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a b s t r a c t

The genetic identification of hydrocarbons in complex hybrid petroleum systems remains challenging 
due to overlapping geochemical signatures caused by multi-source inputs and superimposed geological 
processes. Traditional biomarker-based methodologies often struggle to decouple these nonlinear in-
teractions, leading to interpretive uncertainties in source correlation, thermal maturity assessment, and 
secondary alteration characterization. This study introduces an unsupervised machine learning 
framework leveraging manifold learning to resolve these challenges within the hybrid petroleum sys-
tem of the eastern Junggar Basin. We employed Uniform Manifold Approximation and Projection 
(UMAP) to analyze high-dimensional molecular fingerprints of hydrocarbons. This approach allowed us 
to systematically disentangle the genetic signals influenced by multiple factors, including source ma-
terial, thermal evolution, mixing, biodegradation, and migration-induced phase fractionation. Results 
identify two primary oil families: Permian-derived and Jurassic-sourced oils, each exhibiting unique 
evolutionary pathways shaped by differential thermal maturation and post-generation alterations. 
Spatial mapping of these genetic types reveals systematic trends in hydrocarbon accumulation, high-
lighting preferential migration pathways and high-potential exploration targets. This workflow not only 
advances the interpretation of hybrid petroleum systems but also establishes a transferable framework 
for optimizing exploration strategies in geochemically complex basins. The integration of machine 
learning with petroleum geochemistry provides a promising pathway to reconcile multi-proxy datasets, 
reduce interpretive subjectivity, and enhance predictive accuracy in hydrocarbon genetic studies.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Genetic analysis of hydrocarbons constitutes a core research 
focus in petroleum geochemistry, providing critical geological 
constraints for exploration target optimization, resource potential 
evaluation, and play element characterization (Peters and Fowler, 
2002; Magoon, 2004; Curiale, 2008). Molecular fingerprints and 
isotopic signatures serve as key diagnostic tools for deciphering 
the genetic information of sedimentary organic matter, with 
biomarker assemblages offering particularly valuable insights

(Peters et al., 2005; Luo et al., 2019). These geochemical proxies 
provide fundamental evidence for determining hydrocarbon 
source, constraining thermal evolution stages, and identifying 
secondary alteration processes (e.g., Wei et al., 2006; Ding et al., 
2020). However, with the substantial increase in exploration 
datasets within petroliferous basins, traditional organic 
geochemical indicators have exhibited growing complexity in 
their interrelationships (Curry, 2019). Furthermore, interpretive 
discrepancies frequently arise when integrating multi-proxy 
datasets. This is particularly evident in maturity calibration and 
oil-source correlation. Such inconsistencies introduce substantial 
uncertainties into hydrocarbon genetic identification (Curiale, 
2008; Murray and Peters, 2021).

Extensive sample datasets provide statistically robust insights 
into the complex geological evolution of petroleum systems. 
Nevertheless, conventional analytical methodologies necessitate
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substantial reliance on discretionary selection and interpretation 
of geochemical indicators (Curry, 2019; Snodgrass and Milkov, 
2020; Su et al., 2025). Such subjectivity introduces potential bia-
ses in theoretical models, thereby compromising their applica-
bility in practical exploration scenarios. The analytical challenges 
primarily arise from the multifaceted evolution of sedimentary 
organic matter under diverse geological constraints. Organic mo-
lecular compositions, initially determined by source material 
variations, are further modified through post-depositional pro-
cesses such as thermal maturation, migration-mixing dynamics, 
and biodegradation (Peters et al., 2005; Naafs et al., 2019). 
Crucially, individual molecular markers exhibit differential re-
sponses to these factors, leading to nonlinear alterations in pe-
troleum geochemical signatures (Tao et al., 2025). Consequently, 
the diagnostic reliability of single-parameter indices diminishes 
for tasks such as oil-source correlation, thermal maturity evalua-
tion, and secondary alteration characterization. This complexity is 
amplified in hybrid petroleum systems, where multiple source 
inputs and superimposed alteration processes coexist, resulting in 
significant interpretive ambiguities.

Contemporary geoscience research is witnessing an exponen-
tial growth in geochemical datasets. This trend presents unprec-
edented opportunities to extract advanced information from 

large-scale sample repositories. This paradigm shift necessitates 
methodological innovations to overcome inherent constraints in 
conventional hydrocarbon genetic studies. Machine learning (ML)- 
driven big data analytics have emerged as powerful tools for 
investigating complex origins of hydrocarbons within hybrid pe-
troleum systems. These tools are of superior capabilities in 
decoupling high-dimensional nonlinear relationships. Such ad-
vancements have laid the foundation for an innovative analytical 
paradigm. Notable applications demonstrate this methodological 
evolution. Alexandrino et al. (2016) effectively differentiated ma-
rine versus lacustrine crude oils through support vector machine 
discriminant analysis (SVM-DA) modeling on two-dimensional gas 
chromatography-quadrupole mass spectrometry (GC × GC-QMS) 
datasets. Snodgrass and Milkov (2020) achieved remarkable 
generalization performance (97% prediction accuracy) in natural 
gas genetic identification by developing a random forest classifier 
based on global molecular and isotopic characteristics from 

>10,000 natural gas samples. Tao et al. (2020, 2025) developed an 
integrated analytical framework combining: 1) manifold learning 
techniques including t-distributed stochastic neighbor embedding 
(t-SNE) and uniform manifold approximation and projection 
(UMAP); 2) random forest classifiers/regressors; and 3) Shapley 
additive explanation (SHAP) interpretative framework. This multi-
algorithm framework successfully disentangles and interprets the 
nonlinear variations in high-dimensional molecular fingerprints 
and isotopic signals in source rocks and crude oils. Lu et al. (2025) 
employed a random forest classifier to decipher paleoclimate-
controlled organic matter enrichment mechanisms, and effec-
tively discriminate between freshwater and saline lacustrine oil 
shales based on integrated geochemical and biomarker data.

To advance this emerging paradigm in petroleum geochem-
istry, this study seeks to demonstrate its promising potential 
spanning from pattern recognition to exploration strategy devel-
opment. Focusing on the eastern Junggar Basin, a well-
documented hybrid petroleum system with intricate hydrocar-
bon geochemical characteristics (Chen et al., 2003a, 2003b; Wang 
et al., 2013), this study addresses two principal objectives. Firstly, 
to screen the optimal ML algorithm capable of deciphering 
nonlinear genetic information embedded within hydrocarbon 
molecular fingerprints. Algorithm selection criteria emphasize the 
capacity to disentangle overlapping geological influences and to 
distinctly decouple the associated geochemical signature trends.

Secondly, to identify and calibrate four critical features for exten-
sive hydrocarbon samples: source, thermal evolution, secondary 
alteration, and migration processes. Through this workflow, a 
comprehensive interpretative framework will be established to 
elucidate the evolution and spatial occurrence of hydrocarbons in 
this hybrid petroleum system. This framework will provide 
actionable insights and a robust theoretical foundation for opti-
mizing exploration strategies.

2. Geological setting

The Junggar Basin is a large petroliferous basin formed under a 
compressional tectonic setting, exhibiting complex superposition 
characteristics typical of multi-phase structural evolution (Carroll 
et al., 1990; Cai et al., 2000). Tectonostratigraphic studies demon-
strate four principal orogenic episodes from Late Paleozoic to Qua-
ternary: Hercynian (Late Paleozoic), Indosinian (Triassic-Jurassic), 
Yanshanian (Cretaceous), and Himalayan (Cenozoic) movements 
(Feng et al., 1989; Chen et al., 2005; Han and Zhao, 2018). This 
polycyclic tectonic evolution has generated superimposed structural 
assemblages and multistage sedimentary systems.

The study area, centered on the central-eastern Junggar Basin, 
encompasses multiple second-order tectonic units as delineated in 
Fig. 1. Stratigraphic successions spanning Carboniferous to Creta-
ceous periods are extensively developed, attaining thicknesses up to 
7000 m. Previous investigations have revealed significant heteroge-
neity in the geochemical compositions of hydrocarbons. Three key 
factors contribute to the observed hydrocarbon complexity: i) intri-
cate spatial distribution patterns of variably sourced and matured 
crude oils, ii) widespread mixing events between genetically distinct 
petroleum systems, and iii) localized secondary alteration processes 
(Chen et al., 2003a, 2003b; Wang et al., 2013). These superimposed 
effects collectively govern the heterogeneous physical properties and 
geochemical signatures of crude oils in the region.

3. Samples and methods

This study analyzed 539 hydrocarbon samples comprising 199 
crude oils and 340 reservoir extracts collected from 161 wells 
across the study area (Fig. 1). These samples provide comprehen-
sive spatial coverage of explored geological extent while effec-
tively representing the full spectrum of geochemical signatures 
characteristic of this hybrid petroleum system. All experimental 
work was performed in a single accredited facility following 
rigorous quality control procedures. This standardized analytical 
workflow ensures data integrity and analytical reproducibility 
across the dataset.

3.1. Hydrocarbon geochemical characterization

The molecular composition of hydrocarbon samples was char-
acterized to investigate their molecular signatures. Reservoir rock 
samples were crushed to 80-mesh particles and subjected to 
Soxhlet extraction using a 93:7 (v/v) dichloromethane-methanol 
solution. Asphaltene fractions in both crude oils and extracts 
were precipitated through excess n-hexane addition. Subse-
quently, deasphalted hydrocarbons underwent sequential chro-
matographic separation on silica-alumina columns via an 
eluotropic series of n-hexane, n-hexane-dichloromethane (7:3 v/ 
v), and methanol, yielding distinct saturated hydrocarbon, aro-
matic hydrocarbon, and resin fractions. For molecular finger-
printing, saturated hydrocarbon fractions were analyzed using an 
Agilent 7890B gas chromatography equipped with a flame ioni-
zation detector (GC-FID). Compound resolution was achieved us-
ing a DB-1MS column (60 m × 0.32 mm i.d.; 0.25 μm film
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thickness) under nitrogen carrier gas flow. The GC oven temper-
ature was initially set to 30 ◦ C for 15 min, increased to 310 ◦ C at 
3 ◦ C/min, and finally held at 310 ◦ C for 30 min. Subsequent 
structural identification was performed using an Agilent 7890B-
5977A gas chromatography-mass spectrometry (GC-MS) system 

with identical column specifications. The GC oven temperature 
program initiated at 80 ◦ C (2 min isothermal), followed by 
sequential ramping to 220 ◦ C at 3 ◦ C/min and 295 ◦ C at 2 ◦ C/min, 
with a final 30-min hold to ensure complete elution of high-
molecular-weight components.

3.2. Machine learning analysis

To elucidate latent genetic information encoded in petroleum 

molecular compositions, three unsupervised machine learning 
approaches were systematically implemented: principal compo-
nent analysis (PCA), t-distributed stochastic neighbor embedding 
(t-SNE), and uniform manifold approximation and projection 
(UMAP). The analytical molecular dataset contains relative abun-
dance profiles of 92 distinct compounds, segmented into three 
categories: 1) relative peak intensity percentages of major

Bogeda Mountains

Yilinheibiergen Mountains

87°00'E 87°30'E 88°00'E 89°00'E88°30'E

N'54°34
N'00°44

N'51°44
N'03°44

N'54°44
N'00°54

N'51°54

Dishuiquan Sag

Mobei
Uplift

Dongdaohaizi Sag

Mosuowan Uplift

Fukang Sag

Huo-Ma-T u anticline

Fukang Fault Zone

Baijiahai Uplift

Dinan Uplift

Wucaiwan
Sag

Shazhang
Fault Zone

Sh
ish

ug
ou

 S
ag

Shaqi Uplift

Jimusar Sag

Beisantai
Uplift

Bogeda Mountains

Kelameili
Mountains

N

S

W E

0 20 40 km

Limits of
structural units

Sample well

Junggar Basin

Fig. 1. Location and structural setting of the study area within the Junggar Basin. The green dot indicates the well sites of the analytic samples.

K.-Y. Tao, J. Cao, Y.-C. Wang et al. Petroleum Science 23 (2026) 2587–2598

2589



constituents per sample as determined by GC-FID results, 
including n-alkanes and branched alkanes from C 8 to C 38 , and 
carotanes; 2) relative peak intensity percentages of terpanes as 
identified in the m/z 191 GC-MS spectra; and 3) relative peak in-
tensity percentages of steranes in the m/z 217 GC-MS spectra. 
These three compositional subsets were integrated to form the 
final input dataset for PCA, t-SNE and UMAP analyses. Given that 
these molecular data is fundamental in the field of petroleum 

molecular geochemistry, the proposed method is highly applicable 
and suitable for broader adoption. Computational implementa-
tions leveraged dedicated R packages: the “vegan” package for 
PCA, “Rtsne” for t-SNE, and “umap” for UMAP. Through empirical 
optimization, the UMAP configuration adopted critical hyper-
parameters of metric = “euclidean”, n_neighbors = 30 and 
min_dist = 0.1 to balance global structure preservation with local 
pattern resolution.

4. Results and discussion

4.1. Dimensionality reduction of molecular compositions in 
hydrocarbons

To elucidate potential genetic correlations and compositional 
disparities among hydrocarbon samples (including crude oils and 
extracts), we systematically evaluated three dimensionality-
reduction algorithms for visualizing their molecular complexity. 
Comparative analysis revealed significant limitations in PCA, a 
linear dimensionality-reduction method constrained by its cu-
mulative explanatory variance of merely 45% for the first two 
principal components (Fig. 2(a)). This inadequacy suggests the 
presence of intricate molecular compositions and potential poly-
nomial relationships within the dataset, necessitating the appli-
cation of nonlinear approaches. Among nonlinear algorithms, t-
SNE demonstrated partial success by identifying discrete end-
member clusters in oil samples, though extract samples exhibi-
ted less coherent clustering patterns (Fig. 2(b)). Notably, UMAP 
demonstrated optimal performance, resolving three dominant 
genetic endmembers for the oils, with transitional samples dis-
playing intermediate characteristics (Fig. 2(c)). Extracts exhibited 
divergent geochemical signatures, with approximately 62% align-
ing with established oil clusters while the remainder formed 
unique compositional groupings (Fig. 2(c)).

Comparative analysis of three-dimensional t-SNE and UMAP 
outputs revealed substantial structural congruence between the

dimensionality-reduction patterns (Table S1). Mechanistically, 
UMAP outperformed t-SNE in preserving global structural features 
during 2D projection of high-dimensional nonlinear relationships 
(Liu et al., 2024). The t-SNE's stochastic nature potentially com-
promises topological fidelity through excessive local cluster 
emphasis. The validity of UMAP has been extensively verified 
across multidisciplinary applications in petroleum geology (Liu 
et al., 2024; Zhang et al., 2024). These findings collectively estab-
lish UMAP as a superior analytical framework for resolving 
nonlinear molecular heterogeneity in complex petroleum systems 
where geochemical signatures exhibit multidimensional variance 
patterns (Tao et al., 2025).

4.2. Genetic classification and identification of petroleum

The validity and geochemical implication of the UMAP output 
can be verified by the expression of biomarker proxies. We 
emphasize that conventional biomarker interpretation faces 
inherent limitations in complex petroleum systems due to multi-
dimensional interference effects—where single parameters 
frequently record overlapping source, maturity, and alteration 
signals (Curiale, 2008). Notably, the UMAP analysis successfully 
established a multivariate differentiation framework capable of 
resolving these entangled biomarker evolution pathways through 
nonlinear pattern recognition (Tao et al., 2025). Comprehensive 
integration of diverse proxies within this framework revealed five 
geochemically distinct petroleum groups: two protogenetic fam-
ilies (I and II) and three alteration-dominated types exhibiting (i) 
mixing-controlled hybridization, (ii) biodegradation-induced 
compositional changes, and (iii) phase fractionation-driven 
component segregation (Fig. 3).

4.2.1. Protogenetic petroleum families and thermal evolution 
patterns

The systematic evaluation of source-related biomarker assem-
blages reveals distinct differentiation in organic facies between 
petroleum Families I and II. Although these parameters may be 
influenced by secondary geochemical processes such as thermal 
maturation, the UMAP-derived dimensionality reduction suc-
cessfully resolves their multivariate variability. Notably, β-car-
otane abundance emerges as a diagnostic discriminator, with 
Family I exhibiting β-carotane as a dominant component in its 
saturated hydrocarbon fraction (mean β-carotane/n-C max 
ratio = 0.28), whereas it is nearly undetectable in Family II (mean

-20 0 20 40 60

-20

-10

0

10

20

)
%1.11(

2A
CP

PCA1 (33.9%)

(a)

-40 -30 -20 -10 0 10 20 30

-40

-20

0

20

40

2E
NS-t

t-SNE1

Extracts

Oil

Extracts

Oil

Extracts

Oil

(b)

-4 -2 0 2 4
-6

-4

-2

0

2

4

6

2PA
M

U

UMAP1

(c)

Fig. 2. Comparative evaluation of dimensionality-reduction techniques in visualizing multivariate structural relationships of crude oil and extract molecular fingerprints. 
Dimensionless coordinates represent low-dimensional embedding of high-dimensional feature space. (a) Principal component analysis (PCA); (b) t-distributed stochastic 
neighbor embedding (t-SNE); (c) Uniform manifold approximation and projection (UMAP).

K.-Y. Tao, J. Cao, Y.-C. Wang et al. Petroleum Science 23 (2026) 2587–2598

2590



ratio = 0.02; Fig. S1(a)). This contrast is further substantiated by 
comparative analysis of followed parameters: Family I exhibits 
lower pristane/phytane (Pr/Ph) ratios (mean = 1.54) relative to 
Family II (mean = 2.51; Fig. S1(b)). The gammacerane index 
(gammacerane/C 30 hopane) shows elevated values in Family I 
(mean = 0.21) compared to Family II (mean = 0.08; Fig. S1(c)). The 
C 24 TeT/C 26 TT (C 24 tetracyclic terpane/C 26 tricyclic terpane) ratio is 
lower in Family I (mean = 0.75) compared to Family II 
(mean = 3.08; Fig. S1(d)). Sterane distributions reveal significant 
inter-family variations, with Family I showing notably higher 
relative abundances of αααC 28 20R and reduced proportions of 
αααC 29 20R compared to Family II (Fig. S1(e) and (f)).

The convergent evidence from multiple biomarker types per-
mits robust paleoenvironmental reconstructions. Family I 
geochemical signatures indicate deposition under relatively high 
salinity and anoxic conditions, as evidenced by enhanced gam-
macerane indices and β-carotane preservation (Moldowan et al., 
1985; Fu et al., 1986; Grice et al., 1998). The associated organic 
matter (OM) primarily originated from aquatic algae and bacterial 
sources, as evidenced by hopane and sterane distributions (Peters 
et al., 2005). Conversely, Family II appears to originate from more 
oxygenated, lower salinity depositional systems with substantial 
terrestrial OM input, as evidenced by high Pr/Ph ratio and abun-
dant C 29 steranes and C 24 TeT (Moldowan et al., 1985; Noble et al., 
1985a; Hughes et al., 1995).

Furthermore, the UMAP framework effectively captures pe-
troleum molecular heterogeneity through differential inter-
sample dispersion patterns. It is observed that Family I exhibits 
broad dispersion within the UMAP space (Fig. 3), a pattern strongly 
correlated with thermal maturation gradients. This interpretation 
is supported by progressive variations in multiple maturity-
sensitive parameters across the Family I cluster, including: 
ββ/(αα+ββ) stereoisomerization ratios (Fig. S1(g)), TT/C 30 H (peak of 
tricyclic terpane to C 30 hopane ratio; Fig. S1(h)), pregnane index 
(pregnane/αααC 29 20R sterane ratio; Fig. S1(i)), and Ts/Tm (18α- 
trisnorneohopane/17α-trisnorhopane; Fig. S1(j)). These systematic 
variations facilitate subdivision of Family I into two subgroups:

Family I-a (low-maturity to peak mature) and Family I-b (late 
mature to post-mature) as detailed in Section 4.3. Of note, thermal 
maturation exerts certain effects on source diagnostic biomarkers, 
typically including β-carotane/n-C max (Fig. S1(a)) and C 24 TeT/C 26 TT 
(Fig. S1(d)). These ratios exhibit progressive depletion with 
increasing thermal stress, attributable to differential thermal sta-
bility between compound classes (Peters and Moldowan, 2017).

In contrast, Family II displays a narrow thermal maturation 
spectrum, as evidenced by its compact clustering in UMAP space 
(Fig. 3). Nevertheless, subtle maturity gradients are discernible 
along the UMAP2-axis (Fig. S1(g)‒S1(j)), mirroring the pattern 
observed in Family I. Notably, a compositional dichotomy emerges 
between sample types: extracts are predominantly characterized 
by early-maturity signatures, whereas crude oils represent more 
mature phases (see Section 4.3 for detailed characterization).

To link the hydrocarbon families in our UMAP results with 
specific sources, an important background consideration is 
required. In petroliferous systems, hydrocarbon fluid samples that 
can be collected are generally more abundant and diverse than 
source rock samples. Thus, compositions of hydrocarbon fluid can 
capture a broader spectrum of generative processes and maturity 
stages, whereas source rock data often represent a limited stage of 
generative processes (e.g., low-maturity end members). In our 
framework, characteristics of known source rock can be viewed as 
points along a continuous hydrocarbon evolution strand. A reliable 
correlation is established only when the entire strand (hydrocar-
bon fluids) can be rationally linked to a specific source point, and 
when variations along that strand are consistently explained by 
recognized secondary processes.

Geochemical evidence from previous source rock studies in the 
eastern Junggar Basin suggests distinct origins for the two petro-
leum families: Family I derived from the Early-Middle Permian 
Lucaogou Fm, whereas Family II predominantly originates from 

Jurassic coal-bearing strata. Specifically, the Lucaogou Fm is well 
documented as containing highly organic-rich, oil-prone source 
rocks (Chen et al., 2003a; Wang et al., 2020, 2023; Wu et al., 2021). 
This unit was deposited in a salinity-stratified lacustrine environ-
ment characterized by suboxic-anoxic conditions and hydrothermal 
influences (Liu et al., 2022; Wu et al., 2022; Xia et al., 2023). The 
Lucaogou source rock is the only unit in the study area shares a 
range of highly matched characteristics in terms of source-related 
biomarkers with Family I, typically including high concentration 
of β-carotane, a relatively high gammacerane index, and a relatively 
high proportion of C 28 within C 27–29 regular steranes (Chen et al., 
2003a; Wu et al., 2021; Wang et al., 2023). In contrast, Jurassic 
source rocks comprise coal measures and interbedded dark mud-
stones deposited in oxic, freshwater lacustrine-deltaic environ-
ments (Li et al., 2014). These rocks exhibit numerous highly 
consistent biomarker characteristics with Family II, typically 
including extremely high Pr/Ph and C 24 TeT/C 26 TT ratios, as well as 
the absolute predominance of C 29 among C 27–29 regular steranes 
(Chen et al., 2003a). Although coal seams exhibit limited oil gen-
eration potential, the associated mudstones may contribute to 
localized oil accumulations in the study area (Chen et al., 2003a).

The observed maturity disparity between the two families is 
most likely attributed to contrasting hydrocarbon generation ca-
pacities of their source rocks. Lucaogou source rocks, dominated 
by Type I-II kerogens, demonstrate sustained liquid hydrocarbon 
generation across the full oil window (Wu et al., 2021). Conversely, 
Jurassic mudstones contain Type II 2 -III kerogens, which generate 
liquid hydrocarbons predominantly during peak maturation stages 
(Qian et al., 2018). As a result, limited early-formed oils typically 
remain as dispersed phases within reservoirs.
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4.2.2. Mixing effect
The observed hydrocarbons mixing process in the UMAP arises 

from migration interactions between these two petroleum fam-
ilies. The UMAP framework effectively delineates geochemical 
variations within these mixed systems, where spatial proximity to 
a specific petroleum family correlates with compositional simi-
larity. Analytical results demonstrate that mixed oils/extracts in 
the study area exhibit stronger geochemical affinity with Family I 
(Fig. 3), indicating predominant contributions from Lucaogou-
derived hydrocarbons. This predominance is particularly evident 
in parameters such as β-carotane/n-C max (Fig. S1(a)) and steranes 
distributions (Fig. S1(e) and (f)). Notably, the mixing continuum 

primarily occurs between Family I-a (lower-maturity) and Family 
II endmembers, forming transitional signatures along the UMAP1-
axis (Fig. 3). In contrast, Family I-b (higher-maturity) samples 
maintain distinct clustering patterns, suggesting limited interac-
tion with other petroleum populations during migration.

4.2.3. Biodegradation
The UMAP framework identified two distinct clusters charac-

terized by exceptionally elevated β-carotane abundances 
(Fig. S1(a)). Chromatographic analysis confirmed biodegradation 
signatures in these samples, manifested through notable depletion 
of n-alkanes and concomitant enrichment of β-carotane in satu-
rated hydrocarbon fractions (Fig. S2). This fractionation pattern 
reflects the superior biodegradation resistance of β-carotane 
relative to straight-chain alkanes, resulting in progressive β-car-
otane/n-C max ratio amplification with increasing biodegradation 
intensity (Wenger et al., 2002). Similarly, branched/isoprenoid 
alkanes demonstrate enhanced microbial recalcitrance compared 
to n-alkanes (Peters and Fowler, 2002), as evidenced by elevated 
Ph/n-C 18 ratios (mean of 4.8 vs. mean of 0.4 in non-degraded 
samples; Fig. S1(k)).

Based on the UMAP framework, it is evident that the two 
clusters (Biodegradation-a and Biodegradation-b) are respectively 
associated with Family I-a and Family I-b (Fig. 3). This suggests 
that they represent biodegraded products derived from lower-
maturity and higher-maturity oils originating from the Lucaogou 
Fm, respectively. The biodegraded oils predominantly exhibit 
moderate alteration levels, showing alterations in alkanes with 
preserved terpane/sterane distributions (Fig. S2). Notably, some 
Biodegradation-a samples display advanced degradation, charac-
terized by 17α-hopane depletion and 25-norhopane generation 
(Noble et al., 1985b; Fig. S2(a)). This biodegradation gradient drives 
systematic density variations, with Biodegradation-a oils aver-
aging 0.94 g/cm 3 (API 19 ◦ ) vs. 0.88 g/cm 3 (API 30 ◦ ) for Biodegra-
dation-b.

4.2.4. Phase fractionation
Within the UMAP framework, Phase fractionation A emerges as 

a distinct outlier cluster exclusively composed of hydrocarbon 
extracts. Three transitional clusters (Phase fractionation B) form 

connectivity bridges between this end-member and Family I-a, 
Family I-b, and Mixed Oil groups, respectively (Fig. 3). Notably, the 
identification of Phase fractionation B is through 3D UMAP visu-
alization, as their transitional relationships with Phase fraction-
ation A involve multidimensional variations exceeding the 
representational capacity of 2D UMAP embedding.

Phase fractionation A exhibits diagnostic geochemical signa-
tures, most prominently characterized by exceptionally high 
Terrigenous/Aquatic Ratio (TAR) values (Fig. S1(l)). Chromato-
grams reveal a complete absence of <C 16 n-alkanes in these ex-
tracts, contrasting with well-preserved high-molecular-weight 
homologues (C 27 –C 29 dominance; Fig. S3(a)). This pronounced 
waxy hydrocarbon composition strongly suggests intensive phase

fractionation during petroleum migration. Such fractionation 
likely occurred in fracture systems where rapid pressure drops 
induced sequential precipitation of heavy components (Volk et al., 
2000).

Phase fractionation B encompasses residual petroleum 

phases demonstrating progressive elimination of high-
molecular-weight alkanes (C 25+ ; Fig. S3(b)–(d)). These phases 
retain continuous alkane distributions spanning light to inter-
mediate fractions, a characteristic fingerprint of migration-
induced phase partitioning (Suchý et al., 2010; Han et al., 
2015). Subdivision of Phase fractionation B within the UMAP 
framework effectively discriminates source-related variations 
among original oil compositions (Fig. 3). This classification is 
corroborated by the conserved distribution patterns of hopanes 
and steranes—biomarkers exhibiting relative stability during 
phase fractionation processes (van Grass et al., 2000; 
Fig. S3(b)–(d)). Collectively, the Phase fractionation A-B con-
tinuum documents a comprehensive sequence of hydrocarbon 
fractionation events during secondary migration.

4.3. Decoupling multivariate controls on geochemical proxies

The UMAP analytical framework enables effective discrimina-
tion of distinct response patterns exhibited by geochemical prox-
ies under multifactorial geological controls. This methodology 
demonstrates particular efficacy in establishing robust correlation 
trends among proxies. This capability enhances predictions of 
petroleum evolutionary stages, even when non-specific 
geochemical parameters are employed. Such advancement ad-
dresses a critical challenge. Given that most molecular indicators 
exhibit multivariate responses to diverse geological processes, 
substantially limiting their diagnostic utility in complex petro-
leum systems.

The pregnane index, while proposed as a potential thermal 
maturity indicator (Tao et al., 2021), demonstrates significant 
covariation with organic facies and biodegradation (Requejo et al., 
1997; Peters et al., 2005; Zhang et al., 2021). Similarly, the dia-
steranes/regular steranes ratio (DiaS/S) responds sensitively to 
organic facies, thermal stress, and biodegradation (Seifert and 
Moldowan, 1979). Cross-plotting these two parameters reveals 
source-dependent evolutionary trajectories: Family I and Family II 
exhibit distinct nonlinear correlation trends (Fig. 4(a)). These 
trends correspond to differential molecular evolution pathways of 
OM from discrete source facies during thermal maturation. 
Notably within Family I, the dataset splits into two maturity-
defined subgroups along the correlation trend: Family I-a (lower 
maturity) and Family I-b (higher maturity) (Fig. 4(a)). Intriguingly, 
biodegraded samples form a third linear trend that diverges from 

the maturation trajectories. This trend specifically indicates that 
progressive biodegradation elevates both pregnane index and 
DiaS/S values. These biodegraded oils, designated Biodegradation-
a and Biodegradation-b, originate respectively from Family I-a and 
I-b endmembers of the Lucaogou Fm. The observed trend sepa-
ration provides insights for differential biodegradation intensity 
between lower-maturity and higher-maturity petroleum phases. 
Of them, Biodegradation-a commonly underwent severer 
biodegradation, resulting in broader variations in pregnane index 
and DiaS/S (Fig. 4(a)).

The interference of source-facies heterogeneity on maturity pa-
rameters can be particularly evidently discerned by examining the 
correlation between pregnane index and TT/C 30 H ratio. Logarithmic 
cross-plots of these parameters reveal that Family I and Family II oils 
cluster along distinct evolutionary trajectories (Fig. 4(b)). This pro-
vides independent validation of the source-facies differentiation 
achieved through UMAP analysis. Notably, mixed hydrocarbons
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exhibit intermediate compositional signatures, systematically 
distributed between the two dominant family trends (Fig. 4(b)).

When evaluating biomarker-based maturity indicators, C 29 
sterane stereoisomerization ratios [20S/(20S + 20R) and 
ββ/(αα+ββ)] demonstrate superior thermal specificity within spe-
cific windows of hydrocarbon generation (Seifert and Moldowan, 
1986). However, their diagnostic utility becomes constrained 
beyond peak oil generation thresholds (ca. 1.0%R o ; Peters and

Moldowan, 2017). Comparatively, cracking-derived parameters 
such as pregnane index and TT/C 30 H maintain responsiveness 
across broader maturation ranges, albeit with increased suscep-
tibility to non-thermal alteration processes (van Graas, 1990; Price, 
1993). Importantly, the molecular UMAP framework overcomes 
traditional limitations by establishing high-fidelity correlations 
even with low-specificity biomarkers. This methodological 
advancement enables precise reconstruction of differential
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petroleum evolution pathways, effectively decoupling super-
imposed geochemical effects through multidimensional pattern 
recognition.

For Family I, a statistically robust correlation between pregnane 
index and ββ/(αα+ββ) emerges after eliminating source facies 
interference and secondary alteration effects (Fig. 4(c)). The 
pregnane index demonstrates particular efficacy in assessing 
higher maturity stages (R o > 1.0%), where ββ/(αα+ββ) stereo-
isomerization attains equilibrium (Fig. 4(c)). This diagnostic 
capability stems from the exceptional thermodynamical stability 
of pregnane. This stability allows it to become sustainedly 
enriched during thermal maturation, as alkyl side chains are 
cleaved from long-chain steranes. (Eglinton et al., 1988; Requejo 
et al., 1997; Tao et al., 2021). Supporting evidence from source 
rock pyrolysis experiments reveals pregnanes as the predominant 
residual steroids in post-mature stage pyrolysates (Wingert and 
Pomerantz, 1986; Wei et al., 2007). The dual-maturity indicator 
system reveals distinct applications: ββ/(αα+ββ) ratio effectively 
constrains lower maturity ranges, while pregnane index becomes 
diagnostic at R o > 1.0% (Fig. 4(c)). Visual inspection reveals clear 
differentiation between Family I-a (low-maturity to peak mature) 
and Family I-b (late mature to post-mature) within this parameter 
space, reflecting systematic thermal evolution trends (Fig. 4(c)).

Family II samples display a restricted maturity spectrum pre-
dominantly within the low-maturity to peak oil window, of which 
all oil samples are peak mature (Fig. 4(c)). The observed mixing 
patterns in pregnane index vs. ββ/(αα+ββ) plot suggest petroleum 

mixing primarily occurred between peak mature members of two 
genetic families (Fig. 4(c)). This interpretation aligns with previous 
UMAP clustering results discussed in Section 4.2.2, reinforcing the 
consistency of our analytical framework.

4.4. Spatial distribution heterogeneity of petroleum categories

The five petroleum categories exhibit significant spatial parti-
tioning characteristics. Family I demonstrates predominant 
occurrence within the eastern slope of Fukang Sag, Beisantai Up-
lift, and Fukang Fault Zone, while showing limited presence in the 
northern study area (Fig. 5(a)). Notably, the depositional patterns 
of Lucaogou source rocks display a distinct southward-thickening 
and northward-thinning configuration, spatially correlating with 
Family I distribution (Fig. 5(a)). This spatial correspondence sug-
gests that Fukang Sag and Jimusar Sag constitute the principal 
hydrocarbon generation centers for the Lucaogou Fm. In recent 
years, significant exploration advances in the tight oils within the 
Lucaogou Fm. in the Jimusar Sag (Wang et al., 2020, 2023; Wu 
et al., 2021), as well as discoveries in the Permian petroleum sys-
tem in the Fukang Sag/Fault Zone (Tao et al., 2012; Liu et al., 2023), 
have provided support for this perspective.

Furthermore, substantial variations are observed between the 
two subcategories of Family I. Geographically, the higher-maturity 
Family I-b primarily concentrates along the Fukang Sag slope, with 
limited occurrence in structural highs such as Beisantai Uplift and 
Fukang Fault Zone (Fig. 5(a)). Vertical distribution patterns reveal 
that the lower-maturity Family I-a is restricted to relatively 
shallow stratigraphic intervals, whereas Family I-b exhibits 
extensive accumulation across both deep and shallow reservoir 
units (Fig. 6). These distribution characteristics imply that vertical 
migration primarily controls the accumulation of Family I, while 
the burial-thermal evolution stage of Lucaogou strata governs the 
oil maturity within overlying reservoirs. Such an accumulation 
model is widely documented in the entire basin, such as the Mahu 
Sag area of northwestern Junggar Basin (Tao et al., 2021). From the 
tectonic uplift zones toward the center of sag, variations in thermal 
evolution degree of the source rocks control the zonal distribution

of the derivative oils with differing maturities across the 
geographic extent.

Family II displays a distinct distribution pattern compared to 
Family I, with widespread occurrence across the northern region of 
the study area (Fig. 5(b)). Previous studies also suggest that the 
crude oils in these northern regions (e.g., the Baijiahai Uplift) were 
primarily sourced from the Jurassic strata (Chen et al., 2003b). 
However, the distribution of Family II becomes progressively 
restricted in southern regions, primarily concentrated along the 
Fukang Sag slope with negligible accumulation observed in 
eastern sectors such as Beisantai Uplift (Fig. 5(b)). Geochemical 
evidence identifies the organic-rich mudstone succession within 
the Lower Jurassic Badaowan Fm as the principal oil source for 
Jurassic coal-bearing sequences (Chen et al., 2003b). This source 
unit exhibits maximum thickness in the western study area, 
gradually thinning eastward (Fig. 5(b)). The observed Family II 
distribution pattern consequently reflects a pronounced east-west 
differentiation in Jurassic oil-generation potential. This geospatial 
relationship further implies potential undiscovered hydrocarbon 
accumulations derived from Jurassic source rocks in the under-
explored central Fukang Sag and Dongdaohaizi Sag regions. Ver-
tical distribution analysis indicates that Family II primarily accu-
mulated at shallow to moderate depths, facilitating mixing 
processes with Family I hydrocarbons within equivalent strati-
graphic intervals (Fig. 6).

Biodegradation processes are preferentially observed within 
tectonic uplift zones, particularly in the Beisantai Uplift and 
Fukang Fault Zone (Fig. 5(c), Fig. S4). Notably, the biodegradation 
of crude oils and the subsequent formation of secondary microbial 
gases in the Beisantai Uplift have been extensively documented in 
previous studies (Lu et al., 2015; Hou et al., 2021). These structural 
domains experienced intensive fault network development during 
Yanshanian-Himalayan tectonic movements, characterized by 
multiphase uplift-thrust activities (Fig. 5(d)). Vertical distribution 
analysis reveals that biodegraded oils among the five petroleum 

categories are basically exclusively confined to shallow reservoir 
intervals (Fig. 6). The well-developed fault systems serve dual 
functions: 1) enabling efficient vertical hydrocarbon migration 
through conductive pathways, and 2) establishing favorable hy-
drodynamic circulation regimes within clastic reservoirs. This 
geological configuration creates persistent low-temperature con-
ditions combined with active groundwater systems in shallow 

stratigraphic units, collectively promoting extensive biodegrada-
tion of hydrocarbon accumulations in these areas.

Hydrocarbons exhibiting migration-induced phase fraction-
ation demonstrate genetic linkage with fault system evolution in 
the study area. The regional fault architecture predominantly 
originated through three major tectonic episodes: Late Hercynian 
(Late Permian), Yanshanian (Late Jurassic-Early Cretaceous), and 
Himalayan movements. Crucially, phase fractionation phenomena 
are strictly confined to Yanshanian-age fault networks (Fig. 5(d)), 
indicating this tectonic phase as a pivotal event in oil charging and 
migration dynamics. The Yanshanian faults typically reactivate 
deeper Hercynian faults, forming complex fault architectures 
characterized by vertically superimposed Y-shaped configurations. 
This structural inheritance enabled the Yanshanian fault system to 
exert predominant control on vertical hydrocarbons migration. 
Moreover, the vertical distribution of phase-fractionated hydro-
carbons (Fig. 6) provides insights for assessing both scale and 
extent of oil migration-charging processes within the study area.

4.5. Practical implications for petroleum exploration

Through systematic genetic identification of hydrocarbon 
samples in this study, we have established statistically robust
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geochemical features with exploration implications. The two oil 
families exhibit marked disparities in physical properties attrib-
utable to divergent source biomaterial assemblages. For Lucaogou-

derived crude oils (Family I), low-maturity members display 
elevated densities reaching 1.0 g/cm 3 (Fig. 7(a)). Progressive 
thermal maturation drives density reduction in this family, with 
late mature to post-mature phases showing significant lightning 
(0.72–0.87 g/cm 3 ; Fig. 7(a)). In contrast, Jurassic-sourced oils 
(Family II) predominantly represent peak maturity stages, exhib-
iting systematically lower densities (0.75–0.88 g/cm 3 ) compared to 
Lucaogou counterparts at equivalent maturation levels. Notably, 
this density range overlaps with that of late mature to post-mature 
Lucaogou oils (Fig. 7(b)). Physical property of mixed oils reveals 
that oil mixing predominantly occurs between Family II and 
Family I-a, as evidenced by the characteristic density distribution 
pattern (Fig. 7(b)). This phenomenon is likely attributed to the 
vertical juxtaposition of these two members in the depth profile, 
facilitating extensive mixing.
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Our sample-constrained analysis of oil yield distributions re-
veals distinct generation patterns across oil families. For Family I-a, 
the Lucaogou Fm exhibits relatively limited petroleum generation 
during low-maturity phases. While oil productivity undergoes 
marked escalation with advancing thermal evolution, particularly 
during peak maturation (Fig. 7(c)). For Family II, the Jurassic Fm 

demonstrate broad comparability with Family I-a in oil generation 
characteristics, although notable productivity anomalies emerge 
in specific structural domains (Fig. 7(c)). Notably, late to post-
mature phases of the Lucaogou Fm (Family I-b) demonstrate 
substantially enhanced oil generation capacity that far more ex-
ceeds those of both Family I-a and Family II (Fig. 7(d)).

Considering the spatial distribution patterns of these oil fam-
ilies discussed earlier, there remains substantial underexploited 
potential for high-maturity Lucaogou -derived oils in central 
Fukang Sag's mid-deep zones. The continuous stratigraphic-
lithologic traps for this resource type warrant prioritized investi-
gation. The lower viscosity characteristics of these high-maturity 
oils theoretically enhance reservoir connectivity, favoring large-
scale accumulation. Concomitantly, Jurassic oils present prospec-
tive targets in shallower sequences across both Fukang and 
Dongdaohaizi sags, particularly where structural-lithologic con-
figurations optimize migration pathways.

4.6. Broader applicability and transferability of the framework

The powerful capability of UMAP in disentangling complex 
geological influences, as demonstrated in this study for the hybrid 
petroleum system of eastern Junggar Basin, is not limited to such 
scenarios. It is broadly applicable to various complex systems 
characterized by distinct geological characteristics. A compelling 
case in point is the extensive areas involving central and western 
Junggar Basin (Tao et al., 2025). In this complex system, UMAP was 
successfully employed to decipher the complex effects of source 
disparities, mixing, thermal maturation, biodegradation, and

evaporative fractionation on crude oil compositions. These appli-
cations across diverse geological settings underscore the method's 
robustness in addressing a wide spectrum of geological 
complexities.

A common concern regarding ML approaches is their reliance 
on large datasets. However, as an unsupervised dimensionality 
reduction tool, the validity of UMAP's output depends more on the 
representativeness of the samples than on their absolute number. 
Its primary value lies in uncovering the intrinsic topological 
structure of the data. For a geologically well-constrained sub-sag 
or localized region, a smaller but representative dataset (e.g., 
30–50 samples encompassing key geological end-members) could 
be sufficient for UMAP to reveal meaningful patterns and re-
lationships. While a larger sample size yields a smoother manifold 
and sharper cluster boundaries, it does not fundamentally alter the 
underlying data structure that UMAP captures.

When applying this framework to studies with limited sample 
availability, parameter tuning becomes particularly important. The 
key parameter n_neighbors, which controls the balance between 
capturing local and global structure, can be optimized for smaller 
datasets. We recommend using a smaller n_neighbors value (e.g., 
5–15) for smaller datasets. This adjustment forces the algorithm to 
focus on finer-grained, local structures, effectively preventing 
over-smoothing and helping to reveal robust patterns even when 
data points are sparse. Therefore, through appropriate parameter 
tuning, the UMAP framework maintains its analytical power and is 
fully applicable to smaller-scale studies.

5. Conclusions

The genetic origins and spatial distribution of hydrocarbon 
fluids in sedimentary basins remain inadequately constrained due 
to limited reliable prior knowledge in existing geological frame-
works. Therefore, this study employs unsupervised learning 
methodologies to extract the critical genetic information encoded
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within hydrocarbon molecular fingerprints. UMAP emerges as an 
effective manifold learning technique. It excels at preserving both 
global data structures and local topological relationships within 
high-dimensional geochemical datasets. This approach can sys-
tematically disentangle the nonlinear evolutionary patterns in 
hydrocarbon molecular composition that arise from complex, 
superimposed geological processes.

Through comprehensive UMAP analysis, we successfully 
delineate the hydrocarbon genetic types and evolutionary path-
ways within the hybrid petroleum system of the eastern Junggar 
Basin. Two primary oil families, namely Permian-derived and 
Jurassic-derived oils, were identified. Additionally, their post-
depositional processes were effectively discriminated, including 
thermal maturation, mixing, biodegradation, and phase fraction-
ation induced by migration. This methodological advancement 
facilitates the decoupling of interdependent geochemical signals. 
As a result, it establishes robust correlations between molecular 
fingerprints and specific geological drivers. By spatially mapping 
hydrocarbon genetic types and evolutionary features across the 
study area, our findings provide critical insights into the accu-
mulation patterns of various resource types. This work also es-
tablishes a theoretical basis for identifying high-potential 
exploration targets.
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