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Abstract

Climatic conditions are key determinants of agricultural productivity, affecting both production levels and
food security. This study aims to decompose total factor productivity growth in Iran’s agricultural sector by
explicitly incorporating climatic variables. True Random Parameters Stochastic Production Frontier (TRP-SPF)
model and the Maximum Likelihood method were used to estimate parameters in two scenarios, with and
without climate variables which are evaluated by TRP. and TRB,. models, respectively. The results showed that
the variables of cultivated area, tractors, and technology have a positive and significant impact on production in
both models, and the highest effect observed for cultivated area. In the TRP. model, the variables of temperature
and precipitation also made significant contributions to higher production. The average technical efficiency in
the TRP,. model was estimated at 56.5%, and in the model with climatic variables, it decreased to 43.3%. These
results confirmed the significant impact of climatic variables on production and suggested that agricultural
output could be increased by more than 50% with the same resources and technology, minimizing inefficiency
factors and the adverse effects of climatic variables. Decomposition of the Climatic Adjusted Total Factor
Productivity (CATFP) index into four components, including climatic effects, scale effects, technical efficiency,
and technological progress, revealed that climatic effects have the greatest impact, accounting for 26.4%, while
the other three components contributed almost equally to improving productivity. Given the significant impact of
climatic variables on agricultural productivity, this study recommends strategies adapting better with climatic
conditions of different regions.
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Introduction

Agriculture is a cornerstone of a nation's
economy and a prerequisite for the
development of secondary industries. Ensuring
stability and prosperity in the agricultural
sector is crucial for a country to achieve
economic growth and improve living
standards. In 2023, the agricultural sector
accounted for approximately 4.12% of global
GDP. For Iran, this share was 12.8% in the
same year, while for some other developing
countries, it was reported to be as high as 25%
(World Bank, 2024). However, due to the
vulnerability of agriculture and its dependence
on climatic conditions, agricultural production
is significantly influenced by climate change.
To sustain dynamism and further development
in the agricultural sector, analyzing the impact
of climate change on agricultural production
has become a critical task for farmers and
policymakers alike. In fact, agriculture, as a
vital component of the global economy
particularly in developing countries faces
numerous challenges driven by a variety of
factors. One of the most significant of these
factors is climate change, which has profound
implications for crop production and food
security. Over the past few decades, climatic
trends in many agricultural regions of the
world have been relatively rapid (Lobell &
Gourdji, 2012), and climate change is
increasingly recognized as the most severe
environmental challenge facing humanity.
These climatic shifts are expected to continue
in the coming decades (Chen et al., 2016;
Duffy et al., 2021). Particularly, changes
related to rising temperatures and altered
precipitation patterns could lead to significant
reductions in agricultural products. Moreover,
extreme weather events such as heatwaves and
heavy rainfall leading to flooding have been
on the rise in recent decades.

According to World Bank data, Fig. 1 and 2
depict the trends in average temperature (in
degrees Celsius) and precipitation (in
millimeters) for Iran over the past five
decades, respectively. A closer inspection of

these two critical climatic variables reveals
considerable  fluctuations throughout the
period, suggesting a complex and volatile
climate pattern that likely exerts significant
pressure on agricultural productivity. While
both temperature and precipitation have shown
considerable variation, a striking observation
is the upward trajectory of average
temperature,  which  has risen  from
approximately 16°C in 1972 to over 19°C in
2022. This increase in temperature is
indicative of a broader global warming trend
that may accelerate over time, with potential
long-term  consequences for agricultural
systems, particularly in a region like Iran,
where agriculture is highly sensitive to
temperature changes. In contrast, precipitation
levels have followed a more erratic path. The
highest recorded rainfall was 335.79 mm in
1982, whereas the lowest was a dramatic 128.9
mm in 2021. The sharp reduction in
precipitation in recent years raises Serious
concerns, as it signals a potential shift toward
more frequent and severe droughts, along with
increasingly erratic rainfall patterns. These
climatic changes could significantly impact
agricultural ~ production and limit the
availability of water for irrigation. The
combination of rising temperatures and
decreasing precipitation over the last five
decades poses a significant threat to
agricultural production in Iran. The warming
climate may increase the frequency and
intensity of heatwaves, further stressing crops
and reducing yields. At the same time, lower
and more erratic rainfall exacerbates water
scarcity, making it more difficult for farmers
to  maintain  consistent crop  output.
Additionally, the variability in these climatic
factors introduces a high degree of uncertainty,
which can destabilize agricultural planning
and long-term sustainability. The interplay
between these changing climatic conditions is
likely to disrupt traditional farming practices
and requires urgent adaptation strategies to
safeguard food security and agricultural
livelihoods.
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Figure 1- Long-term trend of average
temperature

Increasing agricultural production to meet
the growing demands of a rising global
population, in the face of climate change
threats, remains a formidable challenge (Mall
et al., 2017). Consequently, climate change
particularly temperature and precipitation
fluctuations  affects the efficiency of
agricultural production, which can result in
higher food prices and, in addition to
impacting food availability, also affects
economic access to food (Hosseinzad et al.,
2023). Furthermore, it can influence the
income of agricultural producers (Calzadilla et
al., 2013). In less developed countries,
vulnerability to climate change is more
pronounced, exacerbated by low investment in
agricultural research (Heisey, 2001). Climate
change primarily affects Total Factor
Productivity (TFP) in agriculture through two
main channels (O’Donnell, 2022). On the one
hand, it impacts TFP by altering the
availability and allocation of resources, such
as changes in rainfall, which serve as
additional input variables. On the other hand,
it affects TFP by modifying the levels of
output variables. It is important to note that the
impact of climate change varies across
different agricultural regions, as its effects on
climatic resources are unique to each specific
area. Therefore, measuring the impact of
climate change on agricultural productivity is
essential for a comprehensive analysis of its
effects on agricultural production. According
to existing literature, assessments of climate
change impacts on agricultural productivity
have predominantly focused on very large or
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Figure 2- Long-term trend of average
precipitation

small regions and countries. There is a need
for further analyses in different parts of the
world, such as Iran, to better understand the
effects of climatic variables on agricultural
production and productivity. This would
enable the application of innovative
technologies for agricultural adaptation, and
the development of effective policies and
targeted strategies to address climate change
and enhance agricultural resilience. This issue,
in addition to improving food security, is
critical for guiding farmers in adjusting
cropping structures. Awareness of these
impacts will significantly influence the
experience and outlook of farmers (Rippke et
al., 2016; Karki et al., 2020), and ultimately,
global trade will also benefit from a reduction
in the impacts of climate change on
agricultural production (Njuki et al., 2019).
Due to the importance of the topic, various
studies have been conducted on the impact of
climate change on the agricultural
productivity,  naturally leading to a
comprehensive review by Praveen & Sharma
(2019) of reports, articles, and documents
evaluating the impacts of climate change on
agricultural production. By integrating existing
research, they analyzed how climate change
influences  agriculture,  particularly  in
developing countries, and explored the
potential role of agriculture in addressing
climate change through sustainable practices.
Naturally, researchers, depending on the
objectives of their study, utilize different
methods to assess the impact of climate
variables on productivity. For instance, Liang
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et al. (2017) used a multivariate regression
model and estimated that temperature and
precipitation factors explained about 70% of
the agricultural productivity variation in the
United States. Similarly, Ozdemir (2022)
analyzed the impacts of climate change on
agricultural productivity in the Asia region
using autoregressive distributed lag (ARDL)
models. Ahmed et al. (2023) investigated the
effects of temperature increases and political
crises on crop Yyields, focusing on wheat, rice,
maize, and soybeans, through simulation
analyses. In this study, they identified
adaptation measures, such as improved
farming practices and technology adoption, as
strategies that can enhance productivity.
Bouteska et al. (2024) employed two modeling
approaches, the productivity function and the
Ricardian approach, to investigate the impact
of climate change on agricultural productivity
and food security in Ethiopia. Their findings
highlighted the vulnerability of agriculture to
climate change and the importance of
considering adaptation strategies. It is also
important to note that some researchers have
used stochastic production frontier (SPF)
models and various TFP indexes to analyze the
impact of climate variables. For example,
Salim & Islam (2010) utilized the Tornqvist
index, Sabasi & Shumway (2018) applied the
Lowe index, and Njuki et al. (2018) employed
the multiplicative index. These approaches
help in refining the measurement of
productivity changes due to climate factors.
Moreover, several researchers have conducted
predictive studies on the impact of climate
change on productivity. In this context, Habib-
ur-Rahman et al. (2022) predicted the effects
of climate change on the yields of rice and
wheat, the two main crops in Pakistan. They
highlighted that adopting appropriate climate
adaptation technologies, such as adjusting
planting times and improving irrigation
management, could enhance productivity and
profitability =~ under  changing climate
conditions. In line with this, Zhou et al. (2024)
analyzed the impact of climate change on
agricultural total factor productivity in China
before making a 30-year prediction, from 2031

to 2060. The study underscores the importance
of considering climate change when
developing agricultural adaptation strategies.

A review of the studies highlights that all
research emphasizes the importance of
understanding the impact of climate change on
agricultural productivity and food security, and
underscores the need for appropriate measures
to adapt to climate change, particularly for
Asian countries and developing nations.
Consequently, the aim of this study is to
decompose the growth of total factor
productivity in Iran's agriculture sector, with a
particular emphasis on climatic variables over
the period from 1970 to 2022. This research
aims not only to quantify the impact of climate
change but also to critically assess the
contributions of various factors to the overall
productivity growth, providing a
comprehensive understanding of the dynamic
interplay between climate and agricultural
productivity. The methodologies and findings
presented in this paper provide a valuable
reference  for  advancing  agricultural
production under the influence of climate
change.

Materials and Methods

TRP-SPF Model

This research applies a True Random
Parameters Stochastic Production Frontier
(TRP-SPF) approach to model the agricultural
production frontier. The TRP-SPF framework
is particularly useful for capturing unobserved
heterogeneity within the data. It achieves this
by introducing observation-specific intercept
and slope parameters, which reflect underlying
factors such as technological advances,
environmental conditions, and variations in
input quality that influence agricultural output
but are not directly measured in the dataset.
These unobserved factors are likely to affect
production processes, and the model allows for
their implicit inclusion, enhancing the
accuracy of the estimated production frontier.
In addition to accounting for unobserved
heterogeneity, the TRP-SPF model is capable
of isolating time-varying technical efficiency,
thus providing a dynamic view of how
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efficiency evolves over time (Greene, 2008).
This characteristic is particularly relevant for
understanding the long-term agricultural
productivity under varying conditions, such as
shifts in technology or climate. The model
specification adopted here follows a similar
structure to the Random Parameter (RP)
model, as discussed by Wooldridge (2005),
and is conceptually aligned with approaches
outlined by Tsionas (2002) and Greene (2008).
However, unlike traditional models that
analyze cross-country variation, this analysis is
confined to a single country. Thus, it focuses
on estimating the production frontier within a
specific national context, without considering
inter-country disparities. The results generated
by the TRP-SPF model are then utilized to
estimate and decompose Climatic Adjusted
Total Factor Productivity (CATFP), offering
insights into the productivity changes while
adjusting for climatic variations.  This
decomposition allows for a more refined
understanding of productivity growth and its
drivers over time. The following TRP-SPF
model is employed in this study:

Ye = M o+ Y= Bixee + AT+ (1)
Z§=1 NiZje T Ve - Uy

where y; is agricultural production in the t-
th time period; x,, is a vector of input
variables, which includes factors such as land,
labor, machinery, fertilizer, and pesticide; T
represents a time trend capturing technological
progress over time. It is worth noting that, due
to the lack of time-series data on technological
progress in the agricultural sector, a time trend
variable is used in this study (Ortega &
Lederman, 2004; Hosseini & Dashti, 2014;
Lachaud & Bravo-Ureta, 2021). z;; denotes a

set of climatic variables. u is a random
intercept  parameter that accounts for
unobserved, time-invariant heterogeneity. By
is a vector of random slope parameters for the
input variables, allowing for variation in how
different inputs affect agricultural production
across observations. v, is the error term,
assumed to follow a normal distribution with a
mean of zero and constant variance. u;
represents a non-negative random term,
capturing the inefficiency of agricultural

production in time period t, and this
inefficiency term follows a half-normal
distribution.

The Cobb-Douglas functional form is
employed in this study, based on its
widespread application in research, as
highlighted by Ghoshal & Goswami (2017),
Zhang et al. (2020), Vasyl’Yeva (2021), Wang
et al. (2021), and Akbari et al. (2022), and due
to the consistency of the obtained results with
theoretical  expectations.  Therefore, the
empirical model of the present study can be
expressed in the form of a Cobb-Douglas
specification, as shown in Equation 2. It is

worth noting that the labor variable was
excluded from the empirical model due to the
insignificance of its coefficient.

Lny, = p+ B1LnXpan e +
.82 LnXtrat + .83 Lanert + ﬁ4LnXpes ¢t (2)
AT + nslnZiem ¢ + NlNZpre ¢ +
n7LnZtemdt + 778]-'anredt + Ve — U

where, 7y, represents the value of
agricultural production in thousands of dollars
for different years. X, ; denotes the cultivated
land area in thousands of hectares, while X, ¢
refers to the number of tractors (machinery) in
thousands. X indicates the amount of
chemical fertilizer used, measured in tons, and
Xpest represents the pesticide usage, also in
tons. The variable T symbolizes technological
progress over time, while Z.., refers to the
average temperature, measured in degrees
Celsius, and Z,.. denotes the average
precipitation, measured in millimeters. The
variables  Ziemge and  Zpreqr  represent
deviations of temperature and precipitation,
respectively, from their long-term averages to
capture climatic variability. Additionally, Ln
denotes the natural logarithm.

The model can be estimated by Maximum
Likelihood (ML) method, allowing for a
robust estimation of the parameters and the
calculation of productivity indices. The
CATFP index, as described by O'Donnell
(2018), is then used to measure and
decompose CATFP. The CATFP index for
time t relative to a base period s is expressed
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as Equation 3.
_ CATFPI; _ Yt(Xo)

where Y, and X, represent the aggregate
output and aggregate input at time ¢,
respectively. Y and X, represent the aggregate
output and aggregate input at the base period
s. In the context of this study, the aggregate
output Y; and aggregate input X, are derived
from the results of the TRP-SPF model. These
functions are assumed to be non-decreasing,
non-negative, and linearly homogeneous. By
utilizing the coefficients resulting from the
estimation of the TRP-SPF model, the
decomposition of CATFP into various
components can be expressed as Equation 4
(Lachaud & Bravo-Ureta, 2021).

B
CATFPL, = [T£. ("’“) €T
(4)
I (Zit) Y x g exp(—ut)
T (22) Py ey
The components of the productivity

function, as represented by Equation (4), are as
follows: The first term on the right-hand side
of the equation indicates the relative changes
in scale effects (SE). The second term reflects
the changes in climatic effects (CE), which are
influenced by weather conditions. The third

technological progress (TP). The fourth term
captures the relative changes in technical
efficiency (TE).

Data

The data used in the present study consists
of time series from 1970 to 2022 (53 years) for
Iran, including the wvalue of agricultural
production in constant 2014 US dollars,
cultivated area, number of tractors, labor force,
chemical fertilizers, and pesticides. These data
were sourced from the FAO website for the
study period. It is important to note that the
agricultural sector in this research does not
include the livestock and poultry subsectors.
Additionally, two key climatic variables,
precipitation and temperature, were
considered, with data for these variables
extracted from the World Bank.

Results and Discussion

In this section, initially, the descriptive
statistics of the key variables studied in the
research, including the mean, minimum,
maximum, and standard deviation for all the
considered variables, are presented in Table 1.
Subsequently, the results obtained from the
model estimations will be analyzed.

term represents the relative change in
Table 1- Descriptive statistics (T = 53 years)
Variable Unit Mean  Max. (year) Min. (year) Standard Deviation
Value of Agricultural Production Billion USD 20.27 é‘éfg) (fg?;ll) 8.64
Land Million hectares ~ 16.90 (11%9750) (11:;’);3) 1.13
Tractors (Machinery) 1000 No 210.74 ?253215 (21%;)8) 107.52
Labor 1000 No 1329.49 ?ggfgf)i :()’1157%; 1513.912
Fertilizer 1000 Tone 1608.46 2(%23)6 ?1957%6)5 430.78
Pesticide 1000 Tone 29.52 (721(225% (fg%}g) 28.82
Temperature °c 17.99 (12%2517) (1127923) 0.78
Precipitation Millimeters 223.45 :(?5872? %223291‘;’ 4401

Based on Table 1, the value of agricultural
production has shown significant fluctuations,
with a peak of 34.57 billion USD in 2016 and

a low of 6.51 billion USD in 1971. These
variations are likely due to factors such as
global price changes, domestic agricultural
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policies, and economic conditions during
different periods. The substantial increase in
production for recent years, particularly in
2016, may reflect improvements in
productivity, technology, or government
support. The cultivated land area has also
experienced changes, with an average of 16.90
million hectares. The peak of 18.70 million
hectares was recorded in 1995, while the
lowest value of 13.71 million hectares
occurred in 1980. Despite this fluctuation, the
overall area has remained relatively stable,
indicating structural limitations in agricultural
sector. Machinery use (tractors) has grown
steadily, with the number of tractors rising
from 20,000 in 1970 to 352.11 thousand in
2022. This growth highlights the increasing
mechanization of Iranian agriculture, which
has become more reliant on technology to
boost productivity. This trend suggests the
government's focus on mechanization to
enhance agricultural efficiency. Labor in
agriculture has shown significant variation,
with a peak of 4,082.6 thousand workers in
2019 and a low of 318.14 thousand in 1970.
These fluctuations may reflect changes in the
agricultural labor market, migration, or
structural shifts within the sector. The increase
in recent years could be related to a rise in
agricultural activities or a greater dependence
on agricultural employment. Fertilizer use has
seen a significant increase over the period,
with an average of 1,608.46 thousand tons
used annually. The highest use of 2,478.96
thousand tons occurred in 2022, signaling
more  intensive  agricultural  practices.
However, this also raises concerns about the
growing reliance on chemical inputs, which
could have long-term  environmental
implications. Pesticide use has followed a
similar pattern, with a sharp rise from 3.01
thousand tons in 1988 to 74.58 thousand tons
in 2021. This increase may be driven by higher
pest pressures or the expansion of agricultural
production, particularly in recent years.
Regarding temperature and precipitation, the
average temperature during the period was
17.99°C, with a peak of 19.57°C in 2021,
reflecting a trend of rising temperatures.

Precipitation averaged 223.45 mm annually,
with fluctuations throughout the period,
including a low of 128.95 mm in 2021. These
climatic changes suggest the potential impacts
of climate change, which could affect
agricultural patterns, water availability, and
crop yields. Overall, the data in Table 1
highlights the dynamic nature of Iran’s
agricultural sector, influenced by changes in
production, resource use, and climatic
conditions. The observed fluctuations indicate
both the challenges and opportunities in
adapting to environmental changes, and they
underscore the need for effective policy
measures to support sustainable agricultural
practices and better manage resources in the
face of evolving climatic and economic
conditions.

In this study, the impact of various factors
on agricultural production in Iran is analyzed
using the TRP-SPF model, with the results
estimated using the Maximum Likelihood
Estimation method and reported in Table 2.
The model was estimated in two scenarios:
one with climatic variables and one without
them, to assess the role of climate in shaping
agricultural ~ productivity.  The  factors
considered include cultivated area, machinery,
chemical fertilizers, pesticides, and climatic
variables such as temperature, precipitation,
and deviations from long-term averages of
temperature and precipitation. The results from
both models are compared to better understand
the significance of climatic factors in
determining agricultural output. Based on this
table, the cultivated area is a significant and
positive contributor to agricultural output in
both models. This indicates that an increase in
cultivated area leads to a proportional increase
in agricultural production. Specifically, a 1%
increase in cultivated area results in an
approximate 0.61% increase in production.
The inclusion of climatic variables does not
significantly alter this relationship, suggesting
that increasing the area under -cultivation
remains a key driver of agricultural production
in Iran, regardless of climatic conditions.
Machinery has a crucial role in enhancing
production. The coefficient for machinery



336

Journal of Agricultural Economics and Development Vol. 39, No. 4, Winter 2025

increases from 0.115 (TRP,.) to 0.220 (TRP,),
showing that the effect of machinery becomes
even more pronounced when climatic
variables are included. The higher coefficient
in the model with climatic variables suggests
that machinery usage compensates for the
negative effects of climate variability, likely
by improving efficiency in farming practices.
A 1% increase in machinery usage results in
approximately a 0.22% increase in agricultural
output, reinforcing the importance of
technological advancements in  boosting
agricultural production.

Another point to note regarding Table 2 is
that chemical fertilizers (X) exhibit a
statistically significant impact on agricultural
production in the model without climatic
variables, but are not statistically significant in
the model that includes climatic variables. In

the model without climatic variables, the
coefficient of chemical fertilizers is negative,
indicating that increased use of chemical
fertilizers may result in diminishing returns or
potentially harmful effects on agricultural
output. However, the model with climatic
variables suggests that the inclusion of climate
factors may alter the relationship between
fertilizer use and agricultural production. This
indicates that the negative impact of fertilizers
may be confounded by climatic variables and
may not be as pronounced when the effects of
climate are accounted for. It is important to
focus on the efficient and sustainable use of
fertilizers, particularly in the context of
climate variability, to avoid environmental
degradation and improve overall agricultural
output.

Table 2- Estimates for the TRP-SPF Models without (TRP,,.) and with climatic variables (TRP_)

Model TRP,,, Model TRP,
Variable Coefficients t- statistic Coefficients t- statistic
Constant 1.664 0.70 -5.221" -1.78
Xian 0.607"** 4.28 0.613™ 5.40
Xira 0.115™° 18.61 0.220"** 15.96
Xfor -0.027°* -2.40 -0.032 -1.63
Xpes -0.022™** -5.72 0.0317** 4.85
T 0.036* | 0.024"* 3.401
Zeem 0.089™ 2.37
Zpre 0.3317"" 2.97
Ztemd 0.006 0.65
Zpred -0.039™ -2.35
o2 0.162 0.169
o2 0.141 0.112
y 0.535 0.601
RTS 0.673 0.864
TE
Mean 56.597 43.376
SD 16.076 11.898
Min 30.342 25.47
Max 84.358 68.77
Log-likelihood 573 693

Note: *** ** and * represent significance levels of 1%, 5%, and 10%, respectively.

Pesticides have a significant and positive
effect on agricultural production, especially in
the model with climatic variables. The
coefficient for pesticides is negative (-0.022)
in the model without climatic variables but
turns positive (0.031) in the model with
climatic variables. This change suggests that

pesticides play a key role in mitigating the
adverse effects of environmental factors such
as pests and diseases, especially in climates
where weather conditions may exacerbate pest
problems. A 10% increase in pesticide use
leads to a 0.3% increase in production,
reflecting the importance of pest control in
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maintaining agricultural yields. The variable T,
representing technology or technological
progress, shows a positive and statistically
significant effect on agricultural production in
both models, indicating that technological
advancements  contribute  positively  to
agricultural production in both scenarios.

In terms of climatic variables, temperature
has a positive and statistically significant
effect on agricultural production, with a
coefficient of 0.089, suggesting that warmer
temperatures may provide certain advantages,
such as extended growing seasons. However,
the overall effect is relatively small.
Precipitation, on the other hand, has a highly
significant and positive effect on agricultural
output, with a coefficient of 0.331. This
indicates that an increase in rainfall improves
agricultural production, as it directly benefits
crop growth. This finding aligns with the study
by Barikani et al. (2024), as their research also
identified rainfall as a statistically significant
factor with a positive impact on the production
of rain-fed wheat in Iran. The deviation of
temperature from the long-term average shows
a minimal and statistically insignificant
impact.

The average technical efficiency (TE) in the
model without climatic variables is 56.6%,
with a standard deviation of 16.1%. In the
model with climatic variables, the average TE
drops to 43.4%, with a standard deviation of
11.9%. The results suggest significant

variation in technical efficiency across the two
models. In the model TRP,., the technical
efficiency shows a relatively wide range, with
the minimum and maximum TE values being
30.3% and 84.35%, respectively. This
indicates that, in the absence of climate
factors, the technical efficiency varies
substantially, with some regions or periods
achieving relatively high efficiency in utilizing
inputs. In contrast, in the model that includes
climatic variables, the minimum and
maximum TE values narrow, ranging from
25.4% to 68.7%. The inclusion of climatic
factors appears to reduce the overall
efficiency, as evidenced by the lower range of
TE. This suggests that climatic factors might
introduce additional challenges that negatively
affect agricultural production, leading to a
decrease in the sector's efficiency. To better
analyze technical efficiency in both scenarios
from 1970 to 2022, the results are illustrated in
Fig. 3. The inclusion of climatic variables
reduces the technical efficiency, highlighting
that environmental factors such as temperature
and  precipitation introduce  additional
challenges and uncertainties that lower the
efficiency  of  agricultural producers.
Furthermore, as shown in Fig. 3, it appears
that the gap in technical efficiency between the
models with and without climatic variables
increases over time, suggesting that the impact
of climate variability on technical efficiency
becomes more pronounced as time progresses.

1970 1980 1990

= \\/ithout climatic variables

2000 2010 2020

= == \ith climatic variables

Figure 3- Trends of technical efficiency with and without climatic variables
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The results from the TRP-SPF models with
and without climatic variables demonstrate
that both  environmental and  non-
environmental factors significantly influence
technical efficiency in Iran. While factors like
cultivated area, machinery, and pesticides
continue to show significant positive effects on
production, climatic variables introduce
substantial risks. Temperature, precipitation,
and the deviation of precipitation from the
long-term  average, significantly  affect
agricultural output. Temperature shows a
slight positive effect, while precipitation has a
strong positive influence. However, deviations
from normal climatic conditions in
precipitation, have a negative impact for
production. The reduction in technical
efficiency when climatic variables are
included highlights the vulnerability of
agriculture to climate change. Therefore,
agricultural policies must focus on both
technological improvements and strategies for
adapting to climatic variability to ensure
sustainable productivity growth.

Table 3 illustrates the fluctuations in the
CATFP index for Iran's agricultural sector
from 1970 to 2022, highlighting an overall
upward trend. Starting from the base year of
1970, the CATFP reached its highest value of
2.69 in 2022. The average annual growth rate
of CATFP during this period was 1.70,
indicating that the overall growth rate of
agricultural total factor productivity during the
study period, compared to the base year, has
been 70%. It is important to note that these
upward fluctuations are also observed within
each decade. For example, by the end of the
1970-1980 decade, Iran had experienced a 7%
growth in CATFP compared to 1970. On the
other hand, the highest growth in CATFP
occurred during the 2010-2020 decade. In
addition, the highest fluctuations in the
CATFP index occurred during this decade,
particularly in the latter half of the decade,
ranging from 1.91 in 2015 to approximately
2.4 in 2019, representing a variation of 0.47.
Following this, the period from 1990 to 2000
experienced the next largest fluctuations.

Overall, while Iran's agricultural productivity
has steadily increased over the past five
decades, the growth rate was not uniform
across all periods. The most substantial
advancements occurred in the last two
decades, which can be attributed to policy
shifts,  technological  innovation, and
improvements in agricultural management.
However, challenges related to climate
variability and resource limitations can impact
the consistency of growth over the years.

The contributions of climate effects, scale
effects, technological progress, and technical
efficiency to the variability of cumulative
CATFP were estimated, and the results are
presented in Table 4. According to the
findings, the average contribution of climate
effects is approximately 26.43%, which is
higher than that of other factors. This
highlights the significant impact of climatic
conditions on the variability of the CATFP
index. Following this, technological progress
ranks as the second most influential factor,
with an average contribution of 24.97%. This
indicates that nearly 25% of the variation in
the productivity index is attributable to
technological progress. Technical efficiency
explains 24.55% of CATFP variability, while
scale effects contribute the least, accounting
for approximately 24% of the productivity
variation over the study period.

To provide a more detailed analysis, Fig. 4
illustrates the contributions of these four
factors to CATFP from 1970 to 2022. Based
on the results in Table 4 and the trends
observed in Fig. 4, it can be concluded that
scale effects not only had the lowest
contribution to CATFP on average during the
period under review, but its share in
determining agricultural productivity in Iran
has also declined over time. In contrast, the
contribution of technological progress to
CATFP has shown a consistent upward trend.
This result is similar to the findings of
Lachaud & Bravo-Ureta, (2021).
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Table 4- Contribution of climate effects, scale effects, technological progress, and technical efficiency in
cumulative CATFP

1970-1980 1980-1990 1990-2000 2000-2010 2010-2020 Average Share

Climatic Effects (CE) 26.97 24.34 26.48 27.39 26.77 26.43
Scale Effects (SE) 25.82 26.62 23.37 22.83 22.64 24.03
Technological Progress (TP) 22.77 24.43 25.71 25.3 26.04 24.97
Technical Efficiency (TE) 24.44 24.61 24.44 24.48 24,55 24.55
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Fig 4- Contribution of technical efficiency, technological progress, scale effects and climate effects in cumulative
CATFP

The shares of technical efficiency and
climate effects, however, have exhibited
fluctuations without a specific pattern over the
same period. Notably, the variability of
climate effects has been at higher levels in the
past two decades.

Conclusion

This study provides an in-depth analysis of
the factors influencing agricultural

productivity in Iran from 1970 to 2022, with a
particular focus on the role of climatic
variables. By employing the TRP-SPF model
under two scenarios, with and without climatic
factors, the findings highlight the critical
interplay between environmental conditions
and agricultural efficiency. The results
underscore several key insights and provide a
basis for policy implementation. The findings
indicate that increasing cultivated land has
consistently contributed to production, but this
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approach by itself may not deal with meet
future challenges. Investment in machinery
and advanced farming techniques showed a
potential enhancement in output, particularly
under conditions of climatic variability. For
example, the role of machinery in improving
resilience to adverse weather highlights the
importance of promoting technological
adoption. Climatic factors, while beneficial in
optimal conditions, reveal the sector’s
vulnerability to deviations from historical
norms.  Temperature and  precipitation
variability pose substantial risks, with erratic
rainfall patterns leading to significant
efficiency losses. This underscores the need
for targeted adaptation strategies, such as
improving irrigation systems and adopting
climate-resilient crops. Similarly,
inefficiencies in input utilization, such as over-
reliance on chemical fertilizers, indicate a
pressing need to adopt sustainable farming
practices. Addressing these inefficiencies will
require both education and incentives to guide
farmers toward optimal resource management.

The result showed that the average of
CATFP index is 1.7. Despite the general
fluctuations in CATFP throughout the study
period, the highest fluctuations occurred in the
last two decades, which could be attributed to
changes and improvements in technology. It is
important to note that the contributions of the
components of the CATFP have not been
constant or uniform over study period.
According to the decomposition results of the
index into four components, including climatic
effects, technical efficiency, scale effects, and
technological progress, the contribution of
climatic effects has been greater than the other
components and has remained at higher levels
during the period from 1990 to 2022. It seems
that climate change has intensified during this
period, a point that is confirmed by many
studies. In this regard, according to the results
obtained, it was observed that on average,
26.43% of the growth in total factor
productivity is attributed to climatic variables.
In other words, improvements in precipitation
and temperature conditions provide a
favorable  environment  for  enhancing

productivity, as the high vyield of certain
modern technologies such as certificated seeds
or fertilizers is contingent upon favorable
rainfall and temperature conditions. While
climatic variables have a prominent effect on
productivity growth, the impacts of the other
three components, i.e., scale effects and
technical efficiency are almost at the same
level, with only slight differences. Therefore,
in order to improve productivity, considering
climatic variables is of significant importance.
Replacing more Climate-resilient crops can
also contribute to productivity enhancement.
In other words, considering weather
determinants such as temperature and
precipitation, alongside economic factors, will
ultimately lead to improved efficiency and
increased productivity in the agricultural
sector. In addition, given the positive impact
of technology and the increasing share of
technological progress in productivity growth,
the role of modern technology in enhancing
the productivity of economic units, especially
in agriculture, is undeniable. The use of
modern technological practices, such as drip
irrigation and certificated seeds, results in
higher outputs from a given amount of inputs,
which signifies the enhancement and growth
of factor productivity

Technical inefficiency is also required to be
considered  for  improving  agricultural
productivity. In this regard, the technical
efficiency of the agricultural sector, even
without considering climatic variables, was
estimated at approximately 56.6%, indicating
the potential for at least a 40% increase in
production with the same available resources
and inputs. The observed decrease in technical
efficiency when accounting for climatic

variables  suggests that  environmental
uncertainties  hinder  optimal  resource
utilization. Increasing the efficiency of

producers by identifying and eliminating the
factors causing inefficiency should also be a
priority for policymakers in the agricultural
sector. Improving efficiency essentially means
increasing production with the same resources
and technology in order to achieve higher
output without incurring additional costs, thus
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enhancing profitability and the productivity. study are available from the corresponding
author upon reasonable request.
Data Availability Statement
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References

1. Ahmed, M., Asim, M., Ahmad, S., & Aslam, M. (2023). Climate change, agricultural productivity, and
food security. In Global agricultural production: Resilience to Climate Change (pp. 31-72). Cham:
Springer International Publishing. https://doi.org/10.1007/978-3-031-14973-3_2

2. Akbari, M., Rezaee, A., Shirani Bidabadi, F., & Eshraghi, F. (2022). Investigating the relationship
between climate change and total factor productivity growth of rainfed barley in Iran. Agricultural
Economics, 16(1), 81-97. (In Persian with English abstract). https://doi.org/10.22034/iaes.2022.
540042.1877

3. Barikani, E., Amjadi, A., & Esfahani, S.M.J. (2024). Investigating the impact of climate change on
fluctuations of total factor productivity of rainfed wheat production in important producing provinces in
Iran.  Agricultural ~ Economics, 7(4), 137-163. (In Persian with English  abstract).
https://doi.org/10.22034/iaes.2023.1995906.1990

4. Bouteska, A., Sharif, T., Bhuiyan, F., & Abedin, M.Z. (2024). Impacts of the changing climate on
agricultural productivity and food security: Evidence from Ethiopia. Journal of Cleaner
Production, 449, 141793. https://doi.ora/10.1016/j.iclepro.2024.141793

5. Calzadilla, A., Rehdanz, K., Betts, R., Falloon, P., Wiltshire, A., & Tol, R.S. (2013). Climate change
impacts on global agriculture. Climatic Change, 120, 357-374. https://doi.org/10.1007/ s10584-013-
0822-4

6. Chen, S., Chen, X., & Xu, J. (2016). Impacts of climate change on agriculture: Evidence from
China. Journal of Environmental Economics and Management, 76, 105-124. https://doi.org/10.
1016/j.jeem.2015.01.005

7. Duffy, C., Pede, V., Toth, G, Kilcline, K., O’Donoghue, C., Ryan, M., & Spillane, C. (2021). Drivers of
household and agricultural adaptation to climate change in Vietnam. Climate and Development, 13(3),
242-255. https://doi.org/10.1080/17565529. 2020.1757397

8. FAOSTAT (2024). Statistical database. Available at: https://www.fao.org/faostat/en/ #home

9. Ghoshal, P., & Goswami, B. (2017). Cobb-Douglas production function for measuring efficiency in
Indian agriculture: A region-wise analysis. Economic Affairs, 62(4), 573-579. https://doi.org
/10.5958/0976-4666.2017.00069.9

10. Greene, W.H. (2008). Econometric Analysis 6th. Upper Saddle River, New Jersey: Pearson Prentice
Hall. Available at: https://www.scirp.org/reference/referencespapers? referenceid=1883856

11. Habib-ur-Rahman, M., Ahmad, A., Raza, A., Hasnain, M.U., Alharby, H.F., Alzahrani, Y. M., ... & El
Sabagh, A. (2022). Impact of climate change on agricultural production; Issues, challenges, and
opportunities in Asia. Frontiers in Plant Science, 13, 925548. https://doi.org/10.3389 /fpls.2022.925548

12. Heisey, P.W. (2001). Agricultural research and development, agricultural productivity, and food
security. Available at: https://ers.usda.gov/publications/pub-details?pubid=42356

13. Hosseini, S.S., & Dashti, G. (2014). Analyzing the trend and nature of technological change in sugar
beet production in Iran. Iranian Journal of Agricultural Economics and Development Research, 45(1),
69-77. (In Persian with English abstract). https://doi.org/10.22059/ijaedr. 2014.51580

14. Hosseinzad, J., Gholipour, K., & Mohammadi, S. (2023). Analyzing the impact of food inflation on food
security categorized by income levels in urban and rural areas in Iran. The third international conference
and the seventh national conference on organic and conventional agriculture, Ardabil. (In Persian with
English abstract). https://civilica.com/doc/1775878

15. Karki, S., Burton, P., & Mackey, B. (2020). The experiences and perceptions of farmers about the
impacts of climate change and variability on crop production: a review. Climate and
Development, 12(1), 80-95. https://doi.org/10.1080/17565529.2019.1603096

16. Lachaud, M.A., & Bravo-Ureta, B.E. (2021). Agricultural productivity growth in Latin America and the
Caribbean: An analysis of climatic effects, catch-up and convergence. Australian Journal of
Agricultural and Resource Economics, 65(1), 143-170. https://doi.org/10.1111/1467-8489.12408

17. Liang, X.Z., Wu, Y., Chambers, R.G., Schmoldt, D.L., Gao, W., Liu, C., & Kennedy, J. A. (2017).
Determining climate effects on US total agricultural productivity. Proceedings of the National Academy


https://doi.org/10.1007/978-3-031-14973-3_2
https://doi.org/10.22034/iaes.2022.%20540042.1877
https://doi.org/10.22034/iaes.2022.%20540042.1877
https://sid.ir/en/journal/AdvanceWriter.aspx?str=Barikani%20Elham
https://sid.ir/en/journal/AdvanceWriter.aspx?str=Barikani%20Elham
https://sid.ir/en/journal/AdvanceWriter.aspx?str=%20Esfahani%20Seyed%20Mohammad%20Jafar
https://doi.org/10.22034/iaes.2023.1995906.1990
https://doi.org/10.1016/j.jclepro.2024.141793
https://doi.org/10.1007/%20s10584-013-0822-4
https://doi.org/10.1007/%20s10584-013-0822-4
https://doi.org/10.%201016/j.jeem.2015.01.005
https://doi.org/10.%201016/j.jeem.2015.01.005
https://doi.org/10.1080/17565529.%202020.1757397
https://www.fao.org/faostat/en/#home
https://www.scirp.org/reference/referencespapers?%20referenceid=1883856
https://doi.org/10.3389%20/fpls.2022.925548
https://ers.usda.gov/publications/pub-details?pubid=42356
https://doi.org/10.22059/ijaedr.%202014.51580
https://civilica.com/doc/1775878
https://doi.org/10.1080/17565529.2019.1603096?urlappend=%3Futm_source%3Dresearchgate.net%26medium%3Darticle
https://doi.org/10.1111/1467-8489.12408

Dashti et al., Decomposing Total Factor Productivity Growth ... 343

18.
19.

20.

21.

22.

23.
24,

25.

26.
27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

of Sciences, 114(12), E2285-E2292. https://doi.org/10.1073/pnas. 1615922114

Lobell, D.B.,, & Gourdji, S.M. (2012). The influence of climate change on global crop
productivity. Plant Physiology, 160(4), 1686-1697. https://doi.org/10.1104/pp.112. 208298

Mall, R.K., Gupta, A., & Sonkar, G. (2017). Effect of climate change on agricultural crops. In Current
Developments in Biotechnology and Bioengineering (pp. 23-46). Elsevier. https://doi.org/10.1016/B978-
0-444-63661-4.00002-5

Njuki, E., Bravo-Ureta, B.E., & O’Donnell, C.J. (2018). A new look at the decomposition of agricultural
productivity growth incorporating weather effects. PloS One, 13(2), e0192432.
https://doi.org/10.1371/journal.pone.0192432

Njuki, E., Bravo-Ureta, B.E., & O’Donnell, C.J. (2019). Decomposing agricultural productivity growth
using a random-parameters stochastic production frontier. Empirical Economics, 57, 839-860.
https://doi.org/10.1007/s00181-018-1469-9

ODonnell, C.J., & O’Donnell, C.J. (2018). Measures of productivity change. Productivity and
Efficiency Analysis: An Economic Approach to Measuring and Explaining Managerial Performance,
93-143. https://doi.org/10.1007/978-981-13-2984-5 3

O’Donnell, C.J. (2022). Estimating the effects of weather and climate change on agricultural
productivity. Q Open, 2(2), qoac018. https://doi.ora/10.1093/qopen/qoac018

Ortega, C.B., & Lederman, D. (2004). Aagricultural productivity and its determinants: revisiting
international experiences. Estudios de economia, 31(2), 133-163. Available at:
https://ideas.repec.ora/a/udc/esteco/v31y2004i2p133-163.html

Ozdemir, D. (2022). The impact of climate change on agricultural productivity in Asian countries: a
heterogeneous panel data approach. Environmental Science and Pollution Research, 1-13.
https://doi.org/10.1007/s11356-021-16291-2

Praveen, B., & Sharma, P. (2019). A review of literature on climate change and its impacts on
agriculture productivity. Journal of Public Affairs, 19(4), e1960. https://doi.org/10. 1002/pa.1960
Rippke, U., Ramirez-Villegas, J., Jarvis, A., Vermeulen, S.J., Parker, L., Mer, F., ... & Howden, M.
(2016). Timescales of transformational climate change adaptation in sub-Saharan African
agriculture. Nature Climate Change, 6(6), 605-609. https://doi.org/10.1038/nclimate2947

Sabasi, D., & Shumway, C.R. (2018). Climate change, health care access and regional influence on
components of US  agricultural  productivity. Applied  Economics, 50(57),  6149-6164.
https://doi.org/10.1080/00036846.2018.1489504

Salim, R.A., & Islam, N. (2010). Exploring the impact of R&D and climate change on agricultural
productivity growth: the case of Western Australia. Australian Journal of Agricultural and Resource
Economics, 54(4), 561-582. https://doi.org/10.1111/j.1467-8489.2010.00514.x

Tsionas, E.G. (2002). Stochastic frontier models with random coefficients. Journal of Applied
Econometrics, 17(2), 127-147. https://doi.org/10.1002/jae.637

Vasyl’Yeva, O. (2021). Assessment of factors of sustainable development of the agricultural sector
using the Cobb-Douglas production function. Baltic Journal of Economic Studies, 7(2), 37-49.
https://doi.org/10.30525/2256-0742/2021-7-2-37-49

Wang, J., Song, H., Tian, Z., Bei, J., Zhang, H., Ye, B., & Ni, J. (2021). A method for estimating output
elasticity of input factors in Cobb-Douglas production function and measuring agricultural technological
progress. IEEE Access, 9, 26234-26250. https://doi.org/10.1109/ACCESS.2021. 305679

Wooldridge, J.M. (2005). Fixed-effects and related estimators for correlated random-coefficient and
treatment-effect panel data models. Review of Economics and Statistics, 87(2), 385-390.
https://doi.org/10.1162/0034653053970320

World Bank. (2024). Climate Change Knowledge Portal. Available at:
https://climateknowledgeportal.worldbank.org/

World Bank. (2024). Indicators. Available at: https://data.worldbank.org/indicator/NV. AGR.TOTL.ZS
Zhang, Q., Dong, W., Wen, C., & Li, T. (2020). Study on factors affecting corn yield based on the
Cobb-Douglas production function. Agricultural Water Management, 228, 105869. https://doi.org
/10.1016/j.agwat.2019.105869

Zhou, H., Tao, F., Chen, Y., Yin, L., Wang, Y., Li, Y., & Zhang, S. (2024). Climate change reduces
agricultural total factor productivity in major agricultural production areas of China even with
continuously increasing agricultural inputs. Agricultural and Forest Meteorology, 349, 109953.
https://doi.org/10.1016/j.agrformet.2024.109953


https://doi.org/10.1073/pnas.%201615922114
https://doi.org/10.1104/pp.112.%20208298
https://doi.org/10.1016/B978-0-444-63661-4.00002-5
https://doi.org/10.1016/B978-0-444-63661-4.00002-5
https://doi.org/10.1371/journal.pone.0192432
https://doi.org/10.1007/s00181-018-1469-9
https://doi.org/10.1007/978-981-13-2984-5_3
https://doi.org/10.1093/qopen/qoac018
https://ideas.repec.org/a/udc/esteco/v31y2004i2p133-163.html
https://doi.org/10.1007/s11356-021-16291-2
https://doi.org/10.%201002/pa.1960
https://doi.org/10.1038/nclimate2947
https://doi.org/10.1080/00036846.2018.1489504
https://doi.org/10.1111/j.1467-8489.2010.00514.x
https://doi.org/10.1002/jae.637?urlappend=%3Futm_source%3Dresearchgate.net%26medium%3Darticle
https://doi.org/10.30525/2256-0742/2021-7-2-37-49
https://doi.org/10.1109/ACCESS.2021.%20305679
https://doi.org/10.1162/0034653053970320
https://climateknowledgeportal.worldbank.org/
https://data.worldbank.org/indicator/NV.%20AGR.TOTL.ZS
https://doi.org/10.1016/j.agrformet.2024.109953

$599UiS drwgi g dlail 4y pulis

https://jead.um.ac.ir

ik

FYAYEE . o NErE Ol b oylad ¥4 Al

lop 5 Ol Gl iie 5 AST L Ol G5,0laS iou Mg belge IS 6550 A, 420

1 1 . | .. . ) . .
Jﬁ:wue.\:aw— J‘,.;‘;.ej,S— e:bg‘.ajpwu— ;;';wbjbb
AMEAVARVA | GG {FPEY 'CJ_)U

CXVCCS

Al e 55 i el g e 8T ed o sl (50liS Y guanme Mg (69000 018 S Jalge ) el byl
S oghate cul gl sl lgn g ol oo LI b olul )3 6505l8 s sy Jelse IS sp90,00 355 5 ol adllas Gam (b
o (TRPuc) of oo 5 (TRE) (g g o (slapsie LI L gajlis 93 55 Woszelly 35l (sl aloicusys iS1a> gy s TRP-SPF Jae
A ety & B0 45 g (5)loline 5 Cute 1T (59l8 5 45815 (S 15 o (sl pite (S 93 42 5 S b3 0 L @l A 4B S
B @D 0s0ke s g Cute Sl g )bline yobdr 55 ()L g Lo slapste TREe Juo )5 (pizpen Sl CudS ) paw o 4 by
Sl piio a5 B 136 a0l pes a5 il jials aoys FYY @ eddl (glayuiio b Jie 55 5 05 350 2oyd 050 byl TRPye Jio
pie Jolse &5 (Sygoyd il 2oy 00 AL plie 4 (TIPS 5 plie glon b (65,5liS (iso Sy Gl Sl bge Mg oenldl
coobie O3l ol Il i Jlos 4 CATFP. asls 4o bed odld Julis 365 ke (oS & oouldl (o yuiio cow il 9 S
Gosoxke S8l 50 Sl Loy o (503 s du g 8l oyt (5000 YEIF ot b (a8l 0l 51 &S 01y (L o5l b iy 5 28 )8
ol byl b (st bl & (6,5 351 ecgipgliS i 3,Skes  2lsp g ol (slapite g BB 8T @ s lansl Wy Jlse
D)5 o dpogi Wil adl Wi bl

598 olidio (IS (B IS (alsm 5 o] Sl g Jelse S (sp905e 1S (0]1g

Ol s s oKl (65l 0uSiisls «(s3,5LaS slaidl og,8 -
(Email: Dashti-g@tabrizu.ac.ir : st sany s —)
https://doi.org/10.22067/jead.2025.91643.1328


mailto:Dashti-g@tabrizu.ac.ir
https://doi.org/10.22067/jead.2025.91643.1328
https://orcid.org/0000-0002-9292-3843
https://orcid.org/0000-0003-0993-9244
https://orcid.org/0009-0008-1325-4794

