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Background: Amid the rapid global spread of the coronavirus disease 2019 (COVID-19), many
governments enforced country-wide lockdowns, likely with severe well-being consequences.
The actions by governments triggered a debate on whether the costs of a lockdown,
economically and in well-being, surpass the benefits perceived from a lower infection rate.
Aim: To use the Gross National Happiness index (GNH), derived from Big Data, to investigate
the determinants of happiness before and during the first few months of a lockdown in a country
as an extreme case, South Africa (a country with low levels of well-being and stringent lockdown
regulations). Next, to estimate (1) the probability of being happy during a pandemic year, before
and after the implemented lockdown, relative to the mean happiness levels of the previous year,
and (2) to utilise simulations to estimate the probability of being happy if there were no lockdown.
Setting: This study considers the effect of government-mandated lockdown on happiness in
South Africa.
Methods: We use Big Data in the forms of Twitter and Google Trends to derive variables and
ordinary least squares and ordered probit estimation methods.
Results: What contributes to happiness under lockdown, except for COVID-19 cases, are the
factors linked to the implemented regulations themselves. If we compare scenarios pre- and
post-lockdown, we report a happiness cost of 9%. The simulations indicate that assuming
there were no lockdown in 2020, the relative well-being gain is 3%.
Conclusion: If policymakers want to increase happiness levels and the probability of achieving
the same happiness levels as in 2019, they should consider factors related to the regulations
that can increase happiness levels.
Keywords: happiness; COVID-19; Big Data; regulations; South Africa.

Introduction
Whereas the need for curbing the coronavirus disease 2019 (COVID-19) infection rate is
understandable and the lockdown measures taken by many governments within reason, the
question arises as to the well-being cost of these decisions. In this article, we define well-being as
the subjective evaluative mood of a country as measured using the Gross National Happiness
index (GNH) derived from Big Data (Greyling, Rossouw & Afstereo 2019). (Please note that we
use the words ‘well-being’ and ‘happiness’ interchangeably).
Most discussions thus far regarding lockdowns have centred around economic loss. While the cost
of lockdown on the gross domestic product (GDP) has indeed been high, there could also be a
substantial loss in national well-being. Often in the past, GDP was erroneously used to measure the
well-being of a nation; however, it cannot measure non-market social interactions, such as family
and friendship, or attributes such as moral values, happiness or the sense of purpose in life. As such,
there is an increasing demand to use subjective measures of well-being and to move beyond the
classical income-based approach to measuring human development and progress (Algan et al. 2019).
Furthermore, Piekalkiewicz (2017) and Bryson et al. (2016) state that well-being predicts one’s
future income, affects labour market performance and increases productivity. Anik et al. (2009)
and Lyubomirsky, Sheldon and Schkade (2005) argue that happiness also has consequences for
the health and social sectors of a country. Unhappy individuals are physically less healthy, die at
a younger age and engage more in risky behaviour, such as drinking and smoking. In contrast,
happy people are more active, more creative, and better problem solvers. Therefore, maximising
well-being should be a priority in policy.
Note: Dr Tamanna Adhikari is a Research Associate at the School of Economics, College of Business and Economics, University of
Johannesburg, Johannesburg, South Africa.
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Previous studies that investigated subjective well-being
during pandemics found that community connectedness
and not isolation was a mitigating factor in subjective wellbeing during the H1N1 outbreak (Jones & Salathe 2009).
Additionally, those that studied mental well-being saw that
anxiety levels waned along with the perception of the Severe
Acute Respiratory Syndrome (SARS) virus being less of an
immediate threat (Lau et al. 2008).
More recently, Rossouw et al. (2020) used the GNH to
determine the probabilities to move between stages of
happiness in New Zealand, using a Markov switching
model. They found that the probability of moving between
stages did not change significantly before and during the
pandemic. However, the mean levels of happiness for these
stages were much lower during the pandemic than before.
Furthermore, they found that the factors of importance
to New Zealand’s happiness post-Covid-19 regulations
implemented were related to international travel,
employment and mobility. Greyling, Rossouw and Adhikari
(2020a) studied the causal effect of lockdown on happiness
in a cross-country study. They found that lockdown had a
negative effect on happiness, notwithstanding the different
country characteristics, the duration and the type of
lockdown regulations. Additionally, they found that the
more stringent the lockdown regulations, the greater the
cost in happiness. Hamermesh (2020) used Google Trends
data to predict the life satisfaction of married and single
people while in government-imposed lockdown by running
simulations. Not surprisingly, single people were less
satisfied with life than married people. Also using Google
Trends data, Brodeur et al. (2020) found an increase in
searches for loneliness, worry and sadness after a lockdown
was implemented, which indicates a negative effect on wellbeing and mental health.
Sibley et al. (2020) investigated the effect of lockdown
regulations in New Zealand on institutional trust, attitudes,
health and well-being, using survey data collected at two
points in time (December 2019 and April 2020). Their
preliminary results showed a small increase in people’s sense
of community and trust. However, they also found an
increase in anxiety and depression post-lockdown and hinted
at longer-term challenges to mental health. De Pedraza, Guzi
and Tijdens (2020) investigated life dissatisfaction and
feelings of anxiety in a cross-country study post-Covid-19.
They found that people with poorer general health, without
employment, living without a partner, choosing to live alone
and not exercising daily, report higher dissatisfaction and
higher anxiety. Additionally, they found that the effect of
COVID-19 on dissatisfaction and anxiety levels off with a
higher number of COVID-19 infection cases.
However, none of the above-mentioned studies compared
the determinants of happiness before and during a lockdown
in a developing country, such as South Africa, which already
suffers from low levels of well-being and a poorly performing
economy (an extreme country case). In addition, no other
http://www.sajems.org

Original Research

study, to the knowledge of the authors, has attempted to
measure the probability that a country can adapt to previous
levels of happiness after suffering the consequences of a
pandemic, or used simulations to determine the happiness
probabilities with and without a lockdown.
Therefore, in this study, we address the gaps in literature
by firstly using the GNH, a real-time measure of well-being,
derived from Big Data, to compare the determinants of
happiness before and during the first months of the
government-imposed lockdown. This is one of the few
studies (see also Greyling et al. 2020a and 2020b; Rossouw
et al. 2020, although these studies address different research
questions) that investigates the effect of lockdown on
happiness, making use of real-time Big Data. Other studies
such as Hamermesh (2020) and Brodeur et al. (2020) also use
Big Data, although they limit their analysis to Google Trends.
Secondly, we first calculate the probabilities to reach the mean
happiness levels of 2019, considering that the subsamples of
before and after the lockdown were implemented. Using
simulations, we then address the question of whether the
probability of being happy without a lockdown and a higher
number of COVID-19 cases exceeds the probability of being
happy with lockdown and fewer COVID-19 cases. In this
regard, it is the first study that compares the probabilities to
be happy in 2020, considering the mean levels of happiness in
2019 and the first study that simulates happiness levels, if we
assumed that there were no lockdown in 2020.
Our results indicate that, for an extreme country case, what
significantly contributes to happiness under lockdown are the
factors directly linked to the implemented regulations
themselves. These factors can be classified as (1) social capital
issues: lack of access to alcohol, concerns about schooling and
increased social media usage, and (2) economic issues:
employment concerns, the threat of retrenchments and lower
levels of consumption. As expected, the number of daily
COVID-19 cases is negatively related to happiness.
Surprisingly, we find that the stay-at-home variable is
positively related to happiness after lockdown, implying that
spending more time at home, without considering the other
negative effects of a lockdown, increases happiness.
We find the probability of reaching the same mean happiness
levels experienced in 2019, considering the two subsamples,
before lockdown regulations were implemented, to be 26%
and after that 17%. Thus, lockdown likely had a happiness
cost of 9%. The simulation study reveals that, even
considering a margin of error, people in South Africa would
likely have been happier with a higher number of COVID-19
cases and no lockdown regulations (a probability of 27%),
than with a lower number of COVID-19 cases and lockdown
regulations (a probability of 23%).
The results of the study inform policymakers on that which
significantly contributes to happiness levels during a
lockdown with possible applications to other countries with
Open Access
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similar lockdown regulations. Additionally, by making use of
high-frequency real-time data, policymakers are informed of
the consequences of their policy decisions with immediate
effect, in comparison with significant delays in information
(up to two years), associated with survey data.
The rest of the article is structured as follows. In the next
section, the choice of South Africa as an extreme country case
is discussed. The ‘data and methodology’ section describes
the data, the selected variables and outlines the methodology
used. The results follow, and then the article concludes.

Why South Africa?
In this study, we define a country as an extreme case if it
is under stringent lockdown regulations, coupled with a
failing economy and existing low levels of well-being. As
such, South Africa, a developing country, represents an
extreme case.
For the period before COVID-19, we found that for South
Africa the mean well-being level, as measured by the GNH,
was relatively low at 6.4 (measured on a scale of 0–10), when
compared to the mean happiness levels of 7.3 and 7.2 for New
Zealand and Australia (Greyling et al. 2019). Furthermore,
considering the economic well-being of South Africans, we
found that even before the negative economic impact of the
pandemic, GDP was estimated to shrink by 4.8% (Bureau
of Economic Analysis 2020), and the unemployment rate
reached 29%. Additionally, it has been estimated that
approximately 3–7 million people can potentially become
unemployed as a direct consequence of the pandemic, thereby
increasing unemployment rates to approximately 50%
(National Treasury 2020). Moreover, South Africa’s sovereign
credit rating was dealt a massive blow in March 2020 when it
was downgraded to junk status. Naturally, the impact of this
downgrading stretched into the political sphere, creating
instability, as well as impacting on the level of national debt
and debt interest payments. Lastly, the consumption of South
Africans has been declining in 2020, with major declines seen
after lockdown.
South Africa’s alert levels of lockdown regulations vary from
1 to 5, with alert level 1 the most relaxed and alert level 5 the
most stringent. As South Africa manages to curb the spread
of COVID-19, it moves down the alert levels and South
Africans regain more of their lost freedoms. South Africa
went into level 5 lockdown on 27 March 2020, which brought
about some of the world’s most draconian regulations. These
regulations were comparable only to those implemented by
countries such as Jordan and the Philippines (Farge 2020).
Level 5 lockdown brought with it high economic costs which
were cause for concern since South Africa was already
experiencing a severe economic downturn. Additionally,
South Africans faced restrictions such as not leaving their
homes to travel for work, leisure or exercise, not being
allowed to purchase tobacco and alcohol, while the police and
armed forces were called upon to enforce these restrictions.
http://www.sajems.org
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The data for this article spans the time period when level 5
restrictions were implemented in South Africa. At the end of
the sample, South Africa was under level 4 lockdown which
started on 01 May 2020. Even though South Africans were
now allowed to exercise outside from 06:00 to 09:00 and
purchase more than just essential goods, the sale of alcohol
and tobacco was still banned.
Taking the above information into consideration, it is clear
that South Africa is an example of a country as an extreme
case, suffering from low levels of well-being and poor
economic performance. This situation amplifies the effect
of the difficult choices made between curbing the spread of
the virus and the likely cost to well-being, related to strict
lockdown regulations.

Data and methodology
Data

In the analyses, we make use of high-frequency daily data
spanning the period from 01 January to 08 May 2020, which
is 128 days.

Gross National Happiness index – The dependent variable
To measure happiness, we make use of the GNH for South
Africa, which was launched in 2019. The GNH measures the
evaluative mood of South Africans. To construct the GNH,
we extract tweets from Twitter and apply sentiment analysis
to every tweet. Sentiment analysis is the process of
determining whether a piece of writing conveys a positive,
negative or neutral ‘opinion’. We use natural language
processing (NLP) and a sentiment algorithm to determine the
sentiment of a whole sentence rather than only the sentiment
of a single word. This is the better choice as it helps you
understand an entire opinion and not merely a word from
the text. The outcome of the sentiment analysis is used in an
algorithm to derive the GNH per hour. The scale of the
happiness scores is from 0 and 10, with 5 being neutral, thus
neither happy nor unhappy. The index is available live on the
GNH website (Greyling et al. 2019) (see Rossouw & Greyling
2020 for a detailed discussion of the index).
In South Africa, the average number of tweets extracted for
2020 is 68  524 per day. South Africa has approximately 11
million Twitter users, representing a substantial sample of
almost 18% of the population (Omnicore 2020). Rossouw
et al. (2020) and Greyling et al. (2020a & 2020b) argue that
even though Twitter is not representative, it does
accommodate individuals, groups of individuals, media
outlets and organisations, representing a kind of disaggregated
sample, not found in survey data. Furthermore, we test the
robustness of the GNH using the ‘Global behaviors and
perceptions at the onset of the COVID-19 pandemic data’ online
survey. The survey results represent 58 countries (those
countries in which more than 200 individuals responded),
and the total sample was 107  565 individuals (OSF 2020).
Correlating the GNH with ‘anxiety’ and ‘depression’, derived
from the above-mentioned survey for the period from
Open Access
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01 March 2020, we find a negative and significant relationship,
mostly greater than 0.5 (r > 0.5). It indicates that the GNH
and ‘anxiety’ and ‘depression’ measured, using survey data,
showed similar but inverted trends.

under observation brought about further limitations as the
number of covariates that could be included in the estimation,
was restricted to avoid overfitting the models.
Considering the mentioned challenge and the fact that daily
data was scarce, we are restricted in our choice of variables.
See Table 1 for selected variables and the descriptive
statistics for the covariates before and after the implemented
lockdown. In the literature, it has been shown that GDP,
inflation and unemployment influence happiness (Perovic &
Golem 2010; Sacks et al. 2010; Stevenson & Wolfers 2008). As
we were only working with four months of data, we assume
the inflation rate to be relatively stable. Following the work
done by Stiglitz, Sen and Fitoussi (2009), we chose to use
consumption as our measure for material well-being since
material living standards are more closely associated with
consumption than GDP. Additionally, Sachs et al. (2018)
argue that consumption is a more appropriate variable to
measure economic activity from a developmental point of
view, than income. Thus, to estimate consumption, we made
use of the daily data available, related to credit and debit
card sales, together with ATM transactions (BETI 2020). We
realised that sales were not a perfect proxy for consumption;
however, given our data limitations, we believed it provided
a reasonable representation of the situation in South Africa.
We had no daily measure of unemployment; therefore, we
used the methodology as set out by Nuti et al. (2014),
Brodeur et al. (2020), Greyling et al. (2020a) and Rossouw
et al. (2020) and used daily searches on Google Trends for
topics related to ‘jobs’, including searches for the South
African government’s Unemployment Insurance Fund as a
proxy for future uncertainty related to jobs and the economy
(see also Simionescu & Zimmermann 2017). We named this
variable ‘jobs’.

Happiness tends to vary depending on the day of the week,
normally with a Monday low and a Saturday high. Therefore,
we adjust the time series to remove the day-of-the-week
effect (Helliwell & Wang 2011; Kelly 2018).
In addition to computing the GNH, Greyling et al. (2019)
extended their analysis in February 2020 to distinguish
between the different emotions underpinning the tweets. The
team did this to determine the emotions of a nation under
challenging circumstances and in events in which one
expects significant changes in emotions. Subsequently, they
differentiate between eight emotions, namely sadness,
surprise, disgust, anticipation, fear, anger, trust and joy.

Selection of covariates
To determine the effect of a lockdown on happiness before
and after the implemented lockdown, we constructed a
treatment variable, named ‘lockdown’. This divides the
sample into two distinct time periods: before the first
regulations were implemented on 18 March 2020 and after
the implementation. The first time period – before 18 March
2020, from 01 January 2020 to 17 March 2020 (77 days) – is
coded as 0 and includes a period when the first positive
cases were reported in South Africa, but no regulations to
curb the spread were implemented as yet. The second time
period – after 18 March 2020, thus from 18 March 2020 to 08
May 2020 (51 days) – is coded as 1. This period includes the
initial two weeks in which there was not a total lockdown,
but restrictions on social gatherings were implemented.
Consequently, South Africa moved into level 5 lockdown
regulations and on 01 May moved back to level 4. These
were stringent and very limiting (see above for the full
description).

To select other variables included in the estimation of the
happiness function, we relied on the analysis of the tweets.
We found ourselves in uncharted territory, as there were
limited studies estimating happiness functions during a
lockdown (Greyling et al. 2020a; Rossouw et al. 2020). We
used the studies mentioned above, as well as the contents of

To select the covariates included in the model, we were led by
the literature and data availability. The limited time period
TABLE 1: Descriptive statistics of the variables included in the estimations of happiness.
Variable

Full sample

Before lockdown

After lockdown

Mean

Standard deviation

Minimum

Maximum

Mean

Standard deviation

Mean

Standard deviation

Lockdown (1 = period of
lockdown and 0 = no
lockdown)*

0.40

0.49

0

1

-

-

-

-

Sales volumes, logged

15.03

0.46

14.01

16.36

15.25

0.32

14.71

0.46

Jobs†

22.58

25.20

1

100

5.25

2.21

34.55

20.9

Tweets, logged

11.10

0.27

8.46

11.55

11.00

0.10

11.28

0.14

Alcohol‡

11.11

0.18

10.66

11.56

14.66

3.33

51.1

24.04

COVID-19 cases
COVID-19 cases squared
Stay-at-home§
Schools†

71.9

126.05

0

663

0.80

3.47

173.29

145.38

20 938

57 582

0

439 569

12.59

84.14

50 776.56

81 177

-

-

-

-

-

-

1.70

0.71

24.65

14.12

11

100

25.37

5.10

47.28

13.85

Note: Authors’ calculations using data as explained in ‘Selection of covariates’ section.
*, The mean represents the number of days under lockdown.
†, Standardised between 0 and 100 and computed such that a higher number represents a higher number of searches for these topics; ‡, Standardised between 0 and 100 and is computed such
that a higher number is indicative of a ‘lack’ of alcohol; §, This variable is taken from the Oxford Stringency Index data set and changes on a day-to-day basis according to the strictness of the
lockdown orders. A higher number represents stricter regulations.
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the tweets, to direct us to those covariates that influenced
happiness during a lockdown. It was evident from the tweets
that the main topics of discussion related to the regulations
that were implemented to curb the spread of the virus. These,
among others, included the prohibition on the sale of alcohol
and tobacco. To proxy the sale of alcohol and tobacco, we
followed a similar method to the one used when we derived
the measures of ‘concerns related to the economy’. This
meant that we used the number of searches for alcohol and
tobacco on Google Trends. The searches for both alcohol and
tobacco followed the same trend during the lockdown period
and were highly correlated (r = 0.83). To circumvent issues
related to multicollinearity, as well as accommodating
restrictions in the number of covariates to include in the
model, we decided to include only ‘alcohol’ in the regressions.
However, we assumed that results drawn from ‘alcohol’
would most likely also apply to tobacco.
Other topics mentioned were related to concerns about the
schooling of children and stay-at-home orders. To proxy
concerns about schooling, we once again made use of Google
Trends searches for the word ‘school’.
To consider the stay-at-home orders, a proxy for lack of
mobility, we made use of the Oxford Stringency Index data
set. It included a variable that changed on a day-to-day basis
according to the strictness of the stay-at-home orders. It was
an ordinal variable and equal to 0 if there were no stay-athome orders. It changed to 1 if the recommendation was not
to leave your house, 2 when people were required not to
leave their houses, but could, for example, exercise, do
grocery shopping and run essential errands. The value 3
indicated not leaving your home, or with restrictions, such as
leaving once a week only, or only one person at a time (Hale
et al. 2020). Thus, a higher value indicated stricter restrictions.
We included this variable only for the period after lockdown,
seeing that all values before lockdown were 0.
Furthermore, we included the number of tweets per day, as it
formed part of the Twitter data extracted daily in South
Africa (Greyling et al. 2019), which was a proxy for
connectivity. It also gauged the opportunity cost of not being
able to have face-to-face interactions, which seemed to be
negatively related to happiness (Chae 2018; Wilson, Gosling
& Graham 2012). As expected, the number of tweets increased
markedly during the lockdown period, from an average of
60 708 tweets per day before the lockdown to almost 80 000
tweets per day during the lockdown.
We included the number of COVID-19 cases, as well as the
squared number of COVID-19 cases to control for a possible
non-linear relationship between the number of cases and
happiness. The data for the number of cases was sourced
from the European Centre for Disease Prevention and
Control (2020). This data was updated each day nationally,
using a wide number of mainly official sources, as well as
a handful of social media outlets of the national health
ministries of each country.
http://www.sajems.org
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Methodology
Ordinary least squares regression
We first estimated the following baseline model for the full
sample from 01 January to 08 May 2020:
yt = α 0 + α1lockdownt + α 2 X t + µt 

[Eqn 1]

Here, yt refers to the GNH for each day, lockdownt is our
treatment variable capturing the ‘closure’ of both economic
and social activity as a response to COVID-19. It took a value
of 0 before 18 March 2020, and 1 after that. Additionally, we
used several relevant covariates to account for the changes
in happiness over the time under consideration. This was
encapsulated in Xt.
Due to the various factors that affect happiness, there may be
a correlation with some of our independent variables and the
error term, leading to endogeneity concerns. The coefficient
could be biased downwards or upwards, depending on the
direction of the correlation between the error term and the X
variable. For example, the coefficient on the indicator for
‘jobs’ is likely biased upwards as it, in all probability, shows
the effect of concerns about jobs, as well as some other
negative economic shock on happiness. In the absence of
panel data or an appropriate instrument, it was difficult to
ascertain causality from Equation 1. However, given the
sudden and rapid spread of the pandemic and the probability
of it having a knock-on effect on the economy, a study in
terms of associations was also relevant. A natural extension
of the work, as better data becomes available in time, would
be to address these concerns.
Next, we split our sample by our treatment variable to
analyse the determinants of happiness before and after the
implemented lockdown. The probability of autocorrelation
and heterogeneity in our data could not be ruled out,
especially due to its time-series nature. However, we used
robust standard errors to account for this. Additionally,
there was a caveat in the choice of our controls. We only
have 128 observations and, therefore, using a larger battery
of covariates would lead to problems arising due to
overfitting of the model.

Probabilistic models
Our second objective was to consider the change in the
probability of being happy in the year 2020 because of the
pandemic and lockdown. To this end, we first transformed
our dependent variable on happiness, which was measured
on a scale from 0 to 10, to a binary variable. We used the
mean of happiness for the year 2019, which has a score of
6.35, as the cut-off point. We then estimated the following
ordered probit model:
Pr ( Happy = 1| X ) = α + β 0 ( lockdown )t + β1 X t + ε t 

[Eqn 2]

In Equation 2, Xt is the vector of the covariates as described
earlier. Using the probit regressions from Equation 2,
Open Access

Admittedly, one could also use the example of Italy. Still, due
to the similar trajectory in the two countries, we believed
Spain was the better choice due to the matching number of
days, 43, under investigation. We imputed the number of
COVID-19 cases for South Africa after its first case on 06
March. Next, to account for the lack of effect of the lockdown
on our other covariates (jobs, schools, alcohol, sales and
tweets), we used their 2019 values at the same time of that
year – thereby accounting for seasonality. We then estimated
Equation 2 and reported the resulting predicted probabilities.
Thus, the predicted happiness levels against the backdrop of
the COVID-19 pandemic with no lockdown regulations.
Admittedly creating counterfactual situations in this way has
its own concerns as it incorporates year-specific effects. Still,
we believed that, even with a margin of error, the computed
probability would shed light on the true effect of the
lockdown on happiness levels.

Results and analysis
Descriptive results

Figure 1 shows the two periods for South Africa that we
analyse: the period before the lockdown, which covers 01
January to 17 March 2020, and then the period after the first
regulations were introduced and the lockdown was
implemented, 18 March to 08 May 2020 (periods are divided
by the vertical line in Figure 1).
From Figure 1, it is evident that declaring a state of emergency
and informing the nation that they will go into a nationwide
lockdown, had a significant negative effect on the happiness
level (see dotted line representing smoothed GNH – Figure 1).
While South Africans understood that measures had to be
implemented to curb the spread of the virus, the limited
mobility, being forced to work from home, children not being
allowed to attend schools, the restrictions on the sale of
http://www.sajems.org
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Lastly, we ran a simulation model to estimate the probability
of being happy in the event of no lockdown. To do this, we
needed to create several counterfactual scenarios for our
variables. We made the reasonable assumption of an increase
in the number of COVID-19 cases due to no lockdown.
To simulate the number of cases, we used the example of
Spain (a worst-case scenario). Spain was a likely choice
due to its population size being similar to that of South
Africa’s and because of its somewhat delayed lockdown
response to the pandemic, thus simulating a no lockdown
period. Spain reported its first COVID-19 case on 31 January
2020 and only enforced a total lockdown on 14 March –
43 days later. This fits in well with our timeline as the last
date of our sample is 08 May – 43 days after the first reported
case in South Africa.

GNH

7,50

GNH

we computed the predicted probabilities of being happy first,
over the entire sample, and then before and after the
lockdown. Due to the method of constructing our binary
dependent variable, we could interpret our computed
probabilities as the probability of being happier than the
mean level of happiness achieved in 2019.
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Date
Source: Authors’ calculations using Gross National Happiness index (GNH) data set from:
Greyling, T., Rossouw, S. & Afstereo, 2019, Gross National Happiness Index, viewed 08 May
2020, from http://gnh.today
Note: The vertical line refers to the day of the lockdown. We used a 7-day moving average to
smooth the GNH.

FIGURE 1: Happiness levels before and after lockdown.

alcohol and tobacco, as well as limitations on exercise had a
negative effect on happiness.
What about the emotions that underpin the evaluative mood
expressed in the happiness index? From Figure 2, it can be
seen that South Africans experienced a change in their
emotions from before to after the imposed lockdown. South
Africans were angrier after their first weekend spent in
stringent lockdown. Additionally, the emotions expressed
changed from being joyful, anticipating good things to
happen and showing trust, to being angry, anticipating the
worst and showing disgust and fear. Over the period, the
most significant gainers, among the emotions, were anger, up
by almost 10%, followed by disgust (+8%). In contrast, the
biggest losers were trust (−13%) and joy (−6%).

Regression analysis
From the results of Table 2, we see that the coefficient on the
treatment variable ‘lockdown’ is negative. Therefore it is
indicative of lower happiness levels after the regulations
were introduced than before.
Let us consider that the year 2020 was tainted by the COVID-19
virus from January 2020 onwards, even though the first case
of COVID-19 in South Africa was only announced on 06
March 2020. We can assume that happiness functions might
look different in this pandemic year compared to other years.
Table 2, panel 1, shows the statistically significant determinants
of happiness since the beginning of 2020 up to 08 May 2020.
Sales are significant and positively related to happiness. Sales,
in this instance a proxy for consumption, are positively related
to happiness; thus, if sales increase, happiness would likely
also increase (Stanca & Veenhoven 2015; Wang et al. 2019). The
COVID-19 cases squared variable, which we introduced to test
for a quadrative relationship between COVID-19 cases and
happiness, is positive and significant for the whole sample,
although only at the 10% level. Additionally, the effect size is
very small, and it loses its significance in the subsamples.
Thus, it seemed in the early stages of COVID-19, although the
effect size decreased, there was not yet sufficient evidence of a
Open Access
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Source: Authors’ calculations using Gross National Happiness index data set from: Greyling, T., Rossouw, S. & Afstereo, 2019, Gross National Happiness Index, viewed 08 May 2020, from http://gnh.
today

FIGURE 2: Emotions of South Africans before and after COVID-19.
TABLE 2: Ordinary least squares estimation results of the relationship between different covariates and happiness.
Dependent variable: Gross
National Happiness index

(1) Full sample

(2) Before lockdown

(3) After lockdown

Coefficient

Robust standard error

Coefficient

Robust standard error

Coefficient

Lockdown

-0.1806*

0.0999

-

-

-

-

Sales, logged

0.1049**

0.0436

0.2017***

0.0468

-0.0238

0.0567

Jobs

-0.0024**

0.0011

0.0076

0.0107

-0.0026**

0.0010

Tweets, logged

-0.5706***

0.1967

-0.3441

0.2950

-0.7632***

0.2539

Alcohol

-0.0093***

0.0012

-0.0148*

0.0077

-0.0080***

0.0011

School

-0.0005*

0.0017

-0.0002

0.0020

-0.0043*

0.0038

COVID-19 cases

-0.0022**

0.0009

-0.0338**

0.0139

-0.0015**

0.0007

0.0000*

0.0000

0.0001

0.0005

0.0000

0.0000

-

-

-

-

0.1536***

0.0550

11.7421***

2.2747

8.2297**

3.4013

15.6260***

2.8973

128

-

77

-

51

-

0.398

-

0.349

-

0.702

-

COVID-19 cases squared
Stay-at-home
Constant
N
Adjusted R2

Robust standard error

Note: We exclude ‘stay-at-home’ from before lockdown estimations due to lack of variation observed.
*, p < 0.10; **, p < 0.05; ***, p < 0.01.

quadratic relationship. Additionally, Table 2, panel 1, shows
that searches for jobs, alcohol and school, the number of
tweets, as well as COVID-19 cases, are statistically significant
and negatively related to happiness.
Let us consider the time periods before lockdown (01 January
to 17 March 2020) (Table 2, panel 2) and after the lockdown
regulations were introduced on 18 March (up to 08 May 2020,
the date of completing the research article) (Table 2, panel 3).
We find the following differences in the factors that influence
happiness.
Sales (a proxy for consumption) were a significant predictor
of happiness before the lockdown period. After the lockdown
was introduced, it seems that sales were no longer of
importance to happiness. This might be explained as the joy
derived from buying dissipated after the lockdown, due to
the experience being negative. South Africans’ consumption
experience was characterised by standing in queues before
entering a store, only being allowed to purchase essential
goods, enduring the discomfort of wearing masks and always
keeping to social distancing rules.
Before the lockdown, searches for jobs were not significant.
Still, in the period after the lockdown, concerns about the
future of the economy show a statistically significant and
http://www.sajems.org

negative relationship to happiness, emphasising concerns
about the economic effects of the lockdown.
The number of tweets was not significant before the
lockdown, but after the lockdown, it was significant and
negatively related to happiness. In line with expectations,
we did note that the number of tweets during the lockdown
period increased significantly. As mentioned previously, it
had been shown an increase in use of social media is
often negatively associated with happiness (Chae 2018;
Wilson et al. 2012).
After the lockdown was introduced, the sales of all alcoholic
beverages and tobacco were prohibited. Once the sales were
prohibited, it became more apparent that the lack of these
products is a significant contributor to the happiness of South
Africans. Research done by Sommer et al. (2017) proved that
because of the presence of hordenine in, among others, beer,
it significantly contributes to mood elevation. In South Africa,
which is well-known for its high per capita beer and alcohol
consumption (Statistics South Africa 2017), we noticed that
the lack of alcohol played a significant role in the decrease in
happiness both before and after the implemented lockdown.
The effect size, however, was not significantly different from
each other. This could be related to the lack of socialising,
which is a large part of the South African culture and
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synonymous with consuming alcoholic beverages. Indeed,
when reading through the actual tweets themselves, we
noticed that the lack of alcohol was a major tweet topic.

Peoples’ happiness levels decreased significantly, as new
factors came to the fore, which were not previously relevant or
known to affect happiness levels. These include the lack of
alcohol, social events and gatherings and concerns about
schooling and future employment. What was concerning is
that sales, a well-established determinant of happiness, were
not significant after lockdown, implying that happiness levels
were not increased by higher levels of consumption. This is
against the standard utility theory of economics, which shows
that there is a positive relationship between consumption and
happiness. The main finding, however, is that the number of
COVID-19 cases, although negatively related to happiness,
became less of a threat to happiness after lockdown. This
confirms the findings of the studies conducted by Jones and
Salathe (2009) and De Pedraza et al. (2020), although they
investigated mental well-being and life satisfaction.

Before the lockdown period searches for school, a proxy for
people concerned about their children’s schooling, was not
significant, but after the lockdown was introduced, it became
significant. This is an indication of people’s concern for
their children’s education and the uncertainty surrounding
the schooling process for 2020. Furthermore, there was
uncertainty about when schools would re-open and how
teaching would take place without putting children at risk.
The number of daily COVID-19 cases was negatively related
to happiness, before and after the lockdown. The significant
relationship before lockdown is interesting, as the first
COVID-19 case in South Africa was only confirmed on 06
March 2020. This was approximately three weeks before the
lockdown regulations were implemented. However, the
news about COVID-19 was available since the end of
December 2019, and the first tests for COVID-19 in South
Africa were done in February 2020. Looking at the emotion of
fear, we saw that it increased since February and was likely
linked to the negative relationship between the number of
COVID-19 cases and the happiness levels before lockdown,
but the emotion of fear started to decline from April 2020.
However, the coefficient on COVID-19 cases is smaller after
the lockdown than before. This reveals that the effect of the
number of cases on happiness declined over time.

Results on the probability of reaching 2019
happiness levels
To measure the probability that South Africa could reach the
same levels of happiness in the year 2020 as experienced in
2019, we used the same models as estimated using ordinary
least squares (OLS). However, with the difference that we
collapsed the happiness variable to a binary variable. Now, 1
indicated a level of happiness equal to or more than the mean
happiness level of 6.35 in 2019, and 0 indicated the opposite.
Furthermore, we excluded the stay-at-home variable from
the probit estimations to make the before and after lockdown
models comparable (the reader is reminded that this variable
had a value of 0 before the lockdown).

Let us only consider the period after lockdown, and introduce
the stay-at-home variable, a proxy for lack of mobility (Table 2,
panel 3). We found that stay-at-home orders played a
significant and positive role. As the stringency of the stay-athome orders increased, happiness increased. This could be
thought of as one of the positive effects of the lockdown. In
general, people had more time to spend with their loved ones.
Additional savings had been reported for salaried individuals
due to reduced spending opportunities leading to potentially
increased happiness levels. Traffic and lack of commuting
expenses could also be additional explanations for this result.

Probability to be happy for the period from 01 January to
08 May 2020 (real-life scenario)
Table 3, showing the results for the whole time period from 01
January 2020 to 08 May 2020, strengthens the OLS estimation
results (see Table 2) as the results were very similar, with all
signs having the same direction as in the OLS estimations.
This indicates that the direction of the relationships did not
change; the similarity of the results held for the period
before and after the lockdown. However, the number of
tweets was no longer significant in the model. We found that
if we increased the cut-off point, of the happiness variable to

In summary, what changed when the lockdown regulations to
curb the spread of the COVID-19 virus were implemented?
TABLE 3: Probit estimations on the probability to be happy.
Variable

Full sample: Pr (GNH ≥ 6.35)

Before lockdown

After lockdown

Coefficient

Robust standard error

Coefficient

Robust standard error

Coefficient

-0.7658*

1.0293

-

-

-

-

1.1516***

0.4384

1.5386**

0.6504

0.04258

0.7556

Jobs

-0.0134*

0.0116

-0.0055

0.0208

-0.0422*

0.0686

Tweets, logged

-1.4941

1.4635

-1.5252

2.0031

-0.6405

2.8108

Alcohol

-0.0566***

0.0152

-0.0290

0.0555

-0.0035***

0.0173

School

-0.0123*

0.0152

-0.1266

0.0936

-0.0035*

0.0173

COVID-19 cases

-0.0084*

0.0103

-2.3507*

35.5155

-0.0055*

0.0122

COVID-19 cases squared

0.0000

0.0000

-0.8543

36.4976

0.0000

0.0000

Constant

4.0833

18.1192

-2.7872

25.5738

-12.6874

33.8883

Lockdown
Sales, logged

N
Probability to be happy

Robust standard error

128

-

77

-

51

-

0.23***

0.031

0.26***

0.040

0.17***

0.042

*, p < 0.10; **, p < 0.05; ***, p < 0.01.
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greater than 6.35, tweets became significant (negative
relationship). This implies that the probability of being very
happy is negatively related to the number of tweets (reemphasising the findings in the literature).

Original Research

TABLE 4: Probability to be happy if we assume no lockdown (simulation with
Spanish COVID-19 cases).
Simulation

No lockdown

Coefficient

0.27***

Standard error

0.042

*, p < 0.10; **, p < 0.05; ***, p < 0.01.

Thus, similar to the OLS results, sales increased the
probability of being happy. In contrast, increased searches
for alcohol, school and jobs decreased the probability
of happiness. Additionally, as expected, the number of
COVID-19 cases also decreased the probability of happiness
(see Table 3). Interestingly, in the probability estimations,
the squared COVID-19 cases were positive, but no longer
significant, re-emphasising the OLS results.
Table 3 shows that the predicted probability of reaching the
same mean happiness levels in 2020 (01 January to 08 May),
as experienced in 2019, is only 23%. Thus, there is a relatively
low probability that people will be as happy in 2020 as they
were in 2019.

Probability to be happy for the period before lockdown,
01 January to 17 March 2020 (real-life scenario) and after
lockdown, 18 March to 08 May 2020 (real-life scenario)
As mentioned, we found similar results in the probability
estimations as in the OLS estimations for the period before
and after the implemented lockdown.
Before the lockdown period, we found that sales increased
the probability of happiness, whereas the number of
COVID-19 cases decreased the probability of happiness.
Let us consider the predicted probabilities of being happy
before the lockdown. We found that the probability of
reaching the same mean levels of happiness in 2020, as
experienced in 2019 was 26%.
After the lockdown, we found that searches for jobs, alcohol,
schools and COVID-19 cases decreased the probability of
being happy. The probability of being as happy as in 2019
after the lockdown was only 17%. Thus, South Africans had
less than a one in four chance to be as happy as they were in
2019 with the lockdown regulations in place.
Let us consider the real-life scenarios and compare the
probabilities to be happy before and after lockdown. It
seems that after the lockdown the probability of being
happy was much lower than before: the difference between
the probability of 26% and only 17%. These results reflect
both (1) the observed pattern of the spread of the disease
post lockdown, although it seems as if peoples’ fear of the
disease was dissipating, and (2) the negative effects of
lockdown regulations.

We assumed that the number of COVID-19 cases followed a
similar trajectory to that in Spain, which did not impose a
South African-style lockdown, whereas we assume that the
other covariates had similar levels (values) to those in 2019.
We estimated the probability of being happy if no lockdown
were imposed, but with the presence of COVID-19.
Furthermore, we assumed due to no lockdown regulations
that the number of COVID-19 cases would be significantly
higher than in the real-life scenario.
With these considerations in mind, we found that the probability
of being as happy in 2020 as in 2019 was 27%. Thus, if we
compared the real-life probability of happiness to that found in
the simulation model, it was 23% compared to 27%. Therefore,
we have a loss in the probability of happiness of 4%; we can
ascribe this loss to the lockdown regulations. This indicated
that even if we consider the threat of COVID-19, the stringent
lockdown regulations further decreased happiness.
We do acknowledge that our assumptions were quite strict.
As cases increased, so would the number of deaths and that
would reduce the happiness levels. However, given the
differences in the healthcare systems between South Africa
and Spain, it was hard to simulate the number of deaths.
Additionally, our simulations were based on behaviour of
people which in 2019 was assumed to be ‘normal’. As the
pandemic goes on, we know that people’s behaviour would
change. Thus, the probability estimates we got, are to be
understood against this backdrop.
One caveat holds: the population of South Africa is
approximately 9.5 million more than that of Spain (46 million
in 2020), so it is plausible that the number of cases in South Africa
could be higher, which would make the probability of being
happy, slightly lower than our estimations. But in general, even
considering some margin of error, it seems that the lockdown
regulations created a loss in the probability to be happy.

Conclusion

Simulation of probability to be happy for the period from
01 January to 08 May 2020, if there were no lockdown

In this article, we used the GNH to explore the factors
associated with happiness during the COVID-19 pandemic,
and we investigate if these factors differed for the period
before and after the lockdown. Furthermore, we investigated
the probabilities to reach the mean happiness levels of 2019,
considering the time period before and after the lockdown.
Additionally, we simulated the probability of happiness if
there were no lockdown in South Africa and an increased
number of COVID-19 cases.

Table 4 gives the predicted probabilities from our simulation
exercise in the event of no lockdown for the entire time period
under consideration (01 January – 08 May 2020). The details
of the simulation can be found in the methodology section.

This is one of the first studies to use a real-time measure of
well-being, derived from Twitter together with other
variables derived from Google Trends, to estimate the factors
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related to well-being during a pandemic and provide timely
results to policymakers. It is also one of the very few studies
that focus on a developing country or a country as an extreme
case, such as South Africa, which has low levels of well-being
and has had very stringent lockdown regulations. In addition,
this is the first study that compares the probabilities to be
happy in 2020, considering the mean levels of happiness in
2019. Lastly, this is the first study to simulate happiness levels
if we assume that there were no lockdown in 2020 amid an
increase in the number of COVID-19 cases.
Our results indicate that, for a country as an extreme case,
what significantly contributes to happiness under lockdown
are the factors directly linked to the regulations that were
implemented. These factors can be classified as: (1) social
capital issues: lack of access to alcohol, concerns about
schooling and increased social media usage, and (2) economic
issues: employment concerns, the threat of retrenchments
and lower levels of consumption. As expected, the number of
daily COVID-19 cases was negatively related to happiness.
Surprisingly, we found that the stay-at-home variable is
positively related to happiness, implying that spending more
time at home, without considering the other negative effects
of a lockdown, increased happiness.
We found the probability of being as happy as in the year
2019 with lockdown regulations implemented to be 17% and
26% without the lockdown. Thus, lockdown likely had a
happiness cost of 9%. The simulation study revealed that,
even considering a margin of error, people in South Africa
would likely have been happier with an increased number of
COVID-19 cases and no lockdown regulations (a probability
of 27%), than with a lower number of COVID-19 cases and
lockdown regulations (a probability of 23%).
Considering the results mentioned above, it ultimately means
that if policymakers want to increase happiness levels and
increase the probability to achieve the happiness levels of
2019, they must consider those factors that significantly
contribute to peoples’ happiness. These factors include
allowing people some of their lost comforts by reinstating the
sale of alcohol and tobacco. People should be allowed to
return to work, or the circumstances for working from home
should be enhanced. Furthermore, making it possible for
children to be schooled (online teaching or schooling that
allows for social distancing) and allowing people to restore a
certain degree of their consumption patterns while being
careful to prevent the spread of COVID-19.
Additionally, policymakers should assure citizens that there
is a credible plan to get the economy, which is currently in
dire straits, back on track. Such an economic plan should
stimulate growth, create job opportunities and increase
employment rates, supply the necessary infrastructure and
deal with curbing vast budget deficits and debt burdens.
One shortcoming of this study is the inability to draw
heterogeneous within-country conclusions, seeing that
we employ country-level representative indicators for
http://www.sajems.org
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happiness. Thus, it is important to interpret our results as
the mean effect on happiness.
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