[bookmark: _Hlk160447060]LASSO regression used to select important features when predicting wheat yield from various germplasm groups

Muhuddin Rajin Anwara,b,*, Livinus Emebiria, Ryan H. L. Ipc,d, David J. Luckettb, Yashvir S. Chauhane, Ketema T. Zelekeb,f

aNSW Department of Primary Industries, Wagga Wagga Agricultural Institute, Wagga Wagga, NSW 2650, Australia.
bGulbali Institute (Agriculture, Water and Environment), Charles Sturt University, Locked Bag 588, Wagga Wagga, NSW 2678, Australia.
cSchool of Computing and Mathematics, Charles Sturt University, Wagga Wagga, NSW 2650, Australia.
dDepartment of Mathematical Sciences, Auckland University of Technology, Auckland, New Zealand
eDepartment of Agriculture and Fisheries (DAF), Kingaroy, Queensland 4610, Australia.
fSchool of Agricultural, Environmental and Veterinary Sciences, Charles Sturt University, Wagga Wagga, NSW 2650, Australia.

*Corresponding author. E-mail: muhuddin.anwar@dpi.nsw.gov.au (M.R. Anwar)

Highlights
•	LASSO regression modelling allowed identification of the most influential stress variables affecting the grain yield of bread and Durum wheat grown in field experiments across two sites, multiple years, and two sowing times.
•	The influence of crop water supply-demand ratio was an excellent index to summarise water relations and drought stress. Its expression depended upon the growth period examined and the germplasm grouping.
•	Evapotranspiration was important only in the vegetative phase (pre-flowering) while drought and heat stress were most important around flowering time.
•	Graphs of predicted versus actual yield may help identify wheat genotypes that have a greater-than-expected stress tolerance or avoidance.


Abstract
Bread wheat and Durum wheat genotypes were grown in field experiments at two locations in New South Wales, Australia across several years and using two sowing times ('early' versus 'late'). Genotypes were grouped based on genetic similarity. Grain yield, grain size, soil characteristics, and daily weather data were collected. The Weather data was used to calculate water and heat stress indices for four key growth periods around flowering. LASSO (least absolute shrinkage and selection operator) was used to predict grain yield and to identify the most influential features (a combination of index and growth period). A novel approach involving the crop water supply-demand ratio (SDR) effectively summarized water relations during growth. LASSO predicted grain yield quite well (adjusted R2 from 0.57 to 0.98), especially in a set of Durum genotypes. However, the addition of other important variables such as lodging score, disease incidence, weed incidence, and insect damage could improve modelling. Growth period 2 (30 days pre-flowering up to flowering) was the most sensitive for yield loss from heat stress and water stress for most features. Although one group of bread wheat genotypes was more sensitive to water stress (drought) in period 3 (20 days pre-flowering to 10 days post-flowering). Evapotranspiration was a significant positive feature but only in the vegetative phase (pre-flowering, period 1). This study confirms the usefulness of statistical modelling as a technique to make predictions that could be used to identify genotypes that are worthy of further investigation by breeders for their stress-tolerance ability.
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[bookmark: _Hlk143588578]1. Introduction
Wheat (Triticum aestivum L.) is the world's third most abundant staple cereal food crop, behind maize and rice in terms of production. The OECD/FAO (2023) reports that its annual output for the 2022-2023 period was approximately 800 million tons. In Australia, it is the fifth most exported commodity (OEC, 2023). However, climate change-induced abiotic stresses, such as drought and elevated temperatures, pose significant challenges to wheat production (Collins and Chenu, 2021). These stresses are expanding and intensifying, and impacting global wheat yields (Lobell et al., 2011). Additionally, water scarcity significantly hinders wheat cultivation in Australia, prompting growers, breeders, and agronomists to focus on improving water usage efficiency (Sadras and McDonald, 2012). Durum wheat (Triticum turgidum L. subsp. durum (Desf.) Husn.) is a secondary wheat crop in Australia – grown for use in pasta production (GRDC GrowNote, 2017). Its annual production in Australia hovers around 0.5 million tonnes – much less than the total for bread wheat of about 36 million tonnes in 2022 (ABS 2024).

High temperatures during critical crop development stages, such as flowering, can reduce grain yield by directly affecting grain number and grain weight (Trethowan, 2022). This has been shown in several studies, including Stone and Nicolas (1994), Talukder et al. (2014), and Wollenweber et al. (2003). Even a short period of high temperature during flowering can significantly reduce grain weight and set, especially in sensitive cultivars (Talukder et al., 2013). For example, a field experiment by Nuttall et al. (2012) showed that a temperature of 36–38 °C for 6 days after flowering resulted in a 12% reduction in grain number and a 13% loss in grain yield. 

Climate change poses a significant threat to global wheat production. Environmental factors like water shortages and high temperatures significantly impact global wheat production through plant phenotypic and physiological changes (Abhinandan et al., 2018). Studies indicate that for each additional degree of global mean temperature increase, wheat yields could decline by up to 6%, under the assumption of no CO2 fertilization, continued effective management practices, and no changes in crop genetics (Asseng et al., 2015; Zhao et al., 2017). This impact is already evident in Australia, where simulations suggest a huge and concerning 27% decline in water-limited potential wheat yield from 1990 to 2015 (Hochman et al., 2017). This decrease is likely attributable to a combination of stressors such as seasonal rainfall and increased temperatures, coupled with the limited ability of increased atmospheric concentration (CO2) to fully compensate for these negative factors (Wang et al., 2017; Li et al., 2022). While climate change and climate variability present major hurdles, analysing the connections between climate, soil, and wheat yield empowers us to design actionable strategies to mitigate yield losses. By unravelling the relative importance of various variables, we can guide future research towards developing climate-resilient wheat cultivars and innovative management practices, ultimately transforming vulnerability into opportunity.

In any individual wheat crop, in addition to gross climatic and edaphic influences, many other biotic and abiotic stresses will affect crop growth and yield. In this work, we were particularly interested in abiotic soil water deficit and heat stresses, especially during the reproductive period of the crop’s growth. We wanted to explore how we can use soil characteristics and weather variables to improve the prediction of phenology and yield via modelling. In addition, we wanted to identify the most influential variables and the most sensitive crop growth period upon which these variables act. The least absolute shrinkage and selection method (LASSO) has shown good utility for identifying the most influential variable in a multiple-regression situation of this type (Tibshirani, 1996; Didari et al., 2023). This methodology may assist wheat breeders by identifying different influential variables depending on the type of wheat germplasm being examined. In addition, if other traits are of interest, the same approach can be used to dissect the influential variables (Shafiee et al. 2021).

The specific objectives of this study were as follows.
Firstly, to utilise an existing wheat dataset comprising six sets of bread wheat and durum wheat germplasm (each consisting of a variable numbers of genotypes), grown in experiments at two sites and up to two sowing times over several years, for research into the possibility of predicting grain yield from a suite of weather- and soil-based climatic variables: particularly, crop water-use, crop water stress, and crop heat stress.

Secondly, to determine which of those variables were most influential and effective for predicting yield using the relatively new regression technique of LASSO, and to see whether the germplasm groups showed different responses.

Thirdly, to calculate the weather and soil-based variables across four different crop growth periods (overlapping development stages), and to see which weather and soil-based variables were most influential in predicting yield.

Fourthly, using the combined findings, to identify the most critical growth period for crop damage (yield loss) from water stress and/or heat stress in the different germplasm groups, with the aim of informing wheat breeders which crop traits merit attention for reducing losses of potential yield from water- and heat-stress.


2. Materials and methods

[bookmark: _Hlk143608207]2.1 Study area and soil data
Two typical rainfed crop-livestock growing locations (Leeton and Wagga Wagga) in southeast Australia, encompassing different climatic conditions, were selected for analysis (Table 1) utilising an existing dataset previously published for other purposes (Sissons et al., 2018; Zeleke et al., 2023). The soils across the sites are predominantly Wunnamurra Clay (Leeton) and kandosol (Wagga Wagga) according to the Australian Soil Classification (Isbell and National Committee on Soil and Terrain, 2021). The soil properties at these sites have been summarized by others (Xing et al., 2017; Wang et al., 2017). Briefly, at Leeton, the plant available water holding capacity (PAWC) was 293mm, to a total soil depth of 1.8m, pH (1:5 water) ranged from 7.2 – 8.9, bulk density (g/cc) of 1.20 to 1.40 and initial nitrate (NO3) was 81 kg/ha. At Wagga Wagga, the PAWC was 128mm, to a total soil depth of 1.25m, pH (1:5 water) ranged from 6.2 – 6.9, bulk density was 1.37 to 1.56 g/cc, and initial NO3 was 69 kg/ha. These sites have been the subject of parameter verification in wheat cropping systems (Anwar et al., 2015; Anwar et al., 2022) especially for the numerous initial values and parameters required for running the APSIM crop growth model (https://www.apsim.info/).

2.2 Field experiments and agronomy
The layout of the field experiments, the details of the genotypes used, and the agronomy used during each year are detailed in a previous publication (Sissons et al., 2018; Zeleke et al., 2023). Briefly, the experiments were conducted at Leeton in 2011 and 2015 and at Wagga Wagga in 2012, 2018 and 2019. Two sowing times were used at each site/year: ‘early’ and ‘late’, in order the maximise the differences in the weather experienced by the crops. Not all germplasm sets were grown in every site/year. Here we note, in addition, that some lodging occurred in the field along with some fungal disease; the genotypes were variously affected but the scoring used was unfortunately inconsistent. Consequently, in this analysis these factors were not included in the LASSO modelling (see below) and may have contributed to some imprecision in the predicted values.

2.3. Wheat Germplasm groups
ABD lines: These are advanced breading lines of wheat (Triticum aestivum) produced at the International Maize and Wheat Improvement Centre (CIMMYT), Mexico. They are comprised of the line selections from the high-temperature wheat yield trials (HTWYT), and selections made for their large grain size (Sissons et al. submitted). Hereafter referred to as “BreadWheat_ABDLines”.
[bookmark: _Hlk158809223]Elite wheat: These are bread wheat varieties of historical significance, recently released cultivars, and parents used in breeding programs by the major private breeding companies (InterGrain, LongReach, and Australian Grain Technologies) in Australia. These varieties have been bred to meet the specific needs of Australian growers, such as resistance to diseases and pests, tolerance to heat and drought, good grain quality, and high yield, and were chosen based on being potentially heat tolerant (or in some cases intolerant) according to Australian breeder recommendations and the literature (Sissons et al., submitted). Hereafter referred to as “BreadWheat_Elite”.
Landrace wheat: The bread wheat landraces were sourced from heat-prone areas in Afghanistan, Iran, Iraq, and India. They were identified using FIGS (focused identification of germplasm strategy), an approach that uses environmental parameters described in plant germplasm collection sites as selection criteria to identify materials that most likely have undergone selection pressures for the target parameters (Sissons et al., 2018). Hereafter referred to as “BreadWheat_Landraces”.
Tamaroi x Saintly durum bi-parent population: These are durum wheat doubled-haploids, which were produced from F1 plants of a cross between the SA-bred variety, Saintly and the NSW-bred variety, Tamaroi. Saintly has a reputation for performing well in seasons with terminal drought stress, while the variety Tamaroi has a very high inherent 1000-kernel weight but is susceptible to heat stress. Hereafter referred to as “Durum_Biparent”.
Durum elite: The durum wheat germplasm comprised a worldwide collection trialled for heat tolerance in southern Australia (Collins et al., 2017). They included commercial durum varieties and breeding lines, along with tetraploid wheat landraces sourced from heat-prone regions by using the FIG strategy (Street et al., 2016). They have been shown to exhibit significant variability for tolerance/intolerance to late-sown heat stress (Sissons et al., 2018) and natural heat waves (Emebiri et al., 2024). Hereafter referred to as “Durum_Elite”.
Bread wheat NI lines: The near-isogenic (NI) lines were created from a cross of wheat varieties Drysdale and Waagan. Both parents are semi-dwarf varieties and carry genetic loci for intolerance and tolerance, respectively, to both booting and grain filling stage heat stress (Shirdelmoghanloo et al., 2016; Erena et al., 2021). The NI lines were created by using molecular markers to identify single Drysdale × Waagan F2:8 plants that were heterozygous for genetic loci located on wheat chromosomes 2B, 3B and 6B; then the progeny of these plants was screened to identify plants homozygous for each allele at the respective loci (Erena et al., 2021). Hereafter referred to as “BreadWheat_NILines”.

[bookmark: _Hlk153362482]2.4. Soil water balance
Rainfall, evapotranspiration (ET), runoff, and drainage are key factors that affect how much water is available to crops (Unkovich et al., 2018; Unkovich et al., 2023). In this study, temperature, rainfall, simulated initial soil water content, and simulated soil water content at harvest, were used to calculate the soil water balance following the procedure of He and Wang (2019). We used the pre-validated Agricultural Production Systems sIMulator (APSIM) that simulates the key biophysical processes related to crop growth and production, water, carbon, and N cycling in the soil-plant system (Holzworth et al., 2014). Published studies have also used the APSIM model to calculate hydraulic parameters for wheat cropping systems (such as, soil water content at sowing and harvest, water use, runoff, drainage, and soil evaporation). The parameters in the Soil Water module of APSIM were the same for our sites as those used in other published work (Liu et al., 2014; Zeleke and Nendel, 2019; Wang et al., 2017; Xing et al., 2017). To estimate the initial soil water content at the start of the experimental period (2011), we assumed that the starting soil water on 1 January 2002 was equal to LL15 (water content at 15 bar suction). Then by running APSIM for the 2002-2011 period using actual weather data we simulated the initial soil water in 2011 (He and Wang, 2019). The LL15 value was determined in the Wagga Wagga Agricultural Institute soil moisture analysis laboratory (Anwar et al., 2022). The APSIM model was then run continuously until the end of the experimental period (31 December 2019), without resetting soil water conditions, to obtain the “initial soil water at sowing” and the “soil water at harvest” for each of the wheat experiments (Sissons et al., 2018). The APSIM crop sequence used in the 10-year run-up period before the wheat experiments commenced was a typical one used in the wheat growing regions in Australia: wheat(W)-canola(C)-chickpea (CP)-W-C-CP-W-C-CP-W.

Total crop water use (WU) expressed as evapotranspiration (ET) was calculated by subtracting the final soil water content at harvest from the initial soil water content at sowing and adding the amount of irrigation and rainfall received during the growing season (1).

	ET = P + SWs – SWh – R – D					 (1)

where P, R and D are cumulative rainfall, runoff, and deep drainage from the day of sowing to harvest, and SWs and SWh are soil water at the sowing and harvest dates, respectively (Yang et al., 2016).

In contrast, Transpiration (T), which does not include soil evaporation (E) (eqn 1), was calculated using the following soil water balance equation (2) (Yang et al., 2016).

	T = P + SWs – SWh – R – D – E				 (2)

The APSIM soil water module also calculates daily potential evapotranspiration using the Priestley-Taylor method (APSIM, 2023), which is based on the physiological relationship between crop yield and evapotranspiration (Paredes et al., 2014; Trout and DeJonge, 2017; Akumaga and Alderman, 2019).

[bookmark: _Hlk153363133]2.5. Water supply-demand ratio (SDR)
The APSIM model calculates a water-deficit index (Chapman et al., 1993; Chenu et al., 2011), also known as the "water supply” and “water demand " ratio, which indicates how well the water extractable by the crop’s roots (water supply) meets the crop’s potential transpiration (water demand). The crop water supply is calculated for each layer of the soil where roots are present and depends on the root growth and soil property of each layer. The water demand is the amount of water the crop would have transpired in the absence of soil water constraint. It is estimated daily based on the amount of crop growth on that day and the atmospheric saturation vapor pressure deficit.

Water supply-demand ratio (SDR) is the ratio between water supply and water demand, bounded between 0 and 1, which indicates if the plant is water-stressed.

				(3)
When SDR = 1, there is no water stress. Otherwise, the plant is stressed. Based on SDR, we define water deficiency (D) such that:
 	D=1-SDR							(4)
The interpretation is the opposite of SDR. When D = 0, there is no water stress. Positive D indicates stress. Daily deficiency values were calculated and were accumulated within the following four crop development periods, each spanning approximately 30 days (see below).

[bookmark: _Hlk153363677]2.6. Wheat developmental period
[bookmark: _Hlk160541772][bookmark: _Hlk160542210][bookmark: _Hlk157517843]Abiotic stress during the reproductive stage of plants (anthesis and grain filling) has a significant effect on grain yield and quality. The critical period for abiotic stress is the time when plants are most sensitive to these stresses. Some previous studies have defined the critical period as 30 or 45 days before to 0 days after 50% anthesis (Fischer, 1985). Other studies have found that the critical period is narrower, spanning only about 20 days before to 10 days after anthesis (Ortiz-Monasterio et al., 1994; Abbate et al., 1995). More recently, Slafer et al. (2023) found that the critical period for wheat is from 30 days before to 10 days after anthesis.
In this study, we defined and examined four contrasting crop growth periods based on previously published studies:

Period 1: From sowing to the day of flowering (varying lengths)
Period 2: From 30 days before flowering to the day of flowering (30 days total)
Period 3: From 20 days before flowering to 10 days after flowering (30 days total)
Period 4: From 15 days before flowering to 15 days after flowering (30 days total)

We chose these 30-day intervals based on the findings of previous studies (Fischer, 1985; Slafer et al., 2023). There is considerable chronological overlap between these periods, but we wanted to test which of these periods might be most sensitive to stress effects on grain yield. By definition, Period 2 overlaps with Period 3 by 67%; Period 2 overlaps with Period 4 by 50%; and Period 4 overlaps with Period 3 by 83%. The degree to which Period 1 overlaps with the others depends on the interval from sowing to flowering (in days). The means and ranges for the sowing-to-flowering interval for each germplasm group across each Site/Year/Sowing-time combination are given in Table S2 in the Supplementary Material. The overall mean of this duration was 106.0 days. The mean overlap (and the ranges) between Period 1 and Period 2 was 28.8% (21.5% - 38.8%). For periods 1 and 3 the corresponding data were 19.2% (14.3% – 25.9%). For periods 1 and 4 they were 14.4% (10.8% – 19.4%).

2.7. Statistical techniques and least absolute shrinkage and selection operator (LASSO)
Firstly, we examined some basic summary statistics for each germplasm set and each sowing time (across both sites and all years). Since the “early” (coded as “1”) and “late” (coded as “2”) sowing times were designed to present the crops with contrasting stress environments, we were expecting to see quite large differences in means and ranges for the traits of interest.

Secondly, to investigate the impact of daily abiotic stress indices (heat stress, water deficit and evapotranspiration) on wheat yield, accumulated over four key growth stages, we used the following approach.

Pearson correlation coefficients were calculated to assess the relationship between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (water supply-demand ratio), and heat stress (number of days with temperatures >30oC). Correlation analysis was restricted to Period 3 only (20 days before flowering to 10 days after flowering, see above) because this flowering period has proven to be the most important with respect to yield in other published papers (see above).  All data were normalized to zero mean and unit variance prior to analysis.
Thirdly, to study the relationship between wheat yield (the target trait) and daily stress indices (the explanatory variables) accumulated over critical periods of growth (the four “periods”) and across different sets of genotypes (the germplasm groups) we undertook LASSO regression analysis. In linear models such as multiple linear regression models, it is often assumed that the explanatory variables are independent (Monahan, 2011). When explanatory variables are correlated, multicollinearity is said to exist (Kutner et al. 2005). As a result of multicollinearity, the estimation of coefficients can become unstable, leading to unreliable estimates. In some extreme cases, the regression coefficients do not reflect the inherent relationship between the explanatory variable and the response variable. For example, a negative coefficient may be obtained although the relationship should be positive.
For better interpretability, many statistical methods have been proposed to deal with multicollinearity, many of which are aimed at minimising the prediction error while forcing (i.e., “shrinking”) some of the regression coefficients to zero, hence effectively removing some of the explanatory variables and highlighting the most influential ones (Dormann et al, 2013). Among these methods, LASSO (least absolute shrinkage and selection operator; Tibshirani, 1996) is a popular choice. In this work, we adopted LASSO to find the best subset of explanatory variables from the large initial number. To obtain scientifically sensible regression coefficients, constrains were imposed on them in the estimation procedure. Specifically, the coefficients of variables related to heat and water stresses were set to be non-positive. The computations were performed using the “glmnet” package in R (Friedman et al., 2010).
For data preparation, summarisation, and graphics extensive use was made of the “tidyverse” R packages (Wickham et al., 2019), the RStudio GUI (RStudio Team 2023), and the R software suite (R Core Team, 2023).

3. Results
[bookmark: _Hlk156730228]3.1. Data summaries across sites, genotype groups and sowing time
The Wagga Wagga soil, compared to Leeton, is a shallower and more dense soil, with lower pH, which holds much less water than Leeton (Table 1). Both sites face sizeable year-to-year variations in the climate variables (rain, solar, and temperatures). Wagga Wagga gets more rain, both overall and during the growing season, with Wagga Wagga's temperatures being slightly cooler than Leeton.
We note that the number of genotypes is not the same between the two sowing times within a germplasm group (category), although there was considerable overlap. The frequencies of concurrence of genotypes across “site_year_sowing-time” are given in Table S1. This was due to practical issues, such as the lack of seed supply. The “BreadWheat_NILines” group was only sown once, while the “Durum_Elite” category had only a small number of genotypes. Both of these groups were excluded from the LASSO analysis. 
[bookmark: _Hlk156729982]While there was a large variation within each germplasm category, the grain yield (Table 2) was always substantially lower in sowing-time_2 due to higher stress levels with an overall range of nearly 9 tonnes per hectare to less than 0.2 tonnes per hectare. Grain size was similarly reduced in sowing-time_2 except for the “Durum_Biparent” category (Table 2).
The mean total transpiration (Tran) and mean total evapotranspiration (ET) were always higher in sowing-time_2 (Table 3) due to the crops growing in a hotter and drier period of the year, with ET always greater than Tran (as expected). Water use efficiency (both WUE_TRAN and WUE_ET) were much reduced in sowing-time_2 compared to sowing-time_1, often by more than 50%. The WUE_Tran ranged overall for individual genotypes from 57.5 to 0.92 kilograms of grain per hectare per millimetre, whereas WUE_ETA ranged from 33.5 to 0.6 kilograms of grain per hectare per millimetre (Table 3).

3.2. Correlation analysis
[bookmark: _Hlk160610835]Tables 4 to 9 shows the correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC). Generally, the correlations between traits were highly significant (either positively or negatively) within each germplasm category but significance levels were much lower (or non-existent) in the “BreadWheat_Landraces” and the two Durum categories. The Tran and ET variables were always highly positively correlated (as expected). The H>30 (index of heat stress) was usually highly positively correlated with both Tran and ET but was not significant in the “BreadWheat_Landraces” category (Table 6) nor for ET in the “Durum_Elite” category (although the number of values was small, n = 10, Table 9).
The TGW and grain yield were generally positively correlated but again not within the “BreadWheat_Landraces” group (Table 6), and were strongly negative in the “Durum_Biparent” material (Table 8). The SDR (index of water stress) was usually negatively correlated (when significant) with the other traits but a contrasting positive correlation was seen in “BreadWheat_ABDLines” material with TGW (Table 4), and with Tran and ET in “Durum_Biparent” material (Table 8).
Tran and ET were generally significantly negatively correlated with both yield and TGW, except in the “BreadWheat_Landraces” group (Table 6) and in “Durum_Biparent” (Table 8). As expected, the numerous genotypes in the “BreadWheat_Landraces” category provided the greatest range in performance (yield and TGW), water use (Tran and ET), and water use efficiency (WUE_Tran and WUE_ET), plus less rigid inter-trait correlations.

[bookmark: _Hlk156890852]3.3. Distributional characteristics of water and heat stress and evapotranspiration
Environmental factors like water shortages and high temperatures significantly impact global wheat production through plant phenotypic and physiological changes (Abhinandan et al., 2018). For each of the four growing periods in this study, the intensity and frequency of water stress (calculated via supply-demand ratio; SDR) and heat stress including evapotranspiration are summarised below for individual genotypes within six germplasm groups.

In Figure 1, each boxplot shows the distribution of accumulated values of SDR for a single germplasm group and growing period combination. There is a considerable amount of variability in SDR within each germplasm group and growing period. The boxes, which represent the interquartile range (IQR), span a wide range of values in most cases. The whiskers, which extend to the most extreme data points not considered outliers, also show a wide range of values for many of the groups and periods. The medians (represented by the horizontal lines within the boxes) are generally lower for groups and periods with higher SDR. For example, in the first growing period, the median SDR for the BreadWheat_Elite group is around 10, while the median SDR for the same group at third growing period decreased to about 4.8. The dispersion, or spread, of the data is also influenced by SDR. The boxes tend to be wider for groups and periods with higher SDR, indicating that there is a greater range of SDR values within those groups. For example, in the second growing period, the box for the BreadWheat_Elite group is wider than the third growing period. In contrast, BreadWheat_NILines group didn’t show dispersion but higher SDR values in the first and fourth growing periods compared to the second and third growing periods. From Figure 1, it can be seen that the SDR decreases from growing period 1 to growing period 4 for all the genotypes. For three of the genotypes (BreadWheat_ABDLines, BreadWheatNILines, Durum_Wheat), the lowest SDR is in growing period 2.

The potential evapotranspiration (Fig. 2) exhibits considerable variability within each germplasm group and growing period, as evidenced by the interquartile ranges and whiskers of the boxes. The degree of dispersion in evapotranspiration values differs across germplasm groups and growing periods. For instance, Durum_Elite lines generally demonstrate a more compact distribution of evapotranspiration values compared to BreadWheat_ABDLines, suggesting greater consistency in water use within the Durum_Elite group. The median evapotranspiration values vary across germplasm groups and growing periods. Notable trends include BreadWheat_ABDLines tend to have higher median evapotranspiration values than other groups across most growing periods. Durum Elite lines generally exhibit lower median evapotranspiration values, particularly in growing periods 2 and 3. BreadWheat_Landraces display a wider range of median evapotranspiration values across growing periods. Th Potential evapotranspiration of growing period 1 > 4 > 3 > 2. Growing period 1 has the highest potential evapotranspiration and growing period 2 has the lowest potential evapotranspiration. Compared to the other genotypes, BreadWheat_Landraces has the highest potential evapotranspiration for each of the respective growing periods and high variability in evapotranspiration across growing periods, suggesting that water use strategies of genotypes may vary depending on environmental conditions and crop developmental stages.

Figure 3 shows a wide range of variability in heat stress within each germplasm group and growing period. The boxes show the middle 50% of the data, with the whiskers extending to the 10th and 90th percentiles. For example, in the BreadWheat_ABDLines group, the heat stress ranges from 0 to 15 days across the growing period. The median heat stress is also different for each germplasm group and growing period. For example, the median heat stress for the BreadWheat_ABDLines group is about 7 days in the third growing period, while the median heat stress for the Durum_Biparent group is higher (about 15 days) in the same growing period. Figure 3 show that heat stress growing period 1 < 2 < 3 < 4. Growing period 1 has the lowest heat stress and growing period 4 has the lowest potential evapotranspiration. Durum_Biparent had the highest stress for a given growing period compared to the other genotypes.

3.4. LASSO feature selection
Our wheat data consisted of six germplasm categories (Table S2); however, when fitting a LASSO model, specific criteria must be met. In our case, the “BreadWheat_NILines” category only had one sowing time at one location; hence there was no variation in the explanatory variables, and this category was excluded from the final modelling. Similarly, the “Durum_Elite” category had too few observations (2 genotypes only) to allow the fitting of the explanatory variables. The interpretation of coefficients from LASSO is almost the same as in multiple regression models. The only difference is that LASSO ‘forces’ some of the coefficients to zero. Table 10 shows the estimated coefficients from LASSO and overall model performance. 

In all four major germplasm categories, the effect of ET on yield was effectively zero except in Period 1 (where it presumably influenced vegetative biomass, which led to more yield), and in Period 4 for “Durum_Biparent” genotypes. Notably, in Period 1, the effect of ET on yield was higher for “BreadWheat_ABDLine” and “BreadWheat_Elite” compared to the other two germplasm groups. Heat stress (H) was damaging in all periods for the first two bread wheat categories and the “Durum_Biparent” set, but less so for the “BreadWheat_Landraces” set in Period 3. Yet, heat stress in Period 2 was found to be highly damaging for the “BreadWheat_Landraces” group. The results were more mixed for the water stress index (D), particularly detrimental in “BreadWheat_ABDlines” and in Period 3.

For BreadWheat_ABDLines (Table 10), wheat grain yield was found to be most severely affected by water stress in period 3, followed by heat stress in period 1. For each unit increase in water stress in period 3, yield is expected to decrease by 0.789 t/ha, assuming all other factors remain unchanged. Water stress in period 4, and ET in periods 2 to 4, were found to be relatively less influential to the grain yield. In "BreadWheat_Landraces" germplasm category, heat stress during period 2 had the strongest negative impact on wheat grain yield, reducing it by 0.725 t/ha. In contrast, water stress and evapotranspiration in all periods had minimal to no effect on grain yield. Among the germplasm categories in period 2, BreadWheat_Elite experienced the greatest yield reduction due to water stress, with an expected decrease of 0.501 t/ha and heat stress followed closely (yield decline of about 0.449 t/ha). Notably, evapotranspiration had no impact on grain yield for BreadWheat_Elite in periods 2, 3, and 4. Durum_Biparent appears to be less sensitive to water stress and heat stress than BreadWheat_ABDLine. In Durum_Biparent, heat stress had the greatest impact in period 2, with an expected yield decrease of 0.361 t/ha. This was followed by water stress with a decrease of 0.241 t/ha. Evapotranspiration had a positive effect on grain yield in periods 1 and 4, with increases ranging from 0.224 to 0.278 t/ha. However, it had no impact on yield in periods 2 and 3.

3.5. Yield prediction
LASSAO modelling predicts yield reasonably well (Figure 4) with highly significant positive regression between observed and predicted values: the “Durum_Biparent” relationship being particularly strong. There are some outlying groups of genotypes, for example in the “BreadWheat_Elite” category but these were very low yielding genotypes. As shown in Table 4, the root mean squared errors ranged from 0.119 to 0.976 t/ha across the four genotypes and the adjusted R2 ranged from 0.57 to 0.98. So, overall, the LASSO approach is working well at predicting crop outcomes, especially for “Durum_Biparent”, from weather-based and soil-based indices. Some other explanatory variables (not considered in this study) are required to improve further the goodness of fit, such as disease scores, lodging scores, weed measurements, and crop plant density.

4. Discussion
Climate change throws a complex web of challenges at crop production, weaving together water deficits, scorching heat, and fluctuating evaporative demands (Anwar et al., 2015; Kerr et al., 2022). These interwoven environmental stresses act like a multi-pronged attack, inflicting far more damage on plant growth and yield than individual stressors do in isolation (Pandey et al., 2017). This "synergistic effect" can significantly cripple crop production, exceeding initial projections, as evidenced by numerous studies (Mittler, 2006; Prasad et al., 2011).

This study investigated the combined effects of abiotic stresses: heat, water deficit (SDR), and evapotranspiration, on various wheat germplasm categories in Australia. The findings highlight the intricate and multifaceted nature of understanding how multiple stressors impact crop performance.

Delayed sowing results in longer crop emergence time, slower growth, less ground cover, lower biomass, higher non-productive (evaporation) component of water balance. Late sown crop is exposed to higher temperature and evapotranspiration (ET) during critical crop development stage. Early sown crop has a deeper rooting system to access subsoil water during the reproductive growth stage (Zeleke and Nendel, 2019). For all the growth periods considered in this study (periods 1 to 4), the correlation between explanatory variables (TGW [1000 grain weight], ET, Tran [transpiration], SDR, H>30 [number of days with temperatures >30 oC]) and dependent variable (grain yield) is different for different germplasm groups (results only shown for Period 3). This can be due to the inherent difference of the genotypes or due to pooled data from two sites and two sowing times. Heat, evapotranspiration, and transpiration are negatively correlated with yield. One would expect that the more a crop transpires, the higher will be the yield. However, in our data higher rainfall (or higher ET or Tran) years were affected by lodging, resulting in lower yield.

Our research confirms that climate change presents significant challenges for wheat production. The different growing periods exhibited variations in water stress, evapotranspiration, and heat stress (H>30 days), demonstrating the potential for diverse climatic pressures throughout the growing season (Nuttall et al., 2018). These stresses were found to significantly impact grain yield and plant characteristics like thousand-grain weight.

Interestingly, this study emphasizes that the combined effect of these stressors isn't simply additive. Interactions between factors like heat and water deficit can be complex and vary depending on the specific germplasm category and growing period. For example, while heat stress generally reduced yield in most wheat germplasm categories tested here, its impact was less pronounced in the "BreadWheat_Landraces" group in period 3, while water stress in period 2 had the largest detrimental effect for this group. Conversely, the "Durum_Biparent" group seemed less sensitive to stress overall, even showing a positive response to increased evapotranspiration in some periods (Sinha et al., 2021; Ru et al., 2023).
These findings underline the need for nuanced approaches to managing wheat crops under increasing climate variability (FAO, 2016). Selecting stress-tolerant varieties and implementing targeted strategies based on specific environmental conditions and germplasm characteristics will be crucial for ensuring food security in a changing climate. Further research exploring additional stress factors and their interactions will also be vital for optimizing wheat production and resilience.

While the LASSO model effectively captured the main stress effects (Shafiee et al. 2021), it's important to acknowledge the limitations. The observed stress-yield relationships likely involve intricate interactions that the model might not fully capture. For instance, the contrasting response of "BreadWheat_Landraces" to heat stress across different periods suggests potential moderating factors or complex physiological mechanisms at play. Further research delving deeper into these interactions and incorporating additional stress factors like salinity or nutrient deficiency could provide a more comprehensive understanding of how multiple stresses collectively impact wheat performance (Teixeira et al., 2013; Ru et al., 2023).

Despite these known limitations, the LASSO model demonstrated promising results in predicting yield based on weather and soil-based indices, particularly for the "Durum_Biparent" group. This highlights it’s potential as a tool for:
1)	Identifying stress-tolerant genotypes: by analysing the LASSO coefficients and stress responses across diverse germplasm, researchers can prioritize genotypes with inherent resistance or resilience to specific stress combinations. This can be achieved by identifying germplasm categories that exhibit consistently lower yield reductions under various stress combinations.
2)	Targeted stress mitigation strategies: understanding which stress factors are most critical for specific genotypes and growth periods allows for tailored interventions. For example, if water stress is the primary limiting factor for a particular germplasm category during a specific growth period, implementing irrigation scheduling strategies can be crucial. Conversely, for germplasm categories sensitive to heat stress, exploring heat stress management techniques such as by earlier sowing or by growing earlier maturing varieties or breeding for heat tolerance can be prioritized.

To summarise, the LASSO analysis provided valuable insights into the diverse and complex ways that abiotic stresses impact wheat yield across different germplasm categories. While further research is needed to fully understand the intricate interactions between stresses, this study demonstrates the potential of LASSO as a tool for predicting and managing stress impacts, ultimately contributing to improved wheat production and food security in a changing climate.

5. Conclusion
In this study we demonstrated how LASSO can be used to identify bread wheat and Durum wheat genotypes with stress-tolerance ability within germplasm groupings using data from multi-site and multi-year field experiments grown in NSW Australia. Grain yield, soil characteristics, and daily weather data were recorded to predict grain yield using stress indices. LASSO predicted grain yield well but adding other variables like lodging score, disease incidence, weed incidence, and insect damage could improve this technique. Not all growing periods were predicted well. We found that the growth period 30 days pre-flowering up to flowering was sensitive for yield loss from heat and water stress as compared to other three periods of similar duration. The study confirms the usefulness of statistical modelling in identifying genotypes worthy of investigation by breeders.
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Tables and Figures

	Table 1. Characterisation of the soils, site descriptions, and long term (1950-2022) average climate variables for the two sites used in the field experiments described in this paper. PAWC= plant available water capacity; BD=bulk density; OC= soil organic carbon; GS= growing season (April to October); maxT= mean annual maximum temperature; minT= mean annual minimum temperature; avT=mean annual average temperature; Frost= mean annual any day where minT <=0oC. * = co-efficient of variation (CV, %) in parentheses. $ = top soil layer equals 0-10 cm.
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	Leeton
	34.73 S
146.55 E
	Wunnamurra Clay (clay loam)
	1.80
	293
	1.30
	7.20
	1.75
	478
(32.5)*
	293
(37.3)
	17.7
(5.25)
	13.2
(6.78)
	18.5
(4.39)
	6.3
(9.57)
	12.4
(3.71)
	22
(44.4)

	Wagga Wagga
	35.05 S
147.35 E
	Kandosol
	1.25
	128
	1.45
	6.43
	1.69
	560
(29.4)
	339
(34.6)
	17.3
(5.25)
	12.8
(6.79)
	17.4
(5.17)
	5.7
(11.89)
	11.6
(4.02)
	28
(42.6)







	Table 2: Mean grain yield and grain weight of six wheat germplasm groupings (across two wheat species, bread wheat and durum) sown at one or two different times. The number of genotypes of each germplasm category and the range of genotype means for grain yield (t/ha) and 1000-grain weight (TGW, g) are also presented. na = not available.

	Category
	Sowing time
	Number of genotypes
	Mean sowing date (Julian day)
	Mean
yield
(t/ha)
	Range in
yield
(t/ha)
	Mean
TGW
(g)
	Range in
TGW
(g)

	BreadWheat_ABDLines
	1
	72
	156
	5.66
	3.17 - 8.96
	41.9
	26.80 - 50.38

	BreadWheat_ABDLines
	2
	61
	217
	3.85
	1.86 - 5.75
	33.3
	21.38 - 42.65

	BreadWheat_Elite
	1
	217
	156
	5.33
	2.13 - 8.73
	39.1
	27.92 - 52.25

	BreadWheat_Elite
	2
	219
	217
	3.33
	0.19 - 5.46
	31.2
	na

	BreadWheat_Landraces
	1
	196
	157
	3.74
	2.00 - 6.35
	40.3
	30.68 – 58.0

	BreadWheat_Landraces
	2
	201
	218
	2.07
	0.44 - 4.23
	31.9
	22.28 - 48.40

	BreadWheat_NILines
	1
	61
	137
	2.62
	2.30 - 2.92
	33.6
	25.52 - 39.30

	Durum_Biparent
	1
	232
	152
	2.78
	2.25 - 3.43
	35.1
	26.51 - 44.20

	Durum_Biparent
	2
	322
	216
	1.48
	0.88 - 2.03
	40.4
	31.82 - 47.76

	Durum_Elite
	1
	4
	152
	4.73
	2.59 - 7.22
	42.0
	38.34 - 45.30

	Durum_Elite
	2
	6
	215
	2.49
	0.86 - 4.61
	39.8
	32.05 - 44.95




	Table 3. Water use and water-use efficiency based on transpiration (Tran and wue_Tran) and evapotranspiration (ET and wue_ET), respectively for six wheat germplasm groupings sown at one or two different times. Overall mean values are presented along with corresponding ranges for individual genotype means.

	Category
	Sowing time
	Mean
Tran
	Range in
Tran
	Mean
ET
	Range in
ET
	Mean wue_Tran
	Range in
wue_Tran
	Mean
wue_ET
	Range in
wue_ET

	
	
	(mm)
	(Kg grain/ha/mm)

	BreadWheat_ABDLines
	1
	155
	136 - 187
	245
	219 - 277
	36.6
	20.1 - 49.9
	23.0
	13.7 - 33.5

	BreadWheat_ABDLines
	2
	222
	194 - 255
	308
	272 - 346
	17.3
	7.8 - 23.1
	12.5
	5.8 - 16.8

	BreadWheat_Elite
	1
	158
	136 - 188
	249
	219 - 299
	33.9
	15.6 - 57.5
	21.4
	9.1 - 34.9

	BreadWheat_Elite
	2
	222
	187 - 258
	310
	262 - 363
	15.2
	0.92 - 24.6
	10.9
	0.6 - 17.6

	BreadWheat_Landraces
	1
	157
	136 - 188
	260
	219 - 313
	24.5
	13.7 - 46.6
	14.6
	7.9 - 28.2

	BreadWheat_Landraces
	2
	220
	191 - 258
	313
	268 - 370
	9.7
	1.69 - 21.7
	6.8
	1.2 - 15.2

	BreadWheat_NILines
	1
	159
	158 - 159
	269
	265 - 270
	16.5
	14.4 - 18.4
	9.7
	8.5 - 10.8

	Durum_Biparent
	1
	146
	138 - 156
	257
	239 - 287
	18.9
	15.8 - 21.9
	10.8
	9.1 - 12.1

	Durum_Biparent
	2
	189
	141 - 232
	279
	223 - 332
	7.8
	5.7 - 9.9
	5.3
	3.7 - 6.4

	Durum_Elite
	1
	163
	142 - 186
	258
	245 - 275
	27.8
	18.3 - 38.9
	17.9
	10.6 - 26.3

	Durum_Elite
	2
	211
	151 - 254
	299
	236 - 342
	11.1
	5.7 - 18.2
	7.9
	3.6 - 13.6




	Table 4. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “BreadWheat_ABDLine” germplasm category for both sites (Wagga Wagga and Leeton) combined, including all sowing times. Significance levels are indicated as follows: * 0.01 < p < 0.05, ** 0.001 <p < 0.01, *** p < 0.001

	BreadWheat_ABDLines germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	
	0.52***
	-0.38***
	-0.37***
	-0.15**
	-0.62***

	TGW
	
	
	-0.61***
	-0.62***
	0.16**
	-0.60***

	ET
	
	
	
	0.99***
	-0.59***
	0.70***

	Tran
	
	
	
	
	-0.60***
	0.68***

	SDR
	
	
	
	
	
	-0.23***




	Table 5. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “BreadWheat_Elite” germplasm category for both sites combined, including all sowing times. Significance levels are indicated as follows: * 0.01 < p < 0.05, ** 0.001 < p < 0.01, *** p < 0.001

	BreadWheat_Elite germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	
	0.59***
	-0.62***
	-0.66***
	0.20***
	-0.73***

	TGW
	
	
	-0.28***
	-0.37***
	-0.11*
	-0.49***

	ET
	
	
	
	0.97***
	-0.61***
	0.82***

	Tran
	
	
	
	
	-0.55***
	0.77***

	SDR
	
	
	
	
	
	-0.29***




	Table 6. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “BreadWheat_Landraces” germplasm category for both sites combined, including all sowing times. Significance level are indicated as follows: * 0.01 < p < 0.05, ** 0.001 < p < 0.01, *** p < 0.001

	BreadWheat_Landraces germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	
	-0.10
	0.24
	0.27
	-0.93***
	-0.85**

	TGW
	
	
	-0.59
	-0.56
	0.25
	0.26

	ET
	
	
	
	0.99***
	-0.33
	-0.18

	Tran
	
	
	
	
	-0.32
	-0.13

	SDR
	
	
	
	
	
	0.97***




	Table 7. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “BreadWheat_NILines” germplasm category for both sites combined, including all sowing times. Significance level are indicated as follows: * 0.01< p < 0.05, **0.001 < p < 0.01, *** p < 0.001

	BreadWheat_NILines germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	
	0.57***
	-0.18*
	-0.20*
	-0.40***
	-0.30***

	TGW
	
	
	-0.31***
	-0.34***
	-0.34***
	-0.07

	ET
	
	
	
	0.99***
	-0.50***
	0.36**

	Tran
	
	
	
	
	-0.48***
	0.30***

	SDR
	
	
	
	
	
	-0.40***




	Table 8. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “Durum_Biparent” germplasm category for both sites combined, including all sowing times. Significance level are indicated as follows: * 0.01< p < 0.05, **0.001 < p < 0.01, *** p < 0.001

	Durum_Biparent germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	
	0.16
	-0.06
	-0.06
	0.13
	

	TGW
	
	
	0.06
	0.03
	0.05
	

	ET
	
	
	
	0.90***
	0.33**
	

	Tran
	
	
	
	
	0.34**
	

	SDR
	
	
	
	
	
	





	Table 9. Pearson correlation coefficients between yield, 1000 grain weight (TGW), evapotranspiration (ET), transpiration (Tran), accumulated water deficit (SDR = supply-demand ratio), and heat stress (H>30 = number of days with temperatures >30 oC) during growth Period 3 (see text for explanation) in the “Durum_Elite” germplasm category for both sites combined, including all sowing times. Significance level are indicated as follows: * 0.01< p < 0.05, ** 0.001 < p < 0.01, *** p < 0.001

	Durum_Elite germplasm group

	
	Yield
	TGW
	ET
	Tran
	SDR
	H>30

	Yield 
	1.00
	-0.75***
	0.18***
	-0.16***
	-0.22***
	-0.87***

	TGW
	
	1.00
	-0.17***
	0.11*
	0.08
	0.62***

	ET
	
	
	1.00
	0.93***
	-0.07
	0.05

	Tran
	
	
	
	1.00
	-0.10*
	0.31***

	SDR
	
	
	
	
	1.00
	0.57***




	Table 10. Estimated coefficients from LASSO (least absolute shrinkage and selection operator) and model performance for Leeton and Wagga Wagga (all sowing times pooled), as measured by estimated coefficients, RMSE, Adjusted (Adj) R2, and Lambda (λ). The explanatory variables consisted of water stress (D), heat stress (H; number of days with temperatures >30oC), evapotranspiration (ET; Priestley-Taylor method), and the response variable was wheat grain yield (t/ha) for each of the four growing periods (period 1 - 4, see text for details) *Explanatory variables (D, H, or ET) plus period number

	BreadWheat_ABDLines
	
	BreadWheat_Elite

	Item
	LASSO coefficients
	
	Item
	LASSO coefficients

	Intercept
	4.834
	
	Intercept
	4.327

	D_period1*
	-0.498
	
	
	-0.036

	D_period2
	-0.341
	
	
	-0.501

	D_period3
	-0.789
	
	
	0

	D_period4
	0
	
	
	-0.261

	H_period1
	-0.575
	
	
	-0.227

	H_period2
	-0.432
	
	
	-0.449

	H_period3
	-0.073
	
	
	-0.337

	H_period4
	-0.312
	
	
	-0.227

	ET_period1
	0.431
	
	
	0.344

	ET_period2
	0
	
	
	0

	ET_period3
	0
	
	
	0

	ET_period4
	0
	
	
	0

	RMSE
	0.846
	
	
	0.976

	Adj R2
	0.66
	
	
	0.57

	 λ
	0.0011
	
	
	0.0054

	BreadWheat_Landraces
	
	Durum_Biparent

	Item
	LASSO coefficients
	
	Item
	LASSO coefficients

	Intercept
	2.893
	
	Intercept
	2.027

	D_period1*
	-0.102
	
	
	-0.207

	D_period2
	0
	
	
	-0.241

	D_period3
	-0.064
	
	
	0

	D_period4
	0
	
	
	0

	H_period1
	-0.143
	
	
	0

	H_period2
	-0.725
	
	
	-0.361

	H_period3
	0
	
	
	-0.215

	H_period4
	-0.247
	
	
	-0.135

	ET_period1
	0.161
	
	
	0.224

	ET_period2
	0
	
	
	0

	ET_period3
	0
	
	
	0

	ET_period4
	0
	
	
	0.278

	RMSE
	0.605
	
	
	0.110

	Adj R2
	0.70
	
	
	0.98

	λ
	0.0063
	
	
	0.000
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Figure 1. Boxplots of mean SDR (supply-demand ratio = water stress) for individual genotypes within six germplasm groups and for each of the growing periods (see text for details). Data includes all sowing times. The number of genotypes in each group and sowing time is given in Table 3.
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[bookmark: _Hlk158822561]Figure 2. Boxplots of potential evapotranspiration for individual genotypes within six germplasm groups and for each of the growing periods (see text for details). Data includes all sowing times. The number of genotypes in each group and sowing time is given in Table 3.
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Figure 3. Boxplots of heat stress for individual genotypes within six germplasm groups and for each of the growing periods (see text for details). Data includes all sowing times. The number of genotypes in each group and sowing time is given in Table 3.
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Figure 4. Plots of predicted wheat yield (t/ha) derived from LASSO modelling against observed yield for four wheat germplasm categories. The best fitted straight line, together with the R2 and P-value of the slope term, are provided for better visual assessment.
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LASSO regression used for influential feature selection amongst many evapotranspiration, heat-stress and water-deficit variables when predicting yield in bread and Durum wheats from different germplasm groups

Muhuddin Rajin Anwara, Livinus Emebiri, Ryan H. L. Ip, David J. Luckett, Yashvir S. Chauhan, Ketema T. Zeleke


	Table S1. The frequencies of concurrence of genotypes between the various “Situations”, where “Situation” consists of the combination of three factors: Site_Year_Sowing-time. The diagonal of the table gives the total genotype number tested in each Situation. The “Exotic” Durum wheat category has been excluded from this table as it was comprised of only 1 genotype.

	Situation
	LEETON_2011_1
	LEETON_2011_2
	LEETON_2015_1
	LEETON_2015_2
	WAGGA_2012_1
	WAGGA_2012_2
	WAGGA_2018_1
	WAGGA_2018_2
	WAGGA_2019_1
	WAGGA_2019_2

	LEETON_2011_1
	205
	200
	11
	0
	188
	190
	2
	1
	1
	1

	LEETON_2011_2
	
	207
	11
	0
	191
	194
	2
	1
	1
	1

	LEETON_2015_1
	
	
	17
	0
	17
	17
	0
	0
	0
	0

	LEETON_2015_2
	
	
	
	8
	0
	0
	0
	0
	0
	0

	WAGGA_2012_1
	
	
	
	
	263
	263
	2
	0
	0
	0

	WAGGA_2012_2
	
	
	
	
	
	268
	2
	0
	0
	0

	WAGGA_2018_1
	
	
	
	
	
	
	134
	71
	71
	71

	WAGGA_2018_2
	
	
	
	
	
	
	
	163
	163
	163

	WAGGA_2019_1
	
	
	
	
	
	
	
	
	163
	163

	WAGGA_2019_2
	
	
	
	
	
	
	
	
	
	163





	Table S2. Details (means and ranges) of the “sowing-date to flowering-date interval” (in days) for the genotypes within each germplasm category and across all combinations of Site, Year, and Sowing-time (1 = ‘early’, 2 = ‘late’).

	Germplasm category
	Site
	Year
	Sowing
time
	Number of genotypes
	Mean sowing to flowering interval (days)
	Range in sowing to flowering interval (days)

	BreadWheat_ABDLines
	Leeton
	2011
	1
	28
	114.8
	110.5 – 120.0

	BreadWheat_ABDLines
	Leeton
	2011
	2
	28
	84.2
	79.3 – 86.7

	BreadWheat_ABDLines
	Leeton
	2015
	1
	11
	129.6
	127.7 – 130.6

	BreadWheat_ABDLines
	Wagga Wagga
	2012
	1
	33
	122.7
	117.3 – 133.4

	BreadWheat_ABDLines
	Wagga Wagga
	2012
	2
	33
	84.5
	79.7 – 90.7

	BreadWheat_Elite
	Leeton
	2011
	1
	98
	116.7
	110.1 – 136.4

	BreadWheat_Elite
	Leeton
	2011
	2
	97
	85.7
	77.7 – 98.0

	BreadWheat_Elite
	Leeton
	2015
	1
	6
	130.2
	128.5 – 132.0

	BreadWheat_Elite
	Leeton
	2015
	2
	8
	104.4
	101.7 – 106.1

	BreadWheat_Elite
	Wagga Wagga
	2012
	1
	111
	124.2
	116.9 – 137.5

	BreadWheat_Elite
	Wagga Wagga
	2012
	2
	114
	85.5
	72.9 – 95.7

	BreadWheat_Elite
	Wagga Wagga
	2018
	1
	2
	138.6
	137.1 – 140.1

	BreadWheat_Landraces
	Leeton
	2011
	1
	77
	133.0
	112.6 – 148.2

	BreadWheat_Landraces
	Leeton
	2011
	2
	80
	94.2
	83.3 – 107.9

	BreadWheat_Landraces
	Wagga Wagga
	2012
	1
	119
	134.0
	115.5 – 148.1

	BreadWheat_Landraces
	Wagga Wagga
	2012
	2
	121
	91.1
	76.0 – 107.8

	BreadWheat_NILines
	Wagga Wagga
	2018
	1
	61
	139.5
	137.7 – 140.5

	Durum_Biparent
	Wagga Wagga
	2018
	1
	71
	138.1
	137.3 – 138.9

	Durum_Biparent
	Wagga Wagga
	2018
	2
	161
	90.2
	87.9 – 94.4

	Durum_Biparent
	Wagga Wagga
	2019
	1
	161
	115.6
	109.6 – 120.3

	Durum_Biparent
	Wagga Wagga
	2019
	2
	161
	77.3
	72.4 – 82.5

	Durum_Elite
	Leeton
	2011
	1
	2
	115.6
	113.4 – 117.8

	Durum_Elite
	Leeton
	2011
	2
	2
	83.0
	81.3 – 84.7

	Durum_Elite
	Wagga Wagga
	2018
	2
	2
	89.8
	88.7 – 90.8

	Durum_Elite
	Wagga Wagga
	2019
	1
	2
	116.4
	116.3 – 116.4

	Durum_Elite
	Wagga Wagga
	2019
	2
	2
	77.7
	77.6 – 77.7
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