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Abstract

Background: Metabolic variations retrieved in metabolomic data are considered a benchmark for
detecting biomatrix variability. Therefore, identifying target metabolites is crucial to keep track of any
substrate modification and preserve it from any undesired alteration. Unfortunately, such a task can be
negatively affected by detecting false positives, often triggered by complicated data distributions. In this
work, we undertook an investigation of the metabolic profile of Spanish and Argentine truffles using a
robust methodology. The issue of skewed data distributions has been effectively addressed through

a normalisation preprocessing, enhancing biomarker identification and samples classification.

Results: A data normality-improved parametric test (ANOVA) was employed to define the target
metabolites, which significantly vary between two regions of origin: Spain and Argentina. Specifically,
Adaptive Box-Cox transformation was employed to improve the ANOVA test's performance so that data
distributions were fitted to a Gaussian variable. Using the Bonferroni-Holm method for false discovery
rate correction, we demonstrated the effectiveness of this transformation for the case under investigation.
Results were compared with two non-parametric tests (Kruskall-Wallis and Permutation test), selected
as a reference methodology, to provide a better understanding of non-normal distributions often
encountered in metabolomic data analysis. 17 metabolites out of the 57 investigated metabolites
exhibited notable variability across the two geographical regions. The validity of this methodology was
supported through the discrimination of samples belonging to different groups. In this regard, both
univariate and multivariate statistical models were tested through Monte Carlo simulations and yielded

consistent results.

Significance: data analysis outcomes are sensitive to variables distributions. The present study shows an
effective tool to increase data normality, thereby enhancing the statistical power for biomarker discovery

and improving models’ classification performances. These results find justification from the current
2



knowledge within the field of food sciences, enabling their application in advancing research in the truftle

analysis domain.

Keywords: Metabolomics; Food; Mass spectrometry; Data preprocessing; Geographical origin;

Biomarker discovery



1. Introduction

Metabolomics has gained broad importance owing to its potential to provide powerful tools for
biomarker discovery and compound quantification [1], thus giving a valuable understanding of
biological systems [2]. In recent years, the application of metabolomics to food technologies
(foodomics) has acquired an increasing interest in food safety assessment, nutraceutical development
and shelf life analysis [3,4]. Notably, understanding food metabolic profile can efficiently guide
manufacturers in making decisions related to product quality, nutritional content, and flavour

development.

A metabolomic study combines analytical techniques for metabolite content determination with
statistical methods to extract useful information and provide data interpretation [5]. Mass Spectrometry
(MS)-based analytical platform is the most popular due to its high sensitivity, selectivity and analyte
coverage [6]. Indeed, it is widely recognized that using high-throughput analytical methods such as MS
1s imperative for any untargeted study [7]. The use of these techniques generates a vast amount of data,
thereby complicating a metabolomic analysis [8]. Univariate statistics, including t-test and Analysis of
Variance (ANOVA), are frequently used as multiple comparison tests to identify metabolic features that
exhibit significant variations across various biological matrix stimulations. Although these
methodologies offer straightforward interpretations of results, they are implemented under the
assumption that the data to be analyzed follows a Gaussian distribution, a condition rarely met in real-
world scenarios [9]. Accordingly, metabolomic data require pretreatment to satisfy such assumption,
improve statistical power and thinning confidence intervals [10]. One approach to improve data
normality is through Box-Cox Transformation (BCT) since it performs a non-linear operation on

observations to reshape a skewed distribution into a more symmetrical form [11]. Recent literature has
4



introduced the Adaptive Box-Cox Transformation (ABC) to improve data normality using the BCT

concept [12].

Although the use of BCT has been employed in several metabolomic works [12—16], it is noteworthy
that such applications have investigated clinical contexts. To the authors' knowledge, the ABC method
has not been investigated for metabolite identification in food-omic research. In addition, a choice
criterion of normalization parameters is still a problem that is not widely addressed, resulting in a lack
of understanding of the effectiveness of conventional data transformation strategies [12]. This work
aims to expand the use of a feature-specific data transformation to improve data normality in target
metabolite identification problems. In order to achieve this, a comparison is proposed between a non-
parametric test and a parametric one. Furthermore, this study demonstrates how the transformation to
normally distributed data can enhance the interpretability of results. The effectiveness of ABC in
eliminating disturbances introduced by skewed data is assessed through the application of both
univariate and multivariate classification models. Indeed, unlike its use in clinical studies, this work is
the first to demonstrate the benefits of the ABC transformation in multivariate analysis of metabolomic
data. This approach has strong potential also for industrial applications, where enhanced data handling

and model accuracy are critical for product quality.

The analysis of truffles geographical origin is presented as a case study to apply the developed
methodology, proposing the metabolite content of this food as a feature. Importantly, the present
investigation focuses on GC-MS analysis, making it complementary to a previous work, in which the
ABC transformation was demonstrated on LC-MS data with different data structures [12]. This
approach presents a methodological protocol tailored to the inherent variability in food samples by
identifying the appropriate data pre-processing combination and the most discriminant latent variables

from multivariate models, thus discarding uninformative information.



2. Materials and methods

2.1 Truffle Sampling

Tuber melanosporum Vittad. ascocarps from Spain were harvested in various truffle orchards of Teruel,
Zaragoza and Castellon provinces. Ascocarps from Argentina were collected in Espartillar (Saavedra,
Buenos Aires, Argentina). Truffles were collected between 2020/2021 and 2021/2022 season. All
truffles selected were characterized by the typical 7. melanosporum aroma and the maturity stage of the
truffles was assessed with a gleba sample reaching 5-10 mm under the peridium, taken with a scalpel.
With this sample, a spore maturity index was calculated as the percentage of asci containing mature (i.
e. dark brown and spiny) spores, following [17]. Fresh truffles were identified, selected, and processed
[18]. Truffles were lyophilized (LyoBeta 15 lyophilizer, Telstar, Madrid, condenser temperature was -
80 °C), ground, mixed and sieved until a particle size lower than 0.5 mm was obtained. Powdered

truffles were kept at —80 °C until further use.

2.2 Sample preparation for GC-MS analysis

To extract 86 truffle samples the modified Folch method was adopted [19]. Briefly, 20 mg of each
truffle were weighted inside 1.5 ml Eppendorf tube. 1 mL of a methanol-chloroform solution (2/1, v/v)
containing 5 mg/L of 2,2,3,3-D4-succinic acid used as the internal standard and 90 uL of KCI 0.2M
were added. Then, samples were first vortexed and then ultrasonicated 3 mins for 3 times. To break
down the cell wall of the truffles effectively, the samples were stored at -20 °C overnight, and the next
day they were sonicated again for 3 minutes and repeated 3 times. The obtained solution was
centrifuged at 17700 rcf for 10 min, and 400 pL of aqueous layer were transferred into glass vial and

dried under a nitrogen stream. The dried aqueous layer was derivatized using 70 pL of N-methyl-N-



(trimethylsilyl) trifluoroacetamide and heating the samples at 70°C for 1 hour. After, 930 pL of hexane

were added and the samples were vortexed again before GC-MS analysis.

2.3 GC-MS Analysis

Qualitative analysis of aqueous truffles extracts was performed by an Agilent 8890 gas chromatograph
equipped with an Agilent 7693 A autosampler, fitted with an Agilent 5977B single quadrupole mass
detector (Agilent, Palo Alto, CA, USA). Chromatographic separations were performed on a HP-5MS
capillary column: 30 m x 0.25 mm (i.d.) with a film thickness of 0.25 pm (Agilent J & W GC column,
Palo Alto, CA, USA). The front inlet temperature was 200 °C and helium gas was used as the GC
carrier gas. The temperature program was as follows: 1 min of isothermal heating at 70°C, which was
then increased to 260 at 10°C/min and held for 2 min, to 280°C at 30°C/min and held for 15 min and
finally to 330°C at 50°C/min and held for 5 min. The transfer line and the ion source temperatures were
280 and 180°C, respectively. lons have been generated at 70 eV with electron ionization and a dwell

time at 1.6 scans/s.

2.4 Data Overview and Tools

The metabolic dataset consists of 86 truffle samples, of which 47 were collected in Spain and 39 in
Argentina. In all the samples, 57 metabolites were annotated after GC-MS. Data analysis was carried

out on Matlab ® 2022b environment, and "Milano Chemometrics" toolbox (version 6.0) [20].
2.5 Statistical analysis

Truftle data from Spain and Argentina were primarily explored through descriptive statistics analysis
specific to each variable (i.e. metabolite GC-MS peak). Initial examination of data frequencies revealed

that their dispersion significantly deviated from the Gaussian assumption, resulting in highly skewed



distributions. Applying traditional hypothesis tests, such as the ANOVA test, may be deemed
inappropriate in cases where the data are not Gaussian. Two distinct approaches were used in this study

to address this issue. The first involved the application of two non-parametric tests:

1) The Kruskal-Wallis (KW) test to the raw data for each metabolite in order to identify the
metabolites whose GC-MS peak median value significantly varied between the two distinct
datasets corresponding to Argentina and Spain. This test is non-parametric, so it does not require
any assumptions about data distribution, and it is robust to outliers [21,22].

2) The permutation test to evaluate whether the observed difference between the means from two
groups (e.g., geographical origin) is statistically significant by randomly shuffling group labels
and recalculating mean differences across 10° iterations. This generates a distribution of groups’
average values differences under the null hypothesis (difference equal to zero), allowing
comparison of the observed difference between the means from two classes to assess the p-
value, which corresponds to the proportion of permuted samples (re-randomized mean
differences) that show a mean difference equal to or greater than the observed difference

between the groups [23].

In the second procedure, data is preprocessed using the ABC method [12,24]:

i=1..,n (1

In Eq.1, A 1s the power transformation parameter, xi refers to the i-th metabolite raw data, zi refers to the
transformed one, and 7 is the sample size. When A = 0, such operation degenerates to log-normal
transformation. The purpose of this transformation was to normalize the data so that traditional
parametric tests such as one-way ANOVA could be used to analyze it. The selection of the optimal A

value is crucial for proper data transformation. The procedure of the ABC transformation proposed by
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[12] is thus employed. Briefly, to see how the BCT data were correlated to the Gaussian distribution, a
normality Lilliefors hypothesis test [25] was conducted for each A between -3 and 3 with an increment
of 0.01. This procedure was performed individually for each metabolite. The null hypothesis of the
Lilliefors test states that the data conforms to a Gaussian distribution, while the alternative hypothesis
contemplates non-compliance with Gaussian behaviour. When A changes, the Lilliefors test provides
two different p-values for the two groups. The optimal A for a given metabolite was selected as the one
associated with the highest product of the p-values, representing the condition least prone to rejecting

the null hypothesis and consequently closer to Gaussian transformation [12]:

Aopt,k = argmax(parg (Aj) "DPsp (Aj)) ()
Aj€0-3,3]

In Eq. 2 Agp¢ is the optimal & value for the k-th metabolite, po,-4(4;) and p,(4;) indicate the

corresponding p-values derived from the Lilliefors test on Argentina's and Spain's samples, as /; varies.
The selection criterion for the optimal A followed the approach reported by Yu et al. [12]. However, it
differs from the same study in that we employed the Lilliefors test for normality, which is more

appropriate when the sample size exceeds 50 [26].

On transformed data, an ANOVA test was conducted in order to determine whether the metabolites
showed significant differences based on the geographical origin of the samples. The significance level

was set equal to 5%.

Both procedures were followed in order to correct false discovery rates. The Bonferroni-Holm test was
used to set the false discovery rate at 1% after both procedures had been completed [27]. Metabolites
that exhibited significant variation under both procedures were selected as target metabolites for

geographical origin.



Figure 1 depicts the algorithm structure. In order to highlight the benefit of ABC transformation, a
comparison between the results obtained from the second procedure and the ANOVA test conducted on
raw data was performed. Target metabolites were individually tested through a Montecarlo simulation
ANOVA test [28]. Spain and Argentina samples are denoted as class 1 and class 2, respectively. The

methodology is reported in the following step procedure:

1. Randomly sample 50% of observations for both classes.

2. Perform the ANOVA test between the sampled and non-sampled class 1 observations. A false
positive is detected if the average value is significantly different (p-value < 0.05). The same step
is repeated for class 2 observations.

3. Perform the ANOVA test between the sampled class 1 and non-sampled class 2 observations. If
p-value is > 0.05, a false negative is detected.

4. Repeat steps 1 to 3 for 500 times for each metabolite.

5. Calculate the False Positive Rate (FPR), the False Negative Rate (FNR) and the Accuracy.

The idea behind such a procedure is that if the target metabolites are highly discriminative between the
classes, then the ABC transformation with ANOVA test can be considered effective. A comparison
between parametric ABC-ANOVA and non-parametric tests’ p-values might help at understanding the

benefit of data transformation.
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Figure 1. Algorithm structure for univariate analysis.

Subsequently, a PCA-LDA was employed on both the ABC-transformed and non-transformed samples

to classify the samples originating from the two distinct geographical regions and assess the impact of

the transformation on the quality of separation in the principal component space. In both cases, data

were preprocessed through Unity Variance (UV) operation. The classification accuracy was assessed by

evaluating the error rate in a 5-fold cross-validation. Subsequently, examining the loadings' values of

the PCA model enabled the verification of the consistency between the target metabolites identified

through the univariate procedure and those obtained through the multivariate approach. Finally, a PLS-
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DA model was employed to further assess the benefits of the ABC transformation on a multivariate

classifier. The same metrics as in the PCA-LDA model were adopted [20].

3. Results and discussion

Detection of significant differences between the two classes of metabolites has been accomplished by
non-parametric tests (Kruskal-Wallis and Permutation test) on the raw data and parametric (ANOVA)
tests on the ABC transformed data [9,12,13]. Moreover, the impact of data transformation on Principal
Component Analysis is reported in this work to evaluate the effect of the ABC transformation from a

multivariate perspective.
3.1 Data preprocessing: effect of the ABC transformation

Generally, the employment of a normalization step was highly recommended, as 80% of raw data
metabolites were strongly asymmetric (abs(skewness) >0.5). Figure 2 depicts the effect of data

transformation on their normality behaviour.
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Figure 2. GC-MS frequency highlights the non-gaussian behaviour of metabolomic data. Frequency distribution
of raw data from Spain for lactic acid, glycolic acid, and L-leucine (a-c). Comparative plots show empirical and
estimated CDFs using mean and standard deviation for such three metabolites (d-f). Transformed data

frequencies (g.i) and resulting Box-Cox CDFs (L-n) are presented for the same metabolites’ GC-MS peaks.
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By way of example, sample frequencies of GC-MS peaks from samples originating from Spain for
three distinct metabolites (lactic acid, glycolic acid, and L-leucine) are displayed in (Fig. 2,a-c).
Notably, the distributions for all three metabolites align closely with a log-normal distribution.
Specifically, employing the ABC algorithm, optimal A values close to 0 are obtained, indicating that a
logarithmic transformation of the data produces variables exhibiting a Gaussian-like behaviour (Fig. 2,
g-1). The effect of the nonlinear transformation becomes evident when comparing raw data Cumulative
Distribution Functions (CDF) (Fig. 2, d-f) with transformed data CDF (Fig. 2, 1-n), where the estimated
CDF is that derived from a Gaussian function using sample means and variances. As can be seen, the
estimation curve adequately fits the empirical cumulative frequency when involving transformed data.
The optimal A values were —0.26 for lactic acid, —0.01 for glycolic acid, and 0.04 for L-leucine. It
appears that the distributions of the raw data for the second and third metabolites have a greater affinity
for a log-normal distribution than those of the lactic acid. It is important to stress that the same A values
were applied to Argentina samples for the corresponding metabolite. A total of 19% of metabolites
exhibited an optimal A in absolute value smaller than 0.15, suggesting a reliable adherence to a log-
normal distribution of the original data. The results of the elaboration of all power parameter values are

given in Appendix A.

Figure 3 illustrates the distribution of p-values from Lilliefors normality test before and after the BCT
for the different metabolites associated with a specific geographic region to provide an overall
perspective of the effect of the BCT. Specifically, when raw data were evaluated, 38 and 47 metabolites
out of 57 revealed a Lilliefors p-value<0.1 for Spain and Argentina, respectively. This result indicates a
considerable deviation from Gaussian behaviour [12]. When data were transformed, only 11

metabolites were positive for Spain's normality test and 10 for Argentina.
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Figure 3. Results from Lilliefors normality test. p-values distribution obtained for Spain before (a) and after (c)

transformation. p-values distribution obtained for Argentina before (b) and after (d) transformation

3.2 Identification of target metabolites

When only raw data were used, 31 metabolites resulted in significant variation between the two regions
from the Kruskal-Wallis, Permutation and ANOVA tests. When Bonferroni-Holm with 1% FDR
correction was applied on such 31 p-values, 17 tests were concluded as positives for Kruskal-Wallis p-
values, 13 for Permutation test, while only 9 significant p-values were observed from ANOVA. All
metabolites with significant p-values in the raw-data ANOVA and Permutation tests also showed
significant p-values in the Kruskal-Wallis test. However, the employment of data transformation can
potentially help identify additional metabolites, thereby enhancing the understanding of the biological
matrix and the accuracy of a univariate model in discerning foods produced in distinct regions.

Performing ANOVA on the raw data allows for a direct comparison of the statistical power before and

15



after applying the ABC transformation. This approach highlights the benefits of the ABC
transformation, particularly in enhancing statistical power. Indeed, when ANOVA was performed on
Box-Cox transformed data and Bonferroni-Holm correction was applied, 15 metabolites were reported
as significant, all detected by the non-parametric method. However, when Kruskal-Wallis and
Permutation tests were applied, lower p-values were generally obtained, meaning that the use of
parametric tests when Gaussian distribution condition is met after data normalization improved the
statistical difference between the geographical groups. Results are reported in Table 1. For the sake of
simplicity, the larger set of metabolites identified as the target is reported for all three techniques. As
can be seen, the normality transformation resulted in a clear decrease in p-value for all the presented
metabolites except for the L-5-Oxoproline metabolite. It was indeed observed that the data distributions
for this metabolite were remarkably different for the two regions. In detail, a uniform distribution for
samples from Spain approximately describes this feature (the skewness value was equal to -8 e-04),
whereas samples from Argentina show a skewness value equal to 1.29. As a result, the algorithm

struggles to find a reasonable balance between the two datasets, leading to a loss of statistical power.

The decision to employ a stringent FDR correction method highlighted the behaviour of ANOVA p-
values when data were transformed. Although some tests were still positive when raw data were tested,
the application of the ABC transformation markedly enlarged the differences between the position
indices associated with the two distinct classes. Consequently, a notable reduction in the resulting p-
values was observed when Box-Cox transformed data were tested through ANOVA, thus making the
statistical test outcomes more evident. For example, when the ANOVA test was performed on the
transformed data, the p-values for lactic and glycolic acid decreased by four and five orders of
magnitude when compared to the corresponding raw data. The benefit of such an operation is here

underlined through validation techniques.
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Table 1. P-values computed for each of the 17 metabolites classified as significant and identified

through non-parametric analysis. Additionally, p-values obtained from ANOVA tests on both raw and

ABC-transformed data are provided for these metabolites.

Permutation Kruskall-Wallis | ANOVA on | ANOVA on
test raw data | transformed
data
Metabolite Regulation p-value p-value p-value p-value

Lactic Acid, 2TMS S 4.00 e-04" 6.83 e-07" 0.0061 5.35¢-07"

Glycolic acid, S 1.00 e-05" 4.51 e-08" 1.83 e-04" | 3.17e-09"
2TMS

L-Alanine, 2TMS S 3.00 e-05° 3.85 e-05° 1.74 e-05" | 1.57 e-05"

Uracil, 2TMS S 1.00 e-05" 1.96 e-06" 9.23 e-06" | 2.24¢-06"

L-Threonine, 3TMS S 2.00 e-05" 2.17 e-05" 7.19e-06" | 6.86e-06"

2,3-Dihydroxy-3- S 3.20 e-04° 4.96 e-04" 4.75e-04" | 2.38e-04"

methylbutyric acid,

3TMS

Butanoic acid, 3,4- S 1.00 e-05" 7.79 e-09" 9.43 e-07" | 2.31e-10"

dihydroxy

L-5-Oxoproline, S 2.00 e-05" 6.87 e-06" 1.42e-06" | 1.68e-06"
2TMS

L-Glutamic acid, S 1.00 e-05" 1.72 e-06" 7.72e-06" | 2.05e-07"
3TMS

L-Phenylalanine, S 5.00 e-05" 1.03 e-05 0.0024 4.84 e-06°

2TMS

17




Deoxyribopyranose, S 1.00 e-05" 2.50 e-08" 1.28 e-05" | 4.29 e-09"
3TMS
Scyllo-Inositol, S 6.50 e-04 4.50 e-04" 6.68 e-04 | 2.88 e-04"
6TMS
D-Allofuranose, S 0.0014 4.96 e-04" 0.0012 5.87 e-04
STMS
N-Acetyl-D- A 0.0227 4.15 e-05" 0.0251 2.29 e-05"
galactosaminitol,
STMS
9,12- S 0.0027 1.47 e-05" 0.0029 6.30 e-05
Octadecadienoic
acid, TMS
Uridine, 3TMS S 1.00 e-05" 1.03 e-07" 2.50e-07" | 2.21e-08
1-Monolinolein, S 2.60 e-04" 474 e-06" 0.0011 4.45 e-06"
2TMS

* The metabolite content significantly changes between the two classes after FDR correction. S label
denotes metabolites upregulated in Spanish truffles, A indicates their upregulation in the Argentina

ones.

As it can be seen, the compounds which resulted to significantly change between the two geographical
origins constitute a heterogeneous pool of organic molecules encompassing fatty acids, amino acids,
saccharides, alcohols and nucleotides. Several studies have previously focused the attention on the
effect of different stimuli on truffle metabolic profile [4,29-32]. Despite the fact that the knowledge in
this field is mainly confined to the analysis of volatile organic compounds, the results reported in

previous works can corroborate the outcomes reported in this study. Indeed the upregulation of amino
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acids like Alanine, Threonine, Glutamic acid and Phenylalanine or fatty acids like 9,12-
Octadecadienoic acid in Spanish truffles might suggest different levels of lipolytic and proteolytic
activity of microorganisms associated with those samples [4]. Moreover, a previous study demonstrated
an up-regulation for Argentina truffles of several microbial volatile organic compounds such as 2-
Methyl-1-butanol, 3-Methyl-1-butanol and 2-Butanone which are ones of the main contributors of the
characteristic aromatic profile. On the other hand, these compounds were down-regulated in the
Spanish counterpart, probably due to the soil and climate variation [29]. These differences may justify a
lower content of heavier organic compounds (e.g. 2,3-Dihydroxy-3-methylbutyric acid and Butanoic
acid, 3,4-dihydroxy) in Argentina samples investigated in this study, as a results of a greater extent of

their degradation.
3.3 Classification of truffles through ANOVA test

Many metabolomic works employed ANOVA as a feature selection method [33-35], useful to both
identify target metabolites and apply a filtering method aimed to simplify subsequent analysis (e.g.
multivariate). In this study, the reliability of the ANOVA test was studied through Monte Carlo
simulations to assess whether a metabolite identified as significant can be accurately used as a
biomarker for the geographical origin of truffle samples. Table 2 shows the results of the 5-step
procedure applied to raw, and Box-Cox transformed data. As expected, the FPR for all the metabolites
is close to the significance level for the test (i.e., 5%), but the occurrence of false negatives was also
considered. Several metabolites showed better performances when ANOVA was conducted on
transformed data, while no or low differences were appreciated for others. In particular, lactic acid, N-
Acetyl-D-galactosaminitol and 9,12-Octadecadienoic acid underwent a remarkable benefit in terms of
accuracy when data were transformed. In view of this, it is important to emphasize that the ABC

transformation can reduce the FNR when univariate methods are used to classify samples.
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Table 2. Performance metrics for the ANOVA test applied on both raw and ABC transformed data for the

metabolites identified as target.

ANOVA on raw data ANOVA on transformed data
Metabolite FPR % FNR % Accuracy % | FPR% | FNR % | Accuracy %
Lactic Acid 1 4.8 42.7 76.3 4.3 0.2 97.8
Glycolic acid 2 3.2 0.7 98.1 53 0 97.4
L-Alanine 3 5 5.8 94.6 53 5.8 94.5
Uracil 13 3.7 0.1 98.1 3.5 0.9 97.8
L-Threonine 16 5 1.5 96.8 6.0 1.9 96.1
(R)-2,3-Dihydroxy-3- 4.4 17.8 88.9 4.7 15.2 90.1
methylbutyric acid 17
Butanoic acid, 3,4- 3.7 0 98.15 4.9 0 97.6
bis[(trimethylsilyl)oxy]-
, trimethylsilyl ester 18
L-5-Oxoproline 20 4.6 0.7 97.4 3.9 1.6 97.3
L-Glutamic acid 23 4.8 0.9 97.15 4.5 0.4 97.6
L-Phenylalanine 24 3.2 19 88.9 5.2 1.9 96.5
Deoxyribopyranose, 4.1 0.1 97.9 5.1 0 97.5
S5TMS 26
Scyllo-Inositol 37 4.7 25 85.2 3.6 18.9 88.8
D-Allofuranose, STMS 4.5 333 81.1 4.1 26.3 84.8
38
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N-Acetyl-D- 32 67.1 64.9 4.4 4.5 95.6

galactosaminitol 42

9,12-Octadecadienoic 4.3 439 75.9 3.7 8.5 93.9
acid- 43
Uridine 47 4.6 0 97.7 5.8 0.2 97
1-Monolinolein 53 4.1 17.5 88.7 5.6 2.4 96

3.4 Multivariate analysis

The impact of data transformation on multivariate statistical analyses, such as PCA, was further
assessed. It was observed that the application of the ABC transformation changed the overall data
structure. Specifically, the separation between the two class samples became more pronounced when
moving from raw data to transformed data, as evidenced in the biplot showing the first and the third
PCs score values and the metabolites’ loadings (Figure 4). Accordingly, 50.90% of data variability was
captured by the first 3 PCs when raw data were used, whereas 60.45% of the total variance was
explained by the same number of PCs when ABC transformed data were analysed. The score plot's
display concerning PC1 and PC2 is not reported as it does not provide clear information regarding the
separation between samples associated with different classes. Indeed, the most explanatory PCs may
not coincide with largest PCs due to uncontrolled variability sources which cover the information of
interest in correspondence of earlier PCs [36], as displayed in figure S1 reported in Supplementary
Materials. As it can be seen, ABC transformation had a positive impact on PCA results, as the
separation between PC1 and PC3 scores related to different geographical regions was improved.
Similar conclusions were drawn by [12] in their metabolomic study of COVID-19 severity in different
subjects [37], where BCT was employed as a preprocessing tool for image enhancement. Generally, it
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is recognized that BCT is efficient at improving class separability. Indeed, this technique performs a
non-linear normalization of the feature space, amplifying higher-value data to a greater extent than
lower-value points [38]. As a result, it conveniently reshapes the principal component space for a

classificatory model.

Interestingly, the discriminative information among samples from distinct geographical regions is
mainly provided from the third principal component since this direction shows an evident class
separation (Figure 4). As can be seen, most of the target metabolites identified by the procedure
employed in this study exhibit upregulation in the samples from Spain, except N-Acetyl-D-
galactosaminitol. Notably, such estimated overexpression of these metabolites aligns consistently with
the results derived from examining the median values associated with individual metabolites, except for
1-Monolinein, for which an upregulation in Spain truffles was observed from univariate analysis. At the
same time, no evident conclusions can be drawn from its loading analysis. It is worth noting that one
can draw the same conclusion regarding the PC loadings analysis, regardless of the application ABC
transformation with the exception of 1-Monolinein, for which an upregulation in Argentinian truffles
was observed when raw data where used, while no clear geographical dependence can be inferred when

ABC transformed where subjected to PCA.
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Figure 4. PCA biplot: scores related to truffles

transformed data (b). The blue filled dot represents the loading value. For the sake of representation clarity, only

the loadings corresponding to the metabolites targeted as significant are reported in the figure.

Finally, PCA-LDA was employed on the samples to classify them according to their geographical
origin. It is important to highlight the behaviour of the error rate in 5-fold cross-validation when a

different number of PCs is introduced in the PCA model. It is observed that classification quality

O.

o Lactic Acid
Joxyl-, trifidthylsilyl ester

@ L-5-Oxoproline

5

from Spain and Argentina assessed for raw data (a) and Box-Cox
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improves when classifying data subjected to BCT followed by UV preprocessing, compared to those
subjected only to UV preprocessing (Figure 5a). Indeed, the error rate curve associated with BCT-
standardized data consistently stands below that of the raw standardized data, indicating a superior
performance of PCA-LDA model on transformed data. In any case, the multivariate model achieves
good classification performance: the elbow rule suggests an optimal number of principal components
equal to six, corresponding to a Cross-Validation accuracy of 95%. Noteworthy, a sharp drop in error
rate is observed when moving from 2 PCs to 3 PCs as a result of the scores' overall high separability
along the third PC. It is important to highlight that Cross-Validation results are predominantly driven by
the training data set size [39] since the error rate increases as the number of samples in the training data
set decreases. Therefore, a robust validation analysis was conducted through Monte Carlo Cross-
Validation. In this procedure 80% of the dataset is randomly partitioned for calibration, while the
remaining observations constituted the validation set [40]. This process was iterated 1000 times, and
the model performance was assessed through the average accuracy of classification on validation
samples. Six principal components, previously determined as optimal, were selected for the analysis. In
conclusion, 87% and 96% accuracy were achieved for raw data, and ABC transformed data using the
same number of PCs (i.e. six), meaning that the classification performances are robust to different
training set sizes. For a comprehensive multivariate analysis, PLS-DA was also employed to further
confirm the transformation's benefits (Figure 5b). Similarly, a better performance was obtained for
ABC-UYV data, especially when smaller latent space dimensions were contemplated in the PLS-DA
model. From the error rate analysis, it can be concluded that 2 LVs are sufficient to reach high
classification performances from both UV and UV+ABC preprocessing. Remarkably, an accuracy of
100% was attained for four latent variables through all the 1000 Monte Carlo simulations, while 95%
was obtained from raw data validation analysis. Again, the benefit of normalizing metabolites data

distribution is emphasized. For completeness, additional combinations preprocessing methods were
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results are presented in Table S1 of supplementary materials. Such classification accuracy improves

along with the ones obtained in other studies where similar gains were considered significant such as

the classification trees proposed by Lubinsky [41], or the ensembled learning models proposed by

Dhamayanthi and Lavanya [42], who obtained an improvement of 4.2%.
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Figure 5. Error rate in a 5-fold Cross-Validation as a function of the number of the principal components
included in the PCA-DA model (a) and the number of latent variables included in the PLS-DA model (b).

The VIP analysis was conducted to enable the assessment of each metabolite’s contribution to the

projection of observations within the latent space. This approach provides an additional validation of the

identification process highlighted by the univariate analysis and allowed for a further assessment of the

outcomes obtained from PLS-DA performed on both raw and ABC-transformed data. In the present

analysis, only those metabolites having VIP
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values greater than one were considered as discriminant between the classes. Two latent variables were

selected for VIP values calculation, as an accuracy of at least 95% was achieved in both cases (Figure

5b). For each metabolite, Table 3 depicts the VIP values obtained from PLS-DA conducted on ABC

transformed data. For the sake of simplicity, VIP values from raw data are reporte in table S2 from

Supplementary materials. As it can be seen, the analysis of ABC-transformed data revealed that 27

metabolites had VIP>1, with 11 also identified as significant in the univariate analysis. Conversely, when

raw data were used, 28 metabolites showed VIP values greater than 1, of which 9 overlapped with the

univariate analysis results.

Table 3. Variable importance in projection values of metabolites from the 2-LVs PLS-DA for discrimination of
samples from different geographical origin. The analysis was performed on ABC transformed data.

methylbutanoic acid, 3TMS

Compound VIP | Compound VIP | Compound VIP
Lactic Acid, 2TMS” 1.03 | L-5-Oxoproline, 2TMS 0.95 | D-Gluconic acid, 6TMS 1.31
Glycolic acid, 2TMS 1.14 | 2,3,4-Trihydroxybutyric acid 0.97 | Palmitic Acid, TMS 0.59
derivative Results” 4TMS
L-Alanine, 2TMS 0.96 | Pentanedioic acid, 2-3TMS 0.66 | Myo-Inositol, 6TMS 1.05
Glycine, di-TMS 1.37 | L-Glutamic acid, 3TMS" 1.04 | N-Acetyl-D-galactosaminitol, STMS" 1.39
3-Hydroxybutyric acid, 0.80 | L-Phenylalanine, 2TMS" 1.01 | 9,12-Octadecadienoic acid (Z,Z)-, TMS 1.26
2TMS derivative
2-Aminobutanoic acid, 0.73 | Arabinonic acid, 2,3,5-gamma.- 1.14 | 11-Octadecenoic acid, (Z)-, TMS 0.72
2TMS lactone, 3TMS
L-Valine, 2TMS 0.99 | Deoxyribopyranose, 3TMS" 1.14 | Stearic acid, TMS 0.67
Urea, 2TMS 1.38 | Xylitol, 5TMS 0.99 | D-Myo-Inositol phosphate 7TMS 0.85
L-Leucine, 2TMS 0.87 | Glycerol phosphate 4TMS 0.59 | Uridine, 3TMS" 1.14
Glycerol, 3TMS 1.02 | 2-Keto-1-gluconic acid, 5STMS 1.56 | 8-Benzylquinoline 0.28
L-Isoleucine, 2TMS 1.02 | (Z)-3-Hexenyl .beta.- 0.82 | 1-Monopalmitin, 2TMS 0.88
glucopyranoside, 4TMS d
Glyceric acid, 3TMS 1.01 | 'D-(-)-Fructofuranose, 1.48 | Rosiridin, STMS derivative Results 1.28
pentakis(trimethylsilyl) ether
(isomer 1) Results
Uracil, 2TMS” 1.00 | Myristic acid, TMS 0.48 | alpha.-D-glucopyranose, 1-O-(3-O-(2- 1.23
methylbutanoyl)-.alpha.-D-
glucopyranosyl), 7TMS
Serine, 3TMS 0.94 | Talose, 5TMS 0.54 | 2-Monostearin, 2TMS 0.70
2,3-Dihydroxy-2- 1.11 | D-Glucitol, 6TMS 0.92 | 1-Monolinolein, 2TMS 0.97
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L-Threonine, 3TMS”* 1.01 | D-Allofuranose, 5TMS 0.98 | Glycerol monostearate, 2TMS 1.15
2,3-Dihydroxy-3- 0.74 | D-Glucopyranose, STMS 0.70 | D-Trehalose 8TMS 1.23
methylbutyric acid, 3TMS"

Butanoic acid, 3,4- 1.22 | Scyllo-Inositol, 6TMS Results” 1.01 | Brassicasterol, ITMS 0.68
dihydroxy, 2TMS"

Malic acid, 3TMS 0.73 | D-Allofuranose, 5TMS 0.97 | Ergosterol, TMS 0.59

* The metabolite was identified as significant Bonferroni-Holm correction was applied on p-values obtained from
ANOVA test on ABC transformed data

To conclude the multivariate analysis, it is worth mentioning that while the ABC transformation

significantly enhances data normalization and statistical power, it can potentially alter the original data

scale, thus influencing the interpretability of metabolite concentrations. On the other hand, it results to

be effective in enhancing model performance and reduce skewness, both crucial in medium to high-

dimensional metabolomics data. In the context of this study, UV scaling applied for multivariate analysis

aided in supporting data interpretability through the standardization of variable magnitudes, which did

not undermine the biological meaning of the investigated variables. Indeed, the loading values

interpretation obtained by multivariate models complies with findings from the univariate identification

process.

4. Conclusions

The issue of significant feature selection is crucial for identifying biomarkers. The accurate

identification of these metabolites may be compromised if they are not appropriately transformed. This

study aimed to expand the recent advances in skewed data management by conceptualizing them within

the significant feature selection framework in a food-omic contest for the first time. To this end, we

first employed non-parametric significance tests, such as Kruskal-Wallis and Permutation tests, which

are often used to analyse data that do not follow the normal distribution. However, parametric methods

showed a higher statistical power than non-parametric ones when the data follow a Gaussian
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distribution. Moreover, unlike the Kruskal-Wallis test, which relies on ranks, ANOVA makes use of
more informative data characteristics, such as the mean and variance, which leads to more interpretable
conclusions. Therefore, we conducted an ANOVA test, following a data transformation into a Gaussian-
like distribution using the ABC transformation. The implementation of this procedure resulted in the
identification of the same metabolites to those obtained through Kruskall-Wallis, except for only two of
them. The statistical power of data was remarkably improved, thus demonstrating both the benefits
achievable from the ABC transformation in enhancing the separability of samples from different groups
and the robustness of the target metabolite selection criteria. Univariate and Multivariate statistics
analysis were employed to corroborate the methodology from different perspectives. The proposed
approach can improve the reliability and accuracy of biomarker identification, providing a more
comprehensive understanding of metabolite responses to various stimuli. Although the ABC-
transformed ANOVA and K-W test exhibited similar performance, the transformation significantly
enhances PCA analysis. This methodology can be applied to more intricate studies involving multiple
categories or continuous predictors, where non-parametric tests are not commonly utilized, or it can be
extended to current challenges involving missing data imputation algorithms, where data are assumed
to follow a Gaussian distribution. In conclusion, the proposed approach can facilitate the creation of

new data management protocols tailored to specific cases.
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Appendix A

Table A.1 shows the results obtained by executing the algorithm reported in Fig.1 in the Matlab

environment for the optimal A search.

Table A.1 Optimal A identification. Results are reported for each metabolite.

Compound A Compound A Compound A
Lactic Acid, 2TMS -0.26 | L-5-Oxoproline, 2TMS 0.41 D-Gluconic acid, 6TMS 0.36
Glycolic acid, 2TMS -0.01 | 2,3,4-Trihydroxybutyric acid 0.54 Palmitic Acid, TMS -0.45
derivative Results' 4TMS
L-Alanine, 2TMS 0.82 Pentanedioic acid, 2-3TMS -0.06 | Myo-Inositol, 6TMS 0.39
Glycine, di-TMS 0.35 L-Glutamic acid, 3TMS 0.29 N-Acetyl-D-galactosaminitol, STMS -0.16
'3-Hydroxybutyric acid, 0.14 | L-Phenylalanine, 2TMS 0.16 9,12-Octadecadienoic acid (Z,Z)-, TMS 3
2TMS derivative
2-Aminobutanoic acid, 0.23 Arabinonic acid, 2,3,5-gamma.- 0.16 11-Octadecenoic acid, (Z)-, TMS 1.3
2TMS lactone, 3TMS
L-Valine, 2TMS 0.61 Deoxyribopyranose, 3TMS -0.18 | Stearic acid, TMS 0.65
Urea, 2TMS -0.09 | Xylitol, STMS 0.46 D-Myo-Inositol phosphate 7TMS 0.06
L-Leucine, 2TMS 0.04 | Glycerol phosphate 4TMS 0.66 Uridine, 3TMS 0.37
Glycerol, 3TMS 1.38 | 2-Keto-l-gluconic acid, STMS 0.44 8-Benzylquinoline -1.66
L-Isoleucine, 2TMS 0.82 | (Z)-3-Hexenyl .beta.- -0.17 | 1-Monopalmitin, 2TMS 2.83
glucopyranoside, 4TMS d
Glyceric acid, 3TMS 0.4 'D-(-)-Fructofuranose, -0.09 | 'Rosiridin, STMS derivative Results' 0.43
pentakis(trimethylsilyl) ether
(isomer 1) Results'
'Uracil, 2TMS -0.08 | Myristic acid, TMS -0.25 | alpha.-D-glucopyranose, 1-O-(3-O-(2- 0.12
methylbutanoyl)-.alpha.-D-
glucopyranosyl), 7TMS
Serine, 3TMS 0.45 Talose, 5TMS -0.23 | 2-Monostearin, 2TMS -0.57
2,3-Dihydroxy-2- 0.59 D-Glucitol, 6TMS 1.88 1-Monolinolein, 2TMS -0.64
methylbutanoic acid, 3TMS
L-Threonine, 3TMS 0.5 D-Allofuranose, 5STMS 0.81 Glycerol monostearate, 2TMS -2.05
2,3-Dihydroxy-3- 0.09 | D-Glucopyranose, STMS -0.17 | D-Trehalose 8TMS 0.17
methylbutyric acid, 3TMS
Butanoic acid, 3,4- 0.06 Scyllo-Inositol, 6TMS Results' 0.44 Brassicasterol, I TMS -0.18
dihydroxy, 2TMS
Malic acid, 3TMS -0.04 | D-Allofuranose, 5STMS 0.21 Ergosterol, TMS 0.48
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Statistical power from normalised data is greater than that from skewed raw data.
Adaptive Box-Cox (ABC) transformation enhances data interpretability.

Data normalisation improves the performances of multivariate analysis tools.

Spain and Argentina truffle metabolites are analysed and compared.

Both ABC transformed ANOVA and non-parametric test correctly detect the biomarkers.
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