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Abstract
Background  The breeding process enables plants to inherit desirable traits, such as yield, flowering time, pest 
resistance, and cannabinoid and/or terpene content. As a result of these intensive genetic improvement practices, 
where genetically similar individuals or those from the same lineage are crossed, the expression of unfavorable 
recessive alleles may occur due to homozygosity. This can lead to less productive plants, increased susceptibility to 
diseases, and reduced quality. Despite the potential negative effects associated with inbreeding, self-pollination (a 
form of inbreeding) is a necessary cultivation technique used to obtain seeds that produce phenotypically female 
plants (feminized seeds) for commercialization and/or to fix desirable traits, albeit at the cost of reduced genetic 
variability. The Cannabis sativa L. seed market has grown significantly in recent decades, driven by the legalization 
and regulation of medicinal and recreational use. Self-pollinated feminized seeds are popular among growers and 
commercial seed banks because, in most cases, they guarantee that inflorescences will express the cannabinoid and 
terpene profile of the single parent plant.
The objective of this work is to compare the morphological variation of seeds obtained from the reversal of female 
clones followed by self-pollination, and seeds obtained from crossing genetically distinct parental. To study seed 
shape and size, we employed 2D geometric morphometrics (GM) based on landmarks and semilandmarks, coupled 
with a supervised machine learning approach and multivariate statistical approach for analysis.

Results   No direct relationship was observed between size and seed type, although significant differences between 
varieties were detected. The shape of seeds from crosses between different parents (male and female) showed lower 
classification accuracy compared to feminized seeds. These results support the hypothesis that inbreeding reduces 
the variability, as feminized seeds from self-pollination were correctly identified at a high rate using a discriminant 
function.

Conclusions   Our research demonstrates that 2D geometric morphometrics can effectively distinguish and trace 
feminized and self-pollinated cannabis seeds. These seeds exhibit the least morphological variation, enabling accurate 
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Introduction
Research on selection and crossbreeding across gen-
erations has been essential for understanding the genet-
ics and diversity of Cannabis sativa L. This species has 
been subjected to diverse genetic improvement programs 
and cultivation, a common practice among growers and 
seed banks, resulting in a wide diversity of varieties [1]. 
Controlled crosses have enabled the development of 
new varieties with specific traits, such as higher yield, 
disease resistance, and/or targeted cannabinoid content 
[2, 3]. In some cases, intensive selection and crossbreed-
ing for genetic improvement lead to problems associ-
ated with inbreeding due to reduced genetic variability. 
This often manifests as diminished adaptability and loss 
of hybrid vigor [4]. Furthermore, inbreeding effects can 
unmask deleterious recessive alleles, resulting in plants 
with reduced fitness and undesirable phenotypic traits 
[5]. Previous studies have linked inbreeding to changes 
in plant morphology [6]; such changes could have direct 
implications for variety identification and differentiation, 
as well as for inflorescence quality and yield [7, 8].

In this context, cannabis seeds’ (achenes) size and 
shape emerge as a suite of phenotypes of interest for 
studying the effects of artificial selection. Furthermore, 
geometric morphometrics (GM) has arisen as a multi-
disciplinary tool used in the study of cellular structures, 
ecosystem characterization, identification of evolution-
ary patterns, and functional adaptations. It addresses 
research questions across biological disciplines, from 
biological anthropology to taxonomy. GM is employed 
to quantify morphological variation in plants [9, 10], 
enabling detailed analysis of the size and shape of bio-
logical structures while providing insights into intra and 
interspecific variation [11]. In botanical studies, it is 
commonly used to characterize leaf shape [12] and floral 
architecture [13], whereas seed morphology has proven 
useful for species identification and/or characterization 
[14], assessment of genetic diversity [15], and studies of 
plant evolution [16].

Recently, automated systems combining GM and 
machine learning have been developed to classify dif-
ferent grain types [17, 18]. These techniques have also 
made it possible to distinguish between seeds of differ-
ent oak species [19] and to discriminate between tomato 
[20] and rice [21] varieties. Some of the examples men-
tioned above support the feasibility of using GM in grain 
and seed identification, which has potential implications 

for various industries and scientific disciplines [9, 17]. 
GM applied to cannabis seeds may be particularly rel-
evant for identifying and characterising varieties [22–
26], considering that cannabis plants can exhibit a wide 
range of shapes and sizes in vegetative and reproductive 
organs [27]. Notably, certain seed shape characteristics 
correlate with chemotypes: seeds from THC-dominant 
plants (Chemotype I) display rounded shapes. In con-
trast, CBD-dominant plants (Chemotype III) tend toward 
slender shapes [22, 23]. Regardless of whether this trend 
is maintained across varieties, the results expose certain 
potential in the use of 2D geometric morphometry in the 
study of the shape and size of cannabis seeds.

Therefore, this study tests the central hypothesis that 
the breeding method, specifically, self-pollination in 
feminized lines using a standard commercial technique, 
leaves a quantifiable imprint on seed morphology, result-
ing in lower shape variation compared to seeds from 
crosses.

Materials and methods
Material
Regular and feminized seeds were studied. Regular 
seeds produce either male or female plants, while femi-
nized seeds are designed to produce almost exclusively 
female plants. A total of 713 seeds from seven varieties 
were utilized. These comprised seeds from the follow-
ing lines (abbreviation and sample sizes among paren-
theses): Malvina (Ma, 129), Pachamama (P, 91), Fruti 
(F, 97), H (H, 97), K (K, 99),Lemon (L, 96), and Medici-
nal (Me, 104). Seeds of P and Ma, derived from com-
mercial varieties selected for their specific chemotypes 
(cannabinoid profiles) and registered at the National 
Seed Institute (INASE) by CONICET, were feminized 
by self-pollination. These registered varieties have been 
maintained through clonal propagation since 2018. The 
remaining seeds were obtained from crossing varieties 
donated by recognized cannabis growers. F and L seeds 
were feminized and originated from female “regular” 
plants; each female was crossed with the same reversed 
female parent pollen of the registered variety “CONI-
CET” (INASE). In contrast, H, K, and Me seeds were 
regular (non-feminized); H and K seeds were derived 
from different THC varieties and crosses with pollen of 
the regular “Jaguar Negro”, also a THC variety. Me seeds 
were obtained by crosses with pollen of the same variety 
(F2 progenie). Feminized seeds were produced through 

identification and providing a reliable foundation for practical applications. The Random Forest classifier's high 
performance confirms the effectiveness of using morphological traits for seed discrimination. These results open the 
door for advanced machine-learning techniques aimed to improve scalability and automation. 
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sexual reversion via exogenous growth regulators [28]. 
The seeds analyzed in this study represent a realistic sam-
ple of the commercial and non-commercial varieties used 
by growers. Seeds were derived from crosses involving F1 
parents with uncertain or undocumented pedigrees and 
are therefore not considered genetically stabilized lines. 
Since harvest, all seeds were stored under controlled con-
ditions (darkness, low humidity, and room temperature) 
prior to imaging to minimize environmental effects on 
morphology.

Seed morphometric analysis
Seeds were photographed under a Carl Zeiss stereo-
microscope equipped with AxioVision Rel.4.5 software 
(©Carl Zeiss Imaging Solutions), oriented with the 
abscission zone upward and the radicle wall suture posi-
tioned leftward (Fig.  1). To capture seed shape, a con-
figuration of 3 Type I (anatomical) landmarks [29] and 
10 Type III semilandmarks digitized at equidistant posi-
tions along the contour (Fig.  1) was applied, following 
Márquez et al. (2022). Landmarks represent fixed ana-
tomical points defining discrete biological structures, 
while semilandmarks quantify contour variation between 
landmarks [30]. Cartesian coordinates were digitized 
using the TPS software suite: TpsUtil [31]: Converted .jpg 
files to .tps format. TpsDig2 [32]: Scaled and digitized 
landmark/semilandmark configurations. TpsRelw [33]: 
Semilandmarks were slid using an iterative algorithm 
minimizing thin-plate spline (TPS) bending energy to 
establish homology. A Generalized Procrustes Analysis 
(GPA) was performed to remove rotational, translational, 
and scaling effects, preserving pure shape information 
[30]. Centroid size (CS), calculated as the square root 
of the sum of squared distances from all landmarks to 
their centroid [30], was used as a proxy for seed size. CS 
retains complete size information and, in the absence of 
allometry (shape-size covariation) represents the sole 
size estimator uncorrelated with shape.

Statistical analyses of size and shape
To evaluate differences in the Centroid size (CS) among 
varieties, a non-parametric Kruskal-Wallis test was per-
formed because the data did not satisfy the normality 
and homogeneity of variance assumptions of parametric 
analysis. For significant results (P < 0.05), post hoc pair-
wise comparisons were performed using Dunn’s test with 
Holm adjustment for multiple testing [34]. All analyses 
were conducted in R (version 4.5.1) using the packages 
FSA, ggplot2, dplyr, and multcompView.

Procrustes-aligned coordinates and CS values from 
TpsRelw were exported to MorphoJ [35] for multivari-
ate analyses. Allometry was evaluated via multivariate 
regression of shape (Procrustes coordinates, dependent 
variable) against size (CS, independent variable). Shape 
variation (morphospace) was explored through princi-
pal component analysis (PCA) of the Procrustes distance 
variance-covariance matrix. Descriptive statistics of the 
first two PCs were calculated to quantify the magnitude 
of variation within each analyzed variety. These indices 
included the standard deviation and variance derived 
from the PC1 and PC2 scores. Subsequently, a hierarchi-
cal clustering analysis was conducted to categorize the 
varieties based on their variability profiles. Clustering 
of the seed shape patterns were examined using aver-
age linkage (UPGMA) hierarchical clustering based on 
Mahalanobis distances, implemented in InfoStat. This 
inferential method determines optimal cluster numbers 
in hierarchical analyses [36]. Finally, discriminant analy-
sis and Hotelling’s T² tests identified shape components 
maximizing differences between feminized and regular 
seeds and tested mean shape equality.

Machine learning
To complement the statistical analysis and evaluate 
the predictive power of seed morphology, a supervised 
machine learning approach was implemented. The full 
dataset, utilizing the Procrustes-aligned coordinates as 

Fig. 1  External view (pericarp) of the longitudinal plane in seeds of Malvina, Pachamama, H, K, Medicinal, Lemon, and Fruti varieties of C. sativa L. (ordered 
left to right). Horizontal green bar: feminized by self-pollination; Red: regular seeds; Blue: feminized by crossing different female parents. All seeds display 
the landmark (red points) and semilandmark (green points) configuration used to capture contour shape. Landmarks: (1) Inflection point between the 
abscission zone and the fruit wall suture; (2) Micropyle region; (3) Inflection point between the abscission zone and the contour opposite the fruit wall 
suture. Semilandmarks: (4–8) equidistantly placed between landmarks 1 and 2 and (9–13) positioned along the cotyledon’s external contour between 
landmarks 2 and 3. Vector scale = 5 mm
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features and the seed variety as the target variable, was 
partitioned into a training subset (70% of the samples) 
and a testing subset (30% of the samples) to evaluate 
model generalization.

Four distinct classification algorithms were initially 
trained and evaluated for their performance based on test 
accuracy: Random Forest, Quadratic Discriminant Anal-
ysis (QDA), Gaussian Naive Bayes, and Decision Tree.

Following this initial comparison, the top-performing 
algorithm (Random Forest) was selected for comprehen-
sive hyperparameter optimization. This optimization was 
conducted using a grid search methodology integrated 
with 5-fold cross-validation (GridSearchCV) on the 
training data to find the best combination of parameters. 
The parameter grid explored included: the number of 
estimators (n_estimators: [50, 100, 150]), maximum tree 
depth (max_depth: [5, 10, 15, None]), minimum samples  
per leaf (min_samples_leaf: [1, 2, 4]), minimum samples 
to split a node (min_samples_split: [2, 5, 10]), and the 
split quality criterion (criterion: [‘gini’, ‘entropy’]). All  
machine learning models were implemented using the 
Scikit-learn library in Python [37]. The code developed  
for this analysis is available in a GitHub repository  

(​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​F​r​a​n​​c​i​​s​c​o​​-​f​t​​/​S​e​l​​f​-​​p​o​l​​l​i​n​​a​t​e​d​​-​c​​a​n​n​​a​b​i​​s​-​ 
s​e​​e​d​​s​-​l​​e​a​d​​-​t​o​-​​l​e​​s​s​-​v​a​r​i​a​t​i​o​n​-​i​n​-​s​h​a​p​e).

Results and discussion
Seed size
Although the multivariate regression of shape on size 
(allometry) was statistically significant (P < 0.001), the 
association percentage among varieties was negligible (% 
predicted = 4.64). This aligns with expectations, as seeds 
develop during a specific life-stage cycle with limited 
post-maturation growth variation, consistent with find-
ings by Márquez et al. (2022) for five other C. sativa L. 
varieties.

Significant size differences occurred among varieties 
(H = 584.7; P < 0.001). However, no relationship existed 
between seed size and type (regular vs. feminized; Fig. 2). 
Therefore, size could serve as an indicator that provides 
information in discriminating varieties, but not to distin-
guish between feminized or regular seeds.

Seed shape
The first four principal components collectively 
accounted for 90.2% of total shape variation. Shape 

Fig. 2  Size variations among seed types and varieties. The central dot represents the mean; the central line indicates the median; box limits correspond to 
the first and third quartiles; whiskers show the 95% confidence interval; points beyond whiskers denote outliers. Different lower letters indicate significant 
differences (P < 0.05) in pairwise comparisons. Varieties: Malvina (Ma), Pachamama (P), K, H, Lemon (L), Fruti (F), and Medicinal (Me). Labels with green 
shades: feminized by self-pollination; Red shades: regular seeds, and Blue shades: feminized by crossing different parents

 

https://github.com/Francisco-ft/Self-pollinated-cannabis-seeds-lead-to-less-variation-in-shape
https://github.com/Francisco-ft/Self-pollinated-cannabis-seeds-lead-to-less-variation-in-shape
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variation along PC1 (37.96% of total variation) was asso-
ciated with seed slenderness. Positive extreme values 
represented elongated forms featuring longitudinal plane 
expansion, a more projected apex, and abscission zone 
constriction. Conversely, negative values corresponded 
to rounded morphologies (Fig.  3). Remaining principal 
component axes exhibited substantial variety overlap.

Descriptive statistics of the first two PCs revealed 
unequal dispersion levels among the varieties, with P as 

the least variable and L as the most variable (Supplemen-
tary Table S1). Notably, P, Me, and Ma formed a distinct 
cluster characterized by minimal dispersion in the PCA 
space (Supplementary Figure S1). This group displayed 
the lowest variability, as indicated by lower variance and 
standard deviation values compared to the other varieties 
analyzed.

To quantify the discriminatory power of seed morphol-
ogy, four distinct supervised machine learning models 

Fig. 3  Principal component analysis of shape variation in seeds from seven C. sativa L. varieties. The wireframe of the consensus shape is shown in 
turquoise, with ± 0.15 deviations depicted in blue. Ellipses represent 95% confidence intervals for observations per variety. Varieties: Malvina (Ma), Pa-
chamama (P), K, H, Lemon (L), Fruti (F), and Medicinal (Me). Labels with green shades show seeds feminized by self-pollination; Red shades, regular seeds, 
and Blue shades, feminized seeds by crossing different parents
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were initially trained and evaluated. When compared 
to the independent test dataset, the models achieved 
the following accuracies: Random Forest (67.8%), Qua-
dratic Discriminant Analysis (66.4%), Gaussian Naive 
Bayes (63.6%), and Decision Tree (62.6%). Given that 
the Random Forest (RF) classifier demonstrated the 
highest generalization performance, it was selected 
for comprehensive hyperparameter optimization. The 
optimal parameters identified via grid search were: 
criterion=’entropy’, max_depth = 15, min_samples_
leaf = 1, min_samples_split = 5, and n_estimators = 150. 
The cross-validated classification results from this opti-
mized RF model are presented in Table  1. The model 
achieved an overall correct classification rate of 70%. 
Notably, feminized P seeds yielded the highest assign-
ment accuracy (96.3%), whereas the regular seeds H 
(41.4%) and K (50%) showed the lowest classification suc-
cess. This supports the hypothesis that the lower shape 
variability found in self-pollinated, inbred varieties (P) 
improves distinguishable, whereas greater morphological 
variance in regular seeds from crosses (H and K) reduces 
classification accuracy (Supplementary Figure S1). Fur-
thermore, re-evaluating the classifier’s performance after 
removing the highly variable H and K varieties increased 
the overall accuracy to 78%, which further reinforces this 
hypothesis.

Our results show that feminized seeds obtained 
through self-pollination (P and Ma) exhibited reduced 
shape variability. This could be reflecting diminished 
genetic diversity, as evidenced by inbreeding effects on 
seed morphological diversity. Conversely, regular seeds 
showed greater shape variability (Supplementary Fig-
ure S1 and Supplementary Table S1). This phenomenon, 
where inbreeding leads to a reduction in morphologi-
cal variance of seeds, finds consistency in morphomet-
ric studies of other crop species. For instance, in wheat 
(Triticum aestivum), inbred lines exhibit significantly less 
variation in grain shape compared to genetically diverse 
landraces or hybrid populations [38]. A similar pattern 
has been documented in rice (Oryza sativa), where the 

stabilization of pure lines results in highly uniform grain 
morphology, a key trait for varietal identification and 
seed certification [39].

The reduced shape variation in self-pollination femi-
nized seeds improved geometric morphometric (GM) 
classification accuracy for commercially registered can-
nabis varieties studied. In particular, H and K seeds from 
the crossing of different parents expressed a wide varia-
tion in seed shape, which made accurate classification 
difficult. This variation caused feature overlap with other 
varieties, which reduced the effectiveness of the discrimi-
nant function and produced lower correct assignment 
rates. Hierarchical cluster analysis differentiated two pri-
mary groups (Fig.  4): Cluster 1 contained regular seeds 
(Me, H, and K), while Cluster 2 comprised all feminized 
seeds (P, Ma, F, and L). Within Cluster 1, H and K formed 
a distinct subgroup derived from different THC variet-
ies and crosses with pollen of the regular “Jaguar Negro”, 
also a THC variety. Cluster 2 contained feminized seeds 
by self-pollination, with F and L forming a primary sub-
group originating from female “regular” plants.

These groupings may reflect an association influenced 
by the genetic variability load and chemotype of each 
variety [21, 22]. This suggests potential developmen-
tal canalization toward specific shapes, intensified by 
inbreeding effects in self-pollinated feminized seeds, 
where morphological variation is reduced. Our results 
reveal that major commercial cannabis seeds worldwide 
likely share a key characteristic: intra-varietal homoge-
neity in seed shape, resulting from the loss of variability 
due to self-pollination. The optimized Random Forest 
model showed higher classification accuracy (> 75% cor-
rect assignments; Table  1) for self-pollinated feminized 
seeds. These findings suggest that feminized seeds could 
be distinguished from non-stabilized regular seeds 
through primary screening using a discriminant function 
trained on feminized versus regular seed morphology 
(Fig. 5). Furthermore, there was a statistically significant 
difference in mean seed shape between feminized and 
regular seeds (T² = 1238.4; P < 0.0001). It is important 

Table 1  Cross-validated classification analysis showing seed assignments to each variety using a random forest based on varietal 
shape morphology. Varieties: Malvina (Ma), Pachamama (P), K, H, lemon (L), fruti (F), and medicinal (Me). The percentage of seed 
assigned into varieties determined a priori, were highlighted in green
Varieties F H K L Ma Me P Total Precision
F 79.3% 0% 3.4% 3.4% 10.3% 3.4% 0% 29 0.74
H 3.4% 41.4% 37.9% 3.4% 3.4% 6.9% 3.4% 29 0.46
K 6.7% 33.3% 50% 0% 3.3% 3.3% 3.3% 30 0.43
L 10.3% 0% 3.4% 69% 6.9% 3.4% 6.9% 29 0.80
Ma 2.6% 7.7% 7.7% 2.6% 79.5% 0% 0% 39 0.79
Me 3.2% 3.2% 12.9% 3.2% 3.2% 74.2% 0% 31 0.82
P 0% 0% 0% 3.7% 0% 0% 96.3% 27 0.87
Total 0.70
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to note that our study directly quantifies morphological 
uniformity in seed shape, a phenotypic trait. While this 
reduced variance is consistent with the expected effects 
of inbreeding, caution is advised against directly equat-
ing it with genetic uniformity. Therefore, further research 
integrating genotyping with morphometrics is needed 
to establish the relationship between phenotypic and 
genetic uniformity.

The accurate identification of feminized, self-pollinated 
seeds suggests that this consistent morphological sig-
nature could form the basis for practical applications, 
where 2D geometric morphometrics is emerging as a 
potentially cost-effective tool for seed discrimination and 
traceability.

Conclusions
Our research highlights the potential of 2D geometric 
morphometrics for the discrimination and traceability 
of feminized and self-pollinated cannabis seeds. The fact 
that feminized and self-pollinated cannabis seeds exhibit 
less morphological variation and that these seeds were 
very accurately identified makes it possible for this con-
sistent morphological signature to lay the groundwork 
for future practical applications. The high performance 
of the Random Forest classifier further supports the 
reliability of morphological traits for seed discrimina-
tion, and suggests that more advanced machine-learning 
approaches could build upon this foundation to enhance 
scalability and automation. A logical extension would be 

Fig. 4  Hierarchical clustering dendrogram using Ward’s minimum variance method. Varieties: Medicinal (Me), H, K, Pachamama (P), Malvina (Ma), Fruti 
(F) and Lemon (L). The cut-off criterion (P = 0.05) obtained with the MDGC test is represented by a horizontal line. Horizontal green bar: feminized by self-
pollination; Red: regular seeds; Blue: feminized by crossing different female parents
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to develop deep learning models, such as Convolutional 
Neural Networks (CNNs), to create a fully automated, 
end-to-end system capable of classification directly from 
raw seed images, enhancing the scalability of this method 
for high-throughput applications. This approach shows 
significant promise for standardization in seed quality 
control, although its current limitations, including the 
number of varieties assessed and the focus on 2D mor-
phology, must be considered for future application and 
validation.
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