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Abstract

Food availability has become a tangible issue in the face of the prevailing threat of food insecurity. Wheat production is
leading significant role to concerns over the country's ability to meet its food needs. In the current study, modified Cobb-
Douglas regression model is developed using machine learning model (MLM), which is not developed earlier. MLM is
integrate with traditional statistical model (TSM) for multiple linear regression (MLR) with the aims to identify significance of
agronomical constrains (factors) for wheat production in Pakistan. The secondary data of crop cut experiments is collected
from the Crop Reporting Service (CRS). Python’ key library (Scikit Learn) is used to analyze the experiment. The MLM is
applied using 80% and 20% randomized partition. The MLM performed better than TSM for MLR. To find the better model,
Cobb-Douglas regression is applied using the MLM and TSM for the same dataset. MLM is applied for the train dataset.
Highest R? and lowest MSE and MAE found for Cobb-Douglas regression using MLM, comparing with TSM. The modified
Cobb-Douglas regression using MLM found better fitted model. There is positive but insignificant relation exist for urea, water
and adoption of new varieties trends. The harvesting and sowing period shows positive and significant relation, while DAP,
other fertilizers, spray pest and soil type shows positive and highly significant relation against wheat productivity. This study
can provide deep insights the productivity enhancement practices and can lead to layout the effective strategies to enhance
wheat production with the aim to ensure the food availability.
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Introduction

The Cobb-Douglas production function (regression) is
tested as a statistical model base theory by Charles Cobb
and Paul Douglas (Cobb & Douglas, 1928; Biddle, 2012a).
The Cobb-Douglas production function is a functional
form of factors used to explore the relation between the
two or more factors (inputs) and the response (output), and
that response is produced by these inputs factors (Cobb &
Douglas, 1928). In 1927, Paul Douglas and Charles Cobb
presented the papers entitled "A Theory of Production™ in
which they proposed the Cobb-Douglas production
function (regression) as a mathematical relationship for
the independent variable (inputs) and output (response) and
they estimated its coefficients using the functional form of
the least squares regression (Cobb & Douglas, 1928;
Berndt & Christensen, 1973; Biddle, 2012b; Tarab, 2014;
Laitsou et al., 2017; Khan et al., 2021). Machine learning
algorithms is powerful tool of artificial intelligence (Al)
applied to extract meaningful information inside from the
dataset (Mahesh, 2020; Nazarathy & Klok, 2021; Islam &
Shehzad, 2022a). Arthur Samuel, a pioneer in machine
learning, defined machine learning in 1959 as: “field of

study that gives computers the ability to learn without being
explicitly programmed” (Park et al., 2018; Mahesh, 2020;
Shehzad et al., 2023). In current study efforts are made to
construct the modified Cobb-Douglas Regression model using
machine learning algorithms which is not developed earlier.

Why wheat crop is being studied

Food and Agriculture Organization (FAO) reported that there
are more than eighty countries around the world are producing
wheat crop (Kashish Rastogi, 2022). The International Grains
Council reported that in the world, wheat production is reached
to 770 million tonnes in 2022-2023, comparing with the 781
million tonnes for the year 2021-2022 with the estimated
decrease of 1.40% (Stock, 2023). China is the world's largest
wheat producer, accounting 17% in the total production,
followed by India 12.5%, Russia 8.4%, USA 8.4%, France
5.4%, Canada 4.0%, Germany 3.5%, Pakistan 3.5%, Australia
3.2% and Ukraine 3.1% (Stock, 2023).

Pakistan is ranked 8" in the world in terms of wheat
production. Wheat is the 3™ most produced grain crop in the
world (Shehzad et al., 2022; Shehzad et al., 2023; Ullah et al.,
2023). Pakistan is facing severe food security concerns in spite
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of that it is an agriculture country. Food availability is one
of the essential parts for assuring the food security in
Pakistan. Global Hunger Index data 2022, reported that,
Pakistan falls under a serious level of hunger and stood at
99" positions out of the 121 countries in world (Dutta et
al., 2022). Wheat, maize and rice are the primary food
crops of Pakistan (Ali et al., 2017; Rehman et al., 2022).
Wheat crop is major staple food crop of Pakistan and it
stand 1%t among all others food crops (Shah et al., 2020;
Tusawar et al., 2021). About 37 % of the total crop area is
cultivated under the wheat crops, and about 70% of the
food production falls under the wheat crop in Pakistan
(Khan et al., 2019; Abro & Awan, 2020). On the average
125 kg, per capita wheat is consumed is Pakistan, and it is
providing the 60% of the daily food consumed (Ali et al.,
2017; Azam & Shafique, 2017; Mahmood et al., 2019).
About 80% of the farmers are sowing the wheat crop in
Pakistan (Mann et al., 2008).

Keeping in view the importance of wheat crop being a
staple food crop to attain the food sustainability, the
government of Pakistan can’t allowed its export and
import until or unless the accurate wheat production will
be determined within the country (Hagqgani et al., 2000;
Dempewolf et al., 2014; Ali et al., 2017 ). Figures provided
by the economic survey of Pakistan 2021-2022, wheat crop
is sown over 22.00 million acres area in the country, and it
is accounting 7.8% value added in agriculture and have
1.8% share in GDP of Pakistan. Sustainable wheat
production has been remained a one of the important task
of every government to avoid any adversity in order to
meet food demand of country. Any adversity or shortfall in
wheat production may lead to create the inside uncertainty
due to increase in the rates of wheat flour. The wheat
production was decreased about 2.9%, 3.9% and yield was
decreased 1.6%, 1.9% in Pakistan for the years 2018-19
and 2021-22, while our population is increasing rapidly
across the years.

There are various factor are affecting the wheat
production in Pakistan such as water scarcity, poor
irrigation facilities, un-balance used of fertilizers, un-
recommended seed rate, adverse climatic conditions, lack
of adoption of yielding seed varieties, poor knowledge and
soil variation etc. Tirfi (2022) studied the significance of
various factors affecting the barley yield in Ethiopia using
Cobb-Douglas production regression model through
statistical approach. He reported that improved seed and
fertilizer had positive and significant relation for the barley
yield, while it has moderately responsive for irrigation. The
land area had negative and insignificant relation for the
barely yield. Zhang et al. (2020) applied Cobb-Douglas
production using the statistical approach to identify the
significance of the factors affecting the corn yield in China
for the factor i.e. chemical fertilizer, planting area,
precipitation and pesticide application rates etc. They
reported that fertilizer, pesticide application rates, planting
area and precipitation had positive affect for corn yield.
Chandio et al. (2016) presented the study using Cobb-
Douglas production through statistical tools to identify the
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impact of area, water availability, fertilizer off-take and credit
disbursement for the wheat production in Pakistan. They found
that area, water availability and credit disbursement had
positive and significant affect, while the fertilizer off-take had
negative insignificant affect for the wheat production.

Pakistan is blessed by almighty “Allah” with favorable
atmospheres and apposite topography conditions with fertile
soil, which are suitable for the cultivation of wheat crop. This
study is design to integrate, and to compare the magnitude and
variation using statistical relationship between factors affecting
wheat production and its yield per acre. Sustainable agriculture
growth is needed for the progressive development of Pakistan’
economy (Anonymous., 2022; Tushaar et al., 2006).

Problem statement and objectives of the study

Pakistan is facing severe food security concerns. The
inappropriate and non-recommended use of inputs and their
levels are decreasing the crop production and productivity in
Pakistan over the years, especially when compared to top-
ranking countries and those with similar topography. Wheat
crop is important food crop of Pakistan and responsible for the
food security and food availability for the country’s food
demand. Wheat production and productivity is Pakistan has
been declining in recent years, leading to concerns over the
country's ability to meet its food needs and generate revenue
through exports, especially when compared to top-ranking
countries and those with similar topography. Wheat is a vital
crop in Pakistan, contributing significantly to food security and
to the country's economy.

The Cobb-Douglas production (regression) function is a
widely used to analyze the agronomical constrains (factors)
influencing wheat production using traditional statistical
approaches. There are variations in the importance of the
factors effecting the wheat production. This study is designed
to construct the modified Cobb-Douglas regression model
using machine learning algorithms, which is not developed
earlier with the aims to identify the agronomical constrains
(factors), that significantly affect the wheat production. This
study can provide deep insights the productivity enhancement
practices in the region, and can lead to development the
effective policies and strategies to enhance wheat production.

Materials and Methods
Data collection and identification of features

The secondary dataset of crop cut experiments (CCE), is
collected from the Crop Reporting Service (CRS) along with
different agronomical constrains from year 2019 to 2021. Data
pre-processing, a machine learning tool, is applied using the
centroid clustering scheme introduced by Islam and Shehzad
(2022b) for the 136 tehsils zones of Punjab. The python’ key
library called Scikit Learn is applied to analyze the experiment.
Wheat yield in maunds/acre is used as dependent (labeled)
variable and various agronomical features (inputs variables)
used as, urea (kg/acre), DAP (kg/acre), other fertilizers
(kg/Acre), no. of water, no. of pest spray, soil type (loamy, yes/
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no), adoption trend of advanced varieties (yes/no),
harvesting wheat crop in April, 1-20 (yes/no) and sowing
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of wheat crop in November (yes/no). Fig. 1 shows the view of
the factors used in the current study.
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Regression analysis

In the current study multiple linear regression and Cobb-
Douglas regression models are applied to endeavor the
relations between the responses (wheat productivity) and
agronomical constrains (inputs factors) using the
traditional statistical models (TSM) and machine learning
models (MLM).

Multiple linear regression (MLR) model

Multiple linear regressions are applied to endeavor the
relation between the agronomical constrain and wheat
productivity.

Yi= B+ BiXite (1)

Where "Y;" stands the response variable (wheat
productivity in Mds/Acre), "B," stands the regression
intercept, "X;" stands the agronomical constrains (inputs
variables) "B;" stands the regression coefficient of
agronomical constrains and "&" stands error term.

Cobb-Douglas production (regression) function

The Cobb-Douglas production regression function is tested
as a statistical model base theory by Charles Cobb and Paul
Douglas (Biddle, 2012a; Cobb & Douglas, 1928). The
mathematical transformation of the Cobb-Douglas
production (regression) function is as:

LNY; = By + X711 BiLNX; +Z 1ﬂ]X]+£ 2
Where "Y;" stands the response variable (wheat
productivity in Mds/Acre), "B;" stands the regression
intercept, "X;" stands the quantitative agronomical
constrains  (inputs variables), "X;" stands the binary
categorical agronomical constrains (inputs variables) "g;"
stands the regression coefficient of quantitative
agronomical constrains, "f;" stands the regression

coefficient of binary categorical agronomical constrains and
"e" stands error term.

Construction of modified Cobb-Douglas regression using
machine learning approach

A machine learning (ML) algorithm is powerful tool used to
extract meaningful information inside from the data. ML is
evolutionary extension of data science that gives the
computers, the ability to learn inside the data without being
explicitly programmed. In this study efforts are made to
construct the modified Cobb-Douglas Regression model using
ML algorithms. In machine learning whole data set are split
into two randomized partition called train and test datasets.
The train data sets used to train the model, while the test
dataset used to test the performance of model. Machine
learning model deployed for the train models. In the current
study 80% of data used as train dataset while the 20% used as
test dataset. The train model is applied with 80% randomized
partition and test model is applied with 20% randomized
partition as:

LNYytrain = Bo + Xiz1 BiytrainLNXiyerain +
Yit1BoyerainXytrain + € (3)

LNY(i)test = fo+ Zln:1 .B(i)testLNX(i)test +

Y1 BiytestX(jytest + € (4)

Where "Y;" stands the response variable (wheat productivity in
Mds/Acre) for train and test model, "B," stands the regression
intercept, "X;" stands the quantitative agronomical constrains
(inputs variables), respectively for train and test model, "X;
stands the binary categorical agronomical constrains (inputs
variables) , respectively for train and test model "g;" stands the
regression coefficient of quantitative agronomical constrains
for train model, ";" stands the regression coefficient of binary
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categorical agronomical constrains for train model, and "&"
stands error term.

Testing the significance of regression coefficients

In the current study, an alternative hypothesis (H;) is built
to test the statistical significance of regression coefficient
of various agronomical constrains for the response (wheat
productivity).

. H,;y: Significant  relation  exists  between
agronomical constraints and wheat productivity.
. Hy(;y: Insignificant  relation  exists  between

agronomical constraints and wheat productivity.

The degree of statistical significance may vary by shifting
the level of significance. For the current study, hypothesis
is tested against the 5% and 1% level of significance. The
relation considered highly significance for P-value <0.01,
significance for P-values <0.05, and insignificance for P-
values >0.05.

Evaluation  metrics and

diagnostics

approach regression

The following evolution metrics are applied to evaluate the
performance of models:

Higher value of performance score (R?) leads to
select the best model.

Lower the values mean square error (MSE) and
mean absolute error (MAE) leads to select the best model.
Normality of the error term is checked using the
graphical presentations.

The scatter plots of residual and predicted value is
used to check the constant variance.

P-value is used to test the significance of
regression coefficients.

F-statistic is applied to test the overall significant
of the model.

Durban Watson (D.W) test is applied to check the
autocorrelation.

Variance inflation factor (VIF) is used to check
the multicollinearity in agronomical constrains.

Journal of Pure and Applied Agriculture (2024) 9(1): 48-55
Results and Discussion

Integrating the performance of MLR using the MLM and
TSM

Table 1 show the comparison of MLR for MLM and TSM. The
MLR shows the performance score (R?) as 0.74 for TSM,
while for MLM, it is found as 0.80. The MSE found as 10.98
for TSM, while for MLM it is found as 0.0094. For the MLR,
highest value of performance score (R?) and lowest value of
MSE found for MLM comparing with TSM. The MLM
performed better than TSM for the MLR.

R*yimuir) > R:rsmquiry  (5)

MSEMLM(MLR) < MSETSM(MLR) (6)

This study offers support for the findings of Islam and Shehzad
(2022b) and Islam et al. (2022) regarding the superiority of
machine learning over traditional statistical models under
similar agronomical constraints. Additionally, this study
contributes by evaluating the performance of a modified Cobb-
Douglas Regression model.

Integrating the performance of Cobb-Douglas regression
model

To find the optimum model, the same dataset is further
deployed for the Cobb-Douglas regression model for the MLM
and TSM. Table 1 also depicts the comparison of Cobb-
Douglas regression for MLM and TSM. For the modified
Cobb-Douglas regression using the MLM, the performance
score (R?) found as 0.84 for train data, while for test data, it is
found as 0.50. Performance score (R?) is found as 0.80 for the
Cobb-Douglas regression using TSM. MLM is applied for the
train datasets. Comparing the performance of models, highest
value of performance score (R?) found for Cobb-Douglas
regression for MLM . ,in), cOmparing with the TSM. For the
Cobb-Douglas regression using MLM, The MSE and MAE are
found as 0.0089 and 0.0753 for the train model, while for the
test model, it is reported as 0.0117 and 0.0820. For the TSM
the MSE and MAE reported as 0.0094 and 0.760. As the MLM
is deployed for the train dataset, the lowest value of MSE and
MAE is found for the MLM, comparing with the TSM. The F-
statistics revealed the significant value. The value of Durban
Watson (D.W) test indicates there are no autocorrelation exist
in the dataset.

2 2
R Cobb—-Douglas(Train)vLm) >R Cobb—-Douglasrsp) (7)
MSECobb—Douglas(Train)(MLM) < MSECobb—Douglas(—pSM) (8)
MAECobb—Douglas(Train)(MLM) < MAECobb—DouglaS(TSM) (9)

Table 1 Comparative analysis of Cobb-Douglas Regression model

Evaluation Cobb-Douglas  regression using Cobb-Douglas regression using MLR using TSM
metrics MLM TSM
Train Model Test Model -- --
R? 0.84 0.50 0.80 0.74
MSE 0.0089 0.0117 0.0094 10.98
MAE 0.0753 0.0820 0.0760 --
D.W -- -- 1.22 --
F- Statistic -- - 11.63** -

** Depicts highly significant values
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Fig. 2 shows the learning bars for the R? and Fig. 3 shows
the learning bars for MSE and MAE. It revealed that
modified Cobb-Douglas regression using the MLM found
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optimized model as it fallows lowest values of MSE and MAE
with highest value of coefficient of determination.

B Cobb-Douglas Regression using MLM
1 - B Cobb-Douglas Regression using TSM
0.5 -
0
Coefficient of Determination

0.05 -

B Cobb-Douglas Regression using MLM
M Cobb-Douglas Regression using TSM

0 .
MSE

MAE

Fig. 2 Coefficient of determination for MLM and TSM

Regression diagnostics are checked for the residual
analysis in Fig. 4-6. Fig. 4 show the histogram with
normal curve and Fig. 5 shows the P-P plot for the
residual, and indicates that it fallows the normality. Fig. 6
depicts the scatter plot for residual and predicted values
and it depicts that error term fulfill the assumption of
constant variance. All the values of variance inflation
factor (VIF) found less than 10 and predicted that there is
no multicollinearity exists between the agronomical

Fig. 3 MSE and MAE for MLM and TSM

constrain (Table 2). Alamri and Mark (2018), Croppenstedt
(2005), and Wang et al. (2019) conducted studies similar to
this one, employing statistical models. However, this study
innovatively introduced the modification of Cobb-Douglas
using machine learning, providing evidence that machine
learning outperformed, comparing with traditional statistical
models.
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Testing the significance of regression coefficients

An alternative hypothesis (H;) is testing for the statistically
significance relationship for the use of agronomical
constrains and wheat productivity. There is positive but
insignificant (P > 0.05) relation exists between the urea
and wheat productivity. Its coefficient says that wheat
productivity increased about 0.117 Mds/Acre by a unit
increase in the application of fertilizer urea. For the DAP,
there is positive and highly statistically significant (P <
0.01) relation exists for the DAP and wheat productivity.
Its coefficient found as 0.365, which indicates that wheat
productivity increased about 0.365 Mds/Acre by a unit
increase in the application of fertilizer DAP. The
coefficient of other fertilizers found positive (0.025) and

highly significant (P < 0.01), while coefficient of water found
positive (0.026) and insignificant (P > 0.05). This study
reinforces the findings made by Khan et al. (2021)
highlighting the beneficial impact of fertilizer on wheat
productivity, as indicated by coefficients of 0.1646. However,
while DAP fertilizer demonstrated a significant positive effect,
the analysis suggests that urea and other fertilizers may have a
positive impact but lack statistical significance. The same
conclusions drawn by Islam et al. (2021) that coefficient of
spray pest and soil found positive and highly significant (P <
0.01). For the adoption of new varieties trends, regression
coefficient reported as 0.119 and it is found insignificant (P >
0.05). The coefficient of harvesting and sowing period found
positive as 0.116 and 0.29 and both found statistically
significant (P < 0.05).
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Table 2 The regression coefficient agronomical constrains and it significance

B t-statistic P-Value VIF
Constant 1.064 1.986 -- --
Urea 0.117 1.694 0.094 2.43
DAP 0.365 2.767 0.007** 1.545
Other fertilizers 0.025 2.689 0.009** 1.18
Water 0.026 0.668 0.506 2.124
Spray pest 0.027 2.964 0.004** 1.128
Soil type 0.256 5.772 0.000** 1.12
Adoption of advanced varieties 0.119 1.486 0.141 1.36
Harvest in April 0.116 2.466 0.016* 1.974
Sow in November 0.29 2.455 0.016* 1.205

*depicts significant values; **depicts highly significant values

Conclusion

Food availability has become a tangible issue in the face of
the prevailing threat of food insecurity. Wheat crop is
significantly contributing to food availability concerns in
Pakistan. The non-recommended levels of inputs are
reducing crop production and productivity in Pakistan over
the years, particularly when compared to leading countries
and those with similar topography. This study is designed
to construct the modified Cobb-Douglas regression using
machine learning model (MLM), which is not developed
earlier. MLM is integrated with traditional statistical model
(TSM) for multiple linear regression (MLR), to identify the
various  agronomical  constrains  (factors),  which
significantly affected the wheat production in Pakistan.
The secondary data of crop cut experiments is collected
from the Crop Reporting Service for various agronomical
features (inputs variables) and the python’ key library
(Scikit Learn) is applied to analyze the experiment. The
MLM train model is applied using 80% randomized
partition and MLM test model is applied using 20%
randomized partition of dataset. The MLM outperformed
the TSM in the MLR, as it achieved the highest R2 value
and the lowest error. To search the optimum model, the
same dataset is deployed for the Cobb-Douglas (C-D)
regression using MLM and TSM. MLM is applied for train
model. When comparing the models' performance, the
Cobb-Douglas regression for MLM ¢4, Showed  the

highest R2 values and the lowest MSE, outperforming the
TSM. The modified Cobb-Douglas regression using the
MLM found better fitted model. The statistically
significance is tested using alternative hypothesis for wheat
productivity against various agronomical constrains. There
is positive but insignificant relation exist for wheat
productivity against urea, water and adoption of new
varieties trends. The harvesting and sowing period shows
positive and significant relation for wheat productivity.
The positive and highly significant relation exists for wheat
productivity against DAP, other fertilizers, spray pest and
soil type. This study can provide deep insights the
productivity enhancement practices and can lead to layout
the effective strategies to enhance wheat production with
the aim to ensure the food availability.
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