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Abstract 

 

In recent decades, the significance of natural gas forecasting has grown within the domain of 

energy economics, gaining particular attention in the wake of recent geopolitical developments. 

As a critical component of energy supply and economic progression, natural gas prices are 

influenced by a diverse range of factors. Although various studies have examined this topic, 

notable gaps persist – especially concerning the integration of multiple economic and energy-

related indicators and the comparative performance of different modeling methodologies. This 

thesis evaluates eleven predictors to enhance forecasting accuracy and introduces five modeling 

approaches: one traditional econometric model (SARIMAX), two machine learning models 

(Random Forest and LSTM), and two hybrid combinations (SARIMAX-RF and SARIMAX-

LSTM). For the machine learning models, forecasting is conducted using rolling windows of 

12, 24, and 36 months. In the hybrid frameworks, the SARIMAX model is first applied to 

extract residuals, which are then used to train the machine learning models to capture non-linear 

patterns. Model performance is assessed using four evaluation metrics. The standalone LSTM 

model consistently achieved the highest accuracy across all measures, surpassing both 

SARIMAX and Random Forest. However, neither hybrid model demonstrates improvements 

over the standalone LSTM. This forecasting framework contributes to a deeper understanding 

of the natural gas market and lays the groundwork for future investigations. 
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1. Introduction  

1.1 Motivation 

During my master’s program, a variety of compelling research topics were introduced, several 

of which captured my interest. Ultimately, I chose to pursue a self-developed topic, influenced 

not only by my prior experience in the energy sector but also by a strong desire to apply the 

theoretical and technical skills – particularly in programming and statistical analysis using R – 

that I acquired during my studies. My undergraduate involvement in the energy industry also 

reinforced this interest, motivating me to select a thesis topic that integrates my academic 

knowledge with practical experience. 

The specific research question emerged during the proposal phase of the thesis process. In our 

coursework, we frequently applied various forecasting models to price data, prompting me to 

investigate how these models perform in the volatile environment of today’s energy markets. 

My goal is to assess their accuracy and determine which model offers the most robust 

predictions. 

“American gas is 3-4 times cheaper on the domestic market than the price at which they offer 

it to Europeans. These are double standards.” 

– stated by French President Emmanuel Macron after an EU summit (“Macron Calls out US 

for Double Standards on Gas Prices to EU,” 2022). This sentiment reflects growing European 

concerns about energy supply security, especially given the U.S. market’s rising importance as 

an alternative to Russian gas. 

Thus, I focus on the American natural gas market due to its global relevance and the availability 

of high-quality data. While the academic literature on energy markets is extensive, most studies 

prioritize oil, relegating gas to a secondary role. However, given the geological link between 

oil and gas – often co-located during extraction – and recent geopolitical developments, gas has 

assumed a more prominent role, particularly in Europe following the Russia-Ukraine war. This 

shift has elevated the importance of indices like the Dutch TTF and increased European 

dependence on U.S. LNG as a strategic alternative. 

Natural gas also plays a crucial role in energy transition efforts aimed at reducing emissions 

through the so-called “oil-to-gas switch” – a trend that has waned recently due to soaring gas 

prices. As of this writing, the price of Dutch TTF is more than three-times higher than U.S. 

Henry Hub, highlighting Europe’s competitive disadvantage and dependence on American 
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exports. Extreme volatility – that was experienced in the recent years, sending TTF prices above 

300 euros – also increases the unpredictability of prices, leading this commodity to the focus of 

the society and policymakers. Thus, accurate forecasting of Henry Hub prices is essential for 

European industry leaders and policymakers. Given this context of geopolitical instability and 

market volatility, my thesis aims to identify the most effective forecasting model for the U.S. 

natural gas benchmark. 

1.2 Research Focus and Questions 

The main research question of this thesis is whether hybrid models – those combining classical 

statistical techniques with machine learning algorithms – can enhance the accuracy of natural 

gas price forecasts. Specifically, the thesis examines one traditional model (SARIMAX) and 

two machine learning approaches (Random Forest and LSTM), followed by hybrid versions of 

SARIMAX with each of the latter. 

The objective is to determine which model yields the most accurate forecasts, evaluated using 

RMSE, MAE, SMAPE, and DA. Although the main focus lies in testing the efficiency of hybrid 

models, individual models are first assessed independently. This leads to two subquestions. 

First, whether Random Forest can outperform SARIMAX, and second, whether LSTM 

independently delivers the most precise forecasts. Based on a review of the literature and the 

theoretical design of hybrid models – which aim to capture both linear and non-linear patterns 

– I assume that machine learning models will outperform traditional models, and their 

combination will further enhance predictive accuracy. 

1.3 Data Resources and Methodology 

Natural gas prices are influenced by numerous factors, many of which – such as political 

statements or investor sentiment – are difficult to quantify, but can fundamentally shake the 

stock exchanges, causing above-average volatility and market shocks. While these elements 

introduce volatility, they fall outside the scope of this research. Instead, this study focuses on 

forecasting accuracy using observable and accessible variables, acknowledging that uncertainty 

will persist.  

Data is sourced primarily from the U.S. Energy Information Administration (EIA), including 

consumption (residential and industrial), storage levels, dry production (which represents the 

amount of gas intended for end users), export-import balances (including LNG and pipeline 

flows), rig counts (which indicates the number of active gas wells in a given period), and front-

month gas and oil prices (West Texas Intermediate, or WTI). Additional variables include the 
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Federal Reserve’s interest rate and weather indicators such as heating and cooling degree days 

from NOAA, which indicate temperature changes and thus explicit measures of heating and 

cooling demand by citizens. To capture for geopolitical risks and uncertainty, the Global 

Political Risk (GPR) index by Caldara and Iacoviello (2022) is also included, downloaded from 

the publishers’ website. A dummy variable is added for hurricane events affecting Louisiana – 

the physical location of Henry Hub – using Wikipedia-sourced data via web scraping. Natural 

disasters are common in the Gulf of Mexico area during the late summer and early autumn 

periods and can also strongly influence gas prices. All data series are initially downloaded on a 

monthly basis, but where only daily data is available, the monthly data is calculated as the 

average of the daily values. 

The methodology unfolds in two main phases. First, I estimate forecasts using SARIMAX, 

Random Forest, and LSTM models, applying four evaluation metrics. Second, I construct 

hybrid models by using SARIMAX residuals as inputs to Random Forest and LSTM 

algorithms. Each model is tested using rolling windows of 12, 24, and 36 months, indicating 1-

year, 2-year and 3-year periods. To validate time-series assumptions, I apply the Ljung-Box, 

ADF, and KPSS tests. Data is split into 70% training and 30% testing sets, with out-of-sample 

forecasts produced based on learned patterns.  

1.4 Results 

The comparative performance metrics for all models are summarized in Table 1. Among the 

Random Forest configurations, the 36-month lagged model, RF(36) demonstrates the best 

performance, outperforming SARIMAX in terms of magnitude-based error metrics – reducing 

RMSE by 11%, MAE by 9%, and lowering SMAPE by 23 percentage points. However, the 

LSTM models exhibit clear superiority across all metrics. The LSTM(12) model achieves a 

67% reduction in both RMSE and MAE compared to RF(36), and a 71% reduction relative to 

SARIMAX. It also attains SMAPE values around 12%, which corresponds to approximately 

one-third of the value observed in RF(36) and one-fifth of that in SARIMAX. Directional 

Accuracy (DA) further highlights LSTM’s robustness in capturing price movements, including 

abrupt increases and declines. 

For the SARIMAX-RF combination, performance deteriorates significantly – RMSE and MAE 

increased by 14–37% in the best-case scenario (lag 24), compared to standalone SARIMAX 

and RF(36). Additionally, SMAPE rises to a range of 66–75%, with the lowest SMAPE still 
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double that of RF(36) and 10 percentage points higher than SARIMAX. DA is dropped to 

around 4% or lags 12 and 36, with only lag 24 marginally surpassing the standalone models. 

The SARIMAX-LSTM hybrid performs even more poorly. RMSE and MAE values are several 

times higher than those of the standalone LSTM, and around 50% worse than SARIMAX. 

SMAPE exceeds 100%, and DA falls below 10%, indicating an inability of the model to capture 

any meaningful patterns. In conclusion, the standalone LSTM model, the most complex of those 

examined, decisively outperforms all other models – both individually and in combination. The 

most accurate forecasts are achieved when the model utilized the recent 12 months of data to 

predict the next value. 

 

Table 1: Final results 

1.5 Literature Review 

Ślepaczuk and Kashif explored the effectiveness of hybrid LSTM-ARIMA models across three 

major stock indices – S&P 500, CAC 40, and FTSE 100 – spanning nearly 25 years. Their 

research also incorporated Random Forest models, both independently and in combination with 

ARIMA. Unlike the approach in this thesis, their ARIMA models did not utilize exogenous 

variables. Additionally, their evaluation focused on investment strategy outcomes such as return 

and volatility, rather than statistical forecast accuracy indicators like RMSE or MAE (Kashif & 

Ślepaczuk, 2025). 

Their findings were partially aligned with this thesis. Both studies confirmed the superiority of 

LSTM over Random Forest and ARIMA when used in isolation. However, while Ślepaczuk and 

Kashif found the LSTM-ARIMA hybrid often outperformed all other models, this thesis finds 

contrary results: the hybrid combinations underperformed in the examined time frame and 

market context (Kashif & Ślepaczuk, 2025). 
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Ray and colleagues investigated hybrid LSTM-ARIMA models using three agricultural 

commodity indices over a relatively short time span (324 data points, comparable to the 288 

used here). They excluded standalone Random Forest models but did assess ARIMA-LSTM 

hybrids. As in this thesis, they observed that LSTM outperformed ARIMA in isolation. 

However, in contrast, they concluded that the hybrid model yielded the best predictive accuracy 

across all cases (Ray et al., 2023). 

1.6 Conclusions 

This thesis evaluates both standalone and hybrid models to forecast natural gas prices, testing 

three key hypotheses. The first hypothesis – that Random Forest would consistently outperform 

SARIMAX – is rejected, as Random Forest do not demonstrate superior accuracy in all cases. 

The second hypothesis, which proposed that LSTM would yield the most accurate forecasts 

across all evaluation metrics and time frames, is approved. LSTM consistently outperforms 

both Random Forest and SARIMAX models. The third hypothesis, anticipating that hybrid 

models would outperform their individual counterparts, is also rejected. In fact, the combined 

models produce inferior results compared to the standalone LSTM. 

Overall, under the specific conditions of this study – monthly data, selected exogenous 

variables, and the defined time period – the LSTM model on its own emerges as the most 

effective forecasting tool for predicting Henry Hub front-month gas prices. These findings 

suggest that further refinement, such as hyperparameter optimization, alternative explanatory 

variables, or extended time frames, could potentially enhance the performance of future models.  

1.7 Roadmap 

The rest of this thesis is structured as follows: Section 2 presents a comprehensive review of 

the most pertinent literature, offering a broader view of commodity markets. Section 3 details 

the data, including explanations of each variable and the preprocessing steps undertaken. In 

Section 4, the modeling methodology is explained, including descriptions of the forecasting 

models and performance evaluation metrics. Section 5 outlines the hypotheses. Sections 6 and 

7 present the empirical results and conclusions, respectively, based on the findings of the study. 

Sections 8 highlights the use of AI tools in this thesis. 

2. Literature review 

Numerous studies have addressed the forecasting of commodity prices, with a predominant 

focus on the oil market, which remains the world’s most significant energy commodity. In 
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contrast, research specifically dedicated to the natural gas market remains relatively limited, 

despite the increasing strategic importance of gas amid recent global conflicts. 

Initially, this review surveyed the academic literature to identify the principal determinants of 

natural gas price fluctuations. Serletis and Herbert (1999) noted a fundamental transformation 

in the natural gas industry, shifting from a tightly regulated regime to a market-driven structure. 

This shift implies a growing responsiveness of gas prices to external market forces such as 

production volumes and storage levels. Several studies have underscored the relationship 

between oil and gas prices. For instance, Brown and Yücel (2008) and Panagiotidis and 

Rutledge (2007) both provided empirical evidence of a strong correlation between these two 

commodities. 

However, the strength of this linkage has diminished over time. Erdős (2012) found that the 

U.S. natural gas market had largely decoupled from crude oil prices, in contrast to the UK 

market, where the connection remained strong. Similarly, Brigida (2014) reported a weakening 

relationship between oil and gas, providing further justification for treating them as partially 

independent markets in empirical models. In light of these findings, this thesis incorporates 

several exogenous variables beyond oil prices to capture the unique dynamics of the gas market. 

Weather-related indicators, such as Heating Degree Days (HDD) and Cooling Degree Days 

(CDD), are commonly employed in gas price modeling to reflect seasonal variations in energy 

demand. Prior studies have shown that these factors, alongside production and storage levels, 

significantly influence gas prices (Geng et al., 2016; Ji et al., 2018; Mu, 2007). In addition, 

Roberts (2019) emphasized the importance of accounting for extreme weather events, such as 

hurricanes in the Gulf of Mexico, which can severely disrupt gas production and supply chains. 

His findings supported the inclusion of a control variable for hurricanes in forecasting models. 

From a methodological perspective, Armstrong (2001) analyzed a wide range of forecasting 

models, concluding that no single model consistently outperforms others in all contexts. He 

argued that the effectiveness of a given method often depends on the specific structure and 

dynamics of the dataset. The SARIMA framework, and its variant SARIMAX (which includes 

exogenous variables), is one of the most used models for time-series forecasting due to its 

ability to capture seasonality and linear patterns in economic and energy-related data. 

Numerous studies have applied SARIMA-type models to energy market forecasts (Jia & Yan, 

2023; McHugh et al., 2019; Sheng & Jia, 2020). However, while SARIMAX is adept at 
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modeling linear components, it lacks the capacity to effectively capture complex nonlinear 

dependencies – thus making it suitable for combination with machine learning approaches. 

Random Forest (RF) and Long Short-Term Memory (LSTM) neural networks have emerged as 

powerful alternatives in the machine learning domain. Siami-Namini et al. (2018) conducted a 

comparative study on 11 global stock indices and found that LSTM reduced RMSE by 82–87% 

compared to ARIMA models, highlighting its potential for superior forecasting accuracy. 

In contrast, Sarangi et al. (2025) applied both Random Forest and LSTM models to forecast 

stock prices for two Indian firms – one of which operated in the natural gas sector. Using an 

80/20 training-testing split, they observed that Random Forest outperformed LSTM in terms of 

RMSE, MAE, and MAPE, suggesting that model performance is context-dependent and not 

universally predictable. 

Further support for the robustness of Random Forest was provided by Herrera et al. (2019), 

who examined six commodities – including three oil types, two gas indices, and coal – using 

RF, Artificial Neural Networks (ANN), and a hybrid econometric model. Their results indicated 

that RF consistently achieved the lowest RMSE and MAPE across all cases, outperforming both 

ANN and hybrid approaches. 

Xu et al. (2025) applied a diverse range of individual and hybrid models to forecast crude oil 

prices. While ARIMAX outperformed simple LSTM in their study, the introduction of a hybrid 

LSTM model substantially improved forecasting accuracy, as evidenced by significant 

reductions in MAE and MAPE values. This finding emphasized the strength of hybrid 

configurations in capturing both linear and nonlinear patterns. 

Seba and Belaide (2024) conducted a study forecasting COVID-19 fatality rates using various 

models, including ARIMA, Random Forest. They demonstrated that the RF-ARIMA hybrid 

yielded the most accurate predictions over two different forecast horizons (60 and 120 days), 

as reflected by the lowest RMSE, MSE, and MAE values. 

Regarding hybrid models, several scholars have investigated combinations of Random Forest 

or LSTM with ARIMA or SARIMAX. Kashif and Ślepaczuk (2025) applied LSTM-ARIMA 

and RF-ARIMA models to forecast three major stock indices (S&P 500, CAC 40, FTSE 100) 

across a 25-year period. Their evaluation focused on investment strategies – specifically long-

short and short-long positions – measuring returns and volatility using metrics such as the 

Maximum Drawdown (MD) and Information Ratio (IR). The standalone LSTM model 
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consistently outperformed ARIMA in most cases, a result attributed to its architectural 

complexity. Considering the combined models, the dominance of LSTM-ARIMA is 

unquestionable: the LSTM-ARIMA hybrid model generally delivered the highest accuracy, 

although the RF-ARIMA variant occasionally outperformed it in specific scenarios. 

Ray et al. (2023) examined agricultural price indices using a hybrid LSTM-ARIMA model and 

also included an ARIMA-GARCH framework in their study. The researchers excluded the 

Random Forest model on its own from the analysis but considered it in the hybrid LSTM-

ARIMA, in which the number of lags was decided by this method. In case of simple models 

(when only LSTM and ARIMA were compared), the machine-learning model provided better 

results over the examined period. Their findings also revealed that the LSTM-ARIMA hybrid 

consistently achieved the lowest RMSE, MAPE, and MASE across all tested series, 

highlighting the effectiveness of combining neural networks with traditional time-series 

models. 

In conclusion, while commodity price forecasting has received substantial academic attention, 

most studies prioritize crude oil, with natural gas often examined secondarily. Furthermore, 

LSTM-ARIMA hybrids dominate the literature, whereas empirical investigations involving RF-

ARIMA hybrids and SARIMAX-based combinations remain scarce. The findings across these 

studies are often contradictory, suggesting that model effectiveness is highly dependent on the 

time frame, dataset characteristics, and specific commodity in question. In most cases, the 

dominance of combined models can be observed due to their complexity and better capturing 

performance. This thesis aims to contribute to the existing literature by offering a detailed 

evaluation of U.S. natural gas price forecasting using SARIMAX, Random Forest, and LSTM 

models, along with their hybrid forms. 

3. Data 

In this section, I present the data employed in the analysis. Prior to initiating the research, I 

reviewed existing literature and drew upon my prior experience to assemble a dataset composed 

of variables widely recognized as key indicators of natural gas prices. These variables 

encompass critical components of the gas market such as consumption, storage levels, and 

production, as well as external indicators like weather conditions and geopolitical risks. In total, 

11 explanatory variables are included. 
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3.1 Variables 

• Price_fm (USD/MMBtu): This dependent variable reflects the settlement price of 

Henry Hub natural gas contracts for delivery in the next month, traded on the New York 

Mercantile Exchange (NYMEX). Prices are expressed in USD per million British 

thermal units (MMBtu), differing from European standards, which use megawatt-hours 

(MWh). Contracts expire three business days before the first calendar day of the delivery 

month. Data is sourced from the EIA. 

• natgas_dryproduction (million cubic feet): Represents the volume of dry natural gas 

available for end users. It is the total production (gross withdrawals) minus the natural 

gas used for repressuring the system and maintaining operations. In cases of extraction 

of unwanted gases, like alkane hydrocarbons (namely methane), they will be vented or 

flared at the spot (resulting in the total marketed production). Moreover, 

nonhydrocarbon gases (like water vapor, carbon dioxide) are removed from the gas 

stream, as well as the gas converted to liquid form like lease condensate and plant liquids 

– this is called extraction loss. The gas available for end users is the marketed production 

minus extraction loss. Data is sourced from the EIA. 

• workinggas_in_storage (million cubic feet): Denotes the extractable portion of gas 

stored in underground facilities. There are theoretically two types of gas in storage – 

cushion gas and working gas – though they have the same characteristics. Cushion gas 

is the volume needed to maintain adequate reservoir pressure and cannot be withdrawn, 

while working gas is the natural gas available for withdrawal, hence the portion that can 

be used by consumers. Cushion gas is indispensable for maintaining reservoir 

operations, as only working gas is considered in the model. Data is sourced from the 

EIA. 

• total_consumption (million cubic feet): Aggregated monthly consumption from 

residential, industrial, and commercial sectors. Residential usage covers household 

heating and cooking; industrial includes energy use in manufacturing and related fields; 

and commercial comprises non-manufacturing entities like businesses and public 

buildings. For the model, the sum of the above three is taken into account. Data is 

sourced from the EIA. 

• rigs_count (number): Reflects the number of active natural gas drilling rigs across the 

U.S., excluding oil-specific rigs, even though gas and oil often co-occur. Oil extraction 

is usually followed by substantial amounts of so-called associated petroleum gas (APG), 
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while gas extraction is followed by condensate oil. For simplicity, only active gas rigs 

are considered, and the APG amount is omitted from the data. Data is sourced from the 

EIA. 

• Interest_rate (%): The Federal Reserve's target federal funds rate, used as the 

benchmark interest rate in the U.S. financial system. Data is sourced from FRED. 

• Oil_futures (USD/barrel): The front-month futures prices for West Texas Intermediate 

(WTI) crude oil traded on NYMEX. WTI is produced in Texas and southern Oklahoma, 

serving as a reference for pricing a number of other crude streams, and is traded at 

Cushing, Oklahoma. Please note that this price refers to crude oil, which is a mixture of 

hydrocarbons that exists in liquid phase in natural underground reservoirs and remains 

liquid at atmospheric pressure after passing through surface separating facilities. Lease 

condensate recovered as a liquid from natural gas wells in lease or field separation 

facilities and later mixed into the crude stream is also included. Liquids produced at 

natural gas processing plants are excluded from crude oil withdrawals. Data is sourced 

from the EIA. 

• HDD and CDD (number of days): Degree days indicate how cold or hot a location is 

compared to 65°F, which is a standard value across the U.S. The more extreme the 

outside temperature, the higher the number of degree days. Heating Degree Days (HDD) 

measure how much (and for how long) outside temperatures are below 65°F, while 

Cooling Degree Days (CDD) measure how much outside temperatures exceed 65°F on 

average. For example, a day with a mean temperature of 30°F has 35 HDDs, while a 

day with a mean of 80°F has 15 CDDs. Data is provided by NOAA and sourced from 

EIA. 

• GPR (index): This is the only variable not limited to the U.S. but global in scope. It 

captures worldwide geopolitical risk and is developed by researchers Dario Caldara and 

Matteo Iacoviello. “Higher geopolitical risk foreshadows lower investment and 

employment and is associated with higher disaster probability and larger downside 

risks.” (Caldara & Iacoviello, 2022, pp. 1194). The thesis uses the Recent GPR Index, 

which is constructed from ten newspapers. The index is calculated by counting the 

number of articles related to adverse geopolitical events in each newspaper for each 

month (as a share of the total number of news articles). In the period 2001–2024, several 

spikes were examined, such as the 9/11 terrorist attack in 2001, the breakout of the Iraqi 

(2003) and Ukrainian (2022) wars, and the COVID-19 situation in 2020. 
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• EXIM (million cubic feet): Constructed from total U.S. natural gas exports and imports 

(including both pipeline and LNG). Due to its geographic position, the US focuses more 

on LNG exports. Based on data from the Global Energy Monitor, the US has the largest 

LNG export capacity in the world (Global Energy Monitor, 2024). According to EIA, 

the US remained the top LNG exporter in 2024, with a daily capacity of 11.9 billion 

cubic feet, ahead of Australia and Qatar (Zaretskaya, 2025). For Europe, US exports are 

especially significant, as the continent is the primary market for American LNG. Data 

is sourced from EIA. 

• hurricanes (dummy): A binary variable capturing whether a hurricane hit Louisiana 

(Henry Hub’s location) during a given month. Data is downloaded by web scraping from 

Wikipedia, taking into account the month in which the hurricane reached the state. If an 

event occurs in a given month, 1 is assigned and 0 otherwise. In total, 13 hurricanes hit 

the state between 2001 and 2024, and the strongest ones (Category 4), Ida and Laura, 

caused several problems and damages to power and gas plant sites, leading prices 

upward. 

3.2 Data Preprocessing – Pearson correlation 

Pairwise correlation (Table 2) analysis revealed a strong linear dependence (0.98) between the 

EXIM and production variables, indicating almost complete explanatory overlap, while the 

relationships between other variables remain in the moderate range. By addressing their 

collinearity, EXIM is regressed on production, and the residuals are used as a substitute variable. 

Since the coefficient of the exim variable was originally positive, and the regression between 

the two variables also yields a positive coefficient, excluding the exim variable results in a 

(small) positive bias in the production variable (value approximately 0.0000016).  

After the substitution, correlation is checked again (Table 3). Surprisingly, the correlation 

matrix also showed a negative relationship (-0.39) between CDD and total consumption, while 

HDD showed a positive correlation (0.68). It means – in contrast of the economic explanation, 

stating higher degree days lead to higher demand – an increase in CDD will decrease the total 

consumption. One explanation is that cooling (air conditioning) demand is largely met by 

nuclear or renewable energy sources, rather than natural gas.  

The value between CDD and HDD indicates a strong relationship (0.83), which is entirely 

understandable given the nature of the two variables: when the daily average temperature is 16 
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above the threshold (65°F), CDD is positive while HDD is zero, and vice versa below the 

threshold. 

Another noteworthy result is the negative correlation (-0.82) between production and rigs, 

which contradicts economic logic, as one would expect a positive relationship, as the more rigs 

in operation the more gas is extracted. This anomaly may be explained by technological 

advancements in drilling, whereby fewer rigs can yield higher production volumes. 

 

Table 2: Pearson correlation matrix with original variables 

 

Table 3: Pearson correlation matrix after residuals are included 
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3.3 Data Preprocessing – sample selection and multicollinearity 

As a next step, the dataset is split for later model validation: 70% of the data is used for training 

and the remaining 30% for testing, resulting in 202 datapoints for training and 86 for testing. 

Afterward, I observe stationarity of the target variable, as prices are typically not stable over 

time. While natural gas prices do not show the same continuous growth as stock prices, both 

the ADF and KPSS test indicate that prices are non-stationary. Since this is a required condition 

for both SARIMAX and LSTM models, first-order differencing is applied. Post-differencing 

tests now confirms stationarity, though autocorrelation function (ACF) plots still display some 

residual lags (Tables 7&8, please find them in the Appendix).  

Considering the model, I cannot ignore multicollinearity when analysing the data (Table 4). 

Multicollinearity analysis identifies four variables with Variance Inflation Factors (VIFs) 

exceeding 10, confirming redundancy in the correlation matrix: HDD and CDD are highly 

correlated with each other, while production and consumption also have a strong mutual 

relationship. 

 

Table 4: Multicollinearity in the model 

Despite this, none of the variables are excluded due to their economic significance and the 

model’s emphasis on explanatory power. As multicollinearity increases standard errors but does 

not introduce bias, retaining these variables is deemed appropriate. For example, high CDD or 

HDD values typically result in increased demand, which in turn leads to higher consumption 

and production. To sum up, despite VIFs are above 10 in these cases, variables are retained due 

to their theoretical importance.         
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Latest, additional tests are conducted to confirm seasonality, as SARIMAX places importance 

on it. Table 9 (can be found in the Appendix) summarizes all the variables, each plotted 

separately on its own scale before normalization. The charts support the test results: production, 

consumption, gas storage, imports, and both CDD and HDD exhibit seasonality – as this 

logically follows from their nature. However, prices do not exhibit seasonality – despite the fact 

there is a so-called summer-winter spread in the gas industry, referring price differences 

between the two seasons – supporting the choice to model them using non-seasonal techniques.  

Table 5 represent a descriptive statistic of the variables before scaling. Jarque-Bera test for 

normality are also included. Please note that the respective critical values at 5% level are 5.991 

for Jarque-Bera (with degrees of freedom equals to 2), -2.87 for ADF and 0.463 for KPSS. Most 

variables are non-normally distributed, and several (including price and consumption) exhibit 

unit-root behaviour. 

 

Table 5: Descriptive statistics of the variables 

4. Methodology 

This thesis investigates five distinct forecasting models, including two hybrid variations. The 

following section provides a concise yet comprehensive overview of each model employed. 

4.1 An introduction to SARIMAX model 

The Seasonal Autoregressive Integrated Moving Average with Exogenous Regressors 

(SARIMAX) model is a widely used statistical approach for time-series forecasting, 

particularly within finance and economics. It effectively captures both trend and seasonal 

components of historical data while incorporating external variables to enhance predictive 

accuracy. Given its methodological credibility and adaptability, SARIMAX is utilized here as 

the benchmark model for performance comparison.   
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4.2 The construction of SARIMAX model  

The SARIMAX model builds upon the ARIMA framework, which was originally introduced 

by Box and Jenkins in their work in 1976 and subsequently expanded upon by Wilson (2016). 

The ARIMA model comprises the following components: 

• Autoregression (AR): Incorporates lagged values of the time-series to forecast the 

present. Denoted by order p, this component performs a linear regression on the 

previous p observations: 

𝑦𝑡 =  Φ1𝑦𝑡−1 +  Φ2𝑦𝑡−2 +  ⋯ + Φ𝑝𝑦𝑡−𝑝 + 𝜖𝑡 

, where yt is the time-series value at time t, ε is the error term, and Φ is to capture the 

relationship between the current and past observations at a lag of p.  

 

• Moving Average (MA): Accounts for past forecast errors, allowing yt to depend on the 

current and previous error terms. It is characterized by an order generally noted q. The 

moving average part involves running a linear regression on the last q error terms to 

predict the current value, expressed as follows: 

𝑦𝑡 =  𝜇 +  𝜃1𝜖𝑡−1 +  𝜃2𝜖𝑡−2 +  ⋯ + 𝜃𝑞𝜖𝑡−𝑞 + 𝜖𝑡 

, where yt is the time-series value at time t, µ is the mean of the given time-series, εt is 

the error term at time t, and θ is the respective weight for each error term from t-1 until 

t-q.  

By combining the two aforementioned, the ARMA (p,q) process will look like as the follows 

(Brooks, 2019):  

𝑦𝑡 =  𝜇 +  Φ1𝑦𝑡−1 +  ⋯ + Φ𝑝𝑦𝑡−𝑝 +  𝜃1𝜖𝑡−1 +  ⋯ +  𝜃𝑞𝜖𝑡−𝑞 +  𝜖𝑡 

However, this model is effective on stationary time-series. To apply this to any timeseries, one 

must use the Integration (I) component, generally noted d. 

• Integration (I): Transforms non-stationary time-series into stationary ones by 

differencing the data d times. In some cases, only the first-order difference could be 

enough, but some time-series can be made stationary after a number of differentiations. 

𝑦𝑡
𝑑 =  (1 −  𝐵)𝑑𝑦𝑡 

, where B is the backshift operator notation, and d is the number of times the time-series 

is differenced.  
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The complete ARIMA (p,d,q) model then looks like as the follows: 

(1 −  𝐵)𝑑𝑦𝑡 =  𝜇 +  ∑ 𝜙𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+ ∑ 𝜃𝑗𝜖𝑡−𝑗

𝑞

𝑗=1

+  𝜖𝑡 

Given the dynamics of gas prices, seasonality is incorporated into the model to capture recurring 

patterns that emerge at regular intervals. Price movements often exhibit seasonal behaviour, 

largely because one of the primary drivers – natural gas consumption – is closely tied to weather 

conditions and heating or cooling demand. In addition to seasonal effects, gas prices are 

influenced by various external factors such as storage levels, production rates, and other 

macroeconomic variables. To account for these influences, I introduce exogenous variables that 

help capture additional variance and enhance the model’s predictive accuracy. The SARIMAX 

framework allows for the integration of both seasonal components and exogenous predictors. 

Here, P, D, and Q – the uppercase counterparts of the standard ARIMA parameters – denote the 

seasonal autoregressive order, the degree of seasonal differencing, and the seasonal moving 

average order, while βk represents the coefficient of the exogenous variable Xk. 

(1 − ∑ 𝜙𝑖𝐵𝑖

𝑝

𝑖=1

) (1 −  ∑ 𝜙𝐼𝐵𝑠𝐼

𝑃

𝐼=1

) (1 −  𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑦𝑡 = (1 −  ∑ 𝜃𝑗𝐵𝑗

𝑞

𝑗=1

) (1 − ∑ 𝜃𝐽𝐵𝑠𝐽

𝑄

𝐽=1

) 𝜖𝑡 +  ∑ 𝛽𝑘𝑋𝑘,𝑡

𝑚

𝑘=1

 

In this study, the auto.arima function in R is used to select the optimal model configuration, 

automatically handling differencing and detecting seasonality. Non-stationary data is fed into 

the function, which scales the series prior to estimation to avoid standard error inconsistencies. 

The best-fitting model is chosen based on the Akaike Information Criterion (AIC). 

4.3 Random Forest model 

The second modeling technique employed in this thesis is the Random Forest (RF) algorithm, 

well-suited for both classification and regression tasks. It constructs by building an ensemble 

of decision trees using the bagging method, where each tree is trained on a random subset of 

data (the so-called bootstrap sample), with a random selection (replacement) of features 

considered at each split.  

Within each training iteration, a portion of the sample is excluded to form the out-of-bag (OOB) 

sample, which is subsequently used for cross-validation. This randomness of selections 

introduces diversity among the trees, reducing the correlation between decision trees and 

enhancing generalization. Final predictions are obtained by aggregating outputs, through 
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majority voting in case of classification or averaging in case of regression, as is done here 

(Kashif & Ślepaczuk, 2025).  

Random Forest is especially advantageous for its ability to handle cross-sectional and hand-

dimensional datasets, observe feature importance, and provide robust performance with 

hyperparameter tuning. The three main hyperparameters to be set prior to training are: the 

number of trees, node size, and m, which denotes the number of features considered at each 

split (Breiman, 2001).  

In this study, 3 different Random Forest models are developed using lag structures of 12, 24, 

and 36 months, corresponding to one-, two-, and three-year time windows, respectively. The 

same proportion of splitting is applied to the training and test sets (70-30) in each case. The 

number of trees is fixed at 500, with 10 iterations for robustness. The mtry parameter is 

optimized via the tuneRF function for each lag specification, selecting the configuration that 

minimized OOB error. Predictions, mean squared errors are extracted from the model, and 

variable importances are also checked as will be presented in Section 6. The models are trained 

on raw data, without differencing or scaling, given that Random Forest algorithms do not 

require stationarity or normalized inputs. Figure 1 visualizes the model. 

 

Figure 1: Composition of a Random Forest model (Omarzai, 2014) 

4.4 An introduction to Long-Short Term Memory model 

Long-Short Term Memory model is a variant of neural networks, that was first introduced by 

Sepp Hochreiter and Jürgen Schmidhuber in 1997, and later became very popular especially to 

improve time-series prediction accuracy, and solving more complex predictive tasks 

(Hochreiter & Schmidhuber, 1997). LSTM represents an advanced form of Recurrent Neural 

Networks (RNN), that is itself also a developed version of Artificial Neural Networks (ANN). 
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Neural networks typically comprise three layers: input, hidden, and output. Thus, neural 

networks learn past information to produce future predictions similarly to humans. However, 

basic neural networks operate with fixed-size inputs and outputs, which constrains their ability 

to generalize to unseen data or longer sequences (Kaur & Mohta, 2019).  

To handle this drawback, RNNs were developed to detect and learn patterns in sequential data, 

thereby enhancing their estimation capability. Moreover, RNN adds additional loops to the 

architecture, meaning the nodes of the hidden layers are interconnected, and the output of the 

previous hidden node (e.g., h1) will be an input of the next node (e.g., h2) in parallel with new 

input values (see Figure 2). It means the output depends on a sequence of data (Manaswi, 2018). 

RNNs can be categorized by the number of inputs and outputs. In this study, a sequence-to-one 

format is used, whereby the model uses a sequence of previous observations to predict the next 

point in time. 

A major limitation of RNNs lies in their computational behaviour. First, during forward 

propagation, hidden states are passed forward, second, during backpropagation, gradients are 

computed across all time steps to update network weights. Due to the chain rule in 

differentiation, these gradients can either diminish to near-zero (values below 1 become even 

smaller, called vanishing gradients) or increase uncontrollably (values over 1 become even 

larger, called exploding gradients). Small gradients will cause an early stop in effectively 

updating previous layers, while too large weights will cause instability and possible NaN errors 

(Sherstinsky, 2020). Although RNNs possess memory through feedback loops, their ability to 

retain information over long sequences is compromised. This loss of long-term memory – 

exacerbated by vanishing gradients – prevents the model from effectively learning long-term 

dependencies (Hochreiter et al., 2001). 

 

Figure 2:  Illustration of a Recurrent Neural Network according to Manaswi (2018). A hidden node (h2) not only 

depends on the input node (x2), but also on the previous hidden node (h1) 
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4.5 The construction of Long-Short Term Memory model 

To address the aforementioned challenges, a modified RNN architecture – Long Short-Term 

Memory (LSTM) – is introduced. LSTM tackles the issue of exploding or vanishing gradients: 

the model addresses this challenge by introducing gated units and memory cells into the 

architecture. Specifically, memory cells maintain a persistent cell state, functioning as internal 

long-term memory that preserves relevant information across time steps. Unlike traditional 

RNNs, these memory cells are not influenced by trainable weights or biases, thereby 

circumventing gradient instability. For short-term memory, a hidden state is utilized, which is 

directly updated via learned weight matrices. When new input data is introduced, the LSTM 

model leverages both the current input and existing cell state to determine what to retain, update, 

or delete (Istiake Sunny et al., 2020). 

The model comprises 3 types of gates: input, forget and output. Firstly, in the forget gate, the 

model determines – by a sigmoid function – the proportion of the long-term memory to be 

preserved, producing an updated long-term memory. Secondly, an input gate (sometimes 

referred to as update gate) is introduced to modify the long-term memory from the previous 

unit. Inside the update gate, a tanh function is to determine the potential long-term memory, 

while the previous short-term memory is also used as an input. By the sigmoid function, the 

gate determines the proportion of the long-term memory to be considered in the model. The 

result is an updated cell state formed by summing the retained memory (from the forget gate) 

and the new memory (from the input gate). Lastly, the output gate creates the potential short-

term memory by a tanh function again. The input of this gate is the updated long-term memory 

from the previous unit, as well as the previous short-term memory. By the sigmoid function, the 

gate again determines the proportion of the potential short-term memory to be integrated. The 

output of this gate (and the overall step) is a new short-term memory, which is passed to the 

next time step (Olah, 2015; Starmer, 2022). The updated long-term memory is forwarded to the 

forget gate in the next iteration (see Figure 3 below). 

To sum up, the output of LSTM is influenced by both the current cell state and the incoming 

information. Unlike traditional RNNs that struggle to retain long-term information, LSTMs are 

designed to naturally remember important information over extended sequences. Their design 

avoids the vanishing or exploding gradient issues, allowing for robust modeling of long-term 

patterns. In this study, a sequence-to-one architecture is applied using the same lag 

configurations as in the Random Forest models (12, 24, and 36 months). The input series is 

differenced to ensure stationarity and then normalized before being processed by the model. 



25 
 

𝑖𝑡 =  𝜎(𝑊𝑖𝑥𝑡 +  𝑊ℎ𝑖ℎ𝑡−1 +  𝑏𝑖) 

𝑓𝑡 =  𝜎(𝑊𝑓𝑥𝑡 +  𝑊ℎ𝑓ℎ𝑡−1 +  𝑏𝑓) 

𝑜𝑡 =  𝜎(𝑊𝑜𝑥𝑡 +  𝑊ℎ𝑜ℎ𝑡−1 +  𝑏𝑜) 

𝑐𝑡̂ =  𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡 +  𝑊ℎ𝑐ℎ𝑡−1 +  𝑏𝑐) 

𝐿𝑜𝑛𝑔 𝑚𝑒𝑚𝑜𝑟𝑦: 𝐶𝑡 =  𝑓𝑡 ·  𝑐𝑡−1 +  𝑖𝑡 ·  𝑐𝑡̂ 

𝑆ℎ𝑜𝑟𝑡 𝑚𝑒𝑚𝑜𝑟𝑦: ℎ𝑡 =  𝑜𝑡 ·  𝑡𝑎𝑛ℎ(𝑐𝑡) 

, where W stands for weights, b is for biases, xt is the sequence of time t, ft is the forget gate at 

time t, ht-1 is the hidden state at time t-1, it is the input gate at time t, 𝑐𝑡̂ is the change gate at 

time t, and ot is the output gate at time t (Kashif & Ślepaczuk, 2025). 

 

Figure 3: Illustration of an LSTM model according to Kashif & Ślepaczuk (2025). Please note that sometimes 

Input gate is split to input and change gates, where the previous refers to the one determines the proportion of 

data being considered, while the latter is to determine about the potential long-term memory 

As machine learning models, Random Forest and LSTM do not require stationarity and 

normality, due to its ability to model complex temporal patterns (Abid et al., 2025), however 

some papers state that deep learning models, especially neural networks may face the challenge 

of catastrophic forgetting despite their ability to learn patterns accordingly (Ao & Fayek, 2023). 

For this reason, I feed LSTM with a differenced and scaled dataset. 
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4.6 The construction of SARIMAX-Random Forest hybrid model 

In the first model, I combine the SARIMAX and Random Forest methods. While the previous 

is to capture linear trends, seasonality, and autoregressive relationships in time-series data, it 

struggles with complex nonlinear dependencies, interactions, or sudden shifts in patterns. 

However, Random Forest was introduced to capture this non-linear, handle complex feature 

relationships, and irregular structures in the data, as its non-parametric ensemble method based 

on decision trees (Topal et al., 2019).  

For this model, the residuals of SARIMAX, in other words, those parts that the model is not 

able to predict properly, are used as the inputs to Random Forest. The hybrid models are 

evaluated using the same time lags (12, 24, and 36 months). Hyperparameters remains the same 

with the number of trees 500 and iterations 10, only m changes – it is set to 1, given the 

univariate nature of the residual. No more regressors are added to the model in this step. The 

final predictions are produced by added back the Random Forest predictions to the SARIMAX 

ones. SARIMAX predictions are truncated by 12, 24, and 36 to match with Random Forest’s 

predictions. Figure 4 illustrates the process. 

 

Figure 4: Flowchart for SARIMAX-RF model 

4.7 The construction of SARIMAX-LSTM hybrid model 

The second hybrid model combines SARIMAX and LSTM. As with the previous hybrid, 

SARIMAX is first used to estimate the linear trend and generate residuals, which are then used 

as input features for the LSTM model. Model trained on the same sequences (12, 24, and 36 

months). The residuals are scaled before feeding into the model. This hybrid model holds the 
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same perks as the previous one: as ARIMA stands for capturing linear trends and short-term 

dependencies, as well as autocorrelation, LSTM contributes by dealing with long-term 

dependencies and nonlinear relationships (Kashif & Ślepaczuk, 2025; Sheng & Jia, 2020). 

According to Jang, Seo and Lee (2025), the hybrid model can be written as the follows, where 

yt is the time-series at time t, lt is the linear component predicted by SARIMAX at t and nt is 

the non-linear component predicted by LSTM at t:  

𝑦𝑡 = 𝑙𝑡 +  𝑛𝑡 

Moreover, rt represents the residuals derived from SARIMAX prediction at time t (the 

difference between actual and predicted value), expressing the non-linear component of the 

model: 

𝑟𝑡 =  𝑦𝑡 −  𝑙𝑡̂~ 𝑛𝑡 

Consequently, the final prediction made by the model equals the addition of the linear and 

nonlinear parts, as the follows: 

𝑦𝑡̂ =  𝑙𝑡̂ +  𝑛𝑡̂ 

This hybrid setup also includes lagged gas prices alongside the residuals to enrich the temporal 

context and potentially enhance the model’s learning of dynamic patterns. The LSTM 

parameters (architecture and hyperparameters) remain consistent with those used in the 

standalone LSTM models. The final predictions are produced by added back the LSTM 

predictions to the SARIMAX’s values. SARIMAX predictions are truncated by 12, 24, and 36 

to match LSTM’s output window. Figure 5 illustrates the process. 

 

Figure 5: Flowchart for SARIMAX-LSTM model 
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4.8 Performance Evaluation Metrics 

I have assessed for different metrics to evaluate the models’ performance. Root Mean Squared 

Error, or RMSE, Mean Absolute Error, or MAE, Symmetric Mean Absolute Percentage Error, 

or SMAPE and Directional Accuracy, or DA are observed in this study. As previously 

mentioned, a 70–30 split is applied to divide the data into training and testing sets. The models 

are trained on the training set and subsequently evaluated on the test set, generating out-of-

sample forecasts to assess predictive capability (Hyndman & Athanasopoulos, 2018).   

RMSE, MAE, and DA are widely utilized performance indicators in time-series forecasting, 

especially for models involving numeric prediction tasks (Chai et al., 2018; Jang et al., 2025; 

Zhao et al., 2017). Additionally, MAPE is often regarded as a heteroscedasticity-adjusted MAE 

and have been widely popularized in time-series forecasting tasks (Wen et al., 2016; Yu et al., 

2022). However, MAPE is not symmetric, meaning over- and under-predictions are penalized 

unequally, and becomes undefined or unstable when actual values approach zero due to division 

by zero or near-zero denominators.  

To eliminate these drawbacks, I introduce Symmetric Mean Absolute Percentage Error, or 

SMAPE, that has gained popularity in the forecasting literature (Abdulrahim et al., 2025; 

Akshayaa et al., 2025; Dong et al., 2024). SMAPE is advantageous due to its balanced treatment 

of overestimation and underestimation, setting it apart from previously used metrics RMSE and 

MAE. This design makes it more robust to outliers and provides a fairer evaluation in 

forecasting tasks (Swanson & Tayman, 1999).  Generally, lower values of RMSE, MAE, and 

SMAPE indicate higher predictive accuracy, whereas higher DA values reflect greater 

proficiency in capturing the correct direction of change in the target variable. 

The mathematical formulas for each metric are as follows: 

𝑅𝑀𝑆𝐸 =  √{
1

𝑛
} ∗ ∑(𝑦𝑡 − 𝑦𝑡̂)2

𝑛

𝑡=1

 

𝑀𝐴𝐸 =  {
1

𝑛
} ∗ ∑ |𝑦𝑡

𝑛

𝑡=1

− 𝑦𝑡̂| 

𝑆𝑀𝐴𝑃𝐸 =  {
100%

𝑛
} ∗ ∑[

|𝑦𝑡 − 𝑦𝑡̂|

(
(|𝑦𝑡| + |𝑦𝑡̂|)

2
)

]

𝑛

𝑡=1
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𝐷𝐴 = (
1

(𝑛 − 1)
) ∗  ∑ 1[sin(𝑦𝑡 − 𝑦𝑡−1) =  sin(𝑦𝑡̂ − 𝑦𝑡−1̂) ]

𝑛

𝑡=2

   

5. Hypothesis 

The central objective of this study is to evaluate the performance of machine learning models 

– specifically Random Forest and Long Short-Term Memory – in forecasting the front-month 

Henry Hub natural gas price, and to assess whether hybrid modeling approaches can further 

enhance predictive accuracy. Based on an extensive review of the relevant literature and 

preliminary data analysis, three core hypotheses are formulated:  

• Hypothesis 1 (subquestion): Over the given time horizon and using the specified 

regressors, Random Forest model demonstrates superior predictive accuracy compared 

to the SARIMAX model across all metrics.  

This hypothesis is based on the capacity of ensemble learning methods, like Random Forest, to 

capture complex, nonlinear relationships and patterns in data. While SARIMAX is effective in 

modeling seasonal and autoregressive structures, its linear formulation may be inefficient to 

observe patterns or structural breaks that characterize natural gas markets. 

• Hypothesis 2 (subquestion): Over the given time horizon and using the specified 

regressors, LSTM consistently yields the most accurate forecasts across all metrics 

and time horizons.  

This assumption is grounded in the architectural sophistication of LSTM networks, which are 

designed to retain long-term dependencies and capture temporal dynamics. Numerous prior 

studies in financial forecasting have reported superior results for LSTM compared to traditional 

econometric models and even other machine learning methods, particularly when dealing with 

sequential data. 

• Hypothesis 3 (main question): Combined models can improve forecasting 

performance and clearly outperform their standalone counterparts across all metrics. 

This hypothesis stays on the premise that hybrid models can capture both linear and nonlinear 

patterns of the values. By first modeling the linear structure via SARIMAX and then capturing 

the residual nonlinearities using RF or LSTM, the combined models are expected to provide 

improved generalization and lower forecast errors. This assumption is further supported by 

several empirical studies in both energy and financial forecasting domains, where hybrid 
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approaches have been shown to outperform individual models (Kashif & Ślepaczuk, 2025; Ray 

et al., 2023; Seba & Belaide, 2024). 

The validity of these hypotheses is evaluated based on the performance of each model using 

four key metrics – RMSE, MAE, SMAPE, and DA – applied to the out-of-sample test dataset. 

6. Results 

I would like to present my findings in the following section. First, I introduce SARIMAX 

results, move on to machine learning methods, and finish with combined models. 

6.1 Hypothesis 1 – a comparison between SARIMAX and RF models 

Based on the Akaike Information Criterion (AIC), the auto.arima function identifies the optimal 

model as SARIMAX (3,0,2)(0,0,0), which entails three autoregressive components, no 

differencing, and two moving average terms. Notably, there is no seasonal component, as the 

seasonal parameters – P, D, and Q – are all zero. This is intriguing, given that both the ADF 

and KPSS tests previously indicated that the target variable possesses one unit root. The 

explanation behind is the following: auto.arima relies on AIC minimization, thus selects the 

d=0 specification yielding an AIC of 91.3, compared to 101.9 under d=1.   

Furthermore, the Ljung-Box test returns a p-value of 27.62%, suggesting that autocorrelation 

is not statistically significant in the residuals, and thus the null hypothesis of no autocorrelation 

cannot be rejected (see Table 10 in the Appendix). Model predictions are then rescaled to their 

original values, and evaluation metrics are computed accordingly. Table 6 below presents the 

estimated coefficients. 

 

Table 6: SARIMAX model's estimates 
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As we can notice, all AR and MA coefficients are statistically significant. Economically, a -

0.633 coefficient for AR1 indicates when controlling for the remaining AR and MA terms, a 

one-unit increase in the price last month is associated with a $0.633 decline in the current price. 

Interestingly, this negative relationship contrasts with the positive signs observed for AR2 and 

AR3, which suggest that price movements two and three months ago have a stronger upward 

influence. This result is somewhat counterintuitive, as one might expect more recent months to 

exert a stronger impact. Additionally, it is noteworthy to have different signs in case of the latest 

3 months. 

MA1, with a value of 1.725, implies that a positive shock one month prior tends to elevate the 

current price by $1.725, while MA2 retains a positive yet more modest effect. Among the 

exogenous regressors, five variables – consumption, oil futures, interest rate, HDD, and CDD 

– are statistically significant at the 5% level. A coefficient of 0.361 for oil futures suggests that 

a one-dollar increase in WTI prices leads to a $0.361 rise in gas prices. Similarly, positive 

coefficients for HDD, CDD, and interest rates align with the notion that increased demand and 

economic slowdowns generally put upward pressure on prices. 

Overall, SARIMAX delivers moderate forecast accuracy, yielding an RMSE of 2.096 and an 

MAE of 1.46. The SMAPE metric reflects the model’s limited ability to capture peak and valley 

behaviour, while a Directional Accuracy (DA) of only 9.3% indicates that it correctly predicts 

the direction of price changes in less than one out of ten cases. The model’s modest performance 

motivates the use of more sophisticated deep learning techniques for improving accuracy. 

Figure 11 in the Appendix displays the actual and fitted values. Evaluation results are reiterated 

in Table 1 below. 

 

Table 1: Final results 
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Random Forest, a tree-based ensemble learning method, does not require input data scaling and 

is not bound by stationarity assumptions. The incorporation of lagged variables enables the 

model to detect and learn temporal patterns. In this study, three lag configurations – 12, 24, and 

36 months – are tested, each using a 70-30 train-test split. The number of trees is set at 500, 

with 10 iterations performed to ensure robustness and reproducibility. An optimal mtry value is 

determined via preliminary tuning (see Figure 12 in the Appendix), resulting in m = 6 for lag(12) 

and m = 9 for the 24- and 36-month models. 

Figure 6 illustrates the relationship between the number of trees and associated prediction 

errors. For all lag configurations, the out-of-bag (OOB) error rapidly decreases until around 100 

trees and stabilizes near 200, indicating model convergence. Based on this pattern, lag(12) 

appears to be the best-performing configuration. However, the final evaluation metrics gives 

controversial results. 

The final predictions for each lag structure are obtained by averaging across all iterations. As 

reported in Table 1, the Random Forest model demonstrates moderate errors in RMSE, MAE, 

and SMAPE, but underperforms in terms of DA. The best-performing variant – RF(36) – 

achieves an 11% reduction in RMSE (from 2.096 to 1.85), a 9% reduction in MAE (from 1.46 

to 1.33), and a striking 23 percentage point improvement in SMAPE (from 56.4% to 33.5%) 

relative to SARIMAX. However, RF(36) performs even worse than SARIMAX in directional 

accuracy, failing to capture upward or downward movements effectively. This smoothing 

tendency is visually evident in Figure 8. 

The performance discrepancies across lags highlight the importance of window size, with 

RF(36) producing the most accurate forecasts. Interestingly, RF(24) underperforms RF(12), 

underscoring the potential value of further hyperparameter optimization. In summary, Random 

Forest substantially outperforms SARIMAX in terms of absolute error, though its limitations in 

directional forecasting indicate room for enhancement. Forecast plots for all RF models can be 

found in Figures 13, 14, and 15 in the Appendix. 

Variable importance, illustrated in Figure 7, is assessed using the IncNodePurity metric. It 

corresponds to the tree’s loss function, which guides split selection. For regression trees this is 

the mean squared error. The IncNodePurity score accumulates all impurity decreases attributed 

to a given variable – each weighted by the probability of reaching the split – and then averages 

that across all decision trees in the ensemble. A larger IncNodePurity value suggests the variable 

plays a more critical role in the model. (Islam et al., 2023). 
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Figure 6: OOB errors for Random Forest models 
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Figure 7: Variable importances for Random Forest models 

According to this plot, interest rate is the most dominant variable, while oil futures, production 

and rigs count also contribute a lot to the explanatory power of the given models. In contrast, 

consumption and storage levels importance are lower than expected. Notably, the GPR performs 

better despite its insignificance in the SARIMAX model. Weather variables (CDD, HDD, 

hurricanes) contribute very little to predictive power despite those are all statistical and 

economically significant in case of SARIMAX. This pattern remains consistent across RF(24) 

and RF(36), suggesting that variable importance stabilizes after the 2-year window. 

6.2 Hypothesis 2 – LSTM predictions and its comparison to previous models 

As a machine learning model, LSTM is designed to identify and learn complex sequential 

patterns. However, if the input time series is non-stationary, the presence of trend or seasonality 

can obscure underlying dynamics, reducing model effectiveness and possibly introducing 

spurious patterns. Differencing helps mitigate these issues by transforming the series to 

highlight genuine fluctuations. Hence, a differenced and scaled dataset is used as input to the 

LSTM model. 

Sequence-to-one configurations of 12, 24, and 36 months are applied, where the model uses a 

window of lagged values (e.g., months 1–12) to predict the subsequent value (e.g., month 13). 

In each case, an LSTM model with three layers is implemented using the keras package in R. 

The architecture consists of two LSTM layers – comprising 64 and 32 units respectively – with 

tanh activation and dropout rates of 0.2. In the first layer, I allow return sequences, while in the 

second case I left it as default, meaning the model returns only the last output of the sequence 

instead of one output for each time step. A final dense layer is added with one unit and a linear 
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activation function. The model is trained using the Mean Squared Error loss function and the 

adam optimizer over 50 epochs, with a batch size of 32 and a 20% validation split. 

The predictions are transformed back to their original scale by reversing both differencing and 

normalization. According to Table 1, LSTM models decisively outperform both Random Forest 

and SARIMAX. This aligns with expectations, as neural networks “have the ability to estimate 

a general level of function with a high degree of precision and to discover nonlinear patterns in 

input datasets without defaults” (Safari & Davallou, 2018, pp. 51). LSTM(12) achieves the best 

overall performance in three out of four metrics, while LSTM(24) slightly outperforms it in 

SMAPE. 

 

Table 1: Final results 

Compared to RF(36), LSTM(12) reduces RMSE and MAE by 67%, and by 71% when 

compared to SARIMAX. LSTM models also achieve SMAPE values near 12%, approximately 

one-third of RF(36)’s and one-fifth of SARIMAX’s values. Moreover, DA underscore LSTM’s 

capacity to forecast directional shifts – particularly rapid spikes and sharp downturns – 

achieving nearly 25% directional accuracy in the best-case scenario. 

Interestingly, the bigger window applied the poorer accuracy observed, suggesting that a longer 

lookback injects noise or overfitting. Thus, LSTM(12) appears to strike an optimal balance 

between historical context and model simplicity. To conclude, LSTM’s dominance over RF and 

SARIMAX is unquestionable, and achieves much better results both in minimizing error and in 

predicting turning points. However, as longer windows experienced downgrade in performance, 

I would like to move on with hybrid models, as those can capture both linear and non-linear 
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patterns, and maybe result further improvements. Plots for the actual and fitted values can be 

found in the Appendix (Figure 16,17,18). 

 

Figure 8: Simple models' predictions 

6.3 Hypothesis 3 – Hybrid models’ performance and comparison 

As introduced in Section 4, two hybrid models are constructed. The first, SARIMAX-RF, uses 

the residuals from the SARIMAX model as the dependent variable for a new Random Forest 

regression. Since all other variables were already included in the SARIMAX model, only 

lagged residuals are used as predictors. Final forecasts are obtained by summing RF-predicted 

residuals with SARIMAX outputs, which are then rescaled. 

Surprisingly, the hybrid models perform markedly worse than the standalone ones. In the best-

case scenario (lag (24)), RMSE and MAE increase by 14–37% compared to either SARIMAX 

or RF(36), and results lag far behind LSTM. SMAPE ranges from 66% to 75%, with lag(36) 

performing the best – but still twice as high as RF(36) and 10 percentage points higher than 

SARIMAX. DA scatters around 4% for lag(12) and lag(36), with only lag(24) marginally 

surpassing SARIMAX and RF. These results suggest that combining SARIMAX with RF 

introduces additional complexity without improving predictive accuracy. Residuals may be 

primarily noise, leading to overfitting in the RF component. Furthermore, the lack of 

autocorrelation in SARIMAX residuals implies that RF has no meaningful patterns to learn. 

Plots for the actual and fitted values can be found in the Appendix (Figure 19,20,21). 

The second hybrid model, SARIMAX-LSTM, follows a similar process. Residuals are scaled 

before being input into an LSTM with the same hyperparameters (units, activation functions, 
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dropout rates, epochs, batch size and validation split) and configurations (12, 24, 36 months) to 

the standalone version. Lagged gas prices also included as a second feature. Predictions are then 

scaled back twice to restore the original level. 

Strikingly, SARIMAX-LSTM provides an even worse performance than the previous hybrid 

model. MSE and MAE are five to six times higher than the standalone LSTM model and 

approximately 50% worse than SARIMAX. SMAPE exceeds 100%, and DA falls below 10%, 

suggesting that the residuals are essentially white noise, lacking any learnable structure. A 

plausible explanation is that SARIMAX already captures most of the explainable variance, 

leaving little for LSTM to learn. Thus, LSTM just introduce complexity to the model. 

Additionally, the limited sample size – 288 observations, reduced further by lagging – suggests 

LSTM may not have enough data to learn that can make its predictions worse and diminishing 

generalization on test data. Plots for the actual and fitted values can be found in the Appendix 

(Figure 22,23,24). 

To sum up, combined models do not show any improvement in evaluation metrics over the 

simple methods, due to possibly overfitting, white noise error terms, already captured variance 

or limited sample size. Forecasts from the hybrid models are visualized in Figure 9 below. 

 

Figure 9: Hybrid models' predictions 
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7. Conclusion 

The strategic importance of energy resources – particularly natural gas – has grown significantly 

in Europe in the aftermath of the Russian-Ukrainian war and the reemergence of conflict in the 

Middle East. This shift is primarily due to the continent’s gradual disengagement from its 

reliance on Russian energy imports. Among the available alternatives, American LNG has 

emerged as the most viable – but more expensive – option. Notably, its price is strongly 

influenced by the U.S. benchmark, the Henry Hub (Günther & Nissen, 2021). Consequently, it 

has become increasingly essential for European policymakers, energy strategists, and industry 

stakeholders to monitor the U.S. gas market closely, especially as Europe is to become one of 

the largest global importers of American LNG. 

In recent years, numerous studies have addressed price forecasting, using either simple 

statistical models like ARIMA, or more recently, machine learning models such as Random 

Forest and LSTM, thanks to the advancement of computer hardware and processing power. To 

enhance predictive accuracy, researchers have begun using hybrid models capable of capturing 

both linear and non-linear dependencies in the data. 

This thesis introduced one econometric model and two machine learning approaches. The first 

is SARIMAX, which enhances the commonly used ARIMA model by including seasonality and 

11 exogenous regressors. The Random Forest and LSTM models are applied under three 

configurations (12-, 24-, and 36-month lags). In the case of hybrid models (SARIMAX-RF and 

SARIMAX-LSTM), the machine learning models are trained on the residuals of the linear 

model to capture potential non-linearities. The thesis tests three hypotheses: the first evaluates 

the efficiency of Random Forest compared to SARIMAX; the second assesses the superiority 

of LSTM models; and the third examines the potential for hybrid models to improve forecast 

accuracy. 

The empirical findings support the second hypothesis. LSTM models significantly outperform 

both SARIMAX and Random Forest across all lag horizons and evaluation metrics. In contrast, 

the first and third hypotheses are rejected. The Random Forest model does not consistently 

outperform SARIMAX, and the hybrid models, rather than enhancing predictive accuracy, 

resulted in greater forecasting errors. This suggests that SARIMAX may have already 

accounted for the majority of the data’s variance, leaving little residual structure for machine 

learning models to exploit – leading instead to overfitting or unnecessary model complexity. 

Figure 10 below visualizes all model predictions.  



39 
 

 

Figure 10: All models' predictions 

While these results may seem counterintuitive in light of previous literature – where hybrid 

models often surpass simpler alternatives – it is important to recognize that the SARIMAX 

model used here is more advanced than a basic ARIMA, incorporating a rich set of exogenous 

variables. This likely improves its baseline performance, leaving less room for hybrid 

enhancements. Therefore, based on 24 years of monthly data and the parameters included, it 

can be concluded that combined models do not result in superior forecasts for Henry Hub front-

month natural gas prices. Among all configurations, LSTM(12) achieves the lowest errors and 

the highest directional accuracy and is thus recommended as the optimal forecasting tool for 

gas prices.  

This thesis aspires to contribute to the academic dialogue and provide a critical perspective on 

model selection in energy forecasting. Its limitations are acknowledged and may inspire further 

research. The performance of hybrid models could potentially be improved through more 

comprehensive hyperparameter tuning, which would require greater computational capacity. 

Moreover, the analysis is constrained using monthly data. By applying higher-frequency data 

(e.g., daily prices) and fewer exogenous variables could diminish the explanatory power of the 

SARIMAX model and allow machine learning models to capture more of the variance. 

Additional independent variables could also be incorporated in future work. Furthermore, as 

noted in Section 1, energy prices are heavily influenced by investor psychology, which is in 

turn shaped by geopolitical developments and political statements – factors that are inherently 

difficult to quantify and are beyond the scope of this study.  
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In summary, the hybrid models examined in this thesis do not demonstrate superior predictive 

performance relative to their standalone counterparts. However, considering the limitations of 

the thesis, this does not mean that the hybrid models presented here are ineffective – with 

alternative data structures, extended features, or revised parameters, hybrid models may indeed 

prove more effective in future research.  

8. The Use of AI tools 

During the writing of this thesis, large language models (LLMs) were used in the key areas 

described in this section. Among the language models, I primarily used OpenAI’s ChatGPT 4o-

mini model and Meta’s Llama 3.1 8B model in LM studio. 

The LLMs were applied in four main areas, as detailed below. First and most frequently, I used 

the LLMs to correct linguistic expressions, spelling, and grammatical errors, and to translate 

certain parts into a more academic or scientific tone whenever I felt that my own text could be 

improved in this sense. This helped enhance the overall clarity and quality of the thesis. 

Secondly, they were used to write, correct, review, or improve R codes. I also often asked for 

explanations of specific lines, commands, or attributes within the code to deepen my 

understanding. 

Thirdly, I used LLMs to help summarize the essence of the machine learning models presented 

in the thesis in order to ensure a clearer and more concise understanding. For more complex 

models – especially LSTM, which was not covered extensively during my studies – I found it 

useful to include a short and focused summary that complemented the knowledge I had acquired 

from various papers. 

Lastly, following the literature review and the conceptual development of the thesis (e.g., in the 

application and structure of hybrid models), I used the LLMs to check and validate these 

concepts and assumptions. In certain cases – such as with the LSTM models – I also asked for 

suggestions on how to improve or extend the models, contributing to a more robust modeling 

strategy. 
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11. Appendix 

 

Table 7: ACF and PACF plot for y_train data 

 

 

 

 

 

 

Table 8: ACF and PACF plot for y_test data 
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Table 9: Time-series plots of different variables. Please note, that export and import are considered separately 

here 
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Table 10: Ljung-Box test statistics for SARIMAX-model Please note that certain spikes in ACF plot are due to the 

financial crisis in 2008, when commodity prices skyrocketed, and the Katrina and Rita hurricanes in 2005 that 

seriously hit the state and thus sent the prices above 10 USD for months long 

 

 

 

 

 

 

Figure 11: Actual and Fitted values in case of SARIMAX 
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Figure 12: OOB errors and best m in case of Random Forest models 

 

 

 

 

 

 

 

Figure 13: Actual and Fitted values in case of RF(12) 
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Figure 14: Actual and Fitted values in case of RF(24) 

 

 

 

 

 

 

Figure 15: Actual and Fitted values in case of RF(36) 
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Figure 16: Actual and Fitted values in case of LSTM(12) 

 

 

 

 

 

 

Figure 17: Actual and Fitted values in case of LSTM(24) 
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Figure 18: Actual and Fitted values in case of LSTM(36) 

 

 

 

 

 

 

Figure 19: Actual and Fitted values in case of SARIMAX-RF(12) 
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Figure 20: Actual and Fitted values in case of SARIMAX-RF(24) 

 

 

 

 

 

 

Figure 21: Actual and Fitted values in case of SARIMAX-RF(36) 
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Figure 22: Actual and Fitted values in case of SARIMAX-LSTM(12) 

 

 

 

 

 

 

Figure 23: Actual and Fitted values in case of SARIMAX-LSTM(24) 



57 
 

 

Figure 24: Actual and Fitted values in case SARIMAX-LSTM(36) 

 

 

 

 

 

 

 

 

 

 

 

 

 


