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• Society has targeted a Software Symposium every 2 years
• Previous events held in 2000, 2004, 2009, 2011, 2015, 2018 and 2020 

(cancelled) focused on comparing Economic Cashflow Calculations

2024 Symposium focused on Automated Forecasting
• Datasets are getting bigger and computers are getting faster
• Industry has a need for speed, efficiency and accuracy
• Software companies are creative and competitive

2024 was 7 th Symposium
20242000

2004 2011

2009 

2018

2015 

Focus on Economic Cashflow Calculations Focus on Automated Forecasting
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Thank You

Chairman: Lucas Smith, Oxy
Vendor Liaison: Zack Warren, Velocity Insight
Marketing: Christina Hilton, Accelerate Resources
Administration: Andrea Bracho, SPEE

Volunteers
Kyle Chandler, IOG Resources
Herbert Lescanne, Total Energies
Yonss Jose, Total Energies
Lindsey Stelmach, Oxy
Ashish Ghotekar, ExxonMobil

Technical
David Fulford, EIV Capital
John Wright, Wright Consulting
Steven Golko, Sproule
Helene Berthet, Total Energies

4cast
BLR PetroCurveFit
Blue River Analytics for Energy
ComboCurve
Danomics
Enertel QuantumCast
FDC Dash Energy
inerGeconomics

Proved + Probable ($5000) Proved ($2500) Corporate

Participants

Symposium

Sponsors

OGRE
Omnira MOSAIC
PDQ Decide
Quorum Val Nav
S&P Harmony
Upstream Edge
Predico Advanced Flow Analytics

Symposium Committee
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The Bake-Off

F o r e c a s t  1 0 0 0  W e l l s  i n  1 2  H o u r s
• All onshore U.S. horizontal wells 

drilled in the last 20 years

• 922 real wells with truncated 
data across eight basins
• DJ Basin case study on human 

hand-forecasting versus machine

• 100 synthetic wells for full 
forecast life error determination

• Locations slightly anonymized 
with lat-longs slightly shifted
• Well header data provided

• Time limit of 12 hours

F o r e c a s t  1 0 0 0  W e l l s  i n  1 2  H o u r s
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Preparing the Data

Shift production forward past June 2024 Truncate production after June 2024

2020                    2025                       2030                      2035                      2040                  2045 2020                    2025                       2030                      2035                      2040                  2045
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Maximum History of  4 Years
• “Test” data has 

between 7 and 48 
months of history 
provided

• “Answer key” has 20 to 
213 months available 
for analysis and longer 
for synthetic wells

• Peaks:
• 140,000 bopd oil
• 3.1 BCFD gas
• 210,000 bwpd water
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Goal  of  Guiding Developers

Methods
• Get prescriptive on error definitions and calculations
• No emphasis on speed or accuracy for our analysis – participant’s choice
• Qualitative survey to record how participants worked
• Committee formed hypotheses before getting any data back

Goals
• Providing guidance to practitioners and vendors on what’s working and 

where improvements are needed
• Committee will not declare winners/losers
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4 Major Challenges
• Automated forecasting is steadily getting better, but engineering judgement is still necessary

Short
Histories

Longer periods of 
historical 
production reduces 
error

EUR
Variability 

from 
Operational 

Upsets

But recent 
operational upsets 
drive large variance

Some basins and 
reservoirs are more 
homogeneous in 
forecast shape and 
leads to better 
agreement in 
software forecasting

Secondary 
Phases

Primary phase 
forecasts with larger 
errors tends to 
underpredict actual 
production.  
Secondary forecasts 
tend to be too low 
on oil wells and too 
high on gas wells

EUR 
Variability 

from B 
Factor 

Consistency
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Error Conclusions

• Median error for all vendor forecasts across all wells is nearly zero…
• But this not true in all subsets, e.g. by [Vendor] or by [Basin]

• Variance of error varies across all subsets
• Vendors did not perform equally on all wells despite, on average, having 

nearly zero error

• Some vendors had symmetrical variance of log errors
• Vendors were just as likely to be 10% too high as 10% too low

• When vendors had large errors, they tended to under-forecast as opposed to 
over-forecast
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Basin Rankings

Overall Scoring (2/3 Absolute Value of Median Log Error + 1/3 StdDev of Log Error):
1. Appalachian – Marcellus
2. Fort Worth – Barnett
3. Synthetic Midland – Wolfcamp A
4. Delaware – Wolfcamp A
5. Western Gulf – Eagle Ford

6. DJ
7. Midland – Lower Spraberry
8. Ark-La-Tex – Haynesville
9. Delaware – Avalon
10. Williston

• Vendors performed:
• Best on gas wells
• Worst on gas condensate wells
• Oil wells in between
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Al l  Wells

Median: -0.7%
StDev:   56%
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Major Phase

Median: -2%
StDev:   51%

Median: 0.3%
StDev:   59%



15

[]

First  3 months GOR
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Months of History
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Basin/Reservoir
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Vendor
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Algorithms Showed Diff iculty
• Primary phases (oil for oil wells, gas for  gas wells) are typically the 

economic and volumetric focus, but secondary phases are also important
–Gas in oil wells
–Oil in gas wells
–Water

• Lots of implied ratio forecasts violate our expectations about the 
shapes of curves
–Algorithms consistently under-forecast GOR’s on oil wells
–Algorithms consistently over-forecast CGR’s on gas wells
–A more Bayesian approach could be helpful
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GOR biased too low

GOR biased too high
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CGR biased too low

CGR biased too high
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Entrance Rates drive the bus – why Bravo is optimistic
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Gas Wells Example: Kilo Eagle Ford with rising CGR’s and WGR’s

Large number of rising CGR’s 
– even over 1,000 for wells 
with entrance CGR’s <300

Large number of rising WGR’s
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Oil Wells Example: Oscar DJ Well

Gas rates with a pretty non-
physical trend

Oil had very little data to forecast, 
but did a good job

Water data noisy, hard to 
forecast but declining WOR 

trend makes sense
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DJ Basin 
Example
Oil Primary Phase 
much closer 
forecast than 
secondary phases 
by most vendors
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Conclusions are Mixed

• On one hand, results became more reliable with a longer production 
history
–Mean variability trending towards 0% when auto-forecasting with three to 

four years of production history
–Distribution of results becomes much “cleaner” with more production 

history, and most results are +/- 10% of the key
• On the other hand, there is still a lot of variability in the results
–Wide variance from play to play and from vendor to vendor
–Outlier events widen with a longer production history
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Oi l  - Variance Tightens

• Plots show variance 
of oil with different 
production histories

• Distribution becomes 
tighter and more 
normal when more 
production history is 
used for forecasting
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Overall range of 
variance stays 
the same with 
more 
production 
history, but the 
results are more 
concentrated
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Gas - Variance Tightens

• Plots show variance 
of gas with different 
production histories

• Distribution 
becomes tighter and 
more normal when 
more production 
history is used for 
forecasting
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Overall range of 
variance gets 
larger with more 
production 
history, but the 
results are more 
concentrated
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Variabil ity  Examples
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• “Noisiness” of the production data will have the most 
impact on forecast variation  
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EUR Variabil ity
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Certain basins have 
more uniform 
distribution of 
forecast volumes
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Consistent Error by Vendor
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Error Reduced with Review
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DJ Basin Example
MachineHuman

• DJ Basin wells were hand forecasted and compared to machine forecasted
• Best machines were comparable to the best humans
• Worst machines were much worse than the worst humans



ANALYSIS CONCLUSIONS 

Automated forecasting is getting better steadily.  Engineering judgement is still required, 
but software comfort factor is increasing.

Some basins and reservoirs are more homogeneous in forecast shape.  Less variability 
leads to better agreement in software forecasting.

Longer periods of historical production reduce the error in forecasting.  However recent 
operational upsets drive large forecast variations by vendor.

Primary phase forecasts with larger errors tends to underpredict actual production.  
Secondary forecasts tend to be too low on oil wells and too high on gas wells.



INDUSTRY CONCLUSIONS

• Sweet spot between speed and accuracy.  Current need is heavier focus on accuracy.
• General areas for improvement:

• Short histories
• Operational upsets
• B factor consistency
• Secondary products

• The software vendors participating in the 2024 Software Symposium have helped create a 
tremendous dataset worth additional time and resources to study.

• The evaluation continues and look for presentations at future SPEE Chapter road show 
luncheons and the 2025 SPEE Annual Meeting in Hilton Head, SC.
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Next Steps

• The software vendors participating in the 2024 Software Symposium have 
helped create a tremendous dataset that warrants additional time and 
resources to study

• Plan to present a workshop at the 2025 SPEE Conference in Hilton Head, 
SC June 7-10

• More to come!



If you want to help in 2026, email symposium@spee.org
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Problem Statement

Set up like the first pass of a data room evaluation
• Forecast 1000 wells
• Production and well header data provided
• Time limit of 12 hours
• Well specifics are unknown ahead of time

Certain parameters defined for consistent analysis
• Sample files of header and production format 

provided 
• Sample file of output format provided 
• Common cutoff of 60 bopm or 30 years
• If used, select common minimum decline of 6%
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We l l
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B i a s  vs .  Va r i a n c e
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3  B e s t  H u m a n s  a n d  4  B e s t  M a c h i n e s
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3  Wo rs t  H u m a n s  a n d  4  Wo rs t  M a c h i n e s


