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Abstract: The main purpose of the study was to investigate the effects of climatic change on
potato yield and yield variability in Agro-Ecological Zones (AEZs) of Iran during 2041–2070 (2050s).
The Statistical Downscaling Model (SDSM) was performed in this study to downscale the outputs of
the General Circulation Model (GCM) and to obtain local climate projections under climate scenarios
for a future period. The Just and Pope Production function was used to investigate the impacts of
climatic change on potato yield. The results showed that the effects of future climatic change on potato
yield and its variability would vary among the different AEZs. Potato yield would change in the
range from −11% to 36% across different AEZs during the 2050s. Yield variability is expected to vary
from −29% to 6%. Much more generally, the results indicated that the major potato producing zones
would experience a decrease in mean potato yield in the presence of climate change. Our findings
would help policymakers and planners in designing appropriate policies to allocate the lands under
potato cultivation among different zones. These results also have important implications for adopting
ecological zone-specific strategies to mitigate the reduction in potato yield and meet food security.
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1. Introduction

Changes in the global climate have become one of the most crucial challenges facing agriculture
in the twenty-first century [1,2]. Climatic change is mainly characterized by a rise in greenhouse gas
emissions and global average temperature as well as changes in precipitation levels and patterns [3–5].
Undoubtedly, these changes affect the growth and productivity of agricultural production, and thus
food security in many parts of the world [6]. At present, supplying sufficient food for each country
relies on the management of climatic variables that affect agricultural productions [7]. Therefore,
the investigation of climate change impacts on agricultural production and food security is essential.
There has been an increasing effort set out to assess the impacts of climate change on crop production
at various geographical locations around the world: Shayanmehr et al. [1] in Iran, Chen et al. [8] in
USA, Chen and Chang [9] in Taiwan, De-Graft and Kweku [10] in Ghana, Bozzola et al. [11] in Italy,
Wei et al. [12] in China, Sarker et al. [13] in Bangladesh, Azad et al. [14] in Iran, Sinnarong et al. [15] in
Thailand, and Chavas et al. [16] in Italy.

The effects of climatic change on agricultural production is expected to be most severe in global
dry and semi-arid regions like Iran [7]. Mean annual rainfall in Iran is around 250 mm, which is
less than a third of the global mean rainfall [17,18] and most parts of this country experience severe
dry conditions [19–21]. Therefore, Iran could face a serious challenge in meeting food security in the
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presence of climate change [1,7]. Furthermore, dramatic population growth and the increase in food
demand along with a scarcity of water resources exert more pressure on the agriculture of Iran [22–24].
The potato is the second most critical food crop after wheat [25] and also one of the most affordable
and staple food resources in Iran, which has been identified as one strategic crop to achieve food
security [26,27]. This crop is cultivated on about 147,000 hectares with an average yield of more than
34 tons per ha in Iran. This country, with an annual production of approximately 5 million tons of
potato, is the twelfth country in the world for potato production, and the fourth in Asia [28]. Per capita
consumption of potato in Iran has increased from almost 9 kg in 1961 to 60.97 kg in 2011 (see Figure 1a).
Potato production is highly sensitive to changing climate conditions, and climatic change is one of the
major challenges to potato production to meet the rising food security concerns [29]. Hence, feeding
the ever-growing population (see Figure 1b) will be a major challenge in Iran. Accordingly, evaluating
the impact of climatic change on Iran’s potato production in the future to ensure food security and
decrease the adverse impacts of climate change is a vital need.

Figure 1. (a) Per capita consumption of potato in Iran, 1961–2011. (b) Population of Iran, 1961–2018.

Previous studies regarding the evaluation of climate change impacts commonly have used two
models: (1) crop simulation models [30–35] and (2) regression models [2,10,12,36–38]. Crop simulation
models, including APSIM-Potato, CERES-Rice, SUBSTOR-Potato, and CERES-Maize are employed
in controlled agronomic experiments to predict the effects of climatic change on crop yield under
different climatic scenarios [13,39]. The weak point of using these models is that they only focus on
crop physiology, and predict the potential climatic effect on crop yields without considering farmers’
adaptation behavior [40]. Accordingly, crop simulation models result in an underestimation of the
positive climate impacts and an overestimation of the negative climate impacts [38]. In contrast to
the crop simulation models, regression models are more flexible, because this group of models uses
historical crop yield and climate data for estimation. This approach is used as a powerful tool to
measure the future relationships between climate parameters and crop yields that correspond to the
past, even without using field and management data [15].

Farmers in developing countries face uncertainty as well as stochastic threats to crop production.
These uncertainties should be considered in the distribution of production function data [38]. Hence,
this study used the regression approach, i.e., Just and Pope [41] production function (Just-Pope) to
measure the climatic change impact on yield distributions. This method provides the possibility
of analyzing the effects of the independent variables on both average yield and yield risk [42].
The Just-Pope is extensively applied in climate and crop yield studies [1,2,8,37,38,43–48]. Moreover,
this study employed a panel data model because it is able to increase sample size and degrees of
freedom considerably, and can also control individual heterogeneity [13]. Having these aspects in
mind, this study applied the Just-Pope in the context of panel data to measure the impact of climatic
change on the mean yield and yield variance of potato in Iran.

In relation to Iran, the impacts of climatic change on crop yield have been investigated both for
historical conditions [49–53] and future climate projections using data taking either user-determined
fixed decremental-incremental scenarios [54–57] or some coarse-resolution GCM outputs [58–60].
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These studies fundamentally recommend using more refined datasets of climate for improving
the understanding of climatic change effects on crop yield. Recently, improved datasets of
climatic projections are accessible from GCMs for Representative Concentration Pathways (RCPs).
Thus, this study applied Coupled Model Intercomparison Project phase 5-second generation Canadian
Earth System Model (CMIP5-CanESM2) outputs to project future climatic conditions.

The studies implemented regarding the investigation of climatic change impacts on crop yield
in Iran have been typically using the political boundaries, which are not similar in terms of soil and
climatic conditions for agriculture. In this paper, to make an improvement over the previous studies,
we considered Agro-Ecological Zones (AEZs) of Iran to evaluate the effect of climate change on potato
yield because AEZs are regarded as geographic areas having homogeneous climate and soil for crop
production [61]. A similar concept has been used in other regions and countries [33,62–72].

This study contributes to the existing literature in three ways. First, in terms of the case study, it is
carried out for AEZs of Iran, where no such study has been conducted so far. Second, to our knowledge,
this is the first attempt to employ the Just-Pope in panel data estimation to evaluate the impact of
climate change on potato yield and its variability for Iran. The third contribution of the current study
is in its use of an integrated econometric (Just-Pope model) and climate (statistical downscaling model)
approaches to evaluate the effect of climate change on potato yield.

In the current study, we evaluated the future climatic change on potato yield and yield risk
under the two emission scenarios (RCP 4.5 and 8.5) in all the AEZs of Iran. As specific objectives,
we intend to: (1) employ CanESM2 to simulate climatic parameters at large scales and to project climate
scenarios for the future, (2) use Statistical Downscaling Model (SDSM) to downscale the CanESM2
projections to local scales, (3) apply the Just-Pope in the framework of panel data to assess the relations
between the yield of potato and climatic parameters such as minimum and maximum air temperature,
and precipitation in all AEZs, (4) identify the effect of future climate parameters on mean yield and
yield risk of potato in AEZs of Iran. The results of the paper are expected to contribute to an accurate
assessment of how climatic change affects potato yield in each AEZ. The findings could be used by
both scientists and policymakers in Iran to design policy related to appropriately allocating the lands
under potato cultivation among different zones.

In the next section, we briefly describe the study area, datasets, and methodology. Results and
discussions of projected climate change impact on potato yield and yield risk are presented in Section 3,
and the final section concludes with research and policy implications of these findings.

2. Data and Methodology

2.1. Case Study Site

Iran is located in southwest Asia. Geographically, it has been extended from latitude 25◦ to 40◦ N
and longitude 44◦ to 63◦ E. In this area, the altitude varies from −59 m (Caspian coasts) to >5300 m
(Damavand mountain), which has a considerable influence on the diversity of the climate [53,73].
Therefore, Iran’s climatic conditions have fluctuated from hyper-humid (with annual precipitation of
more than 1000 mm) in the northern parts to hyper-arid (with annual precipitation of less than 100 mm)
in southern regions. As a whole, arid and semi-arid climatic conditions prevail in the climate of the
country. This area is categorized as a very sensitive and vulnerable area to climatic change [7].

Iran is divided into ten AEZs, which are taken as a study area for this paper (see Figure 2).
The main potato producing areas fall in AEZ-3, 4, and 6 (see Figure 3); their collective area constituted
about 65% (95,604 ha) of the country’s potato growing areas. In this study, 10 synoptic stations were
selected for projecting future climatic data. The location and general information for the selected
synoptic stations are shown in Figure 2 and Table 1. The linear trends in climate parameters (maximum
temperature, minimum temperature, and precipitation) of potato growing season in all the AEZs of
Iran during 1981–2016, are proposed in Figure 4.
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Figure 4. (a–j) The linear trends in maximum temperature, minimum temperature, and precipitation of
potato growing season during 1981–2016.
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Table 1. Geographical parameters of selected synoptic stations.

No. AEZ Station Name Latitude (◦N) Longitude (◦E) Altitude (m)

1 Caspian Coastal Plain Zone Babolsar 36.72 52.65 −21
2 Central Zone Qazvin 36.15 50.03 1279.2
3 North-Western Zone Tabriz 38.05 46.17 1361
4 Central Zagros Zone Hamedan 35.12 48.43 1679.7
5 Khuzestan Zone Ahvaz 31.20 48.40 22.5
6 Arid Central Zone Esfahan 32.37 51.40 1550.4
7 Southern Zagros Zone Shiraz 29.32 52.36 1484
8 Southern Coastal Zone Bushehr 29.06 58.21 9
9 Arid Southern Zone Bam 28.58 50.49 1066.9

10 Khorasan Zone Mashhad 36.16 59.38 999.2

2.2. Data Collection

2.2.1. Data for Projecting Future Climate Change

The daily observed data for maximum temperature (MAX), minimum temperature (MIN),
and precipitation (P) is provided from the Meteorological Organization of Iran (MOI) for 1961–2010.
The daily reanalysis data for the period (1961–2005) are obtained from the National Centers for
Environmental Prediction (NCEP). The large scale daily predictors for the CanESM2 model were
developed by the CCCma for all listed stations. These data are used to predict climate parameters
under two climatic scenarios (RCP 4.5 and 8.5) for the period of 2041–2070 (2050s).

2.2.2. Data for Estimating the Econometric Model

Potato yield data are obtained from the Ministry of Agriculture Jihad of Iran for 28 provinces
during 1981–2016. Selected provinces and the growing seasons for all three potato crops (winter
potato, spring potato, and summer potato) are illustrated in Table 2. Before estimating research models,
we convert monthly climate data to monthly mean averages of MAX and MIN and a total monthly
average of P for the potato growing season. The climatic data are collected from the MOI for 28 stations
for 1981–2016. Selected stations are shown in Table 2.

Table 2. Selected provinces, synoptic stations, and growing seasons for three potato crops in Iran.

AEZ Province Names Station Names Potato Crops Growing Seasons

1 Golestan, Mazandaran,
Gilan Gorgan, Babolsar, Rasht Spring potato March/April–July/August

2 Qazvin, Tehran, Markazi,
Semnan

Qazvin, Mehrabad, Arak,
Semnan Summer potato May/June–September/October

3
East Azerbaijan, West
Azerbaijan, Ardabil,
Kurdistan, Zanjan

Tabriz, Urmia, Ardabil,
Sanandaj, Zanjan Summer potato May/June–September/October

4 Hamedan, Kermanshah,
Lorestan

Hamedan, Kermanshah,
Khorramabad Spring potato March/April–July/August

5 Khuzestan Ahvaz Winter potato January/February–May/June
6 Esfahan, Yazd Esfahan, Yazd Spring potato March/April–July/August

7
Fars, Kohgiluyeh and

Boyer-Ahmad,
Chaharmahal and Bakhtiari

Shiraz, Yasuj,
Shahrekord Winter potato January/February–May/June

8 Bushehr, Hormozgan Bushehr, Bandar Abbas Winter potato January/February–May/June

9 Kerman, Sistan and
Baluchestan Bam, Zahedan Winter potato January/February–May/June

10 North Khorasan, Razavi
Khorasan, South Khorasan

Bojnurd, Mashhad,
Birjand Spring potato March/April–July/August
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2.3. Modeling Materials

The main aim of the study is the investigation of projected climate change effect on potato yield
and its variability. To reach this objective, two models were integrated. (i) The SDSM is applied to
predict MAX, MIN, and P under two RCP scenarios for selected stations. (ii) An econometric model is
used to determine the relationship between climate variables and potato yield to estimate potato yield
based on the projected climatic parameters’ levels. Our study framework is depicted in Figure 5.

Figure 5. The framework of the proposed methodology.

2.3.1. Projecting Climate Parameters

GCMs have been defined as the most comprehensive and powerful models for examining the
consequences of climatic change [1,7]. GCMs are able to simulate the effects of increasing CO2

emissions as climatic scenarios. Local changes in climate variables are related to local and global
geography and topography, hence they are usually not adequately represented in GCM results because
of model grid resolution. Consequently, GCM results must be downscaled for producing local
climatic parameters [74]. This study used SDSM to downscale GCM-CanESM2 output. SDSM model,
one of the most used models globally, is applied to downscale future climate projections using the 26
predictors derived from a large-scale climate model. This model was improved by Wilby et al. [75] and
generates local climate parameters by a linear regression method and stochastic weather generator
to make a statistical relationship between local climatic variables and large-scale predictors [76,77].
SDSM contains five steps: the selection of predictand and predictor variables, model calibration,
generation of weather, model validation, and scenario generation for the future [1].

Downscaling Daily Climate Variables Time Series

Daily observed P, MAX, MIN are selected as predictand variables for the downscaling
model. These parameters are obtained from the Meteorological Organization of Iran for 1961–2005.
The predictors are derived from the NCEP data for 45 years (1961–2005). The climatic data for the
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future emissions scenarios were obtained from CanESM2 model outputs related to the location of
selected synoptic stations. Ultimately, data were extracted for the period of 2041–2070.

SDSM Calibration and Validation

Time series from 1961 to 1990 are utilized for model calibration, and the time series from 1991
to 2005 is employed for the validation of SDSM. The calibration of SDSM computes the regression
parameters for a set of predictors and one predictand [77,78]. Then the SDSM performance is assessed
by R, R2, RMSE, MAE, and NSE indicators that are calculated from Equations (1)–(5).

R =

∑n
i=1(Ei − E)

(
Mi −M

)
√∑n

i=1 (Ei − E)
2 ∑n

i=1 (Mi −M)
2

(1)

R2 =

(∑n
i=1(Ei − E

)(
Mi −M

)
)2∑n

i=1 (Ei − E)
2 ∑n

i=1 (Mi −M)
2 (2)

RMSE =

√∑n
i=1 (Ei −Mi)

2

n
(3)

MAE =

∑n
i=1|Ei −Mi|

n
(4)

NSE = 1−

∑n
i=1 (Ei −Mi)

2∑n
i=1 (Mi −M)

2 (5)

where Mi are the measured values, Ei are the estimated values, n denotes the number of events, E is
the average of the estimated values, and M is the average of the measured values.

2.3.2. Econometric Technique

In the current study, a production function technique developed by Just and Pope [41] is applied
to investigate the effects of climate variables on the mean and variance of potato yield. This technique
consists of two parts: the first component is relating to the yield levels and the second part is related to
the yield variance. The general form of the estimated equation is as follows:

y = h(X,α) + g(X, β)ε (6)

where y is the potato yield (winter, spring, and summer potato crops) and h(.) and g(.) are the
production and risk functions, respectively. X is a set of independent variables (MAX, MIN, P, location,
and time trend); α and β are the vectors of estimated parameters associated with X. ε denotes an
exogenous production shock.

All the parameters in Equation (6) can be estimated by the maximum likelihood estimation (MLE)
approach and a three-step feasible generalized least squares (FGLS) procedure [79]. Many past studies
have used the FGLS method, while the use of the MLE approach is more efficient when the sample size
is small [1,13]. Hence, this study employs the FGLS approach because of the large sample size.

To estimate the Just-Pope using FGLS, the three steps are performed that are as follows:
Firstly, we apply the panel data model to estimate the Equation (7) and get the error term η.

y = h(X, α) + η (7)

Secondly, the logarithm of the squared of η is regressed on X that can be formulated as:

ln
(
η̂2

)
= g(X, β) + ε (8)
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Finally, the Equation (7) is modified by exponential predicted values of ln
(
η̂2

)
as weights to omit

the impact of heteroscedasticity and obtain a final estimate of α that can be defined as:

yg−0.5
(
X, β̂

)
= h (X,α)g−0.5

(
X, β̂

)
+ ηg−0.5

(
X, β̂

)
(9)

where alpha indicates that how a change in X influences average yield.
Three functional forms (translog, quadratic, and Cobb-Douglas) have been utilized for the

Just-Pope [13,80]. For the translog function form, the Just and Pope postulates are violated,
due to the multiplicative interaction between the average function and variance function [13,81].
Thus, quadratic functional form (QFF) and Cobb-Douglas functional form (CDFF) can be employed for
Just-Pope estimation.

The average yield production function is represented as:
Quadratic form:

y = β0 + βtT +
∑

j

β1 jx j +
∑

j

β2 jx2
j +

∑
j

∑
h(h, j)

β jhx jxh +
∑

s
β4sxs (10)

Cobb-Douglas form:
lny = β0 + βtT +

∑
j

β1 jlnx j +
∑

s
β2sxs (11)

where T represents the time trend, which is a proxy variable for technological progress, xj and xh are
climatic factors during the potato growing period, xs indicates regional dummy variables, and β’s
implies coefficients to be estimated.

Following Koundouri and Nauges [82], Just and Pope [79], and Sarker et al. [83] the variance
function is defined in a CDFF as follows:

lnη2 = β0 + βtT +
∑

j

β1 jlnx j (12)

where β ’s indicate parameters to be estimated, and xj is climate variable during the potato
growing period.

3. Results

First, we look at the outcomes of the statistical downscaling model for synoptic stations. Then the
Just and Pope production function estimations are examined. Finally, the results of the two previous
steps were used to forecast the future climate change impacts on potato yield and yield risk under
different climate scenarios.

3.1. Projecting Future Climate Change

3.1.1. SDSM Model

In this section, five parts of this model are performed: the predictor variables are selected and
then, model calibration, generation of weather, and model validation are conducted, and finally,
future climatic parameters are generated.

3.1.2. Selection of Predictor Variables

The selection of predictors is the main issue in employing the statistical downscaling model
because the better outputs of this model depend on the choice of suitable predictors. The observed
daily NCEP data for 1961–2005 is utilized to determine the predictors. In this paper, the procedure of
choosing proper predictor variables is according to the studies of Wilby et al. [75], Adham et al. [77].
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All selected predictors variables of 10 stations for different climate parameters (MAX, MIN, and P) are
presented in Table 3:

Table 3. List and descriptions of the National Centers for Environmental Prediction (NCEP) and the
second generation Canadian Earth System Model (CanESM2) daily predictors used model calibration
and projection.

Index Long Name MAX MIN P

mslpgl Mean sea level pressure X X X
pl-ugl Surface zonal velocity X
pl-vgl Surface meridional velocity X
plzhgl Surface divergence X X
p5-ugl 500 haPa airflow strength X X
p5-zgl 500 hPa meridional X X
p500gl 500 hPa geopotential height X X X
P850gl 850 hPa geopotential height X
p8zhgl 850 hPa divergence X
prcpgl Precipitation X X
s500gl Specific humidity at 500 hPa X X
s850gl Specific humidity at 850 hPa X X X

shumgl Surface specific humidity X X X
tempgl Mean temperature at 2 m X X

3.1.3. Evaluation of the SDSM Performance

The model calibration was applied for the first 30 years (1961–1990) and after that the
weather-generator module is utilized to evaluate the SDSM performance. Taking Babolsar station as an
example, the observed and simulation data are compared by the summary and frequency analysis for
the period of 1991–2005, as is indicated in Figure 6. Evaluations of the monthly average of MAX, MIN,
and P demonstrated a satisfactory agreement between the measured and estimated data for MAX and
MIN so that they are too similar. Although the rainfall output deferred more, specifically in October,
it may be because of missing values of P that negatively impact the model performance [1].

The performance of the SDSM model is examined using R, R2, RMSE, NSE, and MAE indices
(see Table 4). The assessment of these indices indicates that the model performs well for downscaling
the MAX, MIN, and P. The lower values of MAE (0.06–1.6) and RMSE (0.09–2.11), and upper values of
R (>0.85), R2 (>0.74), and NSE (>0.50) values for the validation period reveal that the simulating data
of MAX, MIN, and P is acceptable.

Figure 6. Cont.
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Figure 6. Validation of Statistical Downscaling Model (SDSM) performance for climate parameters
by comparing the monthly average for the measured and estimated data for Babolsar station
during 1991–2005.

Table 4. SDSM performance results.

AEZ Station Names Climate Factors R R2 RMSE NSE MAE

1
MAX 0.99 0.99 0.30 0.99 0.24

Babolsar MIN 0.99 0.99 0.35 0.99 0.31
P 0.96 0.92 0.55 0.89 0.45

2
MAX 0.99 0.99 0.71 0.99 0.50

Qazvin MIN 0.99 0.99 0.87 0.98 0.63
P 0.95 0.90 0.30 0.80 0.20

3
MAX 0.99 0.99 1.35 0.98 0.95

Tabriz MIN 0.99 0.99 1.40 0.97 1.15
P 0.95 0.90 0.18 0.86 0.12

4
MAX 0.99 0.99 1.03 0.99 0.76

Hamedan MIN 0.99 0.99 1.71 0.94 1.45
P 0.92 0.86 0.24 0.84 0.18

5
MAX 0.99 0.99 0.29 0.99 0.24

Ahvaz MIN 0.99 0.99 0.65 0.99 0.59
P 0.94 0.88 0.27 0.86 0.18

6
MAX 0.99 0.99 0.52 0.99 0.46

Esfahan MIN 0.99 0.99 0.40 0.99 0.29
P 0.92 0.85 0.18 0.68 0.11

7
MAX 0.99 0.99 0.38 0.99 0.33

Shiraz MIN 0.99 0.99 0.47 0.99 0.43
P 0.98 0.97 0.34 0.91 0.20

8
MAX 0.99 0.99 0.46 0.99 0.36

Bushehr MIN 0.99 0.99 0.68 0.98 0.65
P 0.94 0.89 0.80 0.50 0.65

9
MAX 0.99 0.99 0.38 0.99 0.24

Bam MIN 0.99 0.99 0.24 0.99 0.20
P 0.85 0.74 0.09 0.70 0.06

10
MAX 0.99 0.99 0.47 0.99 0.42

Mashhad MIN 0.99 0.99 2.11 0.92 1.60
P 0.98 0.96 0.10 0.96 0.08

3.2. Long-Term Projections of Agro-Climatic Indicators

After validation, we generate future climate change scenarios by downscaling CanESM2 outputs.
The future climatic parameters are extracted for a future period (2050s) under the RCP 4.5 and 8.5.
Then, to identify the consequences of climate change on the potato yield, agro-climate indicators are
evaluated for the 2050s. Finally, these indicators are compared with the base period (1981–2010) at the
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selected synoptic stations. These indicators are the minimum and maximum temperature of potato
growth season and precipitation of potato growth season.

As can be seen in Figure 7, the mean MAX of potato growth season under RCP 4.5 would be
increased by 1.31 ◦C in the 2050s, above the baseline period, among all the zones. The increases in
this index under the RCP 8.5 scenario would be 1.41 ◦C in the 2050s, compared to the baseline period,
among all AEZs. The present research is the first time to model CMIP5 under RCP scenarios to these
zones. However, these outcomes are consistent with a growing trend for the current century.
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The outcomes indicated a −0.23 to 0.75 ◦C change, with respect to baseline, in the mean MIN of
potato growth season under three RCP 4.5, among all periods. Under the RCP 8.5 scenario, the range of
changes will be from −0.15 to 0.63 ◦C in the 2050s, compared to the baseline period. In total, this index
would be increased in most of the zones (see Figure 8). The percentage changes in MAX and MIN of
potato growing season under different RCPs for the 2050s, compared to the base period, are shown in
Table 5.

The percentage change in P of potato growing season under different RCPs for the 2050s, compared
to the base period, are presented in Table 5. For the RCP 4.5, the mean P for potato growth season
would be varied from −5.62 to 20.02%, among all zones in the 2050s. Under RCP 8.5, the range of
changes would be between −4.50 and 24.06% in the 2050s period (see Figure 9).
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Table 5. Change in climate variables (%).

RCPs
Change in Climate Variables (%)

RCPs
Change in Climate Variables (%)

MAX MIN P MAX MIN P

Zone1 Zone6
4.5 4.03 2.44 1.46 4.5 3.26 4.18 14.04
8.5 3.85 2.40 0.78 8.5 3.57 3.86 6.85

Zone2 Zone7
4.5 3.99 2.17 15.72 4.5 3.42 3.09 12.68
8.5 4.40 2.38 13.94 8.5 3.18 3.61 19.52

Zone3 Zone8
4.5 4.07 3.41 12.34 4.5 4.78 3.71 −2.78
8.5 3.90 3.60 13.91 8.5 4.79 3.51 24.06

Zone4 Zone9
4.5 4.19 −0.49 13.72 4.5 3.86 1.55 20.02
8.5 4.10 −0.64 0.07 8.5 3.94 1.82 −4.50

Zone5 Zone10
4.5 4.21 1.69 10.79 4.5 4.14 −1.67 −5.62
8.5 4.39 1.79 8.08 8.5 4.07 −1.09 10.14Sustainability 2020, 12, x FOR PEER REVIEW 13 of 24 
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3.3. Pre-Estimation Specification Tests

Prior to applying the data for the Just-Pope model, we examine the stationarity of the data using
the ADF-Fisher-type and Levin, Lin, and Chu (LLC) tests, following the argument made by Poudel and
Kotani [84] and Sarker et al. [83]. The outcomes of both tests were reported in Table 6. Results implied
that the variables are stationary for all equations.

Then, the Breusch-Pagan-Godfrey and White heteroscedasticity tests are used to determine
whether the variance of residuals is dependent on the values of independent variables. The results of
these tests indicate that the null hypothesis of homoscedasticity is rejected (see Table 7). Therefore,
we proceeded with the Just-Pope model. Finally, the Hausman test is employed to determine that
the random or fixed-effects model should be used. The results of the Hausman test reveals that the
fixed-effect model is better (Table 7).
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Table 6. Unit root test results.

Potato Crops Variable
Fisher-ADF LLC

Without Trend With Trend Without Trend With Trend

Spring potato
MAX (◦C) 148.80 *** 208.10 *** −3.987 *** −5.80 ***
MIN (◦C) 71.69 *** 189.39 *** −2.781 *** −5.24 ***
P (mm) 322.09 *** 295.18 *** −8.274 *** −6.93 ***

Yield (tone/ha) 57.168 *** 113.09 *** −1.244 * −4.393 ***

Summer potato
MAX (◦C) 62.58 *** 134.25 *** −2.97 *** −4.28 ***
MIN (◦C) 75.26 *** 96.85 *** −3.92 *** −4.06 ***
P (mm) 255.79 *** 214.27 *** −9.70 *** −7.79 ***

Yield (tone/ha) 57.65 *** 96.41 *** −1.55 ** −2.95 ***

Winter potato
MAX (◦C) 89.79 *** 121.10 *** −2.99 *** −3.80 ***
MIN (◦C) 71.34 *** 171.17 *** −2.48 *** −5.11 ***
P (mm) 191.78 *** 164.23 *** −10.57 *** −8.72 ***

Yield (tone/ha) 32.151 *** 100.39 *** −1.43 * −4.09 ***

*, **, and *** respectively, denote rejection of the unit root hypothesis at the 10%, 5%, and 1% significance levels.

Table 7. Panel data model specification tests.

Spring Potato Summer Potato Winter Potato

Heteroscedasticity tests
White’s test 125.91 *** 95.57 *** 118.37 ***

Breusch-Pagan-Godfrey test 7.80 *** 9.54 *** 5.60 ***

Fixed effects versus Random effects
Hausman test 35.85 *** 11.21 ** 14.24 ***

** and *** respectively, significance at the 5% and 1% levels.

3.4. Econometric Model

The FGLS estimation procedure is performed to estimate parameters of average yield function
under QFF and CDFF, as well as parameters of yield variance function under CDFF. Regional dummy
variables are included in the average yield functions, but not in the yield variance functions. In order
to avoid the dummy variable trap, the number of dummy variables is considered one less than the
number of categories [85]. The outcomes of mean yield and its variance estimations for three potato
crops are shown in Tables 8 and 9.

Table 8. Estimation results for potato yield mean function and yield risk under quadratic functional
form (QFF).

Spring Potato Summer Potato Winter Potato

Coef. Std. err. Coef. Std. err. Coef. Std. err.

Yield risk function
Constant 23.943 *** 9.386 13.686 9.437 15.773 *** 5.922

Trend 0.034 *** 0.010 0.043 *** 0.012 0.004 0.010
MAX −6.792 *** 2.858 −3.160 3.354 −5.051 ** 2.214
MIN 0.179 1.139 −0.398 1.418 1.101 * 0.645

P 0.128 0.170 −0.216 0.148 0.259 * 0.145
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Table 8. Cont.

Spring Potato Summer Potato Winter Potato

Coef. Std. err. Coef. Std. err. Coef. Std. err.

Yield average function
Constant −0.832 1.199 8.203 *** 1.953 1.588 1.656

Trend 0.458 *** 0.076 −0.133 0.120 12.259 *** 0.877
MAX −2.389 * 1.373 −4.289 *** 1.611 −0.523 *** 1.717
MIN 7.811 *** 2.458 5.250 ** 2.721 6.592 *** 2.472

P −0.122 0.284 0.848 * 0.526 −0.270 0.366
MAX, squared 0.070 0.052 0.095 ** 0.050 0.176 *** 0.074
MIN, squared −0.061 0.070 −0.027 0.051 0.101 0.077

P, squared 0.00007 0.0006 −0.004 0.004 0.0004 0.0007
MAX * MIN −0.194 0.122 −0.068 0.101 −0.288 * 0.154

MAX * P −0.011 0.009 −0.008 0.015 −0.007 0.018
MIN * P 0.027 *** 0.009 −0.016 0.014 0.0003 0.014

Arid Central Zone 14.567 *** 4.555
Caspian Coastal Plain Zone −0.746 5.871

Khorasan Zone 11.533 *** 4.031
Central Zagros Zone Omitted

Central Zone −8.675 *** 2.969
North-Western Zone Omitted

Khuzestan Zone 14.620 ** 7.212
Arid Southern Zone 8.101 6.344

Southern Zagros Zone 17.213 ** 8.740
Southern Coastal Zone Omitted

Model statistics
F-test 31.997 12.752 60.463

Prob > F 0.000 0.000 0.000
Log likelihood −593.551 −596.991 −403.886

AIC 1215.102 1217.982 835.773
BIC 1270.842 1263.351 887.055

No. of obs. 396 324 288

*, **, and *** respectively, significance at the 10%, 5%, and 1% levels.

Table 9. Estimation results for potato yield mean function and yield risk under Cobb-Douglas functional
form (CDFF).

Spring Potato Summer Potato Winter Potato

Coef. Std. err. Coef. Std. err. Coef. Std. err.

Yield risk function
Constant −4.335 0.295 14.538 7.181 18.216 * 9.651

Trend −0.010 0.010 −0.040 *** 0.016 −0.012 0.010
MAX −2.070 3.242 −6.750 5.784 −6.554 * 3.577
MIN 3.487 *** 1.420 2.242 2.351 0.231 1.689

P −0.112 0.172 −0.225 0.164 0.048 0.170

Yield average function
Constant 6.819 *** 2.422 4.855 *** 1.285 1.878 *** 0.480

Trend 0.561 *** 0.068 0.044 *** 0.005 0.033 *** 0.001
MAX −1.539 *** 0.769 −0.540 *** 0.180 −0.549 *** 0.207
MIN 0.216 *** 0.074 −0.067 0.274 1.154 *** 0.235

P −0.132 *** 0.046 −0.025 0.024 −0.049 *** 0.018
Arid Central Zone −0.614 ** 0.291

Caspian Coastal Plain Zone −0.759 0.814
Khorasan Zone −0.001 0.349

Central Zagros Zone Omitted
Central Zone −0.924 ** 0.137

North-Western Zone Omitted
Khuzestan Zone 1.288 *** 0.197

Arid Southern Zone 0.487 ** 0.223
Southern Zagros Zone 1.097 *** 0.271
Southern Coastal Zone Omitted
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Table 9. Cont.

Spring Potato Summer Potato Winter Potato

Coef. Std. err. Coef. Std. err. Coef. Std. err.

Model statistics
F-test 120.824 1064.995 604.773

Prob > F 0.000 0.000 0.000
Log likelihood −624.135 −626.861 −360.569

AIC 1266.270 1265.723 737.139
BIC 1302.103 1288.408 766.443

No. of obs. 396 324 288

*, **, and *** respectively, significance at the 10%, 5%, and 1% levels.

3.4.1. Impact of Climatic Change on Potato Mean Yield and Its Variability under QFF

The results in Table 8 indicate that MIN is positively and significantly related to the mean yield
of spring potato. The negative sign on the P indicates that an increase in P declines the potato yield.
The negative connection between potato yield and MAX uncovered by the current study is in line
with the results of Kumar et al. [86], Srivastava et al. [87], Vashisht et al. [88], and Resop et al. [89].
In fact, a higher temperature can lead to decreased leaf area and increased senescence rate, a shortened
growing period, consequently, a decrease in potato yield [89]. Quadratic terms for both MAX and
P variables are insignificant with positive effects on average yield. Another quadratic term has a
positive impact on mean yield. The interaction of MIN with P is positively and significantly associated
with mean yield while the other interaction terms are negatively and insignificantly related to mean
yield. On the other hand, all regional dummy variables have a positive and significant effect on
average yield except the Caspian Coastal plain zone. The trend variable as a proxy for technological
advances increases average yield as expected. This finding indicates that potato yield rises over time
due to technological progress such as increased use of fertilizer and using better seed. The result is
in agreement with the findings of Isik and Devadoss [80], Sarker et al. [13], and Sinnarong et al. [15].
The regression coefficients for yield risk reveals that a rise in P and MIN contributes positively to yield
variability. In contrast, the link between MAX and yield risk is negative. The time trend variable is
positively and significantly associated with yield risk. This finding is consistent with the finding of
Chen et al. [8], and Kumar et al. [86].

P and MIN are positively and significantly correlated with the average yield of the summer potato
while the effect of MAX on the average yield is negative with statistical significance. No quadratic
or interaction variables are significant excluding the quadratic term of MAX. The regional dummy
variable has a negative and significant effect on the average yield. The time trend variable is negatively
associated with the average summer potato yield. In terms of the yield variability, the impacts of MAX,
MIN, and P on yield risk of the summer potato are negative. The time trend variable has a positive
and significant effect on yield risk.

The impact of the MAX variable on the average yield of winter potato is negative and significant.
On the contrary, MIN has a positive and significant effect on mean yield. P is negatively related to
the average yield, whereas, the relative effect of time trend is positive and significant on mean yield.
None of the three quadratic terms are significant except for the quadratic term of MAX. On the other
hand, all of the interactions are insignificant statistically excluding the interaction of MAX with MIN.
All of the regional dummy variables are positively related to the average yield. From the viewpoint
of the yield risk, the impacts of P and MIN on yield variance of the winter potato are positive and
significant while that of MAX is negative and significant. Finally, the time trend variable is positively
related to yield risk.

3.4.2. Impact of Climatic Change on Potato Mean Yield and Its Variability under CDFF

The results in Table 9 indicate that P is negatively and significantly related to the average yield
of spring potato. The negative sign on the MAX indicates that a higher mean of MAX declines
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the potato yield. MIN is positively and significantly related to the average yield of spring potato.
On the other hand, all regional dummy variables are negatively associated with the average yield.
The regression coefficients for yield risk reveals that a rise in P and MAX contributes negatively to
yield risk. Meanwhile, the relationship between MIN and yield risk is positive. The time trend variable
has a negative effect on yield risk. This result is in line with the results of Chen et al. [8] and Kumar et
al. [86].

The MAX has an adverse and significant impact on the average yield of the summer potato. P and
MIN are negatively and insignificantly correlated with the average yield. The regional dummy variable
is negatively and significantly associated with the average yield. The trend variable positively and
significantly contributes to the average summer potato yield. In terms of the yield risk, the impacts of
P and MAX on the yield risk of the summer potato are negative. These results imply that P and MAX
are risk-decreasing factors while MIN is risk-increasing inputs. The trend variable has an adverse and
significant effect on yield risk.

The impacts of the MAX and P variables on the average yield of the winter potato are negative
and significant. Conversely, MIN has a positive and significant effect on mean yield. The relative
effect of time trend is positive and significant on average yield. All of the regional dummy variables
are positively and significantly related to average yield. From the viewpoint of the yield variability,
the impacts of MAX and Trend on yield variance of the winter potato are negative. Increasing the MIN
and P raise the yield risk of the winter potato. These findings demonstrate that yield risk is negatively
influenced by MAX and positively influenced by P and MIN.

3.5. Elasticities of Climate Variables

Elasticities enable us to analyze and compare the impacts of climatic parameters in either production
function. The coefficients of MAX, MIN, and P were translated into elasticities by multiplying them by
the mean of the weather parameter and dividing by the mean yield [13]. The estimated elasticities of
weather variables are presented in Table 10.

Table 10. Elasticities of climate variables.

Potato Crops Production Function Form Climate Variables Average Yield Yield Risk

Spring potato Quadratic MAX −2.231 −6.792
MIN 1.104 0.179

P −0.080 0.128
Cobb-Douglas MAX −1.539 −2.070

MIN 0.216 3.487
P −0.132 −0.112

Summer potato Quadratic MAX 0.371 −3.160
MIN 1.585 −0.398

P 0.161 −0.216
Cobb-Douglas MAX −0.540 −6.750

MIN −0.067 2.242
P −0.025 −0.225

Winter potato Quadratic MAX 6.606 −5.051
MIN 1.135 1.101

P −0.423 0.259
Cobb-Douglas MAX −0.549 −6.554

MIN 1.154 0.231
P −0.049 0.048

The elasticity values of MAX range between −2.23 and 6.60 and between −6.79 and 3.48 in average
yield and yield variability functions, respectively. The results indicate that an increase in MAX declines
the yield variability of spring, summer, and winter potato crops in the QFF and the yield variability of
winter potato in CDFF, while it increases the yield variability of spring and summer potato crops in
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the CDFF. The estimated elasticities of the yield variability for all potato crops are greater than unity
and thus are considered elastic. From the viewpoint of the average yield, a rise in MAX decreases
the average yield of potato crops in either production functional form. The estimated elasticities of
the average yield are elastic for the spring, summer, and winter potato crops are inelastic. Overall,
these findings lead to the conclusion that MAX is mostly a yield-decreasing and risk-decreasing factor.

The elasticities of MIN vary from −0.39 to 3.48 in the yield variability functions, and that for
mean yield, functions vary from −0.06 to 1.58. The sign of the elasticities indicates that MIN increases
the yield risk for spring and winter potato crops in QFF and CDFF but declines the yield risk for the
summer potato in CDFF.

The elasticities of P range between −0.22 and 0.25 and between −0.42 and 0.16 in the yield
variability and mean yield functions, respectively. As these values are less than one, the response
of yield average and variability of spring, summer, and winter potato crops to the changes in the
precipitation is inelastic in both production functional forms. A rise in P reduces the variance of
summer potato in both forms that imply it is a risk-decreasing factor, whereas P for winter potato is a
risk-increasing input. P for spring potato is a risk-increasing input in QFF and a risk-decreasing input
in the CDFF.

3.6. Forecast Potato Yield and Yield Risk under Climate Scenarios

The changes in potato yield and yield risk under future climate change are gauged by the results of
the two last steps (percentage changes in climatic parameters and the elasticity values). The percentage
changes in potato yield and yield risk in QFF and CDFF for each AEZ under RCP 4.5 and 8.5 scenarios
in the 2050s, as compared to the baseline period, are presented in Figures 10–13.Sustainability 2020, 12, x FOR PEER REVIEW 19 of 24 
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It is very clear from Figure 10 that under the QFF, climate scenarios would decrease the average
yield of AEZ-3, 5, 7, and 9 during the 2050s, with respect to the baseline period. Whereas, AEZ-3, 5,
and 9 are susceptible to experience the changes of average yield below −6% and are anticipated to
emerge as high vulnerable zones by the end of the 2050s. It is important to note that out of these zones,
AEZ-3 is the second-largest potato producer in Iran (see Figure 3a). AEZ-1, 2, 4, 6, 8, and 10 are expected
to have an increase in mean yield under two scenarios. These findings lead to the conclusion that yield
in relatively more AEZs is predicted to increase under different RCP scenarios during 2041–2070.

In QFF, the potato yield variance appears to be decreasing in all the AEZs under two RCPs in the
2050s (see Figure 11). Variance changes will vary from −10.5 to −29.1%, and from −7.1 to −27.9% in the
RCP 4.5 and 8.5 scenarios, respectively.

The results imply that under CDFF, the mean yield for AEZ-3, 4, 5, 7, 8, and 9 would fall in
response to two future climate scenarios in the 2050s (see Figure 12). Out of these zones, AEZ-3 and 4
are the major potato producing zones in Iran. It should be noted that AEZ-3 is prone to experience a
decrease in mean yield around 8.3% and it is expected to emerge as a highly vulnerable zone by the
2050s. As can be seen in Figure 12, the average yield in AEZs which are in eastern (AEZ-10), northern
(AEZ-1), and central (AEZ-2 and 6) parts of Iran are expected to increase a maximum of about 1.4% in
response to RCP 8.5 scenario by the end of 2050s. In total, mean yield changes would vary from −8.3 to
1.7% and −7.8 to 1.4% in the RCP 4.5 and 8.5, respectively.

From the viewpoint of the yield risk, under the RCP 4.5 and 8.5 scenarios, the variance of yield
relatively more AEZs (AEZ-1, 2, 3, 4, 6, 8, 9, and 10) would evolve as decreasing in the 2050s with
respect to the baseline period. Figure 13 indicates that the yield risk of the rest of the zones is predicted
to increase a maximum of almost 6.2% under different climate scenarios.

4. Conclusions and Policy Implications

The main purpose of this study was to evaluate the effects of climatic change on potato yield
and its variability in the agro-ecological zones of Iran during 2041–2070 (2050s). To achieve this aim,
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the SDSM model was performed to downscale the CanESM2 outputs, and to project the local climate
parameters for the potato growing season under two emission scenarios (RCP 4.5 and 8.5) for the
future period. Then, we applied the Just-Pope production function in the context of the panel data
model to estimate the effects of climatic change on potato average yield and yield variability.

Evaluating the effect of future climate conditions on potato mean yield implied that the negative
impacts of climatic change on mean yield are forecasted in AEZ-3, 5, 7, and 9 for RCP scenarios in the
2050s under the QFF and CDFF. It is worth noting that AEZ-3 is the largest potato producer in Iran and
it would face a decline in mean potato yield. AEZ-3 is susceptible to experiencing a decrease in mean
yield of around 8.3% and 11% under RCP 4.5 and 8.5, respectively, and it is predicted to emerge as a
highly vulnerable zone in the 2050s. The average yield in other AEZs is forecasted to increase by a
maximum of almost 36.9% in response to climatic scenarios by the end of this period. In terms of the
yield variability, under the RCP 4.5 and 8.5 scenarios, the yield variability of more AEZs (AEZ-1, 2, 3, 4,
6, 7, 8, and 10) would evolve to decrease in the 2050s.

These results provided considerable evidence regarding the potential yield losses that would
occur under future climatic change. Furthermore, the majority of the regional dummy variables
were significantly related to potato mean yield, whereas their impacts were different in various
spatial positions. This revealed the fact that climatic change affected various agro-ecological zones
differently. Consequently, the severity of climatic change impacts on potato yield would vary among
these zones. This certifies the requirement for further location-specific studies on climatic change and
crop production. Although the findings of the present study provide a comprehensive insight into
the impact of climate change on potato yield, other factors affecting production can be considered
for future studies. One of the important aspects of future studies could be considering agricultural
land-use changes and crop production changes in AEZs of Iran due to climatic change.

Our findings have significant implications on the design of policies related to appropriately
allocating the lands under potato cultivation among different agro-ecological zones. Moreover,
the results recommend that ecological zone-specific adaptation strategies be adopted to mitigate
the decrease in potato yield and meet food security in the presence of climatic change. Overall,
the outcomes based on CanESM2 and different scenarios used in the study could be very insightful
for deep analysis related to food security to ensure the mitigation of risk on the agricultural sector,
especially on staple foods such as potato.
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