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Abstract 

Background  A study using random forest (RF) algorithms and principal component analysis (PCA) was proposed 
to identify the effects of arbuscular mycorrhizal fungal inoculation, the seed maturation stage and the geographic 
diversity of Pimpinella anisum L. accessions on the physicochemical composition of seeds. Seeds of six anise varieties 
from North African and Middle Eastern accessions were inoculated or not inoculated with AMF (an arbuscular mycor-
rhizal fungus) and then grown under controlled conditions. Seeds were harvested at three different maturity stages: 
mature seeds (157 d after sowing), premature seeds (147 d after sowing), and immature seeds (137 d after sowing). 
Forty-nine variables related to physical properties, total nutrients, metabolic compounds, essential oils, and biological 
activity were measured in P. anisum seeds.

Results  The RF algorithm allows the differentiation of P. anisum varieties inoculated with AMF from different coun-
tries in North Africa and the Middle East. This evidence proves that the geographic origin of P. anisum seeds signifi-
cantly influences the efficiency of the symbiotic association between anise roots and AMF. In turn, no significant 
effects of the seed maturation stage on the symbiotic interaction of plants with mycorrhizae were observed. The 
chemical compounds related to the biological activity of seeds are not influenced by AMF, followed by chemical com-
pounds related to metabolism, total nutrients, and oil components.

Conclusions  The performance of classification models using RF is driven primarily by independent variables 
related to the chemical composition of anise seeds, overshadowing the effects of geographic diversity and the seed 
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maturation stage. Among the chemical constituents of the seed, the variables belonging to the biological activity 
category best contain information (patterns) on the impacts of AMF inoculation.

Keywords  Anise, Mycorrhizal association, Essential oil, Metabolic compounds, Biological activity

Introduction
Anise (Pimpinella anisum L.), native to the eastern Medi-
terranean region, is an annual herbaceous plant belong-
ing to the Apiaceae family [1]. It is one of the oldest 
species used by humanity, being cultivated mainly for its 
fruits (seeds) with high levels of essential oils (1.5–6%) 
[2], which are widely used as flavorings, digestives, and 
carminatives and to relieve gastrointestinal spasms [3]. 
Anise essential oils are widely used as flavoring agents 
in culinary dishes, medicines, and perfumery because of 
their diverse therapeutic and aromatic properties [3]. The 
oil is highly valued for its antioxidant and antimicrobial 
capabilities, making it a key component in the formula-
tion of natural remedies for digestive issues, respiratory 
conditions, and skin health. Its versatile applications 
across multiple industries, such as food, pharmaceuti-
cal, cosmetic, ice cream, sweet, fish, and personal care, 
underscore its economic significance [4, 5].

Among the sustainable strategies for enhancing ani-
seed crop production is the inoculation of arbuscular 
mycorrhizal fungi (AMF). When applied to the soil, 
these organisms can establish mutualistic associations 
with plant roots, benefiting fungi and plants. Mycor-
rhizae improve the efficiency of soil exploration by 
plants, as they develop an extra-root network formed 
by mycelia (hyphae), promote greater tolerance to envi-
ronmental stresses, and improve nutrient and water 
uptake by plants [6–10]. Studies on anise crops inocu-
lated with AMF have been limited to examining plant 
growth and morphological traits, seed production, and 
essential oil content [11–14]. However, further studies 
are still needed to elucidate the effects of the symbio-
sis between aniseed plants and AMFs on the chemical 
and nutritional compositions of their seeds. However, 
the accumulation of nutritional metabolic compounds 
in seeds can be influenced by several environmen-
tal factors during the crop growth cycle, such as the 
atmospheric CO2 concentration [15] and light intensity 
[16]. Furthermore, continued gains in P. anisum seed 
production from AMF inoculation depend on a better 
understanding of the factors that can affect the effi-
ciency of the symbiotic association and how this rela-
tionship evolves throughout the crop cycle. The effects 
of environmental factors and production systems, such 
as the soil water content [17], photoperiod [18], soil fer-
tility and texture [19, 20], and cultivation practices [21, 
22], on mycorrhizal associations with P. anisum roots 

are well understood. However, other factors still need 
to be investigated to assess the effects of the symbiotic 
interaction between mycorrhizal fungi and P. anisum 
varieties from different countries of origin. The chemi-
cal composition of P. anisum seeds can be modified by 
ecological conditions during the seed development and 
physiological maturity stages [23, 24]. However, for this 
plant species, few studies have investigated the effects 
of the symbiotic interaction between mycorrhizae and 
P. anisum varieties from different countries or of the 
seed maturation stage for harvesting on the chemical 
properties of the seeds.

Therefore, before new studies investigating the interac-
tion between P. anisum genetic material from different 
countries of origin, AMF inoculation, and the seed matu-
ration stage are conducted, exploratory studies should 
be performed to verify the existence of these interactive 
effects. However, studies involving different living organ-
isms and the interaction of several sources of variation 
generate a significant amount of data, and these data do 
not have a linear relationship, which is a common phe-
nomenon with most plant morphological traits and the 
physicochemical composition of seeds [25]. An excellent 
alternative for processing and identifying patterns in data 
of this nature is random forest (RF) algorithms. Owing to 
its excellent results and processing speed, the RF classi-
fier has received increasing attention from researchers 
in the last two decades [26–28]. The RF algorithm pro-
duces reliable results using predictions from an ensemble 
of decision trees [29]. Furthermore, this technique can 
be successfully used to select and classify variables with 
the most remarkable ability to discriminate between tar-
get classes [26]. Therefore, the use of an RF algorithm can 
guide future studies on the variables that can be meas-
ured to analyze a given phenomenon.

The RF classifier is commonly applied using the origi-
nal data collected in the study; however, because of the 
large number of variables that are analyzed, the occur-
rence of problems such as multicollinearity may be a 
relevant factor for the lower efficiency of RF algorithms. 
An alternative is the use of principal components of the 
data in RF algorithms. Principal component analysis 
(PCA) is widely used to develop machine learning mod-
els while minimizing information loss and reducing the 
complexity of numerous dependent variables [30]. This 
reduction simplifies the feature space and increases 
computational efficiency [31].
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The primary objective of this study was to investigate 
the effects of AMF inoculation on the physicochemical 
composition and biological activity of P. anisum seeds. 
Specifically, this research seeks to quantify how AMF 
influences various traits, including nutrient composi-
tion, metabolic compounds, and essential oil content, 
under different environmental and genetic conditions. 
By employing advanced statistical methods such as PCA, 
we aim to identify key variables that differentiate AMF-
inoculated plants from their noninoculated counterparts. 
This study innovatively employs the RF algorithm in con-
junction with PCA to identify the impacts of AMF inocu-
lation, the seed maturation stage, and the geographical 
diversity of P. anisum accessions on the physicochemical 
composition of seeds. While the impact of AMF inocu-
lation on plant growth, morphology, and essential oil 
content has been studied, this study uniquely extends 
this research by focusing on the chemical and nutritional 
composition of aniseed seeds under various environmen-
tal and genetic conditions. By combining these powerful 
tools, this study provides a robust and comprehensive 
analysis of the intricate relationships among the vari-
ables involved. Overall, we hypothesize that these factors 
interact significantly, influencing seed quality through 
changes in nutrient absorption and genetic and environ-
mental differences. In conjunction with RF, PCA enables 
the analysis of complex datasets with multiple variables, 
providing a clearer understanding of the interactive 
effects between these factors.

Materials and methods
Plant material, growth conditions, and seed harvest
Viable seeds of six aniseed (P. anisum L.) varieties from 
North African and Middle Eastern accessions, one vari-
ety from Morocco (’Halawa2’, source: National Insti-
tute of Agricultural Research, Rebat), Tunisia (’Dulce’), 
Egypt (’Baladi’, source: Agricultural Research Center, 
Giza), Yemen (’Fam’, source: National research centers, 
Dhamar), Syria (’Ajmer Anise-1’, source: General Com-
mission for Scientific Agricultural Research, Damascus) 
and Turkey (’Gülsüm BOZTAŞ1 Emine BAYRAM1’, 
source: Turkish Seed Gene Bank, Ankara), were used. 
The plants were sown in 35 × 25 cm pots filled with a 
mixture of loamy soil and organic compost at a 1:1 (v:v) 
ratio. The soil initially contained 9.74 mg C kg−1 soil, 13.1 
mg N-NO3 kg−1 soil, 0.98 mg N-NH4 kg−1 soil, and 10.36 
mg P kg−1 soil, with a moisture content at field capacity 
of 0.41 g water g−1 soil. The pH was 7.08, the EC was 3.7 
dS m−1, and the K was 2.75 meq L−1 soil. These proper-
ties influence nutrient availability, microbial activity, and 
plant growth.

The substrate’s water content was adjusted to 60% 
of the field capacity. Field capacity was determined by 

saturating the soil and allowing excess water to drain. 
We then set the water content to 60% of this value and 
measured it at various points during drying to maintain 
the desired level. The pots were divided into two groups: 
the first group was inoculated with AMF, and the second 
group was not inoculated (control). AMF (Rhizophagus 
irregularis (MUCL 41,833 obtained from Glomeromy-
cota in vitro harvest [GINCO]) were previously selected 
from the rhizosphere of medicinal plants and demon-
strated high potential to increase seed yield and the accu-
mulation of bioactive metabolites in aniseed plants [32]. 
The AMF inoculum was applied before sowing and was 
placed at a depth of 5.0 cm beneath the soil surface. Each 
pot received 10 g of inoculum, consisting of trapped soil 
with approximately 50 spores g−1. An equal amount of 
autoclaved inoculum for the control group was added 
to ensure the same nutrient levels, excluding the myc-
orrhizal spores. The control pots without AMF received 
equivalent amounts of autoclaved inoculum to ensure the 
same nutrient supply. Five seeds were sown per pot.

A total of 96 pots (8 pots per replicate) were transferred 
to the growth chamber and kept for up to 157 d under 
controlled conditions [05:00–21:00 h (22 °C)/21:00–05:00 
h (18 °C), photoperiod of 16/8 h (light/darkness), rela-
tive humidity of 60% and light intensity of 150 μmol m−2 
s−1]. The plants were watered daily to maintain the soil 
water content at 65% field capacity. The experiment was 
replicated twice. P. anisum seeds were harvested at three 
maturity stages, including immature seeds (harvested 
137 d after sowing), premature seeds (harvested 147 d 
after sowing), and mature seeds (harvested 157 d after 
sowing).

After harvest, 49 variables related to physical prop-
erties, total nutrients, metabolic compounds, essen-
tial oils, and biological activity were measured in anise 
seeds. Datasets from studies by Balkhyour et al. [15] and 
Mahmoud et  al. [32] were tested via various multivari-
ate analysis techniques. A total of 72 experimental units 
(samples) were arranged in a completely randomized 
design in a 3 × 6 × 2 factorial scheme (three seed matura-
tion stages, six countries of origin of anise seeds, and two 
treatments with AMFs [noninoculated plants and plants 
inoculated with AMF]) with two replicates were used in 
this study.

Machine learning, RF, and PCA
Pattern classification algorithms, including RF, typically 
involve training and testing steps. During training, the 
algorithm learns from a labeled dataset, identifying pat-
terns and relationships within the data [33]. This trained 
model is then tested on an unseen subset of the data to 
evaluate its performance. A common technique to ensure 
robust evaluation is tenfold cross-validation [34], where 
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ten parts divide the dataset. To minimize bias and vari-
ance in performance estimation, the algorithm is tested 
on one of nine parts while being trained on the remaining 
parts, with this process rotating through all parts.

During training, the RF algorithm, a robust ensemble 
learning method, constructs multiple decision trees [35]. 
In an RF, each tree is constructed from a random sub-
set of the data and features, and the final classification is 
derived by aggregating the predictions from all the trees. 
A key feature of this method is the out-of-bag (OOB) 
score, which offers an unbiased estimate of the model’s 
performance by using samples not included in the train-
ing subset of each tree [36]. The RF measures the impact 
of each variable on the model’s accuracy to evaluate the 
importance of variables [37], which aids in identifying the 
most influential features.

Performance metrics are crucial for assessing model 
effectiveness. Providing a general sense of model perfor-
mance, accuracy measures the proportion of correctly 
classified instances [38]. The receiver operating charac-
teristic (ROC) curve and the area under the curve (AUC) 
are used to evaluate the model’s ability to distinguish 
between classes. The F1 score, which is the harmonic 
mean of precision and recall, balances the trade-off 
between these two metrics and is particularly useful in 
imbalanced datasets [39], with the ROC curve plotting 
the true positive rate against the false positive rate and 
the AUC providing a single value summary of the model’s 
discriminatory power.

PCA is a machine learning technique for dimensional-
ity reduction [40]. It captures the most significant vari-
ance in the data by transforming a large set of variables 
into a smaller set of uncorrelated variables known as 
principal components [30]. PCA identifies the principal 
components and the directions along which the data’s 
variance is maximized. PCA effectively compresses the 
dataset by retaining only the top principal components, 
reducing its dimensionality while preserving the most 
critical information [41]. This reduction simplifies the 
feature space, enhances computational efficiency [31], 
and often improves the performance of subsequent anal-
ysis or machine learning tasks by mitigating the curse of 
dimensionality.

Proposed approach
The proposed approach aims to differentiate between 
countries, maturation stages, and a linear combination 
of the physicochemical composition of P. anisum seeds, 
with an explicit focus on the effects of AMF inocula-
tion. To achieve this, we utilize the RF, renowned for its 
efficacy in pattern classification and its ability to assess 
variable importance via decision tree learning schemes 
[42, 43]. The selection of the RF for classifying sample 

patterns between inoculated and noninoculated plants 
with AMF was a deliberate and thoughtful choice. 
Among the algorithms that evaluate variable importance, 
the RF is recognized for its superior performance in clas-
sification functions [37].

A tenfold cross-validation approach was employed to 
train and validate the models using the RF algorithm. 
The hyperparameters of the algorithm, as implemented 
in the Python library called Scikit Learn [44], were opti-
mized for the best performance: bootstrap = True, crite-
rion = entropy, oob_score = True, n_estimators = 1000, 
max_features = sqrt, random_state = 1. The remaining 
hyperparameters were used with the standard values. 
The performance of the models in the training phase was 
evaluated for each fold utilizing the OOB score, accuracy, 
F1 score, and ROC metrics.

In addition, we employ PCA to address the high dimen-
sionality of the dataset, which comprises 49 dependent 
variables related to the physicochemical composition 
(physical properties, total nutrients, metabolic compo-
nents, essential oils, and biological activity) of P. anisum 
seeds. PCA captures most of the variability in the data 
by reducing the dataset to two principal linear combina-
tions (components), simplifying the feature spaces. This 
dimensionality reduction enhances model interpret-
ability and improves classification performance, aligning 
with established findings in the literature [31, 41].

Statistical analysis and machine learning
For statistical analysis, analyses of variance (ANOVA) 
and tests of normality and homogeneity of variance (Lev-
ene, Bartlett, Shapiro‒Wilk, Kolmogorov‒Smirnov) were 
performed on all the data using Jamovi® software (ver-
sion 2.5) for Windows [45], with a significance level of 
5%. The RF and PCA algorithms were implemented in 
Python with the Scikit Learn [44] library on the Google 
Colab platform [46].

Results
The results of the ANOVA revealed that the depend-
ent variables exhibited significant responses to different 
sources of variation (Tables 1 and 2). To effectively com-
bine these variables for further analysis, PCA, which is 
crucial for reducing dimensionality and enhancing the 
interpretability of the data, was employed.

The p values for the statistical tests of normality and 
homogeneity of variance, shown in Table 1, reveal a com-
plex data distribution. Many dependent variables, such 
as seed dry weight, seed water content, saponin content, 
and several monoterpene hydrocarbons, significantly 
deviate from normality and homogeneity of variance, 
as indicated by p values less than 0.05 in Levene’s, Bar-
tlett’s, Shapiro‒Wilk, and Kolmogorov‒Smirnov tests. 
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Table 1  P values were calculated for statistical tests of normality and homogeneity of variances. Number of replicates (n = 5)

Variable Statistical test

Levene Bartlett Shapiro‒Wilk Kolmogorov‒
Smirnov

Physical properties
Seed dry weight 0.037  < 0.001  < 0.001 0.007

Seed water content  < 0.001  < 0.001  < 0.001  < 0.001

Total nutrients
Saponin 0.005  < 0.001  < 0.001 0.013

Steroid 0.015  < 0.001  < 0.001 0.019

Total protein 0.230  < 0.001 0.001 0.013

Total sugar 0.167 0.069 0.002 0.037

Ash 0.003  < 0.001  < 0.001 0.006

Crude fiber 0.020  < 0.001  < 0.001 0.032

Total phenols 1.000 1.000  < 0.001 0.032

Total flavonoids 0.001  < 0.001  < 0.001  < 0.001

Total alkaloid 0.284 0.123 0.017 0.037

Tannin 0.404 0.011 0.004 0.026

Metabolic compounds
Phenylalanine 0.005 0.002 0.009 0.345

L-phenylalanine ammonia-lyase  < 0.001  < 0.001  < 0.001 0.106

3-Deoxy-D-arabinoheptulosonate 7-phosphate synthase  < 0.001 0.008 0.011 0.181

Cinnamic acid  < 0.001  < 0.001  < 0.001 0.002

Shikimic acid  < 0.001  < 0.001 0.010 0.161

O-methyltransferase  < 0.001  < 0.001  < 0.001 0.062

Oil compounds
Oil yield 0.069 0.437 0.654 0.684

Essential oil 0.069 0.437 0.654 0.684

Phenylpropanoids trans-anethole 0.008 0.305 0.384 0.668

Phenylpropanoids o-isoeugenol 0.866 0.999 0.010 0.138

Phenylpropanoids p-anisaldehyde  < 0.001  < 0.001 0.002 0.110

Phenylpropanoids anisole 0.521 0.565 0.389 0.321

Phenylpropanoids p-anisaldehyde  < 0.001  < 0.001  < 0.001  < 0.001

Phenylpropanoids estragole 0.255 0.603 0.198 0.735

Monoterpene hydrocarbons α-pinene  < 0.001  < 0.001  < 0.001  < 0.001

Monoterpene hydrocarbons limonene 0.009 0.031 0.002 0.211

Monoterpene hydrocarbons myrcene 0.006 0.018 0.112 0.326

Monoterpene hydrocarbons linalool 0.471 0.080 0.014 0.400

Monoterpene hydrocarbons cis-β-ocimene 0.335 0.595 0.349 0.554

Monoterpene hydrocarbons sabinene  < 0.001  < 0.001 0.247 0.377

Monoterpene hydrocarbons p-cymene 0.013 0.003  < 0.001 0.177

Monoterpene hydrocarbons α-phellandrene 0.206 0.616 0.076 0.472

Monoterpene hydrocarbons fenchone 0.359 0.458 0.791 0.902

Monoterpene hydrocarbons 1,8-cineole  < 0.001  < 0.001  < 0.001 0.016

Monoterpene hydrocarbons α-fenchyl acetate  < 0.001  < 0.001  < 0.001  < 0.001

Monoterpene hydrocarbons α-terpinene  < 0.001  < 0.001  < 0.001  < 0.001

Sesquiterpene hydrocarbons γ-himachalene  < 0.001  < 0.001  < 0.001  < 0.001

Sesquiterpene hydrocarbons isolongifolene  < 0.001  < 0.001  < 0.001  < 0.001

Sesquiterpene hydrocarbons β-elemene 0.007 0.046 0.016 0.270

Sesquiterpene hydrocarbons zingiberene  < 0.001  < 0.001 0.002 0.055

Biological activity
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This complexity underscores the challenge of analyzing 
data using traditional statistical methods, necessitating 
advanced techniques.

Table 2 shows the p values from the variance analysis 
for the effects of seed maturity stage, country of origin, 
AMF treatment, and their interactions on the physico-
chemical composition of P. anisum accessions. Several 
chemical compounds of P. anisum seeds, including sap-
onin, crude fiber, total sugar, ash, total flavonoids, total 
phenols, and multiple phenylpropanoids and monoter-
pene hydrocarbons, significantly affected the sources of 
variation. For example, saponin, total sugar, and ash con-
tents are significantly affected by country of origin, seed 
maturity stage, and AMF treatment, indicating a complex 
interaction between these sources of variation for these 
variables.

In summary, the ANOVA results underscore the sig-
nificant and complex effects of country of origin, seed 
maturity stage, and AMF treatment on various physico-
chemical variables of P. anisum accessions. These find-
ings are crucial for understanding the factors influencing 
the physicochemical composition of P. anisum seeds. 
Using PCA to combine these variables into principal 
components is instrumental in reducing dimensionality, 
addressing multicollinearity, and enhancing the inter-
pretability and classification performance of the data. 
This approach enables more effective differentiation of 
noninoculated and AMF-inoculated plants, thereby facil-
itating the identification of the most important variables 
in the classification process.

Table 3 presents the explained variance ratios for each 
component derived from the PCA. These ratios, seg-
mented by variable categories, demonstrate the effec-
tiveness of reducing the dimensionality of the dataset 
while retaining most of the variability. This reduction, 
facilitated by PCA, paves the way for the subsequent 
application of the RF algorithm for classifying and differ-
entiating P. anisum accessions, underscoring the utility of 
this technique in this study.

The results of the RF models used to evaluate the 
importance of the physicochemical variables of P. ani-
sum seeds in the differentiation of plants inoculated with 
AMF from noninoculated plants (control) are shown 
in Figs. 1, 2, 3, 4 and 5. These algorithms show that the 
greater capacity of the variables to differentiate plants 
inoculated with AMF represents the more significant 
influence of the symbiotic interaction between AMF and 
P. anisum roots in this set of dependent variables. Fig-
ures  1, 2, 3, 4 and 5 (a) show the variations in the per-
formance metrics of the classification models obtained. 
Figures  1, 2, 3, 4 and 5 (b) show the importance of the 
variable’s country of origin, seed maturity stage, and the 
PCA 1 and PCA 2 components of the PCA.

The PCA combination of different variables was con-
sidered for each result. As shown in Fig. 1, all variables 
related to the physicochemical composition of P. anisum 
seeds were used for linear combination with PCA. The 
results in Fig. 1 reveal that the variability represented by 
the principal components of the PCA, followed by the 
geographic origin of the seeds, is the most relevant factor 
for classification. The variable "stage" has the least impor-
tance, with values close to zero, indicating that the stage 
of seed maturation has little or no influence on the clas-
sification of the samples by the model, considering all the 
variables collected. In Fig. 2, only the variables related to 
the composition of total nutrients are combined. These 
results demonstrate that when considering only the total 
nutrient composition variables, the RF model performs 
significantly better in classifying samples than when 
combining all physicochemical variables (Fig.  1). The 
performance metrics (accuracy, F1 score, and ROC) are 
relatively high and have relatively low variability, indi-
cating a relatively robust and reliable model. The prin-
cipal components (PCA 1 and PCA 2) remain the most 
important variables for classification, with a more bal-
anced contribution between them. The variable "Coun-
try" maintains an intermediate influence, whereas "Stage" 
remains unimportant. Figure  3 shows the results of the 

Table 1  (continued)

Variable Statistical test

Levene Bartlett Shapiro‒Wilk Kolmogorov‒
Smirnov

Amylase  < 0.001  < 0.001  < 0.001  < 0.001

Lipase  < 0.001  < 0.001  < 0.001  < 0.001

Anti-cholesterol  < 0.001  < 0.001  < 0.001 0.002

2,2-Diphenyl-1-picrylhydrazyl 0.264 0.995 0.008 0.114

Total antioxidant capacity  < 0.001 0.370 0.006 0.848

Anti-lipid peroxidation  < 0.001 0.003  < 0.001 0.061
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Table 2  P values of ANOVA for the impacts of country of origin, maturation stage, and treatment with AMF on the physicochemical 
properties of P. anisum seeds

Variable Standard
error

Source of Variation

Country (C) Maturation 
Stage (M)

AMF treatment 
(T)

Interaction C × M Interaction C × T Interaction
M × T

Interaction 
C × M × T

Physical properties
Seed dry weight 2.93  < 0.001  < 0.001 0.299 0.255 0.170 0.005 0.156

Seed water content 3.01 0.516  < 0.001 0.347 0.955 0.882 0.674 0.899

Total nutrients
Saponin 1.26  < 0.001  < 0.001  < 0.001 0.931 0.003 0.454 0.062

Steroid 14.6 0.722  < 0.001 0.153 0.948 0.324 0.698 0.739

Total protein 4.87 0.882 0.546 0.180 1.000 0.984 0.997 1.000

Total sugar 7.89  < 0.001  < 0.001  < 0.001 0.120 0.502 0.016 0.910

Ash 3.22  < 0.001  < 0.001  < 0.001 0.837 0.492 0.694 0.983

Crude fiber 0.32  < 0.001  < 0.001  < 0.001 0.959  < 0.001 0.183 0.887

Total phenols 0.46  < 0.001 0.168 0.014 0.035 0.098 0.998 1.000

Total flavonoids 1.34  < 0.001  < 0.001  < 0.001  < 0.001 0.003  < 0.001  < 0.001

Total alkaloid 6.90  < 0.001  < 0.001 0.002 0.162  < 0.001 0.138 0.060

Tannin 1.75  < 0.001  < 0.001  < 0.001 0.058 0.005 0.402 0.703

Metabolic compounds
Phenylalanine 0.07  < 0.001  < 0.001  < 0.001 0.125  < 0.001 0.584 0.407

L-phenylalanine 
ammonia-lyase

2.73 0.033  < 0.001  < 0.001 0.039  < 0.001  < 0.001 0.459

3-Deoxy-D-arabi-
noheptulosonate 
7-phosphate 
synthase

0.02  < 0.001  < 0.001  < 0.001 0.003  < 0.001 0.002  < 0.001

Cinnamic acid 0.14 0.014  < 0.001  < 0.001  < 0.001 0.013 0.178  < 0.001

Shikimic acid 1.97  < 0.001  < 0.001 0.228  < 0.001 0.291 0.157 0.032

O-methyltrans-
ferase

1.10 0.004  < 0.001  < 0.001 0.871 0.011  < 0.001 0.922

Oil compounds
Oil yield 0.23  < 0.001  < 0.001  < 0.001 0.442  < 0.001 0.072 0.594

Essential oil 0.07  < 0.001  < 0.001  < 0.001 0.442  < 0.001 0.072 0.594

Phenylpropanoids 
trans-anethole

1.19  < 0.001  < 0.001  < 0.001 0.388  < 0.001 0.091 0.944

Phenylpropanoids 
o-isoeugenol

0.11 0.007 0.099 0.010 1.000  < 0.001 0.807 1.000

Phenylpropanoids 
p-anisaldehyde

0.02 0.987  < 0.001 0.527 0.991 0.016 0.211 0.358

Phenylpropanoids 
anisole

0.121  < 0.001  < 0.001 0.316 0.874  < 0.001 0.515 0.993

Phenylpropanoids 
p-anisaldehyde

0.276  < 0.001  < 0.001 0.229  < 0.001  < 0.001 0.093  < 0.001

Phenylpropanoids 
estragole

0.249 0.027  < 0.001  < 0.001 0.322 0.091 0.518 0.988

Monoterpene 
hydrocarbons 
α-pinene

0.160 0.007  < 0.001 0.189  < 0.001 0.001 0.118  < 0.001

Monoterpene 
hydrocarbons 
limonene

0.07 0.014  < 0.001 0.381 0.155  < 0.001 0.139 0.062

Monoterpene 
hydrocarbons 
myrcene

0.185  < 0.001  < 0.001  < 0.001 0.116  < 0.001 0.042  < 0.001
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variables related to the composition of the seed meta-
bolic compounds. The results show that the exclusive use 
of metabolic compound variables results in less robust 
classification performance than the use of total nutrient 

variables (Fig.  2), resulting in greater variability in the 
performance metrics. Although the ROC still indicates 
a reasonable discrimination capacity, the greater varia-
tion in accuracy and F1 score suggests that the metabolic 

Table 2  (continued)

Variable Standard
error

Source of Variation

Country (C) Maturation 
Stage (M)

AMF treatment 
(T)

Interaction C × M Interaction C × T Interaction
M × T

Interaction 
C × M × T

Monoterpene 
hydrocarbons 
linalool

0.09 0.004  < 0.001  < 0.001 0.573  < 0.001 0.791 0.741

Monoterpene 
hydrocarbons cis-
β-ocimene

0.17 0.133  < 0.001  < 0.001 0.488  < 0.001  < 0.001  < 0.001

Monoterpene 
hydrocarbons 
sabinene

0.05  < 0.001  < 0.001 0.275 0.273 0.002 0.042 0.404

Monoterpene 
hydrocarbons 
p-cymene

0.07  < 0.001  < 0.001  < 0.001 0.006  < 0.001  < 0.001  < 0.001

Monoterpene 
hydrocarbons 
α-phellandrene

0.11  < 0.001  < 0.001 0.003 0.908 0.004 0.313 0.506

Monoterpene 
hydrocarbons 
fenchone

0.15  < 0.001  < 0.001 0.001 0.112 0.696 0.102 0.651

Monoterpene 
hydrocarbons 
1,8-cineole

0.14 0.798  < 0.001 0.023 0.901 0.050 0.059 0.934

Monoterpene 
hydrocarbons 
α-fenchyl acetate

0.11 0.819  < 0.001 0.527 0.994 0.068 0.699 0.137

Monoterpene 
hydrocarbons 
α-terpinene

0.02 0.308  < 0.001 0.769 0.506 0.040 0.255 0.587

Sesquiterpene 
hydrocarbons 
γ-himachalene

0.02 0.156  < 0.001 0.198 0.024  < 0.001 0.702 0.047

Sesquiterpene 
hydrocarbons 
isolongifolene

0.05 0.313  < 0.001 0.058 0.064  < 0.001 0.019  < 0.001

Sesquiterpene 
hydrocarbons 
β-elemene

0.16 0.008 0.063 0.181 0.990  < 0.001 0.148 0.860

Sesquiterpene 
hydrocarbons 
zingiberene

0.08 0.601  < 0.001 0.101 1.000 0.012 0.630 0.744

Biological activity
Amylase 1.45 0.003  < 0.001  < 0.001 0.869  < 0.001 0.026 0.884

Lipase 1.00  < 0.001  < 0.001  < 0.001  < 0.001 0.006  < 0.001  < 0.001

Anti-cholesterol 4.34  < 0.001  < 0.001 0.816 0.391 0.188  < 0.001 0.050

2,2-Diphenyl-1-pic-
rylhydrazyl

2.86  < 0.001  < 0.001 0.342 0.732 0.971 0.543 0.986

Total antioxidant 
capacity

2.67 0.025  < 0.001 0.069 0.850 0.347 0.928 0.978

Anti-lipid peroxida-
tion

1.13 0.006  < 0.001 0.002 0.381 0.285 0.644 0.589
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compound composition is not as effective in differen-
tiating samples as the nutrient composition. The prin-
cipal components, PCA 1 and PCA 2, remain the most 
important, with a more balanced contribution between 
them. The variable "Country" maintains a low influence, 
and "Stage" has no significant influence. Figure  4 pre-
sents the results related to the composition of the oil 
compounds, showing that the exclusive use of oil com-
pound variables results in a classification performance 
with distinct characteristics. Although the discrimina-
tion ability between classes (measured by ROC) remains 
reasonable, the greater variability, mainly in the F1 score, 
indicates a potential imbalance between precision and 
recall, suggesting that the model has more difficulty cor-
rectly classifying samples based on only oil compounds. 
The principal components PCA 1 and PCA 2 continue 
to be the most important, with a more balanced contri-
bution between them. The variable "Country" maintains 
a low influence, and "Stage" has no significant influence. 
In Fig. 5, the variables related to the components of the 
biological activity of the seeds are shown. The results 
in Fig.  5 reveal that using biological activity compound 
variables results in good classification performance, with 
high consistency (low variation in accuracy) and good 
discrimination ability between classes (high ROC). The 
F1 score suggests a slight imbalance between precision 
and recall but to a lesser extent than that observed for 
oil compounds. PCA 1 stands out as the primary deter-
minant for classification, indicating that the variability 
captured by this component is crucial for differentiating 
samples based on biological activity. The variables "Coun-
try" and "Stage" have little or no influence.

Table 4 presents the OOB score values for each fold 
of the tenfold cross-validation, categorized by vari-
able categories and computed for all the variables. 
These results are consistent with the patterns depicted 
in the previous graphs, offering a detailed overview of 
the RF model’s performance across different subsets of 

variables. The scores highlight the model’s performance 
across different variable contexts, demonstrating the 
utility of each subset in contributing to the overall clas-
sification accuracy. Figures  6 (a)-(f ) display the ROC 
curve and the corresponding AUC values for each 
cross-validation. Assessments were conducted across 
various variable categories and for the entire data-
set. Each figure includes the mean ROC curve across 
folds, the mean AUC, and the corresponding standard 
deviation.

Discussion
Studying complex biological data, especially when mul-
tiple interacting factors, such as AMF inoculation of P. 
anisum seeds of different varieties, often results in large 
datasets with nonlinear relationships between variables. 
This is common in terms of plant morphological traits 
and seed physicochemical composition, the complexity 
of which can hinder effective analysis. To address this, 
the PCA and RF algorithms are valuable tools. PCA sim-
plifies data by reducing dimensionality, transforming 
correlated variables into uncorrelated principal compo-
nents, and retaining the data’s variability. Other studies 
have used PCA to analyze P. anisum accessions, although 
with different approaches. Balkhyour et al. [15] employed 
biplot graphs to analyze the impact of high CO2 on anise 
seed chemical composition. Moreover, based on SNP 
data, Mehrayi et  al. [51] used PCA to assess species 
diversity in Pimpinella species.

In addition to PCA and RF, an ensemble of decision 
trees complements PCA by offering reliable classifica-
tion results and quickly processing large datasets. In our 
study, to assess how AMF inoculation affects the chemi-
cal composition of P. anisum seeds, PCA was applied to 
reduce dimensionality and simplify data complexity for 
effective classification (Tables 1, 2, and 3). By transform-
ing correlated variables into uncorrelated PCs, PCA helps 
address multicollinearity, retaining most of the data’s var-
iance. This simplification is crucial for models such as RF, 
as it improves classification accuracy.

The first components (PC1 and PC2), alongside the 
country and stage variables, enhance the understanding 
and visualization of the dataset, enabling more precise 
insights into the interaction effects of the studied factors. 
This method is widely utilized to reduce the complex-
ity of numerous variables and develop machine learning 
models while simultaneously minimizing information 
loss [30]. Our results revealed significant variations, with 
some compounds, such as total flavonoids and monoter-
pene hydrocarbons, showing consistent deviations from 
normality and homogeneity assumptions, which are 
important for subsequent analyses (Table  1). ANOVA 
results for the effects of country of origin, maturation 

Table 3  Variance explained by the PCA components, 
considering the different categories of physicochemical 
compositions of P. anisum seeds

Variable Set Explained variance (%)

PCA 1 PCA 2

All 69.87 9.40

Physical Properties 97.68 2.31

Total Nutrients 76.40 10.89

Metabolic compounds 73.73 24.90

Oil compounds 84.73 7.46

Biological Activity 59.19 25.90



Page 10 of 17de Oliveira et al. BMC Plant Biology          (2025) 25:608 

stage, AMF treatment, and their interactions. Significant 
p values for the country of origin and maturation stage 
highlight their impact on seed composition. Notably, 
compounds such as total flavonoids and monoterpene 

hydrocarbons significantly interact with these factors, 
emphasizing their role in biochemical variation, as also 
observed in other studies linking the origin and matu-
rity stage to aniseed composition [23]. Inoculated vs. 

Fig. 1  Results considering the combination of all variables related to the physicochemical composition of P. anisum seeds by the PCA. a 
Performance metrics. b Importance of variables

Fig. 2  Results of the PCA for variables of the total nutrient composition of P. anisum seeds. a Performance metrics, b Importance of variables
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noninoculated plants were classified using PCA, with 
a median accuracy and F1 score of approximately 60%. 
Some folds exceeded 80%, whereas others were lower, 
with variability linked to limited sample sizes, affect-
ing model accuracy and overfitting (Fig.  1). The PCA 
weight over country of origin and maturation stage in 

distinguishing plants was measured, and the boxplot 
shows consistent variable importance across folds despite 
performance variations (Fig. 1b). Our data also revealed 
greater variability in the importance of variables, with the 
country and maturation stage being more closely related 
(Fig.  2b), highlighting the significant role of geographic 

Fig. 3  Results of the PCA for variables associated with the metabolic compound composition of P. anisum seeds. a Performance metrics, b 
Importance of variables

Fig. 4  Results of the PCA for variables associated with the oil compounds of P. anisum seeds. a Performance metrics, b Importance of variables
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diversity in AMF inoculation efficiency, with previous 
studies supporting the impact of origin on the chemical 
composition of seeds (Figs. 3, 4 and 5b). In this context, 
anise quality is determined mainly by its essential oil 
content, composition, and total flavonoid content [15]. 
Overall, the analyses in Tables 1, 2, and 3 and Figs. 1, 2, 
3, 4 and 5 highlight the effectiveness of PCA in simpli-
fying datasets for classifying AMF-inoculated vs. nonin-
oculated plants. The physicochemical variables of seeds 
consistently exceeded those of the cultivation country or 
maturation stage in the RF-based models. Table 2 shows 

that, compared with the seed properties, only 12% of the 
variables are significantly affected by the interaction of 
these factors, indicating their limited impact.

In this study, compared with noninoculated plants, 
AMF increased essential oil accumulation. This finding 
suggests increased phenylpropanoid and terpene bio-
synthesis, although direct measurements were not made. 
Phenylpropanoid compounds are the main components 
of essential oils and are synthesized from phenylalanine 
through the cinnamic and shikimic acid pathways [52]. 
The essential oil content and chemical composition are 

Fig. 5  Results of the PCA of the variables related to the biological activity of P. anisum seeds. a Performance metrics, b Importance of variables

Table 4  Random forest out-of-bag (OOB) score results for each of the folds considered and variable contexts

Fold
Cross-validation

Variables of the seed physicochemical composition

All Physical 
properties

Total nutrients Metabolic 
compounds

Oil compounds Biological activity

1 0.7031 0.5156 0.7344 0.6719 0.6094 0.7500

2 0.6875 0.5938 0.6250 0.6875 0.6719 0.7188

3 0.6615 0.5846 0.6308 0.7538 0.6308 0.7385

4 0.7077 0.6308 0.6923 0.6000 0.6308 0.6923

5 0.6308 0.6000 0.5846 0.7231 0.6615 0.7385

6 0.6923 0.5846 0.5846 0.6923 0.6462 0.7231

7 0.6769 0.5846 0.6462 0.6462 0.6923 0.7231

8 0.6615 0.6000 0.6308 0.7077 0.6923 0.7077

9 0.7692 0.5692 0.7385 0.7231 0.6462 0.7385

10 0.6769 0.6308 0.6462 0.6000 0.5846 0.7231

Average 0.6868 0.5894 0.6513 0.6806 0.6466 0.7253
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Fig. 6  The ROC curve and the AUC were used to evaluate the model’s capacity to distinguish between AMF-inoculated plants and noninoculated 
(control) plants and were computed for each fold. The evaluations were conducted for the following variable categories: (a) All variables, (b) physical 
properties, (c) total nutrients, (d) metabolic compounds, (e) oil compounds, and (f) biological activity
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critical factors, and anise quality is also influenced by a 
seed’s developmental stage and geographical origin [15]. 
In this context, significant interactions between envi-
ronmental factors, seed maturity, and origin play cru-
cial roles in shaping anise’s chemical composition and 
pharmaceutical properties. Several factors may explain 
these results [15]. Aćimović et al. [53] noted that climatic 
conditions significantly affect chemical composition and 
AMF symbiosis. Each country’s specific conditions influ-
ence the chemical composition of the seeds, affecting 
their symbiotic associations with AMF. Genetic differ-
ences between P. anisum accessions from different coun-
tries also play a role, as geographic distance can lead to 
unique genetic traits within populations. The coloniza-
tion process of AMF involves stages, pre-colonization, 
penetration/colonization, and establishment, each of 
which is regulated by species-specific genes [54]. Varia-
tions in these genes among plants from different coun-
tries can impact symbiosis efficiency, as observed in 
sorghum crops by Cobb et al. [55].

AMF significantly interferes with total nutrients, 
metabolic compounds, many oil compounds, and all 
variables associated with biological activity in anise 
seeds (Table  2). Because many chemical compounds in 
plants are involved in their adaptation to environmen-
tal conditions, these results can be altered by external 
environmental factors [15]. In this study, the variable 
environmental factor was the inoculation of AMF, which 
colonizes the plant root system. The degree of coloniza-
tion by AMF was found to vary across the different vari-
eties used in the study, with colonization ranging from 
45 to 57% among the accessions. AMF colonization has 
been shown to increase plant nutrient value by increas-
ing the photosynthesis rate, which supports overall plant 
growth [48, 49]. Photosynthesis is the primary driver of 
biomass accumulation and provides the carbon skeleton 
for the biosynthesis of all metabolites. Improved photo-
synthesis increases sugar accumulation, directing more 
sugars to seeds and increasing sink strength [56]. High 
sugar accumulation under AMF growth conditions may 
supply carbon skeletons for other secondary metabolites, 
such as essential oils [57]. In this context, increased sugar 
content acts as a precursor for synthesizing different 
metabolites, such as phenolic compounds [58].

AMF also helps plants access water more efficiently, 
promote higher chlorophyll contents, and improve light 
capture and energy conversion, which supports their 
photosynthetic function [59]. Overall, the effects of AMF 
on photosynthesis and mineral uptake increase plant 
yield and increase the chemical composition and bio-
logical activity of plants. For example, the effects of AMF 
inoculation on essential oil composition, plant growth, 
and antioxidant and lipoxygenase activity were observed 

in Piper aduncum L. [50]. It has also been reported that 
aniseeds contain high amounts of total phenolics and 
flavonoids, which are the main contributors to their 
antioxidant and other bioactivities [60]. Moreover, AMF 
has been demonstrated to significantly increase a plant’s 
biological activity [61, 62], facilitating nutrient exchange 
between the two partners, which offers several benefits, 
including the accumulation of bioactive metabolites.

The findings highlighted the hierarchical importance 
of variables, with biological activity being the most criti-
cal, followed by metabolic compounds, total nutrients, 
oil compounds, and physical properties. This hierarchy 
should guide future feature selection and model opti-
mization to improve classification accuracy. Integrating 
multiple variable contexts, particularly biological activity, 
enhances model performance. Individual ROC and AUC 
results for each fold are depicted in Fig. 6. The physical 
properties had the lowest average performance, although 
fold 9 achieved an AUC of 100%, indicating inconsist-
ent patterns in this variable set. The best results were 
obtained for the biological activity variables, which were 
only slightly lower than those obtained when all variables 
were used, underscoring their crucial role in improving 
classification accuracy.

Agronomically, the ability of various groups to differen-
tiate between treatments inoculated with AMF and those 
not inoculated with AMF correlates with the influence of 
mycorrhizal associations. Biological activity variables are 
most impacted by this interaction, followed by metabolic 
compounds, total nutrients, and oil compounds, whereas 
physical properties remain unaffected. PCA components 
also explain variance in physical properties, nutrients, 
metabolic compounds, oil compounds, and biological 
activity (Table  3). PCA1 and PCA2 capture 59.19% to 
97.68% of the variance, reducing dimensionality while 
retaining key information for further analysis [31]. This 
approach simplifies the feature space, improving the 
interpretability and efficiency of studies by identifying 
critical factors, such as the country of origin and seed 
maturation stage, in shaping the biochemical profiles of 
P. anisum.

To further emphasize the significance of our findings, 
it is essential to recognize that the enhanced under-
standing of the effects of AMF inoculation on the phys-
icochemical composition of P. anisum offers valuable 
insights for agricultural practices. These results indicate 
that AMF can improve essential oil accumulation and 
nutrient content, which is critical for the commercial and 
medicinal applications of anise. These findings suggest 
that incorporating AMF into cultivation strategies could 
lead to increased crop yields, improved quality of essen-
tial oils, and increased nutritional value. These practices 
contribute to agricultural sustainability and align with 
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organic farming principles that prioritize natural soil 
health and microbial activity. Furthermore, the ecologi-
cal implications of our study are noteworthy; promot-
ing mycorrhizal associations might enhance soil health 
and nutrient cycling within agroecosystems  [63, 64]. By 
fostering beneficial microbial relationships, farmers can 
achieve a more resilient agricultural system that reduces 
chemical fertilizer and pesticide dependency.

In summary, our findings advance the scientific under-
standing of AMF interactions with P. anisum and provide 
actionable insights for enhancing cultivation practices 
that could lead to sustainable agricultural development 
and improved food quality.

Conclusion
Integrating the RF algorithm with dimensionality reduc-
tion techniques such as PCA can improve our understand-
ing of plant‒microorganism interactions, particularly with 
respect to AMF inoculation in P. anisum L. accessions. This 
approach underscores the importance of considering seed 
origin in optimizing symbiotic associations and offers valu-
able insights for enhancing sustainable agricultural prac-
tices. Future research can build upon this foundation by 
exploring advanced machine learning methods to further 
unravel the complexities of plant–microorganism dynam-
ics across diverse agricultural systems.
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