Downside-Risk Sharing”

Federico Lenzit Luca Rossif

Abstract

The empirical risk sharing literature has traditionally relied on models that implicitly
estimate risk sharing using both tails of the income growth distribution. Drawing
from Markowitz (1959), we measure risk by focusing on unexpected negative income
falls, and develop a methodology that estimates channels of downside-risk sharing.
Leveraging the heterogeneity of the Panel Study of Income Dynamics, we show that
previous literature has significantly underestimated the importance of the fiscal chan-
nel in the US. We generalize our framework to estimate downside-risk sharing for
increasingly severe negative shocks, an issue of particular relevance to policymakers
that prior methodologies could not address. Our results show that also in these cases
the federal government hedges substantial shares of income growth variation. More-
over, we find that fiscal risk sharing is larger for relatively lower-income households,
and that its relevance increased during our sample.
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1 Introduction

How much does the existence of a federal government help members of a fiscal union
share risks with each other? This question sparked the literature on empirical risk sharing
around the time of European monetary unification (Sala-i-Martin and Sachs, 1992). In this
period, economists asked whether a monetary union could function properly without
the existence of a central government that collects higher taxes from members that are
experiencing idiosyncratic expansions and sends transfers to those that are temporarily
struggling relatively to the broader federation.! By taking the US as an example, the
literature provided insights about what a mature federation can achieve in terms of fiscal
risk sharing. The seminal contribution by Asdrubali et al. (1996) proposed an econometric
model for the joint estimation of three channels of risk sharing, namely the capital market
channel, the credit channel, and the fiscal channel, finding a relatively modest role for
the latter. Their work marked a turning point, for much of the subsequent and current
literature has built on its foundations, generally corroborating the original results.

We highlight two characteristics common to all the most recent contributions study-
ing channels of risk sharing in the US. First, they do not distinguish between risk sharing
driven by a reduction in upside risks versus that driven by downside risks. In other
words, they implicitly average the effects of the insurance provided by given risk shar-
ing channels against negative income shocks with those stemming from positive income
shocks. Second, those papers use state-level data, but - as we argue below and as our
results will show - data at the state level suffer from excessive aggregation. We depart
from most of the previous literature and use micro data from the University of Michigan

Panel Study of Income Dynamics (PSID), as we believe using micro data is a necessary

!Differently from monetary policy, fiscal policy can indeed be targeted or designed to affect specific
regions, thereby helping to balance the economic outcomes of union members (Kenen, 1969). Farhi and
Werning (2017) provide theoretical support for the usefulness of government intervention within a currency
union, whereby the full benefits of risk sharing can be reaped only when such an intervention takes place.
In their own words, fiscal integration and financial integration are not perfect substitutes.



step if one wants to properly compute fiscal risk sharing.? Indeed, the within-state dis-
tribution of US income is quite unequal: according to the 2019 PSID wave, average per
capita income is representative of incomes at the 67" percentile of the distribution. This
means that using aggregate state-level data implicitly provides risk sharing estimates that
focus on relatively affluent individuals, who are also those that depend relatively less on
the proper functioning of risk sharing channels, since they can usually count on stronger
savings buffers. In addition, state-level data conceal the effects both of federal interven-
tions that are typically targeted at lower-income households, and of federal tax payments
that affect disproportionately more higher-income ones. In 2019, 50% of all social secu-
rity benefits was received by households in the bottom 23% of the income distribution,
and the top 11% of income earners paid 50% of all federal taxes. The above descriptive
evidence is a useful starting point to explain why as of today the literature has recovered
relatively small effects of the fiscal risk sharing channel. The results emerging from our
framework challenge these previous findings.

This paper makes several contributions to the empirical risk sharing literature. First,
we introduce a novel methodology to estimate the extent of risk sharing specifically as-
sociated with downside risks, which we dub “downside-risk sharing”. Importantly, the
usefulness of our framework is not confined to estimates of fiscal risk sharing, rather it
can successfully be applied to any risk sharing channel and at any level of aggregation.
For example, while our interest is in the fiscal channel, we also estimate consumption risk
sharing. Second, thanks to available household-level data we show that using state-level
data as has been done by the previous literature introduces a downward bias in fiscal
risk sharing estimates; we argue that this arises because aggregate data inherently ab-
stract from within-state inequality. Third, we provide downside-risk sharing estimates
by income subgroups, for policymakers are likely more interested in gauging the fiscal

risk sharing effects on the relatively lower-income segments of the population. Fourth,

2 Asdrubali et al. (2020) use Italian micro data to explore risk sharing channels.



we generalize our framework to estimate risk sharing of progressively larger negative
shocks, something that we would not be able to achieve with standard risk sharing met-
rics. This is of interest to policymakers governing sub-areas that are facing particularly
severe idiosyncratic downturns.

We find that computing risk sharing with downside risks only rather than using both
tails of the residual income growth distribution leads to significantly different - and no-
tably higher - fiscal risk sharing estimates. We find that the federal government hedges a
remarkably higher share of income growth than what the previous literature has found:
while Asdrubali et al. (1996) (ASY henceforth) and later contributions obtained fiscal risk
sharing estimates at approximately 15% after two years, our findings in fact indicate a
tightly estimated value of 78.9%.> Importantly, we show that virtually all risk sharing
capabilities are indeed driven by a reduction in the left tail thanks to the federal system
of taxes and transfers, while the right tail proves to be remarkably stable after accounting
for government intervention. Because of the problems discussed above, state-level data
completely conceals this result as downside-risk sharing estimates obtained with aggre-
gate data are not significantly different from risk sharing ones, and positive risk sharing
estimates stem from a reduction in both tails.

We also estimate downside-risk sharing separately for different quartiles of the dis-
tribution and find that poorer households are those that enjoy higher income insurance
from government stabilizers. Moreover, our baseline measure shows in a clearer way that
public risk sharing has increased over time, especially after the Great Financial Crisis.

To the best of our knowledge, we are the first in the risk sharing literature to exclu-
sively and explicitly focus on left tails and gauge the capability of a given mechanism to

share downside risks.* The recent financial, macro-econometric and forecasting literature

3We use the two-year time interval since the PSID is a biennial survey, which precludes us from provid-
ing estimates for non-biennial time intervals.

4Dynarski and Gruber (1997) is the only work that acknowledges the importance of income contractions
versus expansions, but their paper does not develop a downside-risk sharing methodology. The authors
indeed only perform a brief exercise where they estimate their model separately for observations with
negative versus positive income growth.



has clearly recognized the importance of downside risks, see Giglio et al. (2016), Adrian
et al. (2019), Plagborg-Meller et al. (2020), Brownlees and Souza (2021), Adrian et al.
(2022), Carriero et al. (2024) and Delle Monache et al. (2024) among others. As recalled
by Estrada (2006) and in the references therein, investors associate risk with negative out-
comes. When the distribution of stock returns is perfectly symmetric this distinction is
irrelevant, yet the concept of standard deviation in the presence of significant skewness
is of little use. In such an environment, an investor that aims at minimizing the effects of
negative events should estimate the volatility of the left tail only. Markowitz (1959) first
provides a way to do this by proposing his concept of semi-variance. In Section 2.3, we
adapt his definition to our framework in order to obtain estimates of downside risk in
aggregate income measures.

Related literature. Our work is closely related to Athanasoulis and Van Wincoop
(2000) and Athanasoulis and Van Wincoop (2001) (AVW henceforth) who develop a novel
framework that defines risk sharing as the reduction in the volatility of idiosyncratic
shocks after a given risk sharing channel is put in place. This is in contrast with previ-
ous contributions - most notably ASY - who compute risk sharing with the covariance
between idiosyncratic income growth before and after risk sharing occurs. Crucially,
the basic concept of risk sharing we use in this paper is the same as AVW, but we dif-
ter from them in concentrating on downside risks and developing the first methodology
that gauges downside-risk sharing. Section 2.5 discusses the conceptual differences be-
tween AVW and ASY, while Section 2.6 explains why we deem necessary to shift to a
downside-risk framework for risk sharing.

By using micro data, we get closer to what done by the earlier literature on empirical
risk sharing (Cochrane (1991), Mace (1991), Nelson (1994), Hayashi et al. (1996), Dynarski
and Gruber (1997)). Asdrubali et al. (2020) note that in order to pin down risk sharing
channels at the household level the econometrician necessarily has to control for more

confounding factors than what would be required or even possible at the aggregate level,



and suggest that this could explain why the bulk of the recent literature opted to use
aggregate data. In our paper, we overcome this difficulty by controlling for more than
30 variables and estimating the model with regularization methods. Since the approach
developed by AVW and that we build upon is based on predictive regressions, we can de-
liberately bias parameters estimates in the conditional mean in order to minimize residual
variance, our main object of interest in the models we estimate.

As recalled above, the empirical literature on fiscal risk sharing dates back to Sala-i-
Martin and Sachs (1992), who perform regressions of either taxes or transfers on dispos-
able income, and find that between one third and one half of an idiosyncratic shock to the
average US region is cushioned by the federal government within the same year. Von Ha-
gen (1992) uses GDP instead of personal income and finds very low elasticities, thereby
concluding that the US fiscal system does not provide a significant stabilizing function.
Obstfeld and Peri (1998) and Poghosyan et al. (2016) obtain similar results using different
empirical strategies. Bayoumi and Masson (1995) is an exception, as the paper finds a
high degree of stabilization (approximately 30%) granted by the US federal government.

Serensen and Yosha (1998) use the method in ASY to estimate risk sharing channels
among EMU countries as well as OECD ones; Hepp and Von Hagen (2012) and Hepp
and Von Hagen (2013) estimate risk sharing channels among German states, while Burriel
et al. (2020) discuss the federal structures of Austria, Belgium, Germany, Spain and the
United States and run ASY-like regressions for each of them (except for Belgium whose
federal system only consists of three regions).

Milano (2017) extends the approach in ASY and dissects the credit market channel of
risk sharing into the private channel, national borrowing, and official credit provided by
European institutions. She finds that European countries smooth consumption mainly
thanks to counter-cyclical public borrowing, yet after the Great Financial Crisis this con-
cealed heterogeneity between so-called “periphery” and “core” countries, as austerity

measures in the former meant that national fiscal policies provided dis-smoothing during



the European sovereign debt crisis, which was more than offset by aid from European
institutions. The opposite occurred in core countries. Cimadomo et al. (2020) also find
that official loans were important drivers of increased risk sharing in the euro area in the
aftermath of the crisis. Methodologically, this paper explicitly models time variation in
risk sharing by adding interaction terms to the ASY framework.

Ferrari and Rogantini Picco (2023) use a synthetic control method and find that the
introduction of the euro led to reduced risk sharing among member countries. Recently,
some papers explored heterogeneities in risk sharing in the US (Stempel, 2021) and among
OECD countries (Asdrubali et al., 2023). Cimadomo et al. (2023) extends Asdrubali and
Kim (2004) and adopts a full-fledged Bayesian approach to construct time-varying esti-
mates of risk sharing. The authors also propose a test to gauge whether different risk
sharing channel are substitutes or complements.

Finally, Alcidi et al. (2023) extends US and EA analyses based on ASY using the most

recent data, generally confirming previous results.

2 Methodology

The starting point of our modeling approach is the framework in AVW, which we review
in Section 2.1. Section 2.2 proposes two simple but in our opinion necessary modifica-
tions to their framework. Then, Section 2.3 advances AVW’s methodology by proposing
a strategy to assess the extent to which the channel under consideration is capable of re-
ducing semi-variances - namely, downside risk - as defined in Markowitz (1959) rather
than standard deviations as in AVW. Finally, Sections 2.5 and 2.6 discuss AVW as well as
our methodology with a broader perspective. Like other papers, also AVW use state-level
data. Here we present the framework for an household-level analysis, yet our methodol-

ogy can be indistinctly be applied to state-level data with minor modifications.



2.1 AVW -areview

Leti = 1,...,N denote household i, w;' a generic income measure, and let gé,t =
log w! 4y — log w! be the growth rate of income from period t to t + h. While households
can insure idiosyncratic risk, they can do little to diversify away aggregate risk. AVW
write the difference between state and aggregate growth as the sum of a predictable and
an unpredictable component, where the residual corresponds to the growth component
which is diversifiable. In our application, we use the equivalent approach of not subtract-
ing for aggregate growth but rather to include time fixed effects. Therefore, the model to

be estimated is
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where the superscripts b and a refer to variables from regressions whose dependent vari-
able is income measured before and after risk sharing, respectively. xtlh isa(K+1)x1
vector of control variables which includes a constant term, fixed effects, dummy and con-

tinuous variables, and we assume that ¢/ w ~ (0, (75) This system is estimated using

L
non-overlapping intervals of length /1, which is necessary in order to obtain state-specific
independent innovations.”

In this setting, Ui’b has to be interpreted as a measure of diversifiable risk. AVW define
the amount of risk sharing accomplished by a given channel as the relative reduction in

the residual standard deviation of income growth after risk sharing as compared to the

one before it. Therefore, their estimates of risk sharing at horizon  are given by
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>The reliance on non-overlapping intervals is the reason why we need a subscript  in the control vari-
ables. Moreover, AVW assume Gaussianity in the error terms and obtain confidence bands with analytic
approximations. Here, we instead drop this assumption and perform inference with bootstrapping proce-
dures. Indeed, standard Gaussianity tests on estimated forecast errors reject the null of normality.



Crucially, this modeling approach does not require to recover structural parameters:
all that is needed is to obtain reliable estimates of the conditional mean. Thus, in princi-
ple one can use Ordinary Least Squares (OLS) to estimate equation (2.1) and its variants
below. Nevertheless, given the considerations above, we prefer to include in our regres-
sions many predictors and not use OLS, which is known to be prone to over-fitting issues
in the presence of many regressors. We instead estimate our model with Lasso (Tibshi-
rani, 1996), which shrinks and selects variables with relatively low pseudo-out-of-sample
predictive ability.

Finally, given that our goal is not to test the risk sharing theory but rather to obtain ag-
gregate measures of idiosyncratic risk, we give higher weight to more representative house-

holds.®

2.2 AVW - modifying the basic framework

In this section, we acknowledge that the way risk sharing is computed in AVW can first
be improved over some dimensions, and we therefore first examine those intermediate
steps. First, equation (2.1) does not allow for state fixed effects, something that is shared
by other contributions in the literature. AVW essentially claim that controlling for state-
and-time specific information should be sufficient to capture idiosyncratic differences in
growth rates. We disagree with this statement: when we run AVW without state fixed
effects we find clear evidence of non-zero-mean state-specific residuals, and we thereby
add state and division fixed effects in our baseline specification. As we explain in Section
2.5, variance reduction stemming from persistent differences in growth rates is due to
redistribution rather than risk sharing, as those differences are indeed predictable.

Then, we believe that computing risk sharing with variances rather than standard

®In the following exposition, we aim at being as intuitive as possible and therefore outline how we would
calculate risk sharing if we were not to weight observations by population or - in the PSID application - by
household weights. Our baseline weighted regressions need slightly different computations, which we
describe in Appendix A.



deviations as in AVW is more appropriate, for two reasons. First, variances are additive
while standard deviations are not: if we normalize risk reduction by total variation rather
than the residual one (as we suggest in the next paragraph) we then necessarily have to
recur to variances. In addition, calculating risk sharing with ratios of second moments
rather than their squared roots is more consistent with the rest of the literature, which in
different ways always pins down risk sharing with regression coefficients which by their
very nature are the result of operations involving (mixed) second moments as well. We

therefore first modify equation (2.2) as follows:
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Now, by means of a numerical example we argue that computing risk sharing as in

(2.3)

equations (2.2) and (2.3) can lead to misleading estimates. Let’s first assume that esti-
mating the model in equation (2.1) leads to point estimates [7;1’ = 20% and 67, = 10% for
some /. In this case, equation (2.3) suggests that the channel under consideration is able
to hedge 100 - % = 75% of idiosyncratic risk in income growth. In economic terms,
this result points to this channel being particularly useful, as the risk reduction is sizeable
not only in percentage terms but also in absolute ones (a ten percentage points reduction in
income growth risk). Now, suppose instead that fitting the same model on the same vari-
ables yields estimates 67 = 0.5% and 6 = 0.25%. Also in this case, equation (2.3) would
imply the same 75% risk sharing value. However, it is clear that risk reduction in abso-
lute terms is now much lower, equal to a mere fourth of a percentage point as compared
to ten in the previous scenario. In other words, the latter high risk sharing estimate is
of little economic relevance as idiosyncratic risk was already low before risk sharing took
place. Generally speaking, the same values of both RS; and RS;* in equations (2.2)-(2.3)
are consistent with a whole range of potentially very different values of the amount of

risk that agents would like to insure against.

Given all the above, we therefore deem that risk sharing should be computed not as a



percentage of the before-risk-sharing residual standard deviation as is done in AVW, but as

a share of total variance. Thus, we further modify the calculation of risk sharing:
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where ffhz’b’mt is the sample variance of our before-risk-sharing dependent variable at ev-
ery horizon. Note that this adjustment leads to risk sharing estimates that are mechani-
cally lower than those obtained in equation (2.3).

Continuing with the example above, assume that (Afli”tot = 30%. In the first case, we
would now obtain risk sharing estimates equal to 75 - (%)2 ~ 33.3%, while in the second

case they would drop to 75 - (%)2 ~ 0.02%, reflecting the much lower absolute risk

b ~b,tot

reduction. In the extreme case where ;) = 0, , we would obtain “adjusted” risk sharing

values equal to those in equation (2.3). On the other hand, in the opposite scenario where
0 — 0 and we keep 07 = 207, our formula would suggest zero risk sharing, while

equation (2.3) would always yield (with the example above) a 75% hedging capability.

2.3 Downside-risk sharing

This paper aims at providing estimates of downside-risk sharing. In the following we
therefore modify the framework above to obtain them. Markowitz (1959) first acknowl-
edges the limitations of standard deviations as a way to compute the underlying risk of
stock prices: large positive returns should not contribute to increase risk estimates of a
certain asset. Nevertheless, the mathematical definition of variance inherently neglects
signs and treats positive and negative returns in the same way. Therefore, Markowitz
(1959) introduced the concept of semi-variance: for a given series {rt}thl of stock re-
turns, he defines conditional returns r? = min(r,0) and computes the sample variance

of {r?}L | as a measure of the downside risk of that asset.

In our paper we apply the same definition, but we do this on the series of residuals

10



we obtain from estimating the system in equation (2.1). The underlying reasoning is the
same as the one in Markowitz, simply converted to fit in our macro-forecasting setting:
we are interested in gauging how much the risk sharing channel we are considering is
able to hedge against unexpected left-tail events. Computing risk sharing as in AVW
would bias the risk measure we are interested in towards the volatility of unexpected
positive idiosyncratic income growth events.

Operationally, we then define

0 — min(e,0),

&0 — min(e%',0),
520 1 N 02
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where the index s refers to each non-overlapping interval for a given horizon /, and Sy, is

the total number of intervals for that given horizon.

We therefore define our baseline downside-risk sharing measure as:”

AZbO AZuO
0 __ h
DRS? =100 - UZbOtot . (2.6)

2.4 Hedging against larger shocks

The simplicity and flexibility of our framework enable us to extend our downside-risk
analysis even further. One might argue that households (or states) are also interested

in understanding the federal government’s capacity to respond to large negative shocks.

7In this case, it could happen that models where the control variables explain little variation could lead to
residual semi-variance being slightly higher than its total counterpart, thereby leading adjusted risk sharing
values to be higher than non-adjusted ones.
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Therefore, we generalize our framework and define downside risk by setting progres-
sively negative thresholds in the conditional forecast errors distribution. In particular,

equation (2.5) now becomes:
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where ¢ defines the minimum income growth loss for which we want to compute
downside-risk sharing. Note that when ¢ = 0 the system in (2.7) reduces to that in (2.5).

Downside-risk sharing of larger shocks is thus computed as:

~2,bc  A2ac
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2.5 On the importance of using residual volatility

We develop our methodology by building on AVW, who estimate risk sharing within
a very different conceptual framework than ASY, in particular by gauging the extent to
which a given risk sharing channel reduces the residual volatility of income growth. In-

terestingly, their definition of risk predates later contributions such as Jurado et al. (2015)
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and Ferndndez-Villaverde et al. (2015) who define uncertainty as the volatility of the un-
expected variation of a given variable.® As exemplified in AVW, if the correlation between
income before and after risk sharing is zero with the two series having the same residual
standard deviation, ASY would imply the existence of perfect risk sharing, while AVW
would point to no risk sharing at all. Moreover, the framework in AVW does not require
to assume a particular process for income, whereas ASY needs to impose that GDP is
exogenous.

Empirical work focusing on the estimation of structural parameters has to deal with
potentially biased estimates stemming from - among other things - omitted variable bias
and contemporaneous causality. ASY abstracts from this issue by assuming idiosyncratic
GDP growth to be exogenous; under this assumption, there is no need to control for the
predictable variance of income growth. Nevertheless, later empirical contributions - see,
for example, Mélitz and Zumer (1999) and Asdrubali and Kim (2004) - acknowledge the
problems of previous static empirical models and control for potentially relevant vari-
ables.” As Asdrubali and Kim (2004) state: “It is somewhat surprising - given the economic
structure of the issue at hand - that the literature has so far neglected the use of dynamic and
simultaneous econometric models [...] our approach makes clear that a simple static regression of
a smoothing channel on [GDP] [...] is subject to a bias, due to the omitted variables [...] and their
lagged values, and due to the neglect of the dynamics and interaction among smoothing channels”.

In general, and differently from ASY, the aim of AVW - and our paper - is not to test the
theory of risk sharing, but rather to properly estimate ex-ante risk and gauge the extent
of its reduction thanks to different risk sharing channels. From AVW: “ASY do not control
for the predictable component of growth rates. It is important to do so if one wants to measure risk

sharing, which is about reducing risk exposure rather than smoothing a predictable income path” .

8In general, the literature on uncertainty has clarified the importance of distinguishing between pre-
dictable variations and the volatility surrounding the unpredictable component of any series. See Jurado
et al. (2015) for an in-depth discussion.

9ASY themselves have a short paragraph (p. 1103) where they show that in their application results do
not change significantly when they control for lagged income growth rates.
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In addition to the above considerations - which apply to all risk sharing channels -
we argue that controlling for the predictable variation is even more important if one is
interested in estimating fiscal risk sharing. As for what concerns the fiscal channel, we
argue that all the reduction in the variance of income growth that is due to the predictable
component is not due to risk sharing. Rather, it is a by-product of fiscal redistribution.”
We explain this statement with a simple example. Suppose the existence of a federation
which consists of only two states A and B with the same population which is constant
over time. Both states have per capita GDP levels equal to $100 in the base period, and
it is known with certainty that - thanks to fixed investments made in the past - A will
grow by 6% during the year, whereas - because of structural inefficiencies in the econ-
omy - B will contract by the same amount in the same period, which implies zero growth
nationwide and state growth rates equal to idiosyncratic ones. At the end of the period,
the federal government steps in by taxing A $2, transferring this amount to B. Therefore,
growth rates after government intervention will equal 4% (as opposed to 6%) in A, and
-4% (as opposed to -6%) in B. In other words, federal government intervention reduced
the variance of income growth. However, we know that states in this federation were
not hit by idiosyncratic income shocks (we are assuming a deterministic world). Rather,
their different growth rates were due to structural and therefore predictable reasons (past
investments in one country, inefficiencies in the other). Thus, the federal tax and transfers
payments and the consequent reduction in the variance of income growth were due to
redistribution as opposed to risk sharing. In general, and as we said in the paper, vari-
ance reduction stemming from persistent (structural) differences in growth rates between
states is rather due to fiscal redistribution than risk sharing, as those differences are in-
deed predictable. Any model that is estimated without accounting for this will obtain
biased estimates (most likely overestimates) of the risk sharing capabilities of the tax and

transfer system. The distinction between predictable and unpredictable variation is also

101n this paper, we use the definition of redistribution available for example in Malkin and Wilson (2013).
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extremely relevant for policy purposes, for instance in the European Union where the long
debate regarding risk sharing, redistribution, and fiscal discipline needs to be properly

informed.

2.6 On the need for a downside-risk approach

To fully understand why one should focus on downside risks, it is useful to make a step

back and ask why uncertainty matters at all.!!

One of the most important reasons why
macroeconomists are concerned with uncertainty is that higher uncertainty leads to lower
economic activity, something that is well established in the literature.!?> As Bloom (2014)
highlights, the channels through which this phenomenon occurs are mainly two, namely
a real options channel and a financial channel.’3,14 In the first, it is assumed that a sub-
stantial fraction of agents in the economy face investment opportunities that have three
crucial features: i) they are partially or completely irreversible; ii) their payoffs are uncer-
tain; iii) they can be postponed to obtain more information about future outcomes. This

is the situation, for example, of a firm considering a capital expenditure, or a household

deciding whether to increase discretionary spending on goods and services, or under-

n the following, we use the words “risk” and “uncertainty” interchangeably. This is because the way
AVW and we compute risk in the paper is not conceptually different than what done e.g. in Jurado et al.
(2015) when they compute macroeconomic uncertainty.

12Gee, for example, Bloom (2009), Christiano et al. (2014), Jurado et al. (2015), Fernandez-Villaverde et al.
(2015), Baker et al. (2016), Bloom et al. (2018), Carriero et al. (2018), Anzuini et al. (2020), Husted et al. (2020),
Anzuini and Rossi (2021).

13For a thorough presentation of the fundamentals of real options, see Dixit and Pindyck (1994).

14Bloom (2014) also cites two channels through which higher uncertainty can incentivize investments,
i.e. a growth options channel and the so-called Oi-Hartman-Abel effects. Those effects are nonetheless
not particularly relevant for households, while being confined to a relatively small subset of firms, namely
those that devote a high share of their balance sheet to investments having long time-to-build and/or those
that enjoy very high short-run flexibility in their ability to expand or contract production capacity. In gen-
eral, there exists scant empirical evidence on their relevance. Segal et al. (2015) separate good and bad
uncertainty and indeed find that spikes in uncertainty have opposite effects on the economy depending on
whether it is the left tail or the right tail to expand. Nevertheless, one can see the studies that quantify the
effect of uncertainty on the macroeconomy as ones that implicitly compute the net effects of uncertainty
(namely, the adverse effects of downside uncertainty net of the positive effects of upside uncertainty) and,
to the best of our knowledge, none of them find an aggregate positive effect.

15



take a large investment such as purchasing or renovating a house.!® In a seminal paper,
Bernanke (1983) lays out what is known as the “bad news principle”, whereby he shows
that whenever an agent is contemplating to undertake an irreversible investment, only the
size and probability of a bad outcome matter for his or her decision to delay the invest-
ment rather than paying the sunk cost today. Intuitively, when it becomes more likely
that the future payoffs of an investment opportunity will not be worth the investment
cost, the agent will have a greater incentive to wait (a higher “option value of waiting”)
until the uncertain outcome is realized, and invest only if the good state of the world ma-
terializes. On the other hand, if the probability that the investment will yield the same
high returns increases or if the expected magnitude of those favorable future returns rises
- leading in both cases to higher upside uncertainty - this will not drive agents to change
their behavior, the reason being that if they knew they will find themselves in the good
state of the world, they would invest immediately anyway. More specifically, whenever
upside uncertainty increases, agents will regret not to have invested earlier. Since this is
not feasible, the shape of the right tail simply does not factor into their optimization prob-
lem. As Bernanke (1983) says: “[...] given the current return of the most profitable investment
i, the willingness to invest in t depends only on the average expected severity of bad news for i
that may arrive in the next period. Potential good news for the investment does not matter at all”.
Finally, as recalled by Bernanke (1983) and by Dixit and Pindyck (1994), this result does
not depend on agents being risk-averse. Therefore, as for the real options channel, neither
upside uncertainty nor risk preferences substantially matter for the basic mechanism to
work.

The second channel that links uncertainty to economic growth - the financial channel,

useful to explain the relevance of e.g. the capital market channel of risk sharing - arises

15Tn the cases of household purchases of goods and services, payoffs are uncertain not necessarily because
the stream of utility expected to be enjoyed after the purchase is not known ex-ante, but rather because the
law of motion of the cost of the purchase is stochastic. Rossi (2013) shows that the canonical models in real
options theory yield the same qualitative suggestions if one substitutes the hypothesis of a stochastic value
of the investment with that of a stochastic cost. On the relevance of uncertainty for consumption decisions
see also Romer (1990) and Eberly (1994).
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from the fact that increased uncertainty leads investors to ask for higher risk premia, both
because of risk aversion and because of heightened default probabilities. However, this
mechanism mainly works through changes in the left tail only. Apart from Markowitz
(1959) there exists a wealth of literature that either assumes, finds, or argue that it is op-
timal for agents to place more weight on losses rather than gains. Roy (1952) formalizes
the “Safety first” principle, postulating that it is reasonable for individuals to “seek to
reduce as far as is possible the chance of [...] a catastrophe occurring”; in their experiments,
Kahneman and Tversky (1979) find that individuals value more a monetary loss than an
equivalently sized gain, and that this tendency becomes increasingly more pronounced
as the magnitude of the payoffs symmetrically increases. Gul (1991) establishes a theoret-
ical framework for disappointment aversion, which was later generalized by Routledge
and Zin (2010). Ang et al. (2006) find the existence of a large downside-risk premium
driven by investors who require a higher compensation for holding stocks that co-vary
more with the market when the latter is falling; Estrada (2006) documents that “many
funds use [downside risk] to calculate risk-adjusted returns and include this measure of risk in
annual reports. [...] Morningstar uses [downside risk] to create its influential star ratings”.
Moreover, “Investors think of risk differently from the way it is defined in modern portfolio the-
ory. Both the standard deviation and beta give equal weight to upside and downside fluctuations.
Investors, however, do not. It is perhaps for this reason that the downside risk framework has been
rapidly gaining acceptance among academics and practitioners. Semideviation [...] captures the
downside volatility that investors want to avoid and not the upside volatility investors are seek-
ing”. Lettau et al. (2014) provide empirical evidence that only the downside-risk CAPM
(as opposed to its traditional counterpart) can explain the cross-sectional dispersion of
currency returns, and that it can jointly explain the cross section of the returns of a variety
of asset classes. Farago and Tédongap (2018) find evidence that - in addition to market
returns and volatility - markets price three left-tail-related factors in the cross section of

asset returns.
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In addition to what discussed in the above-mentioned literature, widely used financial
risk metrics such as Value-at-Risk or Expected Shortfall corroborate that agents are mainly
concerned with the exact shape of the left tail and usually aim at shrink it towards less
harmful outcomes.

In this work, we acknowledge the above theoretical insights as well as the overwhelm-
ing evidence in favor of agents’ disproportionate interest towards hedging against down-
side uncertainty, and build the analysis accordingly. In this regard, we are aligned with
Lettau et al. (2014): “Given its demonstrated empirical relevance, it is important to gain a deeper
theoretical understanding of the sources and time variation of downside risk. It remains an open

question whether downside risk comes from preferences or from micro-founded constraints”.

3 Data and estimation strategy

We apply the model developed in Section 2 to the fiscal channel of downside-risk sharing
in the US, and we exploit household-level data available from the PSID since 1968. Dur-
ing the years, the survey included individuals that joined the family and excluded those
leaving it. Moreover, starting from 1997 the PSID also started to properly account for the
flow of new immigrants. We restrict our attention to the Survey Research Center (SRC)
sample which selected 2930 families representing the entire US population. The dataset
provides a set of weights which allows researchers to obtain a sample that is represen-
tative of the US society in any given year. More specifically, we weight all observations
according to the procedure illustrated in Gouskova et al. (2008). These weights reproduce
the US population, compensating both for unequal selection probabilities and differential
attrition.

For our purposes, in order to construct the dependent variables to be used in equa-
tion 2.1 - recall that to obtain risk sharing estimates within this framework we need to

run two regressions - we need total taxable income, federal transfers received and federal
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taxes paid. The transfers series we use includes Temporary Assistance for Needy Fam-
ilies (TANF), Social Security income, Supplemental Security income, veteran pensions,
other retirement pensions, Individual Retirement Arrangements (IRA), unemployment
compensation, worker compensation, child support income, heating subsidies, Supple-
mental Nutrition Assistance Program (SNAP), and other welfare-related transfers. As for
taxes, the PSID does not directly provide them, but we compute them using total taxable
income from the PSID and historical income tax rates obtained from the Tax Foundation.

Our income growth measure before risk sharing is equal to taxable income growth,
while the corresponding measure after risk sharing first adds federal transfers and sub-
tracts federal taxes before computing growth rates.!®

Given the high number of regressors included, we estimate our baseline model with
regularization methods, which have the advantage of allowing the researcher to include
many variables and letting the algorithm decide which of them to maintain and whether
to shrink them or not. We therefore include a constant term, the lagged dependent vari-
able, household size, age of the head, education level of the head of household, education
level of the wife, number of children, age of the youngest child, interview length, total
working hours of head and wife, average hourly salary for head and wife, working days
lost for sick leave of head and wife. We also control for the most relevant variables at the
state level that were used in AVW, namely the log of per capita income, the growth rate
of per capita income, the five-year lagged population growth rate, and the ratio of state
government expenditure to GDP. In addition, we include the following set of dummy
variables: year, state of residence, year and state of residence interaction, Division, family
composition change, sex of the head, marital status of the head, dummy variable for new
wife, primary race of the head and wife, employment status of the head and wife, work

for pay of head, wife, or both of them, dummy for self-employed head, corporate job for

16 A very low number of individuals enter the job market for the first time, thereby recording an extremely
high income growth rate. To avoid our results to be driven by those observations, we censor these values
at 600%.
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the head, public job for the head, unionized job for the head, mode of interview.

Section 4 compares estimates obtained from PSID data with those based on data from
the Bureau of Economic Analysis (BEA). As for the latter, the closest definition of income
we can use is per capita personal income net of transfers. We measure state-level fed-
eral taxes as the sum of employee and self-employed contributions, and personal current
taxes to the federal government. Appendix B describes how we compute federal trans-
fers. State-level regressions include few regressors and we thereby estimate them with
Weighted Least Squares, using population weights.

We estimate equation (2.1) on PSID data and compute downside-risk sharing for the
1997-2019 period. The reason why we focus on this time span is twofold. First - as Figure
3.1 shows - federal government intervention in the form of direct or indirect transfers to
individuals has substantially increased over time. If we look at a sample starting in 1963
(the starting date for many past studies) one can see that those transfers weighed 5% of US
GDP at the beginning of the sample, rapidly increased during the '70s, fluctuated around
10-12% during the Great Moderation, and then rose in the aftermath of the Great Finan-
cial Crisis and especially after the pandemic. Limiting our analysis to 1997-2019 avoids
using the earlier sample when the role of the federal government was significantly lower,
and ensures our results are not driven by the unprecedented federal aid disbursed to US
households especially during 2020 and 2021. Moreover, below we compare results ob-
tained with PSID data with those derived using state-level data from the BEA. Therefore,
the second reason why we start our estimation from 1997 is that in this year the BEA re-
placed SIC codes with NAICS ones, thus by using only post-1997 we ensure accounting
consistency in state-level regressions.

Finally, we perform inference following a procedure similar to the one in Kapetanios
(2008). Specifically, we first sample an equal number of households within each income
quartile, compute the risk sharing measure, and repeat the procedure 20,000 times in

order to obtain confidence intervals. Sampling by percentiles allows mimicking the dis-
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Figure 3.1: Total payments for individuals. The figure shows the evolution of the sum of direct payments
for individuals and grants to state and local governments aimed at the personal sector, in percent of GDP.
Data are taken from the Historical Tables of the Office of Management and Budget (OMB).

tribution of an original population characterized by non-negligible economic inequalities.

4 Results

The upper part of Table 1 reports results obtained by estimating fiscal downside-risk shar-
ing with PSID data at the household level. We find that, contrary to many past contribu-
tions, fiscal risk sharing cushions a very large share of idiosyncratic income fluctuations.
After two years, it is able to reduce downside risks by 78.9%, with this share progressively
lowering as the horizon increases, until it reaches 54.1% after six years, still a sizable esti-
mate. These values are higher than those found in many past research, strongly question-
ing the conclusion that the fiscal channel plays a relatively limited role in hedging income
shocks. Moreover, the table indicates that the uncertainty around the point estimate is
small.

In order to gauge the usefulness of using household-level data as opposed to aggre-
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Table 1: Fiscal downside-risk sharing: household- and state-level data from the PSID

68% 90% 95%
Horizon Point estimate Lower Upper Lower Upper Lower Upper
Household
h=2 78.9 77.0 80.3 75.9 81.5 75.9 81.9
h=4 59.6 57.6 63.0 55.6 63.5 54.5 66.3
h=6 54.1 51.2 55.2 50.2 60.9 50.2 60.9
State-level
h=2 30.1 12.4 23.3 7.6 27.6 49 28.7
h=4 26.2 14.6 32.9 8.6 42.8 59 49.0
h=6 20.8 2.5 27.5 -6.5 350 -11.9 38.8

The table reports results obtained by estimating our downside-risk sharing model on household-level PSID
data as well as PSID data aggregated at the state-level. 68%, 90%, and 95% empirical confidence bands are
reported. Figures are expressed as percentages. Horizons are expressed in years.

gate data, Table 1 also reports the results from an additional exercise where we estimate
our baseline model using household data aggregated at the state level. Estimates based
on state-level data always lie well below those based on micro data, by 33 to 49 percentage
points. This is suggestive evidence that points to the fact that estimating risk sharing with
state-level data - namely, what most researchers have done in the last three decades - in-
troduces a downward bias that we argue is due to the fact that all within state inequality
is not considered; rather, in those papers the high heterogeneity in households” economic
situations is substituted with a single representative agent for each state.

Figure 4.1 dissects our findings - based on PSID data - by showing which is the contri-
bution of each of the variations we impose on AVW’s methodology. In the top-left panel
we provide estimates of risk sharing by using the methodology in AVW. Interestingly,
while state-level estimates - not shown - are qualitatively similar to what found in AVW,
when exploiting the heterogeneity of micro data we find significantly higher estimates,
above 30% in the first four years. The top-right panel reports results obtained by using
variances rather than standard deviations. This simple difference is alone responsible

for a 15 to 20 p.p. increase in risk sharing estimates. The bottom-left panel shows that
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Figure 4.1: From AVW to our baseline. The figure provides estimates obtained by computing risk shar-
ing with different metrics, as explained in Section 2. The x-axis represents the horizon (in years); the y-axis
represents the risk sharing estimate (in percent). Black circles are our baseline estimates, taken as the me-
dian of the distribution; blue circles are 95% confidence intervals.

- as explained in Section 2.2 - normalizing risk reduction by total variance rather than
residual variance leads to a mechanical reduction in risk sharing estimates. Finally, the
comparison between the bottom-left and bottom-right panels shows the main empirical
contribution of this paper: when focusing on downside risks - as in equation (2.6) - as op-
posed to the whole distribution - as in equation (2.4) - risk sharing estimates starkly rise at
all horizons: after two years, risk sharing a-la AVW (but with our modifications) estimates
that the federal government provides a 48.4% risk reduction, whereas our downside-risk

sharing metric suggests 78.9%. After four (six) years, the former points to 36.0% (35.9%)
whereas the latter to a markedly higher 59.6% (54.1%).
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Table 2: Fiscal risk sharing and downside-risk sharing: state-level data from the BEA

68% 90% 95%
Horizon Point estimate Lower Upper Lower Upper Lower Upper
Risk sharing
h=2 20.7 17.1 23.7 15.0 254 14.0 26.1
h=4 17.9 14.6 21.0 12.5 23.1 11.5 24.0
h=6 21.3 17.9 24.7 15.7 26.9 14.8 27.8
Downside-risk
sharing
h=2 224 19.5 247 17.6 26.2 16.7 26.8
h=4 17.5 13.5 21.6 11.0 242 9.7 255
h=6 234 18.6 28.3 16.1 31.4 14.9 33.0

The table reports results obtained by estimating fiscal risk sharing and downside-risk sharing as in equa-
tions (2.4) and (2.6) using BEA state-level data. 68%, 90%, and 95% empirical confidence bands are reported.
Figures are expressed as percentages. Horizons are expressed in years.

Table 2 reports the results we obtain by estimating equations (2.4) and (2.6) on state-
level data - described in Section 3 - from the BEA. First, note that estimates based on BEA
data lie close to those obtained by previous papers. Moreover, aggregating PSID data
at the state level (as in Table 1) leads to estimates that are close to those we obtain with
BEA data in Table 2. This is reassuring as it makes us confident that the household data
we use and build - recall we compute federal taxes based on historical income tax rates
- correctly represent the US population. More interestingly however, Table 2 shows that
differences between risk sharing and downside-risk sharing at the state-level are small
and not significantly different between them. Therefore, relying solely on state-level data
not only introduces a downward bias in standard risk-sharing metrics, but also obscures
the significance of downside-risk sharing, making the two measures appear artificially
similar.

Figure 4.2 presents residuals from models estimated using both household-level data
from the PSID and state-level data from the BEA. Notably, the top panel reveals that for

shorter horizons, government intervention effectively mitigates a substantial portion of
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the left tail, as the left bound of the yellow distribution is significantly closer to zero than
that of the blue distribution - particularly at the two-year horizon. However, the right
tail remains remarkably stable across all cases. This implies that virtually all non-zero
risk-sharing estimates derived from standard risk-sharing metrics using household-level
data are driven solely by the compression of the left tail. In other words, incorporating
the right tail in the computation effectively pushes risk-sharing estimates toward zero.
Interestingly, the bottom panel shows that this asymmetry does not appear in state-level
data, where reductions in the left and right tails are more balanced.

Finally, Figure 4.3 shows the results we obtain by estimating our model over eight-year
rolling windows. Interestingly, when we look at risk sharing estimates that use both tails
of the income shocks distribution - namely, the first three panels - we find no economically
significant changes in the insurance role of the US federal fiscal system over time. This
aligns with findings from previous research. Nevertheless, we observe a clear upward
trend in downside-risk sharing estimates starting after the Great Financial Crisis. This is
consistent with what we showed in Figure 3.1, namely that federal transfers to individuals

markedly increased after 2009.

4.1 Downside-risk sharing by income quartiles

Thanks to the availability of micro data, we can potentially explore a very wide range of
heterogeneities. An interesting one to explore is that based on taxable income differences.
In a sense, it is not clear a priori that poorer households should benefit more from risk
sharing within a fiscal federation: on the one hand - and as we showed in Section 1 -
the government undoubtedly disburses the majority of social security benefits to low-
income households. Nevertheless, richer households are those that pay the largest share
of federal income taxes: when they are hit by idiosyncratic negative income shocks, they
suddenly start to pay less taxes.

Figure 4.4 reports risk sharing estimates separately by taxable income quartiles. We

25



-2 0 2 -2 0 2
-0.1 0 0.1 -0.1 0 0.1 -0.1 0 0.1

||:|Bef0re risk sharing [ ] After risk sharing

Figure 4.2: Histograms of residuals. The top panels display histograms of residuals estimated from the
model using household-level data. Each panel corresponds to a different forecasting horizon. Light blue
histograms represent residuals from the model using pre-government-intervention income, while yellow
histograms correspond to residuals from the model using post-government-intervention income. The bot-
tom panels present histograms of residuals estimated from the model using state-level data from the BEA.
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Figure 4.3: Rolling windows. Each panel shows risk sharing estimates obtained through different met-
rics explained in Section 2. The time series are obtained through eight-year rolling regressions.

find clear evidence that lower-income households benefit disproportionately more than
higher-income ones: for those in the first quartile, the federal government cushions more
than the loss they suffer during the first four years, and 78.9% after six years. On the
other hand, households in the fourth quartile enjoy lower insurance, especially at longer
horizons. After two years they are still able to hedge a sizable 57.8% downside risk. Nev-
ertheless, in the fourth and sixth year this share drops to 23.2% and 21.4% respectively.

More generally, our estimates are monotonically decreasing with quartiles.

5 Concluding remarks

In this paper, we develop a methodology that allows to estimate downside-risk sharing.
Building on the framework in Athanasoulis and Van Wincoop (2001) and adopting a sim-
ple definition of (stocks’) downside risk from Markowitz (1959), we adapt the latter to
our setting to measure downside-risk sharing. We apply our methodology to PSID data

to gauge the extent to which the federal government of the United States is able to insure
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Figure 4.4: Downside-risk sharing by income quartiles. The figure shows downside-risk sharing es-
timates obtained by running regressions separately for each quartile of the taxable income distribution
available in the PSID. The x-axis represents the horizon (in years); the y-axis represents the risk sharing
estimate (in percent). Black circles are our baseline estimates, taken as the median of the distribution; blue
circles are 95% confidence intervals obtained with the bootstrap procedure described in Kapetanios (2008).
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households against idiosyncratic income uncertainty, and we re-evaluate the importance
of the fiscal channel by showing that previous estimates vastly understate its capabilities.
This is primarily due to two factors. First, using state-level data - as done in most papers
- leads to a downward bias which is driven by the implicit reliance on a state-specific
representative household onto which all income concentration is allocated. This masks
key underlying inequalities and heterogeneities. Second, computing risk sharing by im-
plicitly using both tails of the income growth distribution also compresses risk sharing
estimates. Indeed, we show that virtually all the risk reduction achieved through federal
transfers and taxes results from lower volatility of the left tail, while the right tail remains
remarkably stable. Interestingly, this phenomenon is not visible when estimating our
model with state-level data.

Our work challenges the foundations of many policy debates that - based on past re-
search - assert that public risk sharing is significantly weaker than private risk sharing. In
fact, not only the fiscal risk-sharing channel plays an increasingly important stabilizing
role for US households’ incomes, but is even more pronounced for lower-income individ-

uals.
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A Appendix - weighted estimates

Here, we show that estimating our model with weighted regressions requires a slight
adjustment to the non-weighted formulas, and therefore first recall some relevant basic
facts. For ease of notation, define yi/h = g;t h ggtih, Zé,h = Xé,h — xtL,IhS, and uf;,h = e;"t e

We can therefore rewrite equation (2.1) as:

yn = Z,8, +uy, (A.1)

where we have stacked all j = 1,...,S), - N observations and used matrix notation. We
then define Wy, to be our (diagonal) weighting matrix, with diagonal elements w;; ;, nor-
malized so as their sum equals the total number of observations. We also define P, =
chol(Wj,) the matrix obtained by applying the Cholesky decomposition on W), which
in our case simply yields a diagonal matrix with each element in P;, being equal to the
square root of the corresponding ones in Wj,. The weighted version of our model is then

performed by estimating the following transformed regression:
Yi = ZjBy + uy, (A.2)

where y, = Pyyy,, Z, = PyZy, and u;, = Pyu;. Morever, define &, = y;, — Z;ﬁ;, with B;’;
being the weighted estimator.

Because of the fact that also the intercept gets weighted in the transformed regression,
only weighted residuals Wi, = P have a mean equal to zero. This implies that com-
puting conditional residuals as in equation (2.5) or even with the general threshold in
equation (2.7) could be misleading.

Therefore, our baseline specification modifies the above equations and define condi-
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tional forecast errors in the following way:

i if wi,-i:,<c

R h jih %k ’

iy = J (A.3)
0 otherwise,

where c is again a general threshold. Finally, we compute residual semi-variances as

A%, C\/ nk,C
A2,%,,C (uh/ ) uh,

ot — . A4
T Sp-N—K-—1 (Aad)

B Appendix - federal transfers

The main source we use to obtain federal transfers data is the BEA. More specifically, we
sum up retirement and disability insurance benefits, Medicare benefits, military medical
insurance benefits, income maintenance benefits, veterans” benefits (excluding the cate-
gory “other assistance to veterans”), education and training assistance, other transfer re-
ceipts of individuals from governments, current transfer receipts of nonprofit institutions
from the federal government.

Public assistance medical care benefits are a large component and almost exclusively
consist of Medicaid and the Children’s Health Insurance Program (CHIP), which are ad-
ministered by states and jointly funded by the federal government and the states. The
amount of federal funding for Medicaid is determined by the Federal Medical Assistance
Percentage (FMAP), which is based on a formula that provides higher reimbursement
to states with lower per capita incomes relative to the national average (and viceversa).
FMAPs have been defined in the Social Security Act Amendments of 1965, which created
Medicaid by adding Title XIX to the Social Security Act. They grant a statutory minimum
of 50 percent and a maximum of 83 percent. The amount of federal funding for CHIP is
determined by the enhanced FMAPs (E-FMAP), which are higher than standard FMAPs,

although in this case the federal funding share cannot exceed 85 percent. Therefore, we
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adopt a conservative approach and include only 50% of public assistance medical care
benefits.

Unemployment insurance compensation also is jointly funded by federal and state
governments, but the BEA only provides aggregate benefits figures. For this reason,
many studies simply include them in their entirety, thereby inducing an upward bias
in the actual amount of federal unemployment insurance. As pointed out in Alcidi and
Thirion (2017), federal funding for unemployment compensation is very low during nor-
mal times. Nevertheless, it increases both during high state-specific unemployment spells
through the permanent Extended Benefits program, and through discretionary federal
Emergency Unemployment Compensation schemes that have historically been approved
when large symmetric shocks hit the US economy.

In general, it is therefore clear that using BEA’s all-government unemployment ben-
efits is unsatisfactory, and we thus depart from all previous contributions by using US
Department of Labor state-level data for the federal share of unemployment insurance

benefits paid at all levels, namely regular, extended, and discretionary ones.!”

17past discretionary programmes have been funded by the federal government only.
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