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A B S T R A C T   

Hydrogen Index (HI) and Oxygen Index (OI) are two critical parameters for assessing the hydrocarbon potential 
and depositional environment of any source rocks. The most common method to measure these values is to use 
programmed pyrolysis on drill samples. However, this method can be very time consuming, expensive, and in 
many cases much of the well bore may be overlooked due to biased sampling. Geochemical parameter pre-
dictions from wireline logs (i.e., Passey) have been used in the past to varying success. This is largely because 
petrophysical predictions often attempt to solve for linear regression solutions where this may not be the case. 
Here we evaluate the use of a Random Forest (RF) machine learning (ML) model to predict HI and OI from four 
wells from the offshore east coast of Newfoundland, Canada. The model was trained and tested using pro-
grammed pyrolysis data, organic petrology techniques, and wireline logs for prediction. The model was evalu-
ated using mean absolute error (MAE), root mean square error (RMSE), correlation of determination (R2), and 
Spearman’s rank correlation (R2). Excellent correlation coefficients were observed for RF model predictions for 
HI and OI that range 0.90 to 0.98 and 0.90 to 0.95 R2 respectively. The MAE for HI and OI values range 17.30 to 
52.48 and 2.82 to 12.79 respectively. The RMSE for HI and OI range 21.43 to 71.51 and 3.85 to 16.82 
respectively. The Spearman’s rank correlation for HI and OI range 0.87 to 0.97 and 0.90 to 0.96 respectively. 
This study confirms that the use of ML models can be extremely useful to predict geochemical parameter from 
wireline logs.   

1. Introduction 

Source rock evaluation in conventional hydrocarbon systems begins 
by assessing the quality, quantity, and thermal maturity of organic 
matter (Carvajal-Ortiz and Gentzis, 2015). A typical first pass approach 
to assess this is by using programmed pyrolysis in an attempt to un-
derstand hydrocarbon generation and expulsion and eventual accumu-
lation and production. A good source rock would be one that is 
considered to have a high total organic carbon (TOC) content, however 
not all organic carbon has the potential to generate hydrocarbon (Tissot 
et al., 1974). Organic matter must be associated with hydrogen to be 
able to generate significant hydrocarbon. Therefore, a source rock with 
high hydrogen content is desirable. Hydrogen content is estimated by 
programmed pyrolysis by measuring the amount of hydrocarbons 
formed during the thermal decomposition of organic matter in the 
sample. This is measured in milligrams of hydrocarbons per gram of rock 
and is noted in programmed pyrolysis as S2 (Espitalie et al., 1977). 

Hydrogen index (HI) is equal to (S2/TOC) x 100. Oxygen index (OI) 
which is a measure of S3 from programmed pyrolysis in milligrams of 
CO2 per gram of rock is equal to (S3/TOC)x100. High OI in a source rock 
is indicative of gas-prone, terrigenous-sourced, kerogen type III and IV 
source rock and hence is considered undesirable quality for a good oil- 
prone source rock. The programmed pyrolysis method (e.g., Rock- 
Eval, HAWK, etc.) is a good first approach to evaluate hydrocarbon 
potential based on the aforementioned criterial, but one must use 
extreme caution in using programmed pyrolysis as a stand-alone dataset 
(e.g., Dembicki, 2009). Other datasets must be integrated in order to 
understand the sedimentary systems that deposited the source rock and 
understand the type, distribution, and preservation of the organic 
matter. 

For many years researchers have attempted with variable success to 
relate geochemistry data to wireline log data in an attempt to relate 
these geochemical parameters to well log information to predict good 
source rock intervals (e.g., Passey et al., 1990, 2012; Creaney and 
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Fig. 1. . Area map. a.) Map of Canada showing the location of Newfoundland and the study area. b.) Map showing the location of the Jeanne d’Arc, Flemish Pass 
Basins and the Central Ridge. c.) Map showing the location of the three wells in this study from the Central Ridge (yellow dots). (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.) 
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Passey, 1993). However, due to the complexity of comparing 
geochemistry data and well log data, many of the relationships are non- 
linear and fail to give accurate results when using only linear regression 
models (Wang et al., 2019a, 2019b). A relatively new approach to this 
problem is using machine learning algorithms than can produce more 
accurate results than traditional statistical analysis and can handle large 
datasets producing fast and cost-effective results (Rodriguez-Galiano 
et al., 2015). 

The aim of this study is to test the predictive accuracy of Random 
Forest (RF) analysis, a machine learning algorithm based on an 
ensemble of decision trees (Breiman, 2001) to predict HI and OI using 
only wireline logs as input data on four east coast wells from offshore 
Newfoundland. Random Forest analysis has a proven track record in 
many scientific and engineering fields and has proven predictive accu-
racy in classification and regression analysis (Handhal et al., 2020). 
First, programmed pyrolysis, and organic petrology techniques will be 
used to gain an understanding of source rock types, organic matter 
types, and the comparison to HI and OI parameters. Second, run a ma-
chine learning Random Forest analysis using a normalized triple combo 
suite of well logs from the four east coast wells to predict HI and OI, 
Third, compare the results to the known source rock and organic matter 
types to test the Random Forest prediction. 

2. Geological background 

This study is based on three wells drilled in the Central Ridge area 
located off the east coast of Newfoundland approximately 400 km east of 
St. John’s (Fig. 1). The fourth well’s name and location cannot be dis-
closed due to the proprietary nature of the data and will be referred to 
simply as Well A in this study. The Central Ridge is located in the 
Flemish Pass sub-basin. The Flemish Pass sub-basin formed in response 
to Late Triassic to Paleocene rifting events that formed deep sedimentary 
basins bounded by faults (Creaney and Allison, 1987; Enachescu, 2005). 
The three Central Ridge wells were drilled conventionally between 1980 
and 1988 in search of hydrocarbon bearing Jurassic and/or Cretaceous 

sandstone intervals with little success (Cotterill, 1987, unpublished). In 
the Central Ridge area, the depositional environment has been inter-
preted as deltaic to prodelta deposits (BeicipFranlab, 2015). The reser-
voir sandstone intervals are sandwiched in between thick intervals of 
organic-rich and/or organic-lean mudrocks (BeicipFranlab, 2015). The 
mudrock intervals are the focus of this study. 

The Kimmeridgian-aged Egret Member of the Rankin Formation 
(Fig. 2) in offshore Newfoundland has been considered the primary 
source rock in the Jeanne d’Arc Basin and has been extensively studied 
in the past (Swift and Williams, 1980; Creaney and Allison, 1987; Fowler 
et al., 1990, 1991; Huang, 1994; Fowler and McAlpine, 1995; DeSilva, 
1999; Enachescu et al., 2010, Enachescu, 2012). It has been described as 
an excellent hydrocarbon potential marine source rock (Swift and Wil-
liams, 1980) and is considered to be the equivalent source rock found 
not only in Kimmeridgian sediments, but also preserved in Tithonian- 
aged sediments throughout other subbasins in offshore Newfoundland 
including the Central Ridge with high hydrogen index, high TOC con-
tent, and low oxygen index (Enachescu, 2005; Fowler et al., 2007). The 
depositional environment of this source rock has been interpreted as 
pelagic due to the observed lack of silt and sand grains and abundance of 
well preserved marine algal organic matter (Raine, 2006, unpublished). 
Other fine grained sediments with high organic content are also present 
in the thick mudrock intervals but have very little hydrocarbon potential 
due to the abundance of allochthonous continental derived degraded 
and reworked organic matter suggestive of a more terrigenous derived 
sediment likely from a deltaic source (Raine, 2006, unpublished). These 
mudrocks have low HI and high OI values with variable TOC content. 

3. Sampling, data used and methodology 

3.1. Programmed pyrolysis 

A total of twenty-nine side wall core (SWC) samples and ninety drill 
cuttings samples were analyzed for hydrocarbon potential using pro-
grammed pyrolysis. The samples were sent to the Lithospheric Organic 
Carbon (LOC) laboratory, Department of Geoscience, Aarhus University 
in Denmark, for HAWK pyrolysis analysis for the standard cycle of Rock 
Eval 6 analysis. The samples were finely ground, and the method was 
carried out as described by Lafargue et al. (1998). In the analyzer, the 
samples are heated to an iso-temperature of 300 ◦C and held for 3 min 
followed by a ramping of the temperature by 25 ◦C/min to a tempera-
ture of 650 ◦C. S1 (free hydrocarbon) and S2 (thermally cracked 
kerogen) are the output parameter peaks reported in mg HC/g. The 
oxygen containing carbon in the kerogen released during the heating 
process produces the output parameter S3 and is reported as mg CO2/g. 
The analyzer is then heated to a final temperature of 850 ◦C to oxidize 
the residual organic carbon and is reported as the total organic carbon 
(TOC: wt%) of the sample (Lafargue et al., 1998). 

3.2. Organic petrology 

Four SWC and nineteen drill cuttings samples were selected for 
organic petrology examination based on HI and OI variations from the 
pyrolysis data. The samples were prepared into finely polished epoxy- 
resin sample pellets. A Zeiss Axioimager II microscope equipped with 
the Diskus-Fossil system was used to carry out all of the organic 
petrology analysis at the GSC in Calgary, Canada. No less that 50 vitri-
nite reflectance measurements were taken on each sample at 50×

Fig. 2. Jeanne d’Arc Basin lithostratigraphic chart showing the Tithonian and 
Kimmeridgian intervals of interest. The Rankin Formation and the Egret 
Member are highlighted (Modified from Enachescu, 2005). 
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Fig. 3. Random Forest flow chart and software programming used in this study (Modified from Sun et al., 2019).  
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Table 1 
List of training data for Random Forest model.  

Well ID Depth HI OI 

m mg HC/gTOC mg HC/g CO2 

Well A 3026.00 172 33 
Well A 3042.10 138 36 
Well A 3076.80 0 158 
Well A 3077.70 81 134 
Well A 3091.50 235 61 
Well A 3110.00 230 81 
Well A 3138.00 242 93 
Well A 3178.00 186 109 
Well A 3193.00 493 14 
Well A 3202.10 904 2 
Well A 3208.70 426 11 
Well A 3212.00 515 9 
Well A 3219.30 869 2 
Well A 3224.00 68 94 
Well A 3268.70 271 44 
Well A 3289.00 57 109 
Well A 3307.20 100 103 
Well A 3335.00 81 142 
Well A 3420.00 361 46 
Well A 3496.00 55 84 
Well A 3520.00 413 12 
Well A 3542.00 103 155 
Well A 3600.00 209 71 
Well A 3612.00 110 88 
Well A 3618.40 178 103 
Well A 3674.10 321 17 
Well A 3723.00 181 91 
Well A 3769.00 221 31 
Well A 3806.70 252 18 
Panther P-52_E.Tith 3230.00 190 35 
Panther P-52_E.Tith 3260.00 484 20 
Panther P-52_E.Tith 3305.00 570 19 
Panther P-52_E.Tith 3345.00 622 14 
Panther P-52_E.Tith 3380.00 622 15 
Panther P-52_E.Tith 3425.00 357 28 
Panther P-52_E.Tith 3465.00 511 14 
Panther P-52_E.Tith 3495.00 497 24 
Panther P-52_E.Tith 3525.00 507 16 
Panther P-52_E.Tith 3545.00 599 9 
Panther P-52_E.Tith 3565.00 661 6 
Panther P-52_Kimm 3755.00 180 88 
Panther P-52_Kimm 3760.00 122 128 
Panther P-52_Kimm 3775.00 102 128 
Panther P-52_Kimm 3780.00 350 20 
Panther P-52_Kimm 3790.00 147 92 
Panther P-52_Kimm 3805.00 446 19 
Panther P-52_Kimm 3815.00 401 14 
Panther P-52_Kimm 3825.00 510 7 
Panther P-52_Kimm 3830.00 455 13 
Panther P-52_Kimm 3840.00 357 18 
Panther P-52_Kimm 3855.00 362 19 
Panther P-52_Kimm 3860.00 435 14 
Panther P-52_Kimm 3870.00 293 17 
Panther P-52_Kimm 3885.00 377 11 
Panther P-52_Kimm 3890.00 290 21 
Panther P-52_Kimm 3905.00 315 22 
Panther P-52_Kimm 3915.00 252 20 
Panther P-52_Kimm 3945.00 212 48 
Panther P-52_Kimm 3950.00 251 32 
Panther P-52_Kimm 3965.00 195 66 
Panther P-52_Kimm 3975.00 188 88 
Panther P-52_Kimm 3980.00 185 83 
Panther P-52_Kimm 3995.00 243 36 
Panther P-52_Kimm 4005.00 214 33 
Panther P-52_Kimm 4014.00 187 82 
Panther P-52_Kimm 4025.00 121 109 
South Merasheen K-55_L. Tith. 2435.00 185 19 
South Merasheen K-55_L. Tith. 2445.00 227 22 
South Merasheen K-55_L. Tith. 2475.00 468 15 
South Merasheen K-55_L. Tith. 2495.00 695 12 
South Merasheen K-55_L. Tith. 2505.00 739 7 
South Merasheen K-55_E.Tith 2545.00 366 18 
South Merasheen K-55_E.Tith 2555.00 413 12 

(continued on next page) 
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Table 1 (continued ) 

Well ID Depth HI OI 

m mg HC/gTOC mg HC/g CO2 

South Merasheen K-55_E.Tith 2595.00 493 16 
South Merasheen K-55_E.Tith 2635.00 479 12 
South Merasheen K-55_E.Tith 2645.00 560 13 
South Merasheen K-55_E.Tith 2655.00 670 11 
South Merasheen K-55_E.Tith 2665.00 622 10 
South Merasheen K-55_E.Tith 2675.00 675 10 
South Merasheen K-55_E.Tith 2685.00 202 28 
South Merasheen K-55_E.Tith 2715.00 508 19 
South Merasheen K-55_E.Tith 2725.00 345 16 
South Merasheen K-55_E.Tith 2745.00 147 35 
South Merasheen K-55_E.Tith 2765.00 271 23 
South Merasheen K-55_E.Tith 2775.00 363 24 
South Merasheen K-55_E.Tith 2785.00 90 37 
South Merasheen K-55_E.Tith 2795.00 249 24 
South Merasheen K-55_E.Tith 2815.00 90 32 
South Merasheen K-55_E.Tith 2830.00 45 65 
South Merasheen K-55_Kimm 3015.00 352 22 
South Merasheen K-55_Kimm 3035.00 457 22 
South Merasheen K-55_Kimm 3055.00 431 20 
South Merasheen K-55_Kimm 3075.00 626 9 
South Merasheen K-55_Kimm 3095.00 524 19 
South Merasheen K-55_Kimm 3115.00 382 13 
South Merasheen K-55_Kimm 3135.00 571 10 
South Merasheen K-55_Kimm 3155.00 542 8 
South Merasheen K-55_Kimm 3175.00 559 12 
South Merasheen K-55_Kimm 3205.00 664 12 
South Merasheen K-55_Kimm 3225.00 384 19 
South Merasheen K-55_Kimm 3245.00 672 7 
South Merasheen K-55_Kimm 3315.00 393 20 
South Merasheen K-55_Kimm 3335.00 587 11 
South Merasheen K-55_Kimm 3355.00 443 13 
South Merasheen K-55_Kimm 3375.00 491 12 
South Merasheen K-55_Kimm 3395.00 128 35 
South Merasheen K-55_Kimm 3425.00 73 32 
South Tempest G-88_L.Tith 3470.00 79 49 
South Tempest G-88_L.Tith 3505.00 75 60 
South Tempest G-88_L.Tith 3515.00 87 54 
South Tempest G-88_L.Tith 3555.00 48 44 
South Tempest G-88_L.Tith 3565.00 70 54 
South Tempest G-88_L.Tith 3645.00 106 42 
South Tempest G-88_L.Tith 3655.00 78 54 
South Tempest G-88_L.Tith 3665.00 72 91 
South Tempest G-88_E.Tith 3745.00 369 14 
South Tempest G-88_E.Tith 3765.00 269 15 
South Tempest G-88_E.Tith 3785.00 292 20 
South Tempest G-88_E.Tith 3805.00 323 13   

GR RESD DENS NPHI DTC 

API ohm/m Kg/m3 v/v μs/m 

89.61 0.95 2491.17 0.48 348.01 
91.80 0.93 2495.21 0.53 342.98 
12.46 6.35 2725.35 0.11 210.07 
29.54 3.64 2599.71 0.17 250.77 
72.30 2.90 2626.30 0.32 274.80 
69.37 2.09 2586.34 0.35 289.44 
62.21 2.68 2619.88 0.19 241.86 
42.01 3.85 2692.14 0.25 242.94 
54.28 10.13 2632.38 0.25 249.51 
58.61 12.22 2403.06 0.43 327.34 
61.18 12.71 2574.80 0.32 285.21 
42.65 16.62 2586.81 0.23 252.76 
28.37 23.09 2621.18 0.15 242.23 
83.04 1.51 2584.60 0.37 304.36 
51.85 4.11 2544.30 0.20 253.44 
92.43 1.09 2552.25 0.40 319.39 
72.44 1.64 2595.02 0.35 296.43 
61.15 7.45 2686.17 0.22 225.08 
14.62 15.37 2506.69 0.13 220.57 
77.93 2.54 2497.64 0.17 255.85 
43.21 7.58 2641.89 0.12 214.32 
40.40 4.35 2635.85 0.17 217.74 
98.88 1.85 2547.71 0.38 274.47 

(continued on next page) 
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Table 1 (continued ) 

GR RESD DENS NPHI DTC 

API ohm/m Kg/m3 v/v μs/m 

43.57 2.45 2608.12 0.26 253.38 
25.62 6.49 2660.48 0.16 231.73 
85.32 1.81 2535.74 0.38 317.55 
78.40 2.01 2615.03 0.34 275.63 
76.75 1.61 2573.72 0.38 326.27 
88.88 1.55 2543.16 0.37 269.43 
79.06 2.41 555.76 0.30 274.23 
84.50 3.59 468.61 0.38 316.45 
90.77 3.06 530.26 0.35 268.00 
67.29 6.90 514.92 0.33 292.07 
82.25 7.80 391.30 0.35 299.39 
74.93 6.82 553.73 0.27 316.23 
83.62 6.71 502.49 0.36 281.03 
62.51 5.42 588.28 0.27 259.05 
65.99 12.08 2518.11 0.27 264.31 
70.03 13.93 2608.75 0.23 270.55 
55.22 72.15 2396.61 0.27 278.06 
49.07 55.70 2613.73 0.08 201.89 
83.49 12.21 2674.51 0.19 225.67 
86.24 12.83 2641.22 0.22 233.30 
63.66 27.23 2638.17 0.16 210.36 
58.23 33.38 2713.57 0.19 213.28 
67.44 29.23 2682.71 0.21 235.86 
61.25 37.34 2574.41 0.28 256.07 
77.48 649.58 2485.82 0.29 277.58 
38.07 32.71 2686.41 0.19 200.72 
70.64 34.12 2626.31 0.20 267.43 
67.57 268.55 2560.82 0.27 292.93 
86.23 32.98 2636.24 0.24 244.88 
58.60 163.17 2503.91 0.29 255.64 
52.89 37.28 2700.09 0.15 185.92 
88.23 50.38 2555.80 0.32 287.05 
64.05 63.77 2634.32 0.23 235.51 
67.92 214.30 2500.05 0.30 287.51 
83.60 30.24 2570.10 0.25 268.73 
80.10 47.14 2589.03 0.21 271.95 
77.01 23.30 2611.43 0.24 257.80 
89.67 14.00 2647.70 0.25 230.03 
48.88 31.06 2638.14 0.18 214.86 
50.12 58.54 2620.61 0.20 240.10 
34.78 100.98 2681.83 0.10 184.05 
82.63 21.73 2649.54 0.19 210.39 
93.71 12.26 2671.65 0.20 218.60 
69.50 1.13 2480.64 0.37 343.85 
59.07 1.38 2565.75 0.31 312.19 
77.40 2.01 2551.60 0.28 321.10 
54.98 4.38 2562.60 0.23 263.86 
73.27 1.57 2568.23 0.29 306.53 
71.24 2.83 2417.03 0.38 315.73 
67.74 3.41 2375.10 0.39 325.00 
62.99 2.67 2554.99 0.28 269.93 
68.90 2.62 2518.52 0.33 309.38 
50.20 4.35 2544.84 0.25 270.70 
78.34 4.17 2376.50 0.43 337.00 
43.18 9.98 2329.75 0.32 307.85 
86.20 2.29 2587.10 0.31 290.55 
55.73 3.63 2511.69 0.24 241.82 
57.88 4.09 2505.23 0.37 302.35 
70.10 2.11 2586.47 0.32 266.88 
85.78 1.82 2534.30 0.35 310.82 
83.33 2.54 2542.30 0.28 272.41 
76.36 2.46 2540.84 0.29 277.22 
79.33 2.00 2597.08 0.34 281.51 
82.67 1.80 2542.22 0.35 288.42 
61.93 2.06 2548.78 0.18 242.58 
92.57 2.12 2617.76 0.29 286.29 
69.10 5.32 2722.58 0.18 238.12 
78.79 6.08 2580.38 0.31 272.78 
70.53 14.28 2478.50 0.27 255.76 
70.69 12.09 2564.11 0.23 255.10 
69.04 9.66 2749.79 0.20 229.49 
67.60 9.28 2680.29 0.21 222.87 
75.28 11.25 2580.35 0.28 270.61 
59.13 21.58 2584.66 0.24 237.80 

(continued on next page) 
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magnification. An ultrafine measurement probe (0.3 μm2 spot size) was 
used under oil immersion (refractive index, n = 1.518 at 23 ◦C). An 
yttrium-aluminum-garnet reference standard was used with a reflec-
tance of 0.906% under oil immersion. Maceral point counts were carried 
out using a twenty-one cross-hair grid (e.g., Gordon et al., 2021). No less 
than two-hundred maceral counts per sample were counted to produce 
an organic maceral distribution normalized to 100% of the measured 
TOC. No macerals were counted that appeared to be isolated in the 
sample binder. The maceral categories (vitrinite, inertinite, liptinite, 
and solid bitumen) were determined based on maceral attributes 
described in ICCP (1998), ICCP (2001), Pickel et al., 2017, and Sanei, 
2020. 

3.3. Well log data 

Many studies have shown that wireline logs can be sensitive to the 
presence of organic matter in rocks (Passey et al., 1990; Creaney and 
Passey, 1993; Passey et al., 2012; Bolandi et al., 2017; Wang et al., 
2019a, 2019b; Handhal et al., 2020). A single log parameter may be 
sensitive to certain downhole conditions and lithology, therefore mul-
tiple log parameters are required for RF prediction models (Wang et al., 

2019a, 2019b). The most common logs showing sensitivity to organic 
matter include the natural gamma, resistivity, transit interval time, and 
porosity (density and neutron). In general, the higher the organic con-
tent in the rock, the more obvious the response is to the wireline logs 
(Wang et al., 2019a, 2019b). The wireline log input data used for RF 
training in this study include gamma ray (GR), resistivity (RESD), den-
sity (DENS), neutron (NPHI), and sonic DTC). All wireline logs were 
mathematically normalized to each other using the histogram module in 
Interactive Petrophysics® software to improve data consistency and 
integrity in order to create a common basis for log comparison. 

3.4. Random Forest and well log data 

3.4.1. Random Forest modelling 
Random Forest (RF) is a machine learning method that consists of an 

ensemble of randomized classification and regression trees (CART) that 
generates many decision trees to improve the performance of the pre-
diction model (Breiman, 2001). A decision tree represents a set of limits 
that are hierarchically organized and randomly applied from a root node 
as many times as the number of trees in the ensemble (Keykhay-Hos-
seinpoor et al., 2020). The trees are generated from a subset of training 
samples through replacement (a bagging approach) and the same sam-
ple can be selected several times or may not be selected at all. Approx-
imately two thirds of the samples (referred to as in-bag samples) are used 
to train the trees and the remaining one third (referred to as out-of-the 
bag samples) are used to confirm how well the RF model performs 
(Breiman, 2001). The final classification decision, or a committee vote, 
is taken by averaging (using the arithmetic mean) the class assignment 
probabilities calculated by all produced trees (Belgiu and Drăguţ, 2016). 
The main advantage of using this approach is the RF classification al-
gorithm can model non-linear relationships and the model consists of 
numerous random decisions trees. Each individual tree creates an un-
correlated forest of trees whose prediction by voting committee is more 
accurate (Grimm et al., 2008). The RF workflow and software used in 

Table 1 (continued ) 

GR RESD DENS NPHI DTC 

API ohm/m Kg/m3 v/v μs/m 

72.52 22.42 2557.71 0.33 264.54 
65.75 14.89 2508.05 0.30 281.50 
77.79 6.70 2698.35 0.21 233.31 
67.03 28.18 2549.06 0.31 286.40 
46.61 53.97 2647.19 0.19 230.58 
74.81 72.87 2424.40 0.32 350.96 
81.14 7.48 2588.63 0.21 279.92 
59.22 6.97 2702.25 0.13 202.35 
98.48 4.90 2678.53 0.23 226.79 
56.22 11.60 2719.31 0.08 191.44 
33.74 1.50 2091.60 0.28 304.76 
50.82 1.79 2112.40 0.42 262.96 
45.90 2.60 2072.80 0.48 262.24 
52.22 1.53 2958.70 0.28 297.84 
47.82 2.51 2928.30 0.32 270.56 
26.58 2.74 2728.20 0.51 369.24 
53.87 3.12 2597.10 0.23 240.20 
55.76 9.89 2622.20 0.24 243.96 
65.55 3.46 2353.70 0.37 291.72 
76.25 3.40 2409.80 0.35 295.00 
74.96 3.68 2520.00 0.30 319.12 
73.46 4.42 2557.10 0.35 289.20  

Table 2 
List of RF model parameters used.  

bootstrap = True, min_samples_leaf = 1, 
ccp_alpha = 0.0, min_samples_split = 2, 
criterion = ‘mse’, min_weight_fraction_leaf = 0.0, 
max_depth = None, n_estimators = 25, 
max_features = ‘auto’, n_jobs = None, 
max_leaf_nodes = None, oob_score = False, 
max_samples = None, random_state = 42, verbose = 0, 
min_impurity_decrease = 0.0, warm_start = False 
min_impurity_split = None,   
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Table 3 
Programmed pyrolysis results.  

Well ID Depth S1 S2-Kerogen S3 Tmax-Maturity TOC-Total Organic Carbon 

m mgHC/g mgHC/g mgCO2/g ◦C wt% 

Well A 3026.0 0.16 2.82 0.54 428 1.64 
Well A 3042.1 0.10 2.13 0.56 429 1.54 
Well A 3064.0 0.13 19.43 0.43 429 3.76 
Well A 3076.8 0.00 0.00 0.44 438 0.28 
Well A 3077.7 0.03 0.29 0.48 439 0.36 
Well A 3091.5 0.11 2.43 0.64 426 1.03 
Well A 3110.0 0.07 2.20 0.77 429 0.95 
Well A 3138.0 0.08 1.91 0.74 431 0.79 
Well A 3178.0 0.11 1.15 0.68 433 0.62 
Well A 3193.0 0.16 8.40 0.24 426 1.70 
Well A 3202.1 0.23 135.26 0.45 420 14.96 
Well A 3208.7 0.16 6.19 0.17 424 1.45 
Well A 3212.0 0.96 10.94 0.21 427 2.12 
Well A 3219.3 0.17 71.58 0.22 426 8.23 
Well A 3224.0 0.28 0.59 0.81 432 0.86 
Well A 3268.7 1.20 3.65 0.60 426 1.34 
Well A 3289.0 0.13 0.58 1.10 430 1.01 
Well A 3307.2 0.16 0.93 0.97 434 0.93 
Well A 3335.0 0.20 0.35 0.62 426 0.43 
Well A 3394.0 0.09 0.71 0.93 433 1.07 
Well A 3420.0 0.06 2.50 0.32 434 0.69 
Well A 3483.2 0.09 1.36 0.71 433 1.06 
Well A 3496.0 0.17 0.32 0.48 428 0.57 
Well A 3520.0 0.12 7.65 0.24 430 1.85 
Well A 3542.0 0.06 0.57 0.84 433 0.54 
Well A 3600.0 0.08 2.04 0.69 432 0.97 
Well A 3612.0 0.05 0.68 0.55 430 0.62 
Well A 3618.4 0.05 0.94 0.54 432 0.52 
Well A 3674.1 0.21 7.48 0.40 438 2.33 
Well A 3723.0 0.15 1.98 1.00 431 1.09 
Well A 3731.0 0.02 0.30 0.43 432 0.37 
Well A 3733.7 0.02 0.08 0.53 433 0.41 
Well A 3752.8 0.56 9.27 0.53 441 2.18 
Well A 3769.0 0.15 3.37 0.48 434 1.52 
Well A 3806.7 0.08 5.81 0.42 435 2.30 
Panther P-52_E.Tith 3230.0 0.29 2.32 0.43 438 1.22 
Panther P-52_E.Tith 3260.0 0.55 7.47 0.32 432 1.54 
Panther P-52_E.Tith 3305.0 1.46 16.32 0.56 427 2.86 
Panther P-52_E.Tith 3345.0 2.16 24.97 0.59 428 4.01 
Panther P-52_E.Tith 3380.0 1.71 23.72 0.57 435 3.81 
Panther P-52_E.Tith 3425.0 0.73 6.10 0.49 440 1.71 
Panther P-52_E.Tith 3465.0 1.95 16.82 0.48 434 3.29 
Panther P-52_E.Tith 3495.0 1.37 13.62 0.68 430 2.74 
Panther P-52_E.Tith 3525.0 1.58 15.37 0.51 433 3.03 
Panther P-52_E.Tith 3545.0 2.86 25.65 0.42 432 4.28 
Panther P-52_E.Tith 3565.0 4.42 54.15 0.54 434 8.18 
Panther P-52_Kimm 3755.0 0.71 2.37 1.17 435 1.32 
Panther P-52_Kimm 3760.0 0.59 1.59 1.67 434 1.30 
Panther P-52_Kimm 3775.0 0.56 1.13 1.41 436 1.10 
Panther P-52_Kimm 3780.0 1.42 13.86 0.79 424 3.95 
Panther P-52_Kimm 3790.0 0.67 2.17 1.37 437 1.47 
Panther P-52_Kimm 3805.0 2.21 20.90 0.89 432 4.68 
Panther P-52_Kimm 3815.0 2.17 19.93 0.70 436 4.97 
Panther P-52_Kimm 3825.0 4.30 44.00 0.67 431 8.62 
Panther P-52_Kimm 3830.0 2.02 18.86 0.54 437 4.14 
Panther P-52_Kimm 3840.0 2.46 13.87 0.71 438 3.88 
Panther P-52_Kimm 3855.0 1.79 12.01 0.64 438 3.31 
Panther P-52_Kimm 3860.0 3.16 24.47 0.79 437 5.61 
Panther P-52_Kimm 3870.0 2.01 9.54 0.56 438 3.25 
Panther P-52_Kimm 3885.0 3.38 19.16 0.60 438 5.08 
Panther P-52_Kimm 3890.0 2.23 9.66 0.70 439 3.32 
Panther P-52_Kimm 3905.0 2.45 10.59 0.75 438 3.36 
Panther P-52_Kimm 3915.0 3.86 11.89 0.97 441 4.71 
Panther P-52_Kimm 3945.0 1.50 3.89 0.89 441 1.83 
Panther P-52_Kimm 3950.0 1.90 6.01 0.78 438 2.39 
Panther P-52_Kimm 3965.0 1.26 3.62 1.23 440 1.85 
Panther P-52_Kimm 3975.0 1.24 3.08 1.45 440 1.64 
Panther P-52_Kimm 3980.0 1.25 3.10 1.40 440 1.67 
Panther P-52_Kimm 3995.0 1.69 5.09 0.77 440 2.10 
Panther P-52_Kimm 4005.0 1.66 5.94 0.92 440 2.77 
Panther P-52_Kimm 4014.0 1.03 2.45 1.08 439 1.31 
Panther P-52_Kimm 4025.0 0.56 1.17 1.06 441 0.97 
South Merasheen K-55_L. Tith. 2435.0 0.07 3.20 0.34 434 1.73 

(continued on next page) 
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Table 3 (continued ) 

Well ID Depth S1 S2-Kerogen S3 Tmax-Maturity TOC-Total Organic Carbon 

m mgHC/g mgHC/g mgCO2/g ◦C wt% 

South Merasheen K-55_L. Tith. 2445.0 0.08 4.04 0.41 431 1.78 
South Merasheen K-55_L. Tith. 2475.0 0.11 11.74 0.39 427 2.50 
South Merasheen K-55_L. Tith. 2495.0 0.17 30.00 0.52 422 4.31 
South Merasheen K-55_L. Tith. 2505.0 0.26 48.87 0.51 420 6.61 
South Merasheen K-55_E.Tith 2545.0 0.08 7.57 0.37 428 2.06 
South Merasheen K-55_E.Tith 2555.0 0.10 13.40 0.39 428 3.24 
South Merasheen K-55_E.Tith 2595.0 0.10 14.53 0.48 425 2.95 
South Merasheen K-55_E.Tith 2635.0 0.11 14.49 0.38 425 3.02 
South Merasheen K-55_E.Tith 2645.0 0.14 19.22 0.48 419 3.43 
South Merasheen K-55_E.Tith 2655.0 0.16 29.08 0.50 418 4.34 
South Merasheen K-55_E.Tith 2665.0 0.18 24.88 0.40 418 3.99 
South Merasheen K-55_E.Tith 2675.0 0.21 30.13 0.46 421 4.46 
South Merasheen K-55_E.Tith 2685.0 0.07 2.91 0.41 427 1.44 
South Merasheen K-55_E.Tith 2715.0 0.15 15.70 0.60 426 3.09 
South Merasheen K-55_E.Tith 2725.0 0.09 6.40 0.30 426 1.85 
South Merasheen K-55_E.Tith 2745.0 0.09 1.88 0.45 430 1.27 
South Merasheen K-55_E.Tith 2765.0 0.11 4.35 0.38 427 1.61 
South Merasheen K-55_E.Tith 2775.0 0.10 5.63 0.38 427 1.55 
South Merasheen K-55_E.Tith 2785.0 0.07 0.83 0.34 433 0.91 
South Merasheen K-55_E.Tith 2795.0 0.13 6.10 0.61 430 2.45 
South Merasheen K-55_E.Tith 2815.0 0.09 1.39 0.50 435 1.53 
South Merasheen K-55_E.Tith 2830.0 0.05 0.27 0.39 431 0.60 
South Merasheen K-55_Kimm 3015.0 0.09 4.44 0.28 426 1.26 
South Merasheen K-55_Kimm 3035.0 0.09 6.30 0.31 426 1.38 
South Merasheen K-55_Kimm 3055.0 0.08 6.26 0.30 427 1.45 
South Merasheen K-55_Kimm 3075.0 0.13 20.68 0.32 427 3.30 
South Merasheen K-55_Kimm 3095.0 0.10 11.33 0.41 427 2.16 
South Merasheen K-55_Kimm 3115.0 0.10 7.98 0.28 426 2.09 
South Merasheen K-55_Kimm 3135.0 0.15 20.48 0.36 426 3.58 
South Merasheen K-55_Kimm 3155.0 0.11 11.93 0.18 427 2.20 
South Merasheen K-55_Kimm 3175.0 0.10 14.56 0.32 428 2.60 
South Merasheen K-55_Kimm 3205.0 0.14 23.39 0.44 426 3.52 
South Merasheen K-55_Kimm 3225.0 0.10 6.31 0.31 429 1.64 
South Merasheen K-55_Kimm 3245.0 0.14 28.13 0.31 427 4.18 
South Merasheen K-55_Kimm 3315.0 0.10 6.83 0.35 431 1.73 
South Merasheen K-55_Kimm 3335.0 0.14 17.37 0.34 433 2.96 
South Merasheen K-55_Kimm 3355.0 0.11 8.57 0.26 443 1.93 
South Merasheen K-55_Kimm 3375.0 0.12 10.80 0.28 442 2.20 
South Merasheen K-55_Kimm 3395.0 0.07 1.15 0.32 445 0.89 
South Merasheen K-55_Kimm 3425.0 0.08 0.76 0.34 442 1.04 
South Tempest G-88_L.Tith 3470.0 0.15 0.65 0.41 438 0.82 
South Tempest G-88_L.Tith 3505.0 0.18 0.75 0.60 441 0.99 
South Tempest G-88_L.Tith 3515.0 0.17 0.83 0.52 438 0.95 
South Tempest G-88_L.Tith 3555.0 0.11 0.52 0.47 441 1.06 
South Tempest G-88_L.Tith 3565.0 0.18 0.70 0.54 442 0.99 
South Tempest G-88_L.Tith 3645.0 0.35 1.23 0.49 439 1.16 
South Tempest G-88_L.Tith 3655.0 0.37 0.90 0.63 444 1.15 
South Tempest G-88_L.Tith 3665.0 0.20 0.63 0.79 443 0.87 
South Tempest G-88_E.Tith 3745.0 3.72 13.57 0.52 435 3.68 
South Tempest G-88_E.Tith 3765.0 2.04 5.83 0.34 444 2.16 
South Tempest G-88_E.Tith 3785.0 1.80 6.36 0.46 444 2.17 
South Tempest G-88_E.Tith 3805.0 3.11 9.40 0.39 443 2.91   

HI-hydrogen index OI-oxygen index 

mgHC/gTOC mgCO2/gTOC 

172 33 
138 36 
516 11 
0 158 
81 134 
235 61 
230 81 
242 93 
186 109 
493 14 
904 2 
426 11 
515 9 
869 2 
68 94 
271 44 
57 109 

(continued on next page) 
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Table 3 (continued ) 

HI-hydrogen index OI-oxygen index 

mgHC/gTOC mgCO2/gTOC 

100 103 
81 142 
66 86 
361 46 
128 66 
55 84 
413 12 
103 155 
209 71 
110 88 
178 103 
321 17 
181 91 
82 114 
20 128 
425 24 
221 31 
252 18 
190 35 
484 20 
570 19 
622 14 
622 15 
357 28 
511 14 
497 24 
507 16 
599 9 
661 6 
180 88 
122 128 
102 128 
350 20 
147 92 
446 19 
401 14 
510 7 
455 13 
357 18 
362 19 
435 14 
293 17 
377 11 
290 21 
315 22 
252 20 
212 48 
251 32 
195 66 
188 88 
185 83 
243 36 
214 33 
187 82 
121 109 
185 19 
227 22 
468 15 
695 12 
739 7 
366 18 
413 12 
493 16 
479 12 
560 13 
670 11 
622 10 
675 10 
202 28 
508 19 
345 16 
147 35 
271 23 
363 24 

(continued on next page) 
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this study is shown in Fig. 3. Table 1 shows all the training data from 
programmed pyrolysis and wireline log data used as input data. 

3.4.2. RF feature selection and model evaluation 
In this study a randomly selected twenty-five trees were used, and 

the input matrix (training data) are the well log curves used for each well 
(gamma ray, resistivity, density, neutron, and sonic). The default setting 
for the RF prediction model is shown in Table 2. In previous studies the 
software parameters used can be set to adjustable user settings, however 
it is recommended to simply use software default settings as a first 
approach. Changing the model settings to higher randomness have 
indicated noise variables in final prediction data (e.g., Svetnik et al., 
2003; Grimm et al., 2008). However, it should be noted that hyper-
parameter tuning can be applied in an attempt to improve the RF per-
formance. Probst et al., 2019 have provided the tuneRanger R package 
that aids in tuning the RF model with model-based optimization (MBO). 
To evaluate the RF model, four statistical metrics were used: i) mean 
absolute error (MAE), ii) root mean squared error (RMSE), iii) the cor-
relation of determination coefficient (R2), and iv) a Spearman’s rank 
correlation (Rs) was used to determine the degree in which the data sets 
are correlated. A correction factor (cf) was applied to Σd2 when ranks 
were found to be tied. The correction factor was added to Σd2 for each 
tied rank in the datasets. The MAE and RMSE are used to recognize the 
outliers in the dataset. R2 is used to evaluate the accuracy of the model 

where xi and yi are the measured and estimated values of HI and OI, x 
and y are their arithmetic mean, and n is the total number of measured 
HI and OI data points. 

MAE =

∑n

i=1
|yi − xi|

n
(1)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n

i=1

(

ŷi − yi

)2

n

√
√
√
√
√
√ (2)  

R2 =
explained variation

total variation
=

⎛

⎜
⎜
⎝

∑n

i=1
(xi − x)(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi − x)2 ∑n

i=1
(yi − y)2

√

⎞

⎟
⎟
⎠

2

(3)  

Rs = 1 −
(

6Σd2

n3 − n

)

(4)  

cf =
m(m2 − 1)

12
(5)  

Table 3 (continued ) 

HI-hydrogen index OI-oxygen index 

mgHC/gTOC mgCO2/gTOC 

90 37 
249 24 
90 32 
45 65 
352 22 
457 22 
431 20 
626 9 
524 19 
382 13 
571 10 
542 8 
559 12 
664 12 
384 19 
672 7 
393 20 
587 11 
443 13 
491 12 
128 35 
73 32 
79 49 
75 60 
87 54 
48 44 
70 54 
106 42 
78 54 
72 91 
369 14 
269 15 
292 20 
323 13  
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Fig. 4. Pseudo van Krevelen plot showing hydrogen index (HI) vs. oxygen index (OI) for all samples from the studied area.  
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Table 4 
Organic petrology data collected on selected samples.  

Sample information 

Well ID Depth m Drilling fluid 

Well A 3202.1 N/A 
Well A 3212.0 N/A 
Well A 3289.0 N/A 
Well A 3806.7 N/A 
South Tempest G-88 3515.0 Water Based Mud 
South Tempest G-88 3645.0 Water Based Mud 
South Tempest G-88 3745.0 Water Based Mud 
South Tempest G-88 3805.0 Water Based Mud 
Panther P-52 3230.0 Water Based Mud 
Panther P-52 3260.0 Water Based Mud 
Panther P-52 3305.0 Water Based Mud 
Panther P-52 3425.0 Water Based Mud 
Panther P-52 3465.0 Water Based Mud 
Panther P-52 3565.0 Water Based Mud 
Panther P-52 3825.0 Water Based Mud 
Panther P-52 3905.0 Water Based Mud 
Panther P-52 4025.0 Water Based Mud 
South Merasheen K-55 2445.0 Oil Based Mud 
South Merasheen K-55 2505.0 Oil Based Mud 
South Merasheen K-55 2545.0 Oil Based Mud 
South Merasheen K-55 2675.0 Oil Based Mud 
South Merasheen K-55 3225.0 Oil Based Mud 
South Merasheen K-55 3245.0 Oil Based Mud   

Maceral point count data (normalized to TOC) 

Vitrinite % Reworked vitrinite % Inertinite % Liptinite % Degraded liptinite % Bitumenite % Solid Bitumen % Total % 

0 1 1 95 0 2 0 100 
8 1 7 68 0 15 2 100 
52 8 1 24 0 9 6 100 
23 0 9 60 0 9 1 100 
1 19  76 4   100 
2 31  59 8   100 
1 10  83 6   100 
5 33 2 19 38 3 3 100 
5 45  40 9 1 1 100 
1 10  86 3   100 
7 10 10 60 12 1 1 100 
8 26 1 61 4   100 
4 7  88 1   100 
2 8  84 6   100  

3  94 3   100 
4 16 3 33 44   100 
8 57 1 20 11 3 3 100 
2 34  35 29   100 
5 13  61 21   100 
3 49  37 11   100 
2 5 1 92 1   100 
3 32  41 23 1 1 100 
4 1  90 4 1 1 100   

Vitrinite reflectance 

Calculated %Ro (0.0180 x Tmax) - 7.16 Measured %Ro 

0.40 0.25 
0.53 0.60 
0.58 0.87 
0.67 0.54 
0.72 0.76 
0.74 0.77 
0.67 0.79 
0.81 0.79 
0.72 0.72 
0.62 0.62 
0.53 0.72 
0.76 0.70 
0.65 0.66 
0.65 0.67 
0.60 0.65 
0.72 0.64 
0.78 0.79 

(continued on next page) 
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Fig. 5. Photomicrographs showing the different organic matter types. All of the photomicrographs were taken under incident-light with oil immersion and a 50 X 
objective. Photomicrographs a., c. e. and f. are taken under white light; photomicrographs b., and d. are taken under UV-fluorescence mode. The red scale bar 
represents 50 um in length. a.) Dark brown thick layers of lamalginite (Lam) from Well A. Large fragment of inertinite is also present (Int) b.) Same field of view as in 
a. but under fluorescence light showing bright green fluorescing algae. c.) Example from Panther P-52 showing only scattered algae fragments (Alg) with recycled 
vitrinite (RV) fragments and inertinite (Int) in a silty argillaceous matrix. d.) As in photo c. but under fluorescence light. e.) An example from South Tempest G-88 
showing scattered recycled vitrinite (RV) and inertinite fragments (Int) is a silty argillaceous matrix. f.) Similar example from South Tempest G-88 showing recycled 
vitrinite (RV) and inertinite (Int) fragments. No marine algae are present in these samples. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Table 4 (continued ) 

Vitrinite reflectance 

Calculated %Ro (0.0180 x Tmax) - 7.16 Measured %Ro 

0.60 0.74 
0.40 0.65 
0.54 0.82 
0.42 0.70 
0.56 0.74 
0.53 0.64  
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3.4.3. Data loading 
The rock data is compiled and hosted on a local computer drive in a 

Microsoft Excel file format and the well log data are stored as LAS files. 
The application software used for RF is Jupyter Notebook within 
Anaconda (Python version 3.8). All of the RF code are stored in Jupyter 
notebook as .jpynb format. The Python libraries used are shown in 
Fig. 3. The Excel and LAS data is loaded with the panda read_excel 
function and the with the lasio_read function into separate data frames. 
A class object is constructed for each well to hold information such as 
well name, LAS filename, and curves needed for training and stored in a 
dictionary. The model is evaluated in scikit_learn. All of the pyrolysis 
data below 400 ◦C Tmax were filtered out. 

4. Results and discussion 

4.1. Programed pyrolysis and organic petrology 

All data collected from programmed pyrolysis is presented in 
Table 3. Total organic carbon (TOC) content from all the samples 
collected (n = 119) range from 0.28 to 14.96 (wt%). S2 vales range from 
0.00 to 135.26 (mg HC/g). S1 values were not used in this study as 
various drilling fluids were utilized during drilling that can add 
contamination errors in measured S1 values. The HI and OI values range 
from 0 to 904 (mg HC/g TOC) and from 2 to 158 (mg CO2 /g TOC), 
respectively. Tmax values range from 418 to 445 ◦C. 

The pseudo van Krevelen plot (Fig. 4) for all the samples shows a 
wide range of OM types from Type I oil prone, Type II oil prone, Type II/ 
III mixed, and Type III gas prone. Pseudo van Krevelen diagrams typi-
cally show a trend for organic matter that shows a depletion of HI and OI 
along the defined kerogen type lines, irrespective of the organic matter 
type, due to thermal maturity of the organic matter (Peters et al., 2015). 
The samples from the four wells in this study show a progressive 
depletion of HI combined with increase in OI that is in contrast to the 
typical trend. The OM preservation here is controlled by oscillation in 
sea level from a marine carbonate-rich influenced OM maceral compo-
sition to more siliciclastic-rich terrigenous littoral and/or deltaic 

influenced OM composition. This OM composition oscillates from a 
liptinitic-rich and carbonate-rich aquatic depositional environment with 
abundant production and exceptional preservation of hydrogen-rich 
algal matter to a more oxygen-rich OM aquatic depositional environ-
ment typical of a terrigenous sediment input with recycled and 
reworked OM along with silt and sand-sized siliciclastic minerals 
(Omura and Hoyanagi, 2004; Hackley et al., 2020; Gordon et al., 2021). 

Organic petrology results show a wide variety of maceral types are 
present in all the wells and age intervals including vitrinite (Type III), 
high-reflecting reworked vitrinite (Type IV) exhibiting a brighter grey 
colour than vitrinite, liptinite (Type II), inertinite (Type IV) exhibiting 
bright grey color and high %VRo, and solid bitumen (Table 4). These 
data are consistent with the programmed pyrolysis results. Represen-
tative photomicrographs of the organic petrology are illustrated in 
Fig. 5a to f. 

Maceral point count data are shown in Table 4 and the data are 
normalized to measured TOC values. By plotting the sum of the relative 
volume of primary and reworked vitrinite plus inertinite (V + I) versus 
the relative volume of liptinite macerals (L) two distinct end members 
are showing the terrigenous influenced depositional environment versus 
marine. These have a strong correlation coefficient (R2 = 0.95) and the 
strong influence of depositional environment and the oscillations in 
relative sea level have on the composition, preservation, and distribu-
tion of OM (Fig. 6). These observations occur regardless of the depth or 
age of the sediment and appear in a cyclical pattern throughout the 
Tithonian and Kimmeridgian. 

4.2. Random Forest analysis for source rock prediction 

4.2.1. Data integration 
To better aid the Random Forest algorithm to predict the best source 

rock intervals using the well logs based on measured HI and OI data, the 
samples described above can be divided into three simplified groups 
based on the pyrolysis data and organic petrology results. TOC, HI, and 
OI values define these groups as they either have i) excellent hydro-
carbon potential, ii) transition, and iii) poor hydrocarbon potential 
(Fig. 7). 

4.2.2. Excellent hydrocarbon potential (n = 13) 
Pyrolysis data for this sample grouping shows HI ranging 622 to 904 

(mg HC/g TOC), OI ranging 2.0 to 15.0 (mg CO2/g TOC), and TOC 
ranging 3.30 to 14.96 (wt%; Fig. 7). These samples exhibit fine lami-
nations consisting of layers of calcite and OM. Fine disseminated pyrite 
crystals are associated with OM. Silt and sand-sized siliciclastic grains 
are rare and minor amounts of calcispheres and forams are also present 
indicating fully marine depositional environment. Point count data (n =
5) shows liptinite to be the main OM present (92.0 to 95.0%). Minor 
amounts of reworked vitrinite and inertinite (3.0 to 18.0%), and bitu-
minite (0.0 to 2.0%) are also present. Fine layers of bright yellow-green 
algae composed of thin-walled colonial or unicellular algae occur as 
distinct laminae. The fluorescence color of the lamalginite in these 
samples is consistent with early oil window maturity. Representative 
photomicrographs of the point counted maceral types are illustrated in 
Fig. 5a and b. 

Fig. 6. Plot showing the percentage volume distribution of liptinites versus 
vitrinite + inertinite, as measured by microscopic point counting. Increase in 
distribution of liptinites suggest change to the marine depositional 
environment. 
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Fig. 7. Hydrogen index (HI) vs. oxygen index (OI) plot showing three groups defined by programmed pyrolysis: i) excellent hydrocarbon potential, ii) transition, and 
iii) poor hydrocarbon potential. 
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Fig. 8. Matrix scatter plots of HI and OI with various wireline logs.  
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Fig. 8. (continued). 
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Fig. 9. Scatter plots of each well showing excellent correlation of predicted Random Forest data and programmed pyrolysis data. Note that some data are not 
normally distributed. Spearman’s rank correlation was applied, and all data was found to have very high correlations. 
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4.2.3. Transition (n = 31) 
This sample grouping represents a transition from excellent hydro-

carbon potential to poor (Fig. 7). Pyrolysis data for show HI ranging 401 
to 599 (mg HC/g TOC), OI ranging 7.0 to 24.0 (mg CO2/g TOC), and 
TOC ranging 1.38 to 8.62 (wt%). These samples exhibit laminations with 
abundant silt-sized siliciclastic gains with scattered OM in abundant 
calcareous and argillaceous matrix. Rare fossil fragments are also pre-
sent. Point count data (n = 5) shows liptinite to still be the main OM 
present (68.0 to 97.0%). However, reworked vitrinite + inertinite (3.0 to 
27.0%), and bituminite (0.0 to 17.0%) are showing more abundance 
than group above (Fig. 5c and d). 

4.2.4. Poor hydrocarbon potential (n = 75) 
This sample grouping shows HI ranging 0 to 393 (mg HC/g TOC), OI 

ranging 11.0 to 158.0 (mg CO2/g TOC), and TOC ranging 0.28 to 5.08 
(wt%; Fig. 7). These samples exhibit massive to laminated calcareous to 
silty/sandy mudrocks to siltstones to OM-poor lime mudrocks with very 
low hydrocarbon potential. A wide range of preserved OM are present in 
these samples. Point count data (n = 13) shows scattered liptinite (24.0 
to 89.0%). An abundance of reworked vitrinite + inertinite (11.0 to 
66.0%), and bituminite (0.0 to 14.0%; Fig. 5e and f). 

4.2.5. Thermal maturity 
The sample groupings above, being based solely on TOC, HI, and OI, 

ignores the thermal maturity of the OM. Measured VRo% on vitrinite 
macerals ranges 0.25 to 0.87%. Converting Tmax values to %VRo 
equivalent (Eq. 6; Jarvie, 2012) ranges 0.40 to 0.81% which is in good 
relation to the measured data (Table. 4). Caution should be used with 
this equation (Eq. 6) to convert Tmax to %VRo as there is no universal 
correlation for Tmax and %VRo and the equation likely differs from 
mudrock unit to mudrock unit globally (Yang and Horsfield, 2020). 

%VRo equivalent = (0.0180×Tmax) − 7.16 (6) 

These data indicate immature to oil window thermal maturity. 
However, both of these thermal maturity methods ignore the contribu-
tion of algal OM as these maceral types cannot be measured using these 
techniques (Thompson-Rizer and Woods, 1987). Gordon et al., 2021 
showed by integrating Fluorescence Red/Green Quotient (R/G Q) 
spectral data collected on a subsample set used in this study, measured 
only on preserved fluorescing algae, the %VRo equivalent ranges 0.48 to 
0.61% indication that the thermal maturity has not yet reached the 
primary oil generation window. The variation of these measured values 
is due to the mixing and dilution of the higher reflecting and reworked 
vitrinite macerals, sourced from different depositional environments 
caused by variation in sea level (Gordon et al., 2021). Therefore, the R/G 
Q %VRo equivalent is likely a more accurate estimation of the thermal 
maturity in these samples. 

4.3. RF model performance and prediction 

Prior to the RF prediction model, the relationships between HI, OI, 
and the well log parameters were investigated using a series of scatter 
plots (Fig. 8). The results show no correlation between the HI, OI and the 
well log parameters. HI and OI were the only predicted attributes used in 
the RF model. 

The RF modelling is predicting HI and OI with significant correlation 

coefficients that range from 0.90 to 0.98 and 0.90 to 0.95 R2 respectively 
(Fig. 9). The MAE for HI and OI values range from 17.30 to 52.48 and 
2.82 to 12.79, respectively. The RMSE for HI and OI range from 21.43 to 
71.51 and 3.85 to 16.82, respectively. These values are relatively small 
given the overall large variation in HI and OI data. The Spearman’s rank 
correlation for HI and OI range from 0.87 to 0.97 and 0.90 to 0.96, 
respectively (Table 5). The South Tempest G-88 has the lowest MAE and 
RMSE as the HI and OI variation is relatively small with HI ranging from 
48 to 369 mg-HC/g TOC and OI ranging from 13 to 91 mg-CO2/g TOC. 
Well A has the highest variation with HI ranging from 0 to 907 mg-HC/g 
TOC and OI ranging from 2 to 158 mg-CO2/g TOC. This indicates the 
error values is likely only significant as the HI and/or OI values 
approach the applied cut-offs mentioned above for each of the three 
simplified groupings. Therefore, one must use caution as HI and OI 
values approach preconceived cut-off values. It should be noted that 
data overfitting can be an issue when using complex machine learning 
algorithms. However, since each tree is trained on a unique subsample of 
the data using bootstrapping techniques, RF models are robust and 
resistant to overfitting (Grimm et al., 2008; Handhal et al., 2020). A 
visual comparison of the final output of predicted HI and OI compared to 
the measured results can be seen in Fig. 10 for each well. A pseudo van 
Krevelen comparison of the measured vs. the predicted HI and OI for 
each well can be seen in Fig. 11. The HI prediction curves can predict the 
organic richness of each well where there were no samples taken. 
Similarly, the predicted OI graphs are emphasizing the depth where it is 
organic lean. These predictions further suggest organic richness is 
directly related to water depth and changes in depositional environment 
that affect the factors controlling the accumulation and preservation of 
organic matter. 

5. Conclusions 

This study tested the validity of using a Random Forest (RF) machine 
learning algorithm to predict hydrogen index (HI) and oxygen index (OI) 
using wireline logs. The RF model was trained using programmed py-
rolysis data (Rock-Eval 6 method) and detailed organic petrology. The 
predictions of HI and OI from the RF model was evaluated using four 
statistical error matrices. The results showed the RF prediction per-
formed very well with acceptable mean absolute error (MAE), root mean 
square error (RMSE), high correlation of determination (R2) and high 
Spearman’s rank correlations (R2). This study showed that by using an 
integrated approach and using machine learning algorithms the pre-
diction of important geochemical parameters from wireline logs can be 
satisfactorily achieved. Moreover, the results showed that samples with 
excellent hydrocarbon potential (high HI with low OI) are largely 
controlled by depositional environment. High hydrocarbon potential 
samples show an abundance of organic-rich lamalginites and filamen-
tous alginite related to deeper offshore marine depositional environ-
ments. Low hydrocarbon potential samples (low HI and high OI) are 
related to the dilution by clastic terrigenous organic matter input due to 
proximity to deltaic sediment source. This is evident by the observed 
abundance of reworked vitrinite, and inertinite macerals scattered 
organic matter in the silty argillaceous matrix. 

Table 5 
Error matrices for both HI and OI.  

Well name MAE RMSE R2 Spearman rank correlation # of samples 

HI OI HI OI HI OI HI OI 

Well A 47.14 12.79 71.51 16.82 0.92 0.90 0.97 0.94 29 
Panther P-52 47.78 8.65 60.41 11.51 0.90 0.93 0.89 0.83 37 
S.Merasheen K-55 52.48 2.82 69.42 3.85 0.93 0.92 0.96 0.93 41 
S.Tempest G-88 17.30 3.58 21.43 6.26 0.98 0.95 0.87 0.96 12  

J.B. Gordon et al.                                                                                                                                                                                                                               



International Journal of Coal Geology 249 (2022) 103903

22

Fig. 10. Final Random Forest output of HI and OI prediction for Well A, Panther P-52, South Merasheen K-55 and South Tempest G-88 wells.  
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Fig. 10. (continued). 
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