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Abstract

The COVID-19 pandemic has had a devastating impact on the global economy. In this

paper, we use the Phillips curve to compare and analyze the macroeconomics of three dif-

ferent countries with distinct income levels, namely, lower-middle (Nigeria), upper-middle

(South Africa), and high (Canada) income. We aim to (1) find macroeconomic changes in

the three countries during the pandemic compared to pre-pandemic time, (2) compare the

countries in terms of response to the COVID-19 economic crisis, and (3) compare their

expected economic reaction to the COVID-19 pandemic in the near future. An advantage to

our work is that we analyze macroeconomics on a monthly basis to capture the shocks and

rapid changes caused by on and off rounds of lockdowns. We use the volume and social

sentiments of the Twitter data to approximate the macroeconomic statistics. We apply four

different machine learning algorithms to estimate the unemployment rate of South Africa

and Nigeria on monthly basis. The results show that at the beginning of the pandemic the

unemployment rate increased for all the three countries. However, Canada was able to con-

trol and reduce the unemployment rate during the COVID-19 pandemic. Nonetheless, in line

with the Phillips curve short-run, the inflation rate of Canada increased to a level that has

never occurred in more than fifteen years. Nigeria and South Africa have not been able to

control the unemployment rate and did not return to the pre-COVID-19 level. Yet, the infla-

tion rate has increased in both countries. The inflation rate is still comparable to the pre-

COVID-19 level in South Africa, but based on the Phillips curve short-run, it will increase fur-

ther, if the unemployment rate decreases. Unfortunately, Nigeria is experiencing a horrible

stagflation and a wild increase in both unemployment and inflation rates. This shows how

vulnerable lower-middle-income countries could be to lockdowns and economic restrictions.

In the near future, the main concern for all the countries is the high inflation rate. This work
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can potentially lead to more targeted and publicly acceptable policies based on social media

content.

1. Introduction

More than two years has passed from the day the World Health Organization (WHO) offi-

cially declared the novel coronavirus disease known as COVID-19 a pandemic, nevertheless,

despite the availability of effective vaccines, people are still getting infected and losing their

lives, and countries are still placing restrictions and lockdown measurements to control the

spread of the virus [1]. Since many infected people may not have any symptoms, group din-

ing and social gathering are mostly restricted. While schools and some office jobs are con-

verted to online teaching and remote working respectively, mass transit, hotels, restaurants,

and many other businesses are still under some sort of restriction [2]. Although vaccines

have successfully reduced the number of infections and deaths around the world, since the

virus can spread through the vaccinated individuals, Non-Pharmaceutical Interventions

(NPI) such as lockdowns still need to be applied [3, 4]. As a result of this long-term isolation

and financial depression, the global economy is going through havoc and the worst is yet to

come [5].

Various studies have focused on investigating the health and economic outcomes of the

COVID-19 pandemic in different countries [6–11], however, understanding and contrasting

macroeconomic changes across the World Bank (WB) income classes to inform better poli-

cies during the current catastrophe and prepare for future disasters has been neglected. In

this paper, we aim to study how different countries from different income classes have

responded to the crisis caused by COVID-19 pandemic, in terms of macroeconomic indica-

tors such as unemployment and inflation. Based on economic development, the WB ranks

and classifies countries into four groups, namely, high-, upper-middle-, lower-middle-, and

low-income. Classification takes place each year on July first based on the Gross National

Income (GNI) per capita of the previous year of the countries [12]. The classification was

initially used for analytical purposes such as comparison and aggregation. However, today it

is extended beyond that and used for cases such as loan pricing and lending decisions. GNI

per capita has proven to be a good estimation for economic development and may be even

more accurate than some accepted indicators of development outcomes such as Gross

Domestic Product (GDP) [13]. In this work, we aim to find out how countries from different

income levels have responded to COVID-19 pandemic by bringing an example from three

different income levels, i.e. Nigeria for lower-middle, South Africa for upper-middle, and

Canada for high income. Such analysis has been conducted for the 2009–2010 great reces-

sion [14–17]. However, to the best of our knowledge, countries have not been compared

based on income and macroeconomic levels during the COVID-19 pandemic. We use the

Phillips curve to study the labor market flow and price changes across income levels during

the COVID-19 pandemic. Our findings on the unemployment rate using Twitter sentiments

could help decision-makers determine more targeted policies for the current and future

crises.

Social media has been successfully used in different fields such as behavior analysis [18],

spam detection [19], electoral prediction [20], event detection [21], and economy [22]. Twitter

as one of the most popular social media is widely used in micro and macroeconomics [23–25].

It has been considered an alternative way of estimating labour market metrics and statistics

[26]. Census taking faces many limitations and difficulties; it is very expensive and time
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consuming, it requires a lot of manpower and administrative personnel and the results are

usually not available in less than a month. As a result, countries carry out census only annually

or seasonally. Using social media, macroeconomic metrics can be estimated and presented

with less cost and effort, only using several lines of code, in real-time, and on monthly basis,

rather than seasonally or annually.

Sentiment analysis is the technique of using Natural Language Processing (NLP) to identify

and extract the emotion of a text. Using sentiment analysis, a text is usually classified into

three different classes, i.e. positive, neutral, and negative. Finding the sentiment of the tweets

related to macroeconomics could be very helpful in understanding how people feel about the

labor market. Generally, lower sentiments are an indication of a worse macroeconomic situa-

tion. By combining the volume of the tweets and their sentiments we estimated the unemploy-

ment rate of Nigeria and South Africa with a higher accuracy.

In this paper, we compare three different countries from various income classes, i.e. Canada

from high-income, South Africa from upper-middle income, and Nigeria from lower-middle

income, in terms of macroeconomic response to the COVID-19 pandemic using the Phillips

curve. Since macroeconomic factors have had shocks and rapid changes during the COVID-

19 pandemic, an advantage to our work is that using Twitter data, we analyze them monthly.

The inflation rate is available for all three countries monthly. Moreover, the unemployment

rate is available monthly for Canada. However, the unemployment rate has been estimated

quarterly for South Africa, and only twice during COVID-19 for Nigeria. There is no data

available for the unemployment rate of Nigeria in 2019, but it has been reported seasonally in

the years before that. To find the missing data on the unemployment rate for South Africa and

Nigeria, we combine four different machine learning algorithms, namely Random Forest

Regression (RFR), Support Vector Regression (SVR), eXtream Gradient Boosting (XGboost),

and Auto-Regressive Integrated Moving Average with Exogeneous input (ARIMAX) to predict

the unemployment rate of Nigeria and South Africa. We then use the approximated statistics

to plot the Phillips curve of these countries.

Thus, in this work, we use the volume and social sentiments of tweets to estimate the unem-

ployment rate of South Africa and Nigeria monthly. In addition, we compare the macroeco-

nomic responses of countries from different income groups (Canada (high-income), South

Africa (upper-middle income), and Nigeria (lower-middle income)) to the COVID-19 pan-

demic. We pursue three questions in this project:

• How have macroeconomic factors such as unemployment and inflation rates of different

income classes changed during the COVID-19 pandemic compared to pre-COVID-19 time?

• How differently have the three countries, i.e. Canada (high-income), South Africa (upper-

middle income), and Nigeria (lower-middle income), responded to the COVID-19

pandemic?

• What can be expected in terms of economic reaction from the three countries, each from a

different income class, in the near future?

To the best of our knowledge this is the first work that compares the macroeconomic

response of countries to the COVID-19 pandemic based on the WB income groups. The result

of our work can provide insight to policymakers on the current macroeconomic conditions.

Furthermore, it can be a lesson for future crises. By understanding the effect of lockdowns and

restrictions on macroeconomic factors in different countries based on WB income level, deci-

sion-makers, small business managers, and other entities or even individuals can better pre-

pare for future pandemics and outbreaks.
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1.1. Literature review

Several studies have compared the performance of countries from different income levels dur-

ing the COVID-19 pandemic in various aspects such as food security [27, 28] and income

shocks caused by COVID-19 pandemic [29]. Studies have also compared the impact of policies

measured during the pandemic across countries in different income groups [30–34]; the

impact of socio-economic variables on the spread of COVID-19 [34–38]. Erokhin and Gao

[27] concluded that during the COVID-19 pandemic in lower-income countries food inflation

is the major crisis, while in upper-income countries food trade restrictions and currency

depreciation is more frequent. In [39] it is shown that containment and closure policies

resulted in less mobility, morbidity, and mortality in high and upper-middle income countries

compared to low and lower-middle income countries. In [32] economic stimulus packages

have been compared over different countries using beta regression and Euclidean distance.

Authors in [36–38] found a positive correlation between income inequality and the number

of COVID-19 cases and deaths across all the WB income groups. In [33] it is shown that a

contextualized pandemic response plan is required for Low-and-Middle-Income Countries

(LMIC). In [40] demographic factors such as age, education, family size, and income for eco-

nomic hardship have been studied across five different countries, Thailand, Malaysia, the UK,

Italy, and Slovenia. Generally, the most vulnerable groups to the COVID-19 pandemic were

people 18–24 years of age or over 65, with lower education, with children under 18, with

larger family sizes, and with flexible or no income. In [29] it is shown that infant deaths have

increased by 6.8% in 2020 due to COVID-19 economic contraction. Of note, none of the

above studies looks at the macroeconomic responses to the COVID-19 pandemic.

Macroeconomic changes during the COVID-19 pandemic have been analyzed in some

papers, but not on a cross-country-income level. Authors in [41] have used the Phillips curve in

an Auto-Regressive Distributed Lag (ARDL) model to find the effect of shocks caused by lock-

downs on the monetary policies, and the economy’s response to the affected policies. They con-

cluded that to reduce the negative impacts of the COVID-19 pandemic on the economy,

countries are taking less prudent monetary policies compared to before. T. W. Abate in [42]

studied unemployment and inflation rate during COVID-19 in Ethiopia and concluded that

because unemployment has increased as a result of lockdowns, production has decreased. This

has caused a great demand for goods and therefore, inflation has also increased at the same time.

Authors in [43] argue that with a strict lockdown, the number of infections decreases, how-

ever, economic inactivity increases. In contrast, with a loose lockdown and restriction, eco-

nomic inactivity decreases, but the number of infections and deaths increases. They then use

the short-run Phillips curve to build a model that describes the inverse relationship between

the number of COVID-19 infections and economic inactivity. Pham and Sala [44] studied the

effect of inflation and unemployment rates on cross-country connectedness for the G7 coun-

tries. They found that the connectedness of inflation is high, but unemployment is low. In gen-

eral, countries with higher competitiveness have a lower connectedness and do not spread

their economic shocks to other countries. Furthermore, coordination in macroeconomic poli-

cies can help reduce volatility spillovers caused by shocks.

In [6] different countries such as Germany, Norway, Japan, China, Taiwan, the UK, and dif-

ferent cities in the USA are compared based on GDP loss and COVID-19 deaths. Countries

are classified into four different groups: (1) low GDP loss and low COVID-19 deaths, (2) high

GDP loss and high COVID-19 deaths, (3) high GDP loss and low COVID-19 deaths, and (4)

low GDP loss and high COVID-19 deaths. They found that most of the countries and regions

fall into group (1) or group (2). The reason is that due to government-mandated policies and

self-protecting behaviour, countries started the pandemic with either a high or low mortality
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rate. Countries with a high mortality rate at the beginning of the pandemic applied stricter

Non-Pharmaceutical Interventions (NPI) to reduce the number of deaths. Therefore, they suf-

fered from both high GDP loss and high COVID-19 deaths. On the other hand, luckier coun-

tries with a low mortality rate at the beginning of the pandemic applied milder restriction

policies and thus suffered less from economic loss. Therefore, they have had both low GDP

loss and low COVID-19 deaths. Using epidemiological models, Phurichai [7] argued that there

is a trade-off between health and mobility during an outbreak. To increase well-being, mobility

must be reduced. They concluded that early implementation of NPI can effectively reduce the

damages caused by a pandemic.

None of the studies mentioned above analyzed macroeconomics during the COVID-19

pandemic and across different countries incomes. Macroeconomic impacts of the global crisis

have been studied before the COVID-19 pandemic based on country incomes [14–17]. How-

ever, to the best of our knowledge, this work is the first to compare the macroeconomic

response of different countries to COVID-19 based on the country income groups defined by

the WB.

Some papers have used social media to track economic factors such as the unemployment

rate during COVID-19. In [45] three different datasets including Twitter dataset have been

used to track the unemployment rate of the USA during COVID-19. The results show that the

unemployment rate can be tracked using social media such as Twitter. In [26] the unemploy-

ment rate of South Africa was traced using Twitter data and Principal Component Regression

(PCR) was applied to nowcast it. In this paper, we improve this method by combining four dif-

ferent machine learning algorithms and use the result to analyse macroeconomics during the

COVID-19 pandemic compared to pre-COVID-19 years across country-income levels.

2. Methodology

The global economy has been devastated during the COVID-19 pandemic. Countries have not

been affected equally by the restrictions and NPI. To study the macroeconomic changes during

the COVID-19 pandemic across different country income groups, we have compared three

different countries, namely, Canada from high income, South Africa from upper-middle

income, and Nigeria from lower-middle income groups using the Phillips curve. Phillips

curve, named after William Phillips is an empirical tool to study the inverse relationship

between inflation and unemployment rates. As shown in Fig 1, the Phillips curve includes the

unemployment rate on the x-axis and the inflation rate on the y-axis [46]. With a low unem-

ployment rate, people can afford to buy more and the inflation rate increases. In contrast,

during a recession, when the unemployment rate is high, people spend less money and the

inflation rate decreases. However, this relation holds only in the short-run analysis [47]. In the

long run, and most often during economic crises, the unemployment rate stays more or less

steady regardless of the inflation rate and as displayed in Fig 1 the curve will be transformed to

a new level. Therefore, as shown in Fig 1, the long-run Phillips curve is depicted as a vertical

line at the natural rate of unemployment. Needless to say, curves that are closer to the zero

point of the coordinates indicate a more powerful economy [48]. Therefore, it is an excellent

tool for comparing countries in terms of macroeconomics. Using the Phillips curve, we can

compare the macroeconomic changes during the COVID-19 pandemic with those before the

COVID-19 era, and for countries from different income groups, and predict the near future.

Due to on and off rounds of lockdowns, during the COVID-19 pandemic, macroeconomic

indicators, especially unemployment rate have had rapid changes and fluctuations. Therefore,

we aim to study the Phillips curve of the three countries from different income groups on

monthly basis.
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2.1. Unemployment and inflation rates for Canada

We obtained monthly data for the unemployment and inflation rates for Canada from [49,

50].

2.2. Unemployment and inflation rates for Nigeria and South Africa

Monthly data for the inflation rates for Nigeria and South Africa were obtained from [51] and

[52], respectively. Since the unemployment rate of Nigeria and South Africa are not available

monthly, we use social media to find the missing information. Social media is increasingly

becoming popular. People share their thoughts, experiences, and concerns on social media.

Therefore, it is a great source of information that can help retrieve data and derive different

indicators such as the unemployment rate. We use a method similar to the one used in [26] to

find the unemployment rates of Nigeria and South Africa. According to the International

Labor Organization (ILO) unemployment rate can be estimated using Google Mobility Index

(GMI) for countries with limited data [53]. GMI is an indicator that shows how many people

have moved around six different locations, namely, retail and recreation, groceries and phar-

macies, parks, transit stations, workplaces, and residential [54]. It has been temporarily avail-

able during the COVID-19 pandemic to help different sectors, especially health workers in

making decisions. According to ILO and other references [6, 7], the unemployment rate of

countries with limited data can be estimated using GMI [53]. However, in this work, we use

GMI to only gather our dataset, not to estimate the unemployment rate. We use certain key-

words related to the unemployment rate to search for geotagged tweets from Nigeria and

South Africa. We used the same set of keywords in [26], i.e. unemployed, employed, and dif-

ferent forms of retrenching to find a dataset for South Africa. For Nigeria, we used the key-

words employed, unemployed, and lost � job(s), where � indicates a wildcard, i.e. lost his job,

lost her job, lost my job, and lost their jobs to gather a dataset.

The number of tweets with the mentioned keywords and the sum of sentiment scores of the

tweets were respectively, positively and negatively correlated with GMI during the COVID-19

Fig 1. Phillips curve. The long-run and short-run Phillips curves.

https://doi.org/10.1371/journal.pone.0272208.g001
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pandemic and quarterly unemployment rate before COVID-19 for Nigeria and South Africa.

We used the volume of the tweets and their sentiment scores to predict the unemployment

rate of Nigeria and South Africa with different machine learning algorithms.

Sentiment analysis is a text classification technique that classifies the sentiment of a text

into negative, neutral, or positive sentiment. A sentiment score is a number between -1 and 1.

Positive, neutral, and negative sentiments have a number close to 1, 0, and -1, respectively.

Unlike in [26] where the authors used a pre-trained model of Bidirectional encoder Represen-

tation of Transformers (BERT) to perform sentiment analysis, we trained our model for senti-

ment analysis using BERT and used it to find unemployment rates of Nigeria and South Africa

to compare the macroeconomic response of countries from different income levels during

COVID-19 pandemic. There are two BERT models available for fine-tuning, BERT-large and

BERT-base. We used BERT-base to fine-tune the model to our dataset. While the pretrained

model used in [26] had 69% accuracy, our model had 76% accuracy in our dataset. Detailed

information on our sentiment analysis model using BERT is available in S1 Appendix.

We applied different machine learning algorithms to the volume of the tweets and their

sentiments to estimate the unemployment rate of Nigeria and South Africa, and depict their

Phillips curves to analyze the macroeconomic changes. We used the average results of the four

machine learning algorithms, i.e. RFR, SVR, XGBoost, and ARIMAX to predict the unemploy-

ment rate of Nigeria and South Africa. From the beginning of 2017 till now, the census unem-

ployment rate is available and known for 9 and 19 months for Nigeria and South Africa,

respectively. Starting from the second know month, we used the previous known month(s) to

train the machine learning model and predict the unemployment rate for the coming months.

Our algorithm for predicting the unemployment rate of South Africa and Nigeria using census

measures is available in S1 Appendix (Fig A-5 in S1 Appendix).

We use the data on the unemployment and inflation rates to depict the Phillips curve for

Canada, South Africa, and Nigeria, and compare and analyze the unemployment and inflation

rate responses of these countries before and during the COVID-19 pandemic.

3. Results and discussion

3.1. Data gathering and sentiment analysis

The number of tweets with all the keywords had a relatively strong correlation with the unem-

ployment rate and GMI, respectively before and during COVID-19 for Nigeria and South

Africa. Moreover, the total dataset had a strong correlation with the unemployment rate.

Therefore, we used the volume of the tweets to predict the unemployment rates of Nigeria and

South Africa. Next, we fine-tuned a sentiment analysis model using BERT and found 76%

accuracy on our dataset. Fig 2 shows the confusion matrix of our model and Table 1 shows the

different metrics of it.

From the confusion matrix in Fig 2, we can see that the probability of our predictions not

being accurate is pretty low. In addition, according to Table 1, our model has a high recall and

precision, meaning that it is able to find each class (precision) and every one (recall) pretty

well. Moreover, a high F1-score indicates that both recall and precision are high for all of the

classes.

The sum of sentiment scores of the tweets had a negative correlation with the unemploy-

ment rate before and during COVID-19 pandemic for both South Africa and Nigeria. This

was expected because as the unemployment rate increases, people become dissatisfied and sen-

timents decrease, and vice versa [26]. Table 2 shows the correlation between the sentiments

and unemployment rate and our dataset for the period before and during COVID-19 pan-

demic for Nigeria and South Africa. In addition, Table 2 compares our trained BERT model
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with the pretrained BERT model used in [26]. The results show that the sentiment scores of

our model have a higher correlation with the unemployment rate of South Africa before and

during the COVID-19 pandemic. Detailed information can be found in S1 Appendix.

Unfortunately, GMI is not available for pre-COVID-19 times. Therefore, the unemploy-

ment rate cannot be estimated using that for the period before COVID-19. Moreover, it takes

several days for GMI to get updated. However, Twitter data can be accessed in real-time.

Therefore, social media is alternatively used to find the missing data on unemployment rate

for South Africa and Nigeria.

3.2. Estimating unemployment rate

We applied four different machine learning algorithms, namely, RFR, SVR, XGBoost, and

ARIMAX on the datasets for Nigeria and South Africa to predict the unemployment rates of

the countries. With RFR, we searched for around ten different decision trees to find the best

model, since increasing the number of trees to more than ten did not improved the accuracy.

With SVR, we used Radius-Basis Function (RBF) as the kernel. Moreover, the best order that

we found for ARIMAX was (1, 0, 1). We found that combining the four algorithms by averag-

ing their results has the highest performance. Table 3 shows the performance of the different

algorithms. We have compared the models in terms of Mean Average Percentage Error

(MAPE), Root Mean Square Error (RMSE), and R2-score [55].

As can be seen in Table 3, averaging over all the machine learning methods reduces MAPE

and RMSE by up to 76, 77 percent for Nigeria and 71, 77 percent for South Africa, and

Fig 2. Confusion matrix. The confusion matrix of the sentiment analysis model.

https://doi.org/10.1371/journal.pone.0272208.g002

Table 1. Machine learning metrics. Different metrics of the sentiment analysis model.

Recall Precision F1-Score

Neutral 0.7 0.64 0.67

Negative 0.61 0.75 0.67

Positive 0.54 0.93 0.69

https://doi.org/10.1371/journal.pone.0272208.t001
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significantly increases R2-score. We used the estimated values to draw the Phillips curve for

Nigeria and South Africa.

3.3. Analysis of macroeconomic responses to COVID-19 pandemic

Fig 3 shows the Phillips curve for Canada and South Africa and Fig 4 shows that for Canada,

South Africa, and Nigeria.

In Figs 3 and 4, The red, blue, and green lines are the Phillips curves for Canada, South

Africa, and Nigeria during the COVID-19 pandemic, respectively. The black and yellow lines

are the Phillips curves for years 2019 and 2017–2018 for the given country. Since the diagram

of Canada is closer to the zero point of the coordinates, it is clear that Canada has a better

economy compared to South Africa and Nigeria. Moreover, before COVID-19, the unemploy-

ment rate of Nigeria was lower than South Africa and the inflation rate of South Africa was

lower than Nigeria. However, during COVID-19 pandemic, unemployment and inflation

rates of Nigeria has increased more than Canada and South Africa.

As shown in Figs 3 and 4, in all the three countries, the unemployment rate has increased

during 2020 compared to the previous years. For Canada and South Africa from the beginning

of the pandemic until May 2020, with the unemployment rate rising, inflation rate decreased.

This is in line with the Phillips curve short run. Since May 2020, Canada has been able to con-

trol and reduce the unemployment rate, but South Africa and Nigeria are still struggling with

the high unemployment rate caused by the pandemic. With employment rate reducing for

Canada, the inflation rate has increased. This again is in agreement with the Phillips curve

short run. However, the inflation rate of Canada, especially after March 2021 has increased to

its highest in more than fifteen years. Other than reduction of supplements during COVID-19

pandemic, the policies that Canada informed during COVID-19 pandemic by providing Can-

ada implemented such as providing the Canada Emergency Response Benefit (CERB) and

Employment Insurance (EI) to the employees who lost their jobs may have caused this high

inflation rate.

Since May 2020, unemployment rate in South Africa has not decreased to pre-COVID-19

level, but the inflation rate has increased. Although inflation rate for South Africa is still

Table 2. Correlation checking. Correlation of the sentiment scores with unemployment rate and the dataset for Nigeria and South Africa.

Unemployment rate employed unemployed retrench lost � job Total dataset

Sentiments before COVID-19 -0.81 -0.98 -0.99 - -0.67 -0.97

Sentiments during COVID-19 -0.72 -0.95 -0.93 - -0.79 -0.98

Sentiments with our model before COVID-19 -0.94 -0.97 -0.96 -0.9 - -0.99

Sentiments with model in [26] before COVID-19 -0.71 -0.9 -0.92 -0.56 - -0.93

Sentiments with our model during COVID-19 -0.81 -0.94 -0.92 -0.71 - -0.98

Sentiments with model in [26] during COVID-19 -0.67 -0.98 -0.98 -0.86 - -0.99

https://doi.org/10.1371/journal.pone.0272208.t002

Table 3. Method evaluation. Accuracy of different machine learning algorithms used for predicting the unemployment rate.

Nigeria South Africa

MAPE RMSE R2-Score MAPE RMSE R2-Score

RFR 0.21081 5.82115 - 0.07682 8.53945 -

SVR 0.20847 5.76952 - 0.08212 8.60633 -

XGBoost 0.23170 6.05365 - 0.09956 8.80322 -

ARIMAX 0.26649 7.02462 - 0.10152 8.82080 -

Average 0.06364 1.57671 0.91382 0.02984 2.01470 0.5753

https://doi.org/10.1371/journal.pone.0272208.t003
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comparable to pre-COVID-19 years, according to Phillips short run curve, it will increase as

the unemployment rate decreases, and it may get higher than the years before COVID-19

pandemic.

Unemployment and inflation rates in Nigeria have increased fiercely compared to Canada

and South Africa during the pandemic, and the country is experiencing a horrible stagflation.

This shows how vulnerable lower-middle income countries could be to lockdowns, restric-

tions, and economic limitations.

As stated in previous works [14–17], in 2008–2009 global economic crisis, higher-income

countries suffered more from the global recession. However, the economic burden of COVID-

19 crisis is heavier on lower income countries. The reason is that in the 2008–2009 crisis, the

Fig 3. Phillips curve. Phillips curve of Canada and South Africa.

https://doi.org/10.1371/journal.pone.0272208.g003

Fig 4. Phillips curve. Phillips curve of Canada, South Africa, and Nigeria.

https://doi.org/10.1371/journal.pone.0272208.g004
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recession was caused by the impairment of the communication net between countries, espe-

cially with the USA. However, the macroeconomic complexities of the COVID-19 pandemic

are caused by lockdowns and economic inactivity. As a result, countries with less economic

asset bear heavier setbacks.

Overall, in the near future, unemployment may not increase that much for different coun-

tries anymore. However, all the countries, no matter which income level they belong to, will

most probably experience a rise in inflation rate due to supplement shortages caused by the

pandemic.

4. Conclusion and future work

During the COVID-19 pandemic macroeconomic factors, including the labor market metrics

and especially the unemployment and the labor force participation rates have changed rapidly.

This has affected each country’s economic, financial, and industrial sector; and socio-demo-

graphic group. Some jobs have been destroyed by the coronavirus causing the inflation to

appear more complex, nonlinear, and subject of academic debate. A wide array of inflationary

and deflationary factors such as supply chain disruption, decrease in goods production, and

demand fluctuations have simultaneously made the effects of the COVID-19 pandemic unan-

ticipatable. This has caused an increase in inflation rate across different country income

groups around the globe, although unemployment rate has become stable to some extent in

many countries. Therefore, the Phillips curve of many countries has acted like the long-run,

and as a result, risen to a new level. Coming back to the previous level will be very difficult if

not impossible. Any decrease in unemployment rate would cause an increase in the inflation

rate and vice versa.

In this work, we compared three countries from different income levels, namely, Canada

(high income), South Africa (upper-middle income), and Nigeria (lower-middle income) with

each other using the Phillips curve. Inflation rate is available on a monthly basis for all the

three countries. Moreover, the unemployment rate has been reported on a monthly basis for

Canada. However, unemployment rate is not available on a monthly basis for South Africa

and Nigeria. During COVID-19 pandemic, macroeconomic factors and especially unemploy-

ment rate have had rapid fluctuations. Census measurements are not able to captures these

changes. Moreover, it takes months for the results to be reported. Due to the difficulties

involved in conducting census, COVID-19 caused come countries (such as Nigeria) to go for

two years without conducting a census. Using social media, we have estimated the unemploy-

ment rates of Nigeria and South Africa pretty well, with less cost and effort, and in real-time.

This can be highly beneficial for macroeconomic analysis and informing policies. Using the

volume of the tweets and their sentiments, we found the Phillips curve for the three countries.

The results show that in the first two months of the pandemic, the unemployment rate

increased in all the three countries. With the unemployment rate increasing, inflation rate

decreased in Canada and South Africa which is in-line with the Phillips curve short run. After

the first two months, Canada was able to control the unemployment rate, however, South

Africa and Nigeria are still struggling with that. By decreasing the unemployment rate, the

inflation rate of Canada has significantly increased. Canada has not experienced such a high

inflation rate in more than fifteen years. The inflation rate of South Africa is still comparable

to the years before COVID-19 pandemic. Nonetheless, based on the Phillips curve short run,

if South Africa implements policies to reduce the unemployment rate, it may face a further

increase in the inflation rate. Moreover, unemployment and inflation rates have badly

increased during the pandemic for Nigeria causing a wild stagflation. This indicates how vul-

nerable lower-middle income countries are to lockdowns and economic limitations, bearing a
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greater loss during the COVID-19 pandemic. All the three countries will most likely be dealing

with a high inflation rate, in the near future. Although unemployment rate is not increasing as

fast as the early pandemic times, inflation rate is significantly increasing in all the three coun-

tries, resulting in the Phillips curve acting as its long run. Coming back from this complexity

will be very difficult, especially for middle-income countries. In due course, according to the

Phillips curve, the COVID-19 crisis has affected all income country groups, however, the bur-

den is heavier on lower income classes.

Macroeconomic indicators can be effectively combined with unconventional data analysis,

including tweets’ sentiment analysis to monitor the effects of the COVID-19 pandemic on the

global and local economy in real-time. Decision- and policy-makers can exploit such informa-

tion to inform their decision-making processes in a data-driven and evidence-based fashion.

Data from Twitter as well as other social media and social networks can indeed be utilized to

better understand concerns and worries concerning the macroeconomic situations at the local

level. This can potentially lead to more targeted and publicly acceptable policies based on social

media content. However, despite their promising potentials, these kinds of data are relatively

underlooked in the existing scholarly literature. Saleh et al. [56] as well as Oyebode and

coworkers [57] and Li and colleagues [58], confirming our findings, reported that a significant

portion of tweets and posts on social networkers expressed fear of the societal implications of

the COVID-19 pandemic, conveying worries and concerns for the loss of income, unemploy-

ment, inflation, and financial burden/hardship.

As a contribution to the future of our work, we can use other curves such as Beveridge

curve to compare countries from different income levels during COVID-19 pandemic. This

could be extremely important because many jobs have been totally destroyed during the pan-

demic. For this purpose, social media can be used to estimate job vacancy and unemployment

rates.
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