4 pod
SIS drwyi 9 sl
(829U @bue 9 poke)

—————

Yoo A-EYYY Ll W by osleds
oY Go g
FYA Ol Sk 38 (b dxlllan P 3y Sl B pan g GBS GBS W

S S S o EP X S e FPp o .o

rit 198 99T Bl tio p Al b Ol 1 S329LS” id Mg alge I (5390, Wby 4 328

spteses odaw — g1 S8 5 S —031 50k 68 dazes — 255 )5

FoA Slulid oI5 o35 31 2031 9« g b Mol 3BT sl 3 &l ot 55 3 S50 olae gpbobid
[)\:LJ! aJUT—‘f-_’) J:Fl...al

Vet 03b (O B4 o5 (6090 axlllan 1 Sbiwld DY guasmo 30 Cd iSRS (S F gl (Sl (2981 L5
NS g5 Pl m ik 310l yslome (e b = (6 S 4o guans

9N E 30 4 S QWSS pae oy B A g Fho holge (Sandab 9 Lol
ro O ! gl 3 GAnlgd 1o g 55T
Shazme o = ol ST L e — o 03 6 0)lg

ol i 31 6 (5 39T b 1381 b 51 e (Sl Sy y 99
£y (89500315 4o 9> (559Las” (58590 4xdlie)

1353 Ao = (o o = bl 93 )T —adaly (6 ke e len]




S539WiS axwgi g alaidl A i

-

(859U @luog pgls)

e el 26524 L 21/2015 .
So9ls 5 Olad agle &ylh4 3 oolacd ulib g5y~ sale 40 9 @l ojladi s
73/10/19 68/4/11
1404 ;licus 4o ok 39 ula
aidl Al paadd " cale™ gl da T il g5 cale™ da ya (sl hs @il puli auls 1398 Jluw 3 e &yl g da guan (uleal p
Agdine g yd o ks Hlbel Lals
(aguin g8 szily ) Euis 1 sass 40335 - alicl saly Js Ls, J Prus a0
(Agien o358 sR2AN) (65, 5liS olasl - sl sald yals grengen

(Oliashs ol olKaib) (g555laS oLl -l

(Ot otils) (5 sltS LBl - ol

(LBIS oy 5550 o€1) slaifl o5, - Lubiod)

(atin gowsis ol (3 ,5LES ool - sbical

(dgtio (g8 o823) (55, 5LaS wliaddl - Luiils

(oo s&aily) (s5,5liS alaidl - ol

(Ol o, S0t calgiasn ol€ils) 50sliS 53 SELIL e 5 5 saslS SLassIS 858 - Giae
(IS5 50T Lat¥S 51 L) 8€5500) (635 LtS sloi) - i
(LR ¢ s (i 8830) (555518 - ol

(Ol o&zals) (g3, 5L olaidl - sl

woa 0usSY pal usSY AL sSE o saae pgle SuSBils ey 89S - Giae
(O 21 (65, 5LES sliaidl — slical

(IS5 30T SIS o&2il) (55 5LaS suSatils - il

(dtin pmm 35 ol€als) (53 ,5LES oleasl - slicel

(atin gomsis ol (53 ,5LES ool - sbicdl

(Ol it gt ol€2al) (55, 5LES oleaisl - slical

(Ol sa aub mlie 5 s3o0lES agle s uaily) (55,5laS sbuamsl = HLasls
(atin pmm 305 ol€als) (53 ,5LES oleasl - sbicel

(ole oaubs golis 5 (5555LES sle o€l (55, 5LaS wlasl = HLucils
(Ao g s b oE231) Lol il

(S5 50T ((SES o€a831) (555518 sloaidl - olicad

(5t o€tils) (5 sltS LBl - ol

(cnn suilS 5o LaS sl&uaily) Hlndle o sle o S - ulicd)

(Agan (g b sl&ily) aladl - sty

seal (g,

dans dsdids

Ipracs wal)y Cpun

spane SAK sty
otoT ol 50

S o

Oaabd ( Slusls

had (S8,

Sl sk Ols
osaie alu)

R DRV PUPRA VY. v P
) i oo

O a3 Gluli
rol (o sl

Ssans pale Ao
AbS W Gas

oobe o oaldine

L sule ¢ gl S

i e Ol glas
O dans (ale (g 5a¢e
dawe s ol

Ol elg a0

o S

Syreas 8 (S sales

Agdin g 9353 6NN pils

o S S gsliac!

1163 sy @giwe NTTE  wny 05 = ageiine 1 SLi
G9liS drwg g ol 4y yls  sode Wb pl6 A5 (65)9LAS susldle

Jead2@um.ac.ir

S g s Gy

gl oo it g e (Jlw yo o jlacki 4) dalilind &y guo d d i (5



mailto:Jead2@um.ac.ir

328

344

358

375

395

417

Ql?)M

Syl O 33 ks dlllae :pus”™ 3y slsly b pan g 0D S S Wb

u-i:f o e ol = a7 S5l S g = (s 5Ll S

<198 9 ST Sl piin » ASE b Ol B39U8” i Mg Jolge U 8390 5 by 4 38

Dspeses odmn = 5 g I8 5 S m 051300 g8 deses = i 53

Olubi 37 ol 3110l By Ol sdT Ol 31 &1 g0 o 355 9 o0 Jolge (bl

Olids 03137 = 55 ool

036 (K BagF (6090 adllan 1 Sl IV gamo O Cwond Lanisd (S F pl Sl g (2951 4151

SIS s ilem ke 31500 slome omn Ao = (6 St 40 guane

Ol chgiho 31 (SR I9 1 gur BT 09 €30 4 Sl TNy g 3 A g1 50 Jolgs (Sudanb 9 (lolid
Ghomme (peim = (il ST LS e = o 050 6455 o)l

(5950013 405 (63995 153750 dxline) maldl yui 31 (6 (S39T b LSl 1 b 5B 5 S wlw 5 05 (3990
195t = ey hode = R il )T = sl 65 e led



Journal of Agricultural Economics & Development

Homepage: https://jead.um.ac.ir %’,.}%

Research Article
Vol. 39, No. 4, Winter 2025, p. 309-328

Influence of Mental Models on Sustainable Wheat Seed Use: A Comparative
Study in Western lran

A. Ansari', Sh. Geravandi’™"", F. Rostami™*, A.H. Alibaygi'
1- Department of Agricultural Extension and Education, Faculty of Agriculture, Razi University, Kermanshah, Iran
(*- Corresponding Author Email: sh.geravandil@gmail.com)

Received: 14 November 2024 How to cite this article:

Revised: 30 September 2025 Ansari, A., Geravandi, Sh., Rostami, F., & Alibaygi, A.H. (2025). Influence of

Accepted: 12 October 2025 mntal models on sustainable wheat seed use: A comparative study in western Iran.

Available Online: 12 October 2025 Journal of Agricultural Economics & Development, 39(4), 309-328.
https://doi.org/10.22067/jead.2025.90803.1315

Abstract

Understanding farmers' mental models (MM) is crucial for interpreting their behavior; however, these
models, are shaped by technical, economic, and social factors, have often been overlooked. Using a case study
from Kangavar County, Western Iran, this study investigates the MM of farmers and experts regarding wheat
seed usage and proposes optimization strategies using a mixed-methods approach. Qualitatively,
phenomenological analysis of interviews with 16 participants (selected via purposive and snowball sampling)
identified five key factors shaping farmers' mental models (MM): work context, climate, experienced risks,
available resources, and subjective norms. Experts' rationale for seed recommendations centered on three
themes: academic knowledge, professional experience, and user characteristics. Quantitatively, a structured
questionnaire administered to a separate sample of 255 farmers (stratified proportional sampling) and 50 experts
(complete enumeration) revealed significant disparities. Independent samples t-tests revealed statistically
significant differences (p < 0.01) across all major mental model (MM) domains. Responses were initially scored
as percentages (0-100) based on item agreement, then standardized to a 100-point scale. Mean scores were
substantially higher among farmers in experienced risks (74.02 vs. 15.80), subjective norms (66.24 vs. 18.93),
and work context (65.67 vs. 35.30), indicating stronger perceived influence of experiential and social factors.
Conversely, experts scored higher on academic knowledge (75.28 vs. 41.71), reflecting greater reliance on
scientific evidence.The Delphi method identified and prioritized key strategies for optimizing seed use, with
"preparing a suitable seedbed” (weighted average: 0.148) and "using certified seeds" (weighted average: 0.143)
ranked highest. These findings underscore the critical gap between farmer and expert models and emphasize the
need for targeted interventions that integrate experiential knowledge with scientific evidence to bridge this
divide, fostering more sustainable seed usage practices.

Keywords: Cognitive decision-making, Delphi technique, Mental models, Mixed-methods,
Phenomenological study, Sustainable wheat production
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Introduction

Achieving sustainable agricultural
development hinges on optimizing the use of
critical inputs, with seeds representing the
biological cornerstone of crop production and
global food security (Bist et al., 2021).
However, a persistent challenge in agricultural
extension is the frequent divergence between
scientifically recommended practices and the
actual decisions made by farmers. This gap is
often attributed not to a lack of information,
but to the deeply held cognitive frameworks,
or mental models, that guide farmers'
perceptions and actions (Jones et al., 2011,
Moon et al, 2019). These internal
representations of reality, synthesized from
personal experience, social norms, and
contextual factors, form the lens through
which farmers interpret risks, opportunities,
and advice (Johnson-Laird, 2010). Despite
their profound influence on farm management
outcomes, the specific structure and content of
farmers'  mental models, particularly
concerning input use like seeds, remain
underexplored in research and poorly
integrated into policy design (Olivier de
Sardan, 2005; Levy et al., 2018).

Seeds are crucial agricultural input where
mental models play a pivotal role. Seeds are
the biological foundation of global food
security and directly affect human livelihoods
(Bist et al., 2021). The availability of suitable
seeds and their correct usage are vital for
optimizing agricultural performance per unit
area (Zareyan et al., 2011). Given the strategic
importance of wheat, which is not only a
major source of income but also a key factor in
political and economic relations (Abolhassani
et al., 2018), understanding the MM related to
wheat seed consumption is essential. Iran,
which represents 1% of the world’s
population, consumes 2.5% of the world's
wheat, with over 60% of the country's arable
land dedicated to wheat cultivation. In the
2019-2020 agricultural year, Iran's cultivated
crop area was approximately 12.192 million
hectares, with 71% (8,658,095 hectares)
allocated to grain crops, and wheat accounted

for 69.3% of this area. Wheat also constitutes
58.6% of the total grain production (Statistical
Center of Iran, 2021). In Kermanshah
Province, western Iran, the recommended seed
amount for rain fed wheat is 150 kg per
hectare and for irrigated wheat, 200 to 250 kg
(Haghparast, 2013). However, actual seed
consumption often exceeds these
recommendations, reaching 200-300 kg for
rainfed wheat and 250-400 kg for irrigated
wheat (Argha et al, 2021). This
overconsumption significantly impacts the
agricultural economy, particularly in Kangavar
County, where wheat cultivation covers 4,900
hectares of irrigated and 6,300 hectares of
rainfed land. Excessive seed use could cost the
agricultural sector between 40 and 70 billion
Rials annually (Khazaei, 2021).

This study makes a novel contribution to
the existing literature by focusing on the
mental models that shape farmers’ wheat seed
consumption practices, an area that has
received limited attention compared to
technical aspects such as seed purity,
germination, or varietal selection (Argha et al.,
2021). By employing a mixed-methods
approach, we provide a comprehensive
analysis of the cognitive frameworks of both
farmers and agricultural experts in Kangavar
County, Western Iran, and shedding light on
the behavioral and psychological drivers of
seed overconsumption. Furthermore, our study
advances the field by identifying consensus-
driven strategies to optimize wheat seed use,
offering practical solutions to enhance
agricultural  sustainability and economic
efficiency in regions heavily reliant on wheat
production. This focus on mental models and
actionable strategies addresses a critical gap in
understanding how cognitive factors influence
resource use in agriculture, contributing to
both theoretical and applied dimensions of
sustainable farming practices. This approach
offers a novel perspective for developing
targeted interventions to bridge the gap
between recommended and actual seed use, a
critical issue for sustainable wheat production.
Given the strategic role of wheat in Iran's food
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security and its contribution to national
development goals, optimizing seed use is
crucial.  With limitations in expanding
production factors or implementing major
technological ~ changes, improving the
efficiency of existing resources, especially
seeds, is vital. Gathering comprehensive
information on the factors affecting field
coverage and understanding farmers’ MM
regarding seed consumption can lead to more
accurate planting practices and significant
economic savings. Therefore, this research
presents a focused case study of Kangavar
County, a key wheat-producing area in
Kermanshah  Province, Western Iranto
identify the factors shaping farmers' MM and
provide strategies to effectively reduce wheat
seed consumption.

Literature review

Mental Models (MM) and Factors Influencing Their
Formation

Mental models are cognitive representations
that individuals construct to understand,
interpret, and predict phenomena in their
environment. These models consist of
interconnected  knowledge,  experiences,
beliefs, values, and assumptions that simplify
complex realities and enable reasoning about
unfamiliar situations (Moon et al., 2019). In
agriculture, mental models  profoundly
influence farmers' decision-making processes
by acting as filters for incoming information,
shaping perceptions of risks and opportunities,
and guiding behavioral responses to challenges
such as resource allocation, climate variability,
and input usage. For instance, farmers may
rely on these models to evaluate trade-offs in
seed consumption, prioritizing experiential
heuristics over expert recommendations,
which can lead to suboptimal practices if the
models are misaligned with scientific evidence
(Bartaburu et al., 2022).

Mental models are internal representations
of reality that help individuals understand and
reason about situations, even those they have
not directly experienced (Jones et al., 2011).
These models consist of deeply ingrained
assumptions and generalizations that shape our

perception of the world and guide our actions
(Marques, 2014). However, these models are
often based on generalizations that may not
always be accurate, leading to widespread
misunderstandings  (Johnson-Laird, 2010).
Two main approaches are used to study MM:
one focuses on the knowledge and processes
involved in reasoning within specific domains
(Todorovikj et al., 2019), while the other
views MM as constructs in working memory
that support logical reasoning. Generally,
people develop these models through
interactions with their environment and others,
which help them understand and predict
various phenomena (Johnson-Laird, 2010).
Mental models are crucial cognitive structures
that influence reasoning processes. They act as
a set of hierarchical rules that function
competitively and cooperatively. However,
individuals are often unaware of their MM and
how these affect their performance and
decision-making. Researchers study these
models by analyzing behavior rather than
asking direct questions, as MM often operate
at a subconscious level. These cognitive
structures, which include attitudes, emotions,
and beliefs, serve as lenses through which
individuals perceive the world and influence
how they interpret and react to different
situations. As a result, two people might
perceive the same event differently based on
their unique mental models (Lee & Webb,
2005; Suomala & Kauttonen, 2022; Holtrop et
al., 2020). Overall, MM are essential for
understanding how individuals make decisions
and interact with their world. They are
dynamic systems within the mind that process
external information, leading to actions based
on internal cognitive structures (Jones et al.,
2011; Chermack, 2003; Capelo & Dias, 2009).
Previous studies have employed a variety of
methods to elicit and analyze mental models,
including semi-structured interviews to capture
farmers'  cognitive  frameworks through
narrative responses (Eckert & Bell, 2005),
questionnaires to quantify differences in
perceptions across groups (Halbrendt et al.,
2014), and behavioral analysis to infer models
from observed decision-making patterns (Levy
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et al., 2018). More recent approaches have
incorporated innovative techniques such as
values-informed mental modeling, which
integrates epistemic values into interviews and
cognitive mapping to understand stakeholder
perceptions of complex systems like water
management (Afzal et al., 2025), and drawing-
based elicitation methods to visualize and
compare mental models of human-nature
relationships in agricultural contexts (Morrison
et al., 2024). More recently, behavioral
analysis and experimental games have been
used to infer mental models from observed
actions rather than stated beliefs, helping to
circumvent social desirability bias (Bartaburu
et al., 2022). Recognizing that each method
has limitations, a mixed-methods approach as
adopted in  this studyis increasingly
advocated. This approach leverages the depth
of qualitative inquiry to ensure the relevant
constructs are captured, followed by
quantitative measures to validate and
generalize findings, thereby providing a more
comprehensive understanding (Jones et al.,
2011; Levy et al., 2018).

Mechanisms Linking Contextual Factors to Mental
Model Formation

Recently research has begun to delineate
the precise cognitive mechanisms through
which contextual factors shape farmers' mental
models. These factors do not influence
decisions directly but are filtered and
interpreted through pre-existing cognitive
frameworks,  which  are  subsequently
reinforced or updated (Moon et al., 2019;
Lynam & Brown, 2011). For instance, climate-
related experiences, particularly extreme
events like drought, operate primarily through
the mechanism of experiential learning and
risk amplification (Gebrehiwot & Veen, 2020).
Repeated exposure to crop loss from drought
can lead to an overestimation of climatic risk,
causing farmers to adopt defensive heuristics
such as "more seeds equal more security” that
become entrenched in their mental models
(Kansiime et al., 2021; Guido et al., 2020).
Similarly, limitations in facilities and
equipment shape farmers’ mental models
through perceived affordances and constraints.

When equipment is imprecise, farmers learn to
compensate by overseeding in order to achieve
acceptable plant density, a practice that
gradually becomes a normalized
“workaround” (Feola et al., 2015). Over time,
this practical adaptation can evolve into a core
belief about what is necessary, overshadowing
knowledge of optimal seeding rates.Subjective
norms exert their influence through the
mechanism of social learning and normative
conformity (Bandura, 1977; Ajzen, 1991). In
close-knit agricultural communities, observing
peers and adhering to traditional practices
provides social validation and reduces
perceived social risk. When a practice like
high seed consumption is widespread, it
creates a descriptive norm that individuals are
cognitively motivated to follow, integrating it
into their mental model as a "correct” way of
farming (Hansson & Kokko, 2018; Hoppe et
al., 2023). Understanding these mechanisms
experiential learning, affordance-based
adaptation, and social conformity helps
explain not just what factors influence mental
models, but how they become cognitively
embedded and resistant to change.

Mental Models (MM) in Agriculture

When considering an agricultural system, it
becomes evident that farming encompasses
more than just plants, soil, and farm inputs. It
also involves soil organisms, wildlife, water
resources, runoff, and, crucially, the farmers
themselves (Keating & McCown, 2001).
However, the extent of farmers' engagement in
environmental systems thinking and how this
influences their on-farm decision-making and
behaviors require further research (Azizi et al.,
2022). Understanding these agricultural
systems, including how factors and their
relationships are defined, can be developed by
exploring mental models, which are
frameworks that people use to understand their
world (Ghanbari et al., 2018). Mental models
are utilized for everyday decision-making and
are shaped by knowledge acquisition and
experience (Grenier & Dudzinska-Przesmitzki,
2015).

For farmers, this knowledge often evolves
over time through social learning processes,
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where information is shared with extension
agents, scientists, and other industry partners
during meetings, outreach events, and informal
settings, such as farmer-to-farmer
communication, all of which influence their
decisions and preferences. Social learning
processes may be key to sustainability in
natural resource management, enabling the
long-term sharing of perspectives among
multiple stakeholders. An iterative process in
which decisions are made, systems are
impacted, and MM are consciously updated to
reflect new perceptions of reality can help
develop more sustainable systems (Levy et al.,
2018; Moon et al., 2019). In agriculture, when
farmers  understand how a  specific
conservation practice or its components fit into
the broader agricultural system, this awareness
is reflected in their MM. External
representations of these assumptions can
enable farmers to make more informed
decisions about how their agricultural
practices might potentially affect social or
environmental outcomes (Bardenhagen et al.,
2020).

Mental models exert a profound effect on
sustainable agricultural practices, including
wheat seed use, by shaping how farmers
interpret environmental cues, assess risks, and
make decisions. For instance, inaccurate or
outdated mental models may lead to
overconsumption of seeds as a perceived
safeguard against risks like drought or weed
infestation, resulting in economic
inefficiencies and reduced sustainability.
Conversely, aligned mental models fostered
through education and experience can promote
optimal seed usage, enhancing resource
efficiency, yield stability, and long-term food
security. In this study, differences in mental
models between farmers and experts highlight
how these cognitive structures directly impact
seed consumption behaviors, underscoring the
need for interventions that refine farmers'
models toward evidence-based practices.

Some research has revealed changes in
farmers' MM based on their management
styles (Cullen et al., 2022). Related studies by
Eckert & Bell (2005) revealed that previous

experience, values, beliefs, and knowledge
influence a farmer's current MM. In turn, this
MM serves as both a filter and guide for
farmers’ actions, decisions, and use of
information, regardless of the type of farming
operation, marketing practices, or agricultural
approach (e.g. sustainable, organic, or
conventional). Warner et al. (2016) compared
the MM of scientists and local residents
regarding flash floods and landslides,
demonstrating that personal experience and
observability of processes are two key factors
explaining the content of MM. In relation to
wheat productivity, it can be argued that
observable factors such as the average age of
the tenant, family labor, distance from home to
farm, hired labor, distance from the farm to the
irrigation  source, number of irrigations,
irrigation duration, availability of seeds, and
access to and adoption of new, adaptable seed
varieties influence the decision-making
process. Less observable factors, such as
water, fertilizer, and pesticides, may have a
lesser impact.

Also a number of studies has begun to
explicitty map farmers’ mental models
concerning specific agricultural inputs, with
seeds being a critical focus. Table 1 shows the
comparison between previous studies and the
present study and identifies its innovation
contribution. These studies reveal that seed-
related decisions are not purely technical but
are deeply embedded in cognitive frameworks
shaped by experiential learning, risk
perception, and social networks. For instance,
Okello et al. (2018) applied means-end chain
theory to analyze Kenyan farmers' mental
models associated with quality seed potato
use, revealing that perceived benefits like
improved vyields and disease resistance drive
adoption behaviors. Similarly, Bulte et al.
(2023) explored biased expectations in
Ugandan farmers' mental models regarding
improved seeds, showing how misinformation
leads to under-adoption and suboptimal
complementary input use. These findings
underscore the role of mental models in seed-
related  decisions, aligning  with  our
investigation into discrepancies between
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farmers' and experts' perceptions of optimal
wheat seed quantities.Furthermore, Kansiime

et al. (2021), highlighted how mental models
concerning climate risk directly influence seed
selection, with farmers opting for higher
seeding rates as a buffer against perceived
environmental uncertainties, a finding that

resonates directly with the overconsumption
problem addressed in the present study. By
examining these seed-specific mental models,
our study aims to contribute to this emerging
body of literature, providing a granular
understanding of the cognitive drivers behind
wheat seed use in Western Iran.

Table 1- Comparative Analysis of Previous Studies and the Present Research

Research Gap Addressed /

Aspect Previous Studies Present Study Contribution
Often focused on technical aspects
of seed use (e.g., purity, Explicitly focuses on mental models Addresses the cognitive and
germination, varietal selection) or (MM) related to wheat seed behavioral drivers behind seed
Focus general farm decision-making. overuse, a topic less explored

Geographical
Context

Methodology

Key Factors
Explored

Strategy
Development

Some studies examined mental
models in conservation or climate
adaptation.

Diverse contexts: Sub-Saharan
Africa (Bulte et al., 2023), Kenya
(Okello et al., 2018), Uganda,
Europe, and global models (e.g.,
Levy et al., 2018).
Varied: interviews (Eckert & Bell,
2005), surveys (Halbrendt et al.,
2014), behavioral games
(Bartaburu et al., 2022), values-
informed modeling (Afzal et al.,
2025), drawing-based methods
(Morrison et al., 2024).

Often focused on single domains:
risk perception, social norms, or
expert-farmer discrepancies. Some
studies linked MM to climate or
soil management.

Few studies progressed to
developing and prioritizing
actionable interventions based on
MM findings.

Often based on MM theory or

consumption specifically overuse in
a specific agro-economic context.

Western Iran (Kangavar County), a
region with high wheat dependency
and specific socio-climatic
challenges.

Mixed-methods: phenomenological
interviews, quantitative surveys (t-
tests), Delphi method, and Analytic
Hierarchy Process (AHP) for
strategy prioritization.

Identifies five key MM domains:
work context, climate, experienced
risks, resources/equipment, and
subjective norms. Also
compares farmer vs. expert
MMs quantitatively.

Uses Delphi and AHP to identify
and rank 9 consensus-based
strategies (e.g., seedbed preparation,
certified seeds).
Integrates Theory of Planned
Behavior, Mental Model Theory,

compared to technical or agronomic
factors.

Provides context-specific insights
into Iranian farmers’ decision-
making, where wheat is vital for
food security and economy.

Combines qualitative
depth with quantitative
validation and systematic
consensus-building to derive
actionable strategies.

Offers a multi-dimensional
framework that integrates
experiential, normative, and
contextual factors shaping seed use.

Bridges the gap between theory and
practice by translating MM insights
into prioritized, implementable
strategies.

Provides a more holistic theoretical

'Il'hteoretti_cal behavioral models (e.g., TPB) in and agricultural decision-making basis for understanding seed-use
ntegration isolation. frameworks into a unified behavior.
conceptual model.
Source: Research Findings
Conceptual Framework work conditions, resource availability). These
Based on the literature, a conceptual mental models act as cognitive filters that

framework was developed (see Fig. 1) to
illustrate how mental models influence wheat
seed consumption among farmers. The
framework posits that farmers’ mental models
are shaped by a combination of experiential
factors (e.g., past risks, climate experiences),
socio-normative  factors (e.g., subjective
norms, traditions), and contextual factors (e.g.,

influence farmers’ risk perceptions, behavioral
intentions, and ultimately, their seed-use
practices. This model draws on elements from
the Theory of Planned Behavior (Ajzen, 1991),
Mental Model Theory (Johnson-Laird, 2010),
and agricultural decision-making frameworks
(Bartaburu et al., 2022; Moon et al., 2019).
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Experiential Factors

I Climate Experiences ‘ Past Risks '

Mental Model

Figure 1- A conceptual model of mental models’ influence on seed-consumption

Methodology

This study was conducted in three distinct
stages to comprehensively understand and
improve the wheat seed consumption practices
of farmers in Kangavar County. Kangavar
County was selected as a representative case
study due to its significant wheat cultivation
area and documented issues with seed
overconsumption, providing a rich context for
examining mental models. The stages included

identifying and comparing mental models and
developing actionable recommendations.

Stage One: ldentifying Mental Models of Farmers
and Experts

To elucidate and comprehend the mental
models held by wheat farmers and agricultural
experts regarding seed consumption practices,
a qualitative, phenomenological approach was
employed to explore and analyze participants’
cognitive frameworks (Creswell, 2013). The
study targeted wheat farmers and subject
matter experts in Kermanshah County. The
inclusion criteria for farmers required a
minimum of five years of local wheat
cultivation experience. Experts were selected
based on a minimum of five years of
professional experience in the field (Patton,
2015). Purposeful and snowball sampling

Resource Availability I

techniques were used. The initial participants
were selected based on specific criteria, and
additional participants were recruited through
referrals from these initial contacts (Marshall
& Rossman, 2016). The final sample consisted
of 16 individuals. We collected data through
semi-structured interviews, direct observation,
and field notes. These methods were chosen to
gain a deep understanding of the participants'
cognitive frameworks concerning wheat seed
usage (Lincoln & Guba, 2018). The qualitative
data were analyzed using a thematic analysis
approach. Interview transcripts and field notes
were coded inductively to identify significant
statements related to seed usage. These codes
were grouped into categories and further
synthesized into thematic clusters representing
key dimensions of farmers' and experts' mental
models. This process ensured that the
emergent themes were grounded in the
participants' lived experiences and
perspectives (Braun & Clarke, 2006).

Data were analyzed using Colaizzi's
phenomenological method (Colaizzi, 1978),
which involves a systematic process of
extracting and interpreting participants' lived
experiences. The analysis followed these steps:

v Familiarization: Researchers repeatedly

read through all interview transcripts and
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field notes to gain an in-depth
understanding of the data.

v" ldentification of Significant
Statements: Sentences or phrases

directly pertaining to wheat seed usage
were extracted from the transcripts.

v' Formulation of Meanings: Researchers
interpreted the significant statements to
uncover underlying meanings relevant to
the research objective.

v' Theme Development: The formulated
meanings were grouped into clusters of
themes, which were then organized into
broader categories.

v' Exhaustive  Description: A detailed
narrative was constructed to describe the
phenomenon of interest
comprehensively.

v Fundamental Structure: The essence of
the participants’ mental models was
synthesized into a concise structural
description.

v" Member Checking: The findings were
returned to participants for validation to
ensure the accuracy and trustworthiness
of the interpretations.

Credibility was established through
member checking and through peer debriefing.
Dependability was ensured by having multiple
researchers independently code and review the
data (Lincoln & Guba, 2018).

Stage Two: Comparing Mental Models (MM) of
Farmers and Experts

To compare and contrast the MM of wheat
farmers with those of experts regarding seed
consumption. A mixed-methods approach was
adopted, integrating qualitative findings from
Stage One with quantitative analysis
(Creswell, 2013). The population included 255
wheat farmers and 50 agricultural experts from
Kangavar County. Stratified sampling with
proportional allocation was used for the
farmers (N= 740, n= 255) according Krejcie &
Morgan (1970) sampling table. Owing to the
small number of experts, a complete
enumeration approach was applied (Bryman,
2016). A structured questionnaire, developed
based on insights from Stage One, was used to
assess differences in MM between farmers and

experts (Dillman et al., 2014).

The structured questionnaire was structured
into two main parts. The first part collected
socio-demographic information from the
participants (e.g., age, education level, farming
experience, land size). The second part, which
formed the core of the instrument, was
designed to quantitatively capture the mental
model domains identified in the qualitative
stage (Stage One). It consisted of multiple
Likert-scale  questions (e.g., 1=Strongly
Disagree to 5=Strongly Agree) for each
domain. For instance, to measure 'Experienced
Risks," participants were asked to rate
statements such as, 'Using a higher seed rate is
an effective strategy to compensate for
potential yield loss due to pests or
drought.' Similarly, the 'Subjective Norms'
domain included items like, ‘Most farmers in
my community believe that using more seeds
leads to a better harvest.' The 'Academic
Knowledge' domain for experts included items
such as, 'Recommended seed rates should be
primarily based on scientific research from
seed institutes.' This approach allowed us to
translate  the qualitative themes into
measurable variables for statistical comparison
between the groups .Quantitative data were

analyzed using independent samples t-tests to
compare the mean scores of farmers and
experts across the identified mental model
domains. The t-test was chosen to assess the
statistical significance of differences between
the two groups, with a threshold of p < 0.05
indicating significance. This method allowed
for a robust comparison of perceptual gaps
between farmers and experts. Data analysis
involved both descriptive and inferential
statistics using the SPSS software (Field,
2013). The differences between the MM of
farmers and experts were tested for statistical
significance at the 1% and 5% levels.

Stage Three: Developing and Prioritizing Strategies
for Optimizing Seed Use

To develop and prioritize strategies aimed
at optimizing wheat seed usage among farmers
in Kangavar County. This stage employed a
mixed-methods approach, utilizing the Delphi
method for strategy identification and the
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Analytic Hierarchy Process (AHP) for
prioritization (Tzeng & Huang, 2011).

Delphi Method: The Delphi process was
conducted in three rounds, following the
established guidelines outlined by Keeney et
al. (2006). A panel of 16 experts participated
in an initial open-ended round that generated
21 strategies. In the second round, experts
evaluated and prioritized these strategies using
a 5-point Likert scale, resulting in a refined list
of 14 items. The final consensus round
employed binary Agree/Disagree responses,
and strategies receiving more than 66%
agreement were retained, yielding a final set of
9 strategies.

Round One: An open-ended questionnaire
was distributed to a panel of 16 experts to
gather potential strategies, resulting in 21
initial strategies (Linstone & Turoff, 2002).

v Round Two: A 5-point Likert scale
questionnaire was used to assess and
prioritize these strategies, leading to 14
strategies for further evaluation (Keeney

et al., 2006).
v Round Three: A closed questionnaire
with binary response options

(Agree/Disagree) was employed to
finalize the top 9 strategies based on
expert consensus (Dalkey & Helmer,
1963).

The Delphi technique was employed to
achieve expert consensus through iterative
rounds of feedback. In the first round, experts
generated open-ended suggestions. These were
synthesized and rated in the second round
using a Likert scale. The final round used
binary agree/disagree responses to finalize
strategies. This iterative process ensured
reliability and collective validation of the
strategies (Hsu & Sandford, 2007). The
Analytic Hierarchy Process (AHP) was then
used to prioritize the strategies based on
pairwise comparisons, with consistency ratios
maintained below 0.1 to ensure logical
consistency.

The Analytic Hierarchy Process was
applied to rank the final strategies. Pairwise
comparisons were conducted and analyzed
using the Expert Choice software. The

strategies were ranked based on weighted
average scores, with an inconsistency rate
maintained below 0.1 to ensure accurate and
reliable judgments (Saaty, 1980). The
prioritized  strategies were designed to
optimize wheat seed use, with the potential to
improve agricultural practices and enhance the
livelihoods of farmers in Kangavar County.

Results

To achieve the research objectives, the
researcher aimed to extract the underlying
mental frameworks of small-scale farmers
regarding seed usage by asking what, how, and
why. Data collected from the in-depth
interviews and field observations were
compiled and organized into a database.
Transcriptions and field notes were repeatedly
reviewed to gain a comprehensive view of the
collected information. Key phrases related to
the mental framework of farmers regarding
seed consumption were identified, and after
eliminating redundant items, 33 key codes
(themes) were identified. These were then
consolidated into 15 meaningful categories
(Table 2). The extracted phrases were grouped
into five main thematic clusters: work context,
climate, experienced risks, facilities and
equipment, and subjective norms.

To identify the underlying reasoning of
experts regarding the recommended seed
quantity for farmers, key statements related to
the research topic (the underlying mental
models of farmers concerning wheat seed
consumption) were identified after the initial
analyses. After eliminating duplicates and
merging similar statements, 11 key codes
(themes) were identified. The researchers then
attempted to consolidate similar items and
formulate the extracted statements into
meaningful expression. Five formulated
meanings were derived at this stage.
Subsequently, the statements related to the
experts' reasoning regarding recommended
seed amounts for farmers were categorized
into three main subjects (categories):
Academic Knowledge, Professional
Experience, and Farmer Characteristics (Table
3).
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Table 2- Primary Codes, Concepts, and Categories Extracted from Interviews (Farmers' Mental Models)
Concepts Categories Subcategories (Initial Codes)
Work Context Soil Structure and Texture Presence of clods in the field
Rocky soil
Heavy soil texture
Soil fertility
Land shape Marginal lands
Sloped lands
Irregular land shapes
Land fragmentation and dispersion ~ Small plot sizes
High number of plots
Inappropriate soil tillage
Climate Rainfall Drought
Decrease in precipitation
Heavy rainfall

Air temperature Cold weather
Experienced Risks Managing natural risks Controlling weeds
Reducing crop pest damage
Managing financial risks Preventing yield reduction
Preventing income loss
Resources and Equipment  Lack of required tools Lack of tractors
Lack of proper seed drills
Inadequate equipment Use of inappropriate combines
Use of improper fertilizer spreaders
Locally made equipment Inaccuracy of local equipment
Lack of production inputs High plowing costs (labor shortages)

Use of homegrown seeds
Lack of access to water
Lack of access to irrigation systems
Subjective Norms Individual attitudes Rivalry and competition
Beliefs and values Mindset and way of thinking
Following ancestral traditions

Source: Research Findings

Table 3- Primary codes, concepts, and categories extracted from interviews (Experts' Mental models)

Category Concept Theme

Academic knowledge  University resources Academic textbooks
Scientific articles

Information sources Seed research center

Scientific and practical standards
Meteorological center data

Experience Professional experience Climatic experience
Work experience
Farmer characteristics ~ Personal farmer conditions Older farmers

Younger farmers
Professional farmer conditions  Awareness of farmer conditions
Type of farmer management
Source: Research Findings

Differences in Mental Models (MM), Between 10.703, Sig. = 0.000), awareness (t = 4.204,
Farmer_s and Agricultural Promoters and Experts Sig. = 0.000), climate (t = 8.184, Sig. = 0.000),
Regarding Seed Usage experienced risks (t = 17.101, Sig. = 0.000),

An examination was conducted using the t- facilities and equipment (t = 10.615, Sig. =

test to identify differences in MM between 0.000), and mental norms (t = 12.780, Sig. =
farmers and agricultural promoters and experts O:OOO)j However. there was no sig’nificént

concerning seed usage. The results showed diff in th tors’ characteristics (t =
significant differences at the 1% and 5% levels _&;ggngiegl.n: 0.6485;3 r(%rgﬁe Z)'arac eristics (

in the context of working conditions (t = To facilitate comparison of the mental
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models between farmers and experts, Fig. 2
presents a bar chart illustrating the mean
scores for each category, with statistically

significant differences (p < 0.01).

Table 4- Comparison of mental models between farmers and agricultural promoters and experts regarding seed

usage

Variable Groups  Mean Std t Sig

Work context Farmers 65.67 22.325 10.703 0.000
Experts 3530 16.764

Climate Farmers 48.43 22314 8.184 0.000
Experts 20.00 20.763

Experienced risks Farmers 74.02 21542 17.101 0.000
Experts 1580 21.768

Facilities and equipment  Farmers 64.10 19.470 10.615 0.000
Experts 3196 18.021

Subjective norms Farmers 66.24 19.826 12.780 0.000
Experts 18.93 24.276

Academic knowledge Farmers 4171 36.239 -8.392 0.000
Experts 75.28 21.908

Professional experience ~ Farmers 66.71 23.784 9.178  0.000
Experts 22.60 31.852

Operator characteristics ~ Farmers 5151 21.238 -0.733 0.464
Experts 53.90 18.043

Professional Experience
Subjective Norms
Facilities & Equipment
Experienced Risks
Climate

Academic Knowledge

Working Conditions

**Significance at the 1% level is indicated by **

|
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Figure 2- Comparison of mental models between farmers and experts across key categories
Note: ** indicates statistical significance at the 1% level (p < 0.01)

Identifying Strategies to Adjust Wheat Seed Usage
among Farmers in Western Iran

The first round of the Delphi method was
conducted to identify strategies and
suggestions for adjusting seed usage among
farmers in Kangavar County, located in
western Iran. In this round, 21 strategies were
identified and retained. Some of these
strategies include preparing a suitable seedbed,
plowing before planting (breaking the soil) and
leveling the land before planting (frequency of
4), preparing a suitable seedbed (tillage in

appropriate moisture, using suitable tillage
equipment, managing  plant  residues)
(frequency of 2), increasing beneficial
organisms after initial plowing (bacteria that
dissolve and provide essential nutrients for the
plant in the soil) and restoring soil structure
(frequency of 2), replacing old planting
equipment with new and modern technology
(frequency of 2), and using appropriate seeds
(certified and parent seeds) (frequency of 5).

In the second round, items with an average
of 3.5 and above were selected, and the others
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were eliminated. At the end of this stage,
seven items were eliminated, and 14 items
remained. The remaining strategies at the end
of the second stage were preparing a suitable
seedbed, plowing before planting (breaking the
soil) and leveling the land before planting
(average of 5), training farmers on new
sciences such as no-till planting or
conservation agriculture (average of 4.82), and
appropriate depth, density, and uniform
distribution of plants per unit area (average of
4.71).

In the third and final round of the Delphi
method (consensus phase), items that gained
over 66% agreement from experts were

accepted, and those that did not reach 66%
were eliminated. Ultimately, 5 items were
removed, and 9 items were finalized as
strategies to adjust seed usage among farmers
in Kangavar County, located in western Iran.
Some of the selected strategies in this phase
included "preparing a suitable seedbed (tillage
in appropriate moisture, using suitable tillage
equipment, and managing plant residues)”
with 93.8% agreement, "using appropriate
seeds (certified and parent seeds)" with 87.5%
agreement, and "appropriate depth, density,
and uniform distribution of plants per unit
area” with 81.2% agreement (Table 5).

Table 5- Strategies for adjusting wheat seed usage after third round data analysis

. Agree Disagree
Strategies (%) (%)

Preparing a suitable seedbed (tillage in appropriate moisture, using suitable tillage equipment, managing 93.8 6.2
plant residues) ' '
Using appropriate seeds (certified and parent seeds) 87.5 125
Appropriate depth, density, and uniform distribution of plants per unit area 81.2 18.8
Planting at the appropriate time and adhering to planting dates 93.8 6.2
Recommending seed rates for each region based on climate, soil, and individual farmer conditions 87.5 125
Using suitable planting equipment (calibrated planters equipped with markers) 93.8 6.2
Training farmers in new sciences such as no-till planting or conservation agriculture 81.2 18.8
Encouraging and motivating leading farmers to use less seed and providing incentives for these farmers,

- - . 87.5 125
creating competition between leading and regular farmers
Using treated seeds (soaking seeds in water or spraying zinc compounds on seeds) 93.8 6.2

Source: Research Findings

Prioritization of Strategies to Adjust Wheat Seed
Usage among Farmers in Kangavar County,
Western Iran

Based on the results presented in Fig. 3, it
can be seen that among the identified
strategies, the most important and suitable
strategies for adjusting seed usage among
farmers in western Iran are "“preparing a
suitable seedbed (tillage in appropriate
moisture, using suitable tillage equipment,
managing plant residues)" with a weighted
average of 0.148, "using appropriate seeds
(certified and parent seeds)" with a weighted
average of 0.143, and ™appropriate depth,
density, and uniform distribution of plants per
unit area" with a weighted average of 0.131.
Strategies with lesser importance included
"training farmers in new sciences such as no-
till planting or conservation agriculture” with a
weighted average of 0.089, "encouraging and
motivating leading farmers to use less seed

and providing incentives for these farmers,
creating competition between leading and
regular farmers” with a weighted average of
0.087, and "using treated seeds (soaking seeds
in water or spraying zinc compounds on
seeds)" with a weighted average of 0.075.

Discussion

Based on the findings, six key categories
were identified as influential in shaping
farmers’ MM regarding wheat seed
consumption: working conditions, awareness,
climate, experienced risks, facilities and
equipment, and mental health norms. The
‘working conditions' category, including soil
structure, land shape, and fragmentation,
shapes mental models through the mechanism
of practical constraint and adaptation. Farmers
operating on sloped or fragmented lands may
perceive a higher risk of uneven plant
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establishment. This perception, rooted in
the affordances of their land, leads to adaptive
decisions like increasing seed rates to
compensate for perceived inefficiencies, a
finding consistent with other studies (Mersha
et al., 2022; Feola et al., 2015), and social and

0.075
0.087
0.089
0.097
0.107
0.123
0.131
0.143
0.148

physical factors (Xie & Huang, 2021) are
significant determinants of farmers' decision-
making processes. Peltonen-Sainio et al.
(2018) further suggested that land shape and
slope are hidden factors affecting farmers'
decisions.

R9
R8
R7
R6
R5
R4
R3
R2
R1

Strategy

0.16 0.14 0.12 0.1 0.08

Weight

Figure 3- Prioritization of strategies to adjust wheat seed usage

The findings indicate that climate change is
a critical factor influencing farmers' MM of
wheat seed consumption. Ellis & Albrecht
(2017) also highlighted how climate change
intensifies farmers’ concerns about weather
conditions, weakens their sense of identity,
and potentially impacts their mental well-
being and subsequent actions. Edwards et al.
(2015) argue that drought negatively affects
farmers' and workers' mental states, especially
when drought reduces farm productivity to its
lowest levels. Similarly, Gebrehiwot & Veen
(2020) add that drought experiences
significantly  impact  farmers'  decisions
regarding adaptation measures, vulnerability
perception, self-efficacy, and the effectiveness
of their responses. Harik et al. (2023)
emphasize the significant role of climate and
social factors in influencing farmers' decisions.
Azizi et al. (2021) also confirm that climate
conditions (temperature, rainfall, extreme cold
and heat events, and drought) considerably
affect farmers' decision-making processes.
Based on this, it can be inferred that the
farmers studied may have increased their
wheat seed consumption owing to the severe
drought impacts. In line with this, Taylor et al.
(1988) confirmed that experiencing climate
changes, such as drought, can influence

0.06 0.04 0.02 0

Inconsistency rate: 0.07

farmers' definitions, memories, and
expectations, potentially leading to inadequate
responses to environmental risks. Supporting
this analysis, Guido et al. (2020) found that
farmers’  expectations regarding  future
seasonal rainfall play a crucial role in their
farm decision-making processes.

The results also revealed that the risks
experienced by farmers can shape their MM
and ultimately lead to higher wheat seed
consumption levels. In this regard, research by
Kolb et al. (2012), Lemerle et al. (2004), and
Hasam et al. (2021) shows that higher wheat
seeding rates (at least 200 plants per square
meter) are an effective method for managing
weeds, reducing weed biomass, and improving
grain yield in low-rainfall environments.
Kumari & Kataria (2023) confirmed that a
seeding rate of 140 kg/ha in wheat
significantly increased both biological and
grain yields compared to a rate of 100 kg/ha.
Thus, although the farmers studied appear to
have shaped their MM based on the risks they
have experienced to efficiently manage these
risks, their seed consumption rates are well
above 140 kg/ha.

The "facilities and equipment" category
includes four key concepts: lack of necessary
tools, inappropriate tools, and shortages in
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production inputs, all of which can influence
farmers MM of wheat seed consumption.
Feola et al. (2015) also confirm that
understanding farmer behavior requires
addressing decision-making models, short-
term pressures, cross-level interactions, and
dynamic factors over time.

According to the findings, mental norms
(individual attitudes, beliefs, and values)
significantly influence the shaping of farmers’
MM. In this regard, Ajzen (1991)
demonstrated that attitudes and beliefs play
crucial roles in forming mental behavior.
Ajzen & Fishbein (2000) further noted that
attitudes automatically follow accessible
beliefs stored in memory and guide relevant
behaviors. Highlighting the importance of this
factor, Hansson & Kokko (2018) showed that
farmers often associate wetland restoration
with negative impacts on their fields, with
their changing MM influenced by personal
values. Additionally, Hoppe et al. (2023)
found that collective factors, such as in-group
identification and norms, directly and
indirectly influence individuals’ conservation
actions. Furthermore, Grob (1995) revealed
that  personal-philosophical  values and
emotions have the strongest influence on
environmental behavior, explaining 39% of the
variance in such behavior. Gatersleben et al.
(2014) also argue that values and identities are
strong predictors of  pro-environmental
behavior, with identities explaining these
behaviors more than specific attitudes.

The analysis showed that experts
recommend wheat seed rates based on three
main factors: academic knowledge, practical
experience, and the farmer’s personal and
professional characteristics. The academic
knowledge category consists of two
components—university resources (such as
academic books and scientific papers) and
informational  resources (including seed
research centers, scientific and practical
standards, and meteorological data).In this
regard, Ulrich et al. (2022) found that
academic education enhances the integration
of scientific concepts into experiential brain
systems and mental frameworks.

The experience category includes concepts
such as climatic and work experience. Rajabali
Baglou et al. (2019) stated that experience,
training, and  professional  background
significantly influence the formation of
individuals' MM. Eckert & Bell (2005) also
highlighted values and prior knowledge as key
factors influencing respondents’ mindset and
decision-making. According to the findings,
from the experts' perspective, the personal and
professional traits of the farmer play a
determining role in the seed amount they
recommend. Therefore, the experts' reasoning
and mental frameworks are influenced by
these farmer-specific traits.

A comparison of the mental frameworks of
experts and farmers revealed a significant
difference in reasoning between the two
groups, except regarding farmer
characteristics. To further elucidate the
magnitude of this gap, the percentage
difference in mean scores was calculated. The
most striking disparity was in 'Experienced
Risks,’ where farmers' scores were 368%
higher than those of experts (74.02 vs. 15.80).
Similarly, large differences were observed for
'Subjective Norms' (250% higher for farmers)
and 'Facilities and Equipment' (100% higher).
In contrast, experts' scores for 'Academic
Knowledge' were 80% higher than farmers'.
These percentages underscore a profound
divergence in perspective. Halbrendt et al.
(2014) explained that the gap between expert
and farmer perspectives can be attributed to
the MM each group holds. Our qualitative data
provide concrete examples of this divergence.
For instance, regarding 'Experienced Risks," a
farmer explained their high seeding rate by
stating: “I saw my neighbor's field fail due to
poor germination after a dry spell. | always
add extra seed as insurance against such
losses”. This contrasts sharply with an expert's
rationale, which was rooted in academic
knowledge. “Our trials show that beyond 150
kg/ha, the law of diminishing returns applies,
and excessive seeding can even promote
disease”. Similarly,  the  influence  of
Subjective Norms was evident in farmer
interviews, with one noting: “everyone in our
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village plants this much. If I use less and my
yield is lower, | will be blamed for not
following the tradition”. These examples
illustrate how the quantitative disparities are
manifestations of deeply rooted cognitive
frameworks based on lived experience versus
scientific training. Eitzinger et al. (2018)
argued that these two groups perceive risks
differently, which influences their mental
behavior. Rios-Gonzalez et al. (2013) further
noted that this difference in perception arises
from the distinct roles of men and women in
the agricultural process rather than a lack of
knowledgeThe Delphi method was employed
to reduce this gap in reasoning and to identify
common solutions for optimizing seed
consumption. The results indicated that the
most effective strategies include: preparing an
appropriate seedbed (such as tilling under
suitable moisture conditions, using proper
tillage implements, and managing crop
residues), using high-quality seeds (including
parent and certified seeds), and ensuring
proper sowing depth, plant density, and
uniform seed distribution per unit area. These
strategies were identified as the most
important and optimal approaches for
improving wheat seed consumption among the
farmers studied. Less important solutions
included educating farmers on new
technologies such as no-till farming or
conservation agriculture, encouraging and
incentivizing leading farmers to use less seed,
creating competition between leading and
average farmers, and using seed treatments
(soaking seeds in water or spraying them with
zinc compounds). These solutions were agreed
upon by both experts and farmers, aligning
with the reasoning of both groups. Therefore,
it is expected that by implementing these
solutions, wheat seed consumption will
significantly decrease.

Conclusion and Limitation

Mental models form the foundation of an
individual's decision-making and behavior. By
examining reasoning processes, we can
identify the root causes of behavioral patterns
and avoid unnecessary expenditures of time

and resources in altering behaviors. In other
words, understanding reasoning enables us to
accurately grasp the factors behind farmers'
unstable behaviors and implement appropriate
solutions to address them. The qualitative and
quantitative phases of this study provided an
opportunity to explore the reasons for the
differences in seed usage logic between
farmers and experts. The findings also showed
that, through consensus-driven solutions, it is
possible to bridge the gap between farmers'
and experts' reasoning, thereby creating the
conditions necessary to optimize seed
consumption.

While this study provides valuable insights
into the mental models influencing wheat seed
consumption among farmers in Kangavar
County, several limitations should be noted to
contextualize the findings. Geographically, the
research is confined to a specific region in
western Iran (Kangavar County). As a case
study focused on Kangavar County, the
findings are not statistically generalizable to
all of Western Iran. The unique climatic, soil,
and socio-economic conditions of the region
mean that the specific weightings of mental
model factors may differ in other areas. For
instance, the emphasis on drought-related risks
in farmers' mental models may be amplified
here due to regional arid conditions,
potentially less relevant in wetter climates.
Sampling constraints also apply. The
qualitative phase relied on purposeful and
snowball sampling, which, while effective for
in-depth exploration, may introduce selection
bias by favoring more accessible or networked
participants. The quantitative phase used
stratified sampling for farmers (n=255) and
complete enumeration for experts (n=50), but
the relatively small expert sample size could
limit the robustness of comparisons.
Additionally, data collection methods, such as
interviews and questionnaires, depend on self-
reported information, which may be subject to
recall bias or social desirability effects. Future
research could mitigate these limitations by
expanding to  multi-regional  samples,
incorporating longitudinal designs to track
changes in mental models over time, or
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integrating objective measures (e.g., field
audits of seed usage) alongside subjective
assessments. Despite these constraints, the
study's mixed-methods approach offers a solid
foundation for understanding farmer-expert

discrepancies in this context. Future research
could benefit from a longitudinal design and
include a more geographically diverse
population to enhance the external validity of
the findings.

References

1.

o~

10.

11.

12.

13.

14.

15.

16.

17.

18.

Abolhassani, L., Shahnoushi, N., Dourandish, A., Taherpour, H., & Mansouri, H. (2018). An
investigation on outcomes and consequences of subsidies-reform law in wheat, flour and bread sectors.
Quarterly Journal of Agricultural Economics and Development, 26(2), 145-164.
https://doi.org/10.30490/aead.2018.73555

Afzal, N., Shrestha, S., & Turner, J.A. (2025). Using values-informed mental models to understand
farmer, water manager, and scientist use and perceptions of hydrologic models. Journal of Hydrology,
634(5-6), 133171. https://doi.org/10.1016/j.jhydrol.2025.133171

Ajzen, |. (1991). The theory of planned behavior. Organizational Behavior and Human Decision
Processes, 50(2), 179-211. https://doi.org/10.1016/0749-5978(91)90020-T

Ajzen, |., & Fishbein, M. (2000). Attitudes and the attitude-behavior relation: Reasoned and automatic
processes. European Review of Social Psychology, 11, 1-33.
https://doi.org/10.1080/14792779943000116

Argha, S., Balouchi, H.R., & Yadavi, A. (2021). Seed storage capability of wheat produced in different
conditions of drought stress and sources of nitrogen fertilization. Iranian Journal of Seed Science and
Technology, 10(2), 15-35. https://doi.org/10.22092/ijsst.2020.124360.1244

Azizi, A., Mehrabi Boshrabadi, H., & Zare Mehrjerdi, M. (2022). Impacts of climate change and water
scarcity on farmers' irrigation decisions in North-Khorasan Province: Major crops. Journal of
Agricultural Economics and Development, 35(4), 367-382. https://doi.org/10.2166/wp. 2023.122
Bandura, A. (1977). Social learning theory. Englewood Cliffs, NJ: Prentice-Hall.

Bardenhagen C.J., Howard, P.H., & Gray, S.A. (2020). Farmer mental models of biological pest
control: Associations with adoption of conservation practices in blueberry and cherry orchards.
Frontiers in Sustainable Food Systems, 4(54), 1-11. https://doi.org/10.3389/fsufs.2020.00054
Bartaburu, M., Terra, B., Garcia-Breijo, F., Castrejon-Macedo, O., & Alba-Patifio, D. (2022). Decision
spaces in agricultural risk management: A mental model approach. Environment, Development and
Sustainability, 24(5), 6856-6880. https://doi.org/10.1007/s10668-021-01693-6

Bist, P., Bhatt, P., Bist, N.S., & Kafle, R. (2021). Factor affecting wheat seed production and
associated constraints in Kailali district, Nepal. International Journal of Social Sciences and
Management, 8(1), 299-305. https://doi.org/10.3126/ijssm.v8il.34224

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in
Psychology, 3(2), 77-101. https://doi.org/10.1191/1478088706qp0630a

Bryman, A. (2016). Social Research Methods (5th ed.). London: Oxford University Press.

Bulte, E., Di Falco, S., Lensink, R., & Beekman, G. (2023). Miracle seeds: Biased expectations,
complementary input use, and the benefits of correcting beliefs. Journal of the European Economic
Association. https://doi.org/10.1093/jeea/jvad023

Capelo, C., & Dias, J. (2009). A feedback learning and mental models perspective on strategic decision
making. Educational Technology Research and Development, 57, 629-644.
https://doi.org/10.1007/S11423-009-9123-Z

Chermack, T. (2003). Mental models in decision making and implications for human resource
development. Advances in Developing Human Resources, 5, 408-422. https://doi.org/10.1177/
1523422303257373

Colaizzi, P.F. (1978). Psychological Research as the Phenomenologist Views It. In: Valle, R.S. and
Mark, K., Eds., Existential Phenomenological Alternatives for Psychology, Oxford University Press,
New York, 48-71.

Creswell, J.W. (2013). Research Design: Qualitative, Quantitative, and Mixed Methods Approaches.
4th Edition, SAGE Publications, Inc., London.

Cullen, R., Meyer, J.H., & Rhodes, A.K. (2022). Bridging the gap between conservation science and


https://doi.org/10.30490/aead.2018.73555
https://doi.org/10.1016/j.jhydrol.2025.133171
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1080/14792779943000116
https://doi.org/10.22092/ijsst.2020.124360.1244
https://doi.org/10.2166/wp.%202023.122
https://doi.org/10.3389/fsufs.2020.00054
https://doi.org/10.1007/s10668-021-01693-6
https://doi.org/10.3126/ijssm.v8i1.34224
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1093/jeea/jvad023
https://doi.org/10.1007/S11423-009-9123-Z
https://doi.org/10.1177/%201523422303257373
https://doi.org/10.1177/%201523422303257373

Ansari et al., Influence of Mental Models on Sustainable Wheat Seed Use ... 325

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

practice: The role of boundary spanners and their mental models. Society & Natural Resources, 35(1),
98-115. https://doi.org/10.1080/08941920.2021.1999271

Dalkey, N., & Helmer, O. (1963). An experimental application of the Delphi method to the use of
experts. Management Science, 9, 458-467. https://doi.org/10.1287/mnsc.9.3.458

Dillman, D.A., Smyth, J.D., & Christian, L.M. (2014). Internet, phone, mail, and mixed mode surveys:
The tailored design method (4th ed.). John Wiley & Sons, Inc. https://doi.org/10.1002/9781394260645
Eckert, E., & Bell, A. (2005). Invisible Force: Farmers' Mental Models and How They Influence
Learning and Actions. Journal of Extension, 43(3), 1-7. https://tigerprints.clemson.edu/joe/
vol43/iss3/3

Edwards, B., Gray, M., & Hunter, B. (2015). The impact of drought on mental health in rural and
regional Australia. Social Indicators Research, 121, 177-194. https://doi.org/10.1007/S11205-014-
0638-2

Eitzinger, A., Binder, C., & Meyer, M. (2018). Risk perception and decision-making: do farmers
consider risks from climate change? Climatic Change, 151, 507-524. https://doi.org/10.1007/s10584-
018-2320-1

Ellis, N., & Albrecht, G. (2017). Climate change threats to family farmers' sense of place and mental
wellbeing: A case study from the Western Australian Wheatbelt. Social Science & Medicine, 175, 161-
168. https://doi.org/10.1016/j.socscimed.2017.01.009

Feola, G., Lerner, A., Jain, M., Montefrio, M., & Nicholas, K. (2015). Researching farmer behaviour in
climate change adaptation and sustainable agriculture: lessons learned from five case studies. Journal
of Rural Studies, 39, 74-84. https://doi.org/10.1016/J.JRURSTUD.2015.03.009

Field, A. (2018). Discovering statistics using IBM SPSS statistics (5th ed.). Sage.

Gatersleben, B., Murtagh, N., & Abrahamse, W. (2014). Values, identity and pro-environmental
behaviour. Contemporary Social Science, 9, 374-392. https://doi.org/10.1080/21582041.2012. 682086
Gebrehiwot, T., & Veen, A. (2020). Farmers’ drought experience, risk perceptions, and behavioral
intentions for adaptation: evidence from Ethiopia. Climate and Development, 13, 493-502.
https://doi.org/10.1080/17565529.2020.1806776

Ghanbari, S., Bazrafshan, J., Toulabinejad, M., & Toulabinejad, M. (2018). The factors influencing
decisions of farmers in applying soil and water resource protection methods in Jaidar Plain, Poldokhtar.
Human Geography Research, 50(1), 73-92. https://doi.org/10.22059/jhgr. 2016.58924

Grenier, R.S., & Dudzinska-Przesmitzki, D. (2015). A conceptual model for eliciting mental models
using a composite methodology. Human Resource Development Review, 14(2), 163-
184. https://doi.org/10.1177/1534484315575966

Grob, A. (1995). A structural model of environmental attitudes and behaviour. Journal of
Environmental Psychology, 15, 209-220. https://doi.org/10.1016/0272-4944(95)90004-7

Guido, Z., Zimmer, A., Lopus, S.E., Hannah, C., Gower, D.B., Waldman, K., ... & Evans, T. (2020).
Farmer forecasts: Impacts of seasonal rainfall expectations on agricultural decision-making in Sub-
Saharan Africa. Climate Risk Management, 30, 100247. https://doi.org/10.1016/ j.crm.2020.100247
Haghparast, R. (2013). Principles of dryland wheat farming. First edition. Education and Extension
Publications.

Halbrendt, J., Gray, S.A., Crow, S., Radovich, T., Kimura, A.H., & Tamang, B.B. (2014). Differences
in farmer and expert beliefs and the perceived impacts of conservation agriculture. Global
Environmental Change, 28, 50-62. https://doi.org/10.1016/j.gloenvcha.2014.05.001

Hansson, H., & Kokko, S. (2018). Farmers' mental models of change and implications for farm
renewal — A case of restoration of a wetland in Sweden. Journal of Rural Studies, 60, 141-151.
https://doi.org/10.1016/J.JRURSTUD.2018.04.006

Harik, G., Zurayk, R., Alameddine, I., & Fadel, M. 2023. Determinants of farmers’ decision-making
processes under socio-political stressors exacerbated by water scarcity and climate change adaptation.
Water Resources Management: An International Journal, Published for the European Water Resources
Association (EWRA), Springer, European Water Resources Association (EWRA), 37(15), 6199-6218.
Hasam, H., Kaur, S., Kaur, H., Kaur, N., Kaur, T., Aulakh, C., & Bhullar, M. (2021). Weed
management using tillage, seed rate and bed planting in durum wheat (Triticum durum Desf.) under an
organic agriculture system. Archives of Agronomy and Soil Science, 68, 1959-1973.
https://doi.org/10.1080/03650340.2021.1946041


https://doi.org/10.1080/08941920.2021.1999271
https://doi.org/10.1287/mnsc.9.3.458
https://doi.org/10.1002/9781394260645
https://tigerprints.clemson.edu/joe/%20vol43/iss3/3
https://tigerprints.clemson.edu/joe/%20vol43/iss3/3
https://doi.org/10.1007/S11205-014-0638-2
https://doi.org/10.1007/S11205-014-0638-2
https://doi.org/10.1007/s10584-018-2320-1
https://doi.org/10.1007/s10584-018-2320-1
https://doi.org/10.1016/j.socscimed.2017.01.009
https://doi.org/10.1016/J.JRURSTUD.2015.03.009
https://doi.org/10.1080/21582041.2012.%20682086
https://doi.org/10.1080/17565529.2020.1806776
https://doi.org/10.22059/jhgr.%202016.58924
https://doi.org/10.1177/1534484315575966
https://doi.org/10.1016/0272-4944(95)90004-7
https://doi.org/10.1016/%20j.crm.2020.100247
https://doi.org/10.1016/j.gloenvcha.2014.05.001
https://doi.org/10.1016/J.JRURSTUD.2018.04.006
https://doi.org/10.1080/03650340.2021.1946041

326

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

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

ol.

52.

53.

54.

55.

56.

57.

58.

Holtrop, J., Scherer, L., Matlock, D., Glasgow, R., & Green, L. (2020). The importance of mental
models in  implementation  science. Frontiers in  Public  Health, 6(9), 680316.
https://doi.org/10.3389/fpubh.2021.680316

Hoppe, A., Fritsche, 1., & Chokrai, P. (2023). The “I” and the “We” in nature conservation—
Investigating personal and collective motives to protect one’s regional and global
nature. Sustainability. https://doi.org/10.3390/su15054694

Hsu, C.-C., & Sandford, B.A. (2007). The Delphi technique: Making sense of consensus. Practical
Assessment, Research & Evaluation, 12(10), 1-8. https://doi.org/10.7275/pdz9-th90

Johnson-Laird, P. (2010). Mental models and deduction. Trends in Cognitive Sciences, 5, 434-442.
https://doi.org/10.1016/S1364-6613(00)01751-4

Jones, N., Ross, H., Lynam, T., Perez, P., & Leitch, A. (2011). Mental models: an interdisciplinary
synthesis of theory and methods. Ecology and Society, 16(1), 46. https://doi.org/10.5751/ES-03802-
160146

Kansiime, M.K., Mastenbroek, A., & Monge, M. (2021). Understanding farmers' mental models of soil
and soil health to inform sustainable soil management. Soil Security, 5, 100015.
https://doi.org/10.1016/j.soisec.2021.100015

Keating, B., & McCown, R. (2001). Advances in farming systems analysis and
intervention. Agricultural Systems, 70, 555-579. https://doi.org/10.1016/S0308-521X(01)00059-2
Keeney, S., Hasson, F., & McKenna, H. (2006). Consulting the oracle: Ten lessons from using the
Delphi technique in nursing research. Journal of Advanced Nursing, 53(2), 205-212. https://doi.org/10.
1111/1.1365-2648.2006.03716.x

Khazaei, M. (2021). Study of seed consumption in Kangavar County. Kermanshah Province
Agricultural Jihad Organization, Kangavar County Agricultural Jihad Management, Kangavar County.
Kolb, L., Gallandt, E., & Mallory, E. (2012). Impact of spring wheat planting density, row spacing, and
mechanical weed control on vyield, grain protein, and economic return in maine, 60, 244-253.
https://doi.org/10.1614/WS-D-11-00118.1

Krejcie, R.V., & Morgan, D.W. (1970). Determining sample size for research activities. Educational
and Psychological Measurement, 30(3), 607-610. https://doi.org/10.1177/ 001316447003000308
Kumari, P., & Kataria, R. (2023). Influence of sowing pattern and seed rate on plant growth and yield
in  wheat. International Journal of Plant & Soil Science, 35(18), 574-583.
https://doi.org/10.9734/ijpss/2023/v35i183322

Lee, M., & Webb, M. (2005). Modeling individual differences in cognition. Psychologic Bulletin &
Review, 12, 605-621. https://doi.org/10.3758/BF03196751

Lemerle, D., Cousens, R., Gill, G., Peltzer, S., Moerkerk, M., Murphy, C., Collins, D., & Cullis, B.
(2004). Reliability of higher seeding rates of wheat for increased competitiveness with weeds in low
rainfall environments. The Journal of Agricultural Science, 142, 395-409.
https://doi.org/10.1017/S002185960400454 X

Levy, M., Lubell, M., & McRoberts, N. (2018). The structure of mental models of sustainable
agriculture. Nature Sustainability, 1(8), 413-420. https://doi.org/10.1038/541893-018-0116-y

Lincoln, Y.S., & Guba, E.G. (2018). Paradigmatic controversies, contradictions, and emerging
confluences, revisited, Denzin, N.K. and Lincoln, Y.S. (Eds), The Sage Handbook of Qualitative
Research (5th ed.), Sage, Thousand Oaks, pp. 213-263. https://doi.org/10.1177/109442810 9332198
Linstone, H., & Turoff, M. (2002). The Delphi method: Techniques and applications.
https://is.njit.edu/pubs/delphibook

Lynam, T., & Brown, K. (2011). Mental models in human-environment interactions: Theory, policy
implications, and  methodological  explorations. Ecology and  Society, 16(2), 24.
https://doi.org/10.5751/es-04257-170324

Marques, J. (2014). Mental models and reality. In: Leadership and mindful behavior. Palgrave
Macmillan, New York. 73-89. https://doi.org/10.1057/9781137403797_5

Marshall, C., & Rossman, G. (2016). Designing qualitative research. 6th Edition, SAGE, Thousand
Oaks.

Mersha, M., Alamirew, B., & Ayele, L. (2022). Factors determining farmers’ decision and level of
participation in terracing as a response to land degradation in Dejen Woreda, North-West
Ethiopia. Cogent Social Sciences, 8(1), 1-18. https://doi.org/10.1080/23311886.2022.2126080


https://doi.org/10.3389/fpubh.2021.680316
https://doi.org/10.3390/su15054694
https://doi.org/10.7275/pdz9-th90
https://doi.org/10.1016/S1364-6613(00)01751-4
https://doi.org/10.5751/ES-03802-160146
https://doi.org/10.5751/ES-03802-160146
https://doi.org/10.1016/j.soisec.2021.100015
https://doi.org/10.1016/S0308-521X(01)00059-2
https://doi.org/10.%201111/j.1365-2648.2006.03716.x
https://doi.org/10.%201111/j.1365-2648.2006.03716.x
https://doi.org/10.1614/WS-D-11-00118.1
https://doi.org/10.1177/%20001316447003000308
https://doi.org/10.9734/ijpss/2023/v35i183322
https://doi.org/10.3758/BF03196751
https://doi.org/10.1017/S002185960400454X
https://doi.org/10.1038/s41893-018-0116-y
https://doi.org/10.1177/109442810%209332198
https://is.njit.edu/pubs/delphibook
https://doi.org/10.5751/es-04257-170324
https://doi.org/10.1057/9781137403797_5
https://doi.org/10.1080/23311886.2022.2126080

Ansari et al., Influence of Mental Models on Sustainable Wheat Seed Use ... 327

59.

60.

61.

62.

63.

64.

65.

66.

67.
68.

69.

70.

71.

72.

73.

74.

75.

76.

Moon, K., Guerrero, A., Adams, V., Biggs, D., Blackman, D., Craven, L., Dickinson, H., & Ross, H.
(2019). Mental models for conservation research and practice. Conservation Letters, 12(3), 1-11.
https://doi.org/10.1111/conl.12642

Morrison, T.H., McCormack, P.C., Hughes, T.P., Hughes, A.C., & Bell-James, D. (2024). Utilizing
drawings to understand how our backgrounds and experiences influence our mental models of the
world. Plants, People, Planet, 6(5), 1234-1245. https://doi.org/10.1002/ppp3.10592

Okello, J.J., Zhou, Y., Kwikiriza, N., Ogutu, S., Barker, I., Schulte-Geldermann, E., Atieno, E., &
Ahmed, J.T. (2018). Evidence from use of quality seed potato in Kenya. European Journal of
Development Research, 30, 1082-1104. https://doi.org/10.3390/agriculture6040055

Olivier de Sardan, J.P. (2005). Anthropology and development: Understanding contemporary social
change. London, UK: Zed Books.

Patton, M. (2015). Qualitative Research and Evaluation Methods. 4th Edition, Sage Publications,
Thousand Oaks.

Peltonen-Sainio, P., Jauhiainen, L., Sorvali, J., Laurila, H., & Rajala, A. (2018). Field characteristics
driving farm-scale decision-making on land allocation to primary crops in high latitude
conditions. Land Use Policy, 71, 49-59. https://doi.org/10.1016/J.LANDUSEPOL. 2017.11.040
Rajabali Beglou, R., Fattahi, R., & Parirokh, M. (2019). Value co-creation among digital libraries’
software beneficiaries (users, librarians & designers) of Iran. Iranian Journal of Information
Processing and Management, 35(1), 261-290. https://doi.org/10.35050/JIPM010.2019.009
Rios-Gonzalez, A., Jansen, K., & Sanchez-Pérez, H. (2013). Pesticide risk perceptions and the
differences between farmers and extensionists: towards a knowledge-in-context model. Environmental
Research, 124, 43-53. https://doi.org/10.1016/j.envres.2013.03.006

Saaty, T.L. (1980). The analytic hierarchy process. McGraw-Hill.

Statistical Center of Iran. (2021). Agricultural statistics yearbook of crops 2019-2020. Ministry of
Agriculture Jihad, Deputy of Economic Planning, Information and Communication Technology
Center.

Suomala, J., & Kauttonen, J. (2022). Human’s intuitive mental models as a source of realistic,
Artificial Intelligence and Engineering. Frontiers in Psychology, 13. https://doi.org/10.3389/
fpsyg.2022.873289

Taylor, J., Stewart, T., & Downton, M. (1988). Perceptions of drought in the Ogallala aquifer
region. Environment and Behavior, 20, 150-175. https://doi.org/10.1177/0013916588202002
Todorovikj, S., Friemann, P., & Ragni, M. (2019). A cross-domain theory of mental models.
Environment and Behavior, 184-194. https://doi.org/10.1007/978-3-030-30639-7_16

Tzeng, G., & Huang, J. (2011). Multiple attribute decision making methods and applications. CRC
Press, Taylor and Francis Group, A Chapman & Hall Book, Boca Raton.

Ulrich, M., Harpaintner, M., Trumpp, N., Berger, A., & Kiefer, M. (2022). Academic training
increases grounding of scientific concepts in experiential brain systems. Cerebral Cortex, 33(9), 5646-
5657. https://doi.org/10.1093/cercor/bhac449

Warner, L.A., Stubbs, E., Murphrey, T.P., & Huynh, P. (2016). Identification of the competencies
needed to apply social marketing to extension programming: Results of a Delphi study. Journal of
Agricultural Education, 57(2), 14-32. https://doi.org/10.5032/jae.2016.02014

Xie, H., & Huang, Y. (2021). Influencing factors of farmers' adoption of pro-environmental
agricultural ~ technologies in  China: Meta-analysis. Land Use Policy, 109, 105622.
https://doi.org/10.1016/J.LANDUSEPOL.2021.105622

Zareyan, A., Hosna, Sh., Sadeghi, H., & Jazayeri, M.R. (2011). The process of control and certification
of wheat seeds and the status of its seed production in Iran. The Second National Conference of Seed
Science and Technology.


https://doi.org/10.1111/conl.12642
https://doi.org/10.1002/ppp3.10592
https://doi.org/10.3390/agriculture6040055
https://doi.org/10.1016/J.LANDUSEPOL.%202017.11.040
https://doi.org/10.35050/JIPM010.2019.009
https://doi.org/10.1016/j.envres.2013.03.006
https://doi.org/10.3389/%20fpsyg.2022.873289
https://doi.org/10.3389/%20fpsyg.2022.873289
https://doi.org/10.1177/0013916588202002
https://doi.org/10.1007/978-3-030-30639-7_16
https://doi.org/10.1093/cercor/bhac449
https://doi.org/10.5032/jae.2016.02014
https://doi.org/10.1016/J.LANDUSEPOL.2021.105622

371" drwgi g duaiBl &y puid

https://jead.um.ac.ir %’,}'ﬁ;’

FrAFYA Lo N E Ol b 6 led FA s
. . - - Y . o at 2fs
Ol pl o8 55 b andlhs ("’"S oh Il O oae p oad sladae S50

\ z \ e JE ) . Z . ) .
S (e el = oy 5L - SRl S s — okl ST
ALEAVAVIVA | GG {PES 'cul:

\f'f/'V/Y' 'U;‘JJ-“L- .ca_')l:

daSe
Wpke Wb Lelanl g (ool (B Jolge 5145 o Jua cpl (Jlo ool b sl 5y bl )8y md sl l3pslisS (MM) i (sl Jae S >
B s le oy olpl oy o @Blo) oS liw b 3 (6350 ddllae I oalatwl b wd aw pols gl jd WMlaid S )18 cdas 590 el
53 D9 Sty ol Bpae (gilwdine slp olySKaly (S5 3,500y b L g 295 431y £l50 1 puS Hh Brame dinej jd lolis,lS ¢ oj,5LaS
(55 85503 b 025 l]) oA S 1515 b anliao b a3y By s Ao 13 Sl )8 g 5,58 Sl (oli ey o (S iy
2 e 0ab425 SlaSeus dymsi] (68 yiu) g 5 (23 slaie eaina IS5 sulS ol g ol 4 pxie (pdglS 5 Aobie
g Bl bl doliuny (o8 G150 3 A5 ()l Sl S 5 s8> 418 «SialST (aib) GLold)lS )3 (imd Jao s g (0D slayloia 5 oyt
o905 ST 1) (s BB ST 5 03 ) (JolS (o) it lS 00 g (conlite (gl (55 85503) 5liS OO Jolis (Slallie 5503 59)
bl (V) oyd S jgody 1) baguwl g0 dl aad claJde Lol slaojg den ;1) (P <O.1) jsline ()bl (slacglis  Jaume t 90
Mt 3 VoY) odbag 5 slaSgy > oS Sltel oo 855 ot (il Vo v 3l obiis &y e 9 (el oS b 33155 e
5 o5 Jalss yicsd sl oaimslis o8 g YL Cilpe 4 (YOX ply 0 SOSY) (o) disej g (VARY plp j3 SEYF) ad glaloxin (VOA-
oy el ole als ay iy SO ,Sly & (FYVY il )3 VOXA) 35,5 e 6yt el Kool 23l 53 loli )5 i s wcal elozs]
Cosds nlsS (glaydy 3l o3lizul g (. VFA 2 359 (pSole) Cmlio ,dy yiun (gjlwodled &S g jobty 9,5 cancoggl 5 (ololis 1y S o Kal, (4
Liadan SMIae gy g 2yl WS lulis 8 g ol5,9LaS md (sla e e res IS o laaibly ol 48,5 )18 Jas 53 (VY 1 5je pSolie)
WS o Y3 4o )l Gpas gy g SISl (Al jlaie 4 (ele aalpd b (28 LI K9 ]

LSy adllas ¢ md (sby Jhe ¢S 5 by oD ST ((BUS (6 S el @S HluL Mg i gl (gajlg

Olel oltilo )8 g oSl «gpgliS” oSl «(55,5iS” B356T 5 g 095 )
(Email: Sh.geravandil@gmail.com : Jszue oxiws g —)
https://doi.org/10.22067/jead.2025.90803.1315


mailto:Sh.geravandi1@gmail.com
https://orcid.org/0000-0003-0305-7400

Journal of Agricultural Economics & Development

& S Homepage: https://jead.um.ac.ir &C/“wi'f%

Research Article
Vol. 39, No. 4, Winter 2025, p. 329-344

Decomposing Total Factor Productivity Growth in Iran's Agriculture Sector
with Consideration of Climatic Variables

G. Dashti®"", M. Ghahremanzadeh®*, K. Gholipour®*, S. Mohammadpour*
1- Department of Agricultural Economics, Faculty of Agriculture, University of Tabriz, Tabriz, Iran
(*- Corresponding Author Email: Dashti-g@tabrizu.ac.ir)

Received: 13 January 2025 How to cite this article:
Revised: 12 May 2025 Dashti, G., Ghahremanzadeh, M., Gholipour, K., & Mohammadpour, S. (2025).
Accepted: 07 June 2025 Decomposing total factor productivity growth in Iran's agriculture sector with
Available Online: 07 June 2025 consideration of climatic variables. Journal of Agricultural Economics &
Development, 39(4), 329-344. https://doi.org/10.22067/jead.2025.91643.1328

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 TRE,. 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.



Dashti et al., Decomposing Total Factor Productivity Growth ... 331

(°C)

Average Temperature
Average Precipitation
ma
3

12

10
1970 1980 1990 2000 2010 2020

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 gquiding 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 1impacts 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 yields, 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 = B 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; = u+ B1LnXpan ¢ +
BZ LnXtrat + ﬁ3 Lanert + ﬁ4LnXpes ¢t (2)
AT + nslnZiem ¢ + NlnZpre ¢ +
N7LnZiemat + NglnZpreqt + ve — ug

where, y, 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. Xf.¢ 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 Zp... 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£. (x’“) €7
Z, @)
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 value 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 (?;(1)?67) (fg?;ll) 8.64
Land Million hectares  16.90 (112550) (11:3;;01) 1.13
Tractors (Machinery) 1000 No 210.74 ?255212§ (Zi%%)) 107.52
Labor 1000 No 1329.49 ‘(lggfgf)i :()’1198713' 1513.912
Fertilizer 1000 Tone 1608.46 2(%23)6 ?1957%6)5 430.78
Pesticide 1000 Tone 29.52 (72?)25% (fg%%g) 28.82
Temperature °c 17.99 (12%2517) (112323) 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 -5.2217 -1.78
Xian 0.607"* 4.28 0.613™ 5.40
Xtra 0.115™* 18.61 0.220™° 15.96
Xfer -0.027™ -2.40 -0.032 -1.63
Xpes -0.022"** 572 0.031°** 4.85
T 0.036™ 2.1 0.024™** 3.401
Ziem 0.089™ 2.37
Zpre 0.331°"" 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 wvulnerability 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 wuniform 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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Abstract

Livestock grazing pressure in East Azerbaijan province, located in the northwest of Iran, is 2.5 times higher
than the capacity of rangelands. This study employed a two-stage Delphi technique to identify and
rank supervisory, natural, economic, cultural, legal, administrative, and infrastructure factors. The second Delphi
round results indicated that, from the experts’ point of view, poverty among rural residents on the outskirts of
rangelands (scoring 4.7), insufficient support of the Agriculture Organization in providing livestock feed and
allocation of loans to livestock farmers (scoring 4.53), conversion of rangelands into agricultural and
horticultural lands to gain higher profits (scoring 4.43), overgrazing and long term grazing (scoring 4.4), were
the important factors contributing to rangeland degradation. Comprehensive legal, legislative, executive, and
monitoring measures to prevent overgrazing and premature grazing were identified as key solutions to reduce
rangeland degradation. Among economic factors, poverty among rural residents on the outskirts of rangelands
and their livelihood dependence on rangelands were recognized as the most significant factors in the destruction
of rangelands and forests. Additionally, collaboration with the Agriculture Organization in providing alternative
forage for livestock, strengthening the monitoring mechanisms of relevant organizations, and enhancing
education and awareness levels among the public, regarding the protection of natural resources have been
highlighted as other important strategies in reducing the level of rangeland degradation.
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Introduction

Although rangeland degradation is not
limited to Iran, environmental data indicate
that rangelands are declining in most parts of
the country. The total rangeland area in Iran
decreased from 84.8 million hectares in 2011
to 83.3 million hectares in 2021. Out of this
total, only 6.5% is classified as good condition
rangeland, 68.4% as poor, and 25.1% as
moderate. According to the reported data, the
share of good, moderate, and poor rangelands
from the total rangeland area in 2011 was
8.5%, 25.2%, and 66.3%, respectively
(Ministry  of  Agriculture-Jahad,  2022).
Although Iran’s rangelands are similar to
rangelands worldwide, they also have distinct
characteristics that require adjustments to
traditional management practices. Scholars
have identified various factors contributing to
the growing trend of rangeland degradation,
including natural and human factors (Ansari et
al., 2009; Saeedi Geraghani et al., 2014; Zohdi
et al., 2004). The current policy framework for
agroecological zones lacks robust evaluations
of grassland degradation’s impact on
livelihoods. Adoption of sustainable land
management is hampered by a lack of
knowledge and experience (Flintan et al.,
2011). This deterioration is attributed to a
combination of factors, including overgrazing,
climate change, and unsustainable land-use
practices. Livestock grazing, which is a
primary  livelihood for many rural
communities, often exceeds the rangelands'
capacity, leading to soil erosion and loss of
vegetation cover. Identifying these factors can
be necessary for developing appropriate
policies to preserve rangelands and prevent
their degradation.

The rangelands in East Azerbaijan
Province, located in the northwest of Iran,
represent approximately 2.8% of the country's
total rangeland area. Despite their relatively
small share in terms of land coverage, these
rangelands play a  disproportionately
significant role in the nation's forage
production, contributing 5.4% of the total dry
forage output. This remarkable productivity

highlights the high ecological and economic
potential of the province's rangelands, which
serve as vital resources for livestock grazing
and rural livelihoods. However, the current
level of forage production supports a carrying
capacity of about 1,561,600 livestock units.
Alarmingly, the actual number of livestock
grazing in the region far exceeds this figure,
exerting a grazing pressure that s
approximately 2.5 times higher than the
sustainable capacity of the land (Agriculture-
Jihad Organization of East Azerbaijan
Province, 2022). This overgrazing leads to
serious ecological consequences, including
soil erosion, loss of vegetation cover, reduced
biodiversity, and long-term land degradation.
Given the critical role of rangelands in
supporting both ecological balance and rural
economies, it is imperative to identify the
underlying causes of their degradation.
Understanding these factors is essential for the
development of targeted, evidence-based
policies aimed at conserving rangeland
resources and  promoting  sustainable
management practices. In this context, the
present research seeks to explore and analyze
the key drivers of rangeland degradation in
East Azerbaijan Province. To achieve this, the
study employs the Delphi method, a structured
expert-based approach designed to gather,
refine, and prioritize expert opinions through
multiple rounds of consultation. The findings
are expected to provide valuable insights for
decision-makers and contribute to the
formulation of effective strategies to reduce
grazing pressure and preserve the long-term
health of the province’s rangelands.

Numerous studies have extensively
examined the multifaceted phenomenon of
rangeland degradation, emphasizing a wide
array of contributing factors. Several
researchers have highlighted the role of
rangeland management practices, such as
overgrazing, mismanagement of grazing
schedules, and insufficient rehabilitation
efforts, as critical drivers of degradation
(Ghasemi et al., 2016; Fenetahun et al., 2018;
Gokkus, 2020). In addition to technical and
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managerial aspects, a growing body of
literature has emphasized the livelihood
strategies of livestock-dependent communities
as a major contributing factor. These studies
suggest that socioeconomic vulnerabilities,
dependence on natural resources for income,
and limited livelihood diversification
significantly influence rangeland conditions
(Amiri Lemar, 2012; Ansari et al., 2009;
Ghasemi et al., 2016; Gheitury et al., 2007,
Gholampour et al., 2012; Sharifiyan et al.,
2014; Belay et al., 2014; Amare, 2015;
Gokkus, 2020). Furthermore, social, cultural,
and economic dimensions, including land
tenure systems, traditional grazing rights,
population pressure, and market dynamics,
have been recognized as pivotal in shaping the
intensity and  trajectory of rangeland
degradation  (Fenetahun et al.,, 2018;
Malekmohamadi et al., 2021; Moyo et al.,
2013; Saberi, 2021; Daba & Mammo, 2024).
The influence of legal and institutional
frameworks has also been acknowledged,
particularly in relation to the enforcement of
rangeland management policies and property
rights, where the absence of coherent
legislation or  weak implementation
mechanisms exacerbates degradation risks
(Han et al., 2008; Gheitury et al., 2007; Daba
& Mammo, 2024). Lastly, the role of natural
and climatic variables, including precipitation
variability, soil erosion, and ecological
fragility, has been widely reported as an
underlying stressor that interacts with
anthropogenic drivers to accelerate land
degradation (Aryal et al., 2014; Fenetahun et
al., 2018; Malekmohamadi et al., 2021; Mussa
et al., 2016). These findings collectively
underscore the complex and interlinked nature
of rangeland degradation, necessitating
integrated and context-specific solutions that
consider both human and environmental
dimensions. Based on the literature review, no
comprehensive study has yet examined
rangeland degradation in East Azerbaijan
Province, Iran. Therefore, the present study
aims to identify and prioritize the key factors
contributing to rangeland degradation in this
region from the perspectives of experts and

experienced specialists, and to propose
practical mitigation strategies. By employing
expert consensus to systematically assess
degradation drivers, this research represents
the first comprehensive evaluation of
rangeland degradation factors in East
Azerbaijan Province, highlighting the study’s
originality and scientific significance.

Materials and Methods

The total area of rangelands in East
Azerbaijan Province is 2,340,200 hectares.
According to expert estimates, 36% of the
rangelands are classified as good, 49%
moderate, and 15% poor. In terms of
vegetation cover, the rangelands are divided
into three distinct groups: mountain renglands
utilized during the warm season, mostly
located in highlands and cold regions. Steppe
renglands are dispersed in low-lying and warm
regions and are utilized during the winter
season. Transitional pastures are mainly
located around villages and serve as permanent
grazing  grounds. Data  show  that
approximately 6% of the total rangeland area
has been degraded over the last ten years
(Ministry  of  Agriculture-Jahad, 2022).
Additionally, there were 340 nomadic villages
with a population of 44,640 rangeland owners
in the province. In 2022, there were 4,845,654
heads of existing livestock and 1,778,145
heads of authorized livestock (Agriculture-
Jihad Organization of East Azerbaijan
Province, 2022).

This study employed the Delphi technique,
in which experts are referred to as Delphi
panel members. A critical aspect of the Delphi
method is the identification of qualified
experts, as the success of the process largely
depends on the careful selection of
participants. To ensure methodological
validity, experts were selected based on four
key criteria: expertise and experience in
rangeland  management,  willingness  to
participate, sufficient availability of time, and
effective communication skills (Ahmadi et al.,
2008). A pool of potential candidates was
compiled from the  Agriculture-Jihad
Organization, the Department of Natural
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Resources, and the Department of Tribal
Affairs in East Azerbaijan Province. Through
purposive sampling, 58 key experts with
demonstrated competence in rangeland-related
issues were identified as Delphi panel
members. In support of this sampling method,
factors such as years of experience, academic
credentials, professional roles, and
employment history were taken into account.
Required data were extracted from a
researcher-developed questionnaire  which
consisted of four major sections. In the first,
questions were designed to investigate the
personal and professional characteristics of
experts. The second included closed-ended
questions about the most important causes of
rangeland degradation. The third section
covered indicators of rangeland degradation,
and the final section included the reduction
and control-based strategies for rangeland
degradation from their perspective. The initial
questionnaire using the Delphi method aimed
to screen the primary factors and reach a
consensus among experts regarding the
influential factors and necessary strategies for
reducing rangeland degradation. The average
age of the experts was 45 years, with a
minimum and maximum of 27 and 57 years,
respectively. Most (67%) had a postgraduate
education and an average of 12 years of
experience, with a minimum and a maximum
of 4 and 34 years, respectively. Moreover, 60
experts (approximately 69%) were engaged in
agriculture and livestock farming alongside

their main occupation. There were 7 experts
involved in cropping, 15 in livestock, and 5
worked in both sectors.

Factors  contributing to  rangeland
degradation were identified through a
literature review and preliminary interviews
with stakeholders and experts, as detailed later
in this section. A total of 46 items were
categorized into nine groups, each representing
a specific dimension influencing rangeland
degradation. These categories included:
supervisory (4 items), livestock farming (4
items), cultural and social (8 items), economic
(8 items), natural (4 items), supportive (2
items), organizational (5 items), infrastructure
(6 items), and legal (5 items) factors. In the
Delphi method, a Likert scale was used to
assess the perceived importance of each item.
The responses from Delphi panel members
were analyzed to determine the significance of
each factor in contributing to degradation. To
evaluate the internal consistency of the
questionnaire, Cronbach’s alpha coefficient
was calculated using SPSS software (Table 1).
In all cases, Cronbach's alpha coefficient was
above or equal to 0.70, ensuring the reliability
of Delphi. After collection, based on Delphi
method guidelines data comparison and
prioritization were conducted. In the second
stage, considering the results from the first
stage, the second questionnaire was distributed
among the same experts. Responses were then
analyzed within the framework of the Delphi
method.

Table 1- Cronbach's Alpha coefficient values

Variables Scale Item count  Cronbach's Alpha  Reliability level
Supervisory factors 4 0.75 Acceptable
Livestock farming factors 4 0.87 Good
Cultural-social factors 8 0.72 Acceptable
Economic factors 8 0.95 Excellent
Rangeland degradation effects Natural factors 4 0.8 Good
Supportive factors 2 0.97 Excellent
Administrative factors 5 0.73 Acceptable
Infrastructure factors 6 0.701 Acceptable
Legal factors 5 0.81 Good
Degradation indicators - 24 0.79 Acceptable
Destruction reduction and control strategies 16 0.86 Good
Ten steps were utilized to implement the team.
Delphi method. 2-Selection an expert panel.
1-Formation of an execution and supervision 3-Preparation ~ of  first-round  Delphi
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questionnaires.

4-Testing the questionnaires for sentence
construction accuracy.

5-Transfer the initial questionnaires to the
members of the expert panel.

6-Analysis of first-round responses.

7-Preparation and arrangement of second-
round questionnaires and their testing.

8-Distributing  the  second  set  of
questionnaires to the members of the expert
panel.

9-Analysis of second-round responses. Steps
7 to 9 are repeated until reliable and
appropriate results.

10-Preparation and compilation of a report
on the analysis of the team's findings to
conclude the conducted method.

Then, interviews were conducted with
members of the target community. The
interview discussion topics were categorized
based on the general classification of
influential factors derived from the literature
review. After the interviews, some group
members mentioned points outside the scope
of the findings from the initial stage,
prompting the researcher to review additional
sources and identify scientific references for
these mentioned factors to be used and
referenced by experts. The findings of the two
initial stages were combined. Two rounds
were sufficient due to the strong consensus
achieved (Kendall’s W = 0.91 in Table 2). A

general categorization, consisting of 9
categories  (supervisory factors, livestock
farming factors, cultural-social factors,

economic factors, natural factors, supportive
factors, administrative factors, infrastructure
factors, and legal factors), was made of 46

factors. This categorization formed the basis of
the Delphi questionnaire.

Kendall's Coefficient of Concordance

Kendall's coefficient of concordance
indicates that individuals who have ranked
multiple variables based on their importance
have utilized similar criteria for judging the
importance of each variable and, therefore,
agree with each other. It has been used to
determine agreement among group members,
and measure agreement in several categories
related to N objects or individuals. By
applying this scale, it is possible to obtain the
rank correlation among K sets of ranks. Such a
scale is particularly useful in studies related to
the validity among judges or achieving
desirable consensus for completing Delphi
rounds. Kendall's coefficient is calculated by
equation (1), (Kendall & Smith, 1939).

W= S 1)
15K (Nz N)
R.
S=>(R —&1y
where 2® N represents the sum of

squared deviations from the means, which is
the sum of ranks corresponding to a factor, K
is the number of sets of ranks (number of
judges), and N the number of ranked factors.
The value is 1 when there is perfect agreement
or complete concordance, and is O when there
is no agreement or complete discordance. If
such a consensus does not exist, a constant
value or minimal growth of this coefficient in
two consecutive rounds indicates a lack of
increase in member agreement, and the survey
process should be halted.

Table 2- Interpretation of various values of Kendall's coefficient of concordance

Confidence in the order of factors

Interpretation

The value of W

Nonexistent
Low
Average
High
Very high

Very weak consensus 0.1
Weak consensus 0.3
Moderate consensus 0.5
Strong consensus 0.7
Very strong consensus 0.9

Results

Results of Identifying Factors Influencing Rangeland
Degradation
The results from the Delphi technique are

presented in Table 3. In the first round of
Delphi, the Kendall coefficient was 0.8322.
According to the ranking results from the first
round of Delphi, experts considered the
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following factors to have the greatest impact
on rangeland degradation: inadequate support
by the Agriculture-Jihad Organization in
providing forage and allocating loans to
livestock farmers, rural poverty and their
dependence on rangelands, and long-term
grazing. In the second round, panel members
were provided with a second questionnaire,
but the scores for each factor from the first
round were included so that individuals could
reconsider their opinions based on their
collective views. The results collected in the
second round showed an increased Kendall
coefficient of 0.91. A coefficient of
concordance 0.9 suggested further Delphi
rounds may have been unnecessary.

The drivers influencing  rangeland
degradation were ranked. Factors such as
poverty among rural rangeland communities,
insufficient support from Agriculture-Jihad
Organization in providing forage and
allocating loans to livestock farmers,
conversion of rangelands into agricultural and
horticultural lands for higher profits, early
grazing, and long-term grazing are ranked as
the first to fifth priorities, respectively, with
values of 4.7, 4.53, 4.43, 4/4, and 4.29
according to experts' perspectives on
rangeland degradation. These factors fall under
the subsets of economic, supportive, and
livestock  farming  factors,  suggesting
economic, supportive, and livestock farming
factors had the greatest impact on rangeland
degradation. Those factors with a score above
3 in the second round of Delphi were
identified as influential in rangeland
degradation (Table 3).

Results of Identifying Indicators of Rangeland
Degradation

The average numerical value was used to
determine the importance and prioritization of
indicators of rangeland degradation from the
experts’ perspective. In the first round of the
process, the standard deviation and Kendall's
coefficient of concordance for identifying
indicators of degradation from the experts’
viewpoint were 1.08 and 0.63, respectively. It
was therefore necessary to continue the

process for another round to minimize
differences of opinion between the two stages.
In the second stage, the value of Kendall's
coefficient was 0.78, indicating strong
agreement among experts. From the experts’
perspective, the reduction in vegetation cover,
sheet and gully erosion of soil, and reduction
in vegetation diversity placed first, second, and
third priorities, respectively (Table 4).

Results of Identifying Solutions for Reducing and
Controlling Rangeland Degradation

Experts were asked to express their views
on the solutions for the reduction and control
of degradation. Initially, the Delphi method
was used to identify solutions to reduce and
control rangeland degradation, resulting in a
standard deviation of 0.95 and Kendall's
coefficient of concordance of 0.87. To increase
expert consensus on control solutions, the
second stage of the Delphi method was
conducted, resulting in a Kendall coefficient of
0.93 (Table 5).
Discussion and Conclusion

The results of prioritizing the identified
factors affecting rangeland degradation
indicated that the lack of a proper grazing
management system, from the supervisory
factors; inadequate support from the
Agriculture-Jihad  Organization in forage
supply and the allocation of loans to livestock
farmers, from the supportive factors;
negligence towards environmental projects and
initiatives in national research projects among,
from administrative factors; are identified to
be as significant contributors to rangeland
degradation in the province. Dehghanian &
Sarafraz (1998), Stenborg (2008), Han et al.
(2008), Saberi (2021), and Daba & Mammo
(2024) indicated that the government's neglect
of rangelands is one of the most significant
causes of rangeland degradation. Proper
management of rotational grazing and
effective supervision by natural resource
agencies and other relevant authorities, along
with appropriate administrative practices, are
among the main proposed solutions presented
by experts.
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Table 3- First and second Delphi rounds for identifying factors affecting rangeland degradation

First round Second round
Factors affecting rangeland degradation Standard Standard
Score L Score L
deviation deviation
Inadequate supervision over the entry and exit of tribes
t0 the pastures 3.43 0.86 3.54 0.83
S . fact Lack of sufficient supervision over livestock grazing 3.82 0.8 3.97 0.74
upervisory factors isi i
p y Inadequate supervision of the e'nFry and exit of local and 268 104 254 094
non-local visitors
Poor rangeland enclosure management 3.8 0.86 4.02 0.876
Premature grazing 4.07 0.75 4.4 0.71
Livestock farming Lopg-term_grazmg 421 0.67 4.29 0.63
factors Excessive grazing pressure 3.54 0.78 3.38 0.71
A large number of beneficiaries 4 1.04 4.13 0.89
Lack of training courses on the importance and
conservation of rangelands 3.86 0.87 4.2 0.81
Weak cultural awareness within the community
- : - 3.96 1.05 4 1
regarding the importance of conserving rangelands
Inadequate communication by officials regarding the
organization of training courses on rangeland 3.61 1.01 3.83 0.9
. conservation
Cultural-Social factors Population growth 3.64 1.14 3.4 1.02
Lack of appropriate advertising to promote rangeland
conservation, such as using advertising and promotional ~ 3.18 0.89 3.2 0.81
materials
Ethnic conflicts among stakeholders 2.96 1.15 2.98 1.03
Insufficient water avallabl_llty_ in (angelands and its 391 1921 33 097
improper distribution
Lack of ownership regarding rangelands 3.46 127 3.78 1.25
poverty among rural rangeland communities and their
economic dependency on rangeland resources 4.33 0.8 a7 0.81
Conversion of rangelands into agricultural and 404 087 443 082

horticultural lands by local people to seek higher profits

Harvesting and using shrubs as fuel 3.71 1.03 39 0.95

Budgeyary constraints and lack of funding for necessary 354 091 369 093
actions to conserve and restore natural resources

Livestock farming as the primary livelihood 3.21 0.86 3.29 0.82

Lack of investment and economic participation by

Economic factors

L 3.46 0.94 3.7 0.91
rangeland beneficiaries
Lack of rangeland cooperatives 3.04 0.94 3.15 0.90
Bush clearing to create a livestock enclosure 2.82 1.2 2.92 1.03
Drought 3.82 1 3.92 0.89
Wildfire 4.14 15 4.16 1.6
Natural factors Flood 3.18 1 3.2 1
Soil erosion 3.79 0.9 3.87 0.92
Insufficient support from the Agriculture-Jihad
Organization in providing livestock feed and allocating 4.43 0.98 4.53 0.95

loans to livestock farmers
Allocation of a low budget by the government, including
insufficient funding and limited access to bank credits 3.29 0.99 3.67 0.91
and facilities, for rangeland conservation

Supportive factors

Limited use of specialized personnel in administrative

: . 3.64 0.89 3.8 0.74
Administrative and executive bodies
(Organizational) Increased pressure from other executive bodies to 354 1.02 359 0.92
utilization natural resource lands
factors Neglect of environmental initiatives and projects in
9 proj 371 0.88 3.83 0.81

national research projects
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Administrative corruption and bribery by natural

resources officials from offenders 2.86 1.33 2.93 1.25

Weak collaboration between the government (natural
resource management and Agriculture-Jihad 3.43 1.02 3.46 0.78

Organization) and the people

Road construction 3.25 0.95 3.27 0.85
Water and gas pipeline installation 2.96 1.09 2.95 0.94
Development of urban and rural areas 3.29 1.22 34 1.13
Infrastructure factors Implementation of rural development projects 2.75 1.09 2.86 0.89
Establishment of power plants 2.32 1.31 2.35 121

Agricultural development through Agriculture-Jihad
programs, such as increasing cultivated land area by 3.11 1.05 3.17 1.15

utilizing rangelands
Official and legal agtlons_o_f other institutions, such as 232 123 242 1.06
conducting military maneuvers
Lack of appropriate and timely legal actions in dealing 339 09 38 087
with illegal encroachments
Weak performance and prolonged process of law
Legal factors enforcement in pursuing offenders in the field of natural ~ 3.95 0.75 4 0.71
resources
Negligence of local off|C|aIs.|n matters related to land- 3 0.93 295 0.85
grabbing

Weakness or absence of proper laws for the conservation 3.99 113 376 1.08

of rangelands

Table 4- Indicators of rangeland degradation in the first and second Delphi rounds and their prioritization from

the perspective of experts

Row Indicators of rangeland degradation First-stage Second-stage Second-ste!ge' standard Ranking
score score deviation
1 Decrease in percentage of vegetation cover 4.14 4.58 0.55 1
2 Surface and gully erosion of soil 4.14 4.22 0.85 2
3 Reduction in vegetation diversity 4.14 4.2 0.75 3
4 Drying of vegetation cover 3.93 4.12 0.87 4
5 Reduction in dominant and palatable plants 3.93 3.96 0.8 5
6 Decline in the quality of rangeland forage 3.68 3.95 1.05 6
7 Decrease in soil fertility 3.86 3.88 0.89 7
8 The appearance of plant roots 3.75 3.84 1.02 8
9 Weakening of plants 3.46 3.8 0.97 9
10 Long-distance Iivest(_)ck for forage 357 38 112 9
consumption
11 Reduction in soil properties 3.82 3.77 0.69 10
12 Litter reduction 3.64 3.76 0.76 11
13 Increase in forage grazing time for livestock 35 3.65 1.07 12
14 Reduction in primary plant productivity 3.54 3.63 0.86 13
15 Change in plant composition 3.57 3.55 0.84 14
16 Reduction in shrub size 3.39 3.44 0.88 15
17 Change in soil color 3.07 3.1 1.06 16
18 Reduction in height of shrubs 3 3.04 1.03 17
19 Soil salinization 2.82 2.99 1.11 -
20 Livestock emaciation 2.79 2.81 1.05 -
21 Wool shedding of livestock 243 2.58 0.97 -
22 Increased incidence of livestock diseases 2.68 2.55 1.2 -
23 Increase in unwanted and non-palatable plant 264 244 0.99 )
growth
24 Reduction in milk and meat production of 236 24 099 )

livestock
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Table 5- Strategies for reducing rangeland degradation at the end of the first and second Delphi rounds and
their ranking

Strategies for reducing rangeland degradation Firststage  Second-stage Second-sta_lge' Ranking
score score standard deviation
Prevent early grazing 4.43 4.53 0.68 1
Prevent overgrazing 4.46 45 0.5 2
Providing alternative forage sources 3.23 4.43 0.8 3
Proper management and effective monitoring b)_/ _natural 425 434 0.91 4
resource agencies and other relevant authorities
Educating and raising awareness among the public to prevent 495 433 0.69 5
rangeland degradation
Enforcement of laws prohibiting land and rangeland degradation 4.29 4.32 0.8 6
Enclosure management based on rangeland condition 411 4.28 0.67 7
Providing facilities for alternative jobs 4 4.23 0.8 8
Maintaining and improving rangelands 411 4.12 0.72 9
Implementation of management programs to reduce the 407 411 0.75 10
dependence of stakeholders on rangeland
Providing low-interest loans to stakeholders for the purchase of 3.86 41 112 11
surplus forage
Proper training and conducting promotional classes 3.96 4.05 0.87 12
Limiting the expansion of agricultural lands 3.82 4 0.93 13
Substltutlng heavy Ilvestoc_:k and red_ucmg surplus light 3.86 3.92 0.99 14
livestock beyond the carrying capacity of the rangeland
Substituting fossil fuels with charcoal 3.75 3.76 0.91 15
Implementatlon_o_f ra_ngeland management plans to engage local 3.07 313 0.88 16
communities in preventing rangeland degradation
Among the infrastructure factors, the rangelands, utilizing advertising messages

development of urban and rural facilities was
given top priority in terms of its impact on
degradation. Observations also indicate that
the development of urban and rural areas has
not been carried out with sufficient care,
resulting in the destruction of some portions of
rangelands for the sake of development. To
better manage rangelands, it is recommended
to involve local people, who have a
comprehensive understanding of the region,
native plant species, and their various needs
(water, soil, nutrition, etc.), as well as their
times of flowering and pollination, in activities
such as rangeland enclosure management and
protection of rangelands.

Among the socio-cultural factors, the lack
of educational courses on the protection of
rangelands was ranked as the most important
factor. Therefore, it is recommended that an
adequate budget be allocated to relevant
organizations for conducting promotional
classes aimed at educating beneficiaries and
livestock farmers about the culture of
protecting rangelands. Additionally, the use of
billboards and promotional materials in urban
and rural areas, near the edge of the

with positive concepts related to rangeland
conservation, and broadcasting targeted radio
and television programs, especially during
travel seasons, are all parts of cultural
initiatives. If these initiatives are carried out in
a specialized and continuous manner, it can be
expected that they will have a positive long-
term impact on reducing the intensity of
rangeland degradation. Sharifian et al. (2018)
identified the lack of culture regarding the
protection of natural resources as one of the
most important factors contributing to
rangeland degradation. Malekmohammadi et
al. (2021) also highlighted education and
cultural awareness as important solutions and
corrective measures in addressing rangeland
issues.

Among the legal factors, poor performance
and the long and time-consuming process of
law enforcement in pursuing offenders in the
field of natural resources have been recognized
as the most significant factors in range factors
degradation. Legal actions against illegal
encroachments are not taken promptly or, are
not fully implemented. Accordingly, the legal
instrument sometimes does not function
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effectively in Iran. Han et al. (2008),
Ghaytouri et al. (2007), and Gholampour et al.
(2012) have also identified land use change as
influential factors in the destruction of pastures
and forests. Moradi et al. (2016) stated that the
lack of decisive and legal action against
offenders and the absence of deterrent
punishments are among the main reasons for
the failure of rangeland management plans.
Mirdilami & Moradi (2018) also evaluated the
actions and programs of responsible
organizations as ineffective in the rangeland
management system.

Among economic factors, poverty among
rural residents on the outskirts of rangelands
and their livelihood dependence on rangelands
were recognized as the most significant factor
in the destruction of rangelands and forests.
The lack of job diversity in rural areas and the
reliance on livestock farming as the main
occupation have further tied the inhabitants of
these areas to the rangelands. Gheitouri et al.
(2007), Al-Bakri et al. (2001), Gholampour et
al. (2012), Rouhi et al. (2012), Aryal et al.
(2014), Ghasemi et al. (2016), Sharifian et al.
(2018), Saloupour et al. (2018), Farajillahi &
Ghasemi  Aryan (2020), Saberi (2021),
Malekmohammadi et al. (2021), and Dada &
Mammo (2024) have identified income and
livelihood factors as influential factors in the
degradation of rangelands. Creating non-
agricultural employment opportunities and
income diversification can play a crucial role
in this regard.

Wildfires were identified as a more
significant natural factor in rangeland
degradation compared to others in East
Azerbaijan  province. Increasing public
awareness by providing necessary information
to those visiting natural areas and issuing
necessary warnings could prevent
unintentional fires caused by ’carelessness or
lack of information. Mussa et al. (2016) and
Gheitouri et al. (2007) both highlighted fire as
an influential factor in rangeland degradation.
The results also indicate that major factors in
rangeland degradation were overgrazing, out-
of-season, or premature grazing, largely
related to economic, social, and cultural issues

within the community since livestock farming
is often the sole or primary source of income
for many rural households. The increased costs
of acquiring animal feed and the associated
difficulties in its supply, especially in recent
years, have further intensified the pressure on
rangelands by livestock farmers for feed
provisioning. The findings of Gheitouri et al.
(2007), Han et al. (2008), Ansari et al. (2009),
Jamshidi & Amini (2013), Fenetahun et al.
(2018), Gokkush (2020), Farajillahi &
Ghasemi Aryan (2020), and Mohammadi et al.
(2022) support the results of this section of the
research. It seems that implementing
appropriate  mechanisms for livestock feed
provision and offering it to livestock farmers
at a reasonable price can significantly reduce
premature grazing and the excessive grazing
pressure in rangelands. Providing alternative
fodder is one of the three main strategies
proposed by the experts to reduce rangeland
degradation. Since a cause of degradation is
cutting shrubs and branches for fuel,
increasing supervision through increasing
environmental monitoring and patrols and
providing sufficient facilities and human
resources can help prevent further damage to
the rangelands of  the province.
Malekmohammadi et al. (2021) have
identified strengthening supervisory and
executive  mechanisms and  enhancing
monitoring of rangeland as effective measures
for improving rangeland  management
efficiency, as has Gheitouri et al. (2007).
Ultimately, increasing public awareness and
fostering a commitment to protecting national
assets and natural resources will undoubtedly
have a significant impact.

A further factor contributing to rangeland
destruction was the construction of rural roads,
water, and power networks, as well as oil and
gas pipelines by government agencies. It is
suggested that comprehensive studies be
conducted in the province regarding ongoing
construction projects and future projects, with
the presence of civil engineers, infrastructure
experts, and rural development specialists.
This is to minimize the negative side effects of
government plans through a multidimensional
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approach and sustainable development. In
addition to all of the above, implementing
short-term, medium-term, and long-term
planning for investment in rangeland
restoration and rehabilitation by the
government is essential to prevent further
degradation of the rangelands. Sharifian et al.
(2018) have also identified the lack of
development programs and infrastructure
deficiencies as important and influential
factors in rangeland degradation.

Based on the perspectives of experts from
various relevant organizations in East
Azerbaijan province, this study identified a
range of different factors as influential
variables in rangeland degradation, including
supervisory, livestock farming, cultural and

administrative and organizational,
infrastructural, and legal factors. Among all of
them, the shortcomings of the government are
evident in various aspects. The government
has not been able to have positive activities in
this field either from the economic,
infrastructural, or even educational
aspects. The process of destruction shows
itself at a slow but steady pace in rangelands,
which emphasizes the lack of priority of
natural resources in the government's long-
term policies and plans.

Availability of Data: The datasets
analyzed during the current study are available
from the corresponding author upon
reasonable request.
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Abstract

Agricultural products, are mostly perishable, and ensuring their quality through methods like cold storage or
optimal conditions can present significant economic challenges for retailers and small-scale producers. In some
cases, these products lose their quality and marketability within a span of less than 24 hours. The main challenge
in adopting this strategy is determining the timing and amount of the price discount. To optimize price
discounting, four functions need to be estimated: a) a time-dependent quality function, b) a price change
function, c) a demand function that is a function of price and quality, and d) an objective function, which is
considered here as the retailer's profit function. We employ dynamic pricing models that integrate factors such as
quality degradation, inventory levels, and consumer behavior. The research data was collected from three fruit
and vegetable stores in Gorgan city. The time period was three months, comprising all working days. Each seller
was asked to report the price and quantity of sales on an hourly basis from the beginning to the end of the
working day. In this way, about 1000 data were recorded from each store. Tomato was selected as case study due
to their widespread consumption, continuous supply, and rapid perishability. The results show that price
discounts can significantly enhance profitability while reducing the risk of unsold and wasted products.
Specifically, the findings indicate that implementing price discounts every 3 to 4 hours yielded the highest
profitability. The average discount is 35%, leading to an 82% increase in gross profit. In contrast, shorter
discount intervals (every 1 to 2 hours) with an average discount of 18% improved gross profit by 73%. On the
other hand, longer discount intervals (every five to seven hours) with an average discount of 46% resulted in a
66% increase in gross profit. Furthermore, this study further emphasizes how crucial consumer perception is to
the effectiveness of dynamic pricing methods. The perception of lower product quality brought on by excessive
discounting may have a detrimental effect on long-term store credit and customer trust. Perishable product waste
can be reduced through the implementation of price reduction strategies. However, the results indicate that
sellers’ profits increase in the absence of price reductions. Future research could enhance this framework by
incorporating additional factors that influence product quality, such as temperature, humidity, and product
variety; examining the effects of consumer price expectations on demand; extending the model to other
perishable products, including meat and dairy; and leveraging advanced technologies, such as blockchain and
artificial intelligence, to improve dynamic pricing and inventory management.
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Introduction

Cutting prices has also become a
fundamental strategy for modern retailers in
their bid to win over customers, boost sales,
and gain market competitiveness (Santos &
Bacalhau, 2023). For products that are
perishable, such as fresh fruits and vegetables,
the strategy is even more critical due to their
short life, rapid deterioration in quality, and
the need to determine prices in a timely
manner and control inventory effectively
(Wang et al., 2022). Unlike non-perishables,
perishables cannot be stocked for eternity, and
their value is devalued very rapidly with time
(Blackburn & Scudder, 2009). Hence, the
average retailer will then be forced to rely on
dynamic pricing techniques to manage stock,
reduce wastage, and maximize returns
(Kayikci et al., 2022). However, how price
discounting is tied to product perceived quality
is complex and multifaceted. Whereas
discounts can increase demand and stimulate
consumption, they would most likely also
increase consumers' uncertainty about the
quality of products, especially if the magnitude
of the discount is intermediate or inopportune
(Zheng et al., 2022). Unlike non-perishable
goods, perishable items cannot be stored
indefinitely, and their value rapidly diminishes
over time (Blackburn & Scudder, 2009).
Consequently, retailers often rely on dynamic
pricing strategies to manage inventory, reduce
waste, and maximize revenue (Kayikci et al.,
2022). However, the relationship between
price discounts and perceived product quality
is complex and multifaceted. While discounts
can stimulate demand and encourage
purchases, they may also increase consumers'
uncertainty about product quality, especially
when the discount depth is moderate or poorly
timed (Zheng et al., 2022).

Consumers are likely to associate deep
price cuts with inferior quality, and this adds
more ambiguity as well as brand distrust and
long-term loyalty loss. This is a very
challenging thin line between quality
perception and price appeal, especially for
retailers who deal in perishable goods where

there is high risk and little leeway for mistakes
(Zheng et al., 2022; Aschemann-Witzel et al.,
2015).

The importance of effective pricing
strategies for perishables is reinforced by the
challenges created through quality
deterioration and inventory control. Fresh
produce such as tomatoes is inherently
susceptible to quality deterioration over a
period of time and is sensitive to temperature,
humidity, handling practices, and storage
conditions. Recent studies have shown that
efficient temperature management of storage is
crucial in maintaining the quality and shelf life
of perishable food items (Eze et al., 2024).

Retailers need to emphasize -effective
inventory management to minimize quality
deterioration and extend product shelf life.
Shelf life—defined as the period during which
a perishable product maintains acceptable
quality, poses a critical challenge in fresh food
supply chains. Recent studies highlight the
importance of integrating real-time tracking
technologies and predictive analytics to
improve shelf-life forecasting and support
timely and informed distribution decisions.
(Rashvand et al., 2025; Mamidala, 2023).

Stores must monitor stock levels closely an
d implement practices such as First-Expired-
First-Out (FEFO) to sell first the older
products before the newer ones. FEFO is
highly effective in reducing waste and product
quality in the business of perishable items
(Reid, 2025).

Moreover, as items approach the end of
their life cycle, their perceived value
decreases, typically requiring price discounts
to generate demand. But price actions must be
treated with caution so they do not
weaken profit margins and compromise the
brand equity. Emerging studies have
suggested data-driven dynamic pricing
frameworks that optimize markdown strategies
for perishable products, balancing
sales quantity and profitability (Syed et al.,
2024). Dynamic pricing approaches are
increasingly important for the management of
perishable goods in modern retail. Static
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pricing operates on historic data and restricted
information, while dynamic pricing utilizes
real-time information, such as shelf life left,
stock levels, customer demand, and market
conditions, to optimize the best price choices
and reduce wastage (Syed et al., 2024; Kayikci
et al., 2022). This flexibility enables retailers
to rapidly respond to shifts in market demand
and product availability, enabling real-time
price strategy optimization to
maximize profitability and reduce wastage
(Syed et al., 2024). One of the strongest
aspects of dynamic pricing is that it is able to
match demand and supply in the best possible
manner. In the case of perishables, in which
stocks are shortand demand is volatile,
dynamic pricing minimizes food wastage by
selling off excess stock before it goes bad and
captures maximum revenue during peak
demand. For instance, Kayikci et al. (2022)
proposea  four-step data-driven optimal
dynamic bulk fruit pricing policy where real-
time loT sensor datais utilizedto reduce
food losses in retailers. Along similar lines,
Nomuraet  al. (2025) depict  the
implementation of deep reinforcement learning
for computing optimal ordering and pricing
policies for perishable inventory so that there
is more flexible and intelligent decision-
making in extremely volatile retail scenarios.
Innovations in data analysis and machine
learning further amplified dynamic pricing
model feature sets more recently. Retailers
nowadays can leverage real-time information
from point-of-sale systems, 10T sensors, and
customer  behavior analytics to make
more intelligent and responsive price choices.
For example, Wang et al. (2024) designed a
deep reinforcement learning  algorithm
that optimizes dynamic prices and  inventory
management for perishable items with age-
dependent probabilistic demand. The study
uses evidence from actual sources of
information obtained from Gorgan stores in
Iran to provide recommendations for retailers
who are interested in optimizing  price
techniques, reducing losses, and enhancing
profitability. Previous research highlights the
necessity of such techniques in dealing with

perishable goods (Salmasnia & Talesh-
Kazemi, 2022). This study addresses some
primary questions: How do consumer demands
for perishable products such as tomatoes
respond to price discounts? What is the
optimal frequency and amplitude of discounts
to minimize waste and achieve maximum
profit? How does timeliness of perishability
impact price and consumer choices? What is
the role of inventory management in making
dynamic pricing systems
successful for perishables?

Efficient inventory management is crucial
as it enables effective monitoring of stock
levels and product freshness, enabling timely
price adjustment to minimize waste and
maximize  revenue. By offering solutions
to these queries, this study seeks to contribute
to the increasing body of literature on dynamic
pricing and perishable product management
(Zhou et al., 2023; Hasiloglu-Ciftciler &
Kaya, 2025). The findings are expected to
provide operational guidance for
retailers so that they can make the  best
possible price decisions, inventory decisions,
and waste reduction decisions (Sasanuma et
al., 2021; Hua et al., 2021). Finally, this
research proves that dynamic pricing can be an
effective tool that retailers can use to help
mitigate the specific challenges of managing
perishable products, resulting inimproved
profitability and environmentally friendly
business practices (Hasiloglu-Ciftciler &
Kaya, 2025) waste reduction (Sasanuma et al.,
2021; Hua et al., 2021). Ultimately, this study
demonstrates that dynamic pricing can serve as
a powerful tool for retailers to navigate the
unique challenges of perishable product
management, leading to increased profitability
and sustainable business practices (Hasiloglu-
Ciftciler & Kaya, 2025).

Methodology

Data Collection

This study collected empirical data from
three retail stores in Gorgan, Iran, over a three-
month period in autumn 2023. The dataset
focuses on tomatoes—a highly perishable
product with a limited shelf life—to examine
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the relationship between pricing strategies,
sales patterns, and inventory control. The
stores were randomly selected in an effort to
provide a good sample of the local retail
market, witnessing  diverse  consumers'
behaviors and operating practices (Herbon et
al., 2014).

Data obtained included the following key
variables. Daily sum of retail purchases: total
amount of tomatoes purchased by shops per
day, which represents levels of supply.Erasing
the first hourly price of each day in each shop
to a base level of 100, the remaining hourly
prices are expressed as relative percentages
from starting price. This approach facilitates
standardized comparison of intra-day price
variations between stores and periods and
controls for the effects of variation in baseline
prices,  store-level  characteristics, and
seasonality.

Hourly sales by retailer: Sales per hour of
tomatoes reveal demand patterns and
consumer purchasing behaviors.

Hourly prices were tracked to obtain
dynamic prices caused by price movements
over the day resulting from retailers' price
dynamics. To control for the effects of
seasonal fluctuation, store-specific price
strategy, and base price variation, the initial
opening price for each store on every day was
assigned a base value of 100. All the later
prices were then quantified in terms of
percentage deviation from the base. This
standardization permitted systematic and
comparable investigation of price differences
across different stores and periods, irrespective
of relative price levels or other extraneous
factors such as location or season.

This complete dataset enabled us to study
how the price movement affects the sales by
the hour, how inventory varies during the day,
and how these variables interact with the
perishability of tomatoes (Yang et al., 2014).
Through the analysis of such variables, this
research seeks to find optimal pricing policies
that maximize profit while minimizing waste
(Ferguson & Katzenberg, 2006).

Adding hourly price and sales data is
particularly beneficial in that it enables the

study to gauge actual consumer response to
price variations in near real-time. This level of
accuracy is essential to grasping the shape of
fresh product management, where slight
movements in price or quality can have
significant implications for sales (Herbon et
al., 2014). In addition, the dataset provides a
robust foundation for the development of
predictive models that will inform future
dynamic pricing actions Liu et al. (2023).

Model Development

This study employed a dynamic pricing
model specifically designed for perishable
products, such as tomatoes. This model
integrates the following three key factors:

- Quality degradation: Decline in product

quality over time.
- Inventory levels: quantity of products

available in the stock.
- Consumer demand: The relationship

between price, quality, and purchasing
behavior.
The model uses the following key
equations.

Quality Index (U(t))

Previous studies have shown that the
decline in a quality attribute of agricultural
products can be approximated by one of four
basic mechanisms:

1- Zero-order reactions with linear kinetics,

2- Michaelis-Menten kinetics,

3- First-order reactions with exponential
kinetics, and

4- Autocatalytic reactions with logistic
kinetics (Khazaeli et al., 2024).

All  four methods require laboratory
measurements. Each quality feature should be
measured separately. In addition, in marketing,
quality is related to the perception of buyers,
which does not necessarily correspond to
laboratory results. According to the above
limitations, in this study, the quality was
estimated from the perception of product
quality through the behavior of buyers. Since
the price discount by the seller is due to the
buyers' low of acceptance of the supplied
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quality and price combination of tomato, it is
assumed that the price discount is a substitute
for the quality of the product. The lower
quality, caused the buyers' lower of acceptance
and the greater the motivation for a price
higher discount by sellers. The reason for
choosing the logit function is the form of the
decay function, which in all four Kinetic
models produces a graph similar to the graph
of cumulative distribution models such as the
logit model.

So the quality index U(t) measures the
perceived quality of the product at time t, with
values ranging from zero (lowest quality) to
one (highest quality). It is defined as:

U() = Ln (=) = f(time) + €, )

Where D is the average discount applied to
the product. In this function, the decay rate is
obtained from the following equation:

db _ D(1-D)t>0
ar =P
Price Change (AP(t))
The price change AP(t) at time t is modeled
as
AP(t) = Bo + B1Pr—1 + B2U: + B30Q; (2)

+ EAp

Where: P.;is theprice in the previous
period, Uy is the quality index at time t, Q;is
the remaining inventory at time t, €4, the error
term (random disturbance) in the price change
equation at time t.

This equation captures how prices change
over time, based on previous prices, product
quality, and inventory levels. Coefficients 3,
B,, and Bsquantify the influence of each factor
on price changes (Elmaghraby & Keskinocak,
2003).

Demand Function ¢

Consumer demand (t) at time t is modeled
as:

G = Yo +V1Pe + VU + st +vat? +¢, (3)

Where P; is the current price at time t, U; is
the quality  indexat timet  represents
the period, € is the error term.

Discounting as a Key Strategy

This equation models consumer demand as
a function of the price, quality, and time. The
inclusion of a quadratic term t* allows for
nonlinear effects of time on demand, such as
increased purchasing behavior during peak
hours or reduced demand as the product
approaches the end of its shelf life This
approach aligns with the modeling strategies
employed by Macias-Lopez et al. (2021), who
incorporated time-dependent demand
functions to account for shelf-life constraints
in perishable goods .Discounting is a key

strategy in this study, implemented to deplete
inventory and maximize profit before product
quality significantly deteriorates. Pricing
adjustments were made at specific intervals
(hourly, every three, five, or seven hours).
Each pricing adjustment balances inventory
levels, consumer demand, and quality
degradation.

Hourly price fluctuations are modeled as a
function of price, quality, and remaining
inventory. Here, Py represents the initial retail
price of tomatoes. The sales function g; can be
calculated using the sales quantity q; and the
quality function u;. The remaining product
quantity was  then  determined by
subtracting g1 from  the  total  product
quantity Q in the first period.

The discount amount arises from price
change (AP), which is influenced by quality
changes (u). This allows for the calculation of
the new price point, P;. The remaining product
quantity is re-evaluated for the next period
(T,) using the same approach. This cycle of
calculations is repeated to assess the sales and
remaining product quantities in subsequent
periods.

The iterative process in Fig.1l enables an
analysis of pricing strategies and inventory
management based on sales performance and
product quality adjustments. Subsequently, the
discount function estimation examines the
impact of discounts on profit and provides
insights for optimization.
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Figure 1- Iterative Discounting Process (research findings)

The dynamic pricing model integrates these
equations to optimize the pricing strategies for
perishable products. By continuously updating
prices based on real-time data, the model aims
to:

Maximize profit by adjusting prices to
balance demand and inventory levels.

Waste is minimized by ensuring that
products are sold before their quality degrades
significantly.

Enhance consumer satisfaction: Maintain a
balance between price attractiveness and
perceived quality (Herbon et al., 2014).

Gross Profit and Net Revenue

GPT - NRT
T T
= ( P.q; — Py 2 q{)
t=1 t=1
~CoQ 4
Subject to: T 1qi<Q

In this equation, GPT and NRT represent
gross profit and net revenue for a working day
(T), respectively. Pt and PO are the prices in
period t and initial price (without discount),
respectively. gt and qt’ represent the demand
quantities in period t with and without price
discounts, respectively. The term inside
parentheses represents the difference in gross
revenue (sales value) for a working day (T)
with and without price discounts. Cyis the cost

of purchasing the product and Q is the total
purchase of tomatoes for a working day. This
equation is specified considering the inventory
constraint. The effectiveness of the model is
enhanced by leveraging historical sales and
inventory data to inform dynamic pricing
decisions in uncertain demand environments
(Liu et al., 2023).

Results

Current Pricing Patterns in Retail Stores

Before delving into the model estimations,
it is essential to understand the current pricing
patterns and sales behavior across the three
retail stores. Chart1 illustrates the average
pricing trends for tomatoes over a 16-hour
sales period segmented by store. Chart 1
reveals several key patterns.

-Price Decline Over Time: In three stores,

prices tend to decrease gradually throughout
the day. The highest prices are observed in the
early hours (e.g., hours 1 to 6), whereas the
lowest prices occur in the final hours (e.g.,
hours 12 to 16). This trend aligns with the
perishable nature of tomatoes, where retailers
aim to clear inventory before the end of the
day to minimize waste.

-Variability in Pricing Strategies: While the
overall trend is similar, there are notable
differences in pricing strategies among stores.
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For instance, store 3 maintains higher prices in
the early hours compared to stores 1 and 2, but
it also offers deeper discounts in the midday
hours.

Discounts and Sales: Discounts are
typically applied during mid-day hours (e.g.,
hours 7 to 12), but their immediate impact on

30000

25000

20000

15000

Price(10xRials)

10000

5000

e estorel ———store2

sales is not always evident. For example, in
store 1, the highest discount (27%) was offered
at hour 10, but the corresponding sales did not
show a significant spike. This finding suggests
that customer responses to discounts may be
delayed or influenced by other factors.

9 10 11 12 13 14 15 16

store3

Chart 1- Average Pricing Trends for Tomatoes across Three Retail Stores (Research Findings)

These observations highlight the dynamic
nature of pricing in the retail environment and
underscore the need for a deeper analysis of
the factors that drive price changes and their
impact on sales.

Model Estimations

After examining the current pricing
patterns, we now discuss the model estimation
results. Table 1 summarizes the key findings
of the quality, price changes, and demand
functions.

Quality Degradation over Time

Chart 2 illustrates the gradual decline in the
tomato quality over 24 h. At the beginning of
the day, the quality index was high (0.66),
indicating fresh, and high-quality tomatoes.
However, by the end of the day, the quality
index dropped significantly (0.14),
emphasizing the importance of timely price
adjustments and inventory management to
reduce waste and maximize profitability.

The quality equation transforms the average
daily discount rate (A) into a logarithmic
format, enabling the calculation of the
probability of a product's quality. The quality
index is derived from the discount, where a
higher discount is associated with a lower
quality index. This ensures that as the discount
increases, the perceived quality decreases. The
quality function was considered to be
dependent on the storage duration of tomatoes,
assuming constant environmental conditions.
A nonlinear and decreasing relationship
between quality and time was obtained.
According to the estimation, the effect of each
passing hour on the tomato quality depends on
the shelf life of the product in the store.
Therefore, time has a positive and statistically
significant effect on the likelihood of quality
degradation. The F-statistic value is 6.73,
indicating the overall significance of the
model. The RSS was 250, which represented
the prediction error of the model.
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Chart 2- The Relationship between Quality and Time (24 Hours)

Price Change and Demand Dynamics

The price change function (Table 1) shows
that previous prices have a negative and
statistically significant effect on current price
adjustment. This finding suggests that retailers
tend to lower prices in response to higher
previous prices, which is likely to stimulate
demand and clear inventory. The demand
function highlights the relationship between
price and sales. The coefficient of 0.27 for the
price variable indicates that a 1% increase in
price leads to a 0.27% decrease in demand,
reflecting the price sensitivity of customers.

Additionally, the quality variable had a
positive and significant impact on demand,
with a coefficient of 10.4. This underscores the
importance of maintaining product quality in
driving sales. The findings from the model
estimations align with the pricing patterns
observed in retail stores. The gradual decline
in prices over the day, coupled with the
significant impact of quality on demand,
highlights the challenges retailers face when
managing perishable products.

Table 1- Model estimations

nt Variable  Quality
Independent Vari (unit)
-0.66"
Constant (0.14)
Time(hour)
L, 0.004**
Time (0.002)
Price (-1)
Quality
Non-Sold (%0)
Price?
F 6.73"
RSS 250

Durbin-Watson stat

Price Change Demand
(%) (%)
129.8"
(31.14)
0.27"
(0.016)
-0.014™
(0.001)
-0.23
(0.02)
-77.34" 10.4™
(30.9) (0.5)
-0.59™
(0.075)
11.5™
(1.56)
256" 53.2"
78937 4151
1.33" 2.38™

Superscripts * and ** denote p<0.05 and p<0.01 respectively
Source: research findings

Although discounts are extensively used in
the pursuit of sales, their immediate impact is

not always apparent. There may be a need for
retailers to pay more attention to the timing
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and quantity of discounts to maximize their
effectiveness. Sharp drops in tomato quality
underscore the importance of efficient
management of inventories. Retailers should
pay attention to strategies that minimize waste,
such as dynamic pricing and targeted
promotion. Knowing customer price and
quality sensitivity is important in determining
the best pricing strategy. Retailers can apply
data analytics to establish trends in consumer
behavior and adjust their pricing strategies in
response.

The function for changing price has an
intercept (constant) of 129.8, which is the base
price when all the variables equal zero. The
coefficient for the price of the last period
(Price (-1)) is -0.23, meaning that the price
change is reduced by a rise in the price of the
last period, with a standard error of 0.02. The
quality function is-77.34, meaning that the
higher the quality, the lower the price changes,
with a standard error of 30.9. The coefficient
of productnot sold (non-sold) is -0.59,
indicating
that a rise in product not sold decreases change
s in price with a standard error of 0.075. The
F-statistic of the model was 25.6, which
confirmed the model's significance as a whole,
and the Residual Sum of Squares (RSS) was
78,937, which isthe prediction error,
indicating the explained variation in the
dependent variable, which may be due to
omitted variables or random shocks. Price
does vary over time, calculated from Equation
2, indicating that  higher  previous
prices decrease  average  discounts  and
suggesting that more costly tomatoes require
lower discounts to sell.

The coefficient of quality indexisa
measure of a strong negative correlation,
where the lower the quality, the higher the
discount, in the sense that
the more valuable tomatoes are less
discounted. The coefficient does not show
unsold product, which states that discounts
increase as inventory decreases, meaning that
discounts are used to accelerate the sales of the
remaining amount. The constant term reflects
the regular discount when all independent

variables are zero. The time coefficient for the
demand function is 0.27, which implies that
demand increases by 0.27 percent as time
elapses, while its standard error is 0.016. The
time squared (Time?) coefficient is -0.014,
which reflects a non-linear effect in which the
increasing rate in demand declines over time,
with a standard error of 0.001. The coefficient
on quality is -10.4, meaning that decreasing
quality increases demand with a standard error
of 0.5. The coefficient for the price in the
previous period (Price (-1)) is -0.23, indicating
prices in the previous period decrease current
demand, with a standard error of 0.02. The
negative of the inverse price (Price™)
coefficient is -11.5, showing that higher prices
in a year lower demand inthe year athand,
with a standard error of 1.56. The F-statistic
for the model was 53.2, confirming the
model's significance as a whole, and the
Residual Sum of Squares (RSS) was 41.51,
measuring the error of prediction. Demand, by
the sales index (qy), is estimated by Equation 3,
where quality and the previous period's price
have positive and significant impacts on
demand, and the relationship between time and
demand is nonlinear. The designed models
reflect  the complex interactions among
pricing, quality, and demand. The quality
index is negatively
correlated with discounts, i.e., more quality
reduces the need for discounts. The discount
function shows how price, quality, and stock
levels determine pricing measures to provide d
iminishing discounts for increasing prices and
quality, and unsold stocks to provide greater
discounts to induce sales more quickly. The
demand function shows how prices, quality,
and time operate together to determine overall
sales performance, where demand increases
with time but at adeclining rate, and higher
prices lower current demand. These findings
reflect the importance of quality, price, and
stock balancing to achieve maximum
profitability and sales.

Price Discounts and Profit

It was observed that the price discounts
every 3-4 hours earned the highest profit.
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Discounts provided at higher intervals (e.g.,
every 1-2 hours) resulted in rapid price
reductions and minimal overall profit since
buyers considered the product to be of lesser
quality. In the Hourly discount, the price
decreases to 95.26 in the second hour and to
60.65 in the third hour. This steep drop
represents a rapid loss of product value over
short periods (Chart 3).

Average discount stands at 14.83%, and the
average discount rate stands at 14.83% per
hour. As compared to this, using a discount
every two hours demonstrates a lower price
reduction. Here, the price goes down to 89.28
in the first period and reaches 61.78 in the
third period. The average discount is 20.76%,
and the average discount rate is 10.38% per
hour. This shows that longer time intervals can
reduce the loss of the wvalue. However,
discounts taken at longer intervals (e.g., every
5 to 12 hours) yielded fewer sales and more
waste, since product quality deteriorates
greatly before selling. A discount taken every
three hours significantly moderates the price
drop. Here, the price drops to 82.39 in the first
interval and becomes 44.42% in the third
interval. The average discount rate is 31.85%
and 10.62% an hour. This indicates that longer
periods can handle the loss of value more
effectively. Each four-hour discount shows a
declining trend. In this, the price drops to
75.80 in the first interval and to 37.15% in the
third interval. The mean rate of discount is
37.59% and 9.40% an hour. This clearly shows
that larger time intervals can handle the
decline in value better. Finally, a discount
every five hours shows the highest stability in
prices. Here, the price drops to 70.70 for the
first interval and to 38.01 for the third interval.
The average discount rate is 53.52% and
10.70% hourly. This supported that the longer
time intervals worked more efficiently. For
discounts every six hours or less frequently,
the lowering of the price is much more
gradual, and prices are maintained more stable
for longer intervals. The research also
determined that dynamic pricing methods,
which change prices in response to real-time
information, outperform static pricing when it

comes to profit maximization and waste
reduction (Chart 4). The trend for profit
uniformly rises in the discount intervals of 1 to
4 hours. For instance, profit increases from
32.70 in hourly discount to 70.84 in 4-hour
discount.

This is due to greater customer involvement
during these intervals. The growth rate of
profit was positive during such time intervals.
That is, the difference in profit rate is 5.22
units between the hour and 2-hour discount,
570 units between 2-hour and 3-hour
discount, and 3.46 units between the 3-hour
and 4-hour discount. This indicates that
standard short-term discounts can enhance
demand and maximize profits.

Profits begin declining after a 4-hour
interval. For instance, the profit drops from
70.84 in the discount of 4 hours to 70.76 in the
discount of 5 hours. The decline is
tremendous: from 4-hour to 5-hour discounts,
the profit drops by eight units; from 5-hour to
6-hour discounts, the profit drops by 12.3
units; from 6-hour to 7-hour discounts, the
profit drops by 8.82 units; and from 7-hour to
8-hour discounts, the profit drops by 17.8
units. The steepest decline is between 5-hour
and 6-hour intervals, indicating that the profit
decline accelerates after 5 hours. Between 9
and 12-hour intervals, the rate of profit loss
accelerates drastically. This indicates a
reduction in demand or the reduced utility of
discounts within these hours. This sharp profit
decline may be accounted for by the
degradation of product quality or declining
customer desire for protracted discount
provisions. Every discount, every 1 to 4 hours,
provides maximum profit and is strongest in
that it induces faster sales and maximum
profitability. But after the 4-hour mark, profit
dips, and it takes strategic considerations such
as combining 3-hour and 5-hour discounts to
balance losses. In 5- to 8-hour intervals, in
which profit loss is large but relatively slower,
methods such as raising offer attractiveness or
providing additional services (e.g., free
packaging) can be applied. In 9-to-12-hour
intervals, where profit loss is severe, long-term
discounts should be avoided, and other
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approaches such as bundle sales or companion
product promotion are best. Profit reduction
steepens to become negative after the 4-hour
interval, with precipitous falls at 4-hour and 5-
hour discounts (-8 units), 5-hour and 6-hour
discounts (-12.3 units), 6-hour and 7-hour

discounts (-8.82 units), and 7-hour and 8-hour
discounts (-17.8 units). These findings
underscore the necessity for adaptively
varying discounting practices as a function of
customer reaction and product characteristics
to achieve optimal profitability.

...... Hourly
100 ---.-:1—§- —-sl == Every 2H
- -
- l 1 - e Every3iH
S0 - —
e I : 1 == Every4H

— a0 .
& E — el - e w» Every SH
= [ ] :
2 70 - 1 I m
& -
= M = l m
=] &0
t ]
= N
o 50 1 I
e

a0 A SN S . m-—— — pr—

30

20

10

o
1 2 3 4 s 6 7 8 9 10 11 12
Time(Hours)

Chart 3- Price discounts over different periods (research findings)
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Chart 4- Profit trends in different discount periods
(Research findings)

The difference in profit depends on two
factors: price reduction, which increases
demand and sales; and quality reduction,
which reduces demand and sales. As long as
price reduction is more attractive to consumers

than quality reduction is, the sales increase.
But after the 4-hour interval, the negative
impact of quality depreciation takes control
over the attractiveness of price cutbacks,
resulting in a decline in sales. Overall, 1- to 4-
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hour discounts are better and achieve the
maximum profit, while discounts over 10
hours lead to a great loss of profit. Thus, after
a 4-hour gap, 3-hour and 5-hour discounts
become better alternatives to increase sales
and stay profitable, and long-term discounts
need to be used cautiously and methodically.

Discussion
Optimal Discount Intervals

The findings of this study determine
optimal discount times as a measure of profit
maximization and wastage reduction of
perishable goods such as tomatoes. The
findings suggest that price discounts to be
implemented within 3-4 hours to achieve the
best outcomes.

This is a compromise between stimulating
the demand from the consumers and
maintaining the quality of the goods.
Discounts with a smaller time gap between
them (e.g., every 1-2 h) may lead to frequent
price reduction, which can strip the profit and
create an impression of low quality of the
product. Discounts with larger intervals (e.g.,
every 5-7 h) can create more wastage, as the
product quality is wasted heavily before sale.
By applying discounts at 3 to 4-hour intervals,
retailers can control their inventory turnovers
while maintaining the perceived value of their
offerings. Such a discovery is in line with prior
studies involving dynamic pricing strategies
that stress making adjustments in real time

depending on the levels of quality
deterioration, availability, and demand
(Elmaghraby & Keskinocak, 2003).

For instance, Liu et al. (2023)

demonstrated that data-driven dynamic pricing
frameworks for omni-channel retailing can
significantly reduce waste and increase
profitability, especially in situations of
unpredictable demands. Similarly, ElImaghraby
& Keskinocak (2003) observed that early
discounts would increase profit and reduce
waste. Similarly, Kayikci et al. (2023)
proposed a data-driven pricing framework that
significantly reduced food waste and increased
retail profitability. These studies altogether
attest to the significance of evidence-based

decision-making for maximizing pricing
strategies for perishables, as illustrated in the
current study, which reveals that short
discount periods (1 to 4 hours) significantly
maximize profitability while effectively
controlling quality degradation and inventory
levels.

Maintaining Quality Degradation

Quality degradation is a significant
dilemma for retailers handling perishable
products. The study found that tomatoes had a
very severe quality loss within 24 hours, losing
their quality index from 0.66 at the beginning
of the day to 0.14 in the evening. This rapid
spoilage is an indicator of the need for
effective storage and stock management. For
example, Sun et al. (2023) emphasized
temperature and humidity management for the
sake of maintaining product quality, which
supports findings in the present study.
Similarly, Kayikci et al. (2022) established
that the inclusion of real-time
environmental factors, such as temperature and
humidity, into dynamic pricing equations can
optimize sales while reducing wastage. To
minimize degradation of quality, the retailers
are urged to try and improve storage
conditions, for example, keeping the products
cool and dry.

Cold, dry storage of tomatoes can slow the
process of degradation and extend their shelf
life, as indicated by Sun et al. (2023).
Additionally, retailers are urged to utilize "last
chance" promotions to dispose of products
nearing the end of their shelf life. These offers
pressure buyers into buying the product before
it spoils. It is as per the recommendation of
Elmaghraby et al. (2003), who mention the
application of dynamic discounts in reducing
wastage and increasing profit. The study also
highlights the applicability of including quality
parameters in price models.

Through real-time tracking of quality
decline, retailers can make evidence-based
decisions regarding price adjustments and
inventory management. This not only reduces
wastage but also optimizes customer
satisfaction as consumers receive the highest-
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quality products. Scholz & Kulko (2022)
demonstrated that employing dynamic pricing
models that depend on freshness would reduce
food wastage by as much as 53.6% while
optimizing retailer revenue by up to 10%. Liu
et al. (2023) used reinforcement learning
algorithms to improve the accuracy of prices
by 35% and reduce waste, providing evidence
for the advantage of real-time quality
monitoring in the optimization of prices. All
these findings together demonstrate the
importance of data-driven decision-making in
addressing perishable products. This research,
despite providing valuable information on the
dynamic pricing of perishable products, has
some drawbacks. First, information was taken
from only three stores within a single city, and
consequently, the findings might be non-
representative. Second, the model is based on
homogeneous seller conduct and does not
consider real external drivers such as weather,
promotions, or rival prices. Third, actual-time
quality was calculated based on estimated
functions rather than direct technology or
sensor readings. Future research can expand
the geographic scope and utilize better quality
monitoring tools or stronger market forces

Consumer Perception

This study highlights the critical role of
consumer perception in dynamic pricing
strategies. While discounts may increase
demand, over-discounting may prompt
consumers to doubt product quality and reduce
brand trust and long-term loyalty. Zheng et al.
(2022)  illustrated  that price-reduction
discounts  increase  perceived  quality
uncertainty and therefore may have a
detrimental effect on consumer purchase
intentions. To be able to effectively balance
price competition and brand image protection,
stores have the option to use slow price cuts
rather than drastic and deep price reductions.
Drastic and sudden price cuts risk causing
customers to question the freshness and quality
of products, which can undermine brand trust
and loyalty in the long term. Slow cuts allow
customers to enjoy sustained value while still
getting better prices in the long term.

Aschemann-Witzel et al. (2015) point out that
food purchasing is influenced by consumer
attitudes and that deep discounting can send a
hidden message of suboptimal quality, leading
to more food waste as consumers avoid
bargains.

Hence, an effective price strategy with
price updates being aligned with product
freshness can help in the reduction of waste
and consumer trust protection. This practice
not only promotes sustainable consumption
behavior but also enhances the profitability
overall through trust establishment and repeat
purchases. The value of the goods must also be
communicated to customers by retailers. For
example, projecting the freshness and quality
of tomatoes through the installation of signs
within the stores or executing digital
promotions can instill that the good is value
for the price even after discounting. This is in
concordance with the appeal of Syed et al.
(2024) that transparency and communication
are key in maintaining consumer satisfaction
and trust. By having trusting and transparent
relationships with consumers, retailers can
enhance their brand reputation and provide
long-term profitability, as shown in previous
studies by data-driven and consumer-driven
pricing approaches.

Conclusion
This study demonstrates the importance of
dynamic pricing methods to manage

perishable commodities such as tomatoes.
Through the imposition of price discounts at
optimal time intervals, retailers can maximize
profit, avoid wastage, and maintain product
quality. From these findings, it is suggested
that discounts must be applied every 3—4 hours
for optimal results. This approach strikes a
balance between stimulating demand and
protecting product value, enabling retailers to
manage their inventories effectively while
meeting consumers. Proper storage and
inventory handling practices also need to be
emphasized to minimize quality loss,
according to this study. By maintaining
temperature and humidity levels and
employing "last chance™ promotions, retailers



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

can extend the shelf life of their products and
reduce waste. Furthermore, this study sheds
light on the importance of consumers' price
strategy perception. Brand image and price
attractiveness must be well balanced by
retailers in a way that will capture customers'
trust and loyalty. Future research should also
examine whether these strategies are effective
in other perishable products, such as dairy,
meat, and bakery, and in alternative market
environments. In addition, future studies can
investigate  the effects of emerging
technologies such as artificial intelligence and
blockchain on maximizing the dynamic
pricing and inventories of perishable goods.
The problems of dealing with perishable
products can be addressed and sustainable
business encouraged by improving and
innovating even more for retailers. The results
of the present research are as follows:

1. Discounting prices at optimal time
periods (every 3-4 hours) maximizes profit
with the least amount of waste.

2. It is a perfect trade-off between
stimulating demand and product value.

3. Consumers' perception and expectations

Appendix

play vital roles in pricing strategies, and
retailers must strike a balance between price
appeal and product quality.

These findings show that dynamic pricing
and smart inventory control can help retailers
make efficient use of perishable products.

Suggestions for future research
incorporating other factors affecting quality,
i.e., temperature, humidity, and variety.

 Exploring the impact of consumers' price
expectations on the demand function.

 Enlarging the study to other perishables
such as dairy, meat.

* Exploring the use of new technology in
optimizing dynamic pricing and inventory
management, e.g., artificial.
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Heteroskedasticity Test: Breusch-Pagan-Godfrey Null hypothesis: Homoskedasticity

Model
Statistics

Price Change
Stat. (p-Value)

Demand

F-statistic
Obs*R-squared
Scaled explained SS

2.13(0.097)
6.3248(0.097)
3.468(0.3249)

2.348(0.053)
9.287(0.054)
11.719(0.02)

Test to detect collinearity

D.V: Price Change Centered VIF

D.V: Demand Centered VIF

PRICE
QUALITY
REMAIN

1.200543
1.181043
1.040684

(PRICE_INDEX)"-1
QUALITY_INDEX"5

1.756014
1.793120

PERIOD"2 1.080800
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Abstract

Poultry production is one of the fastest-growing industries worldwide, and poultry meat has become a
primary protein source for many populations. To maximize growth in the shortest possible time, producers often
rely on disease-preventing antibiotics and growth promoters. However, numerous studies have detected
antibiotic residues in poultry meat, raising concerns about their contribution to antibacterial resistance in human
pathogens. Consequently, consumer demand for healthier products—particularly antibiotic-free poultry—is
steadily increasing. Although this trend is advancing globally, it is still in its early stages in Iran. Accordingly, in
order to move towards the development of the market for healthy products, the first essential step is to identify
the factors that influence household consumption patterns. This study employs a combination of three decision-
making tools, including Interpretive Structural Modeling (ISM), MICMAC analysis, and Fuzzy BestWorst
Method (BWM), to evaluate factors influencing the purchase of antibiotic-free poultry in Mashhad, Iran, a key
market where such products are available and consumer trends are emerging, in 2025. The process begins with
the ISM method, which constructs a hierarchical model to illustrate the influence and interdependence of these
factors. This step is crucial for understanding their collective impact on consumer purchase intention.
Subsequently, the MICMAC analysis categorizes these factors based on their levels of influence and
dependence, identifying the most critical elements that create a competitive advantage. Finally, the fuzzy Best-
Worst Method (BWM) is applied to assign weights to these key factors. The results indicate that consumer
awareness is the highest weight, followed by attitude and subjective norms. Identifying these key factors and
their interrelationships provides actionable insights for decision-makers and stakeholders for strategic planning
and prioritization. Based on these findings, it is recommended that policymakers and marketers focus on
increasing consumer awareness, shaping positive attitudes, and leveraging subjective norms to encourage the
purchase of antibiotic-free poultry. Targeted educational campaigns, informative labeling, and marketing
strategies tailored to consumer preferences can help enhance adoption and support healthier consumption
patterns.
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Introduction

Broiler chickens are a significant source of
meat worldwide (Muaz et al., 2018). World
meat production is projected to rise 13% to an
estimated 406 million tons by 2034, with over
half (55%) of the growth occurring in Asia.
Poultry will lead this expansion, contributing
15 million tons to the increase and accounting
for 62% of the additional meat produced in the
next decade (OECD-FAO, 2025). This
increased demand has led to more intensive
poultry production systems, particularly for
broiler chickens, to maximize output in the
shortest period. Unlike traditional chicken
production in open sheds, which takes 9 to 10
weeks, modern technologies enable production
within 6 to 7 weeks (Apata, 2009). This
advancement is often achieved through the use
of antimicrobial growth promoters (AGPs) in
feed (Yadav & Jha, 2019). However, because
the elimination of antibiotics from an animal's
body is a time-consuming process, the use of
antibiotics in veterinary medicine can result in
drug residues in animal products such as meat
(Nikoukar & Bazzi, 2016). Antibiotic residues
in meat can cause allergic reactions and
weaken the immune system (Dewdney et al.,
1991; Centner, 2016). Therefore, reducing the
effectiveness of antibiotics and the rise of
microbial resistance due to widespread
antibiotic use is a major human health
challenge (Abreu et al., 2023; Al Sattar et al.,
2023). Minimizing antibiotic use in food-
producing animals, such as poultry, cattle, and
pigs, is essential in this effort (Dewdney et al.,
1991; Centner, 2016).

The global health implications of antibiotic
resistance were highlighted by the World
Health Organization (WHO) in 1997,
declaring it a public health crisis (Tajodini et
al., 2015). The Centers for Disease Control
and Prevention (CDC) and the FAO have also
raised alarms about antimicrobial resistance,
which poses a significant threat to global
health (CDC, 2013; FAO, 2015). To promote
the production of healthy products and
improve food safety, the European Union
banned the use of antibiotics in chicken meat

production in 2006 (Dewdney, 1991; Centner,
2016).  Consequently,  concerns  about
antimicrobial ~ resistance and  growing
consumer preference for antibiotic-free (ABF)
poultry have prompted several countries to
restrict or ban the use of AGPs (Stokka, 2016;
FDA, 2021). Sweden was the first country to
ban AGPs in 1986 (Dibner & Richards, 2005;
Wenk, 2000), and the European Union
followed suit in 2006 (Kulshreshtha et al.,
2014; Hafeez et al., 2016).

Consumer demand for products raised
without routine antibiotic use is driving a
growing movement toward antibiotic-free
meat production (Dimitri, 2005). According to
the U.S. Department of Agriculture's Food
Safety and Inspection Service (USDA-FSIS),
"antibiotic-free poultry” refers to meat from
birds that have not consumed antibiotics in
food or water and have not been injected with
antibiotics (Cervantes, 2015). The shift toward
ABF poultry is part of a broader consumer
preference for safer, antibiotic-free food,
driven by concerns  about  health,
environmental impact, animal welfare, and
food quality.

In developed countries, the demand for
healthy food products, such as antibiotic-free
poultry, has increased due to improved living
standards, the growing importance of health,
and increasing consumer awareness of the
benefits of healthy products (Ditlevsen et al.,
2019; Willett et al., 2019). Since 1990, sales of
antibiotic-free and organic foods have grown
by 20% annually, according to the United
States Organic Trade Association (Cervantes,
2015). Global demand for and willingness to
pay for healthy food products are rapidly
increasing (Li & Kallas, 2021).

In Iran, poultry meat production is
undergoing progressive development and
expansion. Over the past four decades,
investment in this sector has grown
significantly, making poultry production one
of Iran's most important economic activities
(Kamalzadeh et al., 2009). The results of the
2024 poultry slaughtering census in Iran
indicate that a total of 1,392 million live
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poultry were brought to slaughterhouses, with
a total weight of 3,527 thousand tons. Of
these, 1,378 million usable carcasses weighing
2,682 thousand tons were produced. Chicken,
with 2,605 thousand tons, accounted for 97.1
percent of the total usable poultry weight.
Among provinces, Khorasan Razavi produced
over 198 thousand tons, ranking fourth in the
country in total poultry production (Statistical
Center of Iran, 2025). Despite the increasing
demand for healthy food products, including
antibiotic-free chicken, in other countries, its
consumption has not yet become widespread
among Iranian consumers (Nikoukar & Bazzi,
2016). However, studies conducted in
Mashhad, the capital of Khorasan Razavi, have
shown that consumer awareness and demand
for healthy products - organic and antibiotic-
free - are growing (Mohammadi et al., 2023;
Ghorbani et al., 2019; Aghasafari & Karbasi,
2021). These findings highlight the importance
of understanding consumer preferences and
behaviors in this region to inform production
and investment decisions and to support the
development of the antibiotic-free chicken
market in Iran.

Research on organic food, healthy food, and
consumption behavior is prevalent in Europe
and other Western countries. This includes
profiling buyers (Hansen et al., 2018; Petrescu
et al., 2017), motivations for buying (Petrescu
et al., 2017; Pham et al., 2018; Scalvedi &
Saba, 2018; Sobhanifard, 2018), purchase
intentions (Asif et al., 2018; Cabuk et al.,
2014; Ham et al., 2018; Hsu & Chen, 2014,
Lee & Yun, 2015; Mainardes et al., 2017;
Pham et al., 2018; Prakash et al., 2018),
willingness to pay (Tong Hu et al., 2024; Lim
et al., 2014), and consumer attitudes (Cabuk et
al., 2014; Chekima et al., 2017; Janssen, 2018;
Mainardes et al., 2017; Singh & Verma,
2017). Nevertheless, it is essential to explore
existing literature on consumers’ behavior
regarding organic and healthy foods,
particularly poultry products. Mohammadi et
al. (2023) found that awareness of the
nutritional benefits of ABF poultry meat, the
head of household’s education, monthly family
income, and advertising had positive impacts,

while price had a negative impact on
consumption.

Researchers have also  extensively
investigated consumers’ willingness to pay
(WTP) for poultry products, focusing on
various attributes that influence purchasing
decisions. For instance, Chen et al. (2024)
examined consumers’ WTP for carbon-labeled
beef, highlighting the growing interest in
environmentally sustainable meat products and
how eco-labels can affect price sensitivity and
purchase intention. Thuannadee & Noosuwan
(2023) studied locally produced organic
chicken, demonstrating that consumers are
willing to pay a premium for products
perceived as healthier and locally sourced,
reflecting a combination of  health
consciousness and support for local producers.
Similarly, Saha et al. (2022) and Jahanabadi et
al. (2024) explored WTP for safe chicken
meat, emphasizing the importance of food
safety and traceability in shaping consumer
decisions. Earlier studies on organic chicken
by Gifford & Bernard (2011) and Gunduz et
al. (2011) showed that consumers’ WTP is
strongly influenced by perceptions of product
quality, nutritional benefits, and ethical
considerations related to animal welfare. Van
Loo et al. (2011) analyzed the effect of
organic labels on chicken breast, indicating
that labeling can significantly enhance
perceived value and justify higher prices.

In general, the literature review indicates
that various factors influence healthy food
purchase intentions. However, antibiotic-free
chicken meat is a relatively new concept,
especially in developing countries like Iran,
where food security remains a major concern.
Consequently, there is limited research
comprehensively examining the determinants
of purchase intention for antibiotic-free
chicken in Iran. This study aims to address this
gap by identifying and prioritizing the critical
factors  affecting  purchase intention,
determining their hierarchical relationships,
and developing a comprehensive model. To
achieve this, a fuzzy hybrid Multi-Criteria
Decision-Making  (MCDM)  model s
proposed, integrating Interpretive Structural
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Modeling (ISM), MICMAC analysis, and the
fuzzy Best-Worst Method (BWM) to account
for uncertainty and subjective judgments.

Materials and Methods

This study employed the ISM-MICMAC-
FBWM methodology for analysis. Initially,
influential indicators were identified from the
existing literature and subsequently validated
and contextualized through expert
consultation. In the ISM phase, an initial
reachability matrix was constructed based on
these indicators. Following its refinement, the
final ISM model was developed, accompanied
by MICMAC analysis. Finally, in the Fuzzy

Phase 1: Factors extraction

BWM phase, pairwise comparisons of the key
criteria derived from the ISM model were
generated, and their respective weights and
rankings were determined. The step-by-step
research process is illustrated in Fig. 1. As this
research is exploratory, it does not formulate

hypotheses but instead addresses three

research questions:

1. What factors influence the research
objective?

2. How do these influential factors interact,
and what are their causal relationships?

3. What are the weights and rankings of these
factors in relation to the research
objective?
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Figure 1- Framework of the approach

Interpretive Structural Modeling (ISM)
Warfield first presented the Interpretive
Structural Modeling (ISM) in 1974. ISM is a
decision-making technique that shows the
interaction between different variables and
displays the relationships between variables in
the form of hierarchical relationships
(Warfield, 1974). It helps describe intricate
issues and develop structured relationship
models (Sheykhan et al., 2024). ISM focuses

on experts’ experience and knowledge in
defining the contextual relationships of a
complicated system (Bouzon et al., 2015).
This approach addresses the shortcomings and
challenges encountered in traditional methods
like weighted score and structural equation
modeling and provides a better understanding
of system behavior (Wan et al., 2022).
Different stages of ISM are explained in the
following.
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Step 1. Identify the influential factors:
Identify and determine influential factors
through a literature review, group discussion,
and brainstorming.

Step 2. Forming a Structural self-
interaction matrix (SSIM): At this step, the
variables are arranged in rows and columns,
and either of the following relationships is
defined for different variable pairs (Agarwal et
al., 2023):

e V:factor X; will influence the factor X;.

e A factor X; will influence the factor X;.

e  X: factor Xi and factor Xj will influence
each other.

e  O: factor Xi and factor Xj are unrelated.

Step 3. Forming initial reachability matrix
(IRM): The SSIM needs to be converted into a
binary matrix called the initial reachability
matrix (Bouzon et al., 2015). The reachability
matrix is the path that indicates whether one
capability factor can establish a path of arrival
with another factor through the indirect action
of other factors (Ahmadi, 2023; Singh et al.,
2024). By converting different symbols of the
SSIM into 0 and 1, one can obtain the IRM
(Agarwal et al., 2023). The following rules
shall be followed to prepare the IRM:

e If X is represented by V in the SSIM,
then Xj; and Xj are converted to 1 and 0
in the IRM, respectively.

o If X is represented by A in the SSIM,
then Xj; and X;; are converted to 0 and 1
in the IRM, respectively.

e If X is represented by X in the SSIM,
then both Xj; and X;i are converted to 1 in
the IRM.

o If X is represented by O in the SSIM,
then both Xj; and X are converted to 0 in
the IRM.

Step 4. Forming final reachability matrix
(FRM): Considering the additive association
of different elements, one needs to make the
IRM consistent. For example, if Factor A leads
to Factor B and then Factor B leads to Factor
C, then Factor A shall lead to Factor C as well,
and if the reachability matrix cannot reflect
this relationship, it must be corrected to
replace the missed relationships. To this end,
one must elevate the IRM to the power of K +

1 (K >1), in such a way that a stable state is
established (M" = M), Albeit, the powering
of the matrix shall be done via Boolean matrix
multiplication. According to this
multiplication scheme, 1 x 1 =1and 1 +1=1.
In this way, some of the zero elements turn
into 1s, which are then denoted as 1* (Agarwal
et al., 2023).

Step 5. Determining the level of variables:
Each of the system components has two
different sets of antecedent (A) and
reachability (R) that play a fundamental role in
the structure of the final model as well as the
design of the system. To determine the level
and priority of factors, using the final
accessibility matrix, these two sets are
obtained for each factor (Wang et al., 2020).
The reachability set consists of horizontal
factors, while the antecedent set consists of
vertical factors (Sindhwani & Malhotra, 2017).
The intersection between these two sets is then
derived for all factors. The factors for which
the reachability and the intersection sets are
the same are placed at the top level of the ISM
hierarchy (Sindhwani & Malhotra, 2017
Mangla et al., 2014; Bouzon et al., 2015).
When the factors of the highest level are
identified in the first iteration, these factors
should be removed from other factors. The
same process is repeated until the level of each
factor is determined (Rajesh, 2017; Sindhwani
& Malhotra, 2017; Lim et al., 2017). Based on
the determined levels and relationships
between the factors, they can be drawn as a
structural model.

MICMAC analysis: The main purpose of
the MICMAC technique is to analyze the
driving power and independence power of the
variables (Gupta et al., 2016). This technique
relies on the principle of matrix multiplication
to ascertain how variables interact with each
other by analyzing the interactive relationship
among different subsystems within a complex
system (Chen & Qiang, 2023). The factors are
classified into four clusters based on the
driving and dependence powers derived from
the Final Reachability Matrix (FRM). To draw
the diagram, the driving power of the factors is
represented as a vertical axis, and the
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dependence power is represented as the
horizontal axis. The factors are categorized as
autonomous,  dependent, linkage, and
independent based on their driving and
dependence powers (Hasan et al., 2024).
Autonomous factor: these factors exhibit
Low driving and dependence power. In other
words, such factors have weak connections
with the overall system. They play a crucial
role in mediating relationships between
factors, affecting those in the preceding layer
while being constrained by factors in the
subsequent layer (Rathi et al., 2023).
Dependent factor: They exhibit weak
driving power and high dependency power.
They show little influence on the system but

are highly influenced by the system (Maleki
Toulabi et al., 2024).

Linkage factor: These factors exhibit strong
driving and dependence power, and in fact,
these factors are unstable. This property is
because any change in them can affect other
factors and produce a feedback loop,
influencing themselves in return (Zhang et al.,
2024).

Independent factor: these factors exhibit
Low dependence power but high driving
power. Independent factors are known as key
factors because they are the foundation of the
model, and for success, special attention
should be paid to these factors (Rathi et al.,
2023).

4 Independent

Factor

Linkage

Factor

Autonomous

Driving Power

Factor

Dependent

Factor

-

Dependence Power

Figure 2- MICMAC diagram (Driving Power-Dependence Power)

Fuzzy Best-Worst Method: To prioritize
the identified criteria for purchasing antibiotic-
free poultry meat, the fuzzy best-worst
method is adopted in this paper. In an MCDM
problem, several alternatives are evaluated
with respect to a number of criteria to select
the best alternative(s) (Banihashemi, 2023).
The best-worst method (BWM) is one of the
MCDM methods presented by Rezaei (2015),
which can obtain decision results using fewer
pairwise comparisons compared to AHP
(Huang et al.,, 2023). BWM is based on
pairwise  comparisons  between criteria
(Banihashemi, 2023). First, the best criterion
(e.g., most desirable, most important) and the
worst criterion (e.g., least desirable, least
important) are identified, then the priority of
the best criterion, compared to the number of
criteria, as well as the degree of superiority of
all criteria to the worst criterion, are
determined using pairwise comparisons

(Rezaei et al., 2016; Gupta & Barua, 2016;
Amiri et al., 2021). The best criterion is the
one that has the most vital role in making the
decision, while the worst criterion has the
opposite role in the decision process.
Furthermore, the BMW does not only derive
the weights independently but it can also be
combined with other multi-criteria-decision-
making methods (Amoozad Mahdiraji et al.,
2018; Kolagar, 2019; Kumar, 2019).

Verbal and linguistic judgments made by
decision-makers are wusually vague and
uncertain. Therefore, the fuzzy best-worst
method (FBWM) was developed by Guo &
Zhao (2017) to determine the importance
weights of the identified components and sub-
components. The steps of the FBWM in
obtaining the priorities are as follows:

Step 1: Identify the best and the worst
criteria: in this step, the best and the worst
criteria are determined using experts’ opinions.
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Step 2: Pairwise comparison of the best
criterion with other criteria: in this step,
pairwise comparisons can be made using any
fuzzy spectrum, but one of the most common

spectrums for the fuzzy BWM method is based
on the five-point Likert scale outlined in Table
1.

Table 1- Transformation rules of linguistic terms.

Linguistic term

Triangular fuzzy number

Equally Important (EI)
Weakly Important (WI)
Fairly Important (FI)
Very Important (V1)
Absolutely Important (Al)

1,11)
(2/3,1,3/2)
(3/2,2,5/2)
(5/2,3/712)
(7/2,4,9/2)

The best vector compared to other criteria is
as follows:

Ap = (@p1,Gp2, -, dpn) 1)

Where Ap expresses the fuzzy best vector
compared to other criteria and ag; expresses
the fuzzy preference of the best criterion Cg
compared to criterion j. It is clear that dgg=
(1,1,2).

Step 3: Pairwise comparison of the other
criteria with the worst criterion: Similarly, the
fuzzy preferences of all criteria, with respect to
the worst criterion, were determined using the
linguistic variables presented in Table 1, as
follows:

Ay = (d1w~/» Aaws - » Anw) )

Where Ay expresses the fuzzy worst vector
compared to other criteria, and &;y, expresses
the fuzzy preference of criterion i compared to
the worst criterion Cy. It is clear that dy,y =
(1,1,2).

Step 4: Calculate the optimal weights
W, W,", ..., W,"): The weights of the criteria
and £ can be calculated using the following
non-linear mathematical programming model.
It is recommended to transform this model into
a linear mathematical programming model for
several criteria more than three to obtain better

results (Guo & Zhao, 2017).

min &
s.t.
w ~ ~ .
W_?_an <d forallj @3)
W
W—’—a]W|<a forall j

l]W < mj‘-” < u]‘” , l]‘-’" >
0 W;=0 forallj
These values are used in the

. - L+am+uy
relation R(@;) = “—%

Step 5: Determine the consistency ratio:
Consistency ratio (CR) is an important
indicator to check the consistency degree of
pairwise comparison; hence, it is necessary to
calculate the consistency ratio of the pairwise
comparison. In fuzzy BWM, the consistency
ratio is calculated as:

& )
¢

Where &* is obtained by solving Eqg. (3),
and max ¢ is the consistency index, which is
shown in Table 2.

CR =

Table 2- Transformation rules of linguistic terms.

Linguistic term

Equally Important (EI)
Weakly Important (WI)
Fairly Important (FI)
Very Important (V1)
Absolutely Important (Al)

agw Cl (max {)
(1,1,1) 3/00
(2/3,1,3/2) 3/80
(3/2,2,5/2) 5/29
(5/2,317/2) 6/69
(7/12,4,912) 8/04
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Data Collection

To identify the factors influencing
consumers’  purchase intention toward
antibiotic-free  poultry meat, data were
collected in 2025 from ten purposively
selected experts in Mashhad, Iran. These
experts represented academia, the poultry and
food industries, and organic food suppliers,
and were selected based on their experience
and knowledge of consumer behavior and the
antibiotic-free poultry market. Semi-structured
interviews were initially conducted to generate
a comprehensive list of potential factors.
Overlapping or irrelevant items were then
removed, resulting in a refined set of 16
criteria. For the ISM stage, individual expert

responses were aggregated using the frequency
method to form a consensus Structural Self-
Interaction Matrix (SSIM), which served as
the input for the ISM—MICMAC analysis. The
same experts then evaluated these criteria
through a structured questionnaire designed
for pairwise comparisons. At this stage, expert
judgments were combined using the
aggregated fuzzy preference weighted mean
method, enabling a reliable estimation of the
final priority scores. The entire data collection
and aggregation process took approximately
25 days. The final set of 16 criteria used in the
analysis is presented in Table 3.

Table 3- Factors affecting the purchase intention antibiotic-free poultry meat

Denotations Criteria Description Reference
Consumers’ tendency to repeatedly purchase a specific brand or .
St Loyalty product is influenced by trust and satisfaction . Oliver, 1999
s Consumer awareness The level of knowledge and information consumers have about the Mohammadi et
2 benefits and features of antibiotic-free and healthy products. al., 2023
S5 Eating habits Consumer dietary patterns and preferences that affect the selection Mizia et al., 2021
of healthy products.
S Uncertaint Consumers’ perceived uncertainty about product quality, safety, or Nikoukar &
4 y availability, influencing their purchase decisions. Bazzi, 2016
. Mental processes such as attention, memory, and information
Ss Cognitive factors processing that affect consumer behavior toward healthy products. Pham et al., 2018
Ss Attitude Overall positive or negatlvg evaluation of healthy anq antibiotic- Ajzen, 1991
free products that influences purchase intention
s, Perceived behavior control Consumers’ perceived gblhty or control over purchasing and Ajzen, 1991
accessing healthy products.
. . The effect of product, price, place, and promotion strategies on Kotler & Keller,
Sg Marketing mix . .
consumer purchasing behavior 2016
S Preference for conventional products Consumer tendency to choose conventlo_ngl products over healthier Chen et al., 2024
alternatives, often due to familiarity or lower
St Myopia Short-term focus of consumers, prioritizing immediate benefits Sheth et al., 1991
such as low price over long-term health advantages.
s Fatalism Belief that outcomes are predetermined or beyond one’s control, Ssewanyana et
1 affecting the likelihood of choosing healthy products al., 2015
. Characteristics such as age, gender, income, and education that WOJ(.:'EChOWSka_
S Demographic factors . - - Solis & Sorok,
influence consumer preferences and buying behavior. 2017
Sys Subjective norms Social pressure and expectations that affect consumers’ decisions Ajzen, 1991
to purchase healthy products
Sw Perceived value Consumers_ evaluapon _of prodl_lct value, conmde_:r{ng quality Zeithaml, 1988
relative to price, influencing purchase decisions
Sis Purchasing effectiveness Consumers’ ability to select and buy_products efficiently according ~ Kotler & Keller,
to their needs and available resources 2016
Sis Indifference Lack of preference or attention between healthy and conventional Lim et al., 2014

products, often due to limited information or awareness

Results and Discussion
ISM Results
The Structural

Self-Interaction Matrix

(SSIM) shows the pairwise comparisons of
these factors as evaluated by experts (Table 4).
The SSIM highlights which factors are
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considered to have direct influence on others,
providing  initial  insights into  the
interrelationships among  variables.  For
example, factors such as marketing mix (S8)
and demographic factors (S12) appear
frequently as influencers in the matrix,
suggesting they may serve as driving variables
in the system. Conversely, factors like S1
(Loyalty) and S5 (Cognitive Factors) appear
more dependent on other variables. This

preliminary analysis guides the subsequent
steps in the ISM process to develop the final
hierarchical structure and prioritize the factors
for strategic focus.

The initial reachability matrix (IRM) is
obtained by converting the SSIM to a binary
matrix, where the elements on the primary
diagonal are set to 1. Table 5 displays the IRM
obtained after conversion.

Table 4- Structural self-interaction matrix
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Once the binary IRM was developed, the
relationships among variables were examined
to identify both direct and indirect
associations. The final reachability matrix
(FRM) was then constructed to account for
secondary  associations,  reflecting  the
transitive impacts that were not captured in the

initial IRM. For example, the IRM suggested
no direct relationship between S3 and S1.
However, the FRM analysis revealed that S3
influences S1 indirectly through S6. This
indicates that S3 has an indirect but significant
role in the system, highlighting its potential
impact on S1 via mediating factors. Such
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adjustments in the FRM ensure that all
transitive  relationships are appropriately
captured, providing a more complete
understanding of the interconnections among
variables.  Overall, the FRM results
demonstrate that some factors previously

emphasizing the importance of considering
indirect effects when analyzing complex
systems. This insight guides prioritization of
factors for further analysis and intervention.
Finally, IRM was transformed into FRM using
strict logic. Table 6 describes the FRM formed

considered  independent actually  exert by checking transitivity.
influence through intermediary variables,
Table 6- Final reachability matrix
S: S, Ss Si Ss Ss S/ S So S Su S Siz Su S s, Drving
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 pOWEr
S, 1 0 0 0O O O O O O O O O O 0 © 0 1
S, 1 1 1 1 o0 1 1 o0 1 1 1 0 1 1 1 1" 13
S; 7 1 1.7 o 1 1 o 1 17 17 o 17 17 1 1" 13
S, 7 1 2. 1. o 1 1 o 1 1 1 o0 1" 1 1 1 13
Ss 7 1 1 1 1 1 1 o 1 1 1 o0 1 1° 71 1 14
Se 1 1" 2 1 o 1 1 o0 1 1 1 o0 1" 1 1 1" 13
S; o 0 0 o0 0O O 1 0 0 0O 0O 0O o0 0 O 0 1
Se 7 1 11" 1 1 1 1 1 1" 1" o 1 17 71 1" 15
Sg 7 1 77 o 2» 1 o0 1 1 1 o0 1° 17 1 1" 13
Sio 1 1 1 17 o 1 1 o 1 1 1 o 1 1v 1 1 13
Su 1 1 1 17 o 1 1 o 1 1 1 o 1 1 1 1" 13
Si 7 1 1 7 1 1 1 o 1 1 1" 1 17 17 1 1" 15
Sis 7 1 1 1 o 1 1 o0 1 1 1 o0 1 1 1 1" 13
Su 0o 0 0 0O O O O 0O O o0 0 0 o0 1 0 0 1
Sis 1 0 0 0O O O 1 O 0 O 0 O0 0 1 1 0 4
S 7 1 1 1 o 1 1 o0 1 1 1 0 1 1 1" 1 13
Dependence 1/ 415 15 12 3 12 14 1 12 12 12 1 12 14 13 12
power
The next step is partitioning FRM into 1=81, S§7, S14, Level 2=S3s5, Level 3=52, S3, S,,
distinct levels. During this step, the Se, So, S10, S11, S13, Si6, Level 4=Ss5, Level

hierarchical structure of factors influencing the
purchase intention of Antibiotic-Free poultry
meat by using ISM. Based on the condition of
(Si) = (Si) N(Si) = R(Si), the influencing
factors were classified at different levels. The
hierarchical structure is as follows: Level

5=Ss, S12. In the social media context, the
reachability set (Si), antecedent set (Si),
intersection (Si), and level partitions are listed
in Table 7.

Table 7- Level partition-interaction

Reachability set Antecedent set Intersection set Level
S 1 1,2,3,4,5,6,8,9,10, 11, 12, 13, 15, 16, 1 1
S, 2,3,4,6,9, 10, 11, 13, 16, 2,3,4,5,6,8,9,10, 11, 12, 13, 16, 2,3,4,6,9,10, 11, 13, 16, 3
Ss 2,3,4,6,9,10, 11, 13, 16, 2,3,4,5,6,8,9, 10, 11, 12, 13, 16, 2,3,4,6,9,10, 11, 13, 186, 3
Ss 2,3,4,6,9, 10, 11, 13, 16, 2,3,4,5,6,8,9, 10, 11, 12, 13, 16, 2,3,4,6,9, 10, 11, 13, 16, 3
Ss 5 5,8, 12, 5 4
Se 2,3,4,6,9,10, 11, 13, 16, 2,3,4,5,6,8,9, 10, 11, 12, 13, 16, 2,3,4,6,9,10, 11, 13, 186, 3
S; 7 2,3,4,5,6,7,8,9, 10, 11, 12, 13, 15, 16, 7 1
Ss 8 8 5
So 2,3,4,6,9,10, 11, 13, 186, 2,3,4,5,6,8,9, 10, 11, 12, 13, 16, 2,3,4,6,9,10, 11, 13, 186, 3
Sio 2,3,4,6,9,10, 11, 13, 16, 2,3,4,5,6,8,9,10, 11, 12, 13, 16, 2,3,4,6,9,10,11, 13, 16, 3
Su 2,3,4,6,9,10, 11, 13, 16, 2,3,4,5,6,8,9, 10, 11, 12, 13, 16, 2,3,4,6,9,10, 11, 13, 186, 3
S 12 12 12 5
Sis 2,3,4,6,9,10, 11, 13, 16, 2,3,4,5,6,8,9,10, 11, 12, 13, 16, 2,3,4,6,9,10,11, 13, 16, 3
Su 14 2,3,4,5,6,8,9,10, 11, 12, 13, 14, 15, 16, 14 1
Sis 15 2,3,4,5,6,8,9,10, 11, 12, 13, 15, 16, 15 2
Si6 2,3,4,6,9,10,11, 13, 16, 2,3,4,5,6,8,9 10,11, 12, 13, 16, 2,3,4,6,9,10,11, 13, 16, 3
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In the next step, an interpretive structural
model was developed using the calculated
scores for each index and the completed
outcome matrix. The resulting model, shown
in Fig. 3, comprises five levels. At the fifth
level, two criteria, namely "Marketing mix"
and "Demographic factors" are identified as

the most influential criteria that directly impact
the Cogpnitive criterion at the fourth level. This
influence is hierarchical, with the three criteria
at the first level, namely "Loyalty," "Perceived
behavior control,” and "Perceived value,”
being the most influential.

Perceived value

[ Perceived behavior control ] [

[ Purchasing effectiveness ]

R

‘\“\\

Eating
habits

C{msuer
awareness

Attitude Uncertainty ‘

Preference for
conventional

products

Subjective
norms

Indifference }

Cognitive factors

/\

[ Marketing mix

[ Demogrs lplll ¢ factors ]

Flgure 3- ISM modeling

MICMAC Analysis

By calculating the number of influencing
factors in a row and column of the reachability
matrix with matrix elements “1” and “1*”, the
value of driving power and dependence power
of the influencing factors on Purchase
Intention were obtained, as shown in Table 6.

The analysis of Intensity of Influence and
Dependency (MICMAC) categorizes
indicators based on their degrees of influence
and dependence, as illustrated in Fig. 3. The
attributes are grouped into four clusters:
Autonomous Attributes: Low driving
power and low dependence

- Dependent Attributes: High dependence
but low driving power

- Linkage Attributes: High dependence and
high driving power
Driver/Independent  Attributes:
driving power but low dependence.

High

The assessment results indicate that loyalty,
perceived behavior control, perceived value,
and purchasing effectiveness fall into cluster 2,
showing high dependence but low driving
power. Conversely, the Cognitive factors,
marketing mix, and Demographic factors are
in cluster 4, indicating strong influence but
weak dependence. The remaining criteria are
in cluster 3, demonstrating strong dependency
and directing power in Figs. 3 and 4.

Fuzzy BWM-based criteria prioritization

This section uses the fuzzy Best-Worst
Method (BWM) to establish the related
weights and significance of the research
factors. Drawing on the findings of the
MICMAC analysis, Cluster 3 encompassed 9
criteria that demonstrated both strong abilities
to influence other criteria and high
susceptibility to being influenced by other
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criteria. Consequently, we determine the
weights and ranks of these 9 criteria. To
conduct the fuzzy BWM, the best and the
worst criteria should be determined first.
Based on the experts’ point of view, the most
important criterion is Awareness, while the
least important criterion is Fatalism. The fuzzy

preference degree of the best criteria to other
criteria should be determined. To contrast the
top-ranked criterion with the others and the
lowest-ranked criterion with the others, we
conducted pairwise comparisons referencing
the spectrum of preferences in Table 1.

E,llz

23,469.10,11,13,16

| m

Driving Power.

1,714

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
———————————————————Dependence Power

I- Autonomous Variables IIT - Linkage Varaibles
11 - Dependent Variables IV - Independent Varaibles

Figure 4- Driving power and dependence diagram

The information collected via the survey
could be wused to determine the fuzzy
preference degree, however, as there are 10
experts to provide their opinions, it would be
necessary to combine the judgments of
different experts and obtain the comprehensive
fuzzy preference degree by aggregating the
judgments. To do this, we use the weighted
average operator to calculate the aggregated
fuzzy preference degree as:

1 n
%1 fr— A ~. 5
p n; i Di )

1=
Where n is the number of experts, in this

case, n = 10, pi is the fuzzy preference degree
provided by the ith expert, and ai is the weight
of the ith expert with 0 < ai <1 and Xni =1 Ai
= 1. As different experts have different
backgrounds and experiences, we introduce a
subjective weight calculation method for the
experts:
2 =k 6)
LYo Hy (
Where Hi is the weight score of the ith
expert, and is calculated according to Table 8.

Table 8- Expert weight calculation score

Aspect

Class Score

PhD
Title Master's degree
Bachelor’s degree
Associate

Over 20 years
10-19 years
5-9 years
Under 5 years

Experience

PN WARPNDWA
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By combining the judgments of all 10
experts, the fuzzy preference degree of the best
criterion to other criteria could be obtained for
all criteria and sub-criteria. Similarly, the
fuzzy preference degree of other criteria to the
worst criterion could be determined by
combining the judgments of all 10 experts, and
the others-to-worst vector could be obtained.

The weight represents the relative
importance of a criterion; however, it should
be noted that it represents the importance of
the criterion over other ‘‘related’’ criteria, i.e.,
criteria in the same layer. Therefore, in this

step, we obtain the weight of the criteria, that
is, the relative weight of the criteria (Gao et
al., 2023). Solving these pairwise comparisons
is accomplished using Eg. (3) in Lingo
software, resulting in the weights of the
criteria, as presented in Table 9. Based on
these weights, the measure of Awareness is the
highest with 0.3837 as its weight. With a
weight of 0.1199, the promotion of Attitude
among consumers criterion earns the second
position, followed by the Subjective norms
criterion in third place with a weight of
0.03109.

Table 9- Wt. and Final ranking of the criteria

Criterion Crisp Weight Rank
S Awareness 0.3837 1
Ss Eating habits 0.0599 6
S, Purchasing effectiveness 0.0799 4
Se Attitude 0.1199 2
So Preference for conventional products 0.0799 4
S1o Myopia 0.0799 4
Si1 Fatalism 0.0319 7
Si3 Subjective norms 0.0959 3
S Indifference 0.0685 5
Conclusion decreases while  dependence increases,

This study aimed to identify and prioritize
the key factors influencing consumers’
purchase intentions toward antibiotic-free
poultry meat. By integrating Interpretive
Structural  Modeling  (ISM), MICMAC
analysis, and the fuzzy Best-Worst Method
(BWM), we systematically identified,
structured, and ranked the most relevant
purchasing criteria based on their relative
importance.

The ISM analysis revealed a hierarchical
structure consisting of five levels. Marketing
mix (S8) and demographic factors (S12) at the
highest level demonstrated substantial driving
power over cognitive factors (S5), which in
turn shape attitudes, awareness, eating habits,
and other behavioral responses. Lower-level
factors, including loyalty, perceived value, and
perceived behavioral control, were identified
as outcomes rather than drivers, indicating that
higher-level factors are critical determinants of
purchase behavior. Overall, as one moves from
higher to lower levels, driving power

emphasizing the importance of targeting
higher-level variables to effectively influence
consumer decisions.

MICMAC analysis confirmed that none of
the factors fell into the autonomous cluster.
Demographic, marketing mix, and cognitive
factors were classified as independent,
exerting a strong influence over other
variables.  For  instance,  demographic
characteristics such as low income, large
household size, and limited education can
negatively  affect purchasing power,
knowledge of healthy products, and consumer
engagement during shopping, consistent with
prior studies (Ziaei-Bideh & Namakshenas-
Jahromi, 2019; Wojciechowska-Solis & Sorok,
2017).

Fuzzy BWM results highlighted
"awareness" as the top-ranked criterion with a
weight of 0.3837, demonstrating its central
role in connecting and influencing other
factors. Enhancing consumer awareness of the
benefits and potential risks of antibiotic-free
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poultry can significantly improve decision-
making, foster positive behavioral changes,
and strengthen the impact of marketing and
policy interventions. Therefore, strategies
aiming to promote purchase intentions should
prioritize awareness enhancement as a
foundational step.

Based on the findings, policymakers and
marketers should adopt an integrated approach
to enhance consumers’ purchase intentions
toward antibiotic-free poultry. This includes
designing  awareness  campaigns  and
educational initiatives to increase knowledge
of the benefits and safety of such products,
implementing targeted marketing strategies
that focus on higher-level cognitive and
demographic drivers, and providing incentives
or subsidies to improve accessibility for low-
income  or  less-educated  consumers.
Additionally, enhancing trust and transparency
through clear labeling, certifications, and
traceability systems can reinforce positive
purchase  behavior.  Combining  these
marketing, educational, and regulatory
measures in a coordinated manner is expected
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Abstract

Climate change, with its gradual and complex impacts, has increasingly inflicted damages on the agricultural
sector of arid and semi-arid regions in Iran, including the Zayandeh-Rud Basin. This study aims to develop
strategic adaptation policies to enhance agricultural resilience in response to climate change in this basin. The
research is based on the Sendai Framework for Disaster Risk Reduction (SFDRR) and the resilience criteria
established by the World Economic Forum (2013). A descriptive-analytical methodology was employed,
combining documentary studies, field surveys, and the Delphi policy method to achieve expert consensus.
Purposive sampling targeted faculties, agricultural experts of the Ministry of Agriculture, as well as producers
and exporters of agricultural products with substantial expertise in Climate change issues, adaptation policies,
and resilience. Data collection instruments consisted of four structured questionnaires designed to identify
strengths and weaknesses, weight resilience criteria ,prioritize policies, and select strategies, complemented by
semi-structured interviews. Initially, to determine the strategic position of agriculture in the Zayandeh-Rud
Basin, Internal Factor Evaluation (IFE), External Factor Evaluation (EFE), and Internal-External (IE) matrices
were utilized. Subsequently, the Analytic Hierarchy Process (AHP) and the multi-criteria decision-making
PROMETHEE method were employed to prioritize adaptation policies aimed at enhancing resilience to Climate
Change. Suitable strategies were developed and extracted through SWOT analysis, and finally, the Quantitative
Strategic Planning Matrix (QSPM) was used to evaluate the relative attractiveness and feasibility of each
strategy, thereby selecting the implementable final policies. Findings indicated that agriculture in the Zayandeh-
Rud Basin, with a final internal factor score of 2.04 and external factor score of 2.12, is in defensive position
(survival mode) and exhibits low resilience due to water transfer and scarcity, land fragmentation and
subsidence, and weaknesses in modern infrastructure. The most attractive adaptation policies identified under the
defensive strategy include equitable water distribution (Total Attractiveness Score (TAS=1.46), development-
oriented water resource planning (TAS=1.38), optimization of water. consumption and reduction of losses
(TAS=1.35), control of groundwater levels (TAS=1.23), reform of regulations related to land fragmentation
(TAS=1.18), and farmer participation in water resource management (TAS=1.16). The proposed solutions
emphasize strengthening integrated and basin-based water governance, implementing participatory strategic
management models, investing in modern and soft technologies, gradually revising water-related laws and
regulations, and expanding research and national strategy formulation. The results of this study provide
actionable, stakeholder-inclusive recommendations for policymakers to enhance sustainability and resilience in
vulnerable agricultural regions.
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Introduction

Agricultural economies worldwide face
numerous risks, among which climate change
has emerged as one of the most significant
challenges in recent decades. According to the
Intergovernmental Panel on climate change
(IPCCY), climate change refers to irreversible
alterations in the climate of a region,
distinguished  from  short-term  weather
fluctuations, arising from both anthropogenic
activities and natural variability (IPCC, 2022).
The consequences of climate change-including
increased frequency and intensity of extreme
events, droughts, floods, and rising
temperatures- have led to decreased
agricultural  productivity, food insecurity,
economic losses, and heightened
environmental instability (Bhatasara &
Nyamwanza, 2018).

Due to its geographical location, Iran is
highly vulnerable to climate change impacts.
The Zayandeh-Rud Basin, spanning 26,917
square kilometers with approximately 120,000
hectares under cultivation, annually produces
over 2 million tons of crop and horticultural
products and provides direct employment for
more than 172,000 agricultural workers. This
region ranks first nationwide in onion and seed
potato tuber production and holds prominent
positions in safflower and melon cultivation
(Isfahan  Agricultural Jihad Organization,
2023). Nevertheless, it faces significant
challenges such as declining water resources,
land subsidence, and escalating competition
for water among agricultural, industrial, and
urban sectors. The drying up of the Zayandeh-
Rud  river, recurrent droughts, and
unsustainable water resource management
have exacerbated the region’s socio-economic
and environmental crises (Safavi et al., 2015;
Teymouri et al., 2023).

In response to these challenges, researchers,
planners, and policymakers emphasize the

importance of disaster risk reduction,
enhancing  agricultural  resilience, and
formulating climate adaptation  policies

1- Intergovernmental Panel on Climate Change

tailored to local conditions. They seek to
develop appropriate strategies based on
various approaches and models to mitigate the
economic damages caused by climate
variability. Within disaster risk management
literature, one pivotal approach focuses on
strengthening existing community capacities to
empower vulnerable local populations to better
prepare for, cope with, and recover from
adverse climate impacts—the resilience
strategy (Scherzer et al., 2019). Resilience is
defined as the ability of social and economic
systems to absorb disturbances, adapt to new
conditions, and recover from climatic shocks
while maintaining core functions (Scherzer et
al., 2019; Adger, 2000). According to this
strategy, social subsystems, governance,
technology, and environment must be designed
to absorb both internal and external risks,
adapt to highly variable conditions, and
simultaneously sustain system stability and
performance (World Economic Forum, 2013).
Such  adaptations—whether  anticipatory,
planned, or long-term response strategies—are
implemented prior to events and, due to their
broad nature, are commonly regarded as
governmental responsibilities (Bandyopadhyay

etal., 2011).
Governments should employ
comprehensive  and  inclusive  strategy

formulation to outline how policies can
achieve missions and objectives given
contextual conditions. Strategy formulation is
a critical component of adapting to natural and
social hazards (Saraei & Shamsiri, 2013). In
other words, policymakers must first
understand the  Strengths, Weaknesses,
Opportunities, and Threats (SWOT) within the
system, then prioritize compatible policies
(PROMETHEE?) to adopt suitable strategies
(QSPM?) aimed at enhancing resilience.
Recent studies in Iran have demonstrated
that multiple factors, such as the development
of agricultural insurance, establishment of

2- Preference Ranking Organization Method for
Enrichment Evaluation
3- Quantitative Strategic Planning Matrix
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drought monitoring and early warning
systems, and incorporation of indigenous
knowledge, play key roles in boosting farmers’
resilience (Sadeghloo et al., 2014; Khakifirouz
et al., 2022). Moreover, research using multi-
criteria decision-making methods like VIKOR,
PROMETHEE-AHP, TOPSIS, and ANP have
focused on prioritizing policies and identifying
the most effective adaptation strategies
(Dehghanpour et al., 2020a; Dehghanpour et
al., 2020b; Ehsani et al., 2021).

At the macro level, studies employing
strategic models such as SWOT-QSPM have
shown that defensive strategies, water
consumption  management, mechanization
development, and economic diversification are
among the most significant  policy
recommendations for enhancing agricultural
resilience and  sustainability in Iran’s
vulnerable regions (Sadeghi et al., 2019;
Ghasemi et al., 2020). Furthermore, research
highlights the importance of institutional
policies and reforms in water governance
processes, especially in critical areas like the
Zayandeh-Rud watershed (Safavi & Afshar,
2006; Yadegari et al., 2018; Madani, 2014).

Despite these efforts, substantial gaps
remain in developing comprehensive and
localized models for assessing and improving
agricultural resilience at the watershed scale.
Particularly, aligning adaptation policies with
the Sendai Framework for Disaster Risk
Reduction (SFDRR), the resilience criteria of
the World. Economic Forum, and the
utilization of integrated multi-criteria decision-
making approaches can assist policymakers in
designing more effective strategies to confront
Climate Change.

Accordingly, this study aims to identify and
prioritize adaptation policies to enhance
agricultural resilience in the Zayandeh-Rud
watershed and to formulate actionable
strategies based on these policies using
advanced multi-criteria decision-making and
strategic analysis approaches. By leveraging
the experiences and findings of previous
research, this study seeks to provide a
scientific and practical framework for
policymaking and sustainable agricultural

development planning in Iran’s vulnerable
areas. Ultimately, the research intends to fill
the existing scholarly gap through the
identification, formulation, prioritization, and
analysis of adaptation policies to increase
agricultural resilience in the Zayandeh-Rud
Basin, aligned with the SFDRR, the World
Economic Forum’s resilience criteria and
stakeholder participation.

Materials and Methods

This research was conducted with a
descriptive-analytical and applied approach,
employing both qualitative and quantitative
methods. The study was based on the Sendai
Framework for Disaster Risk Reduction 2015—
2030 (UNDRR, 2015) and the resilience
criteria of the World Economic Forum (World
Economic Forum, 2013) to perform a
comprehensive assessment of agricultural
resilience and adaptation policies.
Additionally, economic resilience models for
farmers and the Delphi technique for expert
consensus were utilized, emphasizing both
quantitative and qualitative indicators to
enable a multidimensional analysis of the
capacities and constraints of the agricultural
sector in confronting Climate Change. In this
context, the “Comprehensive  Strategic
Management Model” (illustrated in Fig. 1) was
applied to identify optimal strategies for
strengthening the  prescriptive  resilience
paradigm of agriculture in the Zayandeh-Rud
Basin. This model encompasses three main
stages: strategy formulation, implementation,
and evaluation.

Given that the primary objective of this
research is to formulate adaptation policy
strategies to enhance Climate change
resilience in the agriculture of the Zayandeh-
Rud Basin—and that. Policy implementation
depends on subsequent governmental approval
and executive actions—only the first stage of
the Comprehensive Strategic Management
Model, namely strategy formulation, was
examined in this study.
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Figure 1- The comprehensive strategic management model (David & David, 2017; Moradi, 2011)

The main techniques for  strategy
formulation can be integrated into a three-
stage framework consisting of the input stage,
matching stage, and decision-making stage.
This research followed the Comprehensive
Strategic Management Model (David & David,
2017) sequentially and jteratively, such that
the output of each stage (internal and external.
factor analysis via the IFE and EFE matrices)
served as the input to the next stage (strategic
positioning via the IE matrix and SWOT

analysis). Subsequently, adaptation policies
were prioritized using the Analytic Hierarchy
Process (AHP) and PROMETHEE methods
and evaluated for attractiveness and selection
using the Quantitative Strategic Planning
Matrix (QSPM). This staged structure ensures
theoretical and practical coherence, providing
a logical transition from situational analysis to
strategic decision-making. The stages and
corresponding tools are depicted in Fig. 2.

Stage one: Input stage

Internal factor evaluation (IFE)
matrix

External factor evaluation (EFE)
matrix

Stage two: Matching stage

Internal-external (IE) Analytic hierarchy
matrix process (AHP)

PROMETHEE method SWOT matrix

Stage three: Decision-making phase
Quantitative strategic planning matrix (QSPM)

Figure 2— The stages of strategy formulation (David & David, 2017)

Stage One: Input Stage

The first stage summarizes the initial input
data necessary for strategy formulation. This
includes the External Factor Evaluation (EFE)
and Internal Factor Evaluation (IFE) matrices.
The EFE and IFE matrices are tools used to
analyze the strengths, weaknesses,
opportunities, and threats (SWOT) of an
economic sector. The development of these
two matrices involves five steps:

1. ldentifying and listing key external and

internal factors (including strengths,
weaknesses, opportunities, and threats)
through document review and expert
judgment.

2. Weighting each factor according to its
relative importance: each factor is
initially scored from 1 to 10, then
normalized so that the total weights sum
to one.

3. Ranking each factor on a scale from 1 to
4 (4 = excellent strength/opportunity, 3 =
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average strength/opportunity, 2 =
average weakness/threat, 1 = critical
weakness/threat).

4. Calculating the final score for each factor
by multiplying its weight by its rank.

5. Summing the final weighted scores to
obtain overall internal and external factor
scores (David & David, 2017).

Stage Two: Matching Stage

The second stage seeks to align internal
strengths and weaknesses with external
opportunities and threats. This involves the
Internal-External ~ (IE)  matrix,  weight
determination of criteria using Analytic
Hierarchy Process (AHP), the PROMETHEE
method, and SWOT analysis (David & David,
2017).

To analyze internal and external factors
simultaneously, the IE matrix places scores
from the IFE and EFE matrices along the
horizontal and vertical. Axes to determine the
strategic position of the economic sector and
select the appropriate strategy (Saraei &
Shamsiri, 2013; David & David, 2017).

Policy option prioritization can employ
various approaches; one prominent method is
Multi-Criteria Decision Making (MCDM),
suitable for ranking policy options. As this
research aims to prioritize adaptation policies,
the Preference Ranking Organization Method
for Enrichment Evaluation (PROMETHEE)
was applied. PROMETHEE is a non-
compensatory, preference-based model
favored for its simplicity, transparency,
interpretability, and ability to handle
incomparable alternatives, distinguishing it
from scoring methods such as TOPSIS and
compromise methods like VIKOR. Moreover,
the AHP technique was combined with
PROMETHEE solely to weight criteria based
on pairwise comparisons.

Following the identification of adaptation
policies and weighting of resilience criteria
through AHP, policy prioritization was
conducted using PROMETHEE. Rankings
were presented as PROMETHEE Il complete
rankings based on the net flow (Phi), derived
from the positive (Phit+) and negative (Phi—)

flows. The degree of preference of option a
over option b, denoted = (a, b), is calculated
by:

n(a.b) = ¥y wjpj (a.b). [Zf_, wj = 1] (1)

In relation (1), wjwj (for j=1,2, ..., nj=1,2,
..., N) represents the normalized weight of
each criterion. To calculate the overall
preference strength of option aa compared to
other options, the leaving flow (positive
outranking flow) is computed using Equation
(2). This flow indicates how much option aa is
preferred over others and reflects its strength
(the maximum positive flow ¢* (a) corresponds
to the best choice).

The preference degree of other options over
option aa, called the entering flow (negative
outranking flow), can be calculated using
Equation (3). This flow shows the preference
of others over option aa (the smallest negative
flow ¢ (a) indicates the best option).

The positive ranking flow or leaving flow

IS expressed by:

0*(a) = —Tyeam(a.X) )
The negative ranking flow or entering flow
is given by:

07(a) = —=Tyeam(a.X) ©)
With these flows, the available options can
be compared to select the best one. The partial
ranking, PROMETHEE I, is performed by
separately evaluating the two flows ¢* (a) and
¢ (a). For a complete ranking of options,
PROMETHEE I calculates the net flow for

each option as shown in Equation (4):

?(a) = 0% (a) — 0~ (a) 4)
PROMETHEE Il refers to the complete
ranking based on this net flow (Amiri et
al., 2017).

SWOT" analysisis a critical tool used to
align internal strengths and weaknesses within
the  economic  sector with  external
opportunities and threats. It provides a
systematic analysis to determine policies and
formulate strategies that create optimal fit
among these factors. Based on this balance,
four types of strategies can be identified: SO
(Strength-Opportunity), WO  (Weakness-

1- Strength-Weaknesses-Opportunities-Threats
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Opportunity), ST (Strength-Threat), and WT
(Weakness-Threat) (David & David, 2017).

Stage Three: Decision-Making Phase

The third phase assists in strategy
formulation decision-making, enabling
planners and policymakers to use inputs from
Stage One to objectively evaluate the
strategies identified in Stage Two, showing the
relative attractiveness of alternative strategies.
This stage employs a single technique, the
Quantitative ~ Strategic  Planning  Matrix
(QSPM), which involves the following six
steps:

1. List strengths, opportunities, and threats in
the first column.

2. Input weighted scores from the internal
and external factor matrices in the second
column.

3. Place the SWOT matrix at the top row of
the QSPM.

4. Determine the attractiveness coefficient
using a Likert scale (ranging from “should
not be implemented” to “definitely should
be implemented”).

5. Calculate  scores by  multiplying
importance weights by attractiveness
coefficients.

6. Sum scores for each column to indicate
the attractiveness of each strategy (David
& David, 2017).

Data were collected through document
review, field surveys, and semi-structured
interviews with key stakeholders, including
government officials, private sector actors, and
experienced farmers in the Zayandeh-Rud
Basin. Purposive sampling with an expert
approach was applied to select individuals
with relevant expertise and experience
regarding agricultural resilience and Climate
change adaptation policies in the basin. The
panel consisted of 29 experts from the
Agricultural Jihad Organization and 20
producers and exporters of agricultural
products, selected in collaboration with the
provincial Agricultural Jihad, based on criteria
such as a minimum of 10 years of related work

experience and  recognized  academic
qualifications. In other words, a credentialed
approach was used for panel member
selection, identifying individuals aware of
specific policy issues.

A structured questionnaire, developed
based on prior studies and expert consultation,
covered internal and external factors
influencing  agricultural  resilience  and
potential adaptation policies.

To enhance data  validity and
comprehensiveness, stakeholder and expert
selection followed scientific and practical
criteria. Agricultural Jihad experts were
chosen for their key role in policymaking,
implementation, and technology transfer; lead
farmers and producers for their practical
experience and field awareness; exporters as
vital links in markets and production; and
university professors and researchers for their
specialized  knowledge and  analytical
capability. This stakeholder combination was
aimed at reflecting expert, experiential, and
market-oriented perspectives, thus improving
research quality and credibility.

An analysis of the power, influence, and
interests of these groups showed farmers as the
most vulnerable and influential stakeholders
due to high livelihood dependence on water
and soil resources and exposure to Climate
change impacts. Agricultural Jihad experts, as
main policymakers and executors, play a
pivotal role in resource management and the
success of adaptation policies. Exporters are
key to economic sustainability and market
development, while academics enhance policy
credibility through scientific analysis and
innovative solutions.

This approach, aligned with international
standards and comparable studies, increased
the precision, validity, and applicability of the
research findings.

Table 1 provides the analysis of power,
influence, and interests of the key stakeholders
involved in the study.
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Table 1 -Analysis of power, influence, and interests of key stakeholders participating in the study

Rationale for selection and role in the
study

Key interests

Power/Influence in

policy-making Stakeholder group

Main policy-makers and implementers;
possess regional expertise and executive
experience

Enhancing agricultural resilience,
safeguarding farmers’

Agricultural Jihad

High Organization Experts

Primary beneficiaries; practical and
market experience; represent real field

Securing water, income stability,
production sustainability, market

Leading Farmers and

Moderate to High Agricultural Product

and market challenges development, export sustainability Exporters
Provide scientific solutions, policy Sustainable development, technology University Professors and
. ! Moderate
analysis, and knowledge transfer transfer, education Researchers
Source: Research results
Results and Discussion technologies.
The main  weaknesses, ranked by

This section analyzes the collected data to
achieve the research objectives through three
main stages: (1) determining the strategic
position of agriculture in the Zayandeh-Rud
Basin, (2) prioritizing adaptation policies to
enhance resilience to climate change, and (3)
formulating strategies for implementing these
adaptive policies within the basin.

Stage One: Determining the Strategic
Position of Agriculture in the Zayandeh-Rud
Basin

Strategic positioning of agriculture is a
process whereby agricultural planners and
policymakers conduct a thorough analysis of
internal factors (strengths and weaknesses) and
external factors (opportunities and threats) to
develop suitable strategies for improving
agricultural productivity and performance.

Internal Factors Analysis (Strengths and
Weaknesses)

In this stage, a total of 43 internal factors
(strengths and weaknesses) were identified
through documentary research. According to
the aggregated perspectives of experts from
the Agricultural Jihad Organization of Isfahan
province and county (government agents) and
agricultural stakeholders in the Zayandeh-Rud
Basin, there are 20 identified strengths and 23
weaknesses in the basin’s agriculture.

The prioritization of internal factors was
based on final scoring. The primary strengths,
in order of importance, include: the existence
of markets, support services and transportation
infrastructure, warehouses, reservoirs, cold
storage  facilities, and  agro-processing
industries within the basin’s agricultural
supply chain; crop diversity; and the degree of
implementation of modern water and irrigation

significance, are: fragmented and small farm
plots, low utilization of renewable energy
sources, and inadequate transfer of agricultural
technologies (such as robotics and smart
farming) to farmers in the Zayandeh-Rud
agricultural sector. These factors are listed in
detail in Table 2.

External Factors Analysis (Opportunities
and Threats)

In this stage, 28 external factors
(opportunities and threats) were identified
through documentary research. Based on the
aggregated views of experts from the
Agricultural Jihad Organization of Isfahan
province and county (government agents), it
was determined that agriculture in the
Zayandeh-Rud Basin faces 9 opportunities and
19 threats related to Climate Change.

The most significant opportunities, in order
of importance, include: integrated water
resources management in the Zayandeh-Rud
Basin, proximity to major national markets
(due to the basin’s central location in the
country), guaranteed water rights for farmers,
environmental protection, and the
sustainability of the Zayandeh-Rud river flow
(fair water distribution).

The major threats, ranked by their
significance, comprise: water transfer to other
basins and industrial development exceeding
the basin’s capacity, agricultural land
subsidence, and intensified inter-sectoral and
inter-provincial ~ competition  for  water
resources under changing climatic conditions.
These factors are detailed in Table 3, where
opportunities and threats were identified by
experts and presented without alterations.
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Table 2- Internal factor evaluation (IFE) matrix

Code Internal factors (1-10) Weight (1'.4 ) Final

Importance Rating score
Strengths
Existence of markets, support services, transportation, warehouses, silos, cold storages, and
= A - - ? 6.76 0.025 3 0.075
S, agro-processing industries in the Zayandeh-Rud Basin (agricultural supply chain)

S, Crop diversity 6.31 0.023 3 0.07
Si Deployment of modern water and irrigation systems and technologies in the basin 6.24 0.023 3 0.069
S4 Efficiency of agricultural water storage, transfer, and distribution networks 6.14 0.023 3 0.068
S Degree of alignment and compliance between adaptation policies and the national 6.10 0023 3 0.068

development plan

Se Profitability of agricultural products 6.03 0.022 3 0.067

Sz Awareness and attitudes of oﬁlc[a_ls, experts, ar)d produce_rs regarding climate change and 6.03 0022 3 0067
resilience/adaptation strategies

Sg Level of farmers’ knowledge and awareness about climate change 6.03 0.022 3 0.067
S Production of crops adapted to the basin’s climatic conditions 5.93 0.022 3 0.066
Sio Number of producers cultivating resilient and adapted plant species 5.92 0.022 3 0.066
Si Cultivation of halophyte (salt-tolerant) plants 5.90 0.022 3 0.065
S;»  Development and improvement of agricultural production units (poultry, livestock, etc.) 5.86 0.022 3 0.065
Si3 Level of interaction between management sectors and agricultural stakeholders 5.86 0.022 3 0.065
Su Existence of programs, regulations, and fragsi,:)iltjif;?r controlling and monitoring production 5.86 0022 3 0.065
Sis Pricing and guaranteed purchase of resilient and adapted products (e.g., safflower) 5.83 0.022 3 0.065
Sis Technical and profession_al management capacities 01_‘ individuals and institutions in the 5.83 0022 3 0.065

agricultural sector to address climate change
Sy Utilization of public capacities and pro_fess_ional associations in achieving program 576 0021 3 0.064
objectives

Sig High mechanization capacity 5.72 0.021 3 0.063
Sie  Controlled-environment agriculture (greenhouses, indoor, vertical, or protected farming) 5.61 0.021 3 0.062
Sx Development of sustainable and climate-resilient agriculture 5.52 0.02 3 0.061

Weaknesses

W, Land fragmentation and small plot sizes 8.23 0.03 2 0.061
W, Lack of utilization of renewable energies 7.76 0.029 2 0.057
W3  Lack of Transfer of agricultural technologies to farmers (robotics, smart farming, etc.) 7.55 0.028 2 0.056
W, Lack of Application of smart and precision agriculture 7.52 0.028 2 0.056
W;s Lack of development of modern, smart, and precision agricultural technologies 6.45 0.024 2 0.048
We Lack of Coordination and (_:ollabqrat_i(_)n_ among rgsponsible agencies in climate change 6.17 0023 2 0.046

adaptation, prioritizing objectives and resources

Wy Low water use efficiency and weak protection of basin water resources 7.14 0.026 1 0.026
Wpg Limited Access to financial markets (e.g., farmer income stabilization funds) 6.86 0025 1 0.025
Wy Low Farmers’ education and literacy level 6.79 0.025 1 0.025
Wiy Lack of Adoption of modern technologies by farmers 6.72 0025 1 0.025
Wy, Poor Status of agricultural knowledge-based companies 6.55 0.024 1 0.024
Wi, Insufficient Cultivation of crops compatible with_sustainable development and 6.45 0024 1 0.024

environmental protection

Wiy, Insufficient Agricultural and retirement insurance coverage for farmers 6.38 0.024 1 0.024
Wy, Lack of Existence of a comprehensive agricultural information database in the basin 6.38 0.024 1 0.024
Wiys Low Level of best farming practices (quality and yield) 6.21 0.023 1 0.023
Wi Low Degree of knowledgz_a and information sharing on climat_e-smart agricultural 6.17 0023 1 0023

technologies and methods by relevant institutions

Wy;  Low Farmers’ income diversification (integrated farming, home-based businesses, etc.) 6.14 0.023 1 0.023
Wiyg Lack of Compliance with optimal cropping patterns 6.07 0022 1 0.022
Wiyg Land productivity 6.03 0.022 1 0.022
Wao Lack of Existence of producer cooperativebsésTnarketpIaces, and direct sales stations in the 6.00 0022 1 0.022
Wy, Lack of Optimal use of production resources 5.90 0.022 1 0.022
Wy, Inadequate Soil tillage methods and poor soil conservation practices 5.83 0.022 1 0.022
W, Lack of Access to agricultural infrastructure (technologies, etc.) 5.79 0.021 1 0.021
Total Internal Factor Analysis Score 270.44 1 2.0437

Source: Research results
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Table 3- External Factor Evaluation (EFE) Matrix

Code External factors (1-10) \WeightRating Final
Importance score
Opportunities
0, Integrated water resources management in the Zayandeh-Rud Basin 7.83 0.038 4 0.153
0, Proximity to major national markets (central location in the country) 7.62 0.037 4 0.149
0, Securing water rights for farmers, the enyironment, an_d tr_le sgstainability of the Zayandeh-Rud River 76 0037 4 0.148
(equitable water distribution)
O, Active human and social capital in the agricultural sector 7.31 0.036 4 0.143
Os Existence of programs, regulations, and facilities for controlling and monitoring basin resources 6.79 0.033 4 0.133
Os Natural and historical capital in the basin 7.46 0.036 3 0.109
0, Research and scientific infrastructure in the basin (universities, research centers, etc.) 6.21 0.03 3 0.091
Og Infrastructure and facilities for agricultural exports (customs, etc.) 6.17 0.03 3 0.09
Oy Presence of unconventional water resources in the basin 6.1 0.03 3 0.089
Threats
T, Inter-basin water transfer and industrial development exceeding basin capacity 9.08 0.044 2 0.089
T, Land subsidence in agricultural areas 8.93 0.044 2 0.087
T3 Intensified inter-sectoral and inter-provincial competition over water resources due to climate change 8.62 0042 2 0.084
T, Decline in resources and increased pressure on basic resources under climate change 8.48 0.041 2 0.083
Ts Intensified land use change and increased land value due to climate change 8.28 0.04 2 0.081
T, Escalation of conflicts, disputes, and social unrest among provinces in the Zayandeh-Rud Basin under 8.24 0.04 2 008
climate change
T, Decrease in quantity (volume) and quality (stand_ards and characteristics) of surface and groundwater due to 793 0039 2 0.077
climate change
Tsg Intensified soil erosion, dust storms, and increased soil salinity under climate change 7.28 0.036 2 0.071
Ty Exit from agriculture and reduced investment in the sector 8.69 0042 1 0.042
Tio Reduced production, increased vulnerability, and economic difficulties for farmers under climate change 7.9 0039 1 0.039
Tu Increased frequency of natural disasters sucr_l as floo_ds, fires, fro§t, droughts, heatwaves, hail, storms, dust 786 0038 1 0.038
storms, and untimely rains due to climate change
T Declining resources, reduced productivity, and intensified price and market fluctuations under climate 75 0037 1 0.037
12 H i i H . ' .
change (increased production costs in the basin)
Tis Decline in quantity (amount of various eleme:nts) and q_uality (physical, chemical, and biological properties) 731 0036 1 0.036
of soil under climate change
Tu Changes in rainfall timing, temperature fluctuatior)s, and differences in precipitation patterns in the basin 6.97 0034 1 0.034
under climate change
Tis Price fluctuations of agricultural products (food security, etc.) 6 0.029 1 0.029
T Attention to agricultural biodiversity in the basin 5.9 0.029 1 0.029
Ti7 Intensification of chemical fertilizer and pesticide use and Declining biodiversity by farmers 5.86 0.029 1 0.029
Tig Outbreak of plant pests and diseases due to climate change 5.62 0.027 1 0.027
T Balance between agricultural production and environmental protection 5.41 0.026 1 0.026
Total External Factor Analysis Score 204 1 2.123

Internal-External  Factors
Position)

Based on the final scores of internal factors
(2.04) and external factors (2.12) presented in

Source: Research results

Analysis  (Strategic

Table 4- Internal-external (1E) matrix

Table 4, the strategic position of agriculture in
the Zayandeh-Rud Basin was determined to be

in a defensive (survival) posture .

Conservative position

Aggressive position
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Internal factor evaluation (IFE) matrix

Source: Research results
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Stage Two: Prioritization of Adaptation Policies to
Enhance Climate change Resilience

After designing the questionnaire based on
Saaty's 9-point scale, weighting of resilience
criteria was carried out by four professors
from the Agricultural Economics Department
at the University of Tehran and two experts
from the Agricultural Jihad Organization of
Isfahan  province  (government  agents).
Purposeful sampling was used to select the
expert group for accurate and professional
judgment in weighting the criteria. The experts
were chosen based on their practical
experience and theoretical knowledge relevant
to the study.

The Analytic Hierarchy Process (AHP) and
Expert Choice software were employed to

assign weights to the resilience criteria. The
inconsistency ratio for each pairwise
comparison set, obtained via Expert Choice
software, was 0.091, indicating an acceptable
level of consistency in the findings.

According to the results of the criteria
comparisons shown in Table 5, the redundancy
dimension received the highest weight with
33%, as rated by the experts. It was followed
by the responsiveness dimension (reaction
capacity) with 31%, the self-organization
dimension with 20%, the governance
dimension with 12%, and finally, the
robustness dimension with 4%, ranking them
respectively in terms of their contribution to
enhancing the resilience of adaptation policies.

Table 5- Percentage importance of resilience criteria

Rank Percentage importance Criterion
2 0.309 Response
1 0.33 Redundancy
3 0.198 Recovery
4 0.119 Resourcefulness
5 0.044 Robustness

Source: Research results

In the context of formulating Climate
change adaptation policies for the agricultural
sector in the Zayandeh-Rud Basin, a
comprehensive set of strategies, general
policies, and adaptation tools were designed
and implemented. Their main foundation was
Iran’s Climate change Strategic Plan (2017)
and the international Sendai Framework for
Disaster Risk Reduction (SFDRR). These
policies were developed using an integrated
approach aimed at aligning climate strategies
with the region’s socio-economic structures,
structured around four strategic axes:

Strategy One: Revision and Development
of Macro Agricultural Policies with an
Integrated and Climate-Adaptation Approach

This includes two core policies:

Development of the policy-making and
decision-making process,

Advancement of agricultural  input
management and production programs tailored
toward adaptation and high efficiency.

Strategy Two: Technical, Economic, Social,

and Cultural Empowerment Compatible with
Climate change Effects

This includes two core policies:

Enhancement of economic, social, and
cultural capacities,

Revision and development of education,
technical, and research programs to improve
farmers’ adaptive capacity.

Strategy Three: Adaptation-Driven
Development in Crop and Horticultural
Planning

This includes three core policies:

Climate-adaptive soil management,

Climate-adaptive agricultural water
resources management,

Climate-driven organization of research and
development in crop and horticulture sectors.

Strategy Four: Strengthening Sectoral
Management Structures and Institutionalizing
Cross-Sector Collaboration

This includes one core policy:

Creation and enhancement of legal and
institutional capacities to align structures with
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climate change conditions.

This policy framework seeks to integrate
institutional, technical, and social actions
based on national and international
frameworks to enhance the region’s
agricultural resilience.

In total, based on documentary analyses and
expert opinions, 52 adaptation policies and
implementation tools were developed for the
agricultural sector in the Zayandeh-Rud Basin.
To prioritize these policies, the PROMETHEE
multi-criteria decision-making method was
employed, providing a systematic, precise, and
comparable evaluation of policy options.

Table 6 presents the PROMETHEE Flow
Table generated by the Visual PROMETHEE
software. According to Table 6, the top three
priorities based on PROMETHEE flow values

(@) are:

Considering the ecological needs of the
Gavkhouni Wetland and ensuring sustainable
flow of the Zayandeh-Rud River (fair water
distribution) with ¢=0.901,

Basin-level water resource development
planning with a holistic approach that
enhances flexibility in meeting variable
consumption needs ($=0.722),

Amending laws and regulations related to
land fragmentation (such as inheritance law)
aimed at land consolidation, improving
farmers’ efficiency, and establishing a land
bank (¢=0.594).

These policies ranked highest in the
PROMETHEE Flow Table, highlighting their
priority for enhancing agricultural resilience
under climate change.

Table 6- Prioritization of climate change adaptation policies to enhance resilience using the PROMETHEE

method
RankCode Adaptation policies and tools Phi  Phi+ | Phi-
Considering the ecological needs of Gavkhouni Wetland and the sustainability of
1 A Zayandeh-Rud River flow (equitable water distribution) 0,901810,94180,0400
2 Ay Basin-based wa_ter resources d(_evelopn_]ent pla_mnlng with a hpllstlc approach that 0,72240,73510,0127
provides flexibility in meeting variable consumption needs
Reforming laws and regulations related to land fragmentation (such as inheritance law)
3 A to consolidate lands, increase farmers’ efficiency, and establish a land bank 0,59470,63180,0371
4 A Establishment of a groundwater level m_omtormg system and implementation of early 0,5947 0,63180,0371
warning systems
5 A Promoting and allocatlng_ facilities to encourage and facilitate income diversification 0,5947 0,63180,0371
among farmers (integrated agriculture, home-based businesses, etc.)
6 A Allocating technical and credit support to producer cooperatives and establishing 0,5947 0,63180,0371

weekly markets and direct sales stations for agricultural products

Development of ancillary industries (processing and packaging of products),
7 Ay improvement of infrastructure, and economic diversification (home-based businesses, 0,5947 0,63180,0371
rural tourism, etc.)

Establishment of regional support funds to protect farmers against price fluctuations of

8 Aa agricultural products or to provide facilities and credits 0,59470,63180,0371

9 Ag Promoting the use of renewable energies 0,59470,63180,0371

10 A Development of agricultural insurance adapted to climate change (such as weather 05147 0.59410.0794
24 index insurance) and farmers’ retirement insurance ' ' '

11 Ag Updating and _completing t_he optima_l water consumptiop pattern ar_1d water loss 0,5024 0,63160,1292

reduction program in the agricultural sector and implementing it

12 A Research and planning for the breeding of field and horticultural crops to produce 04457 0.55330.1076
3 varieties resistant to drought, aridity, and salinity ' : :

13 | Azs  Zoning of agricultural systems and production planning based on climatic capacity 0,4457 0,55330,1076

14 | A, Development of farmer income stabilization funds against the effects of climate change 0,4124 0,55270,1404

15 Ag

Promoting heat- and drought-tolerant varieties and developing new adaptation inputs
and technologies
Providing educational and extension services to farmers to maintain and improve
performance and optimal productivity

0,38250,54100,1584

0,3359 0,50390,1680
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17

18
19
20

21

22

23

24

25

26

27
28

29

30
31
32

33

34
35
36
37

38

39

40
41

42

43
44
45
46

Developing executive programs for water resource management by farmers and water
user associations and establishing regional water markets
Implementing infrastructure and training for the use of smart agriculture and precision
agriculture
Providing climate adaptation technologies
Providing low-interest credits and facilities to farmers for purchasing technologies
compatible with the basin’s climatic conditions
Planning and preparing operational programs to expand alternative agricultural
incomes with the aim of reducing pressure and reliance on basic resources (planning
for farmers’ livelihood diversification)

Planning for the cultivation of halophyte (salt-tolerant) or xerophyte field and
horticultural crops in dry and saline areas and implementing in pilot regions
Allocating low-interest technical and credit support for implementing modern and
smart water systems and irrigation technologies (monitoring technologies such as
Sensors)

Increasing farmers’ climate change-related information through enhanced in-person
and virtual extension services
Developing research and planning to improve agricultural irrigation efficiency
according to hydrological unit capacity
Allocating low-interest technical and credit support for expanding agriculture in
controlled environments such as greenhouses, indoor, vertical, protected agriculture,
etc.

Allocating technical and credit support to farmers for the use of renewable energies
Implementing small-scale water supply projects (water management measures and
technologies)

Establishment of an integrated spatial, descriptive, and market information system and

creating an appropriate structure for sharing climate change-related information
Allocating subsidies to farmers for implementing on-farm water efficiency projects
such as modern irrigation systems

for vulnerable areas)

Improvement of public irrigation canals, covering ditches, and reducing water losses in

the agricultural sector
Developing, implementing, and operating programs for the reuse of return flows and
treated wastewater in agriculture, considering ecological issues and piloting them
Compensation by the government for farmers’ losses due to climate change

Providing credits and facilities to innovative projects and agricultural knowledge-based

companies in the field of climate change
Policies for best farming practices with emphasis on conservation agriculture
Developing biological and environmental management programs to address climate
change (such as biodiversity programs, sustainable agriculture, greenhouse gas
reduction, etc.)
Creating, designing, and integrating knowledge management for the dissemination of
climate-smart agricultural technologies and methods
Regulations for the conservation and use of agricultural lands

0,33240,51510,1827

0,29470,49060,1959
0,29470,49060,1959
0,23350,46250,2290

0,15350,42490,2714

0,1457 0,41220,2665

0,11750,40750,2900

0,08250,39980,3173

0,0465 0,38240,3359

0,0465 0,38240,3359

0,04330,37080,3275
0,02330,35730,3339

-0,06650,32140,3878

-0,06650,32140,3878

Financial and technical support for producers of resilient and adapted crops in the basin0,0665-0,32140,3878
Policies related to best farming practices for field and horticultural production (priority

0,0665-0,32140,3878
0,0904-0,32200,4124

0,1294-0,29630,4257
0,1375-0,35410,4916
0,1825-0,26630,4488
0,2412-0,25020,4914

0,3118-0,21730,5290

0,3573-0,19510,5524
0,4186-0,17610,5947

Balancing and protecting surface and groundwater resources in view of climate change 0,4576-0,15040,6080

Comprehensive soil fertility and plant nutrition program (monitoring the quality of
agricultural lands and soil fertility)

Transparency and avoidance of arbitrary interpretation of laws and upstream
documents regarding climate change management
Implementation of leading agricultural projects
Supplementary planning and implementation of conservation tillage programs
according to climatic potential and biological capacity
Implementation of watershed management programs in the region

0,4576-0,15040,6080

0,5008-0,14800,6488
0,5933-0,10490,6982
0,5933-0,10490,6982
0,7427-0,05530,7980
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Volumetric water delivery to farmers, such as installation of smart meters on

Economic valuation of water (determining the economic value of water) and allocation

0,8127-0,02350,8363
0,8127-0,02350,8363
0,8637-0,00780,8716

0,8637-0,00780,8716
0,9037-0,00080,9045

4 A agricultural wells
48 A Integration of responsible organi_zat'ions and age_ncie_:s or assignin_g climate change
management to a relevant institution or organization in the agricultural sector
49 Au Revision of laws and regulation_s fo_r the proyection of surface and groundwater
resources in light of climate change

50 Ast management for agricultural uses

51  As Limiting water abstraction through penalties for high-consumption actors
Familiarizing farmers with the principles of optimal product production (cropping

52 A50

pattern) considering land use planning and restrictions or prohibitions based on the 0,9037-0,00080,9045

asin’s climatic conditions
b ’s climat dit
Source: Research results

Following the prioritization of adaptation
policies based on resilience criteria from the
World  Economic  Forum  with  expert
participation, the strategic analysis phase
(SWOT) was carried out by intersecting
internal factors (strengths and weaknesses),
external factors (opportunities and threats),
and 24 prioritized policies. This process led to
the extraction of four major strategy types:

e  Defensive Strategies: Focused on

addressing weaknesses.

e Aggressive  Strategies: Targeted  at
leveraging strengths to capitalize on
opportunities.

e  Competitive  Strategies: Designed to
reduce threats by utilizing strengths.

Within this framework, each policy or
implementation tool is explicitly linked to one
or more of the four SWOT elements and
purposefully designed to reduce vulnerability
and enhance the resilience of the agricultural
sector. The structure and outcomes of this

reducing  threats by  mitigating
weaknesses.

e Conservative  Strategies: Aimed  at
exploiting opportunities

while detailed in Table 7.

Table 7- SWOT matrix

External facto Opportunities Threats
01:02:03:04.05. 06 T1. T2T3T4T5:T6
nternal factors
SO Strategies ST Strategies
-A25(S1.56.02.04.06) -A32(S2.S6.T2.T3.T4.T6)
-A26(S1.56.02.04.06) -A33(S2.S6.T1.T2.T3.T4.T6)
Strengths -A28(51.56.02.04.06) -A27 (S4.56.T2.T4)
S1.S2.53.53.54. S5.56
-A31(S1.56.02.04.06) -A30(S4.56.T2.T4.T6)
-A24(S5.56. 04.06) -A42(S2.56.T2.TA.T6)
-A23(S1.56.02.04.06) | -A2(S4.85.TL.T2.T3.T4T5.T6)
WO Strategies WT Strategies
-A35(W2.W3.W4W5.04.06) -A19(W6.T1.T2.T3.T4.T6)
-A40(W3.W4.W5.01.03) -A21(W6.T1.T2.T3.T4.T6)
Weaknesses -A37(W3W4W5.01.03.06) -AL(W1W6.T2.T4T5)
W1. W2 W3 W4 W5. W6
-A38(W3.W4.W5.01.03.06) -A8(W6.T1.T2.T3.T4.T6)
-A36(W3.W4.W5.01.03.06) -A13(W6. T1.T2.T3.T4.T6)
-A18(W3.W4W5.01.03.06) | -ALO(W6. TLT2.T3.T4.T6)

Source: Research results

intersection and strategic categorization are
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Stage Three: Formulation of Adaptation Policy
Strategies to Enhance Resilience to Climate change
in the Zayandeh-Rud Basin

The objective of this stage is to develop
adaptation policy strategies that are sustainable
and feasible in the face of climate change, with
flexibility to allow strategy substitution in
unforeseen circumstances.

This stage incorporates participatory
governance, engaging farmers and agricultural
exporters (private sector actors) as key agents
to overcome climate change challenges.
Accordingly, using a political Delphi method,
a homogeneous sample of 20 agricultural
producers and exporters—knowledgeable and
actively involved in the basin’s agricultural
issues—was selected with the assistance of the
Isfahan Provincial Agricultural Jihad.

Considering the basin’s strategic position
and the results of the Quantitative Strategic
Planning Matrix (QSPM), the defensive,

strategies were ranked by attractiveness. Due
to the basin’s defensive strategic position, the
defensive strategy was the primary focus.

For the defensive strategy, the highest
attractiveness was assigned to addressing the
ecological needs of the Gavkhouni Wetland
and maintaining sustainable flow of the
Zayandeh-Rud River (fair water distribution)
(A19) with a score of 1.462. The second
priority was basin-level water resource
development planning with a holistic approach
providing flexibility to meet variable demands
(A21), scoring 1.383. The third-ranked priority
was updating and completing the optimized
water consumption pattern and implementing
water loss reduction programs in agriculture
(A13) with a score of 1.359.

The Quantitative Strategic Planning Matrix
for the defensive strategy is presented in Table
8.

competitive, conservative, and aggressive
Table 8- Quantitative strategic planning matrix (QSPM) for defensive strategy
. Strategy (WT)

Factors\Weight A At A, Aq Ans A
Threats (T) |AS/ TASIAS TAS|AS| TAS|AS| TASIAS TASIAS| TAS
T, [0.0443|4[0.177/ 4 0.177| 2 |0.089 4 [0.177| 3 [0.133] 3 |0.133
T, [0.0435|4(0.174 4 0.174{ 3 10.131] 4 [0.174] 4 [0.174) 3 |0.131
T; |0.042 |410.168 4 |0.168| 2 [0.084] 3 |0.126) 4 |0.168| 4 [0.168
T, |0.0413|4]0.165 4 |0.165| 2 [0.083 4 |0.165 4 [0.165| 4 [0.165
Ts |0.0404| 4 [0.162) 4 0.162] 4 10.162] 3 0.121] 3 [0.121] 3 [0.121]
Te [0.0402| 4 [0.161) 4 0.161] 3 /0.121] 3 ]0.121] 3 [0.121] 3 [0.121]

Weaknesses(W)
W; [0.0304| 3 ]0.091] 310.091 4 (0.122] 2 |0.061] 2 |0.061| 2 [0.061]
W, 0.0287] 3 0.086] 2 [0.057) 3 [0.086] 2 |0.057] 2 [0.057| 2 [0.057
W, [0.0279| 3 |0.084} 2 |0.056] 3 [0.084] 2 |0.056 3 |0.084] 2 [0.056
W, [0.0278| 2 |0.056 2 |0.056] 3 [0.083] 2 |0.056 4 |0.111] 2 [0.056
W;s 10.0238] 2 [0.048 2 [0.048 3 [0.071] 2 |0.048 4 0.095| 2 [0.048
W 10.0228] 4 [0.091] 3 [0.068 3 [0.068 3 |0.068 3 [0.068| 2 [0.046

TOTALSTAS| [1.462] [1.383 [1.183 [1.23] [1.359 [1.161
Priorities 1 2 5 4 3 6

Source: Research results
The QSPM  results confirmed the emphasized fair water distribution,

PROMETHEE ranking; in other words, the
adaptation policies prioritized by experts were
validated by farmers and agricultural exporters
and corresponded respectively to the
defensive, competitive, conservative, and
aggressive strategies. The defensive strategies

development-oriented water resource planning,
optimization of consumption and reduction of
water losses, groundwater level control,
reform of laws related to land fragmentation,
and farmer participation in water resource
management. This matrix demonstrated the
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relative  attractiveness of each policy, Zayandeh-Rud  Basin. The  operational
providing a solid basis for decision-making. program for these strategies is presented in

Based on the research findings, a Table 9, which can serve as a practical
comprehensive  set of  policies and roadmap for policymakers and agricultural
implementation actions was developed to sector managers.
enhance agricultural resilience in the

Table 9- Action plan for policy strategies consistent with increasing agricultural resilience in the Zayandeh-Rud

Basin
Selected Time Targeted
Strategy type policies S resilience Operational actions Required resources Evaluation indicators
priority .
(Code) capacity
-Developing and
implementing water
distribution regulations Percentage of equitable
-Establishir]g monitoring water distribution,
) A19, A21, . and warning systems Government budget, reduction in water
Defensive Short- (Absorptive -Training farmers water and legal experts, -
. Al3, A8, - oo conflicts, number of
(Survival) term ) -Implementing land monitoring systems, :
Al, A10 o - o consolidated lands,
consolidation projects local organizations A
-Establishing regional reduction in water
water markets losses
-Reforming inheritance
laws
-Developing zoning and
production plans based
on climate -
. . Number of resilient
A33, A32, . -Implement_mg breeding Research budget, crops produced, number
Mid- projects :
. A42, A27, . A - research centers, of trained farmers,
Competitive term (Adaptive) -Piloting cultivation of . . - -
A30, Rt extension experts, increase in alternative
resilient crops . - .
A2 . . educational resources incomes, increased
-Organizing training -
. climate awareness
and extension courses
-Supporting alternative
livelihoods
Providing low-interest
loans and facilities
-Installing smart water Number of smart
A18. A37 systems Bank credits, systems installed,
Conservative | A 40’ A36Y Long- (Transformati -Training in precision technology equipment, increased use of
A35’ A381 term Ve) agriculture specialized training, renewable energy,
' -Promoting renewable government incentives increased water and
energy in farms energy efficiency
-Delivering innovative
technologies to farmers
-Providing facilities for
home-based and
integrated farming jobs
-Establishing and Number of alternative
equipping processing Government and bank . - :
A o . jobs created, increase in
A25, A28, and packaging credits, industrial
A . Long- | (Transforma . - . value-added products,
ggressive A26, A3l, . industries infrastructure, .
term tive) . A . number of active
A34, A23 -Launching agricultural | cooperatives and NGO -
support funds, increased
markets support f v
S . armers' income
-Establishing regional
support funds

-Supporting renewable
energy adoption

Source: Research results
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The results of this study demonstrated that
defensive strategies, particularly those related
to integrated water resources management,
reform of land fragmentation laws, and
technological advancement, hold the highest
priority for enhancing agricultural resilience in
the Zayandeh-Rud Basin. These findings align
with previous studies (Safavi et al., 2015;
Sadeghi et al., 2019) that emphasize the
importance of water governance and
institutional structure reform. However, this
study advances by employing multi-criteria
decision-making approaches and integrating
international frameworks, thus offering more
localized adaptation policies.

From a practical perspective, the
implementation of prioritized policies requires
strengthening  stakeholder  participation,
investing in  modern technologies, and
reforming governance processes. Research
limitations include the lack of field data in
some regions and difficulties in engaging all
stakeholders. It is recommended that future
studies incorporate scenario-based approaches
and long-term policy impact assessments.

Considering  the  unique  climatic,
environmental, and social conditions of each
watershed in the country, it is essential that the
results and  proposed  strategies  be
independently tailored and localized based on
each area’s specific characteristics.
Nevertheless, because this study is grounded
in recognized international frameworks such
as the Sendai Framework for Disaster Risk
Reduction and the World Economic Forum’s
resilience criteria, and utilizes standard
analytical tools (SWOT, IFE, EFE, AHP,
PROMETHEE, and QSPM), along with the
fact that many of the key challenges—
including water scarcity, infrastructural
weakness, and governance issues—are
common across other watersheds, the proposed
model and identified adaptation policies have
relative generalizability and applicability to
other regions. Therefore, the findings can
serve as a reference framework for designing
and developing agricultural resilience policies
in other watersheds in the country, provided

that local adaptation processes and active
stakeholder participation are taken into
account.

Conclusion and Recommendations

The findings of this study highlight the
fundamental challenges and opportunities for
agricultural resilience in the Zayandeh-Rud
Basin under the pressures of climate change.
The defensive position of the agricultural
sector in the IE matrix indicates significant
vulnerability, primarily due to water transfer
and scarcity, land fragmentation and
subsidence, and weaknesses in infrastructure
and modern technologies. These challenges
align with prior studies in arid and semi-arid
regions, where climate change exacerbates
resource limitations (Safavi et al., 2015;
Teymouri et al., 2023).

Integrated and basin-scale water resources
management was identified as the most critical
resilience criterion, consistent with global
research emphasizing the key role of water
management in  agricultural  adaptation
(Talashi & Kafash, 2019; Srivastav et al.,
2021). The high priority for modern
technology development underscores the
necessity of investing in efficient technologies
like monitoring systems and sensors to reduce
water waste and increase water use efficiency.

Reforming laws and regulations related to
land fragmentation, including inheritance laws,
for land consolidation and enhanced farmer
efficiency ranked as the second most important
factor. This corresponds with previous
research indicating land fragmentation as a
major barrier to agricultural productivity and
sustainable rural development
(Golmohammadi, 2021; Hadi Pour et al.,
2019). Furthermore, designing and
implementing water resource management
programs by farmers and water user
associations, alongside establishing regional
water markets, ranked third in importance.
These play a pivotal role in local participation
and improving water governance, aligning
with  previous  findings that  stress
strengthening local capacities and participatory
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mechanisms for optimal water resource
management (Islamy & Rahimi, 2019; Taleshi,
2018).

The integration of various tools in a
comprehensive strategic management model—
including IFE, EFE, IE, SWOT, AHP,
PROMETHEE, and QSPM—provided a clear
and robust framework for evaluating complex
adaptation options, combining quantitative and
qualitative ~ data  simultaneously.  This
participatory approach notably enhances
analytical ~ precision,  legitimacy, and
applicability of findings for policymakers and
implementers.

Overall, the study’s results indicate that to
enhance agricultural resilience in the
Zayandeh-Rud Basin, policies and strategies
must be designed and implemented
comprehensively, collaboratively, and based
on optimal water resource management and
modern technologies. Legal structure reforms
and strengthening local capacities are also key
factors for success.

Policy and Operational Recommendations

A. National and Provincial

Recommendations
Based on the study’s findings pointing to
the defensive status of agriculture in the
Zayandeh-Rud Basin and key challenges such
as water scarcity, land fragmentation, weak
infrastructure, and the need for integrated
governance, it is recommended to:
e Develop a climate adaptation strategic
document for the Zayandeh-Rud Basin
with collaboration from the Ministry of

Policy-Level

Agriculture  Jihad, Environmental
Protection Organization, and Ministry of
Energy.

e Integrate adaptation policies into Isfahan
province’s budgetary programs,
particularly in agriculture, natural

resources, and water.

e Establish a Climate and Agricultural
Resilience Integrated Management Task
Force, comprising government, private
sector, and regional agricultural
association representatives.

B. Operational and Local-Level Recommendations

Aligned with priority policies emphasizing
water use efficiency, livelihood diversification,
and technology development, it is suggested
to:

e Revise cropping patterns emphasizing
drought and temperature-resistant crops
such as medicinal plants and dryland
farming.

e Enhance livelihood diversification for
farmers by supporting supplementary
occupations  (e.g., rural  tourism,
handicrafts, fisheries, and semi-industrial
livestock).

e Develop climate monitoring and early
warning systems via mobile applications
and field training for farmers.

e Promote climate-indexed agricultural
insurance supported by the government
to reduce farmers’ financial risks.

Additionally, considering the study's
findings and focusing on the defensive (WT)
strategy to reduce threats and overcome
weaknesses for agricultural survival against
climate change, the following steps are
proposed:

e Step 1: Current Situation Analysis and
Regional Action Planning

Identify priority crisis areas in upstream,
midstream, and downstream parts of the basin.

Create an integrated database on farmers,
water resources, cropping patterns, and
climatic indices.

Monitor climatic changes and analyze long-
term trends in temperature, precipitation, and
water resources. Responsible bodies: Isfahan
Governorate, Agricultural Jihad,
Meteorological Organization.

o Step 2: Water Demand Management and
Agricultural Water Use Efficiency

Assign precise volumetric water quotas for
each farm and record in smart systems.

Install smart meters on authorized wells for
real-time monitoring.

Promote low-water crops such as saffron,
medicinal plants, and dryland wheat.

Responsible  bodies:  Regional Water
Company, Agricultural Jihad, Agricultural
Guilds.
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e Step 3: Enhance Economic Resilience
and Reduce Income Dependency on a
Single Source

Provide low-interest loans to develop
complementary occupations (dryland orchards,
light livestock, solar greenhouses).

Establish multifunctional local cooperatives
for marketing and selling diverse products.

Train young farmers in business skills.

Responsible bodies: Agricultural Jihad,

Cooperatives Office, Agricultural Bank.

e Step 4: Institutionalize Climate Index
Insurance and Risk Management

Design agricultural insurance based on
climatic indices.

Create climate damage funds with
government support and private sector
participation.

Promote  insurance culture  through
education and financial incentives.

Responsible bodies: Central Insurance,

Agricultural Products Insurance Fund.
e Step 5. Local Empowerment and
Education
Conduct workshops on smart farming,
climate change, and resilience.
Utilize lead farmers’ experience to transfer
knowledge.

References

Set up local “Agricultural Resilience
Centers” for consultation and promotion.

Responsible  bodies:  Agricultural and
Natural ~ Resources  Research  Center,
Vocational Training Centers, Universities.

e Step 6: Institutionalize Participatory

Water and Agricultural Governance

Establish Basin Climate and Agricultural
Management Council with farmer
representatives.

Enhance transparency in water allocation
and provide online complaint systems.

Draft a legal charter for water and farmers’
rights in Zayandeh-Rud.

Responsible bodies: Ministry of Energy,
Islamic Parliament, Governorate.

Expected Outputs

e  Preservation of employment levels and
sustainable livelihoods for farmers.

e Reduction of social conflicts stemming
from water issues.

e Increased efficiency and reduced
dependency on groundwater.

e Enhanced social and  economic
resilience of the region against climate
change.

1.

2.

Adger, W.N., (2000). Social and ecological resilience: are they related? Progress in human geography.
24(3), 347-346. https://doi.org/10.1191/030913200701540465

Amiri, M., Hadinejad, M.K., & Shiva, S. (2017). Evaluation and prioritization of suppliers using a
hybrid approach of entropy, analytic hierarchy process, and modified PROMETHEE (Case study:
Youtab Company). Journal of Operations Research in Its Applications (Applied Mathematics) -
Islamic Azad University Lahijan, 14(4), 1-20. https://sid.ir/paper/164513/en

Bandyopadhyay, S., Wang, L., & Wijnen, M. (2011). Improving household survey instruments for
understanding agricultural household adaptation to climate change: water stress and variability. World
Bank, Washington, DC. https://doi.org/10.1596/12764

Bhatasara, S., & Nyamwanza, A. (2018). Sustainability: a missing dimension in climate change
adaptation discourse in Africa? Journal of Integrative Environmental Sciences, 15(3), 97-83.
https://doi.org/10.1080/1943815x.2018.1450766

David, F.R., & David, F.R. (2017). Strategic Management: Concepts and Cases. Prentice hall.
strategyclub.com

Dehghanpour, M., Yazdanpanah, M., Forouzani, F., & Abdollahzadeh, G.H. (2020a). Evaluating the
sustainability of agricultural adaptation policies to climate change from the perspective of experts at
the Ministry of Agricultural Jihad. Rural Research, 11(1), 36-49. https://sid.ir/paper/403338/en
Dehghanpour, M., Yazdanpanah, M., Forouzani, F., & Abdollahzadeh, G.H. (2020b). Evaluation and
prioritization of agricultural adaptation policies to climate change in Fars Province. Iranian
Agricultural Economics and Development Research (Iranian Agricultural Sciences), 51(4), 779-795.


https://doi.org/10.1191/030913200701540465
https://sid.ir/paper/164513/en
https://doi.org/10.1596/12764
https://doi.org/10.1080/1943815x.2018.1450766
https://www.strategyclub.com/wp-content/uploads/2015/10/Preface.16th.ed_.pdf
https://sid.ir/paper/403338/en

Heidari Ramsheh et al., Formulating Adaptation Policy Strategies to Enhance Resilience under ... 415

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

https://sid.ir/paper/766046/en

Ehsani, M., Shokohi, Z., & Farajzadeh, Z. (2021). Prioritizing resilient economy policies in Iran's
agricultural sector. Agricultural Economics and Development, 115, 1-21.
https://sid.ir/paper/952424/en

Ghasemi, M., Mehregan Majd, J., & Sahebi, Sh. (2020). Identifying livelihood resilience strategies
against drought risk from the perspective of rural households (Case study: Golmakan rural district,
Chenaran County). Environmental Sciences Quarterly, 18(1), 117-136.
https://doi.org/10.29252/envs.18.1.117

Golmohammadi, F. (2021). Land fragmentation in confronting to sustainable agricultural development
and food security in Iran. Black Sea Journal of Public and Social Science, 4(1), 1-10.
https://doi.org/10.52704/bssocialscience.681205

Hadi Pour, M., Roumiani, A., Azizpour, F., & Lasmipour, R. (2019). Barriers to integrated agricultural
land consolidation development in rural areas from farmers’ perspectives: A case study of Fash rural
district, Kangavar County. Journal of Research and Rural Planning, 8(1(24)), 45-62.
https://sid.ir/paper/236475/en

IPCC. (2022). Climate change 2022: Impacts, Adaptation, and Vulnerability. Sixth Assessment Report
of the Intergovernmental Panel on Climate Change. https://doi.org/10.1017/978100932 5844

Isfahan Agricultural Jihad Organization. (2023). [Title of the report or dataset, if available]. Isfahan,
Iran.

Islamy, M., & Rahimi, A. (2019). Water crisis and policy-making in Iran. Strategic and Macro
Policies, 7(27), 410-435. https://doi.org/10.32598/JMSP.7.3.5

Khakifirouz, B., Niknami, M., Keshavarz, A., & Sabouri, M. (2022). Identification of effective factors
on increasing farmers' resilience to drought in Sistan Plain. Iranian Journal of Agricultural Extension
and Education Sciences, 18(1), 161-179. https://doi.org/10.1080/17565529.2025. 2506760

Madani, K. (2014). Water management in lIran: What is causing the looming crisis? Journal of
Environmental Studies and Sciences, 4(4), 315-328. https://doi.org/10.1007/s13412-014-0182-z
Moradi, F. (2011). A comprehensive look at strategic management, history, models, tools, schools,
new approaches and concepts as well as common terms and words. Tehran Industrial Management
Organization.

Sadeghi, H., & Khanzadeh, M. (2019). Strategic analysis of agricultural sector development using
SWOT and QSPM matrix (Case study: Lake Urmia Basin). Agricultural Economics and Development,
27(108), 91-120. https://sid.ir/paper/24599/en

Sadeghloo, T., & Sejasi Gheydari, H. (2014). Prioritization of factors affecting the increase of farmers'
resilience against natural hazards (with emphasis on drought): Case study of farmers in the villages of
ljrood County. Geography and Environmental Hazards, (10), 129-153. https://sid.ir/paper/493327/fa
Safavi, H.R., & Afshar, A. (2006). Modeling integrated water management (Case study: Zayandeh-
Rud Basin). In Proceedings of the 2nd Conference on Water Resources Management (Isfahan, Iran).
https://www.sid.ir/paper/486725/fa

Safavi, H.R., Golmohammadi, M.H., & Sandoval-Solis, S. (2015). Expert knowledge based modeling
for integrated water resources planning and management in the Zayandehrud River Basin. Journal of
Hydrology, 528, 773-789. https://doi.org/10.1016/j.jhydrol.2015.07.014

Saraei, M.H., & Shamshiri, M. (2013). Tourism situation study in the city of Shiraz towards
sustainable development using the SWOT Technique. Geography and Environmental Planning, 24(1),
69-88. https://sid.ir/paper/392771/en

Scherzer, S., Lujala, P., & Rad, J.K. (2019). A community resilience index for Norway: An adaptation
of the Baseline Resilience Indicators for Communities (BRIC). International Journal of Disaster Risk
Reduction, 36, 101107. https://doi.org/10.1016/j.ijdrr.2019.101107

Srivastav, A.L., Dhyani, R., Ranjan, M., Madhav, S., & Sillanpda, M. (2021). Climate-resilient
strategies for sustainable management of water resources and agriculture. Environmental Science and
Pollution Research, 28(31), 41576-41595. https://doi.org/10.1007/s11356-021-14332-4

Talashi, M., & Kafash, H. (2019). Developing and validating fundamental criteria of integrated water
resources management in rural settlements of arid and semi-arid regions: Case study of Bajestan area
in  South  Khorasan  Province. Desert  Geographical  Studies, 6(2), 81-108.
https://doi.org/10.29252/grd.2018.1474


https://sid.ir/paper/766046/en
https://sid.ir/paper/952424/en
https://doi.org/10.29252/envs.18.1.117
https://doi.org/10.52704/bssocialscience.681205
https://sid.ir/paper/236475/en
https://doi.org/10.1017/978100932%205844
https://doi.org/10.32598/JMSP.7.3.5
https://sid.ir/paper/1007590/en
https://sid.ir/paper/1007590/en
https://sid.ir/paper/1007590/en
https://doi.org/10.1007/s13412-014-0182-z
https://sid.ir/paper/24599/en
https://sid.ir/paper/493327/fa
https://www.sid.ir/paper/486725/fa
https://doi.org/10.1016/j.jhydrol.2015.07.014
https://sid.ir/paper/392771/en
https://doi.org/10.1016/j.ijdrr.2019.101107
https://doi.org/10.1007/s11356-021-14332-4
https://doi.org/10.29252/grd.2018.1474

416

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

26.

27.

28.

29.

30.

Taleshi, M. (2018). Participatory planning and integrated water resources management: A case study
of the Eastern rural areas of Iran. Journal of Sustainable Rural Development, 2(1), 29-38.
https://doi.org/10.32598/jsrd.01.03.290

Teymouri, A., Hafeznia, M.R., Papoli Yazdi, M.H., & Ahmadi Nohadani, M. (2023). Explaining the
hydropolitical consequences of climate change in Iran (Case study: Zayandeh-Rud basin). Spatial
Political Arrangement, 5(3), 246—269. https://www.sid.ir/paper/1429876/en

UNDRR. (2015). Sendai Framework for Disaster Risk Reduction 2015-2030. Geneva: United Nations
Office for Disaster Risk Reduction. https://doi.org/10.1163/2210-7975_hrd-9813-2015016

Yadegari, A., Yousefi, A., & Amini, A.M. (2018). Institutional analysis of water governance structure
in Iran: A case study of the Zayandeh-Rud Basin. Iranian Water Resources Research, 14(1), 184-197.
https://www.sid.ir/paper/100304/en

World Economic Forum. (2013). Special Report: Building National Resilience to Global Risks. In
Global Risks 2013. Geneva: World Economic Forum.


https://doi.org/10.32598/jsrd.01.03.290
https://www.sid.ir/paper/1429876/en
https://doi.org/10.1163/2210-7975_hrd-9813-2015016
https://www.sid.ir/paper/100304/en

G 5s9US drwgi g dLai8l 4y puld
https://jead.um.ac.ir &_C%,;},;Z},

YAV-EAY Lo Vg Ol b o led OFA Al

Bl i 51 B0 eoaT ol Rl b Sl sl 3 paly o 95

(s,50405 a9 (55,98 153, 40 andllas)

\Lébﬁ .XcM —‘W JJMJ?w —.:M dti-lsb‘gb J&'JT —\ 4.:.0‘) 6)4:’ J:&L«.w‘
VECF/OY/YA 85 b

VE¥/0 0/ A g}:'j.’.'\f- @)U

2SS

aog> dlox 5l d‘)?.l Sid day 9 Sis bl L;)‘”L;"S gy Iy loaslsd lylus ol 9 TR d)]f)ﬁ.‘}‘i}' L 60.»[5‘ Ol yss
O oelBl i b dglse 5 (6505l (650l Sl psliatods (63 (slacunlis yaly ngt5 B b Shagly cul sl 035 Jrans 390015
GBS gy M plsl (YY) olaidl Jlea gesme (syglb slojlas g (SFDRR) LM Sy ol Cogzly s bl s
28,5 plsl sl (g pglaer 5 5 5 glanl 331l sl (> gy 5 Slse Lllen o] Sllllas oS5 1 (o g v oy
calus o« L;)’)’L;':S Y guace Qlf&.;f)bl.o 9 ulf.h.f.&.]y 9 LS)')BUS e QL»[:.JJ)K ‘u_mli.;‘;jb 5Ll ol 5l 5 Nodld Cjguody (6 S digel
6l) 48l 5o Aelin s sl ol Waosls (5,515,815l iy pg Azl (6 yghsli 5 (6515 o (sl qoal yuuts cenlio §) (oumlin
P 5 g bl libludes sladnlas g (B3pel) Gl 5 ol aogyl (s)glol (lalne (235 wins § &g blis plulis
o5l 9 (EFE) ()1 Jelgs (IFE) (BIs Jolge byl slag sle 5l wgpoulj b (555li8 (6,8]) Combse el gl s
el AT 5l el s 51 86 oyl L2l LBl sl (sicaglyl glatods g b odlil (IE) (25— 31 cusdge
SWOT o J) oslicl L 3 conbio (slasyaly 05 43,5 0,00 PROMETHEE olasiis (655 pasad 35y 5 (AHP) il petbds
5 i) omly o lpl Cebl 5 s colia (QSPM) (o5 (o3l (630000l (e ile 65 54 b eculed 53 9 22,5 gl g dxugs
PYIY B Jolos o Voo ¥ 8 Jolse ol jliel b dgpouily adgs (65y9liS as oo ol baasdly .as obsasl 1a) BB ol ool
ol ol ong Sl cind 5 ol Cuntigd 5 (Saba s ol 258y Sl S oF oyl g 3, 8 () el sy
o plie jomedawg (siyaeby (TAS=1.46) ol aYsle 255 Jols 2Bl dpmly > edd pluls )8l scwlw pyolis
Blole Limgh opl @dleiin cslolSal, ibe (TASZ116) Ul wlio cupio o iyoliS o8 lio o (TASZ1.18) Ll Sasoys
Lg)i;)b IR LngLg)gb..é 5 Lg)l.lfdila)w ‘&S)L‘t"" L;bx.zzsl) Co e J.\a Lgl)?l @j Cft“ )PwdSg> g 4>)L.§; u;l)o§> Lo gy :)‘I
slply pladiced 8 )lia p (s g (o byl iagh (ol @S o 3pnl) (g g Gl (2S5 O Syye 5 (ls8 )3 (s
lod g Sy 1y podpaml 3blie )3 (65)5liS (53510l 5 6)luly ) caa (NS Cuslins

Sl 35 sl «55ysliS (psll s pnly (S )i SlpeS g3 pnly syl D glS S0y

Ol 550 el R oIl o 65yglisS 0a8utily ¢ 5y9LiS” Sluaidl 09,5 —)
(Email: dourandish@ut.ac.ir : Jszue oxiws g —)
https://doi.org/10.22067/jead.2025.93615.1355


https://doi.org/10.22067/jead.2025.93615.1355
https://orcid.org/0000-0001-7858-6644

Contents

Influence of Mental Models on Sustainable Wheat Seed Use: A Comparative Study in Western Iran
A. Ansari, Sh. Geravandi, F. Rostami, A.H. Alibaygi

Decomposing Total Factor Productivity Growth in Iran's Agriculture Sector with Consideration of
Climatic Variables

G. Dashti, M. Ghahremanzadeh, K. Gholipour, S. Mohammadpour

Factors Contributing to Rangeland Degradation in East Azerbaijan, Iran: Experts’ Perspectives

E. Rouhi, A. Falsafian

Presenting a Model for Price Discount Strategy in Perishable Products: A Case Study of Fresh Tomatoes
M. Asgari, S.M. Mojaverian, F. Eshghi, M. Canavari

and Classifying Factors Influencing Consumers’ Purchase Intention toward Antibiotic-Free Poultry:
Evidence from Mashhad, Iran

B. Zandi Dareh Gharibi, A. Karbasi, H. Mohammadi

Formulating Adaptation Policy Strategies to Enhance Resilience under Climate Change (Case Study:
Agriculture Zayandeh Rud Basin)

E. Heidari Ramsheh, A. Dourandish, S.S. Hosseini, S. Yazdani

309

329

345

359

377

397



Published by:

Editor in charge:

General Chief Editor:
Editorial Board:

Akbari, A
Abdeshahi, A

Bakhshoodeh, M
Daneshvar Kakhki, M
Dourandish, A
Dashti, GH
Hasanzadeh, S

Homayounifar, H

Karbasi, A.R

Mahdavi Adeli, M.H

M. Mojaverian

Najafi, B

Robert Reed, M
Rastegari Henneberry, Sh
John Bawden, R

Sadr, K

Salami, H

Shahnoushi, N

Ghaziani, Sh

Sabouhi sabouni, M

Agricultural Economics & Development

(AGRICULTURAL SCIENCES AND TECHNOLOGY)

Vol. 39 No.4

Winter 2025

Ferdowsi University of Mashhad (College of Agriculture) Iran.

Valizadeh, R. (Ruminant Nutrition)

Shahnoushi, N(Economics & Agricultural)

Agricultural Economics
Agricultural Economics

Agricultural Economics
Agricultural Economics
Agricultural Economics
Agricultural Economics
Economics

Economics

Agricultural Economics
Economics

Agricultural Economics
Agricultural Economics
Agricultural Economics
Agricultural Economics
Agricultural
Agricultural Economics
Agricultural Economics
Agricultural Economics
Department of Computer
Applications and Business
Management in Agriculture
Agricultural Economics

Prof. University of Sistan & Baluchestan

Asso Prof. Agricultural Sciences and Natural Resources University of
Khuzestan

Prof. Shiraz University

Prof. Ferdowsi University of Mashhad
Asso Prof. Ferdowsi University of Mashhad
Prof. University of Tabriz

Huron at Western University, Canada

Asso Prof. Ferdowsi University of Mashhad

Prof. Ferdowsi University of Mashhad

Prof. Ferdowsi University of Mashhad

Asso Prof. Sari Agricultural Sciences and Natural Resources
Prof. Shiraz University

University of Kentucky

Prof .Oklahoma State University

Western Sydney University, Australia

Prof. University of Shahid Beheshti.Tehran

Prof. Tehran University

Prof. Ferdowsi University of Mashhad

University of Hohenheim ,Stuttgart, Germany

Prof. Ferdowsi University of Mashhad

Prof. Department of Agricultural Economics, University of Kentucky, UK
Department of Insurance, Faculty of Management Sciences,

Lagos State University, Ojo, Lagos Nigeria

College of Grassland Science, Gansu Agricultural University, Lanzhou, China

Saghaian, S.H Agricultural Economics
Ajemunigbohun , S. S Il?lsk Management and
nsurance
Wang, Q Agricultural
Zibaei, M Agricultural Economics Prof. Shiraz University
Publisher: Ferdowsi University of Mashhad (College of Agriculture)
Address: College of Agriculture, Ferdowsi University of Mashhad, Iran
P.0.BOX: 91775- 1163
Fax: +98 -0511- 8787430
E-Mail: Jead2@um.ac.ir
Web Site: https://jead.um.ac.ir/


mailto:Jead2@um.ac.ir
https://jead.um.ac.ir/

Journal of Agricultural
Economics & Development
(Agricultural Sciences and Technology)

Ferdowsi University
of Mashhad

ISSN:2008-4722

Contents

Influence of Mental Models on Sustainable Wheat Seed Use:
A Comparative Study in Western Iran 309
A. Ansari, Sh. Geravandi, F. Rostami, A.H. Alibaygi

Decomposing Total Factor Productivity Growth in Iran's Agriculture Sector with
Consideration of Climatic Variables 329
G. Dashti, M. Ghahremanzadeh, K. Gholipour, S. Mohammadpour

Factors Contributing to Rangeland Degradation in East Azerbaijan, Iran:
Experts’ Perspectives 345
E. Rouhi, A. Falsafian

Presenting a Model for Price Discount Strategy in Perishable Products:
A Case Study of Fresh Tomatoes 359
M. Asgari, S.M. Mojaverian, F. Eshghi, M. Canavari

and Classifying Factors Influencing Consumers’ Purchase Intention toward
Antibiotic-Free Poultry: Evidence from Mashhad, Iran 377
B. Zandi Dareh Gharibi, A. Karbasi, H. Mohammadi

Formulating Adaptation Policy Strategies to Enhance Resilience under Climate Change
(Case Study: Agriculture Zayandeh Rud Basin) 397
E. Heidari Ramsheh, A. Dourandish, S.S. Hosseini, S. Yazdani




	01-انصاری01_.docx 123(1).pdf (p.1-20)
	02-02 (3).pdf (p.21-36)
	03-فلسفیان03.docx 123 (1).pdf (p.37-50)
	04-04.pdf (p.51-67)
	05-زندی05_.docx 123-5.pdf (p.68-87)
	وراندیش06--.pdf (p.88-108)

