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HIGHLIGHTS GRAPHICAL ABSTRACT

e Newer insights on modeling the climate-
change and soybean link in Mississippi

e Mann-Kendall and Sen-slope methods
for climatic trends and ARDL model for
climate-crop impact were used.

e A positive trend in Tmin (4+0.25 °C/
decade), and a negative trend in DTR
(—0.18 °C/decade) were found.

e Tmax's ongoing trend decreased soy-
bean yield, but Tmin's and CO, emis-
sions' trends increased it.

o Altogether, soybeans in MS exhibited
variable sensitivity to short- and long-
terms climatic changes.
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ARTICLE INFO ABSTRACT

Editor: Elena Paoletti Studying historical response of crops to weather conditions at a finer scale is essential for devising agricultural
strategies tailored to expected climate changes. However, determining the relationship between crop and climate

Keywords: in Mississippi (MS) remains elusive. Therefore, this research attempted to i) estimate climate trends between

Crop modeling 1970 and 2020 in MS during the soybean growing season (SGS) using the Mann-Kendall and Sen slope method,

Climate change
Abiotic stresses
Food security
ARDL model
Crop yield

ii) calculate the impact of climate change on soybean yield using an auto-regressive distributive lag (ARDL)
econometric model, and iii) identify the most critical months from a crop-climate perspective by generating a
correlation between the detrended yield and the monthly average for each climatic variable. Specific variables
considered were maximum temperature (Tmax), minimum temperature (Tmin), diurnal temperature range
(DTR), precipitation (PT), carbon dioxide emissions (CO3), and relative humidity (RH). All required diagnostic-
tests i.e., pre-analysis, post-analysis, model-sensitivity, and assessing the models' goodness-of-fit were performed
and statistical standards were met. A positive trend in Tmin (+0.25 °C/decade), and a negative trend in DTR
(—0.18 °C/decade) was found. Although Tmax, PT, and RH showed non-significant trends, numerical changes
were noted as +0.11 °C/decade, +3.03 mm/decade, and —0.06 %/decade, respectively. Furthermore, soybean
yield was positively correlated with Tmin (in June and September), PT (in July and August), and RH (in July),
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but negatively correlated with Tmax (in July and August) and DTR (in June, July, and August). Soybean yield
was observed to be significantly reduced by 18.11 % over the long-term and by 5.51 % over the short-term for
every 1 °C increase in Tmax. With every unit increase in Tmin and CO2 emissions, the yield of soybeans increased
significantly by 7.76 % and 3.04 %, respectively. Altogether, soybeans in MS exhibited variable sensitivity to
short- and long-terms climatic changes. The results highlight the importance of testing climate-resilient agro-
nomic practices and cultivars that encompass asymmetric sensitivities in response to climatic conditions of MS.

1. Introduction

Soybean (Glycine max all-oil- Merr.) is the most widely grown crop
worldwide (126 million hectares) and the 2nd highest (33.3 million
hectares) across the United States (US) (FAOSTAT, 2022). Among top
three soybean producers, the US contribution is 34 %, signifying its
economic importance to US and global agriculture (Pimentel et al.,
2022). Considering its wide array of uses such as human protein, per-
sonal care, edible oil, beverages, livestock feed and aquaculture, in-
dustrial products, and biofuel, soybean accounts for >10 % of the global
trade of agricultural commodities, and its demand is expected to rise in
the futurei.e., 22 % decade ! (da Silva César et al., 2019). However, like
other crops, sustainable production of soybean is continuously chal-
lenged by biotic and abiotic stresses caused by the ongoing climate
change (Ciscar et al., 2018; Guntukula, 2020: Sharma et al., 2022a;
Smith et al., 2019).

The alterations in mean values of temperature, precipitation (PT),
and relative humidity (RH) that last for a longer time periods i.e., mul-
tiple decades, are referred to as a climate change (Mach et al., 2016).
Climate change accelerates the phenological processes diminishing
photosynthetic mechanism and shortening the crop growing cycle,
which negatively impacts crop productivity (He et al., 2020). Every 1 °C
increase in growing season temperature is found to reduce soybean
productivity globally by 3 % (Zhao et al., 2017). However, during the
growing season, temperature sensitivity varies with crop growth stages
(Wang et al., 2023). For example, in soybeans, the reproductive stage,
specifically the grain filling and pollination stages, is found to be more
sensitive in terms of affecting the yield (Wang et al., 2023). Likewise, it
has been observed that drought and extreme variation in the PT pattern
can affect physiological processes and, consequently, the yield (Guo
et al., 2022a). Moreover, future temperature and PT patterns are pre-
dicted to rise further by 2.2 °C and up to 40 % by 2100, faster than
historical rates (Pielke Jr et al., 2022; Thackeray et al., 2022 Malla et al.,
2022). It is anticipated that these changes, combined with increased
ambient CO; (e[CO2]) emissions, will have a greater impact on agri-
cultural productivity than in the past (Lobell et al., 2011). The future
mitigation strategies and research priorities are based on past estimates
of crop-climate impacts (Rippey, 2015 Sultan et al., 2019). Despite
mounting evidence that global climate change negatively impacts crops,
some studies reported minimal or no effect (Liu et al., 2010 Sacks and
Kucharik, 2011 Liu et al., 2012 Sharma et al., 2022a). Also, some
regional-scale studies found a positive correlation between changing
climate and yields between 1982 and 1998 (Lobell and Asner, 2003). In
other words, crop-climate relationships are complex, and even identical
climatic trends can have different impacts on crops, and these impacts
differ by region and crop type (Kukal and Irmak, 2018). Therefore, to
better understand crop-climate associations, explorations at a finer scale
(region or state) are needed, specifically to identify the varied sensi-
tivities of crops to climate change.

There is consensus on the effects of climate change on agriculture on
a global and national scale through a vast number of crop simulation and
econometric studies (Smith et al., 2000 Tubiello et al., 2000 Tebaldi and
Lobell, 2008). Regional perspectives are, however, under-examined
(Kunkel et al., 2012 Lychuk et al., 2017) and within the US, Mis-
sissippi (MS) is one of those states that experiences severe floods, trop-
ical storms, and droughts that are expected to worsen in the future (EPA,
2016). Mississippi receives 1419.8 mm (55.9 in) of PT per year, making

it the third wettest state in the country (NOAA, 2021). Recently, MS
experienced its warmest 5-year period from 2016 to 2020 (NOAA,
2021). By 2100 in MS, it is expected that there will be 30 to 60 days per
year when temperatures will exceed 35 °C, up from the current 15 days
(EPA, 2016). This climate change will have serious implications in MS
considering substantial agroeconomic impact, with 4.2 million hectares
under agriculture, producing $8.33 billion, and employing 17.4 % of its
population in agriculture (MDAC, 2021). Soybean is the most important
crop in MS, accounting for 0.91 million hectares, or 2.73 % of the
country's cropland, and generating $1.49 billion revenue annually
(MDAC, 2021; USDA-NASS, 2022).

Thus far, there are limited studies investigating climate change im-
plications on soybean production in MS (Shammi and Meng, 2021 Sun
et al., 2022). The statistical or crop simulation modeling studies has only
estimated the direct (short-term) effects of climate change on soybean
while ignoring the indirect (long-term) component of crop-climate in-
teractions (Surowka et al., 2020). The present study will employ the
auto-regressive distributed lag (ARDL) model, that is an advanced model
with robust statistical capabilities to additionally detect the indirect
climate-crop impacts by cumulatively distributing the immediate effects
over the past years (Warsame et al., 2021). Therefore, this study is the
first attempt of using ARDL model in MS (also in the US) to quantify
crop-climate impact in soybean. The objectives are i) determining the
trends in maximum temperature (Tmax), minimum temperature (Tmin),
diurnal temperature range (DTR), precipitation (PT), carbon dioxide
emissions (CO»), and relative humidity (RH) from 1970 to 2020, ii)
estimating the impact of these climatic variables on soybean yield, and
iii) identifying critical climatic variables for specific months during SGS
as they influence soybean production in MS.

2. Materials and methods
2.1. Data

A 50-year (1970-2020) time series dataset for MS (Fig. 1) was used
to assess the impact of climate change on soybean yield.

Several studies have documented the use of time series data in crop-
climate research (Warsame et al., 2021 Chandio et al., 2022 Gul et al.,
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Fig. 1. Map highlighting Mississippi (MS) on the US map.
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Table 1
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Data description including study variables, units of variables and sources of data used in the study.

Study variable (units)

Data sources

Soybean yield (Mg ha™!)
HA (ha)

Tmax (°C)

Tmin (°C)

DTR (°C)

PT (mm)

CO, emissions (Mmt)
RH (%)

USDA-NASS https://www.nass.usda.gov/

NOAA https://www.noaa.gov/

USEIA https://www.eia.gov/environment/emissions/state/
PRISM https://prism.oregonstate.edu/comparisons/

NOAA represents National Oceanic and Atmospheric Administration, USDA-NASS is United States Department of Agriculture's national agricultural statistics service,
USEIA is United States Energy Information Administration, and PRISM is Parameter Elevation Regressions on Independent Slopes Model. Tmax is maximum tem-
perature, Tmin is minimum temperature, DTR is diurnal temperature range, PT is precipitation, CO5 is carbon emissions, RH is relative humidity, and HA is harvested
area for soybean. Mg ha™! denotes megagram per hectare, ha is hectares, °C is degree Celsius, mm is millimeter, and Mmt is million metric tons.

2022). The Tmax, Tmin, DTR, PT, CO, emissions, and RH were the in-
dependent variables with the harvested area (HA) as a control input
variable and soybean yield was the dependent variable in the current
study. The area weighted averages of the data (Tmax, Tmin, DTR, PT,
and yield) for the counties that produce soybeans were used to represent
a single spatial unit for MS for each growing season, creating time series
for each variable spanning 51 years. The CO5 emissions and RH data
were available on MS scale which was fed to the model after running
pre-analysis diagnostic testing model assumptions. These data compi-
lations were done as guided by previous crop-climate studies (Daly and
Bryant, 2013 Sharma et al., 2022a Godwin et al., 2023). The units and
sources of the data can be found in Table 1. These data sources use high
grid resolutions (4-5 km) to transcode datapoints from monitoring sta-
tions to ensure sample coverage on the appropriate geographical scale
(Mourtzinis et al., 2017 NOAA, 2021). Daly et al. (2008), EIA (2019),
and NOAA (2021), explains the comprehensive algorithms used by these
data sources for assembling the data points. The US Department of
Agriculture handbook on planting and harvesting calendar suggests
May-September as the soybean growing season (SGS) (USDA, 2021).
From available monthly data, the Tmax, Tmin, DTR, and RH were
averaged, and PT was totaled, over the SGS, following previous relevant
studies (Ginbo, 2022 Sharma et al., 2022a). Due to lack of monthly data,
CO, emissions (atmospheric) values were used as yearly averages
instead of SGS averages. The study timeframe included the crucial
period of 1983-2012, which has been noted as the warmest 30-year span
in the previous 800 years for the Northern Hemisphere (Stocker et al.,
2013).

2.2. Methodology for climatic trend detection

The non-parametric Mann-Kendall and Sen slope methods, which the
World Meteorological Organization has recommended for use in esti-
mating climate trends, were used in the current study (Mann, 1945;
Kendall, 1948; Sen, 1968). These methods have a simplistic computa-
tional process and are robust to handle data that contains missing or
below-threshold values (Kukal and Irmak, 2016). Also, the data is not
necessarily required to be normally distributed for these methods to
work. Hence, these are widely used in climatic trend computational
studies (Dawood, 2017 Aditya et al., 2021; Karki et al., 2022).

The Mann-Kendall method uses relative ranking by comparing the
values from specified time range to calculate Kendall statistics (Aditya
et al., 2021). The basic equation guiding Mann-Kendall test is as follow:

sgn(Xk —Xj) 1

=j+1

n—1
Kendall statistics (S) = Z
=K

In Eq. (1), “sgn” is a mathematical function called signum that can

have values +1, 0, or —1 depending if X; — X is >0, =0, or <0. In the
time series data used in the study, “X;” and “X)” are the consecutive data
values for the year “j” and “k” and “n” represents the number of data-
points or years in our case. For n < 10, Kendall statistics (S) determines
the trend but if n > 10 as in the current study, Kendall test standardized
value (Zyk) determines the trend that is calculated from S using the Egs.
(2) and (3) (Gujree et al., 2022).

m

25— 1) (24 +5)

- @

n(n—1)2n+1)
Variance(S) =

1

In Eq. (2), “m” stands for the taut groups, which indicate data points
with common values but not the same rank number position, and “tj”
stands for the datapoint numbers in the jth group.

S+1

Znik = Variance (S) ®

Eq. (3) usesS-1if S>0,S+ 1if S < 0, and Zyg = 0 if S is 0. The value
of Zyk > 0 indicates a positive trend while Zyx < 0 implies negative
trend.

The Sen slope computes the magnitude (rate of change per year) of
trend for each climatic variable (Sen, 1968) following the below
mentioned Eq. (4).

f = median {()(("_7}('")} 4)

n—m)

where, X, and X;, denote the time series of appropriate climatic variable
at nth and mth time (in years). For every m < n, the magnitude of
denotes the slope of tendency or the rate of change per year of climatic
parameters, with the j values greater than zero denoting positive/up-
ward trend and S values less than zero denoting negative/downward
trend. For the accurate (unbiased by serial correlation) trend estimation,
pre-Whitening procedure was followed prior to feeding the data in
Mann-Kendall and Sen slope equations, as suggested in Liu et al. (2020).
More detail on step-by-step estimation process for the Mann-Kendall test
and Sen slope method is discussed in Kukal and Irmak (2016) and Liu
et al. (2020).

2.3. Methodology for calculating impact of climate change on soybean
yield

2.3.1. Study model

The ARDL model is also known as the bound test cointegration
method, first devised by Pesaran and Shin (1995), and has been used in
previous crop-climate studies (Chandio et al., 2020 Nasrullah et al.,
2021 Warsame et al., 2021; Ramzan et al., 2022; Agbenyo et al., 2022).
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The ARDL model outperforms other econometric models by producing
consistent and efficient results even with small sample sizes (Haug,
2002). This model is also robust against endogeneity, which develops
when predictor variables in the regression model have a propensity to
correlate with the error terms. Endogeneity is common with the crop
and climate datasets (Warsame et al., 2021). The ARDL model simul-
taneously estimates long- and short-term impacts of independent vari-
ables on a response variable (Ramzan et al., 2022). The ARDL is a
dynamic model, meaning that the changes in regressand (assuming “y”)
generated by the change in regressor (assuming “x) do not occur all at
once but rather over time (Hassler and Wolters, 2006). This is vital to
know in order to comprehend long- and short-term implications. There
will only be an immediate (also referred as short-term or direct) effect on
“y” if “x” increases, returns to its initial value, or changes temporarily
(Pesaran and Shin, 1995). However, if “x” changes permanently (as in
the case of climate variables considering a long-term scenario of >30
years), then a smaller proportion of the impact (on “y”) is visible as
direct/immediate/short-term effect, and the remaining impact gets
transferred permanently to cumulated immediate effects, which is
referred to as a long-term/permanent effect (Pesaran and Shin, 1995
Hassler and Wolters, 2006). It's also known as an indirect impact in
relation to climate. The process of transitioning from immediate to
permanent effect is represented mathematically by the geometric pro-
gression series function with a multiplying factor of less than one
(Pesaran and Shin, 1995; Hassler and Wolters, 2006). The ARDL model
also estimates the time and rate by which short-term climatic effects
translate permanently into long-term effects by incorporating an error
correction model (Nasrullah et al., 2021). ARDL models allow re-
searchers to select an ideal lag order for response and explanatory var-
iables for model incorporation (Ramzan et al., 2022). Lag order can be
understood by considering agricultural system complexity, where mul-
tiple input interactions have the tendency to impact crop output both
directly and indirectly (Steffens et al., 2015). For instance, climate
change has two dimensional effects on crops: a direct effect on yield due
to changes in morphology, physiology, and plant productivity, and an
indirect effect due to changes in soil fertility, irrigation availability,
pests, heat, and drought that alters resource use efficiency (Steffens
et al., 2015 Daloz et al., 2021). Indirect effects are also referred to as
residual or rollover effects for instance, how dry fertilizers or cover crops
affect following year crop yields (Quemada et al., 2019). The lag order
specifies the lag period (usually years) for model regressors against the
response variable (yield). It is important to account for indirect effects in
order to calculate the total impact on the cropping system (Sultan et al.,
2019; Abbas et al., 2022). Statistically, the optimum lag order is the lag
number at which the residual sum of squares is minimal, and model's
predictive power is greatest as it accounts for the optimal factors that
affects response variable (Liew, 2004).

Obviously, other factors besides climate change, including techno-
logical advancements, improvements in fertility decision-making, new
cultivar adoption, and other crop management practices, have had a
significant impact on yield (Oglesby et al., 2023). The literature has
described various data-detrending techniques to statistically exclude the
contribution of factors (other than climate) to yield change, and the first
differencing technique used in the current study is one that has been
widely used in similar studies (Ding and Shi, 2022 Mohammadi et al.,
2023). According to Lobell and Field (2007), the impact of these un-
observed factors on yield can best possibly be eliminated/nullified by
differencing the values of previous year from the next throughout the
study period. Moreover, other established norms and criteria to apply
the ARDL approach were followed as in previous studies (Nasrullah
et al., 2021 Abbas et al., 2022 Ramzan et al., 2022).

A natural logarithm form is suggested to adequately deal with issues
of multicollinearity and instability, if present, in the data (Sultan et al.,
2019). The specific model as adopted from past studies (Warsame et al.,
2021; Agbenyo et al., 2022) was as follows:

Science of the Total Environment 905 (2023) 167046

AlnYi,:ﬂ0+Zﬂl Aln(Y),; +Zﬂ2Aln(Tmax),,i+ > BsAln(Tmin),_i+
i=1 i= i=1

i=1

> BAIn(DTR),_i+» _psAln(PT),i+ S B AIn(COy),_+
i=1 i=1 i=1

> B AIn(RH)._i+ > B Aln(HA),_i+ .
P = > SiAR(Y), i+
i=1

i=

52Aln(Tmax)H+Z(53Aln(Tmin),,,+ n
=1 =1 > 84Aln(DTR), i+
i=1
D SsAIn(PT) i+ _8sAln(COy), + u
=1 =1 > 8, Aln(RH), i+
i=1
ZégAln(HA),,i-l—@(ECT),,i +é&

i=1

(2)

where, Y is soybean yield in year t, and Tmax, Tmin, DTR, PT, RH, COo,
and HA are explanatory variables. f3, is the intercept, i is the lag order
(with “n” is maximum lag length), A denotes the first differential, ¢, is
the error term, f; to ffg represents coefficients of long-term coefficients
for different variables, 5; to 5g are short term coefficients for different
variables, ECT is the error correction term and @ is its coefficient which
determines the rate of readjustment of short-term shocks on the long-
term equilibrium.

2.3.2. Pre-analysis diagnostic testing

2.3.2.1. Multicollinearity. There is a series of mandatory statistical tests
required before running regression using the ARDL model (Warsame
et al., 2021). The presence of multiple variables in this study raises the
possibility of variable correlation, causing issues such as overfitting,
increased variances, and large standard errors (Kim, 2019). It is
important to have no multicollinearity or, when not possible, the vari-
ables showing multicollinearity should be excluded from the model. To
avoid this problem, a variance inflation factor test and a tolerance level
test were performed to check multicollinearity (Kim, 2019).

2.3.2.2. Unit roots/non-stationarity. Another key issue with the time
series data is the existence of unit root problems (non-stationarity), or
non-constant mean, variance, and/or covariance, implying they are
either diverging or converging with time (Fingleton, 1999). Non-
stationarity causes spurious regression analyses, and as a result, the
inferences drawn may inaccurately reflect the relationship. An
Augmented Dickey-Fuller (ADF) test and a Phillips Perron (PP) test were
performed to check unit root problems (Warsame et al., 2021). The
literature suggested detrending or differencing for transforming the data
if non-stationarity was found, depending on whether the data showed a
stochastic or deterministic trend (Altunkaynak and Nigussie, 2018).

2.3.2.3. Optimum lag selection. The lag component of the ARDL model
allows the inclusion of variables from prior years as a regressor against
the current year regressand (yield) in the model (Abbas et al., 2022). An
optimum lag is number of significant previous years that needs to be
included in the model to capture residual effects (of inputs) on current-
year crop production (Nasrullah et al., 2021). The optimal lag selection
increases model power by lowering endogeneity and residual correla-
tion (Agbenyo et al., 2022). Multiple tests such as likelihood ratio (LR),
Final Prediction Error criterion (FPE), Akaike information criterion
(AIC), Schwarz Bayesian information criterion (SIC), and Hannan-Quinn
information criterion (HQ), as suggested in previous studies, were used
to select an optimal lag number for the model (Warsame et al., 2021;
Agbenyo et al., 2022).
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2.3.2.4. Cointegration testing. Prior to computing model coefficients, the
Wald F-test is required to determine the existence or absence of a long-
term relationship between different regressors and a regressand (soy-
bean yield) (Ramzan et al., 2022). This was tested at 1 %, 5 %, and 10 %
significance levels, respectively, and the Wald Fcal (F-calculated) values
were compared to the upper bound critical value I (1) and lower bound
critical value I (0). If Fcal is more than I (1), a relationship exists between
the variables; if Fcal is less than I (0), there is no relationship between
the variables (Warsame et al., 2021). However, Fcal values between I (1)
and I (0) represent an inconclusive situation. Furthermore, Eq. (1) can be
used to calculate the long- and short-term coefficients if long-term
cointegration is detected.

2.3.3. Post-analysis diagnostic testing & robustness check of the ARDL
model

After estimating the coefficients of the final regression equation of
ARDL model, the next step is to test if the error terms are free of serial
correlation and heteroscedasticity. Error terms become autocorrelated
with their lag values due to serial correlation, and heteroscedasticity
produces uneven scattering of residuals (error terms) (Abbas et al.,
2022). Both situations cause regression model inferences to be ineffec-
tive (Warsame et al., 2021). Therefore, the study employed the Breusch-
Godfrey LM test and the Breusch-Pagan-Godfrey test, as described by
Ramzan et al. (2022) and Agbenyo et al. (2022), for checking serial
correlation (autocorrelation) and heteroscedasticity. Also, the ARDL
model regression coefficient stability, accuracy, and goodness of fit were
tested to ensure whether the output coefficients of the study model are
stable or not throughout the study period to generate inferences (Nas-
rullah et al., 2021; Li and Shao, 2022; Agbenyo et al., 2022). This was
accomplished by running the cumulative sum of recursive residuals
(CUSUM) test and cumulative sum of squares of recursive residuals
(CUSUMSQR) test. The CUSUMSQ test detects sudden and drastic de-
viations from the constancy of the model coefficients, whereas the
CUSUM test can detect systematic differences (Deng and Perron, 2008).
Finally, to validate the robustness and sensitivity of the study's novel
ARDL model, the estimations produced by the ARDL model were re-
verified using the fully modified ordinary least square (FMOLS)
model. Robustness and sensitivity testing were conducted as per previ-
ous studies described by Nasrullah et al. (2021) and Li and Shao (2022).

2.4. Methodology for identification of critical months of impact on
soybean yield

After examining the impact of climate on soybean yield using SGS
averaged values of climate variables, the study extended the method-
ology to investigate monthly-level controls. Following Eck et al. (2020),
critical months were identified using Pearson's correlation coefficient

Table 2
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between the first differenced (detrended) yield and monthly values of
each climatic variable.

3. Results and discussion

Following the backward elimination method (Halinski and Feldt,
1970 Timm, 2002) for choosing the independent variables for multiple
regression analysis, the DTR and RH variables were found to negatively
impact the model's overall predictive performance, so they were
excluded from the final fitted regression equation for the reduced ARDL
model. The remaining variables were included in the ARDL model and
were tested in pre- and post-diagnostic tests (Tables 3 and 5), all of
which were based on ARDL model assumptions. However, to analyze
climatic trends and determine Pearson's correlation between detrended
(first differenced) yield and monthly averaged climatic variable values,
all variables were taken into consideration (Tables 2 and 4B).

3.1. Climatic trend analysis (1970 to 2020)

The mean Tmin, Tmax, DTR, and PT were found to be 18.94 °C,
31.15°C, 12.21 °C, and 45.21 mm during SGS over the past five decades
in MS (Table 2). Over SGS, the Tmax trend line showed a nonsignificant
increase of 0.11 °C every decade; however, the months of June and
August exhibited a significant increase in warming with a range of
0.41-0.47 °C per decade (Fig. 2A; Table 2). Sharma et al. (2022b) noted
a similar Tmax warming rate (0.11 °C/decade), but a higher Tmin
warming rate (0.34 °C/decade) for the southeastern US region. Over
SGS, Tmin has shown a significant positive trend with an increase of
0.25 °C each decade (Table 2; Fig. 2B). The most significant contributors
to Tmin trend were found to be the months of June, July, and August,
with temperatures increases in the range of 0.24-0.35 °C each decade
(Table 2). Sen slope comparisons showed that the Tmin warming was
1.27 times Tmax, evidence of an asymmetric (Tmin increase > Tmax
increase) warming trend in MS (Table 2). This asymmetrical trend of
warming is a significant, and a topic for further explorations to under-
stand climatic impacts on crops. Singh et al. (2021) discovered: the
predictability of agricultural output depends more on Tmin when
compared to the other eleven climatic parameters considered. The DTR,
which refers to the difference between Tmax and Tmin is a critical
variable and has gained attention in crop-climate research. The inherent
variation of DTR contrasts favorably and is unaffected by fluctuations in
the average temperature on decadal time frames (Braganza et al., 2004).
While some soybean plant activities, such as photosynthesis, are light-
driven, others, such as crop development, have non-linear relation-
ships with temperature that allow Tmax and Tmin to have differing ef-
fects on soybean (Dusenge et al., 2019). DTR has proven to be the only
index that can concurrently account for both types of plant processes

The Mann-Kendall test and Sen slope method for estimating trends in variables, such as maximum temperature (Tmax), minimum temperature (Tmin), diurnal
temperature range (DTR), precipitation (PT), and relative humidity (RH) in Mississippi from 1970 to 2020.

Series/test Tmin (°C) Tmax (°C) DTR (°C) PT (mm) RH (%)
Zyvk p-Value Sen's Zyik p- Sen's Zyik p-Value Sen's Znik p- Sen's Znik p- Sen's
slope Value slope slope Value  slope Value  slope
May 0.178  0.064 0.022 0.103 0.287 0.012 —0.092  0.340 —0.009 —0.087 0.364 —0.183 0.003 0.981 0.000
June 0.373  0.000 0.035 0.051 0.047  0.007 -0.261  0.006 —0.028  0.095 0.324  0.163 0.125 0.193  0.036
July 0.262 0.006 0.024 —0.006 0.956 —0.001 —0.401 <0.0001 —0.031 0.119 0.215 0.147 0.068 0.482 0.022
August 0.299  0.002 0.027 0.066 0.041  0.009 —0.201  0.037 —0.019  0.158 0.099  0.269 —0.009  0.931 —0.004
September  0.183  0.057 0.027 0.143 0.136 0.021 0.006 0.956 0.001 —0.063 0512  —0.112 —0.110  0.253  —0.060
SGS 0.427  <0.0001  0.025 0.128 0.182 0.011 -0.276  0.004 —0.018  0.062 0.523  0.303 —0.012 0.906  —0.006
Mean 18.94°C 31.15°C 12.21°C 45.21 mm 68.18 %

Zyx is Kendall test standardized value that ranges from —1 to 1, and its absolute value indicates the strength of the trend. Positive (+) values indicate an upward
(increasing) trend, while negative (—) values indicate a downward (decreasing) trend. The strength of the trend increases as Zyk absolute values get closer to 1. The Sen
slope value is a measure of the rate of change annually. The annual rate of decrease is indicated by the negative (—) value of the Sen slope, while the annual rate of
increase is indicated by the positive (+) value. The significant values are highlighted in bold.
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Fig. 2. Trend lines showing the direction (upward or downward) of trend for maximum temperature (A), minimum temperature (B), diurnal temperature range (C),
precipitation (D), and relative humidity (E) for SGS, from 1970 to 2020 in Mississippi (MS). Each figure is categorized by the months from May to September and the

SGS average of all the months.

(Lobell, 2007). The DTR trend was noted to be significantly negative for
SGS, specifically during June, July, and August (Fig. 2C), with an
asymmetricity (Tmax-Tmin) of warming continuously decreasing at the
rate of 0.18 °C/decade (over SGS), and in the range of 0.19-0.31 °C/

decade (in June-August) (Table 2). This decreased DTR trend is attrib-
utable to the increased cloud cover resulting in reduction of incoming
short radiation rate during the day (Doan et al., 2022). Furthermore, PT
and RH exhibited no significant trend over SGS (Fig. 2D, E). These
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climatic rates are essential to determine the speed at which ecosystems
need to readapt and return to equilibrium (Smith et al., 2015).

3.2. Pre-analysis diagnostic test results

3.2.1. Unit root testing results

The study variables were found to be stationary at level I (0) or first
difference I (1) at the p < 0.01 level of significance (Table 3A). This
verified that the means, variances, and covariances were not time
dependent, enabling the regression coefficients to accurately reflect the
actual relationship between variables (Baumohl and Lyocsa, 2009) and
thereby fulfilling the assumptions of the ARDL model (Agbenyo et al.,
2022).

Table 3
Pre-analysis diagnostic test results.

(A) Results of unit root tests using Augmented Dickey-Fuller (ADF) and Phillips-Perron
(PP) tests of variables involving maximum temperature (Tmax), minimum
temperature (Tmin), CO, emission (COy), harvested area (HA), precipitation (PT), and
soybean grain yield (Y)

Variables ADF PP

Level First difference  Level First difference

Tmax (°C)
Tmin (°C)
CO, (Mt)
HA (ha)

PT (mm)

Y (Mg ha™1)

(B) Results of the multicollinearity testing using the variance inflation factor (VIF) and
tolerance value (TOV) tests for variables such as the maximum temperature (Tmax),
the minimum temperature (Tmin), the carbon dioxide emission (CO), the harvested
area (HA), and the precipitation (PT)

Variable Variance inflation factor (VIF)  Tolerance level
Tmax (°C) 8.06 0.124
Tmin (°C) 4.87 0.205
CO, (M) 2.52 0.397
PT (mm) 4.16 0.240
HA (ha) 2.1 0.477
Mean value  4.34 0.288

(C) Model's ideal lag determination criteria employing the sequential modified
statistics test (SMLR), final prediction error (FPE) test, Akaike information criterion
(AIC) technique, Schwarz information criterion (SIC) method, and Hannan-Quinn
information criterion (HQ) method

Lag SMLR FPE AIC SC HQ
0 NA 1.27e-13 —12.665 —12.427 —12.576
1 186.956*  5.11e-15* —15.894* —14.224* —15.268*
2 34.683 9.27e-15 —15.379 -12.279 —14.218
3 47.865 9.38e-15 —15.587 —11.055 —13.889
4 28.476 1.85e-14 —15.378 —9.4153 —13.144

(D) Results of the ARDL bounds cointegration test

Test statistic Value Significance (%) 1(0) 1)

F-statistic 7.150 10 % 2.08 3
5% 2.39 3.38
1% 3.06 4.15

" Indicates significance at p < 0.01.

" Indicates lag order selected by the criterion, SMLR: sequential modified LR
test statistic, FPE: Final prediction error, AIC: Akaike information criterion, SC:
Schwarz information criterion, HQ: Hannan-Quinn information criterion, and
each test at 5 % level of significance.
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3.2.2. Multicollinearity test results

The multicollinearity results are provided in Table 3B. The average
variance inflation factor (VIF) and tolerance values were 4.34 and 0.288,
staying within the permissible limits. VIF values smaller than 10 and
tolerance values larger than 0.1 confirms the data were free from sig-
nificant multicollinearity issues (Miles, 2014).

3.2.3. Optimum lag selection test results

The results of five different tests used in selecting the optimum lag
length, are shown in Table 3C. All tests suggested the lag length to be 1,
indicating that model response variables depended only on one previous
year of the explanatory variables within the model.

3.2.4. ARDL Bounds Cointegration test results

The estimated Wald F-test value (7.150) exceeded the upper
threshold values of 3, 3.38, and 4.14 at 10 %, 5 %, and 1 % levels of
significance, indicating the existence of long term cointegration or a
relationship between the explanatory variables and the response vari-
able (Table 3D).

3.3. Impact of climate change on soybean

The relationship between climatic variables and soybean yield over
the long- and short-term are presented in Table 4A. At the 1 % and 5 %
levels of significance, the Tmax coefficient of ARDL was determined to
be negative for both short- and long-term, indicating that the Tmax
trend had significantly reduced soybean yield in MS (Table 4A). This is
in line with the findings of Goldblum (2009), Mourtzinis et al. (2015),
and Sharma et al. (2022b). Specifically, every 1 °C rise in Tmax, was
noted to significantly reduce long-term soybean yield by 18.11 % and

Table 4
Impact of climate change on soybean from 1970 to 2020.

(A) Estimates derived from the ARDL model for short- and long-term effects of Tmax,
Tmin, CO,, HA, and PT on soybean yield (dependent variable)

Variable Coefficient ~ Std. error  t-Statistic P-value
ARDL model long-term effects

Tmax (°C) —18.115 5.734 —3.159%** 0.004
Tmin (°C) 7.760 2.695 0.008
CO, (Mt) 3.048 0.673 0.000
HA (ha) 0.517 0.265 0.061
PT (mm) -0.977 0.737 0.196
ARDL model short-term effects

Tmax (°C) —-5.515 2.607 —2.115%* 0.041
Tmin (°C) 1.274 1.462 0.871 0.389
CO, (Mt) 0.926 0.533 1.737 0.090
HA (ha) 0.109 0.209 0.526 0.602
PT (mm) —-0.105 0.282 —0.374 0.710
C 15.782 12.620 1.251 0.221
Error correction model —0.435 0.056 -7.796 0.000
R Square 0.848

Adjusted R Square 0.799

(B) Pearson's correlation matrix between the first differenced (detrended) yield and
climatic variables (Tmax, Tmin, DTR, PT, RH) determined for every month of SGS.

Growing season Climatic variables

months I

Tmax Tmin DTR PT RH
May 0.117 0.163 —0.085 —0.153 —0.012
June 0.007 0.4427* o 0.269 0.238
July —0.264** 0.273 —0.296* 0.308*
August —0.184** 0.272 —0.448%** 0.233
September 0.135 0.315* —0.204 —0.013 0.08
" p <0.05.
" p <0.01.

p < 0.001.
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5.51 % in the short-term (Table 4A). These findings were corroborated
by Tao et al. (2008), Kucharik and Serbin (2008), and Guo et al. (2022b),
all documented soybean yield reduction in the range of 3.57 % to 22.70
% with every 1 °C rise in Tmax. According to studies by Jones et al.
(2003), Boote et al. (2011), and Ramirez-Villegas et al. (2013), the
maximum cardinal temperature for soybeans is 30 °C; above this,
reproductive growth, and consequently yield, are negatively impacted.
With every 0.8 °C rise above 30 °C, especially at post-anthesis growth
stage, yield is reduced by 2.4 % (Hatfield et al., 2011). However, the SGS
in MS witnessed a Tmax average of 31.15 °C throughout the 1970-2020
timespan (Table 2). The elevated Tmax (>30 °C) reduces crop water use
efficiency (WUE) up to 60 %, triggers leaf senescence (Egli and Bruen-
ing, 2004; Hatfield and Dold, 2019), reduces transpiration and photo-
synthetic rates (up to 12.7 %), and subsequently reduces yield (Tao
et al., 2006 Djanaguiraman and Prasad, 2010). Additionally, the inter-
action between higher Tmax and vapor pressure deficit (VPD) further
complicates gas exchange mechanisms, decreasing photosynthesis and
consequently yield (Alsajri et al., 2022). A study by Shammi and Meng
(2021) determined the daytime temperature in MS exceeds the ideal
growing range for soybean. In addition, current study discovered the
July and August to be the most consequential months for the negative
effect of Tmax on soybean yield (Table 4B). This is due to the occurrence
of flowering and grain-filling during these months (Teixeira et al.,
2013). Altered, temperature-sensitive morpho-physiology and pollen
viability during these stages severely lowers the yield (Cohen et al.,
2021). It has been shown that increased temperatures can decrease pod
number plant’l, pod set, seed number, and seed size by 10-30 %, 11 %,
11-35 %, and 5-14 %, respectively, all of which can decrease seed yield
by 16-40 % (Allen Jr et al., 2018).

ARDL regression coefficients for Tmin were positive in both the long-
and short-term, but only the long-term was significant at the 1 % level,
indicating that Tmin had a positive impact on soybean yield in MS over
longer period (Table 4A). Further examination revealed that the soybean
yield increased significantly by 7.76 % for every 1 °C Tmin rise in long-
term (Table 4A). These results are in line with the findings of Cabas et al.
(2010), Ferreira and Rao (2011), and Zhang et al. (2022). Also in the
present study, Tmin during June and September were found to be
strongly correlated with increased yields (Table 4B), which agrees with
the findings of Egli and Wardlaw (1980) and Seddigh and Jolliff (1984).
Shammi and Meng (2021) conducted a study in MS with data from 1980
to 2019 and found a positive relationship between Tmin and soybean
yield, with a 6.38 % increase in yield for every 1 °C rise in Tmin. Ac-
cording to Tao et al. (2008), an increase in soybean yield caused by 1 °C
Tmin rise was in the range of 3-19.7 %. Zheng et al. (2009) noted a
17-31 % increase in soybean yield with each 1 °C rise in Tmin. Until
now, a clear agreement has not been established on physiological impact
of Tmin on soybean but, literature on grass species contains evidence
that higher Tmin stimulates nocturnal respiration, leading to losses in
carbohydrates (Guo et al., 2019 Shu, 2021). This carbon-starvation
boosts the photosynthetic rate the following day to more than make
up for the losses caused by the increased nocturnal respiration,
improving the plant's overall productivity (Wan et al., 2009). Contrarily,
Jumrani et al. (2017), Alsajri et al. (2019), Lin et al. (2021), and Zhang
et al. (2016) demonstrated negative effect of Tmin rise on soybean yield.
Furthermore, Guo et al. (2022b) claimed that the Tmin negative effect
on soybean would not be noticeable if it stays below 22 °C during SGS.
The average Tmin for the study period was found to be 18.94 °C
(Table 2), well below this level, and in such cases, yield continues to
increase as Tmin approaches 22 °C (Baker and Allen, 1993). The current
findings are consistent with those of Boote et al. (2005) and Gibson and
Mullen (1996), who determined that the optimal Tavg range for soy-
beans is 27-29 °C, and that if Tavg is below this range, a further rise in
Tmin brings the Tavg closer to its optimal range. This causes an increase
in yield until Tavg is moved out of the optimal range. Similar was the
case with the current study, where Tavg was recorded as 25.05 °C and
Tmin was never high enough to push the SGS Tavg above the optimal
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range (Table 2). Moreover, we should note that in the studies that
describe the detrimental effects of Tmin on soybean production, either
Tmin or Tavg were found to be above their optimum temperatures, 22 °C
and 27 °C-29 °C or both (Jumrani et al., 2017 Alsajri et al., 2019 Lin
etal.,, 2021 Zhang et al., 2016). These researchers evaluated response of
soybean at increased temperatures anticipated by 2050 or 2100 by
running models at higher Tmin or Tavg than that prevailed in the cur-
rent study (Feng et al., 2014 Brown and Caldeira, 2017).

The CO3 model coefficient was positive and significant at p < 0.001,
indicating rise in CO5 emissions between 1970 and 2020 have increased
soybean yields in the long-term (Table 4A). Specifically, one unit in-
crease in CO2 emissions was found to significantly increase soybean
yield by 3.04 %. Research by Jancic et al. (2015), Fodor et al. (2017),
Ejemeyovwi et al. (2018), Sun et al. (2022), and Ntiamoah et al. (2022)
supported similar conclusions. Bhattarai et al. (2017) quantified a 2-20
% yield increase by every one unit rise in CO2 emissions. This is because
elevated CO, is documented to enhance the stomata functionality,
which controls evapotranspiration, canopy energy reserves, photosyn-
thetic rate, growth parameters, soybean pod traits, and thus yield (Allen
Jr et al., 1987; Gray et al., 2016 Lenka et al., 2017).

The ARDL coefficient for PT in the current study was found to be non-
significant, indicating that the overall PT shifts in MS during SGS over
the study period had no impact on soybean yield (Table 4A). However,
when the analysis was scaled down to monthly basis, it was revealed that
July and August PT were strongly correlated with soybean yield
(Table 4B), a finding corroborated by Zipper et al. (2016). The corre-
lation of PT (in July and August) with reduced yield can possibly be
caused by the often poorly drained soils, high annual PT (1544.44 mm)
in MS, extended wet and anoxic conditions which altogether could result
in stand loss or higher disease pressure (MPR, 2022). In addition, the
inability to use ground equipment for crop protection product applica-
tion may cause a delay in pest applications (Kozdroj and van Elsas,
2000). Yield losses of up to 10 % under such circumstances has been
recorded as per previous research (Rosenzweig et al., 2002). The change
in HA on soybean yield was non-significant during the study period in
MS (Table 4A). June, July, and August DTR had significantly negative,
and July humidity had significantly positive association with soybean
yield (Table 4B). These results were consistent with the findings of
McFadden and Miranowski (2016) and were attributable to the fact that
the asymmetric warming (Tmin rise > Tmax rise) poses comparatively
more harsh effect on flowering and grain filling stages of soybean as they
coincide with these months.

Although research efforts testing various soybean cultivars for
drought tolerance have already been progressing in MS (Poudel et al.,
2023a,b), current research findings call for the research to be expanded
to develop and test the soybean cultivars in excess moisture and anoxic
conditions. Shammi and Meng (2021) and the current study initiated the
research on separating the effects of Tmax and Tmin on soybean in MS,
but additional research in a controlled environment is recommended to
validate the results of the current study by examining the soybean's
response to Tmin prevailing rates (18.94 °C).

3.4. Post analysis diagnostics for sensitivity and robustness of the ARDL
model

The results of diagnostic analyses on coefficient stability and residual
error terms (heteroskedasticity and serial correlation) of the final
regression equation derived from the ARDL model, which represents the
relationship between soybean yield and study variables, are shown in
Table 5A. The results confirmed the absence of serial correlation among
the error terms (residuals) of the model. Also, there was no significant
heteroskedasticity, meaning the residuals were evenly scattered
(Table 5A). The CUSUM and CUSUM square (Fig. 3) plot lines were well
specified and stayed within the critical boundaries at 5 % level of sig-
nificance. This confirmed the goodness of fit, accuracy, and stability of
short- and long-term coefficients of the ARDL model.
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Table 5
Post analysis diagnostic testing results.
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(A) Results of diagnostic tests used to evaluate the stability/robustness of model coefficients and recursive residuals, including the Breusch-Pagan-Godfrey test, Breusch-Godfrey LM

test, cumulative sum (CUSUM), and cumulative sum of squares (CUSUMSQ).

Test Statistics Probability
BPG test for heteroskedasticity 0.543 0.905
BG LM test for serial correlation  0.053 0.948

CUSUM and CUSUM of squares Stable (Fig. 3) -

(B) Results of the fully modified ordinary least squares (FMOLS) model, used to revalidate model robustness.

Variable Coefficient Std. Error t-Statistic Prob.
Tmax (°C) —10.456 4.255 —2.457 0.018
Tmin (°C) 6.351 2.357 2.694 0.010
CO, (Mt) 1.702 0.400 4.252 0.000
HA (ha) 0.234 0.193 1.212 0.232
PT (mm) —0.344 0.442 -0.779 0.440
C 9.841 11.164 0.881 0.383
R Square 0.687
Adjusted R Square 0.651
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Fig. 3. Cumulative sum (CUSUM) and CUSUM of squares of recursive residuals of the model displaying stability of model coefficients.

The robust estimator obtained from the FMOLS model, as shown in
Table 5B, indicated that the coefficients for Tmax, Tmin, CO5, and PT
were found to have same sign as of the coefficients generated by the
ARDL model. This supports the robustness of the study model by
providing results similar to those of the ARDL model.

3.5. Study limitations

Every study has a unique set of limitations, which leaves possibilities
for future research advancements. The current studies limitations are
listed below:

1. Even though the current study used more variables than usual (Tavg
and PT), other yield-impacting factors like fertilizer, pesticides,
sunshine hours/solar radiation, vapor pressure deficit, irrigation,
evaporative demand, crop evapotranspiration, wind velocity, as well
as trends in technological advancement, could result in more accu-
rate and practically useful results for the crop stakeholders (Kukal
and Irmak, 2018 Sharma et al., 2023). The current study was limited
to the study factors used due to a lack of consistently available
(minimum 30 years is required) data, precluding the use of addi-
tional variables.

2. The data used in this study were based on monthly averages. How-
ever, if daily or hourly data were available for at least 30 years, it
would allow for a more precise understanding of the relationship
between crops and climate.

3. Being an econometric model, the ARDL model calculated the impact
of regressors at the ceteris paribus (Warsame et al.,, 2021). The
interaction between numerous climatic variables, however, might
produce additional and more nuanced information for growers and
other agricultural stakeholders (Elias et al., 2019).

4. Conclusions

The warming trend in MS was primarily explained by Tmin, which
contributed 69 % while Tmax contributed 30 % to the overall climate
warming in MS. Consequently, these results (Tmin increase-Tmax in-
crease) led the DTR to exhibit a significant downward trend from 1970
to 2020. A significant positive trend was observed for CO5 emissions
while Tmax, PT, and RH changes were non-significant for the 50-yr
period. Rates of change for Tmin (40.25 °C/decade), Tmax
(+0.11 °C/decade), PT (+3.03 mm/decade), DTR (—0.18 °C/decade),
CO; (5.4 Mt/decade), and RH (—0.06 %/decade) were found in this
study. The crop-climate ARDL model captured 79.9 % of total soybean
yield variability caused by climate change over the 50-yr period from
1970 to 2020. Tmax was found to reduce soybean yield by 18.11 % over
the long-term and 5.51 % over the short-term for every 1 °C increase.
Unit increases in Tmin (°C) and CO, (Mt) were found to increase soy-
bean yield over the long-term by 7.76 % and 3.04 %, respectively.
Soybean yield was positively correlated with Tmin in June and
September, PT (in July and August), and RH (in July), but negatively
with Tmax (in July and August) and DTR (in June, July, and August).
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Overall, in MS, soybean yield showed unequal elasticity to long- and
short-term climatic variations, which should inform research priorities
on best management practices and new variety breeding and testing,
considering the asymmetric sensitivities of long- and short-term crop-
climate relationships.
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