement Error

As a check on the data quality of the MHA data, a portion of the data was linked to an alternative

data source, the Corporate Trust Services (CTS) data, and analyzed. Details of this linking

process are provided in the Appendix. One advantage of the CTS data is that it report monthly

payment activity as opposed to simply when the loan becomes disqualified from HAMP, as the

MHA data does. Since mortgages are required to be disqualified from HAMP after becoming

three payments behind, a test for possible measurement error in the MHA data is comparing when

the CTS data show the mortgage should have been disqualified versus when MHA reports that

same mortgage being disqualified. The distribution of differences between the MHA reported date

and CTS date of disqualification is shown in figure 2. This figure shows significant measurement

error in the reporting of mortgage disqualification, two months late on average. While this

measurement error is analyzed on a sample largely separate from the estimation sample, and

the source of this error is unknown, accounting for this error in the likelihood and simulations is
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important in explaining observed default patterns. To do this, measurement error is added as a

random variable with a pdf drawn from Figure 2, capped at a range between -1 and 3 months. In

particular, simulations result in a standard hazard rate shape, with earlier periods having more

defaults than later. This is in contrast to the observed pattern where over the earliest periods

defaults increase before reaching a peak and then declining. This anomaly is largely overcome

after introducing this error in simulations, as is seen in Figures 4 and 5.

Estimation

The empirical model is estimated using maximum likelihood, where the likelihood of an observed

sequence of payment decisions is computed using the series preference cutoffs derived earlier for

a chosen parameter vector, after accounting for measurement error. That is, the likelihood of an

observation which defaults in period k, given parameter vector α:

Li(α) =
1�

j=1

([
j−1�

t=1

Pr(ηt ≥ η
∗
t
)]Pr(ηj < η

∗
j
))Pr(Default in j | k)

where defaulting in period 14 is equivalent to remaining current throughout the observation

period. Thus the overall log-likelihood of the full data set, given α is:

L(θ) =
N�

i=1

logLi(θ)

The likelihood function is then maximized using the Nelder-Meade downhill simplex method.

Several starting points were used to test for local maxima, however all have yielded the same

result.

Results

Estimation results of parameter values of presented in Table 3 separately for each MSA, and

for the entire sample estimation. While terminal value coefficients are not easily interpretable,

the signs and magnitudes of αrate,αequity,αforbearance, and ,αterm are similar across estimations.

The discount rate β, presented as an annual rate, varies significantly between MSA’s, ranging

from 0.71 in New York City to 0.88 in Los Angeles. A possible explanation for this is that the

estimated β soaks up variation between MSA’s in expected future house prices, which is not

otherwise accounted for in the model. The estimated default cost, which is allowed to vary by

MSA in the full sample estimation, ranges between -2 and 4% of the home value, thought most

estimates are in the 1-2% range. This estimate, however, should be interpreted in the context of
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the model, as opposed to literal dollars amounts. In this sense, if we take Chicago for instance,

a forbearance amount of 40% is needed to offset the default cost in the borrowers decision.

Standard errors for these estimates, which would in turn provide confidence intervals and add

more certainty to the range of likely values, have yet to be calculated. Given the dispersion of

estimates for several parameters across estimation samples, it is certainly possible some of these

parameter may not be statistically different from each other or possibly from zero.

Goodness of Fit

Using the parameter estimates in Table 2 for each MSA, borrower decisions were simulated over

this thirteen month time frame. Comparing the observed outcomes to the the simulated results,

averaged over 1,000 replications, we find very similar patterns. Figure 3 displays total defaults by

MSA in the HAMP data versus the simulations. Simulated default levels were consistently below

observed levels by 4.5% on average, with the largest differences in Chicago and Las Vegas. Table

4 displays defaults, modification terms, home value, and incomes of borrowers who default in

simulations and compares them to characteristics of observed defaults, with differences reported

in parenthesis. Among modification terms, the interest rate of simulated defaulters is consistently

below observed defaulters by roughly ten basis points, forbearance in simulations is usually

between 15 and 37 basis points higher, and no consistent pattern emerges between amortization

term or outstanding balance in this comparison. As a frame of reference the difference between

current borrowers and defaulters overall is 51 basis points for the interest rate, 165 basis points for

forbearance, 21 months in amortization term, and only $2,000 in outstanding balance. Simulated

defaulter home values and annual incomes differ from observed defaulters by $1,000 on average,

with the current/default difference being $17,000 and $4,000 respectively for the full sample.

Another check on the goodness-of-fit is comparing the distribution of defaults over time between

the simulations and observed data. Figure 4 displays monthly default levels by months since

modification for the observed data, simulated data, and simulated data after accounting for the

measurement error, or simulated-observed. The simulated-observed data appears to follow the

observed data quite closely for the first six periods, but separates after this, with the simulations

under-predicting default levels. Figure 5 takes a closer look at this pattern by tracking each

MSA’s default patterns, using their individual estimated parameters. While at the MSA level

observed monthly defaults are more noisy in general, the simulated-observed data again follow

the early default patterns quite well and are closer to the data in the later periods than the

full sample. Interestingly, the non-adjusted simulated data more closely mirror default patterns

in the later periods especially in Atlanta, San Francisco, and Miami. This may suggest that

measurement error is more common in early periods but fades away over time.
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Counterfactual HAMP Programs

An interesting policy question we decided to ask was how many defaults over this thirteen month

period to HAMP prevent compared to other potential program designs? Given that the central

element of HAMP’s design was the focus on reducing monthly payments to 31% of current

income, or Debt-to-Income ratio (DTI), we run simulations using the same HAMP waterfall

modification design along with information from participant’s pre-HAMP mortgage terms and

assign new modifications using varying levels of the DTI requirement. So, for example, if a

borrower’s original mortgage terms required monthly payments that are 45% of their current

income, we test how often they would have defaulted had HAMP not reduced that amount

at all, or reduced that amount to 39%, 35%, 31%, or 27%.15 If a borrower had a DTI level

below one of the counterfactual DTI levels, then the simulation simply assumes they receive no

modification. Figure 6 displays the distribution of pre-HAMP DTI levels among the sample.

Implicit in this calculation is the assumption that the same set of borrowers would still have

applied for, and been accepted to the program, and in the absence of HAMP modification, no

alternative would have been offered by the lender. Additionally, since most all these borrower

were already in default prior to joining HAMP, the “Original Terms” modification simulation,

while not changing any mortgage terms, assumes the lender capitalizes all currently outstanding

delinquent interest and fees and cures the loan.

Total defaults in the five alternative scenarios are presented in Figure 7 by MSA. Simulation

predict that after 30% of the 19,441 HAMP modifications began in 2010Q4 would have defaulted

within thirteen months if their original terms were kept, compared to 17% in the actual HAMP

scenario; a prevention of 2,463 defaults. However many defaults could have been prevented

even in the less generous HAMP simulations. For example, half of the total prevented defaults

would also have been saved using a 39% DTI cutoff instead of the 31%. This appears especially

true in the largest MSA’s, Los Angeles and New York City. Simulations indicate that an even

more generous HAMP design requiring a 27% DTI ratio would have prevented an additional

619 defaults, or 3%, compared to the baseline design. A full cost-benefit analysis of these

scenario’s is difficult and crucially depends both on a valuation of the negative externalities

defaults have been claimed to have, and would require specifying exactly what the government

subsidy would have been in the alternative cases.16 Additionally, it is possible that many of these

15Note that results from the 31% DTI simulation, which is equivalent to what HAMP specified, can differ
from earlier simulations on HAMP defaults because our counterfactual mandates that each modification meet this
requirement exactly, whereas actual HAMPmodifications left the option for additional or alternative modifications
to the baseline HAMP waterfall.

16Currently in HAMP, the government subsidizes the lender for half of the difference between what the borrower
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“prevented” defaults are simply delayed to a later date, which complicates the problem. However,

a back-of-the-envelope calculation, using the 7.9 months to default average in the data suggest

that an upper-bound for then number of extra borrower monthly payments HAMP successfully

gained is 19,458 among this sample of 19,441 borrowers over 13 months compared to absence

of a HAMP modification. A similar rough calculation estimates that HAMP made incentive

payments totaling $93 million dollars to achieve these results.17

Conclusions

Interpreting the results from the Homeowner Affordability Modification Program has been, and

remains, a difficult task. This paper had shed light on the it by proposing a theoretical model

of mortgage default and empirically estimating this model on data from the program across nine

large MSA’s for official modifications began in the fourth quarter of 2010. The theoretical model

approaches the decision similar to an typical asset-pricing model, while allowing for a default cost

and including monthly preference shocks. Estimated parameter values suggest the default cost

is an important factor in the default decision, and this cost varies significantly across geographic

locations. Simulations run using estimated model parameters reasonably replicate default levels,

default trends over time, and characteristics of the defaulters compared to those who do not for

each MSA, and for the sample as a whole. Counterfactual simulations using various levels of

HAMP DTI thresholds for modified payments at 39%, 35%, 31%, and 27% as well as a baseline

simulation using original mortgage terms, suggest the level of modification has large impacts on

default rates. These simulations suggest in the absence of HAMP, this group of mortgages would

have defaulted at a 30% rate after the first thirteen months, and these alternative HAMP DTI

levels would have shown default rate of 24%, 21%, 17%, and 14% respectively over the same time

period.

Future research can improve upon these findings by examining a longer period of time, expanding

the sample, and trying to better identify the preference shock. Additionally comparing these

estimated results from the HAMP program to other modifications performed independently by

lenders will help determine the applicability of these findings to a broader range of mortgages.

While entry into HAMP will soon be closed, and there may never be a large program like it

again, there is still important reasons to study its outcomes. Results from HAMP offer a unique

would have paid monthly at 38% DTI and at 31% DTI.
17This calculation uses the incentive payments of $1,000 to servicers per modification completed, $1,000 to

both borrowers and servicers after one year of remaining in good standing, and half of the difference between
payments at 38 percent DTI and 31 percent DTI to investors. The average difference in payments is used for
everyone, which totaled $340. Borrower who did not drop out after thirteen months assumed to remain in good
standing over the duration.

16



insight into the underlying decision processes that borrowers make, and can ultimately inform

policy makers on topics such as the impact of different housing laws and effectiveness of default

prevention programs, as well as helping better formulate expectations for lenders as to borrower

decision after housing slumps and determine more optimal and efficient future modifications.

Appendix

A.1 Matching CTS and MHA Data

MHA data on HAMP is matched to the CTS data using information on pre-modification and

post-modification mortgage terms, including loan balance, interest rate, amortization term and

monthly payment amounts. Data from MHA taken from November 2011 reported, while CTS

data is taken through December 2011. Additionally, loan-to-value ratio at origination and MSA

are matched. The sample is limited to adjustable-rate loans originated in 2006. The CTS

sample is further restricted using only adjustable-rate mortgage at origination. Modifications

are identified by a switch from adjustable-rate to fixed rate, the pre-modification and post-

modification terms being taken in months bordering this change. After a switch to fixed rate

mortgage, further modifications are identified by changes to the interest rate.

Pre-HAMP mortgage terms are given in MHA data are rounded, with interest rate to the nearest

percentage point, term to the nearest 6 months, balance to $10,000, and monthly payments to

the 100’s place. HAMP modification terms are presents with interest rate to the thousands

place, term to the month, balance to the dollar, and payment to the penny. CTS information

on these terms are appropriately rounded for the match. Loan-to-value ratios are rounded to

the ones place. CTS reports zipcode of property. These zipcodes are mapped to MSA’s using

census definitions. Overall, 7,220 unique loan matches are made between a sample of 61,428 CTS

modifications and 292,786 HAMP modifications.
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Tables and Figures

Figure 1: FHFA House Price Index, by MSA

Note: Data plotted using FHFA All-Transactions House Price Index.

Figure 2: Distribution of Reported Default Differences Between HAMP and CTS Data
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Figure 3: Reported HAMP Defaults Versus Simulated Defaults, By MSA

Note: Sample restricted to official modifications began 2010Q4. Reported and simulated defaults through first

thirteen months of modification.

Figure 4: Distribution of HAMP Defaults Versus Simulations Over Time
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Note: Observed data is HAMP-reported month of default. Simulated data reports period of default in

simulations. SimObserved data add measurement error to the simulated data.
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Figure 5: Distribution of HAMP Defaults Versus Simulations Over Time, By MSA
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Note: Observed data is HAMP-reported month of default. Simulated data reports period of default in

simulations. SimObserved data add measurement error to the simulated data.
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Figure 6: Distribution of Pre-HAMP Debt-to-Income Ratios

Note: Reported DTI top-coded at 80 percent.

Figure 7: Defaults Under Alternative HAMP DTI Targets, By MSA

Note: Simulations of HAMP defaults run using reported levels of debt-to-income ratios (DTI). Original Terms

default reported as simulations on HAMP participants freezing pre-HAMP mortgage terms and curing

the loan.
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Table 1: Summary Statistics Of HAMP Sample

Current Default

Annual Interest Rate 2.686 3.197

(1.169) (1.462)

Amortization Term (Months) 373.2 351.9

(82.15) (73.86)

Outstanding Balance ($) 262,354 264,360

(115,102) (117,769)

Initial Home Value ($) 222,521 205,676

(108,089) (104,175)

Forbearance % 3.677 2.025

(7.546) (5.780)

Annual Income ($) 48.04 52.06

(19.98) (21.46)

FICO Score 593.3 555.3

(81.87) (69.39)

Number of Payments Behind 6.505 9.110

(6.411) (7.929)

Distribution of Borrowers Across MSAs

Phoenix 0.0882 0.0910

San Francisco 0.0616 0.0418

Philadelphia 0.0479 0.0791

Chicago 0.156 0.192

New York City 0.162 0.166

Los Angeles 0.204 0.136

Miami 0.135 0.127

Atlanta 0.0882 0.0945

Observations 16,521 2,922

Source: US Treasury Making Home Affordable data.
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Table 2: Summary Statistics Of HAMP Defaulters, By MSA

Los Angeles New York City Chicago Miami Atlanta

Annual Interest Rate 2.983 3.075 3.156 3.062 3.541

(1.232) (1.400) (1.453) (1.395) (1.679)

Amortization Term (Months) 362.7 347.3 352.6 360.3 329.8

(72.53) (74.63) (76.56) (74.83) (67.69)

Outstanding Balance ($) 362,706 315,181 219,236 235,891 191,015

(110,715) (112,313) (89,532) (96,025) (90,768)

Initial Home Value ($) 277,970 298,440 175,892 154,253 152,903

(103,157) (94,080) (77,443) (74,249) (72,662)

Forbearance % 2.158 2.329 2.184 2.755 1.433

(6.007) (6.340) (5.899) (6.691) (4.880)

Annual Income ($) 62.47 65.90 48.33 48.43 38.82

(19.44) (21.06) (18.13) (17.98) (18.52)

FICO Score 551.1 546.5 555.2 555.4 544.3

(63.51) (61.57) (70.28) (65.78) (61.09)

Number of Payments Behind 9.483 9.931 8.959 10.23 8.061

(7.774) (8.631) (7.546) (8.900) (7.415)

Observations 396 485 562 370 276

Source: US Treasury Making Home Affordable data.

Phoenix Las Vegas San Francisco Philadelphia

Annual Interest Rate 3.364 3.448 2.797 3.503

(1.581) (1.542) (1.123) (1.575)

Amortization Term (Months) 354.2 350.0 380.2 338.7

(71.99) (65.28) (73.61) (73.71)

Outstanding Balance ($) 235,197 263,143 393,426 198,625

(106,480) (91,092) (116,449) (86,456)

Initial Home Value ($) 147,062 142,667 261,878 201,043

(79,888) (61,762) (111,248) (86,433)

Forbearance % 1.419 1.257 2.397 1.520

(4.564) (4.540) (6.138) (5.175)

Annual Income ($) 41.94 47.47 66.37 44.15

(18.59) (19.51) (21.83) (19.20)

FICO Score 573.9 586.5 568.4 535.8

(83.94) (83.58) (72.07) (57.44)

Number of Payments Behind 7.722 8.586 9.336 8.518

(7.140) (7.044) (8.234) (7.653)

Observations 266 214 122 231

Source: US Treasury Making Home Affordable data.
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Table 3: HAMP Mortgage Default Model Parameter Estimates

All Los Angeles New York City Chicago Miami

αRate -516.0 -710.4 -208.3 -461.9 -636.8

αEquity -0.0026 0.0116 -0.0170 -0.0074 0.0063

αForberance 0.0252 0.0461 0.00489 0.0267 0.0041

αTerm 1.395 5.05 4.75 -3.06 -2.11

αConstant 83,916 95,601 77,291 81,977 84,894

β 0.765 0.878 0.705 0.722 0.732

cLA 0.0157 -0.0226 - - -

cNY C 0.0214 - 0.0260 - -

cCHI 0.0069 - - 0.0105 -

cMIA 0.0240 - - - 0.0202

N 19,441 3,759 3,154 3,135 2,602

Log Likelihood -298,370 -54,063 -49,504 -51,169 -40,040

All Atlanta Philadelphia Phoenix Las Vegas San Francisco

αConstant 83,916 81,523 77,569 88,287 82,918 93,870

αRate -516.0 -566.7 -236.0 -651.3 -706.3 309.9

αEquity -0.0026 0.0183 -0.0118 0.0038 0.0217 0.0063

αForberance 0.252 -0.0361 -0.0318 0.0529 0.129 0.0587

αTerm 1.395 17.76 -2.93 -3.83 1.15 -10.19

β 0.765 0.809 0.723 0.790 0.744 0.781

cATL -0.0011 0.0045 - - - -

cPHI 0.0046 - 0.0208 - - -

cPHO 0.0030 - - 0.0013 - -

cLV -0.0043 - - - 0.0226 -

cSF 0.0416 - - - - 0.0198

N 19,441 1,733 1,175 1,722 1,022 1,139

Log Likelihood -298,370 -27,330 -17,834 -27,027 -19,072 -16,432

[H]

Source: HAMP data through November 2011.

Note: Sample restricted to HAMP modifications began in 2010Q4. Likelihood maximized

using Nelder-Mead downhill simplex method. β reported at annual rate.
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Table 4: Characteristics of Simulated Defaulters Using Estimated Parameters

Sample LA NYC CHI MIA ATL PHI PHO LV SF

Defaults 386 478 518 365 263 222 259 196 130

(-10) (-7) (-44) (-5) (-13) (-9) (-7) (-18) (-8)

Interest Rate 2.88 2.95 3.02 2.98 3.47 3.38 3.14 3.19 2.88

(-0.10) (-0.12) (-0.14) (-0.08) (-0.03) (0.02) (-0.25) (0.09) (-0.08)

Forbearance % 2.53 3.19 2.32 3.64 1.62 1.89 1.49 1.51 2.54

(0.37) (0.79) (0.14) (0.89) (0.19) (0.37) (-0.07) (0.26) (0.15)

Term (Months) 369 357 355 362 329 345 360 351 379

(-7) (10) (3) (2) (-1) (7) (6) (1) (-1)

Initial Balance ($1,000s) 359 310 213 226 189 200 236 271 372

(-3) (-5) (-6) (-9) (-2) (2) (1) (8) (-21)

Initial Home Value ($1,000s) 278 304 179 153 154 203 148 153 249

(0) (6) (3) (1) (1) (2) (-1) (10) (-13)

Income ($1,000s) 61 65 47 47 38 44 41 48 63

(-1) (-1) (-1) (-1) (-1) (0) (-1) (1) (-3)

Note: Difference between Simulated Defaultors and HAMP Defaultors reported in parenthesis.
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