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ABSTRACT

ARTICLE HISTORY

In this article, we evaluate the lasting impact of the first-wave COVID-19 pandemic policies on unemploy-
ment during the post-first-wave period. Specifically, we analyze the causal effects of the Swedish first-wave
policies relative to the Norwegian ones on unemployment during the first-wave period (Q2 and Q3 2020,
where Q stands for quarter), the post-first-wave period (Q4 2020 and 2021-2024), and the complete period
(Q22020-Q4 2024). The Swedish first-wave policies led to an increase of unemployment with an estimate of
506 (95% Cl: 406, 607) more unemployment per 100, 000 labor force members during the first-wave period
in Sweden. However, the Swedish first-wave policies led to a reduction of unemployment with an estimate
of 585 (95% Cl: 485, 684) less unemployment during the post-first-wave period in Sweden. Furthermore, the
Swedish first-wave policies led to a reduction of unemployment with an estimate of 471 (95% Cl: 375, 567)
less unemployment during the complete period in Sweden. This provides causal evidence supporting the
view that mild first-wave public-health policies helped preserve supply chains and strengthen long-term
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economic resilience.

1. Introduction

Since the World Health Organization declared the coronavirus
disease 2019 (COVID-19) a pandemic on March 11, 2020,
countries around the globe have taken different approaches
for fighting the pandemic and improving the economy.
Typically, distinct policy sequences are implemented to dif-
ferent subpopulations—a process known as sequential policy
assignment—leading to a sequence of labor market outcomes
over time. Five years after the pandemic’s onset, a wealth of data
and studies has emerged, revealing how policy choices shaped
labor market outcomes (e.g., Chetty et al. 2024).

In evaluating the pandemic policies implemented under
sequential policy assignment, one often aims at the sequential
causal effects of a sequence of policies on a sequence of outcomes
across the policy implementation period (Born, Dietrich, and
Miiller 2021; Chetty et al. 2024; Barrett et al. 2025); a special case
of the sequential causal effect is the short-term causal effects of
policies in the sequence on the immediate outcomes. Methods
for identifying and estimating sequential causal effects are well
established. Parametric methods include regression, matching,
and subclassification or blocking (Rosenbaum and Rubin 1983).
Semiparametric methods include the inverse probability of

62P20; 62P25; 62D20; 62L10;
62L12

treatment weighting (Robins, Hernan, and Brumback 2000), the
doubly robust model (Bang and Robins 2005; Funk et al. 2011),
the synthetic controls and difference-in-differences models,
and the regression discontinuity designs (Imbens and Rubin
2015; Abadie and Cattaneo 2018; Callaway and SantAnna 2021).
However, another important aim is the long-term causal effects
of the first-wave policies on outcomes in distant periods. Despite
its critical role in policy evaluation, the long-term causal effect
remains highly contested in both the literature (e.g., Sveriges
Riksbank 2021; OECD 2023; Calmfors and Gassen 2024; Linden
2024) and the mass media (e.g., Baraniuk 2025).

If policies are randomly assigned (i.e., random policy assign-
ment), notably, the methods for identifying and estimating the
long-term causal effects are well known. The semiparametric
methods include the inverse probability of treatment weighting
(Robins 2009; Hernan and Robins 2020) and the G-estimation
(Robins 2009; Hernan and Robins 2020). Parametric methods
are also developed by applying the G-formula which identifies
the long-term causal effects by observables under a certain
identifying condition (Robins 1986; Taubman et al. 2009; Wang
and Yin 2015, 2020; Wang et al. 2022a; Wang, Wallentin, and
Yin 2022b). However, these methods do not apply to sequential
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policy assignments that assign different policy sequences to
different subpopulations.

In this article, we show how to identify and estimate the long-
term influences of policies on unemployment in distant periods
under sequential policy assignment. We will introduce a general
formula presenting a useful relationship between the long-term
and sequential causal effects on unemployment in the treated
subpopulation. By applying the general formula, we will identify
and estimate the long-term causal effect via sequential causal
effects in the treated subpopulation. Specifically, we will identify
and estimate the causal effects of the Swedish mild pandemic
policies relative to the Norwegian invasive ones in the first
wave on unemployment through 2024 in Sweden. The Swedish
and Norwegian populations exhibit comparable socioeconomic
structures, making them a frequent subject of comparative pol-
icy analysis (Vogel 2020; Brusselaers et al. 2022; Sachs et al.
2022).

The organization of the article is as follows. In Section 2,
we introduce the elements of identifying and estimating the
long-term causal effects in the Swedish population: the Swedish
pandemic policies versus the Norwegian ones, sequential policy
assignment and the observed data, the sequential and long-
term causal effects in terms of potential variables, and the gen-
eral formula describing the relationship between the sequen-
tial and long-term causal effects in the Swedish population
under sequential policy assignment. In Section 3, we present and
analyze the estimates for the sequential and long-term causal
effects of the Swedish policies relative to the Norwegian ones in
the Swedish population while leaving the mathematical details
and assumptions to Sections 4 and 5. In Section 4, we first
apply available methods to identify and estimate the sequential
causal effects in the Swedish population, then apply the general
formula to identify and estimate the long-term causal effects via
sequential causal effects in the Swedish population. In Section 5,
we outline sensitivity analysis of the long-term causal effect to
the identifying condition. Finally, in Section 6, we conclude the
article with discussions.

2. Elements for Evaluating the Long-Term Causal
Effects of Pandemic Policies on Unemployment

2.1. Swedish versus Norwegian Policies during and after
the First Wave and the Data Source

During the first wave of the pandemic between March and
August 2020, Sweden was representative of relaxed public health
polices; for instance, no mandatory limit on crowds in public
transport, in shopping malls, or other crowded places, and
schools and businesses remaining open. In contrast, Norway
was representative of the strict public health policies adopted
by most of the countries (Ludvigsson 2020; Erica 2021). Mean-
while, both countries took economic policies to avoid social and
economic meltdown with focus on unemployment benefits, job
retention schemes, active labor market policy, and skill policy.
As well studied in the literature, the public health policies had
an enormous impact on unemployment during the first-wave
period; for instance, Sweden had far higher unemployment rise
than Norway in 2020 (Sveriges Riksbank 2021; OECD 2023;
Calmfors and Gassen 2024).

Let Q stand for quarter throughout the article. After the
first wave, both countries gradually returned to normal public
health policies. Their economies experienced a quick recovery
in Q4 2020 and 2021 and then reversed to a strong inflation and
slowdown during 2022-2024 due to a supply-demand imbal-
ance fueled by the energy crises caused by Russian invasion of
Ukraine. Both countries adapted to the economic challenges
by adopting similar fiscal policies and monetary policies but
rather different active labor market policies. The difference in
labor market policies between the two countries arguably led to
poor unemployment in Sweden compared to Norway during the
post-first-wave period (Sveriges Riksbank 2021; OECD 2023;
Calmfors and Gassen 2024).

However, the long-term economic impact of the Swedish
first-wave policies during the post-first-wave period remains
controversial (Sveriges Riksbank 2021; OECD 2023; Calmfors
and Gassen 2024). Despite its importance for policy evaluation,
no evidence has been causally provided for the long-term eco-
nomic impact to the best of our knowledge. In this article, we
will identify and estimate the long-term causal effects of the
Swedish first-wave policies relative to the Norwegian ones on
unemployment during the post-first-wave period in the Swedish
population.

The data used is publicly available on the webpages of
Statistics Sweden (https://www.scb.se/en) and Statistics Norway
(https://www.ssb.no/en). It consists of demographic data such as
population density and economic data in different administra-
tive regions of the two countries.

2.2. Observed Data under Sequential Policy Assignment

Approximately, the pre-first-wave period is Q1 2020. The unem-
ployment situation in the Swedish and Norwegian populations
during this period is described by labor force and unemploy-
ment together with certain covariates characteristic of the two
populations. Throughout the article, labor force is measured
as the number of participants aged 15-74 in the labor market.
Unemployment is measured as the rate of unemployed people
among labor force.

We will consider three periods: the first-wave period, the
post-first-wave period, and the complete period. The first-
wave period is Q2 and Q3 2020. The post-first-wave period
ranges from Q4 2020 to Q4 2024. We divide the post-first-wave
period into the following subperiods: Q4 2020, 2021, 2022,
2023, and 2024. The complete period is both the first-wave
period and the post-first-wave period, that is, ranging from
Q2 2020 to Q4 2024. Because major policy implementations
and influential events such as the Russian invasion of Ukraine
occurred in approximately the same calendar time in the two
countries, we use the calendar time as the time axis for the
analysis.

Lett = 1,2,3,4,5,6,7,8denote the periods Q1 2020, Q2
2020, Q3 2020, Q4 2020, 2021, 2022, 2023, and 2024. Thus,
period 1 is the pre-first-wave period, period 2-3 is the first-wave
period, period 4-8 is the post-first-wave period, and period
2-8 is the complete period. During period 1, there were no
pandemic policies, but labor force L, unemployment R; and
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Table 1. Notations for observable variables and their observations versus potential variables and their realizations during the pre-first-wave period, the first-wave period,

and the post-first-wave period.

Pre-first-wave period First-wave period

Post-first-wave period

t 1 2 3 4 5 6 7 8
period Q1,2020 Q2, 2020 Q3, 2020 Q4, 2020 2021 2022 2023 2024
Observable variables X, 273, Z3, 2y, Zs, Ze, 77, Zg,
Ly, Ly, L3, Ly, Ls, Le, Ly, Lg,

R1 Ry R3 Ra Rs Re Ry Rg

Observations X 7 73 Zy z5 Zg z7 zg,
N Is le I7 Is, I I I3

n ry r3 Iy Is re r7 rs

Potential variables Dy D3 Dy Ds Dg D7 Dg
Ly (Dy) L (og Ly og) Ls (og L og) Ly (o;) Lg (D§
Ry (D) Rs (og Ra D‘z‘) Rs (og Re og) Ry (o;) Re (D§

Realizations F9) z3 Z4 Zs Zg z7 z3
I I3 Ia Is le I7 Ig

r r3 Iy Is re r7 rg

NOTE: Observable variables and their observations: covariate, labor force L1, and unemployment Ry during pre-first-wave period; policy Zt, labor force Lt, and unemploy-
ment Rt during period t (t = 2,...,8). Their observations are denoted by the corresponding lowercase letters. Potential variables and their realizations: the policy
assignment plan D, potential labor force L((Dg), and potential unemployment Rt(Dg) during period t (t = 2,. . ., 8). Their realizations share the same notations as the

observations.

a stationary covariate vector X, with their observations I, r;
and x.

Pandemic policies were assigned by sequential policy assign-
ment such that the Swedish policies sequence applied to Swe-
den and the Norwegian one to Norway. During period 2, the
policy variable Z, assigns z; = 1 to the Swedish pre-first-wave
population from period 1, whereas z; = 0 to the Norwegian
one, leading to the labor force and unemployment {L,R;}
with observation {l, r,} during period 2. During period t (t =
3,...,8), policy variable Z; assigns zz = 1 to the Swedish
population from period t — 1 and z; = 0 to the Norwegian
one to yield the labor force and unemployment {L;, R;} with
observation {l;, 7} during period ¢. The notations for stationary
covariate, policies, labor forces, and unemployment during peri-
odst =1,...,8are summarized in Table 1, together with those
of policy assignment plan, potential labor forces and potential
unemployment introduced in Section 2.3.

Notably, policy variable Z; (t = 2,...,8) represents a com-
posite policy, that is, a combination of multiple policies dur-
ing period t, for instance, z; = 1 stands for stacks of the
Swedish public health policies and economic policies during
period 2; however, our method readily extends to individual
policies within a broad set of policies. Furthermore, policy vari-
able Z; influences not only the unemployment R; during period
t but also unemployment R, during period s, a period after ¢
(s > 1). Finally, the labor force and unemployment {L;, R;} is
a time-dependent variable (also called posttreatment variable in
the literature), which has influences from the earlier policies and
on the subsequent policies.

Of interest are policy sequences. Let Z3 = {Z,,Z3} be the
first-wave policy sequence variable, which assigns the first-
wave policy sequence z3 = {1, 1} to the Swedish pre-first-wave
population from period 1 and z5 = {0,0} to the Norwegian
one, yielding the labor forces and unemployment {L,, Ry} and
{L3, R3} during the first-wave period. Let ZZ = {Zs4..., 78}
be the post-first-wave policy sequence variable, which assigns
the post-first-wave policy sequence z§ = 1% to the Swedish
first-wave population from period 3 and z§ = 0% to the

Norwegian one, yielding the labor force and unemployment
{L4, Ry} through {Ls,Rg} during the post-first-wave period.
Finally, let Z§ = {Z,,..., Z3} be the complete policy sequence
variable, which assigns the complete policy sequence z5 = 15
to the Swedish pre-first-wave population from period 1 and
25 = 03 to the Norwegian one, yielding the labor forces and
unemployment {L, R} through {Lg, Rg} during the complete
period.

Due to similar cultures and social economic policies in Swe-
den and Norway over the years, most of the stationary covariates
are similarly distributed in the two countries, such as gender,
age, education, social economic development, and immigrant
proportion, at least approximately. In such cases, in addition to
the initial labor force and unemployment, only a small set of
stationary covariates are needed to describe the unemployment
situation during the pre-first-wave period in the two countries.
In the context of the pandemic, population density (number of
inhabitants per square kilometers) is of high relevance to both
the pandemic transmission and economic activity. In our anal-
ysis, the stationary covariate used is density in administrative
regions of the two countries, that is, X = X with observation
X =x

Sweden is far more populated than Norway. We divide Swe-
den into six administrative regions with different population
densities. They are Stockholm, Skéne, Gothenburg, Halland,
Vistmanland, and the rest of Sweden. We do not divide Norway
because Norway had low COVID-19 incidence rate during the
first wave. Collapsing the source data, we obtain a table of seven
rows, each representing one observation: x, [, 11 — 22, b, 12 —
-+« — zg,1I3,r3. The data is given in the Data & Materials decla-
ration (Yin and Zenodo 2025) together with the code producing
the result of this article. Table 2 describes some characteristics
of the Swedish and Norwegian populations.

2.3. Potential Outcomes and the Causal Effects in the
Swedish Population

To formulate the long-term causal effect of the first-wave pol-
icy sequence on unemployment during distant periods, it is
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Table 2. Characteristics of the study population in regions of Sweden and Norway before COVID-19: (1) Stockholm, (2) Skane, (3) G6teborg, (4) Halland, (5) Vastmanland,

(6) the rest of Sweden, (1-6) Sweden as a whole, (7) Norway.

Subpopulations in regions

(4) (5) (6) (1-6) @

Characteristics (1) 2) 3)
Population size?, n x 103 2377 1378 1726
Sex?,n x 103 (%)

Male 1190(50.06) 688(49.93) 870(50.41)
Female 1187(49.94) 690(50.07) 856(49.59)
Age group?, n x 103 (%)

0-19 years, 571(24.03) 327(23.73) 398(23.06)
20-64 years 1426(60.02) 781(56.68) 992(57.47)
65- years 379(15.95) 270(19.59) 336(19.47)
Population density?, nper km? 365 126 73
Unemployment rate?, % 6.8 10.3 6.6

334 276 4237 10328 5328
168(50.30) 139(50.36) 2142(50.54) 5196(50.31) 2685(50.39)
166(49.70) 137(49.64) 2096(49.46) 5132(49.69) 2643(49.61)
80(23.95) 64(23.19) 964(22.75) 2404(23.28) 1255(23.55)
181(54.19) 152(55.07) 2326(54.90) 5858(56.72) 3154(59.20)
73(21.86) 60(21.74) 947(22.35) 2065(20.00) 919(17.25)

62 54 12 25 16

6.2 8.6 7.6 8.2 3.6

NOTE: Over a long period of time, Sweden and Norway are similar in social and economic systems, social welfare systems including public health policies, education systems,
and cultural traditions. Due to the slightly different categorization of these social characteristics between the two countries, their statistics are not listed here. Interested
readers are referred to official statistics available on the webpages of Statistics Sweden (https://www.scb.se/en) and Statistics Norway (https.//www.ssb.no/en).

9Based on December 2019
bBased on Quarter 1,2020.

convenient to use the Rubin’s causal model (Rosenbaum and
Rubin 1983), in which the causal effect is expressed in terms
of potential variables, identified and estimated by observable
variables under certain identifying conditions.

Like the observable variables presented in Section 2.2, there
are the following potential variables. Let D, be the policy assign-
ment plan during period 2, which would, though contrary to
the fact, deterministically assign policies z; = 1 and z; = 0
to both the Swedish and Norwegian pre-first-wave populations
from period 1, yielding the potential labor force and unemploy-
ment {L; (D2) , Ry (D)} with realization {I, 2} during period 2.
Similarly, during period t(t = 3,...,8), the policy assignment
plan D; would assign z; = 1 and z; = 0 to both the Swedish
and Norwegian populations from period t — 1 generated by
the earlier policy assignment plans {D, ..., D;_1}, yielding the
labor force and unemployment {L; (D) , R; (D5)} with realiza-
tion {l;, ¢} during period ¢t. The notations for policy assignment
plans, potential labor forces, and unemployment during periods
t =2,...,8are summarized in Table 1.

Corresponding to the policy sequence variables, there are
the first-wave policy regime, the post-first-wave policy regime,
and the complete policy regime. The first-wave policy regime
D3 = {D,,D3} would assign the first-wave policy sequence
23 = {22, 23} to both the Swedish and Norwegian pre-first-wave
populations from period 1, yielding the potential labor force
and unemployment {L, (D,), R, (D>)} and {L3 (D3),Rs (D3)}
during the first-wave period. The post-first-wave policy regime
Di = (D4, Ds,...,Dg} would assign the post-first-wave
policy sequence z§ = {z4,2s,...,2s} to both the Swedish and
Norwegian first-wave populations from period 3 generated
by Dg = ({D,, D3}, yielding the potential labor forces and
unemployment {Ls (D4) , R4 (D4)}, {Ls (D3) , Rs (D3) } through
{Ls (D}).Rs (DY)} during the post-first-wave period; an
important case of the first-wave populations generated by
D3 = {D,,Ds} is the observed ones generated by D} = Z3.

The complete policy regime DS = {D,,Ds,...,Ds} would
assign the complete policy sequence z5 = {z,z3,...,2s}

to both the Swedish and Norwegian pre-first-wave popu-
lations from period 1, yielding the potential labors force
and unemployment {L; (D;),R; (D2)}, {L3 (Dg) ,R3 (Dg)}
through {Ls (D3),Rg (D$)} during the complete period.

The causal effect we consider in this article is the average
treatment effect among the treated (ATT), that is, the causal
effect in the observed Swedish population. Firstly, we consider
sequential ATTs, which are well studied and can be identified
and estimated using available methods as described in the intro-
duction.

Let S; be the Swedish population from period 1, that is, the
Swedish pre-first-wave population. The sequential ATT of the
Swedish regime D% = 1} relative to the Norwegian one D, =
0}, on potential unemployment R; (D}) during period ¢ in S is
defined as

ATT(DS, Ris 1) = E{Ry (15) 1S1) — E(R, (04) IS4,
t=2,---,8. (1)

Here, the expectation E{R; (Dé) |S1} is with respect to
Pr{R; (Dj) |1} for D} = 15,05. Please notice that for t = 2
and t = 3, ATT(Dj, Rs; S1) reveals the sequential influence
of the Swedish first-wave policy sequence on unemployment
during the first-wave period. For t = 4,5,6,7,8, it reveals
the sequential influence of the Swedish policy sequence—
that is, the joint sequence across both the first-wave period
and the post-first-wave period—on unemployment during
the post-first-wave period. The policy sequence D) = 1
is observed in the Swedish population and D}, = 0} in the
Norwegian one. Therefore, one can use available methods
to identify and estimate these sequential ATTs if one can
adjust for the difference between the two pre-first-wave
populations.

Let S3 be the Swedish population from period 3, that is,
the Swedish first-wave population. The sequential ATT of the
Swedish post-first-wave policy regime D) = 1] relative to the
Norwegian one D = 0} on potential unemployment R; (D})
during period ¢ in S3 is defined as

ATT(Dj, R; S3) = E{Ry (13) 1S3}
— E{R; (0}) IS3},t=4,...,8  (2)
where E{R; (Dfl) |S3} is with respect to Pr{R; (Dfl) |S3} for D}, =
14,0%. ATT(D}, Rs; S3) reveals the sequential influence of the

Swedish post-first-wave policy sequence on unemployment dur-
ing the post-first-wave period. The two policy sequences are
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observed in the Swedish and Norwegian populations respec-
tively. Therefore, one can use available methods to identify
and estimate these sequential ATTs if one can adjust for the
difference between the two first-wave populations.

Now, we consider the long-term influence of the Swedish
first-wave policy sequence relative to the Norwegian one on
potential unemployment during the post-first-wave period. We
divide the policy regime D), into D}, = {D3,D}{}(t = 4,...,8),
where Dj is the first-wave policy regime and D), is the post-
first-wave policy regime. Consider two regimes D5 = {13, 0}
and D} = {03,0}}, where both regimes share the same post-
first-wave regimes D, = 04.The long-term ATT of D3 = 13
relative to D3 = 03 on potential unemployment R;(D3,0Y)
during period ¢ in the Swedish pre-first-wave population S; is
defined as

ATT(D3, R; $1) = E{R¢(13,04)|S1}
— E{R(03,0))|S1},t =4,...,8 (3)

where R; occurs notably after the first-wave period and
E{R/(D3,0/)|S1} is with respect to Pr{R;(D3,0})|S;} for D3 =
13,03. Because the policy regime D5 = {13,0%} can never
be observed, these ATTs cannot be directly identified and
estimated. Despite considerable interest in the literature and the
mass media, these ATTs have not been quantitatively studied to
the best of our knowledge.

2.4. The General Formula for Relationship between
Sequential and Long-Term ATTs under Sequential
Policy Assignment

Intuitively, any sequential ATT should be a sum of contributions
from individual policies or disjoint subsets of policies in the
sequence. Furthermore, sequential treatment assignment allows
the observed time-varying Swedish population to serve as the
treated subpopulation. As formally proved in Appendix 1,

Theorem. Under sequential policy assignment, we have the
following general formula

ATT(DS, Ri; S1) = ATT(D3, Rs; 1)
+ ATT(D!,R;S3),t = 4,...,8 (4)

where ATT(D%, Ry; S1)and ATT (DY, Ry; S3) are sequential AT Ts
while ATT(D%, Ry S1) is the long-term AT'T.

Remark. Firstly, the general formula is conditional on sequen-
tial policy assignment. Secondly, it is true regardless of any
identifying conditions. As a result, we can identify and estimate
the long-term ATT via the sequential ATTs if different policy
sequences are assigned to different subpopulations, no matter
how the sequential ATTs are identified. Thirdly, the formula is
untrue for the causal effects in the study population, that is, the
union of the Swedish and Norwegian populations.

2.5. Extension to Overall ATTs during the First-Wave
Period, the Post-First-Wave Period, and the Complete
Period under Sequential Policy Assignment

Overall unemployment over multiple periods is the weighted
average of unemployment during individual periods, with the
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labor forces times the period lengths as weights. Furthermore,
ATTs are linear effect measures, that is, the differences in unem-
ployment. Therefore, the overall AT Ts are obtained by taking the
weighted averages of ATTs during individual periods with the
labor forces times the period lengths as weights. Here, the first-
wave period t = 2,3, the post-first-wave period t = 4,...,8;
the complete period t = 2,. .., 8. The labor force I; differs with
period t (t = 2,...,8). The length or follow-up of period t,
denoted by f;, also differ with period ¢ : three months for periods
t = 2,3,4 and one year for t = 5,6, 7, 8. Denote the weight for
period t by wy = Iifi(t = 2,...,8).

Denote the overall potential unemployment during peri-
ods 2 and 3 (the first-wave period) by Ry 3 (Dg) and let ATT
(Dg, R, 3; 81) be the overall sequential ATT of the Swedish first-
wave regime Dg = 13 relative to the Norwegian one Dg = Og
on Ry 3(D3) in the Swedish pre-first-wave population S;. Then
we obtain ATT(D3, Ry 3;S1) by taking the weighted average of
ATT (D2, Ry; S1) and ATT(D3, R3; 1) as

1
ATT(D?,Ry3;S1) =
(D3, Ry,3; S1) T

+ATT(D3, R3; S)ws } -

{ATT(Dy, Ry; S1)w»

Denote the overall potential unemployment during periods
4 to 8 (the post-first-wave period) under complete policy
regime Dg by R4_3(Dg)and let ATT(D,R4_g;S;) be the
overall sequential ATT of the Swedish complete policy regime
D§ = 15 relative to the Norwegian one DS = 08 on Ry_g(D3)
in the Swedish pre-first-wave population S;. Then we can
obtain ATT(DS, Ry_g;S;) by taking the weighted average of
ATT(D3,R4; S1), . .., ATT(DS, Rg; S1) as

S8 wATT(D, Ry S1)
- .
Zt:4 Wt

Denote the overall potential unemployment during period 4
to 8 (the post-first-wave period) under post-first-wave policy
regime Di by R4_8(DZ) and let ATT(DZ,R4_8;S3) be the
overall sequential ATT of the Swedish post-first-wave policy
regime D§ = 1% relative to the Norwegian one D} = 03
on R4,3(DZ) in the Swedish first-wave population S3. We
obtain ATT(D§, Rs_g;S3) by taking the weighted average of
ATT(DY, Ri;S3)(t = 4,...,8) as

ATT(DS,Ry_4;S1) =

8 wATT(D!, R S3)
8
Zt=4 Wi

Denote the overall potential unemployment during peri-
ods 4 to 8 (the post-first-wave period) under complete policy
regime (D3, 08) by Ry_g(D3,08) and let ATT(D3, Rs_s;S1) be
the overall long-term ATT of the Swedish first-wave policy
regime D3 = 13 relative to the Norwegian one D3 = 03 on
R4_g(D3,03) in the Swedish pre-first-wave population S;. Then
we obtain ATT(D3, Rs—g; S;) by taking the weighted average of
the ATT(D3, Ri; S1)(t = 4,...,8) as

ATT(D,Ry_g;S3) =

S8 wATT(D3, R $1)
. )
Zt=4 Wi

Denote the overall potential unemployment during periods
2 to 8 (the complete period) under complete policy regime

ATT(D3,R4—5;S1) =
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(D3,0%) by Ry_g(D3,08) and let ATT(D3,Ry—s;S1) be the
overall ATT of the Swedish first-wave policy regime D; = 13
relative to the Norwegian one D3 03 on Ry_g(D3,0%) in
S1. Then we obtain ATT(D3, Ry—g;S1) by taking the weighted
average of ATT(D5, Rs;$1)(t 2,3) and ATT(D;,Rt;Sl)
(t=4,...,8)as

ATT(Dg,Rz—s;Sl)
_ ATT(Dy, Ry; S1)wz + ATT(D3, R3; S1)w3 + Y 5 weATT(D3, Rt; S1)
Z?:z wt .

3. Causal Analysis for the Influence of Pandemic
Policies on Unemployment in the Swedish
Population

As described in the introduction, the methods for identify-
ing and estimating sequential ATTs under sequential treatment
assignment are well-known and available. With the estimated
sequential ATTs, one applies (4) to identify and estimate the
long-term ATTs. With these estimated ATTs during individ-
ual periods t = 2,...,8, one readily identifies and estimates
the overall ATTs during the first-wave period, post-first-wave
period, and the complete period. While presenting the mathe-
matical details and assumptions in Section 4 and Section 5, here
we present the estimates for ATTs during individual periods in
Table 3 and for the overall ATTs in Table 4.

As seen in the third row for ATT(D%, Rs; S1) of Table 3, the
Swedish first-wave policy sequence led to an increase of unem-
ployment during the first-wave period with an estimate of 887
(95% CI: 761, 1012) more unemployment per 100,000 Swedish
labor force participants during Q2 2020, and 127 (-1, 255)
during Q3 2020. The reason for the poor Swedish performance
was that the relaxed public health policies led to higher mortality

and COVID-19 incidence, which in turn slowed the economic
activities and led to higher unemployment. During the post-
first-wave period, the Swedish policy sequence—that is, the joint
sequence across both the first-wave period and the post-first-
wave period—also led to an increase of unemployment during
the post-first-wave period. See also the overall influence during
the first-wave period and the post-first-wave period in the third
and fourth rows, ATT(D3, Ry—3; S1) and ATT(DS, Ry—_g; S1), of
Table 4. These results are well reported in the literature (e.g.,
Sveriges Riksbank 2021; OECD 2023; Calmfors and Gassen
2024) and the mass media (e.g., Baraniuk 2025).

As seen in the fourth row for ATT (DY, Ry; S3) of Table 3,
the Swedish post-first-wave policy sequence led to an increase
of unemployment throughout the post-first-wave period. The
reason for a poor Swedish performance was due to a poor
active-labor-force policies leading to mismatch in the Swedish
labor force compared to the Norwegian one. See also the overall
influence during the post-first-wave period in the fifth row for
ATT(DS, Ry—_g;S3) of Table 4. The result is well reported in
the literature (e.g., Sveriges Riksbank 2021; OECD 2023; Chetty
et al. 2024) and the mass media (e.g., Baraniuk 2025).

As seen in the fifth row for ATT(D3, R;; S;) of Table 3, the
Swedish first-wave policy sequence led to an increase of unem-
ployment during Q4 2020 with an estimate of 259 (95% CI:
152, 366) more unemployment; but to a reduction of unemploy-
ment during 2021: 606 (95% CI: 475, 738) less unemployment;
to a maximum reduction during 2022: 1392 (95% CI: 1268,
1517) less unemployment; and to a reduction during 2023:
546 (95% CI: 447, 645) less unemployment. During 2024, the
reduction became nearly null: only 10 (95% CI: -96, 112) less
unemployment. As seen in the 6’th row for ATT(D;, R4_g;S1)
of Table 4, it led to an overall reduction of unemployment
during the post-first-wave period with an estimate of 585 (95%

Table 3. The estimates, 95% Cls, and p-values for the sequential and long-term ATTs of the Swedish policy regimes relative to the Norwegian ones on potential

unemployment in the Swedish population.

Estimate
95% Cl

)for sequential and long-term ATTs

p — value
Period t 2 3 5 6 7 8
ATT Q22020 Q32020 Q42020 2021 2022 2023 2024
First- wave period Post-first-wave period
ATT(DY, Re; S1) 887 127 915 1079 953 1553 2330
(761,1012) (—1,255) (802,1028) (947,1212) (829,1077) (1447,1959) (2219, 2441)
< 0.001 0.005 < 0.001 < 0.001 < 0.001 < +.001 < 0.001
ATT(DQ, Rt; S3) 656 1685 2345 2099 2340
(553, 760) (1570, 1801) (2238, 2452) (2003, 2195) (2240, 2439)
< 0.001 < 0.001 < 0.001 < 0.001 < 0.001
ATT(D%, Rt; S1) 259 —606 —1392 —546 -10
(152, 366) (—738, —475) (—1517, —1268) (—645, —447) (=112, 96)
< 0.001 < 0.001 < 0.001 < 0.001 0.858

NOTE: All ATTs are measured per 100,000 Swedish labor force members.

ATT(DE, Rt;S1)(t = 2,...,8): the sequential ATT describing an increase in the potential unemployment Rt (DE) during period t under the Swedish regime DE = 15
relative to the Norwegian one Dg = 05 in the Swedish pre-first-wave population S;. ATT(D3, Ry; S1) and ATT(D3, R3; S1) describe the influence of the Swedish first-wave
policy sequence on unemployment during the first-wave period. ATT(DL, R; S1)(t = 4, .. .,8) describes the influence of the Swedish policy sequence across both the

first-wave period and the post-first-wave period on potential unemployment during the post-first-wave period.

ATT(DZ, Rt;S3)(t = 4,...,8): the sequential ATT describing an increase in the potential unemployment Rt (Df‘) during period t under the Swedish post-first-wave
regime Df; = 12 relative to the Norwegian one Df1 = 02 in the Swedish first-wave population S3. These ATTs describe the influence of the Swedish post-first-wave policy
sequence on unemployment during the post-first-wave period.

ATT(D%, Rt; S1)(t = 4,...,8): the long-term ATT describing an increase in the potential unemployment Re(D3, 02) during period t under the Swedish first-wave policy
regime D3 = 1% relative to the Norwegian one D3 = Og in the Swedish pre-first-wave population Sy. These ATTs describe the long-term influence of the Swedish
first-wave policy sequence on unemployment during the post-first-wave period.
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Table 4. The estimates, 95% Cls, and p-values for the overall ATTs of the Swedish policy regimes relative to the Norwegian ones on potential unemployment in the Swedish

population.
Estimate
95% Cl for overall ATT
p — value
Period 2 3 4 5 6 7 8
Overall ATTs Q22020 Q32020 Q42020 2021 2022 2023 2024
First-wave period Post-first-wave period
ATT(D3,Ry3:51) 506
(406, 607)
< 0.001
ATT(DS, R4—g: S1) 1452
(1370, 1534)
< 0.001
ATT(D, R—g; $3) 2037
(1962, 2112)
< 0.001
ATT(D3,R4_g; 1) _585
(—684, —485)
< 0.001
ATT(D3,Ry_g; 1) —471
(—567, —375)
< 0.001

NOTE: All ATTs are measured per 100,000 Swedish labor force members.
ATT(D%, Ry,3:51) :the overall sequential ATT describing an increase in the overall potential unemployment R, 3 (Dg) during periods 2 and 3 under the Swedish first-wave
regime D3 = 1% relative to the Norwegian one D3 = 0; in the Swedish pre-first-wave population Sy.
ATT(D8,R4_8;51) : the overall sequential ATT describing an increase in the overall potential unemployment R4_8(D§) during periods 4 through 8 under the Swedish
complete regime Dg = 1% relative to the Norwegian one Dg = 0§ in the Swedish pre-first-wave population $;.

ATT(Dﬁ,R4,3;S3) : the overall sequential ATT describing an increase in the overall potential unemployment R4,3(D§) during periods 4 through 8 under the Swedish

3

post-first-wave regime D¢ = 1% relative to the Norwegian regime D = Oi in the Swedish first-wave population S3.

ATT(D3, Ra_g; S1) :the overall long-term ATT describing an increase in the overall potential unemployment R4 _g (Dg, Oi) during periods 4 through 8 under the Swedish
first-wave regime D3 = 13 relative to the Norwegian one D3 = 0% in the Swedish pre-first-wave population Sy.

ATT(D%, Ry_g; S1) :the overall ATT describing an increase in the overall potential unemployment Rz,g(D3, Og) during periods 2 through 8 under the Swedish first-wave
regime Dg = 13 relative to the Norwegian one Dg = Og in the Swedish pre-first-wave population Sj.

CI: 485, 684) less unemployment. As seen in the 7’th row for
ATT(D%, R,__;81) of Table 4, it led to an overall reduction of
unemployment during the complete period with an estimate of
471 (95% CI: 375, 567) less unemployment. It has been argued
in the literature (e.g., Sveriges Riksbank 2021; Calmfors and
Gassen 2024; Linden 2024) and the mass media (e.g., Baraniuk
2025) that the relaxed public health policies helped preserve
the supply-production chain and safeguarded the economy over
the long term. Our result is causal evidence supporting this
argument.

4. Identifying and Estimating the Sequential and
Long-Term ATTs on Potential Unemployment in the
Swedish Population

4.1. Identifying Conditions for Sequential ATTs under
Sequential Policy Assignment

The identifying conditions for sequential AT'Ts under sequential
policy assignment are well established. In general statistics and
epidemiology, identifying conditions based on the ignorable
policy assignment assumption are often used. It is the same as
that for the causal effect of single-point treatment (e.g., Imbens
and Rubin 2015; Athey and Imbens 2017; Hernan and Robins
2020). In economics, a weaker identifying condition is also
used, where assumptions about the trend of potential outcomes
along the time are made; for instance, the synthetic controls and

difference-in-differences models and the regression discontinu-
ity designs (Imbens and Rubin 2015; Athey and Imbens 2017; 1;
Callaway and SantAnna 2021). Here, we adopt the identifying
condition based on the ignorable policy assignment assumption.
This condition is appropriate and interpretable for a sequence
of complex policies like the pandemic policies studied in this
article (e.g., Callaway and Li 2023).

The Identifying condition for sequential ATTs under
sequential policy assignment consists of the following three
assumptions.

The consistency assumption: If the observed policy sequence

zg = {2z3,...,2z8} agrees with the realization of pol-
icy regime Dg = {D»,...,Dg}, then the observations
{lh,72,...,13,r3} agree with the realizations of the potential

outcomes {L; (D2),Ry (D2),...,Ls (D§),Rg(DS)}. In the
Swedish and Norwegian populations, little interference
seemed present among people in different administrative
regions of the two countries. Therefore, the assumption is
reasonable.

The assumption of ignorable policy assignment: Given
(X = x,Ly = I1,Ry = r;1} during the pre-first-wave
period t = 1 (ie, QI, 2020), the potential outcomes
under complete policy regime D5 are conditionally inde-
pendent of the complete policy sequence variable Z5,
that is,

Ly (D3), Ry (Dy) ..., Lg (D§),Rg (D3) LZ8|x, 11,71, (5)
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where Z§ = 15,05. The assumption (5) implies that the
population density (X), the labor force (L;) and unemploy-
ment (R;) describe the unemployment situation during the
pre-first-wave period t+ = 1. Furthermore, given {X =
x,L3 = I3, R3 = r3} during the first-wave period t = 3 (i.e.,
Q3, 2020), the potential outcomes under the post-first-wave
policy regime D are conditionally independent of the post-
first-wave policy sequence variable Z8, that is,

Ly (D), Ry (Ds) ..., Ls (D§),Rg (DY) LZ§|x, 13,73, (6)

where Z8 = 1%,05. The assumption (6) updates the unem-
ployment situation during the first-wave period ¢t = 3 by
{X, L3, R3}. The assumptions (5) and (6) are equivalent to
the assumptions of no unmeasured confounding covariates
in the statistical literature or the exogeneity assumptions in
the econometric literature.

The absence of z3 in the conditional part of (6) implies that
Z3 does not have direct influence on the subsequent potential
outcomes {Ly (D4),R4 (Ds),...,Ls (D}),Rs (D%)}; how-
ever, it influences {L3, R3}, which in turn influences these
subsequent potential outcomes, that is, it may have indirect
influence on the subsequent potential outcomes. See also
sensitivity analysis for the assumption (6) in Section 5.

The assumption of positivity: Policy sequences Z5 = 23
with 2§ = 13, 0% are possible, so are Z§ = z§ with 28 = 1%, 0.
Namely,

0 <Pr(Z8 =8Ix01,n) < 1if Pr (X =x,L1 = 1,Ry =11) > 0
0< Pr(Zg = Zlex,l3,r3) < 1ifPr(X=x,L3 =13,R3 =r3) > 0.
(7)

Clearly, this assumption is satisfied, because {x,l},y;} is
observed in the two populations, and so is {x, I3, y3}.

4.2. Identification and Estimation of Sequential ATTs
under Sequential Policy Assignment

Firstly, we consider the sequential ATTs given by (1), that is,
ATT(D}, Ri; 1) = E{Ry (15) 11}
— E{R; (0%) S1}, £ =2,...,8.
By applying the law of total expectation, we have
E{R; (D5) IS1} = E[E{R; (D5) |x, 11, 11}|S1], D5 = 15,05

where the outer expectation is with respect to Pr(X = x,L; = I,
R; = r1/81). Here, the policy regime D would assign z;, = 1}
and z5, = 0} to both the Swedish and Norwegian populations,
but 2}, = 1/ can only be observed in the Swedish population and
24 = 0}, only in the Norwegian population.

Under the consistency assumption and the assumption (5) of

ignorable policy assignment given in Section 4.1, we have for the
observed z5 of D,

E{R¢ (D)) |x, 1y, r1} = E (Relx, I1, 11, 25) ,

where the right-hand side can be assessed from observable
variables due to the positivity assumption. This equality implies
that

E{R; (D}) IS1} = E{E (Rlx, I, 11,25) |S1},

where the right-hand side can be assessed from observable
variables. Inserting this for D} = 15, and D} = 0} into (1),
we obtain

ATT(DY, Ry S1) = E{E (Relx, 11,71, 15) |S1)
—E{E (Relx, hi, 71,0%) [S1} ®)

where the outer expectation is with respectto Pr(X = x,L; = I,
Ry = r|S1) and the right-hand side can be assessed from
observable variables. The Formula (8) identifies ATT(D%, Rs; S1)
by observable variables.

Now we consider the sequential ATTs given by (2), that is,

ATT(D}, Ry; S3) = E{R; (14) IS3}
— E{R; (0}) [S3},t = 4,5,6,7,8.

By the law of total expectation, we have
E{R; (DY) IS3} = EIE(R; (Dj) |x,13,73}|S3], Dy = 14,0}

where the outer expectation is with respect to Pr(X = x, L3 = I3,
R; = 13|S3). Under the consistency assumption and the
assumption (6) of ignorable policy assignment given in
Section 4.1, we have for the observed z/, of D/,

E{R; (Dfl) |x, 13,73} = E (Rt|x, L, r3,zfl) ,

where the right-hand side can be assessed from observable
variables due to the positivity assumption. This equality implies
that

E{R; (D}) IS5} = E{E (R|x, L3, 73,2}) |S3},

where the right-hand side can be assessed from observable
variables. Inserting this for D} = 1}, and D} = 0} into (2),
we obtain

ATT(DY, Ri;S3) = E{E (Rilx, 13,73, 14) 1S3}
_E{(Rtlx) l3,7’3,02) |S3}s (9)

where the outer expectation is with respectto Pr(X = x, L3 = I,
Rs; = r3|S3) and the right-hand side can be assessed from
observable variables. The Formula (9) identifies ATT(DY, Ry; S3)
by observable variables.

Now that the sequential ATTs are identified, we are ready
to estimate them. There is a long list of available methods for
estimating these ATTs as described in the introduction. To
focus on Section 4.3 as the focus of this article, we will present
estimation of these sequential ATTs in Appendix 2. The results
are presented in Table 3.

4.3. Identification and Estimation of the Long-Term ATTs
under Sequential Policy Assignment

According to the general formula (4), the long-term ATT is
equal to

ATT(D3, R;; S1) = ATT(D, Ry; S1)
— ATT(DY,R;S3),t =4,...,8.

Both the sequential ATTs—that is, ATT(DL,R;S1) and
ATT(D), Rs; S3)—are identified and estimated from Section 4.2,



so we readily apply the formula to identify and estimate the
long-term ATT - ATT(D%, Ry Sy).

However, it is difficult to evaluate the variability of esti-
mating ATT(D;,Rt; S1) due to a complex correlation between
ATT(D, Ry; S1) and ATT(DY, Rs; S3). Because the labor-force-
survey data are available, we can apply the Monte Carlo method
to generate the sampling distribution of a complex statistic
and then the 95% CI and p-value for the parameter like
ATT(D3, Rs; S1) (Hahn, Meeker, and Escobar 2017, chapter 14).

Specifically, we estimate the 95% CI and p-value for the long-
term ATT as follows. First, we draw 1,000 samples of unem-
ployed people across periods t = 1,.. . ., 8 from the labor-force-
survey-based distributions. Since we deal with common unem-
ployment probabilities and total labor forces in a population, for
simplicity, we assume that unemployed people during period
t follows the binomial distribution with the sample size equal
to the labor force and the probability equal to unemployment
(i.e., unemployment rates) obtained from the labor force survey.
Second, from these samples, we estimate the sequential ATTs
as described in Section 4.2 and Appendix 2 and then the long-
term ATT by the general formula (4). Third, with the sorted
estimates—that is, the sampling distribution—for the long-term
ATT, we obtain the confidence interval and p-value for the long-
term ATT. The results are presented in Table 3.

4.4. Ildentification and Estimation of Overall ATTs during
the First-Wave Period, the Post-First-Wave Period, and
the Complete Period under Sequential Policy
Assignment

As described in Section 2.4, one readily identifies and esti-
mates the overall ATTs from the ATTs during individual periods
obtained in Sections 4.1, 4.2 and 4.3, with the labor forces times
the period lengths as weights. The results for the overall ATTs
are presented in Table 4.

5. Sensitivity Analysis of the Long-Term ATT to the
Identifying Condition under Sequential Policy
Assignment

The general formula (4) gives the relationship between sequen-
tial ATTs and long-term ATTs. It does not need any identify-
ing conditions. Therefore, we can carry out sensitivity analysis
of long-term ATTs to the identifying condition via sequential
ATTs. As an illustration, we study the sensitivity of the long-
term ATTs—that is, ATT(D3, R;; S1)—to the identifying condi-
tion via the sequential AT Ts—that is, ATT(D}, Ry; S3)—during
the post-first-wave period t = 4,.. ., 8.

The consistency assumption of the identifying conditions
is the same as in Section 4.1. Suppose the assumption (6) of
ignorable policy assignment given in Section 4.1 is false. Rather,
we have

Ly (Ds), Ry (Da) ..., Ls (D) , Rs (D) LZ]|x, 23, 1, 75.
That is, the independence is conditional on {x, z3, I3, r3} instead
of {x,13,r3}. It implies that Z3 may have direct influence
on {Ls(Ds),Rs(Ds),...,Lg (D§),Rs (D})}. The positivity
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assumption is, for z§ = 1%, 08,
0< Pr (ZZ = zZ|x, z3,13,13) < 1if Pr
X =x,23 =z3,L3 = I3,R3 = r3) > 0.
According to the law of total expectation, we have
E{R; (Dj) |S3}
= E[E{R; (D)) Ix,z3 = 1,15, 13}|S3], D} = 13,0}
where the outer expectation is with respect to Pr(X = x,Z3 =1,
L3 = b, R3 = r3]S3). Now by applying the consistency assump-
tion and the above assumption of ignorable policy assignment,
we obtain,
E{Rt (th}) |x) z3 = 1> l3> 1’3} = E(Rtlx) 23 = 1’13) 3, Zi))
where 2}, is the observed value of DY. Therefore, we have
E{R; (D) 1S3} = E{E(R¢lx, 23 = 1,1373,2)[S3}, Dy = 14,0}
Using this equality, we can identify E{R; (1}) |S3} by observ-
able variables. But we cannot identify E{R; (Ofl) |S3} because
Pr(Z8 = 02|x, z3 = 1,13, r3) = 0. However, we may assume
E (Rt|x> Z3 = 13 l3> 1’3,sz == oi)
=E (Rt|x, z3 = 0,13, T3,Zfl = Ofl) + fi (x, I313) ,
where f; (x,13r3) is a deterministic function which describes
the direct influence of Z3 on E (R¢|x,z3 = 1,13, 13,2} = 0).
Whereas E (R¢|x, z3 = 0,13, 73,2} = 0) can be identified in the
same way as E (R¢lx,z3 = 1,13, 13,2 = 1}), the f; (x,]3r3) can
only be obtained through the subject matter knowledge. Now
by applying Formula (2) for sequential ATT - ATT(DY, Ry; S3),
we finally obtain
ATT(Dt > R[; 83) = E{E(Rt|x) Z3 = 1) l3’ 3, Zf} = lf}) |S3}
— E{E(R¢|x, 23 = 0,13, 13,2} = 0})S3}

— E{fi (x,13,713) S5} . (10)
From (10), we can evaluate the direct influence of Z3 on the
identification and estimation of ATT(DY, Ry; S3) via f; (x, I3, y3) .
For the sensitivity of ATT(DY, Ry; S3) to unmeasured covariates
besides X, interested readers may explore an extensive body
of literatures on the topic (e.g, Rosenbaum 2004; Ding and
VanderWeele 2016).
Inserting (8) and (10) into (4), we obtain the long-term causal
effects, fort = 4,...,8,

ATT(D3,Rt;Sl) = E{E (Rlx,l,r1,15) 1S1}

{E (Relx, 11,71,05) [S1}
{ERilx, 23 = 1,13, 13,24 = 13)S3}
+ E{E(R¢|x, 23 = 0,13,73,2} = 0})|S3}

+ E{fi (x,13,13) 1S3} .
Therefore, we can evaluate the influence of f; (x,13,r3) on
the identification and estimation of the long-term ATT -
ATT(D3,Rs; S1).

If f; (x,13,r3) = 0, then there is no direct influence of Z3
on the sequential ATT - ATT(DY, R;S3) and then the long-
term ATT - ATT(D3,R;;S1)(t = 4,...,8). If f; (x,13,73) =
¢, then ATT(D,Rs;S3) and ATT(D%,Rt; S1) need to include
an additional constant c. In general, the f; (x, I3, 73) may be of
complex form depending on the subject matter knowledge and
the pandemic context. Given the scope of this article, we will not
delve further into this topic.

—E
—E
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6. Conclusions and Discussions

When evaluating policies under sequential policy assignment,
one not only aims at the sequential ATTs of policy sequence
on a sequence of outcomes during the policy implementation
period but also aims at the long-term ATTs of polices on out-
comes during distant periods. Whereas the sequential ATT is
well studied in the literature, the long-term ATT has not been
sufficiently studied to the best of our knowledge.

In this article, we illustrate how to identify and estimate long-
term ATTs via sequential ATTs. As described in Introduction
and Sections 4.1 and 4.2, sequential AT'Ts can be identified and
estimated using available methods in the framework of longitu-
dinal studies. As described in Sections 2.4 and Section 4.3, the
novelty of our method lies in the general formula (4) describ-
ing a useful relationship between sequential ATTs and long-
term ATTs under sequential policy assignments. This general
formula allows for identifying and estimating long-term ATTs
via sequential ATTs under sequential policy assignment.

We applied this method to unemployment within the
Swedish population during the first-wave period and the post-
first-wave period, leading to the following key findings. During
the first wave (Q2 and Q3 2020), the Swedish first-wave policies
increased unemployment. During the post-first-wave period,
the Swedish first-wave policies still increased unemployment
in Q4 2020, but reduced unemployment in 2021, 2022, 2023,
and then had little influence on unemployment in 2024.
Furthermore, the Swedish first-wave policies reduced the overall
unemployment during the complete period (both the first-wave
period and the post-first-wave period).

We conclude the article with three comments. Firstly, due
to the scope of this article, we only consider unemployment as
our outcomes for illustrative purposes. However, our method
readily extends to other labor market outcomes. Secondly, if the
subpopulations within a study population differ substantially—
both in their characteristics and in the timing of policy imple-
mentation, then careful adjustments are required to account for
these differences across subpopulations and time periods. This
is feasible with adequate data. Finally, in practice, one often
seeks to estimate the long-term ATTs of individual policies—
isolated from a broader set of policies—on outcomes during
distant periods. This is feasible because our general formula (4)
applies to sequences of both individual and composite policies.
As a result, one can apply available methods to identify and
estimate the sequential AT'Ts of a sequence of individual policies
and then apply the general formula (4) to identify and estimate
the long-term ATTs of individual policies via sequential AT Ts.

Appendix 1. Proof of Formula (4) in Section 2.4

With 15 = {1%, lfl} and OE = {03,02} (t =4,...,8), werewrite (1) as
a telescoping sum

ATT(DS, Res $1) = E(R: (13,15 ) 151}
— ERe (13.04) Is1)
+ ERe (13,04 ) 151}

3
~ E(R; (03,04) Is1).

Appling Formula (3), we then obtain
ATT(DS, Ris $1) = E(R: (13,15 ) 151}

— E{Re (13,04 ) Is1)

+ ATT(D3,Rs; S1). (A1)

Now, we use sequential policy assignment to identify the potential
unemployment Ry (D; = 13, Dfl) in the Swedish pre-first-wave popu-
lation S1, where Dfl = lf1 or Ofl. As described in Section 2.2, sequential
policy assignment implies the Swedish policies only to the Swedish
population, that is, Z; = lg in S1. Thus, in Sy, the first-wave policy
regime Dg agrees with the first-wave policy sequence variable Z%, both
deterministically assigning zg = l% and yielding the Swedish first-wave
population S3. Hence, the potential outcome Ry (1%, Di) in S is equal
to R3 (Dfl) in S3, that is,

E(R: (13,D4) I$1) = E(Re (D})1S53).

Notably, this equality is only true under sequential policy assign-
ment, since other policy assignments would lead to a different Swedish
population than S3. Therefore, we have

E(Re (13,15 ) 151} — ERe (13.04) I31)
= E{R¢ (1%) IS3) — E{R¢ (04) IS5},

Applying Formula (2), we then obtain
E(R, (13,14 151) = E(Re (13,04) [$1) = ATT(D4, Res S3). (A2)

Combining (A1) and (A2) and rearranging the formula, we prove
Formula (4).

Appendix 2. Estimation of Sequential ATTs in Sec-
tion 4.2

As described in the introduction of this article, there is a long list of
well-known methods for estimating the sequential AT Ts in policy eval-
uation. As an illustration, we apply regression to estimate the sequential
causal effects.

ATT(DE,Rt;Sl)(t = 2,...,8): According to (8), we estimate the
sequential ATT by modeling

E{E (Rt|x) ll> 7'1,25) |SI},

where zg = 05, 13, and the outer expectation is with respect to
Pr(X=x,L1 =11,R1 =r1|S1). The Pr (X =x,L1 =1I1,R; = r1[S1)
is estimated by the corresponding proportion, so we only need to model
E (Rt |%, 11,715 zé) . Because the labor force Lt is stable through the study
period, we treat Ly = I; as a constant so that Ry = 17—:, where N; be the
number of unemployment during period ¢.

Because we deal with common unemployment probability and total
labor force in a population, for simplicity, we assume that the number
of unemployment follows the binomial distribution with sample size
equal to the labor force during period t(t = 2,...,8)). Namely, given
{x, 11,71, 25}, we assume that Ny follows the binomial distribution with
the sample size equal to the labor force I;. Furthermore, we also use the
linear link function for the regression model. Notably, we may also use
other probability models and other regression models, only to improve
estimation slightly.

Let w; indicate zé with w; = 1 for the Swedish sequence zé = 15
and wy = 0 for the Norwegian sequence z5 = 0. Then we have

N; N,
E (l—tlx l1,r1,z§) —E (l—tlx,ll,rl,w[) )
t t



The regression model for the conditional mean of Ny given {x, I1, r1, w¢}
is given by

N
E T|x»ll’rl»wt =a1 + y1x+ 8111 + Biwr.
¢

With Jt = Re, ATT(D), Re; S1) is equal to 1.

From the above regression, we may obtain the estimate, 95% CI,
and p-value for ATT(DE, Ry; S1). On the other hand, as described in
Sections 4.3, we apply the Monte Carlo method to generate the 95%
CI and p-value for the long-term ATT. For the sake of consistency, we
also apply the same Monte Carlo method to generate the 95% CI and
p-value for ATT(DE,Rt; S1), as follows. First, we draw 1,000 samples
of unemployed people across periods t = 1,...,8 from the binomial
distributions, where the sample sizes are equal to the labor forces and
the probabilities equal to unemployment (i.e., unemployment rates)
from the labor force survey. Second, from these samples, we estimate
ATT(D%, Rs; S1) with the model obtained above. Third, with the sorted
estimates—that is, the sampling distribution—for ATT(D%, R4 81), we
obtain the confidence interval and p-value for ATT(D;,Rt;Sl). The
results are presented in Table 3.

ATT(DZ, R¢; S3): interested readers may follow the same procedure
as above to estimate ATT(DZ, Ry S3).
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