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ABSTRACT
	As Nigeria seeks to diversify its economy and enhance its agricultural and industrial output, understanding and forecasting natural gas consumption in key sectors such as fertiliser production is critical for sustainable crop yields and economic development. However, domestic urea fertiliser production is currently hindered by the inadequate and inconsistent supply of natural gas to urea production plants.
This paper presents a forecast of natural gas utilization for urea fertiliser production, using Nigeria’s urea fertiliser industry as a case study. A Seasonal Autoregressive Integrated Moving Average with Exogenous Variables (SARIMAX) model was employed to predict monthly gas demand based on historical data from March 2021 to October 2024. The forecast, covering November 2024 to October 2027, indicates a steady increase in natural gas consumption, with an average monthly growth rate of approximately 0.91%. The total forecasted consumption for the period is 215.76 billion standard cubic feet (BSCF).
These findings underscore the need for proactive planning by stakeholders across the urea fertiliser and energy value chains. To ensure production stability, urea fertiliser plants, policymakers, and gas suppliers must prioritize infrastructure expansion, secure long-term gas supply contracts, and invest in predictive analytics. The model demonstrated a satisfactory fit with robust performance metrics, including acceptable RMSE, MAPE, and R² values.
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1. INTRODUCTION
“The global demand for natural gas is on the increase. One of the reasons for this increase in natural gas demand is that it is the cleanest fossil fuel and offers significant benefits in that regard. Natural gas occupies 1/4 of the total global energy supply. This energy resource is of growing benefit, as natural gas has become, and continues to be, the fuel of choice in developed as well as developing countries. Natural gas, which is a byproduct of crude oil production, now provides a significant portion of the world’s primary energy requirements. This remarkable development has taken place in only a few years with an increased availability of the gas resources and the construction of long-distance, large-diameter pipelines to transport natural gas, which have improved the supply of natural gas to domestic, commercial, and industrial users resident in locations far away from the reservoirs” (Odumugbo, C.A, 2010).
The Nigeria’s economy is highly dependent on the oil and gas resources available in the country. Oil and gas resources have been the country’s major source of revenue, and its products are globally needed. Natural gas is a critical energy source and feedstock for many industrial processes in Nigeria, particularly in sectors like the electricity industry, manufacturing, petrochemicals, and urea production. 
According to the Nigeria Upstream Petroleum Regulatory Commission (NUPRC), Nigeria holds the largest natural gas reserves in Africa with a proven reserve of 208.83 trillion cubic feet (TCF) of natural gas. These proven reserves comprise 102.32 TCF of associated gas and 106.51 TCF of non-associated gas. Additionally, the country has 600 trillion cubic feet of unproven gas reserves as of 2023 (Businessday, 2025). Approximately 40% of Nigeria’s total proven natural gas reserves are classified as stranded gas caps, which remain available for exploitation (Yar’adua, A.L, 2007). 
With the abundance of natural gas in Nigeria, policymakers have posited that natural gas should be considered as one of the major streams in the Nigerian energy system. This position is premised on the belief that natural gas will provide more innovative scope and breadth of industrialisation across all the sectors in the Nigerian economic landscape, including technology development (Bello Babura Rabiu, Chijioke Nwaozuzu & Alwell Nteegah, 2023). The significant adoption of natural gas as a mainstream in the Nigeria’s energy mix will reduce the country’s dependence on other fossil fuels such as coal and oil which has higher emissions of carbon dioxide (CO2).
One key industrial sector that greatly benefits from natural gas resources is the fertilizer industry. The fertilizer industry relies on natural gas as both a fuel and a raw material. Natural gas is used in a feedstock to produce urea fertilizers for enhancing crop production. It is the most preferred feedstock to produce urea fertilizers because it has the highest hydrogen to carbon ratio (hydrogen is used for production of ammonia, and thereafter urea is manufactured with the reaction of ammonia, with carbon dioxide also produced during the process).
Historically, the provision of fertilizer for enhanced crop production in Nigeria was considered an exclusive turf operated solely by the government. The private sector had little or no connection with the production of this commodity. Hence, the commodity was scarce and unavailable to a vast majority of farmers. However, in the past decade, the fertilizer industry has witnessed significant growth owing to the strategic policies of the government to attract private sector investments in the sector. 
Despite these laudable initiatives of the government, the fertilizer production output in Nigeria has failed to meet the growing demand of farmers in the country.  This has contributed to the low productivity in the agricultural sector compared to the global standards. According to reports from the Food and Agriculture Organization (FAO), the average fertilizer use per hectare of land in sub-Saharan Africa, including Nigeria, is significantly lower than the global average. This shortage of fertilizers hampers efforts to enhance food production, address hunger, and promote agricultural exports.
In response to the challenges of low fertilizer production in Nigeria, the private sector players have championed efforts to improve the domestic production of fertiliser in the country. One of these efforts is the establishment of the privately owned urea fertiliser companies across several states in the country. Some of the notable private sector players in Nigeria include the Dangote Fertiliser Limited (DFL), Indorama Eleme Fertilizer & Chemicals Limited, and Notore Chemical Industries Plc. These companies have a combined design capacity of about 4.9 million metric tons per annum (Oyekanmi, 2022).  These companies aim to bridge the gap between domestic fertilizer demand and supply, while also positioning Nigeria as a leading exporter of fertilizers globally.
In light of the above, the success of these companies and by extension, the fertilizer industry is contingent upon the availability of natural gas, which is a critical input for urea fertilizer production. 

2. LITERATURE REVIEW
Several authors have worked on forecasting the consumption of natural gas in different countries. These research works deployed different models and techniques for forecasting natural gas consumption in their communities and countries.
“A dynamic econometric technique to model and forecast natural gas demand was developed by” (Wadud et el, 2011) to improve the existing natural gas demand models in Bangladesh. This model was also designed to forecast gas demand in Bangladesh up to the year 2025. The model utilizes small time series information but sophisticated dynamic modelling techniques that are very useful for developing countries. The model derives a relationship between GDP and natural gas demand. The result indicated only an association between the variables and not a causal relationship, meaning the result cannot tell whether an increase in energy demand will lead to an increased GDP and vice versa. 
“Forecasting natural gas consumption in Istanbul using neural networks and multivariate time series methods was developed” (Demirel O, Zaim S, Caliskan A, & Ozuyar P, 2012). The main objective of the paper was to develop a general model that will help to accurately predict natural gas consumption for Istanbul Gas Distribution Industry and Trade Joint Stock Company (IGDAS), a major Turkish natural gas distributor, which is the largest natural gas distributor in Turkey. The dataset on natural gas consumption was obtained from the company and it covered the period from 1 January 2004 through 31 December 2009. Results from the study show that temperature and natural gas price are the two most important factors responsible for effective natural gas management for a country like Turkey.
“A novel prediction model that provides forecasting in a medium-term horizon (1–3 years) with a very high resolution (days) based on a decomposition approach was developed by” (Sánchez-Úbeda & Berzosa, 2007) The model allows for describing demand patterns in various historical profiles. It also combines a very simple representation of the forecasting model, which allows the expert to integrate judgmental analysis and adjustment of the statistical forecast, with accuracy and high computational efficiency. The model is currently used by Enagás, the Technical Manager of the Spanish gas system, to produce up to 3-year-ahead daily forecasts of industrial end-use natural gas consumption. 
“Monthly natural gas demand forecasting by adjusted seasonal grey forecasting model was developed by” (Huseyin Avni Es., 2020). In this paper, a new grey seasonal forecast model was presented, and Turkey’s monthly natural gas demand was predicted via the proposed model. Turkey’s monthly natural gas demand was forecasted up until the year 2025. The model captures seasonal patterns of natural gas demand more successfully. The results from the study show that Turkey’s natural gas demand is expected to increase by 20% monthly until 2025. The results obtained from the analysis carried out with the model also show the superiority of the model over other time series forecasting models. The adoption of the model allows for the capture of seasonal patterns that have an impact on natural gas demand more successfully.
Forecasting the Domestic Consumption of Natural Gas in Nigeria from 2015 to 2020 was developed by (J.J. Adaji, R.U. Onolemhemhen, S.O.Isehunwa, A. Adenikinju, 2016). The paper examined the determinants of domestic gas consumption in Nigeria and investigated its relationship to the price of natural gas, the price of alternative fuels, foreign direct investment, the volumes of gas flared, electricity generated from natural gas sources, and per capita real GDP. The authors employed the ordinary least squares and an ARIMA econometric methodology to estimate the relationship between the variables and used the historical trend to forecast natural ga consumption into the future. The result from the forecast shows that the natural gas consumption will increase and be the preferred choice of fuel in Nigeria.
Mathematical models for natural gas forecasting were developed by (S.R. Vitullo, R.H. Brown, G.F. Corliss & B.M Marx, 2009) The study looked at the financial implications of forecasting natural gas, the nature of gas forecasting, and the factors that impact natural gas consumption and described a survey of mathematical techniques and practices used to model natural gas demand. The paper lay great emphasis on the importance of local distribution companies to accurately forecast the volume of natural gas and the consequences of not forecasting the required gas demand to their customers. The study fell short of accounting for gas consumption in the various sectors that utilize gas as feedstock.
Forecasting monthly residential natural gas demand in two cities of Turkey using just-in-time learning modelling was developed (Burak Alakent, Erkan Isikli , Cigdem Kadaifc & Tonguc S. Taspinar, 2025). The historical monthly natural gas consumption data between 2014 and 2024 was obtained from SOCAR (State Oil Company of the Azerbaijan Republic), which is the local residential natural gas distribution company for two cities in Turkey, Bursa and Kayseri. The data obtained was used to determine out-of-sample monthly natural gas demand forecasts for a period of one year and nine months. The authors adopted a novel model named the Just-in-Time-Learning-Gaussian Process Regression (JITL-GPR). The model uses a novel feature representation for the past natural gas demand values; instead of using past demand values as column-wise separate features, they are placed on a two-dimensional (2-D) grid of year-month values. The JITL-GPR method is easy to use and optimise and offers a reduction in forecast errors compared to other traditional time series forecasting models.
An Adaptive Neuro-Fuzzy Inference System (ANFIS) Algorithm for long-term demand forecasting of natural gas consumption was developed by (Md. Mamunur Rashid, Ferdous Sarwar, & Debasish Ghosh, 2014). The model developed in this study was to forecast the future gas consumption in Bangladesh. The authors adopted the ANFIS mathematical model to accurately forecast the demand of natural gas consumption of Bangladesh. The authors also employed five input parameters that have a significant impact on the natural gas consumption in Bangladesh. The parameters include population, power generation, number of natural gas vehicles, industrial production growth rate and agriculture. The historical data for the study covered a 40-year period (1973 to 2012). 
Modelling and forecasting the demand for natural gas in Pakistan was developed (Khan, Muhammad Arshad, 2015). In Pakistan, natural gas is the major indigenous source of primary energy supply. As such natural gas plays an important role in the country’s economic development. The gas sector has attracted a significant amount of foreign direct investment (FDI), raising considerable tax revenues for the government. One of the main objectives of the study was to construct a sector-specific model for natural gas demand in Pakistan and to estimate the short- and long-term income, price, and cross-price elasticities using annual data from 1978 to 2011. Additionally, the study sought to forecast natural gas consumption across the residential, commercial, industrial, transport, and power sectors for the period 2012 to 2020. Results from the analysis show that the aggregate demand for natural gas consumption in Pakistan will grow from 0.28% to 8% over the period of 2012 – 2020. This situation demands the expansion of the existing natural gas handling capacity and calls for the formulation of strategic plans for capacity enhancement to meet the natural gas demand in the future.
The methodology that employs generic algorithms (Gas) to forecast short-term demand of natural gas for residences in Turkey was developed (Aras, Nil, 2008). In Turkey, residential demand for natural gas constitutes about 23% of the imported natural gas in the country. Residences in Turkey primarily uses natural gas for space heating, cooking and water heating. The study aimed to develop an appropriate forecasting model that would effectively determine the changing form of residential natural gas demand and accurately predict future natural gas demands with a low margin of error. The data set that was applied to the study includes the monthly residential natural gas consumption levels, which is the dependent variable and the independent variables, which include the average temperature expressed in degrees days and the consumer price index (CPI).  The data set covers the period from December 1996 to July 2008. The forecast period for the natural gas demand is 2009 – 2013. Results from the forecast support the opinion that some long-term decisions such as pipeline constructions, storage capacities, and international agreements should be made to ensure consistency of natural gas supply to residences in Turkey. 
Forecasting day-ahead natural gas demand in Denmark was developed (Xydis, 2020). The paper did a comparison of four possible day-ahead natural gas consumption forecasting models to estimate the natural gas consumption of the four subnets in Denmark. With the proposed models, there was a reduction in forecasting error, ranging from 34% to 72%, for each subnet in comparison to the current Energinet forecaster. The current model for forecasting natural gas in Denmark uses Nm3 as the unit for natural gas consumption data, which is similar to other forecasting models. This is a clear distinction from the models adopted by the authors, which use kWh as the unit of measurement for natural gas consumption. The kWh is a more accurate unit for natural gas measurement, as it refers to the actual amount of energy carried by the natural gas rather than the volume. The insensitivity of the kWh unit to the quality of natural gas makes it an ideal unit to provide more accurate and reliable forecasting results.
In Germany, natural gas is an important energy resource and about 23% of the energy supply in the country is provided by natural gas, hence, forecasting natural gas demand and supply is essential for an efficient operation of the German gas distribution system and a basis for the operational decisions of the transmission system operators. To this end, forecasting day-ahead high-resolution natural-gas demand and supply in Germany was developed (Ying Chen, Wee Song Chua & Thorsten Koch, 2018). The paper presented the adoption of the Functional AutoRegressive model with eXogenous variables (FARX) which is a novel predictive model that provides day-ahead forecasts of the high-resolution gas flow. The flexibility of the FARX model developed by the authors allows describing the dynamic patterns of hourly gas flows in a wide range of historical profiles while simultaneously taking the relevant determinants data into account.
“Forecasting natural gas consumption in China by the application of Bayesian model averaging was developed” (Yang, 2015). Following the rapid growth in natural gas consumption in China, the paper was developed to provide an accurate and reliable forecast of natural gas consumption in the country. Considering the limitations of single models that have been developed by other authors, the model developed in this paper considered a combinative method to forecast natural gas consumption by the Bayesian Model Averaging (BMA). The paper employed six predictive variables that have a significant impact in forecasting natural gas consumption in China. The variables include Gross Domestic Product (GDP), urban population, energy consumption structure, industrial structure, energy efficiency and exports of goods and services. The results from the analysis, when compared to other models, show that the Bayesian Model Averaging is a flexible tool to forecast natural gas consumption that will experience a rapid growth in the future.  
“Forecasting Natural Gas Consumption using ARIMA Models and Artificial Neural Networks was developed” (C. V. Cardoso & G. L. Cruz , 2016). In the paper, the authors adopted three approaches for natural gas consumption forecasting. The approaches include the time series model Autoregressive Integrated Moving Average - (ARIMA), the Artificial Neural Networks (ANNs) and a Hybrid Methodology combining these two techniques. Historical data were obtained from the Northeast Brazilian gas distributor company for validating the forecasting algorithms adopted in this study.
“Short-term natural gas demand prediction based on support vector regression with false neighbours filtered was developed by” (L. Zhu, M.S. Li, Q.H. Wu & L. Jiang, 2015). The authors presented a novel approach named the support vector regression with false neighbour filters to predict short-term natural gas demand for the National Grid in the United Kingdom (UK). The dataset that authors employed for the forecast were obtained from the National Grid in the UK. 
“Time series data prediction of natural gas consumption using Arima model was developed by” (Prabodh Pradhan, Dr. Bhagirathi Nayak & Dr. Sunil Kumar Dhal, 2016). The aim of the paper is to deploy a statistical time series prediction using Autoregressive Integrated Moving Average (ARIMA) model to predict the natural gas consumption in India. To carry out this forecast, the authors collected quarterly historical data of natural gas consumption in India from the year 2005 to 2014. The data is expressed in billion cubic meter (BCM). 
“Forecasting China’s natural gas consumption based on a combination model was developed by” (Wang, 2010). The author’s primary aim of embarking on this research is premised on the fact that natural gas constitutes a vital part of the energy supply of a country and reliably forecasting its consumption patterns is an essential part of a country’s energy policy. The authors used the Polynomial Curve and Moving Average Combination Projection (PCMACP) model to forecast the future natural gas consumption in China from the year 2009 to 2015 (7 years period). The historical time series natural gas consumption data used for the study covered the periods 1995 – 2008. The data was obtained from the Chinese Statistics Yearbook. PCMACP model shows more reliable and accurate results when compared to other models using several forecast accuracy indicators. The average natural gas consumption in China as of 2009 was about 97,800 million cubic meters (approximately 3.45 trillion standard cubic feet). Results from the analysis show that the average annual growth rate of natural gas will increase within the forecasted period and it will amount to over 171,600 million cubic meters (approximately 6.06 trillion standard cubic feet) in 2015.
“Forecasting monthly residential natural gas demand in two cities of Turkey using just-in-time learning modelling was developed by” (Alakent B, Isikli E, Kadaifci C, Taspinar T.S., 2025). The historical monthly natural gas consumption data between 2014 and 2024 was obtained from SOCAR (State Oil Company of the Azerbaijan Republic), which is the local residential natural gas distribution company for two cities in Turkey, Bursa and Kayseri. The data obtained was used to determine out-of-sample monthly natural gas demand forecasts for a period of one year and nine months. The authors adopted a novel model named the Just-in-Time-Learning-Gaussian Process Regression (JITL-GPR). The model uses a novel feature representation for the past natural gas demand values; instead of using past demand values as column-wise separate features, they are placed on a two-dimensional (2-D) grid of year-month values. The JITL-GPR method is easy to use and optimise and offers a reduction in forecast errors compared to other traditional time series forecasting models.


3. METHODOLOGY
In this study, a hybrid model is adopted. This hybrid model is a combination of the SARIMAX model and the exponential growth model. The SARIMAX model, which is a time series forecasting framework, is employed to forecast the natural gas required to produce urea fertiliser. On the other hand, the exponential growth model is to forecast the exogenous variables. 
The SARIMAX model has promising performance in terms of categorisation and consideration, as it has significantly improved forecasting accuracy compared with other simpler models. For the SARIMAX model, natural gas consumption will depend on the natural gas price, fertilizer production level, fertilizer price, and rainfall data.  Thus, the functional model of the relationship is given below.

							(1)

Where GAS_D represents the natural gas consumption, GPS represents the natural gas price, FTP represents the fertilizer production level, RFL represents the rainfall data, and UFP represents the urea fertilizer price.
The general representation of the SARIMAX model is given below.

	(2)

The SARIMAX model is an advancement of the SARIMA model with external feature variables (X) called SARIMAX (p,d,q)*(P,D,Q), to improve its prediction and performance. From equation (2) y_(k,t) are the corresponding observations of the k^th  represented as the number of exogenous variables at the time t, and ∝_t represents the correlation coefficient value of the k^th  exogenous (X) input variables.
The future values of the exogenous variables, namely, natural gas price, and urea fertilizer price were forecasted using an exponential growth model. The historical values of the fertilizer produced was utilized to maintain the models integrity. 
The general mathematical form of the exponential growth model is:

										(3)

Where




3.1 Data Source and Method of Analysis
The data for this research were obtained from Nigerian National Petroleum Company Limited, Central Bank of Nigeria, Nigerian Meteorological Agency (NiMet), and the World Bank.
The method of data analysis for this study is centered on the application of quantitative techniques to evaluate and forecast the volume of natural gas required for urea production. The analysis in this study leverages the power of time series econometrics, particularly the SARIMAX (Seasonal Autoregressive Integrated Moving Average with Exogenous Variables) model, which enables both predictive modelling and the examination of relationships between variables over time.
To ensure accuracy and efficiency in the analysis, the Python software will be employed. Python software is a robust and widely used econometric tool that supports the implementation of time series models such as SARIMAX, offering advanced features for model estimation, diagnostics, forecasting, and visualization. Its reliability and user-friendly interface make it suitable for conducting complex time series forecasting and ensuring credible results for policy and operational decision-making. The SARIMAX model is an improved version of the SARIMA model, with exogenous factors as the external feature parameters for enhancing the model’s performance, reducing the prediction errors, overcoming the autocorrelation issues, and improving the prediction results (Manigandan, P.; Alam, M.D.; Alharthi, M.; Khan, U.; Alagirisamy, K.; Pachiyappan, D.; Rehman, A. , 2021). The SARIMAX model has promising performance in terms of categorization and consideration, as it has significantly improved forecasting accuracy compared with the simpler autoregressive integrated moving average-based techniques (ARIMA). The model can cope with different-sized sequential datasets that will be considered in this study.

4. RESULTS
The time series data collected from the records and bulletins of the agencies were analyzed and the results from the analysis are discussed in this section. The results from the forecast for natural gas consumption are presented in the preceding sections. 
Table 1: Descriptive Statistics
	Variables
	Count
	Mean
	Std
	Min
	Max
	Skewness
	Kurtosis

	LOG_GAS_D
	44
	21.87945
	0.389326
	20.32699
	22.44999
	-1.48483
	4.618812

	LOG_GPS
	44
	-0.03915
	0.074435
	-0.12511
	0.067659
	0.269089
	-1.50749

	LOG_FTP
	44
	11.04788
	0.957992
	7.390181
	12.13037
	-2.57258
	7.730602

	LOG_RFL
	44
	4.653446
	0.948769
	2.379546
	5.857933
	-0.88563
	-0.16141

	LOG_UFP
	44
	6.11041
	0.364393
	5.651787
	6.829794
	0.728484
	-0.90929


Source: Researcher’s Computation (Python)

Table 2: Unit Root Test Result - Augmented Dickey-Fuller Procedure
	Variable
	ADF Statistic
	1% Critical Level
	5% Critical Level
	10% Critical Level
	Probability
	Decision

	LOG_GAS_D
	-4.2958
	-3.592
	-2.931
	-2.604
	0.000
	Stationary I (0)

	LOG_GPS
	-0.5352
	-3.592
	-2.931
	-2.604
	0.000
	Stationary I (1)

	LOG_FTP
	-3.7683
	-3.592
	-2.931
	-2.604
	0.000
	Stationary I (0)

	LOG_RFL
	-1.7683
	-3.592
	-2.931
	-2.604
	0.000
	Stationary I (1)

	LOG_UFP
	-1.2606
	-3.592
	-2.931
	-2.604
	0.000
	Stationary I (1)


Source: Researcher’s Computation (Python)
Table 3: Johansen Cointegration Test Result
	
	TRACE RESULT

	Null Hypothesis
	Trace Statistic
	5%
Critical Value
	Decision

	None
	48.59
	47.85
	Reject H₀

	At most 1
	24.45
	29.80
	Do not reject H₀

	At most 2
	7.08
	15.49
	Do not reject H₀

	At most 3
	0.25
	3.84
	Do not reject H₀


Source: Researcher’s Computation (Python)
Table 4: Correlation Test Result
	
	LOG_GAS_D
	LOG_GAS_D
	LOG_GAS_D
	LOG_GAS_D
	LOG_GAS_D

	LOG_GAS_D
	1
	
	
	
	

	LOG_GPS
	0.32
	1
	
	
	

	LOG_FTP
	0.82
	0.38
	1
	
	

	LOG_RFL
	-0.07
	0.02
	-0.12
	1
	

	LOG_UFP
	0.09
	-0.65
	0.11
	-0.25
	1


Source: Researcher’s Computation (Python)

The unit root test was carried out to confirm whether the variables are stationary or not. This test was carried out using the Augmented Dickey-Fuller (ADF) test. The unit root test results in Table 2 revealed that only the gas consumption and fertilizer produced variables were stationary at level I (0). This indicates that the null hypothesis of the existence of unit roots was rejected without the need for differencing. The variables gas price, rainfall and the volume of urea produced were not stationary at a level, because their Augmented Dickey-Fuller (ADF) statistical values were less than the critical values at 5% level of significance and their p-values were more than the significant value of 0.05. The other variables were stationary at first difference. This indicates that null hypotheses about the existence of unit roots for the variables were rejected after applying the first difference. The result of the unit root test indicates that the variables exhibited varied levels of stationarity. We estimate the long-run relationship between the dependent and independent variables by applying the Johansen test for cointegration. 
The results from the Johansen cointegration analysis in Table 3 indicate that the null hypothesis of no cointegration (r ≤ 0) is rejected because the trace statistic (48.59) exceeds the 95% critical value (47.85). However, the null hypothesis of at most one cointegrating vector (r ≤ 1) cannot be rejected, as the trace statistic (24.45) is less than the corresponding critical value (29.80). Subsequent ranks (r ≤ 2 and r ≤ 3) also fail to reject the null hypotheses, confirming that there is only one cointegrating relationship among the variables. This result from this analysis provides empirical evidence of a long-run equilibrium relationship between natural gas price, fertilizer production volume, rainfall, and urea fertilizer price. The existence of a cointegrating relationship implies that while short-term fluctuations may occur, the variables tend to move together over time toward a long-term equilibrium.
The correlation analysis shown in Table 4 indicates that there is no substantial evidence of a strong association between the independent variables. Neither of these variables has a correlation value of 0.95. Therefore, the likelihood of multicollinearity among the independent variables is negligible. Overall, the correlation test confirms the appropriateness of the selected variables for inclusion in the SARIMAX forecasting model.
4.1 SARIMAX Model Estimation
[bookmark: _GoBack]The SARIMAX model applied in this study utilized monthly historical data from March 2021 to October 2024. The exogenous variables included natural gas price (LOG_GPS), fertilizer production (LOG_FTP), rainfall (LOG_RFL), and urea fertilizer price (LOG_UFP). The final model specification, SARIMAX (1, 0, 0)(1, 0, 0, 12), effectively captured both short-term dynamics and seasonal dependencies.

Table 5: SARIMAX Result
	[bookmark: _Hlk207639211]Variable
	Coefficient
	Std. Error
	t-Statistic
	p-value

	LOG_GPS
	3.8958
	5.311
	0.734
	0.463

	LOG_FTP
	0.3927
	0.085
	4.647
	0.000

	LOG_RFL
	0.0862
	0.084
	1.027
	0.304

	LOG_UFP
	2.8248
	0.177
	15.930
	0.000

	ar.L1
	0.8798
	0.095
	9.269
	0.00

	ar.S.L12
	-0.4673
	0.150
	-3.106
	0.002


Source: Researcher’s Computation (Python)
The SARIMAX Model estimation result shown in Table 5 indicates that the quantity of urea fertilizer produced and the market price of urea significantly influence the consumption of natural gas. This confirm that the natural gas consumption by the urea fertilizer plant is fundamentally driven by the operational output of the facility. Conversely, natural gas prices and seasonal rainfall patterns did not show a statistically significant influence, suggesting that gas availability was stable and production planning was not constrained by cost or seasonal agricultural cycles.
Table 6: Goodness of fit Statistics
	Variable
	Coefficient

	RMSE
	841.6

	MAPE
	22.3%

	R2
	0.159



Three key accuracy metrics were applied to assess the model's predictive performance. The metrics include Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). The RMSE was computed as 841.6 million standard cubic feet (SCF), indicating the average deviation between the forecasted and actual gas utilization values. 
The MAPE was calculated at 22.3%, suggesting that the model’s forecasts, on average, deviate by approximately 22% from the actual gas consumption figures during the test period. Although this level of accuracy is moderate, it remains acceptable for operational planning, especially in complex and data-constrained environments like the urea fertilizer industry. The R² value of 0.159 indicates that the model explains roughly 16% of the variation in gas consumption based on the included exogenous variables: gas price, fertilizer produced, rainfall, and urea fertilizer price.
These results suggest that while the model has captured some relationships between the input variables and gas consumption, other potentially influential factors may not be fully reflected in the current model, which is one of the limitations of the study. Nevertheless, the SARIMAX model provides a functional baseline for forecasting future natural gas consumption and supports the broader objective of optimizing natural gas supply planning at Dangote Fertilizer.
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Figure 1: Autocorrelation Plot
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Figure 2: Partial Autocorrelation Plot

To investigate the time-dependent structure of natural gas consumption and guide the appropriate specification of the SARIMAX model to be adopted, the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) tests were conducted on the natural gas consumption variable. The plots were evaluated using a maximum lag of 18 months. The ACF plot in Figure 1 displayed a prominent spike at lag 1, followed by a gradual decay of autocorrelation values across subsequent lags. This suggests that past values of gas consumption influence current values, and some persistence is present in the series. Similarly, the PACF plot in Figure 2 showed a strong and significant spike at lag 1, with other lags falling within the 95% confidence interval. This pattern confirms the suitability of including an autoregressive component of order 1 (AR (1)) in the model.
The absence of a significant spike and the gradual decay after the spike at lag 1 suggests that gas consumption patterns are not strongly influenced by annual cycles, possibly due to the plant’s consistent year-round production schedule. 

5. Discussion 
This study focused on forecasting natural gas consumption for urea production using the SARIMAX time-series modelling approach. Historical monthly data from March 2021 to October 2024 were analyzed, incorporating key exogenous variables such as fertilizer production volume, gas price, urea fertilizer price, and rainfall. The SARIMAX model estimation result showed that the fertilizer production volume and urea fertilizer price were found to have statistically significant impacts on natural gas consumption, while gas price and rainfall showed no significant influence on natural gas consumption.
The model was then used to forecast monthly gas demand from November 2024 to October 2027. The forecast revealed a steady increase in natural gas consumption, with an average monthly percentage increase of approximately 0.91%. Over the 36-month forecast period, the total projected gas consumption amounted to approximately 215.76 billion standard cubic feet (BSCF). This upward trend suggests continued operational growth and higher fertilizer production volumes. The model’s accuracy, measured by RMSE, MAPE, and R², confirmed the reliability of the SARIMAX approach in supporting operational planning and strategic decision-making.

6.1 Conclusion
This study sets out to apply the SARIMAX forecasting model for natural gas consumption for urea fertilizer production. Time series data were analyzed in this study to discover and understand past patterns of data variability that can be used to forecast future values and assist in the management of business operations. The study also aimed to address both the operational need for demand planning and the strategic objective of maximizing economic value from natural gas consumption.
The analysis utilized monthly historical data spanning March 2021 to October 2024 and incorporated exogenous variables such as fertilizer production volume, gas price, urea fertilizer price, and rainfall as a seasonal proxy. After conducting pre-estimation diagnostics, including stationarity testing and autocorrelation analysis (ACF/PACF), the SARIMAX model was estimated and used to forecast gas demand over the period November 2024 to October 2027 (36 months period).
The model revealed that fertilizer production and urea fertilizer price had statistically significant relationships with natural gas consumption, validating the premise that fertilizer production volume and market price are key drivers of gas consumption in urea production. The forecast results showed a steady increase in gas demand over the projected period, indicating sustained or increased production activity.
In summary, this research not only offers a replicable modelling framework for industrial natural gas forecasting but also contributes meaningfully to operational planning, economic evaluation, and strategic decision-making within Nigeria’s fertilizer and broader gas-based industries.
6.2 Limitations of the Study
There are some limitations in this work that should be duly acknowledged.
1. Data availability: the limited access to operational data from the urea plants in Nigeria constituted a limitation to this work.
2. Model performance: despite the modest R² value obtained from the SARIMAX model, the forecast still offers a reliable directional trend. However, the relatively low explanatory power suggests that some variability in gas consumption may be attributed to unobserved or omitted factors not captured in the model.
3. Representation of seasonal agricultural demand: although rainfall data was used as a proxy for seasonality in this study, it may not fully capture the complexity of agricultural cycles, planting patterns, or market demand for fertilizer products across Nigeria’s.
6.3 Recommendation
Based on the findings, results and insights obtained from this study, the following recommendations are proposed for stakeholders and industry players:
1. Urea fertilizer production facilities should integrate time-series forecasting models into their operational planning to anticipate the required natural gas volume more accurately. This will aid in aligning natural gas supply contracts with projected production levels and minimizing the risk of under- or over-supply.
2. Urea fertilizer producers should collaborate with government agencies and gas producers to support the implementation of the enacted policies under the Nigeria’s Decade of Gas Initiative.
3. Continuous and accurate data collection on gas usage, urea fertilizer output, and related economic variables should be prioritized. This will improve future forecasting accuracy and enable real-time analytics for proactive decision-making. This will also help other gas-based industries in their gas planning and procurement.  
4. Given the forecasted growth in natural gas demand, urea production plants in Nigeria will benefit from securing long-term gas supply contracts with multiple gas producers in the upstream to hedge against price volatility and ensure uninterrupted operations.
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Graph 1-ACTUAL & FORECASTED MONTHLY GAS CONSUMPTION
March 2021 - October 2027
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