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Abstract: To meet the market demand for high-quality products, researchers and manufacturers 

have invested in the development of accurate methods for estimating shelf-life. Tests that consider 

the simultaneous effects of different parameters on food degradation are useful tools in shelf-life 

studies, as these parameters can directly influence quality and safety. With this in mind, the objec-

tive of this review is to gather pertinent information from recent studies (2006-2022) pertaining to 

multivariate analysis applied in accelerated shelf-life tests in order to facilitate a comprehensive 

understanding. The review focuses on multivariate techniques commonly employed in accelerated 

shelf-life modeling, namely, principal components analysis, partial least squares regression, orthog-

onal projections to latent structures discriminant analysis, and hierarchical cluster analysis. Through 

an extensive literature review, the collected data represent the evolution of these methods, taking 

into account current trends, advances in food shelf-life techniques, and future perspectives. It was 

observed that the recent literature provides limited information on the determination of shelf-life 

under multiple accelerated factors. However, the studies analyzed showed that multivariate analy-

sis can be a useful tool in the interpretation of quality characteristics and can accurately predict the 

shelf-life of foods compared to univariate kinetic procedures. Multivariate statistical methods ad-

dressed in this work are presented as a promising method for foods tested, being applied together 

with different chemometric techniques. This comprehensive review contributes to the body of 

knowledge surrounding accelerated shelf-life testing, offering valuable insights for researchers, 

manufacturers, and stakeholders in the food industry. 
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1. Introduction 

Shelf-life is an intrinsic property of any food product and is defined as the finite pe-

riod after production during which the food product maintains a regulated level of qual-

ity and safety under well-defined storage conditions [1]. The main objective of accurate 

shelf-life measurement is to ensure that products are safe for consumption and of accepta-

ble quality to meet consumer expectations [2]. 

Traditionally, real-time shelf-life tests (RSLTs) have been used to monitor quality 

changes over time, simulating the conditions experienced by the product on the shelf [1]. 

Although effective, RSLT can be time-consuming and arduous, especially for products 

with long durability. To address this challenge, researchers have turned to accelerated 

Citation: Lima, L.; Pereira, A.I.; 

Pintado, M.; Carocho, M.; Barros, L. 

Multivariate Analysis in Accelerated 

Shelf-life Assessment– An Over-

view. Eng. Proc. 2023, 52, x. 

https://doi.org/10.3390/xxxxx 

Academic Editor(s):  

Received: date 

Revised: date 

Accepted: date 

Published: date 

 

Copyright: ©  2023 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(https://creativecommons.org/license

s/by/4.0/). 



Eng. Proc. 2023, 5, x FOR PEER REVIEW 2 of 4 
 

 

shelf-life tests (ALST), which subject the product to critical storage conditions for shorter 

durations. By leveraging data collected under these accelerated conditions, the results can 

be converted to reflect real-time storage scenarios [3]. 

The definition of the properties to be monitored, the storage conditions and the cut-

off criteria are necessary for the correct performance of the two shelf-life tests mentioned. 

Several variables can affect sensory quality and food safety characteristics [1,3]. Therefore, 

multivariate analysis techniques are useful tools for shelf-life studies where different qual-

ity parameters must be monitored simultaneously. 

The aim of this article is to present a comprehensive review of the application of mul-

tivariate analysis in determining the shelf-life of food products over the past 15 years. 

Through this investigation, we shed light on the advancements made in shelf-life evalua-

tion and emphasize the relevance of these techniques. The findings presented here serve 

as a proof of concept concerning multivariate analysis applied to shelf-life tests, providing 

a basis for further exploration and utilization of this method in future research endeavors.  

2. Multivariate analysis in ASLT 

Shelf-time tests that involve complex foods can comprise a large amount of discrete 

data. This is because the quality attributes monitored may vary with the passage of time 

and changes in temperature. To deal with the large amount of data, researchers usually 

resort to multivariate analysis techniques for data compression, since the variables stud-

ied in the experiment may be associated with the same physical, biochemical, and micro-

biological phenomena, among others [4]. 

Multivariate analyzes have been studied since the beginning of the 20th century [5,6], 

but were incorporated into computational methods only in the 1970s [7,8]. Since then, 

multivariate techniques have been applied to solve large problems with several variables 

in different areas [4]. Multivariate approaches basically comprise two stages. The first step 

consists of data compression by reducing the complexity of the original data. Then, a mod-

eling step is performed to select the most significant features. Multivariate analyzes ap-

plied to ASLTs are based on the collection of sample data under different storage condi-

tions to understand the nature and types of deteriorative events that may occur and iden-

tify their corresponding indicators [9]. 

This section emphasizes the multivariate analysis techniques that are usually applied 

in accelerate shelf-life modeling, namely Principal Components Analysis (PCA) [10,11], 

Partial Least Squares Regression (PLSR) [12–14], Orthogonal Projections to Latent Struc-

tures Discriminant Analysis (OPLS-DA) [15], and Hierarchical Cluster Analysis (HCA) 

[15,16]. 

2.1. Principal Components Analysis (PCA) 

As most food products have quality parameters that change simultaneously over 

time, it is recommended to use multivariate techniques such as MASLT for a more accu-

rate assessment, which is commonly associated with the PCA technique for a better selec-

tion of the most important parameters in degrading behavior [5]. 

In the context of shelf-life assessment, the first step consists of constructing matrices 

that represent the variability of quality parameters collected during the experiment under 

different conditions of temperatures T and storage times t. The arrangement of these ma-

trices allows the construction of a multivariate space that explains the dependence of qual-

ity parameters in relation to time and temperature [5]. 

In cases where the quality attributes of the multivariate space have different scales, 

the matrices must be normalized by centering the mean of the data in order to standardize 

the scale. 

After structuring the dataset, the PCA analysis is performed to identify the PCs, load-

ings and scores. Correlating this information with time, kinetic graphs (variation of PC 

scores during storage time) are obtained, and the constants and orders of the degradation 



Eng. Proc. 2023, 5, x FOR PEER REVIEW 3 of 4 
 

 

reactions involved are determined. The loading matrix can be applied to calculate the cut-

off criteria, corresponding to maximum acceptable scores for each time-related PC. Sub-

sequently, the temperature dependence of the rate constants is defined using kinetic mod-

els (e.g. Arrhenius equation) and the lifetime is then calculated from the extrapolation of 

the accelerated data. This methodology is briefly described in Fig. 2. 

 

 

Figure 1. MASLT algorithm for shelf-life estimation. Adapted from [10]. 

Thenceforth, shelf-life methodologies that use PCA proved to be efficient in identify-

ing and selecting attributes that directly influence food degradation [11,17–27]. 

2.2. Partial Least Squares Regression (PLSR) 

Partial Least Squares Regression (PLSR) is a multivariate statistical data analysis ap-

proach that combines the benefits of PCA and regression analysis, which can establish 

predictive models with high accuracy when there are linear correlations between varia-

bles [29]. 

In its simplest form, PLSR creates vectors of orthogonal scores by maximizing the 

covariance between different sets of variables (predictors and responses) [30]. This tech-

nique is very useful when there is a large number of independent variables that can influ-

ence a characteristic of the food matrix. Because of this, this method has been used in 

several studies to evaluate the impact of different features (temperature, pH, light, micro-

biological growth, among others) on the shelf-life of food products and in the develop-

ment of regression models that simulate food degradation [12,28–31]. 

The reviewed studies emphasize the importance of sensory evaluation and instru-

mental analysis in predicting food quality and shelf-life. The use of statistical methods 

such as partial least squares regression (PLSR) allows for the identification of key factors 

influencing spoilage and establishing relationships between sensory attributes and instru-

mental measurements. 

2.3. Orthogonal Projections to Latent Structures - Discriminant Analysis (OPLS-DA) 

Orthogonal Projections to Latent Structures Discriminant Analysis (OPLS-DA) is a 

modification of the Nonlinear Iterative Partial Least Squares (NIPALS) algorithm applied 

to PLS. The development of OPLS was driven by the large amount of uncorrelated varia-

tion in data sets, particularly in multivariate sets. This method can be seen as a pure pre-

processing method to remove systematic orthogonal variation from a data set X, or it can 

be an integrated part of the PLS method to provide simpler and easier to interpret models 

[32]. 

In shelf-life studies, OPLS-DA is used as a supervised analysis technique to identify 

significant patterns and visualize metabolic changes under different storage and pro-

cessing conditions [33–35]. OPLS-DA has emerged as a valuable technique in shelf-life 

studies, particularly for identifying significant patterns under various storage and pro-

cessing conditions. 
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2.4. Hierarchical Cluster Analysis (HCA) 

Hierarchical cluster analysis is a mathematical method that treats each sample as a 

point in a multidimensional space based on selected variables. To calculate the proximity 

between the samples, the distance between each point and all other points is determined, 

resulting in a matrix that describes the proximity between all the samples studied. The 

Euclidean distance is commonly used to calculate this distance between two points [15]. 

Based on this proximity matrix, a similarity dendrogram can be constructed, showing the 

similarity between samples [36]. 

There are several specific algorithms to group the points in multidimensional space 

and form hierarchical clusters based on proximity matrix information. The interpretation 

of the similarity dendrogram is intuitive: close samples must have similar values for the 

measured variables and must be mathematically close to each other in the multidimen-

sional space. The greater the proximity of the measurements between the samples, the 

greater the similarity between them [36]. The dendrogram establishes a hierarchy in this 

similarity, allowing for a two-dimensional visualization of the similarity or dissimilarity 

of the entire set of samples. However, when the variables have different scales, as in the 

case of food analysis, data pre-processing is necessary. The Z transformation is commonly 

used to equalize the statistical importance of all variables by transforming the measures 

of each variable into a mean of zero and a variance of one [37]. This allows for a more 

accurate analysis of the data. 

Among the reviewed studies, it is noted that the use of HCA is often associated with 

other multivariate methods for pattern recognition and classification purposes, allowing 

the identification of groups or clusters within a dataset based on similarities or differences 

between samples [16,38]. 

3. Potentials and limitations 

Since it is a recent technique, the application of multivariate analysis in shelf-life stud-

ies is still very simple and is often performed in comparison to the already established 

techniques. The shelf-life estimates obtained with MASLT (using PCA, HCA, PLS and de-

rivatives) have been shown to be more reliable than ASLT or RSLT, but the choice of mul-

tivariate method is limited by the difficulty of performing specific analyzes and by the 

collection of data involving more experimental points. Nevertheless, the technique should 

not be underestimated: In all studies analyzed in this review, the multivariate approach 

provided conclusive, accurate, and more complete results. In addition, MASLT allows 

modifications to the resources used, such as the inclusion of additional steps depending 

on the type of food and constraints in PCA, to optimize the selection of PCs. Increased use 

of MASLT in food shelf-life prediction seems inevitable, as more quality parameters are 

considered in these studies as the complexity of the composition and the quality and 

safety guidelines increase. 

4. Concluding remarks and future perspectives 

Multivariate shelf-life analysis takes a more holistic approach and considers the cu-

mulative effect of deterioration caused by multiple factors. Recent literature provides lim-

ited information on the determination of shelf-life under multiple accelerated factors, but 

the studies evaluated in this work showed that multivariate analysis can be a useful tool 

in the interpretation of quality characteristics and can accurately predict shelf-life of foods 

compared to univariate kinetic procedures in comparative studies. The multivariate sta-

tistical methods addressed in this work are presented as promising for the foods tested, 

being applied together with different chemometric techniques. However, in the literature, 

no complete standard methodology for all food products or at least for broader food 

groups was found. 

Although some authors have explored different quality limiting parameters, the tem-

perature is still the most used for this purpose, as temperature variations directly interfere 
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with degradation processes in real situations. As for the most used model, the Weibullian 

distribution and the Arrhenius equation have been the most applied, considering kinetics 

of different orders and in relation to the specifications of the food product. Developing 

multivariate predictive models to determine shelf-life is certainly an arduous task. On the 

other hand, it leads to a reduction in the time and cost needed to estimate shelf-life. 

According to the panorama perceived in the literature review, future trends point to 

the practical implementation of promising chemometric approaches combined with com-

putational techniques and statistical analysis of multivariate data. 
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