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Abstract
Accurate and non-destructive models for predicting leaf area 
(LA) are essential for monitoring vineyard growth and devel-
oping automated algorithms. In this study, we developed and 
compared the performance of eight linear regression models 
for predicting LA in eleven fungal-resistant grapevine geno-
types. We also explored the phenotypic plasticity of leaf traits 
and their relationship with LA using kernel density estimation 
analysis. We found that genotype played a major role in de-
fining leaf shape, and genotype-environment interaction was 
observed. The best models for LA estimation were identified 
for each genotype, and a leaf deformation index was pro-
posed. Our results provide accurate and robust models for 
estimating LA in fungal-resistant grapevine genotypes and 
demonstrate the relationship between leaf traits and the 
environment. Additionally, we present a method for defining 
leaf asymmetry. Overall, this study contributes to the devel-
opment of non-destructive and automated techniques for 
monitoring vineyard growth.
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aLV: average of lateral veins; eLA: estimated leaf area; L: 
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Introduction
Viticulture is a crucial agricultural activity with global signifi-
cance, providing a source of income and employment for mil-
lions of people. In 2021, the total worldwide area covered by 
vineyards was 6,7 million hectares, with a total grape produc-
tion of approximately 75,5 million tons (FAO 2023). Grape-
vine is grown on almost all continents in the world, and Vitis 
vinifera cultivars are the most widely cultivated due to their 
exceptional fruit quality, either for fresh consumption or win-
emaking. Over the centuries, viticulturists/breeders have se-
lected a wide range of V. vinifera cultivars with distinct char-
acteristics and adaptability to different environments.

Despite their exceptional fruit quality, V. vinifera cultivars are 
highly susceptible to a range of fungal diseases, which pose a 
significant challenge for viticulturists. Outbreaks of fungal dis-
eases can lead to severe losses in grape production, requiring 
large amounts of fungicides to produce grapes in commer-
cially required amount and quality (Pirrello et al. 2019). The 
unintentional introduction of North American endemic path-
ogens Plasmopa viticola and Erysiphe necator, causal agents 
of downy and powdery mildew, in the second middle of the 
19th century, caused significant losses to European viticulture 
(Gobbin et al. 2006). Since then, grapevine breeding focused 
on the development of fungal-diseases resistant scion culti-
vars, both for table and wine production (Brown et al. 1999, 
Eibach et al. 2007, Vezzulli et al. 2018).
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Regarding wine production, the first generation of cultivars 
developed by crossing American and/or Asian species with 
V. vinifera cultivars revealed low oenological quality, due to 
the wild nature of the resistance donors. However, persistent, 
and visionary breeders have made successive modified back-
crossings between selected disease-resistant hybrids and V. 
vinifera cultivars, donor of quality attributes, which increased 
the proportion of V. vinifera genome and, consequently, the 
wine quality. This breeding strategy led to the release of mod-
ern fungus-resistant cultivars, which combine high oenologi-
cal quality with disease resistance (Töpfer et al. 2011).

Currently, dozens of fungal-resistant cultivars, particularly re-
sistant to mildew diseases, are available for cultivation, main-
ly in Europe (https://www.piwi-international.de/en/varieties.
html). The European continent is the most traditional and 
largest wine producer, and their Common Agriculture Policy 
(PAC) has clear environmental goals, aiming at the promotion 
of organic farming and the responsible management of in-
puts, such as pesticides and fertilizers. The current regulations 
(2017/625 and 1107/2009) dealing with the topic promote 
the adoption of low environmental impact cultivation meth-
ods (EUR-LEX 2009, 2017). Thus, the member countries are 
implementing policies to promote breeding and cultivation 
of fungus-resistant grapevines (Montaigne et al. 2016). This 
trend of migrating from traditional V. vinifera to fungus-re-
sistant grapevine cultivars is also driven by the increased 
demand for healthy products with lower environmental and 
economic impacts, as well as intended reduction of exposure 
of producers and consumers to pesticide residues (Gadoury 
et al. 2012, Kapusta et al. 2017, Montaigne et al. 2016, Nar-
duzzi et al. 2015, Pertot et al. 2017).

However, despite the positive economic, social, and environ-
mental impacts of disease-resistant cultivars, studies regarding 
their adaptation to different environments worldwide are lim-
ited. In Santa Catarina, Southern Brazil, disease-resistant culti-
vars are being tested under contrasting edaphoclimatic condi-
tions in traditional viticulture regions, both in the highlands of 
the Santa Catarina plateau (Brighenti et al. 2019, Souza et al. 
2019), and in low-lying areas, such as the Goethe Grape Val-
ley (Stefanini et al. 2019). Resistance scoring to downy mildew 
has shown that these cultivars have a great potential to reduce 
chemical input in viticulture (Zanghelini et al. 2019).

Accurate estimation of leaf area (LA) is critical for advancing 
agronomical and ecophysiological research. LA estimation is 
essential for studies related to light interception, leaf tran-
spiration, photosynthesis, plant nutrition, ecological compe-
tition, plant-water relations, leaf cover, cultivation ecosystem, 
and plant productivity (Beslic et al. 2010, Costanza et al. 2004, 
Rouphael et al. 2010, Silvestroni et al. 2018). LA can be esti-
mated using either destructive or non-destructive methods. 
Destructive methods are precise and accurate, but are labo-
rious and do not allow monitoring of LA evolution during the 
phenological cycle (Beslic et al. 2010, Jiang et al. 2015). On 
the other hand, non-destructive methods do not require leaf 
removal or damage and allow for continuous monitoring of 
LA evolution (Buttaro et al. 2015, Tondjo et al. 2015). Various 
combinations of measurements and simple linear mathemat-
ical models have been utilized for non-destructive LA estima-
tion in numerous plant species (Carvalho et al. 2017, Cirillo et 

al. 2017, Fascella et al. 2018, Keramatlou et al. 2015, Liu et al. 
2017). As a non-destructive and rapid method, LA estimation 
using linear regression models can provide an accurate and 
efficient means for monitoring vineyard growth and develop-
ing automated algorithms for grape production.

Grapevine LA is commonly estimated using a simple linear 
regression model with leaf length and width as predictors 
(Buttaro et al. 2015, Williams and Martinson 2003). However, 
multiple linear regression models that incorporate additional 
leaf traits ( , , …, ) may provide better fit to the observed 
LA with the same equation  (Cankaya 
et al. 2006). These models can be employed through autom-
atized LA estimation by computational algorithms that use 
acquired trait data (Easlon and Bloom 2014, Hu et al. 2018, 
Tech et al. 2018).

LA estimation models can have a generalist or specific scope. 
Specific models are more precise and accurate, incorporating 
genotype-environment interaction (GxE) effects, and should 
be developed using data collected from different environ-
ments to enable model application for specific genotypes (Te-
obaldelli et al. 2019). The leaf shape is a trait strongly influ-
enced by GxE interaction in several species, such as Capsicum 
annum (Cemek et al. 2011), Ipomoea batatas (Gupta et al. 
2020), Campanula thyrsoides (Scheepens et al. 2010), Malus 
spp. (Migicovsky et al. 2018) and grapevine (Baumgartner et 
al. 2020, Demmings et al. 2019). Current models available for 
V. vinifera cultivars are cultivar-adjusted (Beslic et al. 2010, 
Borghezan et al. 2010, Cirillo et al. 2017), and to our knowl-
edge, no LA models have been developed for fungus-resistant 
grapevine cultivars.

In this study, we developed and validated precise and ac-
curate non-destructive specific linear models for LA esti-
mation of modern fungus-resistant grapevine cultivars. In 
addition, we applied the kernel density estimation (KDE) to 
describe the phenotypic plasticity of grapevine leaf traits. 
KDE is a non-parametric method that allows for the estima-
tion of probability density functions from a given sample 
(Plesovskaya and Ivanov 2021).

Leaf plasticity is crucial in identifying GxE interaction effects 
on genotype growth and development. Using KDE, we deter-
mined how leaf traits distribution changed across different 
environments and quantified trait variability among geno-
types. This information aids in predicting the performance 
of disease-resistant cultivars under varying conditions and 
screening new cultivars. Additionally, developing mathemati-
cal models for LA estimation provides valuable insights for au-
tomating processes using machine learning and deep learn-
ing, as reported in predicting grapevine yield (Mohimont et 
al. 2022). The authors emphasize the need to include new 
features in models to reduce the impact of leaf coverage.

Material and Methods

Plant material

LA estimation models were constructed for eleven disease-re-
sistant genotypes as follow: 1) the white cultivars ‘Aromera’ 

https://www.piwi-international.de/en/varieties.html
https://www.piwi-international.de/en/varieties.html
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(VIVC: 25400), developed by Innovitis (Bolzano, Italy); ‘Bron-
ner’ (VIVC: 17129) and ‘Helios’ (VIVC: 17133), developed by 
Staatliches Weinbauinstitut Freiburg (WBI); ‘Calardis Blanc’ 
(VIVC: 22828) and ‘Felicia’ (VIVC: 20348), developed by Julius 
Kühn-Institut (JKI) – Institut für Rebenzüchtung Geilweiler-
hof, and 2) the red cultivars ‘Baron’ (VIVC: 20010) and ‘Prior’ 
(VIVC: 19993), developed by WBI, ‘Calandro’ (VIVC: 21797) 
and ‘Regent’ (VIVC: 4572), developed by JKI. In addition, the 
models were generated for two advanced breeding selections 
(ABS15 and ABS24), containing resistance alleles pyramided, 
developed by JKI, for breeding purposes.

Experimental vineyards

The disease-resistant genotypes were grown in five experi-
mental vineyards located at different edaphoclimatic regions 
of Santa Catarina State, in Southern Brazil. Two vineyards 
were located at the Experimental Station of Santa Catarina 
Agricultural Research and Rural Extension Company (EPAGRI) 
in the municipalities of Urussanga (28° 32’ S and 49° 18’ W) 
and Videira (27° 01’ S and 51° 08" W); one at the Experimen-
tal Station of the Federal University of Santa Catarina (UFSC) 
in Curitibanos (27° 16' S and 50° 35' W); and two in private 
wineries, Suzin Winery in São Joaquim (28° 3’ S and 50° 04’ 
W) and Villaggio Grando Winery in Água Doce (26° 43’ S and 
51° 30’ W). The vines were trained in vertical shoot position-

ing trellis at the spacing of 3.0 m × 1.2 m, grafted on ‘Pauls-
en 1103’, and pruned in a double spur cordon. Climatic data 
were obtained from weather stations located near the exper-
imental vineyards and kindly provided by the Center for Envi-
ronmental Resources and Hydrometeorology Information of 
Santa Catarina (EPAGRI/CIRAM). The geographical location, 
altitude, annual average temperature, and annual total rain-
fall are shown in Fig. 1. The climatic data during the grapevine 
growing season are shown in Fig. 2.

Leaf sample collection

The leaves were collected from adult plants in the pre-verai-
son stage. One hundred leaves per genotype from each ex-
perimental vineyard were randomly collected in the growing 
season of 2016/17. The leaves were collected from the upper, 
middle, and lower thirds of the shoots, with at least 30 mm in 
length. All collected leaves were healthy and without anom-
alies. The leaf traits were measured immediately after sam-
pling in all locations.

For each leaf, the leaf length (L) and width (W), and the length 
of lateral veins (left and right) were measured using a millime-
ter ruler (Fig. 3). The average length of lateral veins (aLV) was 
calculated by the average between left and right veins (LVLr 
and LVLl). The real LA (rLA) was determined by the portable 
leaf area meter ADC, model AM 30 (BioScientific, England).

Fig. 1: Geographic location and climatological conditions (mean of the last 30 years) of the five vineyards containing the eleven grapevine 
disease-resistant genotypes evaluated.
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LA models construction

The linear regressions used for the LA estimation were per-
formed with 60% of the random data. Simple linear regres-
sion (sLR) was fitted through the relationships between rLA 
and L, L2

, W, W2, aLV, aLV2, or L.W using the Ordinary Least 
Squares (OLS) optimizer. Moreover, a multiple linear regres-
sion (mLR) was fitted with L2, W2, and aLV2. In total, seven 
simple linear regressions and one multiple linear regression 
models were tested. The significance of the angular and in-
tercept coefficients, the coefficient of determination (R2), 

and the square standard error (SSE) were obtained for each 
model. The generated models were considered for validation 
when their residuals presented normal distribution, tested 
with the Shapiro-Wilk test (α=0.05).

LA models validation

The generated models were tested with the remaining 40% of 
the random data, ensuring data independence. The estimated 
LA (eLA), obtained by applying the generated models for each 
genotype, was compared with rLA, using the t-test (α=0.05). 
Additionally, the generalist model proposed by Buttaro et al. 
(2015) was tested. The models were discarded when the eLA 
was significantly different from rLA. The remaining models 
were ranked based on the values of significance of the angu-
lar coefficient and intercept of the linear regression by eLA 
and rLA, the Pearson correlation coefficient (r) between eLA 
and rLA, the Root Mean Square Error (RMSE), the model bias 
(%) and efficiency. When two or more models had the same 
goodness of fit, the model that required the measurement of 
a lower number of leaf traits was selected.

Kernel Density Estimation (KDE) Analysis

The scikit-learn library in Python (Pedregosa et al. 2011) was 
used to perform a Kernel Density Estimation (KDE) analysis 
(Plesovskaya and Ivanov 2021). The KDE method is a non-
parametric technique that was applied to estimate the prob-
ability density function for the two Principal Components ob-
tained from the Principal Component Analysis (PCA) of leaf 
traits from each grapevine genotype across the five different 
environments. Furthermore, we used the seaborn library in 
Python (Waskom 2021) to generate plots of the estimated 
probability density functions. By analyzing the distribution 
of these traits, we were able to quantify the degree of phe-
notypic plasticity and its relationship with the environment, 

Fig. 2: Climatological conditions, that represents the mean of the last 30 years, in the five experimental vineyards during the period from 
august to march, covering the grapevine full productive cycle.

Fig. 3: Graphical representation from the measured leaf traits used 
to develop mathematical linear models for the estimation of leaf 
area in eleven grapevine disease-resistant genotypes.
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providing insights into how grapevine genotypes respond to 
different environmental conditions.

Genotype × Environment Interaction

To avoid collinearity, the variable LA, LDI, and the ratio L W-1, 
L aLV-1, and W aLV-1 were selected for statistical analysis. They 
were contrasted using ANOVA (α=0.05) and when the vari-
ation was significant the Scott Knott (α=0.05) test was per-
formed to understand GxE effects. The Scott Knott analysis 
was performed using the statistical program R v. 3.5.1 (R Core 
Team 2013), employing the packages SkottKnot (Jelihovschi 
et al. 2014).

The same data were normalized and employed to perform a 
Principal Component Analysis (PCA). The two principal com-
ponents (PC1 and PC2) were used to plot the KDE to demon-
strate the behavior and the phenotypic plasticity from all 
genotypes in each environment and the influence of all envi-
ronments on each genotype.

Leaf Deformation Index

To complement the allometric study, we proposed a methodol-
ogy to calculate the leaf deformation index (LDI), which express-
es the average difference of the lateral veins, right (LVr) and left 
(LVl) in mm cm‑1. Thus, the LDI was calculated by the equation 

.

Results

Genotype × environment interaction (GxE)

The variation of the measured leaf traits from all genotypes 
is represented in Fig. 4. The shortest L measured was 3.0 cm 
from leaves of ‘Baron’, ‘Calardis Blanc’, and ABS15, where-
as the longest L (18.2  cm) was from ABS24. The W ranged 
from 3.6 cm (ABS15) to 24.1 cm (ABS24), while the ratio L W-1 
ranged from 0.49 cm (‘Prior’) to 1.46 cm (‘Felicia’). The aLV 
ranged from 2.50 cm (‘Baron’, ‘Calardis Blanc’, and ‘Regent’) 
to 17.90 cm (ABS24). The rLA ranged from 9.0 cm2 (‘Baron’) to 
430.4 cm2 (ABS15), while the LDI ranged from 0.00 mm cm-1 
(obtained in few leaves of any cultivars) to 5.03 mm cm-1 re-
ported from one leaf of ‘Aromera’.

The relationship between the traits L W-1, L aLV-1, and W aLV-1, 
as well as the LDI and the LA are good parameters to access 
the leaf shape. Quantifying the variation of these traits in 
contrasting environmental conditions is important to better 
understand the magnitude of the genetic and environmen-
tal influences and their interaction in the leaf shape. For all 
leaf traits measured, significant differences were observed 
among the genotypes and among the environments. The GxE 
interaction was also significant (Table 1).

The scott-knott test revealed that ‘Baron’ had the smallest LA 
in Urussanga, Curitibanos, and Água Doce. In São Joaquim, 
‘Aromera’, ‘Bronner’, and ‘Calandro’ presented the smallest 
leaves (Table S1). ABS15, ABS24, ‘Calandro’, and ‘Regent’ 
showed the largest LA at the lowest (Urussanga) and the 

highest altitude (Água Doce). However, they didn’t differ from 
‘Bronner’ in Urussanga and from ‘Calardis blanc’, ‘Felicia’, and 
‘Prior’ in Água Doce. In Videira, Curitibanos, and São Joaquim, 
the largest LA was reported for ABS15, ‘Calandro’, and ‘Prior’, 
respectively. All genotypes had the smallest LA in Urussanga 
and/or Água Doce (Table S1), although for a few of them, no 
significant difference was observed when compared to São 
Joaquim (‘Aromera’ and ‘Calandro’), and Videira (‘Regent’).

In Fig. 5, PCA captures 69.2% of the variation in the first two 
dimensions. PC1 (46.2% variance) positively loads traits L W-1, 
L aLV-1, and negatively loads W aLV-1. PC2 (23.0% variance) 
correlates positively with L aLV-1 and leaf area ratio, and neg-
atively with LDI. When analyzing all genotypes within each 
environment, larger clusters indicate greater data variabili-
ty, emphasizing the stronger influence of genetic factors on 
allometric traits (Fig.  6). However, environmental factors 
also contribute to the variation, with separate clusters form-
ing when analyzing all environments within each genotype 
(Fig. 5).

Fitted LA models

The generated models to estimate the LA for all genotypes 
presented an angular coefficient significantly different from 
zero and a few of them had non-significant intercepts (Table 
S2_A). A high coefficient of determination was observed for 
all models generated, except those generated from the L for 
‘Calandro’ and ‘Regent’. The mLR models (fitted by L2, W2, and 
aLV2) revealed that the effect of the L was only not significant 
at 1% in ‘Regent’ and had a negative significant coefficient 
in ‘Calandro’, while W and aLV were significant at 1% for all 
genotypes evaluated (Table S2_B). These results corroborate 
with the lower coefficient observed for L in the sLR models 
for ‘Regent’ and ‘Calandro’, which suggests that it is not ade-
quate to estimate the LA in these two cultivars.

LA models validation

From all models generated in this work, only the models ob-
tained from L, L2, W, aLV for ‘Baron’, and L and aLV for ‘Prior’ 
were excluded from the validation because they returned 
eLA significantly different from the rLA (t-test <  0,05; Table 
S3). The Buttaro general model returned non-significant dif-
ferences between eLA and rLA only for ‘Baron’, ‘Felicia’, and 
ABS24 (Table S3) and these were also validated.

The linear regression between eLA and rLA demonstrates the 
high correlation between these areas in models generated for 
any cultivar (Fig. S1). The ranking of the validated models for 
each genotype is shown in Table S4. The models to estimate 
the LA that best ranked for each genotype are listed in Ta-
ble 2. In addition, Table 1 shows the best-ranked model using 
a single measure. The best-ranked model for ‘Calandro’, ‘Ca-
lardis Blanc’, and ‘Felicia’ requires the measurement of a sin-
gle trait (W2), while for ‘Aromera’, ‘Helios’, ‘Prior’, ABS15, and 
ABS24 models based on L W ranked best. Finally, for ‘Baron’, 
‘Bronner’, and ‘Regent’ the multiple linear regression fitted 
best for LA estimation. When considering the use of a single 
measurement (L or W) for LA estimation, the use of W (W2) 
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returned the most accurate models for all genotypes, except 
for ‘Helios’, which was L (L2).

Discussion
Allometric plasticity is the differential behavior presented by 
the same population or the same genotype in different envi-
ronments and has an important role in genotype adaptation 
(Lane et al. 2019, Vitasse et al. 2013, Weiner 2004). Thus, to 
determine the magnitude of GxE interactions, it is important 
to predict the behavior of these genotypes in contrasting 
climatic scenarios (Lande and Shannon 1996). Our results 

demonstrate a clear GxE interaction of leaf morphology-re-
lated traits and the LA, as previously reported for other plant 
species, such as Eugenia calycina (Cardoso and Lomônaco 
2003) and Berberis lycium (Rahman et al. 2019).

Grapevine leaf traits are polygenic (Chitwood et al. 2014, 
Welter et al. 2007). This pattern of inheritance is also de-
scribed in other species, such as maize (Cui et al. 2017) and 
wheat (Hussain et al. 2017). The quantitative nature of leaf 
traits explains both the significant phenotypic variation pro-
moted by the environment and the GxE interaction. But for 
most traits evaluated, such as L W-1, L aLV-1, and W aLV-1, the 
genetic effect was superior to the effect of the environment.

Fig. 4: Values variation of the measured leaf traits from eleven grapevine disease-resistant genotypes, cultivated in five locations of Santa 
Catarina State, Southern Brazil.
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The availability of nondestructive methods of LA estimation 
is fundamental for studies related to crop growth, such as 
ecology, physiology, pathology, and agronomic performance 
(Colaizzi et al. 2017, Forrester et al. 2017, Hang et al. 2019, 
Kraus et al. 2018, Pudumalar et al. 2020, Zeist et al. 2017). We 
developed simple, rapid, inexpensive, robust, precise, accu-
rate, and nondestructive LA models for nine disease-resistant 
cultivars. To our knowledge, these are the first models availa-
ble for these cultivars. These models can now be implement-
ed to provide concrete applications, particularly for studies 
related to the adaptation of these cultivars in new growing 
regions and management practices. These models may also 
be utilized in automating phenotyping processes, potentially 
integrated into an AI-powered tool.

As demonstrated in Table 1, the leaf shape, in addition to the 
genotype effect, is influenced by the environment and GxE in-
teraction. That highlights the importance of the development 
of LA estimation models with specific scope (Teobaldelli et al. 
2019). For the development of the models, we measured the 
leaf traits in five contrasting environments, which allowed us 
to incorporate GxE interaction effects, and in turn, to increase 

the precision and accuracy of the models developed. In addi-
tion, we used multiple statistics to rank the validated models. 
This methodology allowed us to mitigate the limitations that 
each statistic has when applied individually.

Multiple linear regression is often assumed to return the best 
models for LA estimation. However, in the present work, sim-
ple linear regression returned the best-ranked models for LA 
estimation for eight out of the eleven genotypes investigated. 
Five of these models are dependent on the measurement of 
two traits (L W) and best fit for LA estimation of ‘Aromera’, 
‘Helios’, ‘Prior’, ABS15, and ABS24, and three are dependent 
on one single measurement (W2) and best fit for LA estima-
tion of ‘Calandro’, ‘Calardis Blanc’, and ‘Felicia’. These findings 
agree with previous investigations. For instance, sLR returned 
also accurate models for LA estimation of nine V. vinifera vari-
eties using the product of L and W (Buttaro et al. 2015). Mul-
tiple linear regression returned only the best-ranked model of 
LA estimation for ‘Baron’, ‘Bronner’, and ‘Regent’. The use of 
lateral veins and L is reported in the literature for the estima-
tion of LA from ‘BRS-Violeta’ and ‘Cabernet Sauvignon’ (Ama-
rante et al. 2009, Malagi et al. 2010). However, these previous 

Tab. 1.: ANOVA performed with allometric traits from leaves of fungal resistant genotypes (V. vinifera) grown in five locations of Santa 
Catarina State, Brazil. The measured traits used were leaf area, leaf deformation index (LDI), relationship between leaf length and width (L 
W-1), length and average of lateral veins (L aLV-1) and width and average of lateral veins (W aLV-1).

Sum square df F p value

------------------------------------- Leaf Area -------------------------------------
Genotype 1,635,937 10 58.15 < 0.01
Environment 1,667,849 4 148.21 < 0.01
Interaction GxE 1,201,854 40 10.68 < 0.01
Residual 15,318,250 5,445 – –

----------------------------------- LDI -----------------------------------
Genotype 65.75 10 18.94 < 0.01
Environment 38.15 4 27.47 < 0.01
Interaction GxE 51.27 40 3.69 < 0.01
Residual 1,890.56 5,445 – –

-------------------------------------- L W-1 --------------------------------------
Genotype 22.65 10 456.25 < 0.01
Environment 2.26 4 113.60 < 0.01
Interaction GxE 1.15 40 5.80 < 0.01
Residual 27.03 5,445 – –

------------------------------------L aLV-1 ------------------------------------
Genotype 32.08 10 468.31 < 0.01
Environment 1.42 4 51.76 < 0.01
Interaction GxE 1.44 40 5.27 < 0.01
Residual 37.29 5,445 – –

---------------------------------- W aLV-1 ----------------------------------
Genotype 19.91 10 194.77 < 0.01
Environment 1.83 4 44.66 < 0.01
Interaction GxE 2.95 40 7.21 < 0.01
Residual 55.65 5,445 – –
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Fig. 5: Principal component analysis from eleven grapevine disease-resistant genotypes cultivated in five locations of Santa Catarina State, 
Brazil, using the leaf traits leaf area, leaf deformation index (LDI), ratio between leaf length and width (L W-1), length and average of lateral 
veins (L aLV-1), and width and average of lateral veins (W aLV-1).
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Figure 6. Principal component analysis from five locations of Santa Catarina State, Brazil cultivated with eleven grapevine disease-resistant 
genotypes using leaf traits, leaf area, leaf deformation index (LDI), ratio between leaf length and width (L W-1), length and average of lateral 
veins (L aLV-1), and width and average of lateral veins (W aLV-1).
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studies relied solely on the coefficient of determination (R2) 
for model selection, lacking proper validation procedures. In 
the present study also aLV generated models with reliability, 
precision, and accuracy, with high efficiency and low bias (Ta-
ble S3). The high correlation between aLV dimensions and LA 
was also reported for V. vinifera varieties ‘Sauvignon Blanc’ 
and ‘Cabernet Sauvignon’ (Borghezan et al. 2010).

The most laborious activity in implementing LA estimation 
models is the trait measurement. The fewer measurements, 
the easier the application of the model. Taking into consider-

ation one single measure for LA estimation, W returned the 
best-ranked models for ten out of the 11 genotypes investi-
gated. Only for ‘Helios’ the best-ranked model was based on 
L. These results contrast with those reported for interspecific 
hybrids from V. vinifera and American species, such as ‘De 
Chaunac’ and ‘Niagara’ where LA is best simulated by L (Wil-
liams and Martinson 2003). This probably is related to the 
different genetic background that modulates the leaf shape. 
The modern disease-resistant cultivars were obtained by suc-
cessive modified backcrosses with V. vinifera varieties, restor-

Table 2. Models to estimate the leaf area (LA) from eleven grapevine disease-resistant genotypes (Vitis vinifera) obtained from simple and 
multiple linear regression employing the measured leaf traits length (L), width (W) and average lateral veins (aLV). For each genotype two 
models are presented: 1) the best ranked model, and 2) the best ranked model considering the use of a single measurement. The accuracy 
was determined by the bias (BIAS), the precision was determined by the correlation coefficient (r) and Root Mean Square Error (RMSE), 
while robustness was determined by angular coefficient and model efficiency (EF). The statistics were obtained in the model’s validation, 
comparing estimated and observed LA.

Model r RMSE BIAS EF

-------------------------------------------- Aromera --------------------------------------------
1 LA = 0.99LW + 2.76 0.98 9.88 cm2 -3.68% 0.96
2 LA = 0.77W2 + 3.95 0.96 13.05 cm2 -1.77% 0.94

-------------------------------------------- Baron --------------------------------------------
1 LA = 0.24L2+0.32W2+0.47aLV2+1.85 0.98 3.98 cm2 -0.34% 0.95
2 LA = 0.73W2+2.98 0.97 11.34 cm2 -0.21% 0.94

-------------------------------------------- Bronner --------------------------------------------
1 LA = 0.44L2+0.30W2+0.46aLV2+0.12 0.98 5.82 cm2 0.20% 0.96
2 LA = 0.75W2+4.21 0.98 14.15 cm2 4.54% 0.95

-------------------------------------------- Calandro --------------------------------------------
1 LA = 0.82W2 ‑ 1.05 0.99 16.35 cm2 -1.32% 0.98

-------------------------------------------- Calardis Blanc --------------------------------------------
1 LA = 0.75W2 – 0.25 0.97 11.99 cm2 -0.02% 0.93

-------------------------------------------- Felicia --------------------------------------------
1 LA = 0.78W2 – 1.91 0.98 9.90 cm2 0.75% 0.97

-------------------------------------------- ABS15 --------------------------------------------
1 LA = 1.08LW – 3.33 0.98 23.56 cm2 -1.90% 0.95
2 LA = 0.73W2+3.88 0.98 24.59 cm2 -2.82% 0.96

-------------------------------------------- ABS24 --------------------------------------------
1 LA = 0.85LW – 0.42 0.98 16.83 cm2 0.09% 0.96
2 LA = 0.66W2+2.96 0.98 18.66 cm2 -0.68% 0.95

-------------------------------------------- Helios --------------------------------------------
1 LA = 1.06LW + 3.07 0.97 14.57 cm2 1.50% 0.95
2 LA = 1.41L2+5.68 0.96 16.27 cm2 0.05% 0.92

-------------------------------------------- Prior --------------------------------------------
1 LA = 1.05LW + 3.60 0.97 18.51 cm2 -2.21% 0.95
2 LA = 0.84W2+6.71 0.96 22.27 cm2 -2.19% 0.92

-------------------------------------------- Regent --------------------------------------------
1 LA = 0.11L2+0.40W2+0.77aLV2-4.15 0.98 2.83 cm2 -1.70% 0.97
2 LA = 0.73W2+3.38 0.98 13.07 cm2 -2.49% 0.95
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ing most of the V. vinifera genome. Therefore, the leaves of 
disease-resistant cultivars best match V. vinifera leaf shape.

In addition to the fact that LVs measures can improve the ro-
bustness of LA estimation by the implementation of the mLR 
models, these measures can also be used to estimate the LDI. 
The proposed methodology to describe the leaf asymmetry is 
new and can be helpful in research aiming to know the effect 
of some external factors, such as biotic or abiotic stresses, 
on the leaf shape. Although the environmental influence on 
the leaf shape is already known (Chitwood et al. 2014), this 
research marks a pioneering effort in examining the behav-
ior of the LDI. The LDI opens promising avenues for future 
research in the field of grapevine ecophysiology, allowing for 
a deeper exploration of GxE interactions and facilitating stud-
ies that can provide valuable insights into grapevine growth, 
health, and adaptation. Its versatility makes it a valuable tool 
for characterizing leaf responses to various environmental 
conditions and cultural practices, offering opportunities to 
enhance our understanding of vineyard management and 
grapevine cultivation.

Conclusion
1.	 The trait(s) that returned the most accurate LA estimation 

model varied according to the genotypes evaluated.
2.	 For the majority of genotypes, the best-fitted model for 

the LA estimation involved at least two measurements 
(traits), however for all genotypes the use of a single meas-
urement maintained a high precision and accuracy.

3.	 In the case of using a single measure for LA estimation, the 
leaf width is the most adequate trait for all genotypes eval-
uated, except for ‘Helios’, for which leaf length was more 
accurate.

4.	 There was a significant genotype-environment interaction 
for all leaf traits evaluated, reinforcing the importance of 
developing genotype-specific models.

5.	 The generic model could only be used to estimate the LA 
for ‘Baron’, ‘Felicia’, and ABS24, however, even for these 
genotypes the model returned values with lower precision 
and accuracy.
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