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ABSTRACT

THE IMPACT OF NEGATIVE INCOME SHOCKS ON THE PRICESF
PRIVATE LABEL PRODUCTS: THE COVID-19 EPISODE

YUREK, Serdar
M.S., The Department of Economics
Supervisor: Prof. Dr. Erol TAYMAZ

June 2021, 61 pages

In this study we show the causal relationship betwouseholds’ income and the
relative prices of private label products (relatie the prices of national brand
products), known as lower quality and cheaper rdtires to national brands. We
exploit the sudden and unexpected income shocledansCovid-19 measures within
a difference in differences setting. Our resulsvsthat when households experience
a negative income shock the relative prices of gtevlabel products increase

significantly.

Keywords: Private Label Products, Retail Prices, Covid-1%iBess Cycles, Cost of
Living
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NEGATIF GELIR SOKLARININ OZEL ETIKETLI URUN HYATLARINA
ETKISI: COVID-19 DONEM

YUREK, Serdar
Yilksek Lisansiktisat Boliumii
Tez Yoneticisi: Prof. Dr. Erol TAYMAZ

Haziran 2021, 61 sayfa

Bu calsmada, hane halkinin geliri ile ulusal markalaraegdaha dgiik kaliteli ve
daha ucuz alternatifler olarak bilinen 6zel markaiinlerin goreli fiyatlari (ulusal
markall Urlnlerin fiyatlarina kiyasla) arasindakidensel ikkiyi incelenmitir. Bu
amacla Covid-19 ve ilgili 6énlemlerin sebep atduani ve beklenmedik gsal gelir
soku farklarin farki modeli ¢cercevesindeggdendirilmistir. Sonuglarimiz, hanelerin
olumsuz bir gelirsoku ygadgl durumda, Ozel etiketli Grtinlerin goéreli fiyatlanm

onemli 6lctde artgni gbstermektedir.

Anahtar Kelimeler: Ozel Etiketli Uriinler, Perakende Fiyatlari, Couigl, is

Cevrimleri, Yaam Maliyeti
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CHAPTER 1

INTRODUCTION

The Covid-19 pandemic and measures taken agahestéthad sudden and large-scale
effects on economies. Undoubtedly, one of the Wggad most sudden impacts on
the Turkish economy was households’ income lossedlowing the Covid-19
pandemic and the related measures, nonfarm empildyrsg@rted to decline
dramatically in March 2020 in Turkey. In additianthese employment losses, many
employees lost some part of their income as thelyblezn benefitting from the short-
time work allowance. In May 2020, nonagriculturah@oyment was 8.42 percent
below its level in February. Taking into accoung theneficiaries of the short-time
working allowance as well, the number of employe#® lost some or all of their
income reached 22.77 percent in May of those ensplan February. Moreover,
considering that some employees had to take uigaie who were not able to benefit
from the short-time working allowance, the real tn@mis higher than the one stated
above. These widespread income losses and undgridiout the future income may
have significant impacts on consumers' behavior taeddemand for consumption
goods. Stroebel and Vavra (2019) provide direcsabevidence that wealth increases
cause changes in consumer behavior, leading tedses in retail prices. Coibion et
al. (2015) and Beraja et al. (2019) show that ptéges respond significantly to local
unemployment rates. Taken together, these stulms that retail prices follow the
business cycles and are affected by householdsiriac However, these effects on
prices may be heterogeneous across the productiffefent quality segments.
Although they report different findings on sizegnhey et al. (2007), Lamey et al.
(2012), Dubé et al. (2018), and Brancatelli e{2020) provide results showing that
following income losses the market share of privateel (PL) products, known as
lower quality and cheaper alternatives to natitmahd (NB) products, increases. This

kind of a shift in consumer demand towards lowealiiyt goods may put upward
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pressure on their prices. Such a mechanism hasripartant economic implications:
first, it mitigates the effect of demand conditimrsthe aggregate price level; second,
during recessionary periods, it makes changeserctist of living higher for lower-

income consumers who already consume these loveditygproducts.

Our aim in this paper is to exploit the exogenauime shock to show the causal
relationship between the households’ income anddladive prices of PL products.
Basically, we compare pre- and post-Covid-19 ouatbarices of PL and NB products
and interpret the difference between the changelkesie prices as the impact of the
shock. To this end, we first use the coarsenedtaxatching (CEM) algorithm to
balance the sectoral composition of the comparigoups and then make the

comparison within the difference-in-differences [pketting.

Our estimation results reveal that the Covid-19suness caused PL prices to increase
3.5 percent more on average than NB prices, andnipact was heterogeneous across
product types. We also assess whether the estinmapedt is specific to PLs or caused
by the general pricing behavior of the discountkat#. For this purpose, we compare
the prices of NBs sold by discount markets with phniees of those sold by other
chains. The results suggest that changes in tikegpdf NBs show similar patterns
regardless of whether they are sold by discounketsaror other chains. The period
when households experienced income losses coincwlitis a considerable
depreciation in the Turkish Lira and our findingsuld be due to the impact of this
depreciation. For this reason, we analyzed anapisode in which the Turkish Lira
experienced another sizable depreciation and faumdsignificant change in the
relative prices of PL products. We also conduct different robustness analyses and

show that our baseline results are robust to @temdefinitions of the control groups.

1 Our dataset contains prices from 9 different chabhdy 3 of them, which are known as discount
markets, sell PL products, while all the chaing & products
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Our study contributes to the literature in sevevays. Stroebel and Vavra (2019),
Coibion et al. (2015), and Beraja et al. (2019prethat retail prices exhibit cyclical
behavior. Our results are complementary to thes#rigs, as we show this behavior
varies across different product groups. Our thaklie relates the studies about the
impacts of income changes on demand for PLs. Lagtegl. (2007), Lamey et al.
(2012), Dubé et al. (2018), and Brancatelli et(2020) show that demand for PLs
exhibits cyclical behavior. Although we do not dilg analyze demand for PLs, our
results are consistent with these findings and ngaeathat income shocks affect the
prices through the demand channel. Our study @sralated to the studies focusing on
the inequality of cost of living inflation acrogscome levels. Argente and Lee (2017)
show that the cost of living inflation is higher the lower-income households during
recessionary periods. They find that while highemime consumers decrease their
cost of living by making quality substitutions, lewincome consumers, who already
consume lower quality products, do not have sutlaain. We show that this kind of
mechanism exerts additional upward pressure oipribe of lower quality products
and makes lower-income consumers even worse @idllifj our paper is also related
to studies that explore the economic impacts ofi€@9. There are several studies
analyzing impact of the Covid-19 on prices. Balleeal. (2020) studied the impact of
Covid-19 on producer prices, Hillen (2020) the hetaof online food prices during
the pandemic, and Akter (2020) the impact of Cd\8drelated 'stay-at-home'
restrictions on food prices. However, to the bésiuw knowledge, there are no studies
examining the impact of Covid-19 measures on thedive prices of low quality (or

PL) products, and so our study is the first.

The rest of the paper is structured as follows. pi#ra2 briefly summarizes the
literature. Chapter 3 provides details on the CA#dexperience in Turkey. Chapter 4
summarizes the dataset. Chapter 5 explains outifidation strategy. Chapter 6
presents the results. Chapter 7 provides robusirfessks. Chapter 8 contains the

conclusion.



CHAPTER 2

LITERATURE

As the data on retail prices and household consompbecame available to
researchers, the literature on consumer behaetaiers’ pricing behavior, and their
relation with macroeconomic conditions started towgrapidly. In this section, we
briefly summarize some of these studies that gugdduring our empirical analysis or

are closely related to our study.

We are interested in assessing whether the negatieene shock caused by Covid-
19 affects the relative prices of PLs through teendnd channel. During the period
when Turkish households experienced the incomeksiioe Turkish Lira suffered a
considerable depreciation. This exchange rate memémay be a possible threat to
the identification of the income effect on the tiea prices of PLs. Auer, Burstein,
and Lein (2021) showed that retail prices are sigadio exchange rate developments.
It is also known that the exchange rate is ondnefrhain drivers of consumer price
inflation in Turkey (Kara, Ogunc, & Sarikaya, 201a)d food inflation is significantly
affected by exchange rate movements. Ozmen anddp£2017) conducted a VAR
analysis to estimate exchange-rate pass-through Tintkey's official food price
inflation. They report that a one percent deprémiain the Turkish Lira causes
inflation to rise 23.5 and 27.1 basis points in naepssed food and processed food
prices, respectively. As the related literaturenpoout that retail prices in Turkey are
likely to be affected by an exchange rate deprieciauinderstanding the dynamics
behind the exchange-rate pass-through is cruciakahura and Zerom (2010)
analyzed coffee prices and reported that the gassigh of imported commodity
prices and the exchange rate into consumer pricexomplete. Their results show
that the pass-through's incompleteness is mainigahby the share of the local costs

in the total cost of the final product and markdjuatments. In our study, we compare
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changes in prices of PL and NB products of the seype. Therefore, the shares of
imported and local inputs are expected to be sinbddween the two product types.
However, markups on PL and NB products may difesrduse of the degree of vertical
integration in PL products or possible differengeproducers’ market power. Auer
and Schoenle (2016), Berman, Martin, and Mayer Z20and Amiti, Itskhoki, and
Konings (2014) used microdata on import and expades and showed that firms
with higher market shares have lower exchangepags-through in their prices. Hong
and Li (2017) analyzed whether cost pass-througi ietail prices is affected by
vertical and horizontal market structure. Theiradat allows them to group products
by three different vertical relationships: PLs miactured by retailers, PLs externally
produced but branded by retailers, and NBs. Theyyaad how the pass-through of
commodity costs into retail prices changes actossd three groups. The results show
that the pass-through for both PL groups is hidgien that of NBs. While higher pass-
through for PLs produced by retailers is highlyndigant and robust to alternative
estimators, it is weaker for those that are extgrmaoduced. When the products'
market shares are controlled for, higher pass-tiiraates for PL products become
more apparent. Moreover, the coefficient for maedres takes a negative value,
indicating lower pass-through for firms with greatearket power. In short, while the
exchange-rate pass-through is higher for vertidatiygrated firms and products with
a higher share of imported inputs, it is lower fioms with higher market shares. As
we compare changes in the prices of PL and NB mtsdaf the same type, exchange-
rate pass-through into these groups is not expeoteiffer because of the share of
imported inputs. However, possible differencehimmarkups of PL and NB products
could cause the pass-through rate to differ partidfl pass-through rates into these
two comparison groups are different, our empirstehtegy will fail to identify the
effect of income losses. Therefore, in sectionweprovide a detailed analysis on the

impact of exchange rate developments.

We utilize micro price data collected from seveedhil chains. Nakamura (2008) uses
data from 7000 different stores of 33 major chainthe US and analyzes the sources

of variations in retail prices. Her results shoattbnly 16 percent of price variations
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are common to all stores selling the same produdtGd percent of the variation is
common to stores within the same supermarket dbaimot across the chains), while
the remaining variation is idiosyncratic to spec#tores and specific products. These
findings show that only a small fraction of pricariation is related to macroeconomic
cost and demand shocks. The author argues that whdke price variations are
temporary price changes caused by the dynamicnprisirategies of retailers.
Similarly, Nakamura and Steinsson (2008) argue sha#ts may be independent of
macroeconomic conditions. Coibion, Gorodnichenknd adong (2015) analyze
whether temporary sales respond to local econoamditions. They report that neither
the size nor the frequency of the temporary saesensitive to business cycles.
Anderson et al. (2017) and Eichenbaum et al. (28hajv that once temporary price
changes are excluded, a systematic relation betwlercost changes and price
changes becomes apparent. These findings indicattedmparing the observed prices
from only two points in time may produce misleadnegults. In other words, prices
from a single point of time may represent time-nlspecific effects. Therefore, in our

baseline estimates, we try to use prices averagedaosufficient time period.

The present study contributes to various strantisediiterature. First, our work relates
to the studies focusing on the impact of incomd@mand for PL products. In general,
these studies try to estimate the impact on th&kebahare of PL products or their
share in households' consumption baskets. Lamady(@007) and Lamey et al. (2012)
use time-series methodologies and state that Phskeh shares are affected by
business cycles, and a part of the market sh&ksfained during contraction periods
is permanent. Their results are consistent witls,obut time series analysis with
aggregated data is not sufficient to show caudatioaships. Dubé et al. (2018)

estimate, using homescan panel data for the UStbegreriod 2004-2012, how shares
of PL consumption within the household change ispomse to income changes.
Brancatelli et al. (2020) also apply, using Dutdmiescan panel data for the period
covering 2011-2018, almost the same estimationguha@. Both studies report that
the negative impact of income on PL products’ shasestatistically significant, but

reported sizes are very small. It is possible ¥ellevo main criticisms at these studies.
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First, they do not consider that the impact of meachanges on PL products’ shares
may vary with households' income level. For insggricis expected that a 10 percent
loss of income for a high-income household will@amore limited impact on the PL
products’ shares compared to middle- and low-inctimeseholds. Second, in both
studies, the long-term trend of increasing PL potsiishares is controlled by a linear
variable, and it is stated that the inclusion a$ thariable changes the conclusion.
However, the long-term trend in the PL productsirels need not necessarily be linear;
for example, shares may be expected to increaseeatreasing rate. Therefore, these
studies' results cannot be interpreted as showiegctusal impact of household

income on PL product demand.

Our dataset does not contain the consumption bsiodieonsumers, and we only show
the causal relationship between income and PL ddrbgiranalyzing the reaction of
relative prices of PL products and prices of NBdurcts sold by discount markets. As
Covid-19 measures generate an exogenous negateménshock suddenly and its
effect on the prices becomes clear in a short toueresults are not affected by long-
term trends and can be regarded as casual. Iwithehe effects of Covid-19 on the
labor market, we estimate the increase in PL radgirices reached 3.5 percent in just
two and a half months after the shock. Combininttp&ggregated homescan data that
do not show any decline in the market share of fedycts for the same period (Ipsos,
2020), our results imply that the relationship betw household income and PL
demand is stronger than what Dubé et al. (2018)Bxadcelli (2020) reported. Our
findings are also consistent with the literatunedsts on the changes in consumer
behaviors during economic downturns. Aguiar et (@013) use data from the
American Time Use Survey and show that time sparghmpping activities such as
grocery shopping, comparison shopping, and coufippieg significantly increases
during recessionary times. In line with these ressiMevo and Wong (2019), using
homescan data from the US, find that the sharehoping with coupon use and
purchases of sale items increased during the ®eegssion. Their study also shows
that consumers increased the share of generic piodud large-sized items in their

spending and they did more of their shopping ataliat markets during the recession.
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Coibion, Gorodnichenko, and Hong (2015) find th&ew local economic conditions
are worsening, consumers exert more effort todimehper retailers, and they increase
the share of their spending from those retaileérxsrdasing the share of cheaper PLs in
the total expenditure could complement these olkserghanges in consumer

behaviors.

Second, our work contributes to the literature sieg on the effect of business cycles
on retail prices. Stroebel and Vavra (2019) empldbe instrumental variable strategy
and estimated the causal impact of house priceases on retail prices. Their results
suggest that a rise in house prices leads to isescia retail prices, and this effect is
stronger in the neighborhoods with a higher intgnef homeowners. The authors
show that as house prices increase, homeownetsstpend more, but the share of
generic products, the share of items bought iséles and the use of coupons decrease.
In other words, a rise in house prices resultsomd&owners becoming wealthier and
this makes them less sensitive to retail pricesegponse to this change in consumer
behaviors, retailers increase mark-ups and pricethion, Gorodnichenko, and Hong
(2015) examine the impact of local economic coondgion the posted and effective
retail prices. They find that while effective prsceespond to local unemployment rates
strongly, cyclical behavior in the posted pricesnedest. Both Stroebel and Vavra
(2019) and Coibion, Gorodnichenko, and Hong (2@8h®)w that business cycles affect
retailer prices by changing consumer behaviors.\@rk is complementary to these
studies, as we show that the effect of businedesym retail prices is heterogeneous
across products of different quality segments. @sults show that lower quality PLs
become more expensive relative to higher qualitysNhen economic conditions

deteriorate.

Third, our work relates to studies focusing ondiiferences in the cost of living across
households of different income groups. Argente bad (2017) construct income
group-specific price indexes, which allow both #are of different products within
categories and the prices paid for each produgaity across income groups. Their

results suggest that the cost of living inflatioor lower-income households is
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significantly higher during the 2008-2013 periodnmgmared to higher-income
households. By decomposing the gap between inflatites, they showed that one
main reason behind this gap is that higher-incoamsemers have a better margin to
make a quality substitution and reallocate expenekt toward lower-priced retailers.
Our results are complementary to this finding. Thlegw that consumers try to limit
the cost of living by switching their consumptianlower quality goods and buying
from cheaper supermarkets during recessionary geridowever, as lower-income
households already consume lower quality produadsbaly from cheaper stores, they
cannot adjust their expenditures and face a higbst of living inflation. We claim
that this kind of mechanism is likely to exert updigpressure on lower quality
products' prices. Our results show that the redapvices of PLs during the high
unemployment period caused by Covid-19 signifigaimtreased, so households that
were already consuming these products before thedd® become even worse off.
Fourth, our work contributes to the rapidly growliigrature on the economic impacts
of Covid-19. Several studies analyzed its impagtraces. Balleer et al. (2020) studied
the impact of Covid-19 on producer prices, Hill@9Z0) examined the behavior of
online food prices during the pandemic, and AK2&2Q) studied the impact of Covid-
19-related 'stay-at-home' restrictions on food gwicHowever, to the best of our
knowledge, there are no studies yet examining tigact of Covid-19 and related
measures on the relative prices of lower qualityRb) products, and so our study is

the first on this subject.



CHAPTER 3

BACKGROUND INFORMATION AND DATA

3.1. Background Information

The Covid-19 pandemic emerged in China at the €210 and spread to almost the
entire world within a few months. Various measusese taken around the world to
contain its spread. The first official step takerrurkey was the establishment of the
Coronavirus Scientific Advisory Board on January, ZD20. Thereafter, some
measures were implemented such as installing thexamaeras at airports, screening
passengers arriving from countries that reportgti humber of cases, and stopping
all flights from China. However, Covid-19 becamgod topic in the mainstream media
in the second half of February 2020, following &sepn new cases in Iran, Turkey’'s
neighbor to the southeast. On February 23, Turkesed its border with Iran, and
thereafter the list of countries that flights taddnom were banned was extended to
countries with high numbers of cases. At the bagmmf March disinfection was
carried out in public places and some private semdmpanies started to switch to
telecommuting. Health minister Fahrettin Koca amuad the first Covid-19 case on
March 11 and the first death on March 17 (Figudg.3n the following days in March
2020, schools were closed and distance educatatedt restaurants, cafes, and
entertainment venues were temporarily closed; feegostarted to shut down their
production; lockdowns started; and all internatlofights were cancelled. At the
beginning of April, intercity travel was restrictéor 31 cities in Turkey. After these
measures, mobility in Turkey decreased sharplyufied.2) and factory shutdowns
caused electricity production to fall 20 perceribheits pre-Covid level (Figure 3.3).
These measures were partially lifted in May 2024ct6éries were reopened in May,
while restaurant, cafes, and some entertainmentegewere reopened in June. During

these months restrictions on intercity travel wemsmoved gradually. In November
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2020, new measures were introduced, restaurantsades were restricted to serving

only takeout food, and a relaxed version of lockdavas implemented again.
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Figure 3.2: Google Mobility Index for Turkey
(Monthly Average)
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Figure 3.3: Monthly Electricity Production in Turkey
(Seasonally Adjusted, Million MWh)

These measures had some serious effects on the redudet. In order to limit
permanent damage, cancellation of labor contractgins was banned (Law #7244)
on April 16, 2020 except for in some extreme casesrefore, after this date, firms
could not cancel the contracts applied for shonetiworking pay or force their
employees to take unpaid leave. In line with thdseelopments, Figure 3.4 shows
that nonfarm employment declined dramatically inréfaand April 2020 but the
decrease slowed down in May 2020. On the other ,harambnsiderable number of

people started to benefit from short-time workimy jn April 2020 (Figure 3.5).

Official employment statistics show that employmientlay was 8.41 per cent below
its level in February. When the beneficiaries a #hort-time working pay are also
considered, the number of employees who lost &t Isame part of their income
increases to 22.77 percent of those employed inuBaejp However, although we do
not have statistics about it, it is known that ¢hare also many employees who had to
take unpaid leave and many self-employed peoptestmse part of their income. In
sum, Covid-19 and the related measures causedsadeosble number of households
to lose at least some of their income.
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Figure 3.4: Nonfarm Employment in Turkey
(Seasonally Adjusted, Million People)
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Figure 3.t Beneficiaries of Short-Time Working Pay
(Million People)

The Government of Turkey has taken a series of nmeasn order to limit the effects
of Covid-19 on the economy. In an informative bdxrdlation report, the Central
Bank of the Republic of Turkey (CBRT) (2020) cldies these measures into three
types: 1) fiscal measures, 2) financial measurdadititate financial access, and (3)

social measures to maintain employment and prdisativantaged groups. The third

13



has an important place in our context. The maimfof monetary support given
directly to households in this group are short-timerking pay, unemployment
benefits, and in-cash assistance to families imnAecording to data shared by the
Ministry of Family, Labor, and Social Services, ttegal of these direct payments
reached 11.6 billion TL (paid to 10 million peopielseholds) on May 18. The total
amount of support reached 29.7 billion TL and 45&lon TL by the end of July and
December, respectively. These data show that, ite 9 government support,

households experienced serious income losses leoatle pandemic.

Covid-19 and the related measures also affect hold® supermarket spending. As
people started to spend more time at home, supketrspending increased in total. A
report published by the research company Ipsos0)20es remarkable statistics

some of which are presented in Figure 3.6. Theia daow that discount markets
experienced bigger growth rates than other supd&ehahains after the Covid-19
outbreak. Moreover, in their report it is statedttthe share of PLs (for fast moving
consumption goods) rose by 2 to 22 percent dutrgQovid-19 period and then
returned to its previous level in the post-Covidige We interpret this positive
performance of discount markets and PLs as showmgseholds’ reallocation of

spending to cheaper markets and lower quality prsdas a result of income losses.

Covid-19 and the related measures were not theaitlgal economic developments
for the Turkish economy in 2020. The Turkish Lisgerienced serious depreciations
during the year. As Figure 3.7 shows, monthly dejpteons gained speed between

March and May, and after a period of stabilizatlosecond wave started in August.

2 |psos collects homescan data from a balanced paheluseholds in Turkey. Shared statistics are
calculated from these homescan data.
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m Percentage change in Covid period relative to pre-Qosighd

m Percentage change in post-Covid period relative to Quaficd
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Notes: Definitions of the periods used in the tabsedifferent from
those used in our analysis. They define the peritadsiary 1-
March 15, March 16-May 31, and June 1-July 31 aptie-Covid,
Covid, and post-Covid periods, respectively (Ip&@20).

Figure 3.€. Growth of Households’ Supermarket Spenc
by Supermarket Type in Turkey
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Figure 3.7: Exchange Rate Basket (Monthly % Change)
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3.2. Data

The data used in the present study are part ofifidemtial dataset constructed by the
CBRT in order to follow monthly price developmebtsfore the official inflation rate
is announced. Hence the dataset is representdtoffical consumer price statistics
and when prices are grouped a purpose-based cotisarafassification (COICOP)
is adopted as in the official statistics. Some iparbf these data is extracted from
online sources while the other portion is colledigd team visiting supermarkets and
stores. In each price collection period, attempésmaade to collect the prices of the
same products. When a particular product is noilabla for one period, its price is
assumed to be constant, but if this unavailabdktends to more than one period, the

product is substituted with a new one.

In line with our research question, we used a suditee CBRT's dataset. This subset
includes food products sold in discount markets@oeducts of other markets that are
classified in the same 11-digit classé8OICOP classes) with products of discount
markets. This selected part contain prices of lgtodlucts, classified in 84 different
11-digit classes, at a bi-weekly frequency forpeeod December 20290 December
2020. However, the prices for 99 of these prodactésnot available for the whole
period. After removing the products with missingcps and outliefs we have a
balanced panel of data consisting of 1287 diffemotiuct that are classified in 84
different 11-digit classes

3 11-Digit classes have quite narrow product defini such as pasteurized milk, sterilized milk
(UHT), corn ail, and sunflower seed oil.

4 CBRT's dataset does not contain any observatiam filiscount markets before this date.
517 different products are defined as outliers heeaf extreme price changes.
6 Some portion of these data will be pruned withaaiing method that is explained in the next

section.Detailed tables that contain the names of the git-diasses with the number of products
remaining after pruning that fall into these clasaee provided in appendix B.
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Table 3.1: Number of Products by Markets and ProdutLabel Type

Market National Brand Private Label Total
Al101 77 51 128
BIM 31 63 94
SOK 77 41 118
AKYURT 132 0 132
ALTUNBILEKLE
R 125 0 125
CAGDAS 145 0 145
CARREFOUR 140 0 140
MIGROS 261 0 261
YUNUS 144 0 144
Total 1132 155 1287

Our dataset consist of prices from 9 different so@ekets. Among these markets,
Sok, A101, and Bim are classified as discount matk€hese 9 chains can also be
divided into two groups, from another angle, asamat and local chains. Migros,
Carrefour,Sok, A101, and Bim are considered national chainsesthey have stores
in almost all cities in Turkey, while the other Aamns are mostly concentrated in
Ankara and surrounding provinces and are class#gelbcal chains. Table 3.1 shows
the numbers of products our dataset includes bketsand product label type (PL or
NB). In Turkey only 4 chains sells considerable bemof different PL products and
our data cover PLs from 3 of them with sufficientmmber of products. Table 3.2
shows the content of the dataset within the widedpet definitions of the 4-digit
COICORP classification.
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Table 3.2: Number of Products by Product Class (4-igit COICOP Classes)

NB products
NB products

sold in L
Product Class _ sold in other Total
discount products
markets
markets
Bread and cereals 34 165 29 228
Meat 14 75 7 96
Milk, cheese, and eggs 12 80 21 113
Oils and fats 11 48 10 69
Vegetables 11 63 13 87
Sugar, jam, honey,
. 26 151 26 203
chocolate, and confectionel
Other processed foods 22 129 26 177
Coffee, tea and, cocoa 25 94 9 128
Mineral waters, soft drinks,
and fruit and vegetable 30 142 14 186
juices
Total 185 947 155 1287
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CHAPTER 4

IDENTIFICATION STRATEGY

Our aim in this study is to answer the questioha changes in households’ income
affect the prices of PLs (relative to NBs). As @b and the related measures create
a sudden and large scale negative income shagikes a good opportunity to answer
this question. Because households’ income detéemiagnificantly in a short time, a
possible shift in demand is expected to show igsaich on prices quickly. Therefore,
we compare, within a difference in differences (P#etup, pre-Covid and post-Covid

prices of PLs with prices of NBs.

As seen in Table 3.1, all PLs in our dataset al@ Isp discount markets. Therefore,
estimation of the impact on PLs may also representommon behavior in the pricing
by discount markets. In order to separate thisiplessnpact, we first assess a possible
impact on the prices of discount markets by conmgathe prices of NBs sold in
discount markets with those of NBs sold in otherkats. After observing that there
is no significant impact on discount market pricegeneral, we confidently estimate

the impact on PLs by comparing PLs with all NBs

The key assumption in DID analysis is that comgarigroups should follow a parallel

trend in the absence of the shock. There are ftwssible threats to this assumption
in our case. First of all, the comparison groupy tmave different seasonal patterns
and our estimation may represent the differencevdxat these seasonal patterns

instead of the income effect. Unfortunately, ouiaddo not allow us to directly check

7 In section 6, as a robustness check, we compimespof the three groups, i.e., PLs, NBs sold in
discount markets, and NBs sold in other markethiwthe same regression. This estimation also
leads to results similar to baseline analysis.
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whether this is the case or not. However, if theugs have different seasonal trends,
then an aggregated price index that consists ektlgeoups should have seasonality.
The CBRT report (2021) states that seasonalityotspresent in the processed food
inflation. Additionally, an aggregated price indeffood and beverages (excluding
fresh fruits and vegetables, potatoes, and red)nsaftulated with official CPI data
does not show statistically significant seasonaiati@r®. Therefore, our results are
not expected to suffer from seasonality of comparigroups. Second, there may be
some sectoral differences between our comparismpgrand this would cause sector-
specific trends to confound our estimations. Ireottd overcome this issue, before the
DID application, we first employed the CEM procegl(iacus, King and Porro, 2012)
to balance the comparison groups. Third, during peeiod when households
experienced the negative income shock, the Turkish underwent a considerable
depreciation. Nakamura and Zerom (2010) and Homg) lan(2017) imply that
exchange-rate pass-through into prices of our coswagroups may be different. If
this is the case, then DID estimations are expecistiow not only the income effect
but also the exchange rate effect. Therefore, welwtt additional analysis to assess

whether pass-through rates differ across compagsaups.

The remainder of this section presents the CEMiegidn, DID settings, and analysis

on the effects of exchange rate depreciations.

4.1. Coarsened Exact Matching (CEM)

This is a nonparametric method designed to estitha@t@verage treatment effect on

treated 1% The aim of the method is to reduce model depecaléy imitating fully

8 This and all other seasonality checks and seasaijiastments in this study are conducted with
automated procedures of the software JDemetra. ZZBeéDprocedure conducts TRAMO-SEATS19
for seasonal adjustment (Gomez and Maravall, 1998).

° For more details on theoretical aspects and agjiic see (lacus, King and Porro, 2012; King,
Nielsen 2019).

10 For all the applications of CEM in this paper, B@ackage CEM is used (lacus, King and Porro,
2009).
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blocked experiments. When a fully blocked experimeidesigned, first, subjects are
paired as observable covariates (i.e., educatiai,lage etc.) that match exactly and
then these subjects are assigned to control aairtest groups randomly. In this way,
conductors of the experiment make sure that thetntrent and control groups are
exactly balanced over the observables. The CEM adetties to capture, at least
partially, this property of data generated via Byfblocked experiment, from quasi-
experimental or nonexperimental data. As a firspsin the application of CEM,
continuous explanatory variables are divided irtarsened groups (for example, the
income of workers, which is a continuous variabigided into groups of 0-2000 TL,
2001-5000 TL, and +5000 TL) so that all the obskeleraovariates become categorical
variables. Second, each possible combination gkthategorical variables constitutes
a stratum and treated units are only comparedmaititreateds that are elements of the
same stratum as them. If a stratum does not coatgimontreated units while it does
have treateds, those treateds are excluded froantidgsis and vice versa. Third, after
the units are classified into stratums, for eacit arweight is calculated and these
weights! allow CEM to be used together with regression ysisl In brief, CEM
allows us to compare treated units with nontreatatts similar values of covariates.
In our study, if we skip the CEM part and apply Ddidectly, the share of a specific
product might be too much in one comparison grotigenit is limited in the other
group. In this case, we might be comparing, fomepde, milk with corn oil, and our
result may represent differences between sectaifgptrends, instead of the impact
of an income shock. Thus, we employ CEM to elimersdctoral differences between
our comparison groups. The only covariate we uaeetegorical variable of products
type. Categories of the variables are product difirs of the COICOP classification
of 11-digit level?. After the matching part, for example, the shdrpasteurized milk

is the same in both comparison groups.

11n order to explain how these weights are calcdlatedetail, we provide the same example given

by lacus et al. (2012) with an adjustment to makempatible with our context.

12 A detailed list of product types remaining aftdEN is provided in appendix (for each comparison)
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4.2. Difference in Differences (DID)

The DID setup is usually employed to estimate tieact of a treatment by comparing
the differences of treated and nontreated unitpretreatment and posttreatment
period43. In the present study, we are interested in estigaow the impact of a
negative income shock on prices varies across rdiffeproduct groups that are
expected to follow similar patterns in the absearfdbe shock. As explained in section
2, Covid-19 became a serious issue in Turkey duhagecond half of February 2020.
Therefore, before this date any impact on the priseot expected to be seen and we
defined the period December 1, 2019-February 15) 28 the pre-Covid period. After
the effect of Covid-19 started to be seen, some timeeded for price adjustments to
be completed. Thus, the two and a half month pefadldwing February 15 is
excluded from the analysis. We set two consecytemods of two and half months
starting from May 1, 2020 as two different post-©operiods. Estimation with the
first gives the impact of the shock, while estiroatwith second shows how persistent
the impact is, if there is any. Our equation (4ot estimating the impact on the relative
prices of NBs sold in discount markets and our &qng4.2) for the impact on the

relative prices of PLs are as follows:

ln(Pi‘t‘m) =a+ 6 * (Discount,, XT;) +e*T; + f; (4.1)
ln(Pi,t) =p+f * (Private; X Ty) +t+ T, + f; (4.2)

1, if mis adiscount Market

T — {1, if i inpost — Covid
L 0, 0, otherwise

. Discount,,, = {
otherwise m

1, [ duct i is PL
Private; = {0 if product i is

if product is NB

Here P is price and i, t, and m the index proddgctime, and market, respectivefy;

is a time invariant dummy controlling for each pmot In these formulag, andg are

13 For more details, see Angrist and Pischke (2008)\&ooldridge (2010)
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parameters of interest showing the impact on radgprice of NBs sold in discount

markets and PLs, respectively.

Abadie et al. (2017) state that standard errorsilghioe clustered if individual units
are assigned to treatment by clusters. In equé&ti®A the value of treatment variable
changes with markets and in equation 5.2.2 thegitity of assignment to treatment
changes with markéts In other words, only products of some marketsamsigned
or have probability of assignment to treatment. réfae, following Abadie et al.

(2017) we report standard errors clustered at néaiel.

4.3. The Effects of Exchange Rate Depreciations

Covid-19 became a hot topic of the mainstream miadiae second half of February,
and indicators on mobility and economic activityoehdramatic declines for the
following period. In addition to these developmeth® Turkish Lira experienced 2.1,
8, and 2 percent depreciations in March, April, &faly, respectively (Figure 3.7).
Because both income losses and exchange rate dgjones took place at similar
times, the DID analysis cannot identify the possibipacts of both shocks separately.
Therefore, understanding whether exchange rate ments affect relative prices is

key to the interpretation of our estimations.

To understand the impact of exchange rate varigtie estimate how relative prices
evolve month by month. To this end, we define eamnth between March and

December as different posttreatment periods anth&ts equations 4.1 and 4.2 for
each definition separately. Figures 4.1 and 4.2wskiee cumulative percentage

changes in relative prices by months. Estimationsife impact on PLs show that the
relative prices of PLs increased until May and heaic3.5 percent; then they fluctuated
around this value until the reintroduction of Codig-related measures in November.

While the Turkish Lira depreciates by 8 percenfpril, relative price increases in

4 As stated in section 3, all PLs in our dataset are sold by discount markets.
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April and May and then stabilizes. Therefore, ié thbserved change was mostly
caused by the exchange rate movements, then exehategpass-through into the
relative prices is completed in two months. Howewathough we observe another
depreciation starting from August, cumulative chag the relative price of PLs

continued to fluctuate around 3.5 percent untilriatroduction of measures.
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Note: Dashed lines show confidence interval at 3$¥fidence
level.

Figure 4.1 : Cumulated Impact on the Relative Prices of PL
Products.

To formalize this finding, we estimate equation.2, 2iefining the period May 2020-

July 2020 as pretreatment and August 2020-Octdl#20 3s posttreatment. The results
show that exchange-rate pass-through into relgpvees of PLs is statistically

insignificant (Table 4.1). Figure 4.2 shows tha talative prices of NBs that are sold
in discount markets do not differ from those in taseline period. This means that
the relative prices of NBs also are not affectedekghange rate movements. As a
result we are confident in interpreting our findingom the baseline analysis as the

impact of the negative income shock.
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Table 4.1: Impact of Exchange Rate on the Relativerices of PLs

Impact -0.002
(S.error) (0.003)
R"2 0.997
N of NB 862
N of PL 152

Note: *** ** and * refer to 1%, 5%, and 10% sidiwance levels
respectively. Standard errors clustered at maekatl lare reported in
parentheses. Observations are weighted by corrdspnCEM
weights.
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Note: Dashed lines show confidence interval at @6¥fidence
level.

Figure 4.2: Cumulated Impact on the Relative Prices of PL

Products.
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CHAPTER 5

RESULTS

We start our analysis by estimating the impact eative prices of NBs sold by
discount markets. Next, we estimate the impacthenrelative prices of PLs and
interpret it with the support of the result on tieda prices of discount markets. In both
analyses, we first form our baseline results usihgvailable data for our comparison
groups and then we refine these results by conuyttie same analysis for selected
subsets. The first of these refinements is applyiregsame analysis to each 4-digit
product class separately. If there are any sigmtiampacts, this exercise may give us
a better idea about the way an income shock wéitisexample, it may be the case
that the relative prices of basic foods increaseentttan the prices other products, as
some people limit their consumption of productseotthan basic needs. Second, we
form different treatment groups with the productseach discount market, while
keeping the control group the same as in the besahalysis. Estimation of the impact
on each discount market separately will show whethe result from the baseline
estimation is a general behavior or not. Additibnastimations on these subsets also
serve as robustness checks, because they shosulifggoup dominates the baseline

results or not.
5.1. Impact on the Relative Prices of National Bratts Sold in Discount Markets.

After the products are matched by product typessscthe comparison groups and
those that do not match are pruned via CEM, 80dywmts remain in our dataset
Figure 5.1 shows the average of the natural Idgariof the prices weighted by CEM

5 1n the appendix, we provide a table on the debiniiof product types, the number of products that
meet these definitions, and the shares of eactuptdgpe in the sample after the data are balanced
with the weights produced via CEM.
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weights. Because both series are normalized to Décember 2019, the difference
between the lines approximately shows the percenthgnges in the relative prices
of the comparison groups. Since the series doiwetge during the shock period (the
shaded area in the graph), a visual inspection mloiesffer a significant impact on the

relative prices.
—National Brand (Discount Marketsy— National Brand (Other Markets)
1.16
112
1.08

1.04

1.00
FIF2F1F2F1F2F1F2F1F2F1F2F1F2F F2F1F2Fﬂf2 1F2F1F2F1F

20192020-2020-2020-2020-202072020:2020:2020:2020-2020:202012020-
12/ 01 02 03 04| 05|06 07| 08|09 10 11| 12

Note: Series show weighted averages of logarithprioés. The prices of each product
are weighted by corresponding CEM weights that preduced to balance the
comparison groups by product type.

Figure 5.1: Average Prices of National Brand Products (Natlogarithm ,
2019-12 =1)

In line with this observation, the results for daseline analysis, presented in Table
5.1, show no significant impact of the income shoulkhe relative prices of NBs sold
in discount markets and this result holds for baéfinitions of the posttreatment

period.
Table 5.2 present the results for product clagses) of which is analyzed separately.

In none of the subgroups was any significant argitipe impact found; most of the

estimated impacts are very close to zero or theyagative.
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Table 5.1: Impact on the Relative Prices of NBs iDiscount Markets

Postshock Period
| I

Impact -0.002 -0.011
(0.007) (0.007)

R"2 0.997 0.996

N of products sold in discou

markets 185 185

N of products sold in other markets 850 850

Note: *** ** and * refer to 1%, 5%, and 10% siditiance levels, respectively. Standard errors
clustered at market level are reported in pareethd3bservations are weighted by corresponding
CEM weights. Numbers of products are reported éntéibles. The sample contains 10 price
observations for each of these products.

Table 5.2: Impact on the Relative Prices of NBs Siin Discount Markets by
Product Classes

Postshock Period  Numbers of products

Sold in Sold in

Product Class discount other
[ Il markets markets

0.003 0.003

Bread and cereals (0.016) (0.015) 34 148
Milk, cheese, eggs, and me -0.026***  -0.045*** 26 133
products (0.008) (0.011)

. -0.013 -0.02
Oils and fats (0.024) (0.027) 11 43
Sugar, jam, honey, 0.005 0.002 26 138

chocolate, and confectioner  (0.005) (0.011)

0.017 0.002
Other processed foods (0.015) (0.015) 22 108
0.007 0.006

(0.005)  (0.016)

Mineral waters, soft drinks, -0.004 -0.022
and fruit and vegetable juice  (0.015) (0.017)
Note: *** ** and * refer to 1%, 5%, and 10% siditance levels, respectively. Standard errors
clustered at market level are reported in pareethe®bservations are weighted by corresponding
CEM weights. Numbers of products are reported i@ thbles. The sample contains 10 price
observations for each of these products.

Coffee, tea, and cocoa 25 94

30 142

In the last step, we divide the treatment group thtree by discount markets while

keeping the control group the same. Table 5.3 shtbegesults of the estimations
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when each of these treatment groups is used selyarht line with the previous

results, no significant and positive impact is foum any of the posttreatment periods
for any of the alternative treatment groups. Simtia previous estimations, the
estimated coefficients are either very close to nemegative. All three settings point
to the same result of no significant increase @relative prices of NBs. As explained
above, Ipsos data (2020) show that the share obulig markets in the consumers’
spending increased sharply relative to the otheemsnarkets. If this sharp increase is
assumed to be caused by the income shock, out teadk to the conclusion that

negative income shocks cause consumers to switchhet@mper markets.

Table 5.3: Impact on the Relative Prices of NBs Swbiin Discount Markets for
Each Discount Market

Treatment Group

Postshock Period Bim Sok Al101
| 0.005 0.002 -0.009**
(0.004) (0.005) (0.004)
I -0.004 -0.003 -0.021***
(0.005) (0.005) (0.004)

N of products sold in
discount markets

N of products sold in other 320 799 720
markets

Note: *** ** and * refer to 1%, 5%, and 10% siditance levels, respectively. Standard errors
clustered at market level are reported in pareethe3bservations are weighted by corresponding
CEM weights. Numbers of products are reported éntéliles. The sample contains 10 price
observations for each of these products.

31 77 77

5.2 Impact on the Relative Prices of Private LabdProducts.

This subsection presents the results about theangban income shock on prices of
PLs relative to those of NBs. As indicated aboWePhs in our dataset are sold by
discount markets. Therefore, an impact, identifigdthe comparison of PLs with NBs,
may be examined regarding whether it is on PL petslanly or on products sold in
discount markets in general. However, the restois fthe previous subsection clarify
the situation and show that any significant imgestimated in this subsection does not
represent the general behavior in discount markitsen presenting our findings

about the relative prices of PLs, we follow the sastrategy as in the previous
29



subsection. Figure 5.2 shows average prices of adegn groups that are balanced
by product type. Series started to follow differeehds during the shock period and
this difference seems to persist in the followirgyipds. Hence, visual inspection
points to a possible positive impact on the retapvices of PLs.

Table 5.4: Impact on the Relative Prices of PL Progcts

Postshock Period
| I

Impact 0.035*** 0.031***
(0.004) (0.005)
R"2 0.997 0.996
N of NB products 767 767
N of PL products 155 155

Note: *** ** and * refer to 1%, 5%, and 10% siditiance levels, respectively. Standerrors
clustered at market level are reported in pareethe3bservations are weighted by corresponding
CEM weights. Numbers of products are reported éntdiibles. The sample contains 10 price
observations for each of these products.

This observation is supported by our baseline teputsented in Table 5.4, that the
negative income shock caused PL prices to incré@spercent more than NB prices.
Estimation with the second posttreatment periodvshibat the impact mostly persists

in the subsequent months.

Estimation by subgroups confirms the statistiogihi§icance of the impact for half of
the subgroups despite the decreasing number ofvaltgms (Table 5.5). Moreover,
all estimated coefficients are either positive eryclose to zero except for the
beverages group. When the same analysis is combficteeach discount market
separately, the results show that the impact i badrsistent and statistically
significant for the PL products of each discountkefand their sizes are somewhat
similar (Table 5.6).
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Note: Series show weighted averages of logarithnprafes. The prices of each
product are weighted by corresponding CEM weighéd are produced to balance
the comparison groups by product type.

Figure 5.2: Average Prices of Pland NB Products (Natural logarithm
2019-12 =1)

Table 5.5: Impact on the Relative Prices of PLs biProduct Classes

Postshock Period Numbers of products
Sold in Sold in
discount other
Product Class I Il markets markets
*kk *%k%k
Bread and cereals 0(8‘(1)414) 0(83819) 163 29
Milk, cheese, eggs, and meat 0.017 0.009
products (0.011) (0.013) 147 28
. 0.009 -0.002
Oils and fats (0.012) (0.01) 59 10
Vegetables (excluding fresh 0.038*** 0.047*** 56 13
vegetables) (0.015) (0.017)
Sugar, jam, honey, *kk Fokk
chocolate, and 0'850?[2 0'850814 159 26
confectionery ©. ) ©. )
*%
Other processed foods (()00335) (88;;1) 145 26
*%k% *%k%
Coffee, tea, and cocoa 0(880214) 0(850417) 57 9
Mineral waters, soft drinks, _ -
and fruit and vegetable (88]:_"77) (88]:_[61) 110 14

juices

Note: *** ** and * refer to 1%, 5%, and 10% siditance levels, respectively. Standard errors
clustered at market level are reported in pareethedbservations are weighted by corresponding CEM
weights. Numbers of products are reported in thketa The sample contains 10 price observations for
each of these products.
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Table 5.6: Impact on the Relative Prices of PLs foEach Discount Market

Treatment Group

Postshock Period Bim Sok Al101
| 0.030** 0.039*** 0.037***
(0.005) (0.004) (0.003)
I 0.029*** 0.034*** 0.029***
(0.007) (0.004) (0.004)

N of products sold in
discount markets

N of products sold in othe 63 41 51
markets

Note: *** ** and * refer to 1%, 5%, and 10% siditiance levels, respectively. Standard errors
clustered at market level are reported in pareethd3bservations are weighted by corresponding
CEM weights. Numbers of products are reported éntétbles. The sample contains 10 price
observations for each of these products.

796 543 621

Our results from various settings show that thegsriof PLs increased, on average,
3.5 percent more than prices of NBs for correspamp@roduct types. Argente and Lee
(2017) show that consumers with higher income®ateer able to limit welfare losses
by making quality substitutions, while lower incommensumers do not have this
margin as they already consume low quality produ@ts results add to their findings
and show that lower income households who alreadgume lower quality products
(PLs in our case) face even higher food price fitffa since negative income shocks
increase the relative prices of lower quality prctdu The Ipsos (2020) report states
that the markets shares of PLs first increasedduhie Covid-19 pandemic and then
returned to their pre-Covid levels. Combining thetsistics with our results implies
increasing demand for PLs during recessionary tirAteough we do not estimate
the impact of income shocks on PLs’ demand dirediy results suggest that the
relation between demand for PLs and household iederstronger than those reported
by Dubé et al. (2018) and Brancelli (2020). Ouuhssalso add to the findings reported
by Stroebel and Vavra (2019), Coibion et al. (20456 Beraja et al. (2019), and show

that the cyclicality in retail prices changes asrpsoduct groups.

32



CHAPTER 6

ROBUSTNESS CHECKS

We conduct two different exercises to ensure osulte are robust to alternative
settings. First, we perform a triple comparisoPbs, NBs sold by discount markets,
and NBs sold by other markets, within the samaregion. Second, we divide the
control group into two alternatives and repeat baseline analysis with these
alternative control groups. The results from boxereises confirm our baseline

results.

6.1 Triple Comparison

Although all of the PLs in our sample are sold iscdunt markets, when we interpret
our findings, we conclude that the impact on thiatree prices of PLs is not a
reflection of general behavior in discount markbts,is specific to PLs. While making
this interpretation, we see that there was no Bogmt impact on the relative prices of
NBs sold by discount markets. If the trend of NBstes in discount markets does not
diverge from the trend of corresponding NBs’ prise&l by other markets, then this
argument sounds logical. However, the content ef shmples we used for our
estimations may be different to some extent. Ouas#d, for example, does not
necessarily contain a PL product for each type Bf $6ld by discount markets.
Therefore, we decided to restrict our sample talped types that are represented in
all three comparison groups and repeat our baseliadysis. Our first step is again
CEM, but this time the contents of all 3 comparigpoups are balanced at the same

time. Next we estimate equation 6.1.
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In(Pym)=a+pB *(PLyXT)+ 8§ x(NBDp XTo) +0*T; + f; (6.1)

T = { 1, t is in post — Covid Private. = { 1, if productiis PL
t— o, otherwise t7 Lo, if product is NB
1, if misa Discount Market and i is a NB
NBD,,; = .
0, otherwise

Heref ands show the impact on the prices of PLs and NBs sofliscount markets,

relative to the prices of NBs sold by other markets

Average of the logarithm of prices for balancedug®is shown in Figure 6.1. In line
with the baseline results, during the shock peti@dprices of NBs follow a similar

trend, while the prices of PLs diverge.

——Discount NB ——OtherNB ——PL
1.21

1.18
1.15
112
1.09
1.06
1.03

FﬂF FiF FIF2F1F2F1 2#1F2#1F2#1F£F1#éF1FéF1#2Fﬂ Figo

2019:2020:2020:2020:202020202020202020202020202020202020
12/ 01,02 03 /04|05 06| 0708|0910/ 11| 12

Note: Series show weighted averages of logarithmprimes. The prices of
each product are weighted by corresponding CEM hiteithat are produced

to balance the comparison groups by product type.

Figure 6.1: Average Prices of Comparison Groups (Natural ldgari,
2019-12 =1)

34



Similarly, the result of the regression analysepresented in Table 6.1, shows that the
relative prices of PLs significantly increase atteg income shock, while there is no

significant impact on the relative prices of NBs.

Table 6.1: Impact on the Relative Prices of PLs anbtlBs Sold in Discount
Markets

Posttreatment
Treatment Groups I I
PL 0.032*** 0.025***
(0.004) (0.007)
B . 0.002 -0.008
NB sold in discount markets (0.009) (0.01)
N of NB sold in discount markets 129 129
N of PL 128 128
N of NB sold in other markets 670 670

Note: *** ** and * refer to 1%, 5%, and 10% siditance levels, respectively. Standard errors
clustered at market level are reported in pareethddbservations are weighted by corresponding
CEM weights. Numbers of products are reported éntétbles. The sample contains 10 price
observations for each of these products.

6.2 Alternative Control Groups

We divide our control groups into two alternatiee®l repeat the same procedure used
in the baseline analysis as a robustness checkdHoanalyses, we divide the control
group into national and local chains. Table 6.2 &able 6.3 report the results for the
estimations, conducted with alternative controlups for the relative prices of NBs
sold by discount markets and PLs. Similar to theebae results, analyses with
different control groups also confirm the statislig significant and positive impact
on the relative prices of PLs and no significard pasitive impact on the NBs sold by

discount markets.
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Table 6.2: Impact on the Relative Prices of NBs Siin Discount Markets with
Different Control Groups

Control Group

Postshock Period National Chains Local Chains
| 0.007 -0.008
(0.006) (0.006)
" -0.001 -0.017**
(0.007) (0.007)

N of NB products sold il
discount markets

N of NB products sold in othe 360 490
markets

182 185

Note: *** ** and * refer to 1%, 5%, and 10% sidivance levels, respectively. Standard er
clustered at market level are reported in pareethddbservations are weighted by corresponding
CEM weights. Numbers of products are reported éntétbles. The sample contains 10 price
observations for each of these products.

Table 6.3: Impact on the Relative Prices of PLs wiit Different Control Groups

Control Group

Postshock Period National Chains Local Chains
| 0.04**=* 0.029***
(0.005) (0.003)
" 0.041*** 0.02%**
(0.003) (0.004)
N of NBs 455 455
N of PLs 155 155

Note: *** ** and * refer to 1%, 5%, and 10% sidivance levels, respectively. Standard er
clustered at market level are reported in pareethe3bservations are weighted by corresponding
CEM weights. Numbers of products are reported éntétbles. The sample contains 10 price
observations for each of these products.
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CHAPTER 7

CONCLUSION

The Covid-19 measures caused substantial declimelsousehold incomes. We
examined whether these deteriorations exerted upprassure on the relative prices
in discount markets and the relative prices of RM& find that these widespread
income losses caused prices of PLs to increaspe3cent more on average than the
prices of NBs, with no significant impact on th&atere prices of NBs sold by discount
markets. We argue that the main source of the impalcat households losing income
switch their food consumption toward PLs. Indeeninbined with our results, the data
shared by Ipsos (2020) point to a sizable shiffemand towards PLs and discount
markets. These results lead to two main macroecamriamplications. First, the impact
of economic activity on retail prices exhibits hetgeneity across products of different
quality segments. Second, lower income consumers alteady consume lower
quality products face higher inflation in their to$ living. As the purchasing power
of lower income consumer decreases further, readme distribution will tend to
deteriorate. Therefore, our results serve as aimgta policymakers who are sensitive
to income inequality that during recessionary pisidower-income consumers

become worse off even if they do not experiencedargct income loss.

This study has two limitations. First, our datasemtains prices of PL only for the
period after December 2019. Therefore, we canneticlthe long-term trends in the
prices of comparison groups. Second, we do notrebdeouseholds’ consumption
bundles. Thus, we cannot directly identify the naagbm behind the increasing
relative prices of PLs. A future study that utiBzprice data together with data on
households’ consumption bundles will be benefimadee the mechanism driving the
increase in the relative prices of PLs clearlythis paper, we analyze how the relative

prices of different quality segments are affectgchbuseholds’ income change by
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focusing only on food prices. Future studies tlsseas this relationship in different
product groups seem promising to provide new irsigim the cyclical behavior of

consumer prices.
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APPENDICES

A. AN EXAMPLE OF CALCULATION OF CEM WEIGHTS

Suppose we have prices of 10 different products fitree product types (or 11-digit
COICORP classes) and 4 of these are (Beated units) while other 6 are NBs (control

units) presented in Table A.1.

Table A.1: Simplified sample for CEM example
COICOP 11-Digit Private

Class (Product type) Label Price
1 1 1 2
2 1 0 3
3 1 0 5
4 2 1 5
5 2 1 7
6 2 0 10
7 2 0 8
8 3 1 32
9 4 0 4

For product type 1, difference between the pric€bfand NB is calculated as the
difference of arithmetic means of prices, -2, whileproduct type 2, the difference is
-3. Because there are no NB and PL products fradymt types 3 and 4, respectively,

price differences cannot be calculated and obsensfrom these product types are
omitted from the analysis. The difference in thegke is calculated aéilx_z);’(zx'”

, since we have one PL observation from produa tipwhile two PL from product
type 2.

It is also possible to calculate weights for eabkenvation and have the same result
by taking the difference between weighted meansoaiparison groups or running

weighted regression. Before the weights are caledlabservations 8 and 9 are
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removed from the sample. For the remaining dataghv® of PLs are assigned as 1.

For NBs, weights are calculatedllngé * (wy), Where:
PL

)] np, andnyg are the numbers of PLs and NBs in the samplegotisgly.
i) wg = Zsﬂ wherenp, andnjp are the numbers of PLs and NBs in the
NB

stratum, respectively.

Table A.2 shows the calculated weights for our $ifired example.

Table A.2: Simplified sample and weights calculategia CEM
Observation COICOP 11-Digit Private

nyp/np, W

No Class (Product type) Label Price w,
1 1 1 2 - - 1
2 1 0 3 1/2 4/3 2/3
3 1 0 5 1/2 4/3 2/3
4 2 1 5 - - 1
5 2 1 7 - - 1
6 2 0 10 1 4/3 4/3
7 2 0 8 1 4/3 4/3
8 3 1 32 - - 0
9 4 0 4 - - 0
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B. NUMBER OF PRODUCTS AND WEIGHTS BY PRODUCT TYPES FOR
BASELINE ANALYSIS

Table B.1: Number of products within each product ype for the sample used
in the estimation of the impact on relative priceof NBs sold in discount
markets.

N of
N of product roduct .
Product type sold inpdiscount psold in Share in
markets other the sample
markets

Wheat Flour 1 7 0.01
Baby Food 5 12 0.03
Biscuit (plain) 2 13 0.01
Biscuit (for babies) 4 11 0.02
Biscuit (creamy) 3 14 0.02
Cracker (plain) 3 14 0.02
Wafer (chocolate covered) 3 14 0.02
Cream Cakes and Patisserie Produ 1 3 0.01
Cake 2 14 0.01
Thin Dough 1 7 0.01
Macaroni (plain) 3 12 0.02
Vermicelli (plain) 2 13 0.01
Cereal (plain or with cocoa) 4 14 0.02
Garlic-Flavored Sausage (red meat 4 14 0.02
Garllc-EIavored Sausage (mix of re 1 9 0.01
and white meat)
Sausage (mix of red) 3 13 0.02
Sausage (mix of red and white mea 3 6 0.02
Salami (mix of red and white meat) 3 11 0.02
Yoghurt (plain) 2 14 0.01
Ready Made Milky Sweets 1 10 0.01
White Cheese (full-fat) 2 12 0.01
Kasar Cheese (fresh) 3 11 0.02
Tulum Cheese 1 11 0.01
Cream Cheese (plain) 1 9 0.01
Cream Cheese 2 13 0.01
Butter 3 10 0.02
Margarine 5 10 0.03
Olive Oill 1 10 0.01
Sunflower Oil 2 13 0.01
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Table B.1 (continued)

Canned Vegetables (Corn)
Tomato Sauce

Olive (black)

Potato and corn chips
Granulated Sugar
Sugar Cubes

Jam

Grape Molasses
Halvah

Peanut Butter

Tablet of Chocolate
Chocolate Cream
Chewing Gum
Holiday Candy

Ice Cream
Condiment Spices
Salt

Baking Powder
Yeast

Vinegar

Ketchup

Mayonnaise

Sesame Oill
Packaged Soup
Pudding

Turkish Coffee
Instant Coffee (Classic)
Instant Coffee (3 in 1)
Tea (classic)

Tea (tea bag)

Herbal Tea

Cocoa

Cocoa Beverages
Water (0.5 It)

Water (1 It)

Mineral Water (Plain)
Carbonated Fruity Beverages
Carbonated Fruity Beverages
Coke (Canned)

Coke (1 It)

Ice Tea (Canned)

Ice Tea (1 It)
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11
12
12
10
13
13

22
10
19
11
13

14
11
11
12

11
14
12

14
11
11
10
12
14
14
12
10
11
12
12
11
14
14
11
12

0.01
0.01
0.02
0.03
0.01
0.01
0.01
0.01
0.02
0.01
0.01
0.02
0.03
0.01
0.02
0.01
0.01
0.02
0.02
0.01
0.01
0.01
0.01
0.02
0.02
0.01
0.02
0.02
0.03
0.02
0.01
0.02
0.01
0.01
0.01
0.02
0.02
0.01
0.02
0.02
0.01
0.01



Table B.1 (continued)

Ayran (1 It) 2 13
Fruit Juice (Small) 2 14
Fruit Juice (1 It) 3 13

Total 146 661
Note: Table shows the number of products

remaining after CEM step balancing

comparison groups by product type. Fourth

column shows the share of each product type

after CEM. This sample is used to conduct

baseline analysis, the results of which are

presented in Table 5.1.

0.01
0.01
0.02
1.00

Table B.2: Number of products within each product ype for the sample used in

the estimation of the impact on relative prices oPLs

Product type N of NBs N of PLs

Wheat Flour 8 2
Bulgur Wheat 12 3
Biscuit (plain) 15 2
Biscuit (creamy) 17 3
Cracker (plain) 17 3
Wafer (chocolate covered) 17 3
Cookie 5 3
Cake 16 3
Thin Dough 8 1
Macaroni (plain) 15 3
Vermicelli (plain) 15 2
Cereal (plain or with cocoa) 18 1
Garlic-Flavored Sausage (mix of re:

. 10 1
and white meat)
Sausage (mix of red and white mea 9 1
Salami (red meat) 10 2
Salami (mix of red and white meat) 14 1
Meatball (raw) 12 2
Yoghurt (plain) 16 3
Ready Made Milky Sweets 11 3
White Cheese (full-fat) 14 4
Kasar Cheese (fresh) 14 3
Tulum Cheese 12 1
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0.01
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0.01
0.02
0.02
0.02
0.02
0.02
0.01
0.02
0.01
0.01

0.01

0.01
0.01
0.01
0.01
0.02
0.02
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Table B.2 (continued)

Cream Cheese (plain)
Cream Cheese

Butter

Margarine

Olive Oill

Sunflower Oil

Corn Oill

Canned Vegetables (green peas)
Canned Vegetables (garniture)
Canned Vegetables (Corn)
Tomato Sauce

Olive (black)

Granulated Sugar

Sugar Cubes

Jam

Honey

Grape Molasses

Halvah

Peanut Butter

Tablet of Chocolate
Chocolate Cream

Chewing Gum

Holiday Candy

Black Pepper

Chili Pepper

Condiment Spices

Salt

Baking Powder

Vinegar

Ketchup

Mayonnaise

Sesame Ol

Packaged Soup

Pudding

Turkish Coffee

Tea (tea bag)

Herbal Tea

Cocoa

Mineral Water (Plain)
Carbonated Fruity Beverages
Carbonated Fruity Beverages
Coke (1 It)
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10
15
13
15
11
15

10

10
12
15
11
15
14
13

25
11
21
15
18

12
13
12
15
12
16
13
11
18
14
13
17
14
13
15
18
15
15
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0.03
0.02
0.02
0.01
0.01
0.01
0.01
0.01
0.02
0.02
0.02
0.01
0.02
0.02
0.02
0.03
0.01
0.03
0.01
0.01
0.01
0.01
0.01
0.02
0.02
0.01
0.02
0.01
0.01
0.02
0.02
0.01
0.01
0.01
0.02
0.02
0.01
0.01
0.01
0.01
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Table B.2 (continued)

Ayran (1 It) 15 3 0.02
Fruit Juice (Small) 16 3 0.02
Fruit Juice (1 It) 16 3 0.02
Total 896 155 1.0

Note: Table shows the number of products remaiaftey CEM step balancing comparison groups by
product type. Fourth column shows the share of pastiuct type after CEM. This sample is used to
conduct baseline analysis, the results of whictpegsented in Table 5.4.
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C. TURKISH SUMMARY / TURKCE OZET

Covid-19 salgini ve buna karalinan tedbirler ekonomiler Gzerinde ani ve buyik
Olcekli etkiler yaratmgtir. Turkiye ekonomisi Uzerindeki en buyilk ve atkilerden
biri hanehalklarinin y@adiklari gelir kayiplari olmgiur. Covid-19 salgini ve ilgili
onlemlerin ardindan Turkiye'de tarimsdistihdam Mart 2020'de 6nemli 6l¢lide
azalmaya bgamistir. Bu istihdam kayiplarina ek olarak, birgok gah kisa ¢capjma
o0denginden yararlanngive gelirlerinin bir kismini kaybetgtir. Mayis 2020'de tarim
disi istihdamSubat ayindaki seviyesinin yizde 8,42 altinda kgtimiKisa cakma
o0denginden yararlananlar da dikkate alipihida, gelirinin bir Kismini veya tamamini
kaybeden cajan sayisi Mayis ayind8ubat ayi istihdaminin yizde 22,77'sine
ulasmistir. Ayrica, kisa cagma 0denginden yararlanamayan bazi gahlarin ticretsiz
izin almak zorunda kal@h da dikkate alinginda, gelir kaybina grayan hanelerin
sayisinin daha da biyik ofgu gorilmektedir. Bu yaygin gelir kayiplarinin,
tuketicilerin davrarglari ve tuketim mallarinin fiyatlar Gzerinde 6neratkilerinin
olabilecgi dustnulebilir. Stroebel ve Vavra (2019), servet gatinin tiketici
davranginda dgisikliklere neden olarak perakende fiyatlarindaséata yol acgtgina
dair dgrudan kanit gostermektedir. Coibion vd. (2015) verdga vd. (2019),
perakende fiyatlarinin boélgesejsizlik oranlarina 6nemli dlglide tepki vegdii
gostermektedir. Birlikte ele alingeinda bu cakmalar, perakende fiyatlarinirg i
dongulerini takip etfiini ve hanehalklarinin gelir @eimlerinden etkilendiini
gostermektedir. Ancak fiyatlar tzerindeki bu etkiléarkh kalite segmentlerine ait
artnler arasinda heterojen olabilir.

Raporladiklar etkilerin buyukgu farklilassa da, Lamey vd. (2007), Lamey vd.
(2012), Dube vd. (2018), Brancatelli vd. (2020)Jig&ayiplarini takiben, ulusal
markali (UM) drtnlere gore daha ucuz ve kalitedteraatifler olarak bilinen dzel
etiketli (OE) Urunlerin pazar payinin aginl gostermektedir. Daha gik kaliteli
mallara yonelik tiketici talebindeki bu tur bir@gm, fiyatlari tzerinde yukari yonlu

baskilar olgturabilir. Béyle bir mekanizmanin iki 6hemli ekondnsonucu olacaktir:
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birincisi, talep keullarinin toplam fiyat seviyesi Uzerindeki etkisiazaltacaktir;
ikincisi, durgunluk dénemlerinde, bu gik kaliteli Grtnleri halihazirda tliketen gik
gelirli tiketiciler icin ygam maliyetindeki dgsikliklerin daha yiuksek olmasina neden

olacaktir.

Bu calgmadaki amacimiz, Covid-19 tedbirlerinin yaratti gelir sokundan
yararlanarak, hanehalki geliri ile OE urunlerin gjoffiyatlari arasindaki nedensel
ili skiyi gostermektir. Temel olarak, OE ve UM iiriinlenit€ovid-19 6ncesi ve sonrasi
fiyatlari kagilastiriimakta ve bu fiyat désimleri arasindaki fark geligokunun etkisi
olarak yorumlanmaktadir. Bu amagla, oncelikleskagtirma gruplarinin sektorel
kompozisyonunu dengelemek amaciyla Coarsened Exdatching (CEM)
algoritmasini  kullanilng, ardindan farklarin farki modeli (DID) cercevesnd

karsilastirma yapiimstir.

Tahmin sonuglari, Covid-19 ve ilgili 6nlemlerin Ofyatlarinda UM fiyatlarina
kiyasla ortalamada ylizde 3,5 daha fazla afdusunu gostermektedir. Gi Urlin
gruplart ayri ayri dgerlendirildiginde ise bu etkinin farklihk gostegi tahmin
edilmektedir. Ulailan bu sonuglarin, OE fiyatlarina 6zgu etkiyi rokga bu trtinlerin
satildgl marketlerde (ucuzluk marketleri) gézlenen geigtfamayr mi yansitg da
ayrica test edilmngtir. Bu amagcla, ucuzluk marketlerinde satilan i fiyat
hareketleri ile dier marketlerde satilan UM’lerin fiyat hareketlerie d
karsilastirilmistir. Sonuclar, UM'lerin fiyatlarindaki ggsikliklerin, her iki market
¢esidinde de benzer olgunu gostermektedir. Dolayisiyla, gelir etkisininualuk
marketlerindeki fiyatlarin genelinde @k sadece OE fiyatlarinda olgu

anlaggiimaktadir.

Bu calsmada faydalanilan gelgokunun yaandgi dénemde, Tirk Lirasi énemli bir
deger kaybi yaamstir ve dolayisiyla kur gelimelerinin goreli fiyatlara yapagaolasi
bir etki bu calgmadaki tahmin kalitesini olumsuz etkileyecektir. Bebeple, Turk
Lirasi'nin 6nemli dger kaybi yaadg fakat hanehalklarinin gelirinde 6nemli bir

degisikli gin gorulmedgi bir baska donemdeki fiyat gelineleri de incelenngiir.
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Sonuglar OE ve UM urin fiyatlarinin déviz kuru gelelerine gosterdi hassasiyetin
benzer oldgunu gostermektedir. Dolaysiyla goreli fiyatlarin vdd kuru
gelismelerinden etkilenmegh ve bu camada raporlanan bulgunun doviz kuru

gelismelerinin yansimasi olmaglianlaiimaktadir.

Bu calsma, literattirin ¢gtli alanlarina katkida bulunmaktadir. Gatamiz, gelirin
PL Urunlerine olan talep Uzerindeki etkisine odaekia calgmalarla bglantilidir. Bu
calsmalar genellikle OE'lerin pazar payi veya hanelaaikin tiketim sepetindeki
PL'lerin pay! Uzerindeki etkiyi tahmin etmeye galaktadir. Lamey vd. (2007) ve
Lamey vd. (2012) zaman serisi yontemlerini kullakaPL'lerin pazar paylarinig i
cevrimlerinden etkilendini tahmin etmgtir. Elde ettikleri sonuglar bizim
bulgularimizla tutarlidir, ancak toplu verilerlepyan zaman serisi analizi nedensel
ili skileri gostermek igin yeterli dgldir. Dube vd. (2018) ABD'nin 2004-2012 donemi
icin ev tarama paneli verilerini kullanarak, han&h&iketimindeki 6zel etiketli Griin
payinin, gelir dgisikliklerine nasil tepki verdiini tahmin etmektedir. Brancatelli vd.
(2020), 2011-2018 donemini kapsayan Hollanda ewantar paneli verilerini
kullanarak, ayni tahmin prosedurini de izigimiHer iki calsma da OE’lerin toplam
tuketim icindeki pay! ile hanehalki geliri arasikdgers iligkinin istatistiksel olarak
anlamli oldgunu raporlasa da bugkinin boyutunun oldukca kicuk oldu tahmin
edilmigtir. Bu calsmalara iki ana elgiri getirmek mumkundir. Birincisi, gelir
degisikliklerinin OE'lerin paylar tzerindeki etkisinihane halkinin gelir diizeyine
gore dgisebilecgsi hesaba katiimarstir. Ornesin, yiiksek gelirli bir hanenin
yasayacaini yiizde 10'luk bir gelir kaybinin OE tiiketiminapacgl etkinin, orta ve
disuk gelirli hanelerdekine kiyasla daha sinirli olmsklenebilir.ikincisi, her iki
calismada da, PL'lerin paylarinin uzun vadeli artrggirai dogrusal bir dgisken ile
kontrol edilmg ve bu dgiskenin modele dahil edilmesinin tahmin sonuglarini
etkiledigi belirtiimistir. Buna kagin, PL'lerin Pazar payindaki uzun vadeli gefiilimi
dogrusal olmak zorunda @#dir; 6rnegin, pazar payinin azalan bir oranda artmasi
beklenebilir. Bu nedenle, bu c¢ahalarin sonuglari hanehalki gelirinin PL talebi

tzerindeki nedensel etkisi olarak yorumlanamaz.
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Bu calgmada kullandiimiz veri setimiz, hanelerin tiketimlerini icermgidigin
calsmamizda gelir kayiplarinin OE {rin talebine olarkisiti  dogrudan
gOsterememekteyiz. Buna kar calsmamiz da OE urunlerin goreli fiyatlarinin
hanehalki geliriyle ters negatifgkili oldugu ve iliskinin gelir ile OE talebi arasindaki
negatif iliskiden kaynaklangn tartsiimistir. Covid-19 tedbirleri ani ve gsal bir
negatif gelirsoku yarattg icin fiyatlar Gzerindeki etkisi kisa stirede bgiimesmistir.

Bu sebeple sonuglarimizin uzun vadeli trendlerdtkieememekte ve nedensel
ili skiyi gostermektedir. Covid-19'unsglct piyasas! Uzerindeki etkilerine paralel
olarak, OE goreli fiyatlarindaki agtn soktan sonraki iki buguk ay icinde yuzde 3,5
seviyesine ulgigini tahmin edilmektedir. Ayni donem icin OE urtimém pazar
payinda herhangi bir diis olmadgini gosteren toplukairilmis veriyle (Ipsos, 2020)
birlikte deserlendirildiginde, sonuglarimiz, hane geliri ile OE talebi amdaki

ili skinin Dube vd. (2018) ile Brancelli vd. (2020) tarelan raporlanandan daha guglu

olduguna karet etmektedir.

Calsmamiz, § cevrimlerinin perakende fiyatlari Uzerindeki etkes odaklanan
literatire de katkida bulunmaktadir. Stroebel vevrda(2019), ara¢ deésken
(Instrumental variable) stratejisini kullanarak konfiyati artglarinin perakende
fiyatlari Gzerindeki etkisini tahmin etgtir. Elde ettikleri sonuclar konut fiyatlarindaki
artisin perakende fiyatlarinda agiyol agtgini ve bu etkinin ev sahibi yonlugunun
yuksek oldgu mahallelerde daha gugcli ofgltnu gostermektedir. Yazarlar, konut
fiyatlari arttikga ev sahiplerinin daha fazla haneayaptgini; ancak jenerik trinlerin
ve indirimden satin alinin Urdnlerin toplam tiketigindeki payinin azalgini
gostermektedir. Fer bir deysle, konut fiyatlarindaki arg) ev sahiplerinin servetini
arttirarak onlarn perakende fiyatlarina daha azaduyale getirmektedir. Camada
sunulan sonuglar, tiketici davramda gozlenen bu g@eimin, perakendecilerin kar
marjinin ve dolayisiyla tiketici fiyatlarinin artmaa sebep oldwnu gostermektedir.
Coibion, Gorodnichenko ve Hong (2015) yerel ekorforkosullarin perakende
fiyatlari Uzerindeki etkisini incelentir. Calismanin sonuglari perakende fiyatlarinin
yerel ksizlik oranlarina gugli bgekilde yanit verdiini gostermgtir. Hem Stroebel ve
Vavra (2019) hem de Coibion, Gorodnichenko ve H¢2@15), § dongulerinin
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tuketici davramglarini aracilglyla perakende fiyatlarini etkilegini gostermektedir.

Bizim calsmamiz bu etkinin farkli kalite segmentlerindeki ihigr arasinda heterojen
oldugunu gosterdiini icin bahsedilen c¢amalari tamamlayici niteliktedir.
Sonuglarimiz, ekonomik kallar kotiletiginde, diguk kaliteli OE'lerin daha yiiksek

kaliteli UM'lere gore daha fazla pahastigini gostermektedir.

Calsmamiz, farkh gelir gruplarindan hane halklari amdaki ygam maliyeti

farkliliklarina odaklanan agarmalarla da bgantilidir. Argente ve Lee (2017), farkli
gelir gruplarindaki tuketiciler icin ayri ayri fiyaendeksileri hesaplamive

hesaplamay! yaparken tiketicilerin (zerinden 6deyaptiklari nihayi fiyatlari

kullanmstir. Elde ettikleri sonuglar, giik gelirli hanehalklari igin gegim maliyeti
enflasyonunun, yuksek gelirli hanehalklarina kiga2008-2013 déneminde 6nemli
Olclide daha yuksek oldunu gostermektedir. Asairmacilar farkh gelir gruplarinin
enflasyon oranlari arasindaki farki B#alerine aystirdiklarinda, bu duruma
sebebiyet veren belirleyici mekanizmanin yiksekrigetiketicilerin yaptgl kalite

ikamesi oldgu gorulmigtir. Buna gore gelir kaybi yandginda gérece yiksek gelirli
tiketiciler daha kalitesiz Urtinlere yonelereksgrm maliyetini sinirlandirmaktadir
fakat hali hazirda kalitesiz urln tiuketensidki gelir grubu igin bdyle bir marj
bulunmamaktadir. Sonuclarimiz bu bulguyu tamamlayiteliktedir. Argente ve Lee
(2017) tarafindan ortaya konan bulgular, ekonomakatina donemlerinde yuksek
gelir grubundaki tiketicilerin gorece dahasdki yasam maliyeti enflasyonu ile
karsilastigl ve duk kaliteli Grinlere olan goreli talebin apini isaret etmektedir.

Bizim c¢alsmamiz bu tip bir mekanizmanin gik kaliteli Grtin fiyatlarinda yukari
yonli bir baski yapgini gostermektedir. Buna gore artan taleplgl#ukaliteli

artnlerin goreli fiyatlarinda agtigézlenmsg ve bu durum hélihazirda bu Grdnleri
tiketen digik gelirli tiketicilerin ygam maliyetini arttiran ilave bir kanal

olusturmustur

Bu calsmada hane halki geliri ile OE urunlerin goreli figan arasindaki ki
incelenirken Covid-19'a kar alinan onlemlerin sebep olglu gelir kayiplarindan

yararlaniimgtir. Tim dunyada oldiu gibi Turkiye’de de Covid-19'un yayilimini
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kisitlamak amaciyla bir takim 6nlemler aligtm Turkiye'de atilan ilk resmi adim 10
Ocak 2020'de Koronavirlis Bilimsel Dama Kurulu'nun kurulmasi olmngtur. Daha
sonra havalimanlarina termal kamera takilmasi,w@ka bildirilen tlkelerden gelen
yolcularin taranmasi, Cin vb. Ulkelerden tim gigun durdurulmasi gibi dnlemler
alinmstir. Buna kagin Covid-19, Turkiye'nin gineydm sinirindaki korsu Ulke
Iran'da goriilen vaka agtarindan sonraSubat 2020'nin ikinci yarisinda ana akim
medyada giindem haline gefini. Tirkiye 23Subat'tairan'la olan sinirini kapatstir

ve ardindan gisi ¢cikisi yasaklanan ulkelerin listesi gelatilmistir. Mart ay! bainda
halka acik yerlerde dezenfeksiyon gadalari yapilmaya b#ganmsg ve bazi 6zel sektér
firmalari evden ¢cajmaya gecnstir. Sazlik Bakani Fahrettin Koca, 11 Mart'ta ilk
Covid-19 vakasini ve 17 Mart'ta ilk 6lumua agiklamm (Sekil 3.1). Mart 2020'nin
sonraki gunlerinde okullar kapatilarak uzaktgitime gecilmg; restoranlar, kafeler
ve ealence yerleri gecici olarak kapatilgnifabrikalar tretimlerini durdurmaya
baslamis ve sok&a cikma yasaklari uygulangtir. Nisan ayl banda Tarkiye'nin 31
sehrindesehirlerarasi seyahatler kisitlargtm. Bu dnlemlerin ardindan Turkiye'deki
hareketlilik keskin birsekilde azalmy (Sekil 3.2) ve fabrikalarin kapanmasi elektrik
dretiminin Covid-19 6ncesi seviyesinin ylzde 20raltdgmesine neden olngtur
(Sekil 3.3). Bu 6nlemler Mayis 2020'de kismen kalohrgtir. Fabrikalar Mayis ayinda
yeniden faaliyete gecerken, restoranlar, kafelebae glence mekanlari Haziran
ayinda tekrar acilmgtir. Bu aylardasehirlerarasi seyahatlerle ilgili nlemler kademeli
olarak kaldiriimgtir. Kasim 2020'de, artan Covid-19 vakalarinaskgeni onlemler
getirilmig, restoranlar ve kafeler yalnizca paket yemek fgamet verecelgekilde
sinirlandiriimg ve sokg@a cikma yasaklarinin daha gelk bir versiyonu tekrar
uygulamaya girngtir. Bu tedbirler $glict piyasasi Uzerinde énemli etkiler yaratmi
Bu gelgmelerin sebep olaga kalici zararlarin sinirlandiriimasi amaciyla, i
sOzlemelerinin firmalar tarafindan feshedilmesi 16 Nisd?020 tarihinde
yasaklanmygtir (7244 sayili Kanun). Dolayisiyla bu tarihntemsofirmalar kisa sireli
calisma dcreti icin yapilan s0zlmeleri iptal edememngiveya ¢alganlarina tcretsiz izin
vermis veya kisa ¢cagma 6dengine bgvurmustur. Bu gelgmelere paralel olarakgkil
3.4 tarim dgi istihdamin Mart ve Nisan 2020'de c¢arpici gakilde digtugini, ancak
disisiin Mayis 2020'de yaymdigini gostermektedir. Ote yandan, Nisan 2020'de
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onemli sayida cajan insan kisa sureli ¢gina tcretinden yararlanmayaskzamnistir
(Sekil 3.5).

Resmi istihdam istatistikleri, Mayis ayindaki istdminSubat ayindaki seviyesinin
yuzde 8,41 altinda olgunu gdstermektedir. Kisa ¢ggha ddenginden yararlananlar
da dikkate alindanda, gelirlerinin en azindan bir kismini kaybedahsan sayisi
Subat istihdaminin yiizde 22.77'sine sntmktadir. Ote bu sayilara dahil olmayip
Ucretsiz izin almak zorunda kalan veya kegifiiyapip sini kaybeden énemli sayida
kisi bulundygu bilinmektedir. Ozetle, Covid-19 ve ilgili 6nleerl hanelerin 6nemli
bir kisminin gelirlerinin en azindan bir kisminykatmesine neden olrgtur. Tlrkiye
Hukameti, Covid-19'un ekonomi Uzerindeki etkileriinirlandirmak icin bir dizi
onlem almgtir., TCMB (2020) enflasyon raporunun bilgilendirigutusunda bu
Onlemleri G¢ olarak siniflandirmaktadir: 1) malilgmler, 2) finansmana @&ini
kolaylastirmak igin alinan onlemler ve (3) istihdami surdék ve dezavantajl
gruplari korumak igin sosyal dnlemler. Son grugrhibaslamimizda dnemli bir yere
sahiptir. Bu gruptaki hanelere gradan verilen bglica parasal desteklgunlardir:
Kisa sireli dden®, issizlik sigortasi 6demesi ve muhtag ailelergla@an nakdi
yardimlar. Aile, Cama ve Sosyal Hizmetler Baka@inin paylatig verilere gore,
bu dgrudan ddemelerin toplami 18 Mayis'ta 11,6 milyaty€L(10 milyon kgiye /
hane halkina 6denen) wgiaistir. Toplam destek tutari Temmuz ayi sonunda 29,7
milyar TL'ye ve Aralik ayl sonunda 45,2 milyar Te'wlamistir. Bu veriler, devlet
desteklerine r@men hanehalklarinin pandemi nedeniyle ciddi gelayiglan

yasadgini gostermektedir.

Bu calsmada kullanilan veriler, TCMB tarafindan ay ici dtygelsmelerini takip
etmek amaciyla toplanan fiyatlardan w@whus gizli veri setinin bir parcasidir.
Dolayisiyla, camada kullanilan veriler resmi tuketici fiyatlari ngni temsil
edebilmektedir. Bu verilerin bir kismi gevrimiciy@aklardan toplanirken, ger kismi

supermarketleri ve ngazalari ziyaret eden bir ekip tarafindan toplanmaut
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Aragtirma sorumuz dgrultusunda bu ¢caimada, TCMB veri setinin bir alt kimesi
kullaniimistir. Bu alt kiime, indirim marketlerinde satilan aidirinlerini ve bu
artinlerle ayni tirde olup ger marketlerde satilan triinleri kapsamaktadir.égilrsis
kisim, Aralik 2019'dan Aralik 2020'ye kadar olamei icin 1404 farkh Grinin
fiyatlarini iki haftalik frekansta icermektedir. gak, bu Urinlerin 99'unun fiyatlar
tim doénem icin mevcut gédir. Fiyatlar eksik olan ve aykiri davratar sergileyen
artnler cikarildiktan sonra, 1287 farkli Uriindensah dengeli bir panel veri setine
ulasiimistir. Veri setimiz 9 farkli sipermarkete ait fiyatlan olgymaktadir. Bu
marketler arasindsiok, A101 ve Bim indirim marketleri olarak siniflanchaktadir.
Tablo 3.1, veri setimizin marketlere ve iiriin efikigtine (OE veya UM) gore icegdi
urtn sayisini gostermektedir. Tirkiye'de sadecéndirzonemli sayida OE uruni

satmaktadir ve verimiz 3 markette satilan OE uniikegpsamaktadir.

Bu ¢calsmadaki amacimiz, hane halkinin gelirindekiigikliklerin OE'lerin fiyatlarini
(UM'lere gore) nasil etkiledi sorusuna cevap vermektir. Covid-19'a «aalinan
onlemler ani ve blyuk oOlgekli bir gelioku yarattg icin ilgili ddnem bu soruya cevap
vermek igin uygun bir firsat sunmaktadir. Hanehalkigelir kaybi ve gelir kaybi
beklentisi ani birsekilde gerceklgigi icin, talepteki olasi bir dgsimin ve bu
degisimin fiyatlara yansimasinin da kisa sirede gerggldsi beklenebilir. Bu
sebeple gelir etkisini tanmin etmek icin, OE ve WMinlerinin fiyatlarindaki dgisim
farklarin ~ farki  (difference in differences, DID) i cercevesinde

karsilastirilmaktadir.

Tablo 3.1'de goruldiii gibi veri setimizdeki tiim OE'ler ucuzluk marketkarafindan

satiimaktadir. Bu nedenle, OE'ler ve UM’lerin tastinimasiyla elde edilecek
tahmin, ucuzluk marketlerindeki genel fiyatlama i@asini yansitabilir. Bu sebeple
oncelikle ucuzluk marketlerinde satilan UM’ler digzser marketlerde satilan UM’ler
karsilastiriimis, fiyat desisimleri arasinda bir farkin olmagligozlendikten sonra OE

ve UM kasilastiriimasina gecilngtir.
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Bir DID analizindeki temel varsayimgokun olmadg durumda kamnlastirma
gruplarinin paralel bir@lim izleyecezidir. Bizim ¢alsmamizda bu varsayima yonelik
ug olasl tehdit vardir. Oncelikle, k#astirma gruplari farkli mevsimsel yapiya sahip
olabilir ve tahminimiz gelir etkisi yerine bu mewssellikler arasindaki farklg
gosteriyor olabilir. Veri setimiz bu durumu gradan kontrol etmek igin yeterli
degildir fakat gruplarin farkli mevsimsel yapilarinofacgs bir durumda bu gruplar
kapsayan toplu fiyat endeksinin de mevsimselliktgsesi beklenebilir. TCMB
raporu (2021) sienmis gida enflasyonunda mevsimsgiti olmadgini belirtmektedir.
Ayrica, resmi TUFE verileri ile hesaplanan toplandagve alkolsiiz icecekler fiyat
endeksi (taze meyve ve sebze, patates ve kirminargy), istatistiksel olarak anlaml
bir mevsimsellik gostermemektedir. Bu sebeple stamugizin mevsimsellikten
etkilenmedgi degerlendirilmektedirikincisi, kasilastirma gruplarimiz arasinda bazi
sektdrel farkhhklar olabilir, bu olasi sektorerkliliklar sokun olmadgl bir durumda
bile kasilastirma gruplarinin farklilgmasina sebep olabilecektir. &&a bir deysle bu
olasi farkllik sektorlere 6zgugdimlerin tahmin sonuglarimizi yaniltmasina neden
olabilecektir. Bu sorunun ustesinden gelmek iginD Duygulamasindan o©nce,
karsilastirma gruplarini dengelemek igin ilk olarak Coaesgizxact Matching (CEM)
prosedurini (lacus, King ve Porro, 2012) kullargtmiUglincuisu, hanehalki negatif
gelirsokunu yaarken, Turk Lirasi 6nemli bir gier kaybi ygadi. Nakamura ve Zerom
(2010) ve Hong ve Li (2017), kalastirma gruplarimizin fiyatlarina doviz kuru
geckinin farkl olabilecgini ima etmektedir. Boyle bir durumda, DID tahminien
sadece gelir etkisini ¢& ayni zamanda doviz kuru etkisini de gostermesilénir. Bu
nedenle, doviz kuru gegnin Kkasilastirma gruplari arasinda farkhlik goésterip

gostermediini degerlendirmek icin ek bir analiz yapilgtir.

Ampirik analizimizde DID uygulamasi dncesinde skastirma gruplari arasindaki
sektdrel farkhliklari yok etmek icin CEM yontemilkaniimis béylece her 11-basamak
arin caidinin bu iki kasilastirma grubunda ayni paya sahip olmasilasamstir.
Ornesin CEM aamasindan sonra pastorize sit trnlerigikatirma gruplarindaki
pay! ayni olmstur. Kagilastirma gruplarini arasindaki dengelsadiktan sonra gelir
etkisi denklem 4.1 ve 4.2 arag@iyla tahmin edilmitir.
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Yukarida da anlatilgh gibi ancakSubat 2020’nin ikinci yarisinda Turkiye de gindem
olmustur. Bu donemin Oncesinde fiyatlar tzerinde Cowd-Raynakli bir etki
olmayacd! icin 1 Aralik 2019 ve 15ubat 2020 donemi Covid-19 6ncesi donem
olarak tanimlanmtir. Gelirsokunun fiyatlari etkilemesi bir miktar zaman algecalan
oturd takip eden 2,5 aylik dénem analizdeglashmstir. 1 Mayis ve sonrasindaki 2,5

aylik periyot ise Covid-19 sonrasi donem olarakrtdanmustir.

ln(Pi,t,m) =a+6x* (Ucuzluk, XT,)) +e*T; + f; (4.1)
In(P;) =p+pB*(OE;XT)+1*T;+f; (4.2)

1, Ucuzluk Marketi

T — {1, Covid — 19 Sonrast
i = 0, Diger

0, Covid — 19 Oncesi Discounty, = {

{1, Ozel Etiketli Uriin
0, Ulusal Markali Uriin

Bu formilasyonda P d@ekeni Urin fiyatlarini gosterirken i, t ve m sirdaiyirina,
zamani ve Urunun satiflimarketi gostermekte ve f_i her bir Grln icin lamlilan
kukla desiskenleri gostermektedir. Denklemlerdekive p parametreleri sirasiyla
ucuzluk marketlerinde satilan ulusal markal Griinlgdiger marketlerde satilan
UM’lere kiyasla) ve 0zel etiketli Grinlerin (UM’lerkiyasla) goreli fiyatlari Gzerindeki
gelir etkisini gostermektedir. Regresyon sonuglaporlanirken market bazinda

siniflanmg standart hatalar kullanilgtir.

Calsmamizin sonugclar kismina gecilmeden 6nce dovizrdan tiketici fiyatlarina
geckin karilastirma gruplarimiz arasinda farkglp farklilasmadg) test edilmgtir.
Bunun icin herhangi bir gelgokunun ygaanmadg fakat Turk Lirasinin dnemli bir
deger kaybi gosterdi Agustos-Ekim 2020 doénemi denklem 4.2 cercevesinde
incelenmgtir. Tablo 4.1’de sunulan sonuglara gorguatos-Ekim doneminde fiyatlar

ile Mayis- Temmuz donemi fiyatlari kalastirildiginda fiyat dgisimleri her iki
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karsilastirma grubu icin de benzerdir. Buna gore OE uriinlgoreli fiyatlarinin (UM

artnlere kiyasla) déviz kurundan etkilenm@ajortlmektedir.

Yukarida da bahsedilgli gibi calismamizda éncelikle ucuzluk marketlerinin geneline
yansiyan bir gelir etkisi olup olmatlitest edilmgtir. Tablo 5.1, denklem 4.1 ile
yapilan tahminleri sunmaktadir. Buna gore her ildrket grubunda satilan ulusal
markali Urlin fiyatlarsok doneminde benzer gigimler géstermytir ve goreli fiyatlari
Uzerinde istatistiksel olarak anlamh bir gelir istkoulunamanytir. Denklem 4.1
¢ssitli Grtin gruplari icin ayri ayri tahmin ediglnde de benzer bir sonug gorulmektedir
(Tablo 5.2). Ayrica her bir ucuzluk marketinde lsatti UM’ler diger marketlerde
satilan UM’ler ile ayri ayri karlastinldiginda da istatistiksel olarak anlamli ve pozitif
bir etki gérilmemektedir (Tablo 5.3).

Tablo 5.4, denklem 4.2 ile yapilan tahmin sonuglesunmaktadir. Buna goére Covid-
19 6nlemleri sonucunda ortaya ¢ikan negatif gelu, OE urln fiyatlarinin UM triin
fiyatlarindan ortalama ylizde 3,5 daha fazla artneasebep olmgtur. Farkli Grtin
gruplari ayri ayri incelenginde goreli fiyatlar Gzerindeki gelir etkisinin tri@rubuna
gore deaisiklik gosterdgi gozlenmektedir (Tablo 5.5). Ayrica her bir uculkelu
marketinde satilan OE Urunlerin goreli fiyatlarriagyri incelendiinde tahminlerin

tamaminda benzer bir etki gorulmektedir (Tablo 5.6)

Covid-19 6nlemleri hane halkinin gelirlerinde 6nibit kayba sebep olngtur. ilgili
literattr bu tip gelir kayiplari sonucunda tikdécdin kalite ikamesi yaparak gorece
daha ucuz Urtinlere yonegihi gostermektedir. Bu ¢aimada gelir kayiplarinin gérece
daha kalitesiz olan Urtnlerin goreli fiyatlarin&ist incelenmg ve bu etkinin talep
kanaliyla kaynaklangi tartsiimistir. Sonuclarimiz Covid-19 tedbirlerinin sebep
oldugu gelir kaybinin, OE urln fiyatlarinin ayni turdekiM fiyatlarina kiyasla
ortalamada yiuzde 3,5 daha fazla gntin gostermektedir. Bulgularimiz Ipsos (2020)
verileriyle birlikte degerlendirildiginde, Covid-19 ile birlikte OE urtinlere olan talebi
arttigini gostermektedir. Bu sonugclar, iki temel makroskoik ¢ikarima garet

etmektedir. Birincisi, ekonomik faaliyetin perakenfilyatlari Gzerindeki etkisi, farkli
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kalite segmentlerindeki Urtnler arasinda heterd{ersergilemektedir. ikincisi,
halihazirda daha duk kaliteli GrUnler tiketen diik gelirli tlketiciler, ygam
maliyetlerinde daha ylksek attrla kagl kariya kalmaktadir. Dgilk gelirli
tiketicilerinin goreli satin alma guict azaldikgzelrgelir dgilimi bozulma giliminde
olacaktir. Bu nedenle, sonuclarimiz, gekit®zligine duyarl politika yapicilari i¢in
uyarici nitelikte olup, durgunluk dénemlerindesdki gelirli tiketicilerin refah kaybi

yasadiklarina garet etmektedir.
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