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This study examines the predictive power of oil price uncertainty (OPU) in forecasting 
systemic default risk for U.S. oil and natural gas companies. Both in-sample and 
out-of-sample analyses demonstrate that OPU significantly enhances default probability 
forecasts, outperforming traditional macroeconomic factors. This predictive strength is 
consistent across various OPU proxies, especially over longer time horizons. The findings 
emphasize the importance of incorporating OPU into financial risk models to achieve 
greater accuracy and reliability. 

I. Introduction   

The U.S. oil and gas upstream sector has experienced 
significant transformation due to the growth of shale pro
duction. As of 2023, the United States produces over 13 mil
lion barrels of oil daily (accounting for 15% of global out
put) and 20% of the world’s natural gas, with 40% coming 
from shale extraction. Shale extraction requires substantial 
capital investment, causing firms to rely heavily on debt fi
nancing. By 2020, North American oil and gas companies 
held $86 billion in debt, which increased their financial vul
nerability due to lower credit ratings compared to other in
dustries. 
In the global oil market, oil and gas companies act as 

price takers, making them highly susceptible to price 
volatility. Existing research indicates that oil price volatility 
adversely affects profitability (e.g., Song & Yang, 2022), 
disrupts cash flow (e.g., Maghyereh & Abdoh, 2020), and 
exacerbates financial distress in highly leveraged firms. 
Moreover, heightened volatility raises capital costs due to 
increased systematic risk premiums (Bali & Zhou, 2012), 
thereby amplifying the likelihood of default. 
Systemic default risk within the oil and gas sector arises 

from the interconnectedness of firms. The sector’s oligop
olistic structure, shared technologies, regulatory environ
ment, and supply chain integration heighten the potential 
for contagion effects during periods of volatility. This in
terconnectedness, combined with significant government 
oversight due to the strategic importance of oil production, 
increases the risk of simultaneous defaults across multiple 
firms (Lee & Lee, 2019). Despite the well-documented re

lationship between oil price dynamics and macroeconomic 
outcomes (e.g., Amin et al., 2023; Elder & Serletis, 2010; 
Serletis & Xu, 2018), the role of oil price uncertainty (OPU) 
in predicting systemic default risk remains underexplored. 
Our study addresses this gap by investigating the pre

dictive power of OPU in forecasting systemic default risk 
for U.S. oil and gas firms. Previous studies have concen
trated on the macroeconomic and firm-level consequences 
of oil price volatility (e.g., Kilian & Park, 2009). However, 
limited attention has been given to the systemic implica
tions of oil price uncertainty within the energy sector. By 
applying the conditional prediction of the joint probability 
of default (CoJPoD) framework developed by Radev (2022), 
based on Segoviano & Goodhart’s (2009) minimum cross-
entropy approach, we provide new insights into how OPU 
influences systemic risk dynamics. This method captures 
contagion and market sentiment effects via CDS spreads, 
offering a robust measure of systemic risk. 
Our in-sample and out-of-sample analyses demonstrate 

that oil price uncertainty (OPU) significantly improves joint 
probability of default (JPoD) predictions, even after control
ling for macroeconomic variables. Implied volatility mea
sures outperform realized volatility in capturing systemic 
risk dynamics, aligning with prior studies (e.g., Bollerslev 
et al., 2009; Poon & Granger, 2003). By integrating OPU 
into systemic risk models, we highlight the importance of 
oil price dynamics for more accurate financial risk forecasts, 
particularly over longer horizons. 
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II. Methodology   

Following Radev (2022), we consider a system with log
arithmic returns  represented by random 
variables , , ,  in , identifying the default region 
in the upper tail of the return distribution. The JPoD at time 
 takes the following form: 

where  is the time-varying conditional 
joint probability density, and  are fixed de
fault thresholds estimated using the CIMDO copula 
method. 
A joint default occurs when n firms fall below their de

fault thresholds. CoJPoD conditional on firm k, is defined 
as: 

where  is k’s default probability estimated via boot
strapping using five-year CDS spreads ( ): 

where  represents the recovery rate, typically assumed 
at 40% in academic and practical contexts (Radev, 2022). 
Our primary objective is to determine if OPU can predict 

systemic defaults among energy companies, serving as an 
early warning tool. We begin with the following in-sample 
single-factor predictive model: 

where OPU is a measure of oil price uncertainty, and 
is a zero-mean disturbance term. The in-sample test as
sumes  = 0 for no  predictive power. However, OLS is 
unsuitable for high-frequency data due to conditional het
eroscedasticity, persistence, and endogeneity, which com
plicate estimation. Alternative methods are needed to ad
dress these challenges and ensure accurate model 
evaluation (e.g., Salisu et al., 2019). To account for these 
features, Westerlund & Narayan (2015) suggested redefin
ing Equation (4) as follows: 

In this equation, , where  is the intercept of 
the AR(1) process: . To re
duce bias, the bias-adjusted OLS estimate of  is as follows: 

When there is no persistence and endogeneity effects, 
 in the sense that  To 

address conditional heteroscedasticity, we use a feasible 
quasi-generalized least squares estimator (Westerlund & 
Narayan, 2015), assuming ARCH process errors. 
We then expand the analysis by adding predictors for 

macroeconomic conditions, including the economic policy 

uncertainty index (EPU), the Aruoba–Diebold–Scotti busi
ness conditions index (ADS), and the effective federal funds 
rate (FFR). We use the following predictive equation: 

where  is a set of predictors that capture macroeco
nomic conditions. The null hypothesis ϑ = 0 signifies no 
predictability in the relevant predictors. To assess fore
casting precision, we used four loss functions: root mean 
squared error (RMSE), mean absolute error (MAE), mean 
percentage error (MPE), and mean absolute percentage er
ror (MAPE). Lower values in these metrics indicate more ac
curate forecasts. 
To evaluate OPU’s out-of-sample predictability, we split 

the dataset: the first block (January 3, 2004–January 15, 
2019) estimated model parameters (75% of data), and the 
second (January 16, 2019–January 19, 2024) served as the 
forecasting period (25%). We employed the Diebold-Mar
iano (DM) test, a robust and widely accepted method for 
comparing forecast accuracy in out-of-sample evaluations. 
While the DM test has limitations in the context of nested 
models, this concern is not applicable here, as the models 
being compared—including the benchmark pure autore
gressive model—are non-nested. Furthermore, the inclu
sion of additional performance metrics—MAPE, RMSE, 
MAE, and CPE—provides a comprehensive assessment of 
forecast performance, ensuring a more well-rounded and 
reliable analysis.1 

III. Sample and Data     

This study calculates the CoJPoD for 21 US-listed oil and 
gas companies with 5-year CDS data from January 3, 2004, 
to January 19, 2024. Using Radev (2022) methodology, we 
employ 5-year US Treasury yields for refinancing rates and 
generate daily default probabilities from CDS spreads and 
bond yields from Bloomberg. 
We analyze three OPU measures: (1) OPU-GARCH from 

Elder & Serletis (2010), (2) OPU-SV from a single-variable 
SV model, and (3) OPU-OVX from the CBOE Crude Oil 
ETF Volatility Index. Daily U.S. refiners’ crude oil acquisi
tion costs (EIA) are used in GARCH and SV models, while 
OVX, EPU, ADS, and FFR data come from Thomson Reuters’ 
Datastream. Descriptive statistics of these variables are in 
Table 1. 
Figure 1 shows CoJPoD trends from January 3, 2004, to 

January 19, 2024. It began at a low level, increased during 
the Global Financial Crisis, then decreased until the Eu
rozone crisis in 2011 and the oil price crash in 2016. The 
COVID-19 crisis and subsequent geopolitical and economic 
factors led to an increase in systemic default risk. 

We note that the Clark and West (2007) test is more suitable for nested model comparisons, though it is not required for the analyses 
presented here. 
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Table 1. Descriptive statistics   

Panel A 

CoJPOD OPU-GARCH OPU-SV VXO ADS EPU FFR 

Mean 0.0509 0.0001 0.0001 17.9728 -0.256 112.7117 1.5013 

Max. 0.1533 0.004 0.017 93.85 9.3897 807.66 5.41 

Min. 0.0022 0.0000 0.0000 6.32 -26.383 3.32 0.04 

Std. Dev. 0.0339 0.0003 0.0006 9.2793 2.1035 81.9919 1.7791 

Skew. 1.8098 8.4849 7.4503 2.9563 -7.3588 2.3639 1.0636 

Kurt. 3.069 9.4004 30.3062 15.3785 8.2304 11.8105 2.7084 

J.B. 570.2*** 1168.0*** 3116.0*** 40851.9*** 16610.0*** 21703.4*** 1000.8*** 

ADF -3.3495** -8.6827*** -7.5625*** -6.1754*** -8.2476*** -7.0729*** -27.7525*** 

ARCH (5) 5.72E+5*** 45093*** 170.72*** 29270 7.09E+05*** 3305*** 1.41E+6*** 

Q (5) 25841.5*** 23959.7*** 1909.57*** 23628.1 25201.2*** 11566.7*** 1939.63*** 

Q2 (5) 25755.9*** 61.9833*** 691.824*** 21959.4*** 24587.8*** 11482.5*** 25913.6*** 

Panel B 

CoJPOD OPU-GARCH OPU-SV VXO ADS EPU FFR 

CoJPOD 1 

OPU-GARCH 0.3974*** 1 

OPU-SV 0.2494*** 0.4445*** 1 

VXO 0.5425*** 0.4893*** 0.3033*** 1 

ADS -0.2327*** -0.5447*** -0.4308*** -0.4026*** 1 

EPU 0.3716*** 0.5150*** 0.2665*** 0.4756*** -0.2807*** 1 

FFR 0.2787*** -0.1253* -0.0597 -0.2326** 0.0178 -0.2405** 1 

Panel A shows summary statistics, and Panel B presents the correlation matrix. CoJPoD is the Conditional Prediction of Joint Probability of Default. OPU-GARCH and OPU-SV represent oil price uncertainty from GARCH and stochastic volatility models, respectively. OVX is 
the CBOE Crude Oil ETF Volatility Index. ADS, EPU, and FFR denote the Aruoba–Diebold–Scotti index, Economic Policy Uncertainty, and federal funds rate, respectively. *, **, *** indicate significance at 10%, 5%, and 1% levels, respectively. 
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Figure 1. The estimated value of     CoJPoD  
This figure presents the estimated values of the conditional joint probability of default (CoJPoD) over time, capturing joint default risk of oil and natural gas companies dynamics. 
The shaded blue area represents the CoJPoD, which measures the likelihood that multiple entities will default simultaneously under stressed conditions. The x-axis denotes the time
line from January 3, 2004, to January 19, 2024, while the y-axis represents the estimated probability values. 

IV. Empirical Results    

Our main hypothesis posits that OPU measures serve 
as indicators for future JPoD risk. Table 2 (Panel A) shows 
all OPU measures are positively significant in single-factor 
models (columns 1–3) and remain significant in multiple-
factor models (columns 4–6), confirming OPU’s predictive 
accuracy for systemic default risk. Adjusted R² exceeds 19%, 
with OPU-OVX (implied volatility) outperforming OPU-
GARCH and OPU-SV (realized volatility). Control variables 
enhance R², improving systemic risk prediction. Implied 
OPU, derived from options prices, reflects market expec
tations and sentiments about future oil price movements, 
capturing events not in historical data. Panel B shows loss 
functions (RMSE, MAE, MPE, MAPE) for in-sample fore
casts, confirming OPU-OVX (implied volatility) offers the 
best accuracy in predicting systemic default risk. 
Table 3 (Panel A) presents out-of-sample results that 

compare six predictive models to a pure autoregressive 
framework using four loss functions and DM statistics. The 
results indicate that OPU indicators significantly enhance 
the accuracy of predicting systemic default risk. Measures 
of implied volatility outperform those of realized volatility, 
exhibiting lower loss function values and higher DM statis
tics, which reflect stronger predictive power. Additionally, 
the inclusion of control variables further improves predic
tion accuracy. 

V. Conclusion   

This study explores the predictive capability of oil price 
uncertainty (OPU) for the joint probability of default (JPoD) 
among U.S. oil and gas companies. Through in- and out-

of-sample analyses, it is observed that OPU significantly 
improves JPoD forecasts, even when accounting for macro
economic factors. Implied volatility measures (e.g., OPU-
OVX) are found to outperform realized volatility (e.g., OPU-
GARCH, OPU-SV), indicating their superior capacity to 
capture systemic risk dynamics. These results highlight 
OPU’s important role in enhancing systemic default risk 
predictions, particularly over longer periods. 
The findings provide practical insights for energy com

panies, regulators, and investors. Companies can incorpo
rate OPU into risk management frameworks to identify vul
nerabilities and adjust hedging or financing strategies. 
Regulators can utilize OPU to monitor systemic risks and 
implement timely interventions, such as stress tests or tar
geted safeguards. Investors can use OPU for improved risk 
assessment and portfolio allocation in volatile markets. 
Future research could examine integrating OPU with 

other uncertainty measures or extending its application to 
sectors exposed to commodity price volatility. Improving 
systemic risk forecasting models will contribute to a more 
resilient and sustainable financial market. 
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Table 2. In-sample predictive model    

Panel A: Regression results 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

1.70433*** 2.43738*** 0.99267*** 0.444184 3.75225 *** 0. 76042*** 

(0.0000) (0.0000) (0.0000) (0.1017) (0.0000) (0.0000) 

OPU-GARCH 0.525412*** 0.451610*** 

(0.0000) (0.0000) 

OPU-SV 0.07747*** 0.0295487*** 

(0.0000) (0.0000) 

VXO 0.97482*** 0.645331*** 

(0.0000) (0.0000) 

ADS -0.071871*** -0.128884*** -0.098812*** 

(0.0000) (0.0000) (0.0000) 

EPU 0.140471 *** 0.220782*** 0.137828*** 

(0.0000) (0.0000) (0.0000) 

FFR 0.079675*** 0.0268575 0.046450 

(0.0000) (0.0104) (0.0000) 

Adj. R2 0.254397 0.192974 0.340541 0.29593 0.314526 0.415487 

ARCH (5) 8.725 5.690 3.2628 3.3750 3.378275 2.54528 

Q (5) 4.883 4.362 1.1218 1.4862 0.96464 0.847235 

Q2 (5) 5.437 6.947 4.8173 2.795 1.7609 2.7589 

Panel B: In-sample forecast accuracy 

RMSE 0.033885 0.033802 0.029177 0.030688 0.028732 0.027956 

MAE 0.026651 0.027674 0.022019 0.023791 0.023384 0.021509 

MPE 104.8831 110.9881 80.9942 100.9548 93.4547 79.2831 

MAPE 102.9105 139.929 101.7291 95.4817 102.2505 93.0756 

Panel A shows in-sample regression results; Panel B presents loss functions. CoJPoD is the Conditional Prediction of Joint Probability of Default. OPU-GARCH and OPU-SV represent oil price uncertainty from GARCH and stochastic volatility models, respectively. OVX is the 
CBOE Crude Oil ETF Volatility Index. ADS, EPU, and FFR denote the Aruoba–Diebold–Scotti index, Economic Policy Uncertainty, and federal funds rate, respectively. *, **, *** indicate significance at 10%, 5%, and 1%. 
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Table 3. DM forecast accuracy test     

Panel A: Out-of-sample results 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

RMSE 0.035578 0.023712 0.02084 0.02222 0.024584 0.01775 

MAE 0.026715 0.048646 0.02084 0.20543 0.033101 0.20451 

MPE 54.88138 47.23261 34.8724 35.9985 37.73633 32.8297 

MAPE 36.55826 34.36609 30.16906 30.9900 32.12615 29.07928 

DM test 4.14952*** 2.34786** 5.10935*** 6.39452*** 6.46102*** 8.02754*** 

(0.0085) (0.0304) (0.0073) (0.0047) (0.0064) (0.0002) 

Panel B: Different time horizons 

h=1 2.57561** 2.16741** 5.53311*** 2.63071*** 3.55405*** 5.19063*** 

(0.0251) (0.0247) (0.0068) (0.0085) (0.0085) 0.0001 

h=3 1.027543 2.81294** 5.75272*** 2.25783** 3.51412** 7.43229*** 

(0.3041) (0.0246) (0.0034) (0.0208) (0.0208) (0.0000) 

h=6 4.330924** 1.30461* 9.32268*** 2.25842** 5.13700** 8.83439*** 

(0.0000) (0.0768) (0.0065) (0.0239) (0.0239) (0.0000) 

h=12 5.09242*** 6.44994** 9.18538*** 5.58594*** 5.28600*** 13.02031*** 

(0.0048) (0.0128) (0.0067) (0.0097) (0.0097) (0.0000) 

h=24 13.32149** 8.49198*** 13.80298*** 5.72544*** 6.29959*** 18.70474*** 

(0.0030) (0.0096) (0.0001) (0.0064) (0.0064) (0.0000) 

Panel A displays the out-of-sample loss functions and the results from the modified Diebold-Mariano (DM) test which are used to evaluate forecast accuracy. Panel B evaluates out-of-sample performance over various time horizons. The pure autoregressive model is used as 
the benchmark. p-values are indicated in parentheses, with ** and *** representing significance at the 5% and 1% levels, respectively. 
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