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Abstract

This research identifies monetary policy shocks by orthogonalizing changes
in the monetary policy rate with central bank forecast information and market
expectations. Ensuring exogeneity, we control for the predictability of high-
frequency and narrative approaches using pre-announcement data. Addition-
ally, we leverage survey data to construct surprises as a robustness measure.
Utilizing a Bayesian framework, we quantify the impacts of a contractionary
monetary policy shock on the aggregate economy. Our findings align with con-
ventional macroeconomic theory and effectively address price and output puz-
zles. The paper further explores income inequality in the Chilean economy by
analyzing labor income distribution using microeconomic data and impulse re-
sponse functions within a microsimulation framework. This method allows us
to distribute aggregate responses to monetary policy shocks across micro-level
data, facilitating a detailed examination of the impact on employment status
and nominal gross income. We find that the impact on income inequality, while
present, is minimal. The extensive margin affects lower quintiles through em-
ployment status fluctuations, while the intensive margin impacts higher quin-
tiles less due to their diversified income sources and assets.

*I am grateful to José De Gregorio, Rómulo Chumacero, Carlos Madeira, Humberto Martínez, Jiri Slacalek,
Christina Romer, and David Romer for their insightful comments and feedback.
Email: igallardon@fen.uchile.cl
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1 Introduction

Monetary policy, which mainly aims to keep prices stable and support steady
economic growth, can also unintentionally affect income and wealth inequal-
ity. We will examine how decisions made by central banks can shape the dis-
tribution of wealth and income in an emerging economy.

Macroeconomic policy decisions, such as adjusting interest rates and im-
plementing quantitative easing, have far-reaching economic effects. These ac-
tions influence borrowing costs, credit availability, and the overall cost of capi-
tal, affecting investment, consumption, and employment levels. However, the
consequences of these policy tools are not uniform across different segments
of the population. This interconnection has been the subject of extensive re-
search focusing on understanding how different monetary policy measures,
such as conventional and unconventional monetary policy shocks, can impact
wealth and income inequality.

Kaplan,Moll andViolante (2018) describes themechanisms throughwhich
monetary policy, directly and indirectly, affects heterogeneity among house-
holds and can potentially affect inequality. Direct effects involve the partial
equilibrium consequences of changes in the interest rates on households’ eco-
nomic behavior, where multiple forces collide. One of these forces is the in-
tertemporal substitution channel: when real rates fall, households tend to save
less or borrow more, increasing their consumption demand. Also, a decrease
in policy rates will reduce interest payments for households with outstanding
debts, which will diminish households’ financial income.

Another distributional force is the interest rate exposure channel: when the
real interest rate falls, it increases financial asset prices, and it will depend
on the household’s balance sheet exposures to real interest changes (differ-
ence between all maturing assets and liabilities) whether these falls will re-
distribute from households with positive unhedged interest rates exposure to
households with negative exposure (Auclert, 2019). In addition, the portfo-
lio composition channel shows that higher equity prices result in capital gains
that benefit high-income households (holding most of the financial assets),
which will raise wealth inequality. If low-income households tend to hold
relatively more currency than high-income households, inflationary actions
would result in a transfer from low-income households toward high-income
households (Coibion et al., 2017).

Indirect effects are those involving general equilibrium responses of prices

2



and wages, therefore of labor income and employment, to a change in mone-
tary policy (Ampudia et al., 2018). The income composition channel is based on
the fact that most households rely primarily on labor earnings, while others
receive larger shares of their income from alternative sources (investments,
government payments, businesses, etc). Low-income households tend to rely
more on government transfers, middle-income households rely heavier on la-
bor income, and high-income households (Amaral, 2017). Hence, the influ-
ence of monetary policy on each individual household is contingent upon the
primary source from which that household derives its income.

Additionally, households exhibit disparities in relation to the position of
their earnings within the broader distribution. Monetary policy and business
cycles tend to exert a more pronounced influence on lower-income house-
holds’ wages and employment opportunities. (Heathcote et al., 2010) find
that, at the top of the earnings distribution, labor demand shifts in favor of
skilled workers, increasing both wage and earnings inequality, while lower-
skilled workers are more likely to lose their jobs during recessions.

To analyze the distributional effects of monetary policy, we need to iden-
tify monetary policy shocks. The literature has increasingly utilizedmeasures
of monetary surprises to isolate the unexpected component of monetary pol-
icy changes. By contrasting actual policy decisions with market expectations
inferred from financial instruments ( e.g., interest rate futures), we can ex-
plore the extent to which they deviate from what the market had foreseen.
The works of Cochrane and Piazzesi (2002) and Faust et al. (2004) have ex-
emplified this methodology, where they employed surprise measures to bet-
ter understand the interplay between monetary policy and macroeconomic
variables within the framework of structural VAR models. By closely exam-
ining market movements within a narrow timeframe surrounding policy an-
nouncements, researchers are able to capture the immediate impact of the pol-
icy adjustment. Bernanke and Kuttner (2005) and Hanson and Stein (2015)
have leveraged this approach to explore the effects of monetary policy on asset
prices and market volatility, shedding light on the swift market reactions that
follow these announcements.

The attractiveness of monetary policy surprises in these contexts lies in
their concentration on alterations in interest rates within a limited timeframe
from monetary policy meetings’ announcements. This approach effectively
mitigates concerns regarding reverse causality and potential endogeneity is-
sues. The Central Bank’s board’s capacity to respond to financial market fluc-
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tuations within the announcement’s immediate temporal vicinity is limited.
Consequently, the fluctuations in asset prices can be unequivocally attributed
to the announcements themselves rather than the opposite scenario (Bauer
and Swanson, 2023).

In addition, the narrative approach involves integrating qualitative infor-
mation from central bank officials’ statements and speeches with quantitative
data Romer and Romer (2004). It analyzes the language used in speeches,
minutes of policy meetings, or interviews to identify periods of monetary
policy changes. This approach provides insights into policymakers’ inten-
tions and can help distinguish between exogenous monetary policy shocks
and endogenous responses to economic conditions. Gertler and Karadi (2015)
employ this approach to investigate the role of central bank communication
in shaping expectations. Furthermore, external instruments, like changes in
international interest rates, have been utilized to proxy for monetary policy
shocks. These instruments offer a way to capture the influence of global mon-
etary conditions on domestic economic variables, as demonstrated in thework
of Ramey (2016) and Stock and Watson (2018).

The early literature on monetary policy and inequality focused on distinc-
tive measures of inequality and how they were affected by different types of
monetary policy shocks in advanced economies. Romer and Romer (1998) ex-
amine the influence of monetary policy on poverty and inequality both over
the business cycle in the United States and over the longer run in a large sam-
ple of countries, where their findings reveal that expansionary monetary pol-
icy provides temporary relief from poverty, with the optimal outcome achiev-
able through stabilizing output and maintaining low inflation. Coibion et al.
(2017) use the Consumer Expenditure Survey (CEX), a detailed household-
level data source of the United States, to construct a wide range of inequality
measures for labor income, total income, consumption, and total expendi-
tures. They find that a contractionary monetary policy shock is characterized
by a widening of the earnings distribution above the median but a tightening
of the earnings distribution below the median, leading to only small effects
on inequality.

Similar investigations have been carried out in other countries. Mumtaz
and Theophilopoulou (2017) use detailed micro-level information from the
UK to construct quarterly historicalmeasures of inequality from1969 to 2012,
and their results indicate that contractionary monetary policy shocks lead to
an increase in earnings, income, and consumption inequality. Moreover, the
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impact of a contractionary policy on income and consumption across vari-
ous quantiles indicates that lower-income households experience a more pro-
nounced negative effect than those at the upper distribution level. Furceri
et al. (2018) use a local projections method with panel data of 32 advanced
and emerging economies from 1990 to 2013 and find that, using unexpected
changes in monetary policy rates that are orthogonal to unexpected changes
in economic activity and inflation, a decrease in the policy rate reduces, on
average, income inequality by about 1% in the short term and by about 2% in
the medium term.

Kuester et al. (2016) use a New Keynesian business-cycle model with rich
household heterogeneity and find that systematic monetary policy, especially
through nominal interest rates, significantly impacts income distribution by
affecting employment and asset prices. The findings reveal that contractionary
monetary policies disproportionately harm wealth-poor households, reduc-
ing employment and labor income, whereas wealth-rich households bene-
fit from higher asset markups. Following Kaplan et al. (2018) and Colciago
et al. (2019), household heterogeneity influences monetary policy transmis-
sion when many agents possess minimal liquid assets, as observed in many
economies. These agents, insensitive to interest rate fluctuations, primarily
adjust their consumption in response to income changes. Therefore, the im-
pact of monetary policy extends beyond the traditional interest rate channel,
affecting the economy through the responses in wages and prices, which leads
to changes in employment and labor income due to policy-induced general
equilibrium effects.

Given the limitations on income and wealth data in Chile, we lack quar-
terly or even annual data, which prevents the implementation of dynamic
models with explicit inequality measures. Consequently, we proceed by con-
ducting simulationswithmicrodata, utilizing themacroeconomic results from
aggregate impulse response functions. This paper relates closer to the re-
search pioneered by Ampudia et al. (2018), Albert and Gómez-Fernández
(2022), Mäki-Fränti et al. (2022) and Lenza and Slacalek (2024). This ap-
proach builds a connection between macroeconometric modeling and sim-
ulations on microdata. The authors build and estimate structural vector au-
toregression models to infer the overall macroeconomic ramifications of the
European Central Bank’s (ECB) or Federal Reserve’s (FED) monetary policy
on the economy. In the second leg of the analysis, the investigation distribute
the collective responses of variables such as wages, the unemployment rate,
stock prices, and house prices obtained from themacroeconomicmodel across
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the spectrum of households’ employment statuses, nominal gross income, and
net wealth. The microsimulation process involves conducting computations
for the evolution of net wealth at the household level, whereas calculations
related to labor income are executed at the individual level.

We will look into monetary policy transmission in the Chilean economy,
using a BayesianVAR (BVAR) to study the effects on aggregatemacroeconomic
data. We provide novel monetary policy shocks using the Central Bank of
Chile’s forecast information, market expectations, and high-frequency data.
In the second stage of the paper, we use simulation techniques to distribute
the aggregate effects estimated in the BVAR across individual households, us-
ing data on their income and asset composition. We will rely on the Chilean
Household Finance Survey (EFH in spanish), the country’s main survey col-
lecting household-level data on household balance sheet details.

2 Monetary Policy in Chile

The Central Bank of Chile has continually adjusted its approach to monetary
policy meetings, reflecting changes in the economic environment and the ef-
fectiveness of its policies. In the early 2000s, the Bank held monetary policy
meetings about once a month, a frequency chosen to address the dynamic and
often unpredictable economic conditions of the time. This approach allowed
the Bank to be agile and responsive to the fluctuating economic landscape.

As the Chilean economy started to stabilize and the inflation-targeting
regime becamemore established, the Central Bank recognized the potential to
reduce the frequency of its meetings. The initial high frequency was essential
for closely monitoring the economy and responding to fluctuations. However,
with growing confidence in the economy and the success of the monetary pol-
icy, a shift to less frequent meetings was deemed appropriate. In 2017, the
Central Bank reduced its monetary policy meetings to eight per year. This de-
cision aligned practices with those of major central banks and improved the
predictability and stability of monetary policy while maintaining the flexibil-
ity to respond to economic changes. The policy rate is crucial for influenc-
ing Chile’s monetary and financial conditions, aiming to withhold its primary
mandate: maintain low and stable inflation (Costa, 2023).
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2.1 High-Frequency Approach

Accurately identifying the impacts of monetary policy changes is crucial. One
common method involves using high-frequency data to study these effects.
This approach seeks to capture financial markets’ immediate and short-term
reactions to policy announcements (Cook and Hahn, 1989; Kuttner, 2001;
Cochrane and Piazzesi, 2002).

A distinct characteristic of this methodology is the careful selection of
a narrow time window that encapsulates the critical period around Federal
Open Market Committee (FOMC) announcements in the US. Typically, re-
searchers concentrate on variations in interest rates within a span of one to
two days prior to and subsequent to these announcements. The rationale be-
hind this choice is grounded in the notion that this timeframe is sufficiently
sensitive to reflect market reactions to new information while minimizing the
influence of confounding factors (Bernanke and Kuttner, 2005; Hanson and
Stein, 2015).

By isolating this specific time window, researchers aim to approximate a
scenariowhere the only notable event is the FOMCannouncement and its sub-
sequent policy decision. This assumption, while simplifying the analytical
framework, allows researchers to infer the market’s perception of the mone-
tary policy change with a degree of confidence. It serves as a controlled envi-
ronment for understanding how financial markets process the central bank’s
actions and statements and subsequently adjust asset prices, exchange rates,
and interest rates.

Several studies have addressed the issue of lack of exogeneity in mone-
tary policy surprises obtained from high-frequency identification. Miranda-
Agrippino (2016) and Miranda-Agrippino and Ricco (2021) point out that
high-frequency instruments are predictable and autocorrelated, which would
be an indication of the sluggish adjustment of expectations, andmarket-based
revisions of expectations that followpolicy announcements correlatewith cen-
tral banks’ private macroeconomic forecasts.

Exogeneity ensures that the effects of such policy surprises on the economy
are accurately measured. By ensuring that these surprises are independent of
other economic and financial variables, exogeneity helps establish causality
and unbiased estimation. Bauer and Swanson (2023) accounts for the pre-
dictability of high-frequency monetary policy surprises by orthogonalizing
the surprises with respect to macroeconomic and financial data that pre-date
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Table 1: High-Frequency Identification

(a) First Stage

Expectation Variable First Stage

Current Inflation Expectation 0.011
(0.019)

Inflation 11 Months Ahead 0.004
(0.009)

Inflation 23 Months Ahead 0.032
(0.024)

NER 2 Months Ahead -0.000
(0.000)

NER 11 Months Ahead -0.001
(0.000)

NER 23 Months Ahead 0.001
(0.001)

IMACEC One Month Prior 0.000
(0.002)

Current GDP Expectation 0.000
(0.002)

Personal Economic Perception 0.001
(0.001)

Economic Perception 5 Years Ahead -0.001
(0.001)

Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

(b) MP Estimation

MPR Change

MP Shock: Residuals 2.263***
(0.513)

Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

the announcements. We address this concern by regressing the daily change in
3-month Chilean swap contracts against a set of market expectation variables
collected before the monetary policy announcement.

The market expectations variables are retrieved from the Central Bank of
Chile’s Economic Expectations Survey (EEE in Spanish). Table 1a shows that
all coefficients are essentially zero. Hence, the predicted component of the
orthogonal surprise is very close to the original series.For each monetary pol-
icy meeting m, we regress the communicated interest rate change against the
orthogonalized monetary policy surprise as an instrument:

△𝑚𝑝𝑟𝑚 = 𝛼 + 𝛽𝑆𝑈𝑅𝑃𝑅𝐼𝑆𝐸𝑚 + 𝜀𝑚,
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The resulting fitted values from Table 1b, △̂𝑚𝑝𝑟𝑚, represent the first stage
of an instrument variable approach and can be interpreted as an exogenous
component of the monetary policy rate. We focus on the daily change of 3
months of interest rate swap contracts inmonetary policy announcement days
between 2007 and 2020. The Central Bank of Chile provides data about the
days of monetary authority meetings, interest rates announced, and market
expectations surveys. Bloomberg provides data on interest rate swap con-
tracts.

2.2 Romer and Romer Approach

We proceed to construct ourmeasure of monetary policy shock along the lines
of the narrative method pioneered by Romer and Romer (2004), where they
use central bank forecasts and contemporaneous information of macroeco-
nomics series to extract the systematic element from monetary policies. The
monetary policy shock, therefore, represents the changes in interest rates that
are unanticipated and not influenced by current and expected economic states
that remain invariant to information available to the Board of theCentral Bank
of Chile. On a policy-meeting frequency, we estimate the policy rate change
as follows:

Δ𝑖𝑚 = 𝑐 + 𝛼𝑖𝑚,𝑡−1 +
𝐾

∑
𝑘=0

𝛽𝜋𝑘𝜋𝑚,𝑡+𝑘 +
𝐾

∑
𝑘=0

𝛽Δ𝜋𝑘Δ𝜋𝑚,𝑡+𝑘 +
𝐾

∑
𝑘=0

𝛽𝑦𝑘Δ𝑦𝑚,𝑡+𝑘 +
𝐾

∑
𝑘=0

𝛽Δ𝑦𝑘Δ𝑦𝑚,𝑡+𝑘

+ 𝛿1𝑡𝑐𝑚 + 𝛿2Δ𝑡𝑐𝑚 + 𝜀𝑚,

where Δ𝑖𝑚 represents the change in the policy rate at meeting 𝑚, and 𝑖𝑚,𝑡−1
is the level of the policy rate beforemeeting𝑚. Themeeting𝑚 occurs in period
𝑡. Following Romer and Romer (2004), we incorporate central bank forecasts
for GDP 𝑦𝑚,𝑡+𝑘, CPI 𝜋𝑚,𝑡+𝑘 for the horizon 𝑡+𝑘, and the exchange rate before the
meeting 𝑡𝑐𝑚. Additionally, we consider the corresponding forecast changes,
denoted Δ𝜋𝑚,𝑡+𝑘 and Δ𝑦𝑚,𝑡+𝑘, and the exchange rate change between meetings
Δ𝑡𝑐𝑚.

Historical forecasts from the Central Bank of Chile are utilized for ev-
ery policy meeting, whenever available shortly before a meeting. Central
Bank of Chile’s forecasts, available from publicmonetary policy reports,¹ span
from 2000 to 2023, and we use annual GDP and CPI forecasts for the current

¹Refer to Figure 1 for a word map (in Spanish) of monetary policy reports from the Central Bank of Chile.
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Figure 1: Word Cloud from Monetary Policy Reports

Source: Central Bank of Chile and author’s calculations.

and next year to ensure consistent and extensive coverage. The forecast re-
ports’ periodicity is three or four times per year, often coinciding with policy
meetings. Formeetings without accompanying forecasts, we iteratively assign
them a forecast following this procedure: first, we use the same or previous
month’s forecasts of a monetary policy report, and secondly, following Cloyne
and Hürtgen (2016), if monetary policy reports were unavailable in the tem-
poral proximity, we use Consensus Economics data as a proxy.

Bernanke et al. (2005)’s work emphasizes the importance of forecasts in ag-
gregating variousmacroeconomic data and shedding light on future economic
trends. As depicted in Table 2, the positive coefficients indicate a substan-
tial reaction to forecasted inflation and output growth increases, suggesting
a tendency towards more stringent monetary policies under these conditions.
The observed negative coefficient for the lagged policy rate is consistent with
a trend toward mean reversion in policy rates during the examined period.
The model’s 𝑅2 value, close to 0.3, corroborates prior research by Romer and
Romer (2004) and Holm et al. (2021), reinforcing these findings.
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Table 2: Romer and Romer Estimation for Chile

MPR Change

MPR Previous Meeting -0.111***
(0.026)

GDP Growth, Current Year 0.046***
(0.012)

GDP Growth, Next Year 0.022
(0.025)

Inflation, Current Year 0.140***
(0.033)

Inflation, Next Year 0.047
(0.087)

Exchange Rate Before Meeting 0.000
(0.000)

Δ GDP Growth, Current Year -0.036
(0.026)

Δ GDP Growth, Next Year -0.021
(0.075)

Δ Inflation, Current Year 0.004
(0.040)

Δ Inflation, Next Year -0.036
(0.071)

Δ Exchange Rate Between Meetings -0.001
(0.001)

N =287 𝑅2 = 0.34
Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

2.3 Bloomberg Survey Forecasts Approach

As a robustness check, we follow Aruoba et al. (2021), who use survey sur-
prises that are constructed using the difference between the monetary policy
rate decided in the Monetary Policy Meeting and the expected monetary pol-
icy rate by a select group of academics, consultants, and advisors of financial
institutions. Bloomberg’s survey system, unlike similar surveys, guarantees
improved synchronization with the official schedule of policy meetings, en-
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suring the pertinence of the respondents’ inputs. The survey data collection
period aligns with the twoweeks preceding themonetary policymeeting. Par-
ticipants have the option to revise their answers throughout this time frame
and until the afternoon on the day preceding the meeting, with the system
logging the precise date of any such updates.

Figure 2: Bloomberg Survey’s Surprise Measures in Chile

Source: Central Bank of Chile and Bloomberg, author’s calculations.

3 Methodology

The prevailing approach to identification in macroeconomics involves apply-
ing different sets of recursive zero constraints to the concurrent coefficients.
This technique, pioneered by Sims (1980) and referred to as ”triangulariza-
tion”, has been widely utilized. Blanchard and Perotti (2002) exemplified
that the policy variable does not respond within the period to the other en-
dogenous variable, motivated by decision lags of policymakers or adjustments
costs, for which they assume that government spending does not respond to
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the contemporaneous movements in output or taxes. Bernanke and Blinder
(1992) describe that there can be sluggish responses of the other endogenous
variables when exposed to policy variable shocks, for which they impose the
federal funds rate last in the Cholesky ordering. A more general approach
to this method is known as a structural VAR, where it uses either economic
theory or outside estimates to constrain parameters (Blanchard and Watson,
1986; Bernanke, 1986).

Another common strategy is a narrative approach, which relies on histori-
cal accounts and statements from central bank officials. This method analyzes
the language used in speeches, minutes of policy meetings, or interviews to
identify periods of monetary policy changes. Examples of the use of narra-
tive methods are Romer and Romer (1998), where they construct monetary
shock series based on Federal Open Market Committee (FOMC) minutes, and
Romer and Romer (2010) use narrative series of tax changes based on legisla-
tive documents.

Studies utilizing high-frequency data, such as news releases coinciding
with FOMC meetings and the behavior of federal funds futures, aim to iden-
tify unexpected policy actions taken by Central Banks. The distinction in
these analyses lies in their reliance on timing and the utilization of high-
frequency data, often at a daily or even more granular level. This granularity
allows for more credible assumptions than those applied in monthly or quar-
terly analyses. Essentially, the closer the observation interval to the actual
policy decision, the more reasonable it is to assert that any identified shocks
are genuinely unanticipated by the markets (Kuttner, 2001; Faust and Rogers,
2003; Faust et al., 2004; Gertler and Karadi, 2015; Nakamura and Steinsson,
2018).

The external instrumentsmethod has gained prominence in the literature as
a valuable tool for addressing the structural identification problem in econo-
metric analysis. Numerous studies, Stock and Watson (2012); Mertens and
Ravn (2013), have employed this method to disentangle the causal relation-
ships betweenmacroeconomic variableswhen the underlying structuralmodel
is either unknown or subject to ambiguity. This strategy leverages information
derived from sources external to the VAR model, such as narrative evidence,
shocks generated by estimated DSGE models, or high-frequency data. The ra-
tionale behind this approach is that these external data sources serve as noisy
indicators of the actual shock. Following Ramey (2016), suppose that 𝑍𝑡 rep-
resents one of these external series. This series will be a valid instrument for
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identifying the shock 𝜀1𝑡 if the following two conditions hold:

𝐸[𝑍𝑡𝜀1𝑡] ≠ 0 (1a)
𝐸[𝑍𝑡𝜀𝑖𝑡] = 0, 𝑖 = 2, 3, ..., 𝑁 (1b)

The first condition is the relevance condition, where the external instru-
ment must be contemporaneously correlated with the structural policy shock.
The second condition is the exogeneity condition, where the external instru-
mentmust be contemporaneously uncorrelatedwith the other structural shocks.
If the external instrument satisfies these two conditions, it can be used to iden-
tify the shock 𝜀1𝑡.

Several studies have investigated the role ofmonetary policy inChile. Calvo
and Mendoza (1999) use a recursively identified VAR model using the lend-
ing rate as the policy instrument, where they find the common price puzzle
of monetary policy (Sims, 1992; Hanson, 2004). Parrado (2001) apply a struc-
tural VAR approach where a domestic monetary contraction generates a tran-
sitory fall in output and monetary aggregates; therefore, there is no evidence
of price and exchange rate puzzles. Chumacero (2005) present a structural
VAR model where they find that the price puzzle is only a puzzle for a model
in which important nonneutralities are a major driving force.

More recent studies forChile have usedmeasures ofmonetary policy shocks
in different frameworks. Pescatori (2018) blend the traditional recursive iden-
tification strategy with the use of the monetary policy surprise data, which
acts as an instrument for the change in the policy rate, where a persistent in-
crease in the policy interest rate results in a reduction in economic activity
but with an initial price puzzle. Aruoba et al. (2021) estimate a Bayesian VAR
model using a monetary policy surprise measure based on Bloomberg survey
expectations, and they conclude that an unexpected increase inmonetary pol-
icy rate of 25 basis points decreases output by 0.5 percentage points and infla-
tion by 0.2 percentage points, while also causing a depreciation. Beltran and
Coble (2023) use a structural VAR model with pure and information surprise
components as instruments and observe that an increase in a pure monetary
policy shock of 10 basis points has contractionary and persistent effects on
activity, prices, and credit growth. Specifically, they find a faster effect on
activity than the inflation reaction, falling in the first month 0.3 percentage
points and standing below its long-term level.

Our identification approach follows Aruoba et al. (2021), which relies on
valid structural estimation with an internal instrument as in Plagborg-Møller
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and Wolf (2021). This can be carried out by ordering first the orthogonalized
monetary policy shock in the BVAR, which will yield valid impulse response
estimates even if the shock of interest is noninvertible and affected by mea-
surement error (Li et al., 2024). Under the conditions (1a) and (1b), and the
orthogonality criteria to leads and lags of the structural shock, we can estimate
the causal impact of monetary policy by enhancing the BVAR model with the
unexpected monetary policy shock series as an internal instrument. We es-
timate a monthly Bayesian VAR² with the natural logarithms of the index of
economic activity (IMACEC), the consumer price index (CPI), the stock mar-
ket index (IPSA), the CLP-USD exchange rate (NER), the wage index (WAGE)
as well as the level of the unemployment rate, and the monetary policy rate.

Table 3: Baseline variables for specification

Variable Description

Economic activity Monthly indicator of economic activity (Imacec), (2018 index=100),
BCCH.

Inflation Historical Headline Index CPI, BCCH.
Unemployment rate Monthly national unemployment rate, INE.
Wage index Nominal general wage index, INE (January 2006=100).
Stock Market Index IPSA index is composed of the 30 stocks with the highest average

annual trading volume in the Santiago Stock Exchange.
Exchange rate Nominal exchange rate (Observed dollar $CLP/USD), BCCH.
Monetary policy rate Target interest rate for interbank transactions that the central bank

intends to achieve by means of its monetary policy instruments,
BCCH.

Figure 3 shows the results for a monetary tightening policy using the high-
frequency identification approach. We can see that a contractionarymonetary
policy shock of 20 basis points initially slows down economic activity, causing
a 0.2 percentage points drop at its peak. The price level also falls by 0.2 per-
centage points over three years. Additionally, the stock market index declines
by one percentage point within five months of the policy change. Alongside
this, the unemployment rate rises, and the wage index goes down, pointing to
potential job losses (extensive margin) and reduced wages for workers (inten-
sive margin).

²The Bayesian VAR employs Minnesota-type priors. In this setup, the initial lag of each variable within its
equation is set with a prior mean of 1, whereas all other coefficients, including lags of other variables in the
same equation and higher lags of the variable itself, have a prior mean of 0. The variances of the priors for each
parameter are structured in a way that they diminish as the lags increase.
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Figure 3: IRF to monetary policy shock in Chile: High-Frequency Approach

Notes: The sample goes from 2007m3 to 2019m12. Dark shades represent credibility sets at 5%-95% and light
shades at 16%-84%. The x axis is at amonthly frequency. Shock sized to one standard deviation on themonetary
policy rate.

Figure 4 shows the results for a contracionarymonetary policy usingRomer
and Romer (2004) identification approach. A tighter monetary policy of 30
basis points significantly impacts economic activity, resulting in an estimated
decline of approximately 0.2 percentage points. Consistent with the find-
ings of Aruoba et al. (2021) and Beltran and Coble (2023), our analysis in-
dicates that output responds more rapidly than price levels within the six-
month period following a monetary policy shock. Consequently, the price
level experiences a point two percentage point reduction over a two-year pe-
riod, and the stock market shows an increase of half a percentage point within
twelve months following the policy shock. In line with these effects, there is
a marginal uptick of one basis point in the unemployment rate, accompanied
by a corresponding decline in the wage index.
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Figure 4: IRF to monetary policy shock in Chile: Romer and Romer Approach

Notes: The sample goes from 1997m4 to 2019m12. Dark shades represent credibility sets at 5%-95% and light
shades at 16%-84%. The x axis is at amonthly frequency. Shock sized to one standard deviation on themonetary
policy rate.

Pescatori (2018) and Aruoba et al. (2021) use a monetary policy surprise
constructed from the Bloomberg Survey. It offers current forecasts for nearly
all macroeconomic announcements, widely utilized by market participants
and academic researchers as consensusmarket expectations. It has been shown
that its forecasts are more accurate and have greater explanatory power for
the effects on S&P 500 futures trading and returns than alternative surveys,
aligning more closely with market consensus (Chen et al., 2013). The survey
typically covers a wide range of topics, such as GDP growth, inflation rates,
and employment dynamics, helping to explore market sentiment where the
respondents base their forecasts on the latest available information.

We construct the monetary policy surprise series utilizing data from the
Bloomberg Survey and apply our methodology to derive the results presented
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Figure 5: IRF to monetary policy shock in Chile: Survey Approach

Notes: The sample goes from 2001m3 to 2019m12. Dark shades represent credibility sets at 5%-95% and light
shades at 16%-84%. The x axis is at amonthly frequency. Shock sized to one standard deviation on themonetary
policy rate.

in Figure 5. These findings align with the general outcomes associated with
our previously identified monetary policy shocks. Notably, the commonly re-
ferred to as the price and output puzzles are substantially mitigated. Addi-
tionally, there is a pronounced increase in unemployment following the mon-
etary policy shock, which continues to underscore the impact of monetary
policy adjustments on labor market conditions.

The microsimulations in the subsequent section will utilize the impulse
response functions derived from the Romer and Romer approach, as it is our
preferred method for identifying monetary policy shocks. This preference is
due to the extensive duration of the series and the rich information set it incor-
porates. As demonstrated in this section, our findings are robust to alternative
identification schemes.
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4 Reduced-FormSimulation on Income Inequality

To analyze inequalitywithin our framework, wewill utilize theChileanHouse-
hold Finance Survey (EFH), the primary survey in Chile that collects detailed
household-level data on balance sheets. The survey captures information on
demographic characteristics, assets (real assets, financial assets, pensions),
debts, income (labor earnings, subsidies, rental, and financial income), means
of payment, and financial behavior.

Figure 6: Income Composition by Quintile in Chile

Source: Household Finance Survey 2021 (EFH), author’s calculations.

Labor income, comprisingwages and salaries, predominantly tilts towards
the higher quintiles owing to factors like education and occupation. Govern-
ment transfers, aimed at supporting individuals in need, hold a pivotal role
for those in lower quintiles, mitigating income disparities. Pension income
emerges as a substantial factor for retirees in the upper quintiles, reflecting
prolonged careers and robust retirement plans. Furthermore, asset owner-
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ship makes diverse income sources, including investments and rentals, more
pronounced in the upper of the population.

Figure 7: Wealth Composition by Quintile in Chile

Source: Household Finance Survey 2021 (EFH), author’s calculations.

The distribution of key assets across quintiles provides a comprehensive
view of wealth disparities. Main residence values, reflective of real estate
ownership, exhibit considerable variation across quintiles, with higher impor-
tance inmiddle quintiles. Vehicle assets are an important share of households’
wealth composition in the lower quintiles. Financial assets, including stocks,
bonds, life insurance, and mutual funds, demonstrate substantial diversity in
ownership and value. Those in higher quintiles typically possess more exten-
sive and diversified portfolios, contributing to greater financial asset wealth.
Checking account values as a measure of liquid assets also differ across quin-
tiles, reflecting prominence in the first quintile.
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4.1 Earnings Heterogeneity Channel: IRFs to Microdata

The earnings heterogeneity channel addresses the varied responses in employ-
ment status and work hours resulting from changes in monetary policy. It can
be conceptualized as an extensive margin effect, where changes in monetary
policy influence transitions from employment to unemployment (extensive
margin) and also labor income changes (intensive margin).

To examine this channel, probit models offer insights into the marginal
effects of different variables on the probability of employment. The probit
model assumes that the probability of being employed, denoted as𝑃(Employed),
follows a cumulative normal distribution. The model equation can be ex-
pressed as:

𝑃(Employed = 1) = Φ(𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +… + 𝛽𝑘𝑋𝑘)

where 𝑃(Employed) represents the probability of being employed, Φ de-
notes the cumulative standard normal distribution function 𝛽0, 𝛽1,… , 𝛽𝑘 are
the coefficients to be estimated, and 𝑋1, 𝑋2,… ,𝑋𝑘 are the predictor variables.
Following Lenza and Slacalek (2024), the explanatory variables are gender,
education, age, marital status, and household size. Using the estimated pa-
rameter vector ̂𝛽, we compute the predicted probability of having a job for
each individual, 𝑌̂. Then, we draw an individual-specific random number
from a uniform distribution (employment shock), and we calculate a measure
of the probability of being unemployed:

△𝑘 = 𝜀𝑘⏟
individual-specific

− 𝑌̂⏟
predicted probability

We then use△ to construct a ranking of themarginal probability of becom-
ing unemployed. Using this ranking, we determine the marginal employee
losing her job so that the increase in the simulated sample unemployment
rate matches the change in the unemployment target. Because there is ran-
domness in the employment shock, we replicate the process multiple times.
In each iteration, we calibrate the threshold value, which indicates the number
of individuals changing employment status, to align with the overall increase
in unemployment as estimated in the BVAR impulse response.

The simulation is conducted 500 times, and we report the average out-
comes from these simulation rounds. The results of the conditional probit
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model can be seen in Table 4.

Table 4: Employment Estimation with Probit Model

Employment Status

Male 0.536***
(0.028)

Education (years) 0.174***
(0.012)

Living with partner 0.326***
(0.050)

Annulled 0.480
(0.432)

Separated 0.321***
(0.074)

Widowed 0.134
(0.082)

Single 0.056
(0.040)

Divorced 0.326***
(0.079)

Age 0.212***
(0.005)

Age2 -0.002***
(0.000)

Household Members -0.049***
(0.010)

Children -0.081**
(0.039)

Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

4.2 Income Composition Channel

The income composition mechanism is wherein households exhibit hetero-
geneity in their primary sources of income. The majority of the households
rely predominantly on earnings from their first and second source of labor
income. This analysis specifically examines individuals transitioning from
employment to unemployment. In these cases, wages are substitutedwith un-
employment benefits, which are determined based on the individuals’ demo-
graphic profiles. To ensure precise estimations, we leverage the OECD Statis-
tics on Benefits and Wages database, which provides detailed net replacement
rates for unemployment across different family structures and income brack-
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ets, enabling accurate matching for those moving from employment to unem-
ployment.

Table 5: Heckman Estimation Model

Labor Income

Age 0.120***
(0.025)

Age2 -0.001***
(0.000)

Education (years) 0.416***
(0.020)

Male 0.391***
(0.055)

Living with partner -0.077
(0.049)

Annulled -1.081***
(0.379)

Separated -0.150**
(0.070)

Widowed -0.100
(0.100)

Single -0.231***
(0.035)

Divorced -0.074
(0.072)

Children -0.101***
(0.036)

Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

Employment Status

Age 0.213***
(0.005)

Age2 -0.002***
(0.000)

Education (years) 0.166***
(0.013)

Male 0.520***
(0.029)

Living with partner 0.312***
(0.051)

Annulled 0.563
(0.434)

Separated 0.313***
(0.076)

Widowed 0.138
(0.085)

Single 0.009
(0.041)

Divorced 0.342***
(0.081)

Household Members -0.057***
(0.011)

Children -0.090**
(0.040)

Standard errors in parentheses
* 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01

Also, we employ a two-step Heckman model that encompasses both wage
and selection equations to estimate the natural logarithm of wages for newly
employed individuals. Our exclusion criteria includemarital status andhouse-
hold size, which we assume may influence work status but not the wages of
those already employed. The remaining variables in the model encompass
gender, education, and age. The estimates of Table 5 derived from the Heck-
man selection model align with findings in the literature. We assume that the
labor earnings of previously employed individuals reflect the changes in the
overall wage level response from the macroeconomic model.
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5 Distributional Impacts of Monetary Policy

5.1 Employment Status

Based on the findings from the macroeconomic model, we observe that fol-
lowing a contractionary monetary policy shock of 30 basis points, there is an
overall increase in the unemployment rate and a decrease in the wage index,
leading to worsening aggregate inequality. How does this general worsening
of inequality manifest in terms of employment across different income quin-
tiles?

Figure 8: Employment Effect by Quintile

Source: Household Finance Survey 2021 (EFH), author’s calculations.

Figure 8 shows that the monetary policy shock leads to a sustained de-
crease in employment across all income levels. The largest increase occurs
in the lowest income quintile, while the smallest increase is seen in the high-
est quintile. Specifically, the employment for the lowest-earning households
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decreases by about 0.2 percentage points from the starting level, whereas in
the other quintiles, it increases between 0.03 and 0.1 percentage points. This
more pronounced decrease in employment among the lower income quintiles
can be attributed to their higher initial unemployment rates.

We find that a monetary policy shock has a greater impact on employment
rates in the third quintile than in the second or fourth quintile. This effect
may be attributed to the heterogeneous economic behavior across these in-
come groups: households with lower incomes typically depend more heavily
on transfer payments, while middle-income families rely predominantly on
labor earnings. In contrast, high-income households mainly generate their
income from capital investments and business operations.

5.2 Labor Income

The impact of monetary policy on income is analyzed through two channels:
the income composition mechanism, which uses probit models to study how
changes in predictors affect employment probabilities based on household in-
come sources, and the earnings heterogeneity channel, which assesses diverse
employment responses by substituting unemployment benefits with wages
estimated through a two-step Heckman model.

Figure 9 breaks down the overall decrease in income into two components:
the extensive margin (earnings heterogeneity channel) and the intensive mar-
gin (income composition mechanism). Across the distribution, except for the
highest quintile, the dominant factor contributing to the overall income effect
is the transition from employment to unemployment. Notably, this overall
income effect is most pronounced in the first quintile, where getting a job or
losing a job causes a large portion of their income variability, and employment
status is crucial for determining the incomes of lower-income households. In
the upper quintile, the extensive margin is relatively smaller than the inten-
sive margin, where income changes for those already employed cause more
income fluctuations for this group.

These results are consistent with labor market studies across different ge-
ographical regions. Blanco et al. (2022) demonstrate that in Argentina, dis-
persion in the lower tail of one-year earnings changes exhibits countercycli-
cal trends (increasing during recessions) while dispersion in the upper tail
shows procyclical trends (decreasing during economic downturns). These pat-
terns align with similar economic behaviors noted in Brazil (Engbom et al.,
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Figure 9: Labor Income Effect by Quintile

(a) First Quintile (b) Second Quintile

(c) Third Quintile (d) Fourth Quintile

(e) Fifth Quintile
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2022) and the United States (Guvenen et al., 2021). Furthermore, in European
countries, there is a pronounced variability in the residual one-year earnings
changes at the lower spectrumof the permanent incomedistribution, contrast-
ing with the minimal variability observed at the upper end (Arellano et al.,
2022; Kramarz et al., 2022).

Recent research on monetary policy and labor markets has further ex-
plored these channels. Hubert and Savignac (2023) quantify the distribu-
tional effects of monetary policy on labor income using French-matched ad-
ministrative and survey data. Consistent with our results, the authors find a
U-shaped impact of ECB monetary policy shocks along the labor income dis-
tribution, driven by the extensive margin (unemployment transitions) at the
lower end and the intensive margin (income changes for the employed) at the
upper end. In Brazil, B. P. Gomes et al. (2023) suggest that monetary policy
shocks influence individuals in the informal sector notably more: expansion-
ary shocks enhance their prospects of transitioning to formal employment,
while contractionary shocks diminish these prospects. The study also reveals
that contractionary shocks decrease the likelihood of individualsmoving from
unemployment or informal work into formal roles, thereby increasing the per-
sistence of both unemployment and informality.

In the case of Chile, Madeira and Salazar (2023) estimate that a contrac-
tionary monetary shock increases the idiosyncratic volatility of labor earnings
within the secondary and services sectors. This heightened earnings risk is
also evident among low-income workers in the primary sector. Furthermore,
Albagli et al. (2023) demonstrate that Chile exhibits the highest labor market
flexibility among OECD countries. This enhanced flexibility facilitates more
effective management of cyclical economic fluctuations and boosts aggregate
productivity through the more efficient allocation of the workforce.

Figure 10 illustrates the effect of a contractionary monetary policy shock
on the Gini Index in Chile, observed over a 24-month period. It shows that the
Gini Index reached its peak approximately ten months after the policy. This
pattern indicates a more adverse effect on lower-income households. How-
ever, despite this impact, the resulting change in the Gini Index remains min-
imal.

This result is consistent with findings from similar studies, confirming a
consistent pattern across different countries. Lenza and Slacalek (2024) find
that quantitative easing reduces the Gini coefficient from 43.14 to 43.09 in the
Euro Area, where in lower income segments, the risk primarily stems from the
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Figure 10: Impact on Gini Index

Source: Household Finance Survey 2021 (EFH), author’s calculations.

extensive margin, whereas in upper quintiles, the intensive margin plays a
more significant role. They observe the biggest impact in Spain, whereas Ger-
many has a smaller impact. Mäki-Fränti et al. (2022) determine thatmonetary
easing marginally increases income inequality in Finland, primarily through
mechanisms that favor upper-income quintiles. In particular, following a 25
basis point monetary policy shock, the Gini coefficient increases modestly by
only 0.09 percentage points over two years. Samarina and Nguyen (2024) ob-
serve that expansionarymonetary policy lessens income inequality in the euro
area, especially in peripheral countries. It primarily does so by increasing
wages and employment through macroeconomic mechanisms. However, the
role of the financial channel is less definitive, as higher asset prices and re-
turns from monetary easing might mitigate these equalizing effects. McKay
and Wolf (2023) report that household heterogeneity affects monetary policy
transmission, but the overall effects on consumption and inequality are lim-
ited in the United States.
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6 Conclusion

This paper examines the impact of monetary policy on income distribution
in Chile using Bayesian Vector Autoregression (BVAR) and microsimulation
techniques. We introduce novel monetary policy shocks based on the Central
Bank ofChile’s forecast information,market expectations, and high-frequency
data. Our Bayesian VAR model with internal instruments aligns with estab-
lished macroeconomic theories and addresses price and output puzzles.

Using microsimulations, we distribute the aggregate effects estimated by
the BayesianVAR across individual households to assess the impact on income
distribution. Wefind that the effects on income inequality are limited, and our
results highlight the important roles of the intensive and extensive margins
in influencing income distribution across different income quintiles.

The extensive margin, which concerns changes in employment status, ex-
hibitsmore substantial impacts, particularly on lower income quintiles. These
groups see a more significant fluctuation in employment rates, which in turn
leads to greater variability in their income levels. Following this, the inten-
sive margin, which refers to how sources of income like wages and asset re-
turns are affected, shows smaller yet noticeable changes across the quintiles.
Specifically, higher income quintiles experience less volatility in their income
sources, primarily due to more diversified income streams and assets that can
buffer against economic shocks.

Future research should advance this understanding by examining the im-
pacts of monetary policy on wealth inequality in Chile. Additionally, it would
be beneficial to delineate the interconnections between monetary policy and
fiscal measures, and how these relationships can inform governmental strate-
gies for redistribution policies.

29



References
Albagli, Elías, Alejandra Chovar, Emiliano Luttini, Carlos Madeira, Alberto Naudon, andMa-

tias Tapia (2023): “Labor market flows: Evidence for Chile using microdata from admin-
istrative tax records,” Latin American Journal of Central Banking, 4 (4), 100102.

Albert, Juan-Francisco and Nerea Gómez-Fernández (2022): “Monetary Policy and the Redis-
tribution of Net Worth in the US,” Journal of Economic Policy Reform, 25 (4), 420–434.

Amaral, Pedro S. (2017): “Monetary Policy and Inequality,” Economic Commentary (2017-01).

Ampudia, Miguel, Dimitris Georgarakos, Jiri Slacalek, Oreste Tristani, Philip Vermeulen, and
Giovanni Violante (2018): “Monetary Policy and Household Inequality,” SSRN Electronic
Journal.

Arellano, Manuel, Stéphane Bonhomme, Micole De Vera, Laura Hospido, and SiqiWei (2022):
“Income risk inequality: Evidence from Spanish administrative records,”Quantitative Eco-
nomics, 13 (4), 1747–1801.

Aruoba, Boragan, Andrés Fernández, Daniel Guzmán, Ernesto Pastén, and Felipe Saffie
(2021): “Monetary Policy Surprises in Chile: Measurement & Real Effects,” Working Pa-
per 921, Central Bank of Chile.

Auclert, Adrien (2019): “Monetary Policy and the Redistribution Channel,” American Eco-
nomic Review, 109 (6), 2333–2367.

B. P. Gomes, Diego, Felipe Iachan, Ana Paula Ruhe, and Cezar Santos (2023): “Monetary
Policy and Labor Markets in a Developing Economy,” SSRN Scholarly Paper.

Bauer, Michael D. and Eric T. Swanson (2023): “A Reassessment of Monetary Policy Surprises
and High-Frequency Identification,” NBER Macroeconomics Annual.

Beltran, Felipe and David Coble (2023): “Monetary Policy Surprises on the Banking Sector:
the Role of the Information and Pure Monetary Shocks,” Working Paper 921, Central Bank
of Chile.

Bernanke, Ben S. (1986): “Alternative explanations of the money-income correlation,”
Carnegie-Rochester Conference Series on Public Policy, 25, 49–99.

Bernanke, Ben S. and Alan S. Blinder (1992): “The Federal Funds Rate and the Channels of
Monetary Transmission,” The American Economic Review, 82 (4), 901–921.

Bernanke, Ben S., Jean Boivin, and Piotr Eliasz (2005): “Measuring the Effects of Monetary
Policy: A Factor-Augmented Vector Autoregressive (FAVAR) Approach*,” The Quarterly
Journal of Economics, 120 (1), 387–422.

Bernanke, Ben S. andKennethN. Kuttner (2005): “What Explains the StockMarket’s Reaction
to Federal Reserve Policy?,” The Journal of Finance, 60 (3), 1221–1257.

30

https://www.sciencedirect.com/science/article/pii/S2666143823000236?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S2666143823000236?via%3Dihub
https://www.tandfonline.com/doi/full/10.1080/17487870.2021.1895778
https://www.tandfonline.com/doi/full/10.1080/17487870.2021.1895778
https://www.clevelandfed.org/publications/economic-commentary/2017/ec-201701-monetary-policy-and-inequality
https://www.ssrn.com/abstract=3223542
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/Income-risk-inequality-Evidence-from-Spanish-administrative-records
https://www.bcentral.cl/en/content/-/detalle/documento-de-trabajo-n-921
https://www.aeaweb.org/articles?id=10.1257/aer.20160137
https://papers.ssrn.com/abstract=4432540
https://papers.ssrn.com/abstract=4432540
https://www.journals.uchicago.edu/doi/10.1086/723574
https://www.journals.uchicago.edu/doi/10.1086/723574
https://www.bcentral.cl/en/web/banco-central/detail-news-and-publications/-/asset_publisher/Exzd7l9NC3Y6/content/working-papers-n-979?_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_assetEntryId=4154457&_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_redirect=https%3A%2F%2Fwww.bcentral.cl%2Fen%2Fweb%2Fbanco-central%2Fdetail-news-and-publications%3Fp_p_id%3Dcom_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6%26p_p_lifecycle%3D0%26p_p_state%3Dnormal%26p_p_mode%3Dview%26_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_cur%3D0%26p_r_p_resetCur%3Dfalse%26_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_assetEntryId%3D4154457
https://www.bcentral.cl/en/web/banco-central/detail-news-and-publications/-/asset_publisher/Exzd7l9NC3Y6/content/working-papers-n-979?_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_assetEntryId=4154457&_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_redirect=https%3A%2F%2Fwww.bcentral.cl%2Fen%2Fweb%2Fbanco-central%2Fdetail-news-and-publications%3Fp_p_id%3Dcom_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6%26p_p_lifecycle%3D0%26p_p_state%3Dnormal%26p_p_mode%3Dview%26_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_cur%3D0%26p_r_p_resetCur%3Dfalse%26_com_liferay_asset_publisher_web_portlet_AssetPublisherPortlet_INSTANCE_Exzd7l9NC3Y6_assetEntryId%3D4154457
https://www.sciencedirect.com/science/article/pii/0167223186900370
https://www.jstor.org/stable/2117350
https://www.jstor.org/stable/2117350
https://doi.org/10.1162/0033553053327452
https://doi.org/10.1162/0033553053327452
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1540-6261.2005.00760.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1540-6261.2005.00760.x


Blanchard, Olivier J. andMarkW.Watson (1986): “Are Business Cycles All Alike?,” The Amer-
ican Business Cycle: Continuity and Change, 123–180.

Blanchard, Olivier and Roberto Perotti (2002): “An Empirical Characterization of the Dy-
namic Effects of Changes in Government Spending and Taxes on Output,” The Quarterly
Journal of Economics, 117 (4), 1329–1368.

Blanco, Andres, Bernardo Diaz de Astarloa, Andres Drenik, Christian Moser, and Danilo R
Trupkin (2022): “The evolution of the earnings distribution in a volatile economy: Evi-
dence from Argentina,” Quantitative Economics, 13 (4), 1361–1403.

Calvo, Guillermo and Enrique Mendoza (1999): “Empirical Puzzles of Chilean Stabilization
Policy,” Chile, Recent Policy Lessons and Emerging Challenges, World Bank Publications.

Chen, Linda H., George J. Jiang, and Qin Wang (2013): “Market Reaction to Information
Shocks—Does the Bloomberg and Briefing.com SurveyMatter?,” Journal of FuturesMarkets,
33 (10), 939–964.

Chumacero, Rómulo (2005): “A Toolkit for Analyzing Alternative Policies in the Chilean
Economy,” Repositorio Digital Banco Central.

Cloyne, James and Patrick Hürtgen (2016): “The Macroeconomic Effects of Monetary Policy:
A New Measure for the United Kingdom,” American Economic Journal: Macroeconomics, 8
(4), 75–102.

Cochrane, John H. and Monika Piazzesi (2002): “The Fed and Interest Rates - A High-
Frequency Identification,” American Economic Review, 92 (2), 90–95.

Coibion, Olivier, Yuriy Gorodnichenko, Lorenz Kueng, and John Silvia (2017): “Innocent By-
standers? Monetary policy and inequality,” Journal of Monetary Economics, 88, 70–89.

Colciago, Andrea, Anna Samarina, and Jakob de Haan (2019): “Central Bank Policies and
Income and Wealth Inequality: A Survey,” Journal of Economic Surveys, 33 (4), 1199–1231.

Cook, Timothy and Thomas Hahn (1989): “The effect of changes in the federal funds rate tar-
get on market interest rates in the 1970s,” Journal of Monetary Economics, 24 (3), 331–351.

Costa, Rosanna (2023): “Monetary policy in Chile: combining theory, evidence and experi-
ence,” Central banking in the Americas: Lessons from two decades, 69.

Engbom, Niklas, Gustavo Gonzaga, Christian Moser, and Roberta Olivieri (2022): “Earnings
inequality and dynamics in the presence of informality: The case of Brazil,” Quantitative
Economics, 13 (4), 1405–1446.

Faust, Jon and John H Rogers (2003): “Monetary policy’s role in exchange rate behavior,”
Journal of Monetary Economics, 50 (7), 1403–1424.

Faust, Jon, Eric T. Swanson, and Jonathan H. Wright (2004): “Identifying VARS based on high
frequency futures data,” Journal of Monetary Economics, 51 (6), 1107–1131.

31

https://www.nber.org/books-and-chapters/american-business-cycle-continuity-and-change/are-business-cycles-all-alike
https://www.jstor.org/stable/4132480
https://www.jstor.org/stable/4132480
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/The-evolution-of-the-earnings-distribution-in-a-volatile-economy-Evidence-from-Argentina
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/The-evolution-of-the-earnings-distribution-in-a-volatile-economy-Evidence-from-Argentina
https://documents.worldbank.org/en/publication/documents-reports/documentdetail/187611468743156462/chile-recent-policy-lessons-and-emerging-challenges
https://documents.worldbank.org/en/publication/documents-reports/documentdetail/187611468743156462/chile-recent-policy-lessons-and-emerging-challenges
https://onlinelibrary.wiley.com/doi/abs/10.1002/fut.21564
https://onlinelibrary.wiley.com/doi/abs/10.1002/fut.21564
http://repositoriodigital.bcentral.cl/xmlui/handle/20.500.12580/3699
http://repositoriodigital.bcentral.cl/xmlui/handle/20.500.12580/3699
https://www.aeaweb.org/articles?id=10.1257/mac.20150093
https://www.aeaweb.org/articles?id=10.1257/mac.20150093
https://www.aeaweb.org/articles?id=10.1257/000282802320189069
https://www.aeaweb.org/articles?id=10.1257/000282802320189069
https://linkinghub.elsevier.com/retrieve/pii/S0304393217300466
https://linkinghub.elsevier.com/retrieve/pii/S0304393217300466
https://onlinelibrary.wiley.com/doi/abs/10.1111/joes.12314
https://onlinelibrary.wiley.com/doi/abs/10.1111/joes.12314
https://www.sciencedirect.com/science/article/pii/0304393289900251
https://www.sciencedirect.com/science/article/pii/0304393289900251
https://www.bis.org/publ/bppdf/bispap143.pdf#page=75
https://www.bis.org/publ/bppdf/bispap143.pdf#page=75
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/Earnings-inequality-and-dynamics-in-the-presence-of-informality-The-case-of-Brazil
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/Earnings-inequality-and-dynamics-in-the-presence-of-informality-The-case-of-Brazil
https://www.sciencedirect.com/science/article/pii/S0304393203000904
https://www.sciencedirect.com/science/article/pii/S0304393204000662
https://www.sciencedirect.com/science/article/pii/S0304393204000662


Furceri, Davide, Prakash Loungani, and Aleksandra Zdzienicka (2018): “The effects of mon-
etary policy shocks on inequality,” Journal of International Money and Finance, 85, 168–186.

Gertler, Mark and Peter Karadi (2015): “Monetary Policy Surprises, Credit Costs, and Eco-
nomic Activity,” American Economic Journal: Macroeconomics, 7 (1), 44–76.

Guvenen, Fatih, Fatih Karahan, SerdarOzkan, and Jae Song (2021): “What do data onmillions
of USworkers reveal about lifecycle earnings dynamics?,” Econometrica, 89 (5), 2303–2339.

Hanson, Michael (2004): “The ”price puzzle” reconsidered,” Journal of Monetary Economics,
51 (7), 1385–1413.

Hanson, Samuel G. and Jeremy C. Stein (2015): “Monetary policy and long-term real rates,”
Journal of Financial Economics, 115 (3), 429–448.

Heathcote, Jonathan, Fabrizio Perri, and Giovanni L. Violante (2010): “Unequal we stand:
An empirical analysis of economic inequality in the United States, 1967–2006,” Review of
Economic Dynamics, 13 (1), 15–51.

Holm, Martin Blomhoff, Pascal Paul, and Andreas Tischbirek (2021): “The Transmission of
Monetary Policy under the Microscope,” Journal of Political Economy, 129 (10), 2861–2904.

Hubert, Paul and Frédérique Savignac (2023): “Monetary policy and labor income inequality:
the role of extensive and intensive margins,” Working Paper Series N. 913.

Kaplan, Greg, Benjamin Moll, and Giovanni L. Violante (2018): “Monetary Policy According
to HANK,” American Economic Review, 108 (3), 697–743.

Kramarz, Francis, Elio Nimier-David, and Thomas Delemotte (2022): “Inequality and earn-
ings dynamics in France: National policies and local consequences,” Quantitative Eco-
nomics, 13 (4), 1527–1591.

Kuester, Keith, Nils Gornemann, and Makoto Nakajima (2016): “Doves for the Rich, Hawks
for the Poor? Distributional Consequences of Monetary Policy,” CEPR Discussion Papers.

Kuttner, Kenneth N (2001): “Monetary policy surprises and interest rates: Evidence from the
Fed funds futures market,” Journal of Monetary Economics, 47 (3), 523–544.

Lenza, Michele and Jiri Slacalek (2024): “How doesmonetary policy affect income andwealth
inequality? Evidence from quantitative easing in the euro area,” Journal of Applied Econo-
metrics, n/a (n/a).

Li, Dake, Mikkel Plagborg-Møller, and Christian K Wolf (2024): “Local projections vs. vars:
Lessons from thousands of dgps,” Journal of Econometrics, 105722.

Madeira, Carlos and Leonardo Salazar (2023): “The impact of monetary policy on a labor
market with heterogeneous workers: The case of Chile,” Latin American Journal of Central
Banking, 4 (2), 100092.

32

https://www.sciencedirect.com/science/article/pii/S0261560617302279
https://www.sciencedirect.com/science/article/pii/S0261560617302279
https://www.aeaweb.org/articles?id=10.1257/mac.20130329
https://www.aeaweb.org/articles?id=10.1257/mac.20130329
https://www.econometricsociety.org/publications/econometrica/2021/09/01/what-do-data-millions-us-workers-reveal-about-lifecycle
https://www.econometricsociety.org/publications/econometrica/2021/09/01/what-do-data-millions-us-workers-reveal-about-lifecycle
https://econpapers.repec.org/article/eeemoneco/v_3a51_3ay_3a2004_3ai_3a7_3ap_3a1385-1413.htm
https://www.sciencedirect.com/science/article/pii/S0304405X14002360
https://www.sciencedirect.com/science/article/pii/S1094202509000659
https://www.sciencedirect.com/science/article/pii/S1094202509000659
https://ideas.repec.org//a/ucp/jpolec/doi10.1086-715416.html
https://ideas.repec.org//a/ucp/jpolec/doi10.1086-715416.html
https://publications.banque-france.fr/en/monetary-policy-and-labor-income-inequality-role-extensive-and-intensive-margins
https://publications.banque-france.fr/en/monetary-policy-and-labor-income-inequality-role-extensive-and-intensive-margins
https://pubs.aeaweb.org/doi/10.1257/aer.20160042
https://pubs.aeaweb.org/doi/10.1257/aer.20160042
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/Inequality-and-earnings-dynamics-in-France-National-policies-and-local-consequences
https://www.econometricsociety.org/publications/quantitative-economics/2022/11/01/Inequality-and-earnings-dynamics-in-France-National-policies-and-local-consequences
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2766561
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2766561
https://www.sciencedirect.com/science/article/pii/S0304393201000551
https://www.sciencedirect.com/science/article/pii/S0304393201000551
https://onlinelibrary.wiley.com/doi/abs/10.1002/jae.3053
https://onlinelibrary.wiley.com/doi/abs/10.1002/jae.3053
https://www.sciencedirect.com/science/article/pii/S030440762400068X
https://www.sciencedirect.com/science/article/pii/S030440762400068X
https://www.sciencedirect.com/science/article/pii/S2666143823000133
https://www.sciencedirect.com/science/article/pii/S2666143823000133


McKay, Alisdair and Christian K. Wolf (2023): “Monetary Policy and Inequality,” Journal of
Economic Perspectives, 37 (1), 121–144.

Mertens, Karel and Morten O. Ravn (2013): “The Dynamic Effects of Personal and Corporate
Income Tax Changes in the United States,” American Economic Review, 103 (4), 1212–1247.

Miranda-Agrippino, Silvia (2016): “Unsurprising Shocks: Information, Premia, and theMon-
etary Transmission,” Discussion Papers.

Miranda-Agrippino, Silvia and Giovanni Ricco (2021): “The Transmission of Monetary Policy
Shocks,” American Economic Journal: Macroeconomics, 13 (3), 74–107.

Mumtaz, Haroon and Angeliki Theophilopoulou (2017): “The impact of monetary policy on
inequality in the UK. An empirical analysis,” European Economic Review, 98, 410–423.

Mäki-Fränti, Petri, Aino Silvo, AdamGulan, and Juha Kilponen (2022): “Monetary Policy and
Inequality: The Finnish Case,” SSRN Electronic Journal.

Nakamura, Emi and Jón Steinsson (2018): “High-Frequency Identification of Monetary
Non-Neutrality: The Information Effect*,” The Quarterly Journal of Economics, 133 (3),
1283–1330.

Parrado, Eric (2001): “Effects of Foreign andDomesticMonetary Policy in a Small Open Econ-
omy: the Case of Chile,” Working Papers Central Bank of Chile.

Pescatori, Andrea (2018): “Central Bank Communication and Monetary Policy Surprises in
Chile,” IMF.

Plagborg-Møller, Mikkel and Christian K.Wolf (2021): “Local Projections and VARs Estimate
the Same Impulse Responses,” Econometrica, 89 (2), 955–980.

Ramey, V. A. (2016): “Chapter 2 - Macroeconomic Shocks and Their Propagation,” Handbook
of Macroeconomics, 2, 71–162.

Romer, Christina D and David H Romer (1998): “Monetary Policy and the Well-Being of the
Poor,” Working Paper Series (6793).

Romer, Christina D. and David H. Romer (2004): “A New Measure of Monetary Shocks:
Derivation and Implications,” American Economic Review, 94 (4), 1055–1084.

(2010): “TheMacroeconomic Effects of Tax Changes: Estimates Based on aNewMea-
sure of Fiscal Shocks,” American Economic Review, 100 (3), 763–801.

Samarina, Anna andAnhDMNguyen (2024): “Doesmonetary policy affect income inequality
in the euro area?,” Journal of Money, Credit and Banking, 56 (1), 35–80.

Sims, Christopher (1992): “Interpreting the macroeconomic time series facts: The effects of
monetary policy,” European Economic Review, 36 (5), 975–1000.

33

https://www.aeaweb.org/articles?id=10.1257/jep.37.1.121
https://www.aeaweb.org/articles?id=10.1257/aer.103.4.1212
https://www.aeaweb.org/articles?id=10.1257/aer.103.4.1212
https://ideas.repec.org//p/cfm/wpaper/1613.html
https://ideas.repec.org//p/cfm/wpaper/1613.html
https://www.aeaweb.org/articles?id=10.1257/mac.20180124
https://www.aeaweb.org/articles?id=10.1257/mac.20180124
https://www.sciencedirect.com/science/article/pii/S0014292117301332
https://www.sciencedirect.com/science/article/pii/S0014292117301332
https://www.ssrn.com/abstract=4014139
https://www.ssrn.com/abstract=4014139
https://doi.org/10.1093/qje/qjy004
https://doi.org/10.1093/qje/qjy004
https://ideas.repec.org//p/chb/bcchwp/108.html
https://ideas.repec.org//p/chb/bcchwp/108.html
https://www.imf.org/en/Publications/WP/Issues/2018/07/06/Central-Bank-Communication-and-Monetary-Policy-Surprises-in-Chile-46000
https://www.imf.org/en/Publications/WP/Issues/2018/07/06/Central-Bank-Communication-and-Monetary-Policy-Surprises-in-Chile-46000
https://onlinelibrary.wiley.com/doi/abs/10.3982/ECTA17813
https://onlinelibrary.wiley.com/doi/abs/10.3982/ECTA17813
https://www.sciencedirect.com/science/article/pii/S1574004816000045
http://www.nber.org/papers/w6793
http://www.nber.org/papers/w6793
https://www.aeaweb.org/articles?id=10.1257/0002828042002651
https://www.aeaweb.org/articles?id=10.1257/0002828042002651
https://www.aeaweb.org/articles?id=10.1257/aer.100.3.763
https://www.aeaweb.org/articles?id=10.1257/aer.100.3.763
https://onlinelibrary.wiley.com/doi/10.1111/jmcb.13017
https://onlinelibrary.wiley.com/doi/10.1111/jmcb.13017
https://www.sciencedirect.com/science/article/pii/001429219290041T
https://www.sciencedirect.com/science/article/pii/001429219290041T


Sims, Christopher A. (1980): “Macroeconomics and Reality,” Econometrica, 48 (1), 1–48.

Stock, James H. and Mark W. Watson (2012): “Disentangling the Channels of the 2007-2009
Recession,” Working Paper Series.

Stock, James and Mark Watson (2018): “Identification and Estimation of Dynamic Causal
Effects in Macroeconomics Using External Instruments,” The Economic Journal, 128 (610),
917–948.

34

https://www.jstor.org/stable/1912017
https://www.nber.org/papers/w18094
https://www.nber.org/papers/w18094
https://doi.org/10.1111/ecoj.12593
https://doi.org/10.1111/ecoj.12593

	1 Introduction
	2 Monetary Policy in Chile
	2.1 High-Frequency Approach
	2.2 Romer and Romer Approach
	2.3 Bloomberg Survey Forecasts Approach

	3 Methodology
	4 Reduced-Form Simulation on Income Inequality
	4.1 Earnings Heterogeneity Channel: IRFs to Microdata
	4.2 Income Composition Channel

	5 Distributional Impacts of Monetary Policy
	5.1 Employment Status
	5.2 Labor Income

	6 Conclusion

