Table 2.1: Review of Modelling Electricity Demand for Nigeria  
	Author(s) 
	Method 
	Summary of Findings 

	 Conventional Methods 

	Ezennaya et al. (2014) 
	Ordinary Least Squares (OLS) regression 
	Industrial energy, residential, commercial, and total energy use will reach about 1660.13 MW, 11494.83 MW, 6421.09 MW, and 19576.05 MW by 2030.  

	Idoniboyeobu et al. (2018) 
	Exponential regression  
	By 2032, residential, commercial, industrial, and total energy demand will reach about 11815.66MW, 6655.06MW, 1665.48MW and 201364.41MW.  

	Okakwu et al. (2019) 
	Compared ARIMA, exponential smoothing and Harvey models  
	Havery model electricity load demand prediction outperformed the other methods used.  

	Ebakumo (2021) 
	Stochastic predictive model 
	Electric energy demand will grow from 17,000 MW in 2021 to over 23,000 MW by 2040 with about 52% accuracy.  

	Isihak (2023) 
	Utilised the open-source spatial electrification toolkit (OnSSET) 
	Mini grid solar PV energy systems with be a cheaper source of energy to meet energy demand for Nigeria by 2030. 

	 AI Related Models 

	Abdusalam et al. (2016) 
	RNN 
	Energy consumption is expected to grow by 7.5% every 5 years till 2050.  

	Melodi et al. (2017) 
	Fuzzy Logic (FL) and ANN 
	ANN performed better with an electricity demand forecast of 8189MW compared to FL's prediction of 7853MW.  

	Adewuyi et al. (2020) 
	Combined CNN, LSTM, and MLP 
	LSTM present a stronger prediction compared to CNN and MLP 

	Eya et al. (2023) 
	Employed ANN and artificial neuro-fuzzy inference system (ANFIS) 
	ANFIS model predicts electricity demand better with 91% assurance.  



Table 2.2: Review Modelling Electricity Demand Focusing on Africa Aside from Nigeria 
	Author(s) 
	Specific country 
	Method 
	Summary of Findings 

	 Conventional Models 

	Sigauke and Chikobvu (2011) 
	South Africa 
	SARIMA and GARCH models 
	SARIMA-GARCH strongly predicted electricity demand for South Africa with a 1.4% MAPE value. 

	Ouedraogo (2017) 
	Africa 
	Schwartz's technique based on scenario analysis 
	By 2040 electricity demand will rise by 4% in Africa. Energy supply will fall and GHG emissions will rise. 

	Adeoye and Spataru (2019) 
	14 West African countries 
	Multiple regression approach 
	Future energy demand will rise 5 times more than 2016 by 2030 

	Han and Li (2019) 
	East Africa 
	Time series econometrics i.e., non-linear metabolic grey model (NMGM), metabolic grey model-ARIMA, and non-linear metabolic grey model-ARIMA. 
	The non-linear metabolic grey model accurately predicted energy demand for the four campuses with an MRE of 1.4654%, 

	Koranteng Nkansah et al. (2022) 
	4 West African countries 
	Multiple regression approach 
	GDP, FDI, trade, industrial output, and population growth increased energy use but the inflation rate reduced energy use. 

	 AI-Related Models 

	Adedeji et al. (2018) 
	South Africa 
	ANFIS ML models based on FCM and GP algorithm 
	FCM has better prediction with 20.39 MAPE compared to GP with 28.78. 

	Ofori-Ntow and Ziggah (2023) 
	Ghana 
	Compared FE-BPNN-PSO, RBFNN, RF, GBM, MARS, BPNN, and PSO-RBFNN machine learning (ML) techniques 
	FE-BPNN-PSO prediction has more power and accuracy compared to other models for analysis of electricity demand. 

	Yotto et al. (2023) 
	Benin 
	ANN and MLP models 
	MLP algorithm presented the best electricity demand forecast with a high R-squared 




Table2. 3: Past Evidence on Modelling Electricity Demand Focusing on Other Countries 

	Author(s) 
	Specific country 
	Method 
	Summary of Findings 

	 Conventional Models 

	Mirjat et al. (2018) 
	Pakistan 
	LEAP model 
	The model predicted an electricity demand of 1706.3 TWh in 2050, with an average yearly increase of 8.35%. 

	Velasquez et al. (2021) 
	Brazil 
	Regression with seasonality, exponential smoothing and ARIMA 
	ARIMA models and the smooth exponential models accurately predict Brazil's electricity demand compared with seasonality regressions.  

	Heymans (2023) 
	Belgium 
	Employed the generalised adaptive model (GAM) with ARIMA, seasonal ARIMA and Fourier series models 
	The GAM technique performed better compared to other techniques in electricity load prediction for Belgium 

	 AI-Related Models 

	Chatterjee et al. (2017) 
	USA 
	Supervised ML based on MLR and GBS 
	GBS is more accurate in forecasting short and medium-load electricity demand in the US. 

	Bassamzadeh and Ghanem (2017) 
	Pacific Northwest National Lab (PNNL), USA 
	Bayesian network technique 
	BN presented a robust forecast for energy planning. 

	Huang et al. (2018) 
	China 
	Adaptive genetic algorithm 
	Annual electricity demand declined but is expected to reach 13 trillion KWh in 2030. 

	Toktarova et al. (2019) 
	Global data 
	Multiple linear 
regression based on spectral analysis 
	The model prediction shows the spectral analysis is 96% accurate. 

	Hasanah et al. (2020) 
	Indonesia 
	Compared RNN and VAR 
	The prediction of the electricity demand is accurate based on RNN compared with VAR 

	Chapagain et al. (2020) 
	Thailand 
	FF-ANN and MLR 
	Energy demand is at maximum during late night hours and the peak of the day. 

	Saglam et al. (2022) 
	Gokceada Island 
	ML algorithms which include; PSO, MLR, and ANN 
	ANN provided a better electricity prediction compared to MLR and PSO based on MAPE 

	Saglam et al. (2023) 
	Turkey 
	ML models i.e MNN, WAO, and SVM 
	The MNN technique has the best prediction for electricity demand in Turkey. 



Table 3.1: Study’s variable of interest
	Variables 
	Subsets 
	Definitions 
	Data source & Unit. 
	Grid Demand Studies/Literature considered similar variables 

	Macroeconomic






	GDP per capita 
	The measure of economic output divided by population 
	WDI (USD) 
	[ Abdusalam et al. (2016)]; 
[Saglam et al. (2022)]; 
[ Melodi et al. (2017)]; 
[Toktarova et al. (2019)]. 

	
	Urban 
Population 
	Total number of 
people in urban 
area per year 
	WDI 
(Absolute value) 
	[Chapagain et al. (2020)]; 
[Saglam et al. (2022)]; 
[ Melodi et al. (2017)]. 

	
	 
Inflation   
	The rate at which the prices for goods and services rise 
	WDI(CPI) 
	[Abdusalam et al. (2016)] 

	
	Exchange 
	currency price unit to USD 
	WDI(USD) 
	 

	
	Population Growth 
	Increase in the number of individuals in a Particular population over a specific period 
	WDI (%) 
	[Abdusalam et al. (2016)] 
[isihak (2023)]; 
[Toktarovaa et al. (2019)] 

	
	Rural Population 
	Total number of people in rural areas per year 
	WDI 
(Absolute value) 
	[Chapagain et al. (2020)]; 
[Saglam et al. (2022)]; 
[ Melodi et al. (2017)]. 

	
	Industrial Output 
	The quantity and value of goods and products produced within the industrial sector of an economy 
	CBN Stat.bulletin 
(PI) 
	[Ezennaya et al. (2014)]; 
[Isihak (2023)] 

	










Climatology






	CO2 emissions from electricity and heat production 
	Co2 is released to the atmosphere as a result of generating electricity and producing heat energy 
	WDI (%) 
	[Chapagain et al. (2020)]; 
[Adedeji et al. (2018)]; 

	
	Maximum Temperature 
	The highest temperature recorded over a specific period 
	NIMET (°C) 
	[Chapagain et al. (2020)]; 
[Adewuyi et al. (2020)]; 
[Adedeji et al. (2018)]; 
[Heymans (2023)]; 
[Chatterjee et al. (2017)]. 

	
	Minimum Temperature 
	The lowest temperature recorded over a specific period 
	NIMET (°C) 
	[Chapagain et al. (2020)]; 
[Adewuyi et al. (2020)]; 
[Adedeji et al. (2018)]; 
[Heymans (2023)]; 
[Chatterjee et al. (2017)]. 

	
	Wind Speed 
	measurement of how fast the air is moving in the atmosphere 
	NIMET (M/S) 
	[Adewuyi et al. (2020)]; 
[Adedeji et al. (2018)]; 
[Hasanah et al. (2020)]. 

	
	Wind Direction 
	The direction from 
which the wind is blowing 
	NIMET (°N) 
	[Adedeji et al. (2018)]; 
[Adewuyi et al. (2020)]; 
[Hasanah et al. (2020)]. 

	
	Relative Humidity 
	The moisture content of the air compared to the maximum amount of moisture the air can hold. 
	NIMET (%)   
	[Adedeji et al. (2018)]; 
[Adewuyi et al. (2020)]; 
[Hasanah et al. (2020)].

	
	Pressure 
	The force exerted by the weight of air above a specific point on the earth surface 
	NIMET ( hPa ) 
	Adedeji et al. (2018); 
Adewuyi et al. (2020); 
Hasanah et al. (2020). 

	Grid Infrastructure

	Total Grid Collapse 
	The total collapse of the national grid 
	TCN (Absolute value) 
	This study

	
	Partial Grid Collapse 
	The downtime of a section of the national grid 
	TCN (Absolute value) 
	This study

	Governmental /Institution





	Control of Corruption 
	The measures, policies, and actions taken by governments, institutions, and societies to prevent and combat corruption 
	WGI (CCI)   
	This study

	
	Government Effectiveness 
	capability of government in formulating and implementing policies for the benefit of its citizens. 
	WGI (GEI) 
	This study

	
	Political Stability 
	Political system where there is a relative absence of turmoil Conflict or abrupt changes in leadership 
	WGI (PSI 
	This study

	
	Regulatory Quality 
	The effectiveness, transparency, and fairness of a country's regulatory framework and institution 
	WGI (RQI) 
	This study

	
	Rule of Law 
	the fundamental principle of governance that emphasizes that all are accountable and subject to the law 
	WGI (PSI) 
	This study

	
	Voice and Accountability 
	the ability of citizen and civil society to express their opinions 
	WGI (VAI) 
	This study




Table 3.2: Summary statistics of some selected features
	Variables
	Mean
	Median
	Kurtosis
	Skewness
	Minimum
	Maximum
	1st Qu.
	3rd Qu.
	95% - Conf.Interval

	Electricity Demand (EleDimp) KwH
	21.85
	20.64
	-0.80
	0.50
	14.13
	32.79
	18.82
	25.51
	21.85±0.89

	GDP per Capital (GDP_C) in Billion USD
	1903.02
	1731.81
	-1.51
	0.42
	1408.21
	2679.56
	1464
	2400
	1903.02±70.68

	Population Total (PopT) in actual
	131562685.79
	124500000.00
	-1.05
	0.39
	72951439.00
	213000000.00
	95832033
	164000000
	131562685.79±6467339.92

	Urban population (UrbP) in actual
	51909924.57
	43899515.00
	-0.78
	0.63
	16027431.00
	113000000.00
	28564077
	72552809
	51909924.57±4411719.83

	Rural population (RurP) in actual
	79717897.88
	80602816.00
	-1.33
	-0.07
	56924008.00
	101000000.00
	67267956
	91783213
	79717897.88±2121830.5

	Exchange rate (Exgimp) USD/Naira
	99.72
	106.46
	0.17
	0.91
	0.55
	358.81
	8.5061
	152.9712
	99.72±15.41

	(Co2fimp)
	12201.37
	11652.20
	-1.14
	0.16
	8255.76
	16742.15
	10252
	14619
	12201.37±381.81

	Industry output (IndOut)
	18.74
	12.71
	2.94
	1.96
	5.39
	72.84
	8.65
	17.853
	18.74±2.55

	Inflation (Infl)
	3.62
	0.00
	1.98
	1.79
	0.00
	22.00
	0
	0.75
	3.62±1.05

	Grid total collapse (GridT)
	1.50
	0.00
	15.11
	3.58
	0.00
	20.00
	-1.1521
	0
	1.5±0.57

	ConCp
	-0.64
	-1.03
	-1.94
	0.10
	-1.50
	0.00
	-1.02
	0
	-0.64±0.09

	Government Efficiency (GovtEff)
	-0.57
	-0.92
	-2.00
	0.15
	-1.20
	0.00
	-1.9241
	0
	-0.57±0.08

	Political stability (PolStab)
	-0.99
	-1.26
	-1.98
	0.02
	-2.21
	0.00
	-1.9241
	0
	-0.99±0.15




Table 4.1: Correlation Analysis of the selected features against the output.




	 
	EleDimp
	GDP_C
	PopT
	UrbP
	RurP
	Exgimp
	Co2fimp
	IndOut
	Infl
	GridT

	EleDimp
	1
	
	
	
	
	
	
	
	
	

	GDP_C
	0.831215
	1
	
	
	
	
	
	
	
	

	PopT
	0.86275
	0.847553
	1
	
	
	
	
	
	
	

	UrbP
	0.878421
	0.860568
	0.996105
	1
	
	
	
	
	
	

	RurP
	0.809255
	0.800598
	0.984093
	0.964682
	1
	
	
	
	
	

	Exgimp
	0.814424
	0.800558
	0.93265
	0.933606
	0.906723
	1
	
	
	
	

	Co2fimp
	0.847971
	0.886959
	0.930104
	0.92161
	0.925068
	0.898125
	1
	
	
	

	IndOut
	0.824326
	0.937416
	0.903038
	0.898556
	0.890995
	0.846578
	0.943467
	1
	
	

	Infl
	-0.34839
	-0.36948
	-0.29427
	-0.28957
	-0.29308
	-0.32353
	-0.31434
	-0.33698
	1
	

	GridT
	0.682057
	0.732105
	0.637809
	0.642353
	0.609272
	0.609854
	0.705883
	0.662889
	-0.20933
	1


Key: EleDimp – Electricity Demand, GDP_C – GDP per capita, PopT – Population Total, UrbP – Urban population, RurP – Rural population, Co2fimp – CO2 emission, Exgimp – Exchange rate, IndOut – Industry output, Infl – Inflation and GridT – Total Grid Collapse.

Table 4.2: Summary Performance Statistics
	Alg. Category
	Algorithm
	MSE (RMSE)
	R-squared (Adj. RSquared)
	

	Glass box
	LASSO
	3.664 (1.9141)
	0.8881 (0.7586)
	

	
	Ridge
	3.889 (1.9721)
	0.8812 (0.7437)
	

	
	MARS
	3.658 (1.9125)
	0.8883 (0.7589)
	

	Blackbox
	SVR
	1.934 (1.3905)
	0.9409 (0.8726)
	

	
	DNN
	0.4305 (0.6561)
	-
	



Table 4.3: MARS Output
	Knot/hinges
	Coefficients

	Intercept
	23.570404

	h(1882.18-GDP_C)
	-0.00852

	h(RurP-8.8836e+07)
	0.000001

	h(4.74989-AYWDimp)
	-33.89019

	h(22.2078-AYMTimp)
	-11.787225

	GCV (degree)
	6.714301 (2)

	GRSq [RSq]
	0.8045866 [0.8882854]

	Importance (ordered)
	RurP, GDP_C, AYMTimp, AYWDimp



