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Effect of organic macerals on hydrocarbon generation ability
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Abstract. To quantify the impact of organic macerals on hydrocarbon generation
in oil shale and coal, this study analyzed 403 datasets. The results show
distinct differences in maceral composition between the two materials. Using
a random forest model with aquatic liptinite, terrigenous liptinite, vitrinite, and
inertinite as inputs, TOC and HI predictions achieved R? values of 0.62 and
0.73, respectively. SHAP analysis reveals that aquatic liptinite is the dominant
positive contributor to both parameters, while terrigenous liptinite shows
a bidirectional effect. Based on these relationships, a quantitative contribution
model for organic macerals in oil shale is established, offering insights for
resource evaluation and exploration.
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1. Introduction

Oil shale and coal are very important combustible organic minerals, playing
a significant role in the energy structure [1, 2]. Both coal and oil shale are
organic-rich sedimentary rocks. From the perspectives of clean coal utilization
and in-situ oil shale conversion, their hydrocarbon generation capacity is
a core indicator for assessing the quality and development feasibility of coal
and oil shale resources. This capacity is comprehensively constrained by
various factors such as organic matter abundance, organic macerals (source of
organic matter), and organic matter maturity. Among these, organic macerals,
as the basic constituent units of organic matter in coal and oil shale, directly
determine the hydrocarbon generation potential, pyrolysis efficiency, and
product characteristics of the organic matter through their type, content,
and spatial distribution. They are the key intrinsic factors regulating the
hydrocarbon generation processes of oil shale and coal [1-5]. Differences in
the source of organic matter (organic macerals) and depositional environments
directly lead to significant distinctions in the organic maceral composition of
coal versus oil shale.

Traditional studies often qualitatively or semi-quantitatively investigate
the relationship between organic macerals and hydrocarbon generation capacity
through experimental analyses such as optical microscopy and pyrolysis
experiments [6—8]. However, these approaches face challenges in precisely
quantifying the contribution weights of individual macerals and unveiling
the complex non-linear relationships between macerals and key hydrocarbon
generation parameters such as total organic carbon (TOC) and hydrogen
index (HI). SHAP (SHapley Additive exPlanations) analysis, an explainable
machine learning method grounded in game theory, can overcome the limi-
tations of traditional analyses. By calculating the SHAP value of each feature
variable relative to the target variable [9], SHAP quantifies the degree of
influence of organic macerals on TOC and HI, identifies key controlling
macerals, and visualizes interaction effects between feature variables. There-
fore, based on a large compiled dataset of organic geochemical parameters and
organic macerals from immature to low-maturity coal and oil shale, this paper
investigates the impact of organic macerals on the hydrocarbon generation
capacity of oil shale and coal. It focuses specifically on utilizing SHAP
analysis to decipher the intrinsic relationships between organic maceral data
and TOC/HI, aiming to provide theoretical support and technical references
for the precise exploration, quality evaluation, and efficient development and
utilization of oil shale and coal resources.
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2. Data and research methods

2.1. Data collection

In fact, oil shale is rich in immature to low-maturity organic matter. Therefore,
in order to facilitate the comparison of coal and oil shale at the same maturity
level, the maturity of the oil shale and coal samples collected in this study
ranges from immature to low maturity. This study compiled 178 sets of data
for immature to low-maturity oil shales (Ro < 0.7%) and 225 sets of data for
coals from the Songliao Basin and the Junggar Basin in China, as well as from
a series of basins in other countries [10—41]. The complete data sources for
all samples are listed in Appendices 1 and 2 (see Supplementary online data).
It should be noted that although samples with complete datasets — including
organic maceral content, TOC, and HI — are relatively limited, the samples
collected in this study generally provide both organic maceral and organic
geochemical data from the same source. Furthermore, to ensure comparability
of data across different basins, the data collected in this study generally
adhere to similar testing methods and experimental instruments. For example,
the TOC testing instrument was mainly the LECO TS-230, and the data for
rock pyrolysis were obtained using the Rock Eval 6. The organic microscopic
component counting scheme is based on percentage statistics and has been
normalized.

2.2. Methods

Random forest (RF) was proposed by Breiman based on the integration of
statistical learning theory with classification and regression methods [27].
The multiple classification regression decision tree (CART) included in the
RF algorithm prevents overfitting and can adjust different types of input
variables.

In this study, four organic maceral parameters — aquatic liptinite, terri-
genous liptinite, vitrinite, and inertinite — were selected as sensitive factors
to investigate their influence on the hydrocarbon generation potential
(TOC and HI) of coal and oil shale. The RF model was developed using
the Python 3.12 programming language, with implementation carried out
via the scikit-learn library. The train_test split method from the scikit-learn
library was employed to partition the dataset into training and testing sets,
with a ratio of 70% for training and 30% for testing.

Table 1. Optimal hyperparameter combination

Model | random_state | n_estimators | min_samples_leaf | min_samples_split | max_depth

TOC 240 100 3 4 9

HI 211 300 3 2 4
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The GridSearchCV function in Python facilitates the identification of
parameters that yield the highest model estimation accuracy [28]. By specify-
ing the values and ranges of the hyperparameters for the RF estimator model
and applying the GridSearchCV function, the optimal combination of RF
hyperparameters was derived (Table 1).

To identify the most influential factors affecting TOC and HI, the SHAP
method was selected to evaluate the contribution value of each feature in
predicting TOC and HI. SHAP is a game-theory-based approach designed to
explain the output of any machine learning model [9, 29]. In this study, both
the global features of multiple linear regression and the global/local features
of the RF model, along with the contributions of individual samples, were
analyzed.

3. Results

3.1. Organic geochemical characteristics

The collected data (Fig. 1) show that the TOC of oil shale samples is predomi-
nantly distributed between 5 and 25 wt%, with a maximum value of 34.6 wt%
and an average of 13.36 wt% (Fig. 1a, b). The HI values are concentrated
in the range of 435-780 mg HC/g TOC, with a few samples approaching
1000 mg HC/g TOC, and an average as high as 668.2 mg HC/g TOC
(Fig. 1b, ¢). The S, values range from 35 to 301.4 mg HC/g rock, with
an average of 81.6 mg HC/g rock (Fig. la, c). A strong positive correlation
is observed between TOC and S,, while moderate positive correlations exist
between TOC and HI, and between S, and HI. The organic matter in oil shale
samples is mainly type I and type II, (Fig. 1).
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Fig. 1. Scatter plots of the organic geochemical characteristics of oil shale and coal
samples: TOC-S, scatter plots, showing organic matter types (a); TOC-HI scatter

plots (b); S,~HI scatter plots (c).

For coal samples, TOC ranges from 43.8 to 79.7 wt%, with an average of
59.68 wt% (Fig. 1a, b). HI mainly falls between 138.2 and 366 mg HC/g TOC,
averaging 251.26 mg HC/g TOC (Fig. 1b, ¢). S, is predominantly distributed
from 73.9 to 265 mg HC/g rock, reaching a maximum of 343.1 mg HC/g rock,
with a high average value of 167.73 mg HC/g rock (Fig. 1a, c). Strong positive
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correlations are observed among TOC, S,, and HI in coal samples. The organic
matter in coal samples is mainly type II-III and type III (Fig. 1).

Although the TOC of oil shale is only one-third to one-fifth that of coal, its
hydrocarbon generation efficiency per unit mass of TOC (HI, S, /TOC) is two
to three times higher than that of coal [30, 31]. This indicates that TOC in oil
shale per unit mass typically generates more hydrocarbons than that in coal.
Oil shale generally contains higher proportions of hydrogen, oxygen, and
sulfur, whereas coal is primarily composed of carbon. These compositional
differences lead to variations in combustion characteristics and hydrocarbon
yields. One ton of TOC from oil shale can yield 200-300 kg of shale oil,
whereas one ton of TOC from coal produces only 50-100 kg of tar (and
this is feasible only for low-rank coal). In summary, although oil shale has
lower TOC, its hydrocarbon generation potential is higher, exhibiting greater
hydrocarbon generation efficiency than coal, which positions oil shale as
a potentially efficient oil-generating resource [32-34].

3.2. Organic macerals

The collected data reveal that in oil shale samples, the content of aquatic
liptinite is predominantly distributed between 45% and 97%, reaching
a maximum of 100%, with a high average value of 66.83%. Terrigenous
liptinite content primarily ranges from 5% to 30%, with a small number
of samples approaching 70%, while the average is only 15.98% (Fig. 2).
Vitrinite is mainly distributed between 5% and 30%, with an average content
of 12.24%. Inertinite content ranges from 0% to 10%, with a notably low
average of 4.93% (Fig. 3).
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Fig. 2. Scatter plots of TOC vs. aquatic liptinite/terrigenous liptinite (a) and HI vs.
aquatic liptinite/terrigenous liptinite (b).

In coal samples, the content of aquatic liptinite is extremely low (generally
< 5%, only slightly higher in humic-sapropelic coal). Terrigenous liptinite
content in coal is relatively low (1-10%). Vitrinite is predominantly distributed
between 40% and 90%, reaching a maximum of 98%, with a high average
value of 74.09%. Inertinite content mainly ranges from 0.4% to 5%, with
a maximum of 13%, and an average of only 2.73% (Fig. 3).
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Fig. 3. Scatter plots of TOC vs. vitrinite/inertinite (a) and HI vs. vitrinite/inertinite (b)

in oil shale and coal.

3.3. Random forest model and interpretation

An RF model was constructed using four organic maceral parameters
to predict TOC and HI in oil shale. The red dots in Figure 4 indicate the
predictive performance of the model on the test set, with R? (coefficient of
determination) values of 0.62 and 0.73, respectively, alongside low root mean
square error values, demonstrating satisfactory performance of the model.
Therefore, the RF model shows adequate accuracy and adaptability, as well
as good predictive ability, and can effectively reveal the complex relationship
between organic microscopic components and TOC and HI.
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Fig. 4. Comparison of TOC real test tag and integrated output results (a) and HI real
test tag and integrated output results.

Based on SHAP analysis, the mean SHAP values were obtained. The global
importance of input variables (Fig. 5) represents the average of the absolute
SHAP values for each feature across the entire dataset. The input variables
are ranked by importance, where a higher mean SHAP value indicates greater
importance of the variable [9]. The results demonstrate that aquatic liptinite
contributes the most to the model, followed by terrigenous liptinite (Fig. 5).
The findings indicate that aquatic liptinite is strongly correlated with TOC
and HI, suggesting that it plays a dominant role in hydrocarbon generation

potential.
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Fig. 5. SHAP values and feature-importance plots of the TOC model (a) and the HI
model (b).

By analyzing the factor dependence plots (Fig. 6), the marginal effects of
individual input variables on the model predictions in the RF model can be
observed. Single dependency analysis illustrates the influence of individual
factors on the content. The x-axis represents the feature values of the factor,
while the y-axis represents the SHAP values of samples associated with the
feature values. The analysis reveals the following:

1. Aquatic liptinite exhibits a strong linear positive correlation with both
TOC and HI. In TOC prediction, when aquatic liptinite exceeds 70%,
the SHAP values are generally greater than 0, making it more likely
to increase TOC content. Conversely, when aquatic liptinite is below
70%, TOC content decreases. The threshold for aquatic liptinite to
increase HI content is 70%.

2. The SHAP values of TOC samples show an initial increase followed by
a decrease as terrigenous liptinite content increases. When terrigenous
liptinite content ranges from 0% to 30%, the SHAP values of TOC
samples gradually increase but they begin to decrease when terrigenous
liptinite exceeds 30%.

3. Vitrinite has a certain negative influence on both TOC and HI contents.
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Figure 7 displays four randomly selected SHAP force plots from the actual
prediction results of TOC and HI, respectively. The SHAP values decompose
the prediction of TOC and HI variation patterns into the sum of influences
from each input variable [9].

Figure 7a represents predictions for different TOC contents. Figure 7al
shows a case of low predicted TOC content. The predicted TOC value is
6.13 wt%, and the true value is 5.04 wt%. Figure 7a2 shows a case of high
predicted TOC content. The predicted TOC value is 20.28 wt%, and the true
value is 17.30 wt%. Overall, regardless of the increase or decrease in TOC
content, aquatic liptinite is the primary influencing factor in TOC content
variation. However, when TOC content is low, terrigenous liptinite has
a greater influence on TOC, and as TOC content increases, the influence of
terrigenous liptinite gradually decreases.

Figure 7b represents predictions for different HI contents. Figure 7bl
shows a case of low predicted HI content. The predicted HI value is
542.01 mg HC/g TOC, and the true value is 545.0 mg HC/g TOC.
Figure 7b2 shows a case of high predicted HI content. The predicted HI value
is 729.62 mg HC/g TOC, and the true value is 694.85 mg HC/g TOC. Overall,
regardless of the increase or decrease in HI content, aquatic liptinite is the
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primary influencing factor in HI content variation. However, when HI content
is low, terrigenous liptinite has a certain influence on HI, and as HI content
increases, the influence of terrigenous liptinite gradually decreases.

4. Discussion

4.1. Contribution of organic macerals to TOC and HI

TOC fundamentally represents the total carbon content of organic matter in
oil shale and coal. In oil shale, aquatic liptinite content shows a significant
positive correlation with TOC. For every 10% increase in aquatic liptinite
content, the TOC of oil shale increases by an average of 5-8 wt% (Fig. 2a).
Terrigenous liptinite content in oil shale ranges from 5% to 30%, and its
moderate inherent carbon content (72—82%) results in a limited contribution
to TOC [35]. However, in low-grade oil shale, a 10% increase in terrigenous
liptinite content elevates TOC by 1-3 wt% (Fig. 2a). Based on the scatter plot
of TOC/HI versus liptinite, oil shale TOC exhibits a clear positive correlation
with liptinite, with a correlation coefficient of R* = 0.563 (Fig. 8a). Vitrinite
content in oil shale varies widely (5—50%), but oil shale with high TOC tends
to have lower vitrinite content, showing a minor negative correlation between
vitrinite and TOC. Inertinite content in oil shale is <10%, and its contribution
to TOC is much more limited than that of the dominant macerals (Fig. 3a).
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In coal, aquatic liptinite content is extremely low, and its contribution to
TOC is negligible [15, 17, 21, 36, 37]. Terrigenous liptinite content in coal
is relatively low (1-10%) and results in a limited contribution to TOC [35].
Coal TOC shows a poor correlation with liptinite (Fig. 8a). Vitrinite is the
most dominant maceral in coal (content 40-90%) (Fig. 3a). Derived from the
lignocellulosic tissues of higher plants and with a high inherent carbon content
(75-85%), it directly determines the TOC level of coal [44]. Inertinite content
in coal is low (<5%), and its contribution to TOC is much more limited than
that of the dominant macerals (Fig. 3a).

The HI fundamentally reflects the macroscopic manifestation of hydrogen
enrichment in organic matter. Its value is primarily determined by the hydro-
gen content of organic macerals. The contribution of different macerals di-
rectly dictates the oil-generating capacity of oil shale and coal [39—41]. In oil
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shale, aquatic liptinite content shows a significant positive correlation with
HI. Aquatic liptinite contributes the most to HI, with every 10% increase
in its content raising HI by an average of 80—-100 mg HC/g TOC (Fig. 2b).
Terrigenous liptinite’s contribution to HI is secondary to aquatic liptinite;
a 10% increase in its content elevates HI by 25-40 mg HC/g TOC, a notably
smaller increase than that from aquatic liptinite (Fig. 2b). Based on the
relationship between the lipidic group and HI (Fig. 8b), oil shale HI exhibits
a clear positive correlation with the lipidic group, with a correlation coefficient
of R? = 0.624. Vitrinite in oil shale exerts a minor inhibitory effect on HI:
a 10% increase in its content reduces HI by 60—80 mg HC/g TOC (Fig. 3b).
Inertinite content in oil shale is generally below 10%, and its contribution to
HI is minor (Fig. 3b).

In coal, aquatic liptinite content is extremely low, making its contribution to
HI negligible. Terrigenous liptinite content in coal is relatively low (1-10%).
Coal HI shows a poor correlation with the lipidic group (Fig. 10b). Vitrinite
is the primary organic maceral in coal (40-90%) (Fig. 3b). Its hydrocarbon
generation capacity varies significantly with the degree of coalification [42].
In low-rank coal, vitrinite has a slightly higher hydrogen content, resulting
in a more limited inhibitory effect. In high-rank coal, due to intensified
aromatization, its inhibitory effect strengthens [43—46]. Inertinite content in
coal is typically below 5%, and its contribution to HI is much more limited
than that of the dominant macerals (Fig. 3b).

4.2. Key factors controlling oil shale quality

The key organic macerals controlling oil shale quality are primarily aquatic
liptinite, followed by minor amounts of terrigenous liptinite and vitrinite.
Vitrinite mainly exerts a certain negative influence. Specifically, when
TOC <15 wt%, oil shale quality is jointly controlled by aquatic liptinite and
terrigenous liptinite (Fig. 9), indicating that during the depositional period
of medium- to low-quality oil shale, influenced by dual supply from aquatic
organisms and terrigenous organic matter, the quality of the corresponding
oil shale gradually improves with increasing organic matter supply [47—49].
In contrast, when TOC > 15 wt%, the contribution of terrigenous liptinite
decreases significantly, and quality is primarily controlled by aquatic
liptinite. This suggests that high-quality oil shale forms during periods of
minimal terrigenous organic matter influence, where aquatic productivity and
effective organic matter preservation are the key factors determining oil shale
quality [50-52]. Thus, TOC = 15 wt% can be used as a boundary for dis-
tinguishing oil shale quality: high-quality oil shale is primarily controlled
by aquatic liptinite, while ordinary oil shale is jointly controlled by aquatic
liptinite and terrigenous liptinite. This aligns with the SHAP analysis results,
which indicate that when aquatic liptinite content exceeds 70% and terrigenous
liptinite content is below 30% in oil shale, both TOC and HI significantly
increase (Fig. 6).
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Fig. 9. Box plots of TOC vs. aquatic liptinite (a) and TOC vs. terrigenous liptinite (b)
in oil shale.

4.3. Quantitative model of organic maceral contributions to oil shale

The core industrial value of oil shale depends on the oil production potential
and economic viability of its organic macerals [53]. From the perspective of
hydrocarbon generation [54], only aquatic liptinite, terrigenous liptinite, and
vitrinite are considered as organic macerals in oil shale, while inertinite is
temporarily excluded from calculations due to its generally negligible content
(£5%) and lack of practical contribution to oil yield. The core evaluation
metric of the model is the oil production efficiency index of oil shale, which
ranges from 0 to 100, with higher values indicating superior oil shale quality.

To quantify the comprehensive contribution of each maceral to oil shale
quality, the formula is defined as follows:
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AXPpA+TXPT—VXPy

C =
Wx (A+T+V) ’

(1)

where C represents the oil production efficiency index of oil shale, W denotes
the contribution weight of organic macerals, 4 is the percentage content of
aquatic liptinite, 7 is the percentage content of terrigenous liptinite, V" is the
percentage content of vitrinite, P, is the unit oil production contribution
coefficient of aquatic liptinite, P, is the unit oil production contribution
coefficient of terrigenous liptinite, and P, is the unit loss coefficient of
vitrinite. Based on the SHAP analysis results, the values are set as follows:
w=0.7,P, =70,P, =30,and P,= 130.

The model calculation results indicate that when C >80, the oil shale is
classified as premium-grade, with aquatic liptinite content >85% and vitrinite
content <5%.When 60 <C <80, the oil shale is classified as medium-grade,
with aquatic liptinite content between 70% and 85% and vitrinite content
between 5% and 10%. When C <60, the oil shale is classified as low-grade,
with aquatic liptinite content <70% and vitrinite content > 10%.

5. Conclusions

Based on data from immature to low-maturity oil shale and coal samples from
multiple basins, this study analyzes the contributions of organic macerals to
organic matter abundance and hydrocarbon generation potential, identifies key
factors controlling the quality of oil shale and coal, and focuses on interpreting
the intrinsic relationships between organic maceral data and TOC/HI using
SHAP analysis. A quantitative model for the contribution of organic macerals
to the hydrocarbon generation capacity of oil shale was established.

1. Machine learning models were developed based on the relationships
between TOC/HI and organic macerals in oil shale. SHAP analysis was
used to interpret the model results, confirming that aquatic liptinite has
the greatest influence on TOC and HI in oil shale, followed by terrigenous
liptinite, while vitrinite exhibits a minor negative influence.

2. Oil shale is dominated by aquatic liptinite and terrigenous liptinite,
whereas coal is dominated by vitrinite. High-quality oil shale is primarily
controlled by aquatic liptinite, while ordinary oil shale is jointly controlled
by aquatic liptinite and terrigenous liptinite. The hydrocarbon generation
capacity of oil shale significantly increases when aquatic liptinite
content exceeds 70% and terrigenous liptinite content remains below
30%. Vitrinite is the most abundant organic maceral in coal, typically
accounting for 50-80%, making it the most critical factor influencing
coal quality.

3. Based on these relationships, a quantitative contribution model was
constructed to evaluate the hydrocarbon generation capacity of oil shale
using organic maceral composition.
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