


 
 

Abstract 

Characterizing Production in the Barnett Shale Resource: Essays on 
Efficiency, Operator Effects and Well Decline 

by 

Likeleli Seitlheko 

This dissertation is composed of three papers in the field of energy economics. 

The first paper estimates revenue and technical efficiency for more than 11,000 wells that 

were drilled in the Barnett between 2000 and 2010, and also examines how the efficiency 

estimates differ among operators. To achieve this objective, we use stochastic frontier 

analysis and a two-stage semi-parametric approach that consists of data envelopment 

analysis in the first stage and a truncated linear regression in the second stage. The 

stochastic frontier analysis (SFA) and data envelopment analysis (DEA) commonly 

identify only two operators as more revenue and technically efficient than Devon, the 

largest operator in the Barnett. We further find that operators have generally been 

effective at responding to market incentives and producing the revenue-maximizing mix 

of gas and oil given the reigning prices. Furthermore, coupled with this last result is the 

insight that most of the revenue inefficiency is derived from technical inefficiency and 

not allocative inefficiency. 

The second paper uses multilevel modeling to examine relative operator effects 

on revenue generation and natural gas output during the 2000-2010 period. The estimated 

operator effects are used to determine which operators were more effective at producing 

natural gas or generating revenue from oil and gas. The operators clump together into 



 
 

three groups – average, below average, and above average – and the effects of individual 

operators within each group are largely indistinguishable from one another. Among the 

operators that are estimated to have above average effects in both the gas model and the 

revenue model are Chesapeake, Devon, EOG and XTO, the top four largest operators in 

the Barnett. The results also reveal that between-operator differences account for a non-

trivial portion of the residual variation in gas or revenue output that remains after 

controlling for well-level characteristics, and prices in the case of the revenue model. 

In the third paper, we estimate an econometric model describing the decline of a 

“typical” well in the Barnett shale. The data cover more than 15,000 wells drilled in the 

Barnett between 1990 and mid-2011. The analysis is directed at testing the hypothesis 

proposed by Patzek, Male and Marder (2014) that linear flow rather than radial flow – the 

latter of which is consistent with Arps (1945) system of equations – governs natural gas 

production within hydraulically fractured wells in extremely low permeability shale 

formations. To test the hypothesis, we use a fixed effects linear model with Driscoll-

Kraay standard errors, which are robust to autocorrelation and cross-sectional correlation, 

and estimate the model separately for horizontal and vertical wells. For both horizontal 

and vertical shale gas wells in the Barnett, we cannot reject the hypothesis of a linear 

flow regime. This implies that the production profile of a Barnett well can be projected – 

within some reasonable margin of error – using the decline curve equation of Patzek, 

Male and Marder (2014) once initial production is known. We then estimate productivity 

tiers by sampling from the distribution of the length normalized initial production of 

horizontal wells and generate type curves using the decline curve equation of Patzek, 



 
 

Male and Marder (2014). Finally, we calculate the drilling cost per EUR (expected 

ultimate recovery) and the breakeven price of natural gas for all the tiers. 
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Chapter 1 

An Estimation of Efficiency among Operators in 
the Barnett 

1.1.  Introduction 

The Barnett shale play, with a production history stretching back to the early 

1980s, has been producing shale gas longer than any other shale formation in the US. The 

first well for which there is reported production began producing in June 1982. 

Nevertheless, it was not until the mid-2000s that multiple changes significantly increased 

production volumes from the formation. The changes included an increase in the drilling 

activity as well as technological developments. Production grew from a mere 115 million 

cubic feet per day (MMcf/d) in 1999 to reach a peak of 5750 MMcf/d in 2012.1 However, 

production has since declined and was reported to be about 4900 MMcf/d in 2014. 

Approximately 95 percent of the 15,000 wells that had been drilled in the Barnett 

by the end of 2010 were drilled in the period between 2000 and 2010, which explains 

some of the phenomenal rise in the reported production during that period. Technological 

                                                
 

1 Railroad Commission of Texas. “Texas Barnett Shale Total Natural Gas Production 2000 
through 2014.” http://www.rrc.state.tx.us/media/22204/barnettshale_totalnaturalgas_day.pdf 
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developments in hydraulic fracturing and horizontal drilling are also argued to have 

contributed significantly to the increase in production by increasing output per well. 

During the initial two decades of production, virtually all the wells drilled in the 

Barnett were vertical. Horizontal wells only became predominant among newly drilled 

wells starting in 2005. By 2010, however, close to 97 percent of new wells were 

horizontal. Not only did the number of vertical wells decline as a share of new wells in 

each year. The absolute number of new vertical wells drilled also fell significantly from a 

peak of 746 new vertical wells in 2002 to less than 50 new vertical wells in 2010. 

Because shale reservoirs usually consist of thin layers of rock, operators are able to 

access more of the formation with a horizontal wellbore than a vertical wellbore.2 

Advances in drilling technology are enabling the drilling of ever-longer lateral lengths for 

horizontal wells, and consequently, increasing output per well over time. Moreover, the 

current directional drilling technology allows the drilling of multiple wells branching out 

in different directions from the same well pad, thereby reducing the surface footprint, and 

surface infrastructure requirements, of wells. Some of the materials used to fracture wells 

have also changed. For instance, foam was the most commonly used fracturing fluid 

during the early development period but it was later replaced by gel, which has in turn 

been replaced by water. 

More than 250 companies drilled at least one well that reported some production 

to the Railroad Commission of Texas between 1982 and 2010. About 90 percent of these 

                                                
 

2 EIA. “Technology drives natural gas production growth from shale gas formations.” 
http://www.eia.gov/todayinenergy/detail.cfm?id=2170 



 3 

companies began operations in the play after 2000. Among the early entrants, only Devon 

(Mitchell Energy) maintained its lead to become the biggest player in terms of the 

number of wells drilled and the share of the total cumulative production. The new 

companies that began operating in the play after 2000 led the exponential rise in the 

number of new wells and the concomitant increase in production during that period. 

Among these, Chesapeake, EOG, XTO, Quicksilver and Burlington joined Devon as the 

largest operators by number of wells owned. Together, these six companies accounted for 

two-thirds of the total number of wells drilled and about 70 percent of the total 

cumulative gas production reported from the Barnett between 1982 and 2010. Devon 

alone accounted for 25 percent of the wells and 30 percent of the total cumulative 

production reported by the end of 2010. Annual statistics indicate, however, that Devon’s 

dominance over well ownership and the share of cumulative production has declined over 

the years as more operators joined the play, and some like Chesapeake, EOG and XTO, 

invested heavily in the play.  

As already noted, production rates from wells in the Barnett have varied through 

time as the use of horizontal drilling gained momentum. Production rates have also varied 

among operators. Although geologic characteristics of shale reservoirs, or any 

hydrocarbon reservoir, are important determinants of the quantity of hydrocarbons that 

can be produced, they are not definitive. Operators’ ability to access the hydrocarbons 

also plays an integral role in how much output is ultimately extracted. The Barnett data 

indicates that operators differ in the amount of gas (and oil for some wells) they can 

extract from formations with similar characteristics possibly due to differing drilling and 
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hydraulic fracturing practices. This paper studies these discrepancies among the operators 

using efficiency analysis. 

Efficiency analysis is premised on the assumption that for any production set, 

there exists some frontier that represents the maximum output that can be derived from 

the inputs used in production. Since the true frontier is unknown, it is approximated using 

observed production data. Technical efficiency is a measure of a firm’s ability to generate 

the maximum possible quantity of physical output from a given set of inputs using 

current production technology. Revenue efficiency measures the firm’s ability to 

maximize revenue given the inputs and the market output prices. While the Barnett is 

predominantly a gas formation, parts of it, for example in counties like Cooke and 

Montague, produce gas mixed with oil. The relative prices of gas and oil influence how 

valuable dry gas is vis-à-vis gas mixed with oil and thus how much revenue the operators 

can produce. 

A firm on the technical or revenue frontier is considered fully efficient, as its 

output (physical or economic) cannot be increased without increasing some of the inputs. 

On the other hand, a firm below the frontier is classified as inefficient because its output 

can be increased using the existing inputs or the same quantity of output can be produced 

with a smaller set of inputs. 

We use two complementary methods to analyse efficiency for wells drilled in the 

Barnett. The first method is stochastic frontier analysis, which requires a parametric 

specification of the production technology. The second approach we use is a two-stage 

semi-parametric approach that consists of data envelopment analysis in the first stage 
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followed by a truncated linear regression analysis in the second stage. The non-

parametric nature of data envelopment analysis is often argued to be an advantage 

because the true data generating process is unknown for most production technologies, 

including the production technology studied in this paper. Moreover, data envelopment 

analysis allows multiple outputs, which in our analysis means that we can estimate a two-

output model in which both gas and oil are the outputs. Its major disadvantage, however, 

is that it does not allow for sources of error including omitted random variables or 

variables measured with error, which is where the stochastic frontier analysis has an 

advantage. 

The rest of the paper consists of five sections – section 2 gives a brief summary of 

the literature; section 3 describes the data used; section 4 outlines the stochastic frontier 

analysis model and presents the results obtained from the model; section 5 does the same 

for data envelopment analysis; and finally, section 6 gives the conclusion. 

1.2. Literature Review 

We use stochastic frontier analysis and data envelopment analysis to estimate 

technical and revenue efficiency among operators in the Barnett using cross-sectional 

data from wells that began production during the 2000-2010 period. Aigner, Lovell and 

Schmit (1977) and Meeusen and van den Broeck (1977) were the first to develop the 

stochastic frontier analysis method, which has since been widely used to study efficiency 

and productivity growth in many industries. Both Aigner, Lovell and Schmit (1977) and 

Meeusen and van den Broeck (1977) introduced the concept of a two-component error 

term in the production function where the error term accounted for firms’ output (or cost) 
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deviation from the predicted values. The two components of the error term were assumed 

to be a variable that represented statistical noise, which was assumed to have a normal 

distribution with mean zero, and a one-sided variable that represented inefficiency. The 

two papers proposed the half-normal and exponential distribution for the one-sided 

inefficiency component of the error. Various authors have since done much work to 

extend and improve the models of these two papers. Below we will summarize some of 

the papers that are relevant for our analysis. 

In a work that is among the first to study the causes of inefficiency, Reifschneider 

and Stevenson (1991) modify previous frontier models developed by Aigner, Lovell and 

Schmit (1977) and Greene (1980) to include firm-specific variables as determinants of 

the inefficiency component of the error term.  As mentioned above, Aigner, Lovell and 

Schmit (1977) assumed that the one-sided component of the error term has a half-normal 

distribution or an exponential distribution, while Greene (1980) assumed that it had a 

gamma distribution. The modified models in Reifschneider and Stevenson (1991) enable 

the simultaneous estimation of the production frontier model and the inefficiency effects 

model, which ensures the consistency of the estimated parameters. The authors apply the 

models to study efficiency of electricity generation by utilities. They allow a utility’s 

distance from the frontier to depend on competitive pressure, the rate of expansion and 

the utilization of existing generation capacity. Using a likelihood ratio test, the authors 

find that the modified models are an improvement over the original models. 

In a similar work to Reifschneider and Stevenson (1991), Kumbhakar, Ghish and 

McGuckin (1991) also developed a maximum likelihood model that allows simultaneous 

estimation of parameters of the production frontier regressors and the variables assumed 
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to determine inefficiency. Kumbhakar et al. assume that the inefficiency component of 

the error term has a truncated normal distribution. They apply their model to analyze 

efficiency among milk producing firms in the U.S., taking as causes of inefficiency the 

education level of the farmer and the quality of the hay used to feed cows. 

Battese and Coelli (1995) extend the models developed for cross-sectional data by 

Reifschneider and Stevenson (1991) and Kumbhakar et al. (1991) to panel data analysis. 

Battese and Coelli (1995) assume that the non-negative technical inefficiency component 

of the error terms has a normal distribution truncated at zero with a mean that is a 

function of firm-specific explanatory variables. The model is applied to study technical 

efficiency among 14 paddy farmers in an Indian village where output is taken as the total 

value of the farm produce and inputs include land and labor. The authors include 

variables such as the age and education of the primary decision maker as factors that 

could influence the farm’s distance from the frontier. The results of the analysis indicate 

that the proposed model is also preferred to alternative models that do not treat the 

inefficiency effects as functions of the farm-specific characteristics. 

Data envelopment analysis, which has its foundations in Farrell (1957), is a linear 

programming technique that compares a firm to a virtual firm that is a weighted average 

of the other firms where the weights on the comparison firms are not required to be equal. 

If a virtual firm exists that can produce more output than the firm using the same inputs 

or produce the same output with less input, then the firm is considered inefficient; 

otherwise the firm is considered fully efficient. Farrell (1957) introduces the concepts of 

technical efficiency, price efficiency (more commonly referred to as allocative 
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efficiency), and overall efficiency (economic efficiency – cost or revenue efficiency), 

which is a product of technical and allocative efficiency. 

The two most regularly used DEA linear programming equations, CCR and BCC 

models, were introduced by (and named after) Charnes, Cooper and Rhodes (1978) and 

Banker, Charnes and Cooper (1984), respectively. In the CCR model, the production 

technology is assumed to be convex, to have constant returns to scale and to exhibit 

strong disposability of inputs and outputs. The BCC model relaxes the constant returns to 

scale assumption by adding a convexity constraint, which allows the production 

technology to have variable returns to scale. The DEA approach has also been widely 

used to study efficiency and productivity changes in many different industries. 

1.3. Data 

The data used in this paper consists of gas and oil production, well-specific 

geologic characteristics, and the quantity of fluid and sand (proppant) used in fracturing 

the wells. Production and fracturing data was obtained from IHS and Drillinginfo, 

respectively, while a team at the Bureau of Economic Geology at the University of Texas, 

Austin estimated the geological variables. 

We have available data for 12,000 wells that began production between 1990 and 

2010. However, since the period before 2000 consists of a few wells that were largely 

owned by Devon, the analysis will focus on wells that began producing no earlier than 

2000. After also removing wells that had produced for less than seven months or were 
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missing any variables, wells identified as outliers3, and finally, wells with illogical dates 

– for instance, wells for which the reported completion date is earlier than the date on 

which drilling operations are reported to have started – the sample size dropped to 

11,362. 

The wells in the final dataset were located in 16 counties – Bosque, Cooke, 

Dallas, Denton, Ellis, Erath, Hill, Hood, Jack, Johnson, Montague, Palo Pinto, Parker, 

Somervell, Tarrant and Wise. Approximately 25 percent of the wells were located in 

Johnson County, 23 percent in Tarrant County, 18 percent in Denton County, 16 percent 

in Wise County and the remaining 18 percent of the wells in the other 12 counties. 

Horizontal wells accounted for about three-quarters of the total wells, with 

vertical wells making up the remaining quarter.4 Most of the vertical wells were drilled in 

the period between 2000 and 2006 and only a tiny number of vertical wells were drilled 

during 2007 to 2010. 

                                                
 

3 118 wells were identified as outliers using the Stata command ‘BACON’, which was written by 
Sylvain Weber. The algorithm uses Mahalanobis distances to identify outliers in a multivariate 
dataset. The first step involves calculating Mahalanobis distances for different subsets of the 
sample and choosing the subset with the smallest distance as the basic subset. The next step 
involves calculating Mahalanobis distances between the basic subset and the rest of the 
observations. Observations whose Mahalanobis distance falls below a specified threshold are 
added to the basic subset. This process is iterated to convergence. Observations that are not added 
to the subset are flagged as outliers. Wells identified as outliers are located in 13 counties 
including Denton, Johnson, Tarrant and Wise and are owned by close to 40 operators. Among the 
outliers are wells reported to be fractured with abnormally large/small quantity of proppant or 
fluid. For instance, five wells operated by Range Production report proppant quantity in excess of 
1 billion pounds, more than 700 times as large as the sample mean that includes those five wells, 
while forty-seven wells operated by various companies report fluid volume of less than 1,000 
barrels, smaller than the sample mean by a factor of 68. 
 
4 The count of vertical wells does not include the vertical portions of horizontal wells 
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Approximately 28 percent of the wells were owned by Devon, 12 percent by 

Chesapeake, 11 percent by XTO and 10 percent by EOG. The next largest operators in 

the dataset, in descending order, were Burlington, Encana, Quicksilver, Chief Oil and 

Gas, Range Production, Carrizo Oil & Gas, Denbury Onshore, Williams Production Gulf, 

Republic Energy, Antero Resources and DTE Gas Resources with an individual 

ownership share ranging from about 1 percent to 6 percent. The rest of the companies 

owned less than 1 percent each of the total wells in the sample, with 45 of these 

companies each owning a total number of wells ranging from 10 to 86 and 88 companies 

owning between 1 and 9 wells individually. 

With 148 companies in the final dataset, many with observations in just a few 

time periods, we do not get rich firm-level longitudinal data. Only Devon and Western 

Chief had observations in all the 11 years spanning our dataset. Three other companies – 

Burlington, Republic Energy, and Lakota Energy – had observations in 10 years. The 

data indicates that operators tend to drill multiple wells on the same lease within weeks of 

one another and complete5 the same wells within days of one another. This practice is 

likely followed in order to reduce costs associated with bringing drilling rigs back and 

forth to the same location. 

Table 1-1, Table 1-2 and Table 1-3 present mean variable values by well direction 

and year on which the wells began producing. For purposes of this paper, a well is 

classified under a particular year if its first reported production occurred during that year. 

                                                
 

5 Completion refers to the process of making wells ready for production, and in the case of wells 
drilled in shale formations, this process includes hydraulic fracturing operations 
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However, for most of the wells, production began in the same year in which drilling 

operations were conducted so the vintage year of the wells would not differ much if we 

had instead chosen the year of drilling operations as the metric. 

Table 1-1 indicates that horizontal wells comprised the majority of the wells in 

the sample. About three-quarters of the wells have a horizontal well direction. The 

average per well gas production and revenue were higher for horizontal wells than 

vertical wells. In contrast, the average per well oil production was higher for vertical 

wells than horizontal wells. This seemingly unintuitive statistic is a consequence of the 

focus of drilling activity in the Barnett during the earlier part of the sample period when 

most of the wells drilled were vertical versus the latter part of the sample period when 

most of the wells were horizontal.  

Earlier drilling activity was focused in Denton County and Wise County. All the 

wells drilled in 2000, except for one, were drilled in Denton and Wise while the annual 

share of wells in the two counties was 96%, 85%, 80% and 60% in 2001, 2002, 2003 and 

2004, respectively. It was only in 2005 that the annual share of wells in the two counties 

fell below the absolute majority. The mean oil production was 715 barrels and 1017 

barrels in Denton County and Wise County, respectively, which is higher than the mean 

oil production for the whole play, estimated to be 425 barrels. Compare this to the mean 

oil production observed in Johnson County and Tarrant County, 19 barrels and 22 barrels, 

respectively, the two counties that were the main focus of drilling activity from 2006 to 

2010. 

The table also reveals a general upward increase in the number of new wells over 

time with some exceptions, notably during 2009-2010 when the number of new wells was 
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much lower than the peak achieved in 2007. The average per well gas production 

increased monotonically from 2002 to 2010 while both average per well oil production 

and revenue fluctuated during the sample period. 

 
Table 1-1 Mean output values by well direction and year 

Category Observations 

Gas 
production 
(million cubic 
feet) 

Oil 
production 
(barrels) 

Revenue 
(US$ million)6 

Total 11362 189 425 1.039 
Vertical 2,564 89 665 0.436 
Horizontal 8,798 218 355 1.215 
2000 151 146 434 0.786 
2001 372 118 618 0.347 
2002 680 97 650 0.398 
2003 790 105 490 0.543 
2004 678 121 425 0.703 
2005 767 162 656 1.323 
2006 1,231 173 475 1.059 
2007 2,044 207 245 1.413 
2008 1,854 214 357 1.301 
2009 1,278 233 486 0.909 
2010 1,517 259 357 1.059 

 

There is no consistent trend in average thermal maturity, pressure, porosity and 

thickness during the sample period as shown in Table 1-2. In fact, the percent year-to-

year changes in the average values are quite small. The average thermal maturity is 

estimated to be higher for horizontal wells than vertical wells, in contrast to the average 

pressure, porosity and thickness, all of which were higher among vertical wells. 

                                                
 

6 Revenue numbers are calculated using West Texas Intermediate (WTI) and NGPL Mid-Con 
prices and we have assumed that all the reported oil and gas production is marketed. The price 
data was obtained from Platts 
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Table 1-2 Mean geological variable values by well direction and year 

Category 
Thermal 
Maturity 
(%VR0) 

Pressure (psi) Porosity (%) Thickness (feet) 

Total 1.309 3468 0.060 289 
Vertical 1.290 3687 0.064 293 
Horizontal 1.314 3404 0.059 288 
2000 1.308 3664 0.068 293 
2001 1.296 3726 0.066 302 
2002 1.311 3733 0.064 302 
2003 1.322 3696 0.065 297 
2004 1.321 3598 0.062 293 
2005 1.316 3491 0.060 285 
2006 1.294 3378 0.059 277 
2007 1.299 3327 0.059 282 
2008 1.311 3333 0.058 283 
2009 1.309 3468 0.059 296 
2010 1.318 3507 0.059 299 

 

As Table 1-3 indicates, the average length of vertical wells is only about 16% of 

the average length of horizontal wells. While the thickness of the Barnett shale layer 

limits vertical well length, horizontal wells run within the formation and can be thousands 

of feet long. This difference in length partly explains why on average less fluid and sand 

were used to fracture vertical wells than horizontal wells. The average quantity of sand 

and fluid used to fracture vertical wells is approximately 13% and 40%, respectively, of 

the average quantities used for horizontal wells. 

There has been a monotonic increase in the average well length over the sample 

years (Table 1-3), which is a result of operators drilling longer lateral lengths for 

horizontal wells. The average total quantity of fluid and proppant used per well also 

exhibits a general upward trend over the whole period, which is to be expected given the 
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growth in well length. However, the average amount of proppant used per foot of well 

length rose between 2000 and 2010 while the amount of fluid used per foot of well length 

trended downward over the same period. 

 
Table 1-3 Mean input values by well direction and year 

Category Length (feet) Fluid  
(thousand barrels) 

Proppant  
(million pounds) 

Total 2450 66.41 1.685 
Vertical 473 30.18 0.271 
Horizontal 3026 76.98 2.097 
2000 454 32.50 0.183 
2001 502 32.95 0.141 
2002 532 30.25 0.211 
2003 704 32.56 0.271 
2004 1247 43.17 0.460 
2005 2068 61.39 0.992 
2006 2461 69.20 1.535 
2007 2802 68.41 1.844 
2008 3129 75.36 2.238 
2009 3306 82.59 2.452 
2010 3590 95.26 3.093 

 

A somewhat surprising finding from the data is that while the average total gas 

production increased in each successive year for newly drilled wells beginning in 2003, 

gas output per foot of well length did not. In fact, the average gas production per foot 

declined between 2000 and 2005, and then remained around the 2005 level until 2010. 

The decline in the per-foot gas output was likely a result of the technological challenges 

of effectively fracturing parts of the wellbore farthest from the well surface location as 

the distance between the two points increases. Nonetheless, the stabilization of the per-

foot gas output between 2005 and 2010 also suggests that the industry is quite adept at 

addressing rising technological limitations. 
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As mentioned earlier, most of the 148 operators represented in the dataset have 

very few wells, so they are categorized under one of the three groups shown at the bottom 

of Table 1-4. Effectively, only 30 operators have enough observations for a meaningful 

analysis. The number of observations for Devon, Chesapeake, XTO and EOG dwarf the 

number of wells observed for the other operators, highlighting the fact that the 

development of the Barnett is dominated by a small number of operators. 

 
Table 1-4 Mean output and input values by operator 

Operator Obs. Gas 
Prod. 

Oil 
Prod. Revenue Length Fluid Proppant 

Adkins RL 42 47 1157 0.325 834 45.56 0.652 
Antero Resources 123 167 2 1.048 1187 28.59 0.417 
Arrington D 84 155 393 1.012 2858 63.05 1.671 
Aruba Petroleum 70 60 1066 0.332 1774 45.63 1.053 
Burlington 646 91 1567 0.600 1598 48.53 1.261 
Carrizo Oil & Gas 201 263 166 1.275 3087 78.07 2.708 
Chesapeake 1,332 261 45 1.341 3497 77.14 2.022 
Chief Oil & Gas 266 160 101 0.936 1495 49.52 0.688 
Crown Equipment 34 49 680 0.365 731 8.83 0.093 
Dallas Production 80 76 1892 0.344 816 31.57 0.257 
Denbury Onshore 172 186 141 1.187 3393 82.95 1.118 
Devon 3,228 167 387 0.895 2040 64.65 1.068 
DTE Gas 110 67 976 0.458 1945 29.45 1.028 
Encana 369 184 500 1.160 2669 71.74 1.597 
EOG 1,156 241 408 1.411 3534 78.71 3.807 
Hallwood Energy 56 200 2 1.237 1813 63.16 0.743 
JW Operating 82 222 0 1.460 2332 72.17 1.803 
Lakota Energy 31 101 442 0.534 557 42.22 0.469 
N. Texas Llano 30 45 0 0.265 534 16.72 0.218 
Quicksilver 287 221 605 1.131 3400 118.66 5.239 
Range Production 208 232 313 1.203 2940 86.45 2.845 
Republic Energy 146 87 568 0.409 857 39.75 0.301 
Ryder Scott 32 55 371 0.332 401 22.86 0.092 
Star of Texas 57 50 159 0.272 968 32.21 0.252 
Sullivan Hollis 62 226 370 1.568 2031 72.61 0.961 
Tejas Western 71 68 1848 0.337 715 40.35 0.302 
Western Chief 70 84 1348 0.514 1474 42.99 0.677 
Williams Prod. 157 215 616 1.115 2936 68.98 2.197 
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Winchester Prod. 65 77 423 0.412 1100 39.57 0.320 
XTO 1,298 261 76 1.394 2866 70.78 1.565 
Other207 255 148 500 0.828 1846 56.07 1.366 
Other108 358 121 726 0.732 1748 58.63 1.046 
v. Small9 184 119 596 0.667 1646 46.77 1.251 

 

Arrington D, Carrizo Oil & Gas, Chesapeake and Quicksilver are the only 

operators in the final dataset that have only horizontal wells, although other operators 

owned a large proportion of horizontal wells. For example, more than 90 percent of the 

wells owned by XTO, EOG, Encana, Range Production, Denbury Onshore, Williams 

Production and JW Operating are horizontal. Some operators drilled mainly vertical 

wells, but Ryder Scott Oil is the only operator in our dataset with only vertical wells. 

                                                
 

! Adexco Operating, Dune Operating, Eagle Oil & Gas, Harding Company, Joint Resources, 
Richey Ray Management, Stroud Energy, Talon Oil & Gas, Tema Oil & Gas, Threshold 
Development, Titan Operating 
 
" Aspect Energy, Braden Exploration, Burnett Oil, Canan Operating, Cornerstone E&P, 
Cumming Company, Dale Operating, Dark Horse Operating, EBS Oil & Gas, Endeavor Energy, 
Enexco, Forest Oil, Four Sevens Operating, Grand Operating, HEP Oil, Hess Jerry Operating, 
Hillwood Oil & Gas, Hughes Dan, Infinity Oil & Gas, Merit Energy, Osborn WB Oil & Gas, 
PLO, Panamerican Operating, Pioneer Natural Resources, Reichmann Petroleum, Rife Energy 
Operating, Rimrock Energy, Roil Mineral, Shell Western, Sundance Resources, Teleo Operating, 
Trio Consulting & Management, Tsar Operating, Upham Oil & Gas, Vantage Ft. Worth, Walsh 
FH Jr. Operating, Western Production, Willowbend Inv. 
 
# American West Resources, Bagby Energy, Best Petroleum Exploration, Bravo Natural 
Resources, Briar Energy, Century Petroleum, Citrus Energy, Collins & Young Operating, Cooper 
Oil & Gas, Cortex Operating, Crow Creek Operating, Culebra Oil & Gas, Dart Oil & Gas, 
Eagleridge Operating, Echo Production, Edge Resources, Expro Engr., Finley Resources, Frost 
Brothers, G & F Oil, Giant Energy, Gulftex Operating, Howell Petroleum, Janlo Operating, 
London Petroleum, Luxor Oil & Gas, McCutchin Petroleum, Meeker Dan Management, Mereken 
Energy, Metroplex Barnett, Modern Expl., Moncrief CB, Munson Denton, Nautilus Expl., 
Newark Energy, OPS Group, PRO Management, Paloma Resources, Peak Energy, Premier 
Minerals, Proco Operating, Raylee Operating, Red Oak Gas, Regal Energy, Rhoads HB, Rogers 
Drilling, Ropa Exploration, Sauder Management, Seely Oil, Sky Resources, Spindletop Oil & 
Gas, Stratagas, Tandem Energy, Tanglewood Oil & Gas, Texakoma Oil & Gas, Texas American 
Resources, Thompson J Cleo, Trans-Texas, Triad Expl., Van Operating, Vargas Energy, Westside 
Energy, WG Operating, Wilson RP, Wynn-Crosby Operating, Young Marshall Oil 
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Other operators like Tejas Western, Adkins RL, Dallas Production, Lakota Energy, North 

Texas Llano and Republic Energy also had a small proportion of horizontal wells, less 

than 20 percent. Since operators with a higher share of horizontal wells have a longer 

average well length, they also have higher average fluid and proppant use in fracturing 

operations. Operators producing more physical outputs also earn more revenue, but the 

latter is also influenced, to some extent, by oil and gas prices prevailing at the time the 

wells began producing (see Figure 1-1 in section 1.4 for the average oil and gas prices 

observed between 2000 and 2011). 

1.4. Stochastic Frontier Analysis 

1.4.1. Model 

The stochastic production frontier model for cross-sectional data is represented as: 

         (1.1) 

where !! is firm !’s output, !!! are firm-specific random shocks, ! !! !! ! !!! is the 

stochastic production frontier, and !"! is firm-specific technical efficiency. Rearranging 

the stochastic frontier model yields: 

        (1.2) 

A firm on the frontier has !"! ! !. It is considered fully efficient as its output cannot be 

increased without increasing some of its inputs. A firm below the frontier is classified as 

inefficient since its output can be increased using existing inputs, or the same quantity of 

!!"# = $ %# "!( )&"#'(#

!!
"#$ =

%$
& '$ "!( )("$ #"#$ #$%"&'
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output could be produced with a smaller set of inputs. Assuming that ! !  is a Cobb-

Douglas production function, firm !’s output, !!, is given by: 

         (1.3) 

After taking logs of the production function, the econometric specification 

becomes: 

 
!!
"# "#( ) = !$ + "# $#%( )!%

%=%

&

" + # # &# =%'(')))''*% =%'(')))'&    (1.4) 

          (1.5) 

where !!" is input ! used by firm !, !! is the coefficient of input ! that is to be estimated, 

and !! are the residuals, which are assumed to be composed of two parts – !! and !! – 

that are assumed to be independent of each other. !!!!!"!! !!!!!  represents statistical 

noise (measurement error, omitted variables, approximation error and the like), while 

!!!!!"!!! !!!!!!  is a nonnegative measure of inefficiency which is assumed to be a 

truncation at zero of the normal distribution that has mean !!"!!!
!!!  and variance !!!. 

Technical efficiency is computed using equation (1.6), which was proposed in Battese 

and Coelli (1988): 

        (1.6) 

We assume that the inefficiency component of the error term, !!, is a function of 

observed exogenous variables and that it has the following specification: 

!!
"# = $

!" %#&
!&

&=#

'

" $##
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         (1.7) 

where !! represent the exogenous explanatory variables of the inefficiency effects and !! 

is a random variable that has a normal distribution with mean 0 and variance !!! and is 

truncated at ! !! ! !!"!!!
!!! . Below we introduce the variables (y, x and z) that are 

considered in the analysis. 

We use two output variables: (1) cumulative gas production, and (2) total revenue 

from both oil and gas generated by each well between the second and seventh month of 

production. Cumulative gas production is the dependent variable in the technical 

efficiency regressions while total revenue is the dependent variable in the revenue 

efficiency regressions. Production from the first month is excluded because wells start 

producing at different points of the calendar month depending on when completion 

operations were done. As an accounting matter, a well that was completed at the 

beginning of the month will report higher production than a well completed in the third 

week of the month, all other things being equal, because the former well accumulates 

production over more weeks. In addition, petroleum production during the first weeks 

could be negatively affected by the backflow of fracturing fluids (Patzek, Male and 

Marder, 2014).  

To compute the total revenue generated from the oil and gas produced between 

the second and the seventh month, we used the West Texas Intermediate (WTI) and 

NGPL Mid-Con prices obtained from Platts. We consider revenue as an output even 

though the Barnett is predominantly a gas shale play because the drastic decline in natural 

!!
"# =!" + $#%! %

%=#

&

" +'#
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gas prices in 2009 made liquids more valuable and operators are reported to have 

responded to this economic incentive by shifting more drilling activity towards the wet 

gas parts of the Barnett. Although the price of oil also fell in 2008 due to the financial 

crisis and the ensuing recession, it rebounded during 2009 while the price of gas 

remained chronically low relative to the average gas prices observed from 2000 to 2008 

(see Figure 1-1). Moreover, the revenue measure allows us to also incorporate oil as an 

output, which we are unable to do in the stochastic frontier analysis where the dependent 

variable must be a scalar. 

 
Figure 1-1 Oil and natural gas prices 

 

 

The inputs, xi, are each well’s length, and the quantity of fluid and sand 

(proppant) used in hydraulic fracturing. In the revenue model, oil and gas prices are also 

included among the xi. 
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We include the geologic characteristics we have available – thermal maturity, 

pressure, porosity and thickness – as the exogenous variables, zi, to explain a well’s 

distance from the frontier. While operators have control over where they buy acreage to 

develop for oil and gas, they have no control over the geologic characteristics that are 

innate to the acreage.  

Thermogenic petroleum is produced from organisms that were buried in 

sediments millions of years ago and were turned into hydrocarbons by heat and pressure 

as the sedimentary rocks (source rocks) were buried deeper into the subsurface. Thermal 

maturity gives a measure of the temperature to which the source rock was heated during 

hydrocarbon genesis. High thermal maturity generally results in a higher proportion of 

gas to liquids content. High reservoir pressure in shale formations is associated with a 

large amount of free and adsorbed gas (King, 2010), and thickness, as the name implies, 

gives a measure of the thickness of the reservoir from which gas can be harvested.  

Finally, porosity gives the proportion of rock that is occupied by pores. The 

higher the porosity, the higher the capability of the reservoir to hold hydrocarbons. While 

shale reservoirs do not have a lower range of porosity than conventional reservoirs, their 

permeability (ability to transmit fluids) is much lower, which is why hydraulic fracturing 

is necessary to create conduits through which fluids can flow out of the reservoir into the 

wellbore. After the rock is fractured with the sand and water mixture, the sand helps to 

keep the newly created fissures in the formation propped open. 

The stochastic frontier function represented in equation 

Error! Reference source not found. is estimated simultaneously with the inefficiency 
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effects model represented in equation (1.7) using the maximum likelihood method. 

Below is the log-likelihood function of the model, which is derived from the probability 

density functions of !!, !!, !! and !! (see Battese and Coelli (1993) for the expressions of 

the different PDFs). 

   (1.8) 

As mentioned in previous studies (for example see Aigner, Lovell and Schmidt 

(1977) & Battese and Corra (1977)), the maximum likelihood estimates of the parameters 

do not have a closed form solution. Therefore, the model is solved by numerical methods 

taking as inputs partial derivatives of the likelihood function with respect to the 

parameters. 

1.4.2. SFA Results 

1.4.2.1. SFA Results – Basic Model 

We used the Stata package developed by Belotti et al. (2012) to estimate the 

model proposed in the previous subsection. Results from the estimation of the basic 

model are shown under the ‘est.1’ columns in Table 1-5. Parameters !!!!!! !"#!!!, 

which are all positive, give the elasticity of gas production or revenue to the input 

variables. The coefficients for well length, fluid and proppant are all significant at the 1% 
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level. The coefficient for the dummy variable that identifies horizontal wells is positive, 

as expected, implying horizontal wells are more productive.  

The prices of gas and oil are also included as regressors in the revenue model. The 

price of gas is highly significant and positively correlated with revenue. In contrast, the 

price of oil seems to not have any statistically significant relationship with revenue, an 

outcome that is attributable to the fact that the share of oil in total revenue averages just 

four percent for the whole sample. Although forty percent of the wells reported a positive 

amount of oil production, the average total quantity of oil reported between the second 

and seventh month of production is only 425 barrels.  

The coefficients of all the geologic variables in the inefficiency effects model are 

negative and statistically significant at the 1% level. In general, the negative and 

statistically significant values of the coefficients of the geologic variables imply that 

higher values of these variables are associated with higher values of technical and 

revenue efficiency. In contrast, the dummy variable that identifies wells that produced 

positive quantities of oil is positively correlated to the inefficiency effects in the gas 

output model, implying that wells that have associated oil will generally appear as being 

more inefficient at producing gas.  

 
Table 1-5 SFA Estimation Results  

  Dependent 
Variable: Gas 

Dependent Variable: 
Revenue 

Variables Parameter Est.1 Est.1 Est.1a 
Stochastic Frontier Coefficients: 

Length  !! 0.173*** 
(0.0191) 

0.151*** 
(0.0185) 

0.165*** 
(0.0185) 

Fluid !! 0.272*** 
(0.0160) 

0.277*** 
(0.0160) 

0.272*** 
(0.0158) 
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Proppant !! 0.165*** 
(0.0106) 

0.161*** 
(0.0106) 

0.164*** 
(0.0105) 

Horizontal !! 0.265*** 
(0.0348) 

0.296*** 
(0.0325) 

0.260*** 
(0.0327) 

Gas Price !!  1.101*** 
(0.0506) 

1.088*** 
(0.0506) 

Oil Price !!  -0.0534 
(0.0554) 

-0.0285 
(0.0552) 

Constant !! -1.147*** 
(0.141) 

5.920*** 
(0.234) 

5.794*** 
(0.232) 

     
Year effects  Y Y Y 

     
Inefficiency Effects Model Coefficients: 

Thermal Maturity !! -2.563*** 
(0.243) 

-3.018*** 
(0.444) 

-1.787*** 
(0.375) 

Pressure !! -0.000171*** 
(6.31e-05) 

-
0.00109*** 
(0.000168) 

-0.000883*** 
(0.000138) 

Porosity !! -46.23*** 
(5.287) 

-72.28*** 
(11.44) 

-64.75*** 
(9.858) 

Thickness !! -0.0105*** 
(0.000750) 

-0.0155*** 
(0.00172) 

-0.0142*** 
(0.00151) 

Oil !! 0.905*** 
(0.0780) 

 0.963*** 
(0.131) 

Constant !! 8.578*** 
(0.443) 

13.73*** 
(1.135) 

10.55*** 
(0.842) 

     
Log-likelihood  -10772 -10661 -10603 
     
Observations  11362 11362 11362 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

After running each regression, efficiency, as defined in equation (1.6), is 

estimated for each well. The ranking of individual wells using efficiency scores derived 

from either the gas or the revenue model does not differ much. A formal testing of the 

relationship between the two sets of efficiency estimates using the Spearman’s Rank 
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Correlation10 test rejects the null hypothesis that they are independent. The test yields a 

Spearman’s rho value of 0.97, and the null hypothesis can be rejected at the 1% 

significance level, which implies a very strong monotonic relationship between the two 

sets of technical efficiency scores. The small contribution of oil revenue to total revenue 

is probably the main reason for the high positive correlation between the two estimates of 

efficiency scores.  

Next, we divided the wells into quintiles based on their efficiency scores and 

plotted the Longitude and Latitude coordinates of each well’s surface location by quintile 

to get a visual representation of the distribution of the efficiency scores in the counties 

overlaying the Barnett formation (Figure 1-2 and Figure 1-3). One major challenge with 

an exercise like this is that it is difficult to disentangle operator inefficiency from the 

consequences of bad acreage. It is possible that an operator drilling a well in an area with 

low original gas-in-place would be measured as inefficient, while in reality any operator 

drilling in that location would have been unsuccessful. Although the measured geologic 

characteristics help control for these spatially varying conditions, it is likely they do not 

capture all the heterogeneity. The estimated efficiency scores could also be influenced by 

differences in surface characteristics among the counties, which are not controlled for in 

the analysis. Overall, the figures reveal that the wells that have the highest efficiency (Q5 

category) occupy a smaller geographical extent than the wells with the lowest efficiency 

(Q1 wells), which spread further west in counties like Erath, Jack, Palo Pinto and Parker. 
                                                
 

10 Formula for calculating Spearman’s rho: ! ! ! ! ! !!
!!!! !! is the difference in rank between two SFA 

estimates 
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Maps of the Barnett shale in Bruner and Smosna (2011) indicate that the heat 

content of the gas in the formation is on average higher in the west and lower in the east, 

and conversely, thermal maturity is on average lower in the west and higher in the east. 

Both of these features highlight that the east region of the Barnett produces mainly dry 

gas whereas the west region produces largely gas mixed with oil. With this in mind, the 

distribution of the technical efficiency scores depicted in Figure 1-2 becomes easier to 

understand. Because technical efficiency was estimated taking gas output as the 

dependent variable, it is not surprising that most of the wells located in the west, where 

the gas yield is lower and the oil yield higher, are identified as technically inefficient. 

What is puzzling is why the same wells are still classified as inefficient even when total 

revenue from oil and gas is taken as the output. One explanation could be that the oil 

yield in the west was not high enough, given the relative oil and gas prices, to generate 

revenue that could compensate for the trade-off between higher gas production, on 

average, in the east and the lower gas production with higher oil production in the west. 

To formally test if there is a statistically significant difference in estimated 

efficiency between wells that produce dry gas and those that produce wet gas, we 

included the oil dummy variable in the inefficiency effects model of the revenue model. 

The coefficient of the oil dummy variable is positive and statistically significant, as 

shown in ‘est. 1a’ in Table 1-5. This result suggests that on average dry gas wells 

generated more revenue from a given set of inputs and similar geological characterisitics 

than wet gas wells. 

 



 27 

Figure 1-2 Distribution of est.1 efficiency scores (gas model) in the area overlaying the 
Barnett formation 
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Figure 1-3 Distribution of est.1 efficiency scores (revenue model) in the area overlaying 
the Barnett formation 

 

1.4.2.2. SFA Results – Controlling for County Effects 

We extended the basic model by including county dummy variables in the 

inefficiency effects model in order to test if the differences among the counties are 

statistically significant. In addition, we included a variable denoting vintage of the wells 

to examine temporal changes in efficiency during the sample period. The results for the 

extended model are shown in Table 1-6 (est.2). The coefficient of ‘year’ though negative 

is not statistically significant, implying no change in efficiency over time. We used the 

likelihood ratio test to assess if the county effects as a whole were statistically significant. 

The likelihood ratio test statistic is given by: 

        (1.9) !!"# = !" #$%"$ ! #$%"%( )
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where !! and !! represent the log-likelihood function of the restricted and unrestricted 

models, respectively. The limiting distribution of the test statistic is a chi-squared 

distribution with degrees of freedom equal to the number of parameters restricted to zero 

in the null hypothesis. We reject the null hypothesis that the county effects are all zero 

regardless of which output measure is considered.11 The county indicator variables thus 

embody some important information and should be included in the analysis. 

Tarrant County is the omitted category so the coefficients of the other county 

variables included in the analysis are relative to Tarrant County. With the exception of 

wells located in Johnson County, inefficiency is estimated to be higher for wells in all the 

other counties than it is for wells located in Tarrant County (Table 1-6, est.2). The 

coefficient for Johnson County is not statistically significant, implying that there is no 

discernible difference in efficiency between wells in this county and those located in 

Tarrant County. Moreover, we also could not reject the hypothesis that there was no 

difference in technical and revenue efficiency between wells located in Denton County, 

Parker County, Wise County and the ‘small counties’ group after controlling for inputs 

and geological variables. Overall, it seems that the counties can be categorized into two 

groups with Tarrant County and Johnson County in one group that has higher average 

efficiency and the rest of the counties in the second group that has lower average 

efficiency. 

                                                
 

$$ The critical value at the 5% level for a chi-squared distribution with 5 degrees of freedom is 11 
while the likelihood-ratio test statistic is 486 and 426 for the gas and revenue models, 
respectively. 
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A notable difference in the results of the basic model and the extended model is 

the coefficient of thermal maturity in the revenue model, which is statistically significant 

in the former estimation and statistically insignificant in the latter estimation (see Table 

1-5 and Table 1-6). The county variables seem to capture all of the variation in revenue 

inefficiency that was explained by thermal maturity. 

 
Table 1-6 SFA Estimation Results 

 Dependent Variable:  
Gas 

Dependent Variable: 
Revenue 

Variables Est.2 Est.3 Est.2 Est.3 
Stochastic Frontier Coefficients: 

Length  0.202*** 
(0.0193) 

0.212*** 
(0.0197) 

0.192*** 
(0.0188) 

0.196*** 
(0.0193) 

Fluid 0.279*** 
(0.0159) 

0.258*** 
(0.0165) 

0.273*** 
(0.0157) 

0.256*** 
(0.0163) 

Proppant 0.157*** 
(0.0105) 

0.175*** 
(0.0113) 

0.160*** 
(0.0104) 

0.174*** 
(0.0111) 

Horizontal 0.165*** 
(0.0363) 

0.0980*** 
(0.0376) 

0.183*** 
(0.0340) 

0.137*** 
(0.0353) 

Gas Price   1.117*** 
(0.0505) 

1.102*** 
(0.0501) 

Oil Price   -0.0811 
(0.0546) 

-0.0651 
(0.0541) 

Constant -1.261*** 
(0.139) 

-1.299*** 
(0.144) 

5.877*** 
(0.228) 

5.813*** 
(0.230) 

     
Year effects Y Y Y Y 

     
Inefficiency Effects Model Coefficients: 

Thermal Maturity -1.359*** 
(0.204) 

-0.950*** 
(0.186) 

-0.251 
(0.309) 

0.0234 
(0.270) 

Pressure -0.000270*** 
(6.91e-05) 

-0.000340*** 
(6.19e-05) 

-0.000899*** 
(0.000128) 

-0.000865*** 
(0.000104) 

Porosity -42.15*** 
(5.339) 

-31.18*** 
(4.486) 

-59.36*** 
(8.972) 

-40.75*** 
(6.927) 

Thickness -0.00672*** 
(0.000517) 

-0.00546*** 
(0.000437) 

-0.00807*** 
(0.000854) 

-0.00626*** 
(0.000671) 

Oil 0.393*** 
(0.0471) 

0.252*** 
(0.0407) 

0.253*** 
(0.0682) 

0.0968* 
(0.0585) 
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Year -0.0135 
(0.0117) 

0.00873 
(0.0111) 

-0.0268 
(0.0173) 

0.00177 
(0.0156) 

Denton County 1.289*** 
(0.117) 

1.037*** 
(0.0984) 

2.017*** 
(0.221) 

1.585*** 
(0.167) 

Johnson County 0.000286 
(0.0798) 

0.0539 
(0.0721) 

0.129 
(0.125) 

0.229** 
(0.110) 

Parker County 1.127*** 
(0.109) 

1.011*** 
(0.0914) 

1.645*** 
(0.189) 

1.434*** 
(0.148) 

Wise County 0.837*** 
(0.103) 

0.653*** 
(0.0899) 

1.172*** 
(0.175) 

0.908*** 
(0.142) 

Small Counties12 0.934*** 
(0.112) 

0.758*** 
(0.100) 

1.240*** 
(0.184) 

1.021*** 
(0.155) 

Constant 6.242*** 
(0.455) 

5.086*** 
(0.399) 

7.212*** 
(0.726) 

5.443*** 
(0.591) 

     
Operator effects  Y  Y 
     
Log-likelihood -10514 -10313 -10374 -10203 
     
Observations 11362 11362 11362 11362 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

1.4.2.3. SFA Results – Controlling for Operator Effects 

To examine if efficiency varies among operators, we included operator indicator 

variables in the inefficiency models (est.3, Table 1-6). The coefficients of the variables in 

the frontier model did not change in sign or statistical significance and only slight 

changes in magnitude were observed after the addition of operator indicator variables. 

The oil dummy and Johnson County variables are the only variables in the inefficiency 

effects model of the revenue estimation that changed in statistical significance after 

controlling for operator effects. More specifically, the difference in efficiency between 

                                                
 

$% “Small counties” group includes Bosque, Cooke, Dallas, Ellis, Erath, Hill, Hood, Jack, 
Montague, Palo Pinto and Somervell counties. These counties have a combined total of 1,013 
wells.  
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dry gas and wet gas wells has disappeared, and wells located in Johnson County have 

higher statistically significant revenue inefficiency than wells in Tarrant County. This 

latter result implies that when operator effects are controlled for, wells in Tarrant County 

are ranked as being most revenue efficient, followed by wells in Johnson County, and 

finally wells in the rest of the counties.  

The coefficients for the operator indicator variables, which are displayed in Table 

1-7, are relative to Devon, the omitted category in the regressions. We chose Devon as 

the omitted group because it is the largest operator in the Barnett, accounting for 28 

percent of the wells in the sample. Only three operators – Chesapeake, Crown Equipment 

and Denbury Onshore – performed better than Devon (the coefficients for these three 

operators are negative and statistically significant). Chesapeake, the second largest 

operator in the Barnett, owned 12 percent of the wells in the sample while Denbury 

Onshore and Crown Equipment owned just 172 and 34 wells, respectively.  

 
Table 1-7 Coefficients of the operator indicator variables from Est.3 

Operator Gas Model Revenue Model 
Adkins RL 1.695*** 

(0.175) 
2.211*** 
(0.255) 

Antero Resources -0.218 
(0.222) 

-0.246 
(0.317) 

Arrington D 0.220 
(0.145) 

0.315 
(0.199) 

Aruba Petroleum 1.199*** 
(0.140) 

1.554*** 
(0.212) 

Burlington 0.397*** 
(0.0675) 

0.476*** 
(0.103) 

Carrizo Oil & Gas -0.132 
(0.134) 

-0.00985 
(0.191) 

Chesapeake -0.220** 
(0.0887) 

-0.353** 
(0.139) 
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Chief Oil & Gas 0.0780 
(0.131) 

0.0470 
(0.195) 

Crown Equipment -1.182*** 
(0.301) 

-1.748*** 
(0.494) 

Dallas Production 0.590*** 
(0.151) 

0.631*** 
(0.237) 

Denbury Onshore -0.506*** 
(0.139) 

-0.633*** 
(0.204) 

DTE Gas 0.309*** 
(0.120) 

0.416** 
(0.167) 

Encana 0.223** 
(0.0934) 

0.359*** 
(0.139) 

EOG 0.109 
(0.0727) 

0.143 
(0.105) 

Hallwood Energy 0.582** 
(0.229) 

0.747** 
(0.320) 

JW Operating -0.425* 
(0.226) 

-0.428 
(0.330) 

Lakota Energy -0.354 
(0.363) 

-0.569 
(0.625) 

N. Texas Llano 0.403* 
(0.241) 

0.491 
(0.327) 

Quicksilver 0.322*** 
(0.0994) 

0.394*** 
(0.142) 

Range Production -0.0552 
(0.120) 

-0.0152 
(0.171) 

Republic Energy 0.545*** 
(0.120) 

0.799*** 
(0.178) 

Ryder Scott 0.449* 
(0.269) 

0.845** 
(0.401) 

Star of Texas 1.257*** 
(0.163) 

1.748*** 
(0.231) 

Sullivan Hollis -0.101 
(0.263) 

-0.132 
(0.412) 

Tejas Western 1.108*** 
(0.153) 

1.414*** 
(0.237) 

Western Chief 0.709*** 
(0.148) 

0.908*** 
(0.223) 

Williams Production -0.0346 
(0.148) 

0.0660 
(0.225) 

Winchester Production 1.031*** 
(0.163) 

1.555*** 
(0.238) 

XTO 0.0336 
(0.0721) 

0.159 
(0.105) 
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Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

  

The performance of the remaining operators during the sample period was worse 

than that of Devon or not statistically significantly different from it. The performance of 

XTO and EOG, the next largest operators behind Devon and Chesapeake, was not 

statistically different from Devon’s. Other operators whose coefficients are not 

statistically significant in both the gas and revenue models are Antero Resources, 

Arrington D Oil and Gas, Carrizo Oil and Gas, Chief Oil and Gas, JW Operating, Lakota 

Energy, North Texas Llano, Range Production, Sullivan Hollis and Williams Production. 

Thirteen operators are identified to have performed worse than Devon. 

Burlington, Encana and Quicksilver are the largest operators in this category. Burlington 

owned 650 wells in the sample, while Encana owned 372 wells and Quicksilver had 296 

wells. The other operators that performed worse than Devon are Republic Energy, DTE 

Gas, Aruba Petroleum, Dallas Production, Tejas Western, Western Chief, Winchester 

Production, Star of Texas, Hallwood Energy, and Adkins RL. 

                                                
 

$&This category has 11 operators that have between 20 and 29 wells each in the sample 
$' The category has 69 operators that own less than 10 wells each in the sample 

Other2013 0.105 
(0.102) 

0.155 
(0.152) 

Other10 0.355*** 
(0.0970) 

0.464*** 
(0.143) 

v. Small14 0.506*** 
(0.105) 

0.705*** 
(0.151) 
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1.4.2.4. Distribution of Technical and Revenue Efficiency Scores by Status 

We acquired well status (active, inactive or plugged and abandoned) data from 

Drillinginfo to get a sense of how the technical and revenue efficiency scores are 

correlated with wells’ status. We have information on the status of 11,266 wells (all but 

96) as reported in October 2014 when the data was accessed. Approximately 76 percent 

(8569) of the wells with reported status were described as active, 19 percent (2,127 wells) 

were inactive while 5 percent (570 wells) had been plugged and abandoned. Figure 1-4 

below depicts the surface locations of the wells in the area overlaying the Barnett shale 

by well status. There is no discernible difference in the distribution of active, inactive or 

plugged wells over the Barnett counties. 

 
Figure 1-4 Surface location of wells in counties overlaying the Barnett formation by 
October 2014 status 
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About 75 percent of the wells that are now plugged and abandoned fall in the 

bottom quintile of the efficiency scores, while less than 1.5 percent of the plugged wells 

fall in the top quintile (see Table 1-8). The seven wells that belong to the top quintile 

which have been plugged were owned by six operators; namely, Encana (one horizontal 

2006 well in Tarrant County), EOG (one vertical 2006 well in Johnson County), Grand 

Operating (one vertical 2005 well in Tarrant County), OPS Group (one horizontal 2007 

well in Tarrant County), Western Chief (one horizontal 2008 well in Johnson County), 

and XTO (one horizontal 2006 well and one horizontal 2007 well, both located in Tarrant 

County). More than 300 wells in the top quintile were reported as being inactive, 

comprising approximately 15 percent of all the inactive wells. These wells belong to 40 

operators, including Devon, Chesapeake, XTO, and EOG, are located in counties such as 

Denton, Johnson, Parker, Tarrant, and Wise, and represent all the years of the sample 

period. Another 30 percent of the inactive wells belong to the bottom quintile, 21 percent 

to the second quintile, 17 percent to the middle and fourth quintile each. Finally, 23 

percent of the wells that were reported as active belong to the top quintile; about 22 

percent are in the fourth and middle quintiles each, 20 percent are in the second quintile 

and 14 percent are in the bottom quintile.  

 
Table 1-8 Distribution of wells by status and efficiency score quintile 

Quintile Active Inactive Plugged Total 
Technical efficiency scores:15 

                                                
 

$( First entry number in each cell represents the number of wells that fit the category, second 
entry number represents the row percent and the third entry number is the column percent 
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Bottom 1,180 
(52.91%) 
(13.77%) 

625 
(28.03%) 
(29.38%) 

425 
(19.06%) 
(74.56%) 

2,230 
(100%) 

(19.79%) 
Second 1,714 

(75.94%) 
(20.00%) 

455 
(20.16%) 
(21.39%) 

88 
(3.90%) 
(15.44%) 

2,257 
(100%) 

(20.03%) 
Middle 1,858 

(82.39%) 
(21.68%) 

364 
(16.14%) 
(17.11%) 

33 
(1.46%) 
(5.79%) 

2,255 
(100%) 

(20.02%) 
Fourth 1,877 

(83.02%) 
(21.90%) 

367 
(16.23%) 
(17.25%) 

17 
(0.75%) 
(2.98%) 

2,261 
(100%) 

(20.07%) 
Top 1,940 

(85.73%) 
(22.64%) 

316 
(13.96%) 
(14.86%) 

7 
(0.31%) 
(1.23) 

2,263 
(100%) 

(20.09%) 
Total 8,569 

(76.06%) 
(100%) 

2,127 
(18.88%) 
(100%) 

570 
(5.06%) 
(100%) 

11,266 
(100%) 
(100%) 

     
Revenue efficiency scores: 

Bottom 1,150 
(51.39%) 
(13.42%) 

655 
(29.27%) 
(30.79%) 

433 
(19.35%) 
(75.96%) 

2,238 
(100%) 

(19.87%) 
Second 1,728 

(76.66%) 
(20.17%) 

443 
(19.65%) 
(20.83%) 

83 
(3.68%) 
(14.56%) 

2,254 
(100%) 

(20.01%) 
Middle 1,877 

(83.09%) 
(21.9%) 

355 
(15.71%) 
(16.69%) 

27 
(1.2%) 
(4.74%) 

2,259 
(100%) 

(20.05%) 
Fourth 1,885 

(83.26%) 
(22.00%) 

359 
(15.86%) 
(16.88%) 

20 
(0.88%) 
(3.51%) 

2,264 
(100%) 

(20.10%) 
Top 1,929 

(85.70%) 
(22.51%) 

315 
(13.99%) 
(14.81%) 

7 
(0.31%) 
(1.23%) 

2,251 
(100%) 

(19.98%) 
Total 8,569 

(76.06%) 
(100%) 

2,127 
(18.88%) 
(100%) 

570 
(5.06%) 
(100%) 

11,266 
(100%) 
(100%) 

     
 

The within-quintile statistics (also shown in Table 1-8 above) reveal that slightly 

more than half of the bottom quintile wells were still active, about 30 percent were 
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inactive, while 19 percent had been plugged. Among the second quintile wells, 76 percent 

were active, 20 percent were inactive and 4 percent had been plugged. In comparison, 

more than 80 percent of the middle quintile wells were still active, about 16 percent were 

inactive and less than 1.5 percent had been plugged. The breakdown of the well status 

statistics for the fourth quintile wells is similar to the numbers observed for the middle 

quintile. Lastly, 86 percent of the top quintile wells were still active; almost 14 percent 

were inactive while 0.3 percent had been plugged.  

Overall, the above statistics suggest that the estimated efficiencies are closely 

related to the economic performance of the wells. At the same time, the current inactive 

or plugged status of some of the most efficiently produced wells clearly indicates that 

there are other factors at play in operators’ decision to maintain or curtail production 

operations of any given well. Most notable are the day-to-day operational costs, such as 

gathering costs, vis-à-vis revenue. Unfortunately, data on costs is unavailable so we are 

not able to incorporate costs into the analysis to estimate the efficiency of the profit 

function. 

1.5. Data Envelopment Analysis 

1.5.1. Model 

We use a two-stage approach. In the first stage, non-parametric DEA is used to 

derive measures of technical efficiency and revenue efficiency. In the second stage, a 

bootstrapped regression analysis, à la Simar and Wilson (2007), is used to examine the 
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relationship between the efficiency scores and the exogenous geological variables and 

operator identities. 

We estimate an output-oriented DEA model that takes both gas and oil as the 

outputs.16 The inputs are well length, and the quantity of fluid and proppant used in 

hydraulic fracturing. Because revenue efficiency is composed of technical efficiency and 

allocative efficiency, we also compute allocate efficiency using the estimated revenue 

and technical efficiency scores. The decomposition of revenue efficiency into technical 

and allocate efficiency sheds light on whether a revenue inefficient unit is producing too 

little of the outputs given the inputs and the production technology (technical efficiency), 

or whether the unit is producing a suboptimal mix of oil and gas given their market prices 

(allocative efficiency).17 Technical efficiency is estimated using the linear programming 

approach introduced by Banker, Charnes and Cooper (1984), commonly known as the 

BCC model, while revenue efficiency is estimated by solving the problem described in 

Farrell (1957). 

Assuming I wells, J inputs, and K outputs, !! is a Jx1 input vector and !! is a Kx1 

output vector for !’th well. The output matrix Y will have KxI dimensions while the input 

                                                
 

$) Basically, the output-oriented DEA examines if it is possible to produce more output using the 
same amount of inputs while the input-oriented DEA evaluates if it is possible to use less inputs 
to produce the same amount of output.  
$! Estimated allocative efficiency in this case is meant to give some idea of whether operators’ 
decision to drill in the dry gas or wet gas parts of the Barnett in response to relative oil and gas 
price movements yields the revenue maximizing mix of oil and gas. The gas-oil ratio of a 
particular well that has already been drilled is taken as given by nature and cannot be changed. 
However, operators do have flexibility in choosing where to drill and we could think of them as 
choosing the output mix before the drilling of the well. 
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matrix X will have size JxI. The output-oriented BCC model under the assumption of a 

constant returns to scale production technology is: 

          (1.10) 

In the above representation, ! is a Ix1 vector of constants, and 0<1/"#1 gives well !’s 

technical efficiency score18 relative to wells on the frontier.  

The revenue maximization problem for well i is given by: 

          (1.11) 

where $ is a Ix1 vector of constants, p is a vector of output prices and all the other 

variables have the same meaning as above. The optimal solution to equation (1.11), 

(y*,$*), yields the maximum possible revenue, py*, given output prices and inputs. 

Revenue efficiency for firm i is then defined as observed revenue (pyi) divided by the 

maximum possible revenue (py*). 

                                                
 

$" Estimated efficiency scores for each firm are relative to the most efficient firms which form the 
frontier 
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     (1.12) 

 

Allocative efficiency can be calculated from equation (1.12) once technical 

efficiency and maximized revenue have been estimated from equations (1.10) and (1.11), 

respectively.  

 
Figure 1-5 Revenue, technical and allocative efficiency 

 

 

The decomposition of revenue efficiency is depicted in Figure 1-5. The observed 

output vector y is both technically and allocatively inefficient. To achieve full technical 

efficiency, the observed output vector can be expanded by " to "y. However, given the 

!!
"#"#$%#&'' = ()*
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! =+#,-$*,./&'' " 0//1,.2*"#&''
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assumed relative output prices, as implied by the slope of the iso-revenue line, the 

technically efficient output vector "y is not revenue efficient. Full revenue efficiency can 

be achieved by shifting production away from y2 towards y1 and producing y*. 

Generating the maximal revenue associated with output vector y* would be akin to 

expanding the observed output vector y by %. Note that although the point %y is 

unattainable for the given level of inputs, it generates the same level of revenue as the 

technically and allocatively efficient point y* that is attainable. Allocative efficiency, in 

this case, is then given by the ratio %/". This ratio is a measure of the shortfall in revenue 

of the technically efficient output vector "y compared to y*. 

In the second stage, we estimate a truncated linear regression given by the 

equation below: 

 !! "##$
! = %$!+&'$µ +($" +)$ #"        (1.13) 

where the dependent variable is the estimated technical or revenue efficiency score for 

each well, zi represents the geologic variables, OPi represents operator indicator 

variables, Ci is the county location of each well, and ei is the error term which is assumed 

to have the normal distribution !!!!!!!! with a right truncation at !! !!! ! !"!! ! !!!. 

Since the efficiency scores are estimated jointly in the DEA algorithm and hence 

dependent on one another, the error term in the above equation is serially correlated. 

Moreover, the error term is also correlated with the geologic variables through their 

correlation with the outputs. These two issues make the application of standard statistical 

inference methods invalid. Another issue that is argued to present challenges for making 
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inference about the coefficients in the second stage regression is the fact that the observed 

efficiency scores are a biased estimator of the true efficiency scores.19 

Simar and Wilson (2007) propose two bootstrap methods that enable valid 

inference in the second stage regression analysis. The first method applies bootstrapping 

only in the estimation of the second stage truncated linear regression while the DEA 

efficiency scores are estimated as usual. In contrast, the second method applies 

bootstrapping first in the estimation of the DEA efficiency scores and then in the 

truncated linear regression estimation. The estimation of bias-corrected DEA efficiency 

scores using bootstrapping relies on the assumption that the distribution of the difference 

between the observed and bootstrapped efficiency scores is a close approximation of the 

distribution of the difference between the observed and the true efficiency scores. 

Similarly, bias-corrected coefficients are estimated in the truncated regression by 

applying the same assumption. The following sections will present results from the first 

method. The results from the second method were not materially different from those 

obtained in the first method so we excluded them as they do not add any additional value. 

The bootstrap procedure in the truncated linear regression follows these steps (see 

Simar and Wilson (2007) for a thorough exposition of the method):  

1) The coefficients of the geologic variables and the operator indicator variables 

in equation Error! Reference source not found. are estimated using the 

                                                
 

$# The true frontier, which is unobserved, most likely lies above the observed frontier implying 
that the observed efficiency scores are upward biased towards 1 
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maximum likelihood method for the subset of wells whose efficiency scores 

are strictly less than 1, generating (!! !!!!);  

2) New efficiency scores (!""!) are calculated for the wells using the coefficients 

estimated in (1) and an ei drawn for each well from the truncated !!!!!!!! 

distribution; 

3) Step 1) is repeated taking the new efficiency scores from step 2) as the 

dependent variable yielding the following parameters (! ! ! !!!). 

4) Steps 2) and 3) are reiterated 1,000 times in our analysis generating (! ! ! !!!) 

for each bootstrap. 

This set of bootstrap parameters and the original parameters from step 1) are used 

to generate bias corrected coefficients and confidence intervals. 

1.5.2. DEA Results 

1.5.2.1. First Stage DEA Results 

The average efficiency scores estimated from the first stage DEA models are 

much lower than the efficiency scores obtained in the SFA models. Nonetheless, the 

Spearman Rank’s Correlation test comparing the revenue efficiency and technical 

efficiency scores from DEA and SFA models yielded the Spearman’s rho values of 

0.8564 and 0.8321, respectively, which imply that the ranking of the wells in the DEA 

and SFA models is quite similar. 

In the first stage DEA, only 70 wells were estimated to have full revenue 

efficiency and 138 wells were estimated to have full technical efficiency. The number of 
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wells estimated to have achieved full allocative efficiency is much higher, 2769 wells, 

about a quarter of the whole sample. The ratio of wells shown to have full allocate 

efficiency, as well as the relative magnitudes of the average technical efficiency and 

average allocative efficiency estimates suggests that most of the revenue inefficiency is 

derived from technical inefficiency and allocative inefficiency accounts for a small 

portion. Average annual allocative efficiency attained a minimum of 0.478 in 2009. 

Wells that began producing in 2006 and 2001 had the second and third lowest average 

allocative efficiency estimates of 0.765 and 0.825, respectively. 

The first stage DEA model implies that the observed average oil quantities were 

too high in 2000-2001, 2004-2005 and 2007, so that operators could have generated more 

revenue during those years by producing less oil and more gas. Only in 2009 was the 

observed average gas production above the efficient average gas production predicted by 

the model. In that year, operators could have generated more revenue by drilling fewer 

wells in the dry gas parts, and more wells in the wet gas parts, of the Barnett. As Figure 

1-1 in section 1.4 shows, the price of gas dropped significantly in 2009 at the same time 

that the price of oil was recovering, which explains why liquids were more valuable than 

gas in that year. 

1.5.2.2. Second Stage Revenue Efficiency Results 

The results of the revenue efficiency second stage truncated regression are shown 

in Table 1-9 below. The estimated coefficients of the geologic variables, with the 

exception of thermal maturity, are statistically different from zero and positively 

correlated with efficiency, meaning that wells located in an area with higher porosity, 
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pressure and thickness are generally estimated as having higher efficiency. These results 

are consistent with those obtained in the stochastic frontier analysis (SFA) revenue 

model. The coefficient of the oil dummy is also statistically significant from zero but 

negative, again implying that wells that produced wet gas have lower revenue efficiency 

than wells that produced dry gas.  

Among the counties, Johnson County is estimated to have higher revenue 

efficiency than the reference county, Tarrant County, in contrast to the SFA revenue 

model that controlled for operator effects (est. 3 in Table 1-6) where revenue efficiency 

was estimated to be lower in Johnson County than Tarrant County. The coefficient for 

Wise County, though negative, is not statistically significant, which also contradicts the 

SFA result where revenue efficiency was estimated to be lower in Wise County than 

Tarrant County. Revenue efficiency is estimated to be lower in the rest of the counties 

than in Tarrant County.  

Ten operators were identified to be more revenue efficient than the reference 

operator Devon. Just two of these eight companies, Crown Equipment and Denbury 

Onshore, were also identified as being more revenue efficient than Devon in the SFA 

model. In fact, Crown Equipment stands out as the most revenue efficient of all the 

operators – the confidence interval for its coefficient is far above the upper bounds of the 

confidence intervals of the next best performers. Chesapeake, another operator found to 

have higher revenue efficiency than Devon in the SFA model, has a coefficient that is not 

statistically significant in the DEA revenue model. Other operators that are identified as 

more revenue efficient than Devon in the DEA model are Antero Resources, DTE Gas, 

JW Operating, Lakota Energy, Range Production, Ryder Scott, Sullivan Hollis and XTO. 
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To a large extent, the confidence intervals of these eight operators and that of Denbury 

Onshore overlap, so their performance is largely indistinguishable from one another. 

DTE Gas is the only operator in this group that was estimated to be less revenue efficient 

than Devon in the SFA model, while the rest of the operators, excluding Denbury 

Onshore, had coefficients that were not statistically significant in the SFA revenue model. 

The two-stage DEA procedure estimated eight operators were less revenue 

efficient than Devon. These were Adkins RL, Aruba Petroleum, Burlington, EOG, 

Hallwood Energy, Star of Texas, Tejas Western and Winchester Production. All of these 

operators, with the exception of EOG, were also identified as being less revenue efficient 

than Devon in the SFA model. EOG, in contrast, had a coefficient that was not 

statistically significant in the SFA revenue model. Finally, eleven operators were 

estimated to have statistically insignificant coefficients in the DEA estimation. These are 

Dallas Production, Encana, Quicksilver, Republic Energy, Western Chief, Arrington D 

Oil and Gas, Carrizo Oil and Gas, Chesapeake, Chief Oil and Gas, North Texas Llano 

and Williams Production. The first five operators were estimated to have lower revenue 

efficiency than Devon in the SFA model. 

 
Table 1-9 Truncated regression with revenue efficiency as the dependent variable 

Variable Coefficient Bias 
Bootstrap 
Std. Err. 

Bias-corrected 
95% Confidence Interval 

Thermal maturity 0.0214 -0.0004 0.0293 -0.0299 0.0854 
Pressure (x10^-5) 3.5150 0.0164 0.9665 1.5900 5.4100 
Porosity 4.8124 -0.0311 0.5765 3.6865 5.8925 
Thickness 0.0006 0.0000 0.0001 0.0005 0.0007 
Oil -0.0284 -0.0003 0.0054 -0.0397 -0.0181 

      
County coefficients:      
Denton -0.1318 0.0000 0.0102 -0.1511 -0.1102 
Johnson 0.0237 -0.0004 0.0081 0.0079 0.0409 
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Parker -0.1442 -0.0002 0.0129 -0.1673 -0.1177 
Wise -0.0101 -0.0002 0.0102 -0.0306 0.0101 
Small counties -0.1292 -0.0004 0.0145 -0.1579 -0.1007 

      
Operator coefficients:      
Adkins RL -0.1947 -0.0110 0.0745 -0.3593 -0.0736 
Antero Resources 0.1250 -0.0011 0.0231 0.0789 0.1724 
Arrington D 0.0170 -0.0023 0.0284 -0.0372 0.0704 
Aruba Petroleum -0.2475 -0.0014 0.0423 -0.3337 -0.1647 
Burlington -0.0548 0.0004 0.0100 -0.0740 -0.0341 
Carrizo Oil & Gas -0.0177 -0.0007 0.0147 -0.0433 0.0125 
Chesapeake -0.0095 -0.0001 0.0083 -0.0248 0.0060 
Chief Oil & Gas 0.0206 -0.0008 0.0155 -0.0099 0.0510 
Crown Equipment 0.5386 0.0008 0.0461 0.4412 0.6308 
Dallas Production -0.0308 0.0000 0.0249 -0.0788 0.0184 
Denbury Onshore 0.0729 0.0001 0.0188 0.0371 0.1096 
DTE Gas 0.0818 -0.0005 0.0346 0.0141 0.1513 
Encana -0.0034 0.0005 0.0132 -0.0307 0.0213 
EOG -0.0367 0.0001 0.0090 -0.0549 -0.0201 
Hallwood Energy -0.1048 0.0003 0.0322 -0.1757 -0.0463 
JW Operating 0.0703 -0.0021 0.0206 0.0298 0.1094 
Lakota Energy 0.1482 0.0009 0.0447 0.0592 0.2295 
N. Texas Llano -0.0215 -0.0019 0.0477 -0.1149 0.0724 
Quicksilver -0.0219 -0.0004 0.0188 -0.0575 0.0158 
Range Production 0.0365 0.0001 0.0177 0.0019 0.0688 
Republic Energy -0.0059 -0.0016 0.0252 -0.0529 0.0486 
Ryder Scott 0.0990 -0.0035 0.0450 0.0171 0.1988 
Star of Texas -0.1644 -0.0010 0.0429 -0.2489 -0.0766 
Sullivan Hollis 0.0720 -0.0016 0.0292 0.0163 0.1302 
Tejas Western -0.2137 -0.0012 0.0313 -0.2815 -0.1603 
Western Chief -0.0735 -0.0044 0.0390 -0.1427 0.0133 
Williams Production -0.0233 0.0007 0.0189 -0.0641 0.0111 
Winchester Production -0.2086 0.0013 0.0344 -0.2992 -0.1504 
XTO 0.0380 -0.0004 0.0089 0.0201 0.0566 
Other20 0.0356 -0.0009 0.0163 0.0035 0.0670 
Other10 0.0173 0.0005 0.0159 -0.0126 0.0483 
v. Small 0.0118 -0.0005 0.0235 -0.0362 0.0573 
      
Observations 11292     
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1.5.2.3. Second Stage Technical Efficiency Results 

In this section we discuss the results from the second stage regression analysis 

where the technical efficiency scores are the dependent variable (see Table 1-10). 

Thermal maturity has a negative coefficient that is statistically different from zero, in 

contrast to the result observed in the SFA gas models. One possible reason for this 

contradiction is that in the SFA gas models, technical efficiency was estimated taking 

only natural gas as the output whereas in the DEA model, both gas and oil were taken as 

outputs. As explained earlier, high thermal maturity generally leads to a higher proportion 

of gas to liquids content and conversely, lower thermal maturity is expected to result in a 

higher proportion of liquids to gas content. Given this relationship between thermal 

maturity and the two outputs used in the DEA model, it should not be wholly surprising 

that the coefficient of thermal maturity is statistically significantly negative. The other 

geologic variables – pressure, porosity and thickness – have statistically significant 

positive coefficients that conform with the results obtained in the DEA revenue efficiency 

regressions as well as results from the SFA gas models. 

The results for the county variables are also similar to those obtained in the SFA 

gas models. Wells located in Denton County, Parker County, Wise County and the small 

counties are estimated to have lower technical efficiency than wells located in Tarrant 

County, which is still the reference group. In contrast, there is no statistically significant 

difference in technical efficiency between wells located in Johnson County and Tarrant 

County. 

Among the operators, Crown Equipment is still by far the best performer. Other 

operators identified as more technically efficient are Antero Resources, Burlington, 
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Chesapeake, Dallas Production, Denbury Onshore, JW Operating, Lakota Energy, Range 

Production, Ryder Scott, Williams Production and XTO. Only Chesapeake, Crown 

Equipment and Denbury Onshore were also identified as more technically efficient than 

Devon in the SFA model. The fact that Burlington, Chesapeake, Dallas Production and 

Williams Production were not identified as more revenue efficient than Devon in the 

previous section even though they achieved higher technical efficiency implies that they 

had lower allocative efficiency; that is, their output mix of gas and oil was less revenue 

maximizing than Devon’s. Sullivan Hollis and DTE Gas are the opposite case of these 

four operators. Although they are not more technically efficient than Devon, they were 

however identified as more revenue efficient because they had higher allocative 

efficiency.  

Seven operators are identified as less technically efficient than Devon. These are 

Adkins RL, Aruba Petroleum, EOG, Hallwood Energy, Star of Texas, Tejas Western and 

Winchester Production. Except for EOG, all of these operators were also identified as 

less technically efficient than Devon in the SFA gas model. The SFA gas model 

identified seven more operators – Burlington, Dallas Production, DTE Gas, Encana, 

Quicksilver, Republic Energy and Western Chief – as more technically inefficient than 

Devon. However, these operators have coefficients that are significantly positive in the 

DEA estimation, in the case of Burlington and Dallas Production, or not statistically 

significant, in the case of the last five operators. The likely cause of this contradiction in 

the SFA and DEA results is that these operators own wells that produced more oil and 

with the exception of Quicksilver, less gas than the average well in the data. Because the 

SFA model allows only one output, which was chosen to be gas in the technical 
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efficiency analysis, it underestimates technical efficiency for wells that produce 

significant quantities of oil. 

 
Table 1-10 Truncated regression with technical efficiency as the dependent variable 

Variable Coefficient Bias 
Bootstrap 
Std. Err. 

Bias-corrected 
95% Confidence Interval 

Thermal maturity -0.1050 0.0006 0.0292 -0.1616 -0.0491 
Pressure (x10^-5) 9.7370 0.0041 0.9654 7.8300 11.660 
Porosity 3.0392 -0.0179 0.5465 2.0482 4.1882 
Thickness 0.0005 0.0000 0.0001 0.0004 0.0006 
Oil -0.0128 0.0003 0.0053 -0.0229 -0.0031 
      
County coefficients:      
Denton -0.1566 -0.0001 0.0103 -0.1750 -0.1356 
Johnson 0.0158 0.0000 0.0083 -0.0009 0.0320 
Parker -0.1599 0.0003 0.0124 -0.1853 -0.1374 
Wise -0.0269 -0.0001 0.0102 -0.0470 -0.0063 
Small counties -0.1360 0.0002 0.0142 -0.1653 -0.1087 
      
Operator coefficients:      
Adkins RL -0.1907 -0.0128 0.0951 -0.4020 -0.0304 
Antero Resources 0.1080 -0.0008 0.0244 0.0596 0.1581 
Arrington D 0.0116 0.0001 0.0271 -0.0476 0.0629 
Aruba Petroleum -0.1252 -0.0027 0.0424 -0.2091 -0.0404 
Burlington 0.0243 -0.0004 0.0112 0.0022 0.0468 
Carrizo Oil & Gas 0.0236 0.0001 0.0141 -0.0035 0.0527 
Chesapeake 0.0266 -0.0001 0.0079 0.0109 0.0407 
Chief Oil & Gas 0.0094 -0.0005 0.0156 -0.0191 0.0410 
Crown Equipment 0.5601 -0.0006 0.0473 0.4660 0.6484 
Dallas Production 0.1332 -0.0024 0.0297 0.0775 0.1977 
Denbury Onshore 0.0813 -0.0004 0.0173 0.0494 0.1166 
DTE Gas 0.0643 -0.0007 0.0332 -0.0026 0.1273 
Encana 0.0099 -0.0001 0.0131 -0.0154 0.0350 
EOG -0.0198 0.0002 0.0084 -0.0359 -0.0035 
Hallwood Energy -0.1351 -0.0016 0.0310 -0.1990 -0.0758 
JW Operating 0.0550 -0.0004 0.0218 0.0111 0.0961 
Lakota Energy 0.1468 0.0013 0.0468 0.0559 0.2438 
N. Texas Llano -0.0553 0.0013 0.0471 -0.1596 0.0280 
Quicksilver 0.0033 0.0004 0.0179 -0.0300 0.0421 
Range Production 0.0676 0.0003 0.0174 0.0318 0.1018 
Republic Energy -0.0139 -0.0001 0.0239 -0.0625 0.0306 
Ryder Scott 0.1235 -0.0056 0.0555 0.0206 0.2387 
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Star of Texas -0.1645 -0.0013 0.0474 -0.2633 -0.0759 
Sullivan Hollis 0.0398 -0.0016 0.0263 -0.0065 0.1015 
Tejas Western -0.0755 -0.0001 0.0343 -0.1466 -0.0081 
Western Chief 0.0201 -0.0019 0.0315 -0.0408 0.0868 
Williams Production 0.0546 -0.0004 0.0182 0.0197 0.0914 
Winchester Production -0.2011 -0.0021 0.0356 -0.2748 -0.1389 
XTO 0.0740 -0.0001 0.0082 0.0585 0.0903 
Other20 0.0438 -0.0001 0.0174 0.0095 0.0758 
Other10 0.0328 -0.0003 0.0161 0.0044 0.0660 
v. Small 0.0434 -0.0003 0.0230 -0.0035 0.0873 
      
Observations 11224     

 

1.5.2.4. Distribution of Technical and Revenue Efficiency Scores by Status 

We again divided the wells into quintiles based on their efficiency scores to 

examine how the different quintiles are related to well status as reported in October 2014. 

The statistics are quite similar to those reported in section 1.4, which is not surprising 

since the DEA and SFA efficiency scores are highly correlated. More than 70 percent of 

the wells that have been plugged and abandoned fall in the bottom quintile; that is they 

have some of the lowest technical and revenue efficiency scores according to our model. 

In contrast, only 12 percent of the wells that have been plugged belong to the second 

quintile, while 5 percent or less of the plugged wells belong to each of the top three 

quintiles (see Table 1-11). 

Within the bottom quintile, slightly more than half of the wells were reported as 

active while almost 30 percent were reported as inactive and approximately 20 percent 

had been plugged. In comparison, more than 80 percent of the wells in the middle 

quintile were active; about 16 percent were inactive, and less than 2 percent had been 
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plugged. In the top quintile, close to 85 percent of the wells were active, less than 15 

percent were inactive and about 1 percent had been plugged. 

 
Table 1-11 Distribution of wells by status and DEA efficiency scores quintile 

Quintile Active Inactive Plugged Total 
Technical efficiency scores:20 

Bottom 1,175 
(52.34%) 
(13.71%) 

643 
(28.64%) 
(30.23%) 

427 
(19.02%) 
(74.91%) 

2,245 
(100%) 

(19.93%) 
Second 1,764 

(78.09%) 
(20.59%) 

424 
(18.77%) 
(19.93%) 

71 
(3.14%) 
(12.46%) 

2,259 
(100%) 

(20.05%) 
Middle 1,847 

(82.02%) 
(21.55%) 

372 
(16.52%) 
(17.49%) 

33 
(1.47%) 
(5.79%) 

2,252 
(100%) 

(19.99%) 
Fourth 1,877 

(83.09%) 
(21.90%) 

366 
(16.20%) 
(17.21%) 

16 
(0.71%) 
(2.81%) 

2,259 
(100%) 

(20.05%) 
Top 1,906 

(84.67%) 
(22.24%) 

322 
(14.30%) 
(15.14%) 

23 
(1.02%) 
(4.04) 

2,251 
(100%) 

(19.98%) 
Total 8,569 

(76.06%) 
(100%) 

2,127 
(18.88%) 
(100%) 

570 
(5.06%) 
(100%) 

11,266 
(100%) 
(100%) 

     
Revenue efficiency scores: 

Bottom 1,214 
(54.10%) 
(14.17%) 

622 
(27.72%) 
(29.24%) 

408 
(18.18%) 
(71.58%) 

2,244 
(100%) 

(19.92%) 
Second 1,711 

(75.81%) 
(19.97%) 

464 
(20.56%) 
(21.81%) 

82 
(3.63%) 
(14.39%) 

2,257 
(100%) 

(20.03%) 
Middle 1,859 

(82.62%) 
(21.69%) 

351 
(15.60%) 
(16.50%) 

40 
(1.78%) 
(7.02%) 

2,250 
(100%) 

(19.97%) 

                                                
 

%* First entry number in each cell represents the number of wells that fit the category, second 
entry number represents the row percent and the third entry number is the column percent 
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Fourth 1,869 
(82.77%) 
(21.81%) 

369 
(16.34%) 
(17.35%) 

20 
(0.89%) 
(3.51%) 

2,258 
(100%) 

(20.04%) 
Top 1,916 

(84.89%) 
(22.36%) 

321 
(14.22%) 
(15.09%) 

20 
(0.89%) 
(3.51%) 

2,257 
(100%) 

(20.03%) 
Total 8,569 

(76.06%) 
(100%) 

2,127 
(18.88%) 
(100%) 

570 
(5.06%) 
(100%) 

11,266 
(100%) 
(100%) 

     
 

1.6. Conclusion 

We set out to estimate revenue and technical efficiency among operators in the 

Barnett shale play. Our first approach used parametric stochastic frontier analysis. We 

then used a two-stage semi-parametric approach, consisting of data envelopment analysis 

in the first stage followed by a truncated linear regression analysis in the second stage, 

which related the DEA efficiency scores to geological and operator indicator variables. 

Although 148 operators are represented in the dataset, the final analysis 

effectively compares the relative performance of the 30 operators owning enough wells 

for meaningful analysis. The remaining operators were grouped into three categories 

based on the number of wells owned. For those operators, we only have an idea of how 

the group performed and not how individual members of the group performed.  

In both the SFA and DEA models, Devon was used as the reference group against 

which we compared the performance of the other operators. Only two operators – Crown 

Equipment and Denbury Onshore – were identified in both the SFA and DEA models to 

be more technically efficient and revenue efficient than Devon. There are six operators 
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that were identified in both the DEA and SFA models to have less technical and revenue 

efficiency than Devon. These operators are Adkins RL, Aruba Petroleum, Hallwood 

Energy, Star of Texas, Tejas Western and Winchester Production. Another four 

operators, Arrington D Oil and Gas, Carrizo Oil and Gas, Chief Oil and Gas and North 

Texas Llano, had coefficients that were not statistically significant in both the SFA and 

DEA models. Burlington was identified to be less revenue efficient than Devon in the 

SFA and DEA models while Chesapeake was identified to be more technically efficient 

than Devon. 

The results for the remaining sixteen operators were not consistent across the SFA 

and DEA models. Among these are Antero Resources, JW Operating, Lakota Energy, 

Range Production, Sullivan Hollis, Williams Production and XTO, which were found to 

be more revenue and/or technically efficient than Devon in the DEA models but not in 

the SFA models where their coefficients were not statistically significant. EOG, on the 

other hand, was identified as less revenue and technically efficient than Devon in the 

DEA models but not in the SFA models, whereas Encana, Quicksilver, Republic Energy 

and Western Chief were identified to be less revenue and technically efficient than Devon 

in the SFA models but not in the DEA models. Ryder Scott and DTE Gas were found to 

be less revenue efficient than Devon in the SFA model and to be more revenue efficient 

in the DEA model. Dallas Production, on the other hand, was found to be less technically 

efficient than Devon in the SFA model and more technically efficient in the DEA model, 

which was the same contradictory technical efficiency result obtained for Burlington. 

Both the SFA and DEA models present some evidence that the estimated 

efficiency scores are a relatively good indicator of economic performance. The wells 
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were divided into quintiles based on efficiency scores. More than 70 percent of the wells 

that have been plugged and abandoned belonged to the bottom quintile in all the SFA and 

DEA models. Within each quintile, the proportion of wells that were still active as 

reported on October 2014 was lowest in the bottom quintile, where about half of the wells 

in that category were reported as being active. Furthermore, the proportion of wells 

reported as active on October 2014 increases with each successive quintile, and was 

highest in the top quintile, where about 85 percent of the wells were still active. 

Conversely, while about 20 percent of the wells in the bottom quintile had been plugged 

and abandoned, only about 1 percent of wells in the top quintile were in that status. 

Because the DEA model allows the use of multiple outputs, the estimated 

measure of revenue efficiency can be decomposed into its component parts – technical 

efficiency and allocative efficiency. Technical efficiency measures whether operators are 

producing maximal outputs given the inputs, while allocative efficiency measures 

whether operators are producing the optimal proportions of oil and gas given the inputs 

and output prices. More specifically, allocative efficiency as measured in this paper 

indicates whether operators’ decisions to drill in the dry gas or mixed gas and oil parts of 

the Barnett yields the revenue maximizing mix of gas and oil. 

The average technical efficiency estimated in the DEA model was substantially 

lower than the average estimated allocative efficiency, implying that most of the revenue 

inefficiency stems from technical inefficiency and not allocative inefficiency. The 

average allocative efficiency was lowest for wells drilled in 2009. The model predicted 

that operators could have generated more revenue by producing less gas and more oil. In 

fact, 2009 was the only year for which the optimal average gas production predicted by 
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the model was lower than the observed average gas production. Although the prices of 

gas and oil dropped significantly in 2008/2009, the price of oil began recovering in 2009 

while the price of gas remained low, which explains the observed results for 2009. The 

average oil quantities predicted as optimal by the DEA model were lower than the 

observed average quantities in 2000-2001, 2004-2005 and 2007, which implies that 

operators could have generated more revenue in those years had some of the wells drilled 

in the mixed gas and oil parts of the Barnett been drilled in the dry gas regions. 

Availability of cost data can greatly enrich an analysis like this by enabling the 

estimation of profit efficiency, which would be a more informative economic measure 

than revenue efficiency. Unfortunately, such data is impossible to find anywhere. 

Measures that could better approximate the original gas- and oil-in-place for the wells in 

the dataset would also help improve the analysis. This analysis could be extended to other 

shale plays where data permits. 
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Chapter 2 

An Estimation of Operator Effects using 
Multilevel Modeling 

2.1. Introduction 

Multilevel models are used to analyze data that has a hierarchical structure and for 

which the dependent variable is measured at the lowest level of the hierarchy. In the case 

of the simple two-level model, lower-level (level 1) observations are nested within 

higher-level (level 2) units, with each level 1 observation belonging to a single level 2 

unit. Level 2 units, on the other hand, could contain multiple level 1 units, though the 

number of observations are not restricted to be equal among the level 2 units. Examples 

of hierarchical data structures include students nested within schools or families and 

firms nested within states or countries. The clustering creates a correlation between level 

1 units because the characteristics of individual level 2 units provide an environment that 

may uniquely impact their level 1 units. Therefore, output from level 1 units depends not 

only on their characteristics, but may also depend on observed and unobserved 

characteristics of level 2 units.  

Multilevel analysis has several advantages. First, accounting for data clustering in 

analysis enables the estimation of correct standard errors, confidence intervals and 
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significance tests, as well as the estimation of more efficient coefficients (Goldstein, 

2011). Second, multilevel analysis can also be used to test if coefficients of the model are 

fixed, that is if they are the same across clusters, or random, that is if they vary between 

clusters. Where there is variability in the model intercept or slopes between level 2 units, 

the parameters can be modeled with level 2 variables to test which of those factors help 

explain the variation. Finally, multilevel models also allow the decomposition of the 

overall residual variance in the dependent variable into its component parts of within-

cluster variance and between-cluster variance (Peugh, 2010). The component variances 

can then be used to estimate the proportion of the total residual variance that is 

attributable to each level of the hierarchy. 

The Barnett production data that is studied in this paper also has a hierarchical 

structure. Wells are nested within operators, with wells comprising lower level units and 

operators higher level units. Multilevel model (MLM) analysis provides another way of 

estimating operator effects having explicitly controlled for the nested structure of the 

data. The ranking of operators based on the estimated operator effects can serve as a 

check against the rankings based on efficiency scores derived from the stochastic frontier 

analysis (SFA) and data envelopment analysis (DEA) models. Moreover, the MLM 

analysis can elucidate what proportion of the observed variability in output (natural gas 

or total revenue) is due to differences between wells versus differences between 

operators. The variance partition coefficient, which is a measure of the proportion of the 

overall variance that is due to between-operator variability, can better inform on the 

relevance of the estimated efficiency scores from the SFA and DEA models. A negligible 

value of the variance partition coefficient would imply that almost all of the variability in 
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output results from variation between wells; thus the performance ranking of operators 

would largely be meaningless. 

The rest of this paper consists of five sections. The second section describes the 

data while the third, fourth and fifth sections present the analysis for an unconditional 

random intercept model, a random intercept model with level 1 explanatory variables and 

a random intercept model with both level 1 and level 2 explanatory variables, 

respectively. Lastly, the sixth section gives the conclusion. 

2.2. Data 

We have available data for 11,362 wells that are located in sixteen counties and 

began production between 2000 and 2010. The data consists of gas and oil production, 

well-specific geologic characteristics, and the quantity of fluid and sand used in hydraulic 

fracturing operations. We also have oil and gas prices, which were used to estimate 

revenue generated by the wells. Production was obtained from Drillinginfo and IHS and 

fracturing data was obtained from Drillinginfo. The geological variables were obtained 

from the Bureau of Geology at the University of Texas, Austin while the oil and gas 

prices were obtained from Platts. 

2.3. An Unconditional Random Intercept Model21 

To determine if multilevel modeling is appropriate for the Barnett production 

data, we begin by estimating an unconditional two-level random-intercept model in 

                                                
 

21 The analysis for this chapter was done in Stata 
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which wells are the level-1 units and operators are the level-2 units. The basic level-1 

model with no explanatory variables is given by: 

         (1.14) 

where yij is the output from well i owned by operator j, !0j is the mean output of wells 

owned by operator j, which is assumed to vary randomly among operators in the play, 

and eij~N(0,&2) is the random error term. In the analysis, we use two types of output: 

cumulative gas production generated from the beginning of the second month to the end 

of the seventh month of each well’s production life, and total revenue from oil and gas 

produced during the same period.22 The first month is excluded because the number of 

weeks in production varies depending on which date of the calendar month a well began 

production.  

The unconditional level-2 model is given by the following equation: 

          (1.15) 

The parameter "0 represents the grand mean of the dependent variable (mean log gas 

production or mean log revenue), and u0j represents operator j’s deviation from the grand 

mean. This operator random effect, u0j, is assumed to also have a normal distribution with 

mean zero and variance !!!. Combining equations (1.14) and (1.15) yields the following 

multilevel model: 

                                                
 

%% The dependent variables are transformed to natural logarithm because the data for both output 
measures exhibits skewness and thick tails 

!!"# "#$( ) = !$ $ +%#$

!!!" " ="" +#" "
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         (1.16) 

Under the assumption that the level-1 error term, eij, is independent of the operator 

random effects, u0j, the total variance of the dependent variable is given by the sum of the 

variances of the two error terms. Equation (1.16) is estimated separately for gas and 

revenue as dependent variables. 

 
Table 2-1 Regression results 

Variable Parameter Gas output Revenue output 
Constant "0 4.495*** 

(0.104) 
13.13*** 
(0.0998) 

Random-effects parameters: 
Variance of u0j !!! 0.3627 

(0.0900) 
0.3311 

(0.0825) 
Variance of eij #2 0.6356 

(0.0084) 
0.6984 

(0.0093) 
    
Observations  11362 11362 
Groups  34 34 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

To test if the operator random effects are statistically significant; that is if the 

variance of u0j is significantly different from zero, we use the likelihood ratio test 

comparing the multilevel model to a single level linear model in which !!! is assumed to 

equal zero. The likelihood ratio test statistic is given by: 

        (1.17) 

where lnLr is the value of the log-likelihood function of the restricted model and lnLu is 

the value of the log-likelihood function of the unrestricted model. Under normal 

conditions, the asymptotic distribution of LRT is a chi-squared distribution with the 

!!"# "#$( ) =!$ +%$ $ +&#$

!!"#$ = !" #$"% ! #$"&( )
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number of degrees of freedom equal to the number of restrictions. However, since 

variance is restricted to be non-negative, !!! ! ! lies on the boundary of the parameter 

space under the null hypothesis. Rabe-Hesketh and Skrondal (2008) suggest that dividing 

the p-value from a chi-squared distribution with 1 degree of freedom by two would yield 

the correct p-value for the test statistic. The value of LRT obtained from the gas model is 

2731, while the revenue model yields a LRT value equal to 2202. For both models, we 

reject the null hypothesis that !!! ! ! at the 1% significance level, which provides 

support for analyzing the data using multilevel modelling. 

Since we have established the statistical significance of the between-group 

variance in both the gas and revenue models, we can then use the estimated variances to 

calculate the variance partition coefficient, which is the proportion of the total variance in 

the expected mean of the output that is attributable to between-group variability. As the 

dependent variable in both models is in logarithms, the expected mean output refers to 

the expected mean of the logarithm of either the natural gas produced or the total revenue 

generated from oil and gas. In the case of random intercept models, the variance partition 

coefficient is equivalent to the intra-class correlation coefficient, which is a measure of 

the correlation between two wells belonging to the same operator. The equation used to 

calculate both coefficients is (Raudenbush and Bryk, 2002): 

         (1.18) 

The between-group variance (!!!) is estimated to be 0.3627 in the gas model while 

the within-group variance (!!) is estimated to be 0.6356, clearly much larger than the 
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between-group variance (Table 2-1). In the revenue model, the value of the between-

group variance is 0.3311 and that of the within-group variance is 0.6984. Therefore, the 

variance partition coefficient for the Barnett data is 0.3633 in the gas model and 0.3216 

in the revenue model. This suggests that around a third of the total variance in mean 

output in the unconditional models is due to variability between operators and the 

remaining two-thirds of the variance is due to differences among wells. Furthermore, the 

value of the coefficient implies that the correlation between a pair of wells owned by the 

same operator is about one third. 

In addition to the decomposed variances, Table 2-1 also shows the coefficient of 

the intercept, which is the unconditional mean of the logarithm of gas production or 

revenue. The estimated intercept from the gas model is 4.495. Taking the exponential of 

that value yields an expected geometric mean of gas production equal to 90 million cubic 

feet (MMcf). For comparison purposes, the observed geometric mean of gas production 

for the wells in the sample was 137 MMcf, about 50% higher than the value estimated by 

the model. The coefficient of the intercept term in the revenue model yields an expected 

geometric mean of revenue equal to $0.504 million. At $0.731 million, the observed 

geometric mean of revenue is also about 50% greater than the value estimated by the 
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model. For both gas and revenue, the observed arithmetic mean, which is the commonly 

used mean concept, is greater than the observed geometric mean.23  

2.4. A Random Intercept Model with Level-1 Regressors 

2.4.1. Model and Regression Results 

The unconditional random-intercept models from the previous section cannot yet 

be used to elucidate how operators vary in their efficacy at producing gas and revenue. 

We need to control for inputs and environmental characteristics so that the estimated 

operator effects are net of these factors. To that end, we extend the basic model of the 

previous section and include year fixed effects and county fixed effects. Also included 

are the inputs used in the hydraulic fracturing of each well. These inputs are the total 

quantity of fluid and sand reported to the Texas Railroad Commission to have been used 

to complete each well. Oil and gas prices are also included as explanatory variables in the 

revenue model. In addition, we control for the length of each well, and its direction – that 

is, if the well is vertical or horizontal. Well-specific geologic variables – thermal 

maturity, pressure, thickness and porosity – are also included in the analysis. It is unlikely 

that the available geologic characteristics measure all the heterogeneity in geology so the 
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county indicator variables are intended to control for some of the unmeasured geologic 

characteristics, as well as variable surface characteristics.  

These additional variables are added to equation (1.14), the level-1 model, 

because all of them are well-level variables while equation (1.15), the level-2 model, 

remains unchanged for now. Later we will introduce operator-level variables to test how 

they affect the estimated coefficients of the intercept and input variables. The combined 

extended model is given by the following equation: 

       (1.19) 

where xij represents the explanatory variables. All the !s as fixed parameters; that is, they 

are assumed to be common for all operators. The parameter "0 gives the mean conditional 

on all the explanatory variables. The rest of the variables and parameters are as described 

above. The xij were added sequentially to examine how the estimated between-group and 

within-group variance parameters respond to the variables. More specifically, we wanted 

to find out what proportion of the variance was explained by each group of variables that 

we included in the extended model. 

We began first by adding year and county control variables. From the results of 

the likelihood ratio test, we concluded that the model with the year and county controls 

was preferred over the initial model of equation (1.16). This result held for both the gas 

model and the revenue model. Adding year and county effects to the initial gas model 

reduced the total variance by 28%, with the between-group (level 2) variance declining 

by 46% and the within-group (level 1) variance declining by 17%. For the revenue 

model, adding year and county controls reduced the total variance by 30%, the between-

!!"# "#$( ) =!$ + "% &#$%# +'$ $ +(#$
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group variance by 51%, and the within-group variance by 20%. Since the wells are 

drilled in various counties over different time points during the 11-year sample period, it 

comes as no surprise that controlling for year and county effects would reduce the overall 

observed variability in output. Nonetheless, the reduction in the total variance was higher 

than expected, and even more unexpected was the magnitude of the reduction in the 

between-group variance.  

There are several reasons that can explain why controlling for the time and spatial 

dispersion of the wells accounts for a significant portion of the variability in mean output. 

First, there is heterogeneity in geology and therefore physical output potential, and 

consequently revenue generation potential, among the counties. Second, mean physical 

output has increased over time per well as wells became longer. Finally, there is 

heterogeneity in the years and counties in which operators are observed and there is not a 

single year or county in which all the operators are observed. 

Controlling for the year and county effects, measured geological characteristics, 

and wet-gas versus dry-gas aspect of wells reduced the total variance of the gas model by 

9% compared to the model that controlled for year and county effects alone. Looking at 

the decomposed variance components, we find that the new variables reduced the 

between-group variance by 18% and the within-group variance by 5.6%. The addition of 

well length, proppant and fluid quantities, and horizontal well use dummy variable to the 

list of regressors in the gas model reduced the total variance by a further 21%, still taking 

as the reference the gas model with year and county effects alone, while the between-

group variance declined by another 41% and the within-group variance fell by a further 

14%.  
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The significant decline in the between-group variance that results from adding the 

well-level variables to the gas model implies that there is great variation in the 

distribution of these variables between the operators. After controlling for all the 

variables, the between-group variance in the final gas model fell to 0.081 and the within-

group variance fell to 0.427, thereby reducing the intra-class correlation coefficient (and 

the variance partition coefficient) to 16% (Table 2-2). The majority of the residual 

variability in the dependent variable, 84%, is due to differences among wells. 

With regard to the revenue model, we found first that adding geological variables 

explained 5.6%, 11%, and 4% of the total variance, between-group variance, and within-

group variance, respectively, that were found in the model with only county and year 

effects. Second, adding prices explained another 6%, 1.3%, and 7.6% of the total, 

between-group and within-group variances, respectively. Last, well length, proppant and 

fluid use, and the horizontal dummy variable collectively accounted for a further 20%, 

47% and 13% of the total, between-group, and within-group variances present in the 

model with only county and year effects.  

The final revenue model, whose results are depicted in Table 2-2, has a between-

group variance equal to 0.067 and a within-group variance equal to 0.426. The variance 

partition coefficient (and the intra-class correlation coefficient) is estimated to be 0.14; 

that is, 14% of the remaining variance in revenue, after controlling for all the level-1 

variables, is due to differences between operators. Similar to the gas model, the majority 

of the remaining variance in revenue, about 86%, is attributable to variability between 

wells. 

 
Table 2-2 Regression results 
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Variable Gas output Revenue output 
Constant 5.002*** 

(0.0638) 
12.00*** 
(0.225) 

Proppant 0.0477*** 
(0.00560) 

0.0492*** 
(0.00559) 

Fluid 0.00252*** 
(0.000204) 

0.00255*** 
(0.000204) 

Length 0.147*** 
(0.00869) 

0.141*** 
(0.00868) 

Gas price  1.081*** 
(0.0587) 

Oil price  -0.0396 
(0.0636) 

Horizontal 0.343*** 
(0.0302) 

0.347*** 
(0.0302) 

Oil dummy -0.111*** 
(0.0163) 

-0.0415** 
(0.0163) 

Geological variables: 
Thermal maturity 0.596*** 

(0.0778) 
0.208*** 
(0.0777) 

Pressure 0.000233*** 
(2.57e-05) 

0.000332*** 
(2.57e-05) 

Thickness 0.00277*** 
(0.000159) 

0.00230*** 
(0.000159) 

Porosity 8.957*** 
(1.584) 

7.600*** 
(1.582) 

Year effects – 2010 omitted: 
2000 0.0680 

(0.0669) 
-0.0359 
(0.102) 

2001 -0.197*** 
(0.0520) 

-0.190** 
(0.0806) 

2002 -0.432*** 
(0.0452) 

-0.479*** 
(0.0797) 

2003 -0.455*** 
(0.0412) 

-0.511*** 
(0.0834) 

2004 -0.639*** 
(0.0383) 

-0.684*** 
(0.0688) 

2005 -0.489*** 
(0.0314) 

-0.531*** 
(0.0650) 

2006 -0.417*** 
(0.0268) 

-0.447*** 
(0.0479) 

2007 -0.237*** 
(0.0250) 

-0.276*** 
(0.0387) 



 72 

2008 -0.0904*** 
(0.0346) 

-0.0539 
(0.0407) 

2009 -0.185*** 
(0.0258) 

-0.148*** 
(0.0271) 

County effects – Tarrant omitted: 
Denton -0.291*** 

(0.0303) 
-0.330*** 
(0.0302) 

Johnson 0.0868*** 
(0.0226) 

0.0426* 
(0.0226) 

Parker -0.377*** 
(0.0315) 

-0.398*** 
(0.0315) 

Wise -0.139*** 
(0.0289) 

-0.135*** 
(0.0288) 

Small counties -0.390*** 
(0.0382) 

-0.368*** 
(0.0382) 

Random-effects parameters: 
Variance of u0j 0.0810 

(0.0217) 
0.0672 

(0.0183) 
Variance of eij 0.4271 

(0.0057) 
0.4256 

(0.0057) 
   

Observations 11362 11362 
Groups 33 33 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

We next turn to the estimated coefficients for all the variables included in the final 

preferred model, beginning with the gas model (see Table 2-2 above). The model 

intercept gives the expected mean of the logarithm of gas production for a 2010 vertical 

dry gas well that is located in Tarrant County, holding well length, geologic variables, 

fracking sand and water at average values observed in each year. The derived expected 

geometric mean of a well fitting such a profile is 149 MMcf. The coefficients for all the 

other counties, with the exception of Johnson County, are negative, implying that the 

expected mean gas production was lower wells located in those counties than it was for 

wells in Tarrant County, holding all other variables at average values observed in each 
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year. In contrast, Johnson County wells had a higher expected mean gas production than 

Tarrant County wells, ceteris paribus.  

In the case of the year dummy variable, we found that the expected mean gas 

production was lower for wells drilled in 2001–2009 than it was 2010 wells. The 

coefficient for 2000 is not statistically significant, which implies that the expected mean 

production for wells drilled in 2000 was not statistically different from the expected mean 

production for wells drilled in 2010, holding all other things constant. 

As would be expected, the mean gas production was lower for wells that 

produced wet gas than for those that produced dry gas. This conclusion is derived from 

the coefficient of the ‘oil dummy’ variable, which is negative and statistically significant. 

In general, the expected mean gas production from wells that produce wet gas is about 

10% less than the expected mean gas production from wells that produce dry gas, holding 

all other variables fixed.  

The coefficients for proppant (sand) and fluid are both highly significant and 

positively correlated with gas production. Gas production also increases significantly in 

well length. A unit increase in proppant (a million pounds) is expected to increase gas 

production by approximately 5% while a unit increase in fluid (a thousand barrels) is 

expected to increase production by 0.25%. In the case of well length, a unit increase (a 

thousand feet) is expected to increase production by almost 16%. Likewise, all the 

geological variables – thermal maturity, pressure, thickness and porosity – have 

coefficients that are positive and statistically significant.  
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The results from the revenue model, which are depicted in the last column of 

Table 2-2, are largely consistent with those just described for the gas model. The 

expected geometric mean of revenue that is derived from the model intercept coefficient 

is $0.600 million for a 2010 vertical well located in Tarrant County, holding the rest of 

the variables at average values observed in each year.  

The coefficient for Johnson County is again positive but is statistically significant 

at only the 10% significance level, which means that the observed difference in revenue 

output between wells located in Johnson County and those located in Tarrant County was 

weak. The coefficients for the other counties are all negative and statistically significant, 

implying that the expected mean revenue was lower for wells located in those counties 

relative to wells in Tarrant County.  

The year coefficients reveal that the expected mean revenue was lower for wells 

drilled in 2001–2007 and 2009 relative to wells drilled in 2010. There was no statistically 

significant difference in the expected mean revenue between wells drilled in 2010 and 

those drilled in 2000 or 2008.  

We tested how the oil dummy variable would perform in the revenue model – its 

coefficient was significantly negative. From this result, we concluded that wells that 

produced wet gas on average generated lower revenue than wells that produced dry gas. 

All the coefficients of the geological variables are positive and statistically significant 

and are generally in the vicinity of the coefficients that were obtained in the gas model. 

The coefficients for proppant, fluid, and well length are all positive and 

statistically significant. Furthermore, the values of the coefficients are also close to the 
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values obtained in the gas model. A unit increase in proppant is expected to increase 

revenue by approximately 5%, while a unit increase in fluid is expected to increase 

revenue by 0.25%, and a unit increase in well length is expected to increase revenue by 

15%.  

Oil and gas prices were also included in the revenue model since revenue is a 

function of the two prices. While the coefficient of the logarithm of gas price was 

positive and statistically significant at the 1% significant level, the coefficient of the 

logarithm of oil price was negative, though not statistically significant. With an average 

revenue share of less than 5%, oil is not an important source of revenue among the wells 

in the sample, which probably explains why the coefficient for the oil price is not 

statistically significant.  

A reasonable follow-up question would be on the issue of the oil dummy – if the 

oil price coefficient is statistically insignificant because oil is not an important source of 

revenue, then how can the statistical significance of the oil dummy variable in the 

revenue model be explained? An answer to this question partly lies in the coefficient of 

the oil dummy in the gas model, which reveals that natural gas output is significantly 

lower in wells that produce wet gas compared to wells that produce dry gas. It seems that 

the oil output from wells located in wet gas parts of the Barnett is not high enough to 

generate revenue that can match the revenue that could have been generated from the 

foregone gas had the well been drilled in the dry gas part of the play. 
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2.4.2. Discussion of Operator Effects 

Operator effects (u0j) were predicted after model estimation using the empirical 

Bayes method. The procedure first estimates the least squares residual by subtracting the 

predicted operator mean from the sample operator mean of the dependent variable:  

 !! "" #
! = #$ $ #( )!""

! ! #%
" & #%$          (1.20) 

Next, the empirical Bayes estimates of operator effects are calculated by multiplying the 

least squares residual by a shrinkage factor that is a function of the model estimated 

variance parameters. The equation used for the estimation is given by (Raudenbush and 

Bryk, 2002): 
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where nj represents the total number of wells owned by operator j, and !!! and !! are the 

estimated between-group variance and within-group variance, respectively. 

We are interested in how the expected mean output (log gas or log revenue) 

differs among operators once the available well-specific characteristics have been 

controlled for. An operator that has a group mean output that is greater than the grand 

mean, "0, will have a positive u0j whereas an operator that has a group mean output lower 

than the grand mean will have a negative u0j. Table 2-3 lists the operators in the sample 

along with their estimated group effects as well as their rank in the gas model and the 

revenue model that is based on the point estimates of the group effects. 
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In Figure 2-1 and Figure 2-2, we graphically depict the predicted group-effects for 

all the operators, including the 95% confidence interval of the effects. The horizontal axis 

represents the operators, which are ordered according to their rank in each model as given 

in Table 2-3. Figure 2-1 shows the 95% confidence interval of the group effects that were 

derived from the gas model whereas Figure 2-2 shows the same information for the 

revenue model.24 The 95% confidence interval of the point estimates is wider for 

operators that had few wells, like Lakota Energy, which has 31 wells in the dataset and 

was estimated to have the 26th largest group-effect in the gas model. Two positions below 

Lakota Energy at position 24 is Devon and at position 21, Chesapeake, which have the 

largest number of wells in the dataset and hence the most precise point estimates of the 

group-effects. 

 
Table 2-3 Estimated operator effects 

 Gas model Revenue model 
Operator Effects Std. Err. Rank Effects Std. Err. Rank 

Adkins RL -0.7162 0.0951 1 -0.6013 0.0938 2 

Antero Resources 0.2661 0.0577 30 0.2766 0.0574 30 

Arrington D O&G  0.1440 0.0692 20 0.1308 0.0686 19 

Aruba Petroleum -0.5799 0.0753 3 -0.4732 0.0747 3 

Burlington 0.0415 0.0256 15 0.0673 0.0255 16 

Carrizo O&G 0.2593 0.0455 29 0.1976 0.0453 27 

Chesapeake 0.1545 0.0179 21 0.1324 0.0178 21 

Chief Oil & Gas 0.1001 0.0397 17 0.1151 0.0395 17 

Crown Equipment 0.1655 0.1043 22 0.1870 0.1027 26 
                                                
 

%' The rank numbers in the two figures do not correspond to the same operators as the ranking of 
operators in the gas and revenue models differs 
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Dallas Production -0.1607 0.0708 10 -0.0977 0.0702 12 

Denbury Onshore 0.3868 0.0491 33 0.3583 0.0489 33 

Devon Energy  0.1708 0.0115 24 0.1533 0.0115 24 

DTE Gas -0.1526 0.0609 11 -0.1092 0.0605 11 

Encana O&G 0.1685 0.0338 23 0.1512 0.0337 23 

EOG Resources 0.1221 0.0192 18 0.1205 0.0191 18 

Hallwood Energy -0.0303 0.0835 14 -0.0120 0.0826 14 

JW Operating 0.3857 0.0700 32 0.3288 0.0694 32 

Lakota Energy 0.2320 0.1085 26 0.1862 0.1068 25 

N. Texas Llano -0.1754 0.1100 8 -0.1778 0.1082 9 

Quicksilver 0.0656 0.0382 16 0.0587 0.0381 15 

Range Production 0.3323 0.0448 31 0.2849 0.0446 31 

Republic Energy -0.1196 0.0531 12 -0.1402 0.0529 10 

Ryder Scott Oil -0.2135 0.1070 7 -0.2567 0.1054 5 

Star Of Texas -0.5884 0.0828 2 -0.6086 0.0820 1 

Sullivan Hollis 0.2419 0.0797 27 0.2137 0.0789 28 

Tejas Western -0.2768 0.0748 5 -0.1963 0.0742 6 

Western Chief -0.2375 0.0753 6 -0.1837 0.0747 8 

Williams Prod. 0.1746 0.0513 25 0.1420 0.0511 22 

Winchester Prod. -0.3065 0.0780 4 -0.3421 0.0772 4 

XTO 0.2468 0.0181 28 0.2224 0.0181 29 

Other2025 0.1436 0.0405 19 0.1319 0.0404 20 

                                                
 

%( Adexco Operating, Dune Operating, Eagle Oil & Gas, Harding Company, Joint Resources, 
Richey Ray Management, Stroud Energy, Talon Oil & Gas, Tema Oil & Gas, Threshold 
Development, Titan Operating 
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Other1026 -0.0717 0.0343 13 -0.0699 0.0342 13 

v. Small27 -0.1727 0.0475 9 -0.1895 0.0473 7 
 

In the gas model, ten operators had negative group-effects that were statistically 

significantly different from zero based on the 95% confidence interval of their group 

effects. In ascending order, these operators are Adkins RL, Star of Texas, Aruba 

Petroleum, Winchester Production, Tejas Western, Western Chief, Ryder Scott, Dallas 

Production, DTE Gas Resources, and Republic Energy. With the exception of the three 

lowest ranked operators, the confidence interval bands of these operators largely overlap 

(see Figure 2-1 and Table 2-3).  

                                                
 

%) Aspect Energy, Braden Exploration, Burnett Oil, Canan Operating, Cornerstone E&P, 
Cumming Company, Dale Operating, Dark Horse Operating, EBS Oil & Gas, Endeavor Energy, 
Enexco, Forest Oil, Four Sevens Operating, Grand Operating, HEP Oil, Hess Jerry Operating, 
Hillwood Oil & Gas, Hughes Dan, Infinity Oil & Gas, Merit Energy, Osborn WB Oil & Gas, 
PLO, Panamerican Operating, Pioneer Natural Resources, Reichmann Petroleum, Rife Energy 
Operating, Rimrock Energy, Roil Mineral, Shell Western, Sundance Resources, Teleo Operating, 
Trio Consulting & Management, Tsar Operating, Upham Oil & Gas, Vantage Ft. Worth, Walsh 
FH Jr. Operating, Western Production, Willowbend Inv. 
 
%! American West Resources, Bagby Energy, Best Petroleum Exploration, Bravo Natural 
Resources, Briar Energy, Century Petroleum, Citrus Energy, Collins & Young Operating, Cooper 
Oil & Gas, Cortex Operating, Crow Creek Operating, Culebra Oil & Gas, Dart Oil & Gas, 
Eagleridge Operating, Echo Production, Edge Resources, Expro Engr., Finley Resources, Frost 
Brothers, G & F Oil, Giant Energy, Gulftex Operating, Howell Petroleum, Janlo Operating, 
London Petroleum, Luxor Oil & Gas, McCutchin Petroleum, Meeker Dan Management, Mereken 
Energy, Metroplex Barnett, Modern Expl., Moncrief CB, Munson Denton, Nautilus Expl., 
Newark Energy, OPS Group, PRO Management, Paloma Resources, Peak Energy, Premier 
Minerals, Proco Operating, Raylee Operating, Red Oak Gas, Regal Energy, Rhoads HB, Rogers 
Drilling, Ropa Exploration, Sauder Management, Seely Oil, Sky Resources, Spindletop Oil & 
Gas, Stratagas, Tandem Energy, Tanglewood Oil & Gas, Texakoma Oil & Gas, Texas American 
Resources, Thompson J Cleo, Trans-Texas, Triad Expl., Van Operating, Vargas Energy, Westside 
Energy, WG Operating, Wilson RP, Wynn-Crosby Operating, Young Marshall Oil 
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On the upper side, the fifteen operators that had positive group-effects that were 

statistically significantly different from zero are (in ascending order) Chief Oil & Gas, 

EOG, Arrington D Oil & Gas, Chesapeake, Encana, Devon, Williams Production, Lakota 

Energy, Sullivan Hollis, XTO, Carrizo Oil & Gas, Antero Resources, Range Production, 

JW Operating, and Denbury Onshore. Similarly, we see again that the confidence bands 

for these operators also overlap. In other words, for both groups of operators that have 

statistically significant negative or positive effects, the effects of individual operators 

within each group are largely indistinguishable from one another. The estimated group-

effects for North Texas Llano, Hallwood Energy, Burlington, Quicksilver, and Crown 

Equipment were not statistically different from zero. 
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Figure 2-1 Operator effects (gas model) 

 

In the case of the revenue model, there are eight operators that are estimated to 

have negative effects that are statistically different from zero (see Figure 2-2 and Table 

2-3). In ascending order, these are Star of Texas, Adkins RL, Aruba Petroleum, 

Winchester Production, Ryder Scott, Tejas Western, Western Chief, and Republic 

Energy. As mentioned in the previous paragraph, all of these operators were also 

estimated to have group-effects that were negative and statistically significantly different 

from zero in the gas model. The group effects for Dallas Production and DTE Gas 

Resources are still negative in the revenue model but unlike in the gas model, they are no 

longer significantly different from zero.  

Among those operators that were estimated to have positive group effects that 

were statistically significantly different from zero in the gas model, only Lakota Energy 
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and Arrington D Oil & Gas were not ranked similarly in the revenue model, where their 

group effects are still estimated to be positive but not statistically significantly different 

from zero. They are replaced by Burlington, which had an effect that was not 

significantly different from zero in the gas model. North Texas Llano, Hallwood Energy, 

Quicksilver, and Crown Equipment still have effects that are not statistically significantly 

different from zero, which is the same result that was obtained for these operators in the 

gas model.  

Figure 2-2 also shows that there is great overlap in the confidence interval bands 

of operators that fall below and above the average line. In both the gas model and the 

revenue model, we can, at best, rank the operators by the category in which they fall – 

those with average effects, below average effects or above average effects. 
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Figure 2-2 Operator effects (revenue model) 

 

2.5. A Random Intercept Model with Level-1 & Level-2 Regressors 

2.5.1. Model and Regression Results 

The models discussed thus far included only level-1 (well-level) explanatory 

variables. In this section, we extend the previous model to include level-2 (operator-level) 

variables. More specifically, we are interested in testing how operator characteristics are 

correlated with mean output. Formally, we expand the unconditional level-2 model given 

in equation (1.15) and include the chosen operator characteristics, yielding the following 

level-2 equation: 

        (1.22) !!!" " ="" + # #$ "#$ +%" "
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where zjm represents operator-specific characteristics, "0 is the conditional grand mean, 

and u0j are residual operator-effects after controlling for the operator-specific variables. 

The mixed level model of equation (1.19) is also updated to incorporate the operator-

level variables and becomes: 

      (1.23) 

The rationale for including level-2 explanatory variables is to examine if the 

operator environment affects the outcome observed for level-1 units. For instance, does 

the correlation between well length and output on average depend on the mean well 

length of all the wells owned by an operator? Does an operator’s exposure to the play 

influence output? Several operator-level variables were explored in the analysis but only 

a handful had statistically significant coefficients. Table 2-4 below depicts the results 

from the preferred estimation based on the likelihood ratio test. 

Among the discretionary variables, the coefficients for mean well length, mean 

proppant, and mean fluid were small in magnitude and also not statistically significant. In 

contrast, the coefficient for the percentage of an operator’s wells that are horizontal was 

positive and statistically significant at the 5% level. From this last result we conclude that 

for any two given horizontal wells, we would on average expect the well belonging to an 

operator that has a higher percentage of horizontal wells to generate more output, holding 

all other things constant. 

There is a higher correlation between horizontal well use and well length at the 

operator level than at the well level. Specifically, mean length is generally higher for 

!!
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operators whose well portfolio consists of a large share of horizontal wells. In fact it 

seems that the share of an operator’s wells that are horizontal and the mean length of all 

of the operator’s wells are largely measuring the same thing because when we exclude 

the share of horizontal wells variable, the coefficient for mean length becomes 

statistically significant. 

 None of the geological variables, with the exception of mean thermal maturity, 

had coefficients that were statistically significant. The coefficient for mean thermal 

maturity was positive and statistically significant at the 1% level. Thermal maturity is on 

average higher in dry gas areas than in wet gas areas, as such higher mean thermal 

maturity implies higher mean gas output and consequently higher mean revenue.  

Surprisingly, the coefficient representing the percentage of an operator’s wells 

that reported a positive quantity of oil output (mean oil dummy) had a coefficient that 

was not statistically significant. We had expected the mean oil dummy variable to be 

significantly and negatively correlated with mean output. 

We included a variable that denotes the year of the oldest well on each lease as a 

proxy for the acquisition year of the lease. We use this variable to examine if operators 

acquired the best acreage in the play first. The coefficient of the variable was negative 

and statistically significant at the 5% level in both the revenue model and the gas model, 

which implies that output was higher for wells located on older leases. This result 

presents some support to the assertion that the most productive areas in the Barnett were 

acquired first. 
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Other variables that we tested were an operator’s year of entry into the Barnett 

Shale play and the year of entry into any of the counties in which the operator had wells. 

The thinking behind this was that perhaps the experience gained from early entrance 

might on average have a positive effect on output. However, the coefficients for the two 

variables came out statistically insignificant. 

Instead of using year of entry as a proxy for experience, we created a variable that 

denoted the number of years an operator had been active prior to drilling each of its 

wells. The variable was scaled by the cumulative number of each operator’s wells as a 

share of the total number of wells in the play. For any two operators that began 

operations in the Barnett on the same year, the number of years active in the play would 

be identical for a well drilled X number of years later. If one of the operators had drilled 

multiple wells in the interceding period while the other had not, then we would want the 

length of exposure variable to have more weight for the first operator. This is what the 

scaling is intended to accomplish. While we had expected this proxy for experience to 

have a positive sign at the very least, we were surprised that its coefficient came out not 

only negative but also statistically significant at the 1% level. Since this variable gives 

more weight to large operators that drill many wells and might be willing to take more 

risk in terms of where they drill, it is possible for higher levels of experience, as 

measured by our variable, to be associated with lower average output, ceteris paribus, 

because there is a wider range of possible output values for large operators. 

The coefficient for the variable that denotes the percentage of an operator’s wells 

that are located in a particular county was positive and statistically significant at the 1% 

level. This implies that there are potential benefits to geographic concentration. Similar to 



 87 

the variable above, the geographic concentration variable was scaled by the total number 

of an operator’s wells in each county as a share of total wells in the play. 

We also tested a variable denoting an operator’s total wells as a share of all the 

wells in the sample as a proxy for operator size but the variable was not statistically 

significant. Nor did we find a statistically significant effect for the percentage of an 

operator’s wells that had been plugged and abandoned. These results were all largely 

consistent across the gas model and the revenue model. 

The coefficients for the level-1 variables are largely similar in magnitude and sign 

to the coefficients that were obtained in the earlier estimations of the models, with a few 

minor differences among year effects. In the earlier estimation of the revenue model, 

coefficients for 2000 and 2008 were not statistically significant vis-à-vis the reference 

year, 2010, but when level-2 variables are added, both coefficients are negative and 

statistically significant. The coefficient for 2000 in the gas model has become negative 

and statistically significant after the addition of level-2 variables. Overall, the coefficients 

of the year dummy variables imply that the expected mean gas output and revenue were 

lower for wells drilled in 2000-2009 compared to wells drilled in 2010, ceteris paribus. 

 
Table 2-4 Regression results 

Variable Gas output Revenue output 
Constant 2.565*** 

(0.800) 
9.931*** 
(0.785) 

Proppant 0.0388*** 
(0.00567) 

0.0408*** 
(0.00566) 

Fluid 0.00256*** 
(0.000204) 

0.00259*** 
(0.000203) 

Length 0.157*** 
(0.00876) 

0.150*** 
(0.00875) 
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Gas price  1.081*** 
(0.0585) 

Oil price  -0.0357 
(0.0634) 

Horizontal 0.327*** 
(0.0301) 

0.331*** 
(0.0301) 

Oil dummy -0.115*** 
(0.0162) 

-0.0450*** 
(0.0163) 

Geological variables: 
Thermal maturity 0.536*** 

(0.0779) 
0.150* 

(0.0778) 
Pressure 0.000244*** 

(2.59e-05) 
0.000344*** 

(2.58e-05) 
Thickness 0.00266*** 

(0.000159) 
0.00219*** 
(0.000159) 

Porosity 7.921*** 
(1.598) 

6.586*** 
(1.597) 

Year effects – 2010 omitted: 
2000 -0.294*** 

(0.0811) 
-0.365*** 

(0.112) 
2001 -0.536*** 

(0.0672) 
-0.496*** 
(0.0909) 

2002 -0.725*** 
(0.0586) 

-0.744*** 
(0.0877) 

2003 -0.707*** 
(0.0522) 

-0.739*** 
(0.0890) 

2004 -0.843*** 
(0.0468) 

-0.870*** 
(0.0735) 

2005 -0.644*** 
(0.0380) 

-0.672*** 
(0.0681) 

2006 -0.561*** 
(0.0321) 

-0.580*** 
(0.0508) 

2007 -0.400*** 
(0.0272) 

-0.433*** 
(0.0400) 

2008 -0.375*** 
(0.0259) 

-0.338*** 
(0.0335) 

2009 -0.211*** 
(0.0261) 

-0.169*** 
(0.0274) 

County effects – Tarrant omitted: 
Denton -0.319*** 

(0.0306) 
-0.358*** 
(0.0306) 

Johnson 0.0848*** 
(0.0225) 

0.0404* 
(0.0225) 
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Parker -0.366*** 
(0.0321) 

-0.386*** 
(0.0321) 

Wise -0.167*** 
(0.0300) 

-0.164*** 
(0.0300) 

Small counties -0.398*** 
(0.0389) 

-0.373*** 
(0.0389) 

Level 2 variables: 
Fraction horizontal 0.293** 

(0.116) 
0.266** 
(0.110) 

Mean thermal maturity 1.909*** 
(0.634) 

1.610*** 
(0.598) 

Years in play -0.114*** 
(0.0147) 

-0.105*** 
(0.0146) 

County concentration 1.944*** 
(0.704) 

2.046*** 
(0.702) 

Lease year -0.00773** 
(0.00361) 

-0.00715** 
(0.00360) 

Random-effects parameters: 
Variance of u0j 0.0384 

(0.0113) 
0.0336 

(0.0101) 
Variance of eij 0.4242 

(0.0056) 
0.4230 

(0.0056) 
   
Observations 11362 11362 
Groups 33 33 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

The second bottom panel of Table 2-4 shows the estimated values of the 

decomposed variance terms. The addition of the level-2 variables has had a minor impact 

on the level-1 variance – the value of the variance of eij is almost identical to what was 

reported in Table 2-2, which was expected since the level-2 variables do not vary much 

between wells that are owned by the same operator. On the other hand, the between-

group variance has declined in both the gas and revenue models. The five level-2 

variables in the model explain about 50% of the between-group variance estimated in the  

gas and revenue models that did not include these variables.  
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The variance partition coefficient, which is now conditional on the included level-

2 variables, has fallen to 8.3% and 7.4% in the gas and revenue models, respectively. 

This result means that less than 10% of the remaining total variance can be explained by 

variability between operators, and that the correlation between any two wells owned by 

the same operator is about 10%, after we control for level-1 and level-2 variables. 

Compared to the unconditional random intercept model, whose results are shown in 

Table 2-1, the available level-1 and level-2 variables did a better job explaining the 

variability between operators than between wells: the between-group variance declined 

by almost 90% whereas the within-group variance declined by around 35%. This analysis 

could clearly benefit from more level-1 covariates that have better explanatory power. 

The next step was to test if the estimated between-group variance is statistically 

significant; that is if the differences in operator means are significant after controlling for 

the level-2 variables. We use the likelihood ratio test in which we compare the multilevel 

model to a single level linear model, which yields a chi-square test statistic equal to 226 

in the gas model (with 1 degree of freedom) and 194 in the revenue model (with 1 degree 

of freedom).  For both models we reject the null hypothesis that the between-group 

variance is equal to zero at the 1% significance level. The established statistical 

significance of the between-group variance implies that the dependent variables still vary 

significantly between the operators even after controlling for the level-1 and level-2 

variables. 
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2.5.2. Discussion of Operator Effects 

The ranking of operators using group effects derived from the models that have 

the level-2 covariates differs substantially from the earlier ranking based on the models 

that excluded the level-2 regressors. A cursory look at Figure 2-3 and Figure 2-4 reveals 

that there are now more operators that are estimated to have average performance; that is 

those for whom the 95% confidence interval of their group effects overlaps with the 

horizontal zero line. The relative ranking and performance of some of the operators is 

drastically different from what we saw earlier (see Table 2-3 and Table 2-5).  

Nine operators are ranked as having statistically significant below average effects 

in the latest gas model. These operators are, in ascending order, Star of Texas, Adkins 

RL, Aruba Petroleum, Winchester Production, Quicksilver, Chesapeake, Chief Oil & 

Gas, XTO, EOG. The first four operators were also the four lowest ranked operators in 

the model that did not include level-2 control variables. In contrast, Chesapeake, Chief 

Oil & Gas, XTO and EOG did not just decline in ranking but they also went from being 

classified as having statistically significantly above average effects to being classified as 

having significantly below average effects when level-2 control variables are included in 

the analysis. 

 
Table 2-5 Operator effects 

 Gas model Revenue model 
Operator Effects Std. Err. Rank Effects Std. Err. Rank 

Adkins RL -0.3975 0.0894 2 -0.3251 0.0880 2 

Antero Resources -0.0051 0.0563 15 0.0520 0.0559 23 

Arrington D O&G  0.0389 0.0668 21 0.0329 0.0662 20 
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Aruba Petroleum -0.3778 0.0723 3 -0.3067 0.0716 3 

Burlington 0.1651 0.0254 30 0.1745 0.0253 29 

Carrizo O&G 0.0425 0.0447 22 0.0042 0.0445 16 

Chesapeake -0.1167 0.0178 7 -0.1192 0.0177 7 

Chief Oil & Gas -0.1143 0.0391 8 -0.0618 0.0390 10 

Crown Equipment 0.3339 0.0970 32 0.3173 0.0953 33 

Dallas Production 0.1617 0.0683 28 0.1861 0.0676 30 

Denbury Onshore 0.1491 0.0481 27 0.1456 0.0479 28 

Devon Energy  0.3142 0.0114 31 0.2868 0.0114 31 

DTE Gas 0.0312 0.0592 19 0.0365 0.0587 21 

Encana O&G 0.0030 0.0334 16 0.0037 0.0333 15 

EOG Resources -0.0659 0.0191 10 -0.0557 0.0190 11 

Hallwood Energy 0.0206 0.0795 18 0.0318 0.0785 19 

J-W Operating 0.1621 0.0675 29 0.1365 0.0669 27 

Lakota Energy 0.3780 0.1004 33 0.3163 0.0985 32 

N. Texas Llano 0.0038 0.1016 17 -0.0199 0.0997 14 

Quicksilver -0.1509 0.0377 5 -0.1338 0.0376 6 

Range Production 0.0429 0.0440 23 0.0307 0.0438 18 

Republic Energy 0.1290 0.0520 26 0.0868 0.0517 24 

Ryder Scott Oil -0.0279 0.0993 13 -0.0808 0.0974 8 

Star Of Texas -0.4495 0.0789 1 -0.4690 0.0780 1 

Sullivan Hollis 0.1179 0.0762 25 0.1088 0.0753 26 

Tejas Western -0.0065 0.0719 14 0.0444 0.0711 22 

Western Chief -0.0645 0.0723 11 -0.0336 0.0716 13 

Williams Prod. 0.0356 0.0502 20 0.0172 0.0499 17 

Winchester Prod. -0.2060 0.0747 4 -0.2406 0.0738 4 

XTO -0.0844 0.0180 9 -0.0762 0.0180 9 

Other20 0.1082 0.0399 24 0.1020 0.0398 25 

Other10 -0.0314 0.0339 12 -0.0340 0.0338 12 
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v. Small -0.1391 0.0466 6 -0.1578 0.0464 5 
 

Eight operators are classified as having positive effects that are significantly 

different from zero. In ascending order, the operators are Republic Energy, Denbury 

Onshore, Dallas Production, JW Operating, Burlington, Devon, Crown Equipment and 

Lakota Energy. In the previous gas model that did not control for level-2 variables, 

Republic Energy and Dallas Production were classified as having significant below 

average group effects. While Devon and Lakota Energy were still classified as having 

significant above average group effects in the gas model that did not have level-2 

covariates, their ranking rose several steps in the model with the level-2 controls. 

Specifically, Dallas Production, Burlington and Republic Energy moved up the most 

positions in rank – eighteen, fifteen and fourteen, respectively. Crown Equipment moved 

up 10 paces while both Devon and Lakota Energy moved up seven paces. The ranking for 

Denbury Onshore and JW Operating declined a few steps – six and three, respectively – 

in the model with level-2 covariates compared to the one that did not include the 

regressors. 

Almost half of all the operators, excluding the four groups that are made up of a 

large number of small operators, were classified as having group effects that did not 

differ significantly from the average group effect. These operators are Western Chief, 

Ryder Scott, Tejas Western, Antero Resources, Encana, North Texas Llano, Hallwood 

Energy, DTE Gas, Williams Production, Arrington D Oil & Gas, Carrizo Oil & Gas, 

Range Production and Sullivan Hollis. The main surprise in this list was Antero 
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Resources, which had the fourth largest group effect in the gas model that did not control 

for operator characteristics and fell by fifteen spots in the latest gas model.  

 
Figure 2-3 Operator effects (gas model) 

 

 

As has already been mentioned with regard to previous models, the results from 

the revenue model do not differ much from those just discussed for the gas model. The 

same companies were ranked as having significant below average group effects in both 

models, with the only exception being Chief Oil & Gas, which has an average group 

effect in the revenue model. Among the operators that were found to have significant 

above average group effects in the gas model, only Republic Energy has a group effect 

that is not significantly different from the average effect in the revenue model. The 

difference in the relative ranking of the operators between the revenue model that 
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controls for operator characteristics and the model that did not are very similar to the 

differences between the two gas models that have already been discussed. 

 
Figure 2-4 Operator effects (revenue model) 

 
 

2.6. Comparison of the DEA, MLM and SFA Results 

Denbury Onshore is the only operator identified by the data envelopment analysis 

(DEA), multilevel modeling (MLM) and stochastic frontier analysis (SFA) gas and 

revenue models to have performed significantly better than Devon, the largest operator in 

the Barnett. Five operators are identified by all three methods to have performed worse 

than Devon in generating revenue and physical output. These operators are Adkins RL, 

Aruba Petroleum, Star of Texas, Tejas Western and Winchester Production.  
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Another set of operators that are commonly identified by the three methods 

consists of Arrington D Oil and Gas, Carrizo Oil and Gas and Chief Oil and Gas. The 

performance of these operators does not differ significantly from Devon’s.  

The performance of nine operators relative to Devon is ranked similarly in the 

SFA and MLM gas and revenue models. Dallas Production, DTE Gas, Republic Energy 

and Western Chief are identified to have performed worse than Devon. In contrast, the 

performance of Antero Resources, EOG, Lakota Energy, Sullivan Hollis and Williams 

Production could not be differentiated from Devon’s. Of these operators, only Dallas 

Production and DTE Gas had a ranking in one of the DEA models that contradicts the 

ranking in the SFA and MLM models. Dallas Production was ranked higher than Devon 

in the DEA technical efficiency model while DTE Gas was ranked higher than Devon in 

the DEA revenue efficiency model. 

Another six operators achieved similar ranking relative to Devon in the DEA and 

MLM revenue and physical output models. Three of the operators – JW Operating, 

Range Production and XTO – are identified to have performed better than Devon. The 

performance of the other three operators – Chesapeake, Encana, and Quicksilver – did 

not differ significantly from Devon’s performance.  

Of the remaining six operators, only three are ranked similarly relative to Devon 

in the DEA and SFA revenue and physical output models. Crown Equipment is estimated 

to have performed better than Devon while the performance of North Texas Llano could 

not be differentiated from Devon’s and Hallwood Energy is ranked lower than Devon. 
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The performance of Williams Production could not be differentiated from 

Devons’s in the revenue models of the DEA and MLM methods. Burlington is ranked 

lower than Devon in the revenue models of the DEA and SFA methods. Ryder Scott is 

ranked lower in the revenue model of the SFA and MLM methods in contrast to the DEA 

revenue model where it is ranked higher than Devon. 

2.7. Conclusion 

In this paper, we use multilevel modeling (MLM) to examine relative operator 

effects on output from the Barnett shale formation during the 2000-2010 period. The 

estimated operator effects are used to determine which operators were more effective at 

producing natural gas or generating revenue from oil and gas. We control for the inputs 

used in completing wells and also include other relevant measures such as geological 

characteristics and vintage of the wells. The operators clump together into three groups – 

average, below average, and above average – and the effects of individual operators 

within each group are largely indistinguishable from one another. 

The operators that were identified as having above average effects in both the 

revenue and gas models are Antero Resources, Carrizo Oil & Gas, Chesapeake, Chief Oil 

& Gas, Denbury Onshore, Devon, Encana, EOG, JW Operating, Range Production, 

Sullivan Hollis, Williams Production and XTO. Burlington was classified as above 

average in the revenue model but not in the gas model, while the converse was true for 

Arrington D Oil & Gas and Lakota Energy. 

Adkins RL, Aruba Petroleum, Republic Energy, Ryder Scott, Star of Texas, Tejas 

Western, Western Chief and Winchester Production were all identified to have below 
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average effects in the revenue and gas models. In addition, Dallas Production and DTE 

Gas were also classified as having below average effects in the gas model. 

Only four operators were classified as having average effects in both the revenue 

and gas models. These operators are Crown Equipment, Hallwood Energy, North Texas 

Llano, and Quicksilver. 

We estimated the variance partition coefficient to be about 15% in both the gas 

model and the revenue model after controlling for inputs, well location, vintage year of 

the wells, well-specific geologic characteristics, and oil and gas prices in the case of the 

revenue model. At 15%, the proportion of the residual variance that is due to variation 

between operators cannot be described as negligible. It gives some credibility to the 

operator performance rankings estimated in this paper and the previous paper that uses 

stochastic frontier and data envelopment analysis methods. 

The results also reveal that output is on average higher for wells located on older 

leases than those on younger leases, which suggests that the high yield sites were 

acquired first. Moreover, we also find some evidence of the benefits of geographic 

concentration; that is, output was on average higher for wells located in counties central 

to an operator’s drilling activity. Finally we found output to be lower, on average and 

contrary to expectations, for wells drilled by operators that had a long presence and had 

drilled more wells in the play.  
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Chapter 3 

An Analysis of the Decline Curve of Production 
from Shale Gas Wells28 

3.1. Introduction 

The rate of decline of natural gas production from wells in hydraulically fractured 

shale formations has been a subject of intense debate in the literature. Initial analysis 

focused on fitting observed production data to the family of curves proposed by Arps 

(1945), namely hyperbolic, exponential or harmonic functions. However, the inability of 

any of those functions to adequately fit observed production data led some to test 

alternative hypotheses. One, in particular, was a hyperbolic function with a dynamic “b” 

factor (see, for example, Mattar et al. (2008) and Ilk et al. (2008)). This effectively 

attempted to fit an Arps decline curve while allowing a key curvature parameter to 

change over a well’s productive life. However, this approach was criticized on the 

grounds that the required adjustments to curvature were likely to change from one play to 

another limiting the universal applicability of the method. In turn, this triggered other 

researchers to question whether the physics of fluid flow in shale reservoirs is accurately 

                                                
 

28 This is a joint paper with Kenneth B. Medlock III, Ph.D. 
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described by a radial flow regime that is consistent with the Arps family of equations. 

Patzek, Male and Marder (2014) – hereafter referred to as PMM – proposed a linear flow 

regime in which production in shale gas wells is a function of a host of geophysical data 

and decline is inversely proportional to the square root of time. 

In this paper, we empirically test the hypothesis of PMM. To do so, we analyze 

longitudinal monthly production data for over 15,000 wells drilled in the Barnett shale, 

covering the period from 1990 through mid-2011. Although the paper focuses on the 

Barnett shale play, the analysis can be extended to other shale plays – such as the 

Fayetteville, Haynesville, and Marcellus – to the extent that sufficient data is available. 

As already noted, the PMM model predicts that, during the early production 

history of a well when flow is linear transient, the production rate is inversely 

proportional to the square root of time. An associated prediction of the model is that 

cumulative production is directly related to the square root of time. According to PMM, 

shale gas wells drilled in ultra-low permeability shale formations (500 nanodarcies or 

less) can maintain linear transient flow for a period of up to 10 years, after which the flow 

regime gradually becomes exponential as a result of pressure interference, perhaps 

through neighboring hydrofractures. Table 3-1 outlines both Arps and PMM equations.  

 
Table 3-1 Decline curve equations according to PMM and Arps 

Type Production rate Definitions 
PMM !! !

!!
!!
!!! qt: production at time t 

qi: initial production 
Mt: number of months a well 
has been in production 
 

Arps General empirical rate-time 
equation: 

qt: production at time t 
qi: initial production 



 102 
 

!! !
!!

!! !!!! !!! 

 
Exponential decline (b=0): 
!! ! !!!!!!! 
 
Hyperbolic decline  (b is between 0 
and 1):  
The equation is of the same form as 
the general equation above. 
 
Harmonic decline (b=1): 
!! !

!!
!! !!!

 

 

Di: decline rate 
b: constant 

Source: PMM, Arps (1945), Fetkovich (1980) 

 

In their paper, PMM test the model’s performance against a selection of vertical 

and horizontal Barnett wells that had been producing continuously for 18 months and had 

not been re-fractured. Among other things, the authors show that both the production rate 

from the mean horizontal well and also cumulative production closely follow the 

predicted pattern (see PMM, figures 5 and 6).  However, the authors also find that 

observed production during the first three months is lower than the predicted quantity by 

as much as 150 million cubic feet (mmcf).  

PMM provide various explanations for the discrepancy between observed and 

predicted production during the initial months of production. To begin, the first month of 

production is usually shorter than a full calendar month for most wells because 

completion operations can occur any day in the calendar month. Production attributed to 

the first month can therefore represent a variable number of days, but almost always 

fewer than the average number of days in a month. Second, hydrofracturing fluids are 
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said to impair the flow of gas through the hydrofractures during the initial months of a 

well’s history, which would lead to lower gas production. Finally, other effects such as 

interaction between the gas in the formation and the hydrofracturing fluid could also 

affect the stability of production during the initial months. To control for these factors, 

PMM exclude the first three months of a well’s production history from their analysis.  

Models that can accurately describe production decline in shale gas wells can be 

important tools for forecasting production. They allow variations in production and EUR 

across the wells drilled in a shale play to be predicted. Hence, they can be used to 

characterize the commercial prospects for wide-scale development of any shale play. 

Developing a model that can be applied universally in all shale plays once formation 

characteristics are known can also aid in estimating total recoverable resources from 

plays that are currently being developed, and even those that have yet to be developed. 

3.2. Data 

We obtained historical monthly gas production for more than 15,000 wells drilled 

in the Barnett shale between 1990 and mid-2011 from IHS and DrillingInfo. Although the 

Barnett has a long production history, most of the wells in the play were drilled after 

2000. Wells drilled during early development of the play were primarily vertical. From 

2005, the majority of new wells were horizontal and by 2009 new vertical wells were 

basically phased out (see Figure 3-1). Vertical wells comprise 25 percent of the total 

population of wells examined herein, with the rest of the wells being horizontal. 

Continuing technology improvements over the sample period allowed operators to drill 

ever longer lateral lengths for horizontal wells, enabling rising output per well. The 
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average lateral length of horizontal wells drilled in the Barnett shale grew by eighty-

percent between 2005 and 2010, rising from 2,000 feet in 2005 to over 3,600 feet in 

2010. 

Figure 3-1. Number of Barnett wells that began production in each year (1990-2010) 

 
Data from DrillingInfo and IHS 

 

As can be inferred from Figure 3-1, the vertical wells are, on average, older than 

the horizontal wells. In fact, the average number of months of production from vertical 

wells is 98 months, compared to just 38 months for horizontal wells. Only 5.3 percent of 

the wells in the sample had produced for 10 years or more by mid-2011, while about 

14.45 percent had produced for at least 8 years. Of the wells that had produced for 8 

years or more, 94 percent are vertical, while 98 percent of the wells that had produced for 

10 years or more are vertical. To add more perspective, these numbers mean that 55 
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percent of the vertical wells in our dataset had been in production for at least 8 years and 

21 percent had been in production for 10 years or more. In contrast, 1.24 percent of 

horizontal wells had been in production for 8 years or more while just 0.14 percent had 

been in production for 10 years or more. If pressure interference between adjacent 

hydrofractures begins after about 8-10 years of production as suggested by PMM, 

production data for vertical wells should deviate from the decline profile indicated by the 

PMM model after a decade of production. Put another way, since too few horizontal 

wells are old enough to see the behavior predicted by PMM, the PMM model is likely to 

perform more poorly among vertical wells than among horizontal wells.  

 Since refracturing operations, when successful, increase production and disrupt 

the historical production trend, as shown in Figure 3-2, it is important to identify wells 

that have been refractured. However, we could not find any publicly available data on 

refracturing operations. Refractured wells therefore were identified using a Chow test and 

a statistical method that compared the predicted cumulative production to the observed 

cumulative production. The data were also visually inspected in an attempt to identify 

any breaks that may not have been identified by both methods (see Browning et al. 

(2013)). Unfortunately, these methods cannot identify wells for which refracturing was 

not successful since they would not exhibit any major breaks in the production time-

series. Nevertheless, the methods employed identified about 900 wells as having been 

refractured, which is slightly less than 6 percent of the total sample. About 71 percent of 

the refractured wells were vertical. Overall, 18 percent of vertical wells and 3 percent of 

horizontal wells were refractured. 
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Figure 3-2. Example of a refractured well 

 
A vertical well drilled in Denton County in 1991. Data from DrillingInfo and IHS 

 

3.3. Estimation and Results 

Recall that the PMM model predicts that 
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where ,t iq  represents production for well i at time t, and ,t iM is the number of months 

well i has been in production at time t. Transforming equation (24) by taking the natural 

logarithm, we obtain a log-linear expression: 
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where ia  is the common intercept term, 
  
! t ,i  is the error term, and  ! = "0.5  is a testable 

hypothesis. Equation (25) is estimated separately for horizontal and vertical wells in the 

Barnett, and, following PMM, data from the first three months of production is not 

included. Accordingly, we begin counting the number of months in production starting 

with the fourth month, so that , 1t iM =  in month 4, and , 2t iM =  in month 5, etc. 

Because production from a well is time dependent, and because neighboring wells 

are likely to produce from very similar geologic zones, production data are likely to 

exhibit strong autocorrelation and cross-sectional correlation. Prior to estimating equation 

(25), we tested for serial correlation using a test proposed by Wooldridge (2001),29 and 

programmed in the Stata module xtserial written by Drukker (2003). The null hypothesis 

that there is no serial correlation is rejected at the 1% significance level. We tested for 

cross-sectional dependence using Pesaran’s CD test,30 which is available in Stata via a 

                                                
 

29 The Wooldridge approach first-differences the model in equation (25) to yield: 
+ !!! "#"# $$ ="! "#%# $$ +!## ++

If the ,t i!  are not serially correlated, then ( ), 1,ˆ ˆ, 0.5t i t icorr ! ! "# # = " , where ,t̂ i!"  are the 

observed residuals from above equation. 
 
30 The CD test statistic for unbalanced panels is given by: 
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where ijT  represents the number of time periods common to observations of well i and 

well j, iT  is the set of time periods for observations of well i, 
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program written by De Hoyos and Sarafidis (2006). Since the wells begin production at 

different times during the 1990-2011 period, and some wells stop producing during the 

period, the panel is highly unbalanced. This prevented us from using the CD test on the 

entire sample of either vertical or horizontal wells. To circumvent this problem, we 

performed the test on subsets of the data that cover shorter time periods. In every case, 

the null hypothesis of no cross-sectional dependence was rejected at the 1% level. 

Since the diagnostic tests indicate there is both autocorrelation and cross-sectional 

dependence, we use a fixed-effects estimator with Driscoll-Kraay standard errors, which 

are robust to both autocorrelation and cross-sectional correlation.31 This estimator is 

programmed in the Stata package xtscc written by Hoeschle (2007). Table 3-2 shows the 
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When N !"  and T is sufficiently large, the CD statistic approaches the standard normal 
distribution under the null hypothesis that there is no cross-sectional dependence (see De Hoyos 
and Sarafidis (2006)). 
&$ To compute a consistent covariance matrix, the Driscoll-Kraay method first estimates a 
generalized method of moments estimator (e.g. pooled OLS in the case of a fixed effects model) 
of the panel model, calculates cross-sectional averages of the product of the model residuals and 
the explanatory variables, and then uses these averages in the computation of the covariance 
matrix. Imposing the restriction on the cross-sectional averages that the dependence between any 
two cross-sectional averages should decrease as the temporal distance between them increases 
ensures the consistency of the covariance matrix estimator if the time dimension is sufficiently 
large, as in the Barnett production data (see Driscoll and Kraay (1995) and Driscoll and Kraay 
(1998) for more information). 
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regression results for horizontal wells. In estimation A, we use all the wells, while in 

estimation B all the refractured wells are excluded. Estimation C also uses all the wells 

but controls for refracturing by considering a refractured well as two wells. To achieve 

this,  Mti  counts the months in production up to the month a well is refractured and then 

resets to zero after refracturing. At that point ,ti refM , which is 0 before the refracture, 

begins with a value of one at the month of refracture. Therefore, under estimation C, 

there is an additional ,ln ti refM  term included in equation (25). Finally, estimation D 

controls for refracturing by including a dummy variable that takes a value of one in 

equation (25) after a well is refractured. 

The parameter of interest, ! , is estimated to be -0.468, -0.477, -0.475 and -0.477 

in estimations A, B, C, and D, respectively. In all four cases, !̂  is statistically significant 

from zero at the 1% level but not significantly different from -0.5 at even the 10% 

percent level. As indicated in Table 3-2, the hypothesis test of  !̂ = "0.5  yields a p-value 

greater than 0.10 in all four estimations. Accordingly, we are unable to reject the 

hypothesis of the PMM model that ˆ 0.5! = " . Table 3-2 also shows a slight uptick in the 

absolute value of !̂  in estimations B, C and D where refractured wells are either 

excluded or explicitly accounted for. 

 
Table 3-2. Estimation results for horizontal wells 

Variables Est. A Est. B Est. C Est. D 
     
ln tiM  -0.468*** 

(0.0258) 
-0.477*** 
(0.0266) 

-0.475*** 
(0.0261) 

-0.477*** 
(0.0263) 

,ln ti refM    -0.430*** 
(0.0411) 
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Refrac dummy    1.212*** 
(0.401) 

ln tiM *Refrac    -0.168* 
(0.0996) 

Constant 0.207*** 
(0.0549) 

0.228*** 
(0.0568) 

0.213*** 
(0.0553) 

0.220*** 
(0.0556) 

     
95% CI for !̂  [-0.519, -0.417] [-0.530, -0.425] [-0.526, -0.424] [-0.529, -0.425] 

Test of  !̂ = "0.5 :     

F statistic 1.54 0.72 0.94 0.76 

P-value 0.2144 0.3956 0.3331 0.3823 

     Observations 401,216 383,495 401,216 401,216 
Number of wells 11,534 11,234 11,534 11,534 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

The results for vertical wells are shown in Table 3-3 below, where estimations for 

each of the models is as described above for horizontal wells. The value of !̂ is -0.439, -

0.535, -0.511 and -0.527 in estimations A, B, C, and D, respectively. These coefficients 

are also statistically significantly different from zero at the 1% level, and once again, we 

fail to reject the hypothesis that ˆ 0.5! = "  at even the 10% level in estimations B, C and 

D, and the 5% level in estimation A. Similar to the results for horizontal wells, the 

absolute value of !̂  is smaller in A than in B, C and D. However, the difference in the 

magnitude of !̂  between A and B, C and D is much larger among vertical wells than 

among horizontal wells. This may be a result of the fact that, as explained above, 18 

percent of vertical wells have been refractured compared to only 3 percent of horizontal 

wells. Another interesting observation is that refracturing operations seem to have had a 

similar impact in horizontal wells and vertical wells. Although the coefficient of the 



 111 
 

‘refrac dummy’ is larger for vertical wells than horizontal wells, the two values are not 

statistically different. 

 
Table 3-3. Estimation results for vertical wells 

Variables Est. A Est. B Est. C Est. D 
     
ln tiM  -0.439*** 

(0.0356) 
-0.535*** 
(0.0297) 

-0.511*** 
(0.0264) 

-0.527*** 
(0.0276) 

,ln ti refM    -0.386*** 
(0.0370) 

 

Refrac dummy    1.545*** 
(0.375) 

ln tiM *Refrac    -0.134 
(0.0836) 

Constant -0.508*** 
(0.130) 

-0.397*** 
(0.0838) 

-0.392*** 
(0.0757) 

-0.338*** 
(0.0790) 

     
95% CI for !̂  [-0.509, -0.370] [-0.593, -0.477] [-0.562, -0.459] [-0.589, -0.472] 

Test of  !̂ = "0.5 :     

F statistic 2.90 1.40 0.17 0.93 

P-value 0.0889 0.2376 0.6801 0.3349 

     Observations 361,481 266,665 361,481 361,481 
Number of wells 3,868 3,188 3,868 3,868 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

3.4. Type Well Simulation 

In this section, we use the estimated coefficients from model B in Table 3-2 and 

Table 3-3 to construct type curves (or “typical” decline curves) for horizontal and vertical 

wells in the Barnett. Implicit in the simulations are factors such as the geology and well 

length, which are not modeled explicitly but do affect the observed production. Indeed, in 



 112 
 

the estimation procedure outlined above, the well-specific geophysical parameters are 

captured in the fixed effects as they do not change over time.  

Figure 3-3 shows the horizontal and vertical well type curves during the first 5 

years of production. The curves labeled “Coef-Vertical” and “Coef-Horizontal” are 

constructed using the estimated model B coefficients. The “PMM-Vertical” and “PMM-

Horizontal” curves represent the PMM model’s decline curve. The projections begin at 

the fourth month of production and for months 1-3, we use observed historical values. 

Two things immediately stand out from the graph: first, production from horizontal wells 

is much higher than production from vertical wells; and second, for both horizontal and 

vertical wells, the curve generated by the PMM model almost perfectly overlaps with the 

curve generated by model B coefficients. 

 
Figure 3-3 Horizontal and vertical well type curves 
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The estimated ultimate recovery (EUR) of the type wells, which is just the area 

under each of the curves, is highly dependent on the well’s initial production, as well as 

the steepness of the decline curve and the length of time the well remains a producing 

asset. Table 3-4 shows the EUR estimated for the different type wells. The EUR for the 

representative horizontal well type curve generated by model B is 1,358 million cubic 

feet (mmcf), assuming that the well produces for 20 years and is not refractured. If the 

well produces for 10 years instead of 20 years, then it yields an EUR equal to 966 mmcf. 

Approximately 447 mmcf is recovered during the first 2 years, which represents 33% of 

the well’s total EUR if the well remains active for 20 years, or 46% of the EUR if the 

well is active for 10 years.  

 
Table 3-4 Estimated ultimate recovery (million cubic feet, mmcf) 

Type Curve 2-yr EUR 10-yr EUR 20-yr EUR 2-yr/20-yr EUR 
Horizontal:     
Model B 447 966 1358 36% 
PMM 434 908 1257 34% 
Vertical:     
Model B 216 436 592 33% 
PMM 225 479 666 35% 

 

The horizontal well type curve that is based on the PMM model’s hypothesis 

yields 1,257 mmcf if the well produces for 20 years and 908 mmcf if the well remains in 

production for only 10 years. In the case of the horizontal well PMM curve, 434 mmcf 

will be produced in the first 2 years, representing about 35% of the EUR for the well with 

a 20-year lifespan and 48% of the EUR for the well with a 10-year lifespan. Recall, the 

PMM curve is generated under the assumption that the well will decline at the square root 
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of time throughout its productive life; that is, we ignore the fact that the flow regime will 

transition from linear to exponential at some point in its later years, which will change the 

nature of decline as a result. However, this simplification should not significantly affect 

the projected EUR since shale gas wells produce most of their gas early in their 

productive lives. 

The EUR predicted for the vertical type wells is much less than that predicted for 

the horizontal wells, a result driven by significantly lower initial production rates in 

vertical wells. The vertical well curve generated by model B coefficients has an EUR of 

592 mmcf if it produces for 20 years and is not refractured. If the well produces for 10 

years, then its EUR is 436 mmcf. The expected cumulative production from the first two 

years is 216 mmcf, or about 36% of the total EUR if the well has a 20-year lifespan and 

49% if the well has a 10-year lifespan.  

Finally, the vertical well PMM curve yields an EUR of 666 mmcf if the well 

remains in production for 20 years and 479 mmcf if it is active for only 10 years. The 

expected cumulative production from the first two years is 225 mmcf and it represents 

34% and 47% of the 20-year and 10-year EUR, respectively.  

3.5. Simulating Productivity Tiers 

In this section of the paper, we focus on the horizontal wells. The failure to reject 

the hypothesis put forth by the PMM model suggests that the model adequately 

characterizes the production decline profile for wells in the Barnett shale. Accordingly, 

we will use the PMM model to project the production profile of an average Barnett well 

taking historical initial production (IP) as an input. Initial production is a function of 
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geophysical characteristics of the formation where the well is drilled and the operator-

specific decisions, such as the lateral length for a particular well. An operator’s technical 

efficiency will also affect productivity and thus how much gas a particular operator is 

able to produce from its wells. Specifically, operators that are more technically efficient 

should generally be able to extract more gas than those that are less technically efficient, 

all else equal.32  

To ascertain the IP of a hypothetical horizontal well, we sample from the 

distribution of IPs for horizontal wells at discrete intervals. Using the IP and the PMM 

model we then construct a type curve for the hypothetical well and determine its EUR. 

We also consider the distribution of IP per foot in order to capture the heterogeneity 

introduced to the sample by increasing lateral lengths over time.  The EUR and 

production profile will determine revenue once a price for the product has been specified. 

To obtain the cost for the hypothetical well, we estimate per unit cost of wells at different 

intervals in the distribution of IPs. It is important to note that neither procedure controls 

for differences in the geophysical characteristics of where the well is drilled. However, 

the distribution is based on a population of around 11,000 wells drilled in the Barnett 

                                                
 

&% Seitlheko et al., An Estimation of Efficiency Among Operators in the Barnett Shale Play, 
Working Paper (2015). The paper uses stochastic frontier analysis and data envelopment analysis 
to estimate revenue and technical efficiency for more than 11,000 wells that were drilled in the 
Barnett between 2000 and 2010, and examines how the efficiency estimates differ among 
operators. The analysis controls for well length, the quantity of fluid and proppant used in 
hydraulic fracturing operators, and available well-specific geologic characteristics – thermal 
maturity, pressure, porosity and formation thickness. 
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shale. Hence, it is a reasonable indicator of the productivity tiers, and the range of costs 

of exploiting each of them, that exist across the formation for a given state of technology.  

The sample characteristics for the Barnett shale as a whole and the various 

counties where it is located, are given in Table 3-5. The mean initial production value for 

the play is 1.215 mmcf/d, while the mean IP value per foot drilled is 0.00042 mmcf/d. 

Focusing on different regions within the Barnett, we find that the mean IP (IP per foot) in 

Johnson County is 1.408 (0.00046) mmcf/d; in Tarrant County it is 1.608 (0.00056) 

mmcf/d; in Denton County it is 1.142 (0.00043) mmcf/d; in Wise County it is 0.9494 

(0.00039) mmcf/d; and in Parker County it is 0.7156 (0.00025) mmcf/d. Across the 

remaining counties overlapping the Barnett shale, the observed average IP rate is 0.6672 

mmcf/d while the average IP per foot is 0.00019 mmcf/d.33 

 
Table 3-5. Summary statistics for initial production (IP) rates in the Barnett 

Variable Mean Std. Dev. p25 Median p75 
Play:      
IP 1.21484 0.89078 0.59202 1.03997 1.60989 
IP per foot 0.00042 0.00029 0.00021 0.00035 0.00056 
Johnson:      
IP 1.40810 0.89226 0.80443 1.25529 1.83426 
IP per foot 0.00046 0.00028 0.00026 0.00040 0.00059 
Tarrant:      
IP 1.60773 1.04176 0.90400 1.43903 2.10636 
IP per foot 0.00056 0.00033 0.00034 0.00051 0.00073 
Denton:      

                                                
 

33 The remaining counties category is comprised of 18 counties each of which had less than 1,000 
wells drilled in them during the sample period, 1990 to mid-2011. This group includes counties like Cooke, 
Erath, Hill, Hood, Jack, Montague, Palo Pinto and Somervell, which had more than 100 wells, and other 
counties such as Bosque, Dallas and Ellis, which had fewer than 100 wells. Together, these 18 counties 
account for 14% of the total wells in the sample 
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IP 1.14160 0.71008 0.64184 1.04950 1.48365 
IP per foot 0.00043 0.00022 0.00027 0.00040 0.00054 
Wise:      
IP 0.94937 0.58067 0.52053 0.87533 1.29686 
IP per foot 0.00039 0.00028 0.00022 0.00034 0.00049 
Parker:      
IP 0.71559 0.48849 0.36458 0.64675 0.95197 
IP per foot 0.00025 0.00017 0.00013 0.00022 0.00032 
Others:      
IP 0.66721 0.53034 0.32093 0.57933 0.88400 
IP per foot 0.00019 0.00014 0.00010 0.00017 0.00026 

 

We use the “length normalized” data to predict production because differences in 

average well length through time and across counties may partly explain observed 

differences in production. For instance, the average lateral length is between 3,500 and 

3,700 feet in Denton, Johnson, Parker, Tarrant and Wise, and over 4,400 feet in the 

remaining counties. Table 3-6 shows the predicted average IP and EUR for the entire 

Barnett and by county if we assume a well length of 4,000 feet and use the PMM model’s 

decline equation with the average IP rate as the seed value for the production profiles. 

The relative ranking of the counties indicates that Tarrant County has the most productive 

wells on average, followed in descending order by Johnson County, Denton County, 

Wise County, Parker County and the remaining group of small counties.  

 
Table 3-6. Predicted mean IP (mmcf/d) and EUR (mmcf) for a 4000-foot well 

Category Mean IP 
(mmcf/d) 

10-yr EUR  
(mmcf) 

20-yr EUR 
(mmcf) 

Whole play 1.6664 1190.11 1653.26 

Johnson County 1.8296 1319.12 1827.63 

Tarrant County 2.2400 1595.59 2218.16 

Denton County 1.7012 1200.70 1673.53 

Wise County 1.5772 1108.82 1547.18 
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Parker County 0.9844 705.98 979.58 

Other Counties 0.7728 553.97 768.75 

 

Figure 3-4 depicts the production profiles of the “average well” for the entire 

Barnett and in the different counties. By construction, the wells all follow the same PMM 

decline profile with different IP rates determining the relative ranking of the generated 

type curves. The difference in monthly production between the wells narrows over time 

as production declines. Hence, production in the first few years is the primary 

determinant of the differences in the expected EUR. Moreover, holding costs constant, IP 

rates will be the principle factor in determining the economic valuation of the wells 

across counties.  

 
Figure 3-4. Predicted production profile of a 4,000-foot well across counties 
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Figure 3-5 depicts the type curve for different productivity tiers in the Barnett, 

where the tiers are defined by sampling uniformly at 10% intervals along the distribution 

of IPs. The “pxx” curve represents a well at the xxth percentile. We again estimated the 

EUR of the tiers using the PMM model’s decline equation and assuming that the well is 

4,000 feet in length. The estimated EUR for the “p10” well is 421 mmcf if it produces for 

20 years and 301 mmcf if the well produces for 10 years. For the median well, the 

estimated EUR is 1,402 mmcf if the well produces for 20 years and 1,008 mmcf if 

production lasts for only 10 years. In the case of the “p90” well, the estimated EUR is 

3,161 mmcf if the well remains productive for 20 years and 2,280 mmcf if production 

lasts for 10 years. Table 3-7 below depicts EUR estimates for the rest of the tiers. As 

Figure 3-5 indicates, the gap in production between any of the two curves narrows over 

time highlighting the importance of production in the initial years for the differences in 

total EUR between the tiers. 

 
Table 3-7 EUR estimates for 4000-ft long tier type wells (mmcf) 

Category 2-yr EUR 10-yr EUR  20-yr EUR 
p10 138 301 421 
p20 232 502 701 
p30 314 675 941 
p40 390 835 1162 
Median 473 1008 1402 
p60 572 1216 1690 
p70 686 1454 2020 
p80 832 1757 2439 
p90 1085 2280 3161 
Mean 562 1190 1653 
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Figure 3-5. Predicted production profile of a 4,000-foot well by tier 
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to be 20 barrels per million cubic feet of gas produced and it is disposed at the cost of 

$1.2 per barrel. For wells located in wet gas areas, the average oil yield and gas plant 

liquids yield are assumed to be 1.2 barrels/mmcf and 3500 gallons/mmcf, respectively, 

with associated processing and liquids transportation fees assumed to be $0.35/mcf and 

$5 per barrel, respectively.  Lastly, the cost of deactivating and plugging the well at the 

end of its production life is assumed to be $75,000. 

The drilling cost per EUR is $2.12/mcf for the average Barnett well if production 

lasts for 20 years, or $2.94/mcf if the well is active for 10 years. Since the predicted mean 

EUR is largest in Tarrant County, it has the lowest drilling cost per EUR. If the average 

Tarrant County well produces for 20 years, the drilling cost per EUR is $1.58/mcf and it 

increases to $2.19/mcf if the well produces for 10 years. The group of small counties had 

the lowest predicted EUR and consequently, the highest drilling cost per EUR at 

$4.55/mcf if the well produces for 20 years and $6.32/mcf if the well produces for 10 

years. The drilling cost per EUR for Johnson, Denton, Wise and Parker counties lies 

between the values predicted for Tarrant County and the group of small counties (see 

Figure 3-6 for a comparison of the drilling cost per EUR in the different counties). 
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Figure 3-6 Drilling cost per EUR (2013$/mcf) for the average well by region 
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Figure 3-7 Drilling cost per EUR (2013$/mcf) by tier 
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$80 per barrel, $50 per barrel and $30 per barrel.  
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Figure 3-8 Henry Hub breakeven price ($/mcf) by tier 

 

For any particular tier, the Henry Hub breakeven price is lowest if the well is 

located in a wet gas area (high Btu), and highest if it is located in a dry gas area (low 

Btu). However, as Figure 3-8 illustrates, the economic benefit of liquids disappears when 

the price of oil is low. Indeed, the natural gas breakeven price for a dry gas well is 

virtually indistinguishable from the breakeven price for a wet gas well if the price of oil is 

only $30/barrel. The breakeven price for the mean Barnett well (not shown in the graph) 

is estimated to be $6.36/mcf if the well is located in a low Btu area. If the well is in a 

high Btu area, the breakeven price falls to $4.18/mcf if the WTI price is $80/barrel, 

$5.37/mcf if the WTI price is $50/barrel or $6.16/mcf if the WTI price is $30/barrel.  

In the case of the “p90” well, the breakeven price in a low Btu area is $3.68/mcf, 

while in a high Btu area it is $1.50/mcf, $2.69/mcf or $3.48/mcf if the WTI price is 
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$80/barrel, $50/barrel or $30/barrel, respectively. The median well, if in a low Btu area, 

has a breakeven price equal to $7.38/mcf. That price falls to $5.21/mcf, $6.40/mcf and 

$7.19 if the median well is in a high Btu area and the WTI price is $80/barrel, $50/barrel 

and $30/barrel, respectively. Finally, in the case of the “p10” well, the breakeven price 

exceeds $20/mcf in both low Btu and high Btu areas. 

3.7. Conclusion 

We conducted an econometric analysis of panel data covering more than 15,000 

wells drilled in the Barnett shale play between 1990 and 2011. The main objective was to 

test the statistical validity of the model developed by Patzek, Male and Marder (2014) to 

describe the decline curves of shale gas wells. Their model predicts that gas production 

from shale reservoirs is inversely related to the square root of time. We tested this 

hypothesis separately for horizontal and vertical wells in the Barnett, and for both groups, 

their model could not be rejected. 

Next we created productivity tiers of horizontal wells by sampling uniformly from 

the distribution of initial production (IP) rates normalized by length. We used the 

sampled IP as initial values in the type curves generated using the PMM model. A 4,000-

feet long horizontal well whose IP is at the 10th percentile (p10) is expected to produce 

421 million cubic feet (mmcf) over 20 years, while the median well fitting the same 

criteria yields 1,402 mmcf, and the 90th percentile (p90) well yields 3,161 mmcf. In 

comparison, the expected EUR from the average well is 1,653 mmcf.  
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Based on data in Gülen et al. (2013), we assume that the drilling cost for a 4,000-

feet long well is $3.5 million, implying a drilling cost of $8.31 per thousand cubic feet 

(mcf) of EUR, $2.50/mcf, $1.11/mcf and $2.12/mcf for the “p10”, median, “p90” and 

average well, respectively. For any specific tier, the breakeven price of natural gas (at 

Henry Hub) is higher if the well is located in a dry gas area than if the well is located in a 

wet gas area. If the well is in a wet gas area, then a higher oil price increases revenue and 

lowers the breakeven price of natural gas.  

The expected breakeven price of the average well is $6.36/mcf if the well is in a 

dry gas area. If the average well is in a wet gas area, then the breakeven price is estimated 

to be $4.18/mcf, $5.37/mcf or $6.16/mcf when the oil price (West Texas Intermediate, 

WTI) is $80 per barrel, $50/barrel or $30/barrel, respectively. For the “p10” well, the 

breakeven price exceeds $20/mcf in both dry gas and wet gas areas under the three WTI 

price scenarios. Lastly, the “p90” well has a breakeven price of $3.68/mcf in a dry gas 

area, $1.50/mcf if it is in a wet gas area and the WTI price is $80/barrel, $2.69/mcf if it is 

in a wet gas area and the WTI price is $50/barrel, and $3.48/mcf if the WTI price is 

$30/barrel. 
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