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Classic question: how are tradable goods’ prices and exchange rates 
related? 
 
A vast literature attempts to characterize the level and behavior of the 
the Real Exchange Rate 
 
 
 
 
Common finding  lit t le co-movement between relative prices in local 
currencies (RP) and nominal exchange rates (NER), particularly at the 
retail level 
 

The RER co-moves with the NER 
Passthrough is low (Goldberg and Knetter (97), Burstein and Gopinath (2011)) 
RER shocks are persistent  PPP Puzzle (Rogoff (96)) 
RER for tradeables is just as volatile as for non-tradeables (Engel (99)) 
 
 

 
 

Motivation 



No consensus on possible explanations 
 

Retail markets are segmented by high transportation and distribution 
costs (Burstein et al 2003) 
Retail markups differ over t ime and space (Atkenson and Burstein 
2008) 
Biases from sectoral aggregation (Imbs et al 2005) 
Biases from temporal aggregation (Taylor 2001) 
Biases from disregard of entering and exit ing goods (Nakamura and 
Steinsson 2012) 
 
 

 
 
 

 

 

Motivation 



Huge Empirical Challenge 
 
Most papers use CPIs and IPIs 

Not designed for international comparisons 
No levels, only changes 
Different index methods and goods across countries 
No account for entering and exit ing varieties 

 
Existing micro-datasets are limited in the number of countries (mostly 
US-Canada or intra-Europe), goods (eg. Big Mac index), and/ or 
degree of product matching (eg. EIU).  

 
World Bank’s International Comparisons Program (ICP)  relative 
price levels and PPPs for an identical basket in dozens of countries 

Extremely low frequency (5 years or more) 
 

 
 
 

 

 

Motivation 



 
Taylor (Econometrica 2001, on PPP puzzle) 
 
“ To meet the desired standard we would be hoping that  hundreds of price 
inspectors would leave a hundred or more capital cit ies on the final day of 
each month, scour every market  in all representative locations, for all 
goods, and come back at the end of a very long day, with a synchronized 
set  of observat ions from Seoul to Santiago, from Vancouver to Vanuatu. 
We cannot  pretend that  this happens.”  

 
 

 
 
 

 

 

Motivation 



We use web-scraping methods to substitute for Taylor’s “ hundreds of 
price inspectors”  and achieve: 
 

Better matching of products and methods (relative to CPIs) 
Higher frequency (relative to ICP) 

 
Match more than 50,000 individual goods (‘varieties’) to approx. 350 
narrow product definit ions (‘products’) chosen to fully cover the CPI 
categories of food, fuel, and electronics at the retail level in 9 countries 
from 2010-2016.  

 
Compare bilateral real exchange rate behaviors using matched data and 
CPIs 

Identify and quantify different measurement biases in CPI-based pass-
through estimates 

 
 

What we do 



Strong co-movement of nominal exchange rates and relative prices at the 
retail level 
 
Passthrough into relative prices is 75% with matched retail goods and 
only 34% with CPI data (same countries, sectors, and time period) 
 
Source of differences 

4 percentage points from intra-sectoral differences and multilateral 
formula 
26 percentage points from better product matching 

Matchable goods are tradable 
Control for bias in the relative price regression 

11 percentage points from product entry/ exit (prices at introduction 
not captured by CPIs) 
 

What we find 



Academic init iative at MIT (www.thebillionpricesproject.com)  
Use daily data for all goods sold by thousands of large retailers in 50 
countries, collected using web-scraping methods by PriceStats (a private 
company) 
Research focused on inflation measurement, macro and international 
economics 
 

Data from The Billion Prices Project 

• Date 
• Item 
• Price 
• Description 

Use scraping 
technology 

Connect to thousands 
of retailers every day 

Find individual items Compute price 
statistics based on 
micro-level data 

1 2 3 4 5 
Store and process 
key item information 
in a database 



“ Identical”  is not really possible  barcodes, package sizes, 
flavors, brands, and other details vary by country  
 
We follow the ICP methodology: 

Create a list of narrow product definit ions  a ‘product’.  
Each individual good/ UPC we find at the store is a ‘variety’. 
Match thousands of varieties to each product.  
 
 

 
 

Main Challenge: Matching Goods across Countries 



Methodology 

Identify 
index 
needs 

Define a 
“ Product”  

1 

• Very narrow 
product definit ion 

• Must be available in 
mult iple countries 

• Branded and 
Unbranded 
categories 

“Product” level 

UN’s Classification of Individual 
Consumption According to Purpose 

Standard 
COICOP 
Levels 1-4  

New 
Levels  

CPI weights only 
available up to 
Level 3 (or 1 in 
some countries) 
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Raw data : daily prices on all goods sold by 
the largest retailers in each country 
 
Matched data: Individual goods (varieties) 
from the raw data are linked to a product: 

Machine learning algorithm recommends 
appropriate matches.  

Naive Bayes Classifier model that trains on hand-
categorized items.  

A manual process to approve the match 
and enter package sizes 

 
High product churn (intro and exit), 
particularly with electronics  
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Ground Coffee - Regular 

Adjusting for size 
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index 
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Match 
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Define a 
“ Product”  

 
Product 

RER 
  

1 2 3 

• Very narrow 
product definit ion 

• Must be available in 
mult iple countries 

• Branded and 
Unbranded 
categories 

• Dozens of items per 
product in each 
country 

• Different retailers, 
brands, and sizes 
 

 
 

• Product availability 
varies across 
countries and t ime 

The price for product i, country y, t ime t is: 

Ground Coffee – Regular – 1 gram 

where         is the set of varieties captured by our 
scraping.  

Average Price US (dollars) Average Price UK (pounds) 



Methodology 

Identify 
index 
needs 

Match 
varieties to 
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Define a 
“ Product”  

 
Product 

RER 
  

1 2 3 

Bilateral Product RER 

• Very narrow 
product definit ion 

• Must be available in 
mult iple countries 

• Branded and 
Unbranded 
categories 

• Dozens of items per 
product in each 
country 

• Different retailers, 
brands, and sizes 
 

 
 

• Product availability 
varies across 
countries and t ime 

• Mult iple item 
varieties per 
product improves 
our estimate 

• US is always the 
base country 
 

Ground Coffee – Regular – 1 gram 

The nominal exchange rate       is expressed as units of z per 
unit of y (increase is appreciation of y) 
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• Product availability 
varies across 
countries and t ime 

• Mult iple item 
varieties per 
product improves 
our estimate 

Level 3 
RER 

(unweighted) 

Country Level 
RER 

(weighted) 

5 6 

• CPI weights are not 
available below 
Level 3 COICOP.  

• Some countries only 
publish L1 weights. 

• China does not 
publish any weights. 

• Food 
• Fuel 
• Electronics 

 
• 3 Sectors 
• Ex-Fuel 



Matched Dataset 



Compared to other Price Level Databases 

Online Data World Bank 
ICP  - OECD - 

Eurostat 

Cost of Living 
Indices 

(EIU, Mercer, 
others)  

Single-
Product 

(Big Mac, 
Ikea Billy) 

Coverage Goods (mostly 
tradables) 

Goods and 
Services 

Goods and 
Services 

- 

Countries 9 164 93 120, 38 

Products 350  1107 
(409 in food, 

fuel, 
electronics) 

150 1 

Varieties per 
product 

30 10-15 if 
homogeneous, 

70-100 
heterogeneous  

? 1 

Product Matching Close Close Broad Identical 

Comparable over 
t ime 

Yes Complicated 
(methods 
change) 

Yes Yes 

Frequency Daily/ Monthly 5 years  
(3 OECD) 

 Annual Quarterly /  
Monthly 



2011 Comparison with World Bank’s ICP at 3-digit level 



2011 Comparison with World Bank’s ICP at 1-digit level 



 

Real Exchange Rates and Components (3 sectors) 

(using official E) 



 

Real Exchange Rates and Components (3 sectors) 



 

Real Exchange Rates and Components (3 sectors) 



Graphs suggest strong co-movement of relative prices and exchange rate 
Not seen in the literature with CPIs, where RPs for tradable goods are 
far more stable  
 

Many ways to quantify this: 
Correlations and Granger Causality 
AR1s and Stationarity Tests 
Vector Error Correction Models  
Passthrough regressions 

 
 
 

Relative Prices and Exchange Rates 



We estimate a simple passthrough regression with relative price levels 
 
 

 
 
 
We find  

β =  - 0.75 with matched retail prices 
β =  - 0.34 with CPIs (same countries, sectors, period) 
 

Literature (differences in method) 
~  -0.3 with CPIs 
~  -0.5 with IPIs (at the dock) 

 
 
 
 
 

Relative Passthrough Regressions 



Relative Passthrough is 75% on average 



1. Difference online vs. offline prices  
 

Some potential explanations for higher pass-through 



Data comes from large “ multi-channel”  retailers that sell both online and 
offline  
 
Cavallo (2017 AER) “ Are Online and Offline prices Similar?”  

Simultaneous comparison online-offline prices using crowdsourcing +  
mobile phones 
Largest retailers in 10 countries, 24K products (56 retailers, subset 
used for matched PPP data) 
Online and offline prices are ident ical 72% of the t ime 
Similar frequency and size of price changes 

 

1. Differences in Online and Offline Prices? 



1. Difference online vs. offline prices  
2. Difference in stickiness vs CPI sources 

 

Some potential explanations for higher pass-through 



2. Difference in stickiness vs CPI data? 

Our PPP data is actually st ickier than comparable in US CPI data (food 
drives this result) 
 
Cavallo (2016 ReStats)  measurement biases in CPI and scanner data 
(t ime averages and imputations) can make prices look more flexible than 
what they really are.   
 



1. Difference offline vs. online prices  
2. Difference in stickiness vs CPI sources 
3. Sector/ Compositional differences 
4. Formula: CPIs cause an ‘extrapolation’ bias  
5. Product-matching:  

• ‘Matchable’ goods may be more tradable \  
• Better matching in relative price regression  controls for 

omitted foreign prices 
6. Entry/ Exit: CPIs ignore price levels at introduction and exit of 

products  some price adjustment can happen via variety 
entry/ exit 

 
 

Some potential explanations for higher pass-through 



Measurement Biases in Real Exchange Rates  

Sectoral difference 

Product Matching bias 
Formula bias 

Intro/Exit bias 



Measurement Biases in Real Exchange Rates  



Measurement Biases in Real Exchange Rates  



Measurement Biases in Real Exchange Rates  



 

Measurement Biases in Real Exchange Rates  



 

Measurement Biases in Real Exchange Rates  



 

Measurement Biases in Real Exchange Rates  



 

Measurement Biases in Real Exchange Rates  



Main Sources of Measurement Bias 



“ Goods CPI”  is a rough proxy for tradables (eg. Engel (99))  
non-tradables in categories and sub-categories 

 
We construct two CPI series for each country: 
 

1-digit CPI : uses official CPIs for level 1 sectors in our data 
(“ Food and Beverages” , “ Transportation” , and “ Recreation and 
Culture” ) 

 
3-digit CPI: uses level 3 official CPIs (where available), to build an 
aggregate CPI that excludes sub-sectors that are not in our data 
 eg non-tradable services, eg. public transport, packaged 
holidays 

 
 
 

Sectoral differences 



Main Sources of Measurement Bias 

Same Sector 
(food, fuel, elect) 

Same subsectors 



Following the international comparisons (ICP) literature, we 
measure RERs using Fisher indices that start with 3-digit relative 
prices and aggregate up using expenditure weights from both 
countries.  
 
When computing RERs with CPIs, the standard procedure is to 
first get the aggregate CPI in each country separately, and then 
compute the ratio.  
 
This can cause a formula or “ extrapolation bias” [ see Deaton 
(2012) and Inklaar and Rao (2016) ] than affects the passthrough 
estimates.  
 
 

Formula or “ Extrapolation”  Bias 



Main Sources of Measurement Bias 

Formula bias 



Main Sources of Measurement Bias 

PPP Data (matched 
products) 



Matched Data 

Row (5) is an index that uses matched data (but does not yet 
incorporate the effect of entry and exit price levels) 
 
Passthrough rises 26 percentage points  
 
Why?  

 
 

 
 

 
 

 



Matched products  

1. Products that can be matched across countries must be tradable 
 

 
 
 
 
 
 
 
 
 
 
 
The matched-product prices change more frequently than other 
online goods in the BPP databases 

 
 
 
 



Product Matching and Omitted Variable Bias 

2. Better matching can help avoid biases in relative passthrough 
regression:   

 
 

 
We care about prices for the same product in y and z, and they 
are both correlated with the nominal exchange rate.  
 
A classical omitted variable bias exist if we do not include the 
price in country z from the equation above.  
 
More generally, assume we substitute           for a similar good (a 
“ proxy” ) defined as 
 

 
 



The regression being estimated is 
 
 
 
Which means that our estimate for beta will be: 
 
 
 
 
The last term is posit ive (other country’s prices react in opposite 
direction) 
If perfect matching  gamma =  1  no bias 
If 0< gamma <1  estimated passthrough will greater (less 
negative) than the true beta  
 
 
 

Product Matching and Omitted Variable Bias 



Alternatively, assume the proxy is measured with an error term 
that is correlated with the exchange rate 
 
 
 
 
Bias depends on mismatch and its correlation to the NER 

Different currency of invoicing  if each country uses good 
invoiced in local currency, then relative passthrough is lower 
Different degrees of imported inputs 
Use of varieties that are not really sold in other places (and 
therefore react less to the nominal exchange rate) 

Product Matching and Error Bias 



Main Sources of Measurement Bias 

PPP Data (matched 
products) 

Similar to 
literature “at 

the dock” 
(Burstein & 

Gopinath 201 



Product Entry/ Exit 

So far, RERs are based on standard continuing-model price indices 
that ignore price levels at introduction  
 
This can bias passthrough estimates if firms adjust to exchange 
rates by product replacement (Nakamura & Steinsson (2012)) 
 
We measure average price levels for each “ product”   new and 
exit ing varieties automatically impact the measured RER 
 
We decompose the RER in two parts: continuing-model (MM) & 
extensive margin (intro and exit) 

 
 
 
 
 

 
 



Main Sources of Measurement Bias 

Product Intro 
and exit Particularly 

important for 
electronics 



Local price passthrough regression with log changes and NER lags 

More standard LRPT Regressions 



We build a high-frequency dataset of closely-matched products in 
9 countries  construct RER, RP time series 

 
We find strong co-movement of RP and E (not seen with CPIs) 

 
We quantify sources of measurement bias in passthrough 
estimates: 

Sectoral differences & formula [4 % points] 
Product matching bias (matched goods, relative prices) [26 % 
points] 
Product entry/ exit bias [11 % points] 
 
 

Summary 



RER dynamics, international shock transmission, and PPP-related 
puzzles.  
 
 
 

Related Applications 



RER dynamics, international shock transmission, and PPP-related 
puzzles.  
 
Passthrough and inflation forecasting 
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RER dynamics, international shock transmission, and PPP-related 
puzzles.  
 
Passthrough and inflation forecasting 
 
Determinants of nominal exchange rates 
 
 

Related Applications 



Argentina – Official and Unofficial Exchange Rates 



Eppp (Pus/ Plocal) vs NER (USD per lc) 

Australia Brazil 

Germany UK 

Eppp adjustmed for average RER 



RER dynamics, international shock transmission, and PPP-related 
puzzles.  
 
Passthrough and inflation forecasting 
 
Determinants of nominal exchange rates 
 
Higher-frequency PPPs for national accounts (multilateral 
methods)  improve comparison of GDPs/ poverty and avoid 
“ extrapolation surprises”  
 

Related Applications 



Zvi Griliches (1985), on the“ uneasy alliance”  between economists 
and data: 
 
 
 
 
 
 
Big/ New Data opportunity in macro/ international  we can now 
collect our own data, designed to fit  our specific research needs 

  
 
 

Final Quote 





 

Extra Slides 



Dispersion of USD prices across countries 



Passthrough regression with log changes and NER lags 

Comparison to the Literature’s Regressions 



Results Across Countries 



Stickiness Comparison PPP vs BPP online data 



Most RERs appear to fluctuate around certain levels (relative 
PPP) 

Are these levels reasonable? 
Comparison to ICP 

 
 

Aggregate Results 



 

Argentina - Sectors 



3-Digit Unmatched 



Correlation and Granger Causality 



AR1s and Dickey Fuller Test 



Passthrough (cointegration) regression 
 
 
 
DFT of errors 

 
 
VECM 

A Vector Error Correction Model 



 

Vector Error Correction Model 
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