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Abstract
Biochemical parameters such as phenolic compounds, tocopherols and polyunsaturated fatty acids (omega-6 and omega-3 
etc.) found in walnuts support cardiovascular health with their high antioxidant content, reduce inflammation and improve 
the blood lipid profile and show positive effects such as lowering LDL cholesterol, increasing HDL and reducing oxidative 
stress. This study investigates the application of machine learning algorithms to predict the biochemical properties of 10 
walnut (Juglans regia L.) genotypes selected from the Kahramanmaraş region and three commonly cultivated walnut culti-
vars (Maraş-18, Chandler, and Franquette). Plant material was collected between 2020–2021, and analyses were conducted 
on biochemical components, including polyphenols, antioxidant capacity, protein, oil, fatty acids, sugars, and organic acids 
using HPLC, GC, and spectrophotometric methods. The highest total phenolic content was found in genotype 46KM-5 
(402.6  mg GAE/100  g), and the highest antioxidant capacity in genotype 46KM-13 (73.77%). The 46KM-9 genotype 
exhibited the highest oil content (71.60%) and the highest total sugar content (3.27%), while sucrose was the dominant 
sugar. Regarding fatty acids, genotype 46KM-19 had the highest linoleic acid content (60.88%), and genotype 46KM-21 
showed the highest oleic acid content (20.88%). Malic acid emerged as the dominant organic acid, with the highest content 
observed in genotype 46KM-9 (6.55%). In addition, various machine learning algorithms such as such as decision tree, 
support vector regression, K-nearest neighbor (KNN), gradient boosting, multi-layer perceptron, and linear regression 
(LR) have been used to assess the biochemical properties of genotypes using hyperparameter optimization. KNN algorithm 
generally provided high performance in prediction processes by exhibiting very low error rates. This study's results align 
with previous research, highlighting walnut genotype variation and nutritional benefits. Machine learning predicts key 
traits, aiding breeders and consumers in health-focused production and better genotype selection for improved cultivation.
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Introduction

Walnuts (Juglans regia L.) are a valuable nut known for 
their rich nutritional profile and health benefits. Anatolia, 
located at the intersection of the Iran-Turan, Mediterranean, 
and Euro-Siberian phytogeographical regions, is recognized 
as one of the world's most significant biodiversity hotspots 
[72]. It is not only rich in general plant diversity but is also 
considered one of the primary centers of origin and diver-
sity for walnut (Juglans regia L.) [1, 52]. Among approxi-
mately 20 species within the genus Juglans, J. regia is the 
most economically important and widely cultivated species 
worldwide [16, 28, 80]. Known as the Anatolian or Persian 
walnut, Juglans regia L. is indigenous to Türkiye [67]. The 
diverse applications of walnuts have led to increased produc-
tion in both the global and Turkish markets [25, 37, 54]. The 
world's walnut production stands at approximately 3.5 mil-
lion tons. Türkiye, a key player in walnut cultivation, ranks 
fourth globally after China, the USA, and Iran, contributing 
around 9% of global production with 360,000 tons in 2023 
[19]. In 2022, global walnut production reached 3.9 million 
tons. China ranked first with 1.4 million tons, followed by 
the United States in second place with 682 thousand tons, 
and Iran in third place with 355 thousand tons (Fig. 1). As 
of 2024, Turkey has a total of 17.5 million fruit-bearing wal-
nut trees and 12.8 million non-bearing young walnut trees, 
indicating significant potential in walnut production. The 
presence of young orchards suggests that output is likely to 
increase in the coming years. The total walnut cultivation 
area spans 1,780,045 decares, with an annual production 
of 426,000 tons. The average yield per tree is calculated at 
24 kg. (TUİK, 2024). The world's walnut imports were 774 
thousand tons in 2023. Turkey ranks first in world walnut 
imports with 99 thousand tons, while the UAE ranks second 
with 72 thousand tons and India ranks third with 62 thousand 
tons. Turkey carries out 13% of the world's walnut imports. 
In 2023, global walnut exports reached approximately 845 

thousand tons. The United States led international exports 
with 223 thousand tons, followed closely by China with 218 
thousand tons, and Chile with 143 thousand tons, placing 
them in the top three positions. The U.S. and China each 
represented around 26% of total global walnut exports, 
while Chile contributed about 17%, Mexico approximately 
8%, and Türkiye held a 4% share in global export volumes. 
[19, 31].

Turkey, particularly its Eastern and Southeastern Anato-
lia regions, is recognized as an important center of genetic 
diversity for Persian walnut (Juglans regia L.) [28]. The 
Kahramanmaraş region in southeastern Türkiye offers 
favorable climatic and soil conditions for walnut cultivation. 
The region's specific temperature and precipitation patterns, 
soil characteristics, and altitude create an ideal environment 
for producing high-quality walnut cultivars [7, 27]. Recent 
research has focused on developing and characterizing new 
walnut cultivars in this region to meet growing demand and 
enhance the crop's economic value (69, 76],Koc et al. 2009, 
27, 55]. Kahramanmaraş accounts for approximately 5.1% 
of Turkey’s total fruit-bearing walnut trees and 6.1% of the 
country’s total walnut cultivation area. However, the aver-
age yield per tree (23 kg) remains below the national aver-
age (24  kg). Despite its high production volume (20,898 
tons), the region underperforms in productivity, which may 
be attributed to factors such as inadequate maintenance 
practices, suboptimal cultivar selection, insufficient irriga-
tion, or the prevalence of aging orchards. Hakkâri, despite 
accounting for a relatively small share of Turkey’s total wal-
nut production, achieves the highest yield per tree (29 kg), 
significantly exceeding the national average (24 kg). This 
exceptional productivity may stem from the use of high-
yielding cultivars, adoption of modern cultivation tech-
niques, and/or favorable agroecological conditions. The 
region’s performance highlights the potential of optimized 
practices in low-volume but high-efficiency production sys-
tems. Gaziantep contributes only 0.89% of Turkey’s total 

Fig. 1  . World walnut yield (kg/da) 
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walnut output (3812 tons), yet its yield per tree (26 kg) also 
surpasses the national average. This suggests intensive and 
efficient production within limited acreage, possibly due to 
targeted agronomic management or superior varietal selec-
tion TUİK, 2024).

Walnuts, a crucial component of the Mediterranean diet, 
are an important food source for many communities world-
wide [30, 73]. The main factors that determine the nutri-
tional value of walnuts are the variety and concentration 
of biochemical composition they contain. Therefore, Wal-
nut (Juglans regia L.) is a strategic nut that contributes to 
human health in terms of both consumer health and com-
mercial value, thanks to its high biochemical compound 
content. Critical parameters affecting the nutritional value 
and marketability of walnuts, almonds, and pistachios 
include their biochemical properties, fatty acid profiles, phe-
nolic content, and antioxidant activity [24, 57]. In particular, 
components such as polyunsaturated fatty acids (especially 
linoleic and α-linolenic acid, omega-6, omega-3), tocopher-
ols (especially γ-tocopherol), phenolic compounds and ste-
rols increase the antioxidant capacity of walnuts and enable 
them to gain functional food qualities. In addition to its oil 
content, walnuts are also a valuable source of protein, con-
tributing significantly to human nutrition [37]. The level of 
these compounds not only increases the nutritional value, 
but also directly affects the shelf life, flavor profile and mar-
ketability of the product, which supports health claims. In 
addition, biochemical content variations in different walnut 
genotypes can be optimized through selection and breeding 
studies to maximize the nutritional quality of commercial 
varieties. Therefore, quantification of bioactive components 
in walnuts is of critical importance in terms of developing 
high value-added products in the food industry.

In fact, biochemical composition differences between 
commercial walnut varieties are among the important cri-
teria that determine the market adaptation capacity of geno-
types; varieties with high γ-tocopherol and total phenolic 
content are in higher demand both in the domestic market 
and in export markets. Therefore, biochemical properties 
not only increase nutritional value but also play a critical 
role in determining commercial priorities in walnut breed-
ing programs. Previous academic studies have emphasized 
the genetic and environmental factors influencing the bio-
chemical composition of walnuts. Variations in fatty acid 
composition and tocopherol content among different walnut 
genotypes highlight the importance of genetic diversity in 
breeding programs [28]. Additionally, cultivation meth-
ods, post-harvest processes, and processing techniques can 
impact the nutritional quality of walnuts [2], 70, 78, 10, 18, 
37, 77]. Unsaturated fatty acids, particularly omega-3 and 
omega-6, play, sugar and organic acids a significant role in 
human health by regulating lipid metabolism and reducing 

inflammation. High polyunsaturated fatty acid content in 
walnuts has been shown to lower total plasma and LDL 
cholesterol levels, thereby preventing coronary heart dis-
ease. Tocopherols in walnuts are powerful antioxidants that 
protect cellular components from oxidative damage and 
contribute to overall health. Additionally, many biochemi-
cal compounds in walnuts exhibit significant antioxidant 
properties, enhancing their benefits against various human 
diseases, as supported by numerous epidemiological stud-
ies[50, 74, 13, 21, 26, 29, 64, 71, 75]. As a result, there are 
numerous epidemiological and clinical studies on the poten-
tial role of daily walnut consumption against many health 
problems, including heart disease and its predictability, 
reduction of lesions, cancer, outflow dysbiosis, and neuro-
degenerative infectious diseases (Lockyer et al.[47, 53, 34, 
65].

In this context, the present study aims to analyze the bio-
chemical characteristics and fatty acid profiles of new wal-
nut cultivar candidates developed in the Kahramanmaraş 
region of Türkiye. By employing advanced analytical 
techniques, this research seeks to provide a comprehen-
sive evaluation of these new cultivars. It also examines the 
possible use of machine learning methods in predicting the 
biochemical content of genotypes. This methodology aims 
to develop more rapid and accurate prediction models than 
standard analytical approaches, significantly contributing 
to quality improvements and productivity enhancement in 
walnut cultivation. Due to the complexity and high dimen-
sionality of walnut biochemical data, traditional statisti-
cal methods may often be insufficient to reveal nonlinear 
relationships between traits. Therefore, machine learning 
algorithms can provide a more practical solution by provid-
ing fast and accurate estimation of basic biochemical traits. 
Machine learning enables data-driven selection strategies 
by integrating genotype assessment and, as a result, con-
tributes positively to the cultivation efficiency and variety 
development in walnut production.

Therefore, this study aimed to evaluate the biochemical 
composition, particularly the phenolic compounds, antioxi-
dant capacity, and fatty acid profiles of promising walnut 
genotypes developed in the Kahramanmaraş region of Tür-
kiye using machine learning-based modeling.

Materials and methods

Material

Experimental location description

Kahramanmaraş is located at 37°43′ north latitude and 37°8′ 
east longitude, at an elevation of approximately 900 m above 
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Cultural practices, including irrigation, fertilization, 
plant protection, and pruning, were regularly performed 
in the orchards. A fertilization program was implemented 
with approximately 800 g of phosphorus and potassium and 
1500  g of nitrogen per plant. Phosphorus and potassium 
were applied in a single dose in February, while nitrogen 
was applied in three equal portions over three months start-
ing in March, with monthly intervals. Microelement appli-
cations were initiated at the end of April. Drip irrigation was 
conducted at approximately 15-day intervals from late May 
to late September.

Method

Preparation of samples for biochemical analysis

Following the pulverization of walnut samples using a 
grinder, 500 mg of the samples were placed in 15 mL tubes, 
and 2.5 mL of 80% methanol was added. The samples were 
thoroughly mixed and then centrifuged at 4 °C at 4000 rpm 
for 10 min. After centrifugation, the samples were processed 
for biochemical parameter analysis[39].

Analyzing biochemical parameters

Analysis of total polyphenolics

Total phenolic content was measured using the modified 
Folin–Ciocalteu method as Spanos and Wrolstad (1990) 
described. Absorbance readings were taken at 765 nm using 
a spectrophotometer, and phenolic concentration was deter-
mined based on a calibration curve prepared with gallic 
acid. 50 µL aliquots were transferred from Falcon tubes to 2 
mL Eppendorf tubes to prepare the samples. Then, 100 µL 
of Folin–Ciocalteu reagent and 1500 µL of distilled water 
were added and left to react for 10 min. Afterward, 50 µL of 
20% Na2CO3 was added, and the samples were incubated in 
the dark for 2 h. Control samples and blanks were prepared 

sea level. Kahramanmaraş is located in the Mediterranean 
climate region, it exhibits a transitional climate between 
the Mediterranean and Southeastern Anatolia regions. The 
Mediterranean climate is characterized by warm and rainy 
winters and hot and dry summers. Detailed weather data for 
the study years are given in Fig. 2.

Plant material

The walnut samples used in this study consist of 10 impor-
tant walnut genotypes selected from Kahramanmaraş region. 
These genotypes were provided by the ‘Walnut Selection 
Breeding’ project supported by the General Directorate of 
Agricultural Research and Policies (TAGEM) carried out in 
Karamanmaraş. In addition, three important walnut cultivars 
Maraş-18, Chandler, and Franquette- that are widely grown 
were included in the study. The study was carried out in the 
central district of Kahramanmaraş province in 2022–2023 
at an altitude of 500 m. All genotypes and varieties used in 
the study were grafted onto uniform seedling rootstocks to 
ensure consistency in root system effect. For each genotype 
and cultivar, samples were collected from three different 
trees, with 10 walnut fruits taken per tree, resulting in three 
replicates per genotype or cultivar. In total, 10 genotypes 
and 3 cultivars were included in the study, and the collected 
samples amounting to a total of 390 walnut fruits (13 geno-
types/cultivars × 3 trees × 10 fruits) were used for the bio-
chemical and physicochemical analyses. All sampled trees 
were 10 years old. Fruit maturity was determined based on 
visual and physical indicators, including full kernel devel-
opment, hardening of the shell, and natural dehiscence of 
the green husk, which are considered standard markers of 
physiological ripeness in walnut. After harvesting, the sam-
ples were immediately transported to Çukurova University, 
Faculty of Agriculture, Department of Horticulture Labora-
tory and stored in cloth bags in a deep freezer at − 80 °C for 
detailed analysis.

Fig. 2  Climatic data of the study 
area for 2022 and 2023, including 
average temperature, maximum 
temperature, minimum tempera-
ture, average relative humidity, and 
average annual rainfall
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content and applying a nitrogen-to-protein conversion fac-
tor (Kc = 6.25,% protein = Kc * % total N)[33].

Analysis of fatty acid composition

Fatty acid analysis was conducted using an Agilent GC 
equipped with a flame ionization detector (Agilent, 7820A). 
An SGE acid silicide salt tube (30 m length, 0.32 mm inner 
diameter, 0.25 µm film thickness, BP20 0.25 UM, USA) 
was used for the analysis. The oven temperature was ini-
tially set to 140°C for 5 min, then increased to 200°C at 
4°C/min, and finally ramped to 220°C at 1°C/min. Standard 
fatty acid methyl esters (FAMEs) containing 37 components 
(Supelco 37 FAME Mix, Sigma-Aldrich, Cat. No. 47885-U) 
were used as references to identify and quantify fatty acids.

Analysis of sugar content

Sugar content in walnut fruits was analyzed using a modi-
fied protocol based on the method by Bernardez et al. [9]. 
Briefly, 0.2 g of the fruit sample was combined with 2.5 mL 
of distilled water and incubated in an ultrasonic bath at 65°C 
for 30 min. The mixture was then centrifuged at 15,000 rpm 
for 20 min. After centrifugation, the supernatant was col-
lected, and the process was repeated once. The superna-
tants were diluted to 5 mL with distilled water and filtered 
through a 0.45 μm nylon membrane. The filtered samples 
were then subjected to high-performance liquid chromatog-
raphy (HPLC) for sugar content analysis. The individual 
sugars were separated using a CARBOSep COREGEL 87C 
column (7.8 × 100  mm) set at 75  °C, and detected with a 
refractive index detector connected to a chart recorder (Shi-
madzu, Kyoto, Japan). Deionized water (100%) was used 
as the mobile phase, and the flow rate was set at 0.3 mL/
min. The sugars quantified from the fruit samples included 
glucose, fructose, sucrose, and total sugars.

Analysis of organic acid contents

Organic acids in walnut fruit samples were determined 
based on the method described by Bozan et al. [12], with 
slight modifications. For the extraction, 1  mL of homog-
enized fruit sample was mixed with 4 mL of 3% metaphos-
phoric acid. The mixture was placed in an ultrasonic water 
bath at 80  °C and sonicated for 15 min. After sonication, 
the samples were centrifuged at 5500 rpm for 15 min. The 
resulting supernatants were filtered through 0.45 μm nylon 
syringe filters (Whatman, 13 mm diameter) prior to HPLC 
analysis. The filtered extracts were analyzed using a high-
performance liquid chromatography (HPLC) system (Shi-
madzu LC-20A VP, Kyoto, Japan) equipped with a UV 
detector (Shimadzu SPD-20A VP, Kyoto, Japan). Separation 

with ultrapure water, methanol, and the Folin–Ciocalteu 
reagent. Finally, 250 µL of each control, blank, and sample 
was pipetted onto the plate, and absorbance was measured at 
765 nm using a Thermo Multi Scan Go spectrophotometer.

Analysis of total antioxidant capacity

Total antioxidant capacity was determined using the DPPH 
(2,2-diphenyl-1-picrylhydrazyl) radical scavenging assay as 
described by Brand-Williams et al. (1995). A 50 µL sample 
was transferred from Falcon tubes to 2 mL Eppendorf tubes, 
followed by the addition of 1950 µL of 0.06 mM DPPH 
solution under subdued light conditions. Each sample (250 
µL) was loaded onto a plate for analysis. Controls and 
blanks were prepared using distilled water, methanol, and 
DPPH solution. Absorbance was measured at 515 nm using 
a Shimadzu spectrophotometer (Japan). The DPPH inhibi-
tion percentage (%) was calculated using the formula:

% DPPH inhibition

= (control absorbance − (sample absorbance − blank absorbance))
control absorbance

× 100

And the DPPH radical scavenging activity was calculated 
as:

% DPPHradical scavenging

=
(Control absorbance − sample absorbance)

control absorbance
× 100

Analysis of total oil content and oil extraction

The kernels were separated from the walnuts using a nut-
cracker and immediately homogenized using a laboratory 
blender to ensure uniform particle size before extraction. 
For oil extraction, 25 g of kernel powder was used, and oil 
was extracted using an automatic Soxhlet apparatus with 
hexane as the organic solvent. The extracted oil was meth-
ylated using boron trifluoride/methanol [32, 38]. The fat 
content was calculated as a percentage of the weight dif-
ference before and after extraction. The extracted fat was 
subsequently used for fatty acid analysis.

Analysis of total protein content

Kernel samples were dried uniformly at 30 °C for 24 h to 
prevent degradation of thermolabile compounds such as 
proteins and phenolics prior to biochemical analysis. Pro-
tein content was determined using the Kjeldahl method 
[36]on 0.25  g of ground walnut kernels. The percentage 
of protein was calculated by measuring the total nitrogen 

1 3

3109



European Food Research and Technology (2025) 251:3105–3122

following layer and contains neurons with nonlinear acti-
vation functions. This approach is generally trained using 
back-propagation techniques, yielding effective outcomes 
in challenging tasks [35]. Support vector regression (SVR 
aims to forecast the target variable by optimizing the dis-
tance of a point from the hyperplane. If linear separation 
of the plane is impossible, linear divisions are executed by 
converting the data to a non-linear domain. Thus, it operates 
within a multi-dimensional polynomial framework. This 
model reduces the marginal error[6] [66].

Model setup and design

All the experiments were conducted on a Windows OS 
using Python 3.12 within the Jupyter Notebook environ-
ment. The implementation utilized standard libraries such 
as NumPy and Pandas for data preprocessing and manipula-
tion. All machine learning models were executed on a sys-
tem equipped with a 3.4 GHz CPU and 16 GB RAM.

This work outlines a workflow consisting of various 
stages. The stages in this workflow consist of data prepro-
cessing, feature selection, model training, hyperparameter 
optimization, model testing and evaluations. The dataset 
is first normalized for effective comparison and reducing 
the effect of different scales. Then, it is divided into two 
training and testing. A k-fold cross-validation method was 
used to provide a reliable machine learning model (k = 5). 
This method involves splitting the data into k subsets. Each 
subset is used for testing, while the remaining k − 1 sub-
sets are used for training. Hyperparameter optimization 
has been performed using a method called Optuna. This 
approach makes a significant contribution by making effec-
tive and scalable hyperparameter optimization. Decision 
trees, support vector machine, K-nearest neighbors, gradi-
ent boosting, multi-layer perceptron, and linear regression 
were used for predictions. The effectiveness of these models 
has been evaluated using the mean square error (MSE), root 
mean square error (RMSE), mean absolute error (MAE), 
and mean absolute percentage error (MAPE). We selected a 
single feature in each assessment as the dependent variable 
and the others as independent variables.

Results and discussion

Quantification of total phenolics and assessment of 
antioxidant capacity

Significant differences were observed among the tested wal-
nut genotypes and cultivars regarding total phenolic con-
tent (Table 1, p < 0.001). The total phenolic content ranged 
from 138.51  mg to 402.64  mg GAE/100  g, indicating 

was performed on an 87H column (300  mm × 7.8  mm 
I.D., 5 μm,Transgenomic). The mobile phase consisted of 
0.05 mM sulfuric acid, with a flow rate of 0.8 mL/min. The 
column temperature was maintained at 40 °C, and the injec-
tion volume was set to 20 μL. Detection was carried out at 
210 nm. Organic acids were identified by comparing their 
retention times and spectral data with those of analytical 
standards. Quantification was based on external calibration 
curves, and the results were expressed as mg per 100 g of 
sample.

Classical statistical analysis

The data obtained were subjected to variance analysis, and 
differences between means were determined using the LSD 
test. Differences among genotypes were tested using the 
least significant difference (LSD) method, and statistical 
significance was determined at the p < 0.05 level.The results 
were further evaluated using correlation, principal compo-
nent, and heatmap analyses. All statistical analyses were 
performed using JMP Pro 14 (SAS Institute Inc., Cary, NC, 
USA).

Machine learning algorithms

Decision tree regression (DT) is a hierarchical regression 
algorithm composed of nodes and branches. Nodes with 
outgoing edges are referred to as internal nodes, whereas 
nodes with the predicted target values are termed leaves. 
This algorithm partitions the data into two by allocating 
input variables to branches and target variables to leaves 
[59]. Gradient boosting regression (GB) is an ensemble 
learning approach that iteratively combines multiple tree 
models. This method progressively trains weak predictors, 
allowing each model to learn from the errors of its predeces-
sor, so creating a robust model. This tree-based approach 
seeks to systematically reduce margin errors to create a 
more resilient model [20, 56]. The K nearest neighbour 
regression (KNN) approach is a non-linear and efficient 
regression method that predicts outputs by analyzing the 
nearest K neighbors. The K value, a hyperparameter that 
determines the model's flexibility, significantly influences 
the model's performance [49].

Linear regression (LR) is a core element of machine 
learning, characterized by its simplicity, quick learn-
ing capacity, and considerable explanatory strength. This 
method assumes a linear relationship between dependent 
and independent variables [41]. The multi-layer perceptron 
(MLP) is a technique utilizing an artificial neural network 
design. It comprises an input layer, many hidden layers, and 
an output layer. It is capable of learning non-linear correla-
tions. Each layer consists of unique nodes connected to the 
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was found in genotype 46KM-13 (73.77%), followed by 
46KM-9 (72.64%) and 46KM-17 (70.48%), while Chandler 
exhibited the lowest value (59.70%). Several genotypes, 
including 46KM-5, 46KM-16, 46KM-21, and the Fran-
quette and 46KM-19 accessions, also displayed relatively 
lower antioxidant activity. Our results are in agreement with 
the findings of Gündeşli et al. [27], who reported DPPH 
values ranging from 54.65% to 71.99%, and Okatan et al. 
[54], who recorded values between 61.37% and 75.41%. 
The results further reveal that antioxidant capacity generally 
increased with phenolic content. This relationship supports 
the well-established notion that phenolic compounds sig-
nificantly contribute to radical scavenging capacity in wal-
nuts. Given the dual importance of high phenolic content 
and antioxidant capacity in terms of nutritional quality and 
breeding potential, genotypes such as 46KM-5, 46KM-9, 
and 46KM-13 stand out as promising candidates for further 
evaluation and potential commercial cultivation.

Quantification of protein and oil levels

The total protein content of the evaluated walnut genotypes 
and cultivars ranged from 13.23% (Maraş-18) to 20.05% 
(46KM-13), indicating a considerable variation among the 
materials studied (p < 0.01). The high protein concentration 
in 46KM-13 highlights its potential as a protein-rich geno-
type, which may offer nutritional advantages in human diets 
and functional food applications. In contrast, cultivars such 
as Maraş-18 and 46KM-15 exhibited relatively low protein 
levels. The average protein content across all genotypes 
was 16.21%, aligning with values reported in earlier stud-
ies (e.g., Savage, 2001; [5, 17, 37],Liu et al., 2020), which 
generally range between 14 and 19%. This consistency con-
firms the genetic stability of protein traits across diverse 
walnut backgrounds.

Regarding oil content, the genotypes also displayed sig-
nificant variation (p < 0.01), ranging from 50.24% (46KM-
13) to 71.60% (46KM-9). Genotype 46KM-9 was identified 
as the highest oil-yielding type, followed by 46KM-19 
(67.90%) and 46KM-21 (66.43%). On the other end of the 
spectrum, standard cultivars such as Chandler (50.34%) and 
Franquette (50.37%) showed comparatively lower oil lev-
els. Six of the studied genotypes surpassed 60% oil content, 
which is considered desirable for both nutritional and indus-
trial applications. These findings are largely consistent with 
global reports that cite typical walnut oil content ranging 
between 52 and 72% (Mitrović et al., 1995; [11, 22, 37, 38, 
62].

The nutritional relevance of both protein and oil content 
in walnuts cannot be overstated. Protein-rich genotypes may 
be favored in breeding programs aimed at developing high-
protein functional varieties, particularly in health-oriented 

considerable biochemical variability across the material 
studied. The highest phenolic concentration was recorded 
in genotype 46KM-5 (402.64 mg GAE/100 g), followed by 
46KM-8 (376.99 mg GAE/100 g) and 46KM-9 (348.38 mg 
GAE/100  g), while the lowest was observed in genotype 
46KM-19 (138.51  mg GAE/100  g). Among the standard 
cultivars, Chandler and Franquette displayed relatively low 
values of 210.19  mg and 240.36  mg GAE/100  g, respec-
tively, falling within the mid-to-lower range of the studied 
material. Overall, the results show that genotypes were sta-
tistically distinguishable in terms of phenolic content, with 
most genotypes forming separate significance groups. Nota-
bly, only 46KM-16 and 46KM-17 were statistically similar 
in phenolic concentration.

Our findings are consistent with previous studies reporting 
moderate phenolic content in walnuts grown under Mediter-
ranean conditions, such as Gündeşli et al. [27], who reported 
a range of 237.51–412.96 mg GAE/100 g. However, some 
studies have reported considerably higher values, including 
Pycia et al. [62]with 540.08–1067.81 mg GAE/100 g and 
Persic et al. (2018) with 750.67–1245.64 mg GAE/100 g. 
These discrepancies may arise due to differences in geno-
type, altitude, extraction methods, or analytical techniques. 
Consequently, we have emphasized comparisons with stud-
ies conducted in similar agroecological regions for better 
contextual relevance.

Likewise, significant variation was observed in antioxi-
dant activity (DPPH radical scavenging capacity), ranging 
from 59.70% to 73.77%. The highest antioxidant activity 

Table  1  Total phenolics, antioxidant capacity, total protein content, 
and total lipid of the walnut cultivars and genotypes in the kernels of 
ten walnut genotypes
Genotypes/ 
cultivars

Total Phenolics 
(mgGAE/100g)

DPPH 
Radical 
(%)

Total 
Protein 
(%)

Total 
Fat 
(%)

46KM-5 402.64 a 63.51 g 15.41 lm 51.75 g
46KM-8 376.99 b 67.49 ef 14.49 h 64.19 d
46KM-9 348.38 c 72.64 b 17.97 d 71.60 a
46KM-13 293.43 d 73.77 a 20.05 a 50.24 g
46KM-15 254.71 f 67.96 de 14.07 h 65.00 

cd
46KM-16 216.86 h 63.50 g 18.20 cd 64.16 d
46KM-17 216.15 h 70.48 b 17.96 d 51.50 g
46KM-18 191.52 k 69.33 c 14.42 h 54.92 f
46KM-19 138.51 l 66.36 ef 15.38 g 67.90 b
46KM-21 202.12 j 62.57 g 19.01 b 66.43 

bc
Franquette 240.36 g 64.76 fg 18.60 bc 50.37 g
Chandler 210.19 ı 59.70 g 15.98 f 50.34 g
Maraş-18 264.14 e 68.46 cd 13.23 ı 60.77 e
LSD0.05 5.80** 1.90** 17.02 e 2.11**
Values followed by different letters in the same column are signifi-
cantly different according to LSD test at p < 0.05. ** indicates signifi-
cant differences at the 1% level (p < 0.01)
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having the highest value (3.46%) and 46KM-18 the low-
est (2.77%). Chandler (3.22%) and Maraş-18 (3.16%) also 
showed relatively high stearic acid levels (Table 2). These 
findings comprehensively understand the saturated fatty 
acid profiles of walnut genotypes and cultivars, highlighting 
significant variability.

Consuming high levels of saturated fatty acids is asso-
ciated with potential health risks. Therefore, walnut geno-
types and cultivars with lower saturated fatty acid levels 
may offer health advantages [11]. The results of this study 
indicate that genotypes 46KM-16 and 46KM-18 have higher 
levels of saturated fatty acids, while 46KM-9 and Maraş-18 
exhibit lower levels. Consequently, walnut growers should 
prioritize genotypes with lower saturated fatty acid content 
for cultivation. Previous studies conducted in various coun-
tries, including Turkey, have consistently reported low lev-
els of myristic acid in walnut cultivars, often below 0.05%. 
Palmitic acid is typically found in the range of 5–9%, and 
stearic acid ranges from 1 to 4%, as noted in several stud-
ies. Additionally, total saturated fatty acids in walnuts are 
commonly reported to range between 10–20% [43, 46, 48, 
58],Tsao et al., 2007, 4], 63], 8],Şimşek 2016, 25, 27, 37, 
68].

Our research findings are consistent with the general 
trends observed in these previous studies. Myristic acid lev-
els were found to be low across all cultivars and genotypes. 
Palmitic acid levels in most cultivars and genotypes were 
either average or slightly higher than the reported range, 
indicating consistency with the broader literature. While 
stearic acid levels varied among genotypes and cultivars, 
they generally aligned with the expected outcomes. The 
variations in total saturated fatty acid content, ranging from 
9 to 11%, are consistent with the values reported in previous 
walnut studies, supporting the reliability and comparability 
of our results with existing research.

The ratios of unsaturated fatty acids, including total 
unsaturated fatty acids, for various walnut cultivars and 
selected genotypes are presented in Table  3. Statistically 
significant differences are indicated (P < 0.01), with notable 
variations in both polyunsaturated fatty acid (PUFA) and 
monounsaturated fatty acid (MUFA) ratios among the gen-
otypes and cultivars (P < 0.001). However, no statistically 
significant differences existed among groups sharing the 
same letter designation.

Linoleic acid and linolenic acid are the two main compo-
nents of PUFAs. The highest linoleic acid content was found 
in genotype 46KM-19 at 60.88%, while genotype 46KM-8 
exhibited the lowest content at 58.39%. The highest total 
PUFA content, 80.21%, was observed in genotype 46KM-9. 
Other genotypes, including 46KM-16, Chandler, and Maraş-
18, also displayed high total PUFA contents (Table 3). Lin-
oleic acid is commonly the most abundant fatty acid in 

food products. Meanwhile, high-oil genotypes are valuable 
not only for caloric density but also for their unsaturated 
fatty acid profiles, contributing to cardiovascular health and 
oxidative stability. The observed variability offers crucial 
insights for genotype selection in breeding efforts targeting 
both nutritional enhancement and commercial adaptability.

Quantification of fatty acids

Table 2 presents the ratios of saturated fatty acids and 
total saturated fatty acids for various walnut cultivars and 
selected genotypes, highlighting statistically significant dif-
ferences (P < 0.01). Notable variations were observed in the 
saturated fatty acid ratios among the walnut genotypes and 
cultivars, underscoring significant differences (P < 0.001) 
between them. However, no statistically significant differ-
ences were found among groups sharing the same letter des-
ignation. The highest myristic acid content, at 0.07%, was 
detected in genotypes 46KM-5 and 46KM-18, while geno-
type 46KM-21 exhibited the lowest myristic acid content at 
0.02%. Genotypes 46KM-13, 46KM-16, and Chandler dis-
played moderate levels of myristic acid, ranging from 0.05% 
to 0.06%, while genotype 46KM-9 exhibited a lower con-
tent of 0.03% (Table 2). The highest palmitic acid content, 
7.80%, was observed in genotype 46KM-18, whereas geno-
type 46KM-5 had the lowest palmitic acid content at 6.49%. 
Genotype 46KM-21 exhibited a palmitic acid content of 
7.19%, while Franquette and Chandler genotypes displayed 
contents of 7.53% and 7.48%, respectively. Stearic acid 
content also varied among the genotypes, with 46KM-19 

Table 2  Saturated fatty acids content of walnut (Juglans regia L.) wal-
nut genotypes
Cultivars and 
genotypes

Saturated fatty acids (%)
Myristic acid 
C14:0

Palmitic 
acid C16:0

Stearic acid 
C18:0

Σ 
Satu-
rated 
FA

46KM-5 0.07 a 6.49 h 3.15 cd 10.33
46KM-8 0.04 cde 7.74 ab 3.43 ab 9.93
46KM-9 0.03 de 7.26 c-f 3.10 cde 8.37
46KM-13 0.05 abc 7.32 cde 3.15 cde 9.29
46KM-15 0.05 a-d 6.90 fg 3.42 ab 9.34
46KM-16 0.06 abc 6.93 efg 3.05 cde 11.86
46KM-17 0.05 a-d 7.38 bcd 3.15 cd 9.77
46KM-18 0.07 a 7.80 a 2.77 f 10.39
46KM-19 0.06 ab 6.64 gh 3.46 a 9.46
46KM-21 0.02 e 7.19 c-f 2.94 def 9.58
Franquette 0.04 bcd 7.53 abc 2.88 ef 10.11
Chandler 0.06 abc 7.48 abc 3.22 abc 9.31
Maraş-18 0.05 a-d 7.01 d-g 3.16 bcd 8.77
LSD0.05 0.02** 0.41** 0.26** 0.74
Values followed by different letters in the same column are signifi-
cantly different according to LSD test at p < 0.05. ** indicates signifi-
cant differences at the 1% level (p < 0.01)
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the literature, representing a typical level for this fatty acid, 
which is commonly found at lower concentrations.

Our results generally align with the existing data on wal-
nut fatty acid profiles reported in the literature. Notably, cul-
tivars such as 46KM-9 and 46KM-13 stand out with their 
high PUFA and MUFA contents. The data are consistent 
with unsaturated fatty acid profiles previously documented 
in walnut studies, supporting the reliability and comparabil-
ity of our findings with earlier research. Due to their nutri-
tional potential, these cultivars may be considered valuable 
genotypes for future studies (Table 3).

Quantification of carbohydrate composition

Tree nuts, especially walnut, almond, hazelnut, chestnut, 
and pistachio, are significant in human nutrition. The car-
bohydrates, or essential sugars, in these fruits are among 
the key components determining fruit quality [23]. Sugar 
content varies depending on genetic makeup, environmen-
tal factors, and cultivation conditions. These sugar compo-
nents directly impact the taste and aroma of the fruit, and in 
walnuts, sugar content is particularly important as a com-
mercial quality parameter. Studies on the sugar content of 
walnuts are limited in the literature. On the other hand, tree 
nuts' fructose, glucose, and sucrose contents vary depend-
ing on species, cultivar, genotype, ecological conditions, 
and climate.

This study investigated the carbohydrate (sugar) content 
of different walnut (Juglans regia L.) genotypes and culti-
vars, and the results are presented in Table 4. Statistically 
significant differences (P < 0.05) were observed among the 
walnut genotypes and cultivars regarding sucrose, glucose, 
fructose, and total sugar contents. Among the genotypes 

walnuts, typically found in the 50–65% range, according to 
numerous studies. Research from various countries, includ-
ing Turkey, has reported linoleic acid contents ranging from 
57.0% to 62.4% in walnut cultivars and genotypes.

In our study, genotype 46KM-19 (60.88%) exhibited an 
upper-range linoleic acid content, consistent with typically 
high levels reported in walnuts (Tsamouris et al., 2002; 
[5, 43], 51, 4, 11, 22, 27, 46, 60, 61, 62]. Previous studies 
have indicated that linolenic acid typically ranges from 8 to 
15% [5, 43, 48], 50, 62, 8, 14, 37]. In Turkey, studies have 
reported linolenic acid content in walnut cultivars ranging 
from 10.0 to 15.0% [3, 17, 58],Şimşek, 2016, 11, 25, 27, 37, 
38, 55, 79]. According to our results, genotype 46KM-15 
(10.26%) falls at the lower end of the range reported in the 
literature, suggesting that some walnut cultivars may con-
tain this fatty acid at lower levels.

Oleic acid and palmitoleic acid are the main components 
of MUFAs. The highest oleic acid content was found in 
genotype 46KM-21 at 20.88%, while genotype 46KM-19 
exhibited the lowest at 18.00%. Genotype 46KM-13 had 
the highest total MUFA content at 20.78%. Other geno-
types, including 46KM-18, Franquette, and Maraş-18, 
also showed high total MUFA contents (Table 3). In vari-
ous studies, oleic acid content has been reported to range 
from 12 to 28% (Beceanu et al., 2000; Savage, 2001; [5, 61, 
63],Persic et al., 2018, 62].

Studies conducted in Turkey have reported that oleic 
acid content in Turkish walnut cultivars ranges from 14.0 to 
24.5% [15, 44, 17],Beyazit and Sumbul, 2012, 27, 37, 38, 
54]. Genotype 46KM-21 fits within this range, indicating 
that it is a cultivar rich in oleic acid. Regarding palmitoleic 
acid, genotype 46KM-18 falls within the range reported in 

Table 3  Unsaturated fatty acids content of walnut (Juglans regia L.) walnut genotypes
Cultivars and genotypes Unsaturated fatty acids (%)

Polyunsaturated fatty acids Monounsaturated fatty acids
Linoleic acid Linolenic acid Total PUFA Oleic acid Palmitoleic acid Total MUFA

46KM-5 60.25 abc 9.53 bcd 72.47 19.23 b-e 0.25 ab 19.48
46KM-8 58.39 e 9.46 bcd 75.83 20.01 ab 0.15 ef 20.16
46KM-9 60.47 ab 9.24 d 80.21 18.53 def 0.12 fg 18.65
46KM-13 59.34 cde 10.16 ab 69.93 18.37 ef 0.21 cd 18.58
46KM-15 59.56 bcd 10.26 a 72.99 18.36 ef 0.20 cd 18.56
46KM-16 59.15 de 9.63 a-d 77.15 19.37 bcd 0.22 abc 19.59
46KM-17 59.52 bcd 9.99 abc 76.36 18.91 c-f 0.18 de 19.09
46KM-18 59.74 bcd 9.09 de 71.15 19.04 cde 0.26 a 19.30
46KM-19 60.88 a 9.22 d 72.99 18.00 f 0.24 ab 18.24
46KM-21 59.06 de 8.37 e 73.96 20.88 a 0.08 g 20.96
Franquette 59.51 bcd 9.16 d 72.23 19.75 bc 0.18 de 19.93
Chandler 59.36 cde 9.15 d 76.14 19.17 b-e 0.22 bc 19.39
Maraş-18 59.79 bcd 9.33 cd 76.32 19.07 cde 0.19 cd 19.26
LSD0.05 0.96** 0.71** 70.75 0.90** 0.03** 0.64
Values followed by different letters in the same column are significantly different according to LSD test at p < 0.05. ** indicates significant dif-
ferences at the 1% level (p < 0.01)
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findings on the sugar content of tree nuts, demonstrating 
that walnut genotypes show significant differences in sugar 
profiles. The dominance of sucrose as the primary sugar in 
walnuts suggests its importance for flavor and commercial 
quality. Identifying genotypes with higher sugar content 
can have important commercial implications, especially for 
consumer preferences and market value.

Quantification of organic acid content

Organic acids play a crucial role in determining the taste, 
aroma, and overall quality of the fruit, and they show sub-
stantial variation between different genotypes. Genetic fac-
tors, environmental conditions, and cultivation practices 
influence the organic acid content. This study analyzed 
the organic acid content of different walnut (Juglans regia 
L.) genotypes and cultivars, and the results are presented 
in Table  5. Statistically significant differences (P < 0.05) 
were observed among the walnut genotypes and cultivars 
regarding oxalic acid, citric acid, malic acid, and succinic 
acid contents. The 46KM-9 genotype exhibited the highest 
total organic acid content (11.66%), primarily due to its ele-
vated malic acid level (6.55%), which was also the highest 
among all genotypes. In contrast, the 46KM-17 genotype 
had the lowest total acid content (4.15%) and malic acid 
level (1.37%). Malic acid was the predominant organic acid 
across all genotypes. Significant differences were observed 
among genotypes for oxalic, citric, and succinic acid con-
tents. Notably, the Franquette cultivar had the highest suc-
cinic acid content (4.37%), while the 46KM-21 genotype 
showed one of the lowest total acid contents (5.18%). There 
are not enough studies in the literature on the organic acid 

studied, the 46KM-21 genotype had the highest total 
sugar content (3.27%), while the lowest sugar content was 
observed in the 46KM-8 genotype (2.35%). Sucrose was 
the dominant sugar among the genotypes. The Franquette 
cultivar exhibited the highest sucrose content (2.79%), 
whereas the 46KM-15 genotype had the lowest (1.65%). In 
terms of glucose and fructose, the 46KM-19 and 46KM-21 
genotypes showed the highest levels of these sugars. These 
findings indicate significant variations in the sugar profiles 
among walnut genotypes, which are primarily influenced 
by genetic factors (Table 4). The results are consistent with 
previous studies on tree nuts, highlighting the substan-
tial variation in sugar content among walnut genotypes. 
Kazankaya et al.[40]conducted a study analyzing the sugar 
content of walnuts, almonds, and hazelnuts and found that 
fructose and sucrose were the dominant sugars in these nuts. 
Their research reported fructose levels ranging from 1.13 to 
5.04%, glucose from 1.01 to 4.25%, and sucrose from 2.58 to 
4.74% in different cultivars of tree nuts. These findings align 
with our study, where sucrose was the most prominent sugar 
across walnut genotypes, followed by glucose and fructose. 
Koç et al. [45] analyzed the sugar profiles of various walnut 
genotypes and identified malic acid and sucrose as the dom-
inant components. Our study similarly found sucrose to be 
the predominant sugar in walnut genotypes, supporting pre-
vious research findings. Additionally, the effect of altitude 
on sugar metabolism was explored by Fuentealba et al. [21], 
who reported that the sugar content in walnuts increased at 
higher altitudes. In our study, the variations in sugar content 
among genotypes may also be influenced by environmen-
tal factors such as altitude and cultivation practices, which 
affect sugar metabolism and accumulation in walnut fruits. 
Overall, this research's results align with previous studies' 

Table 4  Carbohydrate content of walnut genotypes
Cultivars and genotypes Carbohydrate (sugar) (%)

Sucrose Glucose Fructose Total sugar
46KM-5 2.57 ab 0.23 f 0.23 f 3.03 ab
46KM-8 1.73 ef 0.31 de 0.31 cde 2.35 d
46KM-9 2.37 a-d 0.35 cd 0.30 cde 3.02 ab
46KM-13 2.55 ab 0.33 de 0.27 ef 3.15 ab
46KM-15 1.65 f 0.44 a 0.39 a 2.48 cd
46KM-16 1.97 c-f 0.3 abc 0.35 a-d 2.62 bcd
46KM-17 2.23 b-e 0.36 bcd 0.32 b-e 2.91 abc
46KM-18 2.47 abc 0.41 ab 0.37 abc 3.25 a
46KM-19 1.84 def 0.41 a 0.38 ab 2.63 bcd
46KM-21 2.45 abc 0.42 a 0.39 a 3.26 a
Franquette 2.79 a 0.29 e 0.30 de 3.38 a
Chandler 2.11 b-f 0.31 de 0.27 ef 2.69 bcd
Maraş-18 2.38 abc 0.34 cd 0.29 def 3.01 ab
LSD0.05 0.30** 0.05** 0.04** 0.27**
Values followed by different letters in the same column are signifi-
cantly different according to LSD test at p < 0.05. ** indicates signifi-
cant differences at the 1% level (p < 0.01)

Table 5  Organic acids (%) of walnut genotypes in Türkiye
Genotypes Organic acids (%)

Oxalic 
acid

Citric 
acid

Malic 
acid

Succinic 
acid

Total 
acid

46KM-5 0.24 a 1.52 b 4.67 cd 3.70 c 10.14 b
46KM-8 0.22 ab 1.38 c 3.80 f 0.81 h 6.22 f
46KM-9 0.21 abc 1.55 b 6.55 a 3.33 d 11.66 a
46KM-13 0.17 cde 1.66 a 4.82 bc 2.80 e 9.45 c
46KM-15 0.19 bcd 1.05 d 4.95 b 3.45 cd 9.66 c
46KM-16 0.24 a 1.50 b 4.47 d 1.09 g 7.30 e
46KM-17 0.12 f 0.09 e 1.37 ı 1.74 f 4.15 h
46KM-18 0.17 de 0.91 e 3.78 ef 2.55 e 7.38 e
46KM-19 0.12 f 0.71 f 3.60 f 0.96 gh 5.41 g
46KM-21 0.05 g 1.10 d 2.8 h 1.12 g 5.18 g
Franquette 0.15 ef 0.92 e 3.80 ef 4.37 a 9.26 c
Chandler 0.22 ab 1.11 d 3.12 g 3.56 cd 8.03 d
Maraş-18 0.17 f 1.13 d 4.00 e 4.05 b 9.37 c
LSD0.05 0.04** 0.09** 0.20** 0.26** 0.43**
Values followed by different letters in the same column are signifi-
cantly different according to LSD test at p < 0.05. ** indicates signifi-
cant differences at the 1% level (p < 0.01)
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The biplot revealed distinct groupings among the 13 wal-
nut genotypes based on traits such as sugars, organic acids, 
phenolic content, antioxidant activity (DPPH), total fat, 
protein, and fatty acid composition (SFA, MUFA, PUFA). 
PC1 was primarily influenced by sucrose, total protein, total 
phenolics, and citric acid, while PC2 was mainly driven 
by PUFA, DPPH, and malic acid. These axes reflected key 
biochemical trade-offs between antioxidant content, carbo-
hydrates, and lipid metabolism. Genotype 46KM-5 was sep-
arated from other genotypes due to its high levels of sucrose, 
protein, and phenolic content, while genotype 46KM-9 
stood out for its association with DPPH activity and total 
PUFA content. The genotypes MARAŞ-18, 46KM-16, and 
46KM-18 clustered closely, indicating biochemical similar-
ity. These patterns were consistent with the clustering seen 
in the heat map analysis.

In addition to the main findings, PCA results provided 
deeper insights into the variability and grouping of wal-
nut genotypes. Genotypes located in the negative region of 
PC1 and PC2, such as 46KM-21, Chandler, and Franquette, 
were characterized by lower levels of most biochemical 
components, suggesting their relatively limited nutritional 
potential compared to other accessions. On the other hand, 
genotypes such as 46KM-15 and 46KM-19 were positioned 
in the upper quadrants, indicating moderate contributions 
from organic acids and antioxidant activity. The close clus-
tering of several local genotypes, including MARAŞ-18 and 
46KM-16, reflects the presence of genetic or environmental 
uniformity, possibly due to shared cultivation conditions in 
the Kahramanmaraş region. Variables like glucose and fruc-
tose, positioned in the negative region of both components, 
were associated with a different set of genotypes, highlight-
ing metabolic differences that could be relevant for flavor 
and consumer preference. Overall, the PCA plot effectively 
visualized the multidimensional relationships among traits 
and genotypes, supporting its application in genotype selec-
tion, breeding, and nutritional characterization (Fig. 3).

content of walnuts. The results obtained are consistent with 
previous research on tree nuts, highlighting significant 
variations in organic acid content among walnut genotypes. 
Kazankaya et al.[40]studied the organic acid content of 
walnuts, almonds, and hazelnuts and reported malic acid as 
the dominant organic acid. Their research found that malic 
acid levels ranged between 3.00% and 7.33%, which aligns 
with the malic acid values observed in our study. Koç et 
al. [45] analyzed the organic acid profiles of different wal-
nut genotypes and identified malic acid and succinic acid 
as the dominant components. Similarly, in this study, malic 
acid emerged as the most prominent organic acid, while 
succinic acid levels varied among genotypes. Erdoğan et 
al. [18] determined that the oxalic acid content in various 
walnut genotypes ranged from 5.51 to 7.56%, succinic acid 
from 5.67 to 9.64%, and malic acid from 0.23 to 0.66%. 
In a study conducted by Koç et al. [45] on different walnut 
genotypes, it was found that the contents of oxalic, succinic, 
malic, and fumaric acids ranged from 8.39 to 12.08 mg, 2.86 
to 5.32 mg, 0.26 to 3.00 mg, and 0.26 to 0.58 mg, respec-
tively. It has been determined that our results are consistent 
with the findings obtained by other researchers.

The walnut genotypes' phenolic contents, protein and 
fat ratios, and fatty acid compositions were analyzed using 
principal component analysis (PCA) (Fig. 3). A heat map 
analysis was also applied to cluster genotypes and reveal the 
major traits contributing to variance. PCA, a multivariate 
statistical approach, allows genotype classification based on 
measured biochemical characteristics.

In this study, the first two principal components, shown 
on the x and y axes, accounted for 29.5% and 20.7% of the 
total variance, respectively, with a combined explanation of 
50.2%. The biplot revealed that sucrose, total protein, total 
phenolics, and citric acid (CA) contributed most to the first 
principal component (PC1), while total PUFA, DPPH, and 
malic acid (MA) were the strongest contributors to the sec-
ond principal component (PC2).
Fig. 3  PCA of walnut genotypes 
according to biochemical, sugar, 
organic acids, and fatty acids
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The results for the Oleic Acid trait demonstrated that 
SVR exhibited the lowest error rate, followed by MLP in 
second place. Although GB and LR displayed satisfactory 
outcomes, KNN revealed the greatest error rates. KNN is 
ineffective for precise predictions. MLP emerged as the 
most successful strategy with the lowest error rates for pre-
dicting Linoleic Acid. This instance demonstrates that the 
MLP algorithm effectively identifies patterns within the 
data. DT and LR demonstrated satisfactory performances, 
however KNN and GB exhibited the highest error rates.

The predictive outcomes for Linolenic Acid demon-
strated that the MLP model was the most effective, with the 
lowest error values. Furthermore, the GB and KNN algo-
rithms demonstrated satisfactory performance; however, the 
LR exhibited elevated error rates, making it inappropriate 
for predicting this feature. GB and KNN emerged as the 
optimal models, exhibiting the lowest error rates for predict-
ing Palmitic Acid values. According to these algorithms, the 
SVR and MLP models yielded comparable results, however 
the LR exhibited higher error rates. The findings for Palmi-
toleic Acid indicated that LR and KNN surpassed the other 
models, providing the lowest error rates. Furthermore, MLP 
and DT emerged as the least effective algorithms, present-
ing elevated error rates, thereby making them less suitable 
for this trait.

In the prediction of Stearic Acid, the MLP exhibited the 
lowest error rates, with LR and KNN ranking second and 
third, respectively. In contrast, GB and DT demonstrated 
significant errors, indicating their inadequacy in predicting 
this feature. The findings for Myristic Acid indicated that all 
models had small error values due to the minor variation in 
this feature. Nevertheless, KNN yielded superior outcomes 
compared to the other models, exhibiting the lowest values 
for MSE, RMSE, and MAE. KNN demonstrated excep-
tional effectiveness in predicting the Sucrose feature with no 
error values. GB and MLP had elevated error rates, reflect-
ing their restricted effectiveness for this characteristic.

The most precise Glucose prediction was attained by LR, 
which had the lowest error rates, following by MLP. KNN 
and DT demonstrated elevated error rates, hence constrain-
ing their predictive efficiency for this feature. DT and SVR 
are the most effective algorithms for precise Fructose pre-
diction. Although these algorithms have the lowest values 
for MSE, RMSE, MAE, and MAPE, GB and LR showed 
higher error rates. Total Sugar was accurately forecasted by 
GB and SVR with negligible error rates. Although KNN 
showed robust performance, DT faced challenges in ade-
quately representing this trait.

The prediction findings for Oxalic Acid indicated that 
KNN and DT produced the lowest errors, making them the 
most accurate predictive methods. LR exhibited robust per-
formance; however, SVR displayed higher error rates. Citric 

Machine learning perspective and regression 
applications

Various regression models were used on the dataset used 
to estimate the biochemical characteristics of genotypes in 
experimental studies. The dataset comprises total phenolic 
content, DPPH radical inhibition, DPPH radical scaveng-
ing activity, protein rate, total fat, oleic acid, linoleic acid, 
linolenic acid, palmitic acid, palmitoleic acid, stearic acid, 
myristic acid, sucrose, glucose, fructose, citric acid, malic 
acid, succinic acid, and oxalic acid.

The results obtained show that the use of hyperparameter 
optimization techniques such as Optuna and the integration 
of reliable algorithms such as k-fold cross-validation are of 
vital importance for machine learning models. The results 
also showed that machine learning approaches have a high 
potential in analyzing complex biochemical data and can 
also produce important outputs (Table 6). These algorithms 
can be effectively used in this domain.

Table 6 demonstrates the overall results for the conducted 
experiments. The evaluations for the results are presented 
below.

The KNN method had the lowest error rates for all mea-
sures in comparison to DT, GB, LR, MLP, and SVR for Total 
Phenol. The KNN method demonstrates superior accuracy 
in estimating the associated feature. Furthermore, it is evi-
dent that GB and SVR had comparable performance, how-
ever LR demonstrated the greatest MSE and MAE results, 
indicating that LR is an inadequate choice for predicting this 
feature. Upon evaluating the DPPH_Inh traits, it was noted 
that the KNN algorithm exhibited the most effectiveness, 
demonstrating the lowest error rates, followed by the GB 
method. Nevertheless, the results indicated that the MLP 
and LR algorithms exhibited higher error rates. This sug-
gests that these algorithms may necessitate more hyperpa-
rameter adjustment or feature engineering to improve the 
outcomes.

The predictive results for DPPH_Rdkl demonstrate that 
DT ranks the top and GB ranks second in terms of perfor-
mance ratios. However, the SVR method has the highest 
error rates, indicating its insufficient capacity to capture the 
complexity of this feature. In predicting the Protein Rate 
feature, LR emerged as the most successful model, exhibit-
ing the lowest error rates across all criteria. KNN and SVR 
demonstrated comparable outcomes, however DT and GB 
exhibited substantial error rates. The predictive outcomes 
for Total Fat indicated that KNN and DT yielded the most 
favorable results in terms of MSE, RMSE, MAE, and 
MAPE metrics. Furthermore, GB and MLP yielded excep-
tional outcomes, whereas SVR and LR exhibited relatively 
elevated error rates.
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Targets Regression algorithms MSE RMSE MAE MAPE (%)
Total phenol DT 2895.62847 53.40193 46.53686 14.20678

GB 2594.43530 48.84923 40.18638 13.37343
KNN 457.55039 19.92047 11.69039 4.16990
LR 4880.02777 63.29504 52.50235 19.33827
MLP 3338.12394 52.25551 39.09781 11.97547
SVR 2664.60490 49.22936 40.83798 13.70892

Dpph-Inh DT 6.37967 2.49356 2.04012 3.00802
GB 3.18091 1.72819 1.27221 1.84483
KNN 2.68104 1.54271 1.06224 1.57186
LR 40.33702 6.60922 4.15281 6.18993
MLP 37.80272 6.00411 5.25952 7.62650
SVR 6.88587 2.54401 1.97977 2.90204

Dpph-Rdkl DT 5.06339 2.16368 1.77706 2.63990
GB 198.00505 7.60597 3.90647 2.99582
KNN 1607.23680 38.14375 26.19351 28.35468
LR 803.67026 26.85504 16.77779 17.63091
MLP 1800.12651 36.39627 28.40371 43.66760
SVR 1805.09780 38.00204 19.47204 14.63459

Protein rate DT 774.02688 25.67936 19.69702 23.32464
GB 1473.57471 34.04543 16.63014 11.82800
KNN 0.60690 0.74866 0.63655 4.17907
LR 0.30565 0.50118 0.36128 2.39056
MLP 0.78628 0.82069 0.57439 3.72710
SVR 0.64736 0.69810 0.52851 3.06573

Total fat DT 0.78525 0.71582 0.53629 3.22442
GB 1.33630 1.24855 0.91902 6.32308
KNN 0.64218 0.72785 0.56625 3.34279
LR 2.61468 1.69383 1.26269 2.00718
MLP 1.79068 1.29030 1.01383 1.77331
SVR 6.99614 2.48011 1.85555 3.25782

Oleic acid DT 7.64980 2.41324 1.83688 3.06261
GB 3.64797 1.80637 1.35711 2.43892
KNN 14.47919 4.06065 3.55365 5.87835
LR 3.13746 1.72134 1.32728 2.36174
MLP 0.61978 0.73172 0.58430 2.98698
SVR 0.52491 0.68961 0.56821 2.93350

Linoleic acid DT 0.51546 0.67684 0.52286 2.68079
GB 0.70069 0.77381 0.59859 3.20283
KNN 0.80273 0.82660 0.66959 3.41254
LR 0.50599 0.63373 0.55643 3.00599
MLP 0.29248 0.51230 0.39512 2.04194
SVR 0.93796 0.74423 0.74909 1.19803

Linolenic acid DT 0.72787 0.78859 0.64543 1.07486
GB 0.65047 0.74743 0.64800 1.08216
KNN 0.62843 0.74615 0.58731 0.98448
LR 0.77627 0.82897 0.68634 1.15296
MLP 0.59412 0.71073 0.61499 1.04581
SVR 0.76416 0.80455 0.67460 1.12979

Palmitic acid DT 0.46559 0.69215 0.59600 6.21344
GB 0.34156 0.56190 0.45256 4.95326
KNN 0.34232 0.54294 0.44247 4.83061
LR 0.59055 0.76307 0.62336 6.66571
MLP 0.44441 0.63290 0.52725 5.65023
SVR 0.36886 0.60388 0.48153 5.33567

Table 6  Regression results of predicting various targets using different machine learning algorithms

1 3

3117



European Food Research and Technology (2025) 251:3105–3122

Targets Regression algorithms MSE RMSE MAE MAPE (%)
Palmitoleic acid DT 0.29907 0.52202 0.41748 4.53167

GB 0.27852 0.51254 0.43719 5.12848
KNN 0.22687 0.45605 0.37854 5.47661
LR 0.11037 0.30002 0.23287 3.43293
MLP 0.34180 0.52506 0.42129 6.14608
SVR 0.27289 0.48209 0.38515 5.72606

Stearic acid DT 0.23464 0.45170 0.36913 5.36876
GB 0.15885 0.35770 0.29377 4.35132
KNN 0.00017 0.01272 0.01093 28.29065
LR 0.00016 0.01218 0.00987 26.63444
MLP 0.00009 0.00927 0.00734 19.79813
SVR 0.00030 0.01477 0.01150 25.66130

Myristic acid DT 0.00014 0.01166 0.00955 26.26817
GB 0.00014 0.01174 0.00896 24.49668
KNN 0.00011 0.01037 0.00789 21.33083
LR 0.09178 0.27345 0.24589 7.46948
MLP 0.05937 0.23505 0.19381 6.34855
SVR 0.05762 0.23095 0.17191 5.68540

Sucrose DT 0.00312 0.05528 0.04358 0.04392
GB 0.24555 0.48960 0.42936 0.43674
KNN 0.00000 0.00000 0.00000 0.00000
LR 0.00082 0.02605 0.02247 0.02399
MLP 0.18083 0.42500 0.34890 0.36519
SVR 0.00000 0.00073 0.00063 0.00064

Glucose DT 0.02106 0.13472 0.11588 14.88517
GB 0.00171 0.04016 0.03135 5.61736
KNN 0.24555 0.48960 0.42936 71.98556
LR 0.00000 0.00000 0.00000 0.00000
MLP 0.00015 0.01097 0.00901 1.15674
SVR 0.18180 0.40434 0.35472 57.03708

Fructose DT 0.00000 0.00072 0.00058 0.08801
GB 0.02170 0.14301 0.11702 5.31057
KNN 0.01301 0.11024 0.08618 4.06620
LR 0.09492 0.29315 0.23854 10.99284
MLP 0.00037 0.01747 0.01280 0.59026
SVR 0.00030 0.01658 0.01352 0.61872

Total sugar DT 0.08017 0.26691 0.22048 12.15508
GB 0.00012 0.01002 0.00511 0.23349
KNN 0.00109 0.03194 0.02759 8.66232
LR 0.00111 0.03300 0.02668 8.39303
MLP 0.00140 0.03669 0.02971 9.19610
SVR 0.00023 0.01384 0.01045 3.08302

Oxalic acid DT 0.00050 0.02133 0.01811 5.32511
GB 0.00147 0.03931 0.02991 9.33414
KNN 0.00010 0.00921 0.00541 1.68513
LR 0.00091 0.02911 0.02499 8.40644
MLP 0.00095 0.02977 0.02453 8.19373
SVR 0.00187 0.04171 0.03443 11.72266

Citric acid DT 0.00026 0.01529 0.01241 4.02880
GB 0.00046 0.02117 0.01717 5.77018
KNN 0.00180 0.03868 0.03232 11.37901
LR 0.00019 0.01239 0.00766 2.52883
MLP 0.02027 0.14093 0.11951 4.10100
SVR 0.01568 0.12452 0.10322 3.62856

Table 6  (continued) 
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cross-validation method was used for reliable results and to 
eliminate the problem of overfitting. Also, employing the 
Optuna method for hyperparameter optimization improved 
model accuracies by determining optimal configurations 
for each algorithm. The results presented that model per-
formances vary based on the target trait. It can be seen that 
certain algorithms improve in predicting specific biochemi-
cal traits. SVR and GB algorithms significantly enhance 
the performance of detecting nonlinear relationships, but 
simple algorithms like LR effectively identify linear pat-
terns. This work is highlighted as a supplementary resource 
in biochemical research in agriculture. In addition, applying 
sophisticated, comprehensive models and complex relation-
ships across walnut genotypes can be revealed alongside 
machine learning and biochemical efforts. Machine learning 
algorithms played a critical role by enabling accurate, fast, 
and cost-effective predictions of these complex biochemical 
traits. The results obtained show that current technological 
approaches such as machine learning can make the analysis 
of large biochemical data sets easier and thus more effective 
in determining high-quality walnut genotypes. As a result, 
walnut breeders, researchers and producers who want to 
optimize nutritional value and market potential can ben-
efit from better decision-making mechanisms. Integrating 
machine learning into agricultural biochemistry has great 
potential for genotype selection and product improvement 
efforts. Machine learning is an effective tool for agricultural 
applications. For insatance, it may hep breeders to identify 
high-performance genotypes in early stage which reduces 
time and costs of experimental trials, to select genotypes 
best suited for spesific regions and real time estimation of 
walnut qaulity traits during processing or storage phases.

Author contributions  FT, MAG, YC, HOÖ, EG, VCA, ÖA, MG, EK, 
RU, and MS conceptualized the experiment. FT, MAG, YC, HOÖ, 
EK, ÖA, and MG designed methodologies and analyzed data. RU, 
HOÖ, VCA, and MG performed laboratory analyses and contributed 
to data interpretation. HOÖ, and MAG assisted in experiment setup 
and data collection. All authors contributed to statistical analysis, re-
sult validation, and manuscript editing.

Acid was accurately predicted by LR and DT with negligible 
error rates. While GB exhibited robust performance, MLP 
faced challenges in precisely capturing this characteristic. 
The findings for Malic Acid demonstrated that MLP was 
the most precise model. DT and LR showed higher errors, 
indicating their constrained capability for this characteristic. 
The prediction results for Succinic Acid demonstrated that 
GB was the superior model, providing lower error rates, fol-
lowed by SVR. DT and KNN reported higher error rates, 
highlighting potential limitations in forecasting this trait.

Conclusion

This study highlights the considerable variation in the bio-
chemical composition of walnut genotypes and cultivars. 
The findings indicate that specific genotypes, such as 46KM-
5, 46KM-9, and 46KM-13, exhibit superior biochemical 
profiles regarding phenolic content, antioxidant capacity, 
oil, sugar, and fatty acid content. These results suggest that 
selecting and cultivating these genotypes could improve wal-
nut quality and meet consumer preferences. The study also 
confirms that environmental factors, such as altitude, play a 
role in shaping the biochemical profiles of walnuts. Future 
research should explore the relationship between these fac-
tors and walnut quality to optimize cultivation practices for 
enhanced nutritional benefits. Furthermore, integrating these 
high-performing genotypes into national walnut germplasm 
conservation programs will strengthen their long-term avail-
ability and support their adoption as commercial cultivars 
under changing climatic and market conditions.Ultimately, 
this study paves the way for targeted walnut breeding strate-
gies, optimizing genotypes for enhanced health benefits and 
commercial viability in global markets. This study illus-
trates the potential use of machine learning for analyzing 
the biochemical traits of various walnut kinds. DT, SVR, 
KNN, GB, MLP, and LR were used for the machine learn-
ing algorithms in the experiments. Furthermore, the k-fold 

Targets Regression algorithms MSE RMSE MAE MAPE (%)
Malic acid DT 0.08942 0.29443 0.23273 8.23080

GB 0.00037 0.01749 0.01283 0.44601
KNN 0.00047 0.02080 0.01616 0.55471
LR 0.06975 0.27292 0.20106 6.96288
MLP 0.00008 0.00762 0.00418 0.14465
SVR 0.00230 0.03928 0.03992 33.20356

Succinic acid DT 0.00235 0.04811 0.03883 28.96098
GB 0.00116 0.03334 0.02677 20.01455
KNN 0.00245 0.04607 0.03655 20.64135
LR 0.00144 0.03744 0.03267 24.69640
MLP 0.00186 0.04679 0.03162 30.09702
SVR 0.00134 0.03488 0.02905 23.16816

Table 6  (continued) 
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