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Credit markets: preliminaries 
 
Theory of credit markets is very similar to theory of insurance markets: 
• Adverse selection: 

o Insurance: high risk individuals value insurance more, so higher prices or 
greater coverage disproportionally attract bad risks. 

o Credit: high risk individuals are more willing to take loans, so higher interest 
rates or larger loans disproportionally attract bad risks. 

• Moral hazard: 
o Insurance: more coverage implies less incentive to take precautions, higher 

risk. 
o Credit: larger loan implies less likely to be able to repay, so higher risk (due to 

behavioral or “mechanical” reasons; distinction not that important for many 
questions). 

• Thus, most of the theoretical results from insurance carry over to credit, e.g.: 
o Positive correlation between (ex ante) loan size and (ex post) risk. 
o Adverse selection could make markets shrink. 
o Screening risk types is useful. 
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Important difference: 
• Insurance: consumers pay today, get money tomorrow. 
• Credit: consumers get money today, pay tomorrow. 

 
Why is this difference important? Various forms of myopic behavior by consumers much 
more of an issue in credit markets:  
• In insurance, myopic behavior implies no/less insurance. This is easy to fix 

(mandatory insurance), and the effect is somewhat limited due to the behavioral 
response (more careful behavior). 

• In credit, myopic behavior implies over borrowing. This is harder to fix (unless 
eliminating the market), and the effect is exacerbated due to the behavioral response. 

  
Thus, much more attention in credit markets to possible irrational behavior and various 
behavioral economics models. In insurance we are worried about adverse selection 
eliminating markets, here some may think it’s a good thing … 
 
As in insurance, credit markets are attractive for empirical work for exactly the same 
reasons (rich data, well measured products and choice sets, lots of policy 
interest/relevance). 
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 “Liquidity Constraints and Imperfect Information in Subprime Lending” by 
Adams, Einav, and Levin (AER, 2009) 

 
• Very rich data from a large auto sales company. 
• Show liquidity constraints and imperfect information in the same market, and a 

simple model that show why they may be connected. 
• Try to separately quantify adverse selection and moral hazard (without a pure 

experiment …). 
• Theory on the board (based on Jaffe and Russell, 1976). 
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Data and Environment 
 
o Large auto sales company in the U.S. 
o Purchases used cars at auction and resells (≈100 dealerships). 
o Customers are low-income with poor credit histories: 

- Median household income $29,000. 
- More than half have FICO score below 500 (2nd percentile in U.S.). 
- One-third have no bank account. 

o Data we use: 
- Applicants (N>>50,000) and sales (about a third of apps) from June 2001 

until December 2004. 
- Loans tracked through April 2006. 
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Description of a typical transaction 
 
Buyer arrives on lot and applies for credit. 
 -  Credit grade determines car and financing offer. 
Key offer terms are minimum down and car price. 
   -  Minimum down payment ($400-1,500) depends on grade (but not on car). 
   -  Sales prices are negotiated: $9,000-12,000, with car costs of $5,000-7,000. 
   -  Loans tend to be 3-4 years, most at state APR caps (25-30%). 
   -  Unlike regular market, car selection is not a major issue. 
Buyers finance heavily and default often: 
   -  Typical down payment is less than $1,000, with loans of $9,000-12,000. 
   -  Majority of loans, more than 60%, end in (early) default. 
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Identification 
 

o Two key variables throughout: minimum down payment and car price. 
o Minimum down payment: 

o More than 20 discrete changes, of $100-500 for a subset of grades: 
    *  Regression discontinuity (RD) identification around the changes. 
    *  "Differences-in-differences" identification across grades. 

o Also observe the finer credit score, and use RD given the discontinuous 
minimum down payment schedule across grades. 

o Car price: 
o Sale price likely endogenous, so instrument with "list price." 
o List price is a function of total cost (which is a regressor everywhere) and 

margin. Use variation in margin schedule: 
    *  RD around two major changes in margin schedule during obs. period. 
    *  RD in car cost: margins change in discrete jumps as a function of costs. 

o RD in credit score, controlling for grade, also useful. 
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Evidence of liquidity constraints I: drivers of demand 
 
o Probit model of purchase decision for applicants. 
o Look at sensitivity of demand to immediate and deferred payments, i.e. minimum 

down payment and car price. 
o Without liquidity constraints, total payment is what matters: 

o E[PV of Payments]=Down+ϕ(Price-Down) 
o Calculate assuming rational expectation of default. 
o With 5-50% annual discount rate, $100 increase in down is the same as $30-

108 increase in price. 
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o Demand very sensitive to minimum down: $100↑ ⇒ demand 9%↓. 
o $900 price increase (≈ $50/month) would generate same effect. 
o Implied annual discount rate: 427%. 
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Evidence of liquidity constraints II: seasonality 
 

  
 
  ∙  Demand spikes dramatically during "tax season." 
   -  Spike occurs despite higher minimum down payments. 
   -  Spike occurs in cash sales but not in trade-ins. 
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Evidence of liquidity constraints II: EITC 
 

o Tax rebates can be large, up to $4,500 due to EITC. 
o Create 12 categories of consumers based on EITC schedule (function of income 

and dependents). Look at % spike by category. 
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Identifying causes of liquidity constraints 
o Why would poor consumers be liquidity constrained? 

o See graphs below 
o Want to test for moral hazard and/or adverse selection problems in the loan 

market that might give rise to market failure 
o How to test? Moral hazard and adverse selection both imply a positive correlation 

between loan size and default. 
o Moral hazard: larger loan leads to higher default risk 
o Adverse selection: higher default risks take larger loans 

o "Easy" to test for the joint effect, but harder to test/quantify these forces 
separately: 
o Must separate how default rates correlate with loan size "within person" 

(MH) and across people (MH+AS). 
o Ideal experiment: 

 Randomize loan size to measure MH. 
 Allow choice of loan size to measure MH+AS. 
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Identifying moral hazard using a model of default 
 
o Starting point: Cox hazard model of default: 

 
h(t|xi)=exp(xi′δ)h0(t) 

 
o Goal: identify (MH) effect of loan size L=P-D on default. 
o Problem: direct estimate will be confounded if there are unobservables that affect 

both default and down payment (i.e. coefficient will measure MH+AS, not MH) 
o Solution: jointly model and estimate down payment (using tobit): 

 
  

o Intuition for identification: down payment model allows us to "observe" 
unobservable drivers of down payment (as the measured residual) and control 
for them in the default model (as in a "control function" approach). 
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Expected revenues as a function of loan size 
 

 
 
Effect is hump-shaped, as in Jaffee and Russell (1976). 
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“Contract Pricing in Consumer Credit Markets” by Einav, Jenkins, and Levin 
(Econometrica, 2012) 

 
• Same data, but focus on the supply side (pricing) 
• Essentially same analysis, except that we now estimate all the equations together in 

a single model 
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Pricing in contract markets 
 
• Population of buyers with individual characteristics ζ ~ F(·). 
• Seller offers contract terms ϕ (assume a single contract is offered). 
• Buyer purchases if g(ϕ,ζ) > 0, transaction outcome is y(ϕ,ζ), resulting in net revenue 

r(ϕ,y). 
• Quantity sold is: 

 
• Firm’s problem is: 

 
 

• f.o.c: 
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• Optimal pricing decisions must account for: 
o (Adverse) selection: marginal and average buyer are different. 
o Repayment incentives: contract structure may affect outcomes. 
o Information: price can be made contingent on available information. 

 
• F.o.c. is similar to a standard Lerner equation, but incentive and selection affect the 

inverse revenue elasticity. 
 

• Estimating the demand for contracts: 
o Consider data consisting of individual choices and outcomes. 
o Goal is to recover fundamentals: F(ζ), g(ϕ,ζ), y(ϕ,ζ), r(ϕ,y). 

 
• Simple econometrics of “selection” and “treatment”: 

o Equation for contract choice:  
o Equation for contract outcome: yi = y(ϕi,ζi) 
 

• Incorporating the supply side: 
o Can infer unobserved costs (in r) from first-order conditions. 
o If costs are observed, can assess optimality of prices. 
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Modeling demand and behavior 
 
• Important point: describe behavior statistically, staying agnostic as to why people do 

what they do 
• Applicant characterized by ζ = (xa,ε,η) 

o ε,η likely correlated (either b/c of fwd looking behavior, or correlated liquidity)  
• Contract characterized by ϕ = (xc,p,d) 

 
• Three equations: 
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• Model has three latent variables but two unobservables, so write: 

 
and assume 

 
 
• Finally, assume joint normal: 

 
• Estimate using ML, “instrument” for sale price using “list” price, and rely on the 

same variation from the other paper. 
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Pricing 
 

 
So we just need to “fill in” the details.  
 
g and y are given from the demand estimation. Net revenues is given by: 

 
An important issue is how to define alternative pricing structures to consider. 
That is, over which set ϕ is optimal, or even more broadly how much optimality 
to impose. 
 
Our baseline strategy is to require the following: 

 
For all a,b. 
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“Observing Unobservables: Identifying Information Asymmetries with a Consumer 
Credit Field Experiment” by Karlan and Zinman (Econometrica, 2009) 
 
• Large scale field experiment in the high risk consumer credit market in South 

Africa. 
• Good place to do this: individuals are used to see individualized “random looking” 

prices, unlikely to get “upset,” so firms less reluctant to experiment compared to 
other settings.  

• Allows disentangling between: 
o Adverse selection (randomizing offer rates) 
o “Total” moral hazard (randomizing, by surprise, a reduction in repayment 

burden) 
o “Pure” moral hazard (randomizing an incentive to repay) 
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Setting 
o Seems similar to PayDay Loans in the US. 
o Large lenders who focus on the working poor, who have no access to regular loans. 
o Cash loans with high interest rates (4-12% per month) for durations of about 4 

months, and high default rates (15% for repeat customers, 30% for new ones). 
o Careful design to make sure that the subsequent decisions by loan officers are done 

independently of the randomized rates and incentives. 
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Estimate that moral hazard account for 7-16% of difference in repayment. 
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