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Abstract
The study examined the causality analysis of climate change on maize production in Katsina State. Time series data covering 1990 to 2020 was used. The analytical tools that were used include descriptive statistics, ARDL model, Toda-Yamamoto granger causality model, variance decomposition and impulse response function. The average values of maize yield (MPY), rainfall (RF), and temperature (TR) were 1.4%, 80.4%, and 26.7%, respectively. ARDL model result showed that there was no long-term relationship, but there was a short-term relationship between climate change and maize production. The outcome of short-run indicated that the model fits the data, with R-square and adjusted R-square values of 80% and 60%, respectively. The result suggests that the current(ΔRF) and first lag (ΔRF (-1)) of Rainfall have a positive impact (0.004824) and (0.003381) and are statistically insignificant at 5% and 1% levels in the short- run. The result implies that the coefficient result suggests that if RF increases by 1%, the MPY will increase in the short term by 0.005% in the short run. The result for Toda Yamamoto causality test showed that the null hypothesis (rainfall does not granger cause maize production and temperature does not granger cause maize production), can be accepted as their probability values (0.4619) and (0.4465) respectively, are greater than (1%, 5% and 10%). From the panel MPY graph, it can be seen that a 1% change in rainfall has a beneficial effect on maize output throughout the periods, however a 1% change in temperature only has a negative effect on maize production during period 2.  This outcome suggests that the rain had a beneficial effect on agricultural productivity.
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Introduction
The escalation of climate variability in Nigeria has led to heightened and irregular rainfall patterns, exacerbating land degradation and resulting in more severe floods and erosion. As one of the top ten most vulnerable countries to the effects of climate change, Nigeria has experienced a worsening of these environmental challenges.  Agriculture, which provides food for the booming population and is affected by climate change, is one of these industrial and developmental activities. Climate change has a significant impact on agricultural production, putting food security in jeopardy (Zhai et al., 2021). Climate change, on the other hand, is a severe environmental threat to food security, and its influence on agricultural output exacerbates poverty (Obasi & Uwanekwu, 2015).
It is observed that climate change and variability constitute a severe danger to food production in Sub-Saharan Africa. It is a severe environmental threat to food security, and its impact on agricultural output exacerbates poverty (Fosu-Mensah and Vlek 2019). Almost every sector of agriculture is reliant on weather and climate, whose variability has resulted in absolute failure for rural farmers that follow their annual farm business plans owing to climate change consequences (Ozor et al., 2010). Peter et al,.(2019) explained that Climate change is anticipated to have a devastatingly damaging impact on Nigeria’s agriculture lowering crop productivity, particularly for Maize, across the entire nation, with losses of 30–50% by 2020 and up to 90% by 2100 ( Fanen & Adekola ,2014;, Iken & Amusa, 2004). Additionally, the frequency of pests, diseases, droughts, and flooding will rise due to changes in rainfall patterns, which will eventually increase the likelihood of food shortages and price increases, undoing the majority of the progress made in reducing poverty that would have been realized in the absence of climate change (IPCC,2001; (Ekpa et al., 2017).
According to Knox et al. (2012), maize yields in Africa and South Asia would decline by 5 and 16%, respectively. Although maize has a large potential yield, production is nonetheless constrained in several ways. Intermittent drought during the growing season is one of the main obstacles, which severely lowers maize yield (Ayanlade & Odekunle, 2006). 
Abubakar and Yamusa (2013) claimed that the production of staple foods, particularly maize, has decreased as a result of climate change. This ultimately has an impact on food costs and causes households to spend more on food consumption, which results in a lack of access to food and nutritional shortages (Ekpa et al., 2017). To fully understand how climate change is affecting Maize output in northern Nigerian farms, substantial investigation is required. This study is an attempt to predict how climate change will effect Maize output in northern Nigeria using Katsina State as a case study. In order to better comprehend the economic impacts of climate change on agriculture, the following research objectives serve as a guide for the investigation
1. To examine the linkages between the climate change and maize production in the study area.
2. To identify the long run relationship between the climate change and maize production in the study area.
3. To determine the short run impact of climate change in maize production in the study area.
4. To determine the direction of causality between the climate change and maize production in the study area.
5. To determine the impact of climatic shocks on maize production in Katsina state.
Materials and Methods
Description of the Study Area
Katsina State has an estimated population of 10,368,500 people (NBS, 2022). It borders Kaduna state to the south, Jigawa and Kano state to the East, Zamfara state to the west, and Niger Republic to the North. The state occupies an area of 24,235 km2. The latitude and Longitude of Katsina is 12.37970 N and 7.63060 E respectively. The major tribes in the state are Hausa and Fulani while Islam is the predominant religion in the state.
Sampling Procedure and Method of Data Collection
Katsina State was chosen for the study because, it is one of the states of Nigeria which produce maize in a large quantity. The state is also one among  states in the country that are facing serious climate change such as desert encroachment, rainfall and temperature fluctuations, flood drought and erosion. Secondary data was used for the study. Katsina State rainfall, temperature and maize yield data covering a period from 1990 to 2020 was used. Rainfall and temperature data were sourced from Nigeria’s Meteorological Agency (Nimet, 2023) while maize yield data was sourced from Katsina Agricultural and Rural Development Authority (KTARDA, 2023). 
Method of Data Analysis 
Descriptive statistics such as mean, minimum and maximum values, standard deviation, skewness, kurtosis and the Jarque-Bera test were used to achieve Objective I of the study. To identify the existence of short and long run relationships between climate change and maize production in Katsina state, (Objective ii), the ARDL model was employed. For the direction of causality between the climate change and maize production (Objective iv), the Toda-Yamamoto Granger causality was used. The impact of climatic shocks on maize production was determined using the Variance Decomposition and Impulse Response function.
The nature of the data series must be verified prior to running the time series model (Ewing et al., 2007). Therefore, the Phillips-Perron tests were used to determine the nature of stationarity in the data. Therefore, the appropriate model for achieving objectives 2 and 3 is the Autoregressive Distributed Lag (ARDL) model. While for causality, the Toda-Yamamoto causality Test is the appropriate causality test to adopt.
Autoregressive Distributed Lag (ARDL) Bounds Test  
An autoregressive distributed lag (ARDL) model is an ordinary least square (OLS) based model which is applicable for both non-stationary time series as well as for time series with mixed order of integration. Firstly, this approach can be used with variables that blend I(0) and I(1). Second, by applying the ARDL bound testing approach, both the short-run and long-run relationship between variables may be estimated. The ARDL model also addresses the endogeneity problem by including dependent lags as well as independent variables in the model. The Autoregressive distributed lag (ARDL) model is specified as:
MPYt = α+i=1n1γ MPYt-i+  i=0n2β2  RFt-i+  i=0n3β3 TRt-i + ɛt    (i)
Where, Maize Yield (MPY in Kg/ha), Rainfall (RF in mm) and Temperature (TR in 0C) are variables of the study and εt white noise term. The bound test can be implemented by converting the equation (i), into a bound testing equation by including both short-run and long-run dynamics.  F-test was done on the chosen ARDL bound testing equation with the proper lag lengths. The Akaike Information Criterion (AIC) 3 was used to determine the best lag length after we mandated a maximum of three lags on the level of variables. The standard F test (Pesaran et al., 2001), which developed two sets of critical values (i.e. lower and upper) for bound test, is used to demonstrate the existence of co-integration. The assumptions that all variables are I(0) and I(1) are covered by the lower and upper critical values, respectively. This is a bound restriction that covers all conceivable categories for the variables. If the bound testing equation's generated F-statistics are higher than the upper bound, the null hypothesis cannot be rejected by the test. If the value of the F statistics is between the lower and upper bounds, the conclusion is not conclusive. Once the long-term relationship is established, the short-term dynamics can be captured by transforming equation (i) into the following error correction specification (ECM):
ΔMPYt = α+i=1n1γ ΔMPYt-i+  i=0n2β2  ΔRFt-i+  i=0n3β3 ΔTRt-i + δECt-1 + ɛt …(ii)
Where δ captures the speed of adjustment, ECt-1 represent disequilibrium and Δ denotes first difference. The error correction coefficient indicates the speed of re-adjustment to the long-run equilibrium after short-run shocks leads to disequilibrium.
Regardless of whether the variables are in the I(0) or I(1) range, the ARDL bound estimation will disclose the existence of a linear relationship among non-stationary or mixed-form variables, but this test does not reveal the direction of the link among the variables under consideration. Therefore, this study used a modified Toda-yamamoto causality test to understand the cause and effect direction among those variables in general and with particular reference to the relationship between climate variables and maize yield.
Finally, the impacts of shocks and changes induced by the variable itself and other variables were investigated using the impulse response function and variance decomposition.
Toda-Yamamoto Causality Test.
The Toda-Yamamoto variant of the Granger causality test is more trustworthy because it is defensible regardless of whether the variables are not co-integrated, co-integrated in a random order, or co-integrated with I(0) and I(1), respectively. In comparison to other causality tests, the Toda Yamamoto causality test is preferred because it may be applied regardless of whether the variables are co-integrated in a random order, the same order, or not at all (Ekeke, 2020).
The relationship between meteorological factors (rainfall and temperature) and maize productivity was examined by causality analysis. The study experimented  into whether rainfall and temperature have an effect on the current maize crop being produced. To determine if past maize output is causally related to the environmental variables (rainfall and temperature), a test was conducted. The Granger causality test was performed using the wald block endogeneity test in accordance with the Toda and Yamamoto procedure (Toda and Yamamoto, 1995). Equations (i) and (ii) were used to examine the causal relationship between climatic variables (rainfall and temperature) and maize production.
Results and Discussion
Descriptive Statistics 
 The mean, minimum and maximum values, standard deviation, skewness, kurtosis, and the Jarque-Bera test for the data are included in Table 1. The table also describes the fundamental statistical characteristics of the data under discussion. These descriptive statistics provide the data's behaviour a historical context. The vast discrepancy between the minimum and highest values for the variables appears to be indicative of considerable variability. The average values of maize yield (MPY), rainfall (RF), and temperature (TR) were 1.4kg/ha, 80.4mm, and 26.70C, respectively, according to Table 1.  Each variable's standard deviation is less than the distribution's minimum value for that variable. For all variables, the distribution level at mean zero and constant variance is shown by the probability value of the Jarque-Bera statistics.
Table 1: Descriptive Statistics 
	Variables
	MPY
	RF
	TR

	Mean
	1.40484
	80.363
	26.6854

	Median
	1.33
	80.2438
	26.675

	Maximum
	2.17
	97.2729
	27.7489

	Minimum
	1.0
	55.85
	25.8813

	Std. Dev
	0.28442
	9.64802
	0.50502

	Skewness
	1.24844
	-0.4017
	0.29135

	Kurtosis
	4.22861
	3.28219
	2.31743

	Jarque-Bera
	10.0025
	0.93636
	1.04035

	Probability
	0.00673
	0.62614
	0.59442

	Sum
	43.55
	2491.25
	827.249

	Sum Sq.Dev
	2.42677
	2792.53
	7.65146

	Observations
	31
	31
	31


Source: Authors ‘computation and EViews Output (2023)
Unit Root Test
The result of the unit root tests based on the Phillips-Perron (PP) test is presented in Table 2. The results indicate that rainfall (RF) is stationary at levels (integrated of order zero I(0)). On the other hand, temperature and maize yield (MPY) are stationary after first difference (integrated of order one I(1)). The probability values (p-values) and critical values were used to determine whether to accept or reject the null hypotheses. P-values less than 0.05 and test statistics (t-stats) below the critical value resulted in the rejection of the null hypotheses. The null hypothesis for the PP test is that an observable time series is not stationary (i.e. has unit root).
Table 2 Results of Philips-perron unit root test
	Variables
	PP test statistics
at levels
	PP test statistics
at first difference
	PP Critical values at 5%
	Remarks

	Rainfall
	-5.875728
	NA
	-3.568379
	I(0)

	Maize Yield
	-3.175433
	-9.261573
	-3.574244
	I(1)

	Temperature
	-3.139888
	-6.864743
	-3.568379
	I(1)


Autoregressive Distributed Lag (ARDL) Results 
 Literature shows that, regressing a stationary series on a non-stationary series has serious ramifications for inferring policy. The data series serves as support for the analytical method known as Autoregressive Distributed Lag (ARDL).  According to Pesaran et al. (2001), ARDL is better suited for variables with varied integration orders.  The estimate of the F-statistic used to determine whether there is a long-term link between maize yield (MPY), rainfall (RF), and temperature (TR).
 Table 3: Long Run Bounds co-integration Test 
	Test Statistic
	Value
	K

	F-statistics 
	2.90
	2

	Critical Value Bounds

	Significance 
	I(0) Bound
	I(1) Bound

	10%
	2.915
	3.695

	5%
	3.538
	4.428

	 1%
	5.155
	6.265


Source: Authors ‘computation and EViews Output (2023)
The above result indicates that there is no long-run link between the variables. The relationship is inconclusive since the F-value is between the upper and lower bounds, this makes it impossible to estimate the ECM or long-run estimated. Instead, the first difference ARDL will be estimated, given that there is no co-integrating relationship between the variables. 
 Table 4: Short run relationship between climatic variables and maize yield
	Variable                Coefficient                 Std. Error         T-statistic                Prob


D(MPY(-1))        -0.141967                  0.203932            -0.696149          0.4977
D(MPY(-2))         0.294017                 0.197883            1.485811            0.1595
D(MPY(-3))         0.373143                  0.208908            1.786163           0.0957
D(RF)                  0.004824                   0.0024889           0.986646          0.007
D(RF(-1))            0.003381                   0.005939             0.569206           0.000
D(RF(-2))         0.003654                   0.006224          0.586986                  0.5666
D(RF(-3))         -0.007770                   0.005911         -1.314506                 0.2098
D(RF(-4))          -0.014546                   0.004133           -3.519532             0.0043
D(TR)               0.232275                    0.098416               2.360120            0.0333
D(TR(-1))          -0.395389                  0.115430                -3.425356          0.0041
D(TR(-2))         0.185866                    0.139312              1.334174              0.2034
C                       0.035262                    0.035769              0.985838              0.3409
R - Squared         0.760990
Adjusted - R Squared    0.573197
Prob (F- statistic)   0.008114
AIC Criterion       -0.426770
	Source: Authors ‘computation and EViews Output (2023)


The outcome indicates that the model best fits the data, with R-square and Adjusted R-square values of 80% and 60%, respectively. The prob (F-statistic), which is below 5%, is 0.008, indicating that the model is significant. The model was chosen using the Akaike info criterion (AIC).The short-run coefficients estimates revealed the dynamic adjustment of all variables to equilibrium. The result reveals that the current(ΔRF) and first lag (ΔRF (-1)) of Rainfall have a positive impact (0.004824) and (0.003381) and are statistically insignificant at both 5% and 1% levels of probability in the short- run. If RF increases by 1%, the MPY will increase in the short term by 0.005% in the short run. A 1% increase in the lagged value of Rainfall will lead to a 0.003% additional increase in rainfall in the current period. This means that the elasticity of Rainfall to the maize production is elastic in the short run.  On the other hand, the result for temperature reveals that the current(ΔTR) and first lag (ΔTR (-1)) of Temperature have a positive and negative coefficient of (0.232275) and (-0.395389) and was statistically insignificant at both 5% and 1% levels of probability in the short- run. This implies that the coefficient result suggests that if TR increases by 1%, the MPY will increase in the short term by 0.23% in the short run. On the other hand, a 1% increase in the lagged value of TR will lead to a 0.39 % decrease in rainfall in the current period. This means that the elasticity of Rainfall to the maize production is elastic in the short run.  
The prediction demonstrates that maize production in Katsina State continues to be influenced by temperature change resulting in climate warming. These conclusions are backed up by the literature (IPCC, 2013; Ziervogel et al., 2014; Fodor et al., 2017). This is corroborated by the forecasted outcomes, which also indicate that the production of maize will be significantly impacted. This bolsters the conclusion reached by Okoloye et al. (2013) that the consequences of climate change on crop productivity and agricultural industry as a whole are alarming. Since maize production makes up a sizable portion of the agricultural sector, any negative effects on it will have an adverse effect on the employment in agriculture, the welfare of maize farmers, and agricultural exports, which will impair the trade balance. 
Lag Selection Criteria
The ideal lag for the system is determined using the lag order selection criteria and the optimal length. The findings reveal that 1 is the ideal number of lags for the system, as determined by the sequential modified (LR) test, Akaike information criterion (AIC), and final prediction error (FPE). The outcomes of the results are shown in Table 5.
Table 5: Lag Selection Criteria
	Lag           LogL              LR          FPE               AIC                    SC                  HQ


0               -112.6974         NA             1.058287             8.570181           8.714162        8.612994
1               -97.72861         25.50244*   0.684549*         8.128046*         8.703973*       8.299299*
2                -89.29330        12.49676     0.735336           8.169874          9.177747          8.469568
3                -84.46597        6.078854     1.079201           8.478961          9.918780         8.907095
4                 -72.77343       12.12560     1.026813           8.279513           10.15128        8.836087
	VAR system maximum lag order 4. (*) indicates the best values of the respective information criteria, (FPE) = final prediction error, (AIC) = Akaike information criterion and the (LR) = sequential modified LR test, (BIC) = Schwarz Bayesian criterion, (HQC) = Hannan Quinn criterion.
Source: Authors ‘computation and EViews Output (2023)


Toda Yamamoto Causality Test
The result for Toda Yamamoto Causality Test shows that the null hypothesis (rainfall does not granger cause maize production and temperature does not granger cause maize production), can be accepted as their probability values (0.4619) and (0.4465) respectively, are greater than (1% and 5%) as shown in table 6. Maize production did not granger cause rainfall, but rather the combination of temperature and maize yield was granger causal to the amount of rainfall  in Katsina state at (P=0.05) level of significance. On the other hand, the null hypothesis (maize production yield does not granger cause temperature and Rainfall does not granger cause temperature), can be rejected as their probability values are greater than 10%.
Maize production in Katsina state has a significant influence on rainfall and temperature. The relationship is unidirectional because it only runs from maize production to temperature. This results specifically conflicts with those of Igwe et al. (2013), who looked into the relationship between crop productivity and climatic factors in Nigeria. Their findings imply a two-way causal relationship between temperature and maize yield. 
Table 6: Toda Yamamoto Causality Test
	Dependent Variable MPY

	Excluded                                            Chi-square                       DF                   Probability
RF                                                         1.545013                         2                      0. 4619
TR                                                         1.612456                         2                      0. 4465
All                                                         3.855766                         4                      0. 4259
Dependent Variable RF
Excluded                                        Chi-square                     DF                 Probability

	MPY                                                3.547866                          2                     0.1697
TR                                                    5.897425                          2                     0.0524
All                                                    9.852173                          4                     0.0430

	Dependent Variable TR
Excluded                             Chi-square                                DF                 Probability
MPY                                    1.461909                                     2                       0.4814
RF                                         1.272830                                    2                       0.5292
All                                        3.335385                                     4                       0.5033

	Source: Authors ‘computation and EViews Output (2023)


Impulse Response
The model's standard deviation is calculated in percentage terms in Figure 3.  The vertical axis of the impulse response function (IRF) measures the responses of the variables, and the horizontal axis of the IRF displays the number of periods that have elapsed since the impulse was provided for each variable. From the panel MPY graph, it can be seen that a 1% change in rainfall has a beneficial effect on maize output throughout the periods. However a 1% change in temperature only has a negative effect on maize production during period 2.  This outcome suggests that the rain had a beneficial effect on agricultural productivity. From the panel of TR graph, it can be seen that a 1% change in temperature has a positive impact on maize yield starting in period 1, but deviates and turns negative in periods 5 and 6, before returning to positive for the remaining periods. This result implies that the temperature had a positive impact on agricultural productivity throughout the periods, but negatively in periods 5 and 6. A shock to rainfall produced a beneficial influence on maize yield and a negative impact on temperature at 4, 5, and 6 periods, according to Panel FR.
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Fig 3: Impulse Response
Source: Authors ‘computation and EViews Output (2023)
Variance Decomposition
Variance decomposition draw conclusions about the proportion of movements caused by shocks to maize yield as opposed to shocks to other variables in the system. According to the variance decomposition results over a 10-year horizon. Maize production has a greater impact on it from the short-run (1st period) to the long-run (10th period), ranging from 100% to 88.24%. Ten years later, RF (7.24%) and TR (4.51) explain for variation in MPY. This finding suggests that rainfall is the main source of variation in maize output yield, with temperature accounting for a minor variation. However, neither the temperature nor the rainfall in Katsina State changed considerably over the research period, nor did they have a major impact on maize productivity. The findings of Amikuzino and Donkoh (2012), who investigated climate variability and yield of staple crop in Northern Ghana, are consistent with this results. The impact of climatic factors on crop production may be attributable to adaptation measures being used to combat climate change. The minimal influence of environmental variables was also justified in a study by Sihlobo (2019) since factors like technological improvement can result to considerable rise in maize yield.  
Table 7: Variance decomposition of MPY
	Period                               S.E                                   MPY                        RF                     TR


1                                           0.224037                    100.0000                0.000000         0.000000                                    
2                                           0.248793                    95.17895                2.960853         1.860199
3                                           0.279966                    93.29416                3.921437         2.784408
4                                           0.308849                    91.05103                4.552742         4.396226
5                                           0.332689                    89.69312                5.418243         4.888634
6                                           0.349969                    89.00424                6.107426         4.888329
7                                           0.363399                    88.66848                6.570786         4.760736
8                                           0.373913                    88.48090                6.879237         4.639863
9                                           0.382524                    88.35105                7.091235         4.557719
10                                         0.389696                    88.24232                7.247631         4.510049
	Source: Authors ‘computation and EViews Output (2023)



Conclusion and Recommendations
Conclusion 
Climate change is a threat to maize production in Katsina state and variations in maize production may continue to occur. The major causes of the variations in maize output in Katsina state is rainfall with temperature accounting for only minor variations.
Recommendation  
1. The introduction of climate smart practices such as the application of biochar along with minimal tillage and balanced fertilization in maize cultivation is a sustainable strategy to boost yields and reduce large variations in the yield of Maize. 
2. Since Maize production is highly dependent on rainfall, the strategic foresight for maize breeding research in Nigeria should be beyond the development of Maize varieties that rely so much on rainfall but on the production of “smart” Maize varieties that can withstand the challenges of climate change. 
3. Additionally, crop insurance should be expanded to cover unforeseen losses that can be brought on by climate change-related extreme weather events including droughts and floods. This will assist farmers in maintaining their livelihoods in the face of climate change.
4. This is the time for Maize farmers to key into the usage of affordable smart agricultural devices such as interactive voice response (IVR) systems for information on climate management and control services.  This is easily accessible via mobile phones.
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