
Supplementary Appendix:

Computation of the Equilibrium Strategies

Computation Algorithm

In the main appendix, we have shown that both L and G have no incentive to deviate from

their equilibrium strategy described in Proposition 1. Therefore, our task is narrowed to

showing how to calculate L’s best offer and G’s best response on the equilibrium path. Since

in any period G moves after observing L’s offer, it is natural to construct an algorithm that

contains an outer loop for L’s optimization problem and inner loop for G’s. In the outer

loop, L maximizes its value function by solving a standard dynamic programming problem

w.r.t. continuous offers, (sb, xb, xp).
1 In the inner loop, given L’s offer and the realization

of ε, G maximizes its value function by solving a dynamic Markov Decision Process (MDP)

w.r.t. discrete choices, (dx, ds).
2 3

The computational task is not trivial: in the inner loop, given L’s offer, G’s MDP can be

solved within a minute by standard value function iteration methods; however, in the outer

loop, since G’s choice probabilities do not have closed-form expressions w.r.t. to (sb, xb, xp),

we have to search numerically over (almost) the entire feasibility set of (sb, xb, xp) to find

the global optimal offer for L. Codes are available upon request. Therefore, we used rather

powerful software (MATLAB 2012a) and hardware (8 processor cluster) to accomplish our

task.

Parameter Specification

The baseline model has 13 parameters, which we classify into four groups. The first group

contains 5 parameters, which characterize the properties of the shocks, including (θ1, θ2) and

(π1, π2), which characterize the realization and distribution of θ, and a scale factor κ in the

1See eq(16) in the main appendix
2See eq(8) in the main appendix
3As mentioned in the main appendix, from the inner loop, we in fact need to solve how L calculates G’s

choice probabilities without knowing the realization of ε.
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distribution of ε. First, we normalize the financing gap for a bad economy θ2 to 1, which is

used to determine the magnitudes of the other parameters. To distinguish a good economy

from a bad economy, θ1 is set to 0.1 in the baseline model. We set both π1 and π2 to 0.5,

which indicates that L has no prior information about G’s economic condition. Moreover,

according to the literature on the Markov Decision Process, we assume that the vector shock

ε, the choice specific shock that can be observed only by G, has a type-I extreme value

distribution with a scale factor κ. κ is equal to 0.1 in the baseline model. Note that since

κ measures the weight of the unobservable part of G’s utility, a larger κ implies that L is

more uncertain about G’s choice.

The second group defines the upper bounds of the feasible loan agreements, s̄ and x̄. We

set s̄ = 0.2, which is between θ1 and θ2, to emphasize the fact that bad economies are more

in need of the financing from L. x̄ is set to 1.

The third group contains σ1 and σ2, which define the distribution of the stochastic shock

to G’s revenue, φθ1 and φθ2 , which affect the crisis probability. For simplicity, we assume

both φθ1 and φθ2 are uniformly distributed on [0, σ1] and [0, σ2], respectively, with σ1 = 2.5

and σ2 = 2.

The last group consists of 4 parameters that enter L’s or G’s utility, including the per

unit cost of loan c, the per unit cost of conditionality b, L’s time discount factor δL and

G’s time discount factor δG. We use δL = 0.9 and δG = 0.8 to reflect the fact that L is

more concerned about the long-term effect of the program than G is. In addition, b is equal

to 0.2 such that b ≥
(
−∂p(s,x;θ)

∂x
|s=0,θ=θ2

)
for any x ∈ [0, x̄]. That is, the marginal cost

of conditionality is greater than the marginal benefit to G, so that G has no incentive to

voluntarily implement a reform without a loan agreement. As a result, it is optimal for G to

implement zero conditionality whenever G chooses to defect or reject. c is set to 0.2. Table

1 summarizes the parameter values used in the baseline model.
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Table 1: Baseline Model Parameter Values
Parameter Value Parameter Value Parameter Value

θ1 0.1 s̄ 0.2 c 0.2
θ2 1 x̄ 1 b 0.2
π1 0.5 σ1 2.5 δL 0.9
κ 0.1 σ2 2 δG 0.8

Robustness of Numerical Results

Table 2, 3 and 4 demonstrate that the main qualitative relationships obtained with the

baseline model are robust when we perturb key parameters (i.e., κ, c, b) to a certain degree.

Table 2: Numerical Results with Alternative Models (for β = 0.2)
Endogenous
Variable

Baseline κ = 0.2 c = 0.3 b = 0.3 b = 0.1

s∗ 0.20 0.20 0.11 0.20 0.20
x∗b 0.34 0.75 0.42 0.18 0.85
x∗p 0.60 1.00 0.90 0.20 1.00
Pr(ds = 1) 0.52 0.46 0.44 0.54 0.54
Pr(dx = 0|ds = 1) 0.34 0.42 0.34 0.39 0.39
r∗ (given ds = 1) 0.181 0.173 0.208 0.186 0.170

Table 3: Numerical Results with Alternative Models (for β = 0.4)
Endogenous
Variable

Baseline κ = 0.2 c = 0.3 b = 0.3 b = 0.1

s∗ 0.20 0.20 0.20 0.20 0.20
x∗b 0.23 0.64 0.32 0.08 0.71
x∗p 0 0 0.52 0 0.97
Pr(ds = 1) 0.58 0.52 0.53 0.57 0.54
Pr(dx = 0|ds = 1) 0.44 0.52 0.35 0.38 0.35
r∗ (given ds = 1) 0.185 0.178 0.181 0.189 0.172
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Table 4: Numerical Results with Alternative Models (for β = 0.6)
Endogenous
Variable

Baseline κ = 0.2 c = 0.3 b = 0.3 b = 0.1

s∗ 0.20 0.20 0.20 0.20 0.20
x∗b 0.16 0.54 0.21 0.01 0.65
x∗p 0 0 0 0 0
Pr(ds = 1) 0.58 0.52 0.58 0.57 0.60
Pr(dx = 0|ds = 1) 0.40 0.48 0.43 0.31 0.47
r∗ (given ds = 1) 0.186 0.179 0.185 0.191 0.176
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