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ABSTRACT 

Formation G, a prominent part of the Mesozoic Yanchang Formation in the Ordos Basin, 

has attracted much attention because of its possible use as a reservoir for shale oil. The 

shale reservoir has excellent potential, but its TOC and mineral composition still need to 

be better understood and characterized, making it challenging to utilize and manage fully. 

This study seeks to estimate and assess the Total Organic Carbon (TOC) content using 

the Multiple Linear Regression, Passey, Machine Learning, and Stacking model. Multiple 

Linear Regression and Machine Learning (ML) were effectively utilized to estimate the 

mineralogical composition (clay, feldspar, quartz) and petrophysical features, such as the 

porosity of the Formation G shale. 

The TOC results from Passey's method, MLR, and Stacking Model were in good 

agreement with the depth at which the TOC core data was measured, and it also shows a 

strong correlation with high gamma ray zones identified by gamma logs in the studied 

Shale Reservoir. Meanwhile, the MLR method outperformed the other methods, 

producing more reliable agreement with the core data for TOC and the evaluated TOC. 

Results for evaluating three critical minerals (clay, feldspar, and quartz) and porosity in 

the shale plays obtained from the MLR method indicated good predictive performance. 

However, the advanced machine learning techniques, namely Gradient Boost and 

Extreme Gradient Boost (XGBoost) models, demonstrated higher accuracy during both 

the training and testing phases, with error quantified using Mean Absolute Error (MAE), 

Root Mean Square Error (RMSE), and the square of the correlation coefficient (R²). The 

training phase of Gradient Boost models showed minimal errors and high correlation, 

whereas XGBoost models exhibited slightly lower accuracy metrics but demonstrated 

good predictive performance. 

According to this research, the TOC could be analyzed using Passey’s, MLR, ML, and 

Stacking Model as the results showed an acceptable agreement between the lab 

measurements of TOC and the predicted TOC. It was also established that MLR, ML, and 

Stacking models can be used to gain valuable insights into shale formations' TOC, mineral 

content, and porosity. This approach can optimize the evaluation and production of 

unconventional shale reservoirs worldwide. Additionally, this method may replace 

traditional techniques for determining TOC and mineralogy, providing a cost-effective 

and resource-efficient alternative, mainly when cores and mineralogy logs are unavailable 

for the Well. The methodologies and machine learning processes described in this study 

could potentially be applied to developing other shale gas and oil fields.
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Chapter 1 Introduction 

1.1 Background 

Currently, the global energy pattern is dominated by the three traditional energy sources 

of oil, natural gas, and coal, supplemented by clean energy sources, such as nuclear, wind, 

and biomass energy, and vigorously developing new energy sources. With the proposal 

of a double-carbon target, the transformation of the global energy structure is gradually 

increasing (Zou, 2021). Natural gas is a clean, low-carbon, high-quality, and high-

efficiency fossil fuel that can complement renewable energy. It is positioned as the most 

realistic choice for replacing coal, realizing cleanliness and low carbonization. It is the 

lifelong partner of renewable energy, playing a pillar role in transforming and developing 

energy from high to low carbon in the future (Bilgen & Sarıkaya, 2016; Lu & Zhao, 2013; 

Zou, 2021). Accelerating the development of the natural gas industry is one approach to 

consistently promoting the transformation of the energy consumption structure and 

building green, clean, safe, and efficient modern energy systems. It is also a viable option 

to strengthen energy conservation and emission reduction while actively responding to 

environmental issues, such as climate change. 

Natural gases include both conventional and unconventional gases. Among them, 

unconventional natural gas is the main field of current and future exploration. It is a 

realistic and clean energy source with large-scale development and commercialization. 

Shale gas has great resource potential as an essential unconventional natural gas source. 

In recent years, through the establishment of China's shale gas national demonstration 

zone, a technical mode suitable for shale gas exploration and development has gradually 

formed through continuous exploration and breakthroughs. China has also become a third 

country after North America in achieving commercial development (Dong, 2016; S.-J. 

Wang, 2015; Xie, 2018). At the end of 2018, China had become the second-largest shale 

gas producer in the world (Jiao, 2019; W. Niu, 2023). 

Shale oil is becoming an increasingly attractive area for exploration and development. 

China's vast shale oil deposits could be fully realized by improving drilling techniques 

and utilizing advanced technologies. However, it is important to note that shale, 

conventional, and gas reservoirs differ significantly in their physical characteristics, pore 

structures, and fluid occurrence modes. Oil and gas are self-generating and self-storing. 

However, industrial oil and gas flow can only be obtained via volume fracturing as there 

is no production capacity under natural conditions. The conventional reservoir depends 

on the physical qualities of the reservoir, such as porosity, permeability, oil saturation, 

and other variables. 
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Evaluation of shale reservoirs includes log characteristics, log R, and log curve overlap. 

Passey et al. (Q. R. Passey, 1990) proposed the most widely used log R approach, initially 

employed to identify significantly organic-rich source rocks. Shale has considerable 

thickness, good continuity, and slight variation in mineral content. Therefore, results 

obtained from the ΔlogR method were more promising in identifying high-quality shales. 

The stress-strain curve for rocks is an intuitive and effective method of determining the 

qualitative brittleness of rocks. Thus, there are two primary methods for determining rock 

brittleness: the first is based on Young's modulus and Poisson's ratio approach, which 

does not consider the effect of stress and mineral content on the brittleness index as this 

approach is satisfactory for strata with wide variations in burial depth and mineral type. 

The second approach depends on the number of brittle minerals in the rock (e.g., feldspar, 

quartz, and carbonate). This method primarily considers the effect of a single mineral 

composition factor on rock brittleness and does not consider the impact of rock diagenesis 

and evolution on brittleness. When employing the mineral approach, it is necessary to 

identify the main types of brittle minerals and the diagenesis background in the study area 

and create a suitable evaluation model. Shale reservoirs should be evaluated based on 

both geological properties and engineering improvements. Numerous investigations have 

been conducted on shale oil geological properties, formation mechanisms, enrichment 

laws, volume transformations, and increased oil recovery (Zou, 2013). However, most 

shale evaluations have focused on a single element. Shale reservoirs' geological and 

engineering properties have rarely been combined to assess their sweet spots thoroughly. 

Research and development of shale oil formations have proven that even geological 

hotspots with high hydrocarbon generation potential are only sometimes engineering 

hotspots for volumetric fracturing. Shale oil and gas evaluation aims to identify a sweet 

spot location for shale development by merging geological and engineering features, 

yielding integrated geological engineering development. 

The properties of shale, such as its total organic content, mineral composition, and other 

physical characteristics, play a crucial role in the successful design and execution of 

hydraulic fracturing operations. Proper evaluation of these properties helps determine the 

production potential of shale. However, limited literature is available on using artificial 

intelligence to predict mineralogy. This lack of research motivated us to conduct a study 

on Formation G Shale of the Ordos, as shown in Fig. 1.1.  

This study uses readily available conventional logs and XRD data from core logs to 

anticipate Formation G total organic content and mineralogy, specifically clay, feldspar, 

quartz minerals, and porosity. Both minerals are vital constituents of shale and aid in 

determining the brittle and ductile zones within the shale formation. 
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Fig. 1.1: Plane Distribution showing the Ordos Basin and distribution map of continental 

shale oil in four basins (modified after (Jiao, 2020)) 

1.2 Geological settings of the study area  

The study area of this work is the Formation G shale reservoir of Ordos. The Ordos Basin, 

which includes the provinces of Shaanxi, Ningxia, Gansu, Inner Mongolia, and Shaanxi, 

is China's second-largest oil and gas-bearing basin. As a result of Indonesian movement 

and tectonics in the Late Triassic, the Yanchang formation in the basin formed a complete 

and typical clastic sedimentary system with fluvial lacustrine facies. Chronologically, the 

sedimentary cycle separates into ten oil-bearing formations (Formation J - Formation A) 

from bottom to top. The Formation J - Formation G period is primarily the lake's 

expansion period, with the shoreline rapidly moving outward. 

The lake basin reached its peak during the Formation G3 period. The primary source rocks 

of the Mesozoic basin were widely deposited deep lake mudstone. After a brief period of 

lake flooding, the basin entered a shrinking phase during the Formation F - Formation J 

period. 

The lake basin gradually vanished from the Formation C - Formation A route. Several 

favorable source-reservoir-cap compositions resulted in the vertical creation of many oil-

bearing series within the reservoir. Fig. 1.2.  
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The Jiyuan Oilfield is located between the secondary tectonic units Yishan Slope and 

Tianhuan Sag in the western Ordos Basin. It was in the sedimentary core of the lake basin 

during the Triassic Formation G period. The water depth is significant, and deep lake-

semi-deep lake surfaces have developed. The basin's primary rock source is vast strata of 

lacustrine, organic-rich black mudstone (Fig. 1.2). According to core observations, 

Formation G primarily produces carbonaceous mudstone containing plant bits, fish scales, 

and fish stone. The hydrocarbon source rock is often thicker than 40 meters. Sapropel 

Formation and vitrinite predominate in the kerogen, particularly kinds II and I. Formation 

G shale minerals include clay minerals (such as illite, smectite, and chlorite), quartz, 

feldspar, and carbonate. These minerals contribute to the mechanical properties of the 

reservoir, pore structure, and brittleness of the shale reservoir. 

Natural fractures are a prominent feature of the Formation G shale reserve. These 

fracture's orientation, distribution, and connectivity alter the formation's fluid flow and 

migration pathways, making them a key consideration in exploration, exploitation, and 

production strategies. 

Finally, the geology of the Formation G formation in the Ordos Basin provides a vast 

collection of information about ancient ecosystems and hydrocarbon potential. Its 

organic-rich shale, mineralogical composition, natural cracks, and depositional history 

add to its importance as a shale oil and gas source. As energy exploration and extraction 

evolve, Formation G remains a hotspot for research and innovation in conventional 

hydrocarbon resources. 
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Fig. 1.2 Location and stratigraphy of the study area (modified after (Ma, 2021) ) 

1.3  Problem statement 

Formation G, a prominent part of the Mesozoic Yanchang Formation in the Ordos Basin, 

has attracted much attention because of its possible use as a reservoir for shale oil. The 

Formation G shale reservoir has excellent potential. However, its mineral composition 

still needs to be better understood and characterized, making it challenging to utilize and 

manage fully shale formations such as the Formation G shale. Precise assessment is 

critical because it directly affects the mechanical characteristics of the reservoir, its 

capacity to produce hydrocarbons and the efficiency of hydraulic fracturing. 

Traditional analysis methods, predominantly based on X-ray diffraction (XRD) and 

scanning electron microscopy (SEM), are effective, often time-consuming, and costly. 

They require physical samples that might not always adequately present the entire bulk 

reservoir. Moreover, these methods may only partially capture the heterogeneity and 

complexity of shale formations, leading to less precise characterization and evaluation. 

The development of machine learning and sophisticated statistical techniques presents a 

viable remedy. The use of these methods, in particular, machine learning and multiple 

linear regression, to precisely forecast and assess the mineral content of shale reservoirs, 

such as clay, feldspar, quartz, and porosity in the Formation G formation, is still in its 
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infancy. More thorough implementation of these techniques is needed for predictive 

analysis, especially when dealing with intricate and diverse geosciences and petroleum 

engineering formations. 

Furthermore, it needs to be clarified how Formation G relates to geological 

characteristics, including thermal maturity, total organic content, and total porosity. 

Machine learning and multiple linear regression must be researched and used to assess 

the shale reservoir. This lack of understanding makes it extremely difficult to forecast 

how the reservoir will behave when different extraction methods, such as hydraulic 

fracturing, are utilized. 

Therefore, there is a pressing need for: 

1. Utilizing machine learning and multiple linear regression to build and validate a 

robust predictive model for accurately assessing the Formation G shale deposit. 

2. Determining how geological factors influence Formation G's mineralogical 

characteristics and improving reservoir behavior predictability. 

3. Evaluating the feasibility of these cutting-edge in terms of accuracy, efficiency, 

and cost-effectiveness in contrast to conventional analytical procedures. 

Addressing these challenges is critical for optimizing the exploitation and management 

of the Formation G shale reservoir, with implications for enhancing energy production 

efficiency. 

1.4 Research objectives  

This research aims to assess and characterize shale reservoirs in Formation G 

comprehensively. 

The research objectives of this research are; 

1. To determine the Formation G shale reservoir's Total Organic Carbon (TOC) using 

the Passey Method, MLR Method, Machine Learning, and Stacking Model. 

2. Using the Multiple Linear Regression (MLR) model to predict and evaluate mineral 

composition in the Formation G shale reservoir. 

3. To develop Machine Learning (ML) models to improve the prediction and evaluation 

of mineral distribution in the Formation G formation. 

4. Assessing the impact of geological features such as porosity on mineral composition 

in Formation G shale formation. 

5. Performance and comparative analysis of the MLR and ML models in the mineral 

characterization of the Formation G shale reservoir formation. 
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To achieve the objectives of this work, conventional data and XRD data from core 

samples from Formation G formation of Ordos are used, considering the lithological 

variety of the targeted reservoir. Traditional data will be utilized to determine the TOC 

using the Passey method, multiple linear regression, and machine learning methods such 

as gradient boost, adaptive gradient boost, random forest, and stacking technique. In 

contrast, multiple linear regression and machine learning methods such as gradient boost 

and extreme boost will be used to study the composition of mineral content in the 

Formation G reservoir.  

1.5 Research Significance 

The significance of this research work is as follows; 

1. Characterize the shale reservoir of Formation G by employing the Passey, MLR, 

and Machine Learning Methods for TOC estimation to critically understand the 

hydrocarbon source potential. 

2. Estimate and characterize the clay, feldspar, quartz, and porosity of the shale 

reservoir using multiple linear regression and Machine Learning methods such as 

Gradient Boost and XGBoost to refine, characterize, and identify nuanced 

geological features that traditional methods might overlook. 

3. This research is the vanguard for adopting analytical techniques in geological and 

geophysical studies for future exploration and development strategies in the oil 

and gas sector. 

4. This study will help identify the best zone for hydraulic fracturing design, as 

shale's mineralogy and geologic features are the primary features for defining 

brittle zones/ layers for fracturing operations. 

5. To develop a model to predict and evaluate mineral composition and porosity 

from conventional data.  
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1.6 General Methodology and Workflow 

Core analysis is the most efficient means of assessing shale oil reservoirs, although the expense of coring and testing makes thorough well evaluations 

impossible. Despite this, every well possesses conventional logs. Therefore, the TOC, mineral composition, and porosity will be calculated and evaluated 

by integrating core and conventional logging data for the Formation G shale oil reservoir. Fig. 1.3 Shows the intended workflow for the methodology in 

my research. 

 

 

Fig. 1.3: Computational workflow developed for the research 
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Chapter 2 Literature Review 

2.1 Shale Gas as an Energy Source: Challenges and Advances 

Natural gas has become an efficient and increasingly favored energy source compared to petroleum 

and coal (Wanniarachchi, 2015), with an annual consumption growth rate of 0.8% (Conti J., 2014). 

Unconventional gas resources, such as tight gas sands, coal bed methane, and shale gas, offer vast 

potential (James W. Schmoker1, 2002; A. A. Radwan & Nabawy, 2022; A. E. Radwan, 2022). The 

Middle East and North Africa rank third globally, with an estimated 2547 trillion cubic feet of 

shale gas resources (Kawata & Fujita, 2001). However, estimating shale gas reserves is fraught 

with uncertainties due to numerous factors requiring diverse methods for precision (A. A. Radwan 

& Nabawy, 2022). Adequate geological characterization of shale gas reservoirs includes analyzing 

lithofacies, sedimentology, geochemistry, porosity networks, and fractures (Josh, 2012). Shale 

volume estimation is a cornerstone in the oil and gas industry, serving as a key parameter in 

predicting petrophysical characteristics such as effective porosity and water saturation (Elmahdy, 

2023; Gogoi & Chatterjee, 2019). Given the prohibitive costs and limited availability of core data, 

these predictions rely heavily on well-log data (Li & Han, 2017). Gamma-ray (GR) and 

spontaneous potential (SP) logs are the most used methods for differentiating between clean and 

shale layers, as shales typically exhibit higher radioactivity due to their elemental composition 

(Chen, 2017; Josh, 2012). 

While conventional methods have been effective, they often fall short in accounting for reservoir 

heterogeneity. Relying on one or two parameters from log data introduces uncertainties and 

inaccuracies, especially in complex formations (Szabó, 2011). Machine learning (ML) approaches, 

which analyze multiple parameters and uncover intricate relationships within the data, offer a 

promising alternative for more reliable shale volume estimation (Amosu & Sun, 2021; Vikara, 

2020). 

2.2 Mineralogical and Mechanical Properties of Shale Gas Reservoirs 

Shale is a fine-grained clastic sedimentary rock that consists of clay mineral composition and other 

minerals and particles in layer size, mainly quartz and calcite. These rocks are fine-granular and 

layered, with isolated porosity and low permeability (Nhabanga, 2021). Petroleum geology 

considers shales containing organic materials to have a high potential as source rocks. Because of 

their poor permeability, shales can also be used as cap rocks to prevent oil leakage in oil traps  

(Venieri, 2021). 

Critical minerals in shale, such as quartz and clay, significantly influence production potential 

(Huang, 2013). Fracture intensity, organic content, porosity, adsorbed gas, and brittleness control 

reservoir productivity (Ouenes, 2014). Low permeability is a significant challenge, requiring 

advanced techniques like hydraulic fracturing to achieve economic flow rates (Daigle & Screaton, 

2012; Kumar, 2016). Hydraulic fracturing involves injecting high-pressure fluids to create fracture 
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networks, enhancing gas flow by increasing pore space and reducing tortuosity (Boz, 2014; 

Ghahremani & Clapp, 2014). However, water-based fracturing fluids cause challenges, including 

long cleanup times, formation damage, and environmental concerns (Arnold, 1998; Nicot & 

Scanlon, 2012). 

Clay minerals in shale formations exacerbate these issues due to their water absorption, leading to 

swelling, reduced pore space, and hindered gas movement (Rahman, 2007; Zhou, 1996). High clay 

content imparts ductility, reducing hydraulic fracturing effectiveness (Ding, 2012; Jarvie, 2007). 

2.3 Shale Brittleness Index and Fracturing Design 

The Shale Brittleness Index (BI) categorizes ductile and brittle zones in shale formations based on 

mineralogical composition (Jarvie, 2007). High quartz content indicates brittleness, while clay-

rich zones are ductile (Safari, 2013). Mineralogical and geomechanical properties are critical for 

optimizing hydraulic fracturing operations (Jacobi, 2009). Zones with high brittleness and 

favorable geomechanical properties enhance gas recovery (Abouelresh & Slatt, 2012). 

2.4 Challenges in Mineralogical Evaluation 

Quantitative mineralogical determination in shales, such as clay, feldspar, and quartz content, is 

crucial for identifying high-potential zones for hydraulic fracturing. However, these evaluations 

are expensive, time-consuming, and often inconsistent across laboratories (Clarkson, 2013). 

Additionally, the absence of cores limits reservoir-wide mineralogical data availability. 

2.5 Data-Driven Approaches in Shale Reservoir Evaluation 

Advancements in artificial intelligence (AI) and machine learning (ML) offer solutions to these 

challenges. Data-driven methods process vast datasets to predict mineral composition, porosity, 

and other reservoir properties more efficiently than traditional techniques (Yu, 2020). The 

International Energy Agency (International Energy Agency (IEA), 2017) predicts a 5% increase in 

reserves and a 10-20% reduction in production costs through digital technologies. 

Supervised ML models use well-log inputs, such as Gamma Ray (GR) and Density (DEN) logs, 

and outputs from X-ray diffraction (XRD) analyses to train models (Abudeif, 2016). Unsupervised 

learning identifies patterns in unlabeled datasets, enabling novel insights into shale reservoirs 

(Srivardhan & Pal, 2015). ML techniques also integrate direct (e.g., XRD, SEM) and indirect 

methods (e.g., Spectral Gamma Ray Logs) for comprehensive shale characterization (Elmahdy, 

2023). 

2.6 Applications of AI in Shale Gas Development 

Data-driven approaches provide fast, accurate solutions for reservoir challenges. For example, ML 

algorithms identify sweet spots and predict production potential in shale formations (Chen, 2017; 
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Liu, 2019). These methods enable cost-effective evaluations without extensive laboratory data, 

aiding decision-making in unconventional reservoir development (Dong, 2018; Szabó & Dobróka, 

2018). 

2.7 Shale Gas in the Ordos Basin 

The Ordos Basin, a prominent shale reservoir, has been the focus of extensive research to overcome 

its unique challenges. It is the second-largest sedimentary basin and a significant oil and gas 

producer, with annual hydrocarbon production exceeding 7000×104 tons (Fu, 2020). Shale oil 

from Formation G Member is primarily self-sourced, with oil stored in adsorbed and free states 

within source rock sequences (Fu, 2020). Characterizing these reservoirs is essential for efficient 

production.  

Researchers have emphasized integrating well log and seismic data to improve reservoir 

characterization (Li & Han, 2017). Zhao et al. (2016) utilized spectral gamma-ray logs to estimate 

total organic carbon (TOC), while et al. Song (2021) explored micro-resistivity and dielectric 

dispersion logs for permeability estimation. These advanced techniques provide critical insights 

into shale porosity and fluid saturation. 

Fracture characterization remains a crucial area of study. S. Wang & Chen (2019) employ borehole 

image logs to analyze natural fractures, underscoring their role in enhancing permeability and 

optimizing hydraulic fracturing strategies. K. Liu (2021) introduced nuclear spectroscopy tools for 

mineral identification and porosity estimation, showcasing their ability to address the complexities 

of shale mineralogy. 

Nuclear magnetic resonance (NMR) logs have also gained traction. Ma et al. (2021) analyzed 

T1/T2 relaxation times in the Ordos Basin, identifying fluid-filled pore spaces and improving 

porosity and permeability estimates. Zhang (2019) combined image logs and stress measurements 

to enhance fracture distribution and stress orientation analysis, providing valuable insights for 

hydraulic fracturing designs. 

2.8 Shale Volume and Petrophysical Characteristics 

Estimating shale volume is vital in the oil industry to predict petrophysical parameters like 

effective porosity and water saturation. Core data, when available, validates well-log relationships, 

though gamma-ray (GR) and spontaneous potential (SP) logs are commonly used due to their 

sensitivity to shale (Zou, 2013). However, traditional methods can be error-prone due to reservoir 

heterogeneity. Advanced machine learning (ML) approaches offer better accuracy by incorporating 

multiple log parameters. 



CHAPTER 2 LITERATURE REVIEW 

12 

 

2.9 Innovative Approaches in Shale Volume Estimation 

Using a nonlinear exponential relationship, Szabó (2011) developed a statistical method that links 

gamma-ray data to shale volume. This method provides a general formula for defining a linear 

relationship, making it an independent reference for shale volume estimation. Building upon this 

framework, (Szabó & Dobróka, 2018) employed neural networks that integrated density, gamma-

ray, and P-wave velocity logs, resulting in greater accuracy than traditional factor analysis methods. 

Furthermore, Szabó & Dobróka (2018) advanced the estimation of shale volume by utilizing 

genetic algorithms alongside Larionov's method. Additionally, Abordan and Szabó (2018) 

explored the application of Particle Swarm Optimization to refine factor analysis in the context of 

Hungarian reservoirs. 

2.10 Machine Learning in Shale Reservoir Evaluation 

AI-driven methods, such as Random Forest (RF), Gradient Boosting (GB), and Neural Networks, 

have shown promise in reducing uncertainties associated with conventional techniques. Studies 

highlight their effectiveness in integrating seismic and log data for comprehensive reservoir 

evaluation (Mustafa et al., 2022). 

2.11 Applications in the Ordos Basin 

Well logs and seismic data are crucial in accurately characterizing reservoirs, facilitating precise 

porosity estimation and fracture analysis. Numerous studies underscore the importance of 

integrating advanced log interpretations with machine learning techniques to effectively address 

the complexities associated with mineralogy and fluid interactions within these reservoirs. 

2.12 Future Directions and Research Opportunities 

Integrating lithology, mineralogy, and geomechanical properties is crucial for optimizing hydraulic 

fracturing. Enhanced computational methods and interdisciplinary approaches are needed to 

address heterogeneity, flow mechanisms, and fracture networks in unconventional reservoirs  

(Gale, 2014; Javadpour, 2007). Expanding AI applications in reservoir evaluation and exploring 

innovative ML techniques can further enhance shale gas development, ensuring sustainable energy 

production. Understanding shale properties, utilizing data-driven technologies, and optimizing 

hydraulic fracturing designs are crucial for unlocking the full potential of shale gas resources. By 

addressing challenges in mineralogical evaluation and reservoir characterization, we can advance 

unconventional hydrocarbon production, effectively and sustainably meeting the increasing energy 

demands. 
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2.13 Proposed Study: Formation G of the Ordos Basin 

After reviewing various literature, research gaps in this field were identified for evaluating the 

mineral composition and porosity in the Formation G of the Ordos Basin. This work aims to bridge 

the gap between geological and petrophysical characterization of unconventional resources by 

refining methodologies and integrating data and technologies to unlock the full potential of shale 

reservoirs. Conventional and XRD data from core logs from Formation G of the Ordos Basin will 

be used. This work will also guide the exploration and development of unconventional continental 

oil and gas resources, as the main objective of this work is to apply the machine learning-based 

prediction models to determine the content of three essential minerals (clay, feldspar, and quartz), 

porosity and TOC using the Passey's ΔlogR method, Machine Learning methods and Stacking 

Model in Formation G shale formation using continuous core and conventional logs suites of three 

wells to build a prediction model and also to compare the different ML methods and Multiple 

Linear Regression Method in evaluating the TOC, mineral composition and porosity. The viable 

statistical technique (Multiple Linear Regression) and Artificial Intelligence approaches (Gradient 

Boost (GB), Adaptive Gradient Boost, Random Forest, and Extreme Gradient Boost (XGBoost)) 

would be vital to obtaining quantitative information about the above-mentioned minerals and TOC. 

A prediction model will be developed using machine learning and MLR methods to estimate the 

new well mineral composition and TOC accurately. These values obtained from the new well will 

then be integrated into the petrophysical software to visualize the wireline data and increase the 

utility of these predicted insights. This integration allows for the display and interpretation of 

geologic formations through wireline logs, which are crucial for understanding the geophysical 

properties.  

By feeding the petrophysical software with the predicted values from a newly developed model, 

one can easily visualize the mineralogical composition and TOC content, leading to more informed 

decisions regarding exploration and production strategies. This methodology has thus provided a 

significant advancement in digital pyrotechnical applications by integrating predictive models with 

standard geological software tools. The seamless integration of predictive modeling outputs with 

visualization tools such as petrophysical software indicates a rising trend in geophysics and 

geosciences digitization, increasing accuracy in identifying productive zones, monitoring reservoir 

quality, and optimizing field development plans. On the other hand, intelligent models provide a 

cost-effective and convenient method for determining the mineralogical composition of shale 

reservoirs.  

The current study proposes using Passey's method, MLR, Machine Learning methods, and 

Stacking Model to evaluate TOC, as well as artificial intelligence and MLR models for forecasting 

the mineralogical composition of Formation G Shale, specifically the clay, feldspar, quartz content, 

and porosity. 



CHAPTER 3 EVALUATION OF TOTAL ORGANIC CARBON 

14 

 

Chapter 3 Evaluation of Total Organic Carbon 
3.1 Introduction 

Total Organic Carbon (TOC) is defined as total organic carbon in weight percent, including all 

kerogen and fluid hydrocarbons available in the matrix. It is one of the key reservoir quality 

indicators in shale reservoirs. This study will employ the Passey ΔlogR, multiple linear regression, 

and machine learning methods to estimate the TOC in Wells 1. The TOC measurement in this 

work was obtained from core samples and complimented by XRD. 

3.2 Methodology   

3.2.1 The Passey Method 

Passey initially proposed the ΔlogR method (Q. R. Passey, 1990) which has been widely used for 

TOC estimation using well logs in carbonates and clastic rocks. ΔlogR, i.e., the sonic resistivity 

overlay plot AC and true resistivity Rt logs in one track; AC and Rt are scaled as a 50 μs/ft ratio to 

one resistivity cycle. The separation between two curves (AC to the left and RT to the right) is 

defined as ΔlogR (Q. R. Passey, 1990). The AC curve will reflect low-density/low-velocity 

kerogens, while the Rt curve will respond to Formation fluid (Tenaglia, 2020). The method of 

sonic-resistivity overlay (ΔlogR) is used to calculate TOC as follows: 

 △ 𝑙𝑜𝑔𝑅 = 𝑙𝑜𝑔
𝑅

𝑅𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
+ 𝐾(△ 𝑡 −△ 𝑡𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒)   (3.1) 

𝐾 =
log⁡(𝑅𝑚𝑎𝑥/𝑅min⁡)

∆𝑡𝑚𝑎𝑥−∆𝑡𝑚𝑛
     (3.2) 

𝑇𝑂𝐶 = (△ 𝑙𝑜𝑔 𝑅) × 102.297−0.1688𝐿𝑂𝑀    (3.3) 

where R is deep resistivity log (ohmm), Δt (AC) is the sonic transit time (μs/ft or μs/m), RBaseline 

and ΔtBaseline are the resistivity and sonic transit time values at the baseline separately; LOM (Local 

Level of Organic Metamorphism) is a constant related to thermal maturity. Sometimes, the sonic 

transit time curve may not be unavailable, so density or neutron log can be used instead (Huang, 

2013; Q. R. Passey, 1990). The scaling of sonic and resistivity well logs during overlaying is set 

as a ratio of−164 μs/m (−50 μs/ft) sonic transit time (Δt) to one logarithm resistivity cycle Ω m−1 

(for instance, 1–10 ohmm) (Q. R. Passey, 1990). 

TOC can be calculated using ΔlogR method, providing that the baseline of AC and RT is 

determined. Source rock intervals can be qualitatively identified using GR, CN, DEN, and 

resistivity logs. 

Additionally, plotting AC and RT in one track with scaling of 100 μs/ft (for instance, 140–40 μs/ft) 

transit time to two logarithm resistivity cycles (10 - 1000 ohmm) also gives the source rock 

intervals. As is known, AC and RT logs will overlap with each other in non-source rock intervals, 

while the two logs will deviate evidently at the source rock intervals. There are many ΔlogR based 

methods widely used to estimate TOC using well logs (Chen, 2017).  
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The limitation of ΔlogR is that the baselines vary in different wells (Ouenes, 2014). Additionally, 

the presence of pyrite will mask the resistivity profile and show low resistivity (Q. R. Passey, 

1990). 

3.2.2 Multiple Linear Regression (MLR) Method 

Multiple Linear Regression (MLR) is a statistical method that models the relationship between 

multiple independent variables and a single dependent variable. By fitting a linear equation to 

observed data and analyzing the correlation with XRD data and porosity, we can select variables 

having low collinearity, significant correlations, and P-values less than 0.05. We refine our model 

by performing residual analysis by excluding variables with high collinearity or P-values above 

this threshold. Our prediction model for TOC, mineral composition, and petrophysical features in 

two wells is built using the equation obtained from MLR and integrated into petrophysical software, 

enabling enhanced geological and petrophysical interpretation. MLR is essentially an extension of 

standard least-squares regression, involving more than one explanatory parameter. 

𝑦 = 𝛽0 + 𝛽1𝑥1+. . . 𝛽𝑖𝑥𝑖 . . . 𝛽𝑛𝑥𝑛 + 𝜀      (3.4) 

where y is the dependent variable; x1….xn are independent variables; β0 is the y-intercept; βi is the 

regression coefficient of the ith independent variables; ε is the modeling error, also known as the 

residual.  

3.2.3 Machine Learning (ML) Method  

In the rapidly evolving area of reservoir characterization, machine learning has emerged as a game-

changing tool that provides sophisticated insights that traditional methods often disregard (Mustafa, 

2022). Shale formations, with their inherent intricacy and variability, pose a significant challenge 

for precise mineralogical characterization, which is crucial in determining the quality and potential 

for reservoir extraction. The use of machine learning in this context is not simply innovative; it is 

essential for deciphering the intricate connections and non-linear relationships between 

geophysical log data and mineral components. 

In this study, three (3) widely accepted machine learning techniques, such as the Gradient Boost 

(GBoost), Adaptive gradient boost (AdaBoost), Random Forest (RF), and the Stacking technique, 

are applied. Using machine learning techniques, GR, AC, NPHI, DEN, RD logs for about 335 feet 

in Well 1 thick shale intervals, carrying 102 data points were used to develop the machine learning 

predictive model for TOC in Formation G Shale formation. However, the Stacking technique takes 

the outputs of sub-models Gradient Boost (GBoost), Adaptive gradient boost (AdaBoost), and 

Random Forest (RF) as an input to predict the TOC and attempts to learn how to combine the input 

predictions best to make a better output prediction were used to predict the TOC of the organic-

rich Formation G shale at Ordos Basin. 
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3.2.4 Gradient Boost Method 

Gradient boosting is an ensemble-supervised machine learning algorithm used for classification 

and regression tasks. As discussed in the bagging/boosting comparison section, gradient boosting 

trains multiple models sequentially, assigning higher weights to instances with incorrect 

predictions. 

Therefore, challenging cases are the focus during training. Sequential model training using 

gradient boosting will gradually minimize a loss function. The loss function is minimized similarly 

to an artificial neural network model with optimized weights. The predictions are compared with 

actual values after building the training model in gradient boosting. The difference between 

prediction and actual values represents the model's error rate. The model's error rate can now be 

used to calculate the gradient, essentially the partial derivative of the loss function. The gradient 

is used to find the direction in which the model parameters would have to change to reduce the 

error in the next round of training. Unlike a neural network model, where the objective function is 

to minimize a loss function in a single model, multiple models' predictions are combined in 

gradient boosting.  

Therefore, gradient boosting uses some of the hyperparameters used in random forest/ extra trees 

and other hyperparameters, such as learning rate, loss function, etc., that are used in an ANN model. 

3.2.5 Gradient Boost Prediction Model Setup  

The simple flow chart designed for building a prediction model for gradient boost and the stages 

on how Gradient Boost was implemented using sci-kit-learn is presented in Fig. 1.3. In this stage, 

the goal is to use gradient boosting to train an ML model to evaluate TOC using input features like 

AC, GR, RILD, DEN, and NPHI logs from different wells, which will be merged to build a 

prediction model. 

First, one launches Python's Jupyter Notebook for programming. Next, import all the necessary 

libraries and datasets into your Jupyter Notebook. Then, preprocess the imported dataset. After 

that, visualize the distribution, box, and scatter plots for the imported features. Check for outliers 

in the plotted distribution and box plots. If there are any, process the data until all outliers are 

eliminated. Once done, visualize the Pearson correlation coefficient. 

Define the x and y variables and import the "train_test_split" by dividing the data into a 70/30 split 

for training and testing. Then, begin training the dataset. Import the "GradientBoostingRegressor" 

library and define the hyperparameters within this algorithm. "n_estimators" is defined as the 

number of boosting stages or, in other words, the number of trees in the forest. After defining the 

hyperparameters, proceed to the fit to "(x_train, y_train)" process, and predict the test data.  

Obtain the coefficient of determination (R2) for the training and testing data and adjust accordingly 

until you obtain a satisfactory R2. Visualize the training and testing actual versus the predicted 



CHAPTER 3 EVALUATION OF TOTAL ORGANIC CARBON 

17 

 

values. Obtain MAE, MSE, and RMSE for 70% training and 30% testing data. Finally, obtain the 

feature importance of each input variable and permutation feature importance. 

The machine learning model has been constructed and is now prepared to accept the same features 

that were used during the creation of the prediction model from different wells as input. Next, the 

data from the new well we intend to predict will be imported into the model. The ML model will 

then be executed on this new data, resulting in a new predicted output. 

Finally, the newly predicted output will be depth-matched and integrated into the petrophysical 

software to analyze and interpret the mineral composition and porosity further. The new predicted 

values will then be visualized and interpreted as a wireline log for better interpretation and 

comparison of the unseen portion of the reservoir. 

3.2.6 Adaptive Gradient Boost Method 

Adaptive gradient boosting or AdaBoost is another form of supervised ML boosting algorithm. In 

adaptive boosting, the weights on the sample observations that are challenging to classify or predict 

are increased by altering the distribution of the training data set. Unlike AdaBoost, where the 

sample distribution gets modified, in gradient boosting, the distribution does not get modified, and 

the weak learners train on the remaining errors of the strong learners. Remember that a weak 

learner is defined as a classifier with a strong correlation with true classification. In other words, 

it can correctly classify or predict slightly better than random guessing. On the other hand, a strong 

learner is a classifier with a stronger correlation with true classification. 

 

3.2.7 Adaptive Gradient Boost Prediction Model Setup 

Applying the same procedure to build the prediction model in Gradient Boost, you Train the dataset 

by importing the "AdaBoostRegressor” library, define hyperparameters, and proceed with the fit 

to the "(x_train, y_train)" process to predict the test data.  

3.2.8 Random Forest (RF) Method 

The random forest algorithm is an ensemble technique that combines multiple decision trees. A 

random forest usually has a better generalization performance than an individual decision tree due 

to randomness, which helps to decrease the model's variance. Other advantages of random forests 

are that they are less sensitive to outliers in the dataset and don't require much parameter tuning. 

The only parameter in random forests that we typically need to experiment with is the number of 

trees in the ensemble. The basic random forest algorithm for regression is almost identical to the 

random forest algorithm for classification. The only difference is that we use the MSE criterion to 

grow the individual decision trees, and the predicted target variable is calculated as the average 

prediction across all decision trees. 
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3.2.9 Random Forest (RF) Prediction Model Setup 

Applying the same procedure to build the prediction model in Gradient Boost, you Train the dataset 

by importing the " RandomForestRegressor” library, define hyperparameters, and proceed with 

the fit to the "(x_train, y_train)" process to predict the test data.  

3.2.10 Stacking Technique 

This ensemble technique works by applying input of combined multiple weak learners' predictions 

and Meta learners to achieve a better output prediction model. In stacking, an algorithm takes sub-

model outputs as input and attempts to learn how to combine the input predictions best to make a 

better output prediction. 

Stacking, also known as a stacked generalization, is an extended form of the Model Averaging 

Ensemble technique in which all sub-models equally participate according to their performance 

weights and build a new model with better predictions. This new model is stacked on top of the 

others, which is why it is named Stacking. 

3.2.11 Architecture of Stacking 

The architecture of the stacking model is designed to consist of two or more base/learner models 

and a meta-model that combines the predictions of the base models. These base models are called 

level 0 models, and the meta-model is known as the level 1 model. So, the Stacking ensemble 

method includes original (training) data, primary level models, primary level prediction, secondary 

level model, and final prediction. The basic architecture of stacking can be represented as shown 

below the image. 

 

Fig. 3.1: The architecture of stacking shows the various levels of stacking.
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3.3 Results of TOC evaluation in Well 1 

The TOC in Well 1 was determined separately using Passey log R (Q. R. PASSEY, 1990), MLR, 

Machine Learning methods, and Stacking technique.  

Using the Passey Method, the TOC was established with the following equation. 

𝑇𝑂𝐶 = (△ 𝑙𝑜𝑔𝑅) × 102.297−0.1688𝐿𝑂𝑀      (3.5) 

An equation to calculate the TOC using the MLR method was developed, and a model was 

established. The established model will then be integrated into the logging software to gain a wider 

view of the wireline interpretation and carefully observe the TOC in Well 1. The established model 

is as follows. 

TOC = −0.367 + 0.002AC + 0.067DEN + 0.001CN − 2.30GR + 0.001RS  (3.6) 

Fig. 3.2 presents the interpretation of TOC logging for Well 1 using Passey, MLR, ML, and the 

Stacking methods. The shale formation, developed between depths of 2054-2154m, was analyzed 

using GR, CAL, and SP logs. High GR readings are observed at depths of 2070 - 2096m, 2114 - 

2142m, and 2147-2154m, indicating the presence of shaly rock. The calculated TOC contents show 

variability that may correlate with changes in lithology, as interpreted from the GR log, with high 

values observed in intervals from 2053-2055m, 2060-2095m, 2114-2142m, and 2147- 2154m. The 

shale reservoir exhibited "five high and two low" characteristics on the conventional logging 

response curve, with high values of GR, CN, AC, RD, and RS and low values of SP and DEN at 

high depths of TOC. According to the logging response characteristics of shale oil reservoirs, 

conventional logging curves can be used to identify shale reservoirs, as shown in Table 3.1. 

Table 3.1 Response parameters of shale oil from conventional wireline logging data in Well 1. 

 AC (μs/ft) CN (%) DEN (g/cm3) GR (API) RD (ohmm) 

Minimum 55.58 8.04 1.99 46.29 12.68 

Maximum 115.95 46.41 2.79 452.84 1008.93 

Mean 73.31 20.34 2.63 154.38 97.45 
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Fig. 3.2: Well log interpretation of lithology log, resistivity log, porosity log, and TOC derived from 

Passey's method in Well 1.
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Fig. 3.3: Well log interpretation of lithology log, resistivity log, porosity log, and TOC derived from 

the MLR method in Well 1.
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Fig. 3.4: Well log interpretation of lithology log, resistivity log, porosity log, and TOC derived from 

the Gradient Boost method in Well 1.
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Fig. 3.5: Well log interpretation of lithology log, resistivity log, porosity log, and TOC derived from 

the Adaptive Gradient Boost method in Well 1.
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Fig. 3.6: Well log interpretation of lithology log, resistivity log, porosity log, and TOC derived from 

the Random Forest method in Well 1.
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Fig. 3.7: Well log interpretation of TOC derived from the combination Gradient Boost, AdaBoost 

and Random Forest Prediction from Well 1.
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3.4 Performance and Comparative Analysis of All Methods for Well 1 

In Well 1, TOC was analyzed using various methods, and the results are depicted in Fig. 

3.8. The predicted curves for the TOC using Passey's, MLR, Gradient Boost, Adaptive 

Gradient Boost, Random Forest, and the Stacking methods were in good agreement with 

the TOC from the rock eval pyrolysis. The predicted curve for the TOC obtained from the 

Passey and MLR methods was accurately predicted as they were in very close agreement 

with the actual XRD TOC from core sample than the machine learning methods.  

However, the predicted output from the machine learning methods (Gradient Boost, 

Adaptive Gradient Boost, Random Forest) was used to build a model by the process of 

stacking the output obtained from them to train sub-models as input and attempts to learn 

how to combine the input predictions best to make a better output prediction. Thus, it can 

be observed that the stacking method presented output prediction that agrees with the 

actual TOC from XRD within some zones and continued all through the depth. The 

stacking of the various machine learning methods tends to give us a clearer picture of the 

performance of the various machine learning methods as the weak meta learners, in which 

all sub-models equally participate as per their performance weights and build a new model 

with better predictions. Overall, the auspicious results provide valuable insights into the 

TOC in Well 1. Fig. 3.8 displays the overall performance and comparison of all the 

methods and models. 

3.5 Chapter Conclusion 

In Well 1, Passey's method, MLR, Gradient Boost, Adaptive Gradient Boost, Random 

Forest, and Stacking methods were applied in Well 1 to evaluate the TOC. The Passey 

and MLR methods were more in close agreement with the actual TOC than the machine 

learning and the stacking technique. Meanwhile, when all the prediction curves from the 

entire methods approached the depth where the TOC core was measured, the predicted 

curve for the Passey method and MLR method showed good agreement with measured 

TOC, while the machine learning and the stacking method exhibited a relatively close 

agreement  as seen in Fig. 3.8. 
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Fig. 3.8: Well log interpretation of lithology log, resistivity log, porosity log, and TOC 

derived from the Passey, MLR, ML and Stacking methods in Well 1.
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Chapter 4 Evaluation of Mineral Composition and Porosity 

using Multiple Linear Regression (MLR) Method. 

4.1 Introduction 

Understanding mineral composition in shale reservoirs is crucial for several reasons of 

great importance for both the exploration and production stages of unconventional 

resources. Calculating mineral composition is a complex and essential work in evaluating 

shale reservoirs as it presents comprehensive information and knowledge about shale 

reservoir mineralogy. In evaluating the mineral composition in this study, a multiple linear 

regression method and artificial intelligence approach are employed to predict clay, 

feldspar, and quartz, including the porosity, using conventional logs of the wells 

penetrated at the Formation G shale in the Ordos Basin.  

4.2 Methodology 

The methodology adopted for this work can be seen in Chapter 3.2.2 and the 

computational workflow describing the stages of the processes involved in the statistical 

method of evaluating the mineral composition and porosity can be seen in Fig. 1.3. 

4.3 Results 

4.3.1 Mineral Composition Results from MLR Method in Well 1 

In Well 1, reservoir features from well logging data such as the AC, GR, DEN, RD, RS, 

CN, and PE logs were utilized as the input variables. At the same time, clay, feldspar, and 

quartz minerals, including porosity, were the output variables. The correlation coefficient 

matrix for different log parameters is shown in  Supplementary Appendix I (Table 4.1). 

Input parameters exhibited a good correlation with clay, feldspar, and quartz contents, 

including porosity, and were thus used to develop a prediction model. Input parameters 

have positive correlation coefficients with clay minerals content except for GR, RS, and 

PE log, which has a negative correlation with the clay content; the feldspar has a positive 

correlation coefficient with most input parameters except for GR and RD, which has a 

negative correlation coefficient with feldspar. The quartz content positively correlated 

with most input parameters except for RS, CN, and PE logs, which exhibited a negative 

correlation. Lastly, most input parameters have a negative correlation coefficient with 

porosity except for GR and RS, which exhibited a positive correlation with porosity. The 

result of regression analysis and cross plots in Well 1 of each of the predicted outputs 

from MLR and the actual output (XRD from core logs) are presented in Fig. 4.1. 
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Fig. 4.1 Coefficient of determination (R2) for the overall datasets of the Multiple Linear 

Regression analyses in Well 1, volumes of (A) clay minerals, (B) feldspar minerals, (C) 

quartz minerals, and (D) porosity 

It can be observed that the R2 of clay, feldspar, and quartz mineral contents are above 60% 

except for porosity which shows a relatively low R2 of 42% which suggests the model's 

effectiveness in capturing the general porosity trend while also indicating a need for 

improved model refinement to explain the variance in the data fully Fig. 4.1. 

4.3.2 Equation generated from the MLR method in Well 1 

The equations (4.1) - (4.4) were empirically obtained and integrated into the logging 

software for further interpretation. 

Predicted⁡Vol_Clay⁡=⁡36.001⁡-⁡0.284CN+0.031GR-10.385PE   (4.1) 

Predicted⁡Vol_Feldspar⁡=⁡849.548⁡-⁡4.039AC-215.18DEN-0.15GR+16.3PE-0.868RD  (4.2) 

Predicted⁡Vol_Quartz⁡=⁡567.867⁡+⁡3.356AC+155.241DEN+0.132GR-15.105PE+0.77RD  (4.3) 

Predicted⁡Porosity⁡=⁡-10.378⁡+⁡0.031AC+2.749DEN+0.300CN   (4.4) 
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Fig. 4.2 Result of XRD analysis (in red, magenta, blue, and brown color stick) and 

predicted values (in blue, brown, red, and black curves) of porosity and mineral 

composition by MLR method in Well 1. 
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The mineral content (clay, feldspar, quartz) and porosity of well 1 using the MLR method 

is presented in Fig. 4.2. 

4.3.3 Analysis of Mineral Content and Porosity in Well 1 Using MLR Method 

Clay Content Analysis 

The clay mineral content on track 1, predicted by the Multiple Linear Regression (MLR) 

method, showed a consistent trend across depths 2052m - 2078m. Near the depth range 

where XRD clay was measured (2078m - 2086m), the predicted clay content agrees 

closely with the XRD clay obtained with a high correlation coefficient R2 of 0.76. 

However, slight discrepancies were noted at specific intervals, such as 2085m - 2086m, 

where XRD clay indicated higher clay content than the MLR prediction. Beyond this, 

fluctuations in predicted clay content were observed, with significant decreases marking 

the termination of the Formation G reservoir at 2148m-2154m. 

Feldspar Content Analysis 

The feldspar content on track 2 displayed intermittent presence between 2052m - 2154m, 

with notable gaps in prediction at several depths, including 2056m-2060m and 2096-

2114m, where no predictions were observed. The MLR prediction model overestimated 

feldspar content when compared to XRD feldspar in the measured interval where the core 

was obtained (2078m-2086m), but it has a high correlation coefficient (R2 of 0.85). 

Significant spikes in feldspar content were noted at depths between 2147m-2154m, 

marking the reservoir's termination. 

Quartz Content Analysis 

Predicted quartz content on track 3 demonstrated significant variability within depths 

2052m-2078m. High fluctuations were noted, reflecting geological heterogeneity or the 

sensitivity of the MLR model. Between 2078m and 2086m, the predicted quartz content 

agrees strongly with XRD quartz as it has a high correlation coefficient  (R2 of 0.84). A 

sharp increase in quartz content was recorded between 2094m and 2124m, followed by a 

decrease to 2130m and another increase to 2148m. These variations indicate dynamic 

geological processes or depositional changes in the formation. 

Porosity Analysis 

Porosity predictions on track 4 revealed a consistent trend from depths 2052m-2115m, 

aligning closely with core porosity within the 2078m-2086m interval. Despite having a 

low correlation coefficient (R2 of 0.42), good agreement with slight underestimations 

between core porosity and the predicted porosity was observed. Variations in the porosity 

zone were noted at depths 2118m-2125m and 2139–2142m, reflecting dynamic reservoir 

properties. High porosity zones (within 2070m-2095m, 2124m-2138m, and 2147m-

2154m) aligned with areas of high TOC, as determined by Passey's method, suggesting 

productive intervals with favorable reservoir quality. 
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4.4 Chapter Conclusions 

Based on the analysis of the mineral content and porosity of Well 1, the MLR model 

provided strong prediction for clay content with a correlation coefficient R2 of 0.76, 

indicating a good fit for most of the formation except for slight discrepancies observed at 

certain depths (2085 to 2086m). The predicted clay content trend suggests mineralogy 

variations across the depth profile. Moreover, the predicted feldspar content showed 

intervals of absence and presence with notable disparities from core data, particularly an 

overestimation of feldspar content within the depth of XRD-derived feldspar content 

(correlation coefficient R2 of 0.85). MLR, in this case, reflects some limitations in 

predicting capability or variations in geological conditions, as can be seen on track 2 in 

Fig. 4.2.  

Meanwhile, the prediction curve for quartz fluctuated sufficiently, indicating high and 

low content across different intervals. The predicted quartz is in very good agreement 

with the XRD quartz having a correlation coefficient of R2 0.84, demonstrating the 

model's applicability despite geological heterogeneity. Furthermore, MLR models for 

porosity predictions were consistent with the core measurement over a broad depth range 

despite a low correlation coefficient R2 (0.42), which suggests the model's effectiveness 

in capturing the general porosity trend while also indicating a need for improved model 

refinement to explain the variance in the data fully.  
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Chapter 5 Evaluation of Mineral Composition and Porosity 

by Machine Learning Approach 

5.1 Introduction 

In the rapidly evolving area of reservoir characterization, machine learning has emerged 

as a game-changing tool that provides sophisticated insights that traditional methods often 

disregard (Mustafa, 2022). Shale formations, with their inherent intricacy and variability, 

pose a significant challenge for precise mineralogical characterization, which is crucial 

in determining the quality and potential for reservoir extraction. Two widely accepted 

machine learning techniques, the Gradient Boost and Extreme Gradient Boost (XGBoost), 

were used to predict the clay, feldspar, and quartz content, including the porosity of the 

organic-rich Formation G shale at Ordos Basin. 

Using machine learning techniques, GR, AC, NPHI, DEN, RD, and mineralogy logs for 

about 335 feet in Well 1 thick shale intervals, carrying 102 data points were used to 

develop the machine learning predictive model for clay, feldspar, and quartz mineral 

content including the porosity in Formation G Shale formation. 

5.2 Methodology 

The proposed workflow for mineralogy and porosity prediction with Gradient Boost and 

Extreme Gradient Boost (XGBoost) for training is presented in Fig. 1.3. The proposed 

workflow for mineralogy and porosity prediction involves using Gradient Boost and 

XGBoost models trained on 70% of the original data, comprising conventional well logs 

(NPHI, DEN, AC, RD, GR) and XRD results for clay, quartz, feldspar, and porosity. The 

remaining 30% of the data was utilized for blind testing to validate the model's reliability. 

These trained models were then applied to predict mineral weight fractions at unmeasured 

depth intervals. 

5.3 Results 

The statistics of all the input parameters and each output parameter (XRD data) are shown 

in Supplementary Information in Appendix II  (Table 5.1 - Table 5.4) and used for data 

preprocessing, depth calibration, outlier removal, and normalization when building the 

prediction model for Gradient Boost and XGBoost. The general approach for building the 

model will be discussed before presenting each model's performance. 

The shape of the empirical probability density function can be described by kurtosis and 

skewness. As shown in Appendix I (Table 4.2) of supplementary information, Kurtosis 
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values of all input parameters indicate that data has light tails with minimum chances of 

having data outliers. A mineral content prediction regression model was developed using 

the preprocessed dataset, where well-logging parameters were used as input features 

while the mineral content and porosity were used as the output features. After data 

preprocessing, a representative subset of data is needed. The re-partition of data points 

includes a training set, a validation set, and a test set. The training set consists of the range 

of observation algorithms used to recognize the interaction between the inputs. The 

validation set is used to adjust the hypo-parameters of the trained model. The test set is 

defined to evaluate the validated model using a blind prediction of new data.  

Data points for all input parameters showed a platy kurtosis distribution, representing 

good-quality data. These data points lack extreme values, with low and broad peaks. 

Skewness values of input and output parameters indicate that data is not highly skewed, 

which evidences data reliability. NPHI, clay, and porosity data exhibited a symmetrical 

statistical distribution. Moderate skewness was observed for RILD, feldspar, and quartz 

contents data points. 

AC, GR, and DEN data points are negatively skewed, indicating that data points are 

dominated by values higher than the mean value. NPHI, clay, and porosity data contain 

data points lower than the mean value, as reflected by its positive skewness. Skewness 

and kurtosis features for the prediction model of the input features and each output feature 

of the ML are shown in Appendix II from Table 5.1-5.4 of supplementary information. 

Box plots were also visualized to observe outliers, identify skewness, and understand the 

feature engineering attribute shown in (Appendix IV, Fig. 5.5 of supplementary 

information). 

The visualized Pearson's correlation coefficient of all the input features and their output 

features to understand the relationship between variables is presented in (Appendix V, Fig. 

5.6 of the supplementary information). The Heat Map assists in feature selection by 

highlighting variables strongly correlated with the target variables. Highly correlated 

features may provide redundant information, and selecting only one of them can simplify 

the model without sacrificing predictive accuracy. 

Subsequently, four models were developed for the prediction of the clay model, feldspar 

model, quartz model minerals content, and porosity. Seventy percent (70%) of the sample 

data was selected as the training data set to train the model, and 30% was used as the 

testing data set to test the model's effectiveness. The sample data set was trained using 

the 10‐fold cross-validation method to generate five independently and identically 
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distributed training and test data sets, which were built separately, allowing the models to 

be adequately trained and validated to obtain the best inversion accuracy as shown in the 

supplementary information (Appendix V, Fig. 5.6).  

Evaluation metrics are quantitative metrics used to describe how well or poorly a model 

works for the same data fed into different algorithmic models or different data fed into 

the same algorithmic model, including regression and classification evaluation metrics. 

Regression evaluation metrics: Regression models used MAE, RMSE, and R2 to evaluate 

performance. MAE is the mean absolute difference between the predicted and actual 

values, representing the average magnitude of the error in a set of predictions. RMSE is 

the root mean square of the difference between the predicted and actual values, which 

indicates the closeness of the observed data points to the model's predicted values. R2 

reflects the overall degree of fitting of the model. The lower the MAE and RMSE values, 

the better the model's predictive performance. In contrast, the higher the R2 value, the 

better the model's prediction performance. These three metrics are defined as follows 

equation 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 −𝑦̂𝑛
𝑖=1 𝑖|,      (5.1) 

𝑅𝑀𝑆𝐸 = √∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛
𝑖=0 ,      (5.2) 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑛
𝑖=1 )2

∑ (𝑦𝑖−𝑦)2𝑛
𝑖=1

     (5.3) 

where y and y  are the observed values and model-predicted values from the dataset, y  

is the mean of the observed values, and n is the number of samples.  

After discussing the general data preprocessing and processing stages, two widely used 

machine learning approaches will then be implemented to build a model that will be used 

to make predictions in Well 1. The presentation of each performance of the machine 

learning method is as follows. 

5.3.1 Gradient Boost Model Performance 

The performance of gradient-boosting algorithms is remarkable due to their capacity for 

detecting patterns and trends that can be difficult for human analysts to discern. The 

gradient boost technique will further be used to develop a prediction model to predict the 

mineral composition and porosity in Well 1. Appendix I (Table 4.1) displays the 
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correlation coefficient matrix of input parameters with output parameters for Well 1 to 

determine the parameters for training the data to avoid redundancy. 

After determining the correlation coefficient of the input and output features, the 

correlation coefficient for the overall data set, the Mean Absolute Error (MAE), and the 

Root Mean Squared Error is then determined. The cross plot is carried out to know the 

model's performance in predicting the mineral composition in the shale reservoir. The 

square of the correlation coefficient (R2) values obtained from the training data set were 

0.999, 0.998, 0.999, and 0.901, correlation of determination (R2) values for the test data 

set were; 0.862, 0.925, 0.853, and 0.606 with an overall coefficient of determination (R2) 

of 0.952, 0.975, 0.950 and 0.783, the MAE for training is 0.08, 0.29, 0.11 and 1.02 while 

MAE for testing is 1.15, 2.63, 1.87 and 2.25; RMSE of 1.28, 2.94, 2.47 and 2.49 was 

obtained from the Gradient Boost model that has been built to predict the mineral 

composition of clay, feldspar, quartz, and porosity. Table 5.1 shows the evaluation metrics 

for the gradient boost regression model, while Fig. 5.1 - Fig. 5.4 shows the cross-plots for 

the training, testing, and the overall dataset for the predicted model. 

Table 5.1 Statistics of evaluation metrics for Gradient Boost regression model. 

Parameters Training MAE  Testing MAE  RMSE Overall R2 

Clay Volume 0.08 1.15 1.28 0.952 

Feldspar Volume 0.29 2.63 2.94 0.975 

Quartz Volume 0.11 1.87 2.47 0.950 

Porosity 1.02 2.25 2.49 0.783 

Fig. 5.1: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for clay volume 
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Fig. 5.2: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for feldspar volume 

 

Fig. 5.3: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for quartz volume 

 

Fig. 5.4 The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for porosity 

The feature importance of each input variable and permutation feature importance was 

also obtained (Appendix VI, Fig. 5.12 - 5.15) for the Gradient Boost. The permutation 

feature importance is defined as the decrease in a model score when a single feature value 

is randomly shuffled (Tahmasebi, 2017). Permutation feature importance evaluates input 

and output features by calculating the drop in the model score.  
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The bigger the drop in the model score, the more impact the input feature has on the model 

and the higher it will rank. Permutation importance can be obtained by importing the 

"permutation_importance" library from "sklearn.inspection" and passing in the trained 

model (in this case, "gb"), testing set (in this case, "X_test, y_test"), n_repeats (in this 

case, 10 was used), and random_state (number of seeds). 

Following the development of the predicted model by gradient boost, similar 

conventional well logging data used to build the model was obtained from Well 1. These 

well log data obtained from Well 1 were trained into the model. The predictive outputs 

were subsequently uploaded to the petrophysical software to generate synthetic wireline 

logs. These synthetic logs allowed for a direct comparison with the actual core data, 

enabling a more nuanced interpretation of the reservoir's characteristics. The interpreted 

logs in Well 1 are discussed subsequently.  

The Gradient-Boosted model was diligently calibrated using a training dataset derived 

from Well 1, encompassing a comprehensive suite of AC, GR, RILD, DEN, and NPHI 

wireline logs. Upon validation, the model exhibited robust predictive capabilities, with 

the following performance metrics: mean absolute error (MAE), Root Mean Squared 

Error (RMSE), and coefficient of determination (R²), as in Table 5.1. 

5.3.2 Gradient Boost Results in Well 1 

The interpreted log from the predicted values and core log obtained from the integration 

of the well log data of Well 1 into the gradient boost algorithm model is presented in Fig. 

5.5. From left to right, track 1 represents the surface interval; Track 2 represents the 

measured depth; Track 3 compares XRD clay and predicted clay; Track 4 presents XRD 

feldspar and predicted feldspar; and Track 5 shows XRD quartz and predicted quartz. 

Track 6 also presents the comparison of core porosity and predicted porosity.  

It can also be observed that the predicted mineral content and porosity were in good 

agreement with the core data when it approached the depth of 2390m - 2396m, as shown 

in Fig. 5.5 except for the quartz content and porosity. The predicted quartz content is 

underestimated relative to XRD between the depths of 2085 - 2086m and the predicted 

porosity between the depths of 2079m - 2081 m, respectively. As observed on the 

interpreted log, the mineral contents and porosity were uniform across all depths until the 

depth of 2416m - 2431 m, when a subsequent increase was observed in the predicted 

mineral content. 
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Fig. 5.5: Results of XRD analysis (in red, magenta, blue, and black color stick) and 

predicted values (in blue, brown, magenta, and red curves) for mineral composition and 

porosity by Gradient Boost in Well 1. 
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5.3.3 Extreme Gradient (XGBoost) Model Performance 

The XGBoost algorithm is an advanced ensemble learning method that excels at 

managing complex data spaces. It is particularly well-suited for the challenges of 

subsurface data, enabling us to gain a comprehensive understanding of the reservoir's 

distribution. This is crucial for making strategic decisions in exploration and production 

operations. This analysis demonstrates the effectiveness of machine learning models in 

capturing intricate patterns within the geophysical data, revealing the characteristics of 

the shale reservoir under investigation. XGBoost technique will further be used to 

develop a prediction model to predict the mineral composition and porosity in Well 1. 

Appendix I (Table 4.1) of the supplementary information shows the correlation 

coefficient matrix of input parameters with output parameters for Well 1 to determine the 

parameters for training the data to avoid redundancy. 

After determining the coefficient of the input and output features, the correlation 

coefficient for the overall data set, the Mean Absolute Error (MAE), and the Root Mean 

Squared Error are then determined. The cross plot was carried out to determine the 

model's performance in predicting the mineral composition in the shale reservoir. The 

square of the correlation coefficient (R2) values obtained from the training data set was 

0.983, 0.986, 0.921, and 0.934, the square of the correlation coefficient (R2) values for the 

test data set; were 0.745, 0.741, 0.682, and 0.488 with an overall coefficient of 

determination (R2) of 0.888, 0.908, 0.779 and 0.753; MAE of training is 0.50, 0.91, 1.18 

and 0.84 while MAE for testing is 1.80, 5.29, 3.23 and 2.39; RMSE of 1.79, 5.42, 4.03 

and 2.59 from XGBoost model that has been built to predict the mineral composition of 

clay, feldspar, quartz, and porosity shows the evaluation metrics for the XGBoost boost 

regression model are displayed in Table 5.2 while the cross plots for the training, testing, 

and the overall dataset for the predicted model are presented in Fig. 5.6-5.20. 

Table 5.2 Statistics of the evaluation metrics for the XGBoost regression model 

Parameters 
Training 

MAE 
Testing MAE RMSE Overall R2 

Clay volume 0.50 1.80 1.79 0.888 

Feldspar volume 0.91 5.29 5.42 0.908 

Quartz volume 1.18 3.23 4.03 0.779 

Porosity 0.84 2.39 2.59 0.753 
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Fig. 5.6: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for clay volume. 

 

Fig. 5.7: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for feldspar volume 

 

Fig. 5.8: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for quartz volume. 
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Fig. 5.9: The cross-plot of Predicted Training and Testing and Overall Data against Actual 

Data for porosity. 

The feature importance of each input variable and permutation feature importance was 

also obtained. The importance of permutation tends to illustrate how essential a feature is 

for a model (Appendix VII, Fig. 5.21-5.24 of supplementary information). 

Following the development of the predicted model using XGBoost, similar conventional 

well log data used to build the model will be obtained in Well 1. This well-log data was 

employed to train the model to obtain a predictive output. The predictive outputs were 

subsequently imported to the petrophysical software to generate synthetic wireline logs. 

These synthetic logs allowed for a direct comparison with the actual core data, enabling 

a clearer interpretation of the reservoir's characteristics. The XGBoost model 

encompassing a comprehensive suite of AC, GR, RILD, DEN, and NPHI wireline logs 

was calibrated with a training dataset derived from Well 1. Upon validation, the model 

exhibited robust predictive capabilities, with the following performance metrics; Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of 

determination (R2), as shown in Table 5.2. 

5.3.4 XGBoost Result in Well 1 

Fig. 5.10 presents the well-log interpretation of the predicted values and core log obtained 

from the well log data of Well 1 using the XGBoost algorithm model. The well log is 

divided into six tracks, each representing different information.  

Track 3 displays a consistent trend in the predicted curve of the clay content, while track 

4 indicates the predicted curve of the feldspar volume. Track 5 represents the predicted 

curve of the quartz volume, which underestimated the measured XRD at certain depths. 

Track 6 shows the predicted porosity curve, which consistently increased and decreased 

through the depth.  

The well log analysis shows that the predicted values agreed with the core log, except for 

specific depths where the predicted curves underestimated the core log. 
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Fig. 5.10: The result of XRD analysis (in red, cyan, blue, and brown color stick) and 

predicted (in violet, earth, red, and blue curves) mineral composition and porosity using 

XGBoost in Well 1.
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5.4 Performance and Comparative Analysis of MLR, Gradient Boost, 

and XG Boost in Evaluating Mineral Composition and Porosity.  

This study demonstrates the effectiveness and accuracy of predictive models, including 

MLR, Gradient Boost, and XGBoost, for identifying mineral composition in shale 

reservoirs based on specific input parameters as these models achieve excellent accuracy 

with minimal errors across various datasets, such as training, testing, validation, and 

overall data. For example, the overall accuracy of the MLR model in Well 1 is shown in 

Fig. 5.11 respectively.  

The Gradient Boost model surpassed both the XGBoost and MLR models in predicting 

the contents of clay, feldspar, quartz contents, and porosity. Furthermore, the Gradient 

Boost model offers a cost-effective and practical method for estimating the content of 

clay, feldspar, quartz, and porosity through available well logs. Comparative analysis of 

all applied methods in Well 1 

In Well 1, the mineral composition and porosity were analyzed using various methods, 

and the results are depicted in Fig. 5.11. The predicted curves for the clay, feldspar, quartz 

contents, and porosity using MLR, Gradient Boost, and XGBoost methods agreed with 

each other, except for some fluctuations and discontinuities in some depth intervals. The 

predicted curves for the feldspar content were accurately predicted by the Gradient Boost 

and XGBoost methods but not by the MLR method. On the other hand, the predicted 

curves for the quartz content agreed with the measured XRD quartz. An increase in quartz 

content was noticeable at the depth where a decrease in the feldspar content was observed. 

Overall, the results are auspicious and provide valuable insights into the mineral 

composition and porosity in Well 1.  

5.5 Chapter Conclusions 

In summary, MLR, Gradient Boost, and XGBoost prediction models were developed to 

predict the mineral composition in Well 1. MLR, Gradient Boost, and XGBoost models 

showed strong predictions for mineral composition and core porosity. Both wells had 

excellent agreement with each other, highlighting the models' robustness. The Gradient 

Boost performed exceptionally well, suggesting its effectiveness in predicting mineral 

composition and porosity. The error comparison of training and testing results for clay, 

feldspar, quartz contents, and porosity prediction model based on the square of the 

correlation coefficient R2 of the Gradient Boost and XGBoost is presented in Appendix 

VIII (Fig. 5.27) of supplementary information.
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Fig. 5.11: XRD analysis for estimating the mineral composition and core porosity (in red, 

purple, blue, and magenta curves) and the curve of predicted mineral composition using 

MLR, Gradient Boost, and XGBoost method in Well 1. 
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Chapter 6 Conclusions and Recommendations 

6.1 Conclusions 

A comprehensive evaluation, assessment, and characterization of TOC, mineral 

composition, and porosity of Formation G shale Formation Gas performed from well logs. 

From this study, the following conclusions can be made. TOC analysis results for the Well 

showed a good agreement between the estimated organic content and the measured TOC 

from the core samples at the depth where it was measured. It was observed that high TOC 

zones conformed with high porosity zones. This is probably attributed to the organic 

matter (kerogen) undergoing thermal maturation that generates hydrocarbon and releases 

gases, thereby increasing pore spaces within the shale reservoir. Moreover, using ML 

models like Gradient Boost, Adaptive Gradient Boost, Random Forest, and Stacking 

techniques to evaluate TOC, ML models such as Gradient Boost and XG Boost to predict 

mineralogy and porosity generated results that were in good agreement with borehole data 

(core data and conventional well logging data). 

The Gradient Boost mineral composition evaluation model exhibited superior 

identification metrics than the MLR and XGBoost evaluation models with lower error 

and higher R2. However, multiple linear regression was observed to overestimate the 

mineral content for feldspar in well 1 and slightly underestimate the actual porosity 

content in the same well. Based on Root Mean Square (RMSE) and Mean Arithmetic 

Error (MAE) analysis, the Machine Learning model-based predicted models gave more 

reliable and accurate results, which confirms the effectiveness and reliability of the 

proposed methods to predict mineral composition and porosity in Well 1 from well 

logging measurements. 

This study has shown that predictive models could be cost-effective for determining TOC, 

clay, feldspar, quartz content, and petrophysical properties like porosity, reiterating this 

research's significance. Moreover, this two-pronged strategy of combining conventional 

well log interpretation with MLR, ML, and stacking technique represents a progressive 

step in the forecasting of reservoir properties facilitating better-informed decision-making 

for the exploration and development of unconventional hydrocarbon resources that would 

be very helpful in targeting and optimizing hydraulic fracturing in high-productive shale 

reservoir zones.  
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6.2 Future Research Prospectives 

Considering the outcomes and results obtained from this study and the potential 

implications for future research and practical applications, it is suggested that Passey’s 

MLR, ML, and Stacking methods should be extended across different shale formations 

to validate their adaptability to validating geological contexts. Also, integrating additional 

well logs should be explored to refine the TOC estimation provided by Passey's and MLR 

method and potentially incorporate machine learning algorithms for enhanced precision. 

Besides, the method's performance should be compared against other TOC estimation 

methods in shale plays to ascertain the most effective approach. 

Gradient Boosting, Adaptive Boosting, Random Forest, XGBoost models, stacking, 

bagging, and boosting should be applied to a large dataset to test further and improve the 

robustness of TOC and mineral predictions. Real-time data analysis using machine 

learning to facilitate dynamic reservoir characterization and management requires further 

study.  

Lastly, interdisciplinary studies combining geological, geochemical, and engineering data 

to exploit machine learning's predictive capabilities in resource assessment should be 

considered. Large datasets should be available, as machine learning techniques require 

appropriate data to build a prediction model.  
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Appendix Own Results Summary  

Scientific Question Solved 

This research addressed the challenge of accurately characterizing shale reservoirs by 

concentrating on estimating and evaluating Total Organic Carbon (TOC), mineral composition, 

and porosity using well logs. The study sought to bridge the divide between traditional evaluation 

methods and advanced machine learning techniques, thereby improving prediction accuracy and 

fostering a more comprehensive understanding of shale reservoirs. A key investigation centered 

on the effectiveness of integrating multiple predictive models to enhance the assessment of shale 

reservoirs in Formation G of the Ordos Basin. 

Methods Personally Applied 

The following methods were applied in this research. 

1. Development of Predictive Models: 

a. I created and applied predictive frameworks utilizing Passey's ΔlogR approach, Multiple 

Linear Regression (MLR), and advanced machine learning methods such as Gradient Boost, 

Adaptive Gradient Boost, Random Forest, and the Stacking Ensemble method. 

b. Conventional well log data (e.g., gamma ray, resistivity, density, and neutron logs) and 

core data were collected and analyzed to establish robust models. 

 

2. Data Integration and Interpretation: 

a. I incorporated the model outputs into petrophysical software for detailed visualization of 

lithological and petrophysical characteristics. 

b. Machine learning predictions were combined with well-log responses to identify high TOC 

zones and delineate brittle and ductile layers within the shale formation. 

 

3. Model Validation and Analysis: 

a. Statistical metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 

and R² (coefficient of determination) were applied to assess and compare model 

performance. 

b. Sensitivity analyses were also conducted to evaluate the influence of input variables on 

predictive accuracy. 
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Results Obtained 

1. TOC Evaluation: 

a. The TOC successfully demonstrated strong correlations between predicted TOC 

values and core-measured data using Passey's method, MLR, and machine 

learning techniques. 

b. In this research, the Gradient Boost models and Stacking technique showed 

superior performance in the training and testing phases and, as such, outperformed 

other methods, achieving higher prediction accuracy with minimal errors, 

particularly in organic-rich zones. 

2. Mineral Composition and Porosity Prediction: 

a. This work successfully predicted the mineralogical composition (clay, feldspar, 

and quartz) and porosity of Formation G shale using multiple linear regression 

and machine learning techniques. 

b. Gradient Boost models exhibited exceptional training and testing phase results, 

providing reliable predictions for reservoir characterization. 

3. Integration and Workflow Optimization: 

a. Integrating the predictive outputs into petrophysical software to create depth-

matched wireline log interpretations, facilitating more precise reservoir 

characterization. 

b. There is a reduced dependency on traditional core-based methods, offering cost-

effective and scalable alternatives through data-driven techniques. 

4. Practical Contributions to Reservoir Management: 

a. This research identified zones with high TOC and favorable brittleness 

characteristics, which aid in selecting optimal hydraulic fracturing targets. 

b. There is an improved understanding of heterogeneity in shale reservoirs, leading 

to better-informed exploration and production strategies. 

 

In conclusion, this research demonstrates the transformative potential of integrating 

traditional geophysical methods with machine learning models, providing a framework 

for enhanced evaluation and management of unconventional reservoirs globally. 
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