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Abstract

This paper develops a multi-asset Intermediary Asset Pricing model. As in Haddad and
Muir (2022), assets differ in their ‘complexity’, modeled here as an asset-specific informa-
tion cost. More complex assets are more likely to be handled by intermediaries. As in Di Tella
(2017), intermediaries and households are allowed to contract on observable aggregate TFP
shocks, but not on idiosyncratic ‘uncertainty shocks’. Following Di Tella (2017), uncertainty
shocks are modeled as innovations to the cross-sectional variance of firm-specific productiv-
ity shocks. The model makes two key predictions: (1) Idiosyncratic risk contributes more
to risk premia than aggregate TFP shocks, and (2) Idiosyncratic risk is more important for
complex assets.

This paper shows that idiosyncratic risk plays a significant role in asset pricing, particularly
for more complex assets such as options, commodities, and foreign exchange. Idiosyncratic
risk is measured using balance sheet data for 22 large financial intermediaries and quanti-
fied as the cross-sectional variance of the residuals from time-series regressions of individual
firm equity ratios on the industry average equity ratio. I find that idiosyncratic risk varies
significantly over time, jumping up during NBER recessions. Based on the work of Di Tella
(2017) and Haddad and Muir (2022), I then include idiosyncratic risk as an additional pric-
ing factor using a standard Fama-MacBeth panel data methodology. Seven asset categories
are considered, ranging from the simple (e.g., stocks and bonds) to the more complex (e.g.,
options and CDSs). I find that idiosyncratic risk prices vary significantly over time, and are
larger for more complex securities.

This paper develops a multi-asset Intermediary Asset Pricing model. As in Haddad and
Muir (2022), assets differ in their ‘complexity’, modeled here as an asset-specific informa-
tion cost. More complex assets are more likely to be handled by intermediaries. As in Di
Tella (2017), intermediaries and households are allowed to contract on observable aggregate
TFP shocks, but not on idiosyncratic ‘uncertainty shocks’. Following Di Tella (2017), un-
certainty shocks are modeled as innovations to the cross-sectional variance of firm-specific
productivity shocks. The model makes two key predictions: (1) Idiosyncratic risk contributes
more to risk premia than aggregate TFP shocks, and (2) Idiosyncratic risk is more impor-
tant for complex assets.
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Abstract

This paper develops a multi-asset Intermediary Asset Pricing model. As in Haddad and
Muir (2022), assets differ in their ‘complexity’, modeled here as an asset-specific informa-
tion cost. More complex assets are more likely to be handled by intermediaries. As in Di
Tella (2017), intermediaries and households are allowed to contract on observable aggregate
TFP shocks, but not on idiosyncratic ‘uncertainty shocks’. Following Di Tella (2017), un-
certainty shocks are modeled as innovations to the cross-sectional variance of firm-specific
productivity shocks. The model makes two key predictions: (1) Idiosyncratic risk contributes
more to risk premia than aggregate TFP shocks, and (2) Idiosyncratic risk is more impor-
tant for complex assets.

Keywords: Macroeconomics, Finance, Asset Pricing, Financial Intermediaries, Idiosyn-
cratic Risk, Information Cost, International Investment
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1.1 Introduction

Conventional asset pricing models link risk premia to the covariance of returns with
the marginal utility of consumption (Lucas(1978)). Early tests of these models were not
successful (Hansen and Singleton (1983), Mehra and Prescott (1985)). The problem is that
aggregate consumption is not very volatile and not highly correlated with asset returns.
Recent extensions that link the marginal utility of consumption to either past or expected
future consumption have been somewhat more successful (Campbell and Cochrane (1999),
Bansal and Yaron (2004)). Questions remain, however, about the plausibility of these so-
called ‘exotic preferences’ models (Beeler and Campbell (2012), Epstein, Farhi, and Strza-
lecki (2014)).

Following the 2008 Financial Crisis, an alternative approach to asset pricing emerged,
often referred to as Intermediary Asset Pricing (IAP). This literature was motivated by
the observed connection between the financial health of intermediaries and risk premia in
financial markets (Adrian, Etula and Muir (2014), He, Kelly and Manela (2017)). It was
also motivated by the growing importance of portfolio delegation and the wealth manage-
ment industry (Greenwood and Sharfstein (2013)). The key assumption in IAP models is
to postulate the existence of two distinct classes of agents - ‘experts’ and ‘households’,
and to suppose that assets yield higher returns when held by experts. At the same time,
contractual frictions arising from imperfect information and moral hazard require interme-
diaries to retain some ‘skin in the game’. This capital constraint endogenously binds during
downturns, and provides a source of amplified and countercyclical risk premia. Early ver-
sions of these models were called ‘financial accelerator’ models (Kiyotaki and Moore (1997),
Bernanke and Gertler (1989)), and like the Lucas model, were not very successful empiri-
cally (Kocherlakota (2000), Cordoba and Ripoll (2004)). In a pair of influential papers, He
and Krishnamurthy (2013) and Brunnermeier and Sannikov (2014) argue that the problem
with first-generation financial accelerator models arose from log-linear solution methods,
which only considered small mean-reverting perturbations around a unique steady state.
They show that continuous-time formulations can capture the full global dynamics in these
models, and lead to much more interesting and empirically consistent dynamics.

This paper attempts to combine these two approaches. It does so by combining two
recent papers, one by Di Tella (2017) and one by Haddad and Muir (2022). A common
criticism of IAP models is that the results are often sensitive to seemingly arbitrary as-
sumptions concerning agents’ ability to pool and share risks. For example, Krishnamurthy
(2003) shows that if state-contingent contracts can be traded on observable and verifiable
aggregate output, then the feedback and amplification effects of financial accelerator models
disappear. The more recent continuous-time models are subject to the same drawback. In re-
sponse, Di Tella (2017) extends these models by introducing ‘uncertainty shocks’. Although
he allows agents to share the risk of aggregate TFP shocks, which in practice could be
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accomplished simply by trading something like an S&P500 index contract, he assumes the
dispersion of idiosyncratic, expert-specific productivity shocks are correlated with aggregate
TFP. The variance of idiosyncratic shocks increases during recessions. Since the skin-in-the-
game constraint limits the ability of agents to pool idiosyncratic risk, by requiring experts
to maintain a minimum capital level, uncertainty shocks are priced in equilibrium, despite
washing out in the aggregate.1. Di Tella’s (2017) key result is that experts voluntarily choose
ex ante to be relatively exposed to aggregate risk when the income effect of countercyclical
asset returns dominates the substitution effect, which occurs in the empirically realistic case
when the coefficient of relative risk aversion exceeds unity. Of course, since households have
the same preferences, they too would like to have greater net worth during booms, when
asset returns are low, but due to the capital constraint, the investment opportunities of
experts improve relative to those of households, so in equilibrium, experts choose to bear a
disproportionate share of aggregate risk, and the balance sheet channel is ignited.

A second criticism of the IAP literature focuses on its foundational assumption, i.e., the
distinction between experts and households. After all, if experts weren’t more productive,
households would simply invest for themselves, and moral hazard, uncertainty shocks, and
balance sheets would be irrelevant. Haddad and Muir (2022) address this criticism. They
argue that the importance of intermediaries depends on the type of asset being considered.
Experts likely have little comparative advantage investing in mundane securities, like stocks
and bonds. However, for relatively complex assets, like derivatives and commodities, experts
are arguably more productive, as assumed in the IAP literature. Haddad and Muir (2022)
formalize expertise by supposing households must pay an information cost when investing.
They assume this information cost is asset-specific, and is greater for more complex assets.
The cross-sectional variation in the role of intermediaries helps to resolve a troublesome
identification problem. Just because risk premia are negatively correlated with intermediary
capital does not imply variations in intermediary capital are causing variations in risk
premia. This is because intermediary capital is positively correlated with the state of the
economy, and therefore households’ willingness to bear risk. When omitted variables that
produce the same effect on the dependent variable are positively correlated with the variable
being considered, estimates of the effect of the included variable are overstated. The obvious
response is to simply include both causal factors in the same regression. The problem,
however, is that in practice both are measured with error, so the problem persists. Haddad
and Muir (2022) show that because the importance of intermediary capital and household
risk aversion move in opposite directions as asset complexity varies, one can derive asset-
specific lower bounds on the relative importance of intermediary capital. Their empirical
results show that these lower bounds are higher for more complex securities.

1A similar mechanism is at work in the idiosyncratic labor income risk model of Constantinides and
Duffie (1996)
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By formalizing expertise and considering multiple assets, Haddad and Muir (2022) sig-
nificantly advance the IAP literature. However, their interest is primarily empirical. There is
no explicit, quantifiable modeling of the underlying reasons why both intermediary capital
and household risk aversion matter. That’s why they are only able to derive bounds. The
goal here is to provide these missing structural elements. I do this by introducing Haddad
and Muir’s (2022) information cost into the idiosyncratic risk model of Di Tella (2017).
Not surprisingly, my results are a mixture of theirs. As in Di Tella (2017), I find that it
is not intermediary capital per se that matters, but rather its cross-sectional variance. As
in Haddad and Muir (2022), I find that idiosyncratic risk matters more for more complex
securities, where households confront higher information costs.

Endogenous information choice has a long history in financial economics, going back to
the pioneering work of Grossman and Stiglitz (1980). Veldkamp (2011) provides a survey.
One of the first extensions of Grossman and Stiglitz (1980) was to allow agents to pay more
for more informative signals (Verrecchia (1982)). Lei (2019) shows that these models can
help explain the recent increase in wealth inequality. The households in my model can only
indirectly influence the quantity of information they acquire. In particular, I assume the cost
of information scales linearly with the amount invested. If you invest twice as much, your
information cost is twice as high. Although in practice one can certainly point to fixed cost
elements that invalidate this assumption, linearity makes the model much easier to solve.
The result of the model is robust to a fixed cost function as it prohibits households from
entering the market. More importantly for the questions addressed here, since the constant
marginal information cost is assumed to vary across assets, households can influence their
information costs by altering which assets they invest in. This is the key mechanism in my
model. Investment in high-cost/complex assets will be largely delegated to experts.2

The remainder of the paper is organized as follows. Section 2 develops the model. It shows
that the mechanism highlighted by Di Tella (2017) is operative in high information cost
markets, but not necessarily in markets featuring low information costs. For simple securities
like stocks and bonds, neither the relative wealth of intermediaries nor idiosyncratic risk are
very important. This suggests that IAP models may not provide a convincing explanation
of the equity premium puzzle, which focuses on stock returns. Section 3 provides concluding
remarks, and outlines a couple of possible extensions. In particular, it briefly summarizes
the results from Chapter 2 of my thesis, which takes this model to the data. Finally, the
Appendix contains proofs and derivations of some technical results.

2I make no effort here to explain why some assets are more complex and have higher information costs.
Lester, Postlewaite and Wright (2012) discuss one possibility, associated with asymmetric information and
the lemons problem. From the perspective of their model, complex assets could be interpreted as those that
embody greater information asymmetry between buyers and sellers. This seemed to be part of the problem
associated with mortgage-backed securities during the Financial Crisis.
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1.2 Model

The model closely follows Di Tella (2017), which in turn is closely related to He and
Krishnamurthy (2012) 3 and Brunnermeier and Sannikov (2014). Experts are assumed to
be more productive, and so households would like to delegate their investment to them.
However, it is assumed that experts can either shirk or divert funds to a private account.
The cost of shirking depends on the expert’s exposure. To prevent shirking the expert
must retain a minimum amount of ‘skin-in-the-game’. This endogenously binding capital
constraint is the key mechanism in these models. As in Di Tella (2017), agents are free to
contract on any observable variable. This allows agents to separate risk sharing from capital
investment. However, unlike Di Tella (2017), here households can also directly hold capital,
but must pay a linear information cost that varies across assets (depending on the assets’
complexity).

1.2.1 Model Setup

There are two types of agents: households and experts. They can both trade capital, but
following Haddad and Muir (2021), the costs vary based on the asset type. kt represents the
aggregate efficiency units of capital, and kit represents capital held by each agent i, either
household or expert.4 This capital is used to produce output according to the following
production function:

yt = [a− ι(gi,t)] ki,t (1.1)

where ι is an investment cost function that depends on the growth rate of capital, gi,t. Ef-
ficiency units of capital evolve stochastically, and are driven by two Brownian motion shocks:

dki,t
ki,t

= gi,tdt+ σdZt + νtdWi,t (1.2)

where dZ is an aggregate shock, and dWi is an idiosyncratic shock to the capital held by
agents (not the productivity of that agent). Aggregate risk exposure σ is a constant but

3In He and Krishnamurthy (2012) capital constraint is added to the model due to market imperfection.
In this paper, market imperfection could be a moral hazard and to avoid it, it is assumed that agent cannot
sell out their equity entirely and they are required to hold a portion of that (ϕ).

4A crucial simplifying assumption in these models arises from the linearity of production functions and
the homotheticity of preferences, which imply that we do not need to keep track of wealth heterogeneity
among households and firms. All that matters is the relative wealth between households and firms.
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idiosyncratic risk exposure changes according to the following exogenous Cox-Ingersoll-Ross
process (which ensures non-negativity):

dνt = λ(ν̄ − νt)dt+ σν
√
νtdZt (1.3)

where ν̄ is the long-run mean and λ is a mean reversion parameter. The negative loading
of the idiosyncratic volatility of capital on aggregate risk, σν < 0, is empirically motivated,
and implies positive aggregate shocks (like a TFP shock) decrease idiosyncratic risk.

Agents can trade capital continuously at a competitive price p > 0, which we conjecture
follows an endogenously determined Ito process:

dpt
pt

= µp,tdt+ σp,tdZt (1.4)

Total wealth in the economy is ptkt and xt = nt
ptkt

is the fraction of wealth held by experts
and 1 − xt is the fraction held by households. Financial markets are complete, with an en-
dogenously determined stochastic discount factor process (SDF), ηt, which follows the Ito
process:

dηt
ηt

= −rtdt− πtdZt (1.5)

where rt is the endogenous risk free rate, and πt is the endogenous price of aggregate
risk. Since idiosyncratic risk is wiped out in the aggregate, its equilibrium price is zero. Of
course, idiosyncratic risk is still important, since due to the capital constraint, it influences
the hedging demands of experts and households. The return from investing a dollar in the
capital by agent i (could be an expert or a household) is as follows:

dRki,t = [a− ι(gi,t)
pt

+ gi,t + µp,t + σσ
′
p,t]dt+ (σ + σp,t)dZt + νtdWi,t (1.6)

The term in brackets represents Et[dRki,t], and the second and third terms represent ag-
gregate and idiosyncratic risk, respectively. Experts can write contracts on any observable
variables, including the shocks. Hence, they would share the risk concentrated on their bal-
ance sheets by selling equity. However, due to the moral hazard problem, they must keep
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a fraction ϕ which makes them face aggregate and idiosyncratic risks proportionally. Since
the aggregate risk has a price of πt, experts can write contracts on the aggregate state of
the economy to eliminate exposure to aggregate risk. However, they still face idiosyncratic
risk proportional to the fraction of the equity they must hold, ϕ.

Preferences of experts and households are identical. To enable a separation between risk
aversion and intertemporal substitution, they are assumed to take the form of Duffie and
Epstein’s (1992) stochastic differential utility (SDU)5

Ut = Et

∫ ∞

t
f(cs, Us)ds

where the (normalized) aggregator takes the homothetic/isoelastic form

f(c, U) = 1
1 − ψ

{
ρc1−ψ

[(1 − γ)U ](γ−ψ)/(1−γ) − ρ(1 − γ)U
}

where ψ−1 is the elasticity of intertemporal substitution and γ is the coefficient of relative
(static) risk aversion. If γ = ψ one can verify that these preferences become time- and state-
seperable. When solving the model I assume ψ = 1 and γ > 1, which implies a preference for
the early resolution of uncertainty (Epstein, Farhi, and Strzalecki (2014)). The parameter ρ
influences the rate of time preference, but the actual rate of time preference is endogenous.

The expert’s problem can now be stated as follows:

max
ê≥0, g, k≥0, θ

U(e)

subject to : dnt
nt

= (µi,n,t − êi,t) dt+ σi,n,t dZt + σ̃i,n,t dWt (1.7)

where:

µi,n,t = rt + ptk̂i,t
(
Et[dRki,t] − rt

)
− (1 − ϕe)ptk̂i,t(σ + σp,t)πt + θi,tπt (1.8)

σi,n,t = ϕeptk̂i,t(σ + σp,t) + θi,t (1.9)

5SDU preferences are the continuous-time counterpart of the more familiar discrete-time recursive pref-
erences of Epstein-Zin (1989).
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σ̃i,n,t = ϕeptk̂i,tνt (1.10)

Given homotheticity, it is convenient to scale things by net worth. In what folllows, let nt
denote the net worth of experts and let hatted variables be divided by nt. Experts invest in
capital and sell (1−ϕ) of their equity to the market. The market does not mind idiosyncratic
risk (because it averages out in the aggregate), but requires πt for each unit of aggregate
risk. Due to moral hazard, experts must maintain a portion ϕ of the risk on the capital they
purchase. Since they can contract on aggregate risk, they will remove some aggregate risk
from their portfolio. The parameter θt determines how much aggregate risk experts choose
to keep on their balance sheet.

Optimal contracts can be decentralized as in Di Tella (2017). Experts create a firm
with ptkt and sell equity to raise funds except for a fraction of the capital they must hold
(ϕ) to avoid moral hazard. Also, they trade aggregate securities and receive a payment as
CEO of the firm as compensation for the idiosyncratic risk they hold on the fraction of
their firms’ equity. We can think of θi,t as the fraction of the expert’s wealth invested in a
set of aggregate securities that span Z (normalized to have an identity loading on Z). In
the special case with only one aggregate shock, d = 1, we can think of this security as a
normalized market index. More generally, we can consider the intermediate case in which
contracts may be written only on a linear combination of aggregate shocks Z̃t = BtZt for
some full rank matrix Bt ∈ Rd

′ ×d with d′
< d. In this case, we will be restricted to choosing

θi,t = θ̃i,tBt. In particular, with Bt = 0, contracts cannot be written on Z.
Since experts can not contract on the idiosyncratic risk on their balance sheets, they are

exposed to idiosyncratic risk proportional to the fraction of equity they hold. This is the
fundamental source of the vulnerability of the financial sector and why uncertainty shocks
become amplified.

The household’s problem is quite similar to an expert’s. The key difference is that they
also face an information cost when they trade in asset markets:

max
ĉ≥0, g, kh≥0, θ

U(c)

subject to : dωt
ωt

= [µi,ω,t − ĉi,t − It
2 (σ2

i,ω,t + σ̃2
i,ω,t)] dt+ σi,ω,t dZt + σ̃i,ω,t dWt (1.11)

where:

µi,ω,t = rt + ptk̂
h
i,t

(
Et[dRki,t] − rt

)
− (1 − ϕh)ptk̂hi,t(σ + σp,t)πt + θi,tπt (1.12)
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σi,ω,t = ϕhptk̂
h
i,t(σ + σp,t) + θi,t (1.13)

σ̃i,ω,t = ϕhptk̂
h
i,tνt (1.14)

As in the case of experts, ĉ and k̂h are normalized by household net wealth, denoted by
ωt

6. Unlike experts, households do not manage firms and invest on the behalf of others,
so moral hazard does not constrain their ability to pool idiosyncratic risk. If risk pooling
among households were perfect, we would have ϕh = 0. However, any sort of friction to
perfect risk sharing would imply ϕh > 0. For added generality, I allow ϕh > 0, and then
consider the limit, ϕh → 0, as household risk-pooling becomes perfect.

The household’s problem also differs from experts’ in the information cost they face.
Like experts, households can trade aggregate risk, and that is why θ appears in their budget
constraint. This term enables households to separate the decision on how much capital to
hold from how much risk to take. I is the information cost to households which could take
any positive value depending on the complexity of the asset market. If I = 0, the household
does not face any cost when they want to trade in an asset market and they trade just like
an expert. However, if I is high in an asset market for a household, it makes them much
less efficient than an expert in trading, which may cause households to decide not to trade
in that asset market. The key implication of this model is that the impact of idiosyncratic
risk in pricing assets is greater in asset markets that are costly for households to enter and
trade. However, if they face low costs, they may enter and trade, then experts may not be
the only participant matter in pricing the asset and Di Tella’s conclusions about the effects
of experts’ balance sheets and idiosyncratic risk may no longer be valid.

1.2.2 Solving the Model

Di Tella (2017) starts solving the model by first proving that an expert’s investment
opportunity set relative to a household’s is increasing with respect to idiosyncratic risk.
In other words, in states with greater idiosyncratic risk, experts get better investment op-
portunities, as compensation for the additional risk they must bear. He then argues that
this causes experts to accumulate more risk on their balance sheets, in order to be able to
better smooth marginal utility across states. For example, during downturns wealth falls,
which raises the marginal value of wealth. However, the equilibrium return to investing
also increases, which helps to offset the wealth reduction. If γ > 1 this latter effect domi-

6In experts’ budget constraint (equation 1.8), (1 − ϕ)ptk̂i,t(σ + σp,t)πt is what experts pay to households
for selling their equity. This term could be added to households’ constraints as what they receive from
experts. However, it is not the households’ control variable and is not going to change the result. Hence, for
simplicity, this term is dropped from households’ budget constraints.
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nates, and experts choose the have relatively low wealth during downturns. However, in my
model, because households may choose to invest for themselves, an expert’s relative invest-
ment opportunity may not be increasing with respect to idiosyncratic risk, and therefore
idiosyncratic risk might not matter.

In Di Tella’s model with SDU preferences, when γ > 1 financial losses are (optimally)
concentrated on experts’ balance sheets.7 Also, when EIS > 1, an intertemporal substitu-
tion effect dominates, and agents prefer to consume when capital is unattractive because
of high idiosyncratic risk and weak balance sheets. This causes the price of capital and
investment to go down when risk premia go up after an uncertainty shock. Di Tella notes
that γ > 1 is supported by much empirical evidence, while evidence regarding EIS is more
mixed. In this paper, for simplicity purposes, I assume EIS = 1.

It is useful to consider a simplified model, in which ν is characterized by a one-time
shock at time-0, after ν is realized, the only shock in the economy would be a TFP shock.
This implies σx is zero and therefore σξ, σζ , and σp are zero where ξ is experts investment
opportunity and ζ is households investment opportunity. Experts HJB will then be:

ρ log ξ = max
ê,g,k̂,θ

ρ log ê+ µn − ĉ− γ

2σ
2
n − γ

2 σ̃
2
n + ξ

′
x

ξ
µx (1.15)

subject to the budget constraint in equation 1.7. Households HJB is similar but has addi-
tional terms due to the information costs.8:

ρ log ζ = max
ĉ,g,k̂,θ

ρ log ĉ+ µω − ĉ− γ

2σ
2
ω − γ

2 σ̃
2
ω − I

2σ
2
ω − I

2 σ̃
2
ω + ζ

′
x

ζ
µx (1.16)

subject to the budget constraint in equation 1.11. The first-order conditions with respect
to g, c, and e are as follows, respectively:

7The word ‘optimal’ here is a bit misleading. It is indeed individually optimal for experts to choose to have
aggregate risk concentrated on their balance sheets, but this does not imply it is socially optimal. That is, a
benevolent social planner could produce a Pareto improvement, due the the well known market externalities
associated with these models. That is, individual experts do not consider the market equilibrium responses
of their collective choices.

8One might argue that incorporating information costs in this way does not differentiate risk-aversion
from information costs. In general, if households want to trade more complex assets, they must first acquire
the necessary information (if they didn’t need to, they would be considered an expert!). Hence, this way of
incorporating information cost is not expected to change the results while providing more simplification in
the model.
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ι
′(gt) = pt (1.17)

ĉ = ê = ρ (1.18)

Based on the market clearing equation for consumption (êpx + ĉp(1 − x) = a − ι(g)),
anything produced each period minus those used for investment (ι(gt)), will be consumed
by households and experts:

êxpt + ĉ(1 − x)pt = ρ pt = a− ι(gt)

which delivers the following equilibrium price of capital,

pt = a− ι(gt)
ρ

(1.19)

The first-order conditions for σn and σω:

σn = πt
γ
, σω = πt

γ + I
(1.20)

and the market clearing conditions for standard deviations:

σnx+ σω(1 − x) = σ

then deliver the following equilibrium price of aggregate risk,

πt = σγ(γ + I)
xI + γ

(1.21)

Note that it depends on the distribution of wealth. As in all IAP models, the risk premium
rises as the relative wealth of experts declines. According to the capital market clearing con-
dition (pk̂x = 1) and the first-order condition for k̂ in experts’ problem and incorporating
equation 1.6:
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a− ι(gt)
pt

+ gt + µp,t − rt = σπt + γϕ2
e

ν2
t

x
(1.22)

Likewise, from the household’s problem we have pk̂h(1 −x) = 1 (note that k̂h in households
equation is divided by ω and in expert equation is divided by n.), same equation for k̂h

from households’ problem is as follows:

a− ι(gt)
pt

+ gt + µp,t − rt = σπt + γϕ2
h

ν2
t

1 − x
(1.23)

In equation 1.23 if I is zero, which means households do not face any information cost
when they trade in that asset market, households are the same as experts and they could
be considered as an expert. Adding equations 1.22 and 1.23 gives the following equation for
equilibrium asset excess returns:

a− ι(gt)
pt

+ gt + µp,t − rt = σ2γ(γ + I)
xI + γ

+
[
γϕ2

e

x
+ (γ + I)ϕ2

h

1 − x

]
ν2
t

2 (1.24)

Equation 1.24 is analogous to equation 10 in Di Tella (2017). Adding information costs
produces an additional term in how idiosyncratic risk and experts’ balance sheets impact
excess returns. Compared to the Di Tella model, here the aggregate risk price is a function
of information costs (I), which increases the impact of x on risk premia. An increase in
idiosyncratic risk still increases the risk premium in the way that Di Tella’s model does.
But here, the size of the effect is greater due information costs. As usual, the risk premium is
a decreasing function of the expert’s relative wealth, x. However, in this model when I ̸= 0,
as the experts’ wealth ratio decreases (which is the case following an idiosyncratic shock),
the risk premium increases and the magnitude of this increase increases with I. This means
experts and their balance sheets matter more in asset markets that are hard for households
to trade in. Suppose I were zero in a market, meaning households could trade freely in that
market and they do not face any information cost. In that case, idiosyncratic risk impacts
excess returns by γϕ2

e
2x + (γ+I)ϕ2

h
2(1−x) . In such a market, as the expert’s balance sheet becomes

weaker (lower x), the impact of idiosyncratic risk on excess return increases. In the extreme
case, when x → 0 then γϕ2

2x → ∞. The impact of x on risk premium is similar to Di Tella’s
model since when I = 0 the first term in equation 1.24 has no x. On the other hand, when I
is very large, which is the case in markets that are very hard for households to trade in, the
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impact of x on risk premium increases accordingly, especially when ϕh = 0. This happens
because in markets with high information costs, households are less efficient than experts
(in the following, we will see that in markets with high information costs, if households
trade, their relative investment opportunity set does not increase when idiosyncratic risk
increases.).

To summarize, in markets with high information costs for households, experts matter
more for asset pricing than in markets with low information costs. To show how x influences
excess return, the following equation is the derivative of the left-hand side of equation 1.24
with respect to x:

d(E(Rki,t) − rt)
dx

= −1
2σ

2γ
I(γ + I)
(xI + γ)2 +

[
−γϕ2

e

x2 + (γ + I)ϕ2
h

(1 − x)2

]
ν2
t

2 (1.25)

In equation 1.25, in the market with greater information cost (I), the first term will be
greater. Hence, in markets with higher information costs, weaker experts’ net wealth in-
creases excess returns, while in markets with no information cost, equation 1.25 is smaller.
This means as the information cost increases for households, a weaker balance sheet of ex-
perts, plays a more important role in excess returns, and all discussions of Di Tella (2017)
around the role of experts’ balance sheets and idiosyncratic risks in excess returns would be
valid. In the appendix, equations 1.25 and 1.24 are derived when ϕh = ϕe for households. As
shown in equations A6 and A7, even if we assume households face a moral hazard problem
as experts face, results concerning the impact of idiosyncratic risk and the relative wealth of
experts on the risk premium continue to hold as in Di Tella’s model works when information
costs for households are high enough and expert relative wealth is low.

Figure 1.1 depicts how the derivative of excess returns varies with the information cost
according to equation 1.25, when ϕe > 0 and ϕh = 0 9. There are two highlights in the
graph. First, when the information cost is zero, while households can now also trade risky
assets, the derivative goes to zero when the expert wealth ratio is greater than 0.5. This
means excess return increases when experts’ balance sheets become weaker only if they hold
less than 50 percent of the wealth in the economy. This could be significant in Di Tella’s
conclusion considering how lower experts’ wealth ratio plays a role in the model. As is
explained later in this paper, when there is a negative idiosyncratic shock, experts’ relative
investment opportunities increase and this leads to lower experts’ wealth ratio. However,
according to figure 1.1, if experts have already more than 50 percent of the economy’s
wealth, a drop in experts’ wealth ratio does not increase asset risk premium that much and

9The value of ϕe = 0.2 for experts comes from Di Tella (2017) and He and Krishnamurthy (2012). He
and Krishnamurthy (2012) discuss that Hedge fund contracts typically pay the manager 20% of the fund’s
return in excess of a benchmark.
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there would be no amplification effect as discussed in Di Tella (2017). However, notice that
as the information cost increases the derivative becomes significantly negative, even when
x goes to 1. For instance, when the information cost is 20, even when experts hold more
than 50 percent of the economy’s wealth, the derivative is still significantly negative, and
excess return increases as experts become weaker. This is closer to Di Tella’ conclusion that
the derivative of excess return with respect to x is always negative regardless of how much
wealth is held by experts. In this case, even a small drop in the experts’ wealth ratio, could
result in a considerable increase in the asset risk premium and amplification effect.

The second highlight from the graph is the magnitude of the derivative. As information
cost increases, excess returns increase when x decreases and the magnitude of this increase
varies depending on the information cost. This means in asset markets with higher infor-
mation costs, which are more difficult for households to trade in, when x decreases by one
percent, excess returns increase way more compared to asset markets with zero information
cost for households. This emphasizes the role of experts in pricing assets with high infor-
mation costs for households compared to assets with low information costs for households
and confirms that Di Tella conclusions hold only in more complicated asset markets.

The basis of Di Tella’s discussion is that experts’ investment opportunities increase fol-
lowing an idiosyncratic shock relative to households and that is why experts choose to take
more idiosyncratic risk ex-ante. To show this in the setting of this model, we now assume
idiosyncratic risk has not been realized yet and the model is more general. From homoth-
etic preferences, we know that the value function for an expert with net worth n takes the
following power form:

Vt(n) = (ξtn)1−γ

1 − γ
(1.26)

for some stochastic processes, ξ > 0, which can be interpreted as the Stochastic Discounting
Factor (SDF) that captures the forward-looking stochastic investment opportunities the ex-
pert faces. When ξ increases, experts gain greater utility for a given level of net wealth (nt).
Households have the same value function, where ζ > 0 now represents households’ invest-
ment opportunities. Di Tella argues that since agents are risk averse, they want to smooth
marginal utility across states. Therefore, if their net wealth drops during a negative shock
but at the same time their investment opportunity increases relative to households, they
would leverage up to smooth marginal utility. Similarly, during an idiosyncratic shock, ex-
perts’ investment opportunities increase relative to households, so they leverage up to hold
all capital in the economy and this leads to lower x which makes experts and the whole
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economy more vulnerable 10 (experts and households’ investment opportunities both drop
following a negative idiosyncratic shock, however, experts’ investment opportunity increases
relative to households.). This means experts’ relative investment opportunity (Ω = ξ

ζ ) should
be an increasing function of idiosyncratic risk (ν). To show this, all equilibrium conditions
will be plugged into HJBs and then experts’ HJB will be deducted from households’:

ρ (log ξ − log ζ) = µn − µω − γ

2 σ2
n + γ + I

2 σ2
ω − γ

2 σ̃2
n + γ + I

2 σ̃2
ω +

(
ξ

′
x

ξ
− ζ

′
x

ζ

)
µx

(1.27)

Using Ito’s Lemma, we can find µx. From equations 1.2 and 3.2, and applying Ito’s Lemma,
x would follow a stochastic process 11:

µx = x [µn − µp − ê− g − σσp + (σ + σp)2 − σn(σ + σp)] (1.28)

σx = x(σn − σ − σp) (1.29)

For households µ1−x = −µx and the using the equations for µx and µ1−x:

µx = x(1 − x)
[
µn − µω − Iσ2

xI + γ

]
(1.30)

From equations 1.12 and 1.8 and plugging in π from equation 1.21:

10Di Tella (2017), argues that relative investment opportunities do not change following an aggregate
shock because investment opportunities for both household and experts change the same.

11considering that x = nt
ptkt

and based on Ito’s Lemma for the multiplication (pk):

dpk

pk
= (ê + g + µp + σpσ)dt + (σ + σp)dZ

and then using Ito’s Lemma for ratio ( n
pk

):

d n
pk
n
pk

= [µn − µp − ê − g − σσp + (σ + σp)2 − σn(σ + σp)]dt + (σn − σp − σk)dZ
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µn − µω = 1 − 2x
x(1 − x)

[
γϕ2

e

x
+ (γ + I)ϕ2

h

1 − x

]
ν2
t

2 + I

(I + γ)γ π2 (1.31)

Plugging equation 1.30 into equation 1.27, provides the following function for Ω:

ρ log Ω = µn − µω − γ

2 σ2
n + γ + I

2 σ2
ω − γ

2 σ̃
2
n + γ + I

2 σ̃2
ω

+ ∂xlogΩ x(1 − x)
[
µn − µω − Iσ2

xI + γ

] (1.32)

In equation 1.32, ρ logΩ is a decreasing function of x ∈ (0, 0.5) as well as an increasing
function of ν as long as I is large enough, x ∈ (0, 1) and logΩ does not change significantly
with x in the intermediary values of x ∈ (0, 0.5) (which means ∂logΩ should not be very
large in the intermediary values). The proof is provided in section 5.2 of the appendix. In
this case, experts’ relative investment opportunities increase when their wealth decreases
as long as they hold less than 50 percent of the economy’s wealth and the market has high
information costs for households. Also, experts relative investment opportunity increases
when an idiosyncratic shock hits the market and there is a high information cost for house-
holds. Therefore, households do not have any incentive to enter markets that are more
costly to them compared to experts. Notice that if I is small or zero, logΩ is not a strictly
increasing function of x, which means when x drops and experts become weaker, their rela-
tive investment opportunity does not necessarily increase. In markets with low information
costs the idiosyncratic channel that Di Tella emphasizes in his paper may not work. In such
a market, we cannot prove experts’ investment opportunity relative to households increases
when idiosyncratic risk increases. In the next step, we need to show x decreases as experts’
investment opportunity relative to households’ increases which shows the amplification ef-
fect of an uncertainty shock in the presence of an information cost for households which is
increasing with respect to the complexity of assets.

In Di Tella’s paper, σx is a function of xt, γ, and σΩ. In this paper, σx is still a function
of these variables as well as the information cost. Taking the steps explained in section B
of the appendix leads us to the following equation for σx:

σx = x(1 − x) I

xI + γ
(σ + σp) + x(1 − x) 1 − γ

xI + γ
σΩ (1.33)

where σΩ = σξ − σζ . The first term in equation 1.33, is the additional term, created due to
the information cost that households face. In Di Tella’s model, σx is equal to only the last
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term in equation 1.33 (with no information cost). The term xI appeared in the denominator
of the second term, causing the impact of σΩ on σx smaller than what Di Tella estimates.
Since experts have the opportunity to invest in risky assets, which is the case when the
information cost for households is greater than zero, they receive greater utility per dollar
of wealth compared to households which means Ωt = ξt

ζt
> 1. This ratio depends on the

state of the economy and is not constant. This means when agents are risk averse (γ > 1)
if there is an aggregate shock that increases experts’ investment opportunity relative to
households, experts hold a smaller share of aggregate wealth in the economy which makes
the economy more vulnerable to a shock. Here is the course of events when there is a high
information cost for households: (1) ν which is the idiosyncratic risk concentrated on the
experts’ balance sheet increases and through equation 1.32 causes an increase in experts’
relative investment opportunity, (2) increase in Ω leads to a sudden drop in x from equation
1.33, (3) since logΩ is a decreasing function of x when I is high enough and experts have
less than 50 percent of the wealth in the economy, experts relative investment opportunity
increases and steps (2) and (3) repeat.

Note that when information costs are zero, equation 1.33 will be the same as in Di Tella
(2017) (equation 13 in Di Tella’s paper). However, when households trade a risky asset and
do not have to pay any information cost, they are treated the same as experts in the model.
Intuitively, in that case, when a negative aggregate shock hits the economy, both household’s
and experts’ investment opportunity changes the same and the experts’ relative investment
opportunity does not increase. Also, as explained in equation 1.32, if information cost is
not large enough, experts’ relative investment opportunity is not an increasing function of ν
necessarily. This may not lead to a drop in the experts’ wealth ratio (x) as it drops when the
information cost for households is large. Therefore, Di Tella’s conclusion on the impact of
an increase in experts’ relative investment opportunity leading to a drop in experts’ wealth
ratio, holds only if households face an information cost when they want to trade in risky
asset markets.

1.3 Conclusion

This paper shows that financial intermediaries play an increasing role in asset pricing
as information costs increase. In markets where information costs are low, such as stocks
and bonds, household risk aversion can be expected to be the dominant factor. However, in
complex markets, such as derivatives and foreign exchange, the balance sheets of interme-
diaries become the domiinant risk pricing factor. Hence, when pricing assets, it is essential
to choose the ‘right tool for the job’. As in physics, there is no grand unified theory of asset
pricing.

A key advantage of the theory developed in this paper is that it is relatively straightfor-
ward to estimate and test, as long as you are willing to commit to an a priori classification
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of asset complexity. An ambitious approach would be to estimate the full structure of the
model, using maximum likelihood. This would be computationally challenging, given that
an explicit expression for the likelihood function is unavailable. Still, methods based on
simulated moments or indirect inference could be applied. A less ambitious approach would
be to use the model’s key prediction, that idiosyncratic risk becomes an increasingly impor-
tant factor as asset complexity increases, as motivation for a standard linear factor pricing
approach. Such an approach is implemented in Chapter 2 of my thesis.
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1.5 Appendix

1.5.1 The relationship between risk premium and x when ϕe = ϕh in
households’ problem:

When ϕ > 0 in households’ problem, equations 1.11 to 1.14 will be as follow:

max
ĉ≥0, g, k≥0, θ

U(c)

subject to : dωt
ωt

= [µi,ω,t − ĉi,t − It
2 (σ2

i,ω,t + σ̃2
i,ω,t)] dt+ σi,ω,t dZt + σ̃i,ω,t dWt (A1)

where:

µi,ω,t = rt + ptk̂i,t(Et[dRki,t] − rt) − (1 − ϕ)ptk̂i,t(σ + σp,t)πt + θi,tπt (A2)

σi,ω,t = ϕptk̂i,t(σ + σp,t) + θi,t (A3)

σ̃i,ω,t = ϕptk̂i,tνt (A4)

Then taking the first order condition with respect to k̂ is:

a− ι(gt)
pt

+ gt + µp,t − rt = σπt + (γ + I)ϕ2 ν2
t

1 − x
(A5)

which substitute equation 1.23 when ϕ ̸= 0. Adding up equation 1.22 to equation A5, gives
the following equation for asset excess return instead of equation 1.24:

a− ι(gt)
pt

+ gt + µp,t − rt = σπt + [γ + I

1 − x
+ γ

x
] ϕ

2ν2
t

2 (A6)

Taking the first derivative of equation A6 with respect to x leads to equation below:
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d(E(Rki,t) − rt)
dx

= −1
2σ

2γ
I(γ + I)
(xI + γ)2 + [− γ

x2 + γ + I

(1 − x)2 ] ϕ
2ν2
t

2 (A7)

Figure 1.2 is comparable to figure 1.1 when ϕ > 0.

1.5.2 Proof of equation log Ω(x, ν) to increasing in ν and decreasing in x:

The first step is to show log Ω(x, ν) is decreasing in x as long as x ∈ (0, 1). If we simplify
equation 1.32 more, it will be as follows:

ρlogΩ = ν2

2x(1 − x)
[
−γϕ2

e + (γ + I)ϕ2
h

]
+ 1

2
Iγ(γ + I)
(xI + γ)2 σ

2

+ ∂xlogΩ x(1 − x)
[
µn − µω − I

xI + γ
σ2
] (A8)

To show equation A8 is decreasing with respect to x ∈ (0, 0.5) we start by finding
possible values for logΩ(x = 0), logΩ(x = 0.5). If x = 0, then logΩ goes to positive infinity,
and if x = 0.5, then logΩ goes to a finite number. However, one may discuss that in some
x, logΩ might be increasing. In that case, ∂xlogΩ should be zero for at least one x. Between
x = 0 to x = 0.5, ∂logΩ is not zero if I is large enough. This is because the derivative of the
first two terms of equation A8 are always positive if I is large enough and the third term
is zero, which has a contradiction. This means from 0 to 0.5, logΩ is strictly decreasing.
enough. However, when x ∈ (0.5, 1) we cannot prove that logΩ is strictly decreasing with x.
In this case, experts’ relative investment opportunity decreases with experts’ wealth ratio
only if they hold less than 50 percent of the economy’s wealth.

Second, we need to show logΩ is increasing with ν. Simplifying equation A8 results in
the following equation:

ρlogΩ = ν2

2x(1 − x)
[
−γϕ2

e + (γ + I)ϕ2
h

]
+ 1

2
Iγ(γ + I)
(xI + γ) σ

2

+ ∂xlogΩ x(1 − x)
[

1 − 2x
x(1 − x)

(
γϕ2

e

x
+ (γ + I)ϕ2

h

1 − x

)
ν2

2 + Iπ

γ(γ + I) (π − σ)
] (A9)

ν is appeared in two terms in equation A9. In the first term as long as I is large, the
derivative with respect to ν is positive (−γϕ2

e + (γ + I)ϕ2
h > 0). The second term con-
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Figure 1.1: This graph shows how the right-hand side of equation 1.25 changes with information
costs (I) across assets. The solid line corresponds to I = 20 (high information cost), the dotted line
corresponds to I = 4 (medium information cost), and the dashed line corresponds to I = 0 (no
information cost). The vertical line represents the derivative of excess return with respect to x, the
experts’ wealth ratio. The parameters calibration has been taken from Di Tella (2017), such that
σ = 1.25 percent, γ = 5, ϕe = 0.2 for expert, ϕh = 0 for households, and ν = 0.01.

Figure 1.2: This graph shows how the right-hand side of equation A7, in which ϕ > 0, changes with
information costs (I) across assets. The solid line corresponds to I = 20 (high information cost),
the dotted line corresponds to I = 4 (medium information cost), and the dashed line corresponds to
I = 0 (no information cost). The vertical line represents the derivative of excess return with respect
to x, the experts’ wealth ratio. The parameters calibration has been taken from Di Tella (2017),
such that σ = 1.25 percent,γ = 5, ϕ = 0.2, and ν = 0.01
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taining ν is also increasing with ν, as long as x > 0.5 and since we already proved ∂xlogΩ
is negative (∂xlogΩ (1 − 2x)

(
γϕ2

e
x + (γ+I)ϕ2

h
1−x

)
> 0). For the derivative to be positive with

respect to ν when x < 0.5 we need I to be large enough and the following equation to hold:

ν2

2x(1 − x)
(
(γ + I)ϕ2

h

)
> ∂xlogΩ (1 − 2x)

(
(γ + I)ϕ2

h

1 − x

)

Simplifying the above leads to the following equation:

ϕ2
hν

2(γ + I)
2(1 − x)

(1
x

+ ∂xlogΩ (1 − 2x)
)
> 0

Which means if ∂xlogΩ is smaller than 1
x(1−2x) in absolute term for x < 0.5, then logΩ is

increasing with respect to ν for values of x.

1.5.3 Proof of Equation 1.32:

In equation 1.26, ξ is a stochastic discount factor capturing forward-looking investment
opportunities. When ξt is high, the expert is able to obtain a large amount of utility from
a given net worth nt, as if his actual net worth was ξtnt. It depends only on the history
of aggregate shocks Z and must be determined in equilibrium. It follows Ito’s process as
below:

dξt
ξt

= µξ,tdt + σξ,tdZ (A10)

Households SDF (ζ) also follows similar Ito’s process:

dζt
ζt

= µζ,tdt + σζ,tdZ (A11)

Unlike the simplified environment, here it is assumed that EIS ̸= 1. Hence, the Hamilton-
Jacobi-Bellman (HJB) equation associated with experts’ problems after some algebra is:

ρ

1 − Ψ = max
ê,g,k̂,θ

ê1−Ψ

1 − Ψρ ξΨ−1 + µn − ê + µξ

− γ

2

(
σ2
n + σ2

ξ − 21 − γ

γ
σnσ

′
ξ + σ̃2

n

) (A12)
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Subject to constraint described in equation 1.8. Households’ HJB is similar to experts’
but it has additional terms for information cost:

ρ

1 − Ψ = max
ĉ,g,k̂,θ

ĉ1−Ψ

1 − Ψρ ζΨ−1 + µω − ĉ + µζ

− γ

2

(
σ2
ω + σ2

ζ − 21 − γ

γ
σωσ

′
ζ + σ̃2

ω

)
− I

2σ
2
ω − I

2 σ̃
2
ω

(A13)

Subject to constraint described in equation 1.11. Taking the first order condition with
respect to θ in experts and households problem leads to the following equations, respectively:

σn,t = πt
γ

− γ − 1
γ

σξ,t (A14)

σω,t = πt
γ + I

− γ − 1
γ + I

σζ,t (A15)

Now, two equations above are incorporated into the market clearing condition for standard
deviation, σnx+ σω(1 − x) = σ + σp and the using equation 1.29:

σx = x(1 − x) [ I

γ(γ + I) π − γ − 1
γ

σξ + γ − 1
γ + I

σζ ] (A16)

π also comes from the first order conditions with respect to σn in experts’ problem and σω

in households’ problem. Using the first-order conditions:

σn = π + (1 − γ)σξ
γ

(A17)

σω = π + (1 − γ)σζ
γ + I

(A18)

Then using the market clearing condition for standard deviations:

π = γ(γ + I)
γ + Ix

[σ + σp + γ − 1
γ

σξx + γ − 1
γ + I

σζ(1 − x)] (A19)

Incorporating equation A19 into equation A16 and after some simplifications:

σx = x(1 − x) I

xI + γ
(σ + σp) + x(1 − x) 1 − γ

xI + γ
(σξ − σζ) (A20)

Since Ω = ξ
ζ and σΩ = σξ − σζ , equation 1.33 can be derived.
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Chapter 2

Asset Complexity, Idiosyncratic
Risk, and the Cross-Section of
Expected Returns
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Abstract

This paper shows that idiosyncratic risk plays a significant role in asset pricing, particularly
for more complex assets such as options, commodities, and foreign exchange. Idiosyncratic
risk is measured using balance sheet data for 22 large financial intermediaries and quanti-
fied as the cross-sectional variance of the residuals from time-series regressions of individual
firm equity ratios on the industry average equity ratio. I find that idiosyncratic risk varies
significantly over time, jumping up during NBER recessions. Based on the work of Di Tella
(2017) and Haddad and Muir (2022), I then include idiosyncratic risk as an additional pric-
ing factor using a standard Fama-MacBeth panel data methodology. Seven asset categories
are considered, ranging from the simple (e.g., stocks and bonds) to the more complex (e.g.,
options and CDSs). I find that idiosyncratic risk prices vary significantly over time, and are
larger for more complex securities.

Keywords: Macroeconomics, Finance, Asset Pricing, Financial Intermediaries, Idiosyn-
cratic Risk, Information Cost, International Investment
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2.1 Introduction

Much research has been conducted to investigate changes in asset risk premia and how
they evolve through time. Figure 2.1 displays the evolution of the US equity premium
from the 1920s until the Covid pandemic. Notice that the equity premium surges during
recessions. Not surprisingly, the largest spike occurs during the Great Depression. There
is also considerable cross-sectional variation in risk premia, which of course has been the
focus of the finance profession. Simultaneously accounting for both the time-series and
cross-sectional variation in risk premia is a challenging task. Traditional models like the
CAPM were developed to explain cross-sectional variation, and do less well explaining time-
series variation. Recently developed Intermediary Asset Pricing models, inspired by the 2008
Financial Crisis (He and Krishnamurthy (2012), Brunnermeier and Sannikov (2014), focus
on time-series variation in risk premia, but thus far, relatively few empirical studies examine
their cross-sectional implications (Adrian, Etula, and Muir (2014), He, Kelly and Manela
(2017), Haddad and Muir (2022)). The goal of this paper is to contribute to this emerging
literature exploring the cross-sectional implications of IAP models.

Figure 2.1: The graph illustrates US Equity Risk Premium 1927-2019. The data are from Shiller
(econ.yale.edu/shiller/data.htm) and the bars are NBER-dated recessions. The ex-ante equity
premium is the fitted value from the regression of the 1-year ahead excess return on the current
dividend yield. It has an average value of 6.8%. Source: The figure is provided by Dr. Kenneth Kasa
in AJ Robson and H. Allen, Evolved attitudes to risk and the demand for equity. PNAS January
20, 2021.

I address the following questions: (1) To what extent do financial intermediaries play a
role in asset pricing? (2) What characteristics of intermediaries’ balance sheets impact risk
premia? and (3) In which assets should their role be highlighted? Di Tella (2017) proposes an
asset pricing model in which idiosyncratic risk is endogenously concentrated on the balance
sheets of financial intermediaries. That is, intermediaries actually choose to be exposed to
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market downturns.This study empirically investigates Di Tella’s prediction and explores the
significance of idiosyncratic risk in asset pricing for seven asset classes.

This study makes two contributions to the literature. First, an empirical proxy for id-
iosyncratic risk is constructed using a panel data set of 22 financial intermediaries’ balance
sheets from 1970 through the end of 2021. This proxy varies as one would expect, exhibiting
sharp spikes during NBER recessions. To estimate idiosyncratic risk, the percentage change
in the sum total of primary dealers’ equity over the sum of primary dealers’ assets is mea-
sured as aggregate risk. The percentage change in equity over assets of individual primary
dealers is then regressed on aggregate risk. Idiosyncratic risk is then proxied by the cross-
sectional standard deviation of the regressions residuals. Second, I estimate idiosyncratic
risk prices using a two-step Fama-MacBeth methodology applied to seven asset categories.
The assets span from simple assets like stocks and bonds to more complex assets such as
options, CDS, commodities, and foreign currency. The key distinction between simple and
complicated asset classes is that households do not participate in more complicated asset
markets but are more involved in simple asset markets. This means financial intermediaries
are expected to play a more important role in more complicated asset markets than in mar-
kets for simple assets. The study’s findings indicate that idiosyncratic risk on the balance
sheets of intermediaries has a greater effect in asset markets where intermediaries engage
more than households, such as commodities and foreign exchange. Therefore, idiosyncratic
risk premia are higher in markets where financial intermediaries are more involved. Also,
using the FamaMac-Bath time-varying procedure, the time-varying price of idiosyncratic
risk is estimated. The estimated time-varying idiosyncratic risk premium for all classes of
asset pooled increases during NEBR recessions but on average is constant over time.

The literature on asset pricing and risk premia may be divided into two groups. The
first highlights the importance of household risk aversion. The challenge is to explain why
households appear to be so risk averse, and why risk aversion varies so much over time.
Leading contributions are the backward-looking habit persistence model of Campbell and
Cochrane (1999), the forward-looking long-run risk model of Bansal and Yaron (2004),
and the heterogeneous risk aversion models of Chan and Kogan (2002) and Garleanu and
Panageas (2015). Inspired by the 2008 Financial Crisis, the second group argues that since
households do not participate in highly complicated asset markets, they cannot influence
risk premia. This group focuses on the share of financial intermediaries in asset markets and
emphasizes their significance in asset pricing. As an early example, Bernanke and Gertler
(1989) investigated how financially constrained entrepreneurs respond to a macroeconomic
shock and how this amplifies the shock. Given that entrepreneurs’ net worth falls when
a shock hits the economy, their external financing is restricted, resulting in insufficient
investment in the economy, which magnifies the shock impact in a feedback loop. Extensions
by Kiyotaki and Moore (1997) and Bernanke, Gertler, and Gilchrist (1999) develop dynamic
models in which lenders require collateral, leading to credit restrictions for borrowers owing
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to financial frictions. Procyclical variation in collateral values leads to the amplification and
propagation of exogenous productivity shocks.

Papers that use a time-continuous approach have been shown to better capture the global
dynamics of these (nonlinear) models. Brunnermeier and Sannikov (2014) were among the
first to apply a time-continuous approach to asset pricing and the balance sheets of financial
intermediaries. When an aggregate shock strikes the economy, asset values fall first, causing
experts’ (financial intermediaries’) net worth to decline, forcing risk premia to rise and
asset prices to fall further. They also found that financial innovations encourage experts to
borrow more, causing their balance sheets to deteriorate further. This makes the economy
more sensitive to even minor aggregate shocks. In the article, this is referred to as the
‘volatility paradox’, because while financial innovations are meant to stabilize the economy,
they instead make it more vulnerable since leverage endogenously increases in response.

There are empirical studies aiming to estimate the role of financial intermediaries in
asset pricing with historical data. Adrian, Etula, and Muir (2014) show that shocks to secu-
rities broker-dealers’ leverage, defined as assets over equity, have explanatory power in stock
and bond prices. He et al. (2017) broaden the assets considered to include seven asset classes
ranging from stocks to more complex assets and use aggregate shocks to equity capital ra-
tios to explain a significant amount of cross-sectional variation in assets’ expected returns,
particularly in more complicated asset classes such as corporate and sovereign bonds, deriva-
tives, commodities, and currencies. Besides differences in the asset classes used, AEM and
HKM appear to arrive at contradictory empirical results in that AEM found a positive risk
price for broker-dealer leverage shocks (in which leverage is defined as the dealer’s asset over
equity), while HKM showed a positive price for primary dealer capital ratio shock (in which
capital ratio is equity over asset). HKM argue that the difference arises from whether you
focus on subsidiary or holding company level. HKM also examines the AEM pricing factor
for all seven classes of assets. They find the AEM factor plays a significant role in more
sophisticated assets such as options, CDS, and FX market. This finding is consistent with
most intermediary-based asset pricing models in which intermediaries play a larger role in
more complicated asset markets that are difficult for households to trade in (Shleifer and
Vishny (1997)).

Haddad and Muir (2020) is another intriguing empirical paper in this literature. They
simultaneously consider the risk aversion of households and intermediaries in asset pricing
and find that variations in the ability of intermediaries to bear risk is more important than
households’ willingness to bear risk in more complicated asset markets where households
do not participate. The empirical results of my paper are comparable to HM, AEM, and
HKM. In terms of the classes of assets used in this paper, it is similar to the seven classes
of assets in the HKM paper. However, the HKM data only runs until 2012, but in this
paper whenever data is available (FF25, US bonds, Options, and foreign exchange), it is
updated until 2020. Also, my paper is different from all three papers in terms of the variable
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from financial intermediaries’ balance sheets that plays a role in pricing assets. HKM and
AEM both test the explanatory power of aggregate risk concentrated on the intermediary’s
balance sheet. HM also examines to what extent intermediaries play a role in pricing different
classes of assets relative to households, but they do not investigate the specific factor from
intermediaries’ balance sheet that has the most explanatory power. Unlike all three papers,
this study is based on the structural model of Di Tella (2017) and tests the explanatory
power of idiosyncratic risk concentrated on the intermediaries’ balance sheets in pricing
assets. Nonetheless, this paper does find financial intermediaries play a significant role in
pricing more complicated assets, which is consistent with the aforementioned papers’ results.
Also, as in HM, this paper distinguishes asset markets where households participate actively,
from asset markets which are more complicated for households to trade in. Considering the
complexity across assets, this paper concludes financial intermediaries are marginal investors
in more complicated asset markets compared to less complicated ones.

Returning to the theoretical models on the role of intermediaries in asset pricing, a
significant feature missed in the Brunnermeier and Sannikov (2014) paper is that there is
no ability for experts to contract on aggregate risk. According to Krishnamurthy (2003),
the amplification channel from the financial sector disappears if experts can trade state-
contingent securities. Di Tella (2017) constructs a model based on Brunnermeier and San-
nikov (2014) that allows experts to contract on any observable variable. He concludes that
aggregate shocks will be shared with households, resulting in no amplification impact of an
aggregate shock. In contrast, idiosyncratic risk, such as uncertainy shocks, remains concen-
trated on the experts’ balance sheets, causing endogenous risk that amplifies idiosyncratic
shocks. He explains that experts take more idiosyncratic risk ex-ante in order to take advan-
tage of better investment opportunities provided by downturns. Because experts have the
choice to share their aggregate risk with households, this opportunity is only activated after
an idiosyncratic shock rather than an aggregate shock. If there is an aggregate shock, both
households’ and experts’ investment prospects are affected equally. In contrast, following
an idiosyncratic shock, experts’ investment opportunities improve relative to the household
investment opportunities.

Regarding idiosyncratic risk estimation, Bloom (2009) and, more recently, Bloom et
al. (2012) study the significance of uncertainty shocks in business cycles. They found that
an uncertainty shock can induce a 2.5 percent decline in business cycles. Christiano et al.
(2014) conclude that idiosyncratic shocks are a major driving force in business cycles in the
presence of financial frictions and incomplete contracts. Campbell et al. (2012) investigate
the explanatory power of a volatility component in asset pricing and show that it explains
the growth-value gap in expected returns. This study is different from all these papers in
terms of how the idiosyncratic risk is estimated. The rest of the paper describes the model,
data, and related variables in section two, then the model findings and conclusion in sections
three and four, respectively.

32



2.2 Model

2.2.1 Asset Pricing Model

Di Tella (2017) is the basis for this study. Di Tella attributes financial frictions to
moral hazard, and allows financial intermediaries to contract on observable variables. As a
result, experts share aggregate risk. Households and experts are two agents in the model
with equal degrees of risk aversion 1. Households do not trade capital and instead lend to
experts. However, experts trade capital and create a larger return than households. Experts
sell equities to households in order to share the risks with them. To avoid moral hazard, they
must retain a portion of their equity. Aggregate risk and idiosyncratic risk are endogenously
concentrated on the experts’ balance sheet in proportion to the equity they maintain. Di
Tella proves that if experts are allowed to contract, they would contract (for example, using
a market index) to share aggregate risk on their balance sheets. When agents may contract
on the aggregate state of the economy, the choice of how much capital to acquire (leverage)
is separated from the choice of aggregate risk sharing, and optimal contracts hedge the
market’s (endogenously) stochastic investment opportunities. However, due to the capital
constraint idiosyncratic risk remains concentrated on their balance sheet in proportion to
the equity they retain.

The hedging motive of experts compared to households determines aggregate risk shar-
ing in equilibrium. Brownian TFP shocks have no effect on experts’ or households’ relative
investment possibilities. Therefore they share aggregate risk proportionally to their wealth.
TFP shocks have a direct influence on output in equilibrium, but they are not amplified
through the balance-sheet channel and have no magnified effect on the price of capital,
investment, or the financial market. Unlike Brownian TFP shocks, uncertainty shocks in-
duce an endogenous hedging motive, increasing experts’ investment opportunities relative
to households. If experts were risk neutral, they would retain more wealth during downturns
to maximize utility per unit of net worth, potentially mitigating the balance sheet impact.
When experts are relatively risk-averse, so that the income effect of return variation dom-
inates the substitution effect, they choose to hold less wealth during downturns and more
wealth during booms to smooth the level of utility, resulting in more risk exposure in down-
turns. As a result, experts choose a high exposure to aggregate risk. Intuitively, downturns,
appear to be periods of high idiosyncratic risk, with reduced asset prices and increased risk
premia. Experts who invest in these assets and earn risk premia have greater investment
opportunities during downturns and acquire more utility per dollar than households. Em-
pirical data suggests that the income effect dominates the substitution effect. Additionally,

1As long as households’ risk aversion is greater or equal to the experts’, Di Tella’s model works well
theoretically. However, if experts are more risk-averse than households, then the idiosyncratic risk should be
large enough to activate the amplification channel.
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this paper focuses on downturns when agents’ risk-bearing capacity typically decreases and
they effectively become more risk-averse. Therefore, the latter situation dominates the for-
mer and this is why, during downturns, experts leverage up, increasing the idiosyncratic
risk concentrated on their balance sheets and making them further vulnerable. As a result,
financial losses following an uncertainty shock are concentrated on experts’ balance sheets,
further reducing asset values and increasing risk premia, thus driving experts to take even
more aggregate risk ex-ante in a two-way feedback loop.

The purpose of this paper is to examine empirically the theoretical mechanism high-
lighted by Di Tella (2017), and to thereby quantify how an idiosyncratic shock is amplified
by experts’ balance sheets. The model used here is comparable to Haddad and Muir (2020)
in that both use financial sector health in asset pricing. However, Haddad and Muir’s (2020)
primary goal is to determine if experts matter at all for asset pricing. They jointly assess the
role of financial intermediaries and households in asset returns. They do not consider what
specific variables or mechanisms produce their influence on asset returns. In contrast, here
only idiosyncratic risk concentrated on the experts’ balance sheets influences asset prices.
Aggregagte capital by itself is irrelevant. To summarize, Haddad and Muir (2020) studied
whether the balance sheets of financial intermediaries matter for asset pricing. In this study,
we presume this is true, and take one step forward by seeking to demonstrate empirically
that only idiosyncratic risk is concentrated on the expert balance sheet, and this is the
element that influences asset returns.

To derive the theoretical pricing kernel in general equilibrium, assume experts maximize
the following utility function:

E

[∫ ∞

o
e−ρt c

1−γ
t

1 − γ
dt

]

where ρ is the rate of time preference and γ > 1 is the coefficient of relative risk aversion.
From the envelope theorem, the marginal utility of wealth is equal to the marginal utility of
consumption. Given that only experts can trade capital and an uncertainty shock changes
experts’ investment opportunities more than households, experts’ marginal utility of wealth
matters for pricing assets. Hence, in equilibrium, the marginal utility of wealth (∧E) is:

ct = αnt (A1)

∧E = e−ρt(αnt)−γ (A2)

where nt is the experts’ net worth and α is a constant. Given that nt = xtWt, where xt
is the net worth share of experts and Wt is the total wealth in the economy, equation A2
can be rewritten as:
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∧E = e−ρt(αxtWt)−γ (A3)

The intuition behind the above equation is that Wt relates to a persistent aggregate
productivity shock, which appears in all asset pricing models and impacts all economic
fundamentals. When an economy’s aggregate wealth falls, agents’ marginal value of wealth
rises. The share of experts’ net worth (xt) is the second key factor. If experts’ net worth falls
in comparison to the rest of the economy, their marginal utility of wealth rises, influencing
asset prices. xt, on the other hand, is a decreasing function of idiosyncratic risk, νt. During
a downturn, νt rises, and because this risk is concentrated on the experts’ balance sheet,
experts’ net worth falls. Idiosyncratic risk averages out in the aggregate and has no effect
on aggregate wealth. As a result, when idiosyncratic risk rises, just the numerator of xt
declines while the denominator remains the same, and so experts’ marginal utility of wealth
rises accordingly.

An aggregate shock, on the other hand, has no effect on experts’ net worth ratio, xt.
Given that experts can write contracts and share aggregate risk with households if the
economy suffers a negative aggregate shock, it will squeeze both households’ and experts’
net worth equally. This means that experts’ net worth ratios do not change, and so their
marginal utility of wealth and investment opportunities do not change, and the aggregate
shock is not amplified through their balance sheets.

Therefore, experts’ marginal utility of wealth will be a function of aggregate wealth and
idiosyncratic risk:

∧E ∝ e−ρt(νtWt)−γ (A4)

Based on equation A4, a standard asset pricing Euler equation is used to derive a
two-factor asset pricing model. We assume experts’ marginal value of wealth matters in
determining expected excess returns:

Et(dRit) − rft dt = −Et(dRit .
d∧t
∧t

) (A5)

Where dRit is the instantaneous return of asset i and rft is the risk-free rate. Using
equation A4 we can rewrite equation A5 as follow:
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Et(dRit) − rft dt = γ Et(dRit .
dWt

Wt
) + γ Et(dRit .

dνt
νt

) (A6)

According to the time-continuous approach and using Ito’s lemma for Rit, Wt, and νt:

Et(dRit) − rft dt = σRi

σw
dtγσ2

W + σRi

σν
dtγσ2

ν (A7)

where σRi

σw
= βiWt is the aggregate wealth risk loading, σRi

σν
= βiνt is the idiosyncratic risk

loading, γσ2
W is the price of aggregate wealth risk and γσ2

ν is the price of idiosyncratic risk.
Hence, A7 can be rewritten as:

Et(dRit) − rft dt = βiWtdt . λW + βiνtdt . λν (A8)

The empirical model used to investigate the significance of experts’ balance sheets is as
follows, and it consists of two steps. First, risk loadings will be estimated using time series
regressions of asset portfolio excess returns on idiosyncratic risk concentrated on experts’
balance sheets and market excess returns, which proxy aggregate wealth risk:

Rikt+1 − rft = aik + βikν νt+1 + βikW (RWt+1 − rft ) + ϵikt+1 (A9)

Then the time average of portfolio excess returns in each class of asset will be regressed
on the estimated betas from equation A9, to estimate risk prices as the coefficients:

E[Rikt+1 − rft ] = γk + λkν β̂
ik
ν + λkW β̂

ik
W + υik (A10)

The main focus of this study is on λkν . If the idiosyncratic risk channel plays role in asset
pricing, λkν is expected to be positive, especially for more complicated classes of assets in
which financial intermediaries (experts) primarily trade.

The main restriction of the above model is that betas are presumed constant over time.
However, if the true beta is time-varying, A9 and A10 are misspecified. Since primary dealer
data is only available quarterly, it is insufficient for estimating time-varying betas. To ad-
dress this data restriction, the Fama and MacBeth (1973) technique is adopted. According
to Fama and MacBeth (1973), the excess return of each asset class is regressed on idiosyn-
cratic risk and market risk using a rolling 5-year regression in the first stage of the model
(A9). In this situation, A9 is as follows::
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Rikt+1 − rft = aik + βiktννt+1 + βiktW (RWt+1 − rft ) + ϵikt+1 (A11)

The second step involves two regressions, first for each date and each asset class, resulting
in time-varying asset prices. Second, the excess return is regressed on the time-varying betas
in a panel regression to estimate a unique risk price for each asset class. The results of these
regressions are provided in the section below.

2.2.2 Data

The asset classes used in the study are from He et al. (2017), which contains excess
return data for seven asset classes, ranging from simple assets exchanged by households and
individuals to more complicated assets traded mostly by financial intermediaries: (1) The
Fama-French 25 portfolio of equities (formed by interacting 5 size and 5 book-to-market
portfolios), (2) US bonds, (3) Sovereign bonds, (4) Options, (5) CDS, (6) Commodities,
and (7) Foreign exchange are the assets used here in order of complexity. From the first
quarter of 1970 to the last quarter of 2012, the data is available. The excess returns for
the Fama-French equity portfolio, US bonds, and foreign exchange are updated through the
end of 2021.

Aggregate risk is measured using He et al. (2017)’s "Intermediary Capital Risk Factor"
from 1970:1 to the most recent date2. The data from financial intermediaries’ balance sheets
are required for idiosyncratic risk. Financial intermediaries are primary dealers who function
as trading counterparties to the Federal Reserve Bank of New York in the implementation of
monetary policy. The list of these primary dealers is provided in table 2.1 and their balance
sheets at the holding company level are used. CRSP/Compustat provides data on these
primary dealers. According to HKM, this small group of dealers significantly represents the
financial sector in terms of trading volumes.

2.2.3 Idiosyncratic Risk3

The idiosyncratic risk measured in this study is an uncertainty risk on the experts’
balance sheets. The risk comes from the following production function:

yi,t = Atzi,tf(ki,t, ni,t) (A12)

2The risk factor data is available on the Zhiguo He website at https://voices.uchicago.edu/zhiguohe/data-
and-empirical-patterns/intermediary-capital-ratio-and-risk-factor/

3Dew-Becker and Giglio (2023) provide an alternative strategy for estimating idiosyncratic risk, based
on firm-level option implied volatility.
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where ki,t, nji,t are the expert’s idiosyncratic capital and labor respectively. The concept of
idiosyncratic risk and the way it is estimated in this paper is similar to Campbell et al.
(2001). The role that firm-level volatility plays in macroeconomic models is discussed in
models of "Cleansing Recessions". An exogenous change in the arrival rate of information
about management quality may reduce output as resources are reallocated from low-quality
firms to high-quality firms. As another example, a recession (which happens due to other
reasons) reveals information about management quality and could increase the rate of real-
location across firms. The idiosyncratic risk used in this paper is also due to an uncertainty
shock (which could be accompanied or not by an aggregate shock) that may change the
balance sheets of some firms more than others. To this end, idiosyncratic risk is derived
from the cross-sectional variance of the residual of intermediaries’ balance sheet percentage
changes. Herskovic et al. (2016) measures volatility as idiosyncratic firm risk, the equally
weighted average of firm-level market model residual return variance. The productivity
component includes two parts, an aggregate part At and an idiosyncratic part zi,t.

Two productivity components are obtained from different variables. The volatility of
zi,t is caused by cross-sectional dispersion based on balance sheets, but the volatility of At
is caused by the market index or GDP changing over time. This suggests that the risks
captured on the experts’ balance sheet are either aggregate or idiosyncratic. As a result, if
we subtract aggregate risk from the volatility of experts’ balance sheets, the residual risk
could be interpreted as uncertainty risk.

%∆Balance sheeti,t = βAggregate riskt + µi,t

In the equation above, the cross-sectional standard deviation of the error term (µi,t) is
used to capture uncertainty risk concentrated on the experts’ balance sheets. To measure
experts’ balance sheets and aggregate risk the approach used here is similar to what is
proposed by He et al. (2017). For the balance sheet, market structure is used which is
defined as follows for each firm:

xi,t = Market Equityi,t
Market Equityi,t +Book Debti,t

(A13)

For each expert, market equity is the share price multiplied by the number of outstanding
shares, whereas book debt is total assets minus common equity. Market value equity ac-
curately reflects the financial distress of financial intermediaries. The book value of debts
could also be a proxy for the market value of debt. This is because debt in the financial
industry is more short-term and collateralized, and hence less tied to business credit risk.
In this study, the percentage change of the (aggregate) primary dealer capital ratio from
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Figure 2.2: The solid blue line represents the idiosyncratic risk which is the cross-sectional standard
deviation of the residual of the individual risk factor on the aggregate risk factor regression. Shaded
regions indicate NBER recessions.

He et al. (2017) is used for aggregate risk 4. In HKM, the primary dealer capital ratio is5:

xt =
∑
iMarket Equityi,t∑

iMarket Equityi,t +Book Debti,t
(A14)

In figure 2.2, the estimated idiosyncratic risk is plotted against NBER recessions from the
first quarter of 1970 to the first quarter of 2020. Notice that during recessions uncertainty
risk increases. It also rose in 1998 when LTCM collapsed and some assets were affected, and
around 1987 (Black Monday) when the stock market collapsed.

Figures 2.3 and 2.4 plot impulse responses from an exogenous idiosyncratic risk shock.
There are two key state variables in this economy, (1) the exogenous level of idiosyncratic
risk, νt, and (2) the endogenous wealth share of intermediaries, xt. The top row in each figure
shows how key variables of interest respond over time to variations in νt for 3 alternative
(fixed) values of xt. The bottom row then does the reverse, showing how variables respond
to xt over time, for 3 alternative (fixed) values of νt. These graphs are comparable to
those in Di Tella (2017), which present numerical solutions to an uncertainty shock. The
difference between Figures 2.3 and 2.4 and those in Di Tella (2017) is that Di Tella uses

4He et al. (2017) also provides the ratio of the primary dealers’ total assets over all the US-based bro-
ker–dealers (BD), all banks (Banks), and all firms in Compustat (Cmpust) which shows the significant
role the primary dealers have in the economy. For instance, the average total assets of all US-based primary
dealers from 1960 to 2012 was 95% of all broker-dealers, 60% of all banks, and 24% of all firms in Compustat.

5HKM constructs the growth rate of the capital ratio by first running an auto-regressive xt = ρ0 +
ρ1xt−1 + ut and then by dividing the residual by the lagged capital ratio x∆

t = ut
xt−1

.
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Campbell et al. (2001) for the stochastic process for idiosyncratic risk ν, whereas in this
study, idiosyncratic risk is the empirically measured cross-sectional standard deviation of
the residuals from regressions of the individual risk factor on the aggregate risk factor.6 The
findings are consistent with those of Di Tella’s work 7. First, according to graph 2.3, a weaker
balance sheet depresses asset prices further, and experts’ relative investment opportunities
Ω are better when idiosyncratic risk νt is higher and their proportion of aggregate wealth xt
is low (weak balance sheets). Second, from graph 2.4, the risk-free interest rate rt falls (it can
even become negative), while the price of aggregate risk pt rises, both because idiosyncratic
risk νt rises and because balance sheets xt weaken. Therefore, while the exogenous shock
simply raises idiosyncratic risk νt, it endogenously magnifies aggregate risk σ + σp,t.

2.3 Results

As discussed earlier in the model, the asset pricing test contains two steps. According
to equation A9 in the first step, the excess return of each portfolio in each class of asset is
regressed on the market excess return and uncertainty risk in a time series regression. The
results of the first step are summarized in table 2.2 8.

In the second phase, the average excess portfolio return over time is cross-sectionally
regressed on betas derived in the first step for each portfolio in each asset class using equation
A10. Table 2.3 summarizes the results of the second-stage regression. Our primary focus is
on the price of idiosyncratic risk, γkid. The first seven columns provide the price of risk for
each asset class, while the last column shows the results of regressing all portfolios from
all asset classes combined. The price of risk in all other asset classes is positive and ranges
from 0.02 to 0.35. Moreover, the estimated idiosyncratic risk premium is not statistically
significant only in US bonds and sovereign bonds, which are regarded as simple assets, as
well as in CDS. This may suggest that idiosyncratic risk appears to have greater explanatory
power for more complicated assets. The last column displays the risk price for all portfolios,
which is 0.05 per quarter. Given that the cross-section standard deviation of idiosyncratic
risk betas across all asset classes is 0.07 (table 2.2) if two assets have betas that differ by

6In Di Tella (2017), the idiosyncratic risk long-run mean is 0.25, the standard deviation is 0.17 and the
autoregression coefficient is 1.38. Whereas in this study, the long-run mean of idiosyncratic risk is 0.12, the
standard deviation is 0.27 and the autoregression coefficient is 0.26.

7The numerical solution used for these graphs is exactly the same as what is used in Di Tella (2017). The
only difference is that in these graphs the idiosyncratic risk estimated by primary dealers’ capital ratio is
used. Di Tella (2017) adds a time dimension and solves the system as if there were a finite horizon T . Then
it must look for p, ξ, and ζ as functions of (n, x, t). For more details regarding the solution, please refer to
Di Tella (2017), "Uncertainty Shocks and Balance Sheet Recessions", Appendix B.

8To avoid cross-sectional correlation in the panel, a GMM regression with heteroskedasticity-and
autocorrelation-consistent weighting matrix is used.
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Figure 2.3: The price of capital p, volatility of x ,σx, and relative investment opportunities Ω = ξ
ζ ,

as functions of ν (above) for x = 0.05 (solid), x = 0.10 (dotted), and x = 0.2 (dashed), and as a
function of x (below) for ν = 0.12 (solid), ν = 0.25 (dotted), and ν = 0.6 (dashed).

Figure 2.4: Aggregate risk σ + σp, the price of risk p, and the risk-free rate r as functions of ν
(above) for x = 0.05 (solid), x = 0.10 (dotted), and x = 0.2 (dashed), and as a function of x (below)
for ν = 0.12 (solid), ν = 0.25 (dotted), and ν = 0.6 (dashed)..

41



one standard deviation, their risk premia differ by 0.07×0.05 or 0.35 percent for a quarter
and 1.4 percent for a year.

Another interesting finding from the table is that the idiosyncratic risk loading (βidio)
appears to be higher for more sophisticated assets than for less complicated groups. Since
experts are the only or principal traders in more intricate asset markets, and because the
idiosyncratic risk is concentrated primarily on their balance sheets, the idiosyncratic risk
loading is projected to be higher in markets where they are the only investors. Furthermore,
the study’s key premise is that intermediates (experts) are homogenous. Two tests are per-
formed to determine if the loading of idiosyncratic risk is higher in more complicated assets
than in less complicated ones9. Stocks, US bonds, and sovereign bonds are considered less
complicated assets, and households make up a large majority of their traders. More compli-
cated assets include options, CDS, commodities, and foreign exchange and households are
assumed not to be present in these markets. The loading of idiosyncratic risk is greater in
more complicated assets, according to tests on risk loading equality between complicated
and less complicated assets. When the assumption from Di Tella’s study on the idiosyn-
cratic risk that investment opportunities are exclusively available to experts is included, this
could make more sense that in the markets of more complicated assets, experts could have
more investment opportunities relative to the household when there is an uncertainty shock
hitting the market. But in less complicated asset markets (where households can enter and
trade easily), the idiosyncratic risk may not be the only factor that plays a role in pricing
assets.

The tables 2.4 and 2.5 show the results of time-varying beta in the Fama-MacBeth
Procedure. In the FamaMac-Bath procedure, rolling 5-year regressions are regressed in each
class of asset and for each portfolio over every 5 years. The average and standard deviation
of betas for each asset class over time for market risk and idiosyncratic risk as regressors
are shown in table 2.5. Table 2.5 provides the risk price for each asset class derived from
regressing excess returns on time-varying betas estimated in the first step. Except for Fama
French 25, the estimated risk prices are positive and statistically significant for all classes
and range from 0.01 to 0.12. The last column displays the results of the second regression,

9One test is a Wald test with the following test statistics:

W = (βstocks − βoptions)2

SE(βstocks)2 + SE(βoptions)2 + (βusbond − βCDS)2

SE(βusbond)2 + SE(βCDS)2 +

(βsovereign − βcommodities)2

SE(βsovereign)2 + SE(βcommodities)2 + β2
F X

SE(βF X)2

Also, a t-test is used to test this assumption as follows:

t = (x̄1 − x̄2)√
( s2

1
3 + s2

2
4 )

where x̄1 is the mean of β of the less complicated assets and x̄2 is the means of β of more complicated assets.
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with all portfolios from all asset classes pooled into a sample. In this sample, the estimated
idiosyncratic risk price is 0.03, which is not significantly different from table 2.3, which is
0.05. (this is also the case for the price of market risk).

In table 2.5, excess returns are regressed on time-varying betas for each class of asset
in a panel regression (including time and all portfolios in each class of asset). However, in
the FamaMac-Bath procedure, we can also regress excess return on betas on each date and
derive a time-varying risk premium. This would let us look into how the price of idiosyncratic
risk has changed over time across assets. To apply this concept in this model, in the second
step of the procedure, instead of estimating a single panel regression with the time-varying
betas of each asset, we now run a cross-sectional regression at each time period and for each
asset. The estimated time-varying risk premium for each class of asset is depicted in figure
2.5. These graphs are analogous to figure 2.1, which depicts a declining risk premium of
stocks over time. However, idiosyncratic risk price is only dropping over time for CDS and
marginally in foreign exchange. It does not follow an increasing or negative trend for stocks
(FF25), US bonds, options, and all asset classes pooled. Also, in each graph, the gray areas
represent NEBR recessions. In all classes of assets, risk premia had gone up during or right
after the recession, indicating higher uncertainty due to recession periods.

Graph 2.6 compares estimated returns to actual returns for each asset type. Graphs a
and b are from FamaMac-Bath 5-year rolling regressions and graphs c and d The graphs
on the left depict all asset classes. Except for FF25, which appears to be an exception, all
asset classes are almost on the 45-degree line. To have a better grasp of the other asset
classes, FF25 is removed from the right graphs. Except for FF25, the asset pricing model
developed in the paper works fairly well, as seen by the graphs. It is also consistent with
expectations that idiosyncratic risk does not work well in FF25. In comparison to other asset
markets, households participate more in stock markets. This implies that idiosyncratic risk
concentrated on the experts’ balance sheet will be less important in the stock market (FF25).

2.4 Conclusion

We find that disparities in asset exposure to the standard deviation of the residual
of the capital ratio of primary dealers explain variations in expected excess returns on
assets markets that households are usually absent at such as US bonds, foreign sovereign
bonds, options, CDS, commodities, and currencies. In the stock market, where household
participates at large, the idiosyncratic risk concentrated on the experts’ balance sheet may
not matter as it matters for more complicated assets. The idiosyncratic risk component
has a positive risk price and is strongly procyclical, which is particularly pronounced in
more complex assets where only financial intermediaries play a role. Our findings provide
empirical support for the view that financial intermediaries are marginal investors in many
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asset classes, particularly more complex assets, and, as a result, the view that the financial
soundness of these intermediaries is important for understanding broad asset price behavior.
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Primary dealer Holding company Start date

Goldman, Sachs & Co. Goldman Sachs Group, Inc., The 12/4/1974

Barclays Capital Inc. Barclays PLC 4/1/1998

HSBC Securities (USA) Inc. HSBC Holdings PLC 6/1/1999

BNP Paribas Securities Corp. BNP Paribas 9/15/20

HSBC Securities (USA) Inc. HSBC Holdings PLC 6/1/1999

UBS Securities LLC UBS AG 6/9/2003

Credit Suisse Securities (USA) LLC Credit Suisse Group AG 1/16/2006

Nomura Securities International,Inc Nomura Holdings, Inc. 7/27/2009

J.P. Morgan Securities LLC JPMorgan Chase & Co. 9/1/2010

Merrill Lynch, Pierce, Fenner & Smith Bank Of America Corporation 11/1/2010

SG Americas Securities, LLC Societe Generale 2/2/2011

Bank Of Nova Scotia, NY Agency Bank Of Nova Scotia, The 10/4/2011

BMO Capital Markets Corp. Bank Of Montreal 10/4/2011

Jefferies LLC Jefferies LLC 3/1/2013

TD Securities (USA) LLC Toronto-Dominion Bank, The 2/11/2014

Table 2.1: Primary dealers as of June 2020. Primary dealers, as designated by the NY Fed serve
as its trading counterparties as it implements monetary policy. Primary dealers are obliged to: (i)
participate consistently in open market operations to carry out US monetary policy, and (ii) provide
the NY Fed’s trading desk with market information and analysis. Primary dealers are also required
to participate in all US government debt auctions and to make reasonable markets for the NY Fed.
See http://www.newyorkfed.org/markets/primarydealers.html for current and historical lists
of primary dealers.
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The time series regression (the first step)
FF25 US Bonds Sov. Bonds Options CDS Commod FX All

Mean (βmrk
i ) 1.13 0.10 0.32 -0.16 0.11 0.18 0.05 0.29

Std ( βmrk
i ) 0.19 0.10 0.20 0.45 0.07 0.22 0.05 0.55

Mean ( βidio
i ) 0.03 0.01 0.11 0.02 0.03 0.01 0.01 0.02

Std ( βidio
i ) 0.03 0.01 0.04 0.13 0.03 0.09 0.03 0.07

F (α = 0) 0.01 0.55 1.16 1.05 1.10 1.33 0.65 0.99

p − value 0.96 0.94 0.34 0.37 0.25 0.88 0.46 0.52

Table 2.2: The mean and variance of time series regression. The table is representing the results
of regressing the excess return of portfolios for each class of asset on the idiosyncratic risk and
the market excess return using GMM regression. In the GMM regressions, first, the coefficients
are estimated using an identity matrix, then the estimated coefficients are used to estimate the
weighting matrix. The reported coefficients are those estimated using the second weighting matrix.
Then over the portfolios, an average of betas is taken which is the mean of each regressor in the
table. Below the mean, the standard deviation of betas across portfolios in each asset class is also
reported in the table. βmrk

i is the beta of the market excess return as the regressor and βidio
i is

the beta of the idiosyncratic risk as the regressor for each class of asset. The last row is the test
statistic on the intercepts of the regressions. The intercept should be zero meaning when there is no
systemic risk, the excess return of an asset is expected to be zero. The test statistic is T −N−K

N (1 +
ET (f ′) Ω̂−1ET (f))−1 α̂

′Σ̂−1α̂ ∼ FN,T −N−K where N is the number of assets, K is the number of
factors, and Ω = 1

T

∑T
t=1[ft − ET (f)][ft − ET (f)]′ .

Cross-sectional regression (the second step)
FF25 US Bonds Sov. Bonds Options CDS Commod FX All

0.20 0.04 0.05 0.016 0.003 -0.05 -0.10 0.02γk
mrk

p(χ2(γ = 0)) (0.00) (0.00) (0.00) (0.00) (0.79) (0.00) (0.00) (0.00)

0.10 0.05 0.03 0.35 0.02 0.27 0.15 0.05γk
id

p(χ2(γ = 0)) (0.00) (0.46) (0.54) (0.00) (0.43) (0.00) (0.05) (0.04)

Portfolio size 25 20 6 18 20 23 12 124

Table 2.3: The coefficients of the cross-sectional regression. The table is representing the results of
regressing the average of each portfolio’s excess return on the beta estimated from the time series
regression using the GMM method. In the GMM regressions, first, the coefficients are estimated
using an identity matrix, then the estimated coefficients are used to estimate the weighting matrix.
The reported coefficients are those estimated using the second weighting matrix. γk

mrk is the risk
premium of the market excess return and γk

id is the idiosyncratic risk premium for each class of asset.
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The time series rolling 5-year regression (the first step)
FF25 US Bonds Sov. Bonds Options CDS Commod FX All

Mean (βmrk
i ) 1.135 0.130 0.309 0.837 0.117 0.091 0.050 0.522

Std ( βmrk
i ) 0.25790 0.19455 0.30300 0.20126 0.08850 0.65357 0.18622 0.5814

Mean ( βidio
i ) 0.096 -0.038 0.094 -0.028 0.051 0.020 -0.0226 0.018

Std ( βidio
i ) 0.21964 0.14220 0.20400 0.09909 0.07299 0.49129 0.14854 0.2493

Table 2.4: The mean and variance of time series regression. The table is representing the results
of regressing the excess return of portfolios for each class of asset on the idiosyncratic risk and
the market excess return using GMM regression. In the GMM regressions, first, the coefficients are
estimated using an identity matrix, then the estimated coefficients are used to estimate the weighting
matrix. The reported coefficients are those estimated using the second weighting matrix. Then over
the portfolios, an average of betas is taken which is the mean of each regressor in the table. Below
the mean, the standard deviation of betas across portfolios in each asset class is also reported in
the table. βmrk

i is the beta of the market excess return as the regressor and βidio
i is the beta of the

idiosyncratic risk as the regressor for each class of asset.

Cross-sectional regression on the time-varying Betas (the second step)
FF25 US Bonds Sov. Bonds Options CDS Commod FX All

0.03 0.04 0.03 0.015 -0.069 -0.01 -0.02 0.01γk
mrk

p(χ2(γ = 0)) (0.00) (0.00) (0.00) (0.00) (0.00) (0.11) (0.02) (0.00)

-0.01 0.03 0.08 0.12 0.19 0.02 0.04 0.03γk
id

p(χ2(γ = 0)) (0.37) (0.00) (0.00) (0.00) (0.00) (0.00) (0.04) (0.00)

Portfolio size 25 20 6 18 20 23 12 124

Table 2.5: The coefficients of the cross-sectional regression. The table is representing the results of
regressing the average of each portfolio’s excess return on the beta estimated from the time series
regression using the GMM method. In the GMM regressions, first, the coefficients are estimated
using an identity matrix, then the estimated coefficients are used to estimate the weighting matrix.
The reported coefficients are those estimated using the second weighting matrix. γk

mrk is the risk
premium of the market excess return and γk

id is the idiosyncratic risk premium for each class of asset.
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Figure 2.5: The solid blue line represents the idiosyncratic risk price at each class of asset which
is the coefficient of regressing excess returns on time-varying beta for each date and each class of
asset. The dashed lines are the best line fitted to the time series. The average of the risk price over
time for each class of asset is written at the top of each graph. In addition, the price of risk is shown
on the left vertical axis of each graph.
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Figure 2.6: The graphs depict fitted returns from regressions in the horizontal line and the average
of actual returns in the vertical axis for different asset classes. a and b are from FamaMac-Bath
rolling regressions and c and d are from constant risk price regressions. The right graphs (b and d)
are identical to the left ones, but FF25 has been removed. The 45-degree line is shown as a solid line
in each graph.
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Chapter 3

How Greater Geopolitical Risk and
Global Supply Chain Disruption
Change Global Investment
Patterns
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Abstract

This paper investigates how rising geopolitical risk and recent emphasis on reshoring and
friend sharing could change the global pattern of Foreign Direct Investment (FDI) and Port-
folio Investment (FPI). A Geopolitical Risk Index and an Economic Uncertainty Index are
used to measure the impact of geopolitical risk and supply chain disruptions. The results
indicate that as a country’s geopolitical risk increases, its inflow of FDI drops while the
inflow of FPI increases slightly. This suggests that a portion of FDI withdrawn returns to
the country in the form of portfolio investment, probably to take advantage of the rapid
economic growth of the country.

Keywords: Macroeconomics, Finance, Asset Pricing, Financial Intermediaries, Idiosyn-
cratic Risk, Information Cost, International Investment
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3.1 Introduction

Over the last two years, the terms reshoring and friend-shoring have become common in
international business, particularly in North America. Reshoring happens when enterprises
seek to return manufacturing activity to their home countries or surrounding countries.
Globalization and international business accelerated from 1985 to 1995 as developing na-
tions began pursuing free trade policies to address BOP imbalances. Until 2008, Canada
was the largest importer into the United States. However, in 2008 China surpassed Canada
to become the US’s top importer. International trade has altered dramatically since 2008.
Increased nationalism and efforts to "protect jobs" were key factors in US trade policies,
which led to trade and tariff conflicts, with the US trading partners, throughout Trump’s
administration. Even before then, numerous countries were becoming concerned about their
over-dependence on other countries, probability with different political views (Figure 3.1).
The epidemic negatively impacted globalization in 2020 and 2021, highlighting the im-
portance of nearshoring for businesses. Finally, the Russian invasion of Ukraine and the
reactions of several Asian nations, have highlighted the necessity of maintaining a stable
supply chain, and not being overly reliant on a single country.

Figure 3.1: Share of the World’s Manufacturing Products. Source: World Development Indicators.

Several basic difficulties have recently challenged open trade and globalization. Sus-
tainability has risen to the top of everyone’s priority list. However, the amount to which
governments take this into consideration in their policies differs from country to country,
and so different levels of attention to the notion of sustainability have made open trade
more problematic. Security in the global supply chain (GSC) is increasingly a major prob-
lem for economies, prompting governments to focus on making their main sectors’ supply
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chains more secure. Other significant barriers to open trade may include blocs, which are
frequently mentioned by policymakers but are not always a practical and effective solu-
tion for businesses, and inconsistent global standards that primarily serve the interests of
developed economies.

Aside from the higher risks and challenges to the GSC, offshoring costs have remained
high after the pandemic. Freightos Baltic Index (FBX) in the global context was between
$1,100 to $1,700 from 2017 to 2019. The Covid pandemic and worldwide lockdown limited
the operation of shipping lines, which led to a significant increase in shipping costs, causing
the FDX to peak at $10,996 in September 2021. In June 2022, even though many lockdowns
were over and shipping lines were back in operation, the index was still around $7,000. An
increase in shipping costs and input costs, including rising wages in emerging markets, has
accelerated reshoring and has incentivized firms for supply chain reorientation.

To see how GSC disruptions could change global FDI and FPI patterns, it would be
helpful to see how firms react to the risks of supply chain disruptions. Baldwin and Freeman
(2021) discussed the importance of risks in the global supply chain and how firms react to
these risks. They argue that by increasing supply chain flexibility, redundancy, and diver-
sification as well as by forming long-term strategic alliances with a few of their suppliers,
companies can increase their resilience to shocks. When it comes to policies, those that
emphasize supply chain diversification are more effective at reducing economic volatility.

The Kearney Reshoring Index (2021) shows that due to the trade and tariff war, pan-
demic, and ongoing trade disruptions, American companies are becoming more serious about
taking manufacturing back or closer to the US. Total manufacturing goods imports as a
percentage of total output did grow in 2021, and the reshoring index became negative,
which indicates that reshoring has not happened yet (Figure 3.2). But more companies are
working to take their operations closer to home based on various surveys. In 2020, 78% of
US manufacturing CEOs and executives answered yes or maybe to the question of whether
they have considered or started reshoring their manufacturing to the US, while in 2021,
92% answered yes or maybe.

The Kearney China Diversification Index shows that the seasonally adjusted share of US
LCC imports from China has dropped from 67% in the first quarter of 2018 to 50% in the
second quarter of 2021. This suggests that US-based companies are becoming less dependent
on China. In the third and fourth quarters of 2021, the index increased slightly, reaching
55%. Considering the war in Ukraine, the associated index for the first quarter of 2022 could
be more informative. Also, the share of China in manufactured goods imported to the US
has dropped constantly from 2018 to 2021, while Canada’s share has risen in 2021 (probably
an influence of USMCA). The share of other Asian countries has risen significantly as well.
This may indicate that US businesses have abandoned some Asian countries in favor of
other Asian countries (The quarterly values of imports to the US from Canada, China, and
a few other countries are plotted in Figure 3.3).
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Figure 3.2: US manufacturing imports from 14 Asian low-cost countries have risen and resulted in
the negative reshoring index in 2021.

Although reshoring and nearshoring do not show up clearly yet, the outlook looks
promising. According to Kearney surveys (2021), 45% of CEOs said they have been ap-
proached by their stakeholders to consider reshoring or friend-shoring in their operations.
In addition, 90% of CEOs answered that they are planning for nearshoring and reshoring
50% of their operations soon. This shows that they are still concerned about the avail-
ability of components and inputs for their activities. DigiTech and Automation Technology
play important roles in the future of GSCs as well. In a ThomasNet survey, 55% of com-
panies said that they are planning to invest in technologies to automate their operations.
This willingness to automate technology may cause a shift toward higher-skilled workers.
Baldwin and Freeman (2021) also note that the advancement of DigiTech contributes to
removing GSC barriers in services and this means the future of GSCs will include services,
and manufacturing goods will be produced mainly locally.

The primary purpose of this paper is to explore how GSC disruptions will affect global
investment patterns, including FDI and FPI. Because measuring GSG is difficult and com-
plicated, we employ variables that lead to GSC disruptions as proxies for GSC disruptions.
Anything that feeds into GSC disruptions raises geopolitical and economic concerns as well.
As a result, I use a geopolitical risk index (GPR) and an Economic Policy Uncertainty index
(EPU) to assess the impact of geopolitical concerns and increased economic uncertainty on
decisions to make overseas investments. The findings of the FDI and FPI models reveal
that as a country’s geopolitical situation worsens in comparison to other nations, more
FDI is taken from the economy, but a part of that returns to the economy in the form of
FPI. Section 2 develops a model for FDI, and then Section 3 develops another model for
portfolio investment.
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Figure 3.3: Import of Goods to the U.S., Seasonally Adjusted, In Millions of Dollars. Source: Bureau
of Economic Analysis.

3.2 Foreign Direct Investment

3.2.1 Data and Model

The main purpose of this study is to capture the impact of political and economic
instabilities on the intake of FDI. To this end, a reduced form econometric model is used in
this study. This model incorporates several macroeconomic variables as control variables,
while focusing on variables that proxy for economic policy and political risks. According to
the literature, FDI and trade are highly correlated. MNEs may first start by exporting to a
foreign market, and then when they become more familiar with the market, they may start
taking FDI into that market and stop exporting. On the other hand, when a firm is taking
FDI in another country, it may need to export components and inputs to its facilities in the
host country. In this way, FDI can lead to exporting. In Hejazi and Safarian (2002) it has
been discussed that due to the interaction between trade and FDI, the error term in the
trade regression could change the equilibrium of FDI and the error term in FDI regression
could cause changes in the trade equilibrium.

To capture this interaction, Hejazi and Safarian (2002) use Seemingly Uncorrelated
Regression (SUR) and regressed trade and FDI at the same time. The same approach
is applied here, and SUR is used to estimate the model. This means a change in export
would change inward FDI in equilibrium and vice versa. If a drop in import is followed
by an increase in inward FDI, the expected relationship is negative. But if higher inward
FDI brings more import, then the expected relationship is positive. Depending on what
the trade-off between these two forces could be, the sign of the FDI variable in the trade
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regression and the trade variable in the FDI regression could be either positive or negative.
Therefore, in the export regression, the first lag of FDI is incorporated as a regressor, and
in the FDI regression, the first lag of export is a regressor. The model is as follows:

ln(IM)t = FDIt−1 + ln(GDP )t +NEXCHt + et (A1)

FDIt = ln(IM)t−1 + EPUt/GPRt−1 + ln(HC)t +GDPgt + ln(W )t + EFIt +REXCHtPCAPt

+FDIWorldgt + νt (A2)

Two regressions will be regressed together according to SUR. The variables in the model are
explained in Table 3.2.1. The FDI variable used in the model is the global share of FDI for
each country. Since the purpose of this study is to see the impact of economic and political
instability on inward FDI patterns across the world, the share of each country’s inward FDI
could represent the global pattern changes more effectively. The growth rate of the world
FDI is also incorporated in the regression to capture the impact of denominator change in
the FDI global share. Also, in the FDI regression, EPUt/GPRt−1 (EPUtorGPRt−1) rep-
resents economic and political instability. The Economic Policy Uncertainty Index (EPU)
and Geopolitical Risk Index (GPR) are used in two different regressions to see the explana-
tory power of each. Since the indices are provided for the different sets of countries, inserting
both indices into one regression is not technically possible.
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Variable Description textbfSource

FDI
The annual global share of inward
FDI

UNCTAD

IM
Log of annual real Imports of goods
and services (BoP, current US$)

International Monetary Fund, Bal-
ance of Payments Statistics Year-
book, and data files.

EPU
Economic Policy Uncertainty Index
divided by the global index of Eco-
nomic Policy Uncertainty

Economic Policy Uncertainty 1

GPR
Geopolitical Risk Index divided by
the global index of Geopolitical Risk

Dario and Iacoviello (2022) 2

GDP/GDPg

GDP used in the import regression
is log of GDP (constant 2015 US$)
per capita and GDPg in the FDI re-
gression is the five-year GDP growth
rate.

World Bank national accounts data,
and OECD National Accounts data
files.

REXCH
Real effective exchange rate index
(2010 = 100)

International Monetary Fund, Inter-
national Financial Statistics.

NEXCH
Official exchange rate (LCU per
US$, period average)

International Monetary Fund, Inter-
national Financial Statistics.

W Labor Cost Per Hour

This variable is calculated using the
labor share of GDP and total hours
worked for each country. The la-
bor share of GDP and total hours
worked are from The Conference
Board Total Economy Database.

EFI Economic Freedom Index
Economic Freedom of the World:
Annual Reports, Fraser Institute

PCAP
The price level of the capital stock,
the price level of the USA in 2017=1

FebPwt - Penn World Table - inter-
national comparisons of production,
income, and prices 10.0

FDIWorldg
The growth rate of world inward
flow FDI.

UNCTAD

The data used for the model contains a panel of 42 countries from 1985 to 2020 in the
model with a Geopolitical Risk index and 28 countries in the model with an Economic pol-
icy Uncertainty index from 1991 to 2020. Both models are on the annual and the differences
between the samples and the timelines are because of the different coverage for the two
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indices. The variables that are interesting in this study are GPR and EPU which represent
economic/political instability. If economic/political instability could cause higher risks for
foreign investment, it is expected to see when GPR or EPU indices spike in a country, less
inward FDI goes to the country. If this is true, the expected signs of these two indices are
negative. GPR and EPU are both constructed based on the share of associated keywords
in the newspapers. GPR is a measure of adverse geopolitical events and associated risks
based on a tally of English-language newspaper articles covering geopolitical tensions and
examining their evolution and economic effects. The percentage of times the country name
and geopolitical keywords are repeated jointly in the same English-language newspapers
defines the country-specific GPR. EPU is measured similarly but for country-specific mea-
sures, the media coverage is in publications written in the local language and the keywords
are more economic-oriented. This makes EPU more accurate in terms of using local news-
papers. However, due to the keywords that are more geopolitically focused and may suggest
the current geopolitical instability, GPR is more advantageous for this research. This is why
both measures are used in this study.

Exchange rates play roles both in the import and FDI models. When a country’s cur-
rency depreciates, imports would be more expensive for consumers in that country, but
input prices would be lower for foreign investors. Hence, there is a good chance for imports
to drop and FDI to increase as the currency depreciates in a country. To capture the role of
the exchange rate in the model, the nominal exchange rate is used in the import regression,
and the real exchange rate is incorporated into the FDI regression. Regarding the role
of GDP in the model, when the GDP growth rate is above the global average, this is an
incentive for investors to take advantage of high returns and undertake FDI in a country
with a high GDP growth rate. Therefore, this could impact FDI positively, and to capture
this impact, the five-year growth rate of GDP, which illustrates the economy’s growth rate
in the long term, is used in the FDI regression. In the import regression, GDP per capita
is a proxy for people’s income in a country such that higher income triggers more import.

3.2.2 Result

The results of SUR model are provided in Table 3.1. The first section of the table
represents the results of regressing import on FDI, and other variables and the second
part contains the coefficients of FDI regressed on import, EPU/GPR, human capital, and
a few other variables. The Economic Policy Uncertainty Index (EPU) model is implied
in the table’s second column, while the Geopolitical Risk Index (GPR) model is implied
in the third column. Considering that GPR changes lead to changes in FDI and delayed
comovement is observed in GPR and FDI data, the first lag of GPR works more efficiently
in the model and is used in the model.

In both models, the coefficients of independent variables are shown up with the expected
signs except the price of capital which is expected to be negative. EPU and GPR are both
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statistically significant and inversely related to the share of FDI which is consistent with
the expectation 3. As a nation’s political or economic status deteriorates, EPU and GPR

for that nation fall, which results in less FDI flowing into that economy. However, the sizes
of the coefficients are different in the two regressions. Each 1 unit increase in EPU results
in a 0.49% drop in the country’s FDI share, while each 1 unit increase in GPR results in
a 1.82% drop in FDI share the following year 4.

Another regression model using GPR includes bilateral inward FDI from the IMF’s
Coordinated Direct Investment Survey (CDIS) as a dependent variable. The advantage of
bilateral data over aggregated data in Table 3.1 is that under the bilateral framework,
we may use distance as a proxy for cultural differences and any other type of trade and
investment cost. This data set, on the other hand, is more limited in time, beginning in 2009
and ending in 2020. This means many important events in FDI, and geopolitical situations
are ignored here. The findings of this regression are comparable to those given in Table 3.1.
According to the bilateral model, each unit rises in GPR results in a 0.01% decrease in
FDI share the next year (Since these results are based on the bilateral data, comparing to
the results in Table 3.1, this is a breakdown impact of GPR index increase on inward FDI
coming from any source. Thus, to see the aggregate impact on an economy’s inward FDI

global share, it should be multiplied by the number of source countries.).
The Economic Freedom Index and the Human Capital Index are two more intriguing

variables in the model. According to Table 3.2.1, the variable used to measure human capital
for each country in the sample is the Index of human capital per person, based on years of
schooling and returns to education. According to Table 3.1, as HC rises by 1%, FDI share
rises by about 9.67% in the EPU and 4.12% in GPR models. Since high-tech sectors are
growing fast and are in demand for more educated workers, the impact of human capital
on inward FDI maybe even more substantial. In the recent ThomasNet survey5, 55% of
companies said that they are planning to invest in technologies to automate their operations.
This willingness to automate technology may cause a shift toward higher-skilled workers.
Baldwin and Freeman (2021) also discuss that the advancement of DigiTech contributes
to removing GSCs barriers in services and this means the future of GSCs will be widely

3Additionally studied are GP R and EP U with lags of up to four lags, in the model. For both variables,
all lags appeared with statistically significant negative coefficients. The sizes of the coefficients were almost
similar to the variable shown in Table 3.1

4In a set of regressions for robustness checks, a SUR with log of variables and an OLS regression for F DI
still confirmed the negative and statistically significant relationship between F DI share and GP R/ EP U .
Also, when some variables are dropped from the regression, the relationship between F DI and GP R/EP U
remains the same.

5ThomasNet has polled more than 1,000 participants across the US to gauge their perception of man-
ufacturing, including the industry’s biggest challenges, how they view manufacturing careers, and whether
they prefer to buy American products.
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on services and manufacturing goods will be produced mainly locally. These discussions
emphasize how crucial human capital could be to the FDI.

The importance of the Economic Freedom Index (EFI) could be in line with the impact
of carbon emission restrictions on FDI. For instance, the Canadian federal government
pledged to reach the carbon emission targets by 2030. Similar positions have been taken by
other advanced nations as well. Aside from the long-term benefits, these activities have for
economic sustainability, they might limit economies in the short run in comparison to those
that are not acting so aggressively in the interest of the environment. As a result of the
differences countries could have in the environmental and sustainability policies, investors
may find economies with less strict environmental policies easier to take their FDIs in,
and with more favorable environments for investment. In the other world, committing to
meet carbon emission targets makes industries more restricted and worsens the EFI of the
country and could end up with lower inward FDI. As a result, policymakers should explore
ways to offset the potential reduction in EFI, in addition to supporting green policies. In
this model, the impact of EFI on FDI share has been estimated at 0.24 in the EPU model
and 0.39 in the GPR model. This means, for instance in the GPR model if because of more
strict carbon emission policies, EFI drops by 1 unit, FDI share drops by 0.4%.

The GPR index has worsened in all economies, as was previously stated in this study
since 2022, but the extent of the decline varies from country to country. Given that the
model includes GPR with a one-year lag, current GPR index values could be used to assess
how the worldwide pattern of FDI will change over the upcoming year using the model
estimated in the paper. Figure 3.4 depicts the change in the monthly global GPR index since
1985. In March 2022 the index spiked following the war in Ukraine. The spike in the index
and the worsened geopolitical environment were widespread across the world. However, the
degree of the increase is different in individual countries. For instance, China’s GPR index
has jumped over the first few months of 2022 significantly and recorded the highest number
since 1985. Although the index in western nations increased in 2022 as well, it has not yet
reached the levels seen in 2001 and 1991.

Figure 3.56 shows how the shift in the geopolitical environment and political instability
might affect the global FDI share in 2021 and 2022, ceteris paribus. More or less everywhere
in the world, GPR has increased as a result of the war in Ukraine. Due to the increased risk
and uncertainty in the geopolitical environment, foreign investors are being more cautious
when looking to make investments outside of their home countries. This caused FDI share
to drop in many countries including China where FDI was increasing continuously until

6In the F P I model, the impact of GP R index on inward F P I global share from each source country, is
measured. This means to see the aggregate impact of the geopolitical index on inward F P I global share on
an economy, the GP R coefficient should be multiplied by the number of source countries which is assumed
to be the same as what it was in 2020 in the sample for each country. The number of source countries in
2020 in this sample ranges from 46 to 53 for each economy.
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Figure 3.4: Global Geopolitical Risk Index.

2018. In comparison to the other nations, Germany and the UK would face sharper declines.
This may be due to Brexit or increased risks associated with the war in Ukraine for European
nations.

Despite the decline in FDI share in China and Japan, if we take the bias in the GPR
index into account, this drop may indeed be far more severe in reality. The local media
coverage is not used to calculate GPR for non-English speaking nations, as was previously
stated in this paper. This measurement flaw may understate the actual growth that may be
experienced in non-English-speaking countries’ country-specific GPR indices. As per this,
while GPR has raised by more than 100% in UK and Canada and about 80% in the USA in
2022, this raise was just 50% in China, 37% in India, and 60% in Japan. In contrast, more
rise in China’s GPR was expected given its position as Russia’s ally in the war in Ukraine.

Figure 3.6 shows the forecast results of the model containing EPU . The advantage
of EPU over GPR is that the index is constructed using local newspapers that would
be more affected by the domestic economic situation compared with the English-language
newspapers. Economic uncertainty is primarily focused on the economic situation, even if
it may change slightly when the geopolitical situation changes. The graph shows that the
global share of inward FDI changes for all economies when factoring into the change in
EPU , ceteris paribus. The US and Canada have seen a slight boost in inward FDI share,
and Germany has recorded the largest decline which could be the impact of Brexit and its
consequences as well.
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Figure 3.5: The forecast of FDI and FPI global share based on GPR changes. The graphs depict
changes in FDI and FPI global share from 2010 to 2023 for a select country if the GPR index is
changing, ceteris paribus. The red graph represents FPI, whereas the blue graph represents FDI.
From 2010 to 2020, the graphs are historical, dada, and from 2020, they are forecasts based on the
model (it is the shaded graphs and parts of the graphs in the grey region).

3.3 Foreign Portfolio Investment

3.3.1 Data and Model

The model used for FPI is a gravity model containing a distance variable. In a gravity
model, transactions in equity (Ti,j) between country i and j (which is foreign portfolio
investment for the purpose of this study) are related to the economic masses of two countries
and trading costs as follows:

log(Ti,j) = α1log(MiMj) + α2log(τi,j) + α3 (A3)

Where Mi measures the economic masses of country i and Mj measures the economic
masses of country j and τi,j is the trading cost. Economic mass could be measured by
market capitalization. For the trading costs, the host country’s financial market sophisti-
cation, distance, and Geopolitical Risk index are used. Distance could proxy information
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Figure 3.6: The forecast of FDI global share based on EPU changes. The Graphs illustrate how
FDI global share could change over 2021 and 2022 based on changes in the economic policy uncer-
tainty of each country, ceteris paribus. The dashed part in each graph is the forecast.

cost. Traveling is more costly to further markets and there are cultural differences that
make the information cost higher for markets that are far from the home country. Also,
financial market sophistication could measure the efficiency of the transaction technology.
Geopolitical risk increases the political risk associated with a market and makes investors
less willing to invest in that market.
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Variable Description textbfSource

FPI
Bilateral annual global share of in-
ward FPI

IMF’s Coordinated Direct Invest-
ment Survey (CDIS)

Distance
Distance between capital cities, in
km

Gravity data in CEPII

GPR
Geopolitical Risk Index divided by
the global index of Geopolitical
Risk

Dario and Iacoviello (2022)7

Sophistication
Financial market Sophistication
Index

World Competitiveness Report by
IMD

Market Capi-
talization

Market capitalization of listed do-
mestic companies (current US$)
deflated by GDP deflator

World Bank national accounts
data

Hence, the basic estimation equation is as follows:

[h]FPIShareijt = ln(Distancei,j) +GPRi,t−1 + Sophisticationi,t

+ln(MarketCapi) + ln(arketCapj) + ln(WorldFPIt) + ut (A4)

The data used are described in Table A3. The data is annual and from 2001 to 2020
containing 42 FPI host countries and 53 FPI home countries (Home countries may differ
from one host country to the next). The host countries are those for which the Geopolitical
Risk index is measured.

3.3.2 Result

Table 3.2 shows the findings of the portfolio investment gravity model. As a dependent
variable, inward portfolio investment takes the form of a percentage of the global share. To
account for changes in the denominator of FDI share, the regression includes the log of
global FDI as well.

The purpose of this research is to determine the GPR coefficient in FPI regression.
According to Table 3.2, when a country’s GPR rises by one unit, its inward FPI global
share rises by 0.02%. Given the impact of the GPR index on FDI share, this is an intriguing
finding (Table 3.1). When an economy’s GPR index rises, indicating more geopolitical risk,
its FDI share falls by 1.8%, while its FPI share climbs by 0.02% in the next year. The
way FDI and FPI react to changes in geopolitical risk might mean that when a country’s
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geopolitical risk rises, 1.8% of FDI is withdrawn, while 0.02% of investment from each source
is reinvested in the country as portfolio investment 8.

The other variables in the model showed the predicted impact on FPI share. Distance
has a negative impact on FPI share as a measure of cultural differences and the cost of trade
and investment. If the host nation is one kilometer farther from the home country, the FPI
share flowing into that country falls by 0.03% compared to the country that is one kilometer
closer to the home country. The host economy’s financial market sophistication has a positive
but minor influence on FPI’s global share. Sophisticated business procedures encourage
greater efficiency in the production of products and services, which may provide a favorable
environment for increased portfolio investment inflows. The market capitalization of the host
and home countries illustrates the size of the capital market. As the host country’s capital
market grows, it may attract more portfolio investment, and as the home country’s capital
market grows, more portfolio investment may flow into other nations’ capital markets. The
significant and positive coefficients of the capital markets of the home and host economies
are consistent with intuition.

Figure 3.5 depicts how the worldwide share of FDI and FPI of selected countries would
vary if the countries’ geopolitical risk changed while the other variables remained constant
in the model. The blue graph represents FDI share (the left axis in each graph), whereas
the red graph represents FPI (the right axis in each graph). Given that the GPR index has
climbed in 2022 because of the war in Ukraine and other countries positions on the war,
the FPI share has increased while the FDI share has decreased for countries with higher
GPR and more related to war and its consequences. For instance, in European countries,
geopolitical risk has grown due to conflict since there is now a greater possibility of a Russian
invasion to them. This is reflected in those nations’ foreign investments as lower FDI and
higher FPI. Also, given China’s position on the war, which has increased this country’s
geopolitical risk, the model forecasts that its inward FDI share will fall by 0.7% in 2023,
while its inward FPI share will rise by 0.36% in 2023. As a result, it appears that increasing
geopolitical risk in China will result in more FDI being withdrawn specialty in 2023, with
at least some of this being returned to China in the form of portfolio investment.

3.4 Conclusion

This research aimed to examine the impact of the recent global supply chain disruption
caused by the Covid-19 lockdown, which was followed by the war in Ukraine and subse-
quently by the leaders of Western economies emphasizing reshoring and friendshoring on the
worldwide investment pattern. Since any disruption to the GSC increases geopolitical and

8Since in FPI model, data is bilateral, 0.02% increase in inward FPI global share because of increase in
GPR index, comes from each source country. Hence, the aggregate increase in inward FPI global share for
each country is the product of the number of source countries and 0.02%.
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economic risk, the impact of these risks on international investment, particularly foreign
direct investment and portfolio investment, is explored here.

The models’ findings indicate that when an economy faces more risk in the geopolitical
environment and economic policies, foreign investors are inclined to withdraw their long-
term investment in the next period due to that country’s increased risk. This implies that
the economy will receive less FDI from global FDI. However, the situation is completely
different when it comes to portfolio investment. According to the model, as an economy’s
geopolitical situation worsens, more FPI inflows into the economy. Putting the findings
regarding FDI and FPI together suggests that when a country’s geopolitical risk rises,
foreign investors withdraw some of their FDI, but they may return part of it in the form of
FPI. One explanation for this might be that foreign investors find the economy riskier to
invest in over the long term, but they still see the economy growing quickly and do not want
to miss out on benefiting from that growth. As a result, they may return to that economy
in part, but with a shorter-term and less involved investment.
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Variable Regression with EPU Regression with GPR

Import Regression:
Lag of FDI -0.019*** -0.02 ***

(0.003) (0.004)

GDP 1.77*** 1.71***
(0.02) (0.02)

NEXCH -0.11** -0.07***
(0.034) (0.018)

R-Squared 0.98 0.98
FDI Regression:

Lag of IM -0.71** -0.63***

(0.24) (0.15)

EPU -0.49** -

(0.15)

Lag of GPR - -1.82***
(0.38)

HC 9.67*** 4.12***

(1.40) (0.88)

GDP Growth 2.20** 0.77**

(0.70) (0.35)

W -4.19*** -0.88**

(0.56) (0.30)

EFI 0.24 0.39**

(0.27) (0.09)

REXCH × GDP 0.86*** 0.53***

(0.04) (0.03)
PCAP 0.68 0.08

(0.04) (0.21)
Lag of FDI World Growth -0.08 -0.11

(0.19) (0.13)
R-Squared 0.94 0.95

Table 3.1: The results of Seemingly Unrelated Regression as FDI and import are the dependent
variables. In the first section of each model, the dependent variable is log of import and in the
second section, the dependent variable is the global share of inward FDI in percentage. In both
models, import and FDI are regressed using a SUR model in which the error terms are correlated
contemptuously. Each row contains the coefficients followed by the significance levels. Entries marked
with ** are statistically significant at 95%. Those marked with *** are significant at 99%. The figures
in the parenthesizes are the standard deviations of the coefficients.
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Variable Regression with GPR

Lag of GPR 0.02***
(0.004)

Log of distance -0.03***
(0.004)

Log of market capi 0.002**
(0.0008)

Log of market capj 0.007***

(0.001)

Sophistication 0.0002**
(0.000)

Log of FDI World -0.005
(0.002)

R-Squared 0.22

Table 3.2: The result of panel regression as foreign portfolio investment is the dependent variable.
The dependent variable is the global share of inward portfolio investment in percentage. i represents
the host country and j represents the home country. Each row contains the coefficients followed by
the significance levels. Entries marked with ** are statistically significant at 95%. Those marked
with *** are significant at 99%. The figures in the parenthesizes are the standard deviations of the
coefficients.
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