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Abstract

The pandemic progression is a dynamic process, in which measures yield outcomes, and outcomes in turn influence
subsequent measures and outcomes. Due to the dynamics of pandemic progression, it is challenging to analyse the
long-term influence of an individual measure in the sequence on pandemic outcomes. To demonstrate the problem
and find solutions, in this article, we study the first wave of the pandemic—probably the most dynamic period—in
the Nordic countries and analyse the influences of the Swedish measures relative to the measures adopted by its
neighbouring countries on COVID-19 mortality, general mortality, COVID-19 incidence, and unemployment. The
design is a longitudinal observational study. The linear regressions based on the Poisson distribution or the binomial
distribution are employed for the analysis. To show that analysis can be timely conducted, we use table data avail-
able during the first wave. We found that the early Swedish measure had a long-term and significant causal effect on
public health outcomes and a certain degree of long-term mitigating causal effect on unemployment during the first
wave, where the effect was measured by an increase of these outcomes under the Swedish measures relative to the
measures adopted by the other Nordic countries. This information from the first wave has not been provided by avail-
able analyses but could have played an important role in combating the second wave. In conclusion, analysis based
on table data may provide timely information about the dynamic progression of a pandemic and the long-term influ-

ence of an individual measure in the sequence on pandemic outcomes.

Introduction

Since the World Health Organization (WHO) declared
coronavirus disease 2019 (COVID-19) a pandemic on 11
March 2020, countries around the globe have adopted
different strategies to combat the pandemic. The pro-
gression of a pandemic is a complex stochastic process,
in which a sequence of measures are implemented and
pandemic outcomes occur between measures. Here,
the pandemic outcomes include COVID-19 incidence,
COVID-19 related admission to hospital or intensive
care, COVID-19 death, general death, or economic

*Correspondence: xwg@hig.se

3 University of Gavle, Gavle, Sweden
Full list of author information is available at the end of the article

B BMC

indicators such as unemployment. The sequence of meas-
ures may be, for instance, a sequence of vaccine doses or
a sequence of administrative interventions.

The pandemic progression is dynamic in the sense
that the pandemic outcomes are results from the earlier
measures and reasons for the subsequent measures and
outcomes. Due to the dynamics of pandemic progression,
a challenge arises in analysing the long-term influence of
an individual measure in the sequence on pandemic out-
comes. Probably the most dynamic progression occurred
during the first wave of the pandemic, which completed
a cycle of rising, plateau, and decline and base for public
health outcomes such as COVID-19 deaths. The Nordic
countries (Sweden, Denmark, Norway, and Finland) fol-
lowed nearly the same time line of the progression during
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the first wave between March 2020 and August 2020, so
we focus on the Nordic countries.

During the first wave, Sweden was representative of
those strategies, emphasizing the mitigation of transmis-
sion and taking stepwise mild measures [1-3]. On the
other hand, the other Nordic countries, i.e., Denmark,
Finland, and Norway, were representative of the common
strategies, emphasizing the suppression of transmission
and taking invasive measures [3—6]. In the initial period,
public health outcomes in Sweden were far poorer than
the other Nordic countries but were gradually improved
in the later period, i.e., curves were flattened, leading to
a sense of optimism. Without considering the dynamics
of the pandemic progression and the long-term influence
of the early measure, Sweden continued with the mild
measure recommendation upon arrival of the second
wave, leading to a surge of poor public health outcomes.
For instance, the COVID-19 mortality per 100,000 indi-
viduals in Sweden versus the other Nordic countries was
69.71 versus 13.40 between September 2020 and Febru-
ary 2021 (the second wave) [7-12].

There have been a large variety of analyses comparing
the Nordic countries for the effectiveness of their strat-
egies in combating COVID-19. One class of analyses is
descriptive, which uses the daily or weekly count of pub-
lic health and economic outcomes without adjustment
for characteristic differences and updating pandemic
situations [3—6]. Another class of analyses is statistical,
which allows for adjustment of the characteristic differ-
ences and updating pandemic situations [13—15]. There
are also mathematical analyses [16, 17] and political and
cultural analyses [18—20]. However, few analyses involve
the dynamics of pandemic progression and the long-term
influences of individual measures in the sequence.

In this article, we demonstrate the dynamic progression
of a pandemic and the long-term influence of an indi-
vidual measure on pandemic outcomes. The pandemic
outcomes include COVID-19 mortality, general mortal-
ity, COVID-19 incidence, and unemployment. The influ-
ence is described by the causal effect, which is defined
in this article as an increase in the summary outcomes
under different sequences of the Swedish and common
measures. Furthermore, table data is used to demonstrate
that analyses may provide timely information about the
dynamic progression of a pandemic.

Causal effects of Swedish strategy relative

to common strategy on public health outcomes
Dynamic progression of the pandemic

Here, we study the public health outcomes of COVID-19
mortality, general mortality, and COVID-19 incidence.
We follow the population in Scandinavian countries
during weeks 1-35, 2020. Please note that week 1, 2020
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corresponds to the dates from 30 December 2019 to 5
January 2020.

The initial period of the pandemic took place around
weeks 10-18 in the Nordic countries. Weeks 10-35 com-
pleted a cycle of rising, plateau, and decline and base for
the public health outcome, and they are considered as the
first wave of the pandemic [2, 3]. Because it is impossi-
ble to know when measures became effective, we divide
the entire follow-up into four periods of approximately
equal length: weeks 1-9, 10-18, 19-26, and 27-35. Let
period ¢ (t =1,2,3) indicate the three periods dur-
ing weeks 10-35: period 1 for weeks 10—18, period 2 for
weeks 19-26, and period 3 for weeks 27-35. Please note
that period 2 is one week shorter than periods 1 and 3.
In Supplementary Information, we conduct a sensitiv-
ity analysis to show that when alternatively dividing
the entire follow-up into weeks 1-9, 10-17, 18-26, and
27-35, the result only differs slightly, and the conclusion
is the same. To examine the sensitivity of our methodol-
ogy to periodization, we divide the follow-up into periods
of different lengths and obtain essentially the same result
and conclusion (results not shown).

During weeks 1-9, the pandemic had not yet broken
out, so no measure was taken, and there was only out-
come yo for general mortality in population pg. Dur-
ing period 1 (weeks 10-18), the exposure was z; = 1 for
Swedish measure or z; = 0 for common measure and
yielded outcome y; for population p;. From here and
on, the common measures refer to those adopted by the
other Nordic countries. During period 2 (weeks 19-26),
the exposure was zy = 1 for Swedish measure or z; = 0
for common measure and yielded outcome y; for popula-
tion py. During period 3 (weeks 27-35), the exposure was
z3 = 1 for Swedish measure or z3 = 0 for common meas-
ure and yielded outcome y3 for populationps.

Outcome yg represents the initial health status and has
an influence on outcomes y1, y2 and ys3. Thus, it is a sta-
tionary covariate and may confound the causal effects of
exposures z1, z3 and z3. Outcome y; represents the updat-
ing health status and pandemic situation during exposure
z1 and has an influence on outcomes y3 and ys3. Thus, it
is also a time-dependent covariate between exposures z;
and zp and may confound the causal effects of exposures
zp and z3. Outcome y represents the updating health
status and pandemic situation during exposure z; and
has an influence on outcome ys3. Thus, it is also a time-
dependent covariate between exposures zy and z3 and
may confound the causal effect of exposure z3.

Confounding adjustment and the assumption of no hidden
confounding covariates

Scandinavian countries are similar to one another in
terms of economy, culture, and society. So, most of the
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stationary covariates, such as gender, education, and
socioeconomic status, have similar distributions among
these countries and thus do not confound the effects
of exposures zj, zo and z3. As a result, there is no need
to adjust for these covariates as is common practice in
causal inference. Table 1 lists some characteristics of the
populations in the Nordic countries. As seen in this table,
the initial general mortality yo and population density x
differ considerably in different regions of these coun-
tries and may confound the causal effects. Therefore, we
divide Sweden into six regions: Stockholm, Skine, Goth-
enburg, Halland, Vistmanland, and the rest of Sweden.
Because COVID-19 mortality is low in Denmark, Fin-
land, and Norway, we do not divide these countries into
small regions. For the COVID-19 incidence, we divide
Sweden into only two regions (Stockholm and the rest of
Sweden) due to the data quality for the number of tested
people for weeks 10-22.

There may exist other potential confounding covariates,
such as immigration status. Because different definitions
of immigration status are used in these countries, it is
difficult to adjust for immigration status without individ-
ual-level data. However, such covariates are often highly
associated with population density, and as an approxi-
mation, we consider only population density as the con-
founding covariate in addition to the time-dependent
outcomes %o, ¥1, and y2. A summary of population densi-
ties, exposures, outcomes (covariates) and populations is
given in Table 2 together with the probability models for
the outcomes.

To summarize the confounding situation in the pan-
demic progression, we have the assumption of no hidden
confounding covariates: (a) conditional on population
density x and outcome yp, no other covariates confound
the causal effect of an exposure sequence (z1,z2,23); (b)
conditional on population density x and outcome y;, no
other covariates confound the causal effect of an expo-
sure sequence (z,,z3); (c) conditional on population den-
sity x and outcome y,, no other covariates confound the
causal effect of exposure z3. The assumption implies that
to study the causal effects of exposures, we need to com-
pare the outcomes of the exposures on the same level of
population density and the most recent outcome prior to
these exposures. In the Discussion section, we will dis-
cuss the limitation of our analysis linked to this assump-
tion. In the Data sources section, we will describe the
table data used for our analysis in detail.

Analytic strategy

We will estimate two types of causal effects of the Swed-
ish measures relative to the common measures: sequen-
tial causal effects and long-term causal effects. The
sequential causal effect compares Swedish sequence

Page 3 of 10

versus common sequence for a summary outcome, for
instance, Swedish sequence (z1,z2,2z3) = (1,1,1) ver-
sus common sequence (0,0,0) for summary outcome
y1 + y2 + y3. Both the exposure sequences and the sum-
mary outcomes are observed for these causal effects, so
we can apply regression to estimate them.

The long-term causal effect compares, for instance,
mixed sequence (z1,22,z3) = (1,0,0) to common
sequence (0, 0, 0) for the summary outcome y; + y2 + ¥3.
Because mixed sequence cannot be observed, we cannot
apply regression to estimate the long-term causal effect.
Due to Robins [21], sequential causal inference is devel-
oped to estimate long-term causal effects under unob-
served sequences of exposures by using observed data.
Notably, the new general formula (G-formula) reveals a
rather intuitive observation that the causal effect of an
exposure sequence must be the sum of contributions
of individual exposures in the sequence [22]. The new
G-formula allows us to estimate the long-term causal
effect from the estimated sequential causal effect with-
out introducing additional modeling assumptions. In the
following subsections, we will describe analyses and the
results in detail.

Sequential causal effects of the Swedish sequences relative
to common sequences

We estimate the following three sequential causal
effects of interest: (i) an increase in summary outcome
y1 + y2 + y3 during periods 1, 2, and 3 (weeks 10-35)
under the Swedish sequence (z1,22,23) = (1,1,1) rela-
tive to the common sequence (0, 0,0), (ii) an increase in
summary outcome y + y3 during periods 2 and 3 (weeks
19-35) under the Swedish sequence (z3,23) = (1,1) rela-
tive to the common sequence (0, 0), and (iii) an increase
in outcome y3 during period 3 (week 27-35) under the
Swedish measure z3 = 1 relative to the common meas-
ure 0. In the context of the pandemic, the exposure
sequence takes either the Swedish sequence or the com-
mon sequence. The outcomes are observed under the
exposure sequences in causal effects (i), (ii) and (iii), so
we can use regression to estimate these causal effects [21,
22]. The results are summarized in Table 3. A detailed
description of the probability models and regression
models is given in the Method section below.

As shown from causal effect (i) in Table 3, the Swed-
ish strategy performed far worse than the common
strategy throughout the complete follow-up (weeks
10-35) for all public health outcomes: it led, per
100,000 individuals, to 42.6 (95% Confidence Interval:
41.0-44.1) more COVID-19 deaths, 25.0 (18.7-30.7)
more general deaths and 19,094.5 (18,916.6-19,212.3)
more COVID-19 incidences. As shown from causal
effects (ii) and (iii), the Swedish strategy improved
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Table 2 A summary of population densities, exposures, outcomes, and the populations during different periods of the first wave

Period Population density (Persons Exposure: Outcome: Population
per sq. km) 1 for the Swedish measure COVID-19 mortality
0 for the common measure General mortality
COVID-19 incidence
Weeks 1-9 X None Yo Po
Weeks 10-18 (Period 1) X z1=1lorz;1 =0 i D1
Weeks 19-26 (Period 2) X z=1orz; =0 %) D
Weeks 27-35 (Period 3) X zz3=1lorzz =0 y3 p3

The outcome can also be a covariate for the subsequent exposures. The characteristics of study populations are described in Table 1. The study period is weeks 1-35,

2020

COVID-19 mortality and general mortality are measured as the number of deaths. They follow the Poisson distribution conditional on the history of previous

exposures and covariates. The population is the amount of person weeks

COVID-19 incidence is measured as the number of cases. It follows the binomial distribution conditional on the history of previous exposures and covariates. The

population is the number of tested persons

Table 3 Estimate, 95% Cl, and p-value for sequential causal effects of the Swedish sequence relative to the common sequence on

summary public health outcomes

Estimate
95%Cl
p-value / ¢, sequential causal effect on public health outcome
Outcome COVID-19 mortality General mortality COVID-19 incidence

Causal effect

(i) 426,
(41.0,44.1)
<0.001

(i) 17.5
(15.7,19.3)
<0001

(i) 19
(05,3.3)
0.01

250 19,094.5
(18.7,30.7) (18,916.6,19,212.3)
<0.001 <0.001

—200 8642.4
(—282,—11.1) (6776.9,10,507.8)
<0.001 <0.001

—17.6 31200
(—225,—126) (2927.2,3312.9)
<0.001 <0.001

The causal effects are

(i) An increase in summary outcome y; + y» + y3 per 100,000 individuals during weeks 10-35 (periods 1, 2, and 3) under the Swedish sequence (z,,22,23) = (1,1,1)

relative to the common sequence (z4,23,23) = (0,0,0)

(i) An increase in summary outcome y, + y3 per 100,000 individuals during weeks 19-35 (periods 2 and 3) under the Swedish sequence (z,z3) = (1, 1) relative to the

common sequence (z2,23) = (0,0)

(iii) An increase in outcome y3 per 100,000 individuals during weeks 27-35 (periods 3) under the Swedish measure z3 = Trelative to the common measure z3 = 0

its performance during weeks 19-35 and 27-35, par-
ticularly for general mortality: it led, per 100,000
individuals, to 20.0 (11.1-28.2) fewer general deaths
during week 19-35 and 17.6 (12.6-22.5) fewer general
deaths during week 27-35. The reason might be that
the Swedish public health system regained its usual
level of general medical care after the early pandemic
period of weeks 10-18. In the Supplementary Infor-
mation, we conduct a sensitivity analysis to show that
the improvement was not due to population change
caused by more general deaths during weeks 10—18.

Long-term causal effects of the Swedish measures relative
to common measures

To reveal the critical role of the early measures in com-
bating the pandemic, we then estimate two long-term
causal effects (iv) and (v). Causal effect (iv) is an increase
in summary outcome y; + y2 +y3 during periods 1,
2, and 3 (weeks 10-35) under the mixed sequence
(z1,22,23) = (1,0,0) relative to the common sequence
(0,0,0), and it describes the long-term influence of
the Swedish measure during period 1 on the summary
outcome during periods 1, 2, and 3. Causal effect (v) is
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an increase in summary outcome y; + y3 during peri-
ods 2 and 3 (weeks 19-35) under the mixed sequence
(z2,2z3) = (1,0) relative to the common sequence (0, 0),
and it describes the long-term influence of the Swedish
measure during period 2 on the summary outcome dur-
ing periods 2 and 3.

Here, the outcomes are not observable because
the population is never exposed to mixed sequence
(z1,22,23) = (1,0,0) or (z2,z3) = (1,0), so we cannot
use regression to estimate long-term causal effects (iv)
and (v). However, by the new G-formula [22], sequen-
tial causal effect is a sum of contributions from individ-
ual exposures in the sequence, and therefore we obtain
the equality that causal effect (ii) is equal to the sum of
causal effects (v) and (iii). The equality is illustrated by
the fact that the sequences in causal effects (ii), (v) and
(iii) are (z2,2z3) = (1,1), (22,23) = (1,0) and z3 = 1. By
using this equality, we obtain the estimate of causal effect
(v) from the estimates of causal effects (ii) and (iii). Simi-
larly, causal effect (i) is equal to the sum of causal effects
(iv), (v), and (iii). We obtain the estimate of causal effect
(iv) from the estimates of causal effects (i), (v) and (iii).
A detailed description of this method is given in the
Method section below. The estimates of causal effects (iv)
and (v) are presented in Table 4.

Table 4 shows that the early Swedish measure had a
long-term and significant influence on public health out-
comes. As shown from causal effects (iv), the Swedish
measure during the early period (weeks 10-18) led, per
100,000 individuals, to 25.1 (23.0-27.0) more COVID-
19 deaths, 44.3 (34.5-54.2) more general deaths and
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10,422.1 (8553.8-12,290.5) more COVID-19 incidences
for the whole first wave (weeks 10-35). From causal
effects (iv), (v) in Table 4, and (iii) in Table 3 together, we
see a continual improvement in the Swedish measures
relative to the common measures along weeks 10-18,
19-26, and 27-35.

Causal effects of the Swedish strategy relative
common strategy on unemployment

Here, we study the economic outcome of unemployment
in an analogy to the public health outcomes. We divide
the complete follow-up (quarters 1-3) into three periods:
quarters 1, 2, and 3. During quarter 1, no measures were
taken, and even if some measures had been taken, they
would not have influenced unemployment in the current
quarter, so there is only unemployment y; from labour
force pj in quarter 1. During quarter 2, the exposure is
zo = 1 for Swedish measure or zy = 0 for common meas-
ure, yielding unemployment y; in labour force p,. During
quarter 3, the exposure is z3 = 1 for Swedish measure or
z3 = 0 for common measure, yielding unemployment y3
in labour force ps.

To adjust for confounding, we have the following
assumption of no hidden confounding covariates: (a)
conditional on population density x and outcome y1, no
other covariates confound the causal effect of exposure
sequence (z,,23); (b) conditional on population density
x and outcome Yy, no other covariates confound the
causal effect of exposure z3. With the assumption and
the data, we will estimate the following three causal
effects for unemployment: (i) an increase in summary

Table 4 Estimate, 95% Cl, and p-value for long-term causal effects of the Swedish measure relative to the common measure on public

health outcome during different periods

Estimate
95%Cl
p-value /¢ long-term causal effect on public health outcome

Outcome

Causal effect COVID-19 mortality

General mortality COVID-19 incidence

(iv) 25.1
(23.0,27.0)
<0.001

v) 15.6
(13.3,18.0)
<0.001

443 10,422.1
(34.5,54.2) (8553.8,12,290.5)
<0.001 <0.001

—21 55223
(—122,80) (3661.0,7383.6)
0.7 <0.001

The causal effects are

(iv) An increase in summary outcome y; + y> + y3 per 100,000 individuals during weeks 10-35

(periods 1, 2, and 3) under the mixed sequence (z;,2,23) = (1,0, 0) relative to the common

sequence (z1,22,23) = (0,0,0)

(v) An increase in summary outcome y;, + y3 per 100,000 individuals during weeks 19-35

(periods 2 and 3) under the mixed sequence (z;,23) = (1,0) relative to the common sequence

(22,23) = (0,0)
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unemployment y; + y3 during quarters 2—3 under the
Swedish sequence (z3,z3) = (1, 1) relative to the com-
mon sequence (0,0), (ii) an increase in unemployment
y3 during quarter 3 under the Swedish measure z3 =1
relative to the common measure 0, (iii) an increase in
summary unemployment y, + y3 during quarters 2-3
under the mixed sequence (z,z3) = (1,0) relative to
the comment sequence (0,0). Causal effects (i) and (ii)
are sequential. Causal effect (iii) is long-term. In the
Method section, we describe the probability model and
the regression model in detail. The estimates of causal
effects (i), (ii), and (iii) are presented in Table 5.

As shown from causal effects (i) and (ii) in Table 5,
the Swedish strategy performed worse than the com-
mon strategy during quarters 2-3 and quarter 3 for
unemployment: it led, per 100,000 individuals, to
1177.0 (1088.8-1265.1) more unemployment during
quarters 2—3 and 528.4 (480.2-576.5) more unemploy-
ment during quarter 3. As shown from causal effect
(iii), the early measures during quarter 2 had a cer-
tain long-term mitigating influence on unemployment,
yielding a mild increase of 648.6 (555.7-751.5) unem-
ployment per 100,000 individuals during quarters 2—3.

Table 5 Estimate, 95% Cl, and p-value for causal effects of
the Swedish strategy relative to the common strategy on
unemployment during different periods

Estimate
95%Cl
p-value /o causal effect on unemployment

Outcome

Unemployment

Causal effect

(i) 1177.0
(1088.8,1265.1)
<0.001

(i) 5284
(480.2,576.5)
<0.001

(iii) 648.6
(555.7,751.5)
<0.001

The causal effects are

(i) An increase in summary unemployment y, + y3 per 100,000 individuals
during quarters 2 and 3 under the Swedish sequence (z3,z3) = (1, 1) relative to
the comment sequence (z3,z3) = (0,0). It is a sequential causal effect

(ii) An increase in unemployment y3 per 100,000 individuals during quarter 3
under the Swedish measure z3 = 1relative to the common measure z3 = 0. It is
a sequential causal effect

(iii) An increase in summary unemployment y, + y3 per 100,000 individuals

during quarters 2 and 3 under the mixed sequence (z,23) = (1, 0) relative to
the comment sequence (z3,23) = (0,0). It is a long-term causal effect
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Discussion

This article analyses the dynamic progression of the first
wave in the Nordic countries and has two major findings.
First, the early mild measure had a long-term and sig-
nificant influence on public health outcomes. Second, the
early mild measure led to a certain degree of long-term
mitigating influence on unemployment. The article dem-
onstrates that the long-term influence of an individual
measure in the sequence can be sizable and significant
and may play an important role in combating COVID-19
or the future pandemic.

The analysis in this article contributes to combating
the pandemic in two aspects. First, to the best of our
knowledge, the dynamics of pandemic progression has
not been sufficiently studied. Our analysis demonstrates
that the long-term influence of individual measure in the
sequence can be estimated in the framework of sequen-
tial causal inference [21, 22]. Second, the data used for
our analysis is the same table data as used for descriptive
analyses. This implies that our analysis can be conducted
at the same time as descriptive analysis. We believe that,
by the same method, one can analyse the dynamic pro-
gression of pandemic under vaccination, where the
exposure sequence can be a sequence of vaccine doses,
the outcome can be COVID-19 incidence, admission to
hospital or intensive care, or COVID-19 death, the study
population can be one nation, and the data can be table
data recording the frequencies of vaccine sequences and
outcomes over the time. The causal effect of individual
dose over prolonged period has been one of the major
issues in combating the current COVID-19 [23].

Though our analyses based on table data can be timely,
they have several limitations in comparison to individual-
level data. First, some of the covariates are individual
based, such as income and education, and it is impos-
sible to assess their confounding influence on the causal
effect without individual-level data. Second, it is difficult
to conduct quality control of pandemic outcomes. In this
article, we use COVID-19 incidences among tested peo-
ple during different periods to study the transmission.
Ideally, we might use admission to inpatient care and
intensive care as the outcome. However, different coun-
tries had different policy for admission; for instance, Den-
mark had a much higher admission rate than Sweden, so
it would be problematic to use admission as an outcome
of the transmission. The second limitation exists for both
table data and individual-level data.

Data sources

As recommended by the WTO, all four Nordic coun-
tries identify COVID-19 death as death for which a
positive COVID-19 PCR test was recorded within
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30 days. Unemployment is measured as the number of
unemployed persons aged 15-74, and employment as
the number of employed persons aged 15-74. These
numbers are produced by the labour force surveys
conducted in individual countries following the Euro-
pean Union Council Regulation. The labour force is the
sum of employed and unemployed persons. Population
density is measured as the number of inhabitants per
square kilometre.

The Public Health Agency of Sweden and the
National Board of Health and Welfare are two national
agencies accountable to the Swedish government.
The Public Health Agency has an overall responsibil-
ity for the control of communicable diseases, such as
COVID-19. From its public webpage (https://www.
folkhalsomyndigheten.se/the-public-health-agency-
of-sweden/), we obtained the number of tested people
and COVID-19 incidences in different regions of Swe-
den. The National Board of Health and Welfare has a
general responsibility for social welfare and health-
care including knowledge support and statistics. From
its public website (https://www.government.se/gover
nment-agencies/national-board-of-health-and-welfa
re--socialstyrelsen/), we obtained the COVID-19 mor-
tality and general mortality. Statistics Sweden is a gov-
ernment agency that produces official statistics. From
its public website (https://www.scb.se/en), we obtained
the population size, population density, unemployment,
and labour force.

The Danish Health Authority is the national agency
for health care. Statistics Denmark is the national agency
that produces official statistics. All table data relevant to
our article were obtained from the public site of Statistics
Denmark (https://www.dst.dk/en).

The Finnish Institute for Health and Welfare is the
national agency for healthcare and welfare in Finland.
From its public website (https://thl.fi/en/web/thlfi-en),
we obtained the numbers of tested people and COVID-
19 incidences and COVID-19 mortality. Statistics Finland
is the national agency that produces official statistics.
From its public website (https://www.stat.fi/index_en.
html), we obtained general mortality, population size,
population density, unemployment, and labour force.

The Norwegian Institute of Public Health is the
national agency for public healthcare in Norway. From
its public website (https://www.fhi.no/en/), we obtained
the numbers of tested people and COVID-19 incidences,
COVID-19 mortality, and general mortality. Statistics
Norway is the national agency that produces official sta-
tistics. From its public website (https://www.ssb.no/en),
we obtained population size, population density, unem-
ployment, and labour force. In the Supplementary Infor-
mation, we provide table data relevant to this article.
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Method

Method of estimating causal effects on public health
outcomes

Here, we estimate the causal effect of the Swedish strat-
egy relative to the common strategy on COVID-19
mortality, general mortality, and COVID-19 incidence.
COVID-19 mortality and general mortality are measured
as the number of deaths during a follow-up of person
weeks in the population. They follow the Poisson distri-
bution conditional on the history of previous exposures
and covariates. COVID-19 incidence is measured as the
number of cases among a group of tested persons. It fol-
lows the binomial distribution conditional on the history
of previous exposures and covariates. The regression
models are given in detail below.

Causal effect (i) is an increase in summary outcome
s =91 +y2+y3 during periods 1, 2, and 3 under the
Swedish sequence (z1,z2,z3) = (1,1,1) relative to the
common sequence (z1,22,z3) = (0,0,0). Let ro = yo/po,
which is the mortality rate during weeks 1-9. Let w be
the variable that describes the exposure sequence dur-
ing periods 1, 2, and 3 such that w = 1 for the Swedish
sequence (1,1, 1) or 0 for the common sequence (0, 0, 0).
The regression model for the expectation of the summary
outcome s = y1 + y2 + y3is

E(slx, 10, w) = (p1 + p2 + p3)(a + yx + dro + Bw).

Here, the link function is identity function; the covariates
are density x and mortality rate ro = yo/po during weeks
1-9; the exposure is w (Swedish or common sequence);
the amount p;(t = 1,2, 3) of person weeks during period
¢t is fixed as a constant. We use linear model with only
the main effect of exposure w for the following reasons.
First, the exact functional form for the nuisance variables
x and rg is unknown, and a reasonable assumption is lin-
ear form. Second, by sensitivity analysis, the effect modi-
fication of the main effect of exposure w by x and ry is
small. Under the assumption of no hidden confounding
covariates, we have that

causal effect (i) =E(s|x, g, w = 1)
— E(s|x,rg,w = 0)
= (p1+p2+p3)B.

From B, we obtain causal effect (i) under the assump-
tion of no hidden confounding covariates.

Causal effect (ii) is an increase in summary out-
come Y3 + y3 during periods 2 and 3 under the Swed-
ish sequence (z2,z3) = (1,1) relative to the common
sequence (0,0). Using the same method as for causal
effect (i), we obtain the regression model for the expec-
tation of the summary outcome y3 + y3 to estimate
the causal effect (ii). In the model, the link function is
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identity function; the covariates are density x and rate
r1 = y1/p1 during period 1; the exposure is the vari-
able that describes the exposure sequence during peri-
ods 2 and 3 (Swedish or common sequence); the amount
pe(t = 1,2,3) of person weeks during period ¢ is fixed as
a constant.

Causal effect (iii) is an increase in outcome y3 during
period 3 under the Swedish measure z3 = 1 relative to
the common measure 0. Similarly, we obtain the regres-
sion model for the expectation of outcome y3 to estimate
the causal effect (iii). Here, the link function is identity
function; the covariates are density x and rate ry = y2/p2
during period 2; the exposure is z3; the amount p; of per-
son weeks during period 2 and p3 during period 3 are
fixed as constants.

Causal effect (iv) is an increase in summary outcome
y1 + y2 + y3 during periods 1, 2, and 3 under the mixed
sequence (z1,22,z3) = (1,0,0) relative to the common
sequence (z1,22,z3) = (0,0,0). Here, the exposures zy, z3
in the mixed sequence are set at 0, namely, common
measures, so this causal effect describes the long-term
influence of the Swedish measure z; = 1 during period 1
on the summary outcome throughout periods 1, 2, and 3.
Causal effect (v) is an increase in the summary outcome
y2 + y3 during weeks 19-35 under the mixed sequence
(z2,2z3) = (1,0) relative to the common sequence
(z2,23) = (0,0). It describes long-term influence of the
Swedish measure zg = 1 during period 2 on the summary
outcome throughout periods 2 and 3.

The mixed sequences in causal effects (iv) and (v) were
never exposed to the population, so their outcomes were
not observed, and these causal effects cannot be esti-
mated by regressions. On the other hand, by applying
Theorems 1 and 2 of Wang and Yin[22], we obtain the
equality that

causal effect (ii) = causal effect (v) + causal effect (iii).

The equality reveals a rather intuitive observation that
sequential causal effect is a sum of the contributions from
individual exposures in the sequence. Please note that the
exposure sequences in causal effects (ii), (v) and (iii) are
(z2,23) = (1,1), (22,23) = (1,0) and z3 = 1 respectively.
Based on this equality, the estimate of causal effect (v) is
obtained by using the obtained estimates of causal effects
(ii) and (iii). Similarly, by applying Theorems 1 and 2 of
Wang and Yin [22], we obtain the equality that

causal effect (i) = causal effect (iv) + causal effect (v)
+ causal effect (iii).

Please note that the exposure sequences in causal
effects (i), (iv), (v) and (iii) are (z1,22,23) = (1,1,1),
(z1,22,23) = (1,0,0), (22,23) =(1,0) and 2z3=1,
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respectively. Based on this equality, the estimate of causal
effect (iv) can be obtained by using the obtained esti-
mates of causal effects (i), (v) and (iii).

The confidence interval and p-values of causal effects
(i)-(v) are obtained using Monte Carlo simulation based
on the probability models and the obtained regression
models.

Method of estimating causal effects on unemployment
Here, we estimate the causal effect of the Swedish strategy
relative to the common strategy adopted by other Nordic
countries on unemployment. Unemployment is measured
as the number of unemployed persons among labour force
(the sum of employed and unemployed persons). There-
fore, we assume that unemployment follows the binomial
distribution. The regression models are described below.

Causal effect (i) is an increase in summary unemploy-
ment s = ¥, + y3 during quarters 2—3 under the Swedish
sequence (z3,z3) = (1, 1) relative to the common sequence
(z2,2z3) = (0,0). Let r; =y1/p1 be the unemployment
rate during quarter 1. Denote the exposure by w, which
takes 1 for the Swedish sequence or 0 for the common
sequence. Then, the regression model for the expectation
of s =y, + y3is

E(slx,r1,w) = (p2 + p3)(a + yx + 6r1 + Bw).

Under the assumption of no hidden confounding covari-
ates, we have

causal effect(i) = E(s|lx,r;,w =1) — E(s|x,r;,w = 0)

= (p2 +p3)B.

From estimate of B, we obtain estimate of causal effect (i)

under the assumption of no hidden confounding covari-
ates. Similarly, we can estimate causal effect (ii) which is
an increase in outcome y3 under the Swedish measure
z3 = 1 relative to the common measure z3 = 0 during
quarter 3.

Causal effect (iii) is an increase in summary outcome
y2 + y3 under the mixed sequence (z2,z3) = (1, 0) relative
to the common sequence (z3,23) = (0,0) during quarters
2-3. By applying Theorems 1 and 2 of Wang and Yin [22],
we obtain the equality that

causal effect (i) = causal effect (iii) + causal effect (ii)

Please note that the exposure sequences in causal effects
(i), (iii) and (ii) are (z2,z3) = (1,1), (22,23) = (1,0) and
z3 = 1, respectively. With the equality, we have that
causal effect (iii) is equal to

causal effect (iii) = causal effect (i) — causal effect (ii)

Therefore, we obtain the estimate of causal effect (iii)
from those of causal effects (i) and (ii). The confidence
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intervals and p-values of causal effects (i), (ii), and (iii)
are obtained using Monte Carlo simulation based on the
probability models and the obtained regression models.
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org/10.1186/512982-022-00119-6.

Additional file 1. 1) Sensitivity analysis for the impact of an alternative
follow-up split on the estimation. 2) Sensitivity analysis for the impact
of population change on the estimation. 3) Data and code, available in
[Zenodo] at http://doi.org/10.5281/zenodo.5136641 [24].
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