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A protocol for identifying characteristic sucrose accumulation curves of sugarcane genotypes 

(Saccharum spp.) 

Abstract  

Sucrose accumulation curves represent the maturity profile of sugarcane cultivars, which is considered as a 

character of interest for the selection of genotypes in breeding programs. However, variations due to the 

environment (E) and interaction between genotype and environment (G×E) may be confused with the effect 

of genotype (G) and hinder the selection process of promising clones. The objective of this study was to 

identify a group of accumulation curves with high intra-group genotypic variability in the sucrose 

accumulation process throughout several E. This group is then used to select genotypes according to their 

maturity profile. A protocol is presented whereby the following statistical tools are integrated: (i) 

classification of non-linear accumulation curves according to parameters associated with the beginning of 

the maturity process, sucrose accumulation rate and the time elapsed until the accumulation rate decreases, 

(ii) estimation of the genotypic contribution to intra group variability of each accumulation curve parameter 

within each group, and (iii) identification of the group of accumulation curves with the higher contribution 

of genotypic variability to total variance of sucrose accumulation parameters. The novelty of the work lies in 

the sequence of analytical steps to identify information useful to select genotypes according to their maturity 

profile. The protocol involves estimating parameters of nonlinear models for fitting maturity curves in multi-

environment trials, clustering of curves according to the sucrose accumulation parameters and estimation of 

variability due to G, E, and G×E within each cluster to identify the group with characteristic genotypic 

curves. Its implementation is illustrated using 175 sucrose accumulation curves of nine sugarcane clones 

evaluated in different crop cycles (first and second ratoons) and several environments (7 to 50 for each 

clone) in Tucumán, Argentina. The proposed protocol allows identifying sucrose accumulation curves that 

exhibit a high genotypic variance, thus facilitating the selection of the best clones. 

Key words: Accumulation curves, nonlinear models, cluster analysis, variance components 

 

INTRODUCTION 1 

Chaining analytical processes in a logical sequence facilitates information retrieval when large amount of data is 2 
analyzed. In sugarcane, successive samplings are performed on each genotype in order to monitor sucrose 3 
accumulation (Wagih et al. 2004). The accumulation curve may show fluctuations due to the environment (E) 4 
and to the genotype by environment interaction (G×E), rather than to the effect of genotype (G). In this paper 5 
we develop a statistical protocol to identify a group of accumulation curves with high genetic variability in the 6 
curve parameters. These sucrose accumulation curves differ more in the G effect than E related effects and 7 
would, therefore, be useful for selection. The statistical workflow to identify the groups of curves used for 8 
genotype selection from a large set of sucrose accumulation curves with total variability composed of G, E and 9 
G×E effects, involves clustering of curves according to the sucrose accumulation parameters and variance 10 
components estimation within each one of the formed clusters. Two different unsupervised classification 11 
techniques (Brock et al. 2008), UPGMA and k-means, are used to identify accumulation curves with similar 12 
patterns in the four parameters of a non-linear two-polynomial with breakpoint model. The clustering obtained 13 
from these procedures is the one that best represents the underlying sucrose accumulation structure. The 14 
evaluation of clustering efficiency is included to obtain reliable clusters (Charrad et al. 2014). Our aim was to 15 
integrate these statistical tools in a protocol that facilitates the characterization and selection of sugarcane 16 
genotypes according to their maturity profile. 17 

 18 
MATERIALS AND METHODS 19 

We evaluated 175 maturity curves for nine sugarcane genotypes grown in several environments (combinations 20 
of location and year) in Tucumán, Argentina. The cultivars were: CP65-357, LCP85-384, RA87-3, TUC00-19, 21 
TUCCP77-42, TUC89-28, TUC95-10, TUC95-37, and TUC97-8. This set of genotypes represent commercial 22 
varieties widely cultivated across the sugarcane area of Tucumán (Ostengo et al. 2018) and varieties released by 23 
the Sugar Cane Breeding Program of the Estación Experimental Agroindustrial “Obispo Colombres” (EEAOC) 24 
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in recent years (TUC89-28, TUC95-37, TUC97-8, TUC95-10, and TUC 00–19) (Cuenya et al. 2009a, 2009b, 25 
2010, 2011, 2013). Some of them are genetically related; cultivar TUCCP 77-42 is parent of TUC00-19, 26 
TUC97-8 and TUC89-28 (self-pollination of TUCCP77-42), meanwhile CP65-357 is parent of TUC95-37. 27 

The variety trials were conducted in ten sites and evaluated during two crop cycles (first ratoon and second 28 
ratoon). The trial locations represent the environmental variability of the sugar cane area of Tucuman. The 29 
locations were: Cevil Pozo (26° 50’S, 65° 07ʹO), Fronterita (26° 00’S, 65° 27ʹO), El Colmenar (26° 47’S, 65° 30 
11ʹO), Ingas (27° 26’S, 65° 21ʹO), La Banda (26° 59’S, 65° 23ʹO), Los Córdoba (27° 29’S, 65° 36ʹO), Los 31 
Quemados (27° 13’S, 65°14ʹO), Mercedes (26° 56’S, 65°19ʹO), Palá Palá (27°02’S, 65°13ʹO) and Santa Ana 32 
(27° 28’S, 65° 40ʹO). Not all genotypes were evaluated in all environments; with evaluations in 7 to50 33 
environments for each clone. Each trial was planted according to a randomized complete-block design (RCBD) 34 
with two replicates per environment. Sucrose accumulation values (Pol% cane) were recorded every two weeks  35 
during the harvest season (from May to September) between 2006 and 2015. Pol% cane was determined from a 36 
sample composed of 10 stalks that were cleaned and detopped in each sampling. The samples were processed in 37 
laboratory using a cane hammer shredder (about 95% open cell) and the juice was extracted using a hydraulic 38 
press (subjected to pressure of 240 kg cm-2 per minute). 39 

Protocol proposed for identifying characteristic sucrose accumulation curves of sugarcane genotypes 40 

Step 1. Estimation of accumulation curve parameters 41 

For each genotype in each environment we estimated  a non-linear regression model composed of two-42 
polynomial with a breakpoint also called “segmented polynomial” model. The model parameters are associated 43 

with the Pol% cane initial level (), the sucrose accumulation rates in the initial (1) and final phases (2) of the 44 

harvest period and a break-point or threshold time where the curve slope changes (). Models were adjusted 45 
using the library STATS in R (R Core Team 2020). 46 

Step 2. Clustering of the estimated curves 47 

In order to clustering the estimated curves, UPGMA and k-means were used using the accumulation curves 48 
parameters as input variables. UPGMA was performed from the Euclidean distance matrix between 49 
accumulation curves. The software used to cluster was R (R Core Team 2020). To compare the clusters, the 50 
following validation indices were used: Connectivity, Silhouette width and Dunn (Brock et al. 2008). Those 51 
indices are available in clValid package in R. The optimum number of clusters was identified using the package 52 
NbClust in R, which calculates several indices and then the majority rule was applied to determine the number 53 
of clusters that better explain the underlying structure in the accumulation sucrose curves. 54 

The statistical significance of the identified cluster structure was assessed by MANOVA, using the four sucrose 55 
curve parameters as response variables, and the Wilk’s lambda statistics (p <0.05). 56 

Step 3. Identification of the group of curves to support genotype selection 57 

To identify the group of curves with high genetic variance, the total variability for each parameter among curves 58 
of the same cluster, was decomposed into G, E, and G×E variance components using a linear mixed model. The 59 
library nlme in the software R was used in this step. The linear mixed model adjusted in order to  explain the 60 
total variability of each parameter within each cluster was the following: 61 

𝑦𝑖𝑗 = 𝜇 + 𝐸𝑖 + 𝐺𝑗 + 𝜀𝑖𝑗 62 

where 𝑦𝑖𝑗 is the response variable (a parameter of the accumulation curve), 𝜇 is the overall mean, 𝐸𝑖 is the 63 

randon effect of the 𝑖th environment, 𝐺𝑗is the random effect of the 𝑗th genotype, and 𝜀𝑖𝑗 is a random term 64 
accounting for interaction (G×E) and net error, with variability estimated as residual variance. 65 
 66 
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 68 

RESULTS 69 

Step 1 70 

The segmented polynomial model was fitted for each sucrose curve (n=175 curves), and the four parameters 71 
collected from each fitting in a n×4 matrix which was later subject to cluster analysis. The model equation for 72 
the population of sucrose accumulation curves is: 73 

𝑦𝑖𝑗 = 14.06 + (0.69 × 𝑓) × (𝑓 < 3.29) + (0.69 × 3.29 + 0.24 × (𝑓 − 3.29)) × (𝑓 ≥ 3.29) 74 

where 14.06 Pol% cane is the estimates of the intercept α, f represent the sampled fortnight, an increase of 0.69 75 
Pol% cane per fortnight is the estimates of β1, 3.29 fortnight is the estimates of γ, and an increase of 0.24 Pol% 76 
cane per fortnight  is the estimates of β2, respectively. 77 

Step 2 78 

For both clustering methods, the optimum number of clusters was two (data not shown). We excluded nine 79 
atypical curves from the cluster analysis. UPGMA was more sensitive than k-means in identifying differences 80 
among accumulation curves. UPGMA exhibited a better connectivity than k-means and highest values of 81 
Silhouette and Dunn indices (Table 1). Low Connectivity and high values of Silhouette and Dunn indexes 82 
indicate better clustering.  Moreover, according to the multivariate analysis of variance including all model 83 
parameters as responses, the two formed clusters were statistically different (p<0.001). The two clusters 84 
structure of sucrose curves formed by UPGMA was selected to further analysis. 85 

Table 1.Validation of sucrose curves clusters formed by two clustering methods. 86 

Method 
Validation indices† MANOVA†† 

Connectivity Silhouette Dunn p-value Hotelling Test 

UPGMA 13.94 0.35 0.11 <0.001 

k-means 26.32 0.34 0.10 <0.001 
† Low Connectivity and high values of Silhouette and Dunn indices indicate better clustering. 87 

†† significant of two cluster structure (MANOVA; Wilks´s λ statistics) 88 

Step 3 89 
Cluster C1 (n= 127 curves), obtained by UPGMA, was characterized by a high genetic variability in all the 90 
sucrose accumulation parameters (higher than E and G×E effects), and all genotypes had sucrose curves in this 91 
cluster (Figure 1). Cluster 2 (C2) showed 39 curves, but no curves from genotype CP65-357 or RA87-3 were 92 
present in this cluster with prevailing environmental variability (Table 2). Therefore, C1 was identified as the 93 
group of curves to base selection. Most locations were common to each cluster. The G×E effects were relatively 94 
low within each group (Table 2). Figure 1 shows the characteristic  genotype profile in each cluster. Cluster C1 95 
shows the highest genotypic discriminative ability. 96 
Frequency information on the curves assigned to each group can be useful to evaluate the stability in those 97 
genotypes that present a large number of sucrose curves. In most varieties, about 70% of their curves made up 98 
the cluster C1. However, more than 50% of the curves of the TUC 95-37 variety were assigned to the cluster C2, 99 
this implies that this cultivar presents a low stability with respect to sucrose accumulation parameters during the 100 
harvest period and highly different sucrose accumulation curves can be found for TUC 95-37. In the same way, 101 
environments that were extensively evaluated, can be characterized according to their aptitude for genotypic 102 
selection. In El Colmenar and Santa Ana location, 100% of the curves were grouped as C1, while in Cevil Pozo 103 
only 37%. Therefore, El Colmenar and Santa Ana are more favourable than Cevil Pozo to select genotypes 104 
according to their maturity profile. 105 
 106 
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 111 

Table 2. Relative contribution (%) of genotype (G), environment (E) and their interaction (G×E) effects to the 112 
total variability of four sucrose curve parameter in two clusters of 166 sucrose accumulation curves. 113 

Cluster Effects α β1 γ β2 

C1 

n=127 

G 47.2 57.6 73.9 63.2 

E 44.2 33.2 17.2 26.7 

G×E 8.6 9.2 8.9 10.1 

C2 

n=39 

G 29.1 32.9 37.4 42.6 

E 64.6 60.4 54.9 50.0 

G×E 6.3 6.7 7.7 7.4 

Sucrose accumulation parameters: Pol% cane initial level (), sucrose accumulation rate in the initial (1) and final phases (2) of the 114 
harvest period and threshold time where the accumulation rate changes (γ). All the variance components are expressed as percentage of total 115 
variance for each parameter. 116 

 117 

  

Figure1.Genotypic average of Pol% cane at each fortnight from beginning of harvest. Two groups of sucrose accumulation 118 

curves are formed, one is a group with higher genetic variance (left) and the other (right) is a group with more environmental 119 

than genetic variance. The numbers at the end of the lines are genotype codes: 1: CP65-357; 2: LCP85-384; 3: RA87-3; 4: 120 

TUC00-19; 5: TUC77-42; 6: TUC89-28; 7: TUC95-10; 8: TUC95-37; 9: TUC97-8. 121 

 122 
DISCUSSION 123 

Sugarcane genotype characterization according to sucrose content is usually performed at a specific time during 124 
the maturity process. In our study, the trait was measured as a parameter set (α, β1, γ and β2) that describes the 125 
sucrose accumulation process. These parameters represent a novel way to assess the maturity progress of 126 
sugarcane from the beginning of harvest. Saez et al. (2011) reported genotypic differences in initial content and 127 
in sucrose accumulation rate when evaluating different varieties in one single location of Tucumán.The location-128 
by-year combinations analysed in the present work cover a wide range of rainfall (annual average rainfall 129 
between 700 and 1400 mm approximately) and different soils regarding organic matter content (low to high), 130 
drainage capacity (poor to excessively drained) and texture classes. G × E interaction was found relevant for 131 
sucrose content at the beginning of the harvest season in several analyses conducted in sugarcane area of 132 
Tucumán (Aybar Guchea  et al. 2019). However, monitoring nine fortnight from the beginning of harvest, the G 133 
× E was relatively low and the sucrose accumulation curves from a given genotype in different environments 134 
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were more impacted by main environmental effects. Such environmental variations can hinder the selection 135 
process. Therefore, the identification of a subset of accumulation curves with more genetic than environmental 136 
effect is a useful tool for sugarcane breeding. To group sucrose curves characterized for many parameters a 137 
multivariate clustering approach is needed. Several works have implemented multivariate techniques for 138 
genotype clustering regarding different traits with breeding purposes (Wanessa et al. 2015; Koij and Saba 2015). 139 
In our protocol, multivariate classification of accumulation curves followed by variance component estimation 140 
allowed identify a subset of curves with high genotypic discriminative capacity. This methodology represents a 141 
breeding tool that can be used for an efficient selection of sugarcane genotypes according to their maturity 142 
profile. 143 

 144 
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