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ABSTRACT

Background and aim: Glyoxal (GO), formed during food processing, is a highly toxic α-dicarboxyl compound and 

a precursor in the formation of advanced glycation end products (AGEs). Estimating the GO concentration in food 

products plays a pivotal role in improving food safety. 

Methods: In this study, only studies with similar analytical methods, measurement protocols, reporting standards, 

and high comparability were included in the dataset; studies showing methodological inconsistencies were ex-

cluded. This study used machine learning (ML) regression models to estimate the GO content (µg/100 g) in foods 

via information on nutrients such as carbohydrates, protein, fat, and sugars obtained from studies in the literature. 

Fourteen algorithms, including tree-based, ensemble, and regularized linear methods, were tested under different 

target transformation strategies, such as the Yeo–Johnson, quantile, standard, root-mean-square, and logarithmic 

shift strategies. Coefficient of determination (R²), root mean square error (RMSE), and mean absolute error (MAE) 

metrics were used to compare the model findings. 

Results: LightGBM presented the lowest MAE value (13.63) under the Yeo–Johnson transformation, whereas the 

square-root-transformed CatBoost model presented the highest prediction accuracy (R² = 0.53, RMSE = 22.24) 

among all the configurations. Preprocessing significantly improved prediction performance, and model perfor-

mance was sensitive to the chosen transformation type. On the basis of these findings, the estimated eGO (eGO) 

concept was introduced into the literature. Fat content was the most influential variable in the CatBoost models, 

whereas LightGBM exhibited a more balanced feature contribution, with sugars and carbohydrates prominent  

under certain transformations. 
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Conclusion: These findings provide useful methodological guidance for data science and food safety profession-

als when selecting appropriate modeling techniques for chemical prediction in food science.

Key words: precursors of advanced glycation end products, processed packaged food, glyoxal formation,  

machine learning, data transformation techniques

Introduction

Today, changing dietary habits have led to an in-
crease in the demand for processed foods (1). This leads 
to the formation of advanced glycation end products 
(AGEs), which affect parameters such as aroma, taste, 
and color and are known for their impact on human 
health as a result of these processes. Schiff bases, un-
stable compounds, are formed as a result of reactions 
between the carbonyl groups of reducing sugars and the 
amine groups found in nucleic acids, lipids, and proteins 
(2). These reactions result in the formation of glyoxal 
(GO) molecules. GO occurs not only in food products 
but also endogenously in metabolism. GO formation is 
important for food safety because it has the potential 
to undergo advanced oxidation reactions (3, 4). GO 
accumulation is associated primarily with prolonged 
processing and the application of parameters such as 
high temperatures to food products. One of the most 
important effects of GO is its ability to lead to the for-
mation of AGEs. The resulting accumulation of AGEs 
directly predisposes individuals to cellular dysfunction, 
oxidative stress, and various types of chronic inflamma-
tion (5). According to current epidemiological findings, 
the clinical significance of GO intake due to food con-
sumption can be explained by the fact that the amount 
of AGEs ingested through the diet may be greater than 
the level of endogenous production (6, 7). Basic ap-
proaches, such as careful management of temperature 
and time adjustments during heat treatment and con-
trol of pH and water activity values, are known to limit 
GO formation by optimizing strategies to minimize 
GO exposure. Furthermore, recent studies have yielded 
promising results in reducing GO levels through colloid 
systems, hydrogels, amino acids, probiotic applications, 
and natural antioxidants (8, 9). However, these findings 

also emphasize the need for a detailed examination 
of their impacts across various matrices, such as their 
industrial scalability and nutritional value. Notably, 
meaningful GO quantification is critical for the accu-
racy and reliability of studies. In this context, although 
advanced analytical methods such as high-performance 
liquid chromatography (HPLC), which is widely used 
for GO quantification, provide high sensitivity, they are 
limited in screening because of their high cost and long 
analysis time (10). The challenges and unresolved issues 
noted in earlier research, together with the high cost 
and time demands of experimental processes, highlight 
the need for more efficient predictive strategies. In this 
context, machine learning (ML)-based modeling offers 
a compelling solution, and ML utilizes several tech-
niques, including support vector machines (SVMs), ar-
tificial neural networks (ANNs), random forests (RFs), 
and multiple linear regression (MLR). These methods 
aim to reliably predict sugar, protein, fat, and carbonyl 
levels (11-13). ML models provide much faster results 
than laboratory analyses do and offer the opportunity 
to monitor the dynamics of reactions occurring step by 
step during the production process (14). In this way, 
model outputs make significant contributions to both 
production optimization and understanding the forma-
tion mechanisms of GO. Furthermore, the adaptable 
and scalable structure of these models, supported by 
chromatographic data, increases the prediction accu-
racy by retraining with small datasets and can be easily 
applied to different food matrices (15). In conclusion, 
combining the accuracy of classical analytical tech-
niques with the speed and cost advantages of AI-based 
modeling is a strategic approach that supports food 
safety and public health. This study aimed to estimate 
the GO content of foods via carbohydrate, protein, fat, 
and sugar components via ML regression models and to 
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introduce the concept of “eGO” (estimated GO) to the 
literature. In this context, four different algorithms and 
various target transformation strategies were evaluated 
to achieve the highest accuracy and demonstrate the 
importance of nutrients. Furthermore, this study offers 
a methodological contribution to ML-based prediction 
models for improving food safety and optimizing pro-
cessing processes.

Methods

Overall workflow of the study

The overall workflow of the current study is shown 
in Figure 1. The framework was designed to integrate 
both endogenous and exogenous perspectives of glyoxal 
formation, along with statistical and ML-based predic-
tive modeling approaches to estimate GO levels in foods. 
Glyoxal is considered a highly reactive α-dicarbonyl com-
pound that can be produced both within biological sys-
tems and via food processing pathways (16).

From an endogenous perspective, glyoxal is gener-
ated in vivo through multiple metabolic and oxidative 

pathways, including glucose autoxidation, lipid peroxi-
dation, and the degradation of glycated proteins un-
der conditions characterized by oxidative and carbonyl 
stress (16, 17). Increased endogenous glyoxal produc-
tion has been associated with diabetes, inflammation, 
aging, and metabolic disorders because of its contribu-
tion to the formation of AGEs (18).

On the other hand, exogenous glyoxal is commonly 
produced during thermal food processing, particularly 
via Maillard reaction pathways involving reducing 
sugars and amino-containing compounds (19). Pro-
cessed foods subjected to baking, roasting, frying, or 
prolonged heat treatment are considered significant 
dietary sources of glyoxal and related reactive carbonyl 
species (20). During Maillard reactions, glucose- 
derived intermediates such as Schiff bases, enami-
nol intermediates, and Amadori products contribute 
to the formation of glyoxal and other α-dicarbonyl 
compounds (21). On the basis of this background 
biochemical and food chemistry, processed food prod-
ucts were selected as the primary data sources for the 
study. Nutritional composition values of packaged 
foods were collected per 100 g and integrated with 
experimentally reported glyoxal-related information 

Figure 1. Conceptual workflow of glyoxal formation and machine learning-based prediction of estimated 
glyoxal (eGO) levels in foods.



Progress in Nutrition 2026; Volume 28: 18386  DOI: 10.23751/pn.2026.183864

were supported by bibliometric studies. This approach 
allows us to determine both which concepts are be-
ing studied and how the connections between these 
concepts are formed (22, 23). The bibliometric analy-
sis in this study was created by using algorithms ex-
tracted from the Scopus database in the VOSviewer 
application. In particular, the dataset on the Web of 
Science platform was created with a topic-based search 
strategy and focused on studies applying modern ma-
chine learning techniques to glyoxal analysis in food 
matrices. The dataset was limited to peer-reviewed ar-
ticles published in English between 2020 and 2025, 
and the data selection and curation process was com-
pleted on October 20, 2025. Studies were included if 
they (i) reported quantitative glyoxal concentrations 
in processed packaged foods; (ii) used validated chro-
matographic methods; or (iii) provided the nutritional 
composition (carbohydrate, protein, fat, sugars) of the 
analyzed foods or sufficient information to recover it. 
Studies were excluded if they reported only relative 
values, if glyoxal concentrations were below the limit 
of detection without numerical reporting, or if the 
food matrix could not be assigned to a clear processed 
food category. When the same food product appeared 
in more than one source, the most recent and meth-
odologically detailed study was retained. All glyoxal 
values were harmonized to a common unit (µg/100 g) 
prior to analysis. The keyword map shown in Figure 2 
shows the relationships of the keywords with different 

obtained from the literature. The compiled dataset 
includes additional supporting analytical information 
regarding glyoxal formation behavior as well as food 
composition variables.

Preprocessing and transformation methods, in-
cluding the Yeo‒Johnson transform, logarithmic 
transform, square root transform, standardization, 
and quantile-based approaches, were subsequently ap-
plied to improve the data distribution characteristics 
and optimize model performance. Then, statistical and 
machine learning approaches were used to investigate 
the relationships between food composition param-
eters and glyoxal formation in food matrices. Finally, 
the proposed framework provides a data-driven strat-
egy for predicting glyoxal levels in processed foods by 
generating estimated glyoxal (eGO) values for food 
samples.

As summarized in Figure 1, the workflow com-
bines the biochemical mechanisms of glyoxal forma-
tion with the integration of food composition data and 
predictive modeling approaches.

Data collection

The data used in this study were obtained from 
the Web of Science Core Collection (WoS), Google 
Scholar and ResearchGate databases. To identify the 
relevant literature, keyword searches using the terms 
“glyoxal,” “AGEs,” “glycation,” and machine learning” 

Figure 2. Glyoxal-Machine learning-centered bibliometric keyword map (VOSviewer).
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from different product categories, such as packaged 
snacks and processed foods. The dependent variable 
was defined as the concentration (µg/100 g) per 100 
grams of product. The independent variables were car-
bohydrate (g/100 g), protein (g/100 g), fat (g/100 g),  
fructose (g/100 g), glucose (g/100 g), and sucrose 
(g/100 g) contents. Because GO formation is closely 
related to biochemical processes such as sugar autoxi-
dation and lipid peroxidation, carbohydrate and fat 
contents were considered critical independent vari-
ables in the estimation of the GO concentration in 
this study.

This study also reviewed several properties of 
auxiliary components, such as salts and fibers, whose 
relationships with GO and AGE formation are oc-
casionally discussed in the literature. One study ex-
amined the relationships between salt level and AGE 
accumulation and α-dicarbonyl AGE accumulation. 
In this study, such auxiliary features were not directly 
included in the basic regression models (26). Instead, 
their effects on the model setup were observed quali-
tatively and evaluated within the scope of exploratory 
analysis.

Target transformations

Various transformation techniques have been ap-
plied to the target variable, GO, on the basis of its dis-
tribution properties. These included log-shift, square 
root (sqrt), Yeo–Johnson, quantile, and standard scal-
ing, with untransformed data (none) serving as the pri-
mary benchmark. A summary and parametric details 
of the transformations are presented in Table 1.

The statistical basis of the relevant transformation 
techniques summarized in Table 1 and their use in re-
gression modeling have also been thoroughly discussed 
in the literature. For example, one study described trans-
formation techniques to approximate right-skewed 
distributions to normality, whereas another study 
methodologically discussed the application of these 
transformations in the context of regression (27, 28).  
One study evaluated the functions of log, square root, 
and Yeo–Johnson transformations in adjusting the 
data distribution (29). These studies demonstrate the 
methodological contributions of transformations, par-
ticularly in improving distributions.

research areas in the literature. Machine learning (oxi-
dative stress, glycation, and AGE formation) and food 
science applications (predictions of freshness, quality, 
and spoilage).

In this context, our study will make a significant 
contribution to the field in terms of machine learning-
glycation integration due to the use of comprehensive 
data. The keyword-view map shows the thematic dis-
tribution of the top 1,000 studies selected from 20,000 
publications associated with the term “glyoxal” in the 
literature. Each circle (node) on the map represents a 
keyword, its size represents its frequency of use, and 
colors represent research themes (24). The analysis re-
vealed that GO research is focused primarily on the 
fields of biomedicine, materials, and environmental 
chemistry. Its association with terms such as oxidative 
stress, carbonyl stress, and RAGE suggests that glyoxal 
is a critical intermediate in the formation of AGEs 
and contributes to cellular damage through oxidative 
stress (25). Overall, glyoxal is involved in both biologi-
cal glycation mechanisms and food and environmental 
chemistry. It appears to play a central role in carbonyl 
reactions in systems and is therefore considered a key 
molecule of reactive carbonyl chemistry (23).

The coauthorship map in Figure 3 depicts the 
collaboration network among scientists publishing in 
their field, encompassing the top 1,000 studies out of 
20,000. Each circle (node) on the map represents an 
author, and the size of the circle represents the author’s 
number of publications or citations on the relevant 
topic. The lines between the circles indicate collabora-
tive relationships between authors on the basis of joint 
publications. Different colors represent different re-
search groups or collaboration networks within which 
publications are clustered. A general overview of this 
map reveals that the field is clustered around leading 
researchers, publication production is collaborative, 
and the research network is international. These analy-
ses visually reveal influential researchers in the litera-
ture, powerful collaboration groups, and the structure 
of the research network.

Dataset and variables

The dataset used in the study included literature 
data obtained from laboratory analyses of samples 
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Table 1. Applied target transformation types, definitions and usage areas

Conversion Description Usage Area

Yeo–Johnson A power transformation that makes skewed (asymmetric) 
distributions more symmetric. It also works with negative 
values.

It normalizes the distribution so that the model can 
learn the target variable better.

Standard StandardScaler scales data so that the mean is 0 and the 
standard deviation is 1.

Suitable for algorithms that assume a normal 
distribution.

Quantile With QuantileTransformer, values are forced to a uniform 
or normal distribution.

Ideal for reducing the impact of outliers.

Sqrt The square root is applied to the target variable; it only 
works with positive values.

Normalizes right-skewed data, reducing variance.

Log-shift It is the log transformation in the form np.log (y + c); the 
constant c prevents negative values.

It symmetricizes exponentially growing or skewed 
distributions.

None The target variable is not transformed. The target variable is not transformed.

Log-shift; Logarithmic shift transformation, None; No transformation, Quantile; Quantile transformation, Sqrt; Square root transformation, Stand-
ard; Standard scaling, Yeo–Johnson; Yeo–Johnson transformation.

Figure 3. Authorship bibliometric data (VOSviewer).
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Models and their parameter grids

In this study, various regression algorithms based 
on linear (Linear, Ridge, Lasso, ElasticNet), kernel-
based (SVR), neighborhood (KNN), tree/ensemble 
(decision tree, random forest, gradient boosting, Ada-
Boost, XGBoost, LightGBM, CatBoost), and neural 
network (MLP) methods were evaluated. The defined 
ranges of the applied models are summarized in Table 2.

Model evaluation

The performance of the models was evaluated 
via R², RMSE, and MAE under each target trans-
formation. Owing to their boosting-based structure, 
CatBoost and LightGBM demonstrate high capac-
ity to capture nonlinear relationships and interactions 
between variables, and the results obtained are con-
sistent with the expected performance superiority of 
these models (8, 11). The prominence of fat content 

Model training and validation

Model performance was assessed via three com-
plementary metrics: R², RMSE, and MAE. Report-
ing the RMSE and MAE together provides a more 
balanced assessment, where a single metric may not 
be sufficient in all cases, depending on the nature of 
the error distribution (30). Given the dataset size 
(N=87), a 5-fold cross-validation strategy was used 
instead of a single static training-test split to ensure 
the reliability and robustness of the model predic-
tions. For this purpose, the dataset was randomly 
shuffled and split into 5 folds. In each iteration, 
80% of the data were used for training, and 20% 
were used for validation. This process was repeated 
5 times to ensure that each sample was used only 
once for validation. Hyperparameter tuning was 
performed within these folds via GridSearchCV to 
optimize the model for the lowest root mean square 
error (RMSE).

Table 2. Models and defined ranges

Model Defined Range(s)

Linear fit_intercept ∈ {True, False}

Ridge/Lasso alpha ∈ {0.01, 0.1, 1, 10}; (Ridge) solver ∈ {auto, svd, cholesky}

ElasticNet alpha ∈ {0.01, 0.1, 1}; l1_ratio ∈ {0.1, 0.5, 0.9}; max_iter ∈ {1000, 2000}

SVR C ∈ {0.1, 1, 10}; kernel ∈ {linear, rbf }; gamma ∈ {scale, auto, 0.1}

Decision Tree max_depth ∈ {3, 5, 10, None}; min_samples_split ∈ {2, 5, 10}; min_samples_leaf ∈ {1, 2, 4}

Random Forest n_estimators ∈ {50, 100, 200}; max_depth ∈ {3, 5, 10, None}; min_samples_split ∈ {2, 5}

KNN n_neighbors ∈ {3, 5, 7, 9}; weights ∈ {uniform, distance}; p ∈ {1, 2}

MLP (ANN) hidden_layer_sizes ∈ {(50), (100), (50,50)}; alpha ∈ {1e-4, 1e-3, 1e-2}; learning_rate_init ∈ {1e-3, 1e-2}; 
learning_rate ∈ {constant, adaptive}

XGBoost max_depth ∈ {3, 5, 7}; learning_rate ∈ {0.01, 0.05, 0.1}; n_estimators ∈ {50, 100, 200}; subsample ∈  
{0.8, 1.0}

CatBoost depth ∈ {4, 6, 8}; learning_rate ∈ {0.01, 0.05, 0.1}; iterations ∈ {50, 100, 200}; l2_leaf_reg ∈ {1, 3}

LightGBM max_depth ∈ {3, 5, 7}; num_leaves ∈ {20, 31, 40}; learning_rate ∈ {0.01, 0.05, 0.1}; n_estimators ∈  
{50, 100, 200}

AdaBoost n_estimators ∈ {50, 100, 200}; learning_rate ∈ {0.01, 0.1, 1.0}; loss ∈ {linear, square}

Gradient Boosting n_estimators ∈ {50, 100, 200}; max_depth ∈ {3, 5, 7}; learning_rate ∈ {0.01, 0.05, 0.1}; subsample ∈  
{0.8, 1.0}

AdaBoost; Categorical Boosting, Decision Tree; Decision Tree Regression, ElasticNet; Elastic Net Regression, Gradient Boosting; Gradient Boost-
ing, KNN; K-Nearest Neighbors Regression, LightGBM; Light Gradient Boosting Machine, Linear; Linear Regression, MLP (ANN); Multilayer 
Perceptron (Artificial Neural Network), Random Forest; Random Forest Regression, Ridge/Lasso; Ridge Regression and Lasso Regression, SVR; 
Support Vector Regression ve XGBoost; Extreme Gradient Boosting.
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reflect the internal formulation of bakery and ready-
to-eat products rather than fat intake from deep-
frying processes. Data cleaning was performed before 
model training, and an outlier related to carbohydrate 
content was corrected to ensure data integrity. To pro-
vide a representative analysis of bakery and prepared 
food products, the data were divided into five separate 
categories: cookies (34.5%), coffee mixtures (34.5%), 
biscuits (21.8%), crackers (5.7%) and puddings (3.4%).

Machine learning-based prediction  
of estimated glyoxal (eGO)

This study comparatively examined the perfor-
mance of different ML algorithms and target trans-
formation strategies in predicting GO concentrations 
in foods. A total of 14 regression algorithms and all 
combinations of the 6 target transformation strate-
gies were evaluated via R² (a measure of how well the 
model fits the data), RMSE (a measure of the differ-
ences between the predicted values and observed val-
ues), and MAE (a measure of the average magnitude 
of the errors in the predictions). Model performance 
was sensitive to both the algorithm and the transfor-
mation strategy. The Yeo–Johnson and square-root 
transformations, for instance, were effective in reduc-
ing skewness in the data distribution and improving 
variance balance. Transformation strategies affect not 
only the error metrics but also the model’s learning dy-
namics and chemical interpretability. Specifically, the 
Yeo–Johnson and square-root transformations reduced 
the influence of outliers in the data distribution, stabi-
lizing the variance and improving the prediction accu-
racy by an average of 3–5%. In contrast, the log-shift 
transformation led to an increase in error by creating a 

in feature importance analysis is in line with stud-
ies reporting that lipid oxidation is one of the main 
sources of small reactive carbonyl compounds (4, 31).  
The significant contributions of carbohydrate and 
sugar variables are consistent with the literature, sup-
porting the simultaneous effects of sugar degrada-
tion and MR processes on GO formation (8). The 
increased error at high GO values is associated with 
the limited representation of extreme samples in the 
dataset and the distribution skewness. Previous stud-
ies on the extreme value sensitivity of the RMSE and 
MAE report that error metrics may exhibit instability 
in such cases (32, 33).

Results

Packaged food products

The predictive modeling framework used in this 
study is based on a heterogeneous dataset consisting 
of 87 processed food samples systematically compiled 
from peer-reviewed literature sources. All the data were 
input into the system as a continuous target variable, 
the GO molecules (µg/100 g), as shown in Table 3.  
The input feature space consisted of six independent 
nutritional variables, all measured in g/100 g: carbo-
hydrate, protein, fat, fructose, glucose, and sucrose. 
Descriptive statistical analysis revealed that the data-
set represents a high-energy, processed food profile. 
Specifically, the total fat content across all the samples 
was 19.73 g/100 g on average, with the highest values 
observed in the instant coffee mixes because of their 
nondairy creamer content. Notably, the dataset does 
not include fried food products; therefore, lipid levels 

Table 3. Dataset definition and description (g/100 g) and GO (µg/100 g)

Sample Carbohydrate Protein Fat Fructose Glucose Sucrose GO

Biscuit 68.51 ± 6.32 7.16 ± 2.54 15.67 ± 3.85 0.65 ± 0.50 1.07 ± 1.55 15.10 ± 7.19 27.48 ± 18.70

Coffee 74.69 ± 9.19 3.27 ± 1.69 17.35 ± 16.34 0.11 ± 0.30 0.65 ± 0.64 35.45 ± 23.06 68.83 ± 52.81

Cracker 67.96 ± 5.15 8.90 ± 2.78 8.34 ± 1.76 0.23 ± 0.19 0.34 ± 0.25 1.61 ± 1.37 11.98 ± 10.96

Cookie 58.38 ± 5.51 7.10 ± 2.58 28.23 ± 4.88 0.77 ± 1.46 1.39 ± 2.66 21.68 ± 12.02 70.90 ± 22.51

Pudding 20.00 ± 0.75 2.90 ± 0.35 3.30 ± 0.30 0.87 ± 0.06 2.10 ± 0.00 3.50 ± 0.79 15.20 ± 2.31

All 65.44 ± 13.04 5.75 ± 3.00 19.73 ± 12.21 0.49 ± 0.95 1.03 ± 1.79 23.21 ± 18.63 55.40 ± 40.93
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predictive behavior. Among the transformation strate-
gies tested in this study, the Yeo‒Johnson and square‒
root transformations contributed to error reduction 
by stabilizing the target variable variance. Table 4 
presents the best-performing model transformation 
combinations.

According to the results, the CatBoost–square 
root transformation model provided the highest fit 
in terms of overall accuracy, with an R² value of 0.53, 
an RMSE of 22.24, and an MAE of 14.03. In con-
trast, the LightGBM–Yeo–Johnson transformation 
yielded the lowest mean error, with an MAE of 13.63. 
This performance difference can be explained by the 

scale imbalance in some models, illustrating the bidi-
rectional impact of transformation selection on model 
performance.

The contributions of the transformation types to 
model performance are summarized in Table 4. The 
CatBoost and LightGBM models produced higher R² 
values and lower error values because of their ability to 
capture nonlinear relationships. These results are con-
sistent with reports suggesting that complex chemical 
relationships arising from food components can be 
more successfully modeled with boosting algorithms.

Controlling for skewness and outliers in the data 
distribution can directly impact model stability and 

Table 4. Best model–transformation combinations (R², RMSE, MAE, and time)

ID Model
Transform 
Type Best Parameters

R² 
Mean R² Std

RMSE 
Mean

RMSE 
Std

MAE 
Mean

MAE 
Std

Total 
Time

52 CatBoost sqrt {‘depth’: 4, ‘iterations’: 
200, ‘l2_leaf_reg’:...

0.53 0.19 22.24 7.03 14.03 4.68 11.31

11 LightGBM yeo-johnson {‘learning_rate’: 0.1, 
‘max_depth’: 3, ‘n_esti...

0.52 0.15 22.44 6.36 13.63 4.08 14.67

10 CatBoost yeo-johnson {‘depth’: 4, ‘iterations’: 
200, ‘l2_leaf_reg’:...

0.51 0.18 22.64 6.74 14.36 4.84 12.69

24 CatBoost standard {‘depth’: 4, ‘iterations’: 
200, ‘l2_leaf_reg’:...

0.50 0.14 23.00 5.77 14.92 3.89 10.94

53 LightGBM sqrt {‘learning_rate’: 0.05, 
‘max_depth’: 3, ‘n_est...

0.50 0.16 22.75 6.29 14.47 3.88 10.89

94 CatBoost none {‘depth’: 4, ‘iterations’: 
200, ‘l2_leaf_reg’:...

0.50 0.14 23.00 5.77 14.92 3.89 11.25

25 LightGBM standard {‘learning_rate’: 0.05, 
‘max_depth’: 3, ‘n_est...

0.49 0.13 23.28 5.72 14.87 3.39 11.52

81 LightGBM log-shift {‘learning_rate’: 0.1, 
‘max_depth’: 3, ‘n_esti...

0.49 0.17 23.02 6.12 14.08 3.68 10.67

95 LightGBM none {‘learning_rate’: 0.05, 
‘max_depth’: 3, ‘n_est...

0.49 0.14 23.31 5.82 14.93 3.49 10.21

80 CatBoost log-shift {‘depth’: 4, ‘iterations’: 
200, ‘l2_leaf_reg’:...

0.47 0.17 23.67 6.46 15.27 4.89 11.61

7 KNN 
Regression

yeo-johnson {‘n_neighbors’: 5, ‘p’: 1, 
‘weights’: ‘distance’}

0.46 0.19 23.73 6.22 15.45 5.39 0.16

21 KNN 
Regression

standard {‘n_neighbors’: 5, ‘p’: 1, 
‘weights’: ‘distance’}

0.46 0.17 23.70 5.91 15.65 4.96 0.16

91 KNN 
Regression

none {‘n_neighbors’: 5, ‘p’: 1, 
‘weights’: ‘distance’}

0.46 0.17 23.70 5.91 15.65 4.96 0.15

49 KNN 
Regression

sqrt {‘n_neighbors’: 5, ‘p’: 1, 
‘weights’: ‘distance’}

0.45 0.19 23.73 6.23 15.45 5.40 0.15

20 Random 
Forest

standard {‘max_depth’: None, 
‘min_samples_split’: 2, 
‘n...

0.44 0.12 24.21 4.97 17.49 4.63 2.76
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< 14.5) and high predictive ability (R² > 0.50), making 
them the most suitable methods for predicting the GO 
content in foods.

Model-Transformation interaction  
and performance trends

The contribution of the transformation strate-
gies was evaluated by taking the difference (Δ) of 
each transformation compared with the case. Table 6 
summarizes the average performance changes (ΔR², 
ΔRMSE, and ΔMAE) by transformation type.

Yeo–Johnson and square root transformations pro-
vided performance improvements, with an average of 
ΔR² = +0.04 and ΔRMSE = −0.53. This result is attrib-
uted to limiting the impact of outliers and stabilizing var-
iance. In contrast, the log-shift transformation resulted 
in a decrease in performance (ΔR² = −0.02, ΔRMSE 
= +0.61), indicating that excessive transformation can 
weaken model stability by distorting the data scale. Stud-
ies in the literature showing that data transformation 
methods can improve model success are consistent with 
the performance improvements observed after square 
root and Yeo–Johnson transformations (23, 34). In their 
study, (34) successfully completed the model’s learning 

capacity of boosting-based algorithms to capture non-
linear interactions and learn complex relationships 
between components. In the datasets without transfor-
mation (none), the R² values remained low, averaging 
0.03–0.05%. This demonstrates that transformation is 
a critical step in improving model performance, espe-
cially in tree-based methods. In contrast, linear (linear, 
ridge, lasso) models had R² < 0.30 and were insuffi-
cient to capture the multiple interactions involved in 
GO formation. Consequently, the performance rank-
ings shown in Table 4 clearly demonstrate that the 
model-transformation interaction is decisive in terms 
of predictive power. In this study, transformation 
strategies improved model performance by an average 
of 3–5%; in particular, Yeo–Johnson and square root 
transformations significantly reduced the number of 
error metrics. The model performance ranking (lead-
erboard) presented in Table 5 is generated via a com-
posite evaluation of the R², RMSE, and MAE metrics.

According to Table 5, these results show that the 
CatBoost-square root model exhibited the best overall 
performance in terms of the total score (Rank Sum = 
4), followed by the LightGBM-Yeo–Johnson model 
(Rank Sum = 5). These two models showed balanced 
performance with low error (RMSE < 22.5, MAE  

Table 5. Model ranking on the basis of the highest accuracy (TopR2), lowest error (TopMAE) and overall performance score 
(leaderboard)

ID Model Transform_Type Rank_R2 rank_RMSE Rank_MAE Rank_sum

52 CatBoost sqrt 1 1 2 4

11 LightGBM yeo-johnson 2 2 1 5

10 CatBoost yeo-johnson 3 3 4 10

53 LightGBM sqrt 4 4 5 13

24 CatBoost standard 4 5 7 16

94 CatBoost none 4 5 7 16

81 LightGBM log-shift 7 7 3 17

25 LightGBM standard 7 8 6 21

95 LightGBM none 7 9 9 25

80 CatBoost log-shift 10 10 10 30

21 KNN standard 11 11 13 35

91 KNN none 11 11 13 35

7 KNN yeo-johnson 11 13 12 36

49 KNN sqrt 14 14 11 39

20 Random Forest standard 15 15 15 45
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(42). In this context, the performance of our models 
is in line with that of previous studies and is actually 
an expected outcome, given the dataset’s structure and 
size as well as the intricate nature of the target variable 
(36). After transformation, a more significant improve-
ment in accuracy was observed for tree-based models 
such as CatBoost, LightGBM, and gradient boosting. 
This observation appears to be specific to the charac-
teristics of our dataset and modeling approach. Trans-
formation strategies also influence feature importance 
distributions. In the post-transformation CatBoost and 
LightGBM models, fat and carbohydrate variables con-
sistently retained the highest importance coefficients 
in GO prediction. In general, when transformations 
were applied to the models, the average R2 increased by 
3–5%, whereas the RMSE and MAE values decreased 
by approximately 0.4–0.6 points. Although the highest 
R2 value obtained in this study (0.53) indicates that the 
model performance is limited to a certain extent, this 
can be explained by the biochemical nature of the target 
variable and the structure of the dataset. GO, which is 
formed as a result of complex interactions of mecha-
nisms such as the Maillard reaction, autoxidation of 
sugars, and lipid oxidation, is not a process dependent 
solely on basic food components (39, 40). Therefore, pre-
dicting GO formation with high accuracy via a limited 

process by stabilizing transformation methods, improv-
ing the model’s learning process in skewed and non-
normally distributed datasets. Another study reported 
that appropriate data preprocessing techniques resulted 
in measurable improvements in model performance in 
studies investigating ML modeling in food applications 
(35). The highest R2 value found in this study, approxi-
mately 0.53, is within a suitable range compared with 
values reported for similar problem types after a com-
prehensive literature review. In many studies where ML 
modeling is used in food applications, the R2 value is 
mostly reported to be in the range of 0.50--0.70 (36, 37). 
Another study reported that in models developed by ap-
plying sensor-based high-dimensional datasets or spec-
troscopic data, the R2 value could exceed 0.90 (38, 39).  
The observed difference highlights how strongly the 
choice of data type can influence model performance. 
In this study, the compositional variables fats, proteins, 
carbohydrates, and sugars are only indirectly related 
to GO formation (40). Moreover, GO formation is 
inherently complex, arising from the interplay of sev-
eral biochemical pathways, including lipid oxidation, 
the Maillard reaction, and sugar auto‑oxidation (41).  
Because of this complexity, the literature generally re-
gards it as challenging to achieve highly accurate pre-
dictions when relying solely on food composition data 

Table 6. Transformation effect summary (ΔR2, ΔRMSE, and ΔMAE)

Model Transform Baseline ΔR2
ΔRMSE ΔMAE Improved

CatBoost sqrt none 0.03 -0.76035 -0.89098 3

CatBoost yeo-johnson none 0.01 -0.36308 -0.55576 3

CatBoost standard none 0 0 0 0

CatBoost none none 0 0 0 0

CatBoost log-shift none -0.03 0.668694 0.356728 0

KNN yeo-johnson none 0 0.034839 -0.20023 1

KNN sqrt none -0.01 0.035468 -0.20207 1

KNN standard none 0 0 0 0

KNN none none 0 0 0 0

LightGBM yeo-johnson none 0.03 -0.87184 -1.29767 3

LightGBM sqrt none 0.01 -0.55945 -0.45717 3

LightGBM log-shift none 0 -0.29375 -0.84521 2

LightGBM standard none 0 -0.03421 -0.05331 2

LightGBM none none 0 0 0 0

Random Forest standard standard 0 0 0 0
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GO levels in foods, regardless of the type of target 
conversion utilized. Furthermore, the literature indi-
cates that lipid peroxidation, especially in food matri-
ces with relatively high fat contents, can significantly 
contribute to the formation of GO and related car-
bonyl species.

The feature importance analysis results revealed 
that fat content was the most important determinant, 
and in this context, addressing the potential bias in-
herent in the dataset is crucial. Our dataset (n=87) 
consists of fully processed foods, primarily bakery 
products (biscuits, cookies, crackers) and instant coffee 
mixes, with an average fat content of 19.73 g/100 g. 
The absence of fried foods in the dataset eliminates any 
bias from deep-fat frying-induced fat absorption. This 
trend was confirmed in this study, as shown in Table 7. 
In all model–transformation combinations, fat content 
emerged as the most dominant determinant, with an 
average importance rate of 34%.

The carbohydrate, glucose, and sucrose variables 
presented lower but still significant predictive contri-
butions. These results suggest that GO formation is as-
sociated not only with carbohydrate-induced processes 
but also with lipid oxidation-based mechanisms. These 
results are also compatible with the feature significance 
analyses obtained in the current study. The CatBoost 
and LightGBM models produce more balanced im-
portance distributions under different transformation 
strategies, which increases the generalization perfor-
mance by reducing model variance. Thus, both fat- and 
carbohydrate-based mechanisms could be modeled 
together in the prediction of GO, which is consistent 
with the literature explanations of the GO formation 
mechanism on the basis of lipid–sugar interactions.

Conclusion

This study evaluated 14 machine learning algo-
rithms in combination with six target transforma-
tion strategies to determine eGO concentrations in 
processed packaged foods. Among the tested combi-
nations, CatBoost with square-root transformation 
provided the highest accuracy (R² = 0.53, RMSE = 
22.24, MAE = 14.03), whereas LightGBM with the 
Yeo–Johnson transformation produced the lowest 

number of variables, such as fat, carbohydrate, protein, 
and sugar contents, presents a structural challenge. In 
addition, the small sample size (n= 87) of the dataset 
used in the study is another factor limiting the generali-
zation ability and prediction success of ML models (36). 
The fact that the dataset was compiled directly through 
a literature review is also an important limitation. GO 
data obtained from different studies may show hetero-
geneity depending on processing conditions, variations 
in analytical methods, and matrix diversity. Although 
attempts have been made to standardize the methods 
used, the inability to completely eliminate these dif-
ferences originating from the literature directly affects 
model performance (34). The performance data in 
question prove that there is a moderate but statistically 
significant relationship between food components and 
contaminant formation. This relationship also includes 
the indirect effects of variables such as heating tempera-
ture, processing time, and storage conditions, which are 
not always reported in the literature but play a critical 
role in the heterogeneous structure of the food matrix. 
These findings show that the developed model can be 
used as a practical screening tool that divides foods into 
“low” and “high” risk groups in terms of glyoxal content 
rather than as an absolute quantitative determination 
tool. Nevertheless, the greatest limitation of this study 
is the limited sample size of the literature. Small data-
sets increase the risk of overfitting in machine learn-
ing models, thus limiting generalizability (43, 44). The 
scarcity of studies in the literature that present detailed 
nutrient composition data along with glyoxal concen-
trations simultaneously has made it difficult to create a 
more comprehensive data pool. Therefore, the proposed 
“eGO” approach should not be considered an exact pre-
diction system; it should be evaluated as a methodologi-
cal starting point and a “proof-of-concept” study. Future 
research with larger, standardized and multivariate data-
sets will significantly improve the accuracy and reliabil-
ity of the model in industrial applications (45).

Feature importance analysis

Figure 4 and Table 7 show the variable im-
portance distributions over the four basic model– 
transformation combinations. As shown in Figure 4, 
the fat component has the highest predictability for 
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Figure 4. Feature importance distributions for GO estimation in foods under different target transformation strategies in the  
CatBoost and LightGBM regression models.

Table 7. Relative importance levels of nutritional components in GO estimation according to model-transformation combinations

Variable Most Important in % of Models Average Importance Score (estimated)

Fat 85–100% 0.34

Carbohydrate 70–80% 0.29

Glucose 60% 0.18

Protein 50% 0.12

Sucrose 45% 0.10

Fructose 40% 0.09

mean absolute error (MAE = 13.63). The linear mod-
els remained below R² = 0.30, indicating that GO 
formation cannot be adequately captured by linear 
assumptions when only nutritional composition vari-
ables are used. Target transformation clearly affected 
model performance. Yeo–Johnson and square-root 
transformations reduced skewness and outlier influ-
ence, improving R² by 3–5% on average, whereas the 
log-shift transformation increased prediction error 

in some models. These results indicate that transfor-
mation selection should be considered as part of the 
modeling process rather than as a default preprocess-
ing step. In the feature importance analysis, fat content 
was the most influential variable across all the model– 
transformation combinations, followed by carbohy-
drates, glucose, sucrose, protein and fructose. This find-
ing is consistent with the known contributions of both 
the lipid oxidation and Maillard reaction pathways 
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