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In recent years, many analyses have been carried out to investigate the chemical components of food data. However,

studies rarely consider the compositional pitfalls of such analyses. This is problematic as it may lead to arbitrary results

when non-compositional statistical analysis is applied to compositional datasets. In this study, compositional data analysis

(CoDa), which is widely used in other research fields, is compared with classical statistical analysis to demonstrate how

the results vary depending on the approach and to show the best possible statistical analysis. For example, honey and

saffron are highly susceptible to adulteration and imitation, so the determination of their chemical elements requires the

best possible statistical analysis. Our study demonstrated how principle component analysis (PCA) and classification

results are influenced by the pre-processing steps conducted on the raw data, and the replacement strategies for missing

values and non-detects. Furthermore, it demonstrated the differences in results when compositional and non-

compositional methods were applied. Our results suggested that the outcome of the log-ratio analysis provided better

separation between the pure and adulterated data and allowed for easier interpretability of the results and a higher

accuracy of classification. Similarly, it showed that classification with artificial neural networks (ANNs) works poorly if the

CoDa pre-processing steps are left out. From these results, we advise the application of CoDa methods for analyses of

the chemical elements of food and for the characterization and authentication of food products.
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1. Introduction

The importance of food composition data to nutrition and public health has been long acknowledged . Currently,

hundreds of articles have been published on the chemical composition of various kinds of food. The statistical techniques

most often used are cluster analysis, principal component analysis (PCA), numerous classification methods, regression 

 and partial least-squares regression methods .

An inspection of the literature on the analytical and statistical methods frequently used in food science  as well as in

chemometrics of honey  do not mention compositional data analysis (CoDa) . A composition is the quantified

decomposition of a whole into its component parts. Historically, a composition was described as random vectors with

strictly positive components that added up to a whole, e.g., 100. Currently, it stands for all vectors that represent parts of a

whole and carry relative information. The whole may only exist theoretically and be different for each composition .

CoDa, including the log-ratio methodology described later, is a method for describing the parts/connections of a whole that

conveying relative information. Compositional methods are well established in many fields dealing with compositional

data, such as material science , water chemistry , geochemistry , and air pollution chemistry . Recently, the

successful application of CoDa was demonstrated in food chemistry  by analyzing the chemical compounds in beer

samples. It is well-known from the literature , that if traditional statistical analysis is applied to compositional

datasets, correlations will be arbitrary  and even the arithmetic mean is not an adequate measure for the center of the

distribution , which may lead to wrong conclusions . Therefore, CoDa can be a way to gain additional insight

and see beyond a constrained space (the simplex). While in most articles non-compositional methods for the statistical

analysis of food are applied, there are a few exceptions. Cayuela-Sanchez (2020) used CoDa to investigate the

composition of various pastries, biscuits  and olive oil . Furthermore, E. Parent and their lab use CoDa theory for the

diagnosis of various nutrients , for instance, fruit crops , bananas  and citrus . Compositional data analysis

focuses on log ratios between the parts (see Equations (3) and (4) for isometric and centered log-ratios), so that their

relative scale and inherent interplay are accounted for. To demonstrate problems that may arise during the analysis of

chemical elements in food science, datasets on the chemical compositions of honey and saffron were selected. Chemical

profiling of honey  and saffron  is an important issue when determining their botanical and geographical

origins. Honey is mainly composed of sugars and water with minor amounts of minerals, vitamins, amino acids, organic

acids, flavonoids and other phenolic compounds, and aromatic substances . The determinants of its composition,
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color, aroma and flavor are the flowers, geographical regions, climate and species of honeybee . As mislabeling and

adulteration of honey has become a worldwide problem, it is crucial not only to detect the adulterants in honey but also to

classify honey samples correctly. The technical challenge of detecting adulterants in honey is widely discussed ,

the challenge of finding a theoretically sound statistical analysis is little understood. Similarly, saffron, which has numerous

health benefits and is the world’s most expensive spice, is the object of fraudulent production and unethical trade

practices . The three major secondary metabolites which are important for the high quality of saffron are: crocins, which

account for the yellow pigmentation from the stigma; picrocrocin, which gives it its rusty, bittersweet flavor; and safranal,

which lends an earthy fragrance to the spice. It was hypothesized that additional insights into the chemical composition of

honey and saffron samples might be obtained from a better interpretable results using CoDa. It was also assumed that a

higher misclassification rate, lower predictive power, and a lower explained variance were inherent in a non-compositional

analysis of compositional datasets.

The aim of this research was to compare compositional data analysis with classical statistical analyses to demonstrate

how data pre-processing can influence a multivariate analysis, how a proper analysis can improve interpretation, and how

a compositional method improves the accuracy of classification.

2. Development and Findings

Compositional data analysis using log-ratios is a theoretically sound concept that is well known in many sciences but

rarely applied in food science. It is problematic because, if traditional statistical analysis is applied to a compositional

dataset, correlations can be arbitrary and even the arithmetic mean is not an adequate measure for the center of the

distribution . Both of our null hypotheses for interpretability and misclassification rates were supported: higher explained

variance and smaller misclassification rates were obtained when the compositional nature of the datasets was considered

in the analysis.

Whenever a method takes the nature of compositional data into account, it leads to better interpretability of the results.

Biplots obtained from various PCAs demonstrated how the pre-processing of data may influence the analysis. When

CoDa was not considered, biplots were clearly distorted, which was best seen from the direction of the loading vectors.

This is because the concept of linear correlation was not working and was theoretical unsound since the correlation

between the parts of a composition is always biased toward a negative one. The variance of the first principal components

was the highest when clr and ilr were applied, which confirmed that it was not advisable to apply PCAs to compositional

data without using an appropriate log-ratio presentation of the data. The highest misclassification instances were gathered

when no transformation was performed before data analysis or when the data were closed and standarized. Thus, the

accuracy of the classification methods improved when CoDa was used.

To sum up some advantages, the theoretical correctness of compositional data analysis methods is undoubted and has

been proven by many authors starting with the main works of . In addition, the size effect—when a true measurement

(e.g., an instrumental signal)  cannot be observed directly but  is observed—can be ignored

when using compositional data analysis. The measurement is from the same equivalence class and the ratios between

parts are also the same. Higher predictive power and better results are generally obtained.

Note that class modelling approaches can also be used for classification with respect to a one-class classification problem

, such as when investigating adulterated versus non-adulterated honey or genuine honey versus all other non-real

honey samples. One way to do this is classical soft independent modelling by class analogy (SIMCA)  or robust SIMCA

. The results were not satisfactory and the three other methods (LDA, KNN, and ANN) outperformed SIMCA, so the

results were excluded so as not to go beyond the scope of the paper.

However, there are also several drawbacks to be discussed. Outliers are produced after presenting data in centered or

isometric log-ratio coordinates whenever an observation lays on the boarder of the simplex. One solution is to use robust

statistical methods to analyse such data . True zeros and rounded zeros are not in the simplex by definition and a log-

ratio with a zero is not possible. True zeros are still an unsolved problem in CoDa even though some solutions have

already been presented . Rounded zeros often come from too-small concentrations with too few precise measurement

units. Rounded zeros cause extra work when using compositional methods, and they must be imputed first by using a

censored method. Solution by imputation of rounded zeros are outlined in this contribution  and were applied to the

honey samples. In addition, the centered log-ratio transformation is often used because of its simplicity, but using well-

selected balances  for specific isometric log-ratio transformations often leads to better interpretable results. In addition,

for instrumental signals (e.g., NMR, LC-MS, or GC-MS), all possible log-ratios may be used instead of centered or

isometric log-ratios ; that is, each variable is divided by one of the other variables before the logarithm is taken. For a
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dataset with 10 variables, there are already 45 possible log-ratios between the variables. The authors of  suggested

using all possible log-ratios, but since this would lead to a large number, they suggest using feature selection to reduce

the number of log-ratios. They argue that a centered log-ratio transformation may average too much leading to a higher

false discovery rates of biomarkers .

This study had limitations. The usage of CoDa was demonstrated only on two datasets (honey and saffron), which

originated from different fields of food science (food substance and spice). Therefore, other food datasets need to be

analyzed with CoDa to establish its broad usage in food science. Furthermore, for the application of ANNs we would have

needed larger datasets as these methods work better with big data, but in the field of food science, large datasets are

seldom available. However, our results indicated that by incorporating the theory of CoDa, the predictive classification

methods will lead to better performance, which may be used to improve the characterization of food products.

Our aim was to create awareness of the choice of compositional methods when compositional data to be analyzed. The

CoDa of mineral elements of honey samples as well as trace element concentrations of saffron samples allowed us to

demonstrate the correct assessment of compositions and to recommend that this application be extended to an analysis

of any food composition. It would also allow for the establishment of CoDa in food science. It is expected that similar

results can be gathered from the analysis of other datasets of other food substance and spices.

3. Conclusions

Principal component analysis revealed the pitfalls of classical analysis conducted on compositional data: distorted biplots

and less-explained variance. Classification resulted in a less predictive power when a non-CoDa method was used.

Replacement strategies of non-detects should be also based on log-ratio methods. Generally, using CoDa for chemical

elements not only resulted in higher explained variance and lower misclassification rates but also enabled better

interpretability of the results. However, depending on the type of data, one can expect some difficulties, which are

mentioned in the discussion section (outliers, the zero problem, and the choice of log-ratio transformation). It is therefore

advisable to apply compositional analysis (CoDa) methods in the analysis of chemical elements in food.
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