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A B S T R A C T

The aging process is crucial for Chinese Baijiu production, significantly enhancing the spirit’s
flavor, aroma and quality. However, aging involves a complex interplay of numerous compounds,
and the extensive duration required for aging leads to a scarcity of samples available for scientific
research. These limitations pose a challenge in analyzing high-dimensional data with collinearity,
complicating the understanding of the intricate chemical processes at play. In this article, a two-
step framework was proposed that integrated Relaxed Lasso regression models with Lasso-
selected predictors to address this issue. Baijiu samples subjected to various aging conditions
were analyzed using direct GC-MS and HS-GC-MS, and the obtained data was processed by this
approach. The results demonstrate significantly superior performance compared to other
methods, including PLSR and Gradient Boosting. Analyses were also performed on a previously
documented dataset, yielding enhanced results and underscoring the method’s advantage in
processing high dimensional data with multicollinearity. Moreover, this method proved effective
in screening of potential indicative compounds, highlighting its utility in Baijiu aging research.

1. Introduction

Chinese Baijiu (also referred to as Chinese liquor) is a traditional distilled alcoholic beverage of China, and has been widely
consumed in China for thousands of years. Baijiu is made from grains and undergoes a co-fermentation process involving multiple
microbes. It is then distilled, stored, and skillfully blended. Freshly distilled Chinese Baijiu has undesirable characteristics due to its
strong pungent and spicy taste. To eliminate these unpleasant odors and develop a well-balanced, mellow and mature aroma, it is
typically stored in a sealed pottery jar for several years. This transformative maturation is commonly referred to as “aging” [1].
Over the past few decades, extensive research has explored various aspects of Chinese Baijiu through comprehensive compound
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analyses, including its classification, quality scores, production regions, and vintage characteristics. Aging is among the most complex
of them, as it involves a multitude of known and unknown physical and chemical reactions. There are over 2000 chemicals in Baijiu
that account for its flavor [2] and change with time. During aging, irritant compounds volatilize, alcohols are oxidized to aldehydes
and acids, while alcohols, acids and esters are converted into one another through esterification and hydrolysis reactions [3]. However,
natural aging is expensive and time-consuming, alternative methods have been explored to accelerate the aging process of Chinese
Baijiu, including irradiation, ultrasonic waves, and varying storage conditions [4,5]. For example, Gamma irradiation can break water
and ethanol down into intermediates including H2O2, H+, OH, H, H2, OH− , hydrogen and alkane to speed up oxidation, esterification
and polymerization reactions [4]. Ultrasonic waves can accelerate Baijiu aging through enhanced mass transfer and diffusion of flavor
compounds [5].
The common strategy for investigating Baijiu aging includes two steps: instrumental analysis and statistical analysis. Instrumental

techniques for compound analyses include GC-MS, LC-MS (Liquid Chromatography-Mass Spectrometry), E-nose (Electronic nose), 1H
NMR (proton Nuclear Magnetic Resonance), and HPLC-NMR (High Performance Liquid Chromatography-Nuclear Magnetic Reso-
nance) [6]. The chemometric tools mainly include PCA (principal component analysis), LDA (linear discriminant analysis), PLSR
(partial least squares regression), ANN (artificial neural networks), SVM (support vector machine). For example, Xu et al. applied
electronic nose signals, PCA, and PLSR to discriminate Baijiu samples with different ages and to predict their storage time [7]. Chen
et al. employed headspace-gas chromatography-ion mobility HS-GC-IMS and PLSR to detect the age of Chinese Baijiu [8].Using
time-resolved fluorescence, Zhang et al. developed a relationship between fluorescence lifetimes and storage time of Baijiu [9]. Li et al.
used GC and 1H NMR spectroscopy combined with PLSR to identify the storage vintage of Chinese Baijiu samples [3]. Jiang et al.
established an ANNmodel to optimize the irradiation parameters for the desired aging effect [10]. Jia et al. explored the differentiation
between natural aging and gamma irradiation maturation, as well as investigating the aging mechanism through
UPLC-Orbitrap-MS/MS and PLS-DA [11].
These studies treated the detected compounds as independent variables for unsupervised or supervised learning. However, as

detection technologies advance, an increasing number of compounds have been identified in Baijiu, with over 2000 flavor compounds
detected to date [2]. This proliferation of detectable compounds presents challenges for data analysis, particularly in the context of
supervised learning methods. The complexity of the Baijiu brewing process makes it difficult to provide large-scale observational
samples. Furthermore, the analysis is complicated by the vast number of independent variables (detected compounds) and the
challenge of multicollinearity within these variables. Multicollinearity, indicative of a dataset where the rank of the matrix X is less
than the minimum of n (number of observations) and m (number of variables), reflects non-orthogonality and leads to several adverse
effects. High collinearity often results in unstable estimates of regression coefficients in linear models like least squares regression,
complicating the assessment of each variable’s relative importance. Additionally, collinearity could exacerbate overfitting issues,
where the model mistakenly includes random noise as part of significant relationships. Therefore, it is crucial to preprocess the data to
reduce collinearity and employ appropriate modeling techniques, such as Stepwise regression, PCR (Massy, 1965), latent root
regression (Webster, Gunst,&Mason, 1974), PLSR (Abdi, 2003), Ridge regression, Lasso regression and Elastic Net regression (Hoerl&
Kennard, 1970), etc. Despite the availability of various methods, only PCR and PLS have been widely applied in this field.
The Lasso technique has proven particularly useful in situations where the number of predictors (variables) exceeds the number of

observations due to its capability of reducing dimensionality. Lasso aims to obtain a subset of predictors that minimizes prediction
error for a quantitative response variable by imposing a constraint on the sum of the absolute values of the model parameters [12]. It
performs both variable selection and regularization to enhance the prediction accuracy and interpretability of the statistical model.
Relaxed Lasso is a variation of the Lasso method that addresses one of Lasso’s limitations: the potential for bias in parameter esti-
mation, especially when dealing with highly correlated variables. The Relaxed Lasso procedure first applies the Lasso method to select
variables, and then refits the selected variables with a lesser penalty [13]. The versatility and efficiency of these methods make them
powerful tools for data scientists across disciplines.
To address the challenges of collinearity and high dimensionality in Baijiu aging studies, we developed a two-step framework

employing Lasso for initial variable selection while Relaxed Lasso for further refinement and regression. First, the rationale for
integrating Lasso and Relaxed Lasso to enhance model performance and address multicollinearity was discussed. Next, the application
of the proposed framework to both artificial and natural aging studies of Chinese Baijiu was detailed, including the fitting process,
result evaluations, and comparisons with other methodologies. Moreover, the outcomes of key compound selection were showcased,
elucidating their relationship with aging mechanisms. Finally, the differential performance across various datasets was examined,
highlighting the potential applicability and limitations of the framework. The results demonstrated that the two-step framework
integrating Lasso and Relaxed Lasso can be an effective method for better analysis of the aroma datasets associated with the Chinese
Baijiu aging process.

2. Materials and methods

2.1. The two-step framework integrating lasso and Relaxed Lasso

2.1.1. Lasso for feature selection
Let X =

(
X1,…,Xp) be the p-dimensional predictor variable and Y a response variable of interest. Lasso is a regression method that

shrink the estimated coefficients of OLS (ordinary least square) regression. The estimated coefficients of OLS are expressed as follows:
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β̂ = argmin
β
n− 1

∑n

i=1

(
Yi − XT

i β
)2

=
(
XTX

)− 1XTy

If there is multicollinearity in the input values, the matrix attains singularity. Thus, the OLS estimate would be biased and overfit
the data. The Lasso (least absolute shrinkage and selection operator) was put forwarded by Tibshirani [14]. Lasso regression can
handle the problem by imposing an ℓ1-penalty on the absolute values of the regression coefficients, which is defined by

β̂
λ1
= arg min

β
n− 1

∑n

i=1

(
Yi − XT

i β
)2

+ λ1‖β‖1 (1)

which can also be written as

β̂
λ1
= arg min

β
n− 1

∑n

i=1

(
Yi − XT

i β
)2

subjected to
∑

k∈{1,…,p}|βk| ≤ t.

where β̂ is the estimated regression coefficients, ‖β‖1 =
∑

k∈{1,…,p}|βk| is the ℓ1-norm of the vector of coefficients, λ1 ∈ [0,∞) is the
tuning parameter that controls the strength of penalty in variable selection, n is the number of samples, and p is the number of original
features. The constraint makes the sum of the absolute values less than a fixed value and shrinks some of them to be zero. The tuning
parameter λ1 plays key role that controls the strength of penalty. As λ1 increases, more coefficients are shrunk to zero.
The ℓ1-penalty has two effects, model selection and shrinkage estimation. On the one hand, for variables in the selected model,

coefficients are shrunken towards zero compared to the least-squares solution, thus improves the overall prediction accuracy by
sacrificing a little bias to reduce the variance of the predicted values. On the other hand, a certain set of coefficients is set to zero and

hence excluded from the selected model M λ1 =
{
1≤ k≤ p

⃒
⃒β̂

λ1
k ∕= 0

}
.

Compared to other methods such as Ridge regression and Elastic Net regression, which do not shrink coefficients exactly to zero,
this property is particularly useful for feature selection, especially in high-dimensional data where the number of predictors exceeds
the number of observations. Previous studies have shown that Lasso outperforms other methods in removing the redundant or
irrelevant features or features which are strongly correlated in the data without much loss of information [15]. In numerous fields,
especially those dealing with high-dimensional data, Lasso has been utilized in feature selection for model fitting to make the model
easier to interpret and increase generalization by reducing the variance. For example, it was applied to building predictors for climate
variables in environmental modeling, offering interpretations that are climatologically meaningful for the high-dimensional climate
datasets [16]. In systems biology research, Lasso was integrated with parallel tempering to reduce model complexity by selecting
important variables [17]. For high-dimensional data, it has also been demonstrated that the technique of employing features extracted
by Lasso to build the regression model could offer a promising trade-off result in terms of prediction accuracy and model interpretation
[15,18].
Lasso was conducted to generate predictor variables from the concentration matrix of Baijiu compounds, which has a large number

of potential predictors and a limited sample size.

2.1.2. Relaxed Lasso regression
The Lasso suffers from some drawbacks, such as slow convergence rates for high-dimensional data with sparse structure, over-

shrinkage of non-zero coefficients, and selection of noise variables. The over-shrinkage issue of Lasso can introduce bias into the
estimation. Addressing the two interrelated effects of Lasso, model selection and shrinkage estimation, may help mitigate this problem
to some extent. It is not clear whether it is indeed optimal to control these two effects by a single parameter only. As an example, it
might be desirable in some situations to estimate the coefficients of all selected variables without shrinkage. The Relaxed Lasso was
proposed by Meinshausen [13] to tackle this challenge. It controls model selection and shrinkage estimation by two separate pa-
rameters λ and ϕ, and allows coefficients to be estimated with less bias than Lasso, which is defined by

β̂
λ2 ,ϕ

= arg min
β
n− 1

∑n

i=1

(
Yi − XT

I

{
β • 1M λ2

})2
+ϕλ2‖β‖1 (2)

whereM λ2 denotes the set of predictor variables selected by the ordinary Lasso, λ2 ∈ [0,∞) determines which variables are included, as
in the ordinary Lasso, ϕ ∈ [0, 1] determines how much the coefficients of the selected variables are shrunken towards zero. The Lasso
and Relaxed Lasso estimators are identical when ϕ = 1. For ϕ < 1, the shrinkage of coefficients is reduced. The Relaxed Lasso esti-
mator for ϕ = 0 are defined as the limitation of the above definition. The estimation has less variance than Lasso and can adapt to the
sparseness and signal-to-noise ratio of the underlying data by varying the relaxation parameter.
To reduce computational complexity, the Relaxed Lasso follows a two-stage procedure. Firstly, it uses Lars algorithm to compute all

ordinary Lasso solutions for a range of λ2 values. Let λ12 > … > λs2 = 0 be the penalty term and M λ12
,…,M λs2 be the variable sets of

results. When M λ2 = M λk2
, if and only if λ2 ∈

(
λk2,λ

k− 1
2

]
. The second stage computes all Relaxed Lasso solutions for each k, which first

compute the direction of Lasso as f(k) =
(

β̂
λk2
− β̂

λk− 12
)
∕
(
λk− 12 − λk2

)
. Let β̃ = β̃

λk2
+ λk2f(k). If there is one component l so that sign(β̃l) ∕=
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sign
(

β̃
λk2
l

)
, all Relaxed Lasso solutions for λ2 ∈ Λk and Φ ∈ [0,1] need to be computed. Otherwise, Relaxed Lasso solutions for λ2 ∈ Λk

and Φ ∈ [0,1] are linear interpolation between β̂
λk− 12 and β̃.

Since Relaxed Lasso is a derivative method of Lasso, it also adapts to high dimensional data with collinearity. The application of
Relaxed Lasso has been relatively rare so far, but it has shown good performance in feature selection and tumor classification for
microarray data [19], which selected feature by reducing the number of irrelevant genes and enhancing the accuracy of gene iden-
tification, thereby optimizing the performance of the multi-class support vector machine for tumor classification.
In this study, the Relaxed Lasso was utilized to model the relationship between aging parameters and the selected features by Lasso.

A continuum of solutions that minimized the cross-validation error was yielded was conducted by adjusting the parameters λ2 and ϕ in
the Relaxed Lasso model. Ultimately, those variables with nonzero coefficients, which were corroborated by other analytical methods,
were pinpointed as the potential indicative aroma compounds of aging parameters amidst a vast pool of potential predictors.

2.1.3. Overall description
The main methodology used in this paper is a two-step framework integrating Lasso and Relaxed Lasso, as demonstrated in Fig. 1:

Lasso for feature selection and Relaxed Lasso for further variable selection and regression.
It was notice that, apart from the over shrinkage of coefficients, Lasso’s penalty can lead to rapid sparsification of selected variables

M λ, potentially leading to the inclusion of noise variables or the exclusion of significant ones. Although Relaxed Lasso mitigates the
over-shrinkage of non-zero coefficients caused by large λ, such flaws also arise in Relaxed Lasso due to their shared variable selection
strategy. For example, if Lasso selects 10 variables at λ = 0.6, increasing λ to 0.9 might abruptly reduce the selected variables to 2,
bypassing intermediate combinations (3–9 variables) [20]. Such issues detract from the accuracy and efficiency of the estimation
procedure in the high-dimensional datasets [15].
By applying Relaxed Lasso after Lasso, we aim to refine the initial variable selection and achieve a better fitting performance. In the

first stage of the combined method, a series of Lasso models, each with a distinct regularization factor λ1 were applied to the original
data set. Selected features with non-zero coefficients, as determined by Equation (1), were pooled across the models (M λ11

,M λ21
,…). In

the second stage, we take each set of the Lasso-selected variables (e.g., M λk1
) in the feature pool, and perform another round of

regression starting from a zero-penalty using Relaxed Lasso. By tuning λ2, the Relaxed Lasso generated a new set of selected variables
(M λ11

,M λ21
,…). This allows for the selection of intermediate variable counts (e.g., 4, 6, 8 variables), addressing the limitations of Lasso

in variable selection under strong penalties. Furthermore, by tuning ϕ, the advantages of Relaxed Lasso, including better fitting
performance and reduced bias in coefficient estimation as calculated by Equation (2), were retained. Cross-validation procedure was
performed to estimate the optimal model tuning parameters for both stages: λ1 of the first Lasso, λ2 and ϕ of the Relaxed Lasso. This
framework could enhance model performance by ensuring a more comprehensive feature pool and mitigating the risks associated with

Fig. 1. The Two-Step Scheme integrating Lasso and Relaxed Lasso. The arrows show the data flow.
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over shrinkage from a single Lasso penalty.

2.2. Determination of significant variables

The significance of variable selection in multivariate regression techniques has been highlighted by many researchers. In general,
variable selection in multivariate regression is based on the principle of either choosing the most contributing variables or eliminating
the noncontributing variables [19,21].
The proposed two-step framework integrated Lasso and Relaxed Lasso for variable selection by minimizing the penalized residual

sum of squares of the Relaxed Lasso. This process shrank some coefficients of features in the Lasso-selected feature pool to zero, as
described by Equations (1) and (2). However, Lasso has certain limitations under specific conditions. When there are highly correlated
covariates, it tends to randomly select one or a few predictors and shrink the rest to zero. This can lead to errors when there is high
correlation between relevant and unimportant covariates or result in a loss of information when important covariates have a strong
dependence structure [20]. On the other hand, PLSR selects variables with high loadings on the principal components, which are linear
combinations of the predictors with maximum covariance with the response. It can handle multicollinearity better and take advantage
of natural correlations. There are possibly no performance differences between them at realistic quantities of samples [22].
Furthermore, Relaxed Lasso can select variables more flexibly than Lasso by adjusting the tuning parameter. When the tuning
parameter is small, Relaxed Lasso can retain more variables than Lasso without compromising the model accuracy. However, this may
also include some irrelevant or redundant variables. Therefore, correlation analysis and PLSRwere used as supplements to filter out the
more relevant and reliable variables in this study [3]. The final potential characteristic markers are those selected by Lasso with
coefficients > 0 and either by PLSR with VIP scores > 1 or correlation analysis with p-values < 0.05. This method can select one
representative from each group of relevant important variables and eliminate irrelevant ones, yielding credible and comprehensive
results.

2.3. The application of integrated lasso and Relaxed Lasso method in studying Chinese baijiu aging

2.3.1. Samples and chemicals
All Chinese Baijiu samples were strong-aroma Baijiu and purchased from Sichuan ** Wine Co., Ltd. The samples were. A series of

orthogonal experiments were conducted on 20 artificially aged samples, s-i1, s-i2, …, s-i20, which were freshly distilled spirits
immediately following fermentation. These samples first underwent radiation treatment at various doses (3 kGy, 4 kGy, 5 kGy, and 6
kGy), followed by ultrasonic treatment for different durations (0 min, 5 min, 10 min, and15 min), and were then stored at varying
temperatures (20 ◦C, 25 ◦C, 30 ◦C, 35 ◦C). Additionally, five naturally aged samples, s-n1, s-n2, s-n3, s-n4, and s-n5, were stored for
different periods (1 year, 2 years, 3 years, 4 years, 5 years) to compare the effects of artificial and natural aging. The irradiation source
was 60Co and the absorbed dose rate was 0.71 kGy/min. The ultrasonic treatment was conducted at a frequency of 25k Hz. For specific
information, see Table S1. The internal standard, N-amyl acetate (≥ 99.0 %), was obtained from Sigma-Aldrich (Shanghai, China).
Water was purified using a Milli-Q water purification system (Millipore, Bedford, MA, USA).

2.3.2. Direct GC-MS analysis
The direct injection method was used, in accordance with the Chinese national standard (GB/T 10345-2007). A mixture of Chinese

Baijiu and internal standard solution (N-amyl acetate; final concentration, 200 mg/L) was placed in a vial, and 1 μL was separated and
detected by GC-MS. GC-MS analysis was performed on an Agilent 7890A gas chromatography equipped with a HP-5MS column (30 m
× 0.25 mm, 0.25 μm) and an Agilent 5977B mass spectrometer. Helium (flow rate, 0.8 mL/min) was used as the carrier gas. The
injector and detector temperatures were both set to 250 ◦C and the ion source temperature was set to 230 ◦C. The GC-MS conditions
were as follows. Oven temperature was held at 40 ◦C for 3 min, increased to 180 ◦C at a rate of 5 ◦C/min, then further increased to
260 ◦C at a rate of 8 ◦C/min, and finally held at this value for 6 min. The mass spectrometer was operated in the electron impact mode
at 70 eV over a scan range of 20 ∼ 350 m/z. Analyses were conducted in triplicate.

2.3.3. HS-GC-MS analysis
This study’s static headspace method is validated as a simple, efficient way to quantitatively analyze low-boiling point compounds

[23].
A total of 5 mL of each Baijiu sample solution, spiked with internal standard (N-amyl acetate) to a final concentration of 200 mg/L,

was transferred to a 20-mL headspace vial. After 20-min heating at a constant temperature of 70 ◦C in Agilent 7697A static headspace
equipment, the upper gas was analyzed by GC-MS. GC-MS conditions were as described above for the direct injection method.
The GC-MS analysis was performed on an Agilent 7890B gas chromatography coupled with an Agilent 7000C mass selective de-

tector, equipped with a HP-5MS column (30 m× 0.25 mm, 0.25 μm). Helium (flow rate, 0.8 mL/min) was used as the carrier gas in the
split mode (30:1). The injector and detector temperatures were both set to 200 ◦C and the ion source temperature was set to 230 ◦C.
The GC-MS conditions were as follows. Oven temperature was held at 40 ◦C for 2 min, increased to 200 ◦C at the rate of 2 ◦C/min, and
held at this value for 5 min. The mass spectrometer was operated in the electron impact mode at 70 eV over a scan range of 20~350m/
z. The analyses were conducted in triplicate.

2.3.4. Data pretreatment and statistical analysis
Identification of volatile components was achieved by comparing the mass spectra with the reference spectra of the National

D. An et al.
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Institute of Standards and Technology (NIST) database. The relative concentrations of volatile components were estimated with the
following equation using the internal standard:

ci = c0 •
si
s0

(3)

where ci is the relative concentration of an aroma component (mg/L), c0 is the concentration of the internal standard (N-amyl acetate,
200 mg/L), si is the peak area of the analyte, and s0 is the peak area of the internal standard. All analyses were conducted in triplicate
and the average amount of each flavor compound was calculated.
The results of aroma analysis for Baijiu samples were expressed as a heat map, where the aroma compounds were analyzed using

HCA (hierarchical cluster analysis). The KNN approach was used to estimate the missing values for compound contents.
Considering the impact of the semi-quantification method on the accuracy of results due to the discrimination effect and the effect

of abundance on the significant information of compounds, z-score standardization, defined as the deviation of each point from the
mean, divided by the standard deviation, was used to balance signal variances of intensity and abundance. The pairwise correlation
coefficients (r) and the variance inflation factor (VIF) between aroma compounds were computed for collinearity diagnostics. The
correlation coefficients between aroma compounds and process parameters were calculated, and correlation networks were analyzed.

2.3.5. Model evaluation
To evaluate model performance with our very small dataset, we applied leave-one-out cross-validation (LOOCV). This method

involves sequentially removing each sample from the dataset, building a model with the remaining samples, and then predicting the
excluded sample. It ensures the training and test sets are disjoint and as independent as possible. Given the dataset of 20 samples, we
performed LOOCV by creating 20 folds and conducting 20 cross-validation iterations, fully utilizing each sample, reducing the vari-
ability on validation sets. For datasets with a larger sample size, it would be advisable to set aside a separate test set and evaluate the
model’s performance on it. For methods requiring parameter optimization, LOOCV was also used to determine the optimal parameter
configuration. Performance metrics including MSE (Mean Square Error) and the R2 (coefficient of determination) were employed to
assess the models’ effectiveness [24]. They are defined as follows:

MSE=

∑n
i=1

(
ypre − yact

)2

n
(4)

R2=1 −

(
ypre − yact

)2

(yact − ymean)2
(5)

where n is the number of samples. ypre represents the forecasting value of the response variable, yact is the actual value of the response

Fig. 2. Cluster analysis and correlation analysis of detected compounds a) Heat map and HCA clustering results of 41 compounds in artificially and
naturally aged Baijiu samples. b) Correlation network between process parameters and aroma compounds (p < 0.05) and between aroma com-
pounds (|ρ| > 0.8) of Baijiu samples. (The gray nodes represent the process variables of Baijiu including storage time as the variable of natural aging,
and irradiation dose, ultrasonic time and storage temperature; the outer nodes represent aroma compounds; different colors represent different
aroma classes. The size of nodes is proportional to the amount of compound and the thickness of lines is proportional to the value of Pearson’s
correlation. Solid lines represent correlations between process parameters and aroma compounds and dotted lines represent correlations between
aroma compounds. Red solid lines represent positive correlations, blue solid lines represent negative correlations). (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this article.)
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variable and ymean is the mean value of the response variables. In general, the smaller the MSE of the model, the closer R2 is to one, the
better the model’s accuracy and predictive ability. The performance measured by them of our method was compared to other
multicollinearity-solving methods to prove that it’s effective and feasible.

3. Results and discussion

3.1. Changes in compounds during natural aging and artificial aging

Volatile components were identified and then quantified by Equation (3) to depict natural aging and artificial aging. Fig. 2 a) shows
the standardized, scaled (by column), and clustered results, where the color at the top indicates the category of compound. For more
details, refer to Table S2, supplementary data. The relative amounts of various compounds in different samples can be compared from
the heatmap. There were obvious differences between artificially aged Baijiu samples and naturally aged Baijiu samples. In naturally
aged Baijiu samples, these compounds showed a regular change pattern as the storage time increased. The contents of compounds in
artificially aged samples were also related to the parameter values (irradiation dose, storage temperature and ultrasonic time). We
observed that compounds of the same class tended to be closer to each other, indicating their similar change pattern. In the naturally

Fig. 3. Model optimization process. The results of predicting a) irradiation dose, b) storage temperature and c) ultrasonic time by integrated Lasso
and Relaxed Lasso models on the training set and validation set. The effects of variable shrinkage and selection of the first Lasso on the overall cross-
validation MSE can be seen in e) irradiation dose, f) storage temperature and g) ultrasonic time. The tuning effects of λ2 and ϕ of Relaxed Lasso
models on the overall cross-validation MSE with λ1 fixed to optimal values were shown in g) irradiation dose, h) storage temperature and i) ul-
trasonic time.
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aged Baijiu samples, ketones, aldehydes, acids and esters all increased with time due to oxidation and esterification reactions, which
has been shown previously [25]. The contents of most acids, esters, aldehydes and ketones in artificially aged Baijiu samples were
higher than those in naturally aged ones, whereas the contents of alcohols were lower. These results are consistent with the earlier
finding that irradiation can accelerate the physical and chemical reactions of natural aging and shorten the aging time.
The correlation network was obtained by calculating Pearson correlation coefficients. As shown in Fig. 2 b), in the strongly

correlated node pairs, there were four esters, five alcohols, one acid and one nitrogen compound positively correlated and one nitrogen
compound negatively correlated with storage time. In terms of irradiation dose, compounds positively correlated included hexyl
hexanoate, hexanoic acid and methylal, whereas compounds negatively correlated were ethyl lactate, ethyl hexanoate, amylene hy-
drate, isopropyl alcohol, acetic anhydride acetal and 2-pentanone. Ethyl octanoate, propyl pyruvate and succinic anhydride were
strongly correlated with ultrasonic time. Only 1-propanol had a significant correlation with storage temperature, which might be
because the irradiation dose was too strong to be affected by temperature. Therefore, the main factors influencing aroma compounds
were irradiation dose and ultrasonic time. Based on our results and previous studies, we can infer that artificial aging can accelerate
physical and chemical reactions, shortening the aging time, but specific effects still need further exploration.

3.2. Model building and optimization

The integrated Lasso and Relaxed Lasso models were built with compounds as input and artificial aging parameters as output, and
optimization was performed by tuning model parameters. The optimization process consists of two stages: variable subset generation
and Relaxed Lasso regression. Fig. 3 a)-c) show the results of the Relaxed Lasso model with predictive variables selected by Lasso and
evaluated by cross-validation. In the first stage, ordinary Lasso was used to generate predictors. As the tuning parameter λ1 increases,
some coefficients become zero and are eliminated, resulting in a pool of predictive variables for the next stage. In the second stage, the
Relaxed Lasso models was refitted using the selected variables and their performance were measured using leave-one-out cross-
validation. The minimum MSEcv of each Relaxed Lasso model, as determined by Equation (4), was plotted against λ1 in Fig. 3 d)- f). It
can be seen that the MSEcv has a U-shaped relationship with λ1 for irradiation dose and storage temperature, but a positive relationship
for ultrasonic time. This suggests that coefficient shrinkage can reduce overfitting and instability by removing redundant predictors,
but excessive sparsity can also impair the model performance.
In the second part, we tuned the regularization parameter, λ2 ϵ [0,∞), and the relaxation parameter, ϕ ϵ [0,1], to obtain sparse and

consistent solutions of the Relaxed Lasso model. For each set of predictors selected by λ1, Relaxed Lasso models were established with
different values of λ2 and ϕ, and their predictive performance was evaluated by cross-validation. The exact solutions of the Relaxed
Lasso estimator were computed by the Lars-algorithm [26]. Fig. 3 g), h) and i) show howMSEcv of the Relaxed Lasso models varies with
λ2 and ϕ. For all datasets, the minimumMSEcv was achieved when both λ2 and ϕwere small, which indicates that the variable selection
by coefficient shrinkage is similar to that of the first Lasso stage. This suggests that the variables selected in the first stage are indeed
significant, while ordinary Lasso tends to over-shrink the coefficients for our datasets, and the relaxation parameter ϕ helps to balance
variance and bias for a lower prediction loss [13].
It can be seen that the increasement of λ2 first enlarged and then reduced MSEcv, which might be due to the trade-off between bias

and variance. Growth of λ2 raised bias and lowered variance when it was small, while achieved variable selection and refitting when it
was large, which could improve the accuracy. On the other hand, varying ϕ changed the penalty term from 0 to λ2 but didn’t change the
predictors. Irradiation dose had significant correlation with most of the compounds, making it more prone to overfit than the other two
factors. For irradiation dose models, increasing ϕ had opposite effects on the MSEcv depending on λ2. When λ2 was small, it increased
the MSEcv, which might be because it reduced the penalty necessary to avoid overfitting. When λ2 was large, it decreased the MSEcv,
which may be due to fewer predictors and less penalty. For storage temperature and ultrasonic time, increase of ϕ would result in
reduction of MSEcv when λ2 was extremely small, while enlarged MSEcv when λ2 was larger. A possible explanation is that the number
of predictors did not cause overfitting and might even be underfitting and did not need much penalty, while larger λ2 removed some
redundant noise variables and showed more accurate prediction. These patterns depend on multiple factors, such as overfitting or
underfitting of the predictors, and the optimal relaxation for coefficient estimation and predictor selection.
In summary, Table 1 and Fig. 3 show the optimization results and model performance, measured by MSE, R2 and VIF. For

Table 1
Model performance and optimization results.

Responding
Variable

Number of
predictors

MSE R2 λ1 λ2 ϕ VIF

Training Validation Training Validation

Irradiation dose 17 1.705E-
04

3.470E-02 9.999E-
01

9.722E-01 1.033E-01 2.193E-
05

3.139E-
01

9.908E+00

Storage
temperature

18 1.838E-
03

1.042E+01 9.999E-
01

5.600E-01 2.181E+00 1.254E-
04

6.455E-
02

2.399E+01

Ultrasonic time 16 6.228E-
03

1.365E+00 9.998E-
01

9.650E-01 2.100E-02 3.901E-
03

3.645E-
02

6.245E+00

Notes: MSE: mean square error, R2: coefficient of multiple determination, λ1: the tuning parameters of the ordinary Lasso model, λ2 and ϕ: the tuning
parameters of the Relaxed Lasso model, VIF: variance inflation factor.
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irradiation dose prediction, the model involving 17 variables selected by λ1 = 1.033e − 1 and λ2 = 2.193e − 5, and Relaxed Lasso by
ϕ = 3.139e − 1 performed best. Its R2cv was 0.9722. For ultrasonic time, the model with optimal performance involving 18 predictors
was achieved when λ1 = 2.1e − 2, λ2 = 3.901e − 3 and ϕ = 3.645e − 2. Its R2cv was as high as 0.965. For storage temperature, the best
model used the predictors selected by λ1 = 2.181, λ2 = 1.254e − 4, and Relaxed Lasso by ϕ = 6.455e − 2. Its R2cv was 0.56. The Relaxed
Lasso performed better on irradiation dose and ultrasonic time than on storage temperature, suggesting that they are the dominant
factors affecting the volatile compounds of Baijiu samples. The weak performance on storage temperature was consistent with the
correlation analysis, which showed that storage temperature has little impact on the aroma composition of Baijiu in the aging process,
and is overshadowed by the other factors in the dataset.
The dataset had severe collinearity, as shown by the high average VIF values (VIF = 6.24E+ 16). However, the features selected by

our framework had much lower VIFs than the original ones. The average VIFs of irradiation dose and ultrasonic time models were
below 10, and only the less important factor, storage temperature, had an average VIF above 20.

3.3. Model comparison

Multicollinearity, where predictor variables are highly correlated, can make the least squares method less effective. And various
strategies have been devised for linear regression to mitigate this issue [27]. In this study, the proposed two-step framework inte-
grating Lasso and Relaxed Lasso was compared with six commonly used methods to evaluate its effectiveness.
The other six methods each have their advantages and disadvantages. PLSR is a commonly used technique to handle multi-

collinearity and reduce dimensionality by constructing orthogonal latent variable that maximize the covariance with the response
variables. In this study, A previously suggested schemewas employed to sequentially eliminate variables based on their significance for
model refinement [3]. Ridge regression is a shrinkage regression method that adds a small positive constant to the diagonal elements of
the predictor matrix (ℓ2-norm), making it nonsingular and invertible. Lasso, Relaxed Lasso and the combination of them are also
shrinkage regression techniques with ℓ1-norm penalty that were described above. Lasso is preferred when the solution have sparse
features because ℓ1 regularization promotes sparsity, but its covariate selection is arbitrarily when the dataset is highly collinear [28].
Elastic-net regression combines ridge regression and Lasso regression, overcoming the limitations of both. It adds a penalty term to the
sum of squared residuals that consists of both the ℓ1-norm and the L2-norm of the regression coefficients and can handle multi-
collinearity by encouraging sparse solutions and grouping correlated predictors [29]. Gradient Boosting, a nonlinear regression
method, was also included in the comparison. It is a type of boosting algorithm that uses least squares as the loss function and builds an
ensemble of weak learners, usually regression trees. Gradient Boosting regression can handle multicollinearity to some extent, as it
does not rely on the inversion of the predictor matrix or the estimation of individual coefficients [30].
The six aforementioned methods, along with the integrated Lasso and Relaxed Lasso approach proposed in this paper, were

employed to perform regression analysis. The models used Baijiu aging factors (irradiation dose, storage temperature, and ultrasonic
time) as response variables and Baijiu compound concentrations as predictor variables. Due to the limited sample size, LOOCV was
utilized for model optimization and evaluation. Specifically, LOOCV involves calculating the predicted values for each observation
when it is used as the validation set. The model’s performance on the validation set was assessed using the MSE and R2 between the
predicted and actual values according to Equations (4) and (5). The results of multivariate regression comparative analyses were
reported in Table 2.
Regardless of the modeling approaches, irradiation dose models always had the highest R2, storage time models had the lowest R2,

and ultrasonic time models had intermediate R2. These results support evidence from the above correlation analysis and model
optimization results, indicating that irradiation dose was the dominant factor affecting the contents of aroma compounds, followed by
ultrasonic time, while the tiny contribution of ultrasonic time was unexposed in the dataset.
For all the three response variables, the two-step framework integrating Lasso and Relaxed Lasso outperformed the other methods,

with R2 values of 0.9722, 0.5560 and 0.9650, indicating its excellent fitting and generalization ability on our dataset. Apart from that
method, Ridge regression models performed best, followed by Relaxed Lasso and Gradient Boosting regression in the case of irradiation
dose prediction. For storage temperature prediction, Gradient Boosting regression performed better than the other methods. For ul-
trasonic time prediction, Relaxed Lasso and Gradient Boosting worked well, whereas PLSR, Lasso and Elastic-Net regression models

Table 2
Comparison of regression method performances.

Regression Method R2cv MSEcv

Irradiation dose Storage
temperature

Ultrasonic time Irradiation dose Storage
temperature

Ultrasonic time

PLS 0.4353 − 0.0893 0.2113 0.7059 25.8028 30.5625
Ridge 0.6578 − 0.1153 − 0.0188 0.4278 26.4183 39.4779
Lasso 0.4002 − 0.1080 0.2681 0.7497 26.2465 28.3624
Elastic-Net 0.4002 − 0.1580 0.2373 0.7498 27.4308 29.5557
Relaxed Lasso 0.5857 − 0.1451 0.4783 0.5178 27.1239 20.2161
Integrated Lasso and Relaxed Lasso 0.9722 0.5560 0.9650 0.0347 10.4232 1.3555
Gradient Boosting 0.5024 0.3788 0.5102 0.6220 14.7142 18.9805

Notes: R2cv: coefficient of multiple determination on the validation set (LOOCV), MSEcv: mean square error on the validation set (LOOCV).
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were inferior. Ridge regression was more suitable for predicting the dominant parameter, irradiation dose, because it shrank all co-
efficients without eliminating any, capturing the complex relationships between irradiation dose and many significant predictors. On
the other hand, Lasso regression was better suited for predicting the other two parameters because it performed feature selection,
which helped to reduce model complexity and avoid overfitting when there were fewer relevant predictors.
Relaxed Lasso outperformed Lasso because it avoided over-shrinkage of the coefficients and made them closer to the orthogonal

projection on the variables. Moreover, the combination of Lasso and Relaxed Lasso achieved higher prediction accuracy than Relaxed
Lasso alone, likely due to the increased diversity of variable combinations selected. In the two-step framework integrating Lasso and
Relaxed Lasso, each set of variables selected by the first Lasso was subjected to a second Relaxed Lasso with λ2 increased from 0,
generating new subsets of variables that could compensate for the excessive sparsity caused by large λ1 in the Lasso regression.

3.4. Determination of potential artificial aging markers

As described above, significant overlapping compounds selected by Relaxed Lasso and either PLSR or correlation analysis were
considered characteristic markers of the artificial aging process. The results were represented in Fig. 4. The importance scores of
compounds, computed by different algorithms, were described in Fig. 4 a)-c), with details provided in Table S3, supplementary data.
The count of variables selected by each method and the number of shared variables identified across different methods were shown in
Fig. 4 d)-f).
Regarding irradiation dose, 17, 10 and 12 compounds were screened out by the integrated Lasso and Relaxed Lasso, PLSR and

correlation analysis, respectively. Eight selected important compounds by the integrated Lasso and Relaxed Lasso models were
confirmed by other methods. Seven of them were determined as indicators of aging by irradiation with different doses according to
their practical significance: isopropyl alcohol, 3-methyl-2-butanol, hexanoic acid, heptanoic acid, 1,1-diethoxyethane (acetal), 1,1-
diethoxy-3-methyl-butane and hexyl hexanoate. Isopropyl alcohol and 3-methyl-2-butanol are fusel oils, which confer a bitter and
spicy sensation to Baijiu [31]. Hexanoic acid has the aroma characteristics of fat, cheese and pit aroma, while heptanoic acid is mainly
responsible for the fruity and floral aroma. Organic acids have a substantial effect on the balance of flavor and can effectively reduce
the pungent and bitter taste, increase the sweetness of Baijiu, which are evaluated to monitor the production of Baijiu and ensure

Fig. 4. Variable selection results. Coefficients and VIF of variables selected by Lasso -Relaxed Lasso models for predicting a) irradiation dose, b)
storage temperature and c) ultrasonic time. Venn plots for the overlapping compounds selected by the integrated Lasso and Relaxed Lasso
framework, PLSR and correlation analysis corresponding to d) irradiation dose, e) storage temperature and f) ultrasonic time.
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product quality [31]. It has been reported that the content of organic acids increased through natural aging, and good Baijiu quality
often corresponds to high organic acid content in a certain proportion range [32]. 1,1-Diethoxyethane and 1,1-diethoxy-3-methyl-bu-
tane are main acetals, recognized as important indicators during the maturity of Baijiu and essential contributors to the pleasant flavor
[33]. They can alleviate the pungency of alcohol content and enhance the soft aroma of Baijiu. 1,1-Diethoxy-3-methyl-butane was
detected as one of the most important aroma compounds in Wuliangye Baijiu [34].
The comparison between natural aging and gamma irradiation treatment illustrates their effects on the components of Baijiu during

aging, with irradiation treatment notably accelerating this process. Hexanoic and heptanoic acids reached equilibrium rapidly in the
naturally aged samples, while their concentrations increased with higher irradiation doses in the irradiated samples. Specifically,
heptanoic acid levels were significantly elevated under irradiation (6 kGy), reaching much higher levels compared to natural aging.
Hexanoic acid approached levels comparable to natural aging only at higher irradiation doses. The content of hexyl hexanoate
exhibited an ascending trend over storage time or irradiation dose, with a more pronounced rise following irradiation treatment. Both
aging methods enhanced the content of acetal, but the effect was more pronounced at a high dose. Similarly, 1,1-diethoxy-3-methyl-
butane and 1,1-diethoxyethane contents rose with time in natural aging and with irradiation dose, but only a high dose matched the
effect of 1–2 years of natural aging. These phenomena are likely driven by the mechanism whereby irradiation treatment, particularly
at higher doses, generates free radicals. The free radicals can accelerate the oxidation of alcohols to aldehydes and acids, the esteri-
fication of alcohols and acids to esters, and the condensation of alcohols and aldehydes to acetals, thus facilitating the aging process
and improve the flavor quality. This is consistent with the previous research findings [11,35].
Regarding ultrasonic time, 16, 10 and 2 compounds were detected by the integrated Lasso and Relaxed Lasso method, PLSR and

correlation analysis, respectively. Six compounds occurred more than once, four of which were identified as significant markers of
ultrasonic time, including hexanoic acid, heptanoic acid, acetic acid and succinic acid. The contribution of the first two acids to the
overall aroma of Baijiu has been emphasized in the previous paragraph. Acetic acid, with the highest Osme value in strong-aroma
Baijiu [36], is an important organic acid produced by oxidation, which contributed to vinegar-like. Succinic acid is an non-volatile
acid that reconciles the taste of Baijiu [37]. With other factors fixed, these acid compounds rose with the extension of ultrasonic
time. Moreover, extending ultrasonic exposure reduces alcohol compounds. This could be attributed to the cavitation effect of ul-
trasound. The ultrasound could produce cavitation bubbles in liquid system. The large amount of energy released during the cracking
of these small bubbles is able to change properties of substances in the system, such as the cracking of water molecules to generate free
radicals, which accelerates the oxidation, esterification reactions [38]. It also changes the degree of association of hydrogen bonds in
the solution molecules, thereby reducing the number of irritating free molecules, making the white wine more soft and mellow.
The impact of storage temperature on the aging process was assessed across uniform natural aging durations and irradiation levels,

despite its relatively minor effect. Seven components were considered as key aroma compounds related to the storage time. Among
them, acidic compounds, which contributed to sweet and cheesy odor, specifically acetic acid, pentanoic acid, and butanoic acid,
escalated with both time and temperature. Acetaldehyde is a metabolite in alcoholic fermentation by yeast, and can be formed by the
oxidation during the ageing period. It is a volatile chemical with low boiling point with an unpleasant odors that can evaporate and be
eliminated during maturation [39]. Acetaldehyde exhibited a peak during aging, yet slightly declined with temperature increase,
which might be due to the oxidation of ethanol at early stage, while decreased slowly because of evaporation and oxidation into acetic
acid by dissolved oxygen in later period [3]. 3,6-Dimethyl-1,4-dioxane-2,5-dione and 2-(1,1-dimethylethyl)-3-ethyl-oxirane are plastic
materials that might be associated with the packaging of Baijiu and could be detrimental to human health at elevated levels. The
analysis revealed that they were stable during natural aging, but increased with increasing temperature. These findings indicate that
elevated storage temperatures facilitate the volatilization of low boiling point substances and oxidation reactions, which can help
alleviate the pungent and spicy flavor of Baijiu and enhance the taste quality. However, high temperatures might also trigger the
release of harmful substances from packaging, compromising the quality and safety of Baijiu.
Our findings demonstrate that different artificial aging methods have distinct yet similar effects on the volatile components of

Baijiu. Generally, irradiation, high temperature and ultrasound can enhance organic acids, reduce irritating odors, and soften the wine,
giving Baijiu a soft and elegant taste. However, the potential risks of harmful by-products should also be evaluated.

3.5. Application to another natural aging dataset

To evaluate the widespread applicability of our proposed analytical framework, the two-step scheme integrating Lasso and Relaxed
Lasso was applied to a dataset from a study on Chinese Baijiu aging, published in existing literature [40]. Table S2, supplementary data
shows details about the data. This dataset included measurements of 30 compounds across 36 Baijiu samples with varying aging times
(0–30 years), aligning perfectly with our study’s focus on multidimensional data characterized by strong inter-variable correlations
and a relatively small sample size compared to the number of variables. The concentrations of these 30 compounds were used as input,
with storage time as the dependent response variable, and the data were fitted according to the procedures described in our meth-
odology, with adjustments made due to the dataset’s relatively large size.
To explore the framework’s applicability across different sample sizes, subsets of 7, 12, 18, 24, and 30 samples were extracted from

the initial dataset randomly. The sub-samples were then split into training, validation, and test sets, comprising approximately 70 %,
15 %, and 15 % of the total samples, respectively. We performed 5-fold cross-validation on the training and validation sets to optimize
model parameters and evaluate validation set performance. Subsequently, the test set was used to assess each model’s performance on
unseen samples.
Furthermore, multiple regression methods, including Ridge regression, Elastic-Net regression, Lasso regression, Relaxed Lasso

regression, PLS regression Gradient Boosting, and the integrated Lasso and Relaxed Lasso, were compared to ensure a comprehensive
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evaluation of our framework. These comparisons offered valuable insights into the capabilities and applicability of our approach across
different modeling techniques and sample sizes. The evaluation metrics for the validation and test sets are presented in Table 3.
The results shown in Table 3 indicate that the proposed framework, which combines Lasso and Relaxed Lasso, performed well on

both the validation and test sets across different sample sizes, especially suitable for small sample sizes. When the sample size was 30,
this method achieved R2 values of 0.9851 and 0.9822 on the validation and test sets, respectively. With a small sample size of 7, the R2

values reached 0.9937 and 0.9637. Compared to other methods, our approach demonstrated significant advantages with smaller
sample sizes (7, 12, 18, 24). As the sample size increased (27, 30), the performance gap between the methods narrowed, with our
method performing on par with Relaxed Lasso and surpassing other methods. This suggests that with larger datasets, the standalone
Relaxed Lasso method is capable of effectively selecting the potentially relevant variables.
The improved performance of the integrated framework can be attributed to its effective feature selection and capability to handle

multicollinearity among variables, which reduces overfitting and enhances model generalization, crucial given the strong inter-
variable correlations in the dataset. These factors make it a good choice for high-dimensional datasets with strong inter-variable
correlations and relatively small sample sizes.

4. Conclusions

In this paper, a framework was proposed based on Lasso and Relaxed Lasso regression, and applied to fitting multiple aging pa-
rameters of Baijiu using compound content matrices. This framework showed superior accuracy over traditional methods, making it
suitable for addressing high-dimensionality, multicollinearity, and limited sample size issues in Baijiu aging research. The three
artificial aging factors were fitted separately, proving its potential in analyzing complex experimental data involving multiple aging
factors. The higher prediction accuracy for irradiation dose and ultrasonic time over storage temperature indicates their dominant
effects. The application across datasets of varying sample sizes demonstrated its effectiveness.
Additionally, the two-step framework integrating Lasso and Relaxed Lasso could identify chemically characteristic compounds and

complements other variable selection methods. Key compounds were pinpointed for various factors: isopropyl alcohol, 3-methyl-2-
butanol, hexanoic acid, and others for irradiation dose; 3-methyl-2-butanol, acetaldehyde, and others for storage temperature; hex-
anoic acid, heptanoic acid, and others for ultrasonic time; and ethyl hexanoate for storage time. These findings underscore that
artificial aging techniques like irradiation and ultrasound accelerate aging, potentially reducing pungent flavors and enhancing overall
taste quality of Baijiu. Irradiation generates free radicals that speed up oxidation, esterification, and acetal formation, while ultrasound
induces cavitation bubbles that alter substance properties, promoting oxidation and esterification. Consequently, both methods in-
crease the content of acids and esters. Moreover, high temperatures facilitate chemical reactions and the volatilization of low-boiling-
point substances such as acetaldehyde, but they may also release harmful compounds from packaging materials.
In future research, increasing the sample size will allow for a more comprehensive evaluation. Each aging method can be indi-

vidually designed for experiments to explore the aging mechanisms in greater depth. This study can serve as a foundational reference

Table 3
Comparison of regression method performances in another dataset.

Size Evaluation Metrics Regression Method

Ridge Elastic-Net Lasso Relaxed Lasso PLS Gradient Boosting Integrated Lasso and Relaxed Lasso

7 R2cv 0.9893 0.9929 0.9767 0.9167 0.8717 0.2380 0.9937
MSEcv 1.1097 0.7367 2.4237 8.6682 13.3382 79.2442 0.6539
R2test 0.8548 0.9550 0.9439 0.9505 0.7503 0.3832 0.9637
MSEtest 7.1139 2.2055 2.7466 2.4231 12.2362 30.2209 1.7783

12 R2cv 0.9793 0.9599 0.9362 0.9385 0.9150 0.8259 0.9691
MSEcv 1.6874 3.2700 5.2025 5.0169 6.9389 14.2048 2.5218
R2test 0.8211 0.9418 0.9498 0.8144 0.4761 − 0.0774 0.9659
MSEtest 2.8632 0.9311 0.8025 2.9691 8.3819 17.2383 0.5452

18 R2cv 0.9779 0.9123 0.9123 0.9695 0.9463 0.9268 0.9913
MSEcv 2.0688 8.1979 8.1979 2.8513 5.0233 6.8410 0.8162
R2test 0.6039 0.6684 0.6684 0.9769 0.8810 0.9532 0.9888
MSEtest 16.9001 14.1465 14.1465 0.9860 5.0783 1.9966 0.4799

24 R2cv 0.9557 0.8933 0.8722 0.9774 0.9805 0.9735 0.9847
MSEcv 3.4742 8.3590 10.0160 1.7688 1.5293 2.0791 1.1982
R2test 0.8934 0.8980 0.5953 0.8339 0.8896 0.8863 0.9049
MSEtest 15.8132 15.1314 60.0102 24.6295 16.3657 16.8556 14.1060

27 R2cv 0.9900 0.9745 0.9733 0.9911 0.9767 0.9870 0.9911
MSEcv 1.0713 2.7380 2.8612 0.9579 2.5181 1.3905 0.9579
R2test 0.4804 0.5675 0.5433 0.9589 0.9477 0.8897 0.9589
MSEtest 27.6638 23.0260 24.3145 2.1863 2.3351 5.8748 2.1863

30 R2cv 0.9804 0.9385 0.9391 0.9851 0.9753 0.9769 0.9851
MSEcv 1.9338 6.0660 6.0072 1.4720 2.4370 2.2731 1.4720
R2test 0.9419 0.7744 0.8719 0.9822 0.9516 0.9777 0.9822
MSEtest 3.2558 12.6364 7.1734 0.9959 2.7115 1.2469 0.9959

Notes: R2cv: coefficient of multiple determination on the validation set (5-fold cross-validation), MSEcv: mean square error on the validation set (5-fold
cross-validation), R2test: coefficient of multiple determination on the test set, MSEtest: mean square error on the validation set.
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for future research aimed at optimizing baijiu aging technology, thereby saving labor. Additionally, the developed methodology has
the potential to be extended to other similar fields, such as wine and beer, thus playing a more significant role. Furthermore, while the
integrated Lasso and Relaxed Lasso framework is advantageous for high-dimensional data with collinearity, offering improved feature
selection, interpretability, and robustness, it has limitations, including computational complexity for large datasets, risk of incorrect
variable selection with highly correlated covariates, and potential information loss with dependent important covariates. Careful
attention is needed for its assumptions and computational demands, especially with large or highly nonlinear datasets.
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