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A B S T R A C T   

This study develops a new artificial neural network (ANN) model for predicting the total organic carbon (TOC) of 
an organic-rich carbonate mudstone formation using conventional well log data and X-ray fluorescence spec-
troscopy (XRF) analysis. The data used in the study include conventional well logs, redox-sensitive elements from 
XRF, and TOC values measured in lab for a total of 150 core samples obtained from five wells. Selected well logs 
including gamma ray (GR), bulk density (RHOB), uranium (URAN), and XRF-derived elements, including mo-
lybdenum (Mo), copper (Cu), and nickel (Ni), were used to train and develop the ANN model to predict and 
generate continuous high-resolution TOC log profiles for the five wells. TOC data were classified into two groups 
based on geological descriptions and well locations. Statistical analyses were performed to establish the range of 
data used for each group and to evaluate relationships among the TOC and input parameters. The developed ANN 
model showed a high performance in providing a continuous profile of TOC. The difference between absolute 
average is less than 0.50 and the correlation coefficient (R-value) is greater than 0.70. Empirical correlations 
were extracted from the best performing ANN model, which will allow easy and quick estimation for TOC values. 
The developed correlations outperform available methods for determining TOC and reduce the estimation error 
by 42 %.   

1. Introduction 

In recent years, production of oil and gas has increased significantly 
using highly successful existing technology for extracting hydrocarbons 
from fined-grained organic-rich mudstones, especially in North Amer-
ica. Most of the production from these unconventional resources can be 
attributed to improvements in horizontal drilling and hydraulic frac-
turing technology. Formations well known as organic-rich mudstones, 
such as the Marcellus, Bakken, Niobrara, Eagle Ford, Wolfcamp, and 
Haynesville Formations, among others, exemplify these advancements 
(Staub, 2015). Throughout the exploration, assessment, and develop-
ment stages, total organic carbon (TOC) present in a formation is among 
the key parameters used to evaluate zones of interest or “sweet spots” 
prior to drilling and hydraulic fracturing (Curtis, 2002; Ma, 2015; 
Aldrich and Seidle, 2018). Organic matter abundance and pyrolysis 
values reflect source-rock quality and hydrocarbon volume before 

drilling (Hu et al., 2017; Maravelis et al., 2017; Wang et al., 2019; Zhu 
et al., 2019; Kong et al., 2020). 

TOC values are commonly quantified by pyrolysis of powdered rock 
samples, using an open-system pyrolysis experiment or a carbon 
analyzer. However, measurements of TOC have limitations. For 
instance, they require core or cuttings samples, which are not always 
available or may not fully represent variability within a formation. In 
addition, extended times required for sample preparation and analysis, 
along with costs, commonly either preclude routine TOC analysis or are 
data obtained without adequate reliability. Given these constraints, 
having a fast, accurate, and continuous quantification of TOC would 
significantly aid unconventional resource characterization (Yu et al., 
2017; Wang et al., 2019). 

Numerous studies have used developed models to quantify organic 
matter from conventional well logs since the 1940s. Most of the stan-
dard/existing models were developed and tested mainly for organic-rich 
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mudstones in North America (Fig. 1), such as the Bakken, Woodford, 
Barnett, and Haynesville Formations (Schmoker, 1979, 1981, 1981; 
Herron, 1986; Schmoker and Hester, 1983; Fertl and Chilingar, 1988; 
Hertzog et al., 1989; Passey et al., 1990; Luffel et al., 1992; Lewis et al., 
2002; Jacobi et al., 2008; Heidari et al., 2011; Ouadfeul and Aliouane, 
2014; Mahmoud et al., 2017, 2019, 2019; Elkatatny, 2019). More recent 
publications have also focused on mudstone/shale formations in China 
(Huang et al., 2015; Zhao et al., 2016; Nie et al., 2017; Wang et al., 2018; 
Zhu et al., 2018b, 2019). 

In early studies attempting TOC prediction from wireline logs, the 
principal goal was to distinguish between source-rock and non-source- 
rock intervals, using uranium, density, sonic, gamma ray, neutron, 
and resistivity logs, as well as with combinations among the logs (Beers, 
1945; Swanson, 1960; Schmoker, 1979, 1981; Meyer and Nederlof, 
1984; Mendelson, 1985; Herron, 1986; Hussain, 1987; Fertl and Chi-
lingar, 1988; Hertzog et al., 1989; Passey et al., 1990; Decker et al., 
1993; Lüning and Kolonic, 2003; Charsky and Herron, 2013). The last 
few years have witnessed a significant increase in unconventional dril-
ling and production activities globally, with a concomitant growth in 
TOC prediction publications (Fig. 1). In particular, many publications 
feature applications of machine learning to generate continuous TOC 
profiles derived from conventional well logs using different approaches 
and parameters (Huang and Williamson, 1996; Kamali and Mirshady, 
2004; Kadkhodaie-Ilkhchi et al., 2009; Amiri Bakhtiar et al., 2011; 
Khoshnoodkia et al., 2011; Alizadeh et al., 2012; Sfidari et al., 2012; 
Ouadfeul and Aliouane, 2014; Tabatabaei et al., 2015; Tan et al., 2015; 
Mahmoud et al., 2017, 2019; Bolandi et al., 2017; Wang et al., 2018; Zhu 

et al., 2018a; Asgari Nezhad et al., 2018; Elkatatny, 2019). 
Thus far, there is no unified algorithm or consistent set of parameters 

that can be applied directly to calculate TOC from well logs. For most of 
the reported cases, it is necessary to select appropriate logs specific for 
the formation as input before generating a model. This is typically 
necessary because mudstones tend to be extremely heterogeneous and 
their characteristics vary from one location to another (Schieber, 1999; 
Lazar et al., 2015). Heterogeneities in mudstones result from various 
processes, including characteristics of the original depositional setting 
that allow for deposition and preservation of organic matter. In the 
future, we expect that more innovative and efficient models will be 
developed to better quantify TOC with higher precision from different 
locations, and not limited only to mudstone formations in North 
America and China. 

Currently, an effort is underway in the Middle East to evaluate un-
conventional potential from prolific source-rock intervals (e.g., Hakami 
and İnan, 2016). To date, there are no developed TOC prediction models 
established and tested for source-rock formations in the Middle East, 
except for Hussain (1987) in Kuwait. Therefore, the principal objective 
of this study is to define a new empirical correlation that can be used to 
generate continuous TOC profiles with high accuracy for the Middle East 
region. Our approach is to use an artificial neural network (ANN) 
technique, based on well-log data and redox-sensitive elements, for an 
organic-rich carbonate mudstone in the Middle East. The proposed ANN 
model can be used to provide a quick and direct estimation for TOC. 
Also, XRF data were combined with conventional well-log data to 
improve the TOC prediction, and this approach has not been applied in 

Fig. 1. Numbers of published articles on TOC prediction using well logs (light blue: more than 20 publications, green: 10, yellow: 5, and orange: less than 2). Note a 
significant increase in publications, especially those using AI and machine learning in the past ten years (map source: getdrawings.com). (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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other recent TOC studies, such as Mahmoud et al. (2017) and Elkatatny 
(2019). Moreover, a new mathematical correlation was extracted from 
the best ANN model to allow future applications of the developed 
models. The prediction performance of the developed correlation was 
compared with available TOC models to ensure reasonable estimation 
errors. 

2. Methodology 

2.1. Data availability and laboratory measurements 

Core samples and conventional well logs for five wells from an 
organic-rich carbonate mudstone interval were used for this study. TOC 
measurements were conducted using open-system pyrolysis (Behar 
et al., 2001) of a total of 150 samples obtained at defined intervals from 
the five wells (Fig. 2) and correlated with available well logs, as listed in 
Table 1. The pyrolysis method aims to reproduce, in the laboratory, 
inferred changes in a subsurface environment induced by steadily 
heating rock samples, thus providing information about the organic 
characteristics of the source sample (Pepper and Dodd, 1995). Many 
geochemical parameters can be obtained from pyrolysis of the source 
rocks (Behar et al., 2001). Of these, the parameters essential for un-
derstanding source-rock quality include TOC, S1, S2, S3, and Tmax. TOC 
represents the amount of total organic carbon in the kerogen. S1 sig-
nifies the volume of free hydrocarbons present without thermal cracking 
of the kerogen at about 300 ◦C. S2 shows the volume of hydrocarbons 
released due to thermal cracking of the kerogen through the range 
300–650 ◦C. S3 quantifies the volume of CO2 released during pyrolysis. 
Tmax is the temperature for the highest peak of S2 and represents 
maximum subsurface maturity attainable by the source sample. 

High vertical resolution elemental compositions were acquired for 
each well using an energy dispersive X-ray fluorescence spectrometry 
(ED-XRF) analyser. The operational method applied was the one 
described by Rowe et al. (2012), with a total analysis time of 90 s each 
for both major and trace elements. The elemental composition mea-
surement was conducted by handheld ED-XRF with sampling intervals 
range from 0.5 ft (15 cm) to 1 ft. (30 cm). In total, around 800 points 
were measured from 700 ft. (213 m) across all five wells. This analysis 
provides all major elements, except sodium (Na), and a suite of trace 
elements that includes molybdenum (Mo), nickel (Ni), manganese (Mn), 
vanadium (V), chromium (Cr), cobalt (Cu), zircon (Zr), and strontium 
(Sr). Among the other major and trace elements, Mo, Cu, Ni, V are 
generally recognized as proxies for reduced redox conditions with a 
strong correlation to TOC (e.g. Algeo and Lyons, 2006; Goldberg and 
Humayun, 2016; Alnahwi and Loucks, 2019; Jeon et al., 2020) (Fig. 3). 

Higher concentrations of these elements (Mo, Cu, Ni, V) are char-
acteristic of oxygen-poor or oxygen-free bottom-water conditions, 
whereas lower concentrations are expected in sediments deposited 
under oxygenated bottom-water conditions for both ancient and modern 
settings. These elements, when in the reduced valence state, tend to be 
concentrated in sediments (Algeo and Lyons, 2006; Tribovillard et al., 
2006; Algeo and Rowe, 2012; Alnahwi and Loucks, 2019). A comparison 
between ED-XRF and wavelength-dispersive X-ray fluorescence 
(WD-XRF), inductively coupled plasma (ICP) and mass spectrometry 
(ICP-MS) are presented in Rowe et al. (2012). Those authors reported 
that ED-XRF analysis effectively defines chemostratigraphic changes in 
real time for both major and trace elements. Therefore, quantitative 
results can be used directly to evaluate the changes in paleo-redox 
conditions (Rowe et al., 2012). 

Fig. 2. The number of source-rock samples measured (top), and TOC distri-
bution range (middle and bottom) of five wells. G1: J1, J3, J5 (fair to excellent) 
and G2: J2, J4 (poor to good). 

Table 1 
Conventional well logs and XRF elements used as input for this study.   

Wells 
J-1 J-2 J-3 J-4 J-5 

TOC measurement (30 samples/well approx.) ✓ ✓ ✓ ✓ ✓ 
Gamma ray (GR, CGR) ✓ ✓ ✓ ✓ ✓ 
Sonic (DTCO, DTSM) ✓ ✓ ✓ ✓ ✓ 
Resistivity (ILD, ILM, ILS) ✓ ✓ ✓ ✓ ✓ 
Density (RHOB) ✓ ✓ ✓ ✓ ✓ 
SGR (URAN, THOR, POTA) ✓ ✓ ✓ ✓ ✓ 
Neutron porosity (TNPH) ✓ ✓ ✓ ✓ ✓ 
XRF (Mo, Cu, Ni) ✓ ✓ ✓ ✓ ✓  
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2.2. Statistical analysis 

Differences in sedimentological characteristics, lithofacies similarity, 
mineralogy, and TOC were used to group the five wells into two groups. 
Group 1 (G1) represents wells located more distal from the inferred 
terrigenous sediment source (Wells J1, J3, J5). These lithofacies are 
dominated by massive to faintly laminated fined-grained mudstones 
(clay-to very fine silt), abundant pyrite framboids, lack of burrowing, 
and inferred deposition in low-energy conditions in an anoxic to dysoxic 
water column below storm wave base. Group 2 (G2) represents more 
proximal wells (Wells J2, J4). These lithofacies are dominated by coarse- 
grained mudstones (coarse silt), well-developed current-generated 
structures, and pervasive bioturbation. Deposition is interpreted to have 
occurred in a moderate-energy environment, closer to the source of 
terrigenous input. Generally, Group 1 wells contain more favorable 
source-rock lithologies, while Group 2 wells were leaner (Fig. 2). Also, 
elemental compositions vary significantly among the wells, with silicon 
predominantly higher in the proximal wells (especially upper section of 
well J2 and J4), while redox-sensitive trace elements and clays are 
higher in the distal wells (J3, J1, and J5) (Fig. 4). 

Initial pre-processing analysis was performed by removing the zero 
and outlier values. Hence, around four points were excluded from the 
first group, while no points were removed from the second group. 

Statistical analysis was performed to determine parameters such as 
standard deviation, skewness, and kurtosis. Table 2 and Table 3 list 
statistical results for G1 and G2, respectively. For the first group, TOC 
varies between fair to excellent, with a standard deviation of 1.2, and 
fair to good for the second group with a standard deviation of 0.81. 

In addition, Pearson parametric correlation analysis was performed 
to determine the strength of association between multiple parameters 
and TOC. For the first group, the TOC showed strong dependence on Mo, 
Cu, Ni, and URAN, with a positive correlation between 0.32 and 0.50, 
indicating that increasing any of these parameters correlates with an 
increase in the TOC value. Negative correlation coefficient values were 
obtained for corrected gamma ray (CGR), density (RHOB), potassium 
(POTA), and thorium (THOR), indicating that increased values of these 
parameters correspond to reduced TOC values. 

The same procedures were applied to the second group. Positive 
correlation coefficient values were obtained also between TOC and Mo, 
Cu, Ni, and URAN, with strong negative values observed for RHOB, 
POTA, CGR compared with the first group. The relationships among 
TOC and all logging parameters used in this study are shown in Fig. 5. 
The logging parameters were ordered from the highest to the least 
impact based on their correlation with TOC. Ultimately, the results of 
this statistical analysis will be used to select the main input parameters 
that will be used for estimating the continuous TOC profiles for each 

Fig. 3. Selected major and trace-element correlations from XRF analysis. There is a strong correlation among TOC and Mo, Cu, Ni for all wells. The distribution of 
each variable is shown on the diagonal. On the bottom of the diagonal: the bivariate scatter plots with a fitted line are displayed. On the top of the diagonal: the value 
of the correlation plus the significance level as stars. Each significance level is associated to a symbol: p-values (0, 0.001, 0.01, 0.05, 0.1, 1) ≤> symbols (”***“, “**“, 
“*“, “.“, " “). Green rectangle: TOC with Mo, Cu, Ni). (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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group. 

2.3. Developing ANN models 

The ANN method used to develop the new TOC model was based on 
well logs and elemental XRF analyses. The dataset was split randomly 
into 70 % for training the ANN models to capture the relationship be-
tween input parameters and TOC, while the remainder was retained for 
model validation and test phases. The structure of the ANN model was 
examined to optimize the ANN models, minimize prediction error, and 
reduce model complexity. The number of layers and neurons per layer 
was adjusted until the best predictive model was identified, that is, 
identifying the model that has the maximum correlation coefficient and 
minimum estimation error. Thereafter, the remainder of the data (30 %), 
which were unseen by the model during the training phase, were used to 
validate and test the model’s reliability. 

A continuous profile of TOC values was predicted using four input 
parameters, which were statistically selected. Initially, TOC was esti-
mated using the well logs only; however, considerable estimation error 
was observed. Therefore, the results of XRF analysis were used to 
improve the TOC prediction. In particular, Mo, Cu, and Ni were used to 
enhance the ability of well logs to provide a more accurate TOC profile. 
Among all logs and XRF parameters, variables of the highest correlation 
coefficient values were used to determine TOC. For the first group, TOC 
was predicted based on the profiles of Mo, Cu, Ni, and URAN, while in 
the second group, the profiles of Mo, RHOB, CGR, and POTA were used 
to estimate TOC. 

2.4. Evaluation criteria 

Several error indices were utilized to evaluate prediction perfor-
mance of the developed ANN models. Average absolute difference 
(AAD) and correlation coefficient (R-value) were calculated between the 
actual measured TOC and TOC values predicted using the developed 
ANN models. AAD and R-value for both training and testing data were 
utilized to indicate the estimation error and to select the best ANN 
model. The best predictive model is defined by the highest R-value and 
smallest AAD for both training and testing data. These evaluation 
criteria were determined using Equations 1 and 2: 

AAD=
1
N

∑N

i=1

( ⃒
⃒(TOCa) −

(
TOCp

)⃒
⃒
)

i (1)  

R − value=

∑N
i=1

[(

(TOCa)i − TOCa

)

−

(
(
TOCp

)

i − TOCp

)]

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1

[(

(TOCa)i − TOCa

)]2
√

*
∑N

i=1

[(
(
TOCp

)

i − TOCp

)]2

(2)  

where N is the total number of TOC samples, i is the sample number, 
TOCa is the actual measured TOC, TOCp is the TOC predicted using the 
developed ANN model, TOCa is the average (mean) value for all actual 
measured TOC, and TOCp is the average value for all predicted TOC. 

2.5. Comparison analysis 

For comparison, prediction performance of the developed ANN 
models was compared with the Schmoker and Hester (1983) correlation, 
and the ANN-based model developed by Mahmoud et al. (2019). The 
Schmoker and Hester correlation, given by Equation (3), is one of the 
most widely used methods for TOC prediction. However, this model is 
mainly based on density log without considering other parameters. The 
Mahmoud et al. (2019) model is one of the most recent and effective 
models developed using AI techniques, and it also outperforms all pre-
vious TOC models. Therefore, the models of Schmoker and Hester 

Fig. 4. Ca–Si–Al ternary diagram populated with XRF data for both groups. G1 
(Wells J3, J1, J5) is categorized as marl/marly limestone, while G2 (Wells J2, 
J4) is more siliceous. Modified from Brumsack (1989) and Amendt et al. (2018). 

Table 2 
Statistical analysis results for the first group (Wells 1,3, 5).  

Parameter Standard Deviation Skewness Kurtosis 

CGR 10.45 − 0.11 2.26 
DTCO 5.47 − 0.26 2.09 
DTSM 8.72 − 0.19 2.35 
GR 20.81 − 0.52 2.79 
ILD 716.95 4.38 21.05 
ILM 666.85 4.34 20.87 
ILS 665.99 4.43 22.40 
PEF 0.58 1.01 2.55 
POTA 0.28 − 0.27 2.02 
RHOB 0.09 2.58 9.16 
THOR 1.64 0.05 2.61 
TNPH 0.05 0.14 2.16 
URAN 1.90 − 0.03 2.19 
Cu 41.20 2.20 6.00 
Ni 32.64 0.99 − 0.17 
Mo 53.56 1.58 3.15 
TOC 1.20 0.72 3.52  

Table 3 
Statistical analysis results for the second group (Wells 2, 4).  

Parameter Standard Deviation Skewness Kurtosis 

CGR 12.43 − 0.25 1.81 
DTCO 4.89 0.41 2.28 
DTSM 8.15 0.65 1.96 
GR 13.40 0.44 2.19 
ILD 543.95 2.15 7.11 
ILM 511.84 2.50 9.31 
ILS 516.52 2.34 7.84 
PEF 0.27 − 0.60 2.84 
POTA 0.36 − 0.30 1.76 
RHOB 0.03 − 0.27 1.90 
THOR 2.16 0.10 1.74 
TNPH 0.05 0.89 2.75 
URAN 1.02 2.19 9.16 
Cu 17.21 3.37 12.17 
Ni 21.60 3.30 13.97 
Mo 31.73 1.82 3.69 
TOC 0.81 1.18 4.89  
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(1983) and Mahmoud et al. (2019) were both used for comparison 
analysis, 

TOC (wt%) =

(
154.497

ρ

)

− 57.261 (3)  

where TOC is the total organic carbon (wt.%), and ρ is the formation 
bulk density (g/cm3). 

In addition, the structure of the ANN model developed by Mahmoud 
et al. (2017) was used to determine the TOC profile. Conventional well 
logs (bulk density, gamma ray, compressional transient time, and deep 
induction resistivity logs) were used to estimate TOC from the Missis-
sippian (Lower Carboniferous) Barnett Shale and Devonian Duvernay 
Formation. Parameters used in the Mahmoud et al. (2017) ANN model 
are provided in Table 4. 

3. Results and discussion 

3.1. Source rock quality 

Pyrolysis of the subsurface samples of the studied formation in-
dicates a good quality source rock; TOC values exceed 5 wt% in some 
intervals. These high TOC values are not uniformly distributed by 
location and depth, with quality ranging from poor to excellent across 
the five wells. Fig. 2 shows the TOC distribution and number of samples 
analyzed for source-rock characterization. This discrete distribution 
model clearly shows that Wells J2 and J4 have lower organic richness, 
while Wells J1, J3, and J5 show good to very good organic richness 
distribution (Fig. 2). 

3.2. Building the ANN model 

3.2.1. First group (G1) 
This group consists of three wells: J1, J3, and J5. TOC was estimated 

using four input elemental parameters: Mo, Cu, Ni, and U (Fig. 5). Se-
lection of the input parameters was made based on the correlation co-
efficient analysis, along with geological information that indicates that 
TOC values commonly covary with Mo, Cu, Ni, and URAN. Average 
absolute difference (AAD) and correlation coefficient (R-value) methods 
were used to evaluate the prediction performance and to select the best 
ANN model. 

Iteratively, several cases of ANN models were examined to obtain the 

Fig. 5. The importance of different logging and XRF parameters in relation to TOC values of groups G1 and G2.  

Table 4 
ANN model proposed by Mahmoud et al. (2017).  

Parameter Value 

Transfer function tansig 
Learning function trainlm 
Number of neurons 5.0 
Number of hidden layers 1.0  
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best predictive model. Parameters of the ANN model, such as hidden 
layers and number of neurons per layer, were optimized manually until 
the best prediction performance based on the minimum estimation error 
was achieved. For this group (G1), the best ANN model consists of three 
layers with eight, seven, and six neurons in the first, second, and third 
layers, respectively (Fig. 6a). The actual values of TOC plotted against 
the predicted values using the ANN model for all data are shown in 
Fig. 7a. The actual TOC values versus the predicted values for the 
training data are shown in Fig. 7b, with an AAD of about 0.68; the 
correlation coefficient is 0.76. Fig. 7c shows a crossplot between the 
actual TOC and the predicted TOC values using the new ANN model, 
during the testing stage. The AAD values and correlation coefficient are 
0.50 and 0.71, respectively. 

3.2.2. Second group (G2) 
This group consists of Wells J2 and J4. Overall, none of the TOC 

samples was excluded for this group. Similar to G1, statistical and cor-
relation coefficient analyses were used to select appropriate input pa-
rameters. TOC for the second group was estimated based on CGR, POTA, 
RHOB, and Mo (Fig. 5). 

The ANN structure was investigated to determine the optimum 
structure that improves TOC prediction, which is defined by the mini-
mum estimation error and highest R-value. Hidden layers between 1 and 
3 were investigated, and the number of neurons between 1 and 50 was 
selected by achieving the lowest estimation error. The best ANN model 
was constructed of one hidden layer with eight neurons (Fig. 6b). Fig. 8a 
shows the actual and predicted TOC for all data used in the second 
group. Fig. 8b and c show the actual TOC plotted against predicted TOC 
values using the new ANN model for the training and testing data, 
respectively. For the unseen data (testing data), the average absolute 
difference is 0.36 and the correlation coefficient is 0.83, indicating good 
performance of the developed ANN model in predicting TOC values. 

3.3. ANN model performance 

Table 5 compares performance of the developed ANN models for the 

two groups. Overall, the developed ANN model for the second group 
(G2) showed better prediction performance compared to the ANN model 
for the first group (G1). This can be attributed to the quality of the TOC 
data, with more geologically heterogeneous characteristics (texture, 
composition) in the wells from G1 compared to those in G2. Also, this 
could be due to the types of inputs in each group; gamma ray and bulk 
density were used to predict the TOC for the second group. The corre-
lation coefficient for the testing data for G2 is about 0.83, and 0.71 for 
G1. Also, the maximum TOC difference between the actual and pre-
dicted values are 0.75 and 0.53 for the G1 and G2, respectively. 

3.4. New empirical equations 

The optimized ANN models were used to develop new empirical 
correlations that can provide an effective and quick estimation for TOC. 
The new correlations can be used to determine TOC using standard well 
logs and XRF elemental analyses. Weights and biases were extracted 
from the best ANN predictive models. The new correlation for esti-
mating TOC is given by the following equation: 

TOC =

[
∑N

i=1
w2i

(
2

1 + e− 2(w1i,1(X)j+b1i)

)]

+ b2 (4)  

where TOC is total organic carbon (wt.%), N is the total number of 
neurons, w1 and w2 are the weights of the hidden and output layers 
respectively, Xj represents the model inputs (well logs and XRF results), 
and b1 and b2 are the biases for the hidden and output layers, respec-
tively. The values of the weights and biases needed for Equation (4) are 
listed in Tables A1 and A2 in the Appendix. 

3.5. Comparison analysis 

Prediction performance of the ANN models developed in this study 
was compared with the Schmoker and Hester (1983) and Mahmoud 
et al. (2017) models. The average absolute difference (AAD) and cor-
relation coefficient (R-value) between the actual TOC and TOC 

Fig. 6. Designed structure for ANN model. Three hidden layers with eight, seven, and six neurons for G1 (A). Single hidden layer and eight neurons for G2 (B).  
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predicted using different methods are provided in Fig. 9. Among all TOC 
models, the developed ANN model for this study showed the best per-
formance in determining TOC. Compared to other models, the estima-
tion error can be reduced by around 42 % by using the newly developed 
ANN model; the AAD was reduced from 1.27 to 0.63, and from 0.51 to 
0.33 for G1 and G2, respectively. 

In addition, Fig. 10 shows actual TOC values plotted against the TOC 
predicted using the Schmoker and Hester (1983) and Mahmoud et al. 
(2017) models, as well as TOC from the newly developed ANN model. 
For both groups (G1 and G2), the new ANN model showed better 

Fig. 7. Actual TOC plotted against predicted TOC for the first group. (A) 
Training and testing dataset, (B) training dataset, and (C) testing dataset from 
the developed ANN model. 

Fig. 8. Actual TOC plotted against predicted TOC for the second group. (A) 
Training and testing dataset, (B) training dataset, and (C) testing dataset from 
developed ANN model. 

Table 5 
Comparison between the first (G1) and second groups (G2).  

Group R-Value AAD Maximum TOC (%) 
Difference 

Training Testing Training Testing 

G1 0.76 0.71 0.68 0.49 0.74 
G2 0.86 0.83 0.32 0.36 0.53  
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performance than the other two models, especially at high TOC values 
(Fig. 11 and Fig. 12). Correlation coefficient analysis reveals that the 
developed ANN model improves TOC prediction with factors of 2.86 and 
1.34 for G1 and G2, respectively. 

These model comparisons have shown that there is no single highly 
performing model that can be deployed “out of the box” to predict TOC 
from organic-rich mudstones especially in a new area/formation. Using 
a single parameter, as demonstrated by Schmoker and Hester (1983), 
cannot effectively predict TOC. The Schmoker and Hester (1983) model 
considered organic matter to be proportional to the formation bulk 
density; however, this relationship is not applicable universally. For 
instance, in our area (with wells a few kilometers apart) bulk density has 
a strong negative correlation with TOC in G2 but not in G1 (Fig. 5). 
Combining different parameters enhances prediction, as reported by 
Mahmoud et al. (2017). In our study, there was no strong correlation 
among parameters used by Mahmoud et al. (2017) and TOC. Therefore, 
selecting an appropriate input is essential prior to generating a predic-
tive model. 

Variations in model effectiveness are likely affected by heterogeneity 
within the mudstone intervals investigated. Several comprehensive 
sedimentologic and stratigraphic studies of a variety of Phanerozoic 
mudstones revealed the complexity and heterogeneity of these rocks, 
from small-to large-scale observations (Aplin et al., 1999; Macquaker 
and Bohacs, 2007; Aplin and Macquaker, 2011; Hart et al., 2015; Lazar 
et al., 2015; Denommee et al., 2016; Schieber, 2016a, 2016b). These 
rocks were formed through a range of depositional processes in different 

tectonic, paleogeographic, paleoenvironmental (i.e. proximal versus 
distal), and paleoclimatic conditions. Such ranges in depositional con-
ditions yielded, not surprisingly, a range of compositional variations 
(mineralogy, element, faunal, organic richness, etc.). Therefore, every 
mudstone will vary from place to place and their compositions will be 
different. Therein lies the challenge for developing predictive models for 
TOC. 

3.6. General correlation 

Correlation results from model-predicted and laboratory-measured 
TOC values were plotted from well-to-well to observe their general 
trends and differences (Fig. 13). Both outcomes have a southward- 
thinning trend of higher TOC values based on a North-South correla-
tion. Of course, laboratory-measured TOC values are sparsely repre-
sented (Fig. 13A). The model-predicted TOC in comparison (Fig. 13B) 
provides a continuous curve compared with the laboratory-measured 
ones, allowing greater vertical resolution and the potential for 
enhanced fine-scale correlation among wells. 

Fig. 13 also indicates an increasing TOC richness, from “fair” in 
proximal wells to “very good – excellent” in the distal basinal setting. 
Having continuous TOC results combined with lithological characteris-
tics and inorganic elemental geochemistry aided in defining packages 

Fig. 9. Average absolute difference (AAD) and correlation coefficient (R-value) 
for different TOC determination models, G1 (A) and G2 (B). 

Fig. 10. Actual TOC plotted against TOC predicted using different models, G1 
(A) and G2 (B). 
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within the study interval. The 12 lithofacies described (Chan et al., 
2020; Humphrey et al., 2020) were grouped into three principal facies 
associations (FA1, FA2, FA3), with differences related to sedimentary 
features, depositional processes, elemental composition, bioturbation 
index, and organic richness (Fig. 13). The ANN model provides 
higher-resolution refinement of the facies associations. Facies Associa-
tion 1 is characterized by medium to high organic content, low bio-
turbation indices, and low clay content, corresponding to anoxic to 
dysoxic oxygen levels. Facies Association 2 is characterized by high 
organic content, low bioturbation indices, high clay content, and 
terrigenous-sourced elements, corresponding to anoxic bottom waters. 
Facies association 3, is characterized by low organic content and high 
bioturbation indices, and was deposited in more oxygenated waters. 

Significantly, integration of multidisciplinary approaches to defini-
ing lithologic and geochemical characteristics (core descriptions, 
petrography, elemental and isotopic analyses, etc.) enables accurate 
predictions that result in better de-risking strategies for evaluating 
successful unconventional plays in terms of estimations of source-rock 
quality, identification of sweet spots, and can aid in designing/ 
executing well placement and completion strategies. 

4. Conclusions 

An artificial neural network was used to develop a TOC prediction 
model using conventional well logs (gamma ray, density, uranium) and 
XRF elemental analysis (Mo, Cu, Ni) of an organic-rich carbonate 
mudstone interval. The new ANN model showed better performance 
than other published models, especially at high TOC values. Estimation 
error has also been proven to decrease by around 42 % using the newly 
developed ANN model, compared to other ANN-TOC models from the 
literature. Furthermore, there was a significant reduction in AAD values 
documented in this study, with reductions from 1.27 to 0.63 and 0.51 to 
0.33 for groups G1 and G2, respectively. This study also shows that 
appropriate input parameter selection is essential prior to generating a 
reliable TOC prediction model because TOC correlation with well logs 
varies from place to place. Having continuous TOC results combined 
with other parameters will benefit unconventional petroleum system 
assessments. 

Fig. 11. Representative TOC results from the first group (G1, Well J-1). Continuous curves (blue) are model generated. Comparison is shown with published models 
of Mahmoud et al. (2017) and of Schmoker and Hester (1983). LF is lithofacies. (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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Fig. 12. Representative TOC results from the second group (G2, Well J-2). This plot shows lower TOC and Mo values compared with those of the first group (Fig. 10). 
LF is lithofacies. 
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Fig. 13. North-South correlation section for the five wells. Comparison between laboratory measured TOC (A) and TOC predicted from the logs (B). Color-coded 
relative TOC richness is shown in the middle track of the plots. The TOC prediction model provides a continuous and high-resolution vertical and lateral TOC 
distribution. TOC increases in general from the north (more proximal setting) to south (more distal setting). (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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Abbreviations 

TOC Total Organic Carbon (%) 
GR Gamma ray (API units) 
CGR Corrected Gamma ray (API units) 
POTA Potassium (%) 
THOR Thorium (ppm) 
URAN Uranium (ppm) 
DTCO DSI Compressional Slowness (microsec/ft) 
DTSM DSI Shear Slowness (microsec/ft) 
ILD Induction deep resistivity (Ohm. m) 
ILM Induction medium resistivity (Ohm. m) 
ILS Induction shallow resistivity (Ohm. m) 
RHOB Bulk Density (g/cm3) 
PEF Photoelectric Effect (barns/e− ) 
SGR Spectral Gamma ray (API units) 
TNPH Thermal Neutron Porosity (%) 

Appendix 

Weights and biases needed for the developed ANN models  

Table A1 
The values of the weights and biases needed for Equation (4), for G1.  

Number of Neurons Input layer First Hidden layer 

Weights (w1) Biases (b1) Weights (w2) Biases (b2) 

X1 X2 X3 X4 X1 X2 X3 X4 

1 2.31 − 0.57 1.25 1.25 − 1.45 − 1.83 0.83 − 0.38 0.08 − 0.20 
2 − 1.95 0.20 − 1.77 1.19 2.13 − 1.27 0.99 0.01 0.71 − 0.60 
3 0.77 − 0.53 1.84 1.26 1.22 0.93 − 0.17 − 0.92 0.28 − 0.49 
4 0.07 0.21 − 2.11 − 0.86 − 1.04 0.08 0.70 1.49 − 0.53 − 0.20 
5 0.82 0.58 − 2.33 − 0.13 − 1.44 − 0.32 − 0.42 − 0.07 0.55 − 1.06 
6 1.06 1.14 − 1.18 1.15 0.95 1.18 0.50 0.57 0.58 − 0.10 
7 − 1.81 − 0.20 − 0.53 0.22 − 2.29 1.70 0.74 1.03 0.36 − 0.41 
8 − 2.16 − 1.40 − 1.21 1.39 − 0.73       

Number of Neurons Second Hidden layer Output Layer 

Weights (w3) Biases (b3) Weights (w4) Bias (b4) 

X1 X2 X3 X4 

1 − 0.56 − 0.87 − 0.41 − 0.93 − 0.47 0.37 0.425 
2 − 1.37 − 0.95 0.97 − 1.26 − 0.79 − 0.24 
3 − 0.06 − 0.15 − 0.48 0.40 0.36 1.85 
4 − 0.48 0.98 0.31 1.17 − 0.48 − 1.74 
5 − 0.78 − 0.51 1.04 − 1.03 − 1.82 0.63 
6 1.06 0.38 − 0.35 − 0.34 − 0.92 1.31   

S.A. Chan et al.                                                                                                                                                                                                                                 



Journal of Petroleum Science and Engineering xxx (xxxx) xxx

14

Table A2 
The values of the weights and biases needed for Equation (4), for G2.  

Number of Neurons Input layer Output Layer 

Weights (w1) Biases (b1) Weights (w2) Bias (b2) 

X1 X2 X3 X4 

1 − 1.28 1.43 2.18 − 1.14 − 0.45 0.00 0.023 
2 3.13 − 2.72 − 0.46 0.09 − 0.35 0.13 
3 1.37 − 1.95 − 0.44 1.08 − 2.09 0.49 
4 − 0.50 − 1.63 − 1.40 0.55 0.23 − 1.32 
5 0.22 − 1.25 0.95 − 2.56 1.03 0.23 
6 2.07 1.24 − 0.22 − 1.41 − 0.35 0.11 
7 − 1.96 − 2.00 1.09 1.26 − 0.21 − 0.44 
8 2.56 − 0.13 − 1.12 − 1.30 − 1.43 − 0.94 
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