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Abstract: The purpose of this paper is to develop a theoretical predictive model for LNG shipping 

routes selection process. Strategic decisions about shipping costs could be improved if a deeper 

knowledge about products economic value is provided. Developments made on the extraction and 

industrial processes related to this fossil fuel are driving the natural gas sector towards a unique 

globalised market. Moreover, data analytics applications as well as machine learning are topics pre-

sented as perfect catalysers for achieving an unprecedented natural gas globalised market. Addi-

tionally, this paper aims at showing the state of the art of new techniques used in transportation 

engineering that might have synergies with other industries (eg. commodities cost reduction, en-

ergy supply…). Finally, this paper aims to provide foundation for further research and development 

using more sophisticated data and algorithms that will help to close the gap between theoretical 

and practical scope of this techniques. 
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1. Introduction 

Natural gas is considered the cleanest among the rest of fossil fuels (coal, oil, kero-

sene, propane…) and its accounts for the greatest expected growth until 2030 compared 

to other energy sources. During the last decade [1], natural gas achieved a 23% share in 

primary demand, which proves this fuel is taking the lead on global energy supply [2]. 

Natural gas consumption entails environmental benefits in terms of air quality and green-

house gas emissions compared to other fossil fuels. These benefits are even more pro-

nounced if we look at the energy efficiency level achieved during its production process 

[3]. Since 2010, the transition from coal to natural gas in the energy sector has saved 500 

million tons of CO2. This milestone will help this fossil fuel to outperform compared to 

coal and oil on Sustainable Development Goals achievement [4]. 

During the last couple of years, naturals gas industry has experienced a globalization 

process due to the price reduction of this commodity. Cheaper natural gas prices have 

permitted to globally trade this fuel, democratizing the usage of natural gas for all kinds 

of industries and populations [5]. Shipping natural gas from one place of the world where 

it is produced to another where customers demand this product, is now possible at a rea-

sonable price [6]. Several reason might have prompted the globalization of this market. 

However, technical enhancements deployed on production, storage and shipping process 

of natural gas have helped in a massive way [7]. 

Technical improvements in how natural gas is extracted eventually founded the yet 

known “shale revolution” in the United States in 2008 [8]. The “shale revolution” permit-

ted the United States to evolve from exporter country to become a relevant natural gas 

producer [9]. Thus, one of the greatest LNG exporters in the world. Associated with this 

phenomenon, the main American natural gas index (Henry Hub) plummeted from an av-

erage of 13$/mcf in the 2003-2008 period to 3.69$/mcf in 2016 [10]. As a reader may assume, 
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the United States' appearance as an exporter on the LNG landscape has eased the conse-

cution of a global natural gas market [11]. By increasing the annual international trade, 

allowing access to new market participants, and outstanding this industry competitive-

ness [12]. 

From the beginning of XX century, natural gas operational costs have experienced a 

remarkable decrease due to advanced liquefaction plants that optimized natural gas trans-

formation [13], storage, and shipping [14]. Liquefied Natural Gas (LNG) is natural gas that 

has been cooled down below -163°C to become liquid [15]. Shipping costs considerably 

influences the LNG competitiveness [16]. Among them are listed some specific costs such 

as ship’s fuel cost and others more general such as loading and unloading port fares [17]. 

Nevertheless, the purpose of this work is to prove that a remarkable factor in LNG prof-

itability compared to other natural gas transportation methods [18] (pipeline, for instance) 

is the distance between origin and destination. However, other factors such as geopolitical 

circumstances and socio-economic situation needs to be taken into consideration to un-

derstand LNG market. The war between Russia and Ukraine during 2022 has clearly 

shown the relevant role that geopolitical situation plays on gas industry [19].  

Pipeline construction cost function usually increases linearly, becoming less compet-

itive for long distances. On the other hand, LNG shipping presents higher fixed costs due 

to the cargo transformation from gas to the liquid state but lower variable costs per dis-

tance unit [20]. Considering that, this work proposes a methodology for identifying the 

economic influence that an optimum selection choice has on the commodity price [21]. 

After technical developments undertaken in the mining and chemical industry, trans-

portation engineering shows as the subsequent driver in the consecution of a global nat-

ural gas market [22]. Discovering new solutions to enhance shipping competitiveness is a 

major challenge this industry is facing nowadays [23]. Big data availability, storage capac-

ity, and innovative analysis methods such as Machine Learning or Artificial Intelligence 

are questions not yet responded to in Transportation Engineering [24]. Predictive analysis 

could be counted as one of the most used applications of Machine Learning nowadays. 

Numerous analyses are under development in futures commodity prices analysis [25]. 

Aiming at going a bit beyond the analysis already completed, we decided to study this 

market from a more innovative angle. This paper tries to bring shipping distance as a new 

variable that should be considered as well as others like weather, imports or volume 

stored to analyse natural gas price. It is important to notice that this study was done before 

the 2021 Suez Canal Obstruction which collapsed the logistic industry worldwide and 

prompted an increase in raw materials prices, including LNG. Therefore, the main inten-

tion is to start considering this variable as important others in this market which was 

proven two years later. Some of the features considered are weather, imports, volume 

stored, or the number of extraction days [26]. LNG price forecasting could be extremely 

useful for improving decision-making, risk reduction and supply and demand balance as 

well as optimising the efficient use of limited resources based on accurate predictions. 

Similarly proceeding as the analyses mentioned above, this paper presents a meth-

odology for LNG price prediction based on different features (distance, contract type, pre-

dicting year) [27]. Considering the natural gas industry’s trend approaches a global mar-

ket with similar index prices around the world, this tool could be valuable for shipping 

route’s choice decision-making [28]. Leaning on this method, LNG importers could decide 

under what conditions would be desirable to choose one specific route aiming re-

duce the cost of operating ships. The paper was intended to provide a theoretical model 

that will evolve towards more sophisticated predictive and practical models. Being this 

an academic research, data was limited and difficult to extract from public sources. Poten-

tially, more features would be added to the model in case the practical scope of the work 

is not achieved. For the sake of simplicity, it is assumed vessels with similar fuel consump-

tion. Vessel fuel efficiency could be a new feature to be added in future papers. 

For the sake of this predictive model, the United States has been considered the pre-

ferred LNG exporter. More precisely, the Sabine Pass liquefaction plant was chosen as the 

order place from which the cargo departs [29]. Apart from the United States being one of 
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the most promising LNG traders in the coming years, Sabine Pass-bounded routes are 

especially dense in terms of shipped cargo traded with the Asian market [30]. Besides, the 

Panama Canal Expansion opening in 2016 widened Sabine Pass’ route choices and un-

veiled new possibilities for optimising transport costs [31]. Conclusions obtained in this 

study are expected to serve as new improvements avenues in the branch of transportation 

engineering intended to advance towards a global market for natural gas. 

2. Methodology 

In order to apply Machine Learning for developing predictive models, it is appropri-

ate to exercise precise attention to data gathering, cleaning, and handling. By doing so, the 

learning algorithm will have as much representative data as possible for achieving the 

purpose at hand. 

This paper’s objective is to predict LNG export price for a group of routes named 

“Target Routes”. Thus, it is necessary to define those routes and, even more important, 

the thought process behind their selection, outlined in Figure 1. A great effort of this study 

has been exercised at this stage to avoid downstream inconsistencies or incoherent results. 

“Target Routes” will meet two conditions that may affect the LNG export price: a consid-

erable annual LNG shipped volume and at least two route choices.  

 

Figure 1. Target Routes Procedure Funnel Depiction. Source: own elaboration. 

Because the origins and destination variability are considerably broad, a procedure 

for narrowing the alternatives while choosing those most valuable will be developed. 

Starting from identifying the biggest trade nodes in the LNG market, those origins and 

destinations with more impactful alternatives will be chosen. In this case, routes that will 

potentially cross the Panama Canal and Suez Canal. Finally, those routes with relatively 

small annual shipped volume will be discarded to avoid model bias.  

Once the Target Routes identification procedure has been performed, different ma-

chine learning algorithms will be considered to create a function capable of predicting 

LNG export price. Because this study considers two scenarios (Canals' existence and No 

Canals' existence), insights about the economic impact of these infrastructures are ex-

pected to emerge.  

2.1 Target route selection procedure 

2.1.1. Main global LNG importers 

The first stage of the analysis consists of determining the potential destination points. 

One effective way to narrow the alternatives' diversity is to identify the principal global 

LNG importers. By analysing the LNG volume traded in 2018 [32] and focusing on the 

demanding points has been identified as the main global importers. Subsequently, a sim-

ilar analysis will be performed for the supplying points to finally identify the most 

crowded LNG shipping routes. 

As shown in Figure 2, the Asian-Pacific region presents the greatest annual growth 

and imported volume. Japan, China, and South Korea are the countries with the highest 

demand. Additionally, the European Region witnesses lower imported volume and 

steady annual growth. It appears relevant to highlight that Europe has a sophisticated 

pipeline network meaning the natural gas transportation is segmented in LNG and PNG. 
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Figure 2. Global LNG Imports Market Overlook (2018). Source: International Gas Union. 

2.1.2. Main global LNG exporters  

According to the LNG Industry Report in 2018, Qatar, Australia, and the United 

States were the biggest export countries in terms of annual LNG traded volume and 

growth over the year (Figure 3). Even though Australia shows a more prominent growth 

trend than other countries (Figure 4), this model will not consider it as an exporter coun-

try. The main reason is the geographical location of this country. All the routes departing 

from Australia do not use the Panama Canal nor Suez Canal. This fact exacerbates the 

possibility of route choices that may impact the LNG price. On the other hand, Qatar and 

the United States’ location permits considering different route choices with a significant 

variance in their trip distance thanks to presence of canals. 

 

 

Figure 3. LNG Exports Market Distribution by annual LNG volume share (2018). Source: Interna-

tional Gas Union. 

 

Figure 4. Global LNG Exports Market Overlook (2018). Source: International Gas Union. 

2.1.3. Origin-Destination matrices 

Results from Figure 3 shows Qatar as the biggest LNG exporter in the world. Also, 

the presence of Suez Canal allows a huge distance reduction on its shipping routes to 

Europe. Therefore, volume traded, and potential distance reduction makes Qatar as one 

of the best candidates to benefit from the results of this model. Considering Qatar and 

United States as the origin points for further analysis, every potential destination may be 

considered. Sailing distance (provided by https://sea-distances.org/) are the main charac-

teristics to be focused on. Nevertheless, the target routes will be eventually found out by 
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filtering the ones likely to use the Panama and Suez Canal. This analysis will conduct to 

generate an origin-destination matrix (Figure 5).  

 
Figure 5. Origin-Destination Matrix for USA and Qatar. Source: own elaboration. 

 

Figure 5 shows two matrices one for each origin point. Each row contains every des-

tination of LNG cargo in 2018.  

• Colum 1: Annual LNG volume traded in 2018. 

• Colum 2: values 0/1 if Panama Canal of Suez Canal usage implies an increase/reduc-

tion in distance trip. 

• Column 3: values 0/1 if Panama Canal of Suez Canal NO usage implies an increase/re-

duction in distance trip. 

Potential Routes for each destination are highlighted in green. These routes are more 

likely to use Panama Canal or Suez Canal. Discarded routes are highlighted in red as less 

likely to use Panama Canal or Suez Canal, thus, do not have routes alternatives. 

In order to avoid considering destinations with low volumes that may increase model 

bias, the following condition will apply: 

 

 

This condition will lead identify as Target Routes those shown on Figure 6. 

 
Figure 6. Target Routes with annual volume traded and distance by route choice. Source: 

International Gas Union. 
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For analyzing the distance between origin and destination places has been consid-

ered each country’s biggest regasification plants. 

2.2 LNG price prediction using machine learning 

Once target routes have been defined, the next step will be determining their eco-

nomic value. An effective way to do so could be by predicting the annual volume traded 

and the price at which the cargo is sold. As explained previously, the target routes count 

with two main choices: the Panama or Suez Canal usage and the other one is the shortest 

trip without crossing through these infrastructures. The proposed model aims at predict-

ing a specific LNG price for each alternative and eventually determine the most attrac-

tive sailing route option. Apart from cost and risk reduction, the results of this study are 

expected to help for assessing the economic impact of transportation infrastructures on 

the natural gas industry. 

After having clearly defined the output variable of the predictive model, a brief de-

scription and state of the art of Machine Learning Methodology will be provided. First, 

two insightful descriptions given by some of the most prestigious scientist in this domain 

could help to better understand what it is. “Machine Learning (ML) is the field of study 

that gives computers the ability to learn without being explicitly programmed” (Arthur 

Samuel, 1959) [33]. “A computer program is said to learn from experience E with respect 

to some task T and some performance measure P, if its performance on T, as measured by 

P, improves with experience E” (Mitchell, 1997) [33]. 

This methodology presents a vast number of applications and one of the most useful 

is predictive analysis that belongs to what is called Supervised Learning. For this purpose, 

different learning algorithms are used depending upon the data nature or characteristics. 

Other significant application of Machine Learning could be clustering or market segmen-

tation that uses other algorithms specifically designed for this objective, and typically be-

longs to what is called Unsupervised Learning.  

For the shake of predicting LNG price, it will be more fruitful to use Supervised 

Learning in order to create functions that approximate the future price behaviour. In this 

project was selected a Multiple Linear Regression Algorithm that considers different var-

iables linearly related that define the function. Nonetheless, other algorithms similarly 

functioning will be explained to serve as a reference for further analysis. Thus, in the fu-

ture would be possible to reach the same conclusions in different ways which will help to 

gain the purpose intended. 

Due to the complexity of the market and lack of data in all the potential variables, we 

decided to start this analysis with simple and measurable variables. Hence, we started the 

research using “Multiple Linear Regression” which is indicated for correlated and contin-

uous variables (shipping distance, time and vessels volume). Furthermore, this paper was 

intended to be the foundation for further research and development using more sophisti-

cated data and approximation functions.  

For the sake of predicting LNG price, it will be more fruitful to use Supervised Learn-

ing in order to create functions that approximate the future price behaviour. In this project 

was selected a Multiple Linear Regression Algorithm that considers different variables 

linearly related that define the function. Nonetheless, other algorithms similarly function-

ing will be explained to serve as a reference for further analysis. Thus, in the future it 

would be possible to reach the same conclusions in different ways which will help to gain 

the purpose intended. 

 

2.2.1. Data base creation 

Every Machine Learning project requires one database to be divided into at least two 

subsets. The first one is usually called “Training Set” and serves for developing the vari-

ables of the function. The second one is called “Test Set” and serves for determining the 

model accuracy. 
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The first step towards creating a database for an ML project is defining, cleaning, and 

classifying the data needed for predicting LNG price. Considering the current industry 

trend, an accurate database is expected to reflect a price unification with declining values. 

The United States is one of the greatest leverages towards a global unified natural 

gas market and its location relative to the Panama Canal makes the route choices to China 

more attractive. For these reasons, data used on the training set will be extracted from 

annual reports of the US Department of Energy: Fossil Soil Energy – Office of Oil & Nat-

ural Gas. In these reports, every LNG vessel delivered from American terminals are reg-

istered. Among others, here are listed some features provided for each delivery: Depar-

ture Date, Contract Type (spot, short-term, long-term, and optional contracts), Destination 

Country, Vessel Name, Export Terminal, Volume Shipped, Price. The date range used for 

this project is from 2015 to 2019, for collecting examples on June 26, 2016, the opening of 

the Panama Canal Expansion. 

In Figure 7 different deliveries examples are shown. 

 
Figure 7. Database used for developing machine learning model. Source: US Department 

of Energy - Fossil Energy. Monthly report. 

2.2.2. Data handling and classification 

The database was classified following different criteria. Aiming at finding the most 

accurate features for training the model. This procedure will allow identifying the most 

representative values, data distribution, and accuracy. 

- Contract Type: 

The database shows a trend on the price of short-term contracts or “Spot” towards 

unification. For the case of long-term contracts, there is not a clear trend in price evolution. 

This high bias may trigger further anomalies in the learning algorithm, and then only 

Short-Term contracts will be considered for the training set. Apart from selecting the train-

ing set properly, this analysis confirms the price reduction since 2015 prompted for both 

the “Shale Revolution” and New Panama Canal opening. Figure 8 may reflect the increase 

of competitiveness of this sector is led by the spot market with prices ranging from 

8$/MMBtu in 2015 to near 3.5$/MMBtu in 2019. 

 
Figure 8. Short-Term and Long-Term LNG Price Evolution ($/MMBtu). Source: own elab-

oration. 

- Distance Trip: 
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The first step is assessing short, medium, and long trips representativeness on the 

database. Those will be categorized depending on their distance between origin and des-

tination. As explained before, this is a fundamental variable for natural gas pricing, so it 

is important to make sure the database is not biased. Each training example will be la-

belled based as Short Trip, Long Trip, Medium Trip. 

 

• Short Trip      201 

• Long Trip       102 

• Medium Trip       0 

Name: Trip_Category, dtype: int64 (variable name in phyton scrypt) 

 

Based on the results, the ratio between short and long trips is approximately 2/1 that 

is deemed not biased. Distance Trip is likely to be an accurate feature for subsequent anal-

ysis. 

- Volume Shipped:  

The LNG volume shipped appears to be a potential feature for determining the unit 

price for each delivery. In order to identify the influence of this variable in the dataset, 

every training example will be classified based on their volume. Similarly, as for the dis-

tance trip, there will be 3 different labels: Large Vessel, Medium Vessel, and Small Vessel.  

 

• Large Vessel      296 

• Medium Vessel       4 

• Small Vessel        3 

• Small Vessel 2      0 

Name: Vessel_Category, dtype: int64 (variable name in python scrypt) 

 

Based on the results, it would be fair to consider every vessel as large. That means 

the volume shipped will not be a promising variable for determining LNG price. 

Aiming at better visualizing the identified trends, variables Trip Distance and Type 

Contract has been compound. As shown in Figure 9, the price reduction is even more 

significant for the case of long-distance trips 

 
Figure 9. Short-Term Contract LNG Price Evolution for Long-Distance Trips. Source: 

own elaboration. 

 

Once the database has been handled and selected the variables that will primarily 

affect the model, the Training Set is defined based on data availability and industry un-

derstanding. As the name infers, this subset of data sought to train the learning algorithm 

of the predictive model. After the model is trained, introducing more data would be ex-

pected to lead to more accurate results. Moreover, this analysis served for recognizing 

time and distance as the most influential features in the database. The next steps will con-

sist of determining what learning algorithm will be used to create a function capable of 

predicting the price. 
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2.2.3. Random Forest 

As one reader may assume by the name of this algorithm consists of a great number 

of decision trees working simultaneously. Each of those decision trees reaches a particular 

solution, and the outcome of the hole model will be the most frequently repeated. This 

model is founded on the idea that a considerable large number of not related models reach 

better results than each of them working independently. Based on this fact, the larger the 

number of non-related the more likely to obtain accurate predictions on this model. As 

the database available for this project is not extremely large, this model does not seem to 

be quite promising [34]. 

2.2.4. Support Vector Regression 

This model is effective for function parameter estimation. Same as most of the unsu-

pervised learning methods, SVR helps to estimate function parameters that will serve for 

predictions. This model foundation consists of training a symmetric function that penal-

izes low and high estimations. For this purpose, a flexible tube of minimum radium is 

created around the estimated function. Then, the model improves using predictions be-

neath a given threshold. SVR solves the training problem as an optimisation problem.  

The main goal is to find the smaller threshold possible around the function, while the 

prediction error is minimized. In other words, the distance between predicted and ex-

pected outcomes is reduced. 

2.2.5. Multiple Linear Regression 

The purpose of this model is to create a multivariate linear equation capable of pre-

dicting desired outcomes. Depending on the number of features of the database, this func-

tion will present more or fewer variables. Different optimisation procedures may be used 

in order to train the variables. Some considerations worth mentioning for applying this 

model are:  

1. Relationship between features (i.e., distance or year) and predicted value (LNG 

price). 

2. Models perform better if residual values are normally distributed. 

3. Features or variables must not be multicollinear. 

These considerations prompt this model to be especially useful when fundamental 

variables that predict a specific product are known. As demonstrated in the data classifi-

cation step of this paper, some relevant characteristics that drive LNG prices are consid-

ered. 

3. Selected model: multiple linear regression 

Multiple Linear Regression is an extremely useful model when various parameters 

deemed as fundamental for the predicted outcome are known. As presented in this paper, 

a significant amount of work has been invested in finding promising parameters that 

drive LNG prices. Thus, the form of the function developed by the training algorithm will 

be: 

ℎ𝛳(𝑋) = 𝛳𝑂 +𝛳1 ∗ 𝑥1 + 𝛳2 ∗ 𝑥2 +𝛳3 ∗ 𝑥3…+𝛳𝑖 ∗ 𝑥𝑖  

 

Where 𝛳𝑂  is the intercept term added in order to improve the optimisation problem 

performance and 𝛳𝑖  are the parameters obtained after the training process. Finally, the 

independent variables of the model will be the trip year (X1) and the distance between 

origin and destination (X2). ℎ𝛳(𝑋) is the predicted LNG price in $/MMBtu. Once the pa-

rameters are trained, the following function results: 

 
𝑃𝑟𝑖𝑐𝑒(𝑋, 𝑌) = 474.2948 − 0.2324967 ∗ 𝑌𝑒𝑎𝑟 − 3.2540𝑒−5 ∗ 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 

 

Figure 10 shows target route’s predicted price in 2020 considering two major trip 

choices: 
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Figure 10. Predicted LNG Price across target routes applying Machine Learning. Source: 

own elaboration. 

 

4. Results 

The results provided by the predictive model serve for estimating the price at which 

the target routes’ LNG transported volume will be sold annually. Considering 80% of the 

LNG fleet counts with a capacity greater than 180.000 m3, this figure has been used for 

estimating the number of ships annually traveling across target routes. Finally, the annual 

number of ships and the cargo price permit calculating the unit price of an LNG ship trav-

eling across the target routes. As explained previously, the analysis has been divided into 

two scenarios: No Canals Usage (Scenario A) and Canals Usage (Scenario B). Figure 7 and 

Figure 8 show the value of each target for both scenarios in order to easily visualise the 

consequences of choosing one route or another. 

 

 
Figure 11. Ranking of Target Routes Value assuming No Canals Usage. Source: own elab-

oration. 

 

Scenario A. No Canals Usage: trip chosen implies no using Panama Canal nor Suez 

Canal when traveling from target route’s origin to destination. Large distances and a mar-

ket moving toward global unification would trigger a reduced scattering between each 

route unit price. In accordance, with the predictive model, the mean unit price for target 

routes is 16.27 M$/ship and a typical deviation of 0.174. 
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Figure 12. Ranking of Target Routes Value assuming Canals Usage. Source: own elabo-

ration. 

 

Scenario B: Canals Usage: The trip chosen implies using the Panama Canal or Suez 

Canal when traveling from the target route’s origin to destination. For every target route, 

the value of LNG ship increases partly motivated by the distance reduction. The mean 

unit price for target routes reaches 16.86 M$/ship and a typical deviation of 0.327. Results’ 

scattering demonstrates a variation between each target route benefit from canals usage. 

For the case of target routes with Qatar origin, QAT_TUR would benefit the most. Moving 

from the fifth to the first position in target routes’ economic value ranking. For the case of 

target routes with USA origin, USA_JPN would benefit the most. Moving from the fourth 

to the first position in target routes’ economic value ranking. 

As the LNG market is moving to a global unification, the decision-making behind 

choosing one specific route or another could be a worth considering concern for traders. 

This model is intended to serve as tool for strategic decisions aimed at cost reduction. As 

expected, distance between origin and destination is a relevant factor when it comes to 

analysing LNG spot price. The results showcase the great consequences that this variable 

has on target routes’ economic value. Nonetheless, taking into consideration the trans-

ported volume throughout each rote, QAT_ITA spots the first position in terms of annual 

LNG ships (62) in contrast with QAT_TUR that is lastly positioned 

Finally, on Table 1 are shown the percentage increase unit price on LNG target routes 

by using Canals. 

Table 1. Target route value increase using canals. Source: own elaboration. 

Destination Unit price increase (%) 

QAT-TUR 

QAT-ITA 

QAT-ESP 

USA-JPN 

QAT-POL 

QAT-GBR 

QAT-BEL 

USA-KOR 

USA-CHN 

6.23 

4.88 

4.42 

3.75 

3.60 

3.58 

3.58 

3.23 

1.82 

USA-IND 0.90 

 

5. Conclusions 

The predictive model results reveal the influence of an accurate decision in the pro-

cess of choosing LNG shipping routes could be critical. A direct impact on LNG Price is 

presumed and consequently in the natural gas industry. As suspected, the greater the dis-

tance between origin and destination, the lower the price of a product. This fact is mainly 
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prompted by a transport cost increase. Thus, for target routes’ economic valuation should 

be considered those with the greater export price. By implementing the predictive model 

shown in this paper, target routes can be shorted by their economic value. 

Apart from that, the impact transportation infrastructures have on the liquified nat-

ural gas industry can be evaluated. Analysing those routes with various trip choices yield 

fruitful insights. For Scenario A where the Panama and Suez Canals remain unused, dis-

tances travelled are larger. Consequently, the mean LNG ship price is 16.27 M$/unit. For 

Scenario B, the usage of these infrastructures may trigger a surge in the mean LNG ship 

price up to 16.68 M$/ship. Analyses like this pretend to serve as a reference for shipping 

route choice evaluations in other cargo segments. This tool can also help for new shipping 

routes' evaluation, for instance, the Artic Route that may totally change the trade between 

Russia and China. Thus, this paper and the predictive model presented on it are expected 

to help for future infrastructure investment decisions, especially in transportation engi-

neering. 

6. Limitations and biases 

Lack of data was a major problem during this project. As part of academic research, 

it was difficult to obtain real data that was sensitive for trading companies. For that rea-

son, the model could have been insufficiently trained to achieve a great performance. In 

the future it is hoped to use real data and bigger computational power to transform this 

theoretical model into more realistic. 

By the time this analysis was done, the training data was selected considering the 

natural gas industry landscape at that moment (2018 LNG Exports Market from Interna-

tional Gas Union). Besides, other assumptions out of the scope of the article like vessels 

capacity, fuel prices, geopolitical landscape might differ in the present. Therefore, not only 

the training model but the whole analysis should be updated at a certain frequency in the 

future to prove its accuracy. However, the main purpose of this first version is to show 

the technique and validate it with future publications using more recent data. 
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