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Evaluating Climate-Rainfall-Temperature Interactions and Their Effects on Water Resource Sustainability (SDG 6) Using ARIMA and ARIMAX Models 
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ABSTRACT 

	Aims: This study evaluated the interactions among climate, rainfall, and temperature and their implications for water resource sustainability in the Northern Region of Ghana, in line with Sustainable Development Goal 6 (SDG 6). 
Study design:  The study employed a retrospective time series design
Methodology: Annual average time series data from 2000 to 2024 were analyzed using Autoregressive Integrated Moving Average (ARIMA) and Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) models, with rainfall variability serving as the primary proxy for water resource availability. 
Results: The ARIMA (0,1,0) with drift model was identified as the best univariate fit for the rainfall series, while the ARIMAX model (0,1,1), which incorporated temperature and climate indices as exogenous variables, demonstrated superior predictive accuracy based on Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). Results revealed that climate variables exerted a stronger and statistically significant influence on rainfall variability compared to temperature, with climate indices showing significant positive coefficients (β = 4.278, p = 0.012) in the ARIMAX (0,1,1) framework. Forecasts from 2025 to 2034 indicated modest but consistent increases in rainfall and temperature, with a projected 10.91% rise in rainfall under a +1°C temperature scenario, signifying low climatic risk to water availability.
Conclusion: The study concludes that climatic factors, particularly composite climate indices, are the dominant drivers of rainfall variability and consequently water resource conditions in northern Ghana. The ARIMAX (0,1,1) model's superior performance underscores the importance of integrating exogenous climate variables into time-series frameworks for reliable hydrological forecasting and sustainable water resource planning.
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1. INTRODUCTION 

Modern evidence highlights that the issue of climate change is actively transforming hydro-regimes globally and, as a result, has both direct and indirect effects on water availability and the achievement of Sustainable Development Goal 6. Global evaluations and recent reports indicate that there is an increasingly erratic behaviour of the river basin, whose extremes are more frequent in the forms of drought and flood, and that freshwater systems are under increasing pressure. These trends introduce a significant need to have powerful monitoring and forecasting technologies (Stringer, 2021). The interrelation between rainfall, temperature and human water use generates non-linear water security impacts and, therefore, addressing the climatic variables separately is likely to omit important joint impacts on supply, demand and storage (Haque, 2023; Ge, 2024). Time-series modelling is currently one of the most pragmatically implemented avenues of creating actionable hydrological predictions. ARIMA and exponential smoothing frameworks, with their seasonal extensions, have been demonstrated to be useful in water-level and climate variables, providing clear diagnostics and well-understood model-selection criteria (Agaj, 2024; Hyndman and Athanasopoulos, 2021). Recent work on regional climatic forecasting also highlights the usefulness of ARIMA/ARIMAX models in monthly rainfall and temperature time-series, specifically due to their explicit modeling of seasonal structure and allowing exogenous predictors like temperature, evapotranspiration or climate index (Yavuz, 2025; Hyndman and Athanasopoulos, 2021). Over the last thirty years, Ghana has been experiencing significant changes in major climate types such as rainfall and temperature, which present increasingly hard challenges to sustainable water-resource management within SDG 6. According to Klutse, Owusu, and Boafo (2020), the mean annual temperature of Ghana increased by about 1.0 within the period of 1961-2000, with the highest warming rates in the north-eastern parts. The trends in rainfall are more complicated: some areas experience decline in total amounts of rainfall and increased vagaries, whereas other areas experience positive or insignificant shifts (Arku, 2013). The strong spatial heterogeneity of the trends especially between northern and southern Ghana, also adds to the difficulty of planning water supply, agriculture and ecosystem resilience. Nyatuame and Agodzo (2018) have used ARIMA by implementing the conventional tests of stationarity to predict the changes in rainfall and temperature in the Tordzie watershed, which contributed to the interplay of climate variables in influencing hydrological behaviour. These synergetic models of rainfall and temperature provide a helpful framework on which to evaluate climate and water interactions of the climate, which are a less well-represented element in several regional analyses. In the savannah belt of Ghana, the trends in temperature change seem to be somewhat stable as compared to the change in rainfall, with major consequences on the water security. An example case was in Garu Tempane region (1983-2013) where it was reported that over thirty years, the temperature increased by an approximate of 2, during which there were years of severe drought; the rainfall in the area was more erratic and less predictable hence adding significantly to water insecurity (Dinko, 2017). Atiah, Amekudzi and Quansah (2019) used CHIRPS V2 rainfall time series across ecological zones between 1981 and 2015, and the results showed significant variability in rainfall climatology and intensity: high seasonal rainfall is predominant in the southwest, and the percentage of days without rainfall are increasing in number and rainfall intensity is decreasing in some areas. Nkrumah et al. (2014) substantiated the diminishing trends of annual rainfall occurrences in most localities when comparing model outputs to observed station data. This spatial-seasonal heterogeneity highlights the need of models that are able to account for trend and seasonality, and also exogenous drivers. However, there is still a range of substantive gaps in terms of SDG 6: a significant number of studies have focused on trends or, on the other hand, the forecasting of climatic variables, but not on how both variables jointly affect water supply or quality; numerous studies have focused solely on the trends or on the forecasting of individual variables, but not on both together. The study by Nyatuame and Agodzo (2018) is an exception, but it still does not estimate the implications on the water-supply infrastructure or water-access indicators. Hence, this study aims to quantitatively evaluate the interactions between rainfall, temperature, and broader climate dynamics, and to assess their combined implications for water resource sustainability in Northern Ghana

2. Materials and methods 
2.1 Study design  
The study employed a retrospective time series design.
2.2 Data Collection and Pre-Processing
The annual time series data from 2000-2024 in the Northern Region of Ghana were collected from the Ghana Meteorological Agency (GMet) and supplemented with gridded climate information from the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) dataset and ERA5 data. For each variable, the annual average was calculated and taken as the representative observation in such a way that the annual averages of climate, rainfall, and temperature were the data input for analysis.
2.3 Model Specification: ARIMA and ARIMAX
The major time-series models used included ARIMA and ARIMAX, which were defined and estimated to determine the relationship existing between climatic variables and their effect on the sustainability of water resources in the Northern Region of Ghana. To start with, the Autoregressive Integrated Moving Average (ARIMA) was fitted on each of the univariate series (rainfall, temperature, and climate). In ARIMA (p, d, q) form, this model is a combination of the autoregressive (AR), differencing (I), and moving-average (MA) terms to explain the short-term dependencies and trend dynamics. Orders p, d, and q were identified through Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots, and the optimal models were selected based on Akaike Information Criterion (AIC), which is in line with the selection process described in Yavuz (2025) and Agaj et al. (2024). The inclusion of exogenous variables increased the predictive accuracy of the model by reflecting cross-variable interactions.
2.4 Model Estimation and Diagnostics
All the models were estimated using Maximum Likelihood Estimation (MLE). The fitting timeframe was between 2000 and 2024, and the latest three years of information (2022-2024) were saved for out-of-sample prediction and confirmation. Diagnostic tests had evaluated the model adequacy: residual tests were performed to determine that the model behaved as white-noise, and residual tests were verified through the Ljung-Box Q test, and normality and homoscedasticity tests. Root Mean Square error (RMSE), Mean Absolute error (MAE), and Means Absolute Percentage Error (MAPE) were considered as performance measures. The short and medium-term horizons were forecasted to test the model accuracy and its strength. Comparative evaluation of the ARIMA and ARIMAX models used both in-sample fit metrics and out-of-sample forecast models.
The equations for Root Mean Square error (RMSE), Mean Absolute error (MAE), and Means Absolute Percentage Error (MAPE) are shown below:
Let denote the observed value at time , and denote the predicted (forecasted) value at time , for .
i. Root Mean Square Error (RMSE):

ii. . Mean Absolute Error (MAE):
      iii. Mean Absolute Percentage Error (MAPE):

2.5 Model Description
2.5.1 Autoregressive Integrated Moving Average (ARIMA) Model
The Autoregressive Integrated Moving Average (ARIMA) model was first applied to capture the temporal structure of each climatic variable: rainfall, mean temperature, and climate indicators, before accounting for exogenous effects. The ARIMA model was denoted as ARIMA (p, d, q), where p represented the order of the autoregressive process, d denoted the degree of differencing required to achieve stationarity, and q indicated the order of the moving average process.
The general form of an ARIMA (p, d, q) model was expressed as:
where represented the observed value of the time series at time t, was the backward shift operator such that , and denoted a white noise error term with zero mean and constant variance. The autoregressive (AR) component was captured by , and the moving average (MA) component by .
Expanding this equation gave:

where was the intercept, and were the model coefficients, and was the random disturbance term.
2.5.2 Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) Model
The general ARIMAX model employed in this study is expressed mathematically as:

Where:
· denotes the dependent variable, rainfall, at time 
· represents the exogenous regressors included in the model, specifically:
:Temperature,
: Climate Index
· are the autoregressive parameters of order 
· are the moving average parameters of order 
· represent the autoregressive order, the differencing order, and the moving average order, respectively
· are the coefficients of the exogenous variables 
· denotes the random error term, assumed to follow a white noise process
Model parameters were estimated by optimizing the likelihood function, which ensured minimum residual variance and improved forecast performance. The final ARIMAX models were evaluated through forecast accuracy measures and residual diagnostics to verify adequacy and stability.
2.6 Information Criteria 
The criteria used to select the most suitable model out of a group of proposed models are as follows: a model that resulted in the lowest value is considered the optimum. Akaike Information Criterion (AIC) is based on the maximum likelihood estimation. Practically, a set of candidate ARMA models is fit under this method, and in the case of each model, the AIC is calculated in the form:                                                          
Where n is the observation count in the historical series data,  is the maximum likelihood estimate of , and 1 is the parameter estimated in the model. If there are two or more competing models, then the model with the lowest AIC value will be selected.

3. results and discussion
Table 1: Summary statistics for Year, Average Temperature, Annual Rainfall, and Climate Index from 2000 to 2024
	Statistic
	Year
	Average Temp (°C)
	Annual Rainfall (mm)
	Climate 

	Minimum
	2001
	28.20
	35.20
	60.00

	1st Quartile
	2007
	28.57
	38.75
	60.58

	Median
	2012
	28.85
	41.50
	61.15

	Mean
	2012
	28.85
	40.49
	61.15

	3rd Quartile
	2018
	29.12
	42.90
	61.73

	Maximum
	2024
	29.40
	42.90
	62.30



The summary statistics for the period 2000–2024 in Table 1 indicate that the average annual temperature ranged from 28.20 °C to 29.40 °C, with a median and mean of 28.85 °C, suggesting a relatively stable temperature pattern over the period. Annual rainfall varied between 35.20 mm and 42.90 mm, with a mean of 40.49 mm and a median of 41.50 mm, indicating a slight positive skew in the distribution. The climate index ranged from 60.00 to 62.30, with both the mean and median at 61.15, suggesting moderate consistency in overall climatic conditions. The interquartile ranges for temperature (28.57–29.12 °C), rainfall (38.75–42.90 mm), and climate index (60.58–61.73) reflect moderate variability around the central tendency for each variable.
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Figure 1: Seasonal Plot for Rainfall, Temperature and Climate
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Figure 2: ACF and PACF plot for Rainfall

[image: ]Figure 3: Detrended Climate Index Residual Plot

Table 2: Augmented Dickey-Fuller test for stationarity of the temperature time series.
	Test
	Test Statistic
	Lag Order
	p-value
	Conclusion

	Augmented Dickey-Fuller (ADF)
	-4.92
	2
	0.01
	Stationary



Table 2 shows that the temperature series was stationary (ADF statistic = -4.92, p = 0.01). 
Table 3: Augmented Dickey-Fuller test for stationarity of the rainfall time series.	
	Test
	Test Statistic
	Lag Order
	p-value
	Conclusion

	Augmented Dickey-Fuller (ADF)
	-2.3803
	2
	0.4275
	Non-stationary



The Augmented Dickey-Fuller (ADF) test, as seen in Table 3, confirms that rainfall (ADF = -2.38, p = 0.43) is non-stationary and requires first-order differencing to achieve stationarity.
Table 4: Augmented Dickey-Fuller test for stationarity of the climate time series.
	Test
	Test Statistic
	Lag Order
	p-value
	Conclusion

	Augmented Dickey-Fuller (ADF)
	0.0015694
	2
	0.99
	Non-stationary



Table 4 depicts the Augmented Dickey-Fuller (ADF) test conducted on the climate series to assess stationarity. The test produced an ADF statistic of 0.0015694 with a lag order of 2 and a corresponding p-value of 0.99. Given that the p-value is substantially greater than the conventional 0.05 significance level, there is insufficient evidence to reject the null hypothesis of a unit root, indicating that the climate index series is non-stationary.
Table 5: Stationarity Test for Climate and Rainfall after Detrended and differenced 
	Variable
	Transformation Applied
	ADF Statistic
	p value
	Conclusion

	Climate 
	Detrended (linear trend removed)
	-4.3337
	0.01161
	Stationary

	Annual Rainfall
	First Difference
	-6.6961
	0.01
	Stationary


The Augmented Dickey Fuller stationarity assessment in Table 5 shows that the detrended Climate exhibited a statistically significant improvement in stationarity with an ADF statistic of -4.3337 and a p-value of 0.01161, indicating that the series is stationary after linear trend removal. Likewise, the first differenced Annual Rainfall series produced an even stronger ADF statistic of -6.6961 with a p-value of 0.01, confirming stationarity and validating the adequacy of first order differencing for variance stabilisation and trend elimination.
Table 6: Comparison of ARIMA models
	Model
	AIC

	ARIMA(2,1,2) with drift
	Inf

	ARIMA(0,1,0) with drift
	44.10363

	ARIMA(1,1,0) with drift
	45.72327

	ARIMA(0,1,1) with drift
	44.35454

	ARIMA(0,1,0)
	46.98293

	ARIMA(1,1,1) with drift
	47.66063



Table 6 shows the comparison of ARIMA models based on the Akaike Information Criterion (AIC), which indicates that ARIMA (0,1,0) with drift achieved the lowest AIC value of 44.10, suggesting it provides the best balance between model fit and complexity among the models considered. Models such as ARIMA (1,1,0) with drift (AIC = 45.72) and ARIMA (0,1,1) with drift (AIC = 44.35) had slightly higher AIC values, indicating a comparatively poorer fit. The ARIMA (2,1,2) with drift model returned an infinite AIC, indicating estimation issues or over-parameterization.
Table 7: Parameter estimates and fit statistics of the best ARIMA (0,1,0)
	Model
	Coefficient
	Std. Error
	Sigma²
	Log Likelihood
	AIC
	AICc
	BIC

	ARIMA(0,1,0) with drift
	Drift = 0.4278
	0.1699
	0.5504
	-19.65
	43.3
	44.1
	45.08



Table 7 shows the ARIMA (0,1,0) model with drift fitted to the time series, yielding a drift coefficient of 0.4278 with a standard error of 0.1699, indicating a positive average change per period in the series. The estimated variance of the residuals (σ²) was 0.5504, and the log-likelihood of the model was -19.65. Model selection criteria indicate a good fit, with an AIC of 43.3, AICc of 44.1, and BIC of 45.08.

Table 8: Error measures for the selected ARIMA model.
	ME
	RMSE
	MAE
	MPE
	MAPE
	MASE
	ACF1

	0.00183
	0.70178
	0.54218
	0.00968
	1.36907
	1.26744
	-0.26638



The error measures for the selected ARIMA (0,1,0) with drift model indicate satisfactory model performance, as shown in Table 8. The mean error (ME) is 0.00183, suggesting minimal bias in predictions. The Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) are 0.70178 and 0.54218, respectively, indicating moderate deviations between observed and fitted values. The Mean Percentage Error (MPE) of 0.00968 and the Mean Absolute Percentage Error (MAPE) of 1.36907 reflect low relative error. The Mean Absolute Scaled Error (MASE) is 1.26744, and the first-order autocorrelation of residuals (ACF1) is -0.26638, suggesting no strong residual autocorrelation.
Table 9: Model specification and diagnostic metrics for ARIMAX (0,1,1) 
	Model
	Coefficient
	Std. Error
	Sigma²
	Log Likelihood
	AIC
	AICc
	BIC

	Regression with ARIMAX(0,1,1) errors
	xreg = 3.9000
	2.4865
	0.655
	-21.21
	46.43
	47.23
	48.21



The coefficient estimates with standard errors, residual variance (σ² = 0.655), and information criteria (AIC = 46.43, AICc = 47.23, BIC = 48.21) in Table 9 indicate moderate model fit with the exogenous variable coefficient of 3.900 (SE = 2.487), suggesting a positive but statistically non-significant relationship (p > 0.05) with the dependent variable.

Table 10: ARIMAX (0,1,1) Model Coefficients and Statistics
	Model
	Variable
	Coefficient
	Standard Error
	t-value
	p-value
	95% CI

	Temperature Only
	Temperature
	3.900
	2.487
	1.568
	0.117
	[-0.974, 8.774]

	Climate Only
	Climate
	4.278
	1.699
	2.517
	0.012
	[0.948, 7.608]

	Both Variables
	Temperature
	-0.850
	3.414
	-0.249
	0.803
	[-7.541, 5.841]

	Both Variables
	Climate
	4.750
	2.545
	1.866
	0.062
	[-0.239, 9.739]



The ARIMAX model results in Table 10 indicate that when temperature is considered alone, its coefficient is 3.900 with a p-value of 0.117, suggesting a positive but statistically insignificant effect on rainfall at the 5% significance level. For the climate-only model, the coefficient is 4.278 with a p-value of 0.012, which is statistically significant, indicating that climate factors have a positive and meaningful impact on rainfall. In the combined model, temperature shows a negative coefficient of -0.850 with a p-value of 0.803, implying no significant contribution when climate is included. Conversely, climate retains a positive coefficient of 4.750 with a p-value of 0.062, which is marginally significant at the 10% level, suggesting that climate remains the dominant predictor influencing rainfall variability when both variables are jointly modeled.

Table 11: Forecasts for Climate, Rainfall, and Temperature from 2025 to 2034 using ARIMAX (0,1,1)
	Year
	Variable
	Forecast
	Lower_80
	Upper_80
	Lower_95
	Upper_95

	2025
	Climate
	62.400
	62.384
	62.416
	62.376
	62.424

	2026
	Climate
	62.500
	62.477
	62.523
	62.465
	62.535

	2027
	Climate
	62.600
	62.572
	62.628
	62.558
	62.642

	2028
	Climate
	62.700
	62.668
	62.732
	62.651
	62.749

	2029
	Climate
	62.800
	62.764
	62.836
	62.745
	62.855

	2030
	Climate
	62.900
	62.861
	62.939
	62.840
	62.960

	2031
	Climate
	63.000
	62.958
	63.042
	62.935
	63.065

	2032
	Climate
	63.100
	63.055
	63.145
	63.031
	63.169

	2033
	Climate
	63.200
	63.152
	63.248
	63.127
	63.273

	2034
	Climate
	63.300
	63.249
	63.351
	63.223
	63.377

	2025
	Rainfall
	43.235
	42.368
	44.102
	41.909
	44.561

	2026
	Rainfall
	43.570
	42.343
	44.796
	41.694
	45.445

	2027
	Rainfall
	43.904
	42.402
	45.406
	41.607
	46.201

	2028
	Rainfall
	44.239
	42.505
	45.974
	41.587
	46.892

	2029
	Rainfall
	44.574
	42.635
	46.513
	41.608
	47.539

	2030
	Rainfall
	44.909
	42.785
	47.033
	41.660
	48.157

	2031
	Rainfall
	45.243
	42.949
	47.538
	41.735
	48.752

	2032
	Rainfall
	45.578
	43.125
	48.031
	41.827
	49.329

	2033
	Rainfall
	45.913
	43.311
	48.515
	41.934
	49.892

	2034
	Rainfall
	46.248
	43.506
	48.990
	42.054
	50.442

	2025
	Temperature
	29.500
	29.472
	29.528
	29.457
	29.543

	2026
	Temperature
	29.509
	29.480
	29.537
	29.465
	29.552

	2027
	Temperature
	29.601
	29.562
	29.639
	29.542
	29.660

	2028
	Temperature
	29.617
	29.578
	29.656
	29.557
	29.676

	2029
	Temperature
	29.702
	29.656
	29.748
	29.632
	29.772

	2030
	Temperature
	29.724
	29.678
	29.770
	29.653
	29.795

	2031
	Temperature
	29.804
	29.752
	29.856
	29.725
	29.883

	 2032
	Temperature
	29.831
	29.779
	29.883
	29.751
	29.911

	2033
	Temperature
	29.906
	29.850
	29.963
	29.820
	29.993

	2034
	Temperature
	29.938
	29.880
	29.995
	29.850
	30.025



Table 11 shows that the forecasts for the period 2025–2034 indicate gradual upward trends in the climate index, annual rainfall, and average temperature. The climate index is projected to increase from 62.40 in 2025 to 63.30 in 2034, with narrow 80% and 95% prediction intervals, reflecting high confidence in the forecasted values. Annual rainfall is expected to rise from 43.24 mm in 2025 to 46.25 mm in 2034, with wider prediction intervals (e.g., 80% interval 42.37–44.10 mm in 2025) indicating greater uncertainty relative to the climate index. Average temperature is projected to increase modestly from 29.50 °C in 2025 to 29.94 °C in 2034, with consistently narrow confidence intervals (e.g., 95% interval 29.457–29.543 °C in 2025), suggesting precise forecasts.

Table 12: Comparative Performance of ARIMAX Models for Rainfall Forecasting 
	Model
	Description
	Order (p,d,q)
	AIC
	BIC
	Log-Likelihood
	RMSE
	MAE

	1
	ARIMAX (Temperature Only)
	(1,0,0)
	58.36
	63.08
	-25.18
	0.6802
	0.5114

	2
	ARIMAX (Climate Only)
	(1,0,0)
	54.69
	59.40
	-23.34
	0.6272
	0.4478

	3
	ARIMAX (Both Variables)
	(1,0,0)
	56.68
	62.57
	-23.34
	0.6271
	0.4471

	4
	ARIMAX 
	(1,1,1)
	55.33
	61.00
	-22.66
	0.6349
	0.4741

	5
	ARIMAX 
	(0,1,1)
	53.35
	57.90
	-22.68
	0.7655
	0.4502

	6
	ARIMAX 
	(1,1,0)
	53.61
	58.16
	-22.81
	0.6391
	0.4771



Table 12 presents a comparative analysis of ARIMAX model performances for rainfall forecasting. The results show that the ARIMAX (0,1,1) model achieved the lowest AIC (53.35) and BIC (57.90), indicating the best overall model fit and parsimony among the alternatives. Although the ARIMAX (Climate Only) model recorded slightly lower RMSE (0.6272) and MAE (0.4478), suggesting better predictive accuracy, its higher AIC and BIC values imply a less optimal balance between model fit and complexity. The ARIMAX (1,1,0) model also performed competitively with similar AIC and residual statistics.

Table 13: Error measures of the ARIMAX (0,1,1) model
	ME
	RMSE
	MAE
	MPE
	MAPE
	MASE
	ACF1

	0.19606
	0.76553
	0.45025
	0.48917
	1.14889
	1.05254
	-0.25400



The error measures for the ARIMAX model in Table 13 indicate an overall satisfactory fit. The mean error (ME) of 0.19606 suggests a small positive bias in the predictions. The Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) are 0.76553 and 0.45025, respectively, indicating moderate deviations between observed and fitted values. The Mean Percentage Error (MPE) of 0.48917 and Mean Absolute Percentage Error (MAPE) of 1.14889 reflect low relative errors. The Mean Absolute Scaled Error (MASE) of 1.05254 indicates acceptable predictive accuracy relative to a naïve benchmark, and the first-order autocorrelation of residuals (ACF1) at -0.25400 suggests minimal residual autocorrelation
Table 14: Comparative performance metrics of ARIMA (0,1,0) and ARIMAX (0,1,1) models for the rainfall and temperature time series.
	Model
	RMSE
	MAE
	MAPE

	ARIMA (0,1,0)
	1.41878
	1.28333
	2.99145

	ARIMAX (0,1,1)
	0.55154
	0.46800
	1.09091



A comparative analysis of the rainfall and temperature time series in Table 14 shows that the ARIMAX (0,1,1) specification performs better in all the performance indicators as compared to the conventional ARIMA (0,1,0) model. Root-mean-square error of ARIMAX is 0.55154 compared to 1.41878 of ARIMA (0,1,0) and therefore the total error of prediction is lower. The Mean Absolute Error (MAE) of ARIMAX (0,1,1) of 0.46800 is significantly lower than 1.28333 achieved in ARIMA (0,1,0), which indicates more accuracy at the absolute level. ARIMAX (0,1,1)  has an error of 1.09091 mean (MAPE) versus ARIMA (0,1,0) with 2.99145, which is also evidence that the ARIMAX (0,1,1) is a more accurate forecast than the observed values.
Table 15: Summary of Current and Projected Rainfall with Associated Climate and Temperature Impacts
	Metric
	Value

	Current Avg Rainfall
	42.9

	Projected Avg Rainfall (+1°C)
	47.58

	Percentage Change
	10.91%

	Risk Level
	LOW RISK

	Temperature Impact
	1.95

	Climate Impact
	3.9



Table 14 presents a comparative analysis of current and projected rainfall under a +1°C temperature scenario. The current average rainfall is 42.9 mm, with a projected increase to 47.58 mm, corresponding to a percentage change of 10.91%, indicating a moderate rise. The associated risk level is classified as LOW RISK. The quantified temperature impact is 1.95, while the overall climate impact is 3.9, suggesting that temperature contributes moderately to the observed change in rainfall, with broader climate factors exerting a relatively higher effect.




4. DISCUSSION
This study demonstrates the superior predictive performance of ARIMAX models over univariate ARIMA in forecasting rainfall in Northern Ghana, confirming the significant influence of climatic drivers on hydrological patterns. The finding that the climate exhibits a stronger statistical relationship with rainfall than temperature alone aligns with the complex, multi-factorial nature of climate-rainfall interactions. This underscores that water availability is not merely a function of temperature increase but of the overall climatic water balance.
The findings are in line with previous studies by Nyatuame and Agodzo (2018), which demonstrated how rainfall and temperature variability depend on each other through ARIMA modelling. Similarly, the temperature rise and abnormal rain distribution patterns are consistent with Dinko (2017) and Klutse et al. (2020), who reported that there are consistent warming tendencies and not uniform rainfall distribution over the northern part of Ghana. The average positive precipitation forecast corresponds to the spatial heterogeneity mentioned by Atiah et al. (2019) and Nkrumah et al. (2014), which suggests that, on the one hand, certain areas will have an expanded rainfall, and on the other hand, some regions will face a decrease or uneven distribution. This research proposes the deterministic relationship between temperature and climate indices as exogenous variables, expanding previous regional studies, which quantify the combined effect of these factors on the changes in rainfall and the state of water resources. As a result, the ARIMAX model not only confirms the prediction ability of time-series integration approaches but also provides empirical data that contributes to achieving SDG 6 in terms of improved climate-water prediction in data-sparse situations.


Conclusion

This study concludes that integrating exogenous climate variables into time-series models significantly enhances the accuracy of rainfall forecasts in Northern Ghana. The ARIMAX (0,1,1) model provides a robust framework for understanding the dominant role of broader climate conditions, beyond temperature alone, in driving rainfall variability.
The findings offer concrete, data-driven strategies for advancing SDG 6 (Clean Water and Sanitation) in the region:
1. Water resource managers at agencies like the Water Resources Commission of Ghana and the Ghana Irrigation Development Authority can use these medium-term forecasts (2025-2034) to inform operational plans. The projected modest increase in rainfall suggests a potential for enhanced reservoir storage and groundwater recharge, but this must be balanced against the forecasted temperature rise, which would increase evaporation losses. Planning for conjunctive use of surface and groundwater can be optimized using these insights.
2. The Ministry of Food and Agriculture can leverage these forecasts to develop early warning systems and tailored advisories for farmers. Knowing the likely trajectory of the rainy season can guide recommendations on optimal planting dates, crop variety selection (e.g., drought-tolerant vs. high-water-demand varieties), and irrigation scheduling, thereby enhancing crop productivity and food security (directly supporting SDG 2 and SDG 6).
3. The model’s identification of climate as a key driver pinpoints water balance as the critical risk factor. This argues for policy priorities and investments that enhance water retention and reduce evaporation, such as constructing small-scale reservoirs (dams), promoting soil moisture conservation techniques, and protecting watersheds, rather than focusing solely on temperature-mitigation strategies.
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