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(e COVID-19 pandemic affected the US economy at different levels. Since credit default swaps can be viewed as a default
probability indicator, the article shows the credit default swap market perspective on how the US economy was hit by the
pandemic. Forecasting models are built to estimate the predictability of the CDS market sectors during the pandemic, i.e.,
manufacturing, energy, banks, consumer goods, and services and financial sector excluding banks. Econometric tests are applied
to check the uniqueness of credit default swap market sectors after the declaration of the pandemic. (e results indicate that the
financial sector excluding banks performed uniquely during the pandemic; i.e., the predictability of this sector dropped sig-
nificantly, and the Chow breakpoint test and Wald coefficient test can identify the shift in the data after declaration of
the pandemic.

1. Introduction

Economies do not develop in a straight line.(ey go through
periods of growth and periods of systemic crisis. However,
catastrophic events can cause nonsystemic crises. COVID-
19 is caused by a respiratory virus with unusual properties
[1, 2], considering which governments initiated lockdowns
and other restrictions all over the world. (ese measures
affected the US economy at many levels, e.g., stocks [3],
corporate bonds [4], and treasury yields [5]. Even COVID-
19 news had an impact on the US stock market [6].

(is paper studies the US credit default swap (CDS)
market before and during the COVID-19 pandemic. A credit
default swap is a contract, transferring credit risk from a
bond holder to a third party. CDS spread indicates the
riskiness of a given company. If a CDS spread is getting
wider, it means that market agents consider a company’s
probability of default to be higher. Moreover, CDS spreads
indicate some credit risk information of a company better
than stocks and bonds prices [7]. As a result, the impact of
the COVID-19 pandemic on the US economy can be ana-
lyzed through a unique perspective of the CDS market. If
there is a structural shift in the CDS data generating process

after the declaration of the pandemic, then the findings in
previous CDS research would be less relevant during the
pandemic.

Multiple models are applied for forecasting CDS spreads in
the literature, e.g., the Markov switching model [8], neural
networks [9], and support vector machine [10]. However, this
article is not about discovering new ways to predict CDS
spreads, rather it is about estimating whether or not the
COVID-19 pandemic affected the predictability of the US CDS
market. An autoregression with exogenous variables, i.e., an
autoregressive distributed lag (ARDL)model, is appropriate for
this task because it will be easier to see what the differences are
in the interconnections between variables in the periods before
and during the COVID-19 pandemic, compared to machine
learning techniques, which usually perform like a black box.
Econometric tests can be also applied to assess the uniqueness
of the CDS market during the pandemic.

2. Methods

2.1. Data Description. (e data contain daily credit default
swap spreads for 6 sectors, according to (omson Reuters
Eikon industry classification, i.e., manufacturing, energy,
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banks, other financial (the paper refers to it as the financial
sector excluding banks), consumer goods (food and bever-
ages), and services, 10 maturities each (6M, 1Y, 2Y, 3Y, 4Y,
5Y, 7Y, 10Y, 20Y, and 30Y) from 2010 to 2021. CDS spreads
for all companies from these sectors were initially down-
loaded. CDS spreads are relatively small for companies in
normal circumstances, but if a company is going through very
difficult times with a high chance of default, then the CDS
spread can be a hundred times greater than the average value,
shifting a CDS spread for a sector dramatically. Companies
with a significant number of missing values and outliers were
removed, and 237 companies are left for the analysis. In
addition, multiple exogenous variables are applied: Federal
Funds Rate, 10-year US Treasuries Yield, NYMEXWTICrude
Oil Futures, USD Index, USD/CNY Exchange Rate, S&P 500,
S&P 500 VIX, and a set of US sectoral fund indexes (NAS-
DAQ Bank, NASDAQ Financial 100, NASDAQ Insurance,
NASDAQ Real Estate and Other Financial Services, S&P 500
Consumer Discretionary, S&P 500 Consumer Staples, S&P
500 Energy, S&P 500 Financial, S&P 500 Health Care, S&P
500 Industrial, S&P 500 Information Technology, S&P 500
Materials, and S&P 500 Real Estate).

2.2. ARDL Model. A general ARDL model is presented in
equation (1). After assessing the qualities of the variables, a
higher potential for further analysis was found in the first
differences of the natural logarithm of the initial variables
(equation (2)).
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(e following steps were taken to build each ARDL
model:

(1) (e optimal lag structure for the AR model is found
(2) Granger causality test is applied to estimate which

variables are potentially valuable for the model
(3) (e potentially valuable variable is added, and the

F-test is applied to compare restricted and unre-
stricted models

(4) Steps 2 and 3 are repeated until there are no po-
tentially valuable variables left

Training and testing sets are formed as shown in Table 1.
Five ARDLmodels are constructed for each CDSmaturity of
each sector, giving 300 models in total (5×10× 6). (is is
applied in order to see whether the poor performance of a
forecasting model during the COVID-19 pandemic is be-
cause of the pandemic or because of specificity of a training
set, which can be observed through poor performance on
other test sets. (e performance is measured by root mean

square error (MSE in equation (3)), mean absolute error
(equation (4)), and mean absolute percentage error (equa-
tion (5)). Random walk (RW) forecasts are used as a
benchmark.
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3. Results

(e tables with the performance of forecasting models are
given in the annex.

3.1. Manufacturing. (e performance of the forecasting
models for the manufacturing sector is shown in
Tables A1–A5. Models trained on the 2014/15 and 2016/17
datasets are especially successful. CDS spreads are pre-
dictable for this sector during the COVID-19 pandemic.

3.2. Consumer Goods. (e performance of the forecasting
models for the consumer goods sector is shown in
Tables B1–B5. Models trained on 2018/19 datasets showed
poor performance on almost all testing sets. Models trained
on 2016/17 datasets were the most consistent in out-
performing the benchmark. CDS spreads are predictable for
this sector during the COVID-19 pandemic.

3.3. Banking. (e performance of forecasting models for the
banking sector is shown in Tables C1–C5. (e performance
during the pandemic is poor. However, it is poor for all
datasets. ARDL models trained on 2010/11 datasets out-
perform the benchmark only for 6-month, 1-year, and 2-
year spreads by only RMSE. (e situation is identical for
2013 and 2016 test sets and similar for 2018 where forecasts
for 6-month spreads outperform the benchmark by all
measures. ARDL models outperform the benchmark only
for 3-year spreads on the 2012 test set. For the rest test sets,
ARDL models do not outperform the benchmark for any
maturity. As a result, poor performance during the pan-
demic is not a drop in predictability due to the pandemic.

3.4. Energy. (e performance of forecasting models for the
energy sector is shown in Tables D1–D5. ARDL models
trained on 2014/15 test sets show the worst performance but
most of the models successfully outperform the benchmark.
CDS spreads are predictable for this sector during the
COVID-19 pandemic.
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3.5. Services. (e performance of forecasting models for the
services sector is shown in Tables E1–E5. CDS spreads are
predictable for this sector during the COVID-19 pandemic.
Interestingly, ARDL models trained on 2010/11 datasets did
not outperform the benchmark for any CDS spreads in
2014–2019 but did outperform it during the COVID-19
pandemic, meaning that this sector performed in the pan-
demic period similarly to the post-2008 crisis period.

3.6. Financial Excluding Banks. (e performance of the
forecasting models for the financial sector excluding banks is
shown in Tables F1–F5. (ere are just a few cases in which
ARDL models outperform the benchmark during the
COVID-19 pandemic; hence, checking whether it is a drop
in predictability due to the pandemic or just the poor
performance of forecasting models in this sector is required.
After going through all periods and all maturities, the
pattern is clear; i.e., ARDL models outperform the bench-
mark on test sets before the pandemic but during the
pandemic the performance drops.

3.7. Chow Breakpoint Test. Chow test estimates whether or
not there is a breakpoint on a specific date, i.e., the null
hypothesis: there is no breakpoint on a given date.(is test is
appropriate because there is a specific date of a potential
breakpoint, 11 March 2020, when the World Health Or-
ganization declared COVID-19 a pandemic. CDS spreads of
contracts with short-term maturities increased markedly on
this date.

(e Chow test is applied as follows. (e optimal
autoregression specification is found for CDS spreads of a
sector in the prepandemic period (2010–2019). (is speci-
fication is applied for the period from 4 January 2010 to 10

March 2021, and 11 March 2020 is used as a potential
breakpoint (Table 2). (e null hypothesis is rejected for all
CDS maturities only in the financial sector excluding banks
and for some CDS maturities in the services and energy
sectors.

A 5-year period can be applied for a more detailed
analysis.(e same design is applied for the period 2015–2019
(Table 3). (e financial sector excluding banks is the only
sector where the null hypothesis is rejected, and it is rejected
for all CDS maturities. As a result, the Chow test shows that
11 March 2020 was the breakpoint only for the financial
sector excluding banks.

3.8. Wald Coefficient Test. (e Wald test checks constraints
on coefficients, i.e., the null hypothesis: coefficients are equal
to given constraints. (e Wald test is applied as follows.
Optimal autoregression specifications are found for all CDS
spreads for a full year after the declaration of the COVID-19
pandemic, and autoregression coefficients are taken for
further usage as constraints for the Wald test. (ese spec-
ifications are then applied for CDS spreads each year from
2010 to 2019. (e Wald test checks whether or not the
autoregression coefficients for a particular year are similar to
those in the pandemic period.

(eWald test for the manufacturing sector can be found
in Table 4.(e null hypothesis is rejected for all CDS spreads
in 2012 and 2015–2019; it is rejected for some CDS spreads in
2011 and 2013 and 2014; and it is not rejected for any CDS
spreads in 2010. Manufacturing sector CDS spreads did not
perform uniquely after the declaration of the pandemic.
After applying the Wald test for all sectors, the null hy-
pothesis was rejected for all maturities for each year only for
the financial sector excluding banks (Table 5).

Table 1: Train and test sets.

# 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020–2021∗

1 Train Test Test Test Test Test Test Test Test Test
2 Test Test Train Test Test Test Test Test Test Test
3 Test Test Test Test Train Test Test Test Test Test
4 Test Test Test Test Test Test Train Test Test Test
5 Test Test Test Test Test Test Test Test Train Test
∗11 March 2020–10 March 2021.

Table 2: p-values from the Chow test for all sectors, 2010–2019.

Manufacturing (%) Financial excluding banks (%) Services (%) Banks (%) Consumer goods (%) Energy (%)
6M 48 0 0 48 53 37
1Y 45 0 1 45 57 85
2Y 48 0 2 48 35 4
3Y 17 0 9 17 40 2
4Y 17 0 32 17 30 1
5Y 45 0 63 27 19 1
7Y 12 0 63 12 35 2
10Y 32 0 67 32 57 7
20Y 72 0 38 72 64 20
30Y 64 0 21 64 63 21
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4. Conclusions

(e US CDS market was analyzed in this paper. 300
ARDL models were constructed to find a drop in pre-
dictability of 6 CDS market sectors after the declaration
of the COVID-19 pandemic. Such a drop was found only
for the financial sector excluding banks. In addition, the
Chow breakpoint test and Wald coefficient test were
applied to check the uniqueness of 6 CDS market sectors
after the declaration of the COVID-19 pandemic. (e
tests showed that only the financial sector excluding
banks performed uniquely during the pandemic, which
can be explained as follows.(e financial sector excluding
banks contains many insurance companies. Healthcare is
expensive in the US, and it is mostly financed through the
insurance system. A high number of COVID-19 cases
appeared in the US, and COVID-19 treatment was ex-
pensive. Insurance companies were required to cover a

significant part of these costs. As a result, the financial
sector excluding banks became the forefront of the 2020
crisis in the US.

(e unusual performance of the financial sector ex-
cluding banks means that the results for this sector obtained
from analysis of 2010–2019 data are potentially less relevant
after the declaration of the pandemic, and at least the
performance of forecasting models is lower because of
unusual patterns in CDS spreads. (is does not mean that
this sector will perform this way forever as the situation was
caused by the pandemic. When the pandemic is over, in-
surance companies will not face unexpectedly high pay-
ments due to COVID-19, and the financial sector excluding
banks will be more likely to perform similarly to the pre-
COVID-19 pandemic period. However, the other sectors did
not perform uniquely during the pandemic which makes
previous CDS research results more applicable after the
declaration of the pandemic.

Table 4: p-values from the Wald test for the manufacturing sector.

2010 (%) 2011 (%) 2012 (%) 2013 (%) 2014 (%) 2015 (%) 2016 (%) 2017 (%) 2018 (%) 2019 (%)
6M 38.3 5.8 0.0 58.0 0.5 0.0 0.0 0.0 0.0 0.0
1 Y 6.3 0.1 0.0 4.6 0.1 0.0 0.0 0.0 0.0 0.0
2 Y 93.9 18.3 1.3 94.0 0.9 0.0 0.0 0.1 0.0 0.0
3 Y 96.0 7.3 0.2 44.7 34.6 0.0 0.0 0.2 0.0 0.0
4 Y 96.9 16.5 1.1 45.4 81.1 0.0 0.1 0.4 0.0 0.1
5 Y 96.9 9.8 0.7 28.4 97.5 0.0 0.1 0.1 0.0 0.1
7 Y 93.0 55.0 0.3 24.8 92.7 0.0 0.1 0.1 0.0 0.0
10 Y 32.5 7.9 4.0 38.9 93.0 1.0 2.0 3.6 3.6 0.0
20 Y 43.3 2.0 1.9 13.6 47.5 0.3 0.7 1.7 0.0 2.2
30 Y 64.4 2.7 2.1 12.8 44.9 0.2 0.7 0.9 0.0 0.6

Table 5: Wald coefficient test summary, the number of times when the null hypothesis was not rejected for CDS spreads in different years,
2010–2019.

Manufacturing Financial excluding banks Services Banks Consumer goods Energy
6M 3 0 3 1 2 1
1Y 1 0 4 0 1 6
2Y 3 0 3 1 3 6
3Y 4 0 2 1 2 4
4Y 4 0 1 1 1 5
5Y 4 0 0 1 2 4
7Y 4 0 0 0 1 3
10Y 4 0 0 1 1 3
20Y 3 0 6 2 1 4
30Y 3 0 6 2 0 4

Table 3: p-values from the Chow test for the financial excluding banks, services, and energy sectors, 2015–2019.

Financial excluding banks (%) Services Energy
6M 0 77% n/a
1 Y 0 73% n/a
2 Y 0 56% 55%
3Y 0 n/a 46%
4Y 0 n/a 45%
5Y 0 n/a 52%
7Y 0 n/a 76%
10Y 0 n/a n/a
20 Y 0 n/a n/a
30 Y 0 n/a n/a
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Data Availability

(e data used to support the findings of this study can be
discovered in (omson Reuters Eikon.
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Supplementary Materials

(e annex contains tables with the performance of the fore-
casting models for all sectors: manufacturing (A), consumer
goods (B), banking (C), energy (D), services (E), and financial
excluding banks (F). (Supplementary Materials)
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