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Abstract: Optimizing rice productivity is crucial for global food security, especially in
Mediterranean environments. This study investigated the influence of tillering capacity
on yield and other agronomic traits in nine European rice cultivars over two seasons
(2021–2022). A split-plot design was used with cultivars as the main factor and five tillering
levels: main stems (Mn), primary (T1), secondary (T2), tertiary (T3), and quaternary (T4) as
sub-factors. The grain yield, total dry matter, harvest index, 1000-grain weight, and number
of stems were measured. Significant differences were revealed among cultivars, tillering lev-
els, and their interaction for all traits. Mn and T1 consistently outyielded later tillers, with
Ronaldo’s Mn achieving 4.71 t ha−1. Mare and Olympiada displayed the highest average
yields (1.52 t ha−1) through balanced resource allocation across tillers. Strong correlations
between tillering levels and yield (R2 = 0.73) demonstrate that early tillers significantly
enhance productivity. We conclude that optimizing early tiller productivity—rather than
maximizing tiller numbers—should be prioritized in breeding programs. Cultivars com-
bining vigorous Mn and T1 development with efficient resource partitioning offer the most
promising approach for improving Mediterranean rice productivity.

Keywords: Oryza sativa L.; Mediterranean rice cultivation; tillering capacity; grain yield
optimization; multivariable analysis; yield

1. Introduction
Rice (Oryza sativa L.) is the most important staple food for more than half of the world’s

population [1] and the third most important cereal in the world [2]. Global demand for rice
is expected to increase by 28% by 2050 [3,4]. Due to the rapid growth of urbanization, land
disruption, and environmental degradation, farmable land for rice cultivation is decreasing.
Therefore, improving the rice yield per unit area is the most effective way to meet the
growing global demand for rice [5,6].

Rice production in Greece amounts to approximately 180,000 to 255,000 tons [7]
and is renowned for its high quality. The cultivated area spans between 20,000 and
30,000 hectares [7]. Rice cultivation is predominantly concentrated in the prefectures
of Thessaloniki, constituting around 50% of the total production, and in Serres, contributing
approximately 16%. The remaining approximately 34% of the cultivated area is distributed
across six other prefectures [8]. The rice types are distributed as follows: around 30% Indica,
70% Japonica [9]. A noteworthy advantage of rice cultivation lies in its ability to utilize
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lands that would otherwise face significant salinity issues and become uncultivable in a
few years if not used for rice cultivation [10,11].

Grain yield and quality in crops are affected by a plethora of factors, such as vari-
etal differences, husbandry, and climatic conditions [12–15]. One of the most important
agronomic characteristics affecting grain yield is tillering [16–18]. The number of tillers
has been reported to have a positive association with plant biomass and the yields of
rice [19], oat [20], wheat, and barley [21]. However, excessive tillering in rice plants leads to
high tiller abortion, poor grain setting, small panicle size, and reduced grain yield [22,23].
Conversely, a low number of tillers can result in an insufficient number of panicles, leading
to lower yields [24].

Moreover, the pattern of panicle development is hierarchical; thus, the grain yield
of rice plants deteriorates with each successive tiller [25]. Late-emerging tillers do not
contribute significantly to the grain yield of rice [26], making the optimization of tillering
crucial for increasing rice yields [27].

Additionally, environmental stress significantly influences tiller formation and grain
development in rice. Temperature stress, particularly during critical growth stages, can
severely impact tillering patterns and grain filling. High temperatures (>35 ◦C) during veg-
etative growth can reduce tiller formation and survival, while elevated night temperatures
negatively affect grain filling and the final yield [28,29]. Conversely, low temperatures
(<20 ◦C) can inhibit tiller bud outgrowth and delay panicle development [30,31]. Water
stress, whether through drought or flooding, also plays a crucial role in tiller development.
Under drought conditions, rice plants typically reduce tiller production as a survival mech-
anism, while flooding can inhibit early tiller formation by limiting oxygen availability to
developing buds [32,33].

The regulation of tiller development is controlled by a complex network of hormonal,
genetic, and environmental factors [34]. Plant hormones play central roles in this process,
with cytokinins promoting tiller bud outgrowth while strigolactones and auxins generally
inhibit tillering [34]. The MONOCULM 1 (MOC1) gene, a positive key regulator of tiller-
ing, has been shown to control tiller bud formation and outgrowth [35]. Conversely, the
TEOSINTE BRANCHED 1 (TB1) gene functions as a negative regulator of lateral branch-
ing [36]. These genetic regulators respond to both environmental cues and internal signals
to modulate tiller development.

Nutrient availability, particularly nitrogen, serves as both an environmental factor and
a key regulator of tillering. High nitrogen availability promotes tiller formation through
enhanced cytokinin production and increased expression of tillering-related genes [37].
However, excessive nitrogen can lead to unproductive tillers, particularly when applied
late in the growing season [38].

Furthermore, recent studies have revealed that sugar signaling pathways play a crucial
role in coordinating tiller development and grain filling [34,39]. During the transition from
vegetative to reproductive growth, altered sugar allocation patterns influence both tiller
survival and the grain-filling capacity [40]. Environmental stress can disrupt these sugar
signaling pathways, leading to reduced tiller survival and poor grain filling, particularly in
late-forming tillers [41,42].

Before the Green Revolution, cereal plants reacted to nitrogen application with ex-
cessive tillering and leaf and stem elongation, leading to increased biomass and lodging.
During the Green Revolution, factors such as plant height, tiller number, the use of chemi-
cal fertilizers, disease-resistant cultivars, and agrochemicals contributed to increase yield
potential [43]. Yield improvements in rice and wheat were primarily derived from the
adoption of genes that made the plants shorter in stature, more responsive to nitrogen
fertilization, and resistant to lodging [44].
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The ideal cereal plant would be short, with fewer unproductive tillers, more grains, and
erect leaves [45,46]. As a result, tillering is a key feature that breeders aim to manipulate [47].
Productive tillers promote the creation of additional panicles and more grains, but excessive
and especially late tillering leads to unproductive tillers and an increase in biomass without
a corresponding increase in grains [48,49]. In rice, this ideotype is associated with specific
alleles of the wealthy farmer’s panicle (wfp)/ideal plant architecture1 (ipa1) locus, which
promotes early tillering but results in fewer overall tillers, leading to larger rice grains and
higher yields [50–52].

Since the Green Revolution of the 1960s, the average yield of rice has more than dou-
bled [43,53]. According to Rahman et al. (2023) [54], one-third of that increase in Bangladesh
can be attributed to genetic improvement and two-thirds to improved management or
favorable climate change. An important agronomic factor to study in relation to yield is
tillering ability. Various statistical tools have been proposed for the genotype x environment
(GxE) interpretation and study of crop stability, including the genotype plus genotype by
environment (GGE) biplot model [55,56]. This model measures the distance of a genotype
from the “ideal genotype”, which is a measure of its desirability [57].

Subsequently, the aim of this study was to investigate the effect of tillering on four
agronomic characteristics and the grain yield of rice plants under field conditions in nine
European commercial rice cultivars. More specifically, we intended to reveal whether
high-tillering-ability cultivars are advantageous for use in breeding programs.

2. Materials and Methods
2.1. Site Description and Climatic Data

The field experiments were carried out at the Kalochori experimental station of the
Institute of Plant Breeding and Genetic Resources (IPGRB) in Thessaloniki, Central Macedo-
nia, Greece (Latitude 40◦36′58.75′′ N, Longitude 22◦49′51.16′′ E) for two growing seasons, in
2021 and 2022. Prior to experimentation, soil analyses were performed by collecting six soil
samples from each plot. The results showed relatively uniform soil comprising 22% clay,
50% silt, 28% sand, 2.84% organic matter, 1.3 dS m−1, and a pH of 7.5. Furthermore, the
nutrient content was also relatively uniform, comprising 22 ppm N-NO3, 16 ppm available
P, 241 ppm available K, 1720 ppm available Ca, 93.6 ppm available Fe, 0.98 ppm available
Zn, 15.13 ppm available Mn, 9.87 ppm available Cu, and 0.69 ppm available B. All the
analyses regarding soil nutrients were performed according to methodologies described by
Carter and Gregorich (2007) [58].

Throughout the duration of both growing seasons, continuous measurements of
temperature and relative humidity were taken within the test plots. These measurements
were captured using a HOBO Micro Station (Onset Computer Corporation, Bourne, MA,
USA). In 2021, the average monthly temperature ranged from a low of 15 ◦C in October to
a high of 28 ◦C in July and August (Figure 1). The year 2022 showed a similar trend, with
the lowest average temperature being 17 ◦C in October and the highest being 27 ◦C in July
and August. For the year 2021, the lowest average monthly relative humidity was in July
at 58% and highest in October at 71% (Figure 1). In 2022, mean relative humidity ranged
from 54% in July to 67% in October (Figure 1).
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Figure 1. Monthly temperature and relative humidity during the rice-growing seasons in 2021 and 
2022 at the experimental site. Bars represent minimum (light blue), maximum (black), and average 
(grey) temperature, while lines represent minimum (light blue), maximum (black), and average 
(grey) relative humidity. 

2.2. Plant Material 

Nine rice cultivars of the Indica and Japonica types were used for both experimental 
years (Table 1). Three cultivars (Dion, Olympiada, and Alexandros) were obtained from 
the Institute of Plant Breeding and Genetic Resources (IPBGR), in Thessaloniki, Greece. 
Two (Mare and Luna) are Clearfield® cultivars [59]. The remaining four (Gloria, Galileo, 
Ronaldo, and Samba) are widely cultivated in the local area and other European rice-pro-
ducing countries. Apart from the Greek cultivars provided by IPBGR, all others were pro-
cured from certified commercial seed production companies and local retailers. 

Table 1. Name, type, growth cycle, and grain classification * of the cultivars used during experi-
mentation. 

Cultivar Type of Cultivar Growth Cycle EU Grain Classifica-
tion 

Alexandros Indica Medium–Long Long B 
Dion Japonica Medium Medium 
Galileo Japonica Long Long A 
Gloria Japonica Medium  Long A 
Luna Japonica Long Long A 
Mare Indica Medium–Long Long B 
Olympiada Indica Medium–Long Long B 
Ronaldo Japonica Long Medium 
Samba Japonica Medium Long A 
* In the EU, brown rice grains are classified into four categories depending on their length and 
length/width ratio [60]. 

2.3. Field Setup and Cultural Practice 

The research was carried out in a field comprising nine experimental plots, each 
spanning 0.2 hectares and measuring 12 m by 167 m (Figure 2). 

Figure 1. Monthly temperature and relative humidity during the rice-growing seasons in 2021 and
2022 at the experimental site. Bars represent minimum (light blue), maximum (black), and average
(grey) temperature, while lines represent minimum (light blue), maximum (black), and average (grey)
relative humidity.

2.2. Plant Material

Nine rice cultivars of the Indica and Japonica types were used for both experimental
years (Table 1). Three cultivars (Dion, Olympiada, and Alexandros) were obtained from
the Institute of Plant Breeding and Genetic Resources (IPBGR), in Thessaloniki, Greece.
Two (Mare and Luna) are Clearfield® cultivars [59]. The remaining four (Gloria, Galileo,
Ronaldo, and Samba) are widely cultivated in the local area and other European rice-
producing countries. Apart from the Greek cultivars provided by IPBGR, all others were
procured from certified commercial seed production companies and local retailers.

Table 1. Name, type, growth cycle, and grain classification * of the cultivars used during experimentation.

Cultivar Type of Cultivar Growth Cycle EU Grain Classification

Alexandros Indica Medium–Long Long B
Dion Japonica Medium Medium
Galileo Japonica Long Long A
Gloria Japonica Medium Long A
Luna Japonica Long Long A
Mare Indica Medium–Long Long B
Olympiada Indica Medium–Long Long B
Ronaldo Japonica Long Medium
Samba Japonica Medium Long A

* In the EU, brown rice grains are classified into four categories depending on their length and length/width
ratio [60].

2.3. Field Setup and Cultural Practice

The research was carried out in a field comprising nine experimental plots, each
spanning 0.2 hectares and measuring 12 m by 167 m (Figure 2).
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Figure 2. Methodology used to take five samples of 1 m2 from each experimental plot. The samples 
were collected in an “X” pattern. 

The experimental design was a split-plot with cultivar as the main factor and tillering 
as the sub-factor. Regarding soil preparation prior to sowing, local cultivation practices 
were applied [61–63]. The fertilization strategy involved a three-stage application of 160 
kg ha −1 nitrogen (N) units: 40% was incorporated as basal fertilization prior to flooding 
the fields, another 40% was applied at the tillering stage, and the remaining 20% was ad-
ministered at the panicle initiation stage. The fertilizer used for basal fertilization was a 
32-5-5, comprising 96.41% N-NH2 and 3.59% NH4, while also containing 5% P2O5 and 5% 
K2O. The fertilizer used for the surface fertilization was 35-0-0, comprising 73.6% N-NH2 
and 26.4% NH4. The sowing was conducted on 20 May 2021 and 25 May 2022. The seeding 
densities were 220 kg ha−1 for Japonica types and 200 kg ha−1 for Indica types, following a 
48 h flooding period. 

One month after sowing, the plots underwent herbicidal treatment. Profoxydim was 
applied to all plots except those sown with Clearfield® cultivars, which were treated with 
Quinclorac and Imazamox. Additionally, algal growth was managed through the appli-
cation of copper sulfate during the first 30 days post-sowing. No pesticides were required. 

2.4. Sample Collection and Processing 

During the maturity phase, the samples were obtained by uprooting a total area of 5 
m2 from each experimental plot, with each sampling point contributing 1 m2 (5 biological 
replications of 1 m2 each). To ensure a uniform and representative sampling across the 
nine experimental plots, an “X” pattern (Figure 2) sampling scheme was utilized. The 
methodology of using an “X” pattern aligns with proven approaches for capturing spatial 
variability and reducing sampling biases in experimental plots. This technique ensures a 
comprehensive spatial coverage, a critical factor in achieving representational accuracy 
[64,65]. 

The initial two samples were obtained from areas located 41.75 m in length and 3 m 
and 9 m in width. The last two samples were collected from areas located 125.25 m in 
length and 3 m and 9 m in width. The final 1 m2 sample was collected from the middle of 

Figure 2. Methodology used to take five samples of 1 m2 from each experimental plot. The samples
were collected in an “X” pattern.

The experimental design was a split-plot with cultivar as the main factor and tillering
as the sub-factor. Regarding soil preparation prior to sowing, local cultivation practices
were applied [61–63]. The fertilization strategy involved a three-stage application of
160 kg ha −1 nitrogen (N) units: 40% was incorporated as basal fertilization prior to flooding
the fields, another 40% was applied at the tillering stage, and the remaining 20% was
administered at the panicle initiation stage. The fertilizer used for basal fertilization was
a 32-5-5, comprising 96.41% N-NH2 and 3.59% NH4, while also containing 5% P2O5 and
5% K2O. The fertilizer used for the surface fertilization was 35-0-0, comprising 73.6%
N-NH2 and 26.4% NH4. The sowing was conducted on 20 May 2021 and 25 May 2022.
The seeding densities were 220 kg ha−1 for Japonica types and 200 kg ha−1 for Indica types,
following a 48 h flooding period.

One month after sowing, the plots underwent herbicidal treatment. Profoxydim was
applied to all plots except those sown with Clearfield® cultivars, which were treated with
Quinclorac and Imazamox. Additionally, algal growth was managed through the applica-
tion of copper sulfate during the first 30 days post-sowing. No pesticides were required.

2.4. Sample Collection and Processing

During the maturity phase, the samples were obtained by uprooting a total area of
5 m2 from each experimental plot, with each sampling point contributing 1 m2 (5 biolog-
ical replications of 1 m2 each). To ensure a uniform and representative sampling across
the nine experimental plots, an “X” pattern (Figure 2) sampling scheme was utilized.
The methodology of using an “X” pattern aligns with proven approaches for capturing
spatial variability and reducing sampling biases in experimental plots. This technique
ensures a comprehensive spatial coverage, a critical factor in achieving representational
accuracy [64,65].

The initial two samples were obtained from areas located 41.75 m in length and
3 m and 9 m in width. The last two samples were collected from areas located 125.25 m
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in length and 3 m and 9 m in width. The final 1 m2 sample was collected from the
middle of the paddy, specifically at 83.5 m in length and 6 m in width (Figure 2). Upon
collection, the samples were immediately transported to a designated storage facility. The
root systems were washed with tap water to remove soil and any extraneous material.
Subsequently, the samples were air-dried under ambient conditions for a period of 48 h
prior to further laboratory analysis. After drying, the plant samples were segregated into
distinct panicles based on their corresponding tillering level (Figure 3). Harvesting of
the panicles was performed using an electric panicle harvester. To conclude the sample
preparation, all vegetative samples (post-harvest) were subjected to a drying process in an
air oven (Nabertherm LH 60/14, Nabertherm, Lilienthal, Germany) at a temperature of
70 ◦C for an additional 48 h.
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Figure 3. Pictorial representation of a rice plant with five levels of tillering. Main (Mn) represents
the main stem, Primary (T1) the primary tiller, Secondary (T2) the secondary tiller, Tertiary (T3) the
tertiary tiller, and Quaternary (T4) the quaternary tiller.

2.5. Yield Metrics’ Assessment

After the harvest, key yield metrics including grain yield, harvest index, and
1000-grain weight were quantitatively assessed.
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Post-drying, the roots of the tillers were removed to isolate the above-ground biomass.
Each level of tillering was then weighed and counted to determine the number of stems
per m2 and the total dry matter.

2.5.1. Assessment of Grain Yield

Each stem from the 5 m−2 of the nine cultivars was detached by hand and allocated
to its corresponding tillering level. Further, each tillering level, from each cultivar, was
harvested separately. The yield was measured in tons per hectare (t ha−1). The moisture
content for each net plot’s grain yield was ascertained using a moisture meter (Kett PM 650,
Tokyo, Japan). The final grain yield was then standardized to a 14% moisture level using
the appropriate formula [66]:

Grain yield (t ha−1) at 14% moisture = (100 − MC) × Y × 1000 (m2)/((100 − 14) × A)

where MC = moisture content of grain (%).

Y = net yield of the plot (t).
A = net area of the plot (m2).
(100 − MC)/(100 − 14) = conversion factor for grain yield at 14% moisture content.
(1000)/A = conversion factor for actual harvested area on a hectare basis.

2.5.2. Assessment of Harvest Index (HI)

The harvest index (HI) was estimated as the ratio of economic yield to biological yield
following Yoshida [67]. This metric was considered for the various tillering levels as well
as for all cultivars. HI was calculated using the following formula:

HI = economic yield (grain weight)/biological yield (grain + straw weights)

2.5.3. Assessment of 1000-Grain Weight (1000GW)

The 1000GW was determined as the average weight of 1000 fully filled grains sampled
from each sampling spot at crop maturity [67]. The grains were separated according to
tiller level—main stems (Mn), primary (T1), secondary (T2), tertiary (T3), and quaternary
(T4) tillers. Three technical replicates of 1000 filled grains were counted and weighed for
each tiller level. The 1000GW provides an estimate of the average grain size and density
for each tiller group and cultivar.

2.5.4. Assessment of the Number of Stems (NOS)

To evaluate the tillering ability across the nine rice cultivars, the NOS was quantified
as described by Yoshida [67]. The stems from each m−2 were categorized into five tillering
levels: Mn, T1, T2, T3, and T4. The NOS was measured during the maturity stage.

2.5.5. Determination of Total Dry Matter (TDM)

The TDM was determined by summing the dry weights of all the vegetative compo-
nents of the plant (separated into cultivars and tillers). After harvesting the plant material,
it was subjected to air-oven drying at a temperature of 70 ◦C. The drying process continued
until a constant weight was achieved, indicating that all moisture had been removed. The
material was then weighed to obtain its dry weight [67].

2.6. Statistical Analyses and (GGE) Biplot Analysis

ANOVA was carried out using MSTAT-C ver. 1.41 (Michigan State University, East
Lansing, MI, USA), while the correlation analysis was performed by employing the SPSS
ver. 21.0 (IBM Corp., Armonk, NY, USA) statistical package. All data were objected to a
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combined over-year ANOVA, with cultivar as the main factor (Factor A) and tillering as
the sub-factor (Factor B). Tukey’s Honestly Significant Difference test (HSD) was used to
determine significant differences among the 9 cultivars and 5 levels of tillering, at p < 0.05.
The combined analysis of data was justified following Bartlett’s test for homogeneity of
variances, which indicated that data were not heterogeneous.

To determine the mean performance in combination with the stability across environ-
ments, a genotype × genotype × environment (GGE) biplot analysis [55,56] was performed,
with normalized data using Genstat (13) [68]. This model measures the distance of each
genotype from the ‘ideal genotype’, i.e., the virtual genotype that has the best combination
of mean performance and stability.

3. Results
3.1. Total Dry Matter as Influenced by Cultivar, Tillering, and Their Interaction

Analysis of TDM revealed substantial variation among the nine rice cultivars studied
(Figure 4a). Mare demonstrated the highest TDM production (3.44 t ha−1), significantly out-
performing Alexandros and Dion, which recorded the lowest TDM (2.06 and 1.98 t ha−1,
respectively). Ronaldo and Olympiada exhibited strong TDM accumulation (2.98 and
2.75 t ha−1, respectively), while Gloria, Samba, Luna, and Galileo fell within an interme-
diate range (2.52–2.62 t ha−1) (Figure 4a). These inter-cultivar differences underscore the
influence of genetic background on biomass production potential.
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Figure 4. (a): Total dry matter (t ha−1) of the nine rice cultivars. (b): Total dry matter (t ha−1) across
different tillering levels (Main, Primary, Secondary, Tertiary, Quaternary). The figures illustrate the
variations in means of the total dry matter yield with significant differences indicated by distinct
letters (p < 0.05).

When examining the contributions of different tillering levels, Mn was the dominant
source of TDM (7.95 t ha−1), significantly exceeding all other tillering levels (Figure 4b).
T1 tillers contributed a considerably smaller amount (3.20 t ha−1), with further reductions
observed in T2 (1.26 t ha−1), T3 (0.42 t ha−1), and T4 (0.15 t ha−1) (Figure 4b). This
declining trend reflects the prioritization of resource allocation to Mn and the diminishing
contribution of later-developing tillers to overall biomass.

The interaction between cultivar and tillering level significantly impacted TDM accu-
mulation, indicating that tillering patterns are cultivar-specific (Table 2). While all cultivars
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exhibited the highest TDM production in Mn, the relative contribution of subsequent
tillering levels varied considerably (Table 2). Mare, for example, maintained relatively
high TDM production in T1 tillers compared to other cultivars, suggesting a more efficient
contribution from primary branches. In contrast, cultivars like Alexandros, Dion, Galileo,
and Gloria displayed a steeper decline in TDM contribution from T1 to T4 (Table 2). This
differential response highlights the complex interplay between genetic predisposition and
developmental processes in determining final biomass yield.

Table 2. Mean total dry matter yield (t ha−1) across tillering levels for nine rice cultivars over
two growing seasons (2021–2022).

Tillering
Level

Cultivars

Alexandros Dion Galileo Gloria Luna Mare Olympiada Ronaldo Samba

Mn 6.86 g 7.32 f 7.06 g 6.86 g 8.63 c 9.16 b 7.98 e 9.45 a 8.25 d
T1 2.44 mn 1.76 o 3.42 jk 3.29 k 2.61 m 4.88 h 3.59 j 3.85 i 2.98 l
T2 0.69 rs 0.49 st 1.62 op 1.52 p 0.74 r 2.33 n 1.57 op 1.28 q 1.07 q
T3 0.24 u 0.17 u 0.71 rs 0.74 r 0.26 u 0.67 rs 0.51 st 0.27 u 0.24 u
T4 0.06 u 0.15 u 0.31 tu 0.18 u 0.09 u 0.18 tu 0.11 u 0.07 u 0.21 u

LSD 1 0.20
1 LSD for the “Cultivar × Tillering” interaction. Means not sharing the same letter differ significantly at p < 0.05.

Therefore, optimizing TDM production requires a comprehensive approach that con-
siders both cultivar selection and management practices influencing tillering dynamics.
Choosing cultivars with inherently high TDM potential and the ability to maintain contri-
butions from T1 and potentially T2 can be a crucial strategy for maximizing overall biomass
yield. Additionally, optimizing agronomic practices to favor Mn development and resource
allocation can further enhance TDM production.

3.2. Harvest Index (HI) as Influenced by Cultivar, Tillering, and Their Interaction

Analysis of the HI revealed significant genotypic variation among the nine rice culti-
vars (Figure 5a). Galileo exhibited the highest overall HI (0.54), significantly outperforming
Dion (0.39), which recorded the lowest (Figure 5a). Samba and Olympiada also demon-
strated high HIs (0.50 and 0.51, respectively), indicating efficient partitioning of biomass to
grain. Alexandros and Gloria displayed intermediate HIs (0.46), while Luna, Mare, and
Ronaldo fell within a lower range (0.41–0.42) (Figure 5a). These differences highlight the
genetic influence on resource allocation strategies for grain filling.

When considering the tillering level, we found that Mn consistently exhibited the
highest HI (0.51), followed by a gradual decrease with subsequent tillering levels: T1 (0.50),
T2 (0.48), T3 (0.42), and T4 (0.37) (Figure 5b). This pattern suggests that Mn prioritizes
grain filling more effectively than later-developing tillers, likely due to preferential resource
allocation and a longer grain-filling duration.

The interaction between cultivar and tillering level significantly impacted the HI,
further emphasizing the complex relationship between genotype and developmental stage.
Although Mn generally had the highest HI across all cultivars, the magnitude of decline
with subsequent tillering levels varied considerably (Table 3). Galileo, for example, main-
tained a relatively high HI even in T2 (0.53), indicating consistent resource allocation to
grain across different tillering levels. Conversely, Dion showed a pronounced drop in HI
from Mn (0.50) to T3 (0.26), suggesting less efficient grain filling in later-developing tillers
(Table 3).
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Table 3. Mean harvest index across tillering levels for nine rice cultivars over two growing seasons
(2021–2022).

Tillering
Level

Cultivars

Alexandros Dion Galileo Gloria Luna Mare Olympiada Ronaldo Samba

Mn 0.51 f 0.50 f 0.55 bc 0.51 f 0.49 ghi 0.46 lm 0.56 ab 0.50 fg 0.54 de
T1 0.49 ghi 0.48 jk 0.56 a 0.49 ghi 0.48 jk 0.43 p 0.56 ab 0.47 l 0.55 bc
T2 0.45 no 0.46 lm 0.54 de 0.48 jk 0.45 no 0.41 q 0.54 de 0.45 no 0.54 de
T3 0.39 s 0.26 v 0.55 bc 0.47 l 0.40 qr 0.39 s 0.49 ghi 0.40 qr 0.43 p
T4 0.46 lm 0.24 w 0.49 ghi 0.37 t 0.25 v 0.37 t 0.41 q 0.30 u 0.44 op

LSD 1 0.36
1 LSD for the “Cultivar × Tillering” interaction. Means not sharing the same letter differ significantly at p < 0.05.

These findings underscore the importance of considering both cultivar selection and
tillering patterns when aiming to maximize the harvest index. Cultivars with an inherently
high HI and the ability to maintain a relatively high HI in T1 and T2 could offer significant
advantages for achieving optimal grain production.

3.3. 1000-Grain Weight (1000GW) as Influenced by Cultivar, Tillering, and Their Interaction

Significant variations in 1000GW were observed among the nine rice cultivars
(Figure 6a). Galileo exhibited the highest 1000GW (40.08 g), considerably heavier than
Mare and Olympiada, which recorded the lowest values (22.9 g and 22.33 g, respectively)
(Figure 6a). Samba demonstrated a high 1000GW (38 g), followed by Gloria (36.47 g), Luna
(28.66 g), Ronaldo (27.42 g), Alexandros (25.39 g), and Dion (26.52 g) (Figure 6a). This range
highlights the substantial genetic influence on grain size.

When analyzing the effect of tillering level, we found that Mn produced the heaviest
grains (31.53 g), closely followed by T1 (31.03 g) (Figure 6b). A slight, but statistically
significant, reduction was observed in T2 (30.72 g), with more pronounced decreases in T3
(28.9 g) and T4 (26.59 g) (Figure 6b). This pattern suggests that while Mn and T1 maintain
similar grain sizes, resource availability or other physiological factors may limit grain filling
in later-developing tillers.
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Figure 6. (a): 1000-grain weights (g) of nine rice cultivars across two growing seasons. (b): 1000-grain
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letters (p < 0.05).

The interaction between cultivar and tillering level significantly impacted 1000GW,
demonstrating the combined influence of genetics and developmental stage (Table 4).
While the general trend of decreasing grain weight with later tillering levels held true
for most cultivars, the magnitude of this decrease varied. Galileo consistently produced
large grains across all tillering levels, with only a minor reduction from Mn (41.65 g) to
T4 (38.52 g) (Table 4). This suggests a strong genetic control over grain size in Galileo,
relatively independent of tillering level. Conversely, Luna displayed a more pronounced
decline, from 30.85 g in Mn to 25.81 g in T4, indicating greater sensitivity of the grain size
to the tillering level in this cultivar (Table 4).

Table 4. 1000-grain weight across tillering levels for nine rice cultivars over two growing seasons
(2021–2022).

Tillering
Level

Cultivars

Alexandros Dion Galileo Gloria Luna Mare Olympiada Ronaldo Samba

Mn 27.53 l 27.45 l 41.65 a 38.90 cde 30.85 i 23.43 rst 23.25 rst 30.78 i 39.91 bc
T1 27.52 l 28.59 k 40.85 ab 37.10 fg 30.08 ij 24.15 pqr 22.82 stu 29.75 j 38.41 de
T2 26.65 lmn 27.55 l 41.45 a 36.44 g 29.42 jk 23.35 rst 22.52 tu 29.70 j 39.38 cd
T3 24.57 pq 26.15 mn 37.90 ef 35.11 h 27.16 lm 23.58 qrs 22.69 stu 24.89 op 38.02 ef
T4 20.68 v 22.87 stu 38.52 de 34.83 h 25.81 no 19.97 v 20.35 v 21.96 u 34.30 h

LSD 1 1.03
1 LSD for the “Cultivar × Tillering” interaction. Means not sharing the same letter differ significantly at p < 0.05.

These findings demonstrate the importance of considering both cultivar selection and
tillering patterns to maximize grain weight. Selecting cultivars with an inherently high
1000GW and the ability to maintain the grain size across different tillering levels could be a
crucial strategy for maximizing yield potential.

3.4. Number of Stems (NOS) as Influenced by Cultivar, Tillering, and Their Interaction

Significant variation in the NOS was observed among the nine rice cultivars (Figure 7a).
Mare and Ronaldo exhibited the highest stem densities (144 and 140 m−2, respectively),
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significantly exceeding Dion and Samba, which recorded the lowest NOS (83 and 59 m−2,
respectively) (Figure 7a). Alexandros, Olympiada, Gloria, and Luna displayed intermediate
stem densities, ranging from 76 to 127 m−2 (Figure 7a). These results indicate that tillering
capacity, a key determinant of the NOS, is significantly influenced by cultivar genetics.
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When analyzing the effect of the tillering level, we found that the number of Mn
(255 m−2) was substantially higher than all other tillering categories (Figure 7b). T1 com-
prised a smaller proportion (143 m−2), followed by further decline in T2 (66 m−2),
T3 (31 m−2), and T4 (14 m−2) (Figure 7b). This decreasing trend confirms the predominant
contribution of Mn to the overall stem density.

The interaction between the cultivar and tillering level also significantly affected the
NOS. While Mn was the most numerous across all cultivars, the proportion of subsequent
tillers varied considerably (Table 5). For instance, Mare exhibited a relatively high number
of T1 (129 m−2) compared to other cultivars, indicating a greater propensity for T1 forma-
tion in this cultivar. Conversely, Samba displayed notably low numbers across all tillering
levels, particularly in T2 and subsequent tillers, suggesting a restricted tillering capacity
(Table 5). These findings highlight the cultivar-specific nature of tillering patterns. Selecting
cultivars with appropriate tillering characteristics for specific environments and manage-
ment practices is crucial for optimizing plant density and maximizing yield potential.

Table 5. Number of stems (m−2) according to cultivar and tiller combined for the two years of
experimentation (2021/2022).

Tillering
Level

Cultivars

Alexandros Dion Galileo Gloria Luna Mare Olympiada Ronaldo Samba

Mn 312.0 c 220.0 f 145.0 k 206.0 g 243.0 e 322.0 b 302.0 d 394.0 a 149.0 k
T1 74.0 i 123.0 l 96.0 m 160.0 j 89.0 mno 206.0 g 172.0 i 185.0 h 85.0 mno
T2 62.0 p 51.0 qr 52.0 qr 83.0 o 28.0 vw 129.0 l 92.0 mn 58.0 pq 38.0 tu
T3 35.0 uv 15.0 yz 23.0 wx 50.0 rs 11.0 z 43.0 stu 46.0 rst 43.0 stu 12.0 z
T4 11.0 z 6.0 z 11.0 z 16.0 xyz 9.0 z 18.0 xyz 21.0 wxy 22.0 wxy 11.0 z

LSD 1 8.6
1 LSD for the “Cultivar × Tillering” interaction. Means not sharing the same letter differ significantly at p < 0.05.
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3.5. Grain Yield (Yield) as Influenced by Cultivar, Tillering, and Their Interaction

Significant variations in yield were observed among the nine rice cultivars (Figure 8a).
Mare and Olympiada achieved the highest yields (1.52 t ha−1 each), significantly outper-
forming Alexandros and Dion, which recorded the lowest yields (1.02 and 0.97 t ha−1,
respectively) (Figure 8a). Galileo and Ronaldo also demonstrated high yields (1.43 and
1.44 t ha−1, respectively), while Samba, Gloria, and Luna fell within an intermediate range
(1.37–1.24 t ha−1) (Figure 8a). These results highlight the substantial influence of cultivar
genetics on yield potential.
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When analyzing the contributions of different tillering levels, we found that Mn was
the predominant source of grain yield (4.05 t ha−1), exceeding all other tillering levels
(Figure 8b). T1 contributed a considerably smaller amount (1.59 t ha−1), with further
reductions in T2 (0.6 t ha−1), T3 (0.19 t ha−1), and T4 (0.06 t ha−1) (Figure 8b). This decline
emphasizes the critical role of Mn in determining the overall yield and the diminishing
contribution of later-developing tillers.

The interaction between cultivar and tillering level significantly affected grain yield,
indicating cultivar-specific tillering patterns and their influence on productivity (Table 6).
While Mn consistently provided the highest yield across all cultivars, the relative contribu-
tions of subsequent tillers varied. Mare, for example, maintained a relatively high yield
contribution from T1 (2.12 t ha−1) compared to other cultivars, suggesting a more effective
contribution of primary branches to overall yield. In contrast, cultivars like Alexandros
and Dion showed a steeper drop in yield contribution from T1 to T4, indicating a greater
reliance on Mn production (Table 6). This differential response highlights the complex
interplay between genetic background, developmental processes, and resource allocation
in determining the final grain yield.

Therefore, maximizing rice yield necessitates a comprehensive approach consider-
ing both cultivar selection and management strategies that influence tillering dynamics.
Choosing cultivars with high yield potential and the ability to maintain contributions from
T1, and potentially T2, tillers is crucial. Furthermore, optimizing agronomic practices to
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promote robust Mn development and efficient resource allocation can further enhance
grain yield.

Table 6. Yield (t ha−1) across tillering levels for nine rice cultivars over two growing seasons
(2021–2022).

Tillering
Level

Cultivars

Alexandros Dion Galileo Gloria Luna Mare Olympiada Ronaldo Samba

Mn 3.46 f 3.68 e 3.87 d 3.44 f 4.23 c 4.19 c 4.46 b 4.71 a 4.44 b
T1 1.19 k 0.84 mn 1.90 h 1.62 j 1.24 k 2.12 g 1.99 h 1.79 i 1.63 j
T2 0.31 pqr 0.23 rs 0.86 lm 0.73 n 0.34 pq 0.95 l 0.85 lm 0.57 o 0.58 o
T3 0.09 tu 0.04 tu 0.39 p 0.35 pq 0.11 tu 0.26 qr 0.25 qrs 0.11 tu 0.10 tu
T4 0.03 u 0.04 u 0.15 st 0.07 tu 0.02 u 0.07 tu 0.05 tu 0.02 u 0.09 tu

LSD 1 0.11
1 LSD for the “Cultivar × Tillering” interaction. Means not sharing the same letter differ significantly at p < 0.05.

3.6. Correlation Analysis of Tillering and Agronomic Traits

The correlation analysis illuminates the strong positive association between the tiller-
ing and both yield and TDM production in rice (Figure 9a,b). This relationship is highly
significant (p < 0.000), as evidenced by correlation coefficients (ρ) of 0.881 for yield and
0.899 for TDM (Figure 9a,b). These high correlation values indicate a clear trend: a greater
number of tillers generally corresponds to increased yield and enhanced biomass accumu-
lation. This positive correlation aligns with the physiological understanding that tillers
contribute significantly to the overall photosynthetic capacity of the rice plant. With more
tillers, the plant can capture more light energy, leading to increased carbohydrate pro-
duction through photosynthesis. This surplus in carbohydrates fuels greater biomass
accumulation and ultimately contributes to higher grain yields.

In contrast, the relationship between tillering and the harvest index (HI) is more subtle
(Figure 9c). While a positive correlation is observed (ρ = 0.444, p < 0.000), its strength
is considerably weaker compared to the correlations with yield and TDM (Figure 9a,b).
This disparity suggests that although increasing the number of tillers can boost yield, it
does not automatically guarantee a proportionally higher HI. The HI, defined as the ratio
of grain yield to total plant biomass, reflects the efficiency of the plant in partitioning its
resources towards grain production. The weaker correlation between tiller number and the
HI indicates that factors beyond tillering, such as environmental conditions and varietal
characteristics, play a significant role in determining the balance between vegetative growth
and reproductive output. For instance, under stressful conditions like nutrient deficiency
or water stress, the plant might prioritize survival and allocate more resources to vegetative
growth, even at the expense of HI. Similarly, certain rice cultivars might inherently favor
vegetative growth over grain filling, leading to a lower HI despite having a higher number
of tillers.

In contrast, a weak negative correlation was observed between tiller number and
1000GW (ρ = − 0.013, p = 0.843) (Figure 9d). This correlation, however, was not statistically
significant, indicating a lack of a strong direct relationship between tillering and individual
grain weight. This observation implies that the resources allocated to producing and
maintaining tillers might not significantly compete with the resources required for grain
filling. Other factors, such as genetic predisposition, nutrient availability during grain
filling, and environmental conditions, appear to have a greater influence on grain size.
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Figure 9. Correlations between (a) number of stems (NOS) and yield, (b) NOS and total dry matter
(TDM), (c) NOS and harvest index (HI), and (d) NOS and 1000-grain weight (1000GW). (e) Linear
regressions of NOS on yield, (f) NOS on TDM, (g) NOS on HI, and (h) NOS on 1000GW. The red line
represents the simple linear regression of the predicted versus observed data.
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3.7. Regression Analysis: Quantifying the Impact of Tillering on Yield

The regression analysis translated the observed correlations into quantitative relation-
ships, allowing for a more precise estimation of the impact of tillering on yield. The regres-
sion equation linking NOS and yield (number of tillers = 26.98 + 57.59 yield) (Figure 9e)
indicated that for every unit increase in yield, there was a corresponding increase of ap-
proximately 57.59 tillers (Figure 9e). This positive slope quantified the contribution of each
additional tiller to the overall yield, suggesting that increasing the tiller number is an
effective strategy for enhancing rice productivity.

The regression equation for TDM and NOS (number of tillers = 23.74 + 30.03 TDM)
revealed a similar trend (Figure 9f), with each unit increase in TDM associated with an
increase of 30.03 tillers. This further substantiated the strong link between tillering and
biomass accumulation, indicating that tillers contribute significantly to the overall plant
size and TDM production.

The regression analysis for HI (number of tillers = − 144.6 + 540.3 HI) (Figure 9g)
showed a much smaller slope compared to yield and TDM (Figure 9e,f), consistent with
the weaker correlation observed between tillering and the HI (Figure 9c). This further
emphasizes the complex interplay of factors influencing the HI, with tillering being just one
piece of the puzzle. While tillering contributes to the yield, its impact on the proportion
of biomass partitioned to grain is less pronounced and can be influenced by other genetic,
environmental, and management practices.

The regression analysis for 1000GW (Number of tillers = 107.6 − 0.1960 1000GW)
(Figure 9h) indicated that for every increase in 1000GW, there was a corresponding decrease
in 1000GW. This decrease in 1000GW signified that as the number of tillers increases, the
weight of the grains decreases. This suggests that earlier tillers have much heavier grains,
while late-appearing tillers have much lighter grains.

3.8. General Linear Model: Deciphering the Influence of the Tiller Type and Cultivar

The general linear model analysis highlighted the importance of considering both
developmental and genetic factors when evaluating the impact of tillering on rice per-
formance. The model revealed that both the tiller type (Mn, T2, T3, T4, T5) and cultivar
have a significant effect on the tiller number. Mn exhibited the largest number of stems
when compared to other tiller types, affirming its crucial role in rice development and yield
determination. This aligns with the observation that Mn typically emerges earlier and has
a competitive advantage in accessing resources.

The significant cultivar effect underscores the genetic control of tillering capacity.
Different rice cultivars possess inherent variations in their tillering potential, which can be
exploited through breeding programs to develop cultivars with optimal tillering character-
istics for specific environments and management practices.

3.9. Integrating the Results: A Holistic Perspective on Tillering in Rice

These combined analyses provide a comprehensive understanding of the complex
interactions between tillering and key agronomic traits in rice. The key takeaways are
the following:

Tillering and Yield: A strong positive correlation and regression relationship indicate
that increasing the tiller number generally leads to a higher yield and TDM production.

Tillering and Harvest Index: A weaker positive correlation suggests that while tillering
contributes to the yield, its influence on the HI is less direct and can be modified by
other factors.

Tillering and Grain Weight: The lack of a significant correlation indicates that tillering
has minimal direct impact on individual grain weight.
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Genetic and Developmental Control: The general linear model reveals the significant
influence of both the tiller type and cultivar on the tillering capacity.

These findings have practical implications for rice improvement. Breeding strategies
can focus on the following:

• Optimizing Tiller Number: While maximizing the tiller number is generally beneficial
for the yield, breeders need to consider the trade-offs with the HI and potential
lodging issues.

• Enhancing Tiller Productivity: Improving the individual productivity of tillers, partic-
ularly later-emerging tillers, can further enhance yield potential.

• Cultivar Selection: Choosing cultivars with optimal tillering characteristics for specific
environments and management practices is crucial for maximizing the yield.

• Resource Management: Optimizing resource management, such as nitrogen fertiliza-
tion and water availability, can influence tiller production and resource allocation patterns.

3.10. Multivariate Analysis of Tillering Levels Across the Nine Cultivars
3.10.1. Principal Component Analysis (PCA)

The PCA biplot elucidates the complex relationships between rice cultivars and their
tiller-level yields, offering crucial insights into the complex interplay of tillering ability
and yield components (Figure 10). The vectors representing yield components (Yield_Mn,
Yield_T1, Yield_T2, Yield_T3, Yield_T4) indicate the direction and strength of the correlation
between each tiller level’s yield and the principal components (Figure 10). A prominent ob-
servation is the clustering of Mn for all cultivars in the upper-right quadrant, characterized
by high positive loadings on both principal components (Figure 10). This signifies their
significant contribution to overall yield and aligns with established research highlighting
the dominance of Mn in rice productivity [64]. The vectors for Yield_Mn point strongly
towards this cluster, further emphasizing the positive correlation between Mn yield and
overall performance (Figure 10).

T1 generally clusters near the origin, indicating a moderate contribution to the yield
compared to Mn. The Yield_T1 vector points towards the positive side of PC1, suggesting
a positive, albeit weaker, correlation with overall yield (Figure 10). T2 exhibits a more
dispersed distribution, with some cultivars like Mare and Olympiada positioned closer to
the Mn cluster, implying relatively higher yields from their T2, while others like Alexandros
and Dion fall further away, indicating lower T2 yields (Figure 10). The Yield_T2 vector
generally points towards the positive side of PC1 but with a smaller magnitude than
Yield_Mn and Yield_T1, reflecting the diminishing contribution of T2 to overall yield
(Figure 10).

Tertiary and quaternary tillers are primarily located on the negative side of PC1,
indicating their low contribution to overall yield. The vectors for Yield_T3 and Yield_T4 are
relatively short and point towards the negative side of PC1, confirming their negative or
negligible impact on overall yield (Figure 10). The biplot reveals that cultivars like Ronaldo,
Mare, and Olympiada, while exhibiting high Mn yields, show a pronounced decline in
yield with increasing tiller order. This suggests a strategy of prioritizing resource allocation
to Mn, potentially at the expense of later tillers (Figure 10). In contrast, cultivars like Galileo,
Samba, and Gloria, though having moderate Mn yields, exhibit a less dramatic decline in
yield across tillers, implying a more balanced resource allocation. Finally, cultivars like
Alexandros, Dion, and Luna demonstrate lower yields across all tillering levels, indicating
limitations in their overall yield potential (Figure 10).
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Based on the PCA biplot and considering the importance of tillering for yield, we can
categorize the rice cultivars into three distinct clusters:

1. Cluster 1: Mn Dominant: This cluster includes Samba and Ronaldo, characterized
by high Mn yields and a steep decline in subsequent tiller yields. This suggests a
focus on maximizing Mn productivity, making them suitable for environments where
maximizing the individual plant yield is paramount. Breeding efforts could explore
ways of improving the performance of early tillers or suppressing late, unproductive
tillers (Figure 10).

2. Cluster 2: Balanced Tillering: This cluster comprises Mare, Olympiada, Galileo, and
Gloria, demonstrating moderate Mn yields and a more gradual decline in tiller yields.
This indicates a more balanced resource allocation strategy, potentially advantageous
in environments where consistent performance across tillers is favored over maximiz-
ing the individual plant yield. Further enhancing the yield potential of all tillers could
be a breeding target for this group (Figure 10).

3. Cluster 3: Low Overall Yield: This cluster includes Alexandros, Dion, and Luna,
exhibiting consistently lower yields across all tillering levels. This suggests fundamen-
tal limitations in yield potential, possibly related to nutrient use efficiency or stress
tolerance. Breeding strategies should focus on improving the overall yield capacity of
these cultivars, rather than manipulating tillering patterns (Figure 10).
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3.10.2. Hierarchical Clustering on Principal Components (HCPC)

HCPC revealed distinct groupings of rice cultivars based on their tillering levels and
associated agronomic traits, offering valuable insights into the relationship between tiller-
ing ability and yield components (Figure 11). Three primary clusters emerge from the
dendrogram (Figure 11). Cluster I predominantly consists of Mn (Mn) across almost all
cultivars, exhibiting high values (indicated by red shades in the heatmap) for yield, TDM,
and NOS, indicating their dominant contribution to overall plant productivity (Figure 11).
This corroborates previous research emphasizing the importance of Mn in TDM accumu-
lation and yield [64]. The inclusion of some early tillers (T1) of Gloria (Gl), Galileo (Ga),
and Samba (S) within this cluster suggests that these cultivars may also achieve substan-
tial productivity from their T1, approaching the levels observed in Mn of other cultivars
(Figure 11).
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Cluster II comprises a mix of late-emerging tillers (T2, T3, and T4) from Ronaldo (R),
Dion (Di), Luna (L), and Alexandros (Al), along with some T3 and T4 tillers of Mare (M)
and Olympiada (O) (Figure 11). This cluster is characterized by generally lower values
for all traits, reflecting the decline in productivity observed in later tillers, consistent with
previous studies [21,22]. The inclusion of Mare and Olympiada’s later tillers in this cluster
suggests that these otherwise high-yielding cultivars experience a more significant drop in
productivity in their later tiller compared to their Mn and early tillers (Figure 11).

Finally, Cluster III presents a more complex grouping, encompassing the T1 tillers
of all cultivars, along with the T2, T3, and T4 of Galileo, Samba, and Gloria (Figure 11).
This cluster generally exhibits moderate values for yield, TDM, and NOS, while showing
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relatively higher values for HI and 1000GW, especially in T1. This suggests that while
T1 of these cultivars might not achieve the same high yields as Mn of Cluster I cultivars,
they exhibit efficient resource allocation towards grain filling, resulting in heavier grains
(Figure 11). The grouping of later tillers of Galileo, Samba, and Gloria within this cluster
reinforces their overall lower productivity compared to other cultivars (Figure 11).

This hierarchical clustering analysis reveals that a high tillering ability, solely based on
tiller number, is not necessarily linked to a high yield. While Mn consistently contributes
significantly, the productivity of subsequent tillers varies depending on the cultivar’s
genetic background. This highlights the importance of considering not only the number of
tillers but also their individual contribution to the yield when assessing a cultivar’s overall
productivity. Breeding efforts should focus on optimizing the performance of both Mn and
early tillers while potentially suppressing the formation of less productive late tillers to
maximize resource utilization and achieve higher yields.

3.10.3. Genotype Main Effect–Genotype by Environment Interaction Analysis (GGE)

The GGE biplot analysis explained 100% of the total variability, indicating a strong
explanatory power of the model (Figure 12). Cultivars such as Olympiada and Mare
exhibited close alignment with the average environment coordinate (AEC), reflecting their
high stability and adaptability across both years (Figure 12). Conversely, Alexandros and
Dion were positioned further away from the ideal genotype vector, highlighting their lower
yield potential (Figure 12).
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4. Discussion
4.1. Tillering Performance and Implications for Breeding

Tillering, a complex and dynamic process in rice, plays a crucial role in determining
yield potential. Our findings reveal significant heterogeneity among tillers concerning phys-
iological parameters, consistent with previous reports [26]. This heterogeneity underscores
the complexity of tillering and its impact on overall plant performance.

Our results clearly demonstrate a hierarchical pattern of tiller contribution to both
TDM and grain yield. Consistent with the findings of Wu et al. (1998) [69], Mn and T1
exhibited significantly higher TDM accumulation compared to later-emerging tillers (T2,
T3, and T4). This pattern was observed across all cultivars evaluated, highlighting the
dominance of Mn and T1 in biomass production.

The performance of specific cultivars, such as Ronaldo and Mare, provides fur-
ther insights into optimal tillering strategies. Ronaldo, exhibiting the highest Mn yield
(4.71 t ha−1), exemplifies the potential of maximizing Mn productivity. This suggests that
breeding programs focused on enhancing individual Mn yield could offer a viable strategy
for increasing overall productivity. Mare, on the other hand, demonstrated a different
approach, achieving a high average grain yield (1.52 t ha−1). This likely reflects a more bal-
anced resource allocation strategy across tillers. These contrasting strategies—maximizing
the individual Mn yield (Ronaldo) versus maintaining a consistent performance across
tillers (Mare)—offer valuable insights for breeding programs, highlighting different ap-
proaches to optimizing yield depending on environmental conditions and target traits.

In addition, the observed decline in yield and TDM with an increasing tiller order,
coupled with the consistently higher values for Mn and T1 across all cultivars, strongly
emphasizes the critical role of early tiller development in maximizing yield potential.

The consistent decline in yield with late-appearing tillers aligns with the concept of
hierarchical grain filling [70], where earlier-emerging tillers have a competitive advantage
in resource acquisition and grain development [71]. This reinforces the importance of
optimizing early-season tillering for maximizing the overall yield potential.

This study acknowledges the limited contribution of late-emerging tillers to the overall
yield. This is attributed to several factors, including increased competition for resources
from earlier, more established tillers, weaker root systems in late tillers, and limited time
for grain filling and maturation before harvest [26,72].

The relationship between the number of stems and grain yield was also investigated.
The positive correlation between the stem number and yield, observed in most cultivars,
agrees with previous findings [73]. However, the case of Alexandros, which exhibited
high stem numbers but low yield, highlights that effective tillering, not just the total tiller
number, is crucial for yield optimization [74].

This study’s findings on the harvest index (HI) are consistent with prior research [75],
demonstrating the limited contribution of late-emerging tillers to grain yield due to im-
mature panicles at harvest. This further emphasizes the importance of optimizing Mn
and T1 to maximize the HI and overall yield. The low numbers of T3 and T4 observed
in our study are also in line with previous reports [63,69], confirming their limited role in
yield determination. The findings on the relationship between nitrogen management and
the HI [72], highlighting the negative impact of excessive late tiller formation on the HI,
underscore the need for balanced nitrogen application strategies.

4.2. Cultivar Performance and Implications for Breeding

Rice cultivars exhibit inherent genetic and phenotypic variations, which influence their
yield. Our findings corroborate previous research [69] demonstrating significant variations
in TDM accumulation among rice cultivars. In our study, Mare and Ronaldo exhibited the
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highest TDM, correlating with their superior tillering capacity. Conversely, Alexandros and
Dion, despite moderate tillering, produced lower TDM, underscoring that the tiller number
alone does not dictate biomass accumulation. Similarly, our results align with previous
findings [69] showing significant cultivar differences in grain yield.

Olympiada and Mare consistently achieved the highest yields, significantly outper-
forming other cultivars. These two cultivars also demonstrated greater stability across the
two growing seasons, as revealed by GGE biplot analysis. This reinforces the value of GGE
biplot analysis as a tool for assessing genotype stability and performance [76,77].

Genotype–environment interactions (GxE) are crucial considerations in rice breeding,
particularly for enhancing performance across diverse climates [62,78]. Our study captured
some level of GxE interaction. Future research explicitly incorporating GxE analysis,
using multiple locations or controlled environment studies, would further strengthen our
understanding of cultivar responses to environmental variations.

Our findings contribute to the evolving understanding of the ideal plant architecture
in rice. Specifically, while cultivars like Mare and Ronaldo demonstrated a high tillering
capacity, their success was not solely attributable to the tiller number. Rather, their efficient
conversion of tillers into biomass and grain yield, combined with the stability of Mare
across seasons, suggests that a balanced approach to tillering is more effective than simply
maximizing tiller counts. This aligns with previous studies [74] showing that effective
tillers, rather than the total tiller number, are crucial for maximizing the grain yield. The
contrasting performance of cultivars like Alexandros, with high tiller numbers but low
yields, further reinforces this point.

The harvest index (HI), a crucial indicator of resource partitioning efficiency [79], also
exhibited significant cultivar variations. While several studies have highlighted the role of
crop management and environmental factors in influencing the HI [80,81], our findings,
consistent with previous research [62,82], demonstrate a strong genetic component. The
contrasting HI values observed among cultivars grown under the same environmental
conditions underscore the genetic basis for this trait. For instance, Samba, despite having the
lowest number of stems, exhibited a high HI and good yield, indicating the efficient transfer
of assimilates to grains. Conversely, Mare, despite high tillering and yield, had a low HI,
suggesting the potential for improvement in resource allocation. Furthermore, the observed
variations in HI support previous research [83] showing that the HI can be negatively
correlated with TDM under high biomass production. This highlights the complex interplay
between biomass accumulation and resource partitioning and emphasizes the need for a
balanced approach in breeding programs.

The study also evaluated the 1000-grain weight (1000GW), another important yield
component. The observed differences in 1000GW among cultivars confirm the genetic
influence on this trait [82,84]. While environmental factors can also affect 1000GW, the
consistent differences among cultivars grown under similar conditions suggest a strong
genetic basis. This aligns with previous research [85] showing that Japonica cultivars tend to
have a higher 1000GW than Indica cultivars. However, in our study, the distinction between
Japonica and Indica types was less clear, with both types exhibiting considerable variation
in 1000GW.

4.3. The Interactions Between Cultivar and Tillering in Determining the Rice Yield

The interaction between cultivar and tillering level significantly influences yield
components. Consistent with previous research [26,70], grain yield generally declined with
an increasing tiller order (Mn > T1 > T2 > T3 > T4). However, the magnitude of this decline
varied among cultivars, indicating genotype-specific tillering efficiencies. For instance,
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while Alexandros, Dion, Luna, Ronaldo, and Samba exhibited similar yields across T3 and
T4, other cultivars showed more pronounced declines.

The performance of Ronaldo and Mare offers contrasting examples of successful tiller-
ing strategies. Ronaldo achieved the highest Mn yield (4.71 t ha−1), demonstrating the
potential of maximizing Mn productivity. Conversely, Mare achieved a high overall yield
(1.52 t ha−1) through a more balanced contribution across tillers, indicating a different opti-
mization strategy. These contrasting patterns highlight the possibility of either maximizing
the individual Mn yield or achieving balanced contributions from multiple tillers. The
consistent dominance of Mn and T1 for these metrics across most cultivars underscores the
importance of early tiller development for maximizing productivity.

The tiller number has been linked to the rice yield [63,69], but our study reinforces
that the effective, rather than total, tiller number is crucial. This aligns with the importance
of effective tillers, as highlighted by Dutta et al. (2002) [74]. Our observation that only
four cultivars (Gloria, Mare, Olympiada, and Ronaldo) exceeded the mean number of T3
and T4, while also exhibiting high grain yields, suggests a link between the capacity to
produce later tillers and overall yield potential. This nuance could be further investigated
to determine if specific cultivars are better at utilizing later-emerging tillers.

4.4. Multivariate Analysis of Tillering and Cultivar Performance

Multivariate analyses, including PCA, HCPC, and GGE biplot, provided a comprehen-
sive view of the complex relationships between cultivars, tillering levels, and agronomic
traits. These analyses confirmed the dominance of Mn for yield, the substantial contri-
bution of T1, and the diminishing role of later tillers (T2, T3, T4) in most cultivars. This
hierarchical pattern was consistently observed across the multivariate analyses, reinforcing
the importance of early tiller development.

The contrasting performance of Ronaldo and Mare offers valuable insights into op-
timal tillering strategies. Ronaldo, with the highest Mn yield (4.71 t ha−1), exemplifies
a strategy focused on maximizing individual Mn productivity. This approach could be
particularly effective in environments where conditions favor strong Mn development.
Conversely, Mare, while having a slightly lower Mn yield, demonstrated a high average
yield (1.52 t ha−1). This suggests a more balanced resource allocation strategy across tillers,
which might be advantageous in environments with fluctuating conditions.

The consistent trend of a declining yield and TDM with later tiller orders, coupled
with the superior performance of Mn and T1 across most cultivars, directly supports the
conclusion that prioritizing early tiller development is crucial for maximizing productivity.

Investigating traits like tiller emergence timing, resource allocation patterns [26,72],
and sink capacity could shed light on the mechanisms underlying cultivar-specific tiller-
ing efficiencies. Moreover, explicitly comparing the observed tillering patterns with
the “new plant type” ideotype [44] would contextualize the findings within current
breeding paradigms.

5. Conclusions
This study reveals critical insights into tillering dynamics in Mediterranean rice culti-

vation, demonstrating that main stems and primary tillers consistently outperform later-
forming tillers across all measured traits. Our findings show that the yield potential
depends on efficient resource allocation patterns. The superior performance of Mare and
Olympiada (both 1.52 t ha−1) resulted from balanced resource distribution across tillers,
while Ronaldo (1.44 t ha−1) achieved comparable productivity through an exceptionally
high main stem yield (4.71 t ha−1), demonstrating that multiple tillering strategies can
achieve high productivity.
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Multivariate analyses identified distinct cultivar clusters based on tillering patterns,
providing novel criteria for cultivar selection in breeding programs. These findings suggest
that breeding strategies for Mediterranean environments should prioritize optimizing early
tiller productivity rather than maximizing tiller numbers. Future breeding efforts should fo-
cus on cultivars exhibiting strong main stem and primary tiller development, coupled with
efficient resource allocation, to enhance yield stability under Mediterranean conditions.
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