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Abstract

Microbiological spoilage of meat is considered as a process which involves mainly bacterial
metabolism leading to degradation of meat sensory qualities. Studying spoilage requires the
collection of different types of experimental data encompassing microbiological, physicochemical
and sensorial measurements. Within this framework, the objective herein was to carry out a
multiblock path modelling workflow to decipher causality relationships between different types of

spoilage-related responses: composition of microbiota, volatilome and off-odour profiles. Analyses
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were performed with the Path-ComDim approach on a large-scale dataset collected on fresh turkey
sausages. This approach enabled to quantify the importance of causality relationships determined a
priori between each type of responses as well as to identify important responses involved in spoilage,
then to validate causality assumptions. Results were very promising: the data integration confirmed
and quantified the causality between data blocks, exhibiting the dynamical nature of spoilage, mainly
characterised by the evolution of off-odour profiles caused by the production of volatile organic
compounds such as ethanol or ethyl acetate. This production was possibly associated with several
bacterial species like Lactococcus piscium, Leuconostoc gelidum, Psycn. ~bacter sp. or Latilactobacillus
fuchuensis. Likewise, the production of acetoin and diacetyl in mc~* spoilage was highlighted. The
Path-ComDim approach illustrated here with meat spoilage ~an oe applied to other large-scale and
heterogeneous datasets associated with pathway scenar. < =.nd represents a promising key tool for

deciphering causality in complex biological phenom :n-..
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Abbreviations

e HTS Yig -tk roughput sequencing

e HS-GC-MS Headspace Gas Chromatography Mass Spectrometry

e LAB Lactic Acid Bacteria

e LRM-LV Linear Regression Model on Latent Variable

e MAP Modified Atmosphere Packaging

e OTU Operational Taxonomic Unit

e PLS-LV Partial Least Squares regression on Latent Variable



e VOC Volatile organic compound
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1 Introduction

Meat spoilage can be defined as any change in the product organoleptic quality during storage, such
as off-odours or discolouration, that renders it unsuitable for human consumption (Huis in’t Veld,
1996; Pellissery et al., 2019). Meat spoilage is mainly due to the c. «tamination by microorganisms
hosted by animals as well as spread into the factory environment o transmitted through human
handling (Hultman et al., 2015). During storage, the growt', ¢ t".ese microorganisms may lead to
defects such as olfactory side-effects associated with un2=sirz%le volatile compounds produced from
mainly bacterial metabolisms (Casaburi et al., 201F). 'n particular, off-odours are often a cause of
rejection by consumers of spoiled products (A™n.r et al., 2009). Therefore, studying meat spoilage
process by bacteria requires generally differ .t types of analyses encompassing microbiological,
physicochemical and sensorial measure ...nts. Hence, the collected experimental data may represent
high-dimension heterogeneous datiase.. These datasets can be divided into several “data blocks”
according to the associated exp ~rin 2ntal analyses. Within the meat study framework, several types
of analyses can be nowad iys ‘nvestigated, providing then different spoilage responses. Firstly, the
characterisation of bacteri.' microbiota has been widely investigated thanks to recent advances in
high throughput sequencing (HTS) methods of 16S rRNA amplicons, giving relative abundances of
Operational Taxonomic Units (OTUs) (Cao et al., 2017; Cardinali et al., 2017). Volatilome profiles of
spoiled foods defined as the complete set of volatile organic compounds (VOC) generated during
storage is quantified using gas chromatography — mass spectrometry (GC-MS) analyses (Holm et al.,
2013; Jaaskeldinen et al., 2016). Finally, the characterization of off-odours is commonly done by
sensory evaluation carried out by trained assessors on the basis of several appropriate attributes

(Pereira et al., 2015).



Since the above responses can be nowadays easily measured, a novel challenge consists in
integrating these large, heterogeneous, datasets and analysing the relationships between these
responses. In general, each data block (microbiota, volatilome, sensory) is analysed separately or by
relating one block to another one, using unsupervised or supervised approaches. Unsupervised
approaches, which correspond to situations where no dependency relationship has been assumed
between blocks (Tchandao Mangamana et al., 2019), have already been applied in the context of
microbiology (Ferrocino et al., 2018; Mazerolles et al., 2006; Parlapani et al., 2020). Supervised
approaches correspond to predictive modeling where blocks do noc ~lay a symmetrical role in the
data integration, aiming especially to explain a response bloc hy *'.e others (Cocchi, 2019). Such
approaches have become increasingly popular in food scienc > as tney can shed light on relationships
between responses from different sources and exhibit ccmraon dimensions from related datasets

(Biancolillo et al., 2019; Borras et al., 2015).

Integrating multivariate data in meat spoi'age can generally serve completely different purposes.
One can cite, for example, analyses seek. g for data structuration (similarities/differences between
meat samples) with Principal Componen s /.nalysis (PCA)-based methods (Argyri et al., 2011; Holm et
al., 2013; Vestergaard et al., 200 /) o, Principal Coordinates Analysis (PCoA) (Raimondi et al., 2018;
Sade et al., 2017), discrimin.*ion purposes depending on experimental design with discriminant
analyses such as Line'., Di.=ri:ninant Analysis (LDA), Partial Least Squares — Discriminant Analysis
(PLS-DA) or Multiblock (MB)-PLS-DA (Argyri et al., 2011; Biancolillo et al., 2015; Chen et al., 2014,
Girdn et al., 2014), or classification purposes (Fontana et al., 2016; Rahkila et al., 2012), etc. Herein,
we are interested in evaluating the importance of relationships between data blocks corresponding
to different types of instrumental measurements. Relationships in meat spoilage can express
supervised situations where the off-odour sensory profiles characterizing the various products under
study are assumed to result from the volatilome and/or underlying bacterial metabolic pathways.
Such assumptions on causality relationships can be included in the analysis by specifying a priori

directed (oriented) paths between data blocks. This directional modelling specifically refers to path



modelling approach. Herein, not only the sensory profile of the sausages has to be explained but also
intermediate links between microbiota and volatilome may be evaluated (Casaburi et al., 2015;
Koutsoumanis and Nychas, 1999). This leads to set up a generalized path scenario where a block can
be simultaneously assumed to be explanatory and to be explained by the other blocks. In the case of
meat spoilage, such a path structure reflects the extent to which the formation of volatile
compounds is the consequence of the microbiota dynamics and the cause of off-odour attributes
detected by panellists (Casaburi et al., 2015; Pellissery et al., 2019). Several path fitting methods have
been developed in the literature within the framework of Structur.' Equation Modelling (Bollen,
1989; Kline, 2010; Wardrop and Loehlin, 1987), for example k. M (Lohmoller, 1989), rGCCA
(Tenenhaus and Tenenhaus, 2014; Tenenhaus et al., 2017), ~ath-comDim (Cariou et al., 2018) or SO-
PLS (Menichelli et al., 2014; Naes et al., 2011). Herein, wc fo_us on the application of Path-ComDim
which has been already applied in sensometrics anii e.wv'ronment (Breitwieser et al., 2018; Cariou et
al., 2018) but not in food microbiology 'et. The originality of such an approach lies in the
determination of saliences associated with each dependency relationship which makes it possible to
evaluate assumptions on generalised o7a .cenario as well as to evaluate the importance of the

causality links between data blocks . ssociated with spoilage responses.

The objective of this paper w.< to present a multiblock path modelling workflow as a data analysis
tool within the mea* -nui'~ge area for evaluating causality relationships between microbiota
composition, volatilome and off-odour sensory profiles. To this end, a large-scale dataset on spoilage
of fresh turkey sausages, previously collected (Poirier et al., 2020), was analysed. The data analysis
was carried out with Path-ComDim, an extension of the ComDim approach for analysing several data

blocks having oriented relations between them (Cariou et al., 2018).



2 Materials and methods

2.1 The raw dataset

The dataset used in this work was extracted from data collected in a collaborative project in which
we took part (Redlosses Project, Grant ANR-16-CE21-0006, funded by the French National Research
Agency) and published in a data paper (Poirier et al., 2020). The dataset corresponded to several
measurements of spoilage responses of fresh turkey sausages durin,, *.hilled storage. Turkey sausages
were industrially produced in ten independent batches with dif. eren: formulations in each batch,
packed under three gas mixtures for packaging, and monito-e. at iour time points (day 2, 8, 15, 22
after production). For simplification purpose, we denoten: “Fu'l dose”, “Half-dose” and “Zero lactate”
for the two formulations of lactate (2%, 1% and 7. w/w in turkey sausages, respectively); “Air”,
“MAP1” and “MAP2” for the three initial atmos, ~heres used for packaging (Air packaging, MAP1:
70%0,-30%C0, and MAP2: 50%C0,-50%N,, 1 ‘spectively). The overall experimental design and all

protocols are provided in the data pape-.

The extracted dataset used in t1.> present article included three blocks of measurements: (i)
microbiota composition monitoicd by gyrB amplicon sequencing, (ii) quantification of VOCs by
Headspace Gas Chromato; rapt y and Mass Spectrometry (HS-GC-MS) and (iii) sensory profile of the
products assessed by trains d panellists. Since the experimentations were conducted independently
by different laboratories, raw data were structured differently from block to block with more or less
samples considered due to differences in techniques, equipment and resources. The dimensions of
each block, the data pre-processing workflow as well as the pattern of the directed path between

blocks are shown in Figure 1.

Microbiota composition



OTU-based (Operational taxonomic units) microbial diversity analyses were carried out using high-
throughput gyrB amplicon sequencing in turkey sausages from ten batches, formulated with three
initial lactate contents and conditioned under three MAPs at four time points. The total number of
samples considered across all batches and all conditions was equal to 360. The extracted raw data
included the sequencing read counts of 150 OTUs and the counts had been merged by the authors of
the data paper at the ‘Species’ taxonomy level. These OTUs were assigned according to a recent

taxonomic classification proposed by Zheng et al. (2020).

Volatilome

Identification and quantification of VOCs were conducted by comparing gas chromatography
retention times and mass spectra with those of standard:, co. "pounds. Peak area in 1-g samples was
used as quantitative data. Raw data in the block ‘Vo!~tilome’ were obtained from the quantification
of twenty-seven detected volatile organic comg.-unas across all measurements in turkey sausages
collected from the ten production batches, €, rmulated with two initial concentrations of lactate
(“Full dose” and “Zero-lactate”), packed un./'er the three packaging atmospheres, monitored at the

four time points and measured in tripi "ale (technical replicates).

Sensory profile

Sensory profiles were 7 ~se_.~ed for turkey sausages from six independent batches chosen among the
10 batches after a sensori.: pre-screening step (Luong et al., 2020). Fresh sausages, with two lactate
concentrations (“Full dose” and “Zero lactate”), were packed at day 2 under three different MAPs
and assessed afterward at days 2, 8 and 15. The total number of samples considered in sensory
analyses across all the above conditions was 80 products (N = 80). Off-odours were assessed by a
panel of 15 experts who had developed during an 8-month training period a consensus vocabulary to
define relevant descriptors for spoiled sausages (see details in Appendix A-2). The off-odours in each
sample were then evaluated by at least 12 panellists on the basis of seven descriptors. These

descriptors included the global odour of rotten meat, rancid, pungent/sour, ethereal/fermented



fruit, fermented meat/old dry sausage-like, old cheese-like and sulphurous odour. Each panellist
rated each descriptor intensity of each sample on a continuous scale from 0 to 10 (from “absent” to

“very intense”, respectively).

2.2 Statistical pre-treatments of raw data

Microbiota

Two criteria were applied for filtering OTUs with very low counts as previously done by Bouju-Albert
et al. (2017). A normalisation by Centered Log Ratio transformatisn v as performed on the retained

OTUs as suggested by Bodein et al. (2019) (see Appendix A.1).
Volatilome

Quantification of each VOC (expressed in peak are ') wes firstly averaged across the three technical
measurements from the same sample. Aft_rw rds, averaged data were log,-transformed for all
VOCs to reduce right-skewness in distrik'tions due to low frequencies of very high counts, since their

distributions were right-skewed.
Sensory profile

To take into account the dr g, ~e ur agreement of each assessor with the panel sensitivity to different
off-odour descriptors, a .‘eighted average across the panellists of their product ratings was
determined by applying the STATIS method (Schlich, 1996). This led to identifying a product
configuration compromise where each product is described for each descriptor by a weighted

average of the various scores of panellists (see Appendix A.2).

2.3 Multiblock Path-ComDim approach

For the investigation of the relationships between microbiota composition, volatilome and sensory

profile, the path-ComDim approach was applied (Cariou et al., 2018). Path-ComDim is an extension of



the unsupervised multi-block method ComDim which aims at simultaneously exhibiting common
dimensions shared by the various blocks and, associated with each common dimension, a vector of
saliences depicting the degree of agreement of each block with this common dimension (Cariou et
al., 2018; Mazerolles et al., 2006; Qannari et al., 2001). Herein, a path modelling strategy was
considered with the a priori oriented links retrieved from the literature: 1) from “Microbiota” and
“Volatilome” to the block “Sensory profile” and 2) from the “Microbiota” to “Volatilome” block
(Figure 1). These links were chosen since the off-odours were a priori assumed to result from the
bacterial development leading to the formation of the VOCs. As ai. blocks must share the same
observations (only variables differ from one block to another), ~nly ~easurements corresponding to
samples evaluated by sensory analyses (N = 80) were ke; * in tne path modeling. All blocks were

assumed to be column-wise centred.

Path-ComDim criterion is given in Appendix B. ¢ a detailed presentation of Path-ComDim we
referred to studies of Cariou et al. (2018, /01¢). Synthetically, the rationale behind Path-ComDim
analysis is to seek a common latent variav'e t associated with the explanatory blocks together with a
common latent variable u associated w itk the blocks to be explained, so that they maximize the
association between the block cmmpc rents linked by a causal path. Moreover, a salience reflecting
the strength of each depende. ~y | nk is determined jointly with the two common components t and
u. This is achieved b, ~ s~~.ential procedure whereby, at each stage, the couple of common
components is determineu for the corresponding dimension. As output, the relative importance of
each dimension in retrieving the structuration of data was computed as well as the explained inertia
of each block (variance accounted for each dimension). The strength of the links between blocks in
each common dimension was evaluated using its relative salience (expressed in %). In the present
study, the significance of each link was discussed using the p-value associated with a Linear
Regression model (LRM-LV) as well as R2 coefficient from Partial Least Squares between latent
variables (PLS-LV) (see Appendix B). To get insights into the contributions of each pair of variables to

each common dimension retrieved, indices have been defined which makes it possible to decompose



each salience into pairwise covariance between the variables involved. Considering the dimension d,
for each link oriented from the block Xj to X;, a contribution matrix, denoted Ay;4) was computed
in order to evaluate how each pair of variables from X} and X; contributes to the determination of

the common latent variables of Path-ComDim.

In summary, the Path-ComDim approach determines common dimensions across data blocks
“Microbiota”, “Volatilome” and “Sensory profile” in such a way that these blocks are highly
associated while assuming causality links between them. The importance of these links was
evaluated (tested and quantified) using the relative importance .. ~ach dimension as well as the
inertia of each block. In each dimension, the importance of e ch 1.1k between blocks was discussed
based on its relative salience as well as p-value from LRM 'V model or R2 coefficient from PLS-LV.
Within the food microbiology context, for simplification anu ~omprehensive purposes, in this work:
(i) the notion of “data structuration” can be interire o7 as the different ways that the food samples
could be similar or different from each ott »r v nile taking into account all measured responses, (ii)
these above ways were observed by the determination of common “dimensions” which possibly
reflect, after exploring the dataset, <om > factors in the experimental design, (iii) the “saliences” of
causality links show how import~1t 0..2 type of spoilage responses is related to others, and (iv) the
“inertia” quantities of each u.ta hlock correspond to the amount of variance accounted for each
dimension, that is tkc arc-urtion of the block retrieved by each dimension. Finally, specific
relationships between spoilage-related responses from different blocks were identified by
representing graphically the contribution matrices between blocks. The R software (R Core Team,
2017) was used for the pre-treatments of raw data, executing the Path-ComDim approach as well as
for generating different graphs illustrated in this paper. The R scripts are available upon request to

the authors.
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3 Results

3.1 Spoilage associated responses in the pre-treated dataset

After the pre-treatment step, the number of OTUs in microbial community across all 80 samples
retained for the Path-ComDim was reduced from 150 to 86 species, belonging to 37 different genera,
according to the recent taxonomic classification proposed by (Zheng et al., 2020). Among these 86
species, the data showed mostly the presence of several Lactic Acid acteria such as genera from the
family of Lactobacillaceae (union from Lactobacillaceae and Leuc.'nosi ocaceae), Lactococcus as well
as different species of Psychrobacter and Pseudomonar. es’des, some species of Serratia,
Enterobacter and Aeromonas were also observed. The a-una. nce observed in the 80 samples under
study varied to a large extent from one species to 2:..*her (the species list and the variance plot for
all species is provided in Supplementary data k., ure S1). Concerning the volatilome block, the 27
detected VOCs belonged to five groups of che.nical compounds including alcohol, aldehyde, ketone,

sulphurous and some compounds assoc’.*ea .vith spices.

3.2 Structuration of the .ata by Path-ComDim common dimensions

The importance of the det :rmied common dimensions is given by absolute and relative values as in
Table 1. The three blocks, Nlicrobiota, Volatilome and Sensory, were mainly structured by the three
first dimensions, with relative importance of 74%, 7.2% and 6.4%, for dimension 1, 2 and 3,
respectively (Table 1). An important drop in inertia of the subsequent dimensions below 3% was then
observed. In the three first dimensions, the variability of the block “Sensory profiles” was the best
explained between the three blocks, with a cumulative inertia of 58.5%. This was mainly associated
with the first and the third dimensions with 42.4% and 15.2% of explained inertia, respectively. The

volatilome profile was also well explained by the three first dimensions with a cumulative inertia of
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44.4%. The microbiota composition was the least well explained, with a cumulative inertia of 20.8%

mainly associated with the second dimension (9.8% explained).

An example of visualisation of data structuration in Path-ComDim dimensions is given in Figure 2. In
Figure 2, projected data on the first and second dimension of Path-ComDim were plotted and
coloured according to storage time (2, 8 or 15 days). Such graphs could also be generated for
projection in other dimensions and according to other factors such as lactate formulation and
modified atmosphere packaging: some graph examples are provided in Supplementary data, Figure
S2, since the analysis of these factors was out of scope for the pr~.>nt _tudy. As shown in Figure 2,
spoilage-related data were strongly structured according to t'.e s.arage time in the first dimension
(74%), confirming the dynamical nature of spoilage in *''rk.*/ sausages. Table 1 shows that this
dimension explained important proportions of variabilitv in .“e blocks “Sensory profile” (42.4%) and
“Volatilome” (26.1%), suggesting that the spcila_e dynamics was mainly highlighted by the
production of VOCs over time and the evo'-itio 1 of off-odours. In dimension one, the causality link
from volatilome (26.1% explained) to sen_~ry profiles (42.4% explained) was also shown as the most
important among the three links: the 12l7tive salience associated with this link equalled to 78.3%
associated with a significant LRM LV ~efficient (p < 0.05) (Table 1). In contrast, dimension one only
explained 5.2% of the variabii,** in the microbiota block. This low value of inertia might be associated
with the high number € spo<izs in the microbiota compared to the number of samples. Moreover,
all species might not conuribute to the spoilage dynamics or might exhibit nonlinear evolutions. On
the other hand, the link oriented from the microbiota block to volatilome (26.1% explained) was
significant (LRM-LV p-value < 0.05), suggesting then that 5.2% of the variability in the microbiota

could explain the observed change in the volatilome structure.

The second dimension explained the best the microbiota block with inertia of 9.8%, i.e. almost two-
fold higher than for the other two dimensions. This dimension also explained 14.1% of the

volatilome. Nevertheless, unlike dimension one, dimension two (relative importance estimated at
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7.2%) did not allow the data to be clearly separated according to storage time, atmosphere or lactate
formulation (Supplementary data, Figure S2 a,b,c). Finally, the third dimension showed respectively

5.8%, 4.2% and 15.2% of inertia in each block “Microbiota”, “Volatilome” and “Sensory profile”.

3.3 Causality relationships between specific spoilage-associated responses

With regard to dimension one, the contribution matrices corresponding to the path directed links are
plotted in the heatmap shown in Figure 3. Figure 3 highlights the pairwise variables which
contributed the most to the determination of each dimension =2nu then causality relationships
between specific responses from the different blocks. Data car. . suwructured differently in different
dimensions, these matrices appeared thus to be different froi..> one to another dimension, thus giving

specific contribution profiles for each dimension.

As already mentioned, the explained inertia was the !.ghest for the blocks sensory profile (42.4%)
and volatilome (26.1%) in the first dimensicn ~.f Path-ComDim, which highlighted the link oriented
from volatilome to off-odours (relative sa..>nce 78.3% and LRM-LV p < 0.05). The overall odour of
rotten meat appeared to contribute *~a 1 ~~st to this dimension compared to its contribution value as
shown in Figure 3. This off-odo. ~ descriptor was related to different volatile molecules, such as
ethanol or ethyl acetate (Fietire 2 right graph). Since the data were well structured by storage time
in dimension one, these results suggested that the spoilage dynamics was characterized by the
evolution of volatilome leading to off-odour profiles, in particular by the production of ethanol and
ethyl acetate probably causing the overall odour of rotten meat. The dimension one also highlighted
the causality link from microbiota to volatilome (relative salience 4.9%, LRM-LV p < 0.05, Figure 3). In
spite of the low inertia in microbiota (5.2% explained), plotting contribution matrices pairing
microbiota and volatilome can represent a useful tool for understanding microbial mechanisms
involved in spoilage process. In this respect, as illustrated in Figure 3 (left graph), the production of
ethanol and ethyl acetate were strongly linked to different LAB species such as Lactococcus piscium,

Leuconostoc gelidum, Latilactobacillus fuchuensis as well as several Serratia and Psychrobacter
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species. The species Psychrobacter, Lc. piscium and L. gelidum were also shown to be linked to other
detected molecules such as 1-propanol, 3-methyl-1-butanol as well as 2-butanone. The above
observed links could likely correspond to different fermentation products of LAB over time. In
dimension one, since the data were strongly structured depending on the sampling time, the
fermentation process of LAB may play an important role in the spoilage dynamics. Besides the LAB
species mentioned above, contributions of several Serratia species were also highlighted, and the

production of ethyl acetate or ethanol could correspond to fermentation products by these species.

In the same way as described above, one can visualise contributior. . ~at ces for other dimensions of
Path-ComDim as graphical tools for understanding causal rel stio. ships between the blocks or the
responses. For instance, matrices contribution associated ‘v the second and third dimension are
shown in Figure 4 and Figure 5 respectively. In Figure 4 (¢:mcnsion 2), the contribution matrix pairing
the blocks ‘Microbiota’ (9.8%) and ‘Volatilome’ (17.17-) <1owed strong contribution of the quantity of
acetoin, diacetyl and some LAB species, fr r evample, Dellaglioa algida, Latilactobacillus curvatus,
Latilactobacillus sakei as well as Pncotobacterium iliopiscarium, Pseudomonas versuta and
Psychrobacter. In the same way, in Figur2 £, one can observe important contributions of Aeromonas
salmonicida, Dellaglioa algida »: wc'" as the production of 2-methylbutyraldehyde. Finally, the
molecules a-thujene, a-pinei.~. sipbinene, a-phellandrene and a-terpinene seemed to be neither
related to the microk’c*a «~rposition nor to the off-odours descriptors, since their contribution
values were low whatever the dimension. This result was expected since these molecules originated
from the spices mix of the sausages formulation. These spices-related molecules appeared with small
variabilities across different conditions and across different time points as well, because

concentration of spices mixes in sausages did not vary over time.
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4 Discussion

In this paper, a multiblock path modelling approach was carried out in order to evaluate causality
relationships between different types of responses within a meat spoilage framework. The major
novelties in our data analysis approach with Path-ComDim consisted in including assumptions of
oriented connections between data blocks while taking into account the particularities in each block
by appropriate statistical pre-treatment. These causality assumptions were tested and quantified for
a better biological interpretation of relationships between blocks. .- del outputs made it possible to
also assess the contribution of a variable to the strength of each aus: .| relationship. To the best of
our knowledge, these tests and quantifications have never be~r carried out in the meat spoilage
area. Such assumptions help identify significant patter-s ot specific spoilage-related relationships
complementary to other unsupervised approaches >. ch as correlation analyses, using a graphical
representation of contributions matrices. In th= | -asent study, correlations were also pre-assessed
between responses from different blocks of p. ~-treated data using Spearman rank sum correlation,
independently from Path-ComDim (St ., 'en.entary data, Figure S3, S4). The correlations profiles
between blocks did not clearly show ai/ particular link between one or several specific responses.
Spearman correlation based .2 e rank sum correlation is generally useful in cases where
relationships between va.1aL'es are non-linear (as for microbiota composition, production of
metabolites, etc.). Path-Coi. 1Dim enables to take into account additional differences in variabilities
between responses, unconsidered in Spearman correlation, since this approach is multidimensional
with a global optimisation criterion based on squared covariance. Therefore, among a large number
of responses highly correlated together, Path-ComDim may shed light to more specific relationships

from one response to another by including variabilities in the model.

It is important to note that, in the present study, we focused particularly on the evaluation of
causality between different types of spoilage responses, rather than looking for a way to discriminate

/ separate meat samples depending on initial factors of experimental design such as lactate
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formulation or atmosphere, hence the choice of Path-ComDim. Unlike other commonly used data
integration approaches such as PLS-DA, sPLS-DA or MB-PLS-DA (Biancolillo et al., 2015; Cao et al.,
2016; Panagou et al., 2014) for which these factors should be included as model input, Path-ComDim
can be run without requiring these inputs since its algorithm was not intended to separate samples.
It still gives a possibility to visualise the structuring of the data from its outputs according to factors
as we have illustrated here and could provide complementary results compared to other data

integration approaches.

Pl

Among the initial large number of spoilage responses (more than 227 vcriables from three different
blocks) included in model input, our results enabled to ideti, specific microbial and spoilage-
related responses globally consistent with the literature. F~r 1..~tance, Path-ComDim identified many
alcohol molecules such as ethanol, isopropanol, 1-propar.oi or 3 methyl-1-butanol, which have been
found as some of the most common alcohols in na. «ra'iy spoiled meat and in model meat systems
inoculated with different spoilage microo’ zani.ms (Casaburi et al., 2015). Alcohol molecules are
likely to be associated with fermentation rocesses by LAB as suggested in a previous work of Nordvi
et al. (2007). For instance, ethanol or 3-n etayl-1-butanol have been associated with LAB species such
as L. carnosum or C. divergens sit ce ey have been detected in monocultures of these species in a
study of Vasilopoulos et al. {2110'. Ethanol is one of the end-products of LAB heterofermentation
such as by L. gelidum .. L. f.chuensis (Matamoros et al., 2009) and is a precursor of ethyl esters
such as ethyl acetate, also identified in the present study. Lc. piscium and L. gelidum were shown to
contribute mainly to the link between the microbiota and the volatilome blocks, which is consistent
with their fermentative capabilities (Jung et al., 2012, Marché et al., 2017). 1-propanol has been
detected in spoiled beef samples in the presence of one or several LAB species such as
Latilactobacillus sakei, Lc. piscium, or Carnobacterium divergens (Hernandez-Macedo et al., 2012),
also identified in our study. As expected, our results mainly highlighted the importance of the
fermentation process in spoilage dynamics of fresh turkey sausages. Another example of deciphering

the spoilage mechanisms of meat using the approach carried out here was the production of acetoin
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and diacetyl. Acetoin, the ketone the most found in meat no matter the storage conditions, may also
originate from the glucose catabolism of B. thermosphacta under aerobic atmospheres (Casaburi et
al.,, 2015; Pin et al., 2002). Acetoin could also come from the microbial degradation of aspartate
(Ardo, 2006), as well as a consequence of heme-mediated respiration metabolism by L. gelidum
(Pothakos et al., 2015). Acetoin and diacetyl have also been associated with natural spoiled meat
under air packaging (Dainty and Mackey, 1992; La Storia et al., 2012). Finally, the analysis with Path-
ComDim also identified causality relationships between some volatile compounds and several
bacterial species/groups even if these species were generally not albu~dant in microbiota of spoiled
meat such as for Serratia, Aeromonas or Psychrobacter. Serratic <o, *.as been reported as belonging
to Enterobacteriaceae species commonly present on work si -faces in the processing of meat or meat
taken from slaughterhouses (Casaburi et al., 2015; Do.'ee.aki et al., 2011). Contamination and
growth of these species of Enterobacteriaceae cur.ng storage must correspond to a possible
fermentation of glucose (llleghems et al., 2s1.: K<fii, 2014). For instance, llleghems et al. (2015)
suggested that several Enterobacteriacee specics could be associated with mixed-acid fermentation
by methylglyoxal pathway converting 3l .c..-e into acid lactic, as well as the production of acetate,
lactate, succinate and ethanol. A -ecent study by Wang et al.,, (2017) also figured out that S.
liguefaciens and A. salmonicidu showed important activities on chicken meat, leading to the
production of alcohol molecules such as 1-propanol or 3-methyl-1-propanol. Regarding
Psychrobacter spp., to our best knowledge, there is little information concerning their possible
spoilage-associated metabolisms. These results, consistent and complementary to the literature,
showed the promising capacities of Path-ComDim and, in general, path modelling methods, as a data

integration tool for evaluating causal relationships in biological phenomena such as meat spoilage.

In this work considering three data blocks, the sensory and volatilome blocks were globally well
explained by Path-ComDim. The limited inertia in the microbiota could probably be due to the
important number of variables in this block compared with the others. Another possible limitation

for exploring the composition of the microbiota was indeed the complexity of the intra-block
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dynamics of the bacterial community, in particular with regard to interspecies interactions, some
species possibly using substrates produced by other species. Complexity in the integration of
microbiota and volatilome data could also be translated by the fact that different bacterial species
could have similar metabolic pathways, leading to similar end-products, and should probably then
contribute to the formation of the same volatilome. Finally, although primarily associated with
microbial growth, quality changes resulting from meat spoilage and production of volatile
compounds may also be associated optionally with other chemical mechanisms independent of
microbial metabolisms such as lipid and protein oxidation due to lipds ~s and proteases. However, as
our results point out, once the volatilome is structured, the off-~d¢ o~ butcome profiles could be well

explained.

Another potential limitation could lie in the possible i"fluonce of some VOCs on the microbiota
development over time. In the present study, t. e wunidirectional influence oriented from the
microbiota towards VOCs was assumed ‘¢ce VOCs are mainly produced from the microbiota
development. The reverse influence fron, VOCs towards microbiota attesting to the potential effect
of certain VOCs on the microbiota deve or ment, was not considered because only some VOCs and
not the entire block of VOCs wo'.(d b likely to influence the microbiota development. Through the
present paper, we aimed to foci's on the presentation of the statistical approach to explore a
multiblock dataset esp - ian, ** nen prior information is limited. This approach could then be adapted
to further studies by experts in microbiology field in order to decipher more specific causality
relationships, for example by splitting data into smaller sub-blocks and/or by adapting the

corresponding path diagram in the model.

In this paper, we aimed at suggesting a generic data integration workflow for evaluating causality for
complex path scenarios occurring in meat spoilage using Path-ComDim. At first glance, the notion of
“causality” used herein could appear as a strong wording for correlations. However, directed

(oriented) relationships between the different blocks were carefully designed and included in the
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statistical model by the means of a path diagram. Thus, relationships between blocks can then be
encoded from one block to another one, without considering the reverse direction (orientation). The
proposed path diagram mainly aimed to evaluate and assess these directed relationships designed
from initial global knowledge about microbiological spoilage (microbiota, volatilome, etc.). Such path
diagram, which is asymmetrical by design, represented a key step in the model, since oriented
relationships between blocks could be interpreted further than correlations which do not consider
any orientation. Finally, the sequential procedure of Path-ComDim for determining common
dimensions, while taking into account the above path diagram, .'so considered distinctly the

explanatory blocks and the blocks to be explained as well.

Herein, only three blocks were considered, but this wor*flo. could be easily extended for other
scenarios with more blocks and/or more connections to tes. For example, to overcome the limited
inertia observed in microbiota, one could subdiviie nir/obiota into several blocks corresponding to
bacterial genera. The reduced number rr¢ responses in each block as well as new causality
connections may thus provide interesting additional results. Another possible subdivision of blocks
could be done depending on factors ot € xp 2rimental design (such as lactate or atmosphere) in order
to take into account these fariors, which could be an alternative approach to other existing
discriminant ones. The main <03 of this work was to explore a large-scale dataset for better
understanding causali’y re.ctiunships, and the approach carried out enabled interpreting several
causality relationships. The relationships observed from the results were globally consistent with the
literature. It is worth noting that these relationships were not “discovered” from a biological or
chemical point of view. Notwithstanding, one novelty in our approach consisted herein in the way
that the model was set-up: we arbitrarily included little expert information a priori from the
beginning in order to conduct a data-driven approach, providing consistent results eventually.
Regarding these results in such an approach, we are convinced that the approach illustrated here

with meat spoilage may be applied to other path scenarii or other datasets as a key tool for
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deciphering causality in complex biological phenomena through the analysis of a large-scale

heterogeneous dataset.

In a context where numerous multivariate tools can be mainly used in recent food microbiology
studies, we think that the success key for exploring spoilage, especially for non-modeller researchers,
is to determine the main purposes from the very beginning of the analysis. These purposes
(classification, discrimination, seeking for similarities, causality, etc.) should be defined before
manipulating multivariate data because the research questions will undeniably condition the choice
of statistical techniques (and not the reverse). Afterwards, *'.. a.taset can be investigated
thoroughly (type of responses, scale, variability, number of s mp.~s, etc.) and pre-treatments (pre-
processing or data transformation), should be undertaken corefully depending on the data type.
These pre-treatments could represent a key step in the cver !l workflow as they can greatly improve
the reliability of data integration. Depending ~n rchr. considered purposes, the choice of one
integration method can only be made after varr.s, for example investigating data configuration with
PCA or PCoA, discriminant purposes wi.> LDA or PLS-DA, etc. Based on these purposes and the
chosen methods, other biological assurp’ions can be included and tested in models with expert
knowledge, for example the orientation of different pathways between blocks in our study. To our

Ill

knowledge, a “universal” stav.-tice 1 workflow for exploring spoilage or other biological phenomena
with multivariate data .. ~m ~r.-processing to dedicated integration steps unfortunately does not yet
exist. However, several generic frameworks have been proposed for processing different kinds of
data, for example the integration of microbiome data (Bodein et al., 2019), data fusion strategies in
sensory evaluation in food (Biancolillo et al., 2019, 2015; Cariou et al., 2019). Thus, in view of possible
difficulties due to different processing steps, we focused merely on exploratory aspect in our
illustrated workflow. In respect of the above, Path-ComDim seems to be a promising workflow since
it provides not only the comprehensive structuring of spoilage profiles but also the most important

relationships between specific responses. For further studies, validating the model proposed herein

on external data and building generic predictive models could undoubtedly be of primary interest to
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microbiologists, even if they must be handled with great care, especially for data pre-processing
steps. Although there were no predictive insights developed in our study, several perspectives could
be investigated. Indeed, on the basis of the obtained common components, approaches such as
regression model on latent variables involving cross-validation strategies, could be undertaken for a
predictive purpose, for example in estimating off-odour intensities from microbiota and VOCs

compositions.
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Appendices

A — Data pre-treatment of the block

A.1 Microbiota

Only raw data associated with microbiota in turkey sausages wers ~orn_idered from the data paper
published by Poirier et al., (2020). These data could present a b.gi ~umber of zero or very low counts
in several OTUs possibly when (i) the latter were observea oxclusively in pork samples and/or (ii)
because of the very low counts of non-dominant bacteria: ~oecies as well as their low occurrence
frequency across all samples. Two criteria were the.~ coisidered for low count data removal. Firstly,
only OTUs with non-zero counts in at le2,t 2',% of the total number of samples were kept, as
previously done by Bouju-Albert, Pilet, ¢ Guillou (2017). Afterwards, only OTUs with a total count
higher than 0.05% of the total count. f-om all OTUs across all samples were kept (arbitrary
threshold). This resulted in a decre.se of the total number of OTUs from 150 to 86. For each
considered sample, a normai-aticii by Centered Log Ratio transformation (CLR) was performed as

suggested by Bodein e* ~I.\201),

A.2 Sensory profiles

The entire procedure for sensory analysis was carried out according to the Quantitative Descriptive
Analysis (QDA) by a panel of 15 persons (nygne; = 15). The descriptors used for the analyses were
proposed and preliminarily selected by the panel in several steps. Firstly, each panellist proposed
potential off-odour descriptors after sausage samples sniffing, and 59 descriptors in total were
gathered. These descriptors were afterwards scored by the panellists during separated sessions.

Analyses of Variance (ANOVA) were then performed on these scores in order to select discriminating
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descriptors against products and led to retain 19 descriptors. A second evaluation using these 19
descriptors was carried out and 7 descriptors were finally retained on the basis of analysis of variance
as previously done as well as expert elicitation. Panellists were eventually trained on the 7 retained
descriptors: tainted meat odour (global spoilage odour), rancid, sour/pungent, ethereal/ fermented
fruit, fermented meat/ old dry sausage-like, old cheese-like and sulphurous odour. References used

in the training of the panellists are described below.

Descriptor Natural food or chemical substance used for Corresponding scale

the training of the panellists

Tainted meat odour Turkey meat spoiled at day-22 Very intense
Rancid Pork fat with rancid meat Medium
Rancid pork fat Very intense
Sour/pungent 8% white alcohol vine ga. Very intense
Ethereal/ fermented fruit 1% (v/v) ethyl ¢ "ete.e solution Very intense

CAS 141-78-b ref: W241415,-Sigma-aldrich)

Fermented meat/ old dry Dry sausage !s-.ucisson sec) Medium
sausage-like Dry nork sausage (rosette) Very intense
Old cheese-like 1,7 (v/v) 3-methylbutyraldehyde Very intense

~*5590-86-3 (ref: W269204, sigma-aldrich)
Sulphurous odour Cooked egg yolk aged at room temperature Very intense

for 10 days

For these last six attributes, the subjects validated for each of them a chemical reference (nature and
concentration) or food reference among an initial choice of 15 references with 1 to 5 possible

concentrations. Panellists were trained to recognized the different odours and to rate their intensity.
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After training sessions, the sensory profile was carried out for evaluating the 7 retained descriptors
on 80 products (N = 80) across all two conditions of lactate, 3 MAP and 3 time points. Each product
(randomly chosen during different analysis sessions) was evaluated by at least 12 panellists. All
panellists did not evaluate the same number and type of products. Firstly, data with off-odour score
evaluated by the three ‘less participating’ panellists mentioned above were removed from the raw
dataset. The remaining data were then divided into 12 subsets corresponding to 12 remaining
‘relevant’ panellists (Npgneuises = 12), the aim was then to determine the consensus profile
associated with the panel by weighting each remaining panellis. according to his degree of
agreement with the panel. The STATIS method was carried o1'* (L:zLell et al., 2018; Pizarro et al.,
2013) to seek the best consensus by weighting each a.-essor scores with a weight, denoted
ai(k =1, ... Npanenists)- These weights were obtained ' computing the first eigenvector of the
matrix of the RV coefficients between the 12 data :vst ts (RV coefficient between two subsets can
be interpreted as a generalized correlation ina :x Latween the associated panellist matrices). The
STATIS method required that the scores need to be measured on exactly the same products (Llobell
et al., 2018). In our case, only 40 procu.ts were commonly evaluated by the 12 relevant panellists
(N proqa = 40). Our strategy was t1.>n to firstly perform the STATIS method on data associated with
these 40 products in order to dete "mine the weights ay (k = 1,.., Npanenists) corresponding to each
panelist, and afterwarc’s tc tak:: into account these weights in the calculation of the global score for
each product among the ‘aitial 80 products (which were not necessarily evaluated by the same

panellists).

The STATIS method applied in the 12 data subsets concerning 40 products, denoted
Viek=1,..,N_panenists) Was performed using the R package ClustBlock (Llobell et al., 2019) to obtain the
computed weights ay (k = 1, ..., Npgneuists) associated with the 12 panelists. STATIS also computed
the inertia of each panelist’ matrix by calculating the corresponding Frobenius norm, denoted

Fi(k =1, ..., Npaneuists), Which should be taken into account to deal with the between-panelists
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scale factor since the score range effectively used might be different from one panellist to another.

Considering the panelist k, the corresponding Frobenius norm is given by:

e = zzwér(k)r#(Eq.Vl.l)
q T

where W, is the (g, 7)" entry of the matrix Wy, = V, V.

The calculation of a global score of each product among the initial 80 products should consider the
fact that all products were not necessarily evaluated by Npgnenises - 12. Indeed, the product i was
rather evaluated by Npanenistsciy < 12, and the panelists could . = ~ifferent from one product to
another. In the raw data, the score for the off-odour descrig*ars ; = 1, ..., ps (ps = 7) of the product
i=1,..,N (N =80) evaluated by the panelist k =1, ... N qnenists(iy Was denoted sj,(;). Hence,
for the product i, the weighted average global scorc fr.r *he off-odour descriptor j (j = 1, ..., ps, ps =

7) evaluated by NpgnenistsiiyPersons with *ne cor.2sponding weights (aq;), .- ) and

i aNpanellists(i)

inertia, denoted gs; ;) is given by:

‘-Npa ol ists(i) ak(l) P
R Fey  J*O
9Sjw) -

#(Eq.VL.2)

ZNpanellists(i) .
K k(i)

The global score for all d:sci.mtors across all the 80 products were then structured in the block

“Sensory profile” (dim N x+ ,N = 80,P; = 7).
B — Details for Path-ComDim approach

Let us denote X;, X,, X3 the data blocks “Microbiota”, “Volatilome” and “Sensory profile” measured
on the same products, respectively. The given directed links in the path diagram between K blocks
(K = 3) were encoded using the path matrix Ag x = (8y;) where &, = 1 if we considered a directed
link from X, to X; and &;; = 0 otherwise. The Path-ComDim approach determines, in subsequent
dimensions d = 1,2,.., common components tg) and u) together with the saliences Ayq)

associated with the links going from the block X, to X;, by maximising the quantity:
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K K
C(’d) = z Z 5szOU2(tk(d),ul(a)) ,#(Eq.VI1.3)
k=11=1

where cov stands for the covariance, tyq) = XkX,ft(d) and wgq) = XleTu(d) are denoted as latent
variables (LV) associated respectively with the blocks X}, and X; connected by a directed link from X,

to X;. (Cariou et al., 2019, 2018)

The strength of the relationships between blocks in the dimension d of Path-ComDim was evaluated
by computing the absolute value of the obtained saliences, Ay;(4). T'1@ importance of the subsequent
dimensions d = 1,2, ..., denoted I, 4y Was expressed by the quan'ities Ioqy = Xk=1 Xie1 Okil ki) -
The relative importance of each dimension (expressed .~ %, was given by I.q) = Ig@)/
Ya=12..laca)- In the present study, we fixed a total nuinbe. of 10 subsequent dimensions for the
Path-ComDim algorithm. For each dimension, the rel=*ive contribution of each link (oriented from X,
to X;) to the determination of the common .~mponents was given by the relative saliences
(expressed in %). The significance of each lin.. was evaluated by Linear Regression Models between
latent variables determined by Path-Z-m2>im (LRM-LV) (model without intercept since latent
variables are centred) as well as by '~a\ :'a1 Least Square regression between Latent Variables (PLS-LV)
Uya) ~ ti(a)- The significance wa. then discussed based on the p-value associated with LRM-LV

coefficients and the coeffic’ei.* 01 determination R2 of the PLS model.

Considering the dimension ‘., for each link oriented from the block X, to X;, the contribution matrix,
denoted Ay;(q) for evaluating the contribution by each pair of variables from X and X; to the
determination of the common components of Path-ComDim (with dimensions p;* p; corresponding

to the number of variables of X}, and X;) was determined by computing the following quantities:

Ly = Akl(d)t(d)u’(rd), #(Eq.V1.4)

V11 Vip,
Vkl(d) = ( Vij > = X]’ngl(d)Xl,#(ECIVI 5)
L
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where i =1..py,j=1..p;. Finally, the entries a;; at the i-th row and j-th column of the

contribution matrix Ay;(q) were computed by a;; = v/ /(X X v5).
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Table 1 Importance of the first common components of Path-ComDim (absolute value of saliences) and contribution of each link to the determination of these components. For LRMLV (Linear

Regression Model on Latent Variables) coefficients: p-value significant codes: ‘*’ < 0.05, “** < 0.01, “***’ < 0.001.

Importance of the

Inertia in each block (proportion

Contribution of each link

common components explained)
Dimension Microbiota = Volatilome Microhi-*a - Sensory profile Volatilome = Sensory profile
Absolute Relative i
d . . . Sensory Relative R2 . ala’ve R2 Relative R2
Microbiota Volatilome " LRM-LV LRM-LV LRM-LV
Iy L protile salience ‘o1~ salience (PLS- salience (PLS-
coeffiuint coefficient coefficient
(%) Lv) (%) LV) (%) Lv)
1 0.1831 74.0% 5.2% 26.1% 42.4% ' 9% 1.75%* 0.48 16.8% 1.56 0.48 78.3% 1.79 * 0.48
2 0.0177 7.2% 9.8% 14.1% 0 9% 39.9% -0.03 0.01 1.2% -1.59 * 0.18 8.9% -1.14 0.19
3 0.0158 6.4% 5.8% 4.2% .5.2% 3.5% -142 % 0.24 57.4% -0.05 0.06 39.1% -0.04 0.06
Total 20.8% <Aarn 58.5%
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CAPTIONS

TABLE

Table 1 - Importance of the first common components of Path-ComDim (absolute value of saliences)
and contribution of each link to the determination of these components. For LRMLV (Linear
Regression Model on Latent Variables) coefficients: p-value significant codes: ‘*’ < 0.05, ‘“**’ < 0.01,

“k*# < 0.001.

FIGURES

Figure 1 — Data pre-treatment workflow. n,, and p,,, (resp. n, a1.! p,,, ng and pg) correspond to the
dimension (number of rows and column) of the raw data bloc:" Microbiota (resp. Volatilome, Sensory
profile). N,,, and P,, (resp. N, and P,, N; and F) correspni..* to the dimension (number of rows and
columns) of the pre-treated data block Microbiota ,~:sp. Volatilome, Sensory profile). N correspond
to the total number of samples for whic’, se sory analyses were assessed. The dotted arrows
correspond to the pre-treatment in eaci. hlock. The solid arrows correspond to the a priori oriented

relationships patterns between blocks us;suimed in the model.

Figure 2 — Example of represen. tion of data structuration (including microbiota, volatilome and
sensory profiles) in the two fi'st common dimensions of Path-ComDim (with their relative
importance) depending ¢ ~ sworage time. The horizontal X-axis (resp. vertical Y-axis) represents the
Path-ComDim dimension 1 (resp. 2). The given percentage indices for these shows how each one is
important among all determined common dimensions during the overall procedure. The light blue

(resp. brown, red) points correspond the storage time of day 2 (resp. day 8 and 15).

Figure 3 — Path-ComDim — first dimension. The upper right graph represents inertia (% exp.) of each
block, relative salience (%) and significance of each link between blocks (Solid arrow: LRM-LV p-value
< 0.05. Dotted arrow: LRM-LV p-value > 0.05). The lower graph contribution matrices corresponding

to the links oriented from microbiota to volatilome and from volatilome to sensory profiles in dim 1.
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The size of the diamond-shaped points associated with a pair of responses from two blocks is

proportional to the contribution values this pair to the links.

Figure 4 — Path-ComDim — second dimension. The upper right graph represents inertia (% exp.) of
each block, relative salience (%) and significance of each link between blocks (Solid arrow: LRM-LV p-
value < 0.05. Dotted arrow: LRM-LV p-value > 0.05). The lower graph contribution matrices
corresponding to the links oriented from microbiota to volatilome and from volatilome to sensory
profiles in dim 1. The size of the diamond-shaped points associated with a pair of responses from two

blocks is proportional to the contribution values this pair to the link..

Figure 5 — Path-ComDim — third dimension. The upper right gr.nh r 2presents inertia (% exp.) of each
block, relative salience (%) and significance of each link b :tw. 2n blocks (Solid arrow: LRM-LV p-value
< 0.05. Dotted arrow: LRM-LV p-value > 0.05). The lewe, grapn contribution matrices corresponding
to the links oriented from microbiota to volatilor."= ana from volatilome to sensory profiles in dim 1.
The size of the diamond-shaped points ass~.iated with a pair of responses from two blocks is

proportional to the contribution values this . ~ir to the links.
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Highlight

e Volatilome and off-odour profiles were well explained by the Path-ComDim approach
e The integrated dataset was strongly structured according to storage time

e The causality link oriented from volatilome to off-odour descriptors was significant
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Figure 5



