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Abstract: Sugarcane (Saccharum spp.) is a crop of significant industrial and nutritional value,
essential for producing various products. Due to its importance, genetic improvement
programs involve a rigorous selection process. In this study, growth curve models were
used to analyze the maturity curves of 33 hybrids (currently in the adaptability testing
phase) and 6 control varieties (MEX 69-290, ITV 92-1424, CP 72-2086, COLMEX 94-8,
COLMEX 95-27, RB 85-5113) during both plant and ratoon periods at the Melchor Ocampo
Sugar Mill fields in Jalisco, México. With the use of clustering techniques, the materials
were classified into four maturity groups: early, early—intermediate, intermediate-late,
and late. Hybrids with a larger intercept and smaller slope were classified as having
early and early-intermediate maturity. Conversely, hybrids with a smaller intercept and
larger slope were classified as having intermediate-late and late maturity. According to
the Connectivity and Dunn indexes, the DBSCAN algorithm provides the best clustering
structure for materials in the plant cycle, while for the ratoon cycle, the k-means algorithm
offers the best clustering structure. This highlights the versatility of each algorithm in the
context of hybrid and varietal maturity analysis. These results are crucial for optimizing
the productivity and sustainability of the crop, with significant implications for the sugar
industry.

Keywords: growth curves; clustering; varieties; sucrose percentage

1. Introduction

The development of new sugarcane varieties provides a solution to the genetic deteri-
oration experienced by commercial varieties. This deterioration manifests as a decrease in
field performance, which impacts its industrial use. The lack of new genotypes to replace
the deteriorated varieties is the main factor limiting yield [1,2].

To develop new sugarcane varieties, materials adapted to environmental condi-
tions and the needs of the agro-industry are sought, with resistance to pests, diseases,
and drought, good adaptation to different soil types, low post-harvest deterioration, lower
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production costs, and high sucrose concentration [3,4]. The development of an outstanding
commercial variety for a specific region requires approximately ten to twelve years of
constant evaluation in the field and in an industrial environment. The main stages that new
materials must go through include the selection of strains, trials in furrows, multiplication I,
II, and 111, plot establishment, adaptability, agro-industrial evaluation, and semi-commercial
trials [5].

During the adaptability phase, new hybrids are evaluated in different soils and cli-
mates using agronomic variables (germination, height, density, and health) and industrial
variables (sucrose percentage (PS), Brix degrees, purity, fiber, and reducing sugars). De-
structive sampling is performed to analyze the maturity curve, which constitutes a key
criterion for selecting the most promising materials [6].

In the agro-industrial phase, variables such as polarization (PP), Brix degrees, purity,
fiber, juiciness, and stem hardness are studied. PP is a key maturity indicator, as it equates
to apparent sucrose [7,8]. While biological maturity is reached when the sucrose content is
optimal, this is identified through the maturity curve, which is crucial for the selection of
genotypes in the sugar industry [9,10].

Since data related to the maturity curve exhibit temporal autocorrelation, it is necessary
to apply appropriate statistical methodologies for analysis. In this regard, growth curve
models, a class of linear mixed models (LMMs), capture variability between and within
genotypes over time [11,12].

Smith’s work [13] highlights the use of LMMs in multi-environment trials to evaluate
varietal performance in different geographical locations, being particularly useful for
handling incomplete data, as they improve precision when modeling error variation.
In plant breeding, LMMs are commonly used in multi-environment trials to select lines
adapted to the climate, resistant to pests, and with higher yield and quality [12,14-16].

In sugarcane, commercial and new hybrids have been compared using repeated mea-
surements of Brix degrees, PP, and PS. Quadratic regression has been applied to model
sucrose accumulation, determine the optimal harvest time, and maximize yield [17]. Addi-
tionally, genotypes have been evaluated using analysis of variance and linear regression,
identifying the best agro-industrial response and classifying cultivars as having early,
intermediate, and late maturity [7].

Another study in Tucumaén, Argentina, analyzed sucrose accumulation curves and clus-
tering techniques to classify sugarcane genotypes using segmented polynomials. To group
the materials, the estimated accumulation curve and two clustering techniques, UPGMA
and k-means, were used, facilitating the selection of the most promising genotypes [10].
According to [10], clustering algorithms can be used in agriculture to classify crops.
In this regard, Seta [18] applied k-means to classify sugarcane-producing regions, while
Mbukwa [19] used k-means and k-medoids to identify high-yield districts for maize and
bean in Tanzania.

This study used growth curve models to analyze sucrose accumulation in 33 sugarcane
hybrids under adaptability trials, along with six commercial control varieties. The 39 ma-
terials were grouped using k-means, k-medoids, and DBSCAN to identify their maturity
type and select the most promising for the next selection phase.

2. Materials and Methods

A total of 39 materials from the experimental fields of the National Institute of Forestry,
Agricultural and Livestock Research (INIFAP) were studied. They form two groups: the
control materials and the new materials. The control group corresponds to six commercial
varieties, and the new materials correspond to 33 varieties of Mexican and foreign origin
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(Table 1). The new materials are in the adaptability phase, and all the materials were

evaluated in plant and ratoon crop cycles under irrigation conditions in both seasons.

Table 1. Materials evaluated during the plant and ratoon crop cycles, Las Pilas experimental field.

ID Material Origin Type ID Material Origin Type
1 COSTA JAL Mexican N 21 ITSAMEX 07-7259 Mexican N
2 RB 85-5035 Foreign N 22 ITSAMEX 06-6395 Mexican N
3 1TV 92-1424 Foreign C 23 ITSAMEX 06-4863 Mexican N
4 RB 85-5113 Foreign C 24 ITSAMEX 07-4954 Mexican N
5 LAICA 92-13 Foreign N 25 ITSAMEX 07-4387 Mexican N
6 CP 72-2086 Foreign C 26 ITSAMEX 07-121115 Mexican N
7 COLMEX 94-8 Mexican C 27 ITSAMEX 07-246 Mexican N
8 ATEMEX 99-48 Mexican N 28 ITSAMEX 07-12116  Mexican N
9 ATEMEX 99-1 Mexican N 29 ITSAMEX 07-12113 Mexican N
10 ATEMEX 99-61 Mexican N 30 ITSAMEX 07-2963 Mexican N
11 MEX 70-486 Mexican N 31 ITSAMEX 07-99711  Mexican N
12 TCP 89-3505 Foreign N 32 ITSAMEX 07-9886 Mexican N
13 MEX 80-1521 Mexican N 33 ITSAMEX 07-86810  Mexican N
14 MEX 69-290 Mexican C 34 ITSAMEX 07-12119 Mexican N
15 ITSAMEX 07-44814 Mexican N 35 ITSAMEX 07-1903 Mexican N
16 ITSAMEX 06-3049  Mexican N 36 ITSAMEX 07-44813  Mexican N
17 ITSAMEX 07-8681 Mexican N 37 ITSAMEX 07-12118  Mexican N
18 ITSAMEX 07-20810 Mexican N 38 CP 85-1382 Foreign N
19 ITSAMEX 07-7501 Mexican N 39 COLMEX 95-27 Mexican C

20 ITSAMEX 07-1107  Mexican N

N: new material; C: commercial variety.

The experiment was established on 10 March 2011, at Las Pilas experimental field
(19°46'48.85" N, 104°13/57.65” W) and the Melchor Ocampo Sugar Mill (19°47'18.0” N,
104°14/24.3” W), which is located in the Zacapala area of Autldn de Navarro, Jalisco,
México [6]. The experimental field had loam soil, pH 5.60, and organic matter of 1.74
with an accumulated annual precipitation of 998 mm, an altitude of 860 m above sea level,
and an average annual temperature of 22.3 °C.

Regarding agronomic management, the local technological package was used, which
consists of fertilization per hectare of 200-100-200 units of N-P-K, respectively, divided into
two applications, plus the application of sugarcane compost (1.5 t ha 1) in one application.
Irrigation was carried out every two months during the rainfed period from October to June.
For pest control, quarterly releases of Trichogramma sp. were used against the sugarcane
borer (Diatraea saccharalis and Eoreuma loftini). For rodent control, poisoned baits were used
in two applications per year. There was no disease control, and mechanical weeding was
used to combat weeds during the first three months after planting or sprouting.

The experimental unit consisted of four rows, with each row measuring 15.0 m in
length and 1.4 m in width. The useful plot area consisted of the two central rows, with 2 m
removed from the ends.

The SP of the materials was measured through destructive sampling on four dates
(Table 2), with 30 to 34 days between the measurement dates. Seven months elapsed from
planting to the first measurement date in the plant cycle, and six months from harvesting
to the first measurement date in the ratoon cycle.
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Table 2. Sucrose percentage evaluation dates (month-day-year) of the 39 materials studied, Las Pilas.

Dates
Cycle Period D1 D2 D3 D4
Planting
Plant 03-04-2011 10-08-2011 11-08-2011 12-08-2011 01-11-2012
Elapsed days D1-D1=0 D2-D1=31 D3-D2=30 D4-D3=34
Harvest
Ratoon 05-21-2012 11-16-2012 12-19-2012 01-22-2013 02-25-2013
Elapsed days D1-D1=0 D2-D1=33 D3-D2=34 D4-D3=34

Accordingly, by measuring the sucrose percentage in the materials at four different
times (Table 2), we have what is known as repeated measurements, which are not indepen-
dent. Therefore, the variation recorded in repeated measurements will reflect the variation
in the response of the material over time, hence the relevance of using growth curve models
to model repeated measurements. In this case, the PS is the variable of study.

Depending on environmental, geographical, and soil conditions, commercial varieties
show a specific type of maturity: early, early-intermediate, intermediate-late, or late.
According to [20], Mex 69-290 and CP 72-2086 exhibit late-intermediate and early maturity,
respectively. ITV 92-1424 and COLMEX 95-27 exhibit early maturity; on the other hand,
COLMEX 94-8 exhibits early-intermediate maturity [21], these varieties develop in clayey
(AR), loam, silty crumb, and clayey crumb (FAR), and clay-loam (ARL) soils [22] under the
conditions of temperature and altitude described in Table 3. Finally, RB 85-5113 has early—
intermediate maturity and grows in medium-textured soils (loam = F, FAR, silt loam = FLI)
[23].

Table 3. Biological maturity of the six commercial materials.

Conditions

Commercial Variety Type of Maturity Temperature Altitude masl Soil

CP 72-2086 early 19.5-35.4 0-1300 FAR, AR, ARL
ITV 92-1424 early 19.5-35.4 30-1200 FAR, AR, ARL
COLMEX 95-27 early 19.5-35.4 0-1300 FAR, AR, ARL
COLMEX 94-8 early—intermediate 19.5-35.4 50-1200 FAR, AR, ARL
RB 85-5113 early—intermediate 15.0-29.5 —— E FAR, FLI
MEX 69-290 intermediate-late 19.5-35.4 0-1300 FAR, AR, ARL

masl: meters above sea level.

2.1. Growth Curve Model

Growth curve models are useful for studying variability between and within subjects
over time, as their covariance structure accounts for the correlation between observations
from the same subject and the independence between different subjects. This type of data,
known as repeated measures or longitudinal data, is characterized by observations ordered
over time. The main advantage of these models is that, with up to four measurements
per experimental unit, it is possible to analyze the temporal response and the variation in
trends between experimental units.

The matrix form of the growth curve model is given by

y=XB+Zu+e, (1)

where y is the n x 1 response vector; X and Z are design matrices of dimensions n x p
and n X g, respectively; B is the fixed-effect parameter vector of dimensions p x 1; u is
the random-effects vector of dimensions g x 1; and e is the error vector of dimensions
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n x 1. In Model (1), XB is the fixed component, and Zu + € is the random component. It is
assumed that u and € are independent, that is, Cov(u, €) = 0, and that they each have a
multivariate normal distribution:

u~ Nn(o,D),
€ ~ N, (0,R),

where D and R are the covariance matrices of the random-effects vector and the error
vector, respectively; both positive definite matrices. D denotes the variance and covariance
matrix of the random effects, and R can be decomposed as R = 2ACA, where A is a
covariance matrix and C is a correlation matrix. From these assumptions, we have that the
response variable has the following distribution:

Yy~ Nn(Xﬂ, V)/

where V = Cov(y) = ZDZ" + R. Both components allow for modeling the correlation
and heteroscedasticity in subject measurements. In using the Henderson equations [24] to
estimate the Model (1) parameters, the best unbiased linear estimator for § and the best
unbiased linear predictor for u are obtained:

B = (xTV*lx) “IXTvy,

u

DZ'V~(y — XB).

In the growth curve models, y;; is the j-th observation of the i-th material, j = 1,...,n;
denote the number of measurements, and i = 1, ..., n denote the number of materials; the
growth curve model is given by

vij(tij) = o + Putij + uoi + waitij + €ij. 2)

where t;; indicates the time at which the data y;; were observed, and €;; is the error associ-
ated with that observation. By and ;1 are unknown parameters representing the intercept
and slope of the model, respectively; u; is the random effect associated with the intercept;
and uy; is the random effect associated with the slope of the model (Appendix A.1). The
fixed component of Model (2) is Bo + B1tij,
According to this model and considering four measurement dates (Table 2), the design

and the random component is ug; + u1;t;j + €;;.

matrices for each material i are of dimensions 4 x 2 and are given by

%

I

N

I
S Y

Rag

™)

The fixed-effects parameter vector, the random-effects vectors, and the error vectors

_ [ Bo R | e
ﬁ_<ﬁ1>'ul (uu)/el €i3

Then, the model of growth curves for the i-th material is given by

are given by

yvi=XiB+Zu;+¢;,i=1,...,39. 3)
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Random effects u;, i = 1,...,39 are assumed to be independent and identically
distributed, that is, u; ~ N, (0, D), with

There are several covariance structures for D that provide a more accurate representa-
tion of the variability and correlation between observations within a group or subject [25]
that enables more flexible and appropriate model fitting to longitudinal data.

The error vectors €;,i = 1,...,39 are also assumed to be independent and identically
distributed, that is, €; ~ N, (0, R;), with

Var(en)  Cov(ei, €) Cov(ei, €3) Cov(en, €ia)
Cov(en, en)  Var(en)  Cov(ep, €i3) Cov(ep, €is)
Cov(ejr, e3) Cov(es, €n)  Var(e)  Cov(ej, €i)
Cov(ej1, €iq) Cov(ey, €n) Cov(ey,€3)  Var(ei)

R; = Cov(e;) =

This matrix can be decomposed in the form
R; = 0*ACiA,

where A; = diag(Ay,...,Ay,;) is a diagonal matrix with nonnegative diagonal elements
for the i-th material, with A;, j = 1,..., n;, representing functions of variance [25]; C; is a
correlation matrix for the i-th material. This way, the presence of heteroscedasticity in the
elements of the vector €; is explained by A;, and C; explains the correlation between the
observations of the i-th material. Some structures for C; include autoregressive processes
of order 1 and autoregressive structures [26].

For the plant and ratoon crop cycles, Model (3) was used. For the plant cycle, the spec-
ification of R; assumes that C; = Iy, xy,, and the elements of A; are given by A; = |ti]'\‘S
(varPower variance function), where J is a constant; this variance function indicates that
the magnitude of the variance error changes nonlinearly over time (Appendix A.2.1). Then,

for the plant cycle
tlzl‘s 0 0 O
it
R — o2 0 tiz" 0 o0
! o o0 2 o0 |
0 0 0 %
and

2
D= Uuol‘ U”li”oi
\ 7 o2 '
UpiU1i Uy;

For the plant cycle, the intraclass correlation coefficient pjcc was calculated; it indicates
the degree of correlation that exists between the observations of the same group. It is
calculated using the following equation:

U(”Orul)
= ou), 4
picc CacTu, (4)

where o( is the covariance between the random effects of the intercept and slope,

Up,u
and oy, arfd 1(T)u1 are the standard deviations of the random intercept and the random slope,
respectively.

For the ratoon cycle, uy; = 0Vi, i = 1,2,...,39. For the specification of R;, C; = I;,xy,
was assumed, and the dependence of the elements of A; in time are given by A; = Js,,
(varldent variance function); this variance function is suitable when the data exhibit less
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variation within a group (Appendix A.2.2). We set 551/‘ = 1Viand j; then, for the ratoon
cycle,

0
0
1

S O O
S O = O
_ o O O

0

If the growth curve model correctly explains the variability of the materials, then the
assumptions of normality, homogeneity of variances, and independence in the residuals
should be satisfactorily met. The Kolmogorov—Smirnov (normality), Bartlett (homogeneity
of variances), and Box-Pierce (independence) statistical tests were used to verify the
fulfillment of these assumptions.

The normality hypothesis was tested with the ks.test function, the independence
hypothesis was tested with the Box.tfest function, and the homogeneity of variances was
tested with the bartlett.test function; all three functions are available in the stats package [27].

The modeling of the growth curves was performed with the Ime function of the nlme
package [28].

2.2. Grouping Techniques

After performing the statistical modeling, an estimated growth curve was obtained for
each of the 39 materials, capturing both the variability among materials and within each
material over time. This estimated curve consists of an intercept value and a slope value.
These two values represent the newly available information for each of the 39 materials
and will be used for the clustering analysis. The maturity type of the 33 new materials is
determined by observing the biological maturity of the commercial varieties present in
each of the formed groups.

The clustering techniques of k-means, k-medoids, and DBSCAN were employed
to classify genotypes with similar sucrose accumulation patterns. k-means was chosen
for its efficiency in data partitioning [29], k-medoids for its robustness against noise and
outliers [30], and DBSCAN for its ability to identify non-spherical clusters and detect
outliers [31].

k-means and k-medoids are partition-based algorithms [32], whereas DBSCAN is a
density-based method that is robust to outliers [33].

2.2.1. k-means

The k-means algorithm is a non-hierarchical clustering method used to analyze nu-
merical data, with the goal of partitioning a data set into K groups, each represented by a
centroid. The value of K must be defined in advance. The algorithm iteratively adjusts the
position of the centroids in the object space, seeking the best grouping of similar individuals.
To calculate the distance between objects and determine their similarity, several distance
functions can be used, with Euclidean distance being one of the most commonly used, as it
measures the shortest distance between two points [34-36].

For this research, the value of K was set to four, as four maturity types were con-
sidered for the 33 materials in the study. Additionally, an inflection point was identified
using the elbow method. This analysis revealed that the optimal number of clusters was
four, aligning with the expectation based on the four previously defined maturity types:
early, early—intermediate, intermediate-late, and late. The metric used in k-means was
Euclidean distance.
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2.2.2. k-medoids

The k-medoids algorithm uses a partitioning method to group a set of 1 objects into
K clusters. The process starts by setting the number of clusters and randomly selecting
the initial centroids. Then, the distance of each object to the centroid of each cluster is
calculated. Subsequently, an iteration is performed to adjust the centroids according to
the assignment of the data [37]. For this method, the value of K was also equal to four
to consider four degrees of maturity in the 33 new materials. The metric used was the
Euclidean distance.

2.2.3. DBSCAN

DBSCAN is a density-based clustering algorithm that identifies clusters as dense
regions separated by lower-density areas. It performs well with nonlinear data and distin-
guishes between high- and low-density clusters. The process starts by selecting an unvisited
point; if its e neighborhood contains enough points, a cluster is formed; otherwise, it is
classified as noise. The key parameters are ¢ (maximum distance between neighbors) and #
(minimum number of points to form a dense region) [38]. In this study, € was determined
using the kNN function from the dbscan package [39], and several values of 17 were tested.

2.3. Validation Indices

The evaluation of the clusters identified was carried out using the Silhouette index,
the Dunn index, and the Connectivity index.

The Silhouette index measures the confidence with which an observation is assigned
to a cluster, providing information about the cohesion and separation of the clusters. This
index varies in the range from —1 to 1, where a value close to 1 indicates that the point
has been correctly assigned to the cluster and is well separated from other clusters [40].
Values from 0.71 to 1 indicate a strong cluster structure has been found; from 0.51 to 0.70,
a reasonable structure; from 0.26 to 0.50, the structure is weak; and less than or equal to 0.25,
no substantial structure [41]. Negative values have a similar interpretation and indicate
that the object may be incorrectly assigned and is closer to points from another cluster [42].
The Silhouette index is given by

Ton ; ZC max{a ,b( i)} ©)

where 7 is the total number of objects in the dataset, K is the number of clusters, Cj is the set
of objects in cluster k, a(i) is the average distance between object i and all other objects in
the same cluster, b(7) is the average distance between object i and all objects in the nearest
cluster, and max{a(i), b(i)} is the maximum value of (i) and b(i).

The Dunn index is a measure of the quality of a partition in terms of the ratio between
the minimum distance between cluster centroids and the maximum distance between
points and their respective centroids [43]. This index is given by

mink:1 K{d(Ck, CO)}

Ip = maxx;;(’){d(xi/ cr)} ©

where K is the number of clusters, miny_; _ x{d(Cy, Cp)} is the minimum of the distances
between the centroids of each cluster Cy and the global center Cy, and max,,co{d(x;, cx)} is
the maximum distance between each point x; in the dataset () and its respective centroid Cy
in its corresponding cluster. The minimum distance is a measure of the internal coherence
of the clusters, and the maximum distance is a measure of the separation between clusters.
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The Connectivity index is calculated by constructing a neighbor matrix. Define n1;;)

as the j-th nearest neighbor of observation i, and let Xinny ) be zero if i and nn ) are in the

J
same cluster and 1/ otherwise. The Connectivity index has a value between 0 and co and

should be minimized [44]. This index is given by

IC— szznn (7)

i=1j=1

where 7 is the total number of objects in the dataset, and L is a parameter that determines
the number of neighbors that contribute to the connectivity measure.

The quality of the clustering was determined with the Silhouette (Silhouette function of
the package [45]), Dunn (Dunn function of the package [44]) and Connectivity (Connectivity
function of the package [44]) indices.

3. Results
3.1. Plant Cycle

To effectively model the heteroscedasticity observed in the data, the varPower function
was implemented, setting the J parameter to 0.2, which allowed for a better fit of the model
to the variability of the data. After that, the fitted model for the plant cycle satisfies the
assumptions of normality (Kolmogorov-Smirnov, p-value = 0.85), homogeneity of variance
(Bartlett, p-value = 0.34), and independence (Box-Pierce, p-value = 0.23).

Table 4 presents the parameter estimates of the fitted model (Model (3)), along with
their respective 95% confidence interval (CI), showmg both fixed and random effects.
The fixed effects include the estimated parameters By and B, both 51gn1f1cant which
represent the intercept and slope, respectively. The estimated intercept, ﬁo = 6.37, reflects
that all materials have an average SP value of 6.37 when time is zero. The slope indicates
the change in SP for each unit change in time; thus, a value of 1.50 signifies that, on average,
SP increases by 1.50 units for each additional unit of time, which according to Table 2,
on average, is 31 days.

The intraclass correlation coefficient, pjcc = —0.89 (Table 4), indicates the degree of
correlation that exists between the observations of the same group.

Table 4. Estimated parameters of fixed and random effects of Model (3) for the plant cycle.

Fixed Effects Random Effects
Parameter 95% CI Parameter 95% CI Parameter 95% CI
BO =6.37 (5.50,7.24) Oy =221 (1.56,3.14) Oicc = —0.89  (—0.98,—0.50)
B1 =150 (1.25,1.75) Oy, = 0.47 (0.23,0.94) 0, =123 (1.05,1.44)

CI: confidence interval.

Since both random effects were statistically significant, specific estimated intercepts
and slopes were obtained for each of the 39 materials from Las Pilas (Table 5). The variety
COLMEX 94-8, which is known to have an early maturity, has an estimated intercept of 8.97
and an estimated slope of 1.22; similar values are observed for the variety RB 85-5113, which
has an estimated intercept of 8.23 and an estimated slope of 1.23. The variety MEX 69-290,
which is known to have an intermediate—late maturity, has an estimated intercept of 5.67
and an estimated slope of 1.82. From the estimations of all materials, it can be deduced that
materials with an early maturity tend to have a higher intercept. Since both the intercept
and the slope are random, their values vary depending on the specific sugarcane material
being evaluated. Thus, materials that have a late maturity tend to have a smaller intercept
and a larger slope.
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Figure 1 presents the estimates of the intercept and slope for each material, where a
high intercept indicates an early accumulation of sucrose (typical of early materials), and a
steep slope reflects a higher accumulation rate over time (characteristic of late materials).
The red color in the intercept indicates materials with a higher intercept value, while the
blue color represents those with a lower intercept. Similarly, color coding is applied to the
slope: blue highlights materials with a steeper slope, while red indicates materials with
a gentler slope. This color scheme provides a clear way to identify which materials are
positioned above or below others based on these parameters. Together, this explains the
behavior of the materials according to their respective fitted models. This is the graphical
representation of Table 5.

Table 5. Estimated parameters of Model (3) for the 39 materials for the plant cycle.

ID Material Type ﬁo B1 ID Material Type Bo B1
26 ITSAMEX 07-121115 N 3.01 2.14 32 ITSAMEX 07-9886 N 6.65 141
19 ITSAMEX 07-7501 N 3.03 217 35 ITSAMEX 07-1903 N 6.78 1.39
24 ITSAMEX 07-4954 N 3.62 1.81 1 COSTA JAL N 7.04 143
27 ITSAMEX 07-246 N 3.70 2.00 2 RB 85-5035 N 7.05 1.34
12 TCP 89-3505 N 3.79 1.85 5 LAICA 92-13 N 7.11 1.24
21 ITSAMEX 07-7259 N 4.07 2.00 39 COLMEX 95-27 C 7.56 1.31
18 ITSAMEX 07-20810 N 421 1.66 36 ITSAMEX 07-44813 N 7.56 1.37
33 ITSAMEX 07-86810 N 421 1.88 13 MEX 80-1521 N 7.79 1.19
25 ITSAMEX 07-4387 N 4.68 1.76 15 ITSAMEX 07-44814 N 7.80 1.06
29 ITSAMEX 07-12113 N 5.01 1.68 6 CP 72-2086 C 7.92 1.28
34 ITSAMEX 07-12119 N 5.04 1.79 11 MEX 70-486 N 7.97 1.34
20 ITSAMEX 07-1107 N 5.13 1.56 9 ATEMEX 99-1 N 8.08 1.01
28 ITSAMEX 07-12116 N 5.45 1.64 4 RB 85-5113 C 8.23 1.23
23 ITSAMEX 06-4863 N 5.51 1.73 3 ITV 92-1424 C 8.39 1.21
37 ITSAMEX 07-12118 N 5.52 1.84 7 COLMEX 94-8 C 8.97 1.22
16 ITSAMEX 06-3049 N 5.60 1.70 22 ITSAMEX 06-6395 N 9.19 0.98
30 ITSAMEX 07-2963 N 5.67 1.59 10 ATEMEX 99-61 N 9.48 0.94
14 MEX 69-290 C 5.67 1.82 8 ATEMEX 99-48 N 9.79 0.98
17 ITSAMEX 07-8681 N 5.92 1.61 38 CP 85-1382 N 9.86 0.92
31 ITSAMEX 07-99711 N 6.43 1.42

N: new material; C: commercial variety.
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Figure 1. Estimated curves for materials based on intercept and slope for the plant cycle.
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Clustering Materials in the Plant Cycle

Clustering was performed using the intercept and slope estimates of the estimated
maturity curve (Table 5). Since sugarcane materials can express any of the four types
of maturity in the sugar industry, early, early-intermediate, intermediate-late, and late,
the number of groups was set at 4.

The clustering of the materials using the k-means algorithm with K = 4 is shown
in Figure 2a and Table 6. The early-maturity group has four early-maturing commercial
varieties—ITV 92-1424, RB 85-5113, CP 72-2086, and COLMEX 95-27—and ten new ma-
terials. The early—intermediate-maturity group contains four new materials and variety
COLMEX 94-8. The group designated with intermediate-late maturity comprises variety
MEX 69-290, which is known to exhibit intermediate-late maturity and 11 new materials.
The l-te maturity group has eight new materials.

Cluster Early-Intermediate E] Early |E| Late Intermediate-Late Cluster Early-Intermediate E‘ Early |E| Late Intermediate-Late

Slope
o

[0}
[o%
o 0
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-14
2
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21 @19
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[} 1
32
g9 Ny 6 11
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1 5 2 3 /)
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24
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Figure 2. Clustering of Las Pilas materials in the plant cycle.

The validation indices for clustering the materials with k-means are Is = 0.63,
Ip = 012, and I = 13.41. The value of Is = 0.63 indicates that the grouping of
materials shows moderately good cohesion and appropriate separation between the clusters.
The value of Ip = 0.12 indicates relatively low separation between clusters and a potential
for improvement in cohesion within the clusters. Meanwhile, the value of I = 13.41
indicates good separation between clusters and appropriate compactness within the clusters.
Therefore, two out of three indexes indicate that the k-means clustering is good.

The clustering of the materials using the k-medoids algorithm with K = 4 is shown in
Figure 2b and Table 6. The early-maturity group has 12 materials, including commercial
varieties ITV 92-1424, RB 85-5113, CP 72-2086, and COLMEX 94-8, all of which are reported
to have an early maturity. The early-intermediate-maturity group has seven new materials.
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The intermediate-late-maturity group has 11 as it incorporates variety MEX 69-290, which

has intermediate—late maturity. The late-maturity group contains eight new materials.

Table 6. Comparison of the clustering results for the plant cycle, Las Pilas.

Groups

ID Material Type k-means k-medoids DBSCAN

3 ITV 92-1424 C Early Early Early

4 RB85-5113 C Early Early Early

6 CP72-2086 C Early Early Early

9 ATEMEX 99-1 N Early Early Early

11 MEX70-486 N  Early Early Early

13 MEX80-1521 N  Early Early Early

15 ITSAMEX 07-44814 N  Early Early Early

1 COSTA]JAL N Early Early-Intermediate Early

2  RB 85-5035 N Early Early-Intermediate Early

5 LAICA 92-13 N  Early Early-Intermediate Early

32 ITSAMEX 07-9886 N  Early Early-Intermediate Early

35 ITSAMEX 07-1903 N  Early Early-Intermediate Early

36 ITSAMEX 07-44813 N  Early Early-Intermediate Early

39 COLMEX 95-27 C Early Early-Intermediate Early

7 COLMEX 94-8 C Early-Intermediate Early Early-Intermediate
8  ATEMEX99-48 N  Early-Intermediate Early Early-Intermediate
10 ATEMEX 99-61 N  Early-Intermediate Early Early-Intermediate
22 ITSAMEX 06-6395 N  Early-Intermediate Early Early-Intermediate
38 CP 85-1382 N  Early-Intermediate Early Early-Intermediate
31 ITSAMEX 07-99711 N  Intermediate-Late Early-Intermediate Early

14 MEX 69-290 C Intermediate-Late Intermediate-Late Intermediate-Late
16 ITSAMEX 06-3049 N Intermediate-Late Intermediate-Late Intermediate-Late
17 ITSAMEX 07-8681 N Intermediate-Late Intermediate-Late Intermediate—Late
20 ITSAMEX 07-1107 N Intermediate-Late Intermediate-Late Intermediate—Late
23 ITSAMEX 06-4863 N Intermediate-Late Intermediate-Late Intermediate—Late
25 ITSAMEX 07-4387 N Intermediate-Late Intermediate-Late Intermediate-Late
28 ITSAMEX 07-12116 N Intermediate-Late Intermediate-Late Intermediate-Late
29 ITSAMEX 07-12113 N Intermediate-Late Intermediate-Late Intermediate—Late
30 ITSAMEX 07-2963 N Intermediate-Late Intermediate-Late Intermediate—Late
34 ITSAMEX 07-12119 N Intermediate-Late Intermediate-Late Intermediate—Late
37 ITSAMEX 07-12118 N Intermediate-Late Intermediate-Late Intermediate-Late
12 TCP 89-3505 N Late Late Intermediate-Late
18 ITSAMEX 07-20810 N Late Late Intermediate-Late
21 ITSAMEX 07-7259 N Late Late Intermediate-Late
24 ITSAMEX 07-4954 N Late Late Intermediate—Late
27 ITSAMEX 07-246 N Late Late Intermediate-Late
33 ITSAMEX 07-86810 N Late Late Intermediate-Late
19 ITSAMEX 07-7501 N Late Late Late

26 ITSAMEX 07-121115 N Late Late Late

N: new material; C: commercial variety.

The validation indices for clustering the materials with k-medoids clustering are
Is = 055,Ip = 0.12,and I = 13.85. The value of Is = 0.55 indicates that the clustering
exhibits moderate cohesion and appropriate separation among the groups, but there is still

room for improvement in terms of group separation. The value of Ip = 0.12 indicates

relatively low separation between clusters and a potential for improvement in cohesion

within the clusters. The value of I

= 13.85 indicates good separation between the groups
and appropriate compactness within the clusters.
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For the DBSCAN clustering algorithm with € = 0.5 and a = 2, we have K = 4 groups
with 15, 5, 17, and 2 materials, as shown in Figure 2c and Table 6. The early group consists
of 11 new materials and 4 commercial varieties: ITV 92-1434, RB 85-5113, CP 72-2086,
and COLMEX 95-27. The early—intermediate group includes four materials and commercial
variety COLMEX 94-8. The intermediate—late group comprises 16 new materials, along
with commercial variety MEX 69-290. Lastly, the late group consists of two new materials,
ITSAMEX 07-7501 and ITSAMEX 07-121115.

The validation indices for clustering the materials with DBSCAN are Is = 0.64,
Ip = 0.24,and I = 12.36. The values of Is = 0.64 and Ip = 0.24 indicate that the
clustering exhibits moderately good cohesion and adequate separation between the groups.
The value of I = 12.36 suggests reasonable connectivity between the groups, implying
that there is internal connectedness within each group and good relationships between
observations in each group. Thus, it can be concluded that the clustering performed with
DBSCAN has achieved satisfactory separation and cohesion among the groups, along with
suitable connectivity.

The k-means and DBSCAN algorithms are more similar to each other than to k-
medoids, as they coincide in the maturity type assignment for 32 materials, while k-means
and k-medoids coincide for 26, and k-medoids and DBSCAN for 20. According to the index
values (Table 7), DBSCAN is the most suitable method for characterizing the 33 materials
by maturity, and its use should be considered in the adaptation phase of the plant cycle.
Thus, given the grouping by DBSCAN, it is up to the researcher to choose the materials
that will pass to the next phase, given the type of maturity they present.

A graphical representation of Table 6 is shown in Figure 3.
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Figure 3. Heatmap of material maturity based on clustering algorithms for the plant cycle.

The heatmap displays the classification of the 39 sugarcane materials according to
three clustering algorithms, based on the four defined maturity types (early (1), early—
intermediate (2), intermediate-late (3), late (4)). The color distribution allows for visualizing
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the correspondence between the methods used, highlighting a general consistency in the
assignment of materials to the different maturity groups. This coherence between the
algorithms suggests the stability and robustness of the classification patterns obtained,
as shown in Figure 2.

Table 7. Validation indices for the plant cycle.

Method Connectivity Dunn Silhouette
k-means 13.41 0.12 0.65
k-medoids 13.85 0.12 0.55
DBSCAN 12.36 0.24 0.64

3.2. Ratoon Cycle

The model satisfies the assumptions of normality (Kolmogorov—Smirnov, p-value = 0.85),
homogeneity of variances (Bartlett, p-value = 0.34), and independence (Box-Pierce,
p-value = 0.23).

For this cycle, incorporating only the random intercept was sufficient to improve the
model fit (Model 3), which allowed for capturing the variation in the intercept, indicating
notable differences in the initial SP among the different genotypes. Table 8 shows that
both the intercept and the slope of the fitted model for the ratoon cycle are significant,
with narrow confidence intervals, indicating high precision in the estimates. The significant
variability among the subject intercepts (7, = 1.18) and the moderate residual variability
(. = 1.05) suggest that the model adequately captures the variation present in the data.

Table 8. Estimated parameters of fixed and random effects of Model (3) for the ratoon cycle.

Fixed Effects Random Effects
Parameter 95% CI Parameter 95% CI
Eg =734 (6.79,7.90) Oyy = 1.18 (0.90,1.54)
B1 =195 (1.25,1.75) 0, = 1.05 (0.93,1.20)

CI: confidence interval.

Since only the intercept has a statistically significant random effect, specific estimated
intercepts were obtained for each of the 39 materials from Las Pilas (Table 9). Similarly to in
the plant cycle, a higher intercept is observed in varieties known to have an early maturity:
ITV 92-1424 had an intercept of 8.30, CP 72-2086 had an intercept of 9.35, and COLMEX 95-27
had an intercept of 9.37. Higher intercepts were also observed for the early—intermediate-
maturity variety: COLMEX 94-8 had an intercept of 9.20. A lower intercept was observed
in the MEX 69-290 variety, which had an intercept of 7.16.

The estimates of the models for the plant and ratoon cycles show some differences in
terms of the estimated intercept. For the early-maturing varieties, the following results are
obtained: the ITV 92-1434 variety had an SP of 8.39 in the plant cycle and an SP of 8.30 in the
ratoon cycle, a difference of 0.09 units; the CP 72-2086 variety had an SP of 7.92 in the plant
cycle and an SP of 9.35 in the ratoon cycle, a difference of 1.43 units; and the COLMEX 95-27
variety had an SP of 7.56 in the plant cycle and an SP of 9.37 in the ratoon cycle, a difference
of 1.87 units. This indicates that the three early-maturing varieties showed higher sucrose
percentage yields in the ratoon cycle. The early—intermediate-maturity varieties showed
the following results; the COLMEX 94-8 variety had an SP of 8.97 in the plant cycle and an
SP of 9.20 in the ratoon cycle, a difference of 0.23 units, and the RB 85-5113 variety had an
SP of 8.23 in the plant cycle and an SP of 8.30 in the ratoon cycle, a difference of 0.07 units.
Finally, the late-intermediate-maturity variety, MEX 69-290, presented an SP of 5.67 in the
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plant cycle and an SP of 7.16 in the ratoon cycle, a difference of 1.49 units. This variety also
showed higher yields in sucrose percentage in the ratoon cycle.

An illustration of the behavior of the materials from Table 9, based on their estimated
parameters, is shown in Figure 4. It can be observed that the slope remains constant for
all 39 materials, while the intercept varies from one material to another. Furthermore, it is
clearly noticeable that some materials exhibit a significant difference in their initial value
(intercept). The red color indicates materials with a higher intercept, reflecting a greater
injtial accumulation. In contrast, the blue color highlights materials with a lower intercept,
indicating a lower initial accumulation. This color coding facilitates the interpretation of
material behavior based on the estimated parameter.

Table 9. Estimated parameters for the 39 materials in the ratoon cycle, Las Pilas.

ID Material Type 30 31 ID Material Type /§0 El
24 ITSAMEX 07-4954 N 4.48 1.95 23 ITSAMEX 06-4863 N 7.33 1.95
25 ITSAMEX 07-4387 N 5.80 1.95 13 MEX 80-1521 N 7.37 1.95
5 LAICA 92-13 N 6.03 1.95 9 ATEMEX 99-1 N 7.40 1.95
12 TCP 89-3505 N 6.19 1.95 15 ITSAMEX 07-44814 N 7.44 1.95
2 RB 85-5035 N 6.23 1.95 32 ITSAMEX 07-9886 N 7.57 1.95
28 ITSAMEX 07-12116 N 6.36 1.95 31 ITSAMEX 07-99711 N 7.82 1.95
27 ITSAMEX 07-246 N 6.45 1.95 34 ITSAMEX 07-12119 N 7.83 1.95
36 ITSAMEX 07-44813 N 6.46 1.95 38 CP 85-1382 N 7.87 1.95
29 ITSAMEX 07-12113 N 6.51 1.95 33 ITSAMEX 07-86810 N 8.03 1.95
17 ITSAMEX 07-8681 N 6.51 1.95 22 ITSAMEX 06-6395 N 8.22 1.95
18 ITSAMEX 07-20810 N 6.53 1.95 10 ATEMEX 99-61 N 8.23 1.95
20 ITSAMEX 07-1107 N 6.62 1.95 3 ITV 92-1424 C 8.30 1.95
16 ITSAMEX 06-3049 N 6.71 1.95 4 RB 85-5113 C 8.30 1.95
26 ITSAMEX 07-121115 N 6.73 1.95 35 ITSAMEX 07-1903 N 8.69 1.95
21 ITSAMEX 07-7259 N 6.78 1.95 11 MEX 70-486 N 8.83 1.95
1 COSTA JAL N 7.00 1.95 7 COLMEX 94-8 C 9.20 1.95
19 ITSAMEX 07-7501 N 7.00 1.95 8 ATEMEX 99-48 N 9.20 1.95
30 ITSAMEX 07-2963 N 7.11 1.95 6 CP 72-2086 C 9.35 1.95
14 MEX 69-290 C 7.16 1.95 39 COLMEX 95-27 C 9.37 1.95
37 ITSAMEX 07-12118 N 7.26 1.95
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Figure 4. Estimated curves for materials based on intercept and slope for the ratoon cycle.
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Clustering Materials in the Ratoon Cycle

The clustering of materials using the k-means algorithm is shown in Figure 5a and
Table 10. The early group consists of five new materials and five commercial varieties:
ITV 92-1424, RB 85-5113, CP 72-2086, COLMEX 95-27 and COLMEX 94-8. The early-
intermediate group is composed of 14 materials, including the MEX 69-290 variety. Despite
being identified as intermediate-late in the plant cycle, the MEX 69-290 variety was assigned
to the early—intermediate cluster in this cycle due to its higher SP in the ratoon cycle.
Regarding the absence of the COLMEX 94-8 variety in the early-intermediate-maturity
group, its maturity is determined based on the average SP value that the hybrids in this
group have (7.44%). We have a group of 14 materials that are of intermediate-late maturity.
Their maturity is inferred from the average value (6.42%) of sucrose that the hybrids exhibit.
Finally, the late group contains only ITSAMEX 07-4954 material.
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Figure 5. Clustering of materials in the ratoon cycle, Las Pilas.

According to the Silhouette index (Is = 0.56), the clustering performed with the
k-means algorithm indicates moderate cohesion and satisfactory separation between the
clusters. However, it is observed that the separation between groups could be improved,
as the Dunn index was low (Ip = 0.16). Finally, according to the Connectivity index
(Ic = 12.08), the groups are well defined and internally connected.

The clustering of materials using the k-medoids algorithm is shown in Figure 5b
and Table 10. The early group is composed of eight materials, including commercial
varieties ITV 92-1434 and RB 85-5113. The early-intermediate group contains three new
hybrids and commercial varieties CP 72-2086, COLMEX 94-8, and COLMEX 95-27. Similarly,
the intermediate—late group consists of commercial variety Mex 69-290 and ten new hybrids,
while the late group contains 14 hybrids.
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Table 10. Comparison of the algorithms for the ratoon cycle.

Groups
ID Material Type k-means k-medoids DBSCAN
3 1TV 92-1424 C Early Early Early
4 RB&85-5113 C Early Early Early
10 ATEMEX 99-61 N Early Early Early
22 ITSAMEX 06-6395 N Early Early Early
6 CP 72-2086 C Early Early—Intermediate Early—Intermediate
7 COLMEX 94-8 C Early Early-Intermediate Early-Intermediate
8 ATEMEX99-48 N Early Early-Intermediate Early-Intermediate
39 COLMEX 95-27 C Early Early-Intermediate Early-Intermediate
35 ITSAMEX 07-1903 N Early Early-Intermediate Late
11  MEX70-486 N Early Early-Intermediate Late
31 ITSAMEX 07-99711 N Early-Intermediate Early Early
33 ITSAMEX 07-86810 N Early-Intermediate Early Early
34 ITSAMEX 07-12119 N Early-Intermediate Early Early
38 CP 85-1382 N Early-Intermediate Early Early
1 COSTAJAL N Early-Intermediate Intermediate-Late Intermediate-Late
9 ATEMEX99-1 N Early-Intermediate Intermediate-Late Intermediate-Late
13 MEX 80-1521 N Early-Intermediate Intermediate-Late Intermediate-Late
14 MEX 69-290 C Early-Intermediate Intermediate-Late Intermediate-Late
15 ITSAMEX 07-44814 N Early-Intermediate Intermediate-Late Intermediate-Late
19 ITSAMEX 07-7501 N Early-Intermediate Intermediate-Late Intermediate-Late
23 ITSAMEX 06-4863 N Early-Intermediate Intermediate-Late Intermediate-Late
30 ITSAMEX 07-2963 N Early-Intermediate Intermediate-Late Intermediate-Late
32 ITSAMEX 07-9886 N Early-Intermediate Intermediate-Late Intermediate-Late
37 ITSAMEX 07-12118 N Early-Intermediate Intermediate-Late Intermediate-Late
2 RB85-5035 N Intermediate-Late Intermediate-Late Intermediate-Late
5 LAICA92-13 N Intermediate-Late Late Intermediate-Late
12 TCP 89-3505 N Intermediate-Late Late Intermediate-Late
16 ITSAMEX 06-3049 N Intermediate-Late Late Intermediate-Late
17 ITSAMEX 07-8681 N Intermediate-Late Late Intermediate-Late
18 ITSAMEX 07-20810 N Intermediate-Late Late Intermediate-Late
20 ITSAMEX 07-1107 N Intermediate-Late Late Intermediate-Late
21 ITSAMEX 07-7259 N Intermediate-Late Late Intermediate-Late
25 ITSAMEX 07-4387 N Intermediate-Late Late Intermediate-Late
26 ITSAMEX (07-121115 N Intermediate-Late Late Intermediate-Late
27 ITSAMEX 07-246 N Intermediate-Late Late Intermediate-Late
28 ITSAMEX (07-12116 N Intermediate-Late Late Intermediate-Late
29 ITSAMEX 07-12113 N Intermediate-Late Late Intermediate-Late
36 ITSAMEX (07-44813 N Intermediate-Late Late Intermediate-Late
24 ITSAMEX 07-4954 N Late Late Not classified

N: new material; C: commercial variety.

These groups had clustering validation indices with the following values: I = 0.59,
Ip = 0.06, and I = 13.68. The results indicate that the clustering carried out through
the k-medoids algorithm forms groups in which there are similar characteristics among the
materials within the same group in terms of §y and ;. The groups show good cohesion
and appropriate separation.

For this cycle, the DBSCAN algorithm with € = 0.24 and 7 = 2 identified four
groups with 24, 8, 4, and 2 materials. In this cycle, one material was left out of the four
groups. In Figure 5¢ and Table 10, some groups are more compact, with a low point density
(early—intermediate and late groups), while others are more dispersed, with a high point
density (intermediate-late and early groups). Thus, the early-maturity group consists
of commercial varieties ITV 92-1434 and RB 85-5113 and six new materials. The early-
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intermediate-maturity group contains commercial varieties CP 72-2086, COLMEX 94-8,
and COLMEX 95-27 and one new hybrid. The intermediate-late-maturity group includes
23 new materials and the Mex 69-290 variety. Lastly, the late group contains two new
materials. Finally, the DBSCAN algorithm did not assign hybrid ITSAMEX 07-4954 to
any group. That is, according to the algorithm, this material presents a maturity type
different from the four established in the analysis. For this clustering, the validation indices
were Is = 0.64, I[p = 0.14, and I = 16.11. These values indicate good cohesion and
appropriate separation between the groups. The separation between the groups is reflected
in the high value of the Dunn index. These results suggest that the formed groups represent
different maturity types of sugarcane and exhibit distinctive characteristics in terms of
their density.

Table 10 presents a comparison of the clustering algorithms for the ratoon cycle. It
can be observed that the k-medoids and DBSCAN algorithms have more coincidences in
the assigned maturity type (23 materials); k-means and k-medoids share five assignments,
and k-means and DBSCAN have 17 shared assignments. The intermediate-late and early—
intermediate groups have more materials according to the k-means algorithm, while
according to the k-medoids algorithm, the late and intermediate-late groups have more
assigned materials. Finally, the intermediate-late and early groups have more assigned
materials according to the DBSCAN algorithm.

Similarly to the previous graph, Figure 6 is a graphical representation of Table 10,
complemented by Figure 5. In both cases, the material that was not classified into any
group can be observed. Furthermore, the color distribution, which intuitively indicates the
maturity type of each material, is clearly depicted.

Maturity

K
2

1"

Figure 6. Heatmap of material maturity based on clustering algorithms for the ratoon cycle.

The k-means algorithm achieved the best values for the Ip (highest) and I (lowest)
indices, while DBSCAN obtained the best value for the I5 index (Table 11). Therefore,
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k-means is the most suitable method for clustering materials in the ratoon cycle, allowing
for the selection of materials that will advance to the next evaluation phase.

Table 11. Validation indices for the ratoon cycle.

Method Connectivity Dunn Silhouette
k-means 12.08 0.16 0.56
k-medoids 13.68 0.06 0.59
DBSCAN 16.11 0.14 0.64

4. Discussion

Improving sugarcane varieties with high yield and higher sucrose content is essential
for the sugar industry. Previous studies, such as [46,47], have emphasized the importance
of these goals. The present research analyzes how sucrose accumulation varies among
different hybrids and varieties, and how this variability is observable in both the plant
cycle and the ratoon cycle.

Variations in sucrose accumulation depend on genetic, soil, climatic, and management
factors [48,49]. Ref. [50] observed higher sucrose yields in the plant cycle, with decreases in
the ratoon and second ratoon cycles, highlighting the importance of agronomic manage-
ment and soil conditions.

The selection of adapted varieties and agronomic management are key to optimizing
sucrose production [51]. The development of new varieties is complex and requires multiple
evaluations before commercialization. Growth curve models can model maturity in the
adaptability phase with at least four measurements per material, explaining their variability
over time.

The Silhouette index exceeded 0.5 for all three algorithms evaluated, surpassing the
0.34 reported in [10] with k-means. However, the Connectivity and Dunn indices indicated
that DBSCAN was the best method for the plant cycle, while k-means was the most
appropriate for the ratoon cycle, aligning with its recognition in clustering [52].

DBSCAN correctly identified the maturity of the commercial varieties in the plant cycle,
validating the estimation of their maturity curve and the methodology for characterizing
the 33 hybrids. In the ratoon cycle, k-means also correctly identified maturity, ensuring
proper characterization.

Some materials changed classification between cycles due to variations in sucrose
caused by environmental factors, agronomic management, and algorithm differences.
This underscores the importance of management and harvest timing to maximize sucrose
content [53], demonstrating the usefulness of these methods in characterizing materials
based on maturity.

Different maturity types impact crop yield and performance by influencing su-
crose accumulation, the optimal harvest time, and industrial processing efficiency [54,55].
Early-maturing varieties allow for an earlier harvest and resource optimization, while
intermediate- and late-maturing varieties can achieve higher yields over time, benefiting
logistical planning and preventing processing plant overload. Thus, maturity classification
not only enhances the understanding of the behavior of the evaluated materials but also
has practical implications for agricultural and industrial management.

These results are crucial for identifying genetically adapted materials and developing
varieties with high sucrose content [56].

This study opens up various opportunities to extend the application of statistical
models to future research. In addition to sugarcane, mixed models that incorporate the
interaction between genotype and environment could be applied to a wide range of agri-
cultural crops, such as sugar beet, sweet sorghum, forage maize, rice, soybeans, and oilseed
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crops like sunflower and canola. These models can be useful not only for studying varia-
tions in sugar production but also other variables such as grain yield, water use efficiency,
disease resistance, and crop quality, all of which are influenced by environmental conditions.

Furthermore, applying these models in different geographical regions with varying
climatic conditions and soil types can provide a more precise understanding of how
environmental factors impact crop performance and quality. For instance, in tropical or
subtropical areas, the models could offer insights into how crops respond to consistent
temperature and humidity conditions, while in more arid or temperate zones, they could
analyze how seasonal fluctuations, water availability, or droughts affect performance.
The ability of mixed models to capture the spatial and temporal variability of data would
be particularly useful in tailoring agricultural practices to local environments, enabling
farmers to make more informed decisions to optimize resource use.

In conjunction with the inclusion of additional variables, such as fertilizer use, pest
control, crop rotation, and soil management practices, these models could provide a more
comprehensive view of the factors affecting agricultural productivity. This multifaceted
approach could improve sustainability, efficiency, and profitability in the production of a
wide variety of crops, contributing to agriculture that is better adapted to local conditions
and more resilient to climate change.

5. Conclusions

The sucrose accumulation curves of 33 new sugarcane hybrids were analyzed using
growth curve models, enabling the modeling of their variability over time and sucrose
yield across two cycles. Based on the estimated intercept and slope, the materials were
characterized and grouped according to their maturity type (early, early—intermediate,
intermediate-late, and late), facilitating the selection of the most promising hybrids for the
next evaluation stage.

This characterization in the adaptability testing phase is valuable for plant breeders
and geneticists in the search for new commercial sugarcane varieties. The methodology
employed can serve as a reference for studying and selecting genotypes in advanced
selection stages, optimizing agricultural management and harvest planning.

Growth curve models, combined with k-means, k-medoids, and DBSCAN clustering
algorithms, allowed for the classification of genotypes based on their agronomic and
industrial performance, contributing to the selection of more productive varieties. In the
agro-industrial phase, these materials can be further evaluated to confirm their stability
under different environmental conditions.
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Appendix A
Appendix A.1. Growth Curve Model

The model y,'j(t,'j) = Po + P1tij + ug; + uy;t;j + €;j analyzes how the observations of a
set of materials vary over time, considering not only the effect of time but also differences
among materials (genotypes). We use a random-effects structure to account for individual
differences between genotypes and how these affect both the initial value (u;, i.e., the
starting point of each genotype), and the rate at which observations change over time (uy;,
the variation in the slope of each genotype).

In this model, By represents the average response value at t;; = 0 for the entire
population, while u(; captures the specific deviation in each genotype from this value.
Similarly, B; represents the average rate of change over time, whereas u;; describes how
this rate varies among genotypes. Thus, the combination Bg + ug; defines the actual
intercept for each genotype, and 1 + uy; determines its specific slope. This approach
captures both the general trend of observations over time and the individual variations in
each genotype, providing a more precise evaluation of how time and genotype influence
crop measurements.

Appendix A.2. Variance Structure

In this study, two variance structures were used to model how errors vary across time
for each hybrid. These structures help us understand how errors in the measurements may
be correlated between each other and over time.

Appendix A.2.1. Power Variance Model (varPower)

The structure varPower is used to model a nonlinear relationship between errors and
time. The variance structure is given by

# 0 0 0
6
R = o 0 % 0 0
0 0 # 0
0 0 0 %

e 0?2 This is the common variance of the errors.

e t;;: This represents the time at which the measurement is taken for hybrid i.

*  J: This is the parameter controlling the relationship between the errors and time. If &
is 0.5, the relationship is a square root in time, while if it is 1, the relationship is linear.
With § = 0.2, the errors increase with time, but more gradually compared to higher
values of é.
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This model allows for errors to either increase or decrease over time, depending on
the value of 6. For example, if 5 = 0.2, the errors still increase with time, but at a slower
rate compared to whend = 050ré = 1.

This model allows for errors to either increase or decrease over time, depending on
the value of 4.

Appendix A.2.2. Identity Variance Model (varldent)

The structure varldent is simpler and assumes that the errors have the same variance
over time. The variance structure for this model is

S © O
S O = O
o = O O
= o O O

e 2 Asin the previous model, this is the common variance of the errors.
e 1: This indicates that the variance of the errors is constant across all time points.
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