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Abstract 

We investigate how the structure of price dispersion is in Argentina. We use daily data 

reported by supermarkets and we measure price dispersion at the bar code level in order to 

analyze whether supermarkets set prices differently, whether those price differences are 

spatial or temporal, and whether a large devaluation shock affects pricing behavior. We use 

more than 9 million prices and we calculate the dispersion of weekly prices relative to the 

average monthly price per product. We found that on average across products the 90th 

percentile of relative prices is 10 percentage points higher than the 10th and the mean 

absolute deviation from monthly average product prices is 2%. Price dispersion across stores 

in Argentina is heterogeneous among retail chains but local conditions regarding demand or 

competition contribute significantly but they have small impact. Furthermore, we tested that 

supermarkets pricing behavior remains within its essence after a large devaluation shock. 
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Introduction 

 

We investigate whether the theory of the law of one price holds in Argentina’s supermarkets. 

This law states that the price of an identical good should be the same regardless of the location. 

If there were price differences in different locations, they should eventually be eliminated due 

to arbitrage opportunities. There has been extensive research on whether the law of one price 

holds and, in particular, Isard (1997) have already showed that in reality the law of one price is 

flagrantly and systematically violated by empirical data. In this paper, we analyze price 

dispersion in Argentina using daily data from supermarkets with the goal of finding out its 

characteristics and to compare our results with those obtained in a similar analysis made by 

Berardi et. al (2017) for the French market. Moreover, we tested whether there are changes in 

the pricing strategy of a supermarket after a large devaluation shock.  

In the last five years, researchers have measured price dispersion with different indicators and 

using different databases that have different nature. Some papers, like Gorodnichenko and 

Talavera (2017), focus on online shopping platforms due to the fact that daily scrapping of those 

websites is a low barrier to create a database. Other papers like Kaplan and Menzio (2015) use 

Nielsen data based on a panel of consumers that scan all their purchases. Other authors take a 

sample of supermarket prices like Dubois and Perrone (2015) whom have constructed a price 

dispersion measure for eight products in a three-year period in France. And recently Berardi et. 

al. (2017) have gone further characterizing price dispersion in France with a high volume of 

supermarket price data. They have analyzed the characteristics of the distribution of a measure 

of price dispersion on different regions and type of supermarkets in France. In addition, they 

have shown that price dispersion in France has a similar distribution to other measures made in 

US and UK. All in all, these results have all shown that price dispersions exist to some extent 

and in particular, Berardi has shown that prices in France are spatially driven and the price 

dispersion coefficient is lower than those measured by other authors in the U.K. and U.S.  

In this paper we focus first on providing a price dispersion characterization looking at its shape 

and structure in order to compare Argentina’s results with those obtained in Berardi et.al. 

(2017). We check whether the price dispersion in Argentina is similar to others even if its 

economy is completely different from that of France, U.S. and UK. Second, we decompose 

price dispersion into several components. We assess the relative contribution of retailer 

component, temporary discounts by branch and local factors. Third, we show that price 

dispersion strongly depends on retail chains, while local markets’ characteristics play a 

significant role but to a much lower extent. Lastly, we compute a ranking of retailers during 

2018 before and after a large devaluation of the national currency (peso) in Argentina and we 

perform a test for statistical significance to see if retailers adjust quickly to large devaluation 

shocks.  

This work is organized as follows: in section one we provide details about the databases, section 

two analyses the main descriptive statistics of price dispersion; section three presents the results 

of our econometric estimation; section four we test for differences in the rank of a store before 

and after a devaluation shock and finally, section five we close with some conclusion remarks. 
 

Section 1: Data description  

 

In Argentina retailers must provide every day information of the price of all products that are 

available for sale at every store to the government since May 2016. This regulation became 

effective with the goal of tracking daily prices in order to provide transparency to the public 

and with the final goal of lowering inflation. Supermarkets send more than 14 million prices 

per day from more than 2.000 different stores from across the country. The volume of the 



 

 

database has more than 7 billion prices at the moment and more than 30 terabytes of data. 

Therefore, it was a huge challenge to master all these data for this work. First, we decided to 

focus on 2018 because all supermarkets had already joined the program at that time and the 

number of daily prices was stable. Second, we chose the following time periods: January to 

April 2018 and July to September 2018 and we left out May to June because Argentina had a 

large devaluation during that period (of the order of 36%) which we use to do a before and after 

devaluation test. Third, we decided to keep only prices for the City of Buenos Aires because it 

represented 60% of the entire database and we have more than 2.000 different stores to compare 

our results. Fourth, we kept the four main retailers at the City of Buenos Aires because they 

have more than 25.000 products that can be compared among them and they have enough 

weekly frequency to be analyzed in the chosen timeframe. Lastly, we decided to reduce the 

dimensionality of the data from daily to weekly in order to have less data to manipulate.  

We define store as the combination of retail chain, branch, and store location. A retail chain 

may own different branches and each one could have a different pricing strategy. In addition, 

store location refers to a single address where the retail-branch has a physical store. In addition, 

we define a product with its bar code which is the SKU classification and it is harmonized 

among all supermarkets in the database. Therefore, a single product has the same bar code 

among all stores. Then, we first calculated the average price per week per product at a given 

store in order to define a set of frequent products. A frequent product is the one that it is present 

every week at a given store throughout all the time frame analyzed for this work. For example, 

if a product is at one store every week from January 2018 to April 2018, then it will be kept in 

the database. By keeping only frequent products per store, the database was reduced from 60 

million prices to approximately 10 million from 23.000 products (individually identified by its 

bar code) and 730 supermarkets over the period January to April 2018.  

To estimate price differences, we first created a second database with the geolocation of each 

store to a latitude-longitude point. Thanks to the geo-localization of stores, we were able to 

assign each store to a neighborhood of the City of Buenos Aires. The city of Buenos Aires is 

organized in 15 large communes (comunas in Spanish) which are made of 48 different 

neighborhoods. Some communes have only one neighborhood in it and others have more than 

one. Second, we enriched this database by including an estimate of the private sector 

employment and average salary per commune from administrative labor data. Lastly, we added 

some local variables like the selling price per square meter per neighborhood, population, 

density and the distance of each store to the nearest one.  
 

 

Section 2: Descriptive analysis of price dispersion in Argentina 

 

We follow a definition similar to Berardi’s for price dispersion. Since Argentina's economy is 

more volatile than France’s, we reduce the analysis of dispersion from quarters to months. 

Therefore, we define price dispersion as the difference of a product’s price (defined by its bar 

code) at a given store with the average price of that product in a month in all supermarkets. 

First, we calculate the average price of a product in a given week for each supermarket, defined 

as 𝑝𝑖,𝑠,𝑡 where 𝑖 represents the product at the bar code level, 𝑠 represents a store (as a 

combination of retail, branch and location), and 𝑡 represents a week. Second, we calculate the 

average price of a product in a given month across all supermarkets (𝑝𝑖,𝑚) where 𝑚 represents 

the month. Lastly, we define price dispersion for a product as a relative price, built as the 

difference between the log price of product 𝑖 at a given store 𝑠 in a given week 𝑡 and the average 

price of that product in that month.  

 



 

 

𝑝𝑖,𝑠,𝑡
𝑟𝑒𝑙(𝑖,𝑚)

= ln  (𝑝𝑖,𝑠,𝑡) − ln  (𝑝𝑖,𝑚) 

 

Price dispersion exists when the same product is offered at different prices in different stores at 

a given period of time. A positive relative price means that a given product is being sold higher 

than the average price during that month.  
 

Graph 1: Distribution of relative prices (left) and zoom image (right) 

 

 
 

 

We calculate statistical indicators in order to compare our results with Berardi et. al. (2017) and 

verify if our distributions are similar. In our dataset, the mean absolute price deviation of all 

products is 2% (see Table 1) meaning that on average prices are above the average price of a 

product in a given month. Moreover, the relative prices distribution is long-tailed, left-skewed, 

and spiked around the mean. 
 

Table 1: Descriptive Statistics 

 France Argentina 

Standard deviation of relative prices 0.07 0.03 

  

Interquartile range of relative prices 0.08 0.04 

Interdecile range of relative prices  0.17 0.10 

Mean of absolute deviation  0.05 0.02 
 

Table 1 provides the calculated statistics: standard deviation, interquartile range, interdecile 

range, and mean of absolute relative prices computed by product (per bar code) and then 

averaged over all observations.  

We find that on average across products the 90th percentile of relative prices is 10% higher 

than the 10th. The mean absolute deviation with monthly average product log prices is 2% on 

average in the Argentine retail sector and the standard deviation of relative prices is 3%. In 

addition, these estimators imply that price dispersion in our data is smaller than that obtained 

by Berardi N., Sevestre P., Thébault J. (2017) and Dubois and Perrone (2015). Furthermore, on 

average across products, the 95th percentile of observed prices is 16% higher than the 5th 



 

 

percentile (versus 37% computed by Dubois and Perrone (2015) and 26% in Berardi). The 

interquartile ratio is 1.03 in our data, versus 1.14 in Dubois’ and 1.09 in Berardi’s.  

Given the main statistics, we keep on analyzing price dispersion using the different features 

from the data to understand which are the main variation factors related to the product, store 

and time. First, we characterize a point of sale of a supermarket by its branch (denoted as b for 

branches), retail chain (denoted by r), and commune of the city of Buenos Aires (denoted by 

c). The distribution of the mean absolute deviation of relative prices by product is represented 

in Graph 2.  
 

Graph 2: Distribution of MAD by products (left) and by products’ brand (right) 

  
 

In graph 2, we see that there is a large variation by product up to 90% and that the brand of the 

product only account at maximum to 40% of the variation. In both cases, the distribution of the 

mean absolute deviation is asymmetric with a long right tail suggesting that the products of 

some brands are characterized by deviations from the product’s monthly average log price of 

an order of more than 90%.  
 

Graph 3: Distribution of average relative prices by stores (left) and retail and branch (right) 

 
 

Regarding the store dimension, the left panel of Fig. 5 shows that average relative price 

dispersion is quite heterogeneous across supermarkets. Some stores are clearly cheaper than 



 

 

others and that price dispersion by stores accounts up to 5%. The right panel of Figure 5 

suggests that the branch affiliation of supermarkets is well distributed on our data sample but it 

still accounts for a variation of price dispersion up to 4%.  

We go further and we look at price dispersion at retail, branch and type of supermarket. In 

Argentina the type of supermarket is defined by the amount of cashier machines available and 

the square meters of the store. A single store could be a hypermarket (defined by H) or a 

supermarket (defined by S) or a self-service store (defined by A). In Graph 4 each line 

represents the boxplot of relative prices for the city of Buenos Aires in Argentina.  

 

Graph 4: Boxplot of relative prices by retail chains 

 
 

We observe that the average relative prices, as well as their dispersion, largely vary across retail 

chains. Some retailers have a pricing strategy below the average relative price in all its branches. 

In addition, some retailers are cheaper or more expensive than others in general and that their 

dispersion start at the zero mean marking a strategy to be clearly cheaper or more expensive 

than the average as it is in retail C type A. 

 

Now, we continue our analysis and we dig even deeper and look at the spatial difference of 

these dispersion observed by retailers’ boxplot and we expand our analysis into the communes 

of the city of Buenos Aires and then within neighborhoods. We observe in Graph 5 that the 

dispersion of relative prices varies across communes just by looking at the length of the boxplot, 

but the average relative price is similar all around.  

When we zoom into communes and we look at the differences by neighborhoods, we definitely 

observe in Graph 6 much larger dispersion. In particular, we see that some local markets are 

characterized by a rather large dispersion like for instance in Retiro, Puerto Madero and 

Belgrano (which in fact are the wealthiest neighborhoods in Buenos Aires). After looking at the 

data and its dispersion given different features, we continue with a fixed effect regression 

approach in order to test the statistical significance of our intuitions.  
 



 

 

Graph 5: Boxplot of relative prices by commune of the City of Buenos Aires 

 
 

Graph 6: Boxplot of relative prices by neighborhood of the City of Buenos Aires 

 

 
 

  



 

 

Section 3: Components of price dispersion  

 

In order to distinguish spatial and temporal effects of price dispersion, we estimate a fixed 

effects model where we control for the effect of each store and for the effects of the combination 

of branches and months. On one hand, we attribute the spatial effect to the fact that a single 

store could set prices differently given the specific location and its intrinsic characteristics 

(nicer store, better located, and so on). On the other hand, we attribute the temporal effect to 

the discounts or sales over time. In Argentina discounts are not made at the retail level but at 

the branch level. In other words, discounts will be captured by a fixed effect per branch per 

month. Lastly, we take a random sample of 60 products to conduct our regressions which we 

will held constant throughout all the analysis. 

A retail chain can have different branches under which it sells its products. For example, a 

retailer c sells under three different branches: branch a, b and c. Each branch has many stores 

which we define as location point of sale. As we mentioned before the combination of retail, 

branch and location point of sell is unique. Therefore, we estimate the following:  
 

𝑝𝑖,𝑠,𝑡
𝑟𝑒𝑙(𝑖,𝑚)

= 𝛼𝑖,𝑠 + 𝛼𝑖,𝑏,𝑡 + 𝜀𝑖,𝑠,𝑏,𝑡  

 

Where 𝑝
𝑖,𝑠,𝑡

𝑟𝑒𝑙(𝑖,𝑚)
 is the percentage deviation from the product monthly mean log 𝑝𝑖,𝑚. The 

𝛼𝑖,𝑠 represents the supermarket (𝑠) fixed effects for product (𝑖) and 𝛼𝑖,𝑏,𝑡 are combinations of 

week (𝑡) and branch (𝑏) fixed effects, and 𝜀𝑖,𝑠,𝑏,𝑡  is the error term. 

We estimate the first model in order to analyze how these two effects relate to relative prices 

and we find that for the store (𝛼𝑖,𝑠) fixed effect component 97% of the stores estimates are 

statistically significant and the estimates for the discount effect (𝛼𝑖,𝑏,𝑡) only 27% are significant. 

In addition, the average correlation between store fixed effects and relative prices is 0.63 and 

the average correlation between branch and week fixed effects and relative prices is -0.21. 

Therefore, we conclude that store fixed effects are predominant and its correlation does affects 

largely relative prices in comparison to the discount effects. Similar to Berardi et. al. (2017) 

results, it seems that in Argentina relative price dispersion is driven by the store fixed effects 

(spatial) and not to discounts throughout time (temporal). 

We continue with a second estimation to analyze the determinants of the store fixed effects. In 

order to do this, we use the alpha coefficients (𝛼𝑖,𝑠) from the first regression and we compute a 

second regression to disaggregate the sore component. We aim to capture the effect of the retail 

chain which the store belongs to and we control for differences in communes such as density, 

employment, income, price of square meter and the distance to the nearest store. Hence, we 

define our second estimation as follows: 

 
𝛼𝑖,𝑠 =  𝛿𝑖 +  𝛿𝑟 +  𝛾1  𝑑𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛾2 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛾3 𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛾4 𝑝ℎ𝑜𝑢𝑠𝑒𝑠 + 𝛾5 𝑝𝑜𝑝 + 𝛾5 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝜀𝑖,𝑠 

 

where we define density as population density measuring persons per one square meter per 

commune. Then we incorporate an income variable in order to capture a measurement of local 

demand defined by the log of income of private employment and we add the log of private 

employment as well. Then, we try to capture the amount of competition in the local market by 

the distance (in meters) to the closest store for each observation. In addition, we aim to capture 

the local market volume with the variable population defined as the log of population. Lastly, 

we add some characteristics to capture the expensiveness of the neighborhood like the price of 

selling houses measured by the selling price per square meter.  
 



 

 

Table 2: Determinants of price dispersion 

 
 

Looking at the results, we see that our model explains 96% of the variance of the model and 

that the combination of retail, branch and the type of store is the most explanatory source of 

price dispersion. In addition, these effects vary within the same retail chain depending on the 

type of store. The estimates for a retailer varies on the type of store. For example, retailer A in 

branch 3 has a lower estimate for hypermarket and supermarket. We observed that in general 

supermarkets are more expensive than hypermarkets, but self-services are more expensive than 

supermarkets.  



 

 

Regarding local factors, on the one hand, all are significant but their effects are significantly 

smaller. Yet, urban density, income, population and distance decrease price levels (marginally 

because of their low effect). On the other hand, employment and the price of selling houses 

increase relative prices. It makes sense to test that more expensive neighborhoods do have larger 

relative prices as we saw in Graph 5 and 6. 

Furthermore, the results show that none of the products are statistically significant meaning that 

the differences in relative prices are not set at the bar code level. From the consumer point of 

view, as similar to what happens in France as shown by Berardi et.al. (2017), consumers can 

infer if a store is more expensive than the other just by looking at the retail and branch 

combination before going to shop.  
 

Section 4: Strategy throughout time 
 

Since we estimated that the combination of retail, branch and the type of store is the most 

explanatory source of price dispersion, we decided to rank stores throughout two periods of 

time: before and after a large devaluation of the peso. We perform this test because as shown 

by Alvarez et. al (2013) agents do respond differently when there are large shocks to an 

economy under large and small inflationary prices. In our case, we want to check whether stores 

stay or not in the same ranking given its pricing when a large devaluation shock takes place in 

Argentina (a country with a history of high inflation). In order to do this, we ranked stored by 

the average relative price during the period of January to April 2018 and we repeat this process 

for July to September 2018. Then we performed a paired Wilcoxon test for differences in those 

rankings and we find that there is no statistical difference in the rankings after a 36% 

devaluation of the peso that took place between May and June 2018. Therefore, pricing 

strategies remain even under large external shocks.  
 

Section 5: Conclusion  
 

We showed that the structure of price dispersion in Argentina has a spike around a zero mean 

and a long left tail. We find that on average across products the 90th percentile of relative prices 

is 10 percentage points higher than the 10th and that the mean absolute deviation from monthly 

average product prices is 2%. In addition, throughout the communes and the neighborhoods of 

the city of Buenos Aires, we find that Recoleta, Retiro, Puerto Madero and Belgrano present 

some of the largest dispersion of relative prices (See graph 6). Furthermore, we estimated 

whether price dispersion is spatial or temporal and we found that the spatial effects are more 

predominant among stores.  

Given those results, we performed a fixed effect estimation where we controlled for the local 

level factors and we found that price dispersion across stores in Argentina results from 

persistent heterogeneity in retail chains' pricing. Meanwhile local conditions regarding demand 

or competition contribute to a much lower extent. In addition, we tested whether a large 

devaluation shocks affects pricing behavior and found that retailers adjust prices quickly 

enough to maintain its essence. All in all, we consider that our results are similar to those 

obtained by Berardi et. al (2017) in France and we consider our findings as powerful since our 

analysis is performed in a different time frame, country, economy and different retailers.  

To wrap up, we have analyzed how price dispersion is in Argentina and we compared our results 

with international estimations. Having characterized price dispersion at such a granular level in 

a country with high inflation like Argentina, it is an important finding which provides a better 

understanding of the shape and determinants of pricing behavior. Since we looked at 

distribution among retailers, we consider that future research should focus on understanding 



 

 

how those prices vary within a retailer in order to disentangle even deeper price dispersion. 

Future research should be devoted to understand how prices change within a firm considering 

spatial dimension, product ́s brands, and to understand how the behavior changes for products 

that are in a price stabilization program or whether they belong to the basic needs basket. In this 

direction, changes in distribution and magnitudes of variation of prices could shed light on 

greater understanding. 
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Appendix  

Density of relative price by retail 

 

Density of retail price by type of store 

 



 

 

Density of relative price by retailer and type of store 

 

 


