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A B S T R A C T   

Average grain weight (AGW) is a major component of wheat yield. When attempting to elucidate mechanisms 
behind treatments effects on AGW, the distribution of the weight of individual grains may be critical. Deter-
mining the individual weight of thousands of grains in each sample would be unmanageable. Then, when in-
dividual sizes must be considered, researchers either weigh individually a very minor proportion of the grains or 
determine for the complete sample individual linear dimensions (length, width, area) through an image pro-
cessing equipment. We aimed to generate a single model equation to trustworthily convert grain linear di-
mensions to grain weights. Firstly, we used a set of data to build and calibrate a model for the relationship 
between weight and linear dimensions of individual grains. Then, we validated the model calibrated with in-
dependent data. Grain area was a better predictor of grain weight than length and width of grains. Initially, we 
generated a single linear model but (i) the intercept was incongruently negative and therefore (ii) we forced the 
linear regression through the origin, but that consistently overestimated the weight of small grains and under-
estimated large grains. Finally, we fitted the data again with a power curve model and forced the intercept to 
zero (with the log-transformed data) obtaining the model (ŷ = x1.32) to estimate individual grain weight from 
grain area. The model was validated with (i) independent data from the same studies used to build the model, (ii) 
data from other completely independent experiments, and (iii) data from the literature. Considering the diversity 
of genotypes and environments in the model generation and validation, the proposed power curve model could 
be trustworthily used to estimate grain weights from measured areas.   

1. Introduction 

Wheat yield comprises two major components: the number of grains 
per m2 (GN) and their average grain weight (AGW) (Frederick and 
Bauer, 1999). Most studies analyzing the effects of genetic and/or 
environmental factors determine these components. The most frequent 
procedures are (i) to estimate yield through weighing the threshed 
grains from the sample, then counting them and finally estimating AGW 
as the yield-to-GN ratio, or (ii) to determine yield directly from the 
combine-harvested plot and measuring AGW (from sub-samples of a 
certain number of grains) and then estimating grain number as the 
yield-to-AGW ratio. In many cases, these two components are enough to 
reach sound interpretations for the particular aim of the studies. How-
ever, in other cases, AGW may be insufficient and the effects of treat-
ments on the final size of individual grains (that collectively determine 
the AGW) may be needed. 

For researchers attempting to offer a mechanistic explanation for 
differences in AGW, the level of detail of having the weight of each in-
dividual grain, with which to analyse the grain weight distribution in 
particular treatments, may be more relevant than having only their 
average weight. For instance, a reduction in average size due to a 
particular treatment may well reflect that all grains are smaller in that 
treatment, but also that a particular subset of the population of grains 
was reduced, and inferences on the causes of AGW reductions would be 
different. Among a longer list of examples, it was necessary to determine 
not only AGW but also the individual weight of particular grains for a 
mechanistic explanation of (i) a negative relationship between AGW and 
GN in response to yielding condition (e.g. Acreche and Slafer, 2006), (ii) 
the effects of awns on potential grain size (Sanchez-Bragado et al., 
2020), (iii) the relevance of pericarp characteristics in determining grain 
size (Hasan et al., 2011; Brinton et al., 2017; Herrera and Calderini, 
2020), and (iv) the genetic and molecular basis of trade-offs between 
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AGW and spike fertility (Zhai et al., 2018). Indeed, it seems more 
frequent than not that treatments modifying GN bring about concomi-
tant changes in AGW (Frederick and Bauer, 1999), regardless of whether 
the effects are due to genetic or environmental factors (Slafer et al., 
2015b, and references quoted therein). Changes in AGW may reflect an 
increase in competition during grain filling (Sakai and Sakai, 2005; 
Cartelle et al., 2006; Labra et al., 2017), or a reduction in the potential 
size of the grains (Slafer et al., 2015a; Elía et al., 2016), or simply a 
change in the relative contribution of small grains to the final AGW 
(Slafer and Savin, 1994; Acreche and Slafer, 2006; Ferrante et al., 2017). 
Discerning the actual cause of the changes in AGW, for which analyzing 
the weight of individual grains would contribute, is clearly relevant for 
the appropriate interpretation of results and suggestions to be consid-
ered for more efficient breeding or management. 

A major inconvenience is that to determine the individual weight of 
thousands (or tens of thousands) of grains, that are normally considered 
in AGW determination, would require an amount of time and other re-
sources that are simply impossible to handle. Therefore, when scientists 
are interested in having such detail of the weight of individual grains, 
either they (i) do consider only a minor proportion of particular grains of 
the canopy (Miralles and Slafer, 1995; Acreche and Slafer, 2006; Philipp 
et al., 2018), or (ii) make individual determinations of grain linear di-
mensions (length, width, area) (Gegas et al., 2010; Philipp et al., 2018) 
that can be easily achieved with image digitalization procedures (for 
hundreds of grains in few minutes, including the preparation of grains 
for the image). The problem with the former approach is that the indi-
vidual grains sampled for the determination may not cover all sizes of 
the populations of grains in a complete sample, causing more differences 
between the sample and population variance, and even considering a 
very small sub-sample it is time-consuming and painfully laborious. The 
inconvenience of the second approach is that the explanation for the 
differences in AGW comes from measurements of dimensions, but not 
from the actual weight of the individual grains in that complete sample. 

As the density of grains (weight per unit volume) is virtually constant 
across genotypes and environments, at least considering grains above a 
minimum threshold of c. 20 mg grain− 11, the ratio of volume and weight 
is very conservative (Millet and Pinthus, 1984; Hasan et al., 2011; 
Walker and Panozzo, 2011), implying that the weight of each grain in a 
sample may be confidently estimated from the individual volumes. 
However, determining the volume of each individual grain is likely more 
laborious and more time-consuming (Millet and Pinthus, 1984; Hasan 
et al., 2011; Herrera and Calderini, 2020) than actually weighing grain 
by grain with a precision balance, or requires of highly sophisticated 
equipment (e.g. can be obtained from computed tomography scanning 
image segmentation and reconstruction; Strange et al., 2015). However, 
as the volume is related to the grain dimensions of length, width and 
height (Miralles et al., 1998; Hasan et al., 2011; Walker and Panozzo, 
2012; Xie et al., 2015; Benincasa et al., 2017; assuming the shape is an 
ellipsoid), it is highly likely that considering the dimensions of easily, 
quickly and affordably obtained 2-D images of grains the weight of in-
dividual grains could also be trustworthily estimated. These dimensions 
are length and width from which the area may be estimated. Indeed, 
although length and width have been laboriously measured by hand (e. 
g. Ramya et al., 2010; Hasan et al., 2011), the use of a simple and 
affordable equipment to quickly obtain a 2-D images of individual grains 
in a relatively large sample estimating (among other things) the length, 
width and area of each individual grain are available (e.g. Tanabata 
et al., 2012; Whan et al., 2014; Komyshev et al., 2017). The most 
frequently used equipment of this type for the determination of wheat 
grain dimensions is likely the Marvin seed analyser (e.g. Gegas et al., 
2010; Neuweiler et al., 2020; Sanchez-Bragado et al., 2020). Taking 
advantage that grains of modern cultivars do not vary appreciably in 

shape (Gegas et al., 2010), a single equation might be generated to 
transform the dimensions taken from 2-D images of individual grains 
into their dry weights that could be reasonably valid across genotypes 
and growing conditions. 

In this paper, we aimed to generate a single model equation to 
trustworthily convert grain linear dimensions to weight for wheat 
grains. For this purpose, we (i) used a set of data to establish linear re-
lationships between dry weight and either length, width, or area of in-
dividual grains of different wheat cultivars grown in different 
experiments to select a calibrated model to be used to predict grain 
weight from 2-D images, and then (ii) validated the calibrated model 
with independent data (including using cultivars and environmental 
factors not considered in model calibration). 

2. Materials and methods 

2.1. Experimental setup 

Field experiments were carried out at Bell-lloc d’Urgell (41.64 ◦N, 
0.79 ◦E), Catalonia, North-East Spain. Firstly, we carried out three ex-
periments, each one combining different wheat genotypes and two doses 
of nitrogen (N) fertilisation. From each of these experiments, some 
cultivars were used to develop a model whose parameters could be used 
to predict individual grain weights from the individual grain dimensions 
(so that the model would be based on a wide range of G x E conditions). 
For developing a model to estimate grain weight, grains were harvested 
from 48 combinations of G x E conditions: six treatments in Experiment 
1 (3 cultivars x 2 N fertilisation levels), two treatments in Experiment 2 
(1 cultivar x 2 N) and four treatments in Experiment 3 (2 cultivars x 2 N) 
(Table 1). Data of the other cultivars (under the two contrasting N fer-
tilisation regimes) within each of these three experiments were used to 
validate the model generated with independent data representing 96 
combinations of G x E conditions: eight treatments in Experiment 1 (4 
cultivars x 2 N), two treatments in Experiment 2 (1 cultivar x 2 N) and 
six treatments in Experiment 3 (3 cultivars x 2 N) (Table 1). Then we 
decided to use data from other completely independent experiments to 
complement the validation exercise expanding the dataset to cultivars 
never used before (experiment 4) and cultivars that were grown in 
previous experiments but subjected to a completely different environ-
mental treatment, heat stress (Experiment 5) (Table 1). In all experi-
ments, the plot size was 1.2 m wide (6 rows, 0.20 m apart) and 4 m or 6 
m long. Nitrogen fertilisation treatments consisted in an unfertilised 
control and a N fertilised treatment with a dose of 200 KgN ha− 1. Heat 
treatments consisted of an unheated and two heated treatments (one 
starting at early booting, the other one 15 days after anthesis) increasing 
maximum daily temperatures (but not the minimum ones) over 10 days. 
The heat treatment was imposed by installing over the designated plots 
wood structures of 1.5 m height above the whole plot covered with 
transparent polyethylene film (structures and type of heat like those 
described in detail by Elía et al., 2018). The mean difference of tem-
perature between inside and outside of chamber in daytime was 5.20 ±
0.03 and 5.39 ± 0.03 ◦C at pre- and post-anthesis respectively, while 
during the night, the average temperature difference was negligible 
(0.30 ± 0.01 and 0.40 ± 0.01 ◦C at pre- and post-anthesis respectively). 

All treatments in each experiment were arranged in a randomised 
complete block design (RCBD) with three replications. All experiments 
were irrigated to avoid any water stress and biotic interferences were 
avoided through controlling weeds, insects and diseases following usual 
practices. 

2.2. Sampling, measurements, and model generation/validation 

From each particular case (each particular treatment in each 
particular experiment), we had a large sample at physiological maturity 
from the agronomic study (a whole 1 m from a central row) involving 
thousands of grains. In these samples, we analysed the dimensions 

1 This threshold implies that the ratio of volume and weight may not be that 
conservative when severe water or heat stress very strongly affect grain growth. 
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(length, width, and area) of each of the grains using the MARVIN 5.0 
optical seed analyser (GTA Sensorik GmbH, Germany), after evenly 
distributing grains over the tray of the seed analyser. We did not 
accommodate all grains to a single position (either with the ventral 
furrow downwards or by lying on one side, individual grains adopted 
one of these positions at random). Accommodating the grains one-by- 
one to a single position would have produced an unrealistic situation 
when compared to what researchers do when measuring thousands of 
grains. Furthermore, as grains are mostly elliptic, accommodating the 
grains to a single of the two positions would have only slightly affected 
the measured dimensions (Mabille and Abecassis, 2003). Knowing the 
distribution of grain morphometric measurements, we took from each 
sample a sub-sample at random and from it, we selected grains for 
analysis representing all classes of sizes in the large sample from the 
agronomic study. In these sub-samples (Table 1), we measured, grain by 
grain, not only the morphometric measurements with the seed analyser, 
but also each individual grain weight with a precision balance with an 
accuracy of 0.01 mg (VWR International, SMG 2285Di-ION, Italy). 
Indeed, the dimensions and weights of grains used for the development 
of the model and for its validation ranged widely in all cases (Table 1). 

Then using the data of each individual grain dry weight, length, 
width and area from the dataset used for the development of the model 
(Table 1), we established the relationships between grain dry weight and 
each of the three dimensions. For that purpose, we fitted regressions 
between grain weight and either grain length, grain width, or grain area 
using RStudio (RStudio Team 2020). We firstly fitted linear regressions 
(ŷ=a + b x) and then tested a power relationship (ŷ=a xb); for computing 
the latter, we actually fitted the linear regression to the log-transformed 
data of both the independent and the dependent variables (log ŷ=a + b 
log x) (Kvålseth, 1983). Then, with the best predictor, we estimated 
grain weight for each grain considered in the validation exercise from 
the morphometric determinations based on the digital images and using 
the model developed. Finally, we plotted the predicted vs the actually 
measured weight of each grain with RStudio. 

We analysed the frequency of the distribution of both actual and 

predicted grain weights. Once the average and the standard deviation of 
each case were estimated, we adjusted a normal distribution curve 
converting within each distribution the value of each individual grain to 
a probability density function (i.e. the likelihood of each particular grain 
weight within the population of grains considered with that particular 
average and standard deviation) (Bellido et al., 2006). 

3. Results 

3.1. Predictive model 

We regressed measured grain weight against the three size di-
mensions measured: grain length (Fig. 1A), grain width (Fig. 1B), and 
grain area (Fig. 1C), considering a universe of 340 data-points of indi-
vidual values measured in 6 different cultivars (three of them in 
experiment 1, one in experiment 2 and two in experiment 3), grown 
under two contrasting N fertilisation levels in all these experiments 
(Table 1). 

Naturally, all relationships were positive and, at first sight, they all 
appeared to have a strong linear component (Fig. 1). Indeed, all three 
linear regressions between actual grain weight and grain size di-
mensions considered here were highly significant (Table 2), with the 
relationship with grain area (Fig. 1C) explaining a higher proportion of 
the variation in grain weight than those with grain length (Fig. 1A) or 
width (Fig. 1B) (Table 2). 

Not only the percentage of variation in grain size was better 
explained by the area than by either the length or the width of grains, 
but also the magnitude of variation in grain area (from c. 8 to c. 24 mm2) 
was more proportional to that in grain weight (from c. 15 to c. 69 mg 
grain− 1) than variation in grain length (from c. 4.5 to c. 8 mm) or width 
(from c. 2 to c. 4.6 mm) (Fig. 1; Table 1). Therefore, at first, a single 
linear model using grain area as a predictor of grain weight (ŷ = -15.99 
+ 3.46 x; Table 2, top left; Fig. 1C) seemed appropriate with grain area 
explaining more than 88 % of the variation in grain weight. 

Regardless of the highly significant coefficients of determination, all 

Table 1 
Summary of the experiments performed under field conditions. Treatments were always different commercial wheat cultivars; in experiments 1, 2 and 3, cultivars were 
combined with two contrasting N fertilisation regimes; and in experiment 5 they were subjected to unheated conditions and heated either in pre- or in post-anthesis.  

Experiment Sowing date and rate Treatments No. grains sampled Ranges included in the samples (Min, [Average], Max)   
Cultivars Environment  Length (mm) Width (mm) Area (mm2) Dry weight (mg) 

Development of model to estimate grain weight 

EXP1 
20-Nov-15 Marcopolo 0 KgN ha− 1 30a 4.58 2.40 8.39 15.40 
350 seeds m-2 Ingenio 200 KgN ha− 1 90b [6.44] [3.65] [17.89] [50.31]  

Kilopondio   7.65 4.32 23.32 69.30 

EXP2 
16-Nov-16 

Avelino 
0 KgN ha− 1 130a 5.15 2.15 9.50 17.80 

350 seeds m-2 200 KgN ha− 1 130b [7.10] [3.53] [18.08] [45.46]    
8.01 3.98 22.91 62.5 

EXP3 
17-Nov-17 

Pistolo Sublim 
0 KgN ha− 1 60a 5.30 2.43 10.70 18.05 

380 seeds m-2 200 KgN ha− 1 120b [6.59] [3.55] [17.78] [43.17]    
7.62 4.63 24.17 66.02 

Validation of model with independent data 

EXP1 

20-Nov-15 Alabanza 0 KgN ha− 1 30a 4.42 2.10 7.36 9.4 
350 seeds m-2 ArthurNick 200 KgN ha− 1 120b [6.16] [3.46] [16.21] [43.28]  

Bologna   7.43 4.32 22.57 71.30  
Sar32       

EXP2 
16-Nov-16 

Ingenio 
0 KgN ha− 1 130a 5.60 2.80 11.6 22.9 

350 seeds m-2 200 KgN ha− 1 130b [7.50] [3.70] [20.05] [54.6]    
8.34 4.21 24.46 69.17 

EXP3 
17-Nov-17 Avelino 0 KgN ha− 1 60a 5.07 2.43 9.56 16.44 
380 seeds m-2 Ingenio 200 KgN ha− 1 180b [6.56] [3.57] [17.83] [43.61]  

MarcoPolo   7.74 4.51 24.34 61.15 

EXP4 
17-Nov-17 Garcia 

- 
50a 4.60 2.90 10.80 24.79 

125 Kgseeds ha-1 Paledor 100b [6.32] [3.63] [17.21] [40.32]    
7.60 4.50 24.40 62.07 

EXP5 
20 Dec 2018 Avelino Unheated control 45a 5.50 2.84 12.0 26.20 
400 seeds m-2 Pistolo Heated at pre-AN 135b [6.48] [3.73] [18.59] [51.13]  

Sublim Heated at post-AN  7.21 4.71 24.00 67.30  

a grains sampled from each cultivar. 
b total number of grains used for generating (top part of the Table) or validating (bottom part) the model. 
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these linear regressions had a major drawback in that the estimated 
intercept was highly significantly negative. Forcing the linear re-
gressions through the origin removed this incongruity, but not only 
reduced the proportion of the variation in grain weight explained 
(though only moderately when using grain area as the independent 
variable; Table 2) but also would have produced a consistent over-
estimation of grain weight in the range of small grains and a consistent 
underestimation for the large grains, making it unsuitable for producing 
a generalised model to be trustworthily employed. 

The negative intercept of the linear regression reflected that the true 
relationship was not linear. Indeed, when fitting the data with a power 
curve, all coefficients of determination increased (Table 2) and, more 
importantly, residuals were more randomly distributed. As with the 
linear relationships, again the grain area was a better predictor of grain 
weight than both grain length (having a substantially greater R2) and 
grain width (the R2 was only slightly higher but the intercept was much 
closer to zero) (Table 2). Even though 0.76 mg grain− 1 was close to zero, 
it was significantly higher, and it must be zero in reality (if there is a 
dimension there must be a weight and vice-versa). Then, we forced the 
intercept to zero with the log-transformed data and, as in the previous 
fitted models, grain area was the dimension best predicted grain weight 
(Table 2). In this particular case, where the free intercept was very low 
(less than 1 mg grain− 1), the coefficient of determination was only 
negligibly lower than when fitting the relationships with a free intercept 
(Table 2). Therefore, the model equation best predicting grain weight in 
this calibration exercise was ŷ = x1.32 where ŷ was the predicted grain 
weight and x was the measured grain area (Fig. 1C; Table 2). 

As this relationship was obtained using data from different growing 
seasons, contrasting N fertilisation regimes and a range of different 
cultivars, it was proposed that the weight of any individual grain could 
be estimated from high-throughput measurements of grain area (as its 
area raised to 1.32), at least for a very wide universe of cases including 

different cultivars and growing conditions. 

3.2. Validation across different cultivars and growing conditions 

To test the validity of the model proposed to appropriately estimate 
the weight of grains from measurements of their area beyond the 
particular G x E used to generate it, we validated the model ŷ = x1.32 

against a range of independent data. This range included (i) independent 
data from the same studies used to build the model (experiments 1, 2 and 
3); (ii) data from other completely independent experiments (experi-
ments 4 and 5) that included some cultivars never used in the calibration 
of the predicting model as well as not only different seasons as variation 
in environmental conditions but also in one experiment the imposition 
of heat stresses (Table 1); and furthermore (iii) we discussed the more 
universal validity considering data reported in the literature (in the 
Discussion section). 

The relationship between predicted and actual weight of the grains 
for the cultivars and N regimes not used to develop the predicting model 
in the three first experiments produced a positive validation supporting 
the trustable use of the grain measured area raised to 1.32 to estimate 
the weight of the grains (Fig. 2). 

Naturally, the coefficients of determination were highly significant 
and actually very high in the validations carried out in each of the three 
experiments (Fig. 2A, B, C). Although not always the regressions of the 
data resulted in the ideal expected output (slope = 1 and intercept = 0), 
the distribution of the data was actually close to the 1:1 ratio in all cases 
(Fig. 2A, B, C). As a consequence, when we compared the frequency 
distribution of the actual and predicted grain weights for the 430 in-
dependent data-points validating the predicting model proposed from 
the same experiments used to build the model (i.e. same experiments but 
independent data; Table 1), both were rather overlapped (Fig. 2D); 
resulting in a predicted average grain weight that differed from the 

Fig. 1. Relationships between dry weight and A) length, B) width and C) area of individual grains. Data-points of individual values measured in 6 cultivars (three of 
them in experiment 1, one in experiment 2 and two in experiment 3), grown under two contrasting nitrogen fertilisation levels in all these experiments (see details 
in Table 1). 

Table 2 
The output of the regression analyses (parameters a and b, with their standard errors estimated, and coefficients of determination) for the relationships between grain 
weight and either grain length, grain width, or grain area, fitting a linear or a power curve model (top and bottom part of the Table, respectively) with either a free 
intercept or forcing the regressions through the origin (left and right parts of the Table, respectively).   

Independent variable 
Free intercept estimated Forced through the origin 

a b R2 b R2 

Linear model Length − 40.27 ± 4.80*** 12.78 ± 0.71 0.492*** 6.86 ± 0.07 0.385*** 

ŷ=a + b x 
Width − 50.48 ± 2.42*** 27.02 ± 0.68 0.827*** 13.04 ± 0.11 0.603*** 
Area − 15.99 ± 1.24*** 3.46 ± 0.07 0.885*** 2.59 ± 0.01 0.828***        

Power model Length 0.73 ± 0.09ns 2.15 ± 0.11 0.541*** 1.99 ± 0.01 0.538*** 

ŷ=a xb Width 2.34 ± 0.03*** 2.32 ± 0.05 0.865*** 2.99 ± 0.01 0.794*** 
Area 0.76 ± 0.03*** 1.42 ± 0.03 0.906*** 1.32 ± 0.00 0.901*** 

*** or ns for the intercepts indicate that they were highly significantly (p < 0.001) or not significantly different from zero; while *** for the R2 values indicates that all 
coefficients of determination were highly significant (p < 0.001); n = 340. In bold it is the regression model selected to predict grain weight (ŷ) from grain area (x); 
ŷ=x1.32 (see text). 
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actual average grain weight by less than their standard errors; and the 
difference between these distributions were not significant (P-value =
0.37). 

Even though the cultivars in experiment 4 were never used in the 
calibration of the predicting model (and they were grown in a field close, 
but independent, to the field where Experiment 3 was carried out), the 
model ŷ=x1.32 predicted grain weights rather accurately (Fig. 3A). 

Indeed, the regression line was quite close to the 1:1 ratio line. 
In addition, the predicted weights for a completely independent 

experiment carried out one growing season later than Experiment 3 and 
subjecting three cultivars to a completely different environmental 
treatment (heat waves) also were quite close to the actual weights 
(Fig. 3B). Consequently, when analyzing the frequency distribution of 
the actual and predicted grain weights for the 235 data-points from 

Fig. 2. Relationships between predicted 
and actual grain weight for independent 
data (cultivars x N conditions not used 
to develop the predicting model) of ex-
periments 1 (A), 2 (B), and 3 (C); and 
the frequency distribution of both pre-
dicted (dotted line) and actual (plain 
line) grain weights across overall culti-
vars x N conditions of these experiments 
(n = 430) that were not used to build 
the predicting model (D). Data from 
Experiment 1 comprises four cultivars 
and two N regimes, in Experiment 2, a 
single cultivar under two contrasting N 
regimes, and in Experiment 3, three 
cultivars and two N regimes (Table 1). 
Dashed lines in panels A, B and C are the 
1:1 ratio where predicted and actual 
grain weights are equal; and solid lines 
stand for the linear regression between 
them (and equations representing these 
lines are included inset). Lines in panel 
D stand for the normal distribution 
adjusted to the frequencies observed; 
and the averages and their standard er-
rors are given inset for both 
distributions.   

Fig. 3. Relationships between predicted and actual grain weight for data taken from two completely independent studies: Experiments 4 (A) and 5 (B), and the 
frequency distribution of both predicted (dotted line) and actual (plain line) grain weights (C) across overall treatments of these completely independent studies (n =
235). Experiment 4 comprised two modern cultivars never considered in Exps 1-3, and Experiment 5 consisted of three cultivars subjected to heat waves during pre- 
and post-anthesis (Table 1). Dashed and solid lines in panels A, B and lines in panel C are as in Fig. 2. 
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completely independent experiments they were rather overlapped 
(Fig. 3C), and the difference between these distributions was not sig-
nificant (P-value = 0.44). 

When pooling all independent datasets (Experiments 1–5) the overall 
robustness of the model proposed to predict grain weight is clearly 
illustrated (Supplementary Fig. S1). Considering a rather large set of 
independent data-points (n = 665) the data were very close to the 1:1 
ratio (Fig. S1A) and the frequency distribution of the actual and pre-
dicted grain weights were rather overlapped (Fig. S1B). The difference 
in average grain weight between actual and predicted grain weight was 
only 0.68 mg grain− 1, well within the 95 % confidence interval for the 
difference [-0.46 and 1.82 mg grain− 1] and representing a difference of 
c.1.5 % of the average grain weights. The two distributions were obvi-
ously not significantly different (P-value = 0.24; Fig. S1B). 

4. Discussion 

Previous studies have mostly developed high-throughput image 
scanning for directly determining grain dimensions (Whan et al., 2014; 
Strange et al., 2015) and elucidated phenotypic variance in them (Gegas 
et al., 2010; Neuweiler et al., 2020). However, to discuss the effects of 
treatments on grain yield it is more relevant to consider grain weight, 
which is a direct yield component and therefore a more appropriate 
agronomic trait than grain dimensions. Therefore, it would be valuable 
to count with a reliable estimate of grain weight from grain dimensions 
(that can be easily and affordably obtained in detail from image scan-
ning methods). We found that grain area was a better predictor of grain 
weight than length and width of grains. This seems appropriate as when 
considering only length or width of the grains studies disagree in which 
of the two is the most relevant in explaining differences in grain weight: 
while it has been grain length in some cases (e.g. Lizana et al., 2010; 
Hasan et al., 2011), it was grain width in others (e.g. Gegas et al., 2010). 
Then using grain area, that integrates both linear dimensions, would 
likely always improve the prediction, and grain area is a direct output of 
image scanning tools. 

Then using data from different cultivars under contrasting N fertil-
isation conditions and grown over three growing seasons we calibrated a 
prediction model (y = x1.32) that not only produced a high coefficient of 
determination (implying that more than 90 % of the variation in grain 
weight was explained by differences in grain area) but also it had a zero 
intercept (that is mandatory as it would not be possible to have grain 
area without weight or vice-versa). This power regression naturally im-
plies that the prediction in grain weight from measured grain area was 
non-linear, i.e. when grain area increases, grain weight does so more 
than proportionally. And this is effectively expected if the specific 
weight (dry weight per unit volume) of the grains is very conservative (i. 
e. grain weight increases strictly linearly with grain volume; (Millet and 
Pinthus, 1984; Hasan et al., 2011; Walker and Panozzo, 2011), due to 
the fact that the geometric ratio of volume to area increases with size (as 
illustrated by Marshall et al., 1984). 

That accepted model to predict grain weight from grain area was 
evaluated with independent data in a two-step process. The robustness 
of the model to predict the weight of grains was successfully validated 
from either treatments not considered for building the model though 
from the same experiments, or from completely independent experi-
ments involving different genotypes and environmental treatments (in 
addition to different background environmental conditions) to those 
considered in the generation of the model. Considering the diversity of 
genotypes and environments in the model generation and validation 
would allow assuming that it could be trustworthily used to estimate 
grain weights from measured areas more or less widely, at least 
considering modern bread wheat genotypes. 

To further test the robustness of the model proposed to be used with 
other G x E conditions it would be ideal to count with data from inde-
pendent studies for validating it more widely. Regretfully, as far as we 
are aware, there are no data in the literature on area and weight 

measured on individual grains. However, there are a few studies in 
which the authors attempted to explain the effects of particular treat-
ments on average grain weight considering the area of the grains 
(Table 3). 

Then, we took the reported values for average grain area from these 
experiments and predicted the corresponding grain weight using our 
model (area raised to 1.32) and then further validated the model pro-
posed with data from the literature. The model actually predicted rather 
well the reported weights from the values of grain area in all these 
studies (Fig. 4) and the difference between the distributions of actual 
and predicted grain weights was not significant (P-value = 0.322) of-
fering more guarantees that the proposed model can be used trustwor-
thily when it is relevant to analyses not only the average weight of all 
grains from a treatment but also the individual grains, based on high 
throughput determinations of grain area. 
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Table 3 
Datasets from the literature reporting average grain weight and grain area of 
wheat in response to particular treatments used to validate the model proposed 
to predict grain weight (ŷ) from grain area (x); ŷ=x1.32.  

Reference Treatments, location 
and seasons 

Range in 
average grain 
weightb(mg 
grain− 1) 

Range in 
average grain 
areab (mm2 

grain-1) 

Brinton et al. 
(2017) 

Near isogenic lines 
for QTL on wheat 
chromosome 5A 
associated with grain 
weight, grown in UK 
in 2015 and 2016a 

42.73− 51.27 18.04− 20.61 

Philipp et al. 
(2018) 

Different genetic 
resources and elite 
varieties, grown in 
Gatersleben, 
Germany in 2015c 

30.35− 60.54 13.70− 22.40 

Wang et al. (2018) Genome editing on 
TaGW2-A1 allele 
which is pleiotropic 
for thousand-grain 
weight and grain 
number, grown in 
Kansas in 2017 

28.79− 46.33 12.88− 17.24 

Calderini et al. 
(2020) 

Transgenic lines 
expressing different 
levels of expansins, 
grown in Chile in 
2012− 2015 

32.45- 59.06 13.57- 20.40 

Sanchez-Bragado 
et al. (2020) 

Near isogenic lines 
for the presence of 
awns, grown in 
Lleida, Spain in 2019 

32.20− 53.10 13.54− 18.46  

a the study also comprised some other previous seasons, but we used only two 
seasons as the measuring scale before 2015 was different (personal communi-
cation with Dr. Jemima Brinton). 

b sample size was 400 grains (Brinton et al., 2017), 10 spikes per genotype 
(Philipp et al., 2018), 5 ~ 53 grains (Wang et al., 2018), 20 data points between 
different grain positions and genotypes (Calderini et al., 2020), 15 plants 
(Sanchez-Bragado et al., 2020). 

c year of the experiment was not reported in the paper but we obtained the 
information from the author. 
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