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ABSTRACT

We analyse the timing, magnitude and income dependence of pharmaceutical panic
buying around the outbreak of the COVID-19 pandemic in Hungary. We use district-
level monthly and daily administrative data on detailed categories of pharmaceutical
purchases, merge them to income statistics and estimate multilevel panel models. Our
main results are as follows. First, the days of therapy (DOT) of pharmaceutical
purchases increased by more than 30% in March 2020, when major lockdown
measures were announced. This pattern holds for almost all categories of
pharmaceuticals. Second, shortly after the panic reactions, the aggregate amount of
pharmaceutical purchases returned to their pre-shock levels, however, the frequency
of pharmacy visits decreased. Third, the panic buying reaction was significantly
stronger in richer geographical areas, where — according to the daily data — people also
reacted earlier to the pandemic-related news. Overall, the results suggest that panic

buying of pharmaceuticals can have detrimental effects on vulnerable populations.
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Jovedelmi egyenlétlenségek a gyogyszerek panikvasarlasaban

a COVID-19 jarvany kitorése idején

ELEK PETER — BiRO ANIKO — FADGYAS-FREYLER PETRA

OSSZEFOGLALO

A COVID-19 jarvany kitorésekor megfigyelhet6 gyogyszervasarlasi laz idézitését,
mértékét és jovedelemmel vald Osszefiiggését elemezziik Magyarorszagon. Jarasi (a
févarosban keriileti) szint havi és napi, adminisztrativ forrasbol szarmazo, részletes
gyogyszerkategoridkra vonatkozo vasarlasi adatokat hasznalunk, ezekhez jarasszinti
jovedelemadatokat rendeliink, és panelmodelleket becsiiliink. F6 eredményeink a
kovetkezdk. ElGszor is, a vasarolt gyogyszermennyiség (a terapias napok szamaban
[DOT] mérve) tobb mint 30%-kal n6tt 2020 marciusaban, a lezarasok bejelentésének
honapjaban. Ez a mintazat a gyogyszerek szinte minden kategéridjara érvényes.
Masodszor, a vasarolt gyogyszermennyiség roviddel a panikreakecié utdn visszatért a
sokk el6tti szintjére, azonban a gyogyszertari latogatasok gyakorisidga lecsokkent.
Harmadszor, a panikvasarlasi reakcio 1ényegesen erésebb volt a gazdagabb jarasokban,
ahol — a napi szintli adatok szerint — a lakossag raadasul korabban is reagalt a
jarvannyal kapcsolatos hirekre. Osszességében az eredmények arra utalnak, hogy a
gyogyszerek panikfelvasarlasa karos hatassal lehet a kiszolgaltatott lakossagi

csoportokra.

JEL: I12, [14
Kulcsszavak: COVID-19, egyenléGtlenség, gydgyszerkereslet, panikvasarlas



Income gradient of pharmaceutical panic buying at the

outbreak of the COVID-19 pandemic*

Péter Elek™?, Aniké Biré!, and Petra Fadgyas-Freyler?

Centre for Economic and Regional Studies, Hungary
2Corvinus University of Budapest, Hungary

3National Health Insurance Fund Administration, Hungary

March 2021

*Bir6 and Elek were supported by the “Lendiilet” program of the Hungarian Academy of Sciences (grant
number: LP2018-2/2018). Elek was supported by the Jdnos Bolyai Research Scholarship of the Hungarian
Academy of Sciences and by OTKA (National Research, Development and Innovation Fund) research grant

No. 134573. Baldzs Mayer provided excellent research assistantship.



Abstract

We analyse the timing, magnitude and income dependence of pharmaceutical panic
buying around the outbreak of the COVID-19 pandemic in Hungary. We use district-
level monthly and daily administrative data on detailed categories of pharmaceutical
purchases, merge them to income statistics and estimate multilevel panel models. Our
main results are as follows. First, the days of therapy (DOT) of pharmaceutical pur-
chases increased by more than 30% in March 2020, when major lockdown measures were
announced. This pattern holds for almost all categories of pharmaceuticals. Second,
shortly after the panic reactions, the aggregate amount of pharmaceutical purchases
returned to their pre-shock levels, however, the frequency of pharmacy visits decreased.
Third, the panic buying reaction was significantly stronger in richer geographical ar-
eas, where — according to the daily data — people also reacted earlier to the pandemic-
related news. Overall, the results suggest that panic buying of pharmaceuticals can
have detrimental effects on vulnerable populations.
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1 Introduction

The rapid spread of the COVID-19 disease in the first months of 2020 caused high levels of
anxiety in societies and hence resulted in panic buying, i.e. in hoarding of basic necessities
including pharmaceuticals. Panic buying can be a rational reaction because potential supply
disruptions, the anticipated restriction of movement and the risk of disease transmission
during store visits all have the effect of increasing optimal inventory holdings. Also, a crisis
might lead to higher future prices, increasing current demand. However, the phenomenon
of panic buying is socially costly because it can lead to shortages and thus heighten the
anxiety about the pandemic (Keane and Neal, 2021)). Shortages are especially costly for
the vulnerable for whom shopping can be challenging, hence policy interventions may be
necessary to address the detrimental impact of panic buying on them (Besson| 2020)).

A growing body of the literature uses high-frequency transaction data to analyse the
impact of the COVID-19 pandemic on consumer spending (Baker et al., [2020; (Carvalho
et al., [2020; Chetty et al., 2020; |O’Connell et al., 2020, among many others) but there is less
large-scale empirical evidence on the impact of the pandemic on pharmaceutical purchases.
The available literature suggests that while the outbreak of the pandemic lead to a dramatic
decrease in the utilisation of outpatient healthcare services (Ahn et al., [2020; Cantor et al.
2020; Chatterji and Li, [2021; [Ziedan et al., 2020)), there was also a temporary surge in
the purchases in pharmaceuticals. Using weekly wholesale data from Germany, Kostev and
Lauterbach| (2020]) show evidence for a significant surge in purchases of medications for
various chronic diseases shortly prior to the COVID-19 lockdown. |Clement et al. (2020)

document a surge in the demand for prescription drugs in March 2020 in the US and also



prove that the likelihood of discontinuing some medications increased and the number of
new patients decreased after the spread of COVID-19. Our main contributions to this
evolving literature are twofold. First, we estimate the exact timing and magnitude of panic
buying of all categories of pharmaceuticals using administrative data of monthly and daily
frequency from Hungary. Second, by observing the district of the patients, we investigate the
socioeconomic differences in the patterns of pharmaceutical panic buying. While our focus is
on the impacts of the COVID-19 shock, the results have a broader relevance — Loxton et al.
(2020) document that consumer behaviour during the COVID-19 crisis appears to align with

behaviours exhibited during historic shock events.

2 Background

2.1 Milestones

In the first half of 2020, Hungary was moderately affected by the COVID-19 pandemic.
The first COVID-19 cases were registered on 5 March 2020, the first death occured on
16 March 2020. Until 30 June 2020, there were 4,145 cases and 585 deaths (out of the
population of 9.8 million) (WHO, 2020)). However, the rising numbers in nearby countries
were perceived as a major threat for Hungary around the end of February 2020, and this
was reflected by government communication and by the rising Google search intensity for
the term “coronavirus” (“koronavirus”, in Hungarian) or “covid” at that time (Figure [1).
On 11 March 2020, the Government declared state of emergency, banned large gatherings

and ordered the closure of universities. On 13 March 2020, the Prime Minister announced



the closure of schools as of 16 March 2020. Further lockdown measures were implemented on
16 March 2020, including the closure of the borders to foreign travellers and the ban of all
public events. Movement restrictions were introduced as of 28 March 2020: individuals were
allowed to leave their homes only for essential needs, exercise, and work-related reasons. The
restrictions were gradually eased from the end of April 2020, and the state of emergency was

lifted on 17 June 2020.

2.2 Imnstitutional background

In Hungary, user fees for prescription medications depend on the subsidy rates from the social
security, which vary between 25% and 100%, and are slightly less than 50% on average. To
get a prescription, patients have to contact a physician (typically the primary care physician)
either at a clinic or by phone. Outpatient and inpatient healthcare visits do not require co-
payments. Physicians are allowed to provide prescription for at most three-months’ supply
for patients with chronic conditions and for one month otherwise. (Gaal et al., 2011 provide

a detailed overview of the Hungarian healthcare system.)

3 Data

The prescription drug data originate from the National Health Insurance Fund Adminis-
tration, the single payer of the Hungarian healthcare system. The data are on the level of
the 197 districts of Hungary (LAU1 — local administrative unit level 1), with an average
population of about 50,000 people.

First, we have monthly information on the district-level days of therapy (DOT) as well as



the number of patients who bought medication for each first level ATC (Anatomical Ther-
apeutic Chemical) group, and specifically for antidiabetics (ATC A10), antihypertensives
(ATC C02-C03, C07-C09) and antidepressants (ATC NOGA). In the analysis we use per
capita values, after adjustment to the average gender and age distribution of Hungary. Time
coverage is January 2017 — July 2020.

Second, we have district-level daily data on per capita DOT of antidiabetics, antihyper-
tensives and antidepressants. Time coverage is 1 January 2020 — 30 June 2020.

We merge the dataset to the year 2017 values of district-level annual per capita tax-
able income, which originate from the National Regional Development and Spatial Planning

Information System (TelR).

4 Methods

First, we model log y;;, the logarithm of gender- and age-adjusted per capita monthly con-
sumption (DOT or number of patients) of a drug category in district ¢ in month ¢ (running

from January 2017 until July 2020) as follows:

12 7

log yir = agt + Bywy + Z Vi Mt + Z OqkM2020k,¢ + Pi + U + it (1)
j=1 k=1

where t is the time trend, w; is the number of working days in a month, mj; is the dummy
for calendar month j (j = 1,2,...,12), mapok, is the dummy for month £ in year 2020
(k = 1,2,,...,7 due to the date range) and p; is the district fixed effect. Note that all

parameters (oy, B, Vi, Oqr) are specific to the income tertile of the district (indexed by



q=1,2,3). The parameters of interest are d,;, which show the income-dependent deviation
of pharmaceutical purchases in the first seven months of 2020 from the trend and seasonality
of the preceding three years.

Since the monthly shocks are correlated across districts, we model the (composite) error
term as u; + €4, where u; is a random month effect, ¢;; is the residual, and they are zero-
mean, normally distributed, serially uncorrelated random variables, also independent from
each other. The model is estimated with maximum likelihood, using the mired command of
the Stata software package.

Second, for the daily data, let i denote the district and ¢ the working days. (We exclude
purchases on weekends and national holidays, which altogether make up around 5% of total
consumption.) Since the daily data only cover year 2020, we need to model intra-monthly
patterns in order to find the unusual days when purchases suddenly increased. As Figure
shows, purchases are highly seasonal within a month, and reach their maximum on the 12th
day (or on the last working day before), which is the time of the payment of pensions and

other pension-type benefits in Hungary. Hence we model log y;; as follows:
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log yir = Z (B0 +6518:) dj + Z Refie + A219-10 + Ap19410 + pi + v + unsi + €, (2)
j=-9 k=1

where dj; is the dummy variable indicating the j-th working day (=9 < j < 9) relative
to the above defined peak day of drug purchases within a month, fj; indicates within-week
seasonality (j = 1,2,...,5), while g_;; and g4, denote the working days before and after
a national holiday, respectively, and p; is the district fixed effect. The variable s; denotes

the average logarithmic income of district ¢, standardized to have zero mean. Hence the



parameter 0;; allows intra-month seasonalities to depend on district-level income.

We are interested in the deviation — and the income gradient of the deviation — of daily
purchases from their usual patterns, hence we model the random time effect as ug; + u14S;,
where ug; and uq; are both zero mean, serially uncorrelated, normally distributed random
variables, also independent from each other and from the e;; residuals. A high value of wug,
implies that purchases were unusually high on day ¢, while a high value of uy; indicates that
the difference between large- and low-income districts was unusually high on that day. We
estimate the model with maximum likelihood on data excluding February and March (the
two months that may contain the periods of panic buying), and then predict ug; and uy; for

the whole period.

5 Results

The descriptive plots of Figure [2] and the regression results of Appendix Figures
show that except for dermatologicals (ATC D) and antiinfectives for systemic use (ATC
J), there was a clear temporary surge in the purchases of all categories of pharmaceuticals
in March 2020. The magnitude of the jump ranged between 10% (e.g. antineoplastic and
immunomodulating agents, ATC L) and 40% (alimentary tract and metabolism, ATC A).
A regression of total DOT (of all pharmaceuticals) would yield an overall effect of 33% for
March 2020 (not shown in the Figures).

Focusing on three narrower groups of pharmaceuticals — antidiabetics, antihypertensives
and antidepressants —, the descriptive and the regressions results of Figures indicate

that the relative surge in March 2020 was much larger for per capita DOT (20-30%) than



for the number of patients (10% or less). Also, in April-July 2020, the number of patients
was well below the pre-shock level, while per capita DOT approached it. Hence the amount
of purchases per pharmacy visit increased from March 2020.

We also see that while the consumption of these three groups of pharmaceuticals is nor-
mally smaller in the richer districts, the relative magnitude of panic buying was larger in
them (for DOT, by 5-6% larger in the upper tertile and by 4-5% smaller in the lower tertile
than in the middle tertile). Actually, a more detailed regression analysis by income decile
shows that purchases of antidiabetic and antihypertensive medications increased dispropor-
tionately in the uppermost decile in March (by 8-10% more than the median), while the
differences in the other deciles were more gradual (Appendix Figure . Heterogeneity by
income holds for most other pharmaceutical categories as well (Appendix Figures .
For the three specific pharmaceutical groups, the relative drop in the number of patients
after March 2020 was also bigger in the richer districts (Figure |4]).

The results based on the daily data (Figure |5) show that in the case of antidiabetics and
antihypertensives, a significant income gradient (i.e. significantly positive uy; in equation )
appeared already at the end of February 2020, when the disease started to be considered as
a major threat for Hungary (see Figure . We also estimate a positive income gradient on
12-13 March 2020, the days before the peak of panic-buying (16 March), indicating that the
population of richer districts responded both earlier and more to the threat of COVID-19.
Finally, the value of ug; on 16 March shows that antidiabetic and antihypertensive purchases

were more than twice their usual values that day.



6 Discussion

We analysed the timing, magnitude and income dependence of pharmaceutical panic buying
around the outbreak of the COVID-19 pandemic in Hungary. We found that the days
of therapy of pharmaceutical purchases increased by more than 30% in the month when
major lockdown measures were announced. This pattern holds for almost all categories of
pharmaceuticals. The estimated relative increase is in line with the international evidence
on the magnitude of panic buying of pharmaceuticals (Kostev and Lauterbach, 2020) and of
other goods (Baker et al., 2020; O’Connell et al., [2020). Shortly after the panic reactions, the
aggregate amount of pharmaceutical purchases returned to their pre-shock levels, however,
the frequency of pharmacy visits decreased.

The panic buying reaction was significantly stronger in richer geographical areas, where
people also reacted earlier to pandemic-related news. While we focused on income differences
in panic reactions, income can be considered as a composite indicator of socioeconomic
position, access to healthcare and access to information. Indeed, district-level income in
Hungary is strongly negatively correlated with e.g. the distance to the nearest pharmacy or
with the district-level ratio of unfilled primary care practices (Bir6 et al., 2021), but strongly
positively correlated with the ratio of internet subscribers in the district (based on TelR
data). We conclude that the income gradient in pharmaceutical panic buying can be driven
by three mechanisms: first, by direct income effects; second, by better access to pharmacies
and physicians in richer districts; and third, by better access to pandemic-related information
in richer districts.

Our results point out that panic buying of pharmaceuticals due to a major shock event

10



can have detrimental effects on the vulnerable population who can react to the shock only
with delays and to a smaller extent. This is particularly concerning if the panic eventually
leads to temporary shortages of pharmaceuticals. Therefore, it is essential that governments
prevent unnecessary stockpiling primarily with the help of appropriate communication and

quantity limits.
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Figure 4: Monthly effects by income tertile on DOT and number of patients per capita
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Figure 5: Results for DOT per capita based on daily data

16



References

Ahn, S.; S. Kim, and K. Koh (2020). Changes in healthcare utilization, spending, and
perceived health during COVID-19: A longitudinal study from Singapore. IZA Discussion

Paper 13175, IZA Institute of Labor Economics. http://ftp.iza.org/dp13715.pdf.

Baker, S. R., R. A. Farrokhnia, S. Meyer, M. Pagel, and C. Yannelis (2020). How does
household spending respond to an epidemic? Consumption during the 2020 COVID-19
pandemic. The Review of Asset Pricing Studies 10(4), 834-862. https://doi.org/10.

1093/rapstu/raaa009.

Besson, E. K. (2020). COVID-19 (coronavirus):  Panic buying and its im-
pact on global health supply chains. https://blogs.worldbank.org/health/
covid-19-coronavirus-panic-buying-and-its-impact-global-health-supply-chains|

accessed on 15 February 2021.

Bird, A., T. Hajdu, G. Kertesi, and D. Prinz (2021). Life expectancy inequalities in Hungary
over 25 years: The role of avoidable deaths. Population Studies 0, 1-13. https://doi.

org/10.1080/00324728.2021.1877332.

Cantor, J. H., N. Sood, D. Bravata, M. Pera, and C. M. Whaley (2020). The impact of
the COVID-19 pandemic and policy response on health care utilization: Evidence from
county-level medical claims and cellphone data. NBER Working Paper 28131, National

Bureau of Economic Research. https://doi.org/10.3386/w28131.

Carvalho, V. M., S. Hansen, A. Ortiz, J. R. Garcia, T. Rodrigo, S. Rodriguez Mora, and
P. Ruiz de Aguirre (2020). Tracking the COVID-19 crisis with high-resolution transaction

17


http://ftp.iza.org/dp13715.pdf
https://doi.org/10.1093/rapstu/raaa009
https://doi.org/10.1093/rapstu/raaa009
https://blogs.worldbank.org/health/covid-19-coronavirus-panic-buying-and-its-impact-global-health-supply-chains
https://blogs.worldbank.org/health/covid-19-coronavirus-panic-buying-and-its-impact-global-health-supply-chains
https://doi.org/10.1080/00324728.2021.1877332
https://doi.org/10.1080/00324728.2021.1877332
https://doi.org/10.3386/w28131

data. CEPR Discussion Paper 14642, Centre for Economic Policy Research. https:

//cepr.org/active/publications/discussion_papers/dp.php?dpno=14642.

Chatterji, P. and Y. Li (2021). Effects of the COVID-19 pandemic on outpatient providers
in the United States. Medical Care 59(1), 58-61. https://doi.org/10.1097/MLR.

0000000000001448.

Chetty, R., J. Friedman, N. Hendren, and M. Stepner (2020). The economic impacts of
COVID-19: Evidence from a new public database built using private sector data. NBER
Working Paper 27431, National Bureau of Economic Research. https://doi.org/10.

3386/w27431.

Clement, J., M. Jacobi, and B. N. Greenwood (2020). Patient access to chronic medications
during the COVID-19 pandemic: Evidence from a comprehensive dataset of US insurance

claims. Available at SSRN: 3738323. https://doi.org/10.2139/ssrn.3738323.

Gadl, P., S. Szigeti, M. Csere, M. Gaskins, and D. Panteli (2011). Hungary: Health system

review. Health Systems in Transition 13(5), 1-266.

Keane, M. and T. Neal (2021). Consumer panic in the COVID-19 pandemic. Journal of

Econometrics 220(1), 86-105. https://doi.org/10.1016/j.jeconom.2020.07.045.

Kostev, K. and S. Lauterbach (2020). Panic buying or good adherence? Increased pharmacy
purchases of drugs from wholesalers in the last week prior to Covid-19 lockdown. Journal
of Psychiatric Research 130, 19-21. https://doi.org/10.1016/j.jpsychires.2020.

07.005.

18


https://cepr.org/active/publications/discussion_papers/dp.php?dpno=14642
https://cepr.org/active/publications/discussion_papers/dp.php?dpno=14642
https://doi.org/10.1097/MLR.0000000000001448
https://doi.org/10.1097/MLR.0000000000001448
https://doi.org/10.3386/w27431
https://doi.org/10.3386/w27431
https://doi.org/10.2139/ssrn.3738323
https://doi.org/10.1016/j.jeconom.2020.07.045
https://doi.org/10.1016/j.jpsychires.2020.07.005
https://doi.org/10.1016/j.jpsychires.2020.07.005

Loxton, M., R. Truskett, B. Scarf, L. Sindone, G. Baldry, and Y. Zhao (2020). Consumer
behaviour during crises: preliminary research on how coronavirus has manifested consumer
panic buying, herd mentality, changing discretionary spending and the role of the media
in influencing behaviour. Journal of Risk and Financial Management 13(8), 166. https:

//doi.org/10.3390/jrfm13080166.

O’Connell, M., A. De Paula, and K. Smith (2020). Preparing for a pandemic: Spending
dynamics and panic buying during the COVID-19 first wave. IF'S Working Paper W20/34,

Institute for Fiscal Studies. https://doi.org/10.1920/wp.ifs.2020.3420.

WHO (2020). WHO Coronavirus Disease (COVID-19) Dashboard data. https://covid19.

who.int/) last accessed: December 10, 2020.

Ziedan, E., K. I. Simon, and C. Wing (2020). Effects of state COVID-19 closure policy on
non-COVID-19 health care utilization. NBER Working Paper 27621, National Bureau of

Economic Research. https://doi.org/10.3386/w27621.

19


https://doi.org/10.3390/jrfm13080166
https://doi.org/10.3390/jrfm13080166
https://doi.org/10.1920/wp.ifs.2020.3420
https://covid19.who.int/
https://covid19.who.int/
https://doi.org/10.3386/w27621

Appendix

20



(a) A: Alimentary tract and metabolism (b) B: Blood and blood forming organs
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Note: Gender- and age-adjusted monthly DOT per capita on the logarithmic scale of the largest ATC1 drug
categories, by income of the district (split at the median income), January 2017 — July 2020.

Appendix Figure Al: Largest ATC1 drug categories: monthly DOT per capita by income
of the district
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(a) D: Dermatologicals (b) G: Genito-urinary system
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Note: Gender- and age-adjusted monthly DOT per capita on the logarithmic scale of further ATC1 drug
categories, by income of the district (split at the median income), January 2017 — July 2020.

Appendix Figure A2: Further ATC1 drug categories: monthly DOT per capita by income
of the district
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(a) Antidiabetics (b) Antihypertensives
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Note: Estimated decile-specific parameters (dqx in equation , with ¢ indexing income deciles here) for

March 2020 with 99% confidence intervals of gender- and age-adjusted logarithmic DOT for three drug
categories.

Appendix Figure A3: Effects for March 2020 by income decile
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(a) A: Alimentary tract and metabolism (b) B: Blood and blood forming organs
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Note: Estimated monthly parameters (d4, in equation ) with 99% confidence intervals of gender- and
age-adjusted logarithmic DOT per capita for the largest ATC1 categories in 2020, by income tertile of the
district. Heterogeneity of parameters by income tertile: (*) significant, (n) not significant at the 1% level.

Appendix Figure A4: Largest ATC1 categories: monthly effects by income tertile on DOT
per capita

24



(a) D: Dermatologicals

04

(b) G: Genito-urinary system

4 @ | {
o
o o {%
o o
| (Y et - Fihl i
8 L3001 G 0 H%
o
<
!
< o
T T T T T T T (3' L T T T T T T T
Jan (n) Feb (n) Mar (n Apr (*) May (*) Jun (n) Jul (n) Jan (n) Feb (*) Mar (*) Apr (n) May (n) Jun (n) Jul (n)
months of 2020 months of 2020
‘0 lower ® middle A upper ‘ ‘0 lower @ middle A upper ‘
(c) H: Hormonal preparations (d) J: Antiinfectives
< N
o { o
4 o
~ c T 7§~ Tl T T T T T T T T T T T T T T T TSRO
O‘ ] %
} N
g
S{=JT DO GENE R O RO -
g t i 1291 220 =2 {H
} t H{
@ |
< | <
e = ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ :
Jan (n) Feb (*) Mar ( Apr (*) May (*) Jun (n) Jul (n) Jan (*) Feb (*) Mar (n) Apr (n) May (n) Jun (n) Jul (n)
months of 2020 months of 2020
‘0 lower ® middle A upper ‘ ‘0 lower @ middle A upper ‘
(e) L: Antineoplastics, immunomodulation (f) S: Sensory organs
N
o N {
o
! ﬁ
} LS 23 |
g -{ g { }
N
N } }
gl
7 <
‘ ‘ ‘ ‘ ‘ ‘ ‘ = ‘ ‘ ‘ ‘ ‘ :
Jan (n) Feb (n) Mar (*) Apr (n) May (n) Jun (n) Jul (n) Jan (n) Feb (*) Mar (*) Apr (n) May (*) Jun (n) Jul (n)
months of 2020 months of 2020

‘0 lower ® middle A upper ‘

‘0 lower @ middle A upper ‘

Note: Estimated monthly parameters (J4 in equation ) with 99% confidence intervals of gender- and age-
adjusted logarithmic DOT per capita for further ATC1 categories in 2020, by income tertile of the district.
Heterogeneity of parameters by income tertile: (*) significant, (n) not significant at the 1% level.

Appendix Figure A5: Further ATC1 categories: monthly effects by income tertile on DOT
per capita
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