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Abstract 

The Oil & Gas industry has seen a lot of turmoil in recent times and continues to face a number 

of headwinds, especially with the impact from the Coronavirus pandemic. The number of defaults 

peaked in 2015/16 and it remains to be seen if this will be tested in 2020 or 2021. The oil price 

has touched the lowest levels in history and so unless the US government offers a bailout package 

as it did with the Airlines, it seems likely that we will see a spike in defaults in the near future. It is 

in this background, that we seek to identify companies that are more likely to default than the 

others in this industry. The Altman Z-score model has had an impeccable record in identifying 

distressed securities across the industries. However, accuracy levels could vary based on the 

industry, as the model factors may have more predictive power with some industries than others. 

We have hence worked on identifying a model that is specifically tuned towards the energy sector, 

and hence should report superior accuracy levels. And in fact, that seems to be the case. Our 

factor model for O&G companies (in Crude & Natural Gas Extraction) has Type 1* accuracy of 

100% and Type 2* accuracy of 87%, as compared to 84% Type 1 accuracy using the Altman Z-

score model (but for energy and mining companies as a whole).  

Industry Overview 

 

In the early 21st century, a combination of macroeconomic and geopolitical trends contributed to 

an unprecedented rise that saw the spot price of WTI crude oil climb from below $20 per barrel to 

its peak greater than $145 per barrel in 2008 (see Figure 1). The Great Recession interrupted 

demand for oil, but it was able to recover to spot prices over $70 in 2009. These elevated prices, 

especially from 2011 to 2014 when oil spot prices averaged above $90, encouraged the U.S. 

shale oil boom since at those prices shale exploration and production was profitable1.  

 
 
 
 
 
 

 
1 Amadeo, Kimberly. May 1, 2020. https://www.thebalance.com/us-shale-oil-boom-and-bust-3305553. 
*Type 1 error is a finding where the prediction from the model returns a false positive; while Type 2 is 
where a prediction implies a false negative 
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Figure 1 WTI crude oil spot price 1986 to present (March 2020). 

 
www.ycharts.com, WTI crude oil spot price. 

 
 
In addition to high crude oil spot prices, the United States Federal Funds Rate was held near zero 

from 2009 to 2015 (see Figure 2). The low interest rate environment motivated banks and private 

equity investors to lend to shale oil companies during this period, with industry loans nearly $250 

billion in 20142.  

 
Figure 2 U.S. Federal Fund Rate, 1995 to present. 

 
https://tradingeconomics.com/united-states/interest-rate. 

The last time the price of WTI crude oil was over $100 per barrel was April 2014.  The large 

sudden increase in oil production due to U.S. shale (figure 3) coupled with lower than expected 

global demand caused prices to plummet. Demand was predicted to grow at 1.3 million barrels a 

 
2 Amadeo, Kimberly. May 1, 2020. https://www.thebalance.com/us-shale-oil-boom-and-bust-3305553. 
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day, but the actual growth of demand in 2014 was nearly half (around 700,000 barrels a day), and 

the resulting glut in supply devastated prices3. The summer of 2014 saw a precipitous decline 

that halved the benchmark price by 50% by October of the same year. An academic literature 

review from 2016 states that “most major oil price fluctuations dating back to 1973 are largely 

explained by shifts in the demand for crude oil”.4 It is these price fluctuations that imperil the 

revenue of an oil exploration and production (E&P) business, and thus risk its ability to meet debt 

obligations.  

 
Figure 3 Significant increase in shale oil (or ‘unconventional oil’) production 2011-2014. 

 
https://www.postcarbon.org/new-u-s-record-level-oil-production-peak-oil-theory-disproven-not/ 

With the low price, numerous oil producers began closing their doors in 20155, especially with the 

Fed beginning to raise interest rates again, making lenders less amenable to rolling over debt. 

However, due to innovations, many shale oil producers continued operations with reduced costs6 

 
3 Samuelson, Robert J. Key facts about the great oil crash of 2014. 
https://www.washingtonpost.com/opinions/robert-samuelson-key-facts-about-the-great-oil-crash-of-
2014/2014/12/03/a1e2fd94-7b0f-11e4-b821-503cc7efed9e_story.html.  
4 Baumeister, Christiane; Kilian, Lutz (1 January 2016). "Forty Years of Oil Price Fluctuations: Why the 

Price of Oil May Still Surprise Us". The Journal of Economic Perspectives. 30 (1): 139–160. 
5 Haynes And Boone, LLP. Oil Patch Bankruptcy Monitor, January 17, 2020. 
https://www.haynesboone.com/publications/energy-bankruptcy-monitors-and-surveys. 
6 Ailworth, Erin. December 6 2015. https://www.wsj.com/articles/as-oil-keeps-falling-nobody-is-blinking-
1449446203. 
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and OPEC, in an effort to maintain market share, did not reduce production as it typically would 

when the price dips. In the third quarter of 2017, growth in the number of oil rigs drilling suddenly 

slowed to 6% when it had previously risen over 20% each of the preceding four quarters7, which 

indicates reduced activity in the oil sector. A combination of factors contributed to this effect: 

bankruptcies of the past several years led companies to reduce operational costs, and companies 

with low debt also reduced drilling to save wells for a time with higher oil prices. 

 

As detailed, the period beginning in October 2014 brought significant stressors to the oil industry 

in the form of low oil prices and mounting debt obligations. In response, many companies 

defaulted on their debt and/or filed for bankruptcy in the years 2015 to 2019. This report offers a 

model to analyze those defaults.  

 

While our analysis focuses on the years 2015 to 2019, the story continues as the events of 2020 

have brought historical levels of stress to the oil and gas industry. As the coronavirus COVID-19 

was making its way around the world in February 2020, travel came to a screeching halt, and the 

price of WTI crude oil was halved again from around $50 per barrel to less than $25 per barrel. 

The price of oil continued to slip lower as the global pandemic took root throughout much of the 

world and government-ordered quarantines forced an economic standstill. For many oil 

producers, however, the cost of halting operations is too great, which has resulted in a significant 

glut in supply that has overwhelmed oil storage. We saw the historically low WTI crude oil spot 

price go below zero to -$37 per barrel on April 20, 2020 (April expiry contract). With the stress of 

the global COVID-19 pandemic, the story of defaults in the oil industry most certainly continues. 

It is in this context that we attempt to identify a model that can predict potential defaults in the 

sector. We lay out the methodology below. 

Methodology 

We initiated our research with the goal to build a model that is comparable to the noted Altman 

Z-score model, but with factors that are more suited to highlight the risks/rewards in the Energy 

industry. The original Z-score model however was based on discriminant analysis, while we 

have built a model using a logistic regression approach. We did that by first building a data 

sample consisting of both healthy and default securities. We then applied logistic regression to 

build a model that can use the sample data to distinguish between healthy and default 

securities. We lay out in detail our approach below. 

 

 

 

 

 
7 Olson, Bradley. October 5, 2017. https://www.wsj.com/articles/u-s-shale-juggernaut-shows-signs-of-
fatigue-1507195802 
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I. Sample Selection 

We began with an initial sample of 175+ defaults in the energy industry beginning October 10, 

2014, as sourced from the NYU Salomon Center and KBRA databases. This sample included 

defaults by companies in wide range of energy-related sectors, including coal and iron mining and 

oil and gas services. We determined that the heterogeneity of these sectors meant that it would 

not be feasible to ascertain factors that were sufficiently comprehensive, specific, and predictive 

of bankruptcy/default across all sectors. Consequently, we narrowed our sample to the Crude 

Petroleum and Natural Gas Extraction sector (SIC Code 1311), yielding 118+ defaults from 

October 2014 and later. This set of defaults yielded 74 unique companies (since the original 

sample included multiple defaults by the same company) with peak defaults in 2015 and 2016. 

Please see figure 4 for the annual trend. 

  

We decided to use an estimation period of 2015 – 2018 to build the model and a validation period 

of 2019 – 2020 YTD to test the model for accuracy. This yielded us 52 companies within the 

estimation period (test sample) and 8 companies within the hold-out period. We had to exclude 

companies that were private or lacked data.  In addition to these default securities, we have also 

included within the test and hold-out samples, an identical number in healthy company securities 

(at matching default dates) to diversify the overall sample. Consequently, the test sample included 

104 data points and the hold-out sample 16 data points.  

  

Figure 4: Crude and natural gas extraction companies defaults by year 

 
Source: NYU Salomon Center and KBRA default databases 

II. Factor Selection  

After the initial groups were defined and companies selected, financial data were collected from 

Capital IQ. We referred to previous research on bankruptcy discriminant analysis and prediction, 

including Altman Z-score model, and selected 50 potentially helpful factors for evaluation. Out of 

the 50 factors, we also included 4 oil and gas industry specific factors based on: total costs in 

O&G, standard Discounted Cashflow, production of oil (MMbbls), total proven reserves of oil 

(MMbbls), total production of gas (Bcf), and total proven reserves of gas (Bcf). We feel the factors 

are relevant to bankruptcy/default (at varying levels) and provide key information regarding the 
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quality of oil and gas companies’ pipelines, stocks and cost structure which traditional financial 

ratios cannot provide. The factors were chosen based on popularity in research and data 

availability. The remaining 46 factors are traditional financial ratios including various forms of 

return rates, margins, EBITDA or EBIT multiples, debt ratios, turnover ratios etc. We would then 

construct the model using financial ratios derived from the factors. 

III. Statistical Analysis 

This is a multi-step process. In summary, we have cleaned up the data which consisted of 50 

factors (for 104 securities in the Test sample) to identify the factors that have the most predictive 

power. In order to do so, we applied a logistic regression approach on the test sample to narrow 

down to 5 factors, together when used in a regression equation help us predict defaults within the 

energy sector with reasonably high accuracy. Our model implies c90% R2 and low type-1 and 

type-2 errors. We show a snapshot of the data sample below (figure 5) with 4 O&G specific 

factors. The wider sample has 46 additional factors, but which are more generic financial ratios. 

 

Figure 5: A snapshot of the data set (showing data for 40 default securities) at T-1 (last reported 

prior to default) 

 
Source: NYU Salomon Center and KBRA default databases 

Company Healthy (yes/no) Default date Ticker/Id

Total Cost, 

O&G/Total 

Assets

Standard DCF, 

O&G/Total 

Assets

Production, Oil 

(MMbbls)/Total 

Proven 

Reserves, Oil 

(MMbbls)

Total 

Production, 

Gas 

(Bcf)/Total 

Proven 

Reserves, Gas 

(Bcf)

Approach Resources Inc. No 11/18/19 OTCPK:AREX.Q 0.04                 0.61                 (0.02)                0.02                 

Black Elk Energy Offshore Operations, LLC No 9/1/15 IQ114128622 0.40                 0.62                 0.17                 0.17                 

Connacher Oil and Gas Ltd. No 3/4/15 IQ7845151 0.23                 0.62                 0.09                 0.08                 

California Resources Corp. No 8/26/16 NYSE:CRC 0.07                 0.62                 0.08                 0.12                 

Approach Resources, Inc. No 1/26/17 OTCPK:AREX.Q 0.02                 0.27                 0.03                 0.03                 

Chesapeake Energy Corp. No 5/11/16 NYSE:CHK 0.23                 0.31                 0.13                 0.18                 

Memorial Production Partners LP No 1/16/17 NYSE:AMPY 0.03                 0.20                 0.06                 0.12                 

W&T Offshore, Inc. No 9/1/16 NYSE:WTI 0.23                 0.61                 0.22                 0.22                 

Quicksilver Resources, Inc. No 3/17/15 IQ398144 0.11                 0.81                 0.28                 0.08                 

Bonanza Creek Energy, Inc. No 1/4/17 NYSE:BCEI 0.03                 0.24                 0.09                 0.09                 

Saratoga Resources, Inc. No 6/18/15 IQ23090414 0.13                 0.62                 0.09                 0.04                 

Harvest Operations Corp. No 6/13/16 IQ8142537 0.03                 0.62                 0.09                 0.08                 

EV Energy Partners, L.P. No 4/27/16 OTCPK:HRST 0.16                 0.29                 0.05                 0.06                 

Bellatrix Exploration Ltd No 6/4/19 OTCPK:BXEF.F 0.05                 (0.05)                0.08                 

Breitburn Energy Partners LP No 5/15/16 IQ28071116 0.05                 0.27                 0.09                 0.08                 

BPZ Resources, Inc. No 3/9/15 IQ10779727 0.10                 0.62                 0.07                 0.08                 

Endeavour International Corp. No 10/10/14 IQ3109188 0.15                 0.40                 0.24                 0.06                 

Venoco, Inc. No 4/10/15 IQ2535666 0.13                 1.09                 0.07                 0.08                 

Vanguard Natural Resources, LLC No 2/5/16 OTCPK:GRZZ.U 0.30                 0.63                 0.06                 0.07                 

Denbury Resources, Inc. No 3/31/16 NYSE:DNR 0.08                 0.34                 0.09                 0.21                 

Sanchez Energy Corp. No 8/11/19 OTCPK:SNEC.Q 0.20                 0.83                 0.08                 0.07                 

Energy XXI Ltd. No 4/14/16 IQ24225184 0.54                 0.62                 0.11                 0.13                 

Linn Energy, LLC No 11/20/15 IQ5027624 0.30                 0.60                 0.07                 0.05                 

Lightstream Resources Ltd. No 7/2/15 IQ71456863 0.23                 0.62                 0.09                 0.08                 

Whiting Petroleum Corp. No 4/1/20 NYSE:WLL 0.11                 0.48                 (0.11)                0.07                 

Swift Energy Co. No 12/31/15 NYSE:SBOW 0.20                 0.71                 0.09                 0.14                 

Dune Energy, Inc. No 3/8/15 IQ9520060 0.22                 1.36                 0.06                 0.04                 

Energy & Exploration Partners, Inc. No 12/7/15 IQ216857375 0.74                 0.96                 0.05                 0.05                 

American Eagle Energy Corp. No 5/8/15 IQ10838992 0.81                 0.96                 0.08                 0.01                 

Warren Resources, Inc. No 5/26/15 IQ3732086 0.65                 0.77                 0.07                 0.05                 

Weatherford International Ltd. No 7/1/19 IQ138468617 0.23                 0.62                 0.09                 0.08                 

Sunshine Oilsands Ltd. No 8/1/17 SEHK:2012 0.23                 0.62                 0.09                 0.08                 

Cobalt International Energy, Inc. No 12/14/17 IQ24985251 0.41                 0.62                 0.13                 0.09                 

Emerald Oil, Inc. No 3/22/16 IQ102267652 0.23                 1.10                 0.05                 0.02                 

MIE Holdings Corp. No 7/10/17 SEHK:1555 0.23                 0.62                 0.09                 0.00                 

Ultra Petroleum Corp. No 4/29/16 OTCPK:UPLC 0.38                 1.45                 0.16                 0.12                 

Magnum Hunter Resources, Inc. No 12/15/15 IQ360124 0.30                 0.89                 0.06                 0.09                 

Gulfport Energy Corp. No 4/15/20 NasdaqGS:GPOR 0.17                 0.44                 (0.12)                0.11                 

Northern Oil & Gas, Inc. No 5/15/18 AMEX:NOG 0.23                 1.13                 0.07                 0.07                 

Cubic Energy, Inc. No 12/11/15 IQ3109227 0.82                 1.13                 0.02                 0.03                 
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I. Factor mining 

Once we identified the factors that we wanted to test, the next step (as summarized above) was 

to test the factors on their predictive power in identifying distressed securities (defaults) among 

the sample selected – in this case, the 104 companies in the energy sector that are categorized 

as “crude and natural gas extraction” companies. In order to do this, we use the T-test. T-test is 

typically used to determine if there is a “material” difference in the means of two groups. In our 

case, we would like to see if the calculated T-value for each of the 50 factors can help us 

understand as to which factors have a “significant” divergence in their mean/median values 

between the default and healthy samples. We show the T-values as well as the median values 

for the factors in the table below (figure 6). 

 

Figure 6: T-values of sample factors arranged in a descending order at T-1, where T-1 is last 

reported data prior to default  

 

T-value Median (T-1)

Factors T-1 Default Healthy

Total Liabilities/Total Assets % 8.91       99% 48%

Net Debt/EBITDA 8.34       5.83x 1.72x

Total Debt/EBITDA 8.27       6.41x 2.04x

Total Debt/Capital % 7.84       99% 35%

Return on Equity % 5.64       -104% -9%

Net Inc. Avail. for Common Margin % 5.03       -107% -15%

Return on Common Equity % 5.01       -96% -8%

LT Debt/Capital % 4.98       82% 33%

Earnings from Cont Ops Margin % 4.96       -105% -15%

Net Income Margin % 4.49       -93% -10%

Return on Invested Capital % 4.24       -33% -8%

Cash from Ops. to Curr. Liab. 4.00       0.22x 0.93x

Current Ratio 3.30       0.63x 1.13x

Retained earnings/ Total Assets 3.21       -0.71x 0.15x

Quick Ratio 3.15       0.34x 0.74x

Altman Z Score 3.01       -0.94 1.29

EBITDA / Interest Exp. 2.65       2.00x 8.27x

Fixed Asset Turnover 2.19       0.21x 0.27x

Normalized Net Income Margin % 2.02       -17% -3%

Total Cost, O&G/Total Assets 1.71       0.23x 0.18x

Gross Margin % 1.66       61% 66%

EBIT Margin % 1.26       -8% 8%

EBITA Margin % 1.23       -7% 8%

Total Production, Gas (Bcf)/Total Proven Reserves, Gas (Bcf) 1.16       0.08x 0.09x

Accounts Receivable Turnover 0.96       6.00x 6.49x

Avg. Days Sales Out. 0.86       59 56

Avg. Days Payable Out. 0.81       148 123

Total Asset Turnover 0.61       0.19x 0.20x

Return on Capital % 0.61       -2% 0%

Working capital/ Total Assets 0.49       -0.03x 0.02x

Production, Oil (MMbbls)/Total Proven Reserves, Oil (MMbbls) 0.41       0.09x 0.09x

Total EBIT/Total Assets 0.21       -0.01x 0.00x

SG&A Margin % 0.21       14% 15%

Capex as % of Revenues 0.03       60% 59%

Return on Assets % 0.01       -1% -1%
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II. Identification of factors with predictive power through regression 

  

Whilst the above table clearly shows how some of the factors at the top have solid predictive 

capability (by being able to distinguish between healthy and default securities), the actual test is 

to see if these factors hold when we run a regression model. We use a logistic regression model 

to identify the factors that have highest predictive power. As expected, we see a lot of overlap 

between the above table (Figure 6) and table below (Figure 7). Several factors that have high T-

values also show high R2 values.  

 

Figure 7: R2 values   

 
   

  

 

Factors R^2

Total Debt/Capital % 71%

LT Debt/Capital % 66%

EBITDA / Interest Exp. 55%

Total Liabilities/Total Assets % 48%

Net Debt/EBITDA 45%

Total Debt/EBITDA 43%

Return on Common Equity % 31%

Return on Equity % 29%

Earnings from Cont Ops Margin % 12%

Net Inc. Avail. for Common Margin % 12%

Quick Ratio 11%

Net Income Margin % 11%

Return on Invested Capital % 9%

Working capital/ Total Assets 8%

Current Ratio 6%

Total Cost, O&G/Total Assets 4%

Fixed Asset Turnover 3%

Cash from Ops. to Curr. Liab. 3%

Normalized Net Income Margin % 3%

Retained earnings/ Total Assets 2%

Total Production, Gas (Bcf)/Total Proven Reserves, Gas (Bcf)2%

Total Asset Turnover 1%

Return on Assets % 0%

Total EBIT/Total Assets 0%

Accounts Receivable Turnover 0%

Gross Margin % 0%

Return on Capital % 0%

Production, Oil (MMbbls)/Total Proven Reserves, Oil (MMbbls)0%
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III. Model 

  

The maximum R2 that we could achieve from a single factor model would be c71% (see Figure 

6). We can however target higher R2 by putting together factors in a multi-factor model. The factors 

thus identified above, were processed through a variety of combinations to test for and target 

higher predictive capabilities. Some of the factors however were discarded due to multicollinearity. 

We started with two factors first and then tested the model for its marginal increase in R2 with the 

addition of each new factor. After exhaustive testing, we believe a 5-factor model as you will see 

below has the most predictive power (R2 of c90%). Any further addition of factors to this model 

only increases the complexity while only marginally contributing to improvements in R2. That being 

said, a higher R2 may not necessarily translate into better accuracy as R2 is only indicative of what 

proportion of variance in the dependent variable (probability of default) is explained by the 

independent variables (factors) used in the model. The accuracy of the model on the other hand 

is also a factor of the cut-off used to draw inferences from the probabilities. We explain more on 

this in the next section. 

  

Logit value = -7.34 + 0.28 x Debt/Capital % - 1.46 x EBITDA/Interest - 13.89 x WC/TA - 33.16 

x Total Production, Gas/Total Proven Reserves - 3.5 x RE/TA 

  

The above equation provides us with a logarithmic value i.e. it must be converted back into a 

probability of default. This can be done using the following equation. Please see figure 8 for a 

snapshot of the calculations used. Firms with a positive logit value are classified as “default” and 

those with a negative value as “healthy”. 

  

Logit value = ln [p/(1-p)], where p is the probability of default.  

 

 Figure 8: Calculation of probability of default (a snapshot of 10 securities)   

 
Source: NYU Salomon Center and KBRA default databases 

 

 

 

 

Company

Healthy 

(yes/no) Ticker/Id

Default 

date

Logit 

value

Probability 

of default

Endeavour International Corp. No IQ3109188 10/10/14 34.65 1.00

Connacher Oil and Gas Ltd. No IQ7845151 3/4/15 17.80 1.00

U.S. Energy Corp. (NasdaqCM:USEG) yes NasdaqCM:USEG3/4/15 -74.51 0.00

Dune Energy, Inc. No IQ9520060 3/8/15 4.96 0.99

Berry Petroleum Corporation (NasdaqGS:BRY) yes NasdaqGS:BRY 3/8/15 -8.70 0.00

BPZ Resources, Inc. No IQ10779727 3/9/15 26.77 1.00

Carbon Energy Corporation (OTCPK:CRBO) yes OTCPK:CRBO 3/9/15 -38.52 0.00

Quicksilver Resources, Inc. No IQ398144 3/17/15 76.55 1.00

PrimeEnergy Resources Corporation (NasdaqCM:PNRG)yes NasdaqCM:PNRG3/17/15 -19.78 0.00

Venoco, Inc. No IQ2535666 4/10/15 14.83 1.00

Pioneer Natural Resources Company (NYSE:PXD) yes NYSE:PXD 4/10/15 -26.96 0.00
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Figure 9: Factors used in the model and their relevance   

Factor definitions Rationale 

Debt/Capital 

  

Debt-to-Capital ratio is a widely used 
measurement of a company's financial 
leverage. While it’s normal for oil and gas 
company to use fair amount of debt, a too high 
debt-to-capital ratio is usually a sign of poor 
operating performance and high probability of 
default 
 

EBITDA/Interest 

  

EBITDA-to-Interest coverage ratio is used to 
assess a company's financial durability by 
examining whether it is at least profitable 
enough to pay off its interest expenses using 
its pre-tax income.  
 

WC/TA 

  

Working Capital/Total Assets Ratio, 
frequently found in studies of corporate 
problems, is a measure of the net liquid 
assets of the firm relative to the total 
capitalization. Usually, a firm that’s 
experiencing operating loss will have shrinking 
size of working capital in relation to total 
assets. This is also a factor in Altman Z-score 
model as an indicator for company 
discontinuance. 

Total Production, Gas/Total Proven Reserves 

  

Production-to-Reserve ratio has a certain 
strategic significance for oil and gas 
companies. It indicates the rate an oil and gas 
company is producing and whether it has 
enough reserve for future production. A too 
high Production-to-Reserve ratio indicates not 
enough reserve, and a too low one indicates 
poor production performance. Both make an 
oil and gas company more risky. 

Retained Earnings/Total Assets 

  

Retained Earnings-to-Total Assets ratio 
measures the cumulative profitability over time 
of a company. Established companies with 
steady performance track record usually have 
a higher Retained Earnings-to-Total Assets 
ratio than young, unprofitable companies and 
have lower chance of bankruptcy/default. This 
was in original Altman Z-score model, too. 
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IV. Testing 

 The model was tested on both Type-1 and Type-2 errors to check for accuracy. This is however 

a factor of the cut-off used for probability for default. In other words, a lower cut-off (such as 50%) 

would imply that any probability of default above 50%, would be categorized as a default, thereby 

increasing Type-1 error and vice versa for the Type-2 error.  

  

Ideally, we would like to ensure that both Type-1 and Type-2 errors are as low as possible. For 

this reason, we first tested the model on the “Test” sample to check for the “cut-off” that yields us 

the lowest error. Surprisingly, the model gave us superior results, even at a higher cut-off of 80%. 

This remained the same for the “Hold-out” sample as well (see figure 10). We have also looked 

at the sensitivity of accuracy of the model to the cut-off applied on the model. The model accuracy 

remains robust despite increasing the cut-offs up to 90% (see figure 11).  

 

Figure 10: % Accuracy based on Type-1 and Type-2 error rate at 80% cut-off   

 
 

Please note that the sample size may not add up to total number of companies considered (120) 

in the analysis, as some securities may not have specific factor data available and are therefore 

not considered part of the test or hold-out sample while making predictions.  

 

Figure 11: % Sensitivity of accuracy in the hold-out sample to varying cut-off %   

 
 

 

 

 

 

 

 

 

False positives (Type-1) False negatives (Type-2)

Test sample error 0 Test sample error 2

Sample size 87 Sample size 87

% accuracy 100% % accuracy 98%

Holdout sample error 0 Holdout sample error 2

Sample size 15 Sample size 15

% accuracy 100% % accuracy 87%

Holdout sample

Cutoffs

False positives 50% 60% 70% 80% 90%

% accuracy 100% 100% 100% 100% 100%

Cutoffs

False negatives 50% 60% 70% 80% 90%

% accuracy 87% 87% 87% 87% 87%
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Conclusion 

Our factor model for the energy sector has a very high accuracy level from both Type-1 and Type-

2 error perspective as well as from its ability to predict defaults (90% R^2). It remains to be seen 

if this model will hold the test of time, especially once the energy sector is on the path to recovery, 

post coronavirus pandemic. Also, a larger hold-out sample (vs. 16 sample size currently) in future 

may be used to test the model and if possible, improve it potentially. In fact, we could expand the 

scope of the project to include companies across the energy sector (not just crude and natural 

gas extraction) which would offer us a much larger sample size to work with.  
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