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Abstract. Soybean is the most important oilseed and feed crop globally. As one of the major soybean producers in the world, 

soybean yield variability in the United States has garnered widespread attention. We analyze the effect of the Indian Ocean 

sea surface temperature (SST) on soybean yield variability. Our findings indicate that variations in Indian Ocean SST during 

the November–December–January (hereinafter referred to as ND(-1)J) period, approximately nine months prior to harvest, 

account for 16% of the anomaly in U.S. soybean yields. Furthermore, for each standard deviation change in the Indian Ocean 15 

Basin (IOB) index, there is an estimated 4.0% change in total soybean production in the United States. The root zone soil 

moisture and maximum temperature during the reproductive growth stage in summer are the key factors influencing the United 

States soybean yields. The warming of the Indian Ocean could cause hot and dry conditions during July-August-September 

(JAS) by influencing ND(-1)J soil moisture and the eastern Pacific SST, leading to substantial soybean failures in the United 

States. Our findings emphasize the importance of the Indian Ocean SST on soybean production in the United States and reveal 20 

the pathways of this impact, which can help predict the United States soybean failures and improve food security worldwide. 

1 Introduction 

Soybeans are a vital oilseed and feed crop, providing essential proteins and fats for both human and animal nutrition worldwide. 

Due to their significant role, the distribution and trade of soybeans have attracted considerable attention, especially given the 

concentration of production in a few key countries. According to the Food and Agriculture Organization of the United Nations, 25 

in 2017, the United States, Brazil, and Argentina together produced approximately 75.8% of the global soybean supply, with 

the United States being the largest contributor. These three countries also dominate global soybean exports, accounting for 

over 80% of the total, with the U.S. alone representing more than 40% of exports between 2008 and 2012 (Birgit Meade et al., 

2016; Torreggiani et al., 2018). This concentration underscores the importance of production fluctuations in these major 

soybean-producing nations. 30 
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Crop yields are influenced by various local meteorological factors, such as temperature, precipitation, solar radiation, soil 

moisture, and air humidity (Gaupp et al., 2020; Joshi et al., 2021; Li et al., 2019; Ray et al., 2015). However, for soybeans, hot 

and dry conditions during the critical reproductive phase in summer (July-August-September, JAS) are key factors leading to 

reduced yields (Hamed et al., 2021; Nendel et al., 2023; Teasdale & Cavigelli, 2017). For instance, Schauberger et al. (2017) 

have investigated the impact of high temperatures on the yields of US soybeans, which find that Each day with temperatures 35 

above 30°C reduces soybean yields by up to 6% under rainfed conditions and conclude that high temperatures negatively affect 

US crop yields primarily through water stress mechanisms. The risk of yield loss for soybeans due to drought is especially 

significant in the USA, with the likelihood of such losses potentially exceeding 70% during an exceptional drought (Leng & 

Hall, 2019). For example, the late summer of 2012 drought across the central U.S. caused soybean yields across the western 

Corn Belt and central Plains to be at least 25 percent below the long-term trend (Otkin et al., 2016). 40 

Beyond immediate weather patterns, large-scale climate systems like the El Niño–Southern Oscillation (ENSO) also influence 

soybean yields by modulating seasonal temperature and precipitation patterns. Persistent La Niña phases, for example, can 

lead to soybean harvest failures across the U.S. and southeastern South America due to impacts on extratropical sea surface 

temperatures (SST) and spring soil moisture levels (Hamed et al., 2023). The effect of ENSO on soybean production has been 

widely studied (W. Anderson et al., 2017b; Nóia Júnior et al., 2020; Perondi et al., 2022; Cao et al., 2023), revealing its 45 

significant role in soybean production.  

Other climate oscillations, including the Atlantic Multidecadal Oscillation (AMO), Indian Ocean Basin (IOB), and North 

Atlantic Oscillation (NAO), also appear to influence weather conditions that affect soybean yields in the Americas(Gan et al., 

2019; Manthos et al., 2022; F. Wang et al., 2013; C. Zhao & Brissette, 2022). For instance, a positive AMO phase is associated 

with warmer temperatures across North America, especially in the eastern regions (C. Zhao & Brissette, 2022). Meanwhile, 50 

warming of the tropical Indian Ocean basin corresponds with higher winter precipitation over southeastern South America, 

indicating the IOB’s significant influence on regional weather patterns (Hu et al., 2023). Despite these insights, the specific 

effects of these climate modes on soybean yields in the U.S. remain underexplored.  

In this study, we investigate the correlation between multiple climate variability factors and U.S. soybean yields, identifying a 

significant influence from Indian Ocean SST anomalies. To quantify the direct and indirect impacts of IOB warming on U.S. 55 

soybean production, we first pinpoint the key climatic factors affecting yields. We then linked the Indian Ocean SST with 

these key factors and analyzed their teleconnection to elucidate its relationship with soybean yields in the United States. Our 

findings provide a valuable foundation for predicting soybean crop risks and for developing strategies to strengthen resilience 

in global soybean trade, thereby helping mitigate climate-related risks to food securety. 

https://doi.org/10.5194/egusphere-2025-2930
Preprint. Discussion started: 4 July 2025
c© Author(s) 2025. CC BY 4.0 License.



3 
 

2 Materials and Methods 60 

2.1 Materials 

The U.S. crop data used in this study includes harvest area, production, yield time series, and crop calendars, covering a 42-

year period from 1978 to 2019. State-level soybean harvest data was obtained from the USDA's NASS Quick Stats database 

(https://quickstats.nass.usda.gov/), while planting and harvest dates at a 0.5-minute grid resolution were sourced from Sacks 

et al. (2010). Across the U.S., the primary soybean growing season typically spans May to November. 65 

The annual U.S. soybean yield (Yt) was calculated by aggregating yields across political units, weighted by harvested area. 

The formula is as follows: 

𝑌! =
∑𝑌!,# ×𝐻𝑎!,#
∑𝐻𝑎!,#

	 (1) 

Where t and s denote the year and political unit, respectively, Yt,s and Hat,s represent the yield (t/ha) and harvested area (ha). 

To eliminate non-climatic influences on yield (W. Anderson et al., 2017a; Iizumi et al., 2014), we calculated expected yields 70 

(YEXt,s) by applying a five-year running mean for each state. The percent yield anomaly (∆Yt,s) relative to expected yield was 

then computed as follows:  

𝛥𝑌!,# =
𝑌!,# − 𝑌$%!,#
𝑌$%!,#

× 100 (2) 

Where t and s again represent the year and political unit, respectively. Yt,s represents the yield value (t/ha). Due to the five-year 

running mean (averaging from t-2 to t+2), anomalies could not be calculated for 1978, 1979, 2018, and 2019. 75 

To capture the variability of the tropical Indian Ocean SST, we used monthly mean SST grid data at a 1.0° × 1.0° resolution 

from the Hadley Centre Sea Ice and Sea Surface Temperature dataset (HadISST, Rayner et al., 2003) spanning 1979–2017. 

The IOB index was defined as the average SST anomaly (SSTA) in the region 20°S–20°N, 40°–110°E, while the Niño 3.4 

index was calculated as the SSTA averaged over 5°S–5°N, 170°W–120°W. Prior to calculating these indices, SST fields were 

standardized by multiplying each value by the square root of the cosine of latitude. 80 

To assess the impact of meteorological factors on soybean yields in the United States, we selected a set of indicators, including 

eight variables from the Climatic Research Unit (CRU) Time-series (TS) version 4.07 dataset (Harris et al., 2020): monthly 

mean gridded data (0.25° × 0.25°) of maximum temperature (Tmx, °C), mean temperature (Tmp, °C), minimum temperature 

(Tmn, °C), diurnal temperature range (DTR, °C), mean precipitation (Pre, mm·d−1), surface downward short-wave radiation 

flux (DSRF, W·m−2), wet day frequency (wet, day), and cloud cover (Cld, %). Additionally, root zone soil moisture (SMroot, 85 

m3·m-3) was sourced from the global climate of the European Centre for Medium-Range Weather Forecasts dataset (ERA5) 

(Hersbach et al., 2020). We also derived the vapor pressure deficit (VPD, hPa) as an additional indicator, calculated using the 

following formula: 

𝑒& = 6.108exp 3
17.27 × Tmp
Tmp+237.3

5 (3) 

VPD = 𝑒& − 𝑒' (4) 90 
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where Tmp is the monthly average temperature (°C), and ea is the average actual vapor pressure (hPa), both from the CRU 

dataset. e0 represents the monthly mean saturated vapor pressure (hPa). 

To investigate how the IOB mode influences key meteorological factors, we selected monthly values for mean sea level 

pressure (SLP, Pa), geopotential height at 200 hPa (GPH200, m), and wind components at 925 hPa (meridional, v925 in m·s−1, 

and zonal, u925 in m·s−1). SLP was obtained from the CRU dataset, while other variables were sourced from ERA5. 95 

2.2 Statistical analyses 

Before conducting a specific analysis, we used the Gram-Schmidt orthogonalization method to separate the effects of ENSO 

on climate indices and meteorological factors. By orthogonalizing ENSO with our variables, we can better isolate its influence, 

making the data easier to analyze. 

We began by conducting a correlation analysis between multiple climate index time series and U.S. soybean yield data. In this 100 

step, we systematically adjusted the time range of each climate index to examine its lagging impact on soybean yield, which 

allowed us to identify the climate modes with the most significant influence. Next, we applied ridge regression to analyze the 

relationship between ten meteorological factors and soybean yield, isolating the three factors with the greatest impact on yield 

outcomes. We then divided the regression analysis into two components: (1) assessing the relationship between climate modes, 

key meteorological factors, and atmospheric circulation patterns, and (2) examining the link between key meteorological 105 

factors and soybean yield. This approach enabled us to construct an impact chain linking climate modes, weather conditions, 

and soybean yield. 

3 Results 

3.1 Climate variabilities and soybean yield anomalies 

Many studies have focused on the climate variability of the Pacific and Atlantic Oceans, including phenomena such as ENSO 110 

and Tropical Atlantic variability (TAV), which will affect the weather conditions in the United States, resulting in fluctuations 

in soybean production (W. B. Anderson et al., 2019; Qian et al., 2020). However, in addition to these well-studied oceanic 

drivers, other climatic modes may also exert significant impacts on soybean yields. To explore this further, we conducted a 

comprehensive analysis of the correlation between soybean yields in key production regions and a broad range of climate 

indices. These indices include Niño3, Niño4, Niño3.4, Pacific North American Index (PNA), Pacific Decadal Oscillation 115 

(PDO), Southern Oscillation Index (SOI), AMO, Atlantic Meridional Mode (AMM), NAO, Tropical South Atlantic (TSA), 

Tropical North Atlantic (TNA), Indian Ocean Dipole (IOD), and IOB, among others. See Table S1 in the Supplementary for 

sources of these indices. 

As shown in Fig. 1, during the soybean growth period (MAM-JAS), Niño3.4 and Niño4, which are associated with the ENSO 

phenomenon, exhibit a statistically significant correlation with U.S. soybean yields at the 95% confidence level based on a 120 

https://doi.org/10.5194/egusphere-2025-2930
Preprint. Discussion started: 4 July 2025
c© Author(s) 2025. CC BY 4.0 License.



5 
 

two-tailed t-test. This finding aligns with previous studies, which have well-documented the influence of ENSO on soybean 

production (Anderson et al., 2017b; Hamed et al., 2023).  

However, our analysis extends beyond the growing season to consider climate variability during the winter months prior to 

soybean planting. We find that the IOB mode, which captures large-scale warming or cooling in the Indian Ocean, plays a 

substantial role in determining soybean yields before sowing. The year-to-year anomalies in soybean yield exhibit a Pearson 125 

correlation coefficient of -0.41 with the IOB index during the ND(-1)J (November and December of the year preceding harvest 

and January of the harvest year), reaching statistical significance at the 99% confidence level based on a two-tailed t-test (Fig. 

1). This suggests that the IOB mode accounts for approximately 16% of the interannual variability in soybean yield during this 

pre-growing season window.   

 130 
Figure 1: Correlation between the United States soybean yield anomalies and climate indices over 3-month periods from 1980 to 
2017. The horizontal axis shows each 3-month window, and the vertical axis shows Pearson correlation coefficients. Colors represent 
different climate indices as listed in the legend. Dashed lines mark the vertical axis at the 95% and 99% significance levels based on 
the t-test. 

 135 

Figure 2(a) illustrates the spatial distribution of soybean production in the United States. It is evident that soybean production 

is concentrated in the central United States, with Illinois, Iowa, Minnesota, Indiana, and Nebraska having the highest yields, 

accounting for more than 50% of the total soybean production in the country. 

To explore how soybean yields respond to variations in the IOB mode across different U.S. regions, we conducted a regression 

analysis. The findings reveal that the IOB mode during ND(-1)J exerts a significant negative influence on soybean yields, with 140 

an inverse relationship between the IOB index and yields observed in most states (Fig. 2(b)). This negative correlation was 

especially pronounced in several key agricultural states. Notably, South Dakota, Kansas, Missouri, Illinois, Michigan, Indiana, 

Ohio, Kentucky, Tennessee, and New York displayed significant sensitivities to fluctuations in the IOB mode. The relationship 

between the IOB index and soybean yields in these regions passed the 90% significance threshold, indicating that the impact 

of the IOB mode on soybean production in these states is both statistically robust and consistent.  145 
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To quantify the overall impact of IOB fluctuations on U.S. soybean production, we calculated a weighted sum of the regression 

coefficients, with the weights based on the average harvested area and expected yields across individual regions. This approach 

provides a more comprehensive assessment of the IOB mode's effect on national production. The findings indicate that an 

increase in the IOB index is associated with a decrease in soybean production in nearly all regions of the United States (Fig. 

2(c)). Specifically, a one standard deviation increase in the IOB index during ND(-1)J corresponds to a yield reduction of 150 

approximately 4.7 million tonnes in regions experiencing significant declines, while regions with notable yield increases were 

virtually nonexistent. Among these regions, Illinois saw the largest decline, with an estimated loss of around 800,000 tonnes. 

In aggregate, an increase of one standard deviation in the IOB index during ND(-1)J corresponds to a reduction of 

approximately 4.0% in total soybean production across the United States. 

 155 
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Figure 2: Spatial distribution of (a) average soybean production, (b) sensitivity of soybean yield anomalies (%), and (c) sensitivity of 
total soybean production (10,000 tonnes) to the IOB index during ND(–1)J from 1980 to 2017. Panel (a) shows the multi-year average 
production in each state. Panels (b) and (c) show the change in the percent yield anomaly and total production, respectively, per one 
standard deviation (1σ) increase in the standardized IOB index. The IOB index was standardized before analysis. Dots in (b) and 160 
striped bars in (c) indicate states where the correlation with the IOB index is statistically significant at the 90% confidence level 
based on the t-test. 

 

3.2 Impacts of weather conditions on soybean yields 

To identify the key factors influencing soybean yields in the United States, we focus on ten climate indicators: Tmp, Tmx, 165 

Tmn, DTR, DSRF, Pre, VPD, Cld, wet, and SMroot. It is crucial to recognize that these meteorological variables are 
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interrelated, meaning that each factor can influence and be influenced by others. For instance, elevated Tmx can increase 

evapotranspiration rates, reducing soil moisture. In turn, lower soil moisture limits evaporative cooling from the soil, which 

can elevate surface temperatures and decrease near-surface humidity (Miralles et al., 2014). Thus, the combined effects of 

these factors on soybean yields may be synergistic. To account for potential collinearity among meteorological variables, we 170 

applied ridge regression, which helps mitigate collinearity issues. The results revealed that DTR during the soybean 

reproductive stage (JAS) is the most critical determinant of soybean yield, followed by SMroot and Tmx (Table S2 in the 

Supplementary). 

To more precisely assess the influence of these meteorological factors on soybean yields in the United States, we conducted a 

regression analysis examining their relationships with soybean yield across various states.  Figure 3(a) demonstrates that an 175 

increase in the DTR is consistently associated with a decrease in soybean yields across nearly all regions of the United States. 

Statistically significant reductions in yields are observed in approximately 58% of the regions (P < 0.1), indicating that large 

temperature swings between day and night negatively affect soybean productivity. Figure 3(b) indicates a positive correlation 

between SMroot and soybean yields in most areas, particularly in the Midwest and Southeast, where significant positive 

correlations (P < 0.1) are evident. We also find that soybean yields are significantly impacted by DTR in areas similar to those 180 

affected by SMroot, suggesting that the effects of DTR are particularly pronounced in regions with limited water supply. Figure 

3(c) illustrates that higher maximum temperatures (Tmx) are linked to decreased soybean yields in the southern and central 

United States, with significant negative correlations observed in these areas (P < 0.1). Notably, the spatial patterns of DTR and 

Tmx closely resemble each other, both showing an inverse relationship with SMroot. 

 185 
Figure 3: Sensitivity of soybean yield anomalies to (a) diurnal temperature range (DTR, °C), (b) root zone soil moisture (SMroot, 
m3·m-3), and (c) maximum temperature (Tmx, °C) during the growing season. Meteorological variables in this figure were 
standardized by removing the mean and dividing by the standard deviation before analysis. Values indicate the change in the percent 
yield anomaly (%) per one standard deviation (1σ) increase in each standardized variable. Dots denote correlations significant at 
the 90% confidence level (t-test). 190 

 

3.3 Soil Moisture Memory Effect 

During ND(-1)J, an increase in the IOB index results in a widespread reduction in SMroot across the United States. Significant 

soil moisture anomalies (P < 0.1) are particularly evident in North Dakota, South Dakota, Minnesota, Illinois, Georgia, South 

Carolina, North Carolina, and parts of Nebraska, Kansas, Iowa, Missouri, and Indiana (Fig. 4(e)). This decrease in SMroot 195 
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appears to be associated with anomalies in Pre and VPD, as regions experiencing reduced SMroot generally align with areas 

of increased VPD and decreased Pre. 

As illustrated in Fig. 4(a), the warming signals from the Indian Ocean can affect the United States across the Pacific. The 

warming of the Indian Ocean enhances convective activities and upward motion, leading to the development of negative 

outgoing longwave radiation (OLR) anomalies. These anomalies generate Rossby waves that propagate from the tropical 200 

Indian Ocean to the United States via East Asia and the North Pacific (Hu et al., 2023; Ratnam et al., 2012). The response 

pattern of 200-hPa geopotential heights consists of a low–high system over the United States (Fig. 4(a)). This leads to 

southeasterly wind anomalies, which bring warmer and wetter equatorial air to the United States, causing widespread 

temperature increases in the United States and more precipitation in the southeastern United States (Fig. 4(b) and 4(c)). 

However, the southeasterly winds that bring warm and moist air shift to southwesterly winds in the northern United States 205 

(Fig. 4(a)), and the northeasterly wind anomaly transfers drier air from the polar regions to the Northern U.S. (F. Wang et al., 

2013). Concurrently, the north-central United States becomes a water vapor divergence area (Fig. S2 in the Supplementary), 

reducing Pre and contributing to decreased SMroot in that area (Fig. 4(b) and 4(e)). In the southeastern United States, although 

Pre increases, the concurrent rise in Tmp intensifies VPD, contributing to the observed decrease in SMroot (Fig. 4(c)-(e)). 

Elevated Tmp could amplify VPD by accelerating soil and plant moisture loss, as shown in previous studies (Yin et al., 2014; 210 

F. Zhao et al., 2023). 

For the root zone, soil moisture memory ranges from several days to up to a year and shows a long memory for dry soil 

moisture regimes (Stacke & Hagemann, 2016). A correlation analysis of soil moisture in ND(-1)J and JAS indicated that soil 

moisture during these periods was significantly correlated in regions with negative soil moisture anomalies in ND(-1)J (Fig. 

S3 in the Supplementary). Therefore, the decrease in SMroot during the ND(-1)J period can affect SMroot levels during the 215 

soybean reproductive growth phase via the soil memory effect, thereby influencing soybean yield. 
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Figure 4: Responses of (a) 200 hPa geopotential height (GPH200, m), (b) precipitation (Pre, mm·d⁻¹), (c) mean temperature (Tmp, °C), 
(d) vapor pressure deficit (VPD, hPa), and (e) root zone soil moisture (SMroot, m³·m⁻³) to the IOB index during ND(–1)J. Vectors 
in (a) show wind responses at 925 hPa (m·s⁻¹) to a 1σ increase in the standardized IOB index. All variables except GPH200 and winds 220 
were standardized before analysis. Color bar values in (a) represent changes in GPH200 (m) per 1σ increase in the standardized 
IOB index, while color bar values in (b–e) represent standardized changes (in σ units) in meteorological variables per 1σ increase in 
the standardized IOB index. Shaded areas with diagonal hatching indicate regions where the response is statistically significant at 
the 90% confidence level (t-test). 
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 225 

3.4 Sea Surface Temperature Feedback Effect 

The warming of the Indian Ocean during the ND(-1)J could indirectly influence JAS meteorological conditions in the United 

States by affecting Pacific SSTs. It is associated with a Matsuno-Gill-type response, which excites atmospheric Kelvin waves 

propagating eastward (Gill, 1980; Matsuno, 1966). This results in easterly wind anomalies over the western-central equatorial 

Pacific. Strengthened easterly winds lead to a shallower thermocline, which brings colder waters closer to the surface, 230 

contributing to the cooling of SSTs in the eastern Pacific. This cooling effect can persist throughout the summer months, as 

illustrated in Fig. 5(a), and is a key component of the development of La Niña events (Cai et al., 2019; C. Wang, 2019; Wu & 

Kirtman, 2004; Xie et al., 2016). During La Niña events, there are significant atmospheric circulation anomalies that further 

impact the United States. For example, Fig. 5(b) shows that during La Niña years, 200 hPa geopotential height anomalies are 

predominantly positive in the mid-latitudes, while negative anomalies occur in the tropics and certain high-latitude regions(Luo 235 

& Lau, 2020). These geopotential height anomalies reflect the establishment of an anomalous high-pressure system over much 

of the United States. 
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Figure 5: (a) Correlation between sea surface temperature (SST, °C) and the IOB index, and (b) responses of 200 hPa geopotential 
height anomalies (GPH200, m) to the Niño3.4 index during JAS. Solid contours in (a) represent sea level pressure (SLP) anomalies 240 
(units: Pa). Vectors in (a) show wind responses at 925 hPa (m·s⁻¹) to a 1σ decrease in the standardized IOB index. GPH200, winds, 
and SLP are shown in original units; the IOB and Niño3.4 indices were standardized before analysis. Color bar values in (a) 
represent correlation coefficients; color bar values in (b) represent the change in GPH200 (m) per 1σ decrease in the standardized 
Niño3.4 index. 
 245 

Such conditions lead to changes in meteorological patterns across the United States, including warmer temperature anomalies 

and decreased precipitation (Jia et al., 2016; Jong et al., 2020, 2021; Mo et al., 2009; Z. Wang et al., 2007). Consequently, 

substantial reductions in Pre and increases in Tmx are shown in Fig. 6(a) and 6(b). The elevated Tmx exacerbates 

evapotranspiration, driving higher moisture loss from both the soil and the plants. This warming effect intensifies the drought-

like conditions across several regions of the United States. Additionally, a noticeable rise in the VPD (Fig. 6(c)) further 250 

compounds the stress on crops by increasing the demand for moisture in the atmosphere. This heightened atmospheric moisture 

deficit, combined with reduced precipitation, directly leads to declining SMroot levels (Fig. 6(d)). These patterns indicate a 

clear decline in soil water availability, heightening the risk of drought conditions across affected regions. Moreover, Fig. 6(e) 

reveals a significant increase in the DTR across soybean-growing regions. This increase is likely associated with a reduction 

in Cld (Fig. 6(g)), which allows for more extreme temperature variations between day and night. The pattern observed in this 255 

study is similar to those examined by Doan et al. (2022). 

These results indicate that the variability of the IOB can affect the meteorological elements in the United States by influencing 

the development of ENSO. The hot and dry conditions resulting from these meteorological changes are particularly detrimental 

to soybean yields, as highlighted by Anderson et al. (2017a) and Hamed et al. (2023). The combined impacts of increased Tmx 

and DTR, decreased Pre, elevated VPD, and reduced SMroot create an environment highly unfavorable for soybean production. 260 

This highlights the critical role of these climate drivers in influencing agricultural outcomes under positive IOB conditions 

(Fig. S4 in the Supplementary). 
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Figure 6: Responses of (a) precipitation (Pre, mm·d−1), (b) maximum temperature (Tmx, °C), (c) vapor pressure deficit (VPD, hPa), 
(d) root zone soil moisture (SMroot, m3·m-3), (e) cloud cover (Cld, %), and (f) diurnal temperature range (DTR, °C) to the Niño3.4 265 
index during JAS. All variables were standardized before analysis. Values indicate the standardized change (in σ units) in 
meteorological variables per 1σ decrease in the standardized Niño3.4 index. Shaded areas with diagonal hatching indicate regions 
where the response is statistically significant at the 90% confidence level (t-test). 

 

4 Summary and discussion 270 

This study examines the significant impact of Indian Ocean basin-wide SST anomalies on the United States soybean yields. 

The IOB mode during the winter before the growing season (ND(-1)J) explains about 16% of soybean yield variability. The 

warming of the Indian Ocean is linked to atmospheric Rossby waves that affect temperature and precipitation patterns in the 

United States, influencing soil moisture and contributing to hot and dry conditions during the reproductive season. The findings 

suggest that the IOB index could be a useful predictor for soybean yields, aiding in proactive decision-making for food security 275 

and trade policies. 

Previous studies have predicted crop yield based on early signals of ENSO and explained the lagged impact of that on crop 

yield through soil moisture memory and sea surface temperature memory (W. Anderson et al., 2017b; Cao et al., 2023; Hamed 

et al., 2023; Von Bloh et al., 2023). While ENSO is a major driver of global climate, its interactions with other climate systems 

(Cai et al., 2019; Fan & Meng, 2023; Strong et al., 2020; Zhang et al., 2022), like the Indian Ocean, have been overlooked. 280 

This study is the first to highlight the significant impact of the IOB index on the United States soybean yields, identifying the 

IOB as a key predictive factor with a nine-month lead time, exceeding the influence of ENSO. Our findings offer early 

warnings of potential yield reductions, enabling farmers to adapt management practices and guiding governments in adjusting 

trade policies to mitigate climate-related risks. 

This study has uncertainties due to the restricted availability of agricultural and meteorological data, analyzing only 38 years, 285 

which may introduce potential errors. Varying spatial scales of crop statistics and scarce data in some regions could also affect 

accuracy. Additionally, while precipitation and temperature are commonly used (Lobell et al., 2011; Mourtzinis et al., 2015; 

Ray et al., 2015), more specific agroclimatic indices may provide better insights into climate-crop relationships. The 

complexity of crop yield variability, influenced by multiple interacting climate modes, requires a combined analysis of key 

factors. Non-climatic factors, such as agricultural practices and crop genetics, should also be integrated into future yield 290 

predictions for greater accuracy. 

Our study is the first to highlight the impact of the Indian Ocean on agriculture in the United States, advancing our 

understanding of ocean-atmosphere-agriculture interactions. Our findings offer a new and feasible approach to predicting 

soybean production in the United States, providing essential guidance for soybean-exporting countries to enhance their export 

competitiveness and for importing countries to diversify their supply chains. The ability to predict soybean yields with a lead 295 

time of nine months can significantly aid in strategic planning and decision-making, potentially reducing the economic impact 
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of adverse climate conditions on the agricultural sector. Furthermore, this research underscores the importance of continuous 

monitoring and modeling of global climate systems to better anticipate and respond to the challenges posed by climate change. 

Data availability 

The U.S. State-level soybean harvest data was obtained from the USDA's NASS Quick Stats database 300 

(https://quickstats.nass.usda.gov/). The crop planting and harvest dates were obtained from Crop Calendar Dataset (Sacks et 

al., 2010). Monthly mean SST grid data from the Hadley Centre Sea Ice and Sea Surface Temperature dataset (Rayner et al., 

2003). Monthly gridded maximum temperature, mean temperature, minimum temperature, diurnal temperature range, mean 

precipitation, surface downward short-wave radiation flux, wet day frequency, vapor pressure,  cloud cover, and mean sea 

level pressure were obtained from the Climatic Research Unit (CRU) v4.07 dataset (Harris et al., 2020). The monthly root 305 

zone soil moisture, geopotential height at 200 hPa, and wind components at 925 hPa is publicly available from the European 

Centre for Medium-Range Weather Forecasts dataset (ERA5, Hersbach et al., 2020). 
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