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Our research aims to analyze how the uncertainties and risks of the overseas oil & gas

investment environment change over time and reveal the specific occurrence probabilities

of risk on different levels. In the process of long-drawn overseas oil & gas investment

that can last for 30 years or longer, it is difficult for investment decision-makers to grasp

the occurrence probabilities and trends of some specific risks accurately and in a timely

manner. The overseas risk assessment system has made great progress; however, it has

remained elusive due to the challenge of too many complex and interweaved factors.

With the advent of big data and artificial intelligence, more precise and specific risk

evaluations can be conducted. Our research selects 25 indicators from six dimensions

and applies a Cloud parameter Bayesian network algorithm to dynamically assess the oil

and gas overseas investment risk of 10 countries. The results reveal how risk dynamics

have changed over the past two decades. Our researchmay serve as a reference in future

overseas oil & gas investment risk decision-making, and is also significant to outbound

investing, engineering, and service projects. The proper use of risk assessment results

can be conducive to potential investors whomay invest in potential countries in the future.

Keywords: overseas oil and gas investment, dynamic, risk assessment, CPBN, big data

INTRODUCTION

As strategic resources are of paramount importance in the world today, oil & gas can directly affect
economic development, political stability, and even the national security of a country. Although
alternative energy has attracted increasing attention recently, both research institutions like EIA
and giant oil companies like BP believe that alternative energy is unlikely to replace petroleum in
the foreseeable future. For China, a developing country experiencing rapid economic growth, the
growth of renewable and other non-fossil energies is insufficient in replacing the demand for coal.
In the long-term, the use of oil and natural gas can reduce the use of coal (BP, 2020).

As of 2019, China’s dependence on imported oil and natural gas has rapidly climbed to 72.6 and
42.1%, respectively. The security of the oil and gas supply is the most important issue for Chinese
policy makers. Many scholars believe that overseas oil and gas investment is an important measure
to improve the security of China’s oil and gas supply (Duan et al., 2018). Through regression analysis
of China’s global investment tracking data and oil and gas import data, empirical tests have shown
that overseas investments in oil and gas are conducive to improving China’s oil and gas supply
security (Zhao et al., 2020).

For overseas oil and gas investment projects, the most significant elements include a long life
cycle, great uncertainty, high capital requirement, and irreversibility of the investments (Chapman
and Ward, 2004). Due to the decade-long life cycles of such projects, they are exposed to a
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multitude of risk factors including the political environment of
the resource countries (Bøe et al., 2019), economic conditions
(Ma et al., 2020), cultural factors, religious factors (Weldegiorgis
et al., 2017), as well as geological conditions (Asrilhant et al.,
2007) and oil price risks (Chorn and Shokhor, 2006). Because
of the intra relevance and complexity of risk management,
the identification of risks is usually decided by managers
and experts.

The risk analysis method was initially introduced to the
petroleum industry by Kaufman in 1963 to facilitate the
exploration and development of decision-making processes
(Walls and Dyer, 1992). After Kaufman, studies of risk
assessments for overseas oil and gas investments mainly focused
on risk identification, risk impact analysis, and risk model
construction (Huang et al., 2020). There are two main methods
to analyze or measure the impact of risks: one is the statistical
measurement method, based on historical data, and the other
is the subjective probabilistic measurement method (Kumar
and Gregory, 2013). A lot of research has been dedicated to
building and improving project risk assessment models for the
oil and gas industry. So far, a number of achievements have
been put into practice (Xie et al., 2010). For example, after a
series of studies of certain international oil and gas companies’
management processes, Midttun et al. (2007) established a risk
assessment model which introduced the real option method.
However, themethod has been used sparingly due to the difficulty
of thoroughly and accurately quantifying uncertainty (Hsieh
et al., 2019).

In the exploratory work of constructing risk assessment
models, the bond between qualitative and quantitative methods
is getting tighter and closer. Early studies on the risk assessment
of emergencies were mainly focused on risk expectation, risk
probability matrix, and the Borda value sequencemethod (Sachse
et al., 2012). With the development of numerical methods and
algorithms based on probability theory, analytical hierarchy
processes (Kul et al., 2020), neural networks (Wang et al.,
2013), cloud technologies (Ali et al., 2017), Bayesian networks
(Huang et al., 2020), and knowledge elements (Duan et al., 2018)
have been gradually applied in the risk assessment area. Driven
by these methods, risk assessment systems have made great
progress. However, each method has its limitations. Specifically,
the analytics process is quite subjective and is greatly influenced
by expert judgments. Neural network algorithms require a large
scale of objective data at the starting point. Cloud theory’s
reasoning capability is low, therefore it is not suitable for complex
and dynamic evaluation systems (Olusola et al., 2019). Further,
the Bayesian network cannot function well when the node size
is large.

To overcome the shortcoming of single approaches, hybrid
risk assessment methods have been developed. Two examples
follow here; in the assessment of CFPP investment risks of “One
Belt, One Road” countries, a hybrid evaluation model (Yuan
et al., 2019) has been built based on network process, entropy
value, and the TODIMmethod. It was applied to rank the overall
risk level of CFPP investment risks for the 23 “One Belt, One
Road” countries. In assessing the renewable energy investment
risks in countries along the “One Belt, One Road,” an ANP-cloud

framework, which considers randomness, was constructed. The
cloud model has been used to fully describe the randomness and
fuzziness of information. The risk levels of 54 countries were
tested under this framework. These hybrid methods have been
applied in investment risk assessments in transportation, thermal
power plants, non-ferrous metals, and renewable energy, but
rarely in overseas oil and gas investments.

Cloud modeling is a powerful tool for uncertainty analysis
in the field of big data and artificial intelligence. In the
process of qualitative and quantitative conversion, it shows
better expression ability for uncertain information. The Bayesian
Network (BN) has outstanding abilities in expressing probability,
handling uncertainty, and fusing multi-source information.
These two models play important roles in the field of uncertain
dynamic reasoning. Combining the two and applying the hybrid
model into the dynamic assessment of environmental risks
of overseas oil and gas investments has multiple advantages.
Cloud modeling and BN are models capable of handling
uncertainty. This fits well with the overseas oil and gas investment
environment, which is often full of unexpected events and
changes. Cloud modeling can effectively deal with randomness
and fuzziness at the same time, resulting in more sophisticated
and comprehensive consideration of risks. The BN has a flexible
structure and can be applied to environmental assessment
research in different countries.

There are three main contributions of this article. First, the
index system of environmental risk assessment for overseas oil
and gas investment was improved. Environmental constraints
and state-related factors were added, enhancing the model’s fit
with the current status of overseas oil and gas investments.
Second, a Cloud parameter Bayesian network has been
constructed through the research. The new recommended
model is capable of predicting the probability of high risks
and evaluating specific risks within a time frame(s). Thus,
the accuracy and dynamics of the risk assessment method
are improved. Finally, this study contributes great practical
importance. A comparative analysis was conducted of the overall
evaluation of the investment environments of several oil and gas
resource countries.

The following part of this article is organized into four
sections. SectionMethodology takes a closer look at the methods,
the design of the index system, data sources, as well as the
cloud parameter Bayesian network model we have built. Section
Results presents the results drawn from running the model and
conducting a simulation analysis of emergency events. Section
Conclusion and Policy Implication provides the conclusions and
policy recommendations.

METHODOLOGY

In the field of investment risk assessment, the Analytic
Hierarchy Process (AHP), Fuzzy Comprehensive Evaluation
(FCE), Regression Approach, Time Series Method, Gray System
Method, Neural Network Method, and other methods are
extensively used. However, these methods have their limitations.
AHP and FCE face difficulties in reflecting the objective state
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of things due to their subjectivity, since investors are likely to
have different subjective probability assessments of the same
project-specific uncertainty (Minli andWenpo, 2012; Yuan et al.,
2019). The RegressionApproach strictly requires sample data and
lacks the ability to analyze uncertainties. The Time Series Method
and Gray System Method are mainly aimed at the prediction of
the trend of the data series itself, without considering the internal
influencing factors of the predicted object and the relationship
between various factors, so they are not suitable for the prediction
of the risk of international investment (Ke et al., 2012). As a
machine learning method developed in recent years, the neural
network method is of great value in solving complex non-
linear problems (Wang et al., 2013). It automatically extracts
reasonable rules by learning a large number of samples and
has high learning and prediction ability. However, too many
uncertainties in international investment will lead to training
failure or over-fitting of the neural network model (Chandrinos
et al., 2018). Overfitting refers to the uncertainty of international
investment risk being analyzed as deterministic regularity by the
neural network model, which reduces the prediction accuracy
of the neural network model. Risk analysis often involves fuzzy
and inconsistent decision information, which may be caused
by a variety of reasons (Gómez-Fuster and Jiménez, 2020).
However, determinism-based analysis methods often regard such
uncertainties simply as the noise or error of the system, thus
neglecting the important decision information that may be
contained therein (Sobczyk et al., 2017).

As an intelligent data mining and knowledge discovery
method, the Bayesian network’s intelligent reasoning ability plays
an important role in dealing with such uncertain and inconsistent
information, and has widely been used in disease prediction
and diagnosis, fault diagnosis, risk assessment, and prediction
(Yan et al., 2008). The construction of the Bayesian network
model mostly depends on expert knowledge, which is bound
to be unconvincing and extraordinarily complex. If a Bayesian
network with binary nodes have n parent nodes, there are 2nd
table entries of the node in the CPT table, that is, the number
of table entries grow exponentially with the number of parent
nodes. Over-complex Bayesian networks will lead to problems
of computational complexity and overfitting. Most scholars use
the Noisy-OR gate model to solve this problem, but this method
is limited to the case of binary node state, which has great
limitations (Feng et al., 2020).

Wang was the first to combine the membership cloud with the
Bayesian network to generate the conditional probability table of
the Bayesian network with less expert workload (Wei, 2016). This
model can be constructed withmulti-valued nodes. Experimental
results show that the statistical properties of the Bayesian network
parameters generated by this method are basically consistent with
the proportion of nodes given by experts, and it can effectively
replace the work of experts.

The Construction of the Risk Assessment
Model
When dealing with complex problems of uncertainties, the
Bayesian Network (BN) uses the description of associations

between system variables to replace the joint probability
distribution, thus the amount of information in the
system description is reduced. At the same time, because
of the conditional independence between variables, the
computational complexity of learning and reasoning has
effectively been reduced.

Therefore, the Bayesian network has been widely used in
pattern recognition, datamining, computational intelligence, and
other fields. For a Bayesian network of a given structure, its
Conditional Probability Table (CPT) can be constructed based on
an expert knowledge method or data parameter learning method.
Since different experts often provide different opinions based on
their own professional judgments, the artificial subjective factors
are key reasons in reducing the accuracy of networking reasoning
in the expert knowledge method. The data parameter learning
method helps the CPT fit the actual situation well. However,
when a continuous node is the parent of the discrete node in
the Bayesian network, problems such as difficulty in determining
conditional probability and excessive construction workload may
occur, resulting in modeling inefficiency.

Cloud modeling is a powerful tool for uncertainty analysis
in the field of big data and artificial intelligence. The model
functions well in conversing between qualitative information and
quantitative data. Based on the reasoning ability of the Bayesian
network and the knowledge expression ability of cloud theory, it
is effective to combine the Bayesian network with cloudmodeling
theory (Jin et al., 2011). This paper adopts the Bayesian network
parameter construction method, based on the cloud membership
degree, to evaluate the risk of overseas oil and gas investments.
The research aims to fully utilize the advantages of the two
theories to provide scientific reference for decision-making and
planning of overseas oil and gas investments.

Bayesian Network (BN)
The Bayesian network was initiated by Pro. According to the
conditional independence between variables, the chain rule of
joint probability solution is simplified and presented in the form
of a directed acyclic graph (DAG). The Bayesian network can be
represented by a binary group <G, P>. G represents a directed
acyclic graph (DAG), which is composed of a random variable
node V and an edge E showing the dependence between variables.
P represents the conditional probability table of the dependence
between the random variable node and its parent node. Given
a set of random variables V, the Bayesian network is a joint
conditional probability distribution on V, and its joint probability
can be expressed as:

p (v1, v2, . . . vn) =

n
∏

i=1

p
(

vi
∣

∣Pa(vi)
)

Where Pa (vi) represents all parent nodes of vi.

Membership Cloud Models
Elements in the universe of discourse x = {X} can map X to
another ordered universe of discourse X’ according to some rule
F. In X’, there is one and only one x’ corresponding to x, then X’
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FIGURE 1 | Forward and backward membership cloud generator (MCG &MCG−1).

FIGURE 2 | The CPT generation process.

is the basic variable, and the distribution of membership degree
in X ’is called membership cloud, and x is called a cloud drop.

F :X → [0, 1] ,∀x ∈ X, x → F(X)

The cloud model can be represented by three eigenvalues:
Expectation (Ex), Entropy (En), and Hyper Entropy (He).

Expectation (Ex) refers to the expectation of the spatial
distribution of cloud drops. Ex is the most typical sample of
concept quantification. Entropy (En) refers to the blur length of
qualitative concepts in the cloud model. En reflects the range of
qualitative concepts. Hyper entropy (He) refers to the uncertainty
measurement of En. He is the En of En, which reflects the
dispersion degree of cloud drops. The higher En is, the more
discrete the distribution of cloud drops is.

The forward membership cloud generator (MCG) maps
qualitative concepts to quantitative denotations, that is,
the concrete realization of cloud drops generated by three
eigenvalues of the cloud. The backward membership cloud
generator (MCG−1) maps quantitative denotations to the
qualitative concept, which is shown in Figure 1.

Cloud Parameter Bayesian Network
Cloud theory is superior to the Bayesian network in knowledge
representation, while the Bayesian network is superior to cloud
theory in inferential capability (Jian et al., 2009). The cloud
parameter Bayesian network proposed by Wang Wei combines
the knowledge expression ability of the cloud and the reasoning
ability of the Bayesian network. This model integrates the
membership cloud model into the node parameters of the
Bayesian network, transforming the cloud model into a CPT
table of single a Bayesian network node. This integration greatly
reduces the workload of experts in designing CPT tables and
improves the design efficiency of the Bayesian network. The CPT
generation process is as shown in Figure 2.

1) Weight calculation
Weights include parent node weight, state weight, state

impact factor, and state combination weight. The final

result of weight calculation is the state combination weight,
which is the basis of constructing the cloud cluster and
generating CPT.

The parent node weight (WA) represents the influence of
a single parent on a child node. State weight (Asrilhant et al.,
2007) represents the degree of influence of the state changes of
the parent node on the child nodes, and each state is divided
into a corresponding set of state weights. Both WA and WS
are constructed by expert knowledge and are inputs to the
entire parameter generation model.

State impact factor (WAS) is the product of the weight of
the parent node and its weight of each state. WAS represents
how each state of a single parent node influences the child
nodes. We set the weight of the i-th parent node as WAi

and it has S states; WSsi represents the state weight of state
I, the influence factor of each state of the parent node
is: {WAi∗WSS1,WAi∗WSS2,...,WAi∗WSSS}. State combination
weight (WCS) represents the influence of state combination
of all parent nodes on child nodes, and the sum of WAS of
each node state under this state combination. For example,
node B has n parent nodes; the state impact factor of these
parent nodes of state y is represented as:

WCSy =

n
∑

i= 1

wasi.

2) Cloud model conversion
The cloud model conversion discussed in this paper refers

to the definition of a cloud cluster in the universe of discourse
of state combination weights, and the design of a group of
cloud generators according to the definition of a cloud cluster.
A universal normal cloudmodel is adopted in this paper, since
the first and last states of the nodes are monotonous, the states
at both ends use the semi-cloud model. To be more specific,
the first state uses the semi-falling cloud model, the last
state uses the half-rising cloud model, and the intermediate
state uses the standard cloud model. The Fibonacci method
is generally used to construct the eigenvalues of the cloud.
The rationale is that the closer to the center of universe of
discourse, the lower the En and He of the cloud will be.

3) Conditional probability conversion
Conditional probability conversion is substituting the

state combination weight of the parent node into the cloud
generator to obtain a cloud drop, namely, the determination
degree of the node under this state combination weight.
Then, the determination degree of each state is normalized
to obtain a table item of the CPT table. Repeating the above
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steps to calculate all the table entries, the entire CPT table
is established.

The main algorithm steps are summarized as follows:
Let the state combination weight of the i-th parent node X of

the desired node be WCSi, WCS= {WCSi|i ∈ N, 0 < i ≤ s}, s is
the number of parent node state combinations. The eigenvalues
of the cloud generator corresponding to the j-th state of X are
Hej, Enj, and Exj, respectively.

He = {Hei|i ∈ N, 0 < i ≤ m}

En = {Eni|i ∈ N, 0 < i ≤ m}

Ex = {Exi|i ∈ N, 0 < i ≤ m}

Where M represents the state number of node X.
The CPT table is generated as follows:

a. Iterate over each value of WCS
b. Iterate over the state space of node X, let the eigenvalues of the

J-th state cloud generator be Hej, Enj and Ex j

c. Generate a normal random number En
′

j with the expected

value Enj and the standard deviation Hej

d. Calculate the certainty degree of WCSi, µ = e
−

(WCSi−Exj )
2

2(En
′
)
2

e. Output a drop with degree of certainty, drop (WCS i,µ)
f. Iterate over all states of X, normalize all cloud drops of the X

state space, and save the normalized result to the CPT as one
of the entries.

g. Iterate over WCS
h. Output CPT.

The cloud parameter Bayesian network is constructed and the
inference operation is conducted according to the collected
evidence. The only difference between the CPBN and BN is
the CPT table construction process. Therefore, CPBN can use
the BN’s reasoning algorithm (such as elimination variable
algorithm, clique tree reasoning algorithm, MCMC algorithm,
etc.) to carry out probabilistic reasoning, to obtain the posterior
probability of query variables, and to complete the final
risk assessment.

Clique tree is an accurate BN inference algorithm. It can use
the messaging mechanism to achieve convergence. The clique
tree inference algorithm first transforms the Bayesian network
into a quadratic structure and obtains the accurate result of
the Bayesian network inference through the quadratic structure.
SS=(CT, PP), clique tree (CT)=(C,S), where C is the cluster of the
Bayesian network, S is the edge set in CT, probability potential
(Chen et al., 2019) can be calculated from the probability
distributions of the variables in each clique.

We use Netica, a Bayesian network analysis software which
is widely used worldwide, to incorporate the Bayesian network
into the node tree, to perform rapid probabilistic inference and
to obtain the risk assessment result.

Oil and Gas Investment Environment
Assessment Index System
There are many rating institutions that provide professional
ratings and analyses of macro investment risks worldwide

TABLE 1 | Agencies studies macro investment risks.

Comprehensive

risk

National debts Others

BERI (Business

Environment Risk

Index)

Nord Sud Export

Political risk service

Economist

Intelligence Unit (EIU)

Political and

economic risk

consultancy

World Economic

Forum (GCI)i

S & P(standard and

poors)

Fitch

Institutional Investor

DBRS (Dominion Bond

Rating Service)

Frost & Sullivan

Credit Risk International

OECD Credit rating

Coface & Ducroire

World Bank (Single Index)

Fraser Institute (Economic

Freedom)

Heritage Foundation

(Economic Freedom)

Transparency International

(Corruption Index)

Human development index

of UNDP

Price water house

Coopers(PWC)

(Transparency Index)

At Kearney (Global

Connectivity and

Confidence Index)

(Table 1). Among them, six institutions study the overall
comprehensive risks of countries, eight institutions focus on
the risks of national debts, and the others focus their attention
on countries’ economic freedom, transparency index, global
connectivity index, corruption index, and confidence index. Each
of these institutions has their different rating objectives and
classification methods. In addition, their index composition and
emphasis are quite different (Table 2).

The risks faced by overseas oil and gas investments are aligned
with the overall comprehensive risks of resource countries.
However, BERI is the only institution, among the six institutions
which study the overall risk of countries, that specifically
considers the characteristics of the oil and gas industry when it
provides the Mineral Extraction Risk Assessment (MERA) for
the mining industry. MERA integrates the following risks into
its analysis: contract risk, personnel and equipment damage risk,
nationalization risk, and expropriation risk of oil and gas assets.
However, the most important risk for oil and gas investments, the
resource risk, has not been considered.

Overseas oil and gas investment projects face many risk
factors due to their long time horizons. This research divided
the risk factors affecting overseas oil and gas investments into
six dimensions based on the principles of the importance of
indicators, the accessibility of the basic data, and the feasibility
of the evaluation process. The six dimensions are the resource
risk, the market risk, the political risk, the economic risk,
the investment environment risk, and the bilateral relations
between countries. Twenty-five layers were selected under these
six dimensions. As shown in Table 3, the research established a
risk evaluation index system for overseas oil and gas investments.

(1) Resource Risk

Resource risk refers to the uncertainty of the reserves of oil
and gas investment projects. The reserves, which can also be
referred to as the resource condition, are the basis for investment
decisions. The uncertainty is highly related to the investment
stage. In early stages of exploration, due to an insufficient
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TABLE 2 | Institutions that study the overall risk of countries and their index.

Organization Publication Factors Countries

Business Environment

Risk Intelligence (BERI)

Business Risk Service

(BRS)

Business climate:1/3

Political stability:1/3

Currency and repayment risk:1/3

50

Mineral Extraction Risk

Assessment (MERA)

Contract risk:25%

Physical risk: 25%

Operation risk: 25%

Financial risk:25%

70–145

Nord Sud Export (NSE) Exporters index Sovereign financial risk:30%

Financial market risk:40%

Political risk:10%

Business environment risk:20%

100

Direct investors index Sovereign financial risk:10%

Financial market risk:30%

Political risk:30%

Business environment risk:30%

100

Political Risk Service

(PRS)

International country

risk guide

Political:50%

Economic:25%

Financial:25%

140

Economist Intelligence

Unit (EIU)

Country Risk Service

(CRS)

Sovereign risk:22%

Economic structure risk: 27%

Banking sector risk: 28%

Currency risk:23%

125

Operating risk ratings Security

Political stability

Government effectiveness

Legal and regulatory

Macroeconomic

Foreign trade and payments

Financial

Tax policy

Infrastructure

Labor market

180

Global Competitiveness

Index (GCI)

Basis elements Infrastructure

Legal and administrative framework

Macroeconomic stability

Health and basic education

144

Efficiency enhancement Higher education and training

Goods market efficiency

Labor market efficiency

Completeness of financial markets

Technology

Market size

Innovation and maturity Completeness of the business environment

Innovation

understanding of underground resources, large errors and high
risks are inevitable in the prediction of proved reserves.

With an accumulated understanding through exploration, the
uncertainty of reserves, as well as risk, decreases. Resource risks
can be expressed as the impact of the uncertainty of the estimated
proved resource quantity on economic benefits. Countries with
abundant resources and great potential have high investment
value (Wang et al., 2020).

(2) Market Risk

Market risk refers to the risk arising from market changes
during the course of project operation. These changes affect the
decision making through the entire life cycle of the oil and gas

investment project. Market risk is an objective risk. Market risk
encompasses many elements and factors. Generally speaking,
the fluctuations of oil prices and exchange rates in resource
countries are the most significant factors determining a project’s
profitability (Wu et al., 2019, 2020). Therefore, oil price risk and
exchange rate risk were selected as market risk indicators.

(3) Political Risk

Due to the long life cycle of overseas oil and gas investment
projects, the political situation, policies, and laws of resource
countries are quite likely to change. The instability of national
policies and the legal environment may affect the normal
operation of a project, generating great risks.
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TABLE 3 | Oil and Gas Overseas Investment Environment Assessment Indicators (OGOIEAI).

Classifications of risks Index Abbreviation and

units

Data resource

Resource risk Total proved reserves of oil &gas PR, Billion barrels BP statistical review of world energy

2000–2020

Reserves-to-production ratio R/P

Consumption-to-production ratio C/P

Market risk Oil price (Brent) P, $/barrel Word Bank

Exchange rate ER

Political risk Government stability GS International Country Risk Guide 2019

Socioeconomic conditions SC

Corruption C Corruption Perceptions Index

Religious tensions RT International Country Risk Guide 2019

Ethnic tensions ET

Democratic accountability DA

Bureaucracy quality BQ

Economic Risk GDP growth rate GDPR Word Bank

Inflation rate IR

Price fluctuation PF

Investment environment Cost of business start-up

procedures, male (% of GNI per

capita)

CBS Word Bank

Net inflows of foreign direct

investment (% of GDP)

NIFI

Environmental sustainability policy

and institutional ratings

ESPIR

Forest area (% of land area) FA

Renewable electricity output (% of

total)

REO

Co2 emissions (kg /PPP $GDP) CO

Bilateral relations between countries Bilateral investment treaty signed or

not

BIT, signed scores 1,

not scores 0

China’s Ministry of Commerce

Bilateral political relations BPR Delphi Method

Dependence on foreign trade DRT CEIC

Dependence on investment DI CEIC

Government efficiency reflects a local governments’
capability and willingness to provide services and facilitates
to foreign investors (Duan et al., 2018). Democratic
accountability and regulatory quality reflect the extent of
a government’s corruption. If government officials cannot
handle things fairly and impartially, foreign companies
will find it difficult to conduct business with the local
community, and thus have higher probability to suffer
a loss.

(4) Economic Risk

A sound economic foundation of resource countries is
essential to ensure the safety and return of overseas oil and gas
investments. The GDP growth rate can reflect the economic
environment for a country’s long-term investment. The inflation
rate has high impacts on the operating cost of enterprises, and the
exchange rate can also cause uncertainty with respect to project
financing costs.

(5) Investment Environment Risk

To evaluate the investment environment, this paper not only
considers various obstacles in the process of contract execution,
but also the compulsory requirements on registered assets by
the resource countries (Olusola et al., 2019). In addition, the
trend of tighter and higher environmental constraints in resource
countries should be integrated into the consideration. Although
oil and gas investments are warmly welcomed to promote local
economic development, the waste discharge in the process of
resource development has a long-lasting negative impact on
the local environment. More and more environmental concerns
have been raised and transformed into operating costs. In
other words, the concerns shake the investment profitability
and decision-making process. This paper selects the following
indicators for investment environment risk: Cost of business
start-up procedures (% of GNI per capita), Net inflows of foreign
direct investment (% of GDP), Environmental sustainability
policy and institutional ratings, Forest area (% of land area),
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Renewable electricity output (% of total), and Co2 emissions (kg
/PPP $GDP).

(6) Bilateral Relations between Countries

The success of Chinese companies’ overseas investments
can be largely influenced by the strength of diplomatic
relationships and trade tightness. Therefore, bilateral relations
should be incorporated into the index system. This paper selects
the following indicators for bilateral relation risk: bilateral
trade volume, exports to China /GDP, and imports from
China/economic and trade cooperation with China.

Data Resource
The geographically uneven distribution of oil and gas resources
and the mismatch between supply and demand stirs up overseas
oil and gas investment (Tan and Barton, 2017). China has
invested and operated over 100 oil & gas projects worldwide.
According to investment scale and potential, we chose 10
representative countries for our research objects. They are Brazil
and Ecuador in South America, Chad and South Sudan in
Africa, Iraq and the United Arab Emirates in the Middle East,
Kazakhstan and Turkmenistan in Central Asia, Indonesia in
Southeast Asia, and Russia. Data sources of relevant indicators
are shown in Table 3, to facilitate the construction of CPBN, we
abbreviate all the indicators due to the maximum character of
node name in Netica is 30.

RESULTS

Overall Assessment of Oil and Gas
Investment Environment Risk
The CPBN is established based on the logical level between the
factors of oil & gas overseas investment environment assessment
indicators, as shown in Figure 3.

We input the probability distribution of the two-layer root
nodes and the CPT of the sub-nodes into Netica. The number
of CPT table entries is exponential with parent nodes and the
workload of the CPT table explodes when parent nodes increase.
With 200 BN results of cloud parameters, we comprehensively
evaluate the investment environment of 10 typical oil & gas
resource countries from 2000 to 2019 and determine the degree
of subordination of overseas investment risk as low (L), moderate
(M), and high (H). Due to limited space, we present the cloud
parameter BN inference visualization result of Brazil’s oil & gas
investment assessment in 2019, as shown in Figure 4.

A silent transforming investment environment in Brazil can
be visually observed in the form of a graph, as shown in Figure 5.

The Netica results show that the risk of investment in Brazil’s
oil & gas industry over the years exhibits a downward trend from
being a moderate risk to being a low risk. The investment risk
(low risk, medium risk, high risk) has changed from 32, 42, and
26 to 42, 35, and 23 which is the result of the relatively good
investment environment in Brazil.

Since 2015, there have been some fluctuations in the
investment environment in Brazil due to the country’s favorable
resource prospects and investment incentive policies, the
probability of high risks is gradually decreasing, as it turns out.

China won the Ribella field in a consortium bid with Total and
Shell in 2013. The Ribella field, located in the Santos basin in
2,000 meters of water south-east of Rio de Janeiro, is estimated
to hold 12 billion barrels of oil reserves, making it the world’s
largest offshore field. In 2019, China won Buzios and Aram field,
and in the foreseeable future, Chinese oil companies will invest
billions in funds for exploration and development in Brazil. Thus,
Chinese companies need to be more cautious because of recent
evolving uncertainties in in Brazil.

Assessments From Different Risk
Dimensions
With Netica, we obtain the specific values of the risk assessment
for various dimensions and illustrate the following representative
sub dimensions.

The result of resource risk assessment is shown in Figure 6.
The oil resource risk in Brazil has always been low. This risk trend
chart exhibited a downward trend from 2001 to 2014, which
increased in 2015 and has been relatively stable with a slight
decline since then, and the probability of low risk remains above
70%. This situation is mainly affected by the growth of oil storage
and exploitation in recent years.

From a macro point of view, the oil and gas market in Brazil
is a magnet for foreign investment. Brazil’s oil & gas exploration
and development started from onshore resources, developed
into a shallow continental shelf, and completed the historical
leap by developing deep water pre-salt oil & gas. Since Brazil
opened its oil and gas market to FDI in 1997, the market has
been booming thanks to the influx of international companies.
However, compared to the 60,000 wells in neighboring Argentina
and four million wells in the US, only 30,000 wells have been
drilled in Brazil. The oil exploration market is still in its infancy.

The result of political risk assessment is shown in Figure 7.
The political situation in Brazil showed a clear process of gradual
deterioration from 2007 to 2012 and then a gradual recovery
since 2012. Brazil has built a representative democratic political
system. Since 2015 Brazil has been suffering a series of political
upheavals. Brazil has maintained smooth relations with China in
the past couple of years. There is good development momentum
in bilateral relations and trade.

The result of economic risk assessment is shown in Figure 8,
which shows a dramatic picture. In recent years, Brazil has been
suffering an economic downturn, currency depreciation, and
fiscal and inflation pressures. Consecutive quarters of negative
economic growth in 2015 and 2016 compelled the government
to implement a series of adjustment measures with a focus on
restoring fiscal balance. The economy remained stable in 2017
and 2018, with a real GDP growth of 1.1%. However, due to the
impact of the international economic environment, the economy
declined in 2019. Brazil will actively attract foreign capital and
expand foreign trade, but the probability fluctuations of the risk
level are more volatile in the near future.

As shown in Figure 9, although there are still many problems
in Brazil’s environmental constraints, Brazil’s investment
environment risk has been low and stable. Brazil has done a
good job of developing clean energy, largely relying on domestic
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FIGURE 3 | CPBN of oil and gas overseas investment environment risk.

FIGURE 4 | Oil and gas investment risk assessment of Brazil in 2019.

capital. The carbon emissions have been falling every year since
2014. Brazil has the highest proportion of renewable energy in the
context of global economic power, the proportion of renewable
energy is 75%. Less than 4.5% of electricity is generated by coal
in Brazil, while the same input generates 70% in China. Strict
environmental protection policies impose binding forces on oil
and gas investment enterprises.

The risk analysis of four dimensions analyzes the risk changes
of oil & gas investment in Brazil from various perspectives,
the comprehensive action of various factors formed the final
investment environment risk trend.

Emergency Simulation
The above simulation results are based on existing data in the
data resource. We then revise the model parameters to consider

the impact of possible sudden political or economic risks on
oil investment risk. We introduce the new node information
into the cloud parameter BN and use the joint tree reasoning
algorithm to carry out reasoning calculation, so as to obtain the
new membership degree of the emergency risk of overseas oil
& gas investment. In this paper, the variable control method is
used to analyze the impact of emergencies on the investment risk
in Brazil in combination with the investment situation of Brazil
in 2019.

Political Emergencies Simulation
There is no doubt that the more stable the government, the less
likely the country is to experience political upheaval and themore
attractive it will be to oil & gas investors. We consider the main
factors affecting the stability of the government, simulate the
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FIGURE 5 | Oil &gas investment environment risk in Brazil from 2000 to 2019.

FIGURE 6 | Resource risk in Brazil from 2000 to 2019.

sudden political events, and analyze the dynamic trend of the risk
level probability of the sudden political events.

Through the analysis of the original data of political risk
dimension indicators from 2000 to 2018, we can identify several
indicators that were significantly affected by political events at
several time points when political risk changes greatly. According
to various forecasting reports issued by the Brazilian central
bank and other institutions, combined with the political risk
assessment results of Brazil, the change range of indicators under
the scenario simulation is roughly estimated. Therefore, based
on the existing information, the risk assessment model node of
Brazil’s oil & gas investment is modified as follows:

(a) Government stability is at a high risk level, and the degree of
membership (low, moderate, high) may be set to 0, 30, or 70.

(b) Socioeconomic Conditions is at a moderate risk level, and
the degree of membership (low, moderate, high) may be set
to 0, 70, 30.

(c) Oil price fluctuation is at a low risk level, and the degree of
membership (low, moderate, high) may be set to 80, 20, 0.

(d) Inflation rate is at a moderate risk level, and the degree of
membership (low, moderate, high) may be set to 0, 90, 10.

(e) Exchange rate is at a moderate risk level. It is advisable to set
the degree of membership (low, moderate, high) to 40, 60, 0.

(f) GDP growth rate is at a moderate risk level, and the
degree of membership (low, moderate, high) may be set
to 20, 80, 0.

(g) Net inflows of foreign direct investment is at a high risk level,
and the degree of membership (low, moderate, high) may be
set to 0, 20, 80.
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FIGURE 7 | Political risk in Brazil from 2000 to 2019.

FIGURE 8 | Economical risk in Brazil from 2000 to 2019.

As illustrated in the above figure, under the simulated political
event scenario, the variation of oil & gas investment risk in Brazil
(low, medium, high) is 30.0, 37.9, 32.1. In other words, sudden
political events make Brazil a medium-risk investment target
country. Analyzing this sudden political event and understanding
the risk composition affected by it can help overseas investors
to formulate countermeasures quickly, adjusting investment
decisions in time and preventing losses effectively.

Economic Emergencies Simulation
As the largest country in South America, Brazil has suffered
several economic and financial crises. The economic growth of
Brazil has been declining since 2011. In particular in 2015 and
2016, Brazil’s GDP declined 3.8%. In February 2016 Moody’s cut
Brazil’s sovereign debt rating to junk status resulting in a very
bad outlook. The International Monetary Fund’s latest World

Economic Outlook has further downgraded its growth forecasts
for Brazil over the next 2 years and sees the country mired in a
long and deep recession.

We assume that there was a major shock to the Brazilian
economy in 2019. The selection criteria of indicators in the
scenario simulation refers to 4.3.1. According to the existing
information, the node of the risk assessment model for
investment in Brazil is modified as follows:

(a) Oil price fluctuation is at a low risk level, and we still set the
degree of membership (low, moderate, high) to 80, 20, 0.

(b) Exchange rate is at a moderate risk level, and the degree of
membership (low, moderate, high) may be set to 60, 60, 0.

(c) Government stability is at a moderate risk level, and the
degree of membership (low, moderate, high) may be set
to 0, 60, 40.
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FIGURE 9 | Investment environment risk in Brazil from 2000 to 2019.

(d) Socioeconomic Conditions is at a moderate risk level, and
it may be appropriate to set the degree of membership (low,
moderate, high) to 20, 80, 0.

(e) GDP growth rate is at a high risk level, and the degree of
membership (low, moderate, high) may be set to 0, 20, 80.

(f) Cost of business start-up procedures is at a moderate
risk level. It is advisable to set the (low, moderate, high)
membership degree to 20, 80, 0.

(g) Net inflows of foreign direct investment is at a high risk level,
and the degree of membership (low, moderate, high) may be
set to 0, 20, 80.

The newly acquired simulation results indicate that oil & gas
investment risk (low, medium, high) in a sudden economic
event scenario is (35.5, 38.0, 26.5). It can therefore be inferred
that the oil & gas investment risk in Brazil is at a moderate
risk level.

In general, there is no possibility of sudden change in resource
risk, and the political, economic, and investment environment
will have an emergency situation, so we simulated the model,
considering the sudden political or economic risk for oil as the
influence of investment risks.

CONCLUSION AND POLICY IMPLICATION

Combining industry consensus and classification criteria of
professional risk rating agencies, we selected 25 indicators from
six dimensions to measure the oil and gas overseas investment
environment; environmental constraints and state-related factors
were added, improving the system’s fit with the current status of
overseas investments. We applied the Cloud parameter Bayesian
network algorithm to dynamically evaluate oil and gas overseas
investment risk of 10 resource countries. This new recommended
model is capable of quantizing the probability of high risks

and evaluating specific risks within time frame(s). Compared
with those static numbers for risk rating agencies worldwide,
our research results show the annual variation of risk dynamics
over the past two decades. The evaluation period of overseas
oil and gas investment is short and difficult; by using CPBN, a
rapid and efficient quantitative evaluation of environment risk
can be vividly conducted. In summary, our simulation results
show that the risk level of investing in oil & gas projects
in Brazil, Kazakhstan, Turkmenistan, Indonesia, and Russia
is low. In terms of investing in Ecuador and United Arab
Emirates, the risk levels are moderate. The other three countries
which include Chad, South Sudan, and Iraq have been suffering
political or economic crises, and their investment risks have
therefore been experiencing increasing trends. Experts involved
in oil and gas investment decisions verified our results. Their

risk management experience of investing oil & gas projects
in Brazil is similar to our model. This method can also be

applied to investment, engineering, and service projects. The
proper use of risk assessment results can be conducive to those
potential investors who will invest in potential countries in
the future.

From the results of evaluation, investors should prioritize
the expansion of projects under the premise that the economic
value meets the requirements in low-risk countries such as
Russia, Indonesia etc. For those countries with medium risk
levels, it is important for executives and policy makers to
evaluate the investment risk according to different dimensions
to avoid foreseeable increasing risks affecting feasibility and
profitability of investments. Investors should identify risks in
a timely manner from high-risk countries like South Sudan
and Iraq and avoid worthless investments. Our simulation
results are based on existing data in the data resource, which
is still macroscopic and not updated regularly. This leads
to our model only being able to evaluate the investment

Frontiers in Energy Research | www.frontiersin.org 12 March 2021 | Volume 9 | Article 638437

https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://www.frontiersin.org/journals/energy-research#articles


Duan et al. Overseas Oil Investment Environment Risk

risk at the national level. But resource risks and contract-
related risks vary widely from region to region within
the same country. We therefore suggest that governments
and national oil companies establish a targeted data and
information service pool to monitor the changing investment
environment risks of potential investment projects in real
time. Corporations and academic institutions should remain
in touch via information sharing to construct the cornerstone
of a prospective overseas investment insurance system. The
more data accumulates, the more precise and specific the risk
evaluation is in the age of big data and artificial intelligence
(Desai et al., 2020).
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