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Annex 1.SF.1.  
Dynamic causal effects of energy, harvest, and monetary policy shocks on food 
commodity prices 

We use Local Projection Instrumental Variables to obtain causal estimates of the spillover 
effects from fertilizer to cereal prices as well as dynamic causal effects of US monetary policy 
shocks and of cereal harvest shocks. To study how oil prices affect cereal prices we expand the 
framework introduced by Kilian (2009), which disentangles the effect of oil supply shocks, oil-
specific demand shocks and aggregate demand shocks on oil prices.  

The LP-IV can be expressed as:   

𝑦𝑦𝑡𝑡+ℎ = 𝑎𝑎ℎ +𝛳𝛳ℎ𝑥𝑥𝑡𝑡 + 𝜆𝜆ℎ(𝐿𝐿)𝑧𝑧𝑡𝑡−1 + 𝑢𝑢𝑡𝑡+ℎ              for ℎ ∈ {0,1,2,3,4}                   (1) 

where 𝑦𝑦𝑡𝑡  is the delta log of real price of cereals, 𝑥𝑥𝑡𝑡 is the regressor of interest representing each 
of the three channels, namely, delta log of fertilizers’ price (average across urea, potash, and 
phosphates 1) in real terms, absolute change of the interest rate on the three months treasury bill 
and (standardized) delta log of global cereal production2. The vector 𝑧𝑧𝑡𝑡−1 contains 
predetermined controls like global GDP growth and the US dollar real effective exchange rate. 
Our specification of the right-hand side variables is standard in the literature (Gilbert, 2010, 
Baffes and Haniotis, 2016). Further, 𝜆𝜆ℎ(𝐿𝐿) is a polynomial of order 4 in the lag operator and 𝛳𝛳ℎ  
is the dynamic effect of the regressor of interest at horizon ℎ.  

Dynamic causal effects of each channel are represented under the form of Impulse 
Response Functions (ℎ,𝛳𝛳ℎ). Each 𝛳𝛳ℎ,𝑧𝑧 is estimated via classical instrumental variables (IV)  
𝐸𝐸(𝑦𝑦𝑡𝑡+ℎ𝑧𝑧)
𝐸𝐸(𝑦𝑦𝑡𝑡𝑧𝑧𝑡𝑡)

. To ease the interpretation of the IRF, the unit effect normalization is imposed 
automatically in the 2SLS approach, whereby a 1% increase in one of the shocks, say the 
monetary policy shock, leads to a 1% increase in the 3-months treasury bill rate. To give 𝛳𝛳ℎ  a 
causal interpretation we use instruments to induce exogenous variation in each of the three 
channels given respectively by: changes in real gas prices, US monetary policy shocks from 
Jarocinski and Keradi (2020)3 and cereal harvest shocks from De Winne and Peersman (2016)4. 

 
1 Nitrogen-based fertilizers like urea account for around two thirds of total fertilizer consumption, 60% of which 

is used to grow cereals.  

2 This variable was built by assigning FAO’s annual production figures to a specific quarter based on each 
country’s crop calendar and aggregating at the global level. The global series is then seasonally adjusted assuming a 
deterministic seasonal pattern.  

3 The authors identify monetary policy shocks and central bank information shocks using sign and zero 
restrictions in a VAR that includes the surprises in the three-month fed funds futures and the S&P 500 stock market 
index as well as five lower frequency macro variables.  

4 One instrument is the unexpected caloric shock from global cereal production, constructed as the residual from 
a regression of log cereal yields on country- and crop-specific time trends, which are then summed over all countries 
and crops using production weights and the caloric content of each crop. The second one is a “narrative” 
instrument given by a dummy equal to 1 for notorious global cereal shortcomings mostly from weather events and -
1 for unexpected bumper harvests.  
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Due to data limitations on some of the variables, our final estimation sample covers from 
1991Q1 to 2021Q1. All variables are deflated by the US GDP deflator.  

Further, we estimate the following SVAR 
 

𝑨𝑨𝒚𝒚𝒕𝒕 = 𝜶𝜶+∑ 𝑩𝑩𝒊𝒊𝒚𝒚𝒕𝒕−𝒊𝒊
𝑝𝑝
𝑖𝑖=1 + 𝒆𝒆𝒕𝒕      (2) 

 
Where 𝐴𝐴 and 𝐵𝐵 are matrices of coefficients, 𝑦𝑦𝑡𝑡  is a 6-dimentionsional vector that includes the 
original three variables in the same order as in Kilian (2009), i.e., delta log of global oil supply, 
global real economic activity indicator, and log oil prices, to which we add the log of gas prices, 
the log of fertilizer prices and the log of cereal prices. The vector of structural shocks is assumed 
to be mutually uncorrelated. Pre-multiplying both sides of equation (2) by  𝐴𝐴−1 it is easy to 
obtain the reduced form VAR as 𝒚𝒚𝒕𝒕 = 𝝎𝝎+ ∑ 𝑩𝑩𝒊𝒊

∗𝒚𝒚𝒕𝒕−𝒊𝒊
𝑝𝑝
𝑖𝑖=1 + 𝒖𝒖𝒕𝒕  and the corresponding errors 

𝒖𝒖𝒕𝒕 = 𝑨𝑨−𝟏𝟏𝒆𝒆𝒕𝒕.  
We rely on zero restrictions on contemporaneous relations to recover the structural 

shocks and from them the cumulative orthogonalized IRF. Based on (Kilian, 20019)5, the shocks 
corresponding to the first three equations are identified as the oil supply shock, the aggregate 
demand shock and the oil-specific demand shock. For the bottom three equations, our short-
term restrictions imply that within the period (month) fertilizer prices don’t affect gas prices and 
cereal prices don’t affect fertilizer prices. While the first assumption seems plausible, since 
fertilizers are a small share of total gas usage, the second assumption may be less tenable, as 
fertilizer demand may react quickly to current or expected changes in cereal prices. However, the 
gas and fertilizer prices are included only as transmission channels from oil towards cereal prices, 
which is our only IRF of ultimate interest in this exercise. We do not attempt to label the 

corresponding shocks, as we don’t include quantities in 
the last three equations.  

Finally, we assume the top block of variable to 
be exogenous, within the month, to changes in any of 
the variables in the bottom block. Structural IRFs are 
shown in figure 1.SF.A.1. The top left chart shows that 
a 10% negative oil supply shock leads to an increase in 
oil prices of 0.4% after 9 months. The top right graph is 
the monthly frequency equivalent of the top-right IRF 
in figure 1.SF.7 Further, the effects of a 10% negative 
oil supply shock on fertilizer prices are mostly 
statistically insignificant, while for gas prices they peak 
at 10% after 8 months and stabilize afterwards.  
 
 
 
 
 
 

 
5 Global oil supply is taken to be the “most exogenous” of all variables since its production is controlled by few 

large producers and elasticity of supply is low in the very short term (with the month) due the capital-intensive 
nature of the production. Second, global demand responds with the month to oil supply shock, but it will take more 
than one month for the global economy to respond to oil price changes.   
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Figure 1.SF.A 1. IRFs of oil supply shocks  

 
 
 

We also explore the 
influence of speculative 
demand and of the 
financialization of 
commodities markets on 
cereal prices. We define 
speculative periods as those 
during which cereal prices 
and net long positions of 
non-commercial traders 
(surplus of long positions 
over short positions for 
futures contracts with 

cereals as underlying held by non-commercial traders, typically, asset managers and other 
financial institutions) change in the same direction. We then build a dummy (𝑆𝑆𝑡𝑡) that equals 1 for 
speculative periods and 0 otherwise. We estimate a triple “difference in difference”-type 
specification:  
 
 𝑦𝑦𝑡𝑡 = 𝑎𝑎 + 𝛽𝛽1𝑆𝑆𝑡𝑡 + 𝛽𝛽2𝐷𝐷𝑡𝑡 + 𝛽𝛽3𝐼𝐼𝑡𝑡 + 𝛽𝛽4𝐼𝐼𝑡𝑡𝑆𝑆𝑡𝑡 + 𝛽𝛽5𝐷𝐷𝑡𝑡𝑆𝑆𝑡𝑡 + 𝛽𝛽6𝐼𝐼𝑡𝑡𝐷𝐷𝑡𝑡 + 𝛽𝛽7𝐷𝐷𝑡𝑡𝑆𝑆𝑡𝑡𝐼𝐼𝑡𝑡 + 𝑒𝑒𝑡𝑡              (2) 
 
where 𝑦𝑦𝑡𝑡  is the delta log of cereal prices and 𝐷𝐷𝑡𝑡 is a dummy that equals 1 after 2003, which is the 
time identified in the literature when asset managers substantially increase involvement in 
commodities’ futures and options, thus marking a stark intensification of financialization of 
commodities markets (Peersman, 2021). Further, 𝐼𝐼𝑡𝑡 is the delta log of the S&P500 index. We 
empirically verify our hypothesis that the correlation between traditional financial asset prices 
(𝐼𝐼𝑡𝑡) and cereal prices increased due to speculative demand after the start of the financialization 
process through a t-test on the interaction coefficient (𝐻𝐻0: 𝛽𝛽7 = 0). We use monthly data 
covering the period 1980M1-2022M3. Results reported in Table A1 show that this is in fact the 
case.  Financialization led the pass-through from the S&P500 to cereal price to be 56 percent 
higher in speculative periods than in non-speculative periods.   
  

1.  IRF oil prices to 10 percent oil supply shock 2.  IRF cereal prices to 10 percent oil supply shock

3.  IRF fertilizer prices to 10 percent oil supply shock 4.  IRF gas prices to 10 percent oil supply shock

Sources: Haver Analytics; World Bank; IMF CPI and PCPS database; and IMF staff estimates.
Note: 95-percent confidence bands. Orthogonalized impulse response function.
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Table A1: Effect of financialization and speculative demand 
𝐼𝐼𝑡𝑡 0.114 
 (0.0732) 
𝑆𝑆𝑡𝑡 0.00304 
 (0.00460) 
𝑆𝑆𝑡𝑡*𝐼𝐼𝑡𝑡 -0.188 
 (0.133) 
𝐷𝐷𝑡𝑡 0.0110** 
 (0.00510) 
𝐷𝐷𝑡𝑡 ∗ 𝑆𝑆𝑡𝑡 -0.0101 
 (0.00775) 
𝐷𝐷𝑡𝑡 ∗ 𝐼𝐼𝑡𝑡 -0.142 
 (0.127) 
𝐷𝐷𝑡𝑡 ∗ 𝑆𝑆𝑡𝑡 ∗ 𝐼𝐼𝑡𝑡 0.557** 
 (0.239) 
_cons -0.00219 
 (0.00273) 
N 507 

Note: * 0.10 ** 0.05 *** 0.01 
 
 

Dynamic causal effects of food commodity price shocks on domestic food inflation and 
the role of country characteristics 
 
 

To track the magnitude and trajectory of the pass-
through from global food commodity prices to 
domestic food prices, we follow Jordà (2005), Montiel 
Olea and Plagborg‐Møller (2021), De Winne and 
Peersman (2021), and others, and estimate impulse 
response functions (IRFs) from lag-augmented local 
projections with instrumental variables (LP-IV). For 
each horizon ℎ = 0,1,2, … 18, the following eq. is 
estimated using monthly data: 

𝑙𝑙𝑙𝑙�P𝑖𝑖,𝑡𝑡+ℎ�− 𝑙𝑙𝑙𝑙�P𝑖𝑖,𝑡𝑡−1�
= 𝛿𝛿ℎ(𝐿𝐿)𝛥𝛥ln(P𝑖𝑖 ,𝑡𝑡) + 𝜌𝜌ℎ(𝐿𝐿)∆𝑙𝑙𝑙𝑙�𝑊𝑊𝑖𝑖,𝑡𝑡�
+ 𝜗𝜗𝑘𝑘ℎ𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑘𝑘 ,𝑖𝑖  

+�𝛽𝛽0ℎ + 𝛽𝛽𝑘𝑘ℎ𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑘𝑘,𝑖𝑖�∆𝑙𝑙𝑙𝑙(𝑋𝑋𝑡𝑡) + 𝛼𝛼𝑖𝑖ℎ + 𝜆𝜆ℎ𝑡𝑡+ 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ 
 
Where 𝑃𝑃𝑖𝑖,𝑡𝑡  is the food CPI in country 𝑖𝑖 at time 𝑡𝑡, 𝑋𝑋𝑡𝑡  is the vector of endogenous variables, i.e., 
the IMF’s food price index and the Baltic Dry Index as our measures of food commodity prices 
and shipping costs respectively, and 𝑊𝑊𝑖𝑖,𝑡𝑡 is a vector of controls determined before date t, i.e., the 
exchange rate (in LCU/USD), headline inflation, and real oil prices. The parameters 𝛼𝛼𝑖𝑖ℎ,  𝜆𝜆ℎ𝑡𝑡 
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and 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ represents country fixed effects, a year trend, and the error term respectively, while 
𝛿𝛿ℎ(𝐿𝐿) and 𝜌𝜌ℎ(𝐿𝐿) are polynomials in the lag operator (L=18). The parameter 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑘𝑘 ,𝑖𝑖  reflects a 
set of country characteristics, specifically real income per capita (in 2010 USD) and trade 
openness (% of GDP), both of which are expressed in standard deviations from the global 
mean. Note that all regressors in P, X and W are incorporated on the right-hand side in monthly 
log-differences. 
 Dynamic causal effects of our two endogenous regressors are represented as impulse 
response functions (𝑘𝑘,𝛽𝛽0𝑘𝑘). To isolate exogenous variation in our main predictor of interest and 
thus identify a causal effect through 𝛽𝛽0𝑘𝑘, we follow De Winne and Peersman (2021) and employ 
harvest shocks as an instrumental variable for food commodity prices, and borrow the idea from 
Carriere-Swallow et al. (2022) to use closure events of the Suez Canal to instrument for the 
Baltic Dry Index. We thus depart from the existing literature by recognizing the potential for 
reverse causality between domestic food prices in large economies on the one hand and 
international food prices and shipping costs on the other hand. 
 To create the harvest shocks, we allocate annual production of the 4 most important 
staple foods (maize, rice, soybeans, and wheat) to a specific quarter by making use of crop and 
country-specific harvesting calendars. For each country, a rest-of-world harvest quantity is then 
obtained by taking the calorie-weighted average of all 4 crops across all countries minus harvests 
from countries in the same region. The harvest shocks are then obtained as the prediction errors 
from a regression of the harvest quantities on several lagged values and some control variables. 
 The sample covers more than 100 countries for the period 1991-2020 and spans two 
episodes of high international food prices (2007-2008 and 2010-2012). Our main results are 
reported in Table A2, where, by column, we display the regression coefficient estimates for 
various horizons. The pass-through from a 1pp food commodity price shock to domestic food 
prices is about 0.30pp after 12 months. The exchange rate pass-through is, as expected, very 
similar, as it shouldn’t matter to food importers whether the source of the increase in 
commodity prices (in local currency units) is an exchange rate depreciation or an increase in the 
US dollar price of a food commodity. Over the same 12 month horizon, a 1pp increase in 
shipping costs translates into a 0.09pp increase in domestic food prices. 

Finally, as our trade openness and income per capita variables are expressed in deviations 
from their global means, we can infer immediately from Table A2 that a country whose income 
per capita is 1 standard deviation below average will feature a food commodity price pass-
through that is about 35 percent rather than 29 percent 9 months after the shock. Similarly, for a 
country with a degree of trade openness that is 1 standard deviation above average, the pass-
through increases from 29 to 37 percent. 
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Table A2: Food commodity price pass-through and role of income per capita and trade openness. 

 
  

h=1 h=3 h=6 h=9 h=12 h=18

food price index (mom log-diff) 0.009+ 0.104*** 0.207*** 0.288*** 0.302*** 0.326***
0.005 0.015 0.032 0.042 0.046 0.057

exchange rate (in LCU/USD) (mom log-diff) -0.040*** 0.080 0.197** 0.268*** 0.341*** 0.354***
0.006 0.049 0.071 0.077 0.086 0.091

Baltic Dry Index (BDI) (mom log-diff) -0.003 -0.019+ 0.002 0.040 0.088** 0.075*
0.003 0.011 0.020 0.027 0.030 0.037

headline CPI (mom log-diff) 1.234*** 1.624*** 1.722** 1.739* 1.712* 1.922*
0.056 0.419 0.615 0.700 0.754 0.895

real oil price (in USD) (mom log-diff) -0.006** -0.000 -0.013 -0.024+ -0.032* -0.037+
0.002 0.006 0.010 0.013 0.015 0.019

income per capita X food price index -0.010* -0.025* -0.045** -0.060** -0.047* 0.016
0.004 0.011 0.016 0.020 0.023 0.028

trade openness X food price index -0.002 0.004 0.049+ 0.069+ 0.049 -0.003
0.005 0.016 0.029 0.037 0.044 0.059

trade openness 0.188*** 0.683*** 1.121*** 1.462*** 1.651*** 1.336**
0.041 0.131 0.231 0.297 0.364 0.481

income per capita 0.207 -0.002 0.474 1.132 1.526 1.917
0.137 0.473 0.772 0.954 1.097 1.410

Observations 13788 13788 13788 13788 13788 13788
# of countries 97 97 97 97 97 97
R-sq 0.793 0.496 0.394 0.348 0.304 0.262
model iv iv iv iv iv iv
Sources: Food and Agriculture Organization; Haver Analytics; World Bank, World Bank Development
Indicators database; IMF; and IMF staff calculations.
Robust standard errors clustered at the country level in parentheses. Country fe included but not reported
 iv = instrumental variables. fe=fixed effects. Mom = month-on-month. LCU=local currency units.
+ p<0.10; * p<0.05; ** p<0.01; *** p<0.001.

cumulative food inflation
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