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Abstract
Despite concerns of food security in China, the distributional consequences of monetary policy on household food consumption have been largely ignored in the practice
and conduct of monetary policy. In this paper, I study how monetary policy affects
the distribution of food consumption in China. Using data from the household surveys
conducted by China’s National Bureau of Statistics, I estimate the dynamic effects of
monetary policy shocks on the relative food price and the distribution of food consumption in rural and urban China from a vector auto regression (VAR) model, and
identify monetary policy shocks using the sign restriction approach of Uhlig (2005).
VAR results show that the relative price of food responds positively, and the distribution of food consumption responds negatively to expansionary monetary policy shocks
in China. Further, the negative effects on food consumption vary systematically across
the income distribution in rural and urban China: food consumption at the lower end
of the distribution falls less than that at the upper end. Overall, results of this study
provide evidence of the impact of a “food price channel” of monetary policy on the
distribution of food consumption and declining inequality in China.
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Introduction

In company with rapid economic growth, China has been facing strong upward pressure in
food prices. Historically, China experienced huge fluctuations in food prices over the last
two decades. Food price inflation measured by CPI of food, fluctuated more than the headline inflation measured by overall CPI in the economy (Figure 1). Whereas the period 1996
to 2003 witnessed a negative growth rate in food prices of .50%, the period 2004 to 2013
recorded a large and positive growth rate in food prices of 7%. The increase in food prices
in China since 2004 raised concerns over food security in the country and the world.1 With
1.3 billion inhabitants, the Chinese government places food security as a foremost priority
in its domestic policy agenda, so that the domestic food market especially the grain market
continues to remain heavily intervened, and still retains characteristics of a centrally planned
economy (Wang, 2001; Yang et al., 2008; Tang et al., 2009; Yu and Jensen, 2010; Yu, 2014).2
The food share of expenditures in China is less than the average in low-income countries,
but more than six times the food budget share in the United States (Figure 2). Clearly, food
represents a major expense for Chinese households especially the poor (Figures 3-4), and
likely influences their spending on other items, and their overall welfare. Changes in relative
food prices can have great impacts on Chinese farmers’ income and consumers’ cost of living
(Peng, Marchant and Reed, 2004). Absorbing short run fluctuations in relative food prices
and managing cash flow optimally can be a challenge especially for poor households due to
subsistence and limited substitutability of food. There is also evidence of strong correlation
between higher relative food prices, poverty, lower caloric intake, lower quality diet, and
1

The most widely accepted definition of food security proposed during the 1996 World Food Summit
defines it as follows: Food security exists when all people, at all times, have physical and economic access
to sufficient, safe and nutritious food that meets their dietary needs and food preferences for an active and
healthy life.
2
Even though through the past 20 years of reform, China’s grain marketing system has been largely
liberalised, however the state still plays an important role in the grain market. It is argued that due to
the Cobweb Effect, the grain market is subject to large fluctuations without government intervention. The
instability could have serious repercussions on the consumers and producers in China who rely heavily on
foodgrains. The Government is therefore highly involved in the grain market to keep it steady and stable
(Wang, 2001; Huang et al., 1993; Findlay and Chen, 2001 ).
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an increase in child malnutrition (Mellor, 1978; Ravallion, 1998; Friedman and Levinsohn,
2002; Alderman, Hoddinott, and Kinsey 2006; Christiaensen and Demery, 2007; Wodon et
al. 2010).3 All these could have potential long term impact on the human capital and
productivity of the country, thereby reducing the pace and durability of economic growth
(Dreze and Sen, 1989; Horton, 1999; Behrman et al., 2004; Deaton and Dreze, 2009; Dreze
and Sen, 2013).

Traditionally, research studies have analysed fluctuations in food prices through supply and
demand gap, however recent literature has also given a great deal of emphasis on the impact of macroeconomic variables, especially monetary and financial factors, on food prices
(Chambers and Just, 1982; Orden, 1986; Orden and Fackler, 1989; Dorfman and Lastrapes,
1996; Cho et al., 2004, Lastrapes, 2006; and Balke and Wynne, 2007). These studies show
that agricultural prices are relatively more flexible, and following a monetary expansion adjust quicker than the overall price level in the economy; therefore major changes in monetary
policy can have real short run and long run effects on food prices.

Despite the dominant role played by relative food price changes in developing countries,
and evidence of strong interlinkages between monetary policy variables and relative food
prices, studies in empirical monetary economics have largely ignored the distributional consequences of monetary policy that could arise from relative food price distortions. To the
best of my knowledge, there is no study that empirically investigated this causal channel i.e.
the “food price channel” of monetary policy. It is conceivable that the distributional impacts
of monetary policy from this channel could be negligible in developed countries given the
3

Apart from reduction in food consumption, the loss in purchasing power affect buying of other goods
and services which are essential for sheer physical survival such as water, sanitation, education, lighting,
health care etc. Adjustment in wages, employment and capital flows to agriculture take time to reach the
poor. The adverse impact of high food prices on poor is also seen in terms of (a) poor nutrition status of
pregnant and lactating women and of pre-school children; (b) poor health status of women and children; (c)
increase in child labour and withdrawal of children from school; (d) the distress sale of productive assets
(Mahendra Dev, 2012).
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small share of food in the CPI basket, however with almost 50% share of food in the CPI
basket, these effects could be substantially large in developing countries.

In this paper, I seek to fill the gaps in the literature by examining the impact of the “food
price channel” of monetary policy on the distribution of food consumption in China. My
primary reason for selecting China is because India and China currently stand as two of
the fastest growing large economies of the world. Both developing countries, even though
have recorded robust GDP growth rates in the last 20 years, are strikingly different with
regards to their demography, structure, household characteristics, and economic policies.
While De (2017) investigates the impact of the “food price channel” monetary policy on the
distribution of food consumption in India, the current paper conducts a similar empirical
analysis for China; this allows me to compare and contrast the results for the two countries,
and thereby draw conclusions about the relative importance of the “food price channel” in
emerging market economies.

Using household survey data from 1996:Q1 to 2013:Q4, I estimate the dynamic effects of
monetary policy shocks on the relative price of food and the distribution of food consumption in rural and urban China from a VAR model, and identify monetary policy shocks using
the sign restriction approach of Uhlig (2005). VAR results show that expansionary monetary
policy shocks increase the relative price of food and have heterogeneous negative effects on
household food consumption which vary systematically across the income distribution: food
consumption at the lower end of the distribution falls less than that at the upper end. More
specifically, in rural China food consumption at the lower end of the distribution remains
unaffected (on average) while that at the upper end falls, and in urban China food consumption at the lower end of the distribution falls, but much less than that at the upper end.
Using the difference between the 80th percentile and the 20th percentile of the log levels in
the food consumption distribution as a measure of food consumption inequality, I find that
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expansionary monetary policy shocks reduce the observed inequality across households in
food consumption in rural as well as urban China.4

Overall, I find evidence of the impact of the “food price channel” of monetary policy on
the distribution of food consumption, and inequality in China. The mechanism is straightforward. Food prices being relatively more flexible, following a monetary expansion, adjust
quicker than the overall price level in the economy. So, expansionary monetary shocks lead
to an increase in the relative price of food. Poor households in China respond very little
to the increase in relative food price, and consequently following the monetary expansion
witness a much smaller decline in food consumption compared to the rich.5 Two factors
contribute to the above heterogeneous response. First, poor households have very low levels
of initial food consumption (subsistence). Food is more a necessity for them and so their food
demand is relatively price inelastic (Portillo et al., 2016). Second, rural poor households rely
heavily on self-produced food (Figure 5); food self sufficiency appears to be quite effective at
insulating the responses of many rural households in the bottom of the income distribution
from the effects of policy shocks. Therefore, expansionary monetary shocks in China via the
“food price channel” are found to decrease the observed inequality across households in food
consumption.

De (2017), relying on a factor augmented vector auto regression (FAVAR) model, conducts
a similar empirical analysis for India. There is evidence of the impact of “food price channel” of monetary policy on inequality in both emerging market economies i.e. India and
China, however the sign of the impact differs strikingly in the two economies.6 While in
India expansionary monetary shocks via the “food price channel” increase food consump4

Coibion at al. (2012) uses the difference between the 90th percentile and the 10th percentile of the log
levels in income and consumption distribution as a measure of inequality.
5
The rich households are identified as those who lie in the top 20% of income distribution (top quintile)
and poor households in the bottom 20% (bottom quintile). See data section for details.
6
see section for details 7.
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tion inequality, in China expansionary monetary shocks via the same channel reduce food
consumption inequality. Results for India and China show that poor households (bottom
quintile) in India are far more sensitive to the “food price channel” of monetary policy than
those in China. This is primarily because of differences in certain characteristics and features
of poor households across the two countries: (i) while in India the bottom quintile allocates
on average roughly 65-70% of their total income towards food expenditures, in China they
allocate about 50-55% ; (ii) while in India the rural poor rely largely on cash purchases of
food (food purchased from the market) to meet their daily food requirements which make
them more sensitive to fluctuations in relative food prices, in China they rely heavily on selfproduced food which plays a key role in dampening the effects on them of relative food price
changes; (iii) while in India the poor live hand-to-mouth, i.e., they have no access to credit
markets and simply consume their current labor income, in China the poor have significantly
higher access to the formal financial institutions that hedge in some way against inflation
(Figure 6; Anand and Prasad, 2015; Sparreboom and Duflos, 2012; Fungacova et al., 2015).
Due to differences in the degree of financial inclusion, poor households in the two countries
differ significantly in terms of their ability to smooth consumption behaviour in the face of
idiosyncratic shocks. Finally, India is characterized by the presence of a huge informal sector
(90%) compared to China (50%); higher relative food price acts as an implicit tax for the
Indian poor engaged in the informal sector where wages are not indexed to inflation, and
where workers don’t have much bargaining power vis-a-vis their employers. (Easterly and
Fischer, 2001; Rada, 2010; Gulati and Saini 2013; Rajan, 2016).

The main point from the above discussion is that, even though food is a necessity for the
poor in both countries (due to their subsistence caloric intake), however due to the above
influences, the privation imposed on the poor in India by rise in relative food prices from
expansionary monetary shocks is large enough that their food demand seems to be far more
elastic with respect to price, than the poor in China. Expansionary monetary policy shocks,
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which increase the relative price of food, have stronger adverse effects on the Indian poor.
Aside from the above mentioned factors, differences in other household characteristics (with
regard to socioeconomic and demographic factors, such as age and education, rural-urban
migration, income, wealth, employment status, tax and housing status, patterns of food consumption) between the two economies could also potentially have implications for differences
in their responses to changes in monetary policy. Many mechanisms through which monetary policy affects households in different ways may be at play, and it is a daunting task to
disentangle and identify these effects empirically (Yannick and Ekobena, 2014). Results for
India and China suggest that in emerging market economies the impact of the “food price
channel” of monetary policy on inequality is a priori ambiguous. The effects of monetary
policy on the rich versus the poor is specific to the institutions and histories of each economy;
in sum the question is an empirical one, and the answer may well differ among economies
(Easterly and Fischer, 2001).

In the next section I give a brief review of the literature.

2

Literature Review

In addition to the large body of literature on the distributional consequences of monetary
policy (Romer and Romer, 1998; Erosa and Ventura, 2002; Carpenter and Rodgers, 2004;
Doepke and Schneider, 2006; Albanesi, 2007; Heathcote et al., 2010; Coibion et al., 2012),
this paper is related to two separate literatures, that I summarize below:

2.1

Monetary Policy and Food Price

The main question is whether food and non food prices adjust proportionately to monetary
policy shocks or not. It is theoretically argued that as agricultural prices are less rigid,
they respond faster to changes in money supply than non-agricultural prices (Frankel, 1986;
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Bordo, 1980). Chambers and Just (1981), Orden (1986), Orden and Fackler (1989), Cho
et al. (1993), and Dorfman and Lastrapes (1996) provide empirical evidence of the tendency of agricultural (food) prices to be more flexible relative to the general price level in
the economy. The authors show that an increase in money supply raises agricultural prices
relative to the general price level in the economy. Further, Hercowitz (1982), Debell and
Lamont (1997), Lastrapes (2006), and Balke and Wynne (2007) go beyond the relative price
effects and also report that monetary disturbances lead to an increase in the dispersion of the
cross-section distribution of prices. While most of the above studies focus on the US economy, several studies have also found similar evidence in many emerging market economies.
In Hungary, Slovenia, South Africa, India, Pakistan, China, Korea, the Philippines, and
Thailand, authors have shown that monetary changes have real short- and long-run effects
on agricultural prices (Saghaian et al., 2002; Peng, Marchant and Reed, 2004; Asfaha and
Jooste, 2007; Saghaian, Hye and Siddiqui, 2010; Khundrakpam and Das, 2011; Bakucs and
Ferto, 2013).7 In sum, the literature provides evidence of short run and long run monetary non-neutrality. Commodity prices do not respond proportionately to monetary shocks;
in particular, food prices being relatively more flexible, adjust more quickly to changes in
monetary disturbances than do prices of other goods.

2.2

Food Price, Poverty and Income Distribution

In low income countries, the most direct distributional consequence of change in relative
food prices emerge from the differential income effects on the absolute and relative income
levels of various household income classes. Mellor (1978), Ravallion (1998), Rao (1998), and
Pons (2011), among many others, show that an increase in relative food prices increases
poverty and inequality in low-income countries like India and Bangladesh, through adverse
distributional effects on the real income of poor households. Research studies done on Latin
7

In the case of China, Peng, Marchant and Reed (2004) find the existence of a long-run equilibrium
relationship between monetary policy and food prices, however the author argues that in China the effects
are stronger from money supply than interest rates due to controlled interest rate regime and underdeveloped
nature of financial markets.
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American countries - Guatemala, Nicaragua, Honduras, and Peru show that an increase in
relative food prices represents a negative shock for poor households, primarily, due to their
disproportionately high share of food expenditure (Robles and Torero, 2010). Apart from
differential effects on real income of the rich and the poor, higher relative food prices also
generate differential effects on the real income of net buyers and net sellers of food. This
has already been studied to some context for low-income countries, and the results appear
to be quite mixed, as household consumption choices and patterns, sources of income, and
geography mattered greatly in determining the specific impact.8 Friedman and Levinsohn
(2002) investigate the welfare impact of large food price increases during the Indonesian
currency crisis of 1997, both across geographical areas and along the income distribution,
and find that the rural poor who rely largely on self produced food suffered a smaller welfare
loss than the rural rich, while the urban poor who rely mainly on cash purchases of food,
fared the worst under the price changes. In contrast to this, Barrett and Dorosh (1996) in
their study of rice price changes in Madagascar find that up to one-third of the rural poor
(rice farmers) lose, in net terms, from higher prices. Using data from a number of African
countries, Christiaensen and Demery (2007) study the second-round effects of relative food
price changes by including an additional effect of increased farm productivity, and find that
higher relative food prices lead to a rise in the poverty index in Africa, even after factoring in
countervailing wage and productivity effects. Wodon et al. (2010) also provide empirical evidence that rise in relative food prices lead to higher poverty in Sub-Saharan Africa primarily
because the negative impact on net consumers outweighed the benefits to producers.9 Given
8

Understanding the net effect on rural households of a rise in relative food price is complex since rural
households are both consumers and producers of food. High food prices reinforce the substitution effect of a
price increase by encouraging farm households to sell their food produced to the market instead of consuming
them on farm. However, higher food prices also benefit farmers by increasing their overall profits from farm
sales. This income effect potentially increases farmers’ demand for food, offsetting the substitution effect.
The net effect of higher food prices on food consumption of rural households could be either positive or
negative, depending on whether the substitution effect or income effect is larger (Singh et al., 1986; Han et
al., 2001; Gale et al., 2005).
9
The authors note that the poor in rural areas were often constrained by small land holdings, input
costs, and distance to markets, and hence were generally unable to produce the marketable surplus required
to exceed their food expenditures.
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these previous literatures as discussed above, a conclusion is reached: change in relative food
prices is, in the short run, one of the most important determinants of change in the relative
and absolute real income of poor households in developing countries, because they allocate
a disproportionate share of their total expenditures towards food. The urban poor who are
net buyers of food are more vulnerable to rising food prices; effects on the rural poor who
may rely on self produced food are more country specific, but on average they are worse off
when relative price of food rises.

Despite the dominant role played by changes in relative food prices in developing countries, and evidence of strong interlinkages between monetary policy variables and relative
food prices in the literature, research studies in empirical monetary economics have largely
ignored the distributional consequences of monetary policy that could arise from fluctuations
in relative food prices. In this paper, I seek to fill the gaps in the literature by investigating
how monetary policy via distortions in relative food prices affect the distribution of food
consumption in China - one of the fastest growing emerging market economies in the world.
Results of my study provide empirical evidence of the impact of the “food price channel” of
monetary policy on the distribution of food consumption, and inequality in China.

3

Data and Stylized Facts

The data sample I use for this study is quarterly and ranges from 1996:Q1 to 2013:Q4.10
I measure aggregate output as real GDP, the general price level as the overall consumer
price index, the food price as the consumer price index of food, the nominal interest rate as
the less than 24 hour Central Bank Rate (the primary monetary policy instrument of the
People’s Bank of China), and the stock of nominal money as M2. I obtain the quarterly data
on China’s real GDP from Chen, Higgins, Waggoner, and Zha (2016). Quarterly data on
all other macro-variables are taken from the Federal Reserve Bank of St. Louis Data Base
10

The primary reason for selecting the given time period is to maintain consistency with De (2017).
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(FRED). I compute the relative price of food as the consumer price index of food deflated by
the overall consumer price index in the economy. Figure 1 compares the growth rates in CPI
and the food price; I note that the food price in China fluctuated far more than the general
price level in the economy. Table 1 reports the average annual growth rates of the macro
variables over the sample period. I note that while real GDP and money supply grew at 9%
and 17% per annum respectively, food prices grew at 3.5% per annum over the study period.
Figures 7-8 plot the movements in interest rate and money supply growth respectively over
the study period.

For data on the distribution of food consumption, I rely on the household consumer expenditure surveys published by National Bureau of Statistics of China (NBS). The surveys report
the average annual nominal per capita food consumption expenditure in five income quintile
across rural and urban China.11 NBS defines the top quintile or high income households
(rich households) as those who fall in the 80-100% of income distribution (80th percentile),
and the bottom quintile or low income households (poor households) as those who fall in the
0-20% of income distribution (20th percentile). I take the annual nominal per capita food
consumption expenditures of the top and bottom quintile from NBS, then convert them into
quarterly figures (assuming there is no quarterly variation in food expenditures for any given
year), and finally deflate them by the consumer price index of food to obtain the quarterly
real per capita food consumption expenditures of the respective quintile groups. Figure 9
plots the quarterly real per capita food consumption expenditures across the distribution in
rural and urban China respectively. Following Coibion at al. (2012) who uses the difference
between the 90th percentile and the 10th percentile of the log levels in consumption distri11

All households in the sample are grouped, by per capita disposable income of the household, into
groups of low income, lower middle income, middle income, upper middle income and high income, each
group consisting of 20%, 20%, 20%, 20%, and 20% of all households respectively. Data for nominal food
expenditures by income groups (discussed above) is available only from 2002-2012. So, for the years 19962001 and 2013 when the data was not available, I compute (interpolate) the annual figures for nominal
food consumption expenditures using information (growth rates) from the total consumption expenditure
series which is available from 1996-2013. By doing so, I make an implicit assumption in my study that food
consumption expenditures of households is roughly proportional to their total consumption expenditures.
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bution, I use the difference between the 80th percentile and the 20th percentile of the log
levels in food consumption distribution as a measure of food consumption inequality (also
popularly known as the Kuznets ratio).

Household survey data in China suggests that food expenditures comprise the largest component of household budget especially among the poor, accounting for nearly half of their
total expenditures. Figures 3-4 plot the share of food expenditure in the total budget of the
top and bottom quintile in rural and urban China respectively. In rural China the bottom
quintile allocates on average about 55% of their total consumption expenditures to food and
the top quintile allocates about 35%, while in urban China the bottom quintile allocates
roughly 45% and the top quintile 30%. Even though the food share in rural China is higher
than in urban China, but food expenditures in absolute terms is very low in rural China.
This is because Chinese rural households are able to meet most of their basic nutritional
requirements at minimal expenses by consuming self-produced food, largely grains and vegetables. Households at all income levels in rural China rely on self-produced food, however
this is especially higher for the lower income groups as they have limited cash (Gale et al.,
2005).12 Further, lack of market development constraints the consumption choices of Chinese
rural low income households; in remote rural areas transportation costs may prevent market
participation by driving a wedge between effective purchase prices and sale prices. Lack of
off-farm cash-generating employment opportunities also may force poor households to rely
on self-produced food. Therefore, food self-sufficiency is more a rational response to the lack
of cash income and limited access to retail food markets for rural low income households in
China (Gale et al., 2005).

12

China’s rural poor spends very little on food, yet is very well-fed. More than 80 percent of grains,
beans, and potatoes consumed are self-produced; and 70 percent of vegetables consumed are self-produced.
Other important food items are also largely self-produced, including milk (68 percent), beef and mutton (54
percent), poultry and eggs (48 percent), pork (44 percent), fruit (39 percent), and edible oil (32 percent).
Consumption of self-produced food frees up scarce cash income for non-food purchases like housing, schooling,
transportation, and other nonfood goods and services (Gale et al., 2005).
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Comparing the degree of food self-sufficiency between low-income and high-income households, I note that over the period 1996-2013 cash expenditures (share of food purchased from
market) accounted for only 50% of total food expenditures for the rural low income households (Figure 5). The remaining 50 percent were noncash expenditures: the imputed value
of food grown by the farm family itself plus the value of food obtained through informal
exchange or other non-purchased sources. Relative to low income households, high income
households had high cash and noncash food expenditures, but cash expenditures were particularly high accounting for 80 percent of their total food expenditures over the same sample
period (Figure 5).13

4

Empirical Framework

4.1

Empirical Model and Identification

The aim of this paper is to estimate the dynamic responses of relative food price and the
distribution of food consumption to monetary policy shocks in China. To achieve my objective, I make use of a vector auto regression (VAR) framework. Let Yt be the m-dimensional
vector stochastic process of aggregate macroeconomic variables. Assume that Yt follows the
following linear dynamic process:

Yt = B1 Yt−1 + ....Bp Yt−p + t


0

Σ = E t t

13



(1)

(2)

The share of self-produced food shows a declining trend from 1996 to 2013; the switch from selfproduced to purchased food has been driven by structural changes in the rural economy over the past decade
- a phenomenon referred to as market development (Huang and Rozelle, 1998). Better access to food markets
as a result of better transportation and communications, greater mobility of the rural population, expansion
of food retail outlets into rural areas, rural-urban migration, the rising ownership of home refrigerators, and
other factors enabled rural households especially the rich to shift away from self production to the market
for meeting their food requirements (Gale et al., 2005).
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Yt is a m × 1 vector of data at date t = 1, ..., T , Bi are coefficient matrices of size m × m
and t is the one-step ahead prediction error with variance-covariance matrix Σ. The system
in Eq. (1) is the reduced form, from a dynamic structural model. My interest lies not in
the reduced form shocks but in identifying how the variables in Yt respond to the aggregate
structural shocks.

The structural counterpart to Eq. (1) in moving average form is given by:
Yt = (I − By L)−1 Dy ut

(3)

Yt = (D0 + D1 L + D2 L2 + .....)ut

(4)

0
where ut is a vector of aggregate structural shocks, E ut ut is normalized to be the identity

matrix.14 The mapping from the reduced form to the structural form thus entails restrictions
on the covariance structure:


0





0



0

0

Σ = E t t = Dy E ut ut Dy = Dy Dy

(5)

Once I identify the m × m matrix Dy from this mapping, I obtain the dynamic multipliers of
interest from equation (1) using (3) and (4). In my study, I do not fully identify Dy because
I am solely interested in the monetary policy shock.15 So, I impose identifying restrictions
to identify only the column of matrix Dy corresponding to the monetary policy shock.

I identify monetary policy shocks using the “sign-restriction” approach of Uhlig (2005).16
14

There are m fundamental innovations which are mutually independent and normalized to be of variance
1: they can therefore be written as a vector ut of size m × 1 with E [ut ut 0 ] = Im .
15
I do not identify the other m − 1 fundamental innovations.
16
Faust (1998) uses sign restrictions to identify monetary policy shocks, imposing them only at the time
of impact, however Canova and De Nicol (2002) identify monetary shocks using sign restrictions on impulse
response correlations. More recently, Dedola and Neri (2007) have used sign restrictions to identify technology
shocks and Mountford (2005), Peersman (2005), Benati and Mumtaz (2007), Dungey and Fry (2009) and
Fry and Pagan (2007) have addressed the issues pertaining to identification of multiple shocks using sign
restrictions.

14

I identify an expansionary monetary policy shock as one that does not lead to a decrease
in real GDP, CPI and nominal money, or an increase in the interest rates over a selected
horizon. My primary reason for adopting “sign-restriction” as a method of identification is
because it eliminates any prize puzzle by construction.

In particular, I follow the “penalty-function” approach of sign restriction for my identification strategy instead of the “pure-sign restriction” approach (Uhlig 2005, Appendix B.2,
pp. 413-417). This is because the “pure sign restriction” method fails to address the multiple models problem, which could result in excess uncertainty about the model’s estimates
and ultimately incorrect policy inference (Fry and Pagan, 2007 and Liu and Theodoridis,
2012).17 The “penalty function” approach on the other hand uniquely identifies the model
by minimizing a penalty for the impulse responses that violate the sign restrictions, and
rewarding responses that satisfy the constraints. The penalty function is defined as follows
(Uhlig 2005, Appendix B.2, pp. 413-417):

f (x) =





if x ≤ 0

x

(6)


100 ∗ x if x ≥ 0
where x is the impulse response. It is important to note here that the penalty function
explained above is asymmetric, in which wrong responses are penalized more times (at a
slope 100 times larger) than correct responses are rewarded. Due to the asymmetry in the
numerical specification, this method is able to select the best of all impulse vectors, i.e., given
a choice among many candidate monetary impulse vectors it picks the one which generates
the most decisive response of the variables (Uhlig 2005, p. 413).

17

Fry and Pagan (2011) note that the “pure sign-restriction” approach successfully identifies only the
structure but not the model. There is a multiple models problem because there are many set of impulse
vectors that satisfy the sign restrictions, and will yield the same VAR and give the same fit to the data.
One solution to overcome the model identification problem suggested by Fry and Pagan (2011) is to use
quantitative information about the magnitude of the impulse responses and reduce the set of models.

15

In sum, the “penalty function” approach goes as far as possible in imposing the sign restrictions and delivers impulse response functions with small standard errors, thus reducing
the uncertainty of the identification procedure (Liu and Theodoridis, 2012). I therefore
adopt the “penalty-function” over the “pure-sign restriction” approach for identification in
this paper.

4.2
4.2.1

Model Specification and Estimation
Model Specification

Keeping in mind my objective i.e. estimate the dynamic responses of relative food price and
the distribution of food consumption to monetary policy shocks in rural and urban China, I
include the following seven endogenous variables in my baseline VAR model Yt : real GDP,
consumer price index, interest rate, nominal money supply, relative food price, and the real
per capita food consumption expenditures of the top quintile and the bottom quintile respectively.

I have fitted a VAR with 4 lags in levels of the logs of all the series, except for using the
interest rate directly. I add a constant and a time trend to Eq. (1). The horizon over which
I impose the sign restrictions to identify monetary policy shocks is k = 2 quarters, including the initial period of the shock. These restrictions are imposed only on the real output,
consumer price index, interest rate and nominal money supply.18 I use a Bayesian method
to estimate the posterior densities of the parameters of interest, conditional on observing
the sample data, for the baseline model as well as alternatives to check for robustness of the
model specification. None of the results in section 5 are sensitive to increasing the common
18

A problem confronting my estimation is that the variables in my model are all characterized as nonstationary I(1) variables (Table 2, Appendix Figures 18-19). Therefore, in the appendix I conduct a robustness check for my results; prior to estimation, I transform all data to log first-differences except for
interest rate which is just first differenced to impose stationarity. Due to first differencing, I impose the sign
restrictions on the cumulative impulse responses. I find that my results discussed in section 5 for the baseline
VAR model (estimating the VAR using variables in log levels) are robust to changes in model specification
(estimating the VAR using variables in log first differences) (Appendix Figures 20-23).
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lag in the VAR to five lags, and to assuming the sign-restriction horizon as three quarters.
My results discussed in section 5, for the baseline VAR model are robust to changes in model
specification.

4.2.2

Estimation

I estimate the posterior density using the “penalty function” approach of Uhlig (2005, Appendix B.2, pp 409-417). Note in particular that B and Σ are directly identified from
estimation of the parameters in Eq. (1) using OLS. I assume a Gaussian likelihood function
and a standard diffuse (Jefferey’s) prior on the reduced form parameters B and Σ, which
implies that the joint posterior density of the parameters is of the Normal-Wishart form
(Uhlig 2005, pp. 409-410):19
 i
T Σˆ−1 , T
h
i
(B|Σ) ∼ N B̂, Σ × Ω̂

Σ−1 ∼ W

h

(7)
(8)

where T is the time series sample , B̂ and Σ̂ are the OLS estimates of the dynamic factor
P
model with observable factors, and Ω̂ = T1 Tt=1 Yt−1 Yt−1 0 . The algorithm entails the following
steps:
1. Estimate B̂ and Σ̂ from Eq. (1) by OLS. OLS is efficient given the restrictions of the
model.
2. Draw B̄ and Σ̄ from the posterior distribution given by Eq. (7) and (8) and conditional
on the OLS estimates from step 1.
3. Using the values from this draw, impose the sign restrictions to identify structural
shocks using the “penalty function” approach of Uhlig (2005, Appendix B.2, pp 413417)
19

see Uhlig(1994) for a detailed discussion on the properties of Normal-Wishart distribution.
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(a) Draw a m × m matrix M , element by element, from a standard normal density,
and use its “Q-R” factorization to set M = QR, where Q is an orthogonal matrix
0

(QQ = I) and R is normalized to have positive diagonal elements.
(b) Set Dy = D̃Q which from Eq. (4) implies values for D̄k for k = 1, ...., K, where
D̃ denotes the lower-triangular Cholesky factor of Σ.
(c) Let dj,k be the impulse responses of variable j at horizon k to the impulse vector
D̄k , where k = 0, .., K. σj is the standard deviation of the variable j, such that
the impulse responses are re-scaled.20 Let lj = 1 if j is the index of interest
rate, and else, let lj = −1.21 The monetary impulse vector D̄k is defined as one

that minimizes the criterion function ψ D̄k , which penalizes negative impulse
responses of real GDP, consumer price index, nominal money supply, and positive
impulse responses of interest rate at horizons k = 0, ..., K. The horizon over which
I impose these restrictions is k = 2 quarters, including the initial period of the
shock.
X



ψ D̄k =





“real









“consumer
j∈




“interest
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GDP ”
price
rate”
money



K
X
dj,k
f lj
σj
 k=0
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supply”

4. Since the true VAR is not known, I find the monetary policy impulse vector for each
draw from the posterior, and accordingly calculate the statistics based on all the draws.
I show the median as well as the 16% and the 84% quantiles for the impulse responses.

20
21

This makes it possible to compare deviations across the various impulse responses.
Note that the sign of the penalty function is flipped for the interest rate.
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5
5.1

Empirical Results
Dynamic Responses to Monetary Policy Shocks

My interest is how the relative food price and the distribution of food consumption respond
to monetary policy shocks. I run VAR estimation separately for rural and urban China.
The impulse responses are presented in Figures 10-13. Figures 10-11 present the impulse
responses for rural China, while Figures 12-13 present the same for urban China.

I first discuss the results for rural China (Figures 10-11). Given an expansionary monetary policy shock, the interest rate falls by roughly 15 basis points on impact, then begins a
slow asymptote towards its original value. The money supply increases by .40% on impact
(liquidity effect), and further by .60% over the next two quarters. Output responds positively
reaching a peak impact of .25% at a two-quarter horizon, and then makes a gentle descent
back to its original value at the end of five quarters. The overall consumer price index also
responds positively to the monetary policy shock. The peak elasticity is approximately .35,
meaning that an expansionary monetary policy shock which results in a decline in interest
rate by 15 basis points increases the general price level in the economy by .35% at a fourquarter horizon. The impulse responses of the interest rate, nominal money, GDP, and CPI
series conform with standard dynamic macroeconomic theory, lending validity to the identification scheme employed in this paper (sign-restriction), and suggesting reliability in the
results for the other series i.e., relative food price and the distribution of food consumption.

The estimated response functions for relative food price and the distribution of food consumption series is the main focus of this paper. The relative price of food rises fairly monotonically
reaching a peak impact of .50 at a four-quarter horizon, and then gradually approaches its
original response at the end of seven quarters. Consistent with several earlier studies, this
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study provides empirical evidence that food price is relatively more flexible than the overall
price level, and so expansionary monetary policy shocks cause an increase in the relative price
of food. Given an expansionary monetary shock, that leads to an increase in the relative
price of food, the per capita real food consumption expenditures of low-income households
(bottom quintile) remain unchanged (on average), however that of high-income (top quintile) households fall and remain in the negative region for roughly six quarters. The peak
negative impact for high income households is .75 at a four-quarter horizon. Results for rural
China are suggestive of the evidence that the food demand of low income households is more
price inelastic compared to high income households. There are two reasons contributing to
this result. First, low income households who are close to subsistence caloric intake have
very limited ability to substitute into other less expensive goods when relative price of food
increases. Food is more a necessity for them and consequently their food demand is price
inelastic (Portillo et al., 2016). Second, household food self-sufficiency among the rural low
income households allow them to minimize their food expenditures, and at the same time
meet their subsistence nutritional needs without having to rely on risky markets.

Thus, I observe strong heterogeneity in the food consumption responses faced by households across different income classes. Figure 11 plots the difference between the estimated
food consumption responses of high-income and low income households in rural China. Using the difference between the 80th percentile and the 20th percentile of the log levels in
the food consumption distribution as a measure of food consumption inequality, this paper
reports that food consumption inequality decreases from expansionary monetary shocks to
an economically meaningful extent in rural China.

Second, I look at urban China (Figures 12-13). An expansionary monetary policy shock
causes the interest rate to fall by roughly 5-10 basis points, and the money supply to increase by .70% on impact. The relative price of food increases monotonically, reaching a peak
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impact of .60 at a two-quarter horizon, continues to remain high for the next two quarters,
and then gradually starts falling. In response to the expansionary monetary shock, I note
that the real food consumption expenditures of both low-income and high-income households fall, however the latter falls more than the former. While the peak decline in food
consumption is .80 for the top quintile, it is .60 for the bottom quintile at the two-quarter
horizon.

Thus, results for urban China point to expansionary monetary shocks having heterogeneous
negative effects on the distribution of food consumption which reduce food consumption at
the lower end of the distribution much less than that at the upper end, again suggestive of
the evidence that low income households who survive on subsistence food are more price
inelastic compared to high income households. Figure 13 plots the difference between the
estimated food consumption responses of high-income and low income households in urban
China. Because food consumption at the lower end of the distribution falls less than that
at the upper end, inequality in food consumption decreases from expansionary monetary
shocks in urban China as well.

Overall, results of my study provide empirical evidence in favor of the impact of the “food
price channel” of monetary policy on the distribution of food consumption in China. I find
evidence of somewhat stronger impact in urban China compared to rural China, reflecting
the protective effect of agricultural activities.

5.2

How much variation do monetary policy shocks explain?

In this sub section, I consider the extent to which monetary policy shocks in China can
account for the dynamics of the food price fluctuations and the distribution of food consumption. That is, whereas the previous sub section focused on characterizing whether
monetary policy shocks affect relative food prices and the distribution of food consumption,
21

I now turn to the question of assessing the economic importance of this relationship. I do
so by studying the share of the variance in the food consumption distribution which can
be accounted for by monetary policy shocks over the given time period. According to the
median estimates shown in the middle lines of Figures 14-15 , monetary policy shocks account for 15-20 % of the variation in relative food price index, and the distribution of real
per capita food consumption expenditure for majority of the forecasting horizons. Monetary
policy shocks appear to have played a non-trivial role in accounting for fluctuations in food
consumption distribution in rural and urban China over the study period. Figures 14-15 also
plot equivalent variance decompositions for all other macroeconomic variables over the same
time period. The contribution of monetary policy shocks to the variance of these variables is
also in the 10-20 percent range for most horizons. The forecast error variance decompositions
show that the contribution of monetary policy shocks to fluctuations in the distribution of
food consumption is of the same order of magnitude as the contribution of these shocks to
other macroeconomic variables like GDP and inflation.

6

Comparison: India and China

In related work, De (2017) by relying on a factor augmented vector auto regression (FAVAR)
model investigates the dynamic effects of monetary policy shocks on relative food prices and
the distribution of household food consumption in India over the same sample period i.e.
1996-2013, and finds empirical evidence of the impact of “food price channel” of monetary
policy on the distribution of food consumption in the country.

Comparing the results of India with China, I note that the relative food price responds
positively and the distribution of food consumption responds negatively to expansionary
monetary policy shocks in both countries, however the differential effects of policy shocks on
the rich vs. poor are strikingly different in the two emerging market economies. Following
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an expansionary monetary policy shock, while in India the poor witness a markedly greater
fall in food consumption than the rich, in China it is found to be otherwise. This means
that while in India “the food price channel” of monetary policy increases food consumption
inequality, in China the same channel reduces inequality (Figures 16-17).

Results for India and China also show that poor households (bottom quintile) in India
are far more sensitive to the “food price channel” of monetary policy than those in China.
This difference could be attributed to the high degree of heterogeneity in the characteristics
of poor households across the two countries. In particular, there are four differential features
that are noteworthy: (i) while in India the bottom quintile (poor households) allocate on
average roughly 65-70% of their total budget towards food, in China they allocate about 5055%; (ii) while in India the rural poor rely largely on cash purchases of food (food purchased
from the market) to meet their daily food requirements which make them more sensitive to
fluctuations in relative food prices, in China they rely heavily on self-produced food which
plays a key role in dampening the effects of relative food price changes on them; (iii) while
in India the poor live hand-to-mouth, i.e., they have no access to credit markets and simply
consume their current labor income, in China the poor have significantly higher access to the
formal financial institutions that hedge in some way against inflation (Anand and Prasad,
2015; Fungacova et al., 2015; Sparreboom and Duflos, 2012). Due to differences in the degree
of financial inclusion, poor households in the two countries differ significantly in terms of
their ability to smooth consumption behaviour in the face of idiosyncratic shocks. Finally,
India is characterized by the presence of a huge informal sector (90%) compared to China
(50%); higher relative food price acts as an implicit tax for the Indian poor engaged in the
informal sector where wages are not indexed to inflation, and where workers don’t have much
bargaining power vis-a-vis their employers. (Easterly and Fischer, 2001; Rada, 2010; Gulati
and Saini 2013; Rajan, 2016). Due to the above factors, the privation imposed on the poor
in India, by rise in relative food prices from expansionary monetary shocks is large enough,
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that their food consumption (despite being at subsistence) seems to be far more elastic with
respect to price, than the poor in China. Therefore, in response to monetary expansion poor
households in India witness a much greater fall in food consumption than poor households
in China.

7

Summary and Conclusion

“The relative effects of inflation on the rich versus the poor must be specific to the institutions and histories of each economy. The question must be an empirical one, and the answer
may well differ among economies.”
Easterly and Fischer, 2001

Using household survey data and vector auto regression (VAR) framework, this paper empirically investigates the impact of monetary policy shocks on the distribution of food consumption in China. Results of this study show that expansionary monetary policy shocks
in China have heterogeneous negative effects on the distribution of food consumption which
reduce food consumption at the upper end of the distribution more than that at the lower
end. There seems to be evidence of the presence of the “food price channel” of monetary
policy, through which these distributional effects occur. The mechanism is simple: food
prices being relatively more flexible, following a monetary expansion, adjust quicker than
the overall price level in the economy. So, expansionary monetary policy shocks generate an
increase in the relative price of food. Rich households in China respond significantly more
to this relative food price change compared to the poor. The poor in China are found to
be much more demand inelastic with respect to food price primarily because of their subsistence caloric intake (necessity) and high degree of food self-sufficiency. Therefore, following
monetary expansion poor households witness a much smaller decline in food consumption
than the rich, leading to an overall decline in inequality.
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This paper documents that expansionary monetary policy shocks in China via the “food
price channel” have statistically significant negative effects on food consumption inequality.
Interestingly, the results observed for China are a striking contrast to those observed for
India. In India while expansionary monetary shocks via the “food price channel” increase
food consumption inequality, in China expansionary monetary shocks via the same channel
reduce inequality. This observed difference in the results between India and China could be
attributed to the differences in the characteristics and features of poor households across the
two countries. Relative to China, poor households in India are characterized by a higher
share of food in total budget, dependence on cash purchases of food, financial constraints,
and informal employment; all these make them more vulnerable to fluctuations in relative
food prices. Consequently expansionary monetary policy shocks, which increase the relative
price of food, have stronger adverse effects on the Indian poor.

Aside from these factors, other differences in household characteristics (with regard to socioeconomic and demographic factors, such as age and education, rural-urban migration, income,
wealth, employment status, tax and housing status, patterns of food consumption) between
the two economies could also potentially have implications for their response to changes in
monetary policy. Many mechanisms through which monetary policy affects households in
different ways may be at play, and it is a daunting task to disentangle and identify these
effects empirically (Yannick and Ekobena, 2014). In conclusion, results for India and China
suggest that in emerging market economies the impact of “food price channel” of monetary policy on inequality is ambiguous, and rather specific to the household characteristics,
institutions and histories of each economy.
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Figures and Tables

Figure 1: Growth Rate of FPI vs. CPI, China (%)
Source: Federal Reserve Bank of St. Louis Data Base (FRED).
Notes: FPI (food price index) is the consumer price index of food; CPI is the overall consumer
price index in the economy.

Figure 2: Cross Country Comparison, Share of Food in Total Expenditure (%)
Source: Anand and Prasad, 2015
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Figure 3: Share of Food in Total Expenditure, Rural China (%)
Source: National Bureau of Statistics, China

Figure 4: Share of Food in Total Expenditure, Urban China (%)
Source: National Bureau of Statistics, China
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Figure 5: Share of Cash Food in Total Food Expenditure, Rural China (%)
Source: National Bureau of Statistics, China
Notes: Share of Cash Food indicates the share of food purchased from market.

Figure 6: Cross Country Comparison, Financial Inclusion (%)
Source: Anand and Prasad, 2015
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Figure 7: Central Bank Rate, China (%)
Source: Federal Reserve Bank of St. Louis Data Base (FRED).

Figure 8: Growth Rate of Nominal Money Supply (M2), China (%)
Source: Federal Reserve Bank of St. Louis Data Base (FRED).

Figure 9: Distribution of Real Per Capita Food Consumption Expenditure, China
Source: National Bureau of Statistics, China.
Notes: Poor households feature those who lie in the 0-20% of income distribution (bottom quintile
or 20th percentile). Rich households feature those who lie in the 80-100% of income distribution
(top quintile or 80th percentile).
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Figure 10: Impulse Responses to Expansionary Monetary Policy Shock, Rural China
Notes: Impulse responses to an expansionary monetary policy shock in rural China using penalty
function approach with K = 2 (2 years). The responses of the CPI, the real GDP and nominal
money supply has been restricted not to be negative and the interest rate not to be positive
for quarters k, k=0,1,2 after the shock. The three lines are 16 % quantile, the median and the
16 % quantile of the posterior distribution. Real PFCE refers to quarterly real per capita food
consumption expenditures.

Figure 11: Impulse Response for Food Consumption Inequality, Rural China
Notes: Food consumption inequality is measured by the difference between the top quintile (80th
percentile) and the bottom quintile (20th percentile) of the log levels in food consumption distribution.
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Figure 12: Impulse Responses to Expansionary Monetary Policy Shock, Urban China
Notes: Impulse responses to an expansionary monetary policy shock in urban China using penalty
function approach with K = 2 (2 years). The responses of the CPI, the real GDP and nominal
money supply has been restricted not to be negative and the interest rate not to be positive
for quarters k, k=0,1,2 after the shock. The three lines are 16 % quantile, the median and the
16 % quantile of the posterior distribution. Real PFCE refers to quarterly real per capita food
consumption expenditures.

Figure 13: Impulse Response for Food Consumption Inequality, Urban China
Notes: Food consumption inequality is measured by the difference between the top quintile (80th
percentile) and the bottom quintile (20th percentile) of the log levels in food consumption distribution.
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Figure 14: Fraction of the forecast error variance explained by monetary policy shock, Rural
China
Notes: These plots show the fraction of the variance of the k - step ahead forecast revision explained
by a monetary policy shock, using penalty function approach with K = 2 (2 years). The three
lines are 16 % quantile, the median and the 16 % quantile of the posterior distribution. Real PFCE
refers to quarterly real per capita food consumption expenditures.

Figure 15: Fraction of the forecast error variance explained by monetary policy shock, Urban
China
Notes: These plots show the fraction of the variance of the k - step ahead forecast revision explained
by a monetary policy shock, using penalty function approach with K = 2 (2 years). The three
lines are 16 % quantile, the median and the 16 % quantile of the posterior distribution. Real PFCE
refers to quarterly real per capita food consumption expenditures.
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Figure 16: Food Consumption Inequality, Rural China vs. Rural India
Notes: Impulse response of food consumption inequality to an expansionary monetary policy shock,
rural China vs. rural India.

Figure 17: Food Consumption Inequality, Urban China vs. Urban India
Notes: Impulse response of food consumption inequality to an expansionary monetary policy shock,
urban China vs. urban India.
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Table 1: Average Annual Growth Rate, China, 1996-2013
Variable
GDP
CPI
Nominal Money
Food Price
Real PFCE, Bottom Quintile, Rural China
Real PFCE, Bottom Quintile, Urban China
Real PFCE, Top Quintile, Rural China
Real PFCE, Top Quintile, Urban China

Growth Rate (%)
9.10
1.99
17.10
3.50
4.06
6.92
3.63
6.61

Source: Federal Reserve Bank of St. Louis Data Base (FRED); National Bureau of Statistics
(NBS), China.
Notes: Real PFCE, Bottom Quintile indicates the real per capita food consumption expenditure
of households who fall in the 0-20% of income distribution (20th percentile), and Real PFCE, Top
Quintile indicates the real per capita food consumption expenditure of households who fall in the
80-100% of income distribution (80th percentile).

Table 2: Unit root tests, China, 1996-2013
Variable
Unit root test (PP Statistic)
GDP
-1.61
CPI
-1.40
Interest Rate
-2.23
Nominal Money
-1.87
Relative Food Price
-2.57
Real PFCE, Bottom Quintile, Rural China
-4.76
Real PFCE, Bottom Quintile, Urban China
-1.79
Real PFCE, Top Quintile, Rural China
-3.22
Real PFCE, Top Quintile, Urban China
-1.85
5% critical value
-3.47

Notes: PP stat = Phillips/Perron unit root test statistic (model includes deterministic trend). Real
PFCE, Bottom Quintile indicates the real per capita food consumption expenditure of households
who fall in the 0-20% of income distribution (20th percentile), and Real PFCE, Top Quintile
indicates the real per capita food consumption expenditure of households who fall in the 80-100%
of income distribution (80th percentile).
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Appendix: Robustness Check

Figure 18: Cointegration Test, Rural China
Notes: Real PFCE, BQ indicates the real per capita food consumption expenditure of the bottom
quintile and Real PFCE, TQ indicates the real per capita food consumption expenditure of the top
quintile.

Figure 19: Cointegration Test, Urban China
Notes: Real PFCE, BQ indicates the real per capita food consumption expenditure of the bottom
quintile and Real PFCE, TQ indicates the real per capita food consumption expenditure of the top
quintile.
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Figure 20: Impulse Responses from VAR in first differences, Rural China
Notes: Impulse responses to an expansionary monetary policy shock in rural China. All variables
have been transformed to log first-differences except for interest rate which is just first differenced,
to impose stationarity. The sign restrictions have been imposed on the accumulated IRF’s.

Figure 21: Food Consumption Inequality from VAR in first differences, Rural China
Notes: Impulse responses to an expansionary monetary policy shock in rural China. Food consumption inequality is measured by the difference between the top quintile (80th percentile) and
the bottom quintile (20th percentile) of the log levels in food consumption distribution.
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Figure 22: Impulse Responses from VAR in first differences, Urban China
Notes: Impulse responses to an expansionary monetary policy shock in urban China. All variables
have been transformed to log first-differences except for interest rate which is just first differenced,
to impose stationarity. The sign restrictions have been imposed on the accumulated IRF’s.

Figure 23: Food Consumption Inequality from VAR in first differences, Urban China
Notes: Impulse responses to an expansionary monetary policy shock in urban China. Food consumption inequality is measured by the difference between the top quintile (80th percentile) and
the bottom quintile (20th percentile) of the log levels in food consumption distribution.

37

References
[1] Abdallah, C. S., & Lastrapes, W. D. (2013). Evidence on the Relationship between
Housing and Consumption in the United States: A State-Level Analysis. Journal of
Money, Credit and Banking, 45 (4), 559-590.
[2] Albanesi, S. (2007). Inflation and inequality. Journal of Monetary Economics, 54 (4),
1088-1114.
[3] Alderman, H., Hoddinott, J., & Kinsey, B. (2006). Long term consequences of early
childhood malnutrition. Oxford economic papers, 58 (3), 450-474.
[4] Anand, S., & Harris, C. J. (1994). Choosing a welfare indicator. The American Economic Review, 84 (2), 226-231.
[5] Anand, R., & Prasad, E. (2012). Core vs. Headline Inflation Targeting in Models
with Incomplete Markets. Manuscript, Cornell University, Revised version of NBER
Working Paper, (16290).
[6] Asfaha, T. A., & Jooste, A. (2007). The effect of monetary changes on relative agricultural prices. Agrekon, 46 (4), 460-474.
[7] Bakucs, L. Z., & Ferto, I.(2013). Monetary impacts and overshooting of agricultural
prices in a transition economy. African Journal of Agricultural Research, 8 (23), 29112917.
[8] Bakucs, L. Z., Bojnec, S., & Ferto, I.(2012). MONETARY IMPACTS AND
OVERSHOOTING OF AGRICULTURAL PRICES: EVIDENCE FROM SLOVENIA.
Transformation in Business & Economics, 11 (1).
[9] Balke, N. S., & Wynne, M. A. (2007). The relative price effects of monetary shocks.
Journal of Macroeconomics, 29 (1), 19-36.
[10] Barrett, C. B., & Dorosh, P. A. (1996). Farmers’ welfare and changing food prices:
Nonparametric evidence from rice in Madagascar. American Journal of Agricultural
Economics, 78 (3), 656-669.
[11] Barth III, M. J., & Ramey, V. A. (2002). The cost channel of monetary transmission.
In NBER Macroeconomics Annual 2001, Volume 16 (pp. 199-256). MIT Press.
[12] Behrman, J. R., & Deolalikar, A. B. (1988). Health and nutrition. Handbook of development economics, 1, 631-711.
[13] Behrman, J. R., Alderman, H., & Hoddinott, J. (2004). Hunger and malnutrition.
[14] Benati, L., & Mumtaz, H. (2007). US evolving macroeconomic dynamics: a structural
investigation.

38

[15] Bernanke, B. S., & Blinder, A. S. (1992). The federal funds rate and the channels of
monetary transmission. The American Economic Review, 901-921.
[16] Bordo, M. D. (1980). The effects of monetary change on relative commodity prices and
the role of long-term contracts. The Journal of Political Economy, 1088-1109.
[17] Canova, F., & De Nicolo, G. (2002). Monetary disturbances matter for business fluctuations in the G-7. Journal of Monetary Economics, 49 (6), 1131-1159.
[18] Carpenter, S. B., & Rodgers III, W. M. (2004). The disparate labor market impacts
of monetary policy. Journal of Policy Analysis and Management, 23 (4), 813-830.
[19] Chambers, R. G., & Just, R. E. (1981). Effects of exchange rate changes on US agriculture: a dynamic analysis. American Journal of Agricultural Economics, 63 (1), 32-46.
[20] Chen, K., Higgins, P., Waggoner, D. F., & Zha, T. (2016). China Pro-Growth Monetary
Policy and Its Asymmetric Transmission (No. w22650). National Bureau of Economic
Research.
[21] Choe, Y. C., & Koo, W. W. (1993). Monetary impacts on prices in the short and
long run: further results for the United States. Journal of Agricultural and Resource
Economics, 211-224.
[22] Christiano, L. J., Eichenbaum, M., & Evans, C. L. (1999). Monetary policy shocks:
What have we learned and to what end?. Handbook of macroeconomics, 1, 65-148.
[23] Christiaensen, L., & Demery, L. (2007). Down to earth. World Bank Report.
[24] Coibion, O., Gorodnichenko, Y., Kueng, L., & Silvia, J. (2012). Innocent bystanders?
Monetary policy and inequality in the US (No. w18170). National Bureau of Economic
Research.
[25] Dasgupta, P. (1997). Nutritional status, the capacity for work, and poverty traps.
Journal of Econometrics, 77 (1), 5-37.
[26] De, K. (2017). The Food Price Channel: Effects of Monetary Policy on the Poor in
India.
[27] Deaton, A., & Dreze, J. (2009). Food and nutrition in India: facts and interpretations.
Economic and political weekly, 42-65.
[28] Dedola, L., & Neri, S. (2007). What does a technology shock do? A VAR analysis with
model-based sign restrictions. Journal of Monetary Economics, 54 (2), 512-549.
[29] Dev, S. M., & Ranade, A. (1998). Rising food prices and rural poverty: going beyond
correlations. Economic and Political Weekly, 2529-2536.
[30] Doepke, M., & Schneider, M. (2006). Inflation and the redistribution of nominal wealth.
Journal of Political Economy, 114 (6), 1069-1097.
39

[31] Dorfman, J. H., & Lastrapes, W. D. (1996). The Dynamic Responses of Crop and
Livestock Prices to Money-Supply Shocks: A Bayesian Analysis Using Long-Run Identifying Restrictions. American Journal of Agricultural Economics, 78 (3), 530-541.
[32] Dreze, J., & Sen, A. (1989). Hunger and public action Oxford University Press. New
Delhi.
[33] Dreze, J., & Sen, A. (2013). An uncertain glory: India and its contradictions. Princeton
University Press.
[34] Dungey, M., & Fry, R. (2009). The identification of fiscal and monetary policy in a
structural VAR. Economic Modelling, 26 (6), 1147-1160.
[35] Easterly, W., & Fischer, S. (2001). Inflation and the Poor. Journal of Money, Credit
and Banking, 160-178.
[36] Erosa, A., & Ventura, G. (2002). On inflation as a regressive consumption tax. Journal
of Monetary Economics, 49 (4), 761-795.
[37] Faust, J. (1998, December). The robustness of identified VAR conclusions about money.
In Carnegie-Rochester Conference Series on Public Policy (Vol. 49, pp. 207-244).
North-Holland.
[38] Ferreira, F. H., Fruttero, A., Leite, P. G., & Lucchetti, L. R. (2013). Rising food
prices and household welfare: evidence from Brazil in 2008. Journal of Agricultural
Economics, 64 (1), 151-176.
[39] Fischer, S., Hall, R. E., & Taylor, J. B. (1981). Relative shocks, relative price variability,
and inflation. Brookings Papers on Economic Activity, 1981 (2), 381-441.
[40] Findlay, C., & Chen, C. (2001). A Review of China’s Grain Marketing System Reform.
[41] Frankel, J. A. (1986). Expectations and commodity price dynamics: The overshooting
model. American Journal of Agricultural Economics, 68(2), 344-348.
[42] Frederick, G. (2003). China’s Growing Affluence: How Food Markets are Responding.
Amber Waves.
[43] Friedman, J., & Levinsohn, J. (2002). The distributional impacts of Indonesia’s financial crisis on household welfare: A” rapid response” methodology. World Bank
Economic Review, 16 (3), 397-424.
[44] Fry, R., & Pagan, A. (2011). Sign restrictions in structural vector autoregressions: A
critical review. Journal of Economic Literature, 49 (4), 938-960.
[45] Fungacova, Z., & Weill, L. (2015). Understanding financial inclusion in China. China
Economic Review, 34, 196-206.
[46] Gale, H. F. (2005). Commercialization of food consumption in rural China.
40

[47] Geiger, M. (2008). Instruments of monetary policy in China and their effectiveness:
1994-2006.
[48] Glejser, H. (1965). Inflation, Productivity, and Relative Prices–A Statistical Study.
The Review of Economics and Statistics, 76-80.
[49] Gulati, A., & Saini, S. (2013). Taming food inflation in India. Discussion Paper, (4).
[50] Guo, X., Mroz, T. A., Popkin, B. M., & Zhai, F. (2000). Structural change in the
impact of income on food consumption in China, 19891993. Economic Development
and Cultural Change, 48 (4), 737-760.
[51] Han, T., Wahl, T. I., & Mittelhammer, R. C. (2001). The Effect of Self-Sufficiency on
Fruit and Vegetable Consumption of China’s Rural Households. Review of Agricultural
Economics, 176-184.
[52] Haddad, L. J., & Bouis, H. E. (1991). The impact of nutritional status on agricultural
productivity: wage evidence from the Philippines. Oxford bulletin of economics and
statistics, 53 (1), 45-68.
[53] Heathcote, J., Perri, F., & Violante, G. L. (2010). Unequal we stand: An empirical
analysis of economic inequality in the United States, 19672006. Review of Economic
dynamics, 13 (1), 15-51.
[54] Hercowitz, Z. (1982). Money and price dispersion in the United States.Journal of
Monetary Economics, 10 (1), 25-37.
[55] Hoddinott, J., & Skoufias, E. (2004). The impact of PROGRESA on food consumption.
Economic development and cultural change, 53 (1), 37-61.
[56] Horton, S. (1999). Opportunities for investments in nutrition in low-income Asia. Asian
Development Review, 17 (1/2), 246-273.
[57] Hsu, H. H., Chern, W. S., & Gale, F. (2001). How will rising income affect the structure
of food demand?. Chinas food and agriculture: issues for the 21st century, 10-13.
[58] Huang, J., & David, C. C. (1993). Demand for cereal grains in Asia: the effect of
urbanization. Agricultural Economics, 8 (2), 107-124.
[59] Huang, J., & Rozelle, S. (1998). Market development and food demand in rural China.
China Economic Review, 9 (1), 25-45.
[60] Ivanic, M., & Martin, W. (2008). Implications of higher global food prices for poverty
in lowincome countries1. Agricultural economics, 39 (s1), 405-416.
[61] Jensen, R. T., & Miller, N. H. (2008). The impact of food price increases on caloric
intake in China. Agricultural Economics, 39 (s1), 465-476.
[62] Kakwani, N. (1999). Inequality, welfare and poverty: three interrelated phenomena. In
Handbook of income inequality measurement (pp. 599-634). Springer Netherlands.
41

[63] Khundrakpam, J. K., & Das, D. (2011). Monetary Policy and Food Prices in India.
[64] Kilian, L., & Murphy, D. P. (2012). Why agnostic sign restrictions are not enough:
understanding the dynamics of oil market VAR models. Journal of the European Economic Association, 10 (5), 1166-1188.
[65] Kumar, P., Kumar, A., Parappurathu, S., & Raju, S. S. (2011). Estimation of demand elasticity for food commodities in India. Agricultural Economics Research Review, 24 (1), 1-14.
[66] Lastrapes, W. D. (2006). Inflation and the distribution of relative prices: the role of
productivity and money supply shocks. Journal of Money, Credit and Banking, 38 (8),
2159-2198.
[67] Ledoit, O. (2011). The redistributive effects of monetary policy. University of Zurich
Department of Economics Working Paper, (44).
[68] Lohmar, B. (2002). Market reforms and policy initiatives: rapid growth and food
security in China. Special Report: Food Security Assessment, 21-32.
[69] Ma, H., Huang, J., Fuller, F., & Rozelle, S. (2006). Getting rich and eating out:
consumption of food away from home in urban China. Canadian Journal of Agricultural
Economics, 54 (1), 101-119.
[70] Mahendra Dev, S. (2012). Rising food crisis and financial crisis in India: impact on
women and children and ways of tackling the problem. UNICEF Social Policy Programme.
[71] Mellor, J. W. (1978). Food price policy and income distribution in low-income countries. Economic Development and Cultural Change, 27 (1), 1-26.
[72] Mills, Frederick C. (1927). The behavior of prices. NBER Books.
[73] Mountford, A. (2005). Leaning into the wind: a structural VAR investigation of UK
monetary policy. Oxford Bulletin of Economics and Statistics, 67 (5), 597-621.
[74] Orden, D. (1986). Money and agriculture: the dynamics of money-financial marketagricultural trade linkages. Agricultural Economics Research, 38 (3), 14-28.
[75] Orden, D., & Fackler, P. L. (1989). Identifying monetary impacts on agricultural prices
in VAR models. American Journal of Agricultural Economics, 71 (2), 495-502.
[76] Peng, X., Marchant, M. A., & Reed, M. R. (2004, August). Identifying monetary
impacts on food prices in China: A VEC model approach. In presentation at the
American Agricultural Economics Association Annual Meeting in Denver, Colorado
(pp. 1-4).
[77] Paustian, M. (2007). Assessing sign restrictions. The BE Journal of Macroeconomics,
7(1).
42

[78] Peersman, G. (2005). What caused the early millennium slowdown? Evidence based
on vector autoregressions. Journal of Applied Econometrics, 20 (2), 185-207.
[79] Portillo, R., Zanna, L. F., O’Connell, S. A., & Peck, R. (2016). Implications of Food
Subsistence for Monetary Policy and Inflation (No. 16/70). International Monetary
Fund.
[80] Rada, C. (2010). Formal and informal sectors in China and India. Economic Systems
Research, 22 (2), 129-153.
[81] Rajan, R., (2014). Fighting inflation. In Inaugural Speech at FIMMDA-PDAI Annual
Conference (pp. 52-59).
[82] Rajan, R. (2016). Policy and Evidence. In Inaugural Speech at the 10th Statistics Day
Conference (pp. 7-8).
[83] Rao, J. M. (1998). Food, agriculture and reforms: Change and continuity. Economic
and Political Weekly, 1955-1960.
[84] Rashid, S. (2002). Dynamics of agricultural wage and rice price in Bangladesh (No.
44). International Food Policy Research Institute (IFPRI).
[85] Ravallion, M. (1990). Rural welfare effects of food price changes under induced wage
responses: theory and evidence for Bangladesh. Oxford Economic Papers, 42 (3), 574585.
[86] Ravallion, M. (1998). Reform, food prices and poverty in India. Economic and Political
Weekly, 29-36.
[87] Ravallion, M. (2000). Prices, Wages and Poverty in Rural India: what lessons do the
time series data hold for policy?. Food Policy, 25 (3), 351-364.
[88] Robles, M., Torero, M., & Cuesta, J. (2010). Understanding the Impact of High Food
Prices in Latin America [with Comment]. Economia, 10 (2), 117-164.
[89] Romer, C. D., & Romer, D. H. (1998). Monetary policy and the well-being of the poor
(No. w6793). National bureau of economic research.
[90] Rotemberg, J. J. (1982). Sticky prices in the United States. The Journal of Political
Economy, 1187-1211.
[91] Rubio-Ramirez, J. F., Waggoner, D. F., & Zha, T. (2010). Structural vector autoregressions: Theory of identification and algorithms for inference. The Review of Economic
Studies, 77 (2), 665-696.
[92] Saghaian, S. H., Hasan, M. F., & Reed, M. R. (2002). Overshooting of agricultural
prices in four Asian economies. Journal of Agricultural and Applied Economics, 34 (01),
95-109.

43

[93] Sahn, D. E., & Alderman, H. (1988). The effects of human capital on wages, and
the determinants of labor supply in a developing country. Journal of Development
Economics, 29 (2), 157-183.
[94] Saiki, A., & Frost, J. (2014). Does unconventional monetary policy affect inequality?
Evidence from Japan. Applied Economics, 46 (36), 4445-4454.
[95] Schuh, G. E. (1974). The exchange rate and US agriculture. Journal of Agricultural
Economics, 56 (1), 1-13.
[96] Sen, A. (2001). Development as freedom. Oxford Paperbacks.
[97] Siddiqui, M. M., & Hye, Q. M. A. (2010). Money supply, exchange rate, industrial and
agricultural product prices: Evidence from Pakistan.
[98] Sims, C. A. (1992). Interpreting the macroeconomic time series facts: The effects of
monetary policy. European Economic Review, 36 (5), 975-1000.
[99] Singh, I., Squire, L., & Strauss, J. (1986). A survey of agricultural household models:
Recent findings and policy implications. The World Bank Economic Review, 1 (1),
149-179.
[100] Sparreboom, P., & Duflos, E. (2012). Financial Inclusion in the Peoples Republic of
China-An analysis of existing research and public data. CGAP and the Working Group
on Inclusive Finance in China, China Papers on Inclusiveness, (7).
[101] Stiglitz, J. E. (1976). The efficiency wage hypothesis, surplus labour, and the distribution of income in LDCs. Oxford economic papers, 28 (2), 185-207.
[102] Thomas, D., & Strauss, J. (1997). Health and wages: Evidence on men and women in
urban Brazil. Journal of Econometrics, 77 (1), 159-185.
[103] TANG, J., CHEN, Z. G., ZHAO, X. F., & HUANG, X. J. (2009). China’s farmland protection and food security: Discussion with Professor Mao Yu-shi. China Land Science,
3, 003.
[104] Vining, D. R., & Elwertowski, T. C. (1976). The relationship between relative prices
and the general price level. The American Economic Review, 66 (4), 699-708.
[105] Villarreal, F. G. (2014). Monetary Policy and Inequality in Mexico.
[106] Uhlig, H. (1994). On singular Wishart and singular multivariate beta distributions.
The Annals of Statistics, 395-405.
[107] Uhlig, H. (2005). What are the effects of monetary policy on output? Results from an
agnostic identification procedure. Journal of Monetary Economics, 52 (2), 381-419.
[108] Wang, X. (2001). Grain market fluctuations and government intervention in China.

44

[109] Williamson, S. D. (2008). Monetary policy and distribution. Journal of Monetary Economics, 55 (6), 1038-1053.
[110] Wodon, Q., & Zaman, H. (2010). Higher food prices in Sub-Saharan Africa: Poverty
impact and policy responses. The World Bank Research Observer, 25 (1), 157-176.
[111] Yannick, S., & Ekobena, F. (2014). Does Monetary Policy Really Affect Poverty? CEP
Atlanta Federation Foudation.
[112] Yang, J., Qiu, H., Huang, J., & Rozelle, S. (2008). Fighting global food price rises
in the developing world: the response of China and its effect on domestic and world
markets. Agricultural Economics, 39 (s1), 453-464.
[113] Yu, W., & Jensen, H. G. (2010). Chinas agricultural policy transition: impacts of recent
reforms and future scenarios. Journal of Agricultural Economics, 61 (2), 343-368.
[114] Yu, X. (2014). Monetary easing policy and long-run food prices: Evidence from China.
Economic Modelling, 40, 175-183.
[115] Yu, X. (2014). Raising food prices and welfare change: a simple calibration. Applied
Economics Letters, 21 (9), 643-645.

45

