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Article
Climate-Smart Agriculture: Optimizing Input

Allocation for Sustainable Productivity

Samidh Pal

University of Warsaw, Faculty of Economic Sciences; s.pal@uw.edu.pl; Tel.: +48-739208837

Abstract: Climate change poses significant challenges to agricultural productivity and
sustainability. This paper proposes a novel approach to address these challenges through the
integration of weather variables into a modified Novel production function model. The model,
which includes temperature, precipitation, and humidity alongside traditional inputs such as
capital and labor, aims to optimize input allocation for sustainable productivity in agriculture. The
paper explores the implications of climate-smart agricultural practices on efficiency gains and
environmental impacts. Through an advanced ML model, Indian state-wise parameters were
estimated for key agricultural states in India: Haryana, Gujarat, Uttar Pradesh, Punjab, Bihar, and
West Bengal. The results revealed consistent patterns, indicating a significant emphasis on the
composite input (K, L) and a lesser impact of climate variables (T, P, H) on output. Notably,
humidity (H) emerged as a significant predictor of Gross Value Added (GVA) across these states.
Econometric tests provided further insights, indicating moderate model fit with R-squared of 0.69
and adjusted R-squared of 0.48. While Mean Squared Error (MSE) values were relatively high,
suggesting some variance between predicted and actual GVA, the study identified humidity (H) as
a significant factor affecting agricultural productivity. P-values highlighted H's significance, while
other variables—GFCF, LABOUR, T, and P—were not considered significant predictors. These
findings have several policy implications, emphasizing the need for enhanced data collection,
climate-resilient agricultural policies, and continued investment in research. The study contributes
to the understanding of climate-smart agriculture, providing insights for informed decision-making
towards resilient and productive agricultural systems in the face of climate change challenges.

Keywords: climate-smart agriculture; weather variables; production function model; sustainability;
agricultural productivity

Introduction

Climate change is increasingly recognized as a significant threat to global agricultural systems,
affecting crop yields, water availability, and soil health. In response to these challenges, there is a
growing interest in climate-smart agriculture, which aims to optimize agricultural practices for both
productivity and sustainability. This paper presents a novel approach to climate-smart agriculture
by integrating weather variables into a modified production function model. The model allows for
the optimization of input allocation, considering temperature (T), precipitation (P), and humidity (H)
alongside traditional inputs such as capital (K) and labor (L).

Literature Review

Prior research underscores the significance of integrating weather variables into agricultural
production models. For instance, (Smith, 2017) demonstrated the direct impact of temperature on
crop growth rates, highlighting the critical role of climate factors in agricultural outcomes.
Additionally, (Jones and Brown, 2019) explored the intricate relationship between precipitation
patterns and agricultural yields, shedding light on the importance of precipitation variability in crop
production.
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Despite these valuable contributions, there remains a gap in the literature regarding the
integration of weather variables into a comprehensive production function model to optimize input
allocation. This study seeks to bridge this gap by developing an advanced model that incorporates
not only traditional inputs such as capital and labor but also climate variables including temperature,
precipitation, and humidity. By considering this holistic approach, the research aims to provide a
nuanced understanding of the complex interplay between agricultural inputs and climate factors,
thus contributing to the advancement of climate-smart agriculture practices.

Methodology

The model used in this study is an extension of the Novel nested production function (Pal, 2023)
model:
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The above production function model [1], incorporating weather variables:
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where:

V: Gross value added

A: Total factor productivity

K: Gross capital formation in agriculture
L: Labor wages in agriculture

T: Temperature

P: Precipitation

H: Heat

Mathematical Proof of Extended Function with Climate Variables

To prove the extended production Function (2) is mathematically derived from the original
Function (1), we will start with the original function and introduce the additional factors: T, P, and H
into the Equation (1). Then Combine Terms with Common Exponents.

Parameter Interpretations

o p (Elasticity of Substitution between Inputs):

e  When,p = 1, inputs are perfect substitutes, allowing for efficient allocation between capital and
labor.

p1 (Elasticity of Substitution between Climate Variables and Inputs):

When,p; = 1, climate variables (T, P, H) are perfectly substitutable for traditional inputs.

6 (Weight of Composite Input):

Higher § values indicate a greater emphasis on the composite input in determining output.
8; (Weight of Climate Variables):

Higher §; values imply that climate variables have a greater impact on output. To implement
this model we use python code. [See: Appendix: A] The code implements the Climate Smart
Agriculture Extended Model using Random Forest regression to analyze agricultural data. It
calculates parameters such as rho_1, tho, delta_1, delta_2, delta_3, and delta_4, evaluates the
model’s performance, conducts econometric tests, and provides detailed interpretations and
visualizations of the results.

e o o o o o

Data Collection

Challenges in Collecting State-Wise Agricultural Data in Developing Countries
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1. Fragmented Data Sources:

e  Agricultural data in developing countries often come from a variety of sources, including
government agencies, research institutions, and private entities. These sources may not
always align in terms of methodologies, definitions, and reporting formats.

e  Each state or region may have its own data collection systems, leading to fragmented and
inconsistent data across different areas.

2. Limited Infrastructure:

e  Developing countries may lack the necessary infrastructure for robust data collection. This
includes insufficient technological resources, such as data management systems and
digital recording methods.

e Inrural areas, where much of the agricultural activity occurs, access to technology and
internet connectivity may be limited, hampering data collection efforts.

3. Data Quality and Accuracy:

e  The quality and accuracy of agricultural data can be compromised due to various factors,
such as errors in data entry, incomplete reporting, and lack of standardized measurement
practices.

e Insome cases, data may be outdated or based on estimates rather than actual
measurements, leading to inaccuracies in the reported figures.

4. Limited Institutional Capacity:

¢  Many developing countries face challenges in building and maintaining strong
institutions responsible for data collection and management.

e  Capacity constraints in terms of skilled personnel, training programs, and financial
resources can affect the ability to collect, process, and analyze data effectively.

5. Heterogeneity of Agriculture:

e  Agriculture in developing countries is often diverse, with varying farming practices,
crops, and livestock across different regions.

e  Collecting data that accurately represents this heterogeneity requires detailed and
localized information, which can be challenging to obtain uniformly across states.

6. Data Accessibility and Transparency:

e Access to agricultural data, particularly at the state level, may be restricted or not readily
available to the public. Lack of transparency in data sharing can impede research, policy-
making, and accountability.

e  Without open access to data, researchers, policymakers, and stakeholders may struggle to
validate findings or conduct independent analyses.

7. Cost and Resource Constraints:

° Collecting, processing, and maintaining agricultural data is resource-intensive.

e  Developing countries may face budgetary constraints that limit the scope and frequency
of data collection activities.

e Conducting surveys, field visits, and data verification processes require financial
resources and logistical support, which may be limited.

The endeavor to gather state-wise agricultural data in developing nations such as India emerges
as a multifaceted challenge, demanding a unified endeavor from diverse stakeholders. The task at
hand necessitates a meticulous addressal of issues surrounding data quality, infrastructural
limitations, institutional capacity, and transparency. This concerted effort serves as a pivotal stride
towards acquiring reliable and comprehensive datasets. The surmounting of these formidable
challenges holds profound significance for evidence-based policy formulation, the progression of
scholarly inquiry, and the cultivation of sustainable agricultural landscapes within burgeoning
economies.

Despite the magnitude of this undertaking, we embarked on an arduous journey to manually
procure data from disparate sources, meticulously curating a foundation for this unique realm of
research practice. Through persistent dedication and rigorous effort, we assembled these diverse
datasets, laying the groundwork for our scholarly pursuit into the intricate dynamics of climate-smart
agriculture.
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4
Results and Discussion
Table 1. Climate Smart Agriculture Extended Model Results.
State-wise Parameters:
STATE rho_1 rho delta delta_1l delta_2 delta_3 delta_4
0 Haryana 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
1 Gujrat 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
2 UttarPradsh 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
3 Pujab 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
4 Bihar 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
5 WstBgal 0.781899 0.029673 0.781899 0.022492 0.138727 0.027209 0.977508
Econometric Tests:
Mean Squared Error (MSE): 198098717377857.38
R-squared: 0.6941557203967685
Adjusted R-squared: 0.4756955206801746
P-values:
GFCEF: 0.9999963085883603
LABOUR: p-value = 0.9999 (Not Significant)
T: p-value = 0.3260 (Not Significant)
H: p-value = 0.0365 (Significant)
P: p-value = 0.9997 (Not Significant)
Sources: Calculated by Author from self manually collected agricultural data from different sources.
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Figure 1. Comparative study of Residuals. Sources: Calculated by Author from self manually
collected agricultural data from different sources.

Discussion
State-Wise Parameters

The Climate Smart Agriculture Extended Model was applied to state-wise agricultural data for
Haryana, Gujarat, Uttar Pradesh, Punjab, Bihar, and West Bengal. The model estimated the following
parameters:

p1: The elasticity of substitution between climate variables (T, P, H) and traditional inputs (K, L).
The values ranged from 0.78 to 0.78, indicating a moderate substitutability between climate variables
and traditional inputs.
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p: The overall elasticity of substitution between all inputs. The values were uniformly low,
around 0.03, suggesting that inputs are not perfect substitutes but can be adjusted to achieve efficient
allocation.

d: The weight of the composite input in determining output. Consistent values of 0.78 were
observed across states, indicating a significant emphasis on the composite input in the production
process.

8;: The weight of climate variables (T, P, H) in determining output. Similar values of 0.02 were
found for all states, suggesting a relatively low impact of climate variables on output compared to
traditional inputs.

03, 03, 8,: These parameters also showed uniform values across states, indicating consistent
patterns in input allocation and the influence of climate variables.

The state-wise parameter estimates provide insights into the agricultural production systems of
these regions. The relatively high values of delta indicate that these states place significant
importance on the composite input (K, L) in their production processes. However, the low values of
delta_6;suggest that climate variables have a lesser impact on agricultural output compared to
traditional inputs.

Econometric Tests

The model’s performance was evaluated through econometric tests:

Mean Squared Error (MSE): The MSE values were quite high, indicating some level of variance
between predicted and actual GVA values. This could be attributed to the complexity of agricultural
systems and the numerous factors influencing output.

R-squared: The R-squared value of 0.69 indicates that the model explains approximately 69% of
the variance in the data. While this is a moderate fit, it suggests that there are other factors not
captured by the model.

Adjusted R-squared: The adjusted R-squared value of 0.48 considers the model’s complexity and
penalizes for additional variables. It indicates that around 48% of the variance is explained by the
model after accounting for its complexity.

P-values

P-values were calculated for each variable to assess their significance in the model:

GFCF (Gross Capital Formation): The p-value of 0.9999 indicates that GFCF is not a significant
predictor of GVA.

LABOUR (Labor Wages): The p-value of 0.9999 suggests that LABOUR is also not a significant
predictor.

T (Temperature): With a p-value of 0.3260, T is not considered significant in predicting GVA.

H (Humidity): The p-value of 0.0365 indicates that H is a significant predictor of GVA.

P (Precipitation): P has a p-value of 0.9997, suggesting it is not significant in predicting GVA.

These results highlight the role of humidity (H) as a significant factor affecting agricultural
productivity in the studied states. It indicates that variations in humidity levels have a discernible
impact on agricultural output.

Conclusion

In conclusion, the Climate Smart Agriculture Extended Model incorporating weather variables
provides valuable insights into input allocation and productivity in agriculture. The state-wise
parameter estimates reveal consistent patterns across states, with a notable emphasis on the
composite input (K, L) and a lesser impact of climate variables (T, P, H) on output.

The econometric tests indicate that while the model explains a moderate portion of the variance
in GVA, there are other unaccounted factors influencing agricultural productivity. Humidity (H)
emerges as a significant predictor, emphasizing the need to consider weather variables in agricultural
planning and management.

Policy Implications
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Based on the findings, several policy implications can be suggested:

Enhanced Data Collection: Addressing the challenges in state-wise agricultural data collection,
as highlighted in this study, is crucial. Investments in technology and infrastructure can improve data
quality, accessibility, and transparency.

Climate-Resilient Agriculture: Policies should promote climate-smart agricultural practices that
consider the impact of weather variables. Training programs and incentives can encourage farmers
to adopt practices that mitigate the effects of temperature, precipitation, and humidity fluctuations.

Investment in Research: Further research into the complex interactions between inputs, climate
variables, and agricultural productivity is essential. Funding support for interdisciplinary studies can
lead to innovative solutions for sustainable agriculture.

In conclusion, the study underscores the importance of integrating weather variables into
agricultural models for informed decision-making. By understanding the nuanced relationships
between inputs and climate factors, policymakers can formulate effective strategies for resilient and
productive agriculture in the face of climate change challenges.

This academic research contributes to the growing body of knowledge on climate-smart
agriculture and its implications for sustainable productivity.
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Appendix A
Python Code:
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import geopandas as gpd

from sklearn.ensemble import RandomForestRegressor

from sklearn.model_selection import train_test_split

from sklearn.metrics import r2_score
from sklearn.linear_model import LinearRegression

import seaborn as sns
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file_path =
data = pd.read_excel(file_path)

columns = ['GFCF’, ‘LABOUR’, “T’, ‘H’, ‘P’, ‘'STATE’, "‘GVA’]

df = data[columns]

X = df[['GFCF’, 'LABOUR, ‘T, ‘H’, 'P']]
y = df['GVA’]

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

model = RandomForestRegressor(n_estimators=100, random_state=42)
model.fit(X_train, y_train)

df['Predicted_GVA’] = model.predict(df[['GFCF’, 'TLABOUR’, ‘T, “H’, ‘P’]])

rho_1 = model.feature_importances_|[2]
rho = model.feature_importances_[1]
delta_1 = model.feature_importances_[3]
delta_2 = model.feature_importances_[0]
delta_3 = model.feature_importances_[4]
delta_4=1 - delta_1

parameters_df = pd.DataFrame({
‘STATE": df['STATE’].unique(),
‘rho_1":rho_1,
‘rho’: rho,
‘delta’: model.feature_importances_[2],
‘delta_1’: delta_1,
‘delta_2’: delta_2,
‘delta_3’: delta_3,
‘delta_4’: delta_4
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df_merged = pd.merge(df, parameters_df, on="STATE")

Im = LinearRegression()
Im.fit(X_train, y_train)

y_pred = Im.predict(X_test)
residuals =y_test - y_pred
mse = np.mean(residuals**2)

r_squared =r2_score(y_test, y_pred)

n = len(X_test)

p = X_test.shape [1]

adjusted_r_squared =1 - (1 - r_squared) * (n-1)/(n-p-1))

from scipy.stats import t
p_values =2 * (1 - t.cdf(np.abs(lm.coef_) / np.sqrt(mse), n - p - 1))

fig, axes = plt.subplots(1, X.shape [1], figsize=(15, 5))

for i, col in enumerate(X.columns):
sns.scatterplot(x=X[col], y=residuals, ax=axes][i])
axes[i].set_xlabel(col)

i].set_ylabel(‘Residuals’)

axes

[i]
axes|i].axhline(y=0, color="r’, linestyle="--")
[i]

axes|i].set_title(f'{col} vs Residuals’)

plt.tight_layout()

Climate Smart Agriculture Extended Model Results
print(“State-wise Parameters:”)
print(parameters_df)
print(“\nEconometric Tests:”)
print(f”Mean Squared Error (MSE): {mse}”
print(f”R-squared: {r_squared}”)
print(f” Adjusted R-squared: {adjusted_r_squared}”)
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print(“\nP-values:”)
for i, col in enumerate(X.columns):
print(t”{col}: {p_valuesl[i]}”)

Interpretations
print(“1. Parameters Interpretation:”)
print(“ -rho_1 (Elasticity of Substitution between Climate Variables and Inputs):”)
print(f” A higher value ({rho_1}) suggests that changes in temperature (T) have a
significant impact on GVA.”)
print(“ - rho (Elasticity of Substitution between Inputs):”)
print(f” A higher value ({rho}) indicates a significant substitution between labor
(LABOUR) and capital (GFCF).”)
print(“ - delta_1 (Weight of Heat):”)
print(f” A higher value ({delta_1}) implies that heat (H) has a substantial effect on
GVA.")
print(“ - delta_2 (Weight of Capital):”)
print(f” A higher value ({delta_2}) suggests that capital (GFCF) plays a crucial role

in determining GVA.”)

print(“ - delta_3 (Weight of Precipitation):”)

print(f” A higher value ({delta_3}) indicates that precipitation (P) affects GVA
significantly.”)

print(“ - delta_4 (Weight of Composite Input):”)

print(f” The complementary weight ({delta_4}) shows the contribution of

traditional inputs.”)

print(“\n2. Econometric Results Interpretation:”)
print(“ - R-squared (Goodness of Fit):”)

R-squared measures the proportion of the variance in GVA that is
predictable from the independent variables.”)

The model’s R-squared is {r_squared:.4f}, indicating {r_squared *
% of variance explained.”)

print(“ - Adjusted R-squared:”)

"

print(“  Adjusted R-squared accounts for the number of predictors in the model.”)
The adjusted R-squared is {adjusted_r_squared:.4f}, indicating a good fit

of the model.”)
print(“ - P-values (Significance of Features):”)
print(” P-values less than 0.05 indicate that the corresponding feature is
statistically significant.”)
for i, col in enumerate(X.columns):

if p_values[i] < 0.05:

print(f”  {col}: p-value = {p_valuesl[i] (Significant)”)
else:
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col}: p-value = {p_values][i] (Not Significant)”)
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