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Heterogeneity from trade networks

In- and Out-Degree USE and MAKE I-O Tables 1997/2002
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Figure: Probability Distribution Function of Out-Degree for MAKE Table (top
panel) and In-Degree for MAKE Table (bottom panel).



Authors’ framework

Main ingredients:

1. One period model as background (see, e.g Acemoglu et al.
2015 and Carvalho 2014), MP shocks as demand shocks.

2. MP shocks identification from financial market instruments,
i.e. futures on policy rates, (see e.g. Svensson 1994, Soderlind
and Svensson 1997, Cochrane and Piazzesi 2002, Piazzesi
2002, Gürkaynak et al. 2005, etc.)

3. Spatial autoregressive process to identify direct vs indirect
effects of MP shocks (see LeSage and Pace 2009 Ch.1)



Comment 1: One period model...

No depository institutions or borrowing/lending intermediaries:

◮ Money supply through cash-in-advance constraint; p = M

monetary neutrality (Appendix extensions p = f (M))

Comments: Does this constraint really capture demand effects of
MP shocks?

p = f (M) likely not stable over time and possibly weakened
(reversed?)

Cash-in-advance constraint as effective “substitute” for the
role of depository institutions?
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Comment 1: One period model...

No depository institutions or borrowing/lending intermediaries:

◮ Money supply through cash-in-advance constraint; p̂ = M̂

monetary neutrality (Appendix extensions p̂ = f (M̂))

Comments: Does this constraint really capture demand effects of
MP shocks?

◮ p̂ = f (M̂) likely not stable over time and possibly weakened
(reversed?)

◮ Cash-in-advance constraint as effective “substitute” for the
role of depository institutions? perhaps too “simplistic”?



Comment 2. MP shocks identification...

MP unexpected shocks identified as changes in the current month
federal funds future after the FOMC press releases.

Expected shocks = actual - unexpected shock.

Figure: Change in the current month futures Aug 8th 2006, no Actual change



Comment 2. MP shocks identification...

Figure: Dow Jones Newswires, Aug 4th 2006, no expected change from
primary dealers.
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Comment 2. MP shocks identification...

Why markets reacted to something expected?

Comments: Truly (exogenous) policy shocks?

◮ Futures returns changes possibly due to different information
sets between policy maker and investors, i.e. information
alignment.

◮ Unexpected shocks potentially reflects changes in risk premia
and/or beliefs about economic growth.

◮ Possibly test for the predictability of unexpected shocks using
past information!!



Comment 3. Spatial autoregressive process... Specification

The SAR model is given by (see Ch. 1 in LeSage and Pace 2009)
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Comment 3. Spatial autoregressive process... Specification

The SAR model is given by (see Ch. 1 in LeSage and Pace 2009)

y = βυ + ρW ′y + ǫ,

such that the DGP is

y =
(
In − ρW ′

)
−1

βυ +
(
In − ρW ′

)
−1

ǫ, ǫ ∼ N(0, σ2V ),

Comments: Specification

◮ The DGP implies E (y) = 0,

◮ Constant idiosyncratic risk? maybe σ2V with V = (v1, ..., vN)
(See Ch. 5 in LeSage and Pace 2009, code online).
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Maximum Likelihood? MCMC already gives you posterior
distributions for functions of interest.

◮ Assuming Bayesian procedure; prior for ρ? sensitivity?

◮ ρ0 ∼ U
(
λ−1

min
, λ−1

max

)
with λ eigenvalues of W ,

◮ ρ0 ∼ U (−1, 1),

◮ ρ0 ∼ Beta (a, b),

◮ Sampling ρ, analytical vs Metropolis-Hastings? If M-H
convergence properties?
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Figure: Posterior distribution of ρ from the M-H step (blue line) and the
direct sampler (red line). Simulated SAR with ρ = 0.7.
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Conclusions

Really interesting paper which I recommend to read


