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Abstract
The aim of this study is to determine the dynamic effects of climate 

change on rice yield in the far north of Cameroon. To achieve this, 
the Pesaran et al. [1] bounds co-integration test was performed on rice 
yield, temperature and rainfall variations by applying the Autoregressive 
Distributed Lags (ARDL) estimation method over the 1975-2021 period. 
The following results were obtained: The rainfall variations have negative 
short- and long-term impacts on rice yield, i.e. a 1% increase in rainfall 
variation implies a 3.6% and 1.14% decrease in rice yield in the short and 
long term respectively; the rural population growth rate has a negative 
impact on rice yield in the short term, and a positive one in the long term. 
In view of the results, it is recommended that rice farmers become aware 
of the negative dynamic effects of climate change on rice cultivation by 
applying climate-resilient rice-growing methods. 

Keywords: Climate change; ARDL model; Rice; Far North of Cameroon

Introduction
Rice is currently one of the staple foods of Cameroon's rural and urban 

populations. According to Minader [2], demand was estimated at 576,949 
tonnes, while local production stood at 140,710 tonnes (74% of which came 
from the far north). The remaining 436,239 tonnes are essentially imported 
to satisfy this excess demand. In 2022, local production will be 100,000 
tonnes, down on 2020, when imports will be around 400,000 tonnes to meet 
national demand of almost 500,000 tonnes. According to this data, local rice 
production meets only 24% of national demand, which is partly justified by 
the precariousness of local production, as decried by Charbolin [3] since 
1976, which can now be explained by several factors. Among rice production 
factors, the following remain paramount: the presence of flooded soil rich in 
organic matter [4], fertilizer inputs [5], regular rainfall requirements [6-8] 
and regulation of minimum and maximum temperatures [4]. In the literature, 
irregularities or uncontrolled variations in rainfall and temperature represent 
climate change, which refers to a global and continuous modification of the 
Earth's climatic and meteorological characteristics due to anthropogenic 
greenhouse gas emissions [9,10]..

Climate change is felt across the planet on physical, biological and 
human systems. Thus, it presents adverse consequences on several levels: 
negatively impacts social life by causing migration growth [11], exacerbates 
gender inequality [12], impacts human health and constitutes substantial 
loss of life [13], is among the causes of interpersonal conflict and socio-
political unrest [14,15] and stimulates reduced agricultural productivity and 
economic growth [16]. It should be noted that African farming systems, 
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mainly rain-fed, are still highly dependent on unpredictable 
climate change [17,18]. The accelerating pace of climate 
change, combined with global population growth, income 
contractions and agricultural vulnerabilities, threatens food 
security everywhere [19,20]. 

Beyond the work on climate change and socio-economic 
aspects, it should be noted that agriculture's particular 
vulnerability to climate change is reflected in higher 
temperatures, which are likely to reduce the yields of certain 
crops via the proliferation of weeds, flies, locusts, crop-
damaging rats [19]. It has also been observed that yields of 
crops such as wheat and maize have decreased as a result 
of rising temperatures. With this in mind, a study covering 
the period from 1980 to 2008 showed that yield reductions 
for certain cereals such as wheat and maize due to global 
warming are of the order of 6% and 4% respectively, but 
global soybean and rice yields were found to be relatively 
unaffected [21]. However, as the damage to climate change 
evolves, a study over the period from 2005 to 2012 showed that 
extreme temperature anomalies and reduced rainfall intensity 
during the rainy season affect flooded rice production in the 
Ndop tidewater in northwest Cameroon [8]. Thus, the effects 
of climate change on agriculture vary over time depending on 
crops, adaptation measures implemented and study regions 
[22].

The aim of this study is to highlight the dynamic effects of 
variations in temperature and rainfall on rice yields in the Far 
North of Cameroon.  This concern reinforces the interest of 
this study, which focuses on the place of this zone (north and 
extreme north) in national production, and the verification 
of the temporal effects of temperature and rainfall variations 
using the ARDL estimation method. This study continues 
with the presentation of the literature review in section 2, the 
presentation of the methodology in section 3, the summary 
and discussion of the main results in section 4 and concludes 
with some economic policy recommendations.

Literature Review
The link between climate change and agricultural yields 

in general is not new. Theoretically, there are 3 approaches 
to estimating the relative effects of climate on agriculture : 
1) An approach based on agroclimatic indices, e.g. rainfall 
indices known as the lamb index [23], which distinguish 
wetter years from less wet years, also enable us to study 
the influence of rainfall on agricultural crops : 2) crop 
simulation models based on climate models and crop models, 
which enable predictive estimates of the effects of climate 
variations on agriculture over time, and comparisons of their 
impacts between localities or periods [24] and 3) Statistical 
or econometric models that simultaneously take into account 
all factors likely to influence agricultural production or yields 
and are useful for assessing the impact of climate change 
in the real conditions of farmers who are characterized by 

suboptimal management of their agricultural activities [25]. 
Econometric and statistical models used in the field of climate 
change include multiple linear regression models to study the 
impact of climate change on farm incomes in Burkina Faso 
[26], the VAR model to study interactions between climate 
change, cotton prices and production in Cameroon [22], the 
ARDL panel model to study climate shocks on monetary 
policy in developing countries [27] and the ARDL model to 
study the effects of climate change on rice production in the 
Zou et al. collines [28] department in central Benin [28].

Using the agro-climatic model, Lobell and Gourdji [21] 
have shown that Climate variability exposes plant cells 
of different crops to insect pests and diseases that affect 
agricultural yields. The two authors point out that the climate 
variability described can be explained by the following 
factors: rising temperature, intensification of the Hydrological 
Cycle and increasing carbon dioxide (CO2) concentration. 
The effect of rising temperatures on agricultural crops has 
been decried in the past by Mendelsohn and Schlesinger, 
who demonstrated that at certain temperature thresholds, crop 
yields tend to fall, and that the delay in the growth process 
leads to a deterioration in cereal yields. Later, studies of the 
interaction between climate and agriculture in the USA, using 
modifications of the standard Ricardian model [29] found that 
the value of irrigated cropland is not sensitive to rainfall, but 
increases in value with temperature [30]. They went on to 
note that climate also affects soil fertility and quality, the 
rate of plant respiration and the grain filling process, and by 
transitivity impacts yield. Analysis of the impact of climate 
change on wheat productivity in Pakistan, using the production 
function approach applied to data for the period 1981-2010 
led to the conclusion that a 1°C increase in mean temperature 
during the sowing period would reduce crop yield by 7.4% 
[31]. A decade earlier, a study revealed that when farmers did 
not use climate change adaptation techniques, a 2°C increase 
in normal temperatures would lead to an 11% decrease in 
crop yields, and a 5% decrease in rainfall would cause a 
4% increase in crop yields [32]. In most studies carried out 
in West Africa, the effect of climate change on crop yields 
is rather negative [33]. Thus, it is commonly accepted that 
climate change remains a factor affecting agricultural crops 
and livestock in Africa [34]. In the Zou et collines department 
in central Benin, the study by Ajavon Ayi et al. [28] showed 
that changes in rainfall and humidity affect rice production in 
the short and long term, using the ARDL model.

In summary, most of the studies presented above use 
projected data on climate change variables to stimulate its 
effects on crop and livestock yields via climate models. The 
drawback of these models is that they do not consider that 
atmospheric circulation is not deterministically predictable 
beyond a few days, since small-scale growth can contaminate 
the whole circulation [24] and the effects of change could 
vary over time.   What's more, none of these studies examined 
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Stationarity testing of variable series

To study the stationary of variables used in econometric 
work, two categories of tests are used, namely the Augmented 
Dickey-Fuller (ADF) and Phillips Perron (PP) tests, the null 
hypothesis of which is non-stationary, and the Kwiatkowski-
Phillips-Schmidt Shin (KPSS) test, the null hypothesis of 
which is stationarity [37]. The Dickey-Fuller test (1981) 
highlights the stationary or non-stationary nature of a series 
by determining a deterministic or stochastic trend through its 
sequential strategies (see Régie Bourbonais 7th edition, page 
174). The choice of this test is justified by the fact that not 
all variable series contain trend breaks [38] and that they are 
not decomposed into a deterministic trend and a random walk 
(KPSS test (1992)). Graphs 1 and 2 in the appendix show 
unbroken time series for all variables.

Table 1 shows that the variables rice yield (RY), phosphate 
fertilizer input and credit granted to the private sector are not 
stationary in level, but are integrated of order 1. On the other 
hand, the variables' rainfall variations (RfV), temperature 
variations (TV) and the annual growth rate of the rural 
population are stationary in level and are therefore integrated 
of order 0. In fact, not all the variables are integrated of the 
same order, so a model is needed that can take account of the 
realities obtained from the characteristics of these variables.

Choice of study model 

For this study, given the properties of the variables that 
are integrated of different orders (RY(I1), VRf (I0), TV(I0) 
ect.), it could be that these variables will have influencing 
relationships over time. ARDL modeling therefore remains 
valid in this case. This modeling has been used in the near 
past by several authors to econometrically verify: i) the 
sustainability of public debt in Morocco during 1970-2018 
[39]; ii) the effects of climate change on rice production in 
Benin [28]; iii) climate change shocks on monetary policy 
in developing countries [27]. These authors note that ARDL 
modeling can be used to test co-integration and estimate 
short- and long-term relationships when the series are not 
integrated to the same order. However, the choice of this 
model can be explained on two levels : (1) at the level of 
variable stationary, it was found that all six study variables 

the impact of climate change on rice yields in the far north 
of Cameroon. Given that in northern Cameroon, climate 
change is a real fact [35,36], the present study attempts to 
add value to the literature by using the econometric technique 
(specifically ARDL modelling) to see the effects over time 
of climate change on rice yield in the far north of Cameroon.

Study Methodology	
This section presents data sources and empirical 

estimation strategies.

Presentation of variables and data sources

This study used variables such as rice yield (Rriz) as 
the explained variable, and temperature variation (TV) 
and rainfall variation (RfV) measured by their standard 
deviations to represent the phenomenon of climate change 
as the explanatory variables of interest, which are also used 
by Mpabé [22] to measure the impact of climate change on 
agricultural production. The other explanatory variables are 
: the annual growth rate of the rural population (AGRRP), 
which is regularly used in the literature to assess the role of 
labor in agricultural crops such as rice [3,16] domestic credit 
granted to the private sector (DCGPS) to finance inputs and 
phosphate fertilizer (PF) used for agricultural purposes, 
which represents an important element in improving soil 
fertility impacting rice yield [4,5].

Data on temperatures (in degrees Celsius) and monthly 
rainfall in the North and Far North regions of Cameroon 
are taken from the Work Bank Group Climate Change 
knowledge Portal database, and the standard deviations of 
each variable are calculated. Data on rice yields (RY) in Hg/
ha converted to tonnes per hectare with reference to SEMRY 
data, and phosphate fertilizer inputs (in tonnes) are taken 
from the statistical database of the United Nations Food and 
Agriculture Organization (FAOSTAT). Data on the annual 
growth rate of the rural population (AGRP) and domestic 
credit granted to the private sector (DCGPS) are taken from 
the World Bank database (World Development Indicator). 
The study period extends from 1975 to 2021, which is long 
enough to perform a long-term analysis. In order to make the 
right choice of model, it is important to review the stationary 
test for the series of variables presented.

Variables Trend and Constant Stationary at level Stationary in first difference Order of integration
RY Significant non Yes I(1)

RfV Significant yes (with trend) // I(0)

TV Significant Yes (with constant) // I(0)

PF Significant Non Yes I(1)

AGRRP Significant Yes // I(0)

DCGPS Non significant Non Yes I(1)

Source: Authors, based on estimates by Eviews 10

Table 1: Augmented Dickey-Fuller stationarity test for variables.
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includes the determination of the co-integration test steps of 
Pesaran et al. [1] on the one hand, and the short- and long-
term dynamics enabling the study of the dynamic influence 
of variations in climate elements and other variables on rice 
yield in the northern zone of Cameroon on the other.

Co-integration test by pesaran et al. [1]
*Optimal offset and ARDL model estimation (p p' q r s u) 

Akeike's information criterion was used to select the 
optimal ARDL model, the one offering statistically significant 
results with the least parameters. The graph used to select this 
optimal model is shown below.

As can be seen, the ARDL model (4,4,4,0, 4,3) is the most 
optimal of the 19 presented, offering the lowest Akeike value 
(1.82) and statistically significant results. The estimation 
results for the selected optimal ARDL model are therefore 
shown in Appendix Table 2. 

Before commenting on the estimation results for the 
coefficients in Table 3, it is important to carry out the 
robustness tests first, namely the white noise test (Ljung_Box 
Q-statistic), the error autocorrelation test (Breush-Godfrey), 
the heteroscedasticity test (Breush-Pagan-Godfrey), the 
error normality test (Jarque-Bera) and the specification test 
(Ramsey RESET Test and CUSUM of square). The purpose 

are integrated in different orders, making it ineffective to use 
Engle and Granger's co-integration test and Johansen's test 
(which require the same order of variable integration) ; (2) 
the application of Pesaran et al. [1] bounds co-integration 
test, which remains the basis of the ARDL model [40] would 
provide long-term relationships between rice yield and 
variations in rainfall, temperature and other variables.

In general form, this ARDL model (p p' q r s u) in this 
study is therefore as follows:

R r i z t = φ + + +
+

 +εt ; With t= (1975, 1976, 1977,......,2021) 
represents the sample, εt= measurement error at period t,  
φ= model constant, αi= coefficients of lagged rice yield values, 
β1j, β2l, β3m, β4n, β5z are respectively the coefficients of 
the variables rainfall variations, temperature variations, 
phosphate fertilizer supply, the annual growth rate of the rural 
population and domestic credit granted to the private sectors 
as well as their lagged values.

Presentation and Discussion of Results
Presentation of results

The presentation of the ARDL model estimation results 

Source: Authors, estimation by Eviews 10
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Figure 1: Selection of the top 20 models according to Akaike.
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of the white noise test is to check whether the residuals 
between the observed values and the values estimated by the 
model behave like white noise. At the end of this test, graph 3 
in the appendix shows that, whatever the lag k among the 20 
lags, the probability of the test is always greater than 0.05 and 
that the terms of the correlograms are contained in the two 
corridors (the first corridor is associated with autocorrelation 
and the other with partial autocorrelation). We can conclude 
that the estimation errors are white noise. The results of the 
diagnostic tests are summarized in Table 2 below.

The results of the Co-integration test at the bounds confirm 
the existence of a Co-integration relationship between the 
variables (as the value of F-stat is greater than that of the 
upper bound even at 1% : 4.47>4.15). The existence of a 
Co-integration relationship makes it possible to estimate the 
short- and long-term effects between variations in annual 
rainfall, variations in annual temperature, phosphate fertilizer 
input and population growth rate and rice yield.

Short-term dynamics, the adjustment coefficient and long-
term coefficients

* Short-term coefficients and adjustment coefficient

Test hypothesis Test Statistical 
value Probability

Error 
autocorrelation

Breush-Godfrey 
(serial correlation 

LM test)
2.032984 0.1634

Heteroscedasticity Breush-Pagan-
Godfrey 0.885245 0.6160

Error normality Jarque-Bera 1.897516 0.387222

Specification Ramsey (Fisher) 2.128618 0.1628

Source: Authors, based on our calculations

Table 2: Model robustness test results.

Looking at all these tests, we note that the null hypotheses 
of error autocorrelation (Breush-Godfrey: serial correlation 
LM test) and heteroscedasticity (Breush-Pagan-Godfrey) 
are rejected. This means that in the estimated model, the 
errors are neither autocorrelated nor heteroscedastic (they 
are homoscedastic). The Jarque-Bera hypothesis of error 
normality is accepted, as its probability is greater than 5%. The 
model is well specified (by the Ramsey test, the probability 
of the Fisher statistic is greater than 5%). In short, the results 
of the various diagnostic tests lead to the validation of the 
ARDL model (4,4,4,0,4,3,). Although the estimated ARDL 
model is robust, it does not directly allow for immediate 
effects (short-term dynamics) or long-term effects. For this 
reason, it is recommended to perform the Co-integration test 
to see if rice yield is influenced by variations in rainfall and 
temperature, as well as by other variables. 
** Co-integration test at bounds (Pesaran et al. [1]) and 
short- and long-term relationships (coefficients)

Source: Authors, based on our calculations

F-Bounds Test Null Hypothesis: No levels 
relationship

Test Statistic Value Signif. I(0) I(1)

F-statistic   4,470090 10%   2.08 3

K 5

5%   2.39 3.38

2.5%   2.7 3.73

1%   3.06 4.15

Table 3: Co-integration test at buns (Fisher)

Source: Auteurs, estimation by Eviews 10
Note: ***, ** and * represent significance at 1%, 5% and 10%  
respectively.

ECM Regression

Case 2: Restricted Constant and No Trend

Variables Coefficient Std. 
Error t-Statistic Prob.   

D(RY(-1)) -0.240573* 0.134675 -1.786322 0.0909

D(RY(-2)) 0.464740*** 0.135678 3.425323 0.003

D(RY(-3)) 0.543019*** 0.139146 3.902515 0.001

D(RfV) -0.036414*** 0.009428 -3.862222 0.0011

D(RfV(-1)) 0.055442*** 0.012027 4.609594 0.0002

D(RfV(-2)) 0.054883*** 0.01118 4.908944 0.0001

D(RfV(-3)) 0.030505*** 0.007901 3.860651 0.0011

D(TV) 0.618888 0.426636 1.450623 0.1641

D(TV(-1)) 1.417412** 0.59405 2.386015 0.0282

D(TV(-2)) 1.129923* 0.575293 1.964082 0.0652

D(TV(-3)) 1.330270*** 0.439554 3.026409 0.0073

D(AGRRP) -2.418611* 1.373004 -1.761547 0.0951

D(AGRRP(-1)) 1.989383 1.233165 1.613233 0.1241

D(AGRRP(-2)) -0.440503 0.650629 -0.677042 0.507

D(AGRRP(-3)) -2.887224*** 0.624366 -4.624248 0.0002

D(DCGPS) 0.094748** 0.034738 2.727468 0.0138

D(DCGPS(-1)) 0.051492 0.036752 1.401053 0.1782

D(DCGPS(-2)) -0.111806*** 0.037582 -2.97499 0.0081

CointEq(-1)* -0,730888*** 0,113155 -6.459167 0

R-squared 0,799573     Mean dependent 
var -0,027896

Adjusted 
R-squared 0,649253     S.D. dependent var 0,757751

Table 4: Sho variations in rainfall, temperature and other variables. 
rt-run coefficients and recall force.
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In absolute terms, the adjustment coefficient is 0.730888, 
which means that we manage to adjust 73% of the imbalance 
between the desired level and the actual level of rice yield in 
the face of climatic hazards (specifically rainfall variations) 
and the annual growth rate of the rural population. The speed 
of adjustment would therefore be good in the relationship 
process following a shock from the previous year. In the short 
term (during the current year), for example, a 10% increase in 
rainfall variation causes a 3.6% drop in rice yield in northern 
Cameroon. 

Cameroon. In a similar vein, Godom and Numba [41] used a 
VAR model to show that violent increases in rainfall have a 
negative impact on rice yields in Cameroon. However, these 
studies have difficulty in measuring both short- and long-term 
effects at the same time. This study addresses the limitations 
of the studies by Antu et al. [13] and Godom and Numba [41] 
by identifying the short- and long-term effects on rice yields 
in the north and far north of Cameroon.

Temperature variations during the rainy season had no 
impact on rice yields in the northern zone of Cameroon, 
either in the short or long term. These results may indicate 
that, in this study area, variations around mean temperatures 
during the rainy seasons are negligible, and are justified by 
: (1) contractions in wet-season temperature variations of 
around 0.18 (see TV standard deviation in Appendix Table 1) 
are extremely low; (2) rice can manage the average of these 
variations, which is 1.75 (see TV average in Appendix Table 
1), since beyond certain thresholds, temperature remains 
indispensable in improving rice yield [42]. With regard to 
the other variables taken into account in our study, only the 
variable annual growth rate of the rural population (AGRRP) 
shows significant impacts in the short and long term. However, 
it should be pointed out that these impacts are respectively 
negative and positive in the short and long term. The negative 
short-term impact means that the increase in rural population 
is not immediately beneficial for rice growing, but it will be 
in the future [43-61]. This is due to the contraction of the rice-
growing workforce as a result of the increasing rural exodus: 
an increase in population is therefore needed to reinforce this 
workforce.

Conclusion and Recommendations
The aim of this study was to determine the effects of 

climate change on rice yields in the far north of Cameroon. In 
the literature, three approaches are generally used to study the 
effects of climate change on agricultural crops: the approach 
based on agro-climatic indices, crop simulation models 
based on climate models or crop models and statistical or 
econometric models. Statistical or econometric models are 
used to assess the impact of climate change under farmers' 
actual conditions, taking into account simultaneously all 
factors likely to influence agricultural production or yields 
[25]. Thus, given the statistical and econometric characteristics 
of the variables (RY, RfV, TV, PF, AGRRP and DCGPS), 
revealing that they are not integrated of the same order, we 
opted to use the cointegration test of Pesaran et al. [1], using 
ARDL modelling to estimate the short- and long-term effects 
of climate change on rice yield over the period 1975-2021.

 The results of this study showed that : (1) variations in 
rainfall have negative short- and long-term impacts on rice 
yield ; (2) temperature variation in the far north of Cameroon 
during the rainy season has a low amplitude (0.18) and shows 
no impact in the short or long term, although it does have 

Variables Coefficient Std. Error t-Statistic Prob.   
RfV -0.114262*** 0.033539 -3.406838 0.0031

TV -3.768378 2.308106 -1.632671 0.1199

PF 0.000012 0.0000616 0.194487 0.848

AGRRP 3.140524** 1.208283 2.599162 0.0181

DCGPS 0.033924 0.030003 1.130702 0.273

C 11.34509* 6.269947 1.80944 0.0871

Source: Auteurs, estimation by Eviews 10
Note: ***, ** and * represent significance at 1%, 5% and 10% 
respectively

Table 5: Long-term estimation results.

As in the short term, the long-term coefficient of the 
variable variation in rainfall retains the same sign while 
remaining statistically significant even at 1%, and that of the 
growth rate of the rural population remains significant at 5%, 
but with the opposite sign to the short-term coefficient. On 
the other hand, the coefficients of the variables temperature 
variation, phosphate fertilizer input and credit granted to 
the private sector are insignificant even at 10% in the long 
term. The results obtained in the short and long term should 
therefore be discussed before concluding the study.

Discussion
Considering the results observed above in the short and 

long term, it must first be said that rainfall variations in the far 
north of Cameroon have negative short- and long-term effects 
on rice yields. This is shown by the fact that a variation of 
around 10% in rainfall results in rice yield decreases of 
around 3.6% and 1.14% respectively in the short and long 
term. Ajavon et al. [28] found similar results when studying 
the effects of climate change on rice production in Benin, and 
showed that changes in rainfall and humidity negatively affect 
rice production in the short and long term, using the ARDL 
model. These results confirm the theory that "rice cultivation 
requires a certain amount of rainfall, i.e. large quantities of 
water are needed to satisfy rice vegetative growth" mentioned 
in Brigitte Courtois' [6] studies, but without strong variations, 
as Antu et al. [13] showed from an analysis of coefficients of 
variation that variations in temperature and rainfall negatively 
affect rice production in the Ndop marsh in north-western 
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positive and negative coefficients in the short and long term ; 
(3) the rate of rural population growth has a negative impact 
on rice yield in the short term and a positive impact in the 
long term. In view of these results, it is important that farmers 
become aware of the negative dynamic effects of climate 
change on rice cultivation and apply more advanced rice-
growing methods to resilience.
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Appendices

  R RfV TV PF AGRRP DCGPS
 Mean  2,458450  69,67894  1,754468  8313,682  1,598894  16,20762

 Median  2,336600  69,13000  1,760000  7656,000  1,549000  14,50000

 Maximum  5,466800  99,98000  2,140000  17314,54  2,235000  31,24000

 Minimum  1,000000  38,47000  1,400000  2171,000  0,714000  5,938000

 Std. Dev.  1,325384  12,05468  0,182171  3634,634  0,299179  7,965213

 Skewness  0,634568 -0,104068  0,303585  0,510030 -0,418220  0,478131

 Kurtosis  2,230853  3,640971  2,502534  2,788420  3,835210  1,816270

 Jarque-Bera  4,312820  0,889406  1,206584  2,125353  2,736200  4,534818

 Probability  0,115740  0,641015  0,547008  0,345530  0,254590  0,103580

 Sum  115,5472  3274,910  82,46000  390743,1  75,14800  761,7580

 Sum Sq. Dev.  80,80559  6684,499  1,526562  6,08E+08  4,117376  2918,452

 Observations  47  47  47  47  47  47

Source: Authors, based on our estimates by Eviews 10

Table 1: Descriptive statistics for variables.

Dependant variable: RY 

Variable Coefficient Std. Error t-Statistic Prob.*  

RY(-1)
RY(-2)
RY(-3)
RY(-4)

0.028539
0.705313***
0.078280
-0.543019***

0.174967
0.183538
0.181874
0.182857

0.163111
3.842881
0.430407
-2.969637

0.8722
0.0012
0.6720
0.0082

RfV
RfV(-1)
RfV(-2)
RfV(-3)
RfV(-4)

-0.036414***
0.008343
-0.000559
-0.024378**
-0.030505***

0.012110
0.011979
0.010984
0.010203
0.010438

-3.006894
0.696431
-0.050921
-2.389171
-2.922515

0.0076
0.4951
0.9599
0.0280
0.0091

TV
TV(-1)
TV(-2)
TV(-3)
TV(-4)
PF

0.618888
-1.955738***
-0.287489
0.200346
-1.330270**
8.76E-06

0.557143
0.613082
0.640314
0.633837
0.627753
4.58E-05

1.110825
-3.190009
-0.448981
0.316085
-2.119097
0.191286

0.2813
0.0051
0.6588
0.7556
0.0482
0.8504

AGRRP
AGRRP(-1)
AGRRP(-2)
AGRRP(-3)
AGRRP(-4)

-2.418611
6.703365**
-2.429887
-2.446721*
2.887224***

1.788632
2.675911
1.942050
1.192357
0.781039

-1.352213
2.505078
-1.251197
-2.052003
3.696645

0.1931
0.0221
0.2269
0.0550
0.0017

DCGPS
DCGPS(-1)
DCGPS(-2)
CDASP(-3)

0.094748*
-0.018462
-0.163298**
0.111806**

0.048758
0.071537
0.072609
0.046405

1.943217
-0.258073
-2.249015
2.409362

0.0678
0.7993
0.0373
0.0269

C 8.291990* 4.048445 2.048192 0.0554

R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob (F-statistic)

0.938316
0.856071
0.518194
4.833458
-14.02314
11.40878
0.000001

    Mean dependent var
    S.D. dependent var
    Akaike info criterion
    Schwarz criterion
    Hannan-Quinn criter.
    Durbin-Watson stat

2.517992
1.365900
1.815030
2.838983
2.192632
1.972593

Source: Authors, based on our estimates by Eviews 10
Note: ***, ** and * represent significance at 1%, 5% and 10% respectively).

Table 2: Estimation of ARDL model coefficients (4,4,4,0,4,3).
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Graph 1: Trends in rice yields, temperature variations and annual rural population growth.
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Graph 2: Trends in domestic credit granted to the private sector and variations in rainfall.
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