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A B S T R A C T   

This study comprehensively characterized the metabolite profiles of six lettuce varieties and established the 
correlation between the elucidated profiles and their antivirulence effects. A total of 195 metabolites were an
notated using LC-QTOF-MS/MS metabolomics assisted by molecular networking and integrated with chemo
metrics. Red varieties (red longifolia and lolla rosa) demonstrated higher chlorogenic and chicoric acids 
suggesting their antioxidant properties. In parallel, amino acids and disaccharides were enriched in romaine 
longifolia rationalizing its palatable taste and nutritional potential, while crispa, capitata, and lolla bionda pre
sented a high β-carboline alkaloid content. The antibacterial and antihemolytic potential of all varieties against 
methicillin-sensitive and methicillin-resistant Staphylococcus aureus was assessed and validated by prominent 
downregulation of α-hemolysin transcriptional levels in both strains. Moreover, correlation analysis revealed 
sesquiterpenes, β-carboline alkaloids, amino acids, and oxy-fatty acids as the main bioactives. Results emphasize 
lettuce significance as a functional food and nutraceutical source, and highlight varieties naturally rich in 
antibacterial agents to adapt breeding programs.   

1. Introduction 

There is an increasing interest by consumers in foods that enhance 
well-being, and increase the life span, in addition to meeting nutritional 
needs. Increased vegetable consumption has been linked to a lower risk 
of chronic diseases, such as cancer, age-related functional problems, and 
cardiovascular diseases. Macro- and micro-nutrients and bioactive 

compounds found in vegetables are thought to be responsible for these 
health benefits (Hung et al., 2004). 

Lettuce (Lactuca sativa L.) is a widely grown and popularly consumed 
leafy vegetable that belongs to the family Asteraceae. Evidence from 
Egyptian tomb paintings revealed that it was cultivated before 4500 BCE 
for oil or forage. Ancient Egyptians were the first to produce the plant, 
which then spread to Rome and Greece, and eventually to most of 
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Europe (Lindqvist, 1960). According to data from the statistical agency 
of the Food and Agriculture Organization (FAO) of the United Nations, 
Egypt ranked 22nd in 2021 among lettuce worldwide producers, in a 
ranking led by China, USA, India, and Spain (FAOSTAT Statistical 
Database, 2021). Lettuce occurs in a wide range of colors, shapes, and 
sizes, and because of this diversity, it can be classified into several va
rieties. A variety is a taxonomic rank below species sharing genetic and 
morphological similarities. The most common lettuce varieties based on 
leaf morphological characteristics are romaine lettuce, crispy, headed, 
leafy, stem, and oily (Pink & Keane, 1993). Like several major crop 
plants, lettuce has been subjected to intensive breeding activities to 
obtain genotypes with improved quality traits such as taste, health po
tential, and nutritional value. In terms of nutritional value, lettuce 
makes a minimal nutritional contribution to diet, primarily due to its 
high water content (~95%). However, being an extremely popular 
vegetable that is eaten raw, and considering its bulk consumption, it was 
rated 4th behind tomato, citrus, and potato in terms of the whole 
nutritional diet contents (Kenny & O’Beirne, 2009; Pink & Keane, 1993). 
With such popularity worldwide, it is important to understand and 
compare the composition of lettuce varieties, in order to identify those 
delivering the most health-promoting bioactive compounds. 

Metabolomics is described as the comprehensive analysis of the 
complete set of small molecules or metabolites (i.e., the metabolome) 
within a certain biological sample, including vegetables with edible 
greens, such as lettuce. Metabolomics frequently involves untargeted 
analyses with hyphenated mass spectrometry (MS) techniques, such as 
liquid chromatography electrospray ionization mass spectrometry (LC- 
ESI-MS), followed by multivariate data analysis with advanced chemo
metrics methods. Mass spectrometers with quadrupole time-of-flight 
(QTOF) analyzers are typically used for untargeted metabolomics ana
lyses because they have a very high scan rate and can acquire MS and 
tandem MS (MS/MS) spectra with high mass accuracy and resolution 
(Köfeler et al., 2012). Thereby, different authors have shown the suc
cessful application of LC-ESI-QTOF-MS/MS metabolomics and chemo
metrics for the quality control of food products, e.g., tomato and Pinus 
(Otify et al., 2023; Saber et al., 2021). Furthermore, the use of molecular 
networking via the global natural products social molecular networking 
(GNPS) platform for the visual inspection of MS/MS spectra has recently 
increased, assisting metabolite identification and observation of their 
relative abundance in the analyzed samples (Otify et al., 2023). 

Antimicrobial resistance constitutes a major health problem in the 
21st century. Different studies have been directed toward recruiting new 
therapeutic strategies (Prestinaci et al., 2015). Antivirulence therapy is a 
recent approach that can provide effective control of disease severity 
with virulence inhibitors rather than with bactericides. Staphylococcus 
aureus is a challenging gram-positive bacterium that poses a high risk of 
developing antibiotic resistance over time. Indeed, it is the common 
cause of some serious infections such as endocarditis, skin or soft tissue, 
bone, and joint infections, which may progress into bacteremia and 
septicemia (Tong et al., 2015). In particular, methicillin-resistant 
S. aureus (MRSA) strains are superbugs that account for most staphylo
coccal infections, causing severe morbidity and mortality that need to be 
reduced (Cosgrove et al., 2003). Potential antivirulence agents are 
currently being developed to affect different targets, e.g., disassembly of 
bacterial functional membrane microdomains, disruption of biofilm 
formation, and bacterial toxin neutralization (Fleitas Martínez et al., 
2019). Hemolysins are toxins that help bacteria to disrupt cell mem
branes during infection (Dinges et al., 2000). Alpha-hemolysin, encoded 
by the hla gene, is one of the most prevalent virulence factors produced 
by ~ 95% of S. aureus strains and it is highly correlated with disease 
severity during infections (Grumann et al., 2014). 

The main goal of this study is the development of a non-targeted LC- 
ESI-QTOF-MS and MS/MS method combined with molecular 
networking and multivariate data analysis applicable to the compre
hensive characterization of lettuce metabolites to provide insight into 
the chemotaxonomic relatedness among 6 different varieties, namely, 

capitata (batavia or crisphead lettuce, ca); longifolia (romaine lettuce, 
red (lor) and green (log)); crispa (oakleaf lettuce, cr); lolla rossa (red 
coral lettuce, lr); and lolla bionda (green coral lettuce, lb). The combi
nation of LC-MS/MS and chemometrics offers a valuable tool for 
comparing the metabolite profiles of the different lettuce varieties, as 
well as for identifying those primary and secondary metabolites corre
lated with the antibacterial or antivirulence activities against MRSA or 
methicillin-sensitive S. aureus (MSSA). This comprehensive LC-MS/MS 
metabolite profiling, comparison, and bioactivity assessment against 
non-antibiotic and antibiotic resistant bacteria of six lettuce varieties 
represents a great advancement, as previous LC-MS studies on lettuce 
metabolites have been directed to characterize specific compounds, such 
as polyphenols (Pepe et al., 2015), vitamins and carotenoids (Kim et al., 
2016), or di- and triglycerides (Byrdwell et al., 2021) or focused on a 
specific variety (Ismail et al., 2019; Pepe et al., 2015). The described 
strategy allows for revealing the lettuce varieties with the greatest 
bioactivity potential and the metabolites responsible for such function
ality, which may be considered to adapt future breeding programs. 

2. Experimental 

2.1. Plant material 

Leaves of 6 L. sativa green and red varieties, namely, ca, cr, lb, and 
log (green) and lor and lr (red), were collected from Makar Farms 
(Cairo, Egypt) in December 2020. The plant material was authenticated 
by staff members of the Flora and Phytotaxonomy Research Department 
(Horticulture Research Institute, Egypt). Voucher specimens (03032021 
I-V) were deposited at the herbarium of the Pharmacognosy Department 
(Faculty of Pharmacy, Cairo University, Egypt). Suppl. Table (S1) dis
plays the morphological characteristics of the 6 lettuce varieties evalu
ated in this study. The selected leaves represent a wide range of shapes 
and colors found in commercial lettuces, e.g., green and red colored 
types, rounded and long leaves, etc. 

2.2. Preparation of plant extracts 

Lettuce leaves were shade-dried at room temperature (not exceeding 
25 ◦C) and protected from direct sunlight to avoid the degradation of 
labile constituents (Thamkaew et al., 2021). The leaves were then 
powdered with a powder grinder machine, and the powdered plant 
material (60 g each) was extracted twice using 1 L of methanol 
(analytical grade, El-Gomhuria Company, Cairo, Egypt) at 25 ◦C. Sol
vent extracts were filtered, and the filtrates were evaporated at 50 ◦C 
until dryness in a rotary evaporator. For LC-MS/MS analysis, samples 
were prepared by dissolving 10 mg of each extract in 1 mL of methanol, 
centrifuging at 13,000 x g for 10 min, and filtering through a 0.22 µm 
syringe nylon filter. For each lettuce sample, 3 biological replicates were 
prepared and extracted in parallel under the same conditions. 

2.3. LC-MS/MS metabolite profiling 

Mass spectra were acquired in the negative mode following the 
protocol of (Ibrahim et al., 2023). LC-MS/MS analyses were done on a 
1260 Infinity liquid chromatograph coupled to a 6546 LC-QTOF mass 
spectrometer equipped with an orthogonal ESI interface (Agilent Tech
nologies, Waldbronn, Germany). All solvents used were of LC-MS grade 
(Merck, Darmstadt, Germany). Chromatographic separations were per
formed at room temperature and 350 µL/min flow rate using a Zorbax 
SB-C18 column (2.1 mm × 150 mm, pore diameter 90 Å, particle size 5 
µm, Agilent Technologies). Mobile phase solvents were (A) water and 
(B) acetonitrile (both with 0.1% (v/v) formic acid) and were degassed by 
sonication before use (10 min). The gradient (%B (v/v)) for separation 
and re-equilibration was: isocratic 5% (0–1 min) and linear from 5% to 
95% (1–16 min), then isocratic 95% (16–18 min), linear from 95% to 5% 
(18–20 min), and finally isocratic 5% (20–25 min). The sample injection 
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volume was 5 µL with the autosampler at 4 ℃. The following parameters 
were used to run the QTOF mass spectrometer in negative ESI mode: 
capillary voltage 3500 V, nebulizer gas 30 psi, fragmentor voltage 150 
V, drying gas flow rate 8 L/min, drying gas temperature, 350 ℃, 
skimmer voltage 60 V, and OCT 1 RF Vpp voltage 300 V. The MS and 
MS/MS scan rates were 10 spectra/s and a 6 spectra/s, respectively, and 
the auto-MS/MS mode was employed over the 50–2000 m/z range. The 
MassHunter software (B.06.01 Service Pack1, Agilent Technologies) was 
used for instrument control, data acquisition, and processing of the MS/ 
MS spectra. Detected compounds were characterized by their retention 
time (tr), accurate molecular monoisotopic mass, and MS/MS spectra. 
Metabolites were annotated by comparing with free databases, such as 
the Human Metabolome Database (http://www.hmdb.ca/), the Phyto
chemical Dictionary of Natural Product Database (https://dnp.ch 
emnetbase.com/faces/chemical/ChemicalSearch.xhtml), MassBank of 
North America (https://mona.fiehnlab.ucdavis.edu/), ReSpect Library 
(Sawada et al., 2012), and LipidMaps (https://www.lipidmaps.org/), as 
well as with additional literature. 

2.4. Molecular networking 

Metabolite annotations were further confirmed by molecular 
networking. The mzXML files were uploaded using WinSCP (https://w 
inscp.net) into the GNPS online platform (https://gnps.ucsd.edu) to 
generate a molecular network. The parameters used for creating the 
network via GNPS and the established molecular network can be 
accessed via the following link: https://gnps.ucsd.edu/ProteoSAFe 
/status.jsp?task=96df6f7bbce44754a8b5068b71d20003. Cytoscape 
3.9.1 (https://cytoscape.org) was used for molecular network visuali
zation. Therefore, the annotated metabolites were identified at a high 
confidence level, i.e., level 2: probable structure with library/ bibliog
raphy spectral data match (Schymanski et al., 2014). 

2.5. Bioactivity evaluation 

2.5.1. Bacterial strains 
MSSA ATCC 6538 and MRSA USA300 strains were used to assess the 

antibacterial and antivirulence activities of lettuce samples. 

2.5.2. Determination of antibacterial activity 
The agar-well diffusion method was applied to assess the antibacte

rial activity of lettuce extracts (Gonelimali et al., 2018). MSSA and 
MRSA strains were cultured in Mueller-Hinton broth (Difco, USA), and 
incubated for 20 h at 37℃ with shaking at 180 rpm. The optical density 
(OD) of the overnight bacterial suspensions was measured at 600 nm 
and adjusted by dilution to 0.08–0.1 (equal to 0.5 MacFarland standard, 
~1.5 × 108 CFU/mL). Then, Mueller-Hinton agar plates were subjected 
to surface inoculation using cotton swabs loaded with the diluted cul
tures of both bacteria, followed by perforation using a sterile cork pourer 
(10–11 mm diameter). 

For each lettuce extract, a working solution of 1.5 mg/µL in 
dimethyl-sulfoxide (DMSO, Sigma-Aldrich, Germany) was prepared. 
Then, 150 µL of each extract was added to the wells of the inoculated 
agar plates (225 mg extract/well). Besides, 100 µL of ciprofloxacin (CIP, 
50 µg/mL, Amriya Pharm, Egypt) was used as a reference (5 µg CIP/ 
well) (Weinstein, 2018) and 150 µL of pure DMSO as a negative control. 
The diameters of the zones of inhibition (ZOI) of the extracts, if present, 
were recorded and statistically compared to the ZOI of DMSO. 

2.5.3. Determination of the antihemolytic effect 
The ability of the lettuce extracts to affect hemolysins secretion of 

both S. aureus strains was evaluated using a hemolytic assay after 
overnight incubation with or without the extracts (Feng et al., 2021). 
Briefly, overnight cultures were diluted in tryptic soya broth (Difco, 
USA) to an OD at 600 nm of ~ 0.1. The diluted cultures were then 
incubated with or without different sub-inhibitory concentrations of the 

extracts, to a final concentration of 12.5 mg/mL at 37 ℃ with shaking at 
180 rpm for 20 h. The bacterial cultures growth was estimated by 
measuring the OD at 600 nm, followed by centrifugation and collection 
of the supernatants to test the hemolytic activity. The hemolytic assay 
was conducted by mixing equal volumes of the supernatants with 4% 
rabbit blood cells, followed by incubation at 37 ℃ in a water bath for 45 
min (the used protocol was approved by the Research Ethics Committee 
of the Faculty of Pharmacy, Cairo University, approval code: MI(3127)). 
Simultaneously, different blanks were prepared by mixing equal vol
umes of tryptic soya broth supplemented with each extract and 4% 
rabbit blood cells. In addition, 1% Triton X-100 and sterile phosphate 
buffer saline (PBS) were included as positive and negative hemolytic 
references, respectively. Subsequently, centrifugation at 22,000 x g for 
5 min was applied to all blood cell-S. aureus supernatants and controls 
before determining the hemolytic activity by measuring the absorbance 
of the recovered supernatants at 540 nm. To overcome variations caused 
by differences in growth, the actual hemolysis was determined as the 
ratio between the absorbance at 540 nm and the OD at 600 nm. 

Then, the percentage of hemolytic activity of both strains that grew 
in the presence or absence of such extracts was calculated relative to 
Triton X-100 (a positive hemolytic control). Finally, the antihemolytic 
effect of the tested extracts was estimated by calculating the percentage 
of inhibition in the hemolytic activity as follows: 

Hemolysis % of S. aureus (DMSO) − Hemolysis % of S. aureus with extract
Hemolysis % of S. aureus (DMSO)

× 100  

2.5.4. Transcriptional analysis of hla gene 
Both MSSA and MRSA strains were grown to late exponential phase 

under the effect of selected lettuce extracts (log, lor, ca, and cr). For 
each culture extract case, cells were harvested, and RNA extraction was 
performed using RNeasy Mini kit (Qiagen, Germany) followed by DNase 
treatment using RQ1 RNase-Free DNase I enzyme (Promega, USA) to 
avoid any possible DNA carryover. cDNA was synthesized by GoScriptTM 

Reverse Transcription System (Promega, USA) for evaluation of the hla 
transcriptional levels of the corresponding cultures. Finally, quantitative 
polymerase chain reaction (qPCR) analysis was conducted in a Rotor- 
Gene-Q real-time PCR instrument (Qiagen, Germany) using the syn
thesized cDNAs and SensiFAST™ SYBR Lo-ROX Kit (Bioline, UK) ac
cording to the manufacturer’s instructions. The hla primers and 16S 
rRNA housekeeping genes for the quantification are shown in Suppl. 
Table (S2). The relative quantification of the hla transcriptional level 
was estimated using the ΔΔCt method with the Rotor-Gene-Q software 
(Livak & Schmittgen, 2001). The results were expressed as a fold change 
in the hla message for cultures exposed to the studied lettuce extracts 
relative to those exposed to DMSO only (calibrator). 

2.5.5. Statistical analysis 
Analysis of variance (ANOVA), followed by post-hoc multiple t-tests, 

with Tukey correction were applied on the antibacterial and anti
hemolytic assays with GraphPad Prism 5 (GraphPad Software, USA). 

2.6. Multivariate data analysis 

2.6.1. Data preprocessing 
MassHunter raw LC-MS chromatograms were converted into mzXML 

format with MSConvert 3.0 software (https://www.proteowizard.org). 
The converted data files were then imported to metAlign software 
(https://doi.org/10.5281/zenodo.7273832) with the following baseline 
and noise elimination parameters: 1–105 scan number, 107 maximum 
peak amplitude, peak slope = 1.0, peak threshold factor = 2, and 
average peak width at half height = 5. The peak lists were all aligned 
with no scaling or pre-alignment processing. MetAlign output dataset 
was then converted into a CSV file, providing a data matrix with 
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information from all samples (extracts of 6 lettuce varieties analyzed in 
triplicate), where columns were the scan number, tr, mass-to-charge 
ratio (m/z), and peak intensity for the detected compounds. Com
pounds below 100 m/z were excluded from the final data matrix con
sisting of 18 columns (sample extracts) × 838 rows (peak intensity for 
each detected compound). The dataset was mean-centered, exported to 
SIMCA-P (version 14, Umetrics, Umeå, Sweden), and Pareto scaled 
before multivariate data analysis. 

2.6.2. Multivariate data analysis 
Variations among lettuce varieties were investigated by unsuper

vised and supervised multivariate data analysis methods, namely prin
cipal component analysis (PCA) and orthogonal partial least squares- 
discriminant analysis (OPLS-DA). PCA on the LC-MS dataset was per
formed considering (i) the whole run time (tr 0–24 min) and (ii) the early 
time region (tr 0–10.76 min) to mainly focus on secondary metabolites. 

The correlation between the bioactivities and the LC-MS dataset of 
the annotated metabolites was achieved by performing partial least 
squares (PLS) analysis. Then, the variable importance in the projection 
(VIP) values from the PLS analysis were used to identify the main 
contributing metabolites to the bioactivities. The correlation analysis 
was further expanded by calculating Pearson’s correlation coefficient 
(r), and a correlogram was created to illustrate the strength of the 
relationship among metabolites and bioactivities. The correlogram plot 
was done using RStudio (version 2022.07.1, Boston, MA, USA), and the 
following threshold values were used to determine the correlation: r <
0.3, negligible correlation; r = 0.3–0.5, weak correlation; r = 0.5–0.7, 
moderate correlation; r = 0.7–0.9, strong correlation; and r = 0.9–1.0, 
very strong correlation (Mukaka, 2012). 

PLS and OPLS-DA models were validated by permutation tests (n =
200) and regression analysis. The model fitness parameters (goodness of 
fit: R2

Y; goodness of prediction: Q2
Y; and cross-validation: CV-ANOVA, p 

< 0.01) were also determined. 

3. Results and discussion 

3.1. LC-MS/MS metabolite profiling assisted by molecular networking 

Representative base peak chromatograms of L. sativa extracts ob
tained by LC-MS in negative ESI mode for the different varieties are 
depicted in Suppl. Fig. (S1) and MS/MS spectra of some of the most 
relevant annotated metabolites are shown in Suppl. Fig. (S2-S24). The 
negative ESI mode was preferred because it allowed better sensitivity for 
a wide range of the expected metabolite classes, e.g., organic acids, 
amino acids, and phenolic compounds, compared to the positive ESI 
mode (Ibrahim et al., 2023; Liigand et al., 2017). A total of 195 me
tabolites, summarized in Table 1 and Fig. 1, were tentatively identified 
considering the measured accurate molecular mass and MS/MS spectra, 
by comparing with free databases and additional literature. The anno
tated metabolites belonged to a vast array of classes, i.e., sugars, organic 
acids, amino acids, alkaloids, nucleosides, phenolic acids, flavonoids, 
sesquiterpenes, fatty acids, and lipids. 

Metabolite annotations were further confirmed by molecular 
networking. Molecular networking is based on the fact that structurally 
similar metabolites have comparable MS/MS fragmentation patterns, 
enabling the visual investigation of metabolite families (clusters) (Otify 
et al., 2023). Within the established network (Suppl. Fig. S25), each 
node corresponds to one MS/MS spectrum and is labeled with its mo
lecular ion m/z value. Nodes were represented by pie charts and colored 
according to the sample types to reflect their relative abundance in the 6 
lettuce varieties. Those nodes having similar fragmentation patterns 
were connected with lines (edges), which indicate the mass differences 
between these nodes (Suppl. Fig. S25). The constructed molecular 
network is composed of 253 nodes, 493 edges, and presented 17 clusters 
(a minimum of 2 connected nodes). The clusters of interest were A & B 
(lipids), C & F (fatty acids), D (amino acids), E (alkaloids), and G 

(phenolic acids). 
To the best of our knowledge, this is the first comprehensive 

metabolite profiling of 6 varieties of L. sativa, coupled with molecular 
network and chemometrics, which is intended to provide chemical- 
based evidence for their differential biological effect on antibiotic 
resistant bacteria. Chemometric tools allowed unbiased sample 
discrimination, whereas GNPS enabled the detailed analysis of tandem 
mass data. The following paragraphs detail the structural elucidation of 
the annotated metabolites. 

3.1.1. Amino acids 
LC-MS/MS spectral analysis indicated that nearly all examined let

tuce samples encompassed similar amino acids (Table 1) including 
hexosyl asparagine (9) [m/z 293.0996 (C10H17N2O8)− ], hexosyl valine 
(16) [m/z 278.1248 (C11H20NO7)− ], hexosyl pyroglutamic acid (17) 
[m/z 290.0886 (C11H16NO8)− ], and hexosyl phenylalanine (28) [m/z 
326.1248 (C15H20NO7)− ]. These amino acids showed the same frag
mentation behavior, which is loss of the attached sugar unit and for
mation of a base peak [M− 162]− at m/z 131, 116, 128, and 164 in 
metabolites 9, 16, 17, and 28, respectively (Suppl. Fig. S2). Interest
ingly, molecular networking unveiled the presence of an amino acid 
cluster of 3 nodes (cluster D) including hexosyl pyroglutamic acid (17), 
hexosyl isoleucine (23), and hexosyl phenyl alanine (28) (Suppl. 
Fig. S25). 

3.1.2. Alkaloids 
Three alkaloids were detected in the investigated samples, namely, 

tetrahydro-β-carboline-carboxylic acid (50) [m/z 215.0830 
(C12H11N2O2)− ], tetrahydro-β-carboline (52) [m/z 171.0930 
(C11H11N2)− ], and tetrahydro-β-carboline-dicarboxylic acid (53) [m/z 
259.0726 (C13H11N2O4)− ] (Choi et al., 1988). All alkaloids showed an 
intense ion at m/z 171 corresponding to the tetrahydro-β-carboline 
moiety and other ions at m/z 142, 129, and 116 due to retro-Diels Alder 
fissure (Table 1 & Suppl. Fig. S3). β-Carboline alkaloids have wide dis
tributions among vegetables and fruits and have been reported in 
L. sativa (Ismail et al., 2019). Cluster E (Suppl. Fig. S25) revealed the 
presence of 2 alkaloids, namely, tetrahydro-β-carboline-carboxylic acid 
(50) and tetrahydro-β-carboline-dicarboxylic acid (53). 

3.1.3. Organic acids 
Five organic acids were detected and their fragmentation behavior 

showed characteristic losses of CO2 [M− 44]− and H2O [M− 18]−

(Table 1). In detail, peak 15 [m/z 133.0143 (C4H5O5)− ] showed a base 
peak at m/z 71 resulting from the successive losses of CO2 and H2O 
[M− 44− 18]− and was annotated as malic acid (Suppl. Fig. S4). Simi
larly, the spectrum of peak 20 [m/z 191.0197 (C6H7O7)− ] revealed an 
intense ion at m/z 111 due to the successive losses of CO2 and 2H2O 
[M− 44− 2*18]− and was characterized as citric acid (Suppl. Fig. S4). 
According to recent studies, the high abundance of organic acids pro
vides carbon building blocks for producing defensive compounds in 
plants that function as phytoalexins during the sprouting stage 
(Schwachtje et al., 2018). Moreover, organic acids are important com
ponents of foodstuff, highly contributing to organoleptic characteristics 
as well as quality and safety (Farag et al., 2019). 

3.1.4. Chlorogenic and phenolic acids 
A total of 32 phenolic acids, mainly as benzoic and chlorogenic acid 

derivatives, were early eluted in the first part of the chromatogram (tr 
2–14 min) (Fig. 1 & Table 1). 

Five chlorogenic acids were detected and characterized, namely, 1 
coumaroyl quinic acid (57), 3 caffeoyl quinic acid isomers (40, 48, & 
75), and 1 dicaffeoyl quinic acid (76). These assignments agreed with 
the reported literature (Clifford et al., 2003). 4-Caffeoyl quinic acid (48) 
[m/z 353.0877 (C16H17O9)− ] was readily characterized by its base peak 
at m/z 173 corresponding to dehydrated quinic acid, while 5- and 3-caf
feoyl quinic acids (75 [m/z 353.0883 (C16H17O9)− ] and 40 [m/z 
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Table 1 
Metabolites tentatively identified in the methanol extracts of L. sativa by LC-MS/MS in negative ESI mode.  

# tr 

(min) 
Molecular ion 
m/z 

Molecular ion 
formula [M¡H]−

Error 
(ppm) 

MS/MS fragments Metabolite lor log cr ca lr lb 

Sugars/Sugar acids/Sugar alcohols 
1  0.89  317.0544 C9H17O10S− 1.26 225, 165, 149, 101, 81 Sulfohexosyl glycerol – + + + + +

3  0.93  340.1239 C12H22NO10
− 1.95 142, 86, 73 Disaccharide amine + + – – – – 

4  0.97  165.0407 C5H9O6
− − 0.81 105, 75, 59 Pentose sugar acid + + – – + – 

5  0.99  191.0561 C7H11O6
− 0.05 109, 93, 85 Monosaccharide 

(Anhydroheptose) 
+ + + + + +

6  1.00  135.0298 C4H7O5
− 0.69 100, 75, 70, 52 Threonic acid + + + – + +

7  1.02  149.0452 C5H9O5
− 2.48 135, 73 Monosaccharide (Pentose) – – + + + +

8  1.02  179.0560 C6H11O6
− − 0.07 75, 71, 59 Hexose + – – – + – 

10  1.06  195.0511 C6H11O7
− − 0.49 129, 75, 71, 59 Gluconic acid + + + + + +

11  1.07  341.1069 C12H21O11
− 7.63 89, 71, 59 Disaccharide + + – + – +

12  1.10  209.0666 C7H13O7
− − 0.22 85 Monosaccharide (Heptose) + + + + + +

13  1.11  105.0193 C3H5O4
− − 0.01 75, 59, 57 Glyceric acid + + + + + +

22  1.59  161.0455 C6H9O5
− 0.23 71, 59 Monosaccharide + + – – + +

30  2.83  323.1338 C13H23O9
− 3.09 279, 239, 229, 88, 79 Disaccharide (2 Deoxyhexoses +

methyl) 
– – + – + +

Amino acids 
9  1.04  293.0996 C10H17N2O8

− 13.53 131, 114, 113 Hexosyl asparagine + + + + + +

14  1.16  632.2036 C23H38NO19
− 0.71 200, 128 Pyroglutamic acid derivative – + – – – – 

16  1.41  278.1248 C11H20NO7
− − 0.39 116 Hexosyl valine + + + + + +

17  1.44  290.0886 C11H16NO8
− − 1.05 200, 128 Hexosyl pyroglutamic acid + + + + + +

18  1.46  128.0354 C5H6NO3
− − 0.8 128 Pyroglutamic acid + – – + + – 

19  1.48  200.0561 C8H10NO5
− 1.25 128 Pyroglutamic acid derivative + + + + + +

21  1.54  372.1045 C12H23NO10P− 5.49 128 Pyroglutamic acid derivative + + + + + +

23  1.64  292.1402 C12H22NO7
− − 0.09 130, 101 Hexosyl isoleucine + + + + + +

24  1.67  202.1085 C9H16NO4
− − 0.38 130 Isoleucine derivative + + + + + +

25  1.80  130.0872 C6H12NO2
− 1.81 130, 112, 88, 84, 66, 54 Isoleucine – – – + – – 

28  2.30  326.1248 C15H20NO7
− − 0.86 164, 147 Hexosyl phenylalanine – + + + + +

29  2.62  164.0719 C9H10NO2
− − 0.97 147, 103, 72 Phenylalanine – – + + + – 

31  3.09  290.0876 C11H16NO8
− 1.77 208, 200, 192, 128, 90, 74 Hexosyl pyroglutamic acid – + – – – +

34  3.91  278.1238 C11H20NO7
− 2.57 116 Hexosyl valine + + – – – – 

55  7.52  210.0773 C10H12NO4
− − 1.36 124, 94 Methyldopa + + + + + – 

84  9.92  949.6717 C12H21N2O2
− − 0.46 903, 677, 451, 225 Isoleucyl-isoleucine derivative 

*** 
– + + + + +

95  10.69  307.0725 C17H11N2O4
− − 0.45 263, 233, 205 Unknown amino acid + + + – + – 

Alkaloids 
50  7.25  215.0830 C12H11N2O2

− − 1.97 171, 169, 156, 142, 129, 
116, 92, 86 

Tetrahydro-β-carboline- 
carboxylic acid 

+ + + + + +

52  7.39  171.0930 C11H11N2
− − 1.15 156, 144, 142, 130, 116, 

92 
Tetrahydro-β-carboline + – – + – +

53  7.47  259.0726 C13H11N2O4
− − 0.04 171, 142, 116, 92, 86 Tetrahydro-β-carboline- 

dicarboxylic acid 
+ – – + + – 

Nucleosides 
26  1.91  282.0844 C10H12N5O5

− − 4.63 150, 133 Guanosine + – – – + +

35  4.20  134.0470 C5H6N5
− 1.42 108 Adenine – + + – + – 

Organic acids 
15  1.16  133.0143 C4H5O5

− − 0.66 115, 71 Malic acid + + + + + +

20  1.50  191.0197 C6H7O7
− 0.18 129, 147, 111, 87, 85 Citric acid + + + + + +

43  6.25  175.0611 C7H11O5
− 0.33 157, 115, 131, 113, 85 Isopropyl malic acid + + + + + +

61  8.11  439.1816 C18H31O12
− 1.81 261, 101, 89, 73, 71, 59 Dihexosyl caproate + + + + + +

70  8.72  271.1552 C14H23O5
− − 1.05 155, 59 Unknown organic acid + + + + + +

Chlorogenic and phenolic acids 
27  1.95  315.0734 C13H15O9

− − 3.84 153, 152, 108 Dihydroxy benzoic acid hexoside – – + – – – 
32  3.17  329.0876 C14H17O9

− 2.45 167, 152, 123, 108 Hydroxy methoxy benzoic acid 
hexoside 

– + + + + +

33  3.27  151.0388 C8H7O3
− 8.58 139, 137, 129, 119, 109, 

107, 102 
Methoxy benzoic acid – + + – – – 

36  4.51  153.0190 C7H5O4
− 2.33 109, 108 Dihydroxy benzoic acid + + + + + +

38  4.81  329.0874 C14H17O9
− 3.64 167, 152, 123, 108 Hydroxy methoxy benzoic acid 

hexoside 
+ – – – – – 

39  5.59  179.0350 C9H7O4
− − 0.17 141, 135, 134 Dihydroxy cinnamic acid – + + + – +

40  6.00  353.0873 C16H17O9
− 1.64 191, 179, 135 3-Caffeoyl quinic acid 

(Chlorogenic acid) 
+ + + – – – 

41  6.01  359.0982 C15H19O10
− 1.72 197, 182, 153, 138 Hydroxy dimethoxy benzoic acid 

hexoside 
+ – + – – +

42  6.17  311.0404 C13H11O9
− 1.5 179, 149, 135 Caffeoyl tartaric acid + + – + – – 

45  6.77  343.1005 C15H19O9
− 9.37 246, 202, 181, 146, 135, 

109 
Dimethoxy benzoic acid hexoside – + – – + – 

46  6.87  163.0406 C9H7O3
− − 4.42 119 Coumaric acid + + – – + +

47  7.03  485.1668 C22H29O12
− − 1.32 441, 215, 197, 89, 59 Unknown phenolic acid + + + + + +

48  7.09  353.0877 C16H17O9
− − 0.19 191, 173, 135 4-Caffeoyl quinic acid 

(Chlorogenic acid) 
+ + + + + +

49  7.10  191.0562 C7H11O6
− − 0.15 191, 93, 85 Quinic acid + + + + + +

(continued on next page) 

A.M. Otify et al.                                                                                                                                                                                                                                 



Food Research International 172 (2023) 113178

6

Table 1 (continued ) 

# tr 

(min) 
Molecular ion 
m/z 

Molecular ion 
formula [M¡H]−

Error 
(ppm) 

MS/MS fragments Metabolite lor log cr ca lr lb 

54  7.49  179.0351 C9H7O4
− − 0.65 135, 134 Dihydroxy cinnamic acid – + + + – +

57  7.80  337.0931 C16H17O8
− − 0.32 191, 173, 163, 93 3-Coumaroyl quinic acid 

(Chlorogenic acid) 
+ + + + + +

56  7.59  135.0452 C8H7O2
− − 0.62 135, 134, 117, 107 Phenylacetic acid + – – – + +

58  7.86  121.0299 C7H5O2
− − 3.53 121, 92 Benzoic acid + – – + – +

64  8.48  167.0349 C8H7O4
− 0.93 152, 108 Dihydroxy methyl benzoate + – – + + – 

65  8.57  163.0405 C9H7O3
− − 4.51 119 Coumaric acid + + – + – +

71  8.73  179.0343 C9H7O4
− 135, 134 Dihydroxy cinnamic acid – + + + – – 

72  8.75  473.0724 C22H17O12
− 0.36 179, 149, 135 Dicaffeoyl tartaric acid (Chicoric 

acid) 
+ + + – + +

73  8.86  579.2080 C28H35O13
− 1.49 417, 402, 387, 181, 166, 

152 
Dihydroxy benzoic acid hexoside 
derivative 

+ + + + + +

74  8.90  435.0925 C20H19O11
− 1.41 315, 153, 152, 137, 109, 

108, 93 
Dihydroxy benzoyl 
hydroxybenzoyl hexoside 

+ + + – + +

75  9.18  353.0883 C16H17O9
− − 2.47 191, 173, 135, 111 5-Caffeoyl quinic acid 

(Chlorogenic acid) 
+ + + + – – 

76  9.22  515.1194 C25H23O12
− 0.39 353, 191, 179, 173, 135 3,4-Dicaffeoyl quinic acid 

(Chlorogenic acid) 
+ + + + + +

81  9.76  399.1294 C18H23O10
− 0.86 153, 152, 109, 108 Dihydroxy benzoic acid 

derivative 
+ + – – + +

83  9.87  193.0508 C10H9O4
− − 0.84 161, 134, 133 Ferulic acid + + + + + +

89  10.21  435.0928 C20H19O11
− 0.98 315, 153, 152, 137, 109, 

108, 93 
Dihydroxy benzoyl 
hydroxybenzoyl hexoside 

+ + + + + – 

91  10.43  423.1659 C21H27O9
− − 2.75 179, 161 Caffeic acid derivative + + + + + +

94  10.56  519.1127 C24H23O13
− 3.07 357, 339, 113, 69 Dibenzoyl tartaric acid hexoside + – – – – +

121  13.62  593.1303 C30H25O13
− 0.55 209, 165, 121 Benzoic acid derivative – + + + + +

Flavonoids 
59  7.89  269.0476 C15H9O5

− − 7.6 225, 196, 195, 183 Apigenin + – – + – +

67  8.63  447.0930 C21H19O11
− 1.4 285, 284 Kaempferol 3-hexoside + + + + + +

68  8.66  463.0883 C21H19O12
− − 0.16 301, 300, 271, 255, 179, 

151 
Quercetin 3-hexoside + + – – + – 

69  8.69  461.0727 C21H17O12
− 0.27 285, 151 Kaempferol hexuronide + + – – + +

92  10.53  285.0402 C15H9O6
− 0.75 285, 241, 217, 199, 175, 

151, 133 
Luteolin + – – – + – 

93  10.54  301.0353 C15H9O7
− 1.19 179, 151 Quercetin + – – – + – 

Other phenolics 
37  4.79  109.0291 C6H5O2

− 7.57 109, 108, 81 Dihydroxy benzene + + – – + +

44  6.63  177.0210 C9H5O4
− − 9.1 133, 105, 79 Esculetin + + – – + +

Sesquiterpenes 
51  7.36  454.1164 C20H24NO9S− 1.74 339, 172, 114, 97 15-Deoxylactucin-8-sulfate- 

proline 
+ + + – + +

63  8.30  341.0705 C15H17O7S− − 0.89 97, 80 8-Deacetylmatricarin-8-sulfate + + + + + +

Fatty acids 
60  8.06  189.0769 C8H13O5

− − 0.15 145, 129, 127, 99 Hydroxy octanedioic acid + + + + + +

62  8.22  307.1401 C13H23O8
− − 0.84 307, 145, 127, 101, 81, 71, 

59 
Hydroxy heptanoic acid hexoside + + + + + +

66  8.62  391.1972 C18H31O9
− 0.27 113, 101, 89, 71, 59 Hydroxy oxo-dodecanoic acid 

hexoside 
+ + – – – +

77  9.29  273.1706 C14H25O5
− 0.31 155, 111, 99, 59 Hydroxy tetradecanedioic acid + + + + + +

78  9.44  243.1240 C12H19O5
− − 0.66 139 Trihydroxy dodecadienoic acid + – – – + +

79  9.45  343.2129 C18H31O6
− − 0.83 229, 211, 209, 171, 59 Tetrahydroxy octadecadienoic 

acid 
– + + + + +

80  9.47  187.0975 C9H15O4
− 0.88 125, 123, 97 Nonanedioic acid (Azelaic acid) + + + + + +

82  9.78  299.1864 C16H27O5
− − 0.55 201, 183, 143 Hydroxy hexadecenedioic acid + + + + + +

85  10.04  489.2703 C24H41O10
− 0.35 327, 309, 291, 247, 229, 

89, 71, 59 
Trihydroxy octadecadienoic acid 
hexoside 

+ + + + + +

86  10.05  375.2023 C18H31O8
− 0.45 213, 195, 113, 101, 89, 71, 

59 
Oxo-dodecanoic acid hexoside + + + + + +

87  10.18  301.2021 C16H29O5
− − 0.73 201, 183 Hydroxy hexadecanedioic acid + + + + + +

88  10.21  491.2856 C24H43O10
− 1.13 329, 311, 293, 249, 229, 

211, 101, 89, 59 
Trihydroxy octadecenoic acid 
hexoside 

+ + + + + +

90  10.34  201.1138 C10H17O4
− − 1.61 161, 151, 139 Hydroxy decenoic acid + – + + + +

96  10.73  325.2015 C18H29O5
− 1.73 233, 193, 141 Trihydroxy octadecatrienoic acid + – + – + – 

97  10.85  327.2189 C18H31O5
− − 3.08 309, 291, 229, 211, 183, 

171 
Trihydroxy octadecadienoic acid + + + + + +

98  10.98  677.4242 C42H61O5S− 0.54 327, 233 Trihydroxy octadecadienoic acid 
derivative 

+ + + + + +

99  11.18  215.1287 C11H19O4
− − 0.56 197, 153 Undecanedioic acid + + – + + – 

101  11.38  329.2339 C18H33O5
− − 1.29 229, 211, 183, 171 Trihydroxy octadecenoic acid + + + + + +

102  11.39  681.4557 C42H65O5S− 0.5 330, 329, 233 Trihydroxy octadecenoic acid 
derivative 

+ + + + + +

103  11.61  227.1285 C12H19O4
− 3.93 211, 183 Dodecanedioic acid + + + + + +

114  13.29  287.2233 C16H31O4
− − 3.54 287, 269, 127 Dihydroxy hexadecanoic acid + – – – + – 

116  13.33  309.2069 C18H30O4
− 2.37 291, 221 Dihydroxy octadecatrienoic acid + + + + + +

119  13.42  311.2227 C18H31O4
− 0.5 293, 275, 223, 201, 171 Dihydroxy octadecadienoic acid + + + + + +

(continued on next page) 
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Table 1 (continued ) 

# tr 

(min) 
Molecular ion 
m/z 

Molecular ion 
formula [M¡H]−

Error 
(ppm) 

MS/MS fragments Metabolite lor log cr ca lr lb 

126  14.09  647.3280 C30H49O12
− 1.33 277, 113, 101, 89, 71, 59 Dihexosyl octadecatrienoic acid * + – + + + +

127  14.10  313.2381 C18H33O4
− 1.03 295, 277, 201, 183, 171, 

127 
Dihydroxy octadecenoic acid + + – + + +

129  14.44  639.4475 C36H63O9
− 1.2 329, 327, 280, 229, 211, 

171 
Trihydroxy octadecadienoic acid 
derivative 

+ – + – + – 

133  14.69  699.3799 C32H59O16
− 1.72 397, 255, 101, 89 Hexadecanoic acid derivative + + + + + +

134  14.75  325.2016 C18H29O5
− 6.77 293, 275, 249 Trihydroxy octadecatrienoic acid + – + + + – 

137  14.95  315.2545 C18H35O4
− − 1.45 315, 297 Dihydroxy octadecanoic acid + – – – – – 

138  14.96  807.5248 C45H75O12
− 1.99 293, 277, 275, 235, 171, 

121 
Hydroxy octadecatrienoic acid 
derivative 

+ + + – – – 

140  15.02  293.2122 C18H29O3
− 0.26 293, 275, 271, 97 Hydroxy octadecatrienoic acid + + + + + +

147  15.82  295.2277 C18H31O3
− 0.1 295, 277, 259, 195, 171 Hydroxy octadecadienoic acid + + + + + +

148  16.00  277.2191 C18H29O2
− − 7.16 277 Octadecatrienoic acid + + – – – – 

149  16.07  505.3015 C25H45O10
− 0.75 255, 113 Hexadecanoic acid derivative + + – + + – 

161  17.59  271.1919 C15H27O4
− − 1.5 199, 89 Pentadecanedioic acid – – + + – +

164  17.83  749.4839 C35H74O14P− − 8.01 489, 327, 309, 291, 277, 
59 

Trihydroxy octadecadienoic acid 
hexoside derivative 

+ + + + + – 

168  18.38  371.2442 C20H35O6
− − 2.9 255, 101, 71 Diacetoxy hexadecanoic acid + – – – + – 

170  18.42  277.2179 C18H29O2
− − 1.8 277 Octadecatrienoic acid + + + – – – 

171  18.45  271.2285 C16H31O3
− − 2.19 271, 253, 225 Hydroxy hexadecanoic acid + + + + + +

173  18.61  591.4617 C36H63O6
− 2.82 279, 211 Octadecadienoic acid derivative – + – – – +

181  19.34  279.2332 C18H31O2
− − 0.83 279, 97 Octadecadienoic acid + + + + + +

186  20.49  587.4318 C36H59O6
− 0.1 277, 211 Octadecatrienoic acid derivative + + + + + +

187  21.27  383.3533 C24H47O3
− − 0.57 337 Hydroxy tetracosanoic acid – + + + + +

Lipids 
2  0.90  333.0591 C9H18O11P− 0.21 333, 259, 241, 171, 153, 

79 
Phosphatidyl-myoinositol + – + + + +

100  11.26  609.2583 C27H45O13S− − 2.1 563, 523, 483, 371, 225, 
81, 80 

Sulfoquinovosyl monoacyl 
glycerol (18:3[OH]) 

– – – + + +

104  11.87  479.2046 C21H36O10P− 0.89 293, 171, 153, 79 Monoacyl phosphoglyceride 
(18:3[3OH]) 

+ + + + + +

105  12.39  999.4648 C45H75O24
− 0.77 559, 383, 277, 179, 89 Tetrahexosyl monoacyl glycerol 

(18:3) 
+ + + + + +

106  12.46  593.2729 C27H46O12P− 0.8 277, 241, 153, 79 Monoacyl phosphatidyl- 
myoinositol (18:3) 

+ + + + + +

107  12.50  527.2533 C23H43O11S− 1.22 527, 299, 227, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (14:0) 

+ + + + + – 

108  12.58  577.2700 C27H45O11S− − 2.14 577, 299, 277, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (18:3) 

+ + + + + +

109  12.84  837.4116 C39H65O19
− 1.32 577, 397, 277, 221, 179, 

161, 113, 101, 89, 71, 59 
Trihexosyl monoacyl glycerol 
(18:3) 

+ + + + + +

110  12.85  553.2686 C25H45O11S− 0.38 555, 299, 255, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (16:1) 

+ + + + + +

111  12.99  595.2889 C27H48O12P− 0.18 279, 241, 153, 79 Monoacyl phosphatidyl- 
myoinositol (18:2) 

+ + + + + +

112  13.02  541.2688 C24H45O11S− 0.43 541, 299, 241, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (15:0) 

+ + + + + – 

113  13.11  579.2844 C27H45O11S− 0.23 579, 299, 279, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (18:2) 

+ + + + + +

115  13.30  675.3606 C33H55O14
− − 0.45 397, 277, 253, 113, 101, 

89, 59 
Dihexosyl monoacyl glycerol 
(18:3) 

+ + + + + +

117  13.38  571.2887 C25H48O12P− 0.21 315, 255, 241, 153, 79 Monoacyl phosphatidyl- 
myoinositol (16:0) 

+ + + + + +

118  13.41  987.5885 C51H87O18
− 1.14 397, 311, 293, 277, 275, 

223, 201, 171 
Dihexosyl monoacyl glycerol 
(18:2[2OH]/18:3[OH]) 

+ – – – – – 

120  13.43  555.2855 C25H47O11S− − 1.86 555, 299, 255, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (16:0) 

+ + + + + +

122  13.83  581.2992 C27H49O11S− 1.9 581, 299, 281, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (18:1) 

+ + + + + +

123  13.85  597.3028 C27H50O12P− 2.16 281, 241, 153 Monoacyl phosphatidyl- 
myoinositol (18:1) 

+ – + + – – 

124  13.90  505.2568 C24H42O9P− 1.95 277, 153, 79 Monoacyl phosphatidyl-glycerol 
(18:3) 

+ + + + + +

125  13.99  723.3787 C33H57O14
− 2.67 397, 279, 235, 113, 101, 

89, 59 
Dihexosyl monoacyl glycerol 
(18:2) * 

+ + + + + +

128  14.19  638.3306 C29H53NO12P− − 8.93 476, 279, 153, 79 Hexosyl monoacyl phosphatidyl- 
ethanolamine (18:2) 

+ + – + + – 

130  14.61  583.3159 C27H51O11S− 0.18 583, 299, 283, 225, 165, 
81 

Sulfoquinovosyl monoacyl 
glycerol (18:0) 

+ + + + + +

131  14.65  653.3758 C31H57O14
− 1.16 255 Dihexosyl monoacyl glycerol 

(16:0) 
+ – + + + – 

132  14.66  614.3305 C27H53NO12P− 0.87 452, 255, 153, 79 Hexosyl monoacyl phosphatidyl- 
ethanolamine (16:0) 

+ + – + + – 

135  14.82  507.2724 C24H44O9P− 1.19 279, 153, 79 Monoacyl phosphatidyl-glycerol 
(18:2) 

+ + + + + +

(continued on next page) 
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Table 1 (continued ) 

# tr 

(min) 
Molecular ion 
m/z 

Molecular ion 
formula [M¡H]−

Error 
(ppm) 

MS/MS fragments Metabolite lor log cr ca lr lb 

136  14.83  513.3056 C27H45O9
− 7.22 277, 255, 253, 161, 89, 59 Hexosyl monoacyl glycerol 

(18:3) 
+ + + + – +

139  14.99  481.2574 C22H42O9P− − 0.00 253, 245, 227, 171, 153, 
79 

Monoacyl phosphatidyl-glycerol 
(16:1) 

+ + + + + +

141  15.04  431.2207 C21H36O8P− − 0.63 277, 153, 79 Monoacyl phosphoglyceride 
(18:3) 

+ + + + + +

142  15.28  381.2308 C17H34O7P− 0.23 381, 153, 97, 79 Mononacyl phosphoglyceride 
(14:0) 

+ – – + – +

143  15.44  476.2771 C23H43NO7P− − 1.36 279, 196, 171, 153 Monoacyl phosphatidyl- 
ethanolamine (18:2) 

+ + + + + – 

144  15.54  529.3022 C27H45O10
− 1.45 279, 249 Glycerolipid derivative (18:2) + + – + + +

145  15.57  561.3281 C27H47O9
− 0.47 279, 253 Hexosyl monoacyl glycerol 

(18:2) * 
+ + + + + +

146  15.77  483.2726 C22H44O9P− − 5.12 255, 153, 79 Monoacyl phosphatidyl-glycerol 
(16:0) 

+ + + + + +

150  16.26  853.4766 C45H73O13S− − 0.55 853, 575, 277, 225, 165, 
81 

Sulfohexosyl diacyl glycerol 
(18:3/18:3) 

+ – + + + – 

151  16.26  869.4716 C45H73O14S− 6.97 823, 743, 559, 277, 225, 
81, 80 

Sulfoquinovosyl diacyl glycerol 
(18:3/18:3[OH]) 

– – – – + +

152  16.39  433.2365 C21H38O7P− − 0.77 279, 171, 153, 79 Monoacyl phosphoglyceride 
(18:2) 

+ + + + + +

153  16.40  815.4980 C43H75O12S− 1.74 815, 559, 537, 277, 255, 
225, 165, 95, 81 

Sulfoquinovosyl diacyl glycerol 
(16:0/18:3) 

– + + + + – 

154  16.65  407.2204 C19H36O7P− 0.6 171, 153, 79 Monoacyl phosphoglyceride 
(16:1) 

+ + + + + +

155  16.67  452.2781 C21H43NO7P− 0.98 255, 196, 79 Monoacyl phosphatidyl- 
ethanolamine (16:0) 

+ – – + + – 

156  16.76  445.2360 C22H38O7P− − 0.57 277, 167, 79 Monoacyl phosphoglyceride 
(18:3) methyl ester 

+ – + + + – 

157  16.95  1097.6248 C57H93O20
− 3.35 919, 559, 415, 397, 277, 

226 
Trihexosyl diacyl glycerol (18:3/ 
18:3) 

– – – – + – 

158  17.50  833.5171 C43H78O13P− 2.23 279, 255, 242, 153, 79 Diacyl phosphatidyl-myoinositol 
(16:0/18:2) 

– + + + + – 

159  17.53  843.5289 C45H79O12S− 1.61 843, 559, 225, 165, 81 Sulfoquinovosyl diacyl glycerol 
(18:3/18:0) 

– + – – – – 

160  17.57  847.4872 C43H75O14S− 1.87 801, 761, 721, 537, 279, 
255, 225, 165, 95, 81 

Sulfoquinovosyl diacyl glycerol 
(16:0/18:3[2OH]) 

– – – – + +

162  17.59  831.4979 C43H76O13P− 3.79 277, 255, 241, 81, 79 Diacyl phosphatidyl-myoinositol 
(16:0/18:3) 

+ – + + + +

163  17.73  409.2361 C19H38O7P− 0.08 255, 153, 79 Monoacyl phosphoglyceride 
(16:0) 

+ – + + + +

165  18.07  867.4701 C43H75O13S− 2.5 831, 575, 537, 225, 165, 
81 

Sulfohexosyl diacyl glycerol 
(16:0/18:3) ** 

+ – – – – – 

166  18.11  760.5588 C41H78NO11
− 0.52 552, 534, 281, 101, 89, 59 Hexosyl ceramide (17:0[3OH]/ 

18:1) 
– – + + – +

167  18.33  435.2516 C21H40O7P− 0.02 281, 153, 79 Monoacyl phosphoglyceride 
(18:1) 

+ + + + + +

169  18.41  693.4496 C39H66O8P− − 0.35 279, 277, 153, 79 Diacyl phosphoglyceride (18:2/ 
18:3) 

– – – + + +

172  18.53  837.4845 C45H73O12S− − 1.81 837, 559, 277, 225, 165, 
81 

Sulfoquinovosyl diacyl glycerol 
(18:3/18:3) 

+ + + + + +

174  18.87  951.5660 C51H83O16
− 3.06 293, 277, 235, 101, 59 Dihexosyl diacyl glycerol (18:3/ 

18:3[OH]) 
– – + + – – 

175  19.01  787.4680 C41H71O12S− 0.45 787, 559, 277, 225, 165, 
95, 81 

Sulfoquinovosyl diacyl glycerol 
(14:0/18:3) 

– – + – – – 

176  19.02  741.4348 C39H66O11P− 1.64 325, 293, 279, 277, 249, 
153, 79 

Diacyl phosphoglyceride (18:2/ 
18:3[3OH]) 

– – – – – +

177  19.02  819.5255 C46H75O12
− 1.12 277 Hexosyl diacyl glycerol (18:3/ 

18:3) * 
– + + + – – 

178  19.24  447.2516 C22H40O7P− 0.12 279, 167, 79 Monoacyl phosphoglyceride 
(18:2) methyl ester 

+ – + + + +

179  19.27  817.5132 C43H77O12S− 0.78 817, 561, 537, 279, 255, 
225, 165, 95, 81 

Sulfoquinovosyl diacyl glycerol 
(16:0/18:2) 

– + + + + +

180  19.28  813.4818 C43H73O12S− 1.17 813, 535, 277, 225, 165, 
95, 81 

Sulfoquinovosyl diacyl glycerol 
(16:1/18:3) 

+ + – + + – 

182  19.35  691.4340 C39H64O8P− 0.55 277, 153, 79 Diacyl phosphoglyceride (18:3/ 
18:3) 

+ + + – – +

183  19.44  669.4489 C37H66O8P− 2.09 277, 255, 153, 79 Diacyl phosphoglyceride (16:0/ 
18:2) 

– – – – – +

184  19.52  839.4981 C45H75O12S− 0.45 839, 561, 279, 277, 225, 
165, 81 

Sulfoquinovosyl diacyl glycerol 
(18:2/18:3) 

+ + + + + +

185  19.77  981.5765 C51H83O15
− 1.95 397, 277 Dihexosyl diacyl glycerol (18:3/ 

18:3) * 
– + – – + +

188  21.66  695.4661 C39H68O8P− 2.84 279, 153, 79 Diacyl phosphoglyceride (18:2/ 
18:2) 

– – – – + +

(continued on next page) 
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353.0873 (C16H17O9)− ], respectively) could be easily distinguished by 
their base peaks at m/z 191 formed after the loss of a caffeoyl moiety 
(Suppl. Fig. S5). Additionally, it was possible to discriminate between 
the two isomers (5- and 3-caffeoyl quinic acids) by a distinctly intense 
ion at m/z 179 corresponding to the deprotonated caffeic acid in 3-caf
feoyl quinic acid. Other chlorogenic acids detected were 3-coumaroyl 
quinic acid, peak 57 [m/z 337.0931 (C16H17O8)− ], showing a base 
peak at m/z 191 (characteristic of 3-acyl quinic acids) and 3,4-dicaffeoyl 
quinic acid, peak 76 [m/z 515.1194 (C25H23O12

− )], with a base peak at 
m/z 173 and secondary intense ions at m/z 179 and 191 justifying 
vicinal caffeoyl moieties on C-3 and C-4 (Suppl. Fig. S6-S7). 

LC-MS/MS analysis also revealed the presence of several hydroxyl
ated and methoxylated benzoic acids (Table 1), where characteristic 
losses of CO2 (m/z 44), CO (m/z 28), CH3 (m/z 14), and OCH3 (m/z 30) 
were observed. In detail, peak 36 [m/z 153.019 (C7H5O4)− ] showed a 
base peak at m/z 109 resulting from the loss of CO2 group [M− 44]− and 

was annotated as dihydroxy benzoic acid (Suppl. Fig. S8). Similarly, the 
spectra of peaks 27 [m/z 315.0734 (C13H15O9)− ] and 64 [m/z 167.0349 
(C8H7O4)− ] revealed an intense ion at m/z 152 indicating dihydroxy 
benzoic acid moiety. This fragment is formed after the loss of a hexose 
sugar in metabolite 27 [M− 162− H]− and a methyl group [M− 14− H]−

in 64, leading to their annotation as dihydroxy benzoic acid hexoside 
and dihydroxy methyl benzoate, respectively (Suppl. Fig. S9-S10). 

Other phenolic acids detected were caffeoyl tartaric acid, peak 42 
[m/z 311.0404 (C13H11O9)− ] and dicaffeoyl tartaric acid, peak 72 [m/z 
473.0724 (C22H17O12)− ], both revealing a characteristic ion peak at m/z 
149 due to the loss of 1 caffeoyl [M− 162]− and 2 caffeoyl [M− 2*162]−

moieties, respectively (Suppl. Fig. S11-S12). Molecular networking 
showed the presence of some caffeoyl derivatives (cluster G), such as 4- 
caffeoyl quinic (48), caffeoyl tartaric (72), and 3,4-dicaffeoyl quinic 
(76) acids (Suppl. Fig. S25). 

Table 1 (continued ) 

# tr 

(min) 
Molecular ion 
m/z 

Molecular ion 
formula [M¡H]−

Error 
(ppm) 

MS/MS fragments Metabolite lor log cr ca lr lb 

189  21.71  815.4991 C43H75O12S− − 0.74 815, 559, 277, 255, 225, 
165, 81 

Sulfoquinovosyl diacyl glycerol 
(16:0/18:3) 

+ + + + + +

190  21.79  793.5161 C41H77O12S− − 0.56 793, 537, 255, 225, 165, 
95, 81 

Sulfoquinovosyl diacyl glycerol 
(16:0/16:0) 

– + – – – +

191  21.91  841.5142 C45H77O12S− 3.42 841, 561, 559, 279, 225, 
165, 81 

Sulfoquinovosyl diacyl glycerol 
(18:2/18:2) 

+ – + + – – 

192  21.93  833.5167 C43H78O13P− 1.55 279, 255, 241, 153, 79 Diacyl phosphatidyl-myoinositol 
(16:0/18:2) 

– – – + – – 

193  22.01  843.5290 C45H79O12S− − 0.16 843, 559, 225, 165, 81 Sulfoquinovosyl diacyl glycerol 
(18:3/18:0) 

– + – – – – 

194  22.05  959.5932 C49H85O15
− 2.07 397, 277, 255 Dihexosyl diacyl glycerol (16:0/ 

18:3) * 
– – – + + – 

195  22.57  562.3150 C27H49NO9P− 1.33 277, 79 Monoacyl phosphatidyl-choline 
derivative (18:3) 

+ – – + + – 

Lor, var. longifolia red; log, var. longifolia green; cr, var. crispa; ca, var. capitata; lr, var. lolla rosa; and lb, var. lolla bionda; * Formic acid adduct; ** chloride adduct; *** 
other adduct; +, present; -, absent. 

Fig. 1. Structures of the main primary and secondary metabolites tentatively identified in the methanol extracts of L. sativa by LC-MS/MS. Carbon numbering system 
for each metabolite is based on analogy rather than IUPAC rules. Metabolite numbers follow those listed in Table 1. 
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3.1.5. Flavonoids 
Flavonoids are the most abundant group of plant metabolites, they 

play a vital role in plant physiology and are commonly found as O- 
glycosides bound to one or more sugar moieties (Ferreyra et al., 2012). 
For the O-glucosyl flavonoids the most intense fragment results from the 
loss of the sugar unit, i.e., hexose (m/z 162), (m/z 146), pentose (m/z 
132), deoxyhexose (m/z 146), or hexuronic acid (m/z 176) (Simirgiotis 
et al., 2012). 

The MS/MS spectra of peak 67 [m/z 447.0933 (C21H19O11)− ] and 68 
[m/z 463.0883 (C21H19O12

− )] showed loss of the attached hexose unit 
and revealed base peaks at m/z 300 (quercetin) and 284 (kaempferol), 
respectively, confirming the O-hexosyl flavonoid (Table 1 & Suppl. 
Fig. S13). A higher abundant ion [M− 162− H]− (at m/z 284 in peak 67 
and 300 in 68), derived from a homolytic cleavage, relative to the cor
responding ion [M− 162]− (at m/z 285 in compound 67 and 301 in 68), 
derived from a heterolytic cleavage, suggests 3-O-glycosylation and led 
to the characterization of peaks 67 and 68 as kaempferol 3-O-hexoside 
and quercetin 3-O-hexoside, respectively (Otify et al., 2023). Other 
flavonoids annotated were apigenin (59) [m/z 269.0476 (C15H9O5

− )], 
kaempferol hexuronide (69) [m/z 461.0727 (C21H17O12

− )], luteolin (92) 
[m/z 285.0402 (C15H9O6

− )], and quercetin (93) [m/z 301.0353 
(C15H9O7

− )] (Table 1 & Suppl. Fig. S14). A few flavonoids appeared as 
self-looped nodes in the established molecular network (Suppl. 
Fig. S25). 

3.1.6. Fatty acids 
LC-MS/MS analysis also revealed many hydroxylated fatty acids 

(oxylipids), e.g., peaks 85, 88, 97, 119, and 147 (Table 1), which mainly 
constituted clusters C & F in the molecular network (Suppl. Fig. S25). 
Primary fragmentation of most fatty acids showed neutral loss(s) of 
water followed by decarboxylation (Yang et al., 2013). In detail, Peaks 
85 [m/z 489.2703 (C24H41O10)− ] and 88 [m/z 491.2856 (C24H43O10)− ] 
displayed similar fragmentation patterns with distinctive ions at m/z 
327 and 329, respectively, after the loss of the attached sugar unit 
[M− 162]− (Suppl. Fig. S15-S16). Moreover, peak 85 exhibited a mass 
difference of 2 m/z with respect to 88 suggesting an extra double bond, 
hence both were assigned as trihydroxy octadecadienoic acid hexoside 
and trihydroxy octadecenoic acid hexoside, respectively. Peaks 97 [m/z 
327.2189 (C18H31O5)− ], 119 [m/z 311.2227 (C18H31O4)− ], and 147 
[m/z 295.2277 (C18H31O3)− ], with a mass difference of 16 m/z indica
tive of an extra hydroxyl group, were annotated as trihydroxy, dihy
droxy, and hydroxy octadecadienoic acids, respectively (Suppl. Fig. S17- 
S19). Fatty acids are the first substantial structural components of lipids, 
and they constitute the main skeleton of plant cell membranes. There is a 
growing interest in oxylipids in foodstuff due to their cytotoxic, anti- 
inflammatory, and anti-microbial activities (Martin-Arjol et al., 2010). 

3.1.7. Lipids and their derivatives 
Biological systems, such as plant cells, involve thousands of indi

vidual molecular lipid species, named the lipidome of an organism. 
Lipids have a variety of functions including structural components for 
the integrity of cell membranes, energy storage, and signaling mediators 
in plant defense systems (Fahy et al., 2009). Besides, they are important 
constituents that significantly affect food quality even if present at minor 
concentrations, which can vary among plant species and derived foods 
(German et al., 1999). 

Neutral lipids are poorly soluble in water, but polar lipids solubilize 
to a certain extent in polar solvents, such as methanol (Ibrahim et al., 
2023; Otify et al., 2023; Saini et al., 2021). They can be categorized into 
several classes such as glycerolipids, phospholipids, sulfolipids, and 
sphingolipids. Structurally, the acyl group of the fatty acid is esterified 
with glycerol (glycerolipids), or phosphoglycerol (phospholipids) to 
produce several derivatives. Sometimes, choline, myoinositol, or etha
nolamine, may be linked to the phosphate group resulting in a great 
variation of phospholipid structures. Sulfolipids are a class of lipids in 
which a sulfated sugar (mostly quinovose or glucose) is bonded to 

acylglycerol (Calvano et al., 2020). 
Recently, LC-MS/MS has been widely applied to characterization of 

food lipids due to its high selectivity and sensitivity (Köfeler et al., 
2012). In the negative ESI mode, the presence of carboxylate ions 
[RCOO]− recognizes the individual fatty acids esterified on the glycerol 
skeleton, e.g., m/z 255 for hexadecanoic acid (16:0), 277 for octadeca
trienoic acid (18:3), and 293 for hydroxy octadecatrienoic acid (18:3 
[OH]). Moreover, the appearance of some diagnostic ions corresponding 
to specific functional moieties helps to the characterization of the lipid 
type, i.e., m/z 79 (phosphonate), 81 (sulfonate), 153 (phospho-glycerol), 
196 (phosphatidyl-ethanolamine), 225 (sulfoquinovosyl–18), 241 
(phospho-myoinositol), and 397 (dihexosyl glycerol). 

A total of 70 lipids were tentatively identified in the investigated 
samples becoming the most numerous class of annotated metabolites, 
and as far as we know, the first comprehensive report on the fragmen
tation pattern of lipids and fatty acids in the examined 6 lettuce vari
eties. For instance, peaks 106 [m/z 593.2729 (C27H46O12P)− ], 115 [m/z 
675.3606 (C33H55O14)− ], 141 [m/z 431.2207 (C21H36O8P)− ], 155 [m/z 
452.2781 (C21H43NO7P)− ], and 189 [m/z 815.4991 (C43H75O12S)− ] 
were annotated as monoacyl phosphatidyl-myoinositol (18:3), dihexosyl 
monoacyl glycerol (18:3), monoacyl phosphoglyceride (18:3), monoacyl 
phosphatidyl-ethanolamine (16:0), and sulfoquinovosyl diacyl glycerol 
(16:0/18:3), respectively (Suppl. Fig. S20-S24). In detail, the MS/MS 
spectrum of peak 115 showed a base peak at m/z 277 (18:3 fatty acid) 
and a fragment ion at m/z 397 (dihexosyl glycerol) and was annotated as 
dihexosyl monoacyl glycerol (18:3) (Suppl. Fig. S20). Peaks 106 and 
141 showed similar fragments at m/z 79, 153, and 277 indicating a 
monoacyl phosphoglyceride (18:3). Additionally, the spectrum of peak 
106 revealed an extra intense ion at m/z 241 diagnostic of a phospho- 
myoinositol moiety (Suppl. Fig. S21-S22). Accordingly, peaks 106 and 
141 were annotated as monoacyl phosphatidyl-myoinositol (18:3) and 
monoacyl phosphoglyceride (18:3), respectively. Peak 155 revealed 
ions characteristic of hexadecenoic acid (m/z 255) and phospho-glycerol 
(m/z 79), in addition to phosphatidyl-ethanolamine (m/z 196) and was 
assigned as monoacyl phosphatidyl-ethanolamine (16:0) (Suppl. 
Fig. S23), while peak 189 was annotated as sulfoquinovosyl diacyl 
glycerol (16:0/18:3), where its MS/MS spectrum showed the diagnostic 
ions for 16:0 (m/z 255) and 18:3 fatty acids (m/z 277) and a sulfoqui
novosyl moiety (m/z 81 and 225) (Suppl. Fig. S24). A significant number 
of lipids were grouped in clusters A & B of the molecular network (Suppl. 
Fig. S25). 

3.2. Determination of the antibacterial activity 

Lettuce leaves are rich in antibacterial constituents and breeding 
methods are primarily focused on various morphological features and 
resistance against diseases (Pink & Keane, 1993). However, a better 
understanding of the correlation between lettuce antibacterial effect and 
its composition is necessary to promote lettuce varieties enriched in 
natural antibacterials and further improve future breeding programs. 

All lettuce varieties showed significant antibacterial activity against 
both MSSA and MRSA strains (p < 0.0001, ANOVA) relative to the 
negative control with pure DMSO (Suppl. Table S3 & Suppl. Fig. S26). 
The antibacterial activity was slightly lower compared to CIP and there 
was no significant difference among the six tested extracts. 

3.3. Determination of the antihemolytic effect 

Most lettuce varieties exhibited significant antihemolytic effect to
wards both S. aureus strains (Fig. 2). For MSSA, lr, lb, and cr varieties 
exhibited the greatest antihemolytic effect against the staphylococcal 
hemolysins causing a significant reduction in hemolysis (>99%). The 
antihemolytic effect of log, lor, and ca was a little bit lower than the 
others (96%, 91%, and 89%, of hemolysis reduction, respectively). In 
the case of MRSA, the hemolysis was reduced by ~ 90% by lor and ca, 
and by 80%, 75%, and 70% by lb, lr, and log varieties, respectively. 

A.M. Otify et al.                                                                                                                                                                                                                                 



Food Research International 172 (2023) 113178

11

Finally, cr lettuce exhibited the lowest antihemolytic effect (60% of 
hemolysis reduction) against MRSA, which was non-significant 
compared to the untreated strain. 

3.4. Determination of transcriptional levels of hla gene 

The six lettuce varieties exhibited different levels of antibacterial and 
antihemolytic activities against MSSA and MRSA strains except for the 
cr variety, which showed a non-significant antihemolytic effect against 
MRSA (Fig. 2). However, no significant differences were expected 
phenotypically among the six varieties regarding their antibacterial and 
antihemolytic activities. In order to obtain complementary information, 
four varieties with high (ca), middle (lor and log), and low (cr) 

antihemolytic effect, were selected to investigate the hla transcriptional 
levels. qPCR revealed that all the tested varieties exhibited significant 
downregulation of hla transcriptional level (p < 0.05, ANOVA) in both 
MSSA and MRSA relative to the control with pure DMSO, except for cr in 
MRSA that, in accordance with our previous finding about the anti
hemolytic effect (Fig. 2), showed a non-significant reduction (Fig. 3). In 
contrast, ca, lor, and log lettuces exhibited a great reduction in hla 
transcript-level in MRSA, by 13.0, 9.7, and 6.7 folds, respectively 
(Fig. 3b). However, it is worth highlighting that the differences on hla 
reduction levels between MSSA and MRSA upon exposure to lettuce 
varieties may be related to the differences on the original hla tran
scription levels of the studied strains (result not shown). 

Fig. 2. Antihemolytic effect of L. sativa varieties against hemolysin production of the studied S. aureus strains. (a) Representative photograph of the culture su
pernatants after overnight incubation with and without the different L. sativa extracts and controls. (b & c) Effect on the growth and hemolysin production in MSSA 
ATCC 6538 (b) and MRSA USA300 (c) strains. (d & e) Percentage of hemolysis in MSSA ATCC 6538 (d) and MRSA USA300 (e) strains. The percentage of hemolysis 
was calculated relative to Triton X-100 (reference control for hemolysis) after normalizing the measured absorbance at 540 nm by the optical density (OD) of growth 
at 600 nm. The hemolytic effect of S. aureus cultures, exposed to only DMSO and PBS was considered as reference and negative controls, respectively. All experiments 
were performed in triplicate. Asterisks (*) indicate statistically significant differences (at p < 0.05), in comparison to S. aureus strains with DMSO as determined by 
ANOVA followed by post-hoc t-test. 
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3.5. Multivariate data analyses 

Upon visual examination of the LC-MS chromatograms (Suppl. 
Fig. S1), the 6 lettuce varieties exhibited some notable differences. Then, 
multivariate data analysis (i.e., unsupervised PCA and supervised OPLS- 
DA) was applied to classify the samples into distinct groups while 
revealing their characteristic metabolite distribution (Saber et al., 

2021). 

3.5.1. Principal component analysis (PCA) 
With no pre-knowledge of the dataset, PCA is a data reduction 

method that is mainly applied in omics sciences for sample classification 
into different groups in compliance with their chemical profiles. To 
assess the relative chemical profiles variance among the studied lettuce 

Fig. 3. Quantitative analysis of hla transcriptional level of S. aureus upon exposure to sub-inhibitory concentrations of the extracts of the different L. Sativa varieties. 
(a) MSSA ATCC 6538 and (b) MSRA USA300 strains. The bar chart represents the fold change in the transcriptional level of hla gene upon exposure to lor, log, ca, 
and cr extracts. Either MSSA or MRSA culture exposed to DMSO only (the solvent) was considered as a calibrator. Fold change was calculated using the ΔΔCt method. 
Asterisks (*) indicate statistically significant differences (at p < 0.05), in comparison to S. aureus as determined by ANOVA followed by post-hoc t-test. 

Fig. 4. LC-MS based PCA of the six L. sativa varieties (n = 3). (a) Score and (b) loading plots for PC1 and PC2 (tr 0–24 min). (c) Score and (d) loading plots for PC1 
and PC2 (tr 0–10.76 min). The metabolites showing the largest absolute score values along each PC are named and colored in red. (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this article.) 
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varieties, the LC-MS dataset (18 columns (6 varieties X 3 replicates of 
samples extracts) × 838 rows (peak intensity for the detected com
pounds) was analyzed by PCA. Two PCA models were constructed, one 
on the complete run time dataset and another one on a time-reduced 
dataset (Madala et al., 2014). At 95% confidence limit, two principal 
components (PCs) were enough to explain 68% of the variance (i.e., PC1 
= 45% & PC2 = 23% and PC1 = 44% & PC2 = 24% for the first and 
second PCA models, respectively (Fig. 4)). As can be observed in the 
score plots (Fig. 4a & 4c), the extracts of the 6 lettuce varieties were 
clearly separated into different groups. These results confirmed that 
each variety presented a characteristic metabolite profile and the 
reproducibility of the extraction and the LC-MS analyses. 

The examination of the score plot of the PCA on the complete run 
time (tr 0–24 min) (Fig. 4a) showed that the metabolite profiles of lr, lor, 
and ca extracts (on the far-left side or negative PC1 values) were fairly 
distinctive and separated from the other three varieties. On the other 
hand, log, cr, and lb were clustered on the plot right side (positive PC1 
values). The loading plot (Fig. 4b) revealed that mostly fatty acids and 
lipids were the major metabolites contributing to such discrimination, i. 
e., primary metabolites with an accumulation that is often dependent on 
growth conditions (temperature, water, soil, and light,) rather than on 
genetic differences. 

Considering that our aim was related to the distribution of the 
bioactive secondary metabolites, PCA was repeated on a time-reduced 
window (tr 0–10.76 min), where most fatty acids and lipids were 
excluded from the analysis. Score and loading plots of the time-reduced 
PCA model (Fig. 4c & 4d) revealed a slightly different distribution of the 
separated varieties. Furthermore, a disaccharide and several amino 
acids (pyroglutamic acid, leucine, hexosyl pyroglutamic acid, and 
hexosyl isoleucine) were more enriched in the romaine log variety ac
counting for its palatable taste and justifying its nutritional importance. 
On the other hand, cr, ca, and lb varieties were characterized by a high 
abundance of tetrahydro-β-carboline-carboxylic acid while the red let
tuce varieties (lr and lor) showed a clear cluster with negative PC2 
values, which was attributed to high chlorogenic acid. 

3.5.2. Orthogonal partial least squares-discriminant analysis (OPLS-DA) 
OPLS-DA is a supervised multivariate data analysis method that is 

commonly applied to find the discriminant variables between two 
groups of samples, e.g., LC-MS datasets of two categories of plant spe
cies/varieties with different physicochemical characteristics or 
geographical origins. This is to be achieved by categorizing all samples 
into the corresponding two groups so that only the discriminating sig
nals are thought out and distinguished (Saber et al., 2021). Accordingly, 
the study was further extended to detect the possible impact of the leaf 
color on the lettuce metabolome, since leaf pigmentation is often 
affected by the presence of antioxidant phenolic compounds (Kim et al., 
2016). An OPLS-DA model of two classes (tr 0–10.76 min, Suppl. 
Fig. S27) was built with the red lettuce samples (lor and lr) and the 
green lettuce samples (log, cr, ca, and lb), which already showed a 
certain clustering in the score plots of the PCA models (Fig. 4a & 4c). The 
OPLS-DA model showed good fitness (R2

Y = 0.85) and predictive ability 
(Q2 = 0.79) (see the optimization and validation parameters in Suppl. 
Fig. (S28)). 

The OPLS-DA score plot (Suppl. Fig. S27a), shows that red lettuce 
samples were clearly separated from green lettuce samples. The loadings 
S-plot compared the variable magnitude against its reliability (Suppl. 
Fig. S27b), where the covariance (p[1]) was plotted against the corre
lation (p(corr)[1]). Therefore, this graphic helped visualize the most 
relevant metabolites for the discrimination, which in this case were 
highlighted as red circles. The importance of these metabolites for the 
discrimination was also established using the VIP plot (Suppl. Fig. S27c). 
The VIP plot revealed 10 relevant metabolites for the discrimination 
(VIP > 2), including 1 flavonoid (kaempferol hexuronide) and 4 
phenolic acids (chlorogenic, chicoric, quinic, and ferulic acids) that 
were enriched in lor and lr samples (Suppl. Fig. S27b) and thus can be 

considered as distinctive marker constituents of these varieties. This 
suggested a possible high antioxidant activity of these red lettuce types. 
It is worth noting that no carotenoids, which are well known to affect 
lettuce leaf pigmentation (Kim et al., 2016), were detected for the 
discrimination due to the polar conditions applied to prepare the lettuce 
extracts. 

3.5.3. Correlation with antibacterial activity 
PLS analysis, as a supervised approach, was applied to further 

investigate the association between the abundance of the annotated 
metabolites (Table 1) and the antibacterial activity against both 
S. aureus strains (Suppl. Table S3) of the studied lettuce extracts, with 
emphasis on the secondary metabolites (tr 0–10.76 min). A PLS biplot 
combining score and loading plots was performed to visualize the 
relationship between samples and variables contributing to the separa
tion between varieties. The LC-MS dataset of the annotated metabolites 
and the antibacterial activity were represented by variables X and Y, 
respectively. The acquired PLS biplot (Fig. 5a) showed good fitness (R2

Y 
cum = 0.997) and predictive ability (Q2 cum = 0.99), see the validation 
parameters in Suppl. Fig. (S29-S30). As can be observed in Fig. 5a, the 
antibacterial activity against both S. aureus strains (Y variables) was 
projected close to almost all lettuce varieties, suggesting that they were 
strongly correlated, but with lor samples showing less correlation. This 
was consistent with antibacterial study results where all varieties were 
active against both strains with lor exhibiting the least activity against 
the MRSA strain (Suppl. Table S3). 

The correlation analysis was further extended by computing Pear
son’s correlation coefficient, and a correlogram was constructed 
(Fig. 5c) to reveal the strength of the relationship among the different 
variables. Nevertheless, the analysis was narrowed down by empha
sizing metabolites with PLS VIP ≥ 0.7 (Azizan et al., 2020), hence 34 
metabolites were selected (Fig. 5b). Correlations with p-value > 0.05 
were considered non-significant and were represented by a blank white 
space (Fig. 5c). The color and size of the circles were proportional to the 
correlation coefficients (r). Positive correlations were shown in blue 
(different blue shades; with dark blue representing the strongest corre
lation), while negative correlations were in red (different red shades; 
with dark red representing the weakest correlation). 

The obtained correlogram (Fig. 5c) showed significant correlations 
among metabolites 17, 19, 23, 24, 27, 28, 29, 43, 47, 60, 63, 70, 77, 82, 
85, & 87 and the antibacterial activity. Among these metabolites, the 
sesquiterpene 8-deacetylmatricarin-8-sulfate (63) and amino acids 
(hexosyl pyroglutamic acid (17), pyroglutamic acid derivative (19), 
hexosyl isoleucine (23), isoleucine derivative (24), hexosyl phenylala
nine (28), and phenylalanine (29)) were moderately correlated with the 
antibacterial activity, while oxy-fatty acids (hydroxy octanedioic (60) 
and hydroxy hexadecenedioic (82) acids) were strongly correlated. 

Sesquiterpene lactones are a major class of metabolites reported in 
lettuce (Ismail et al., 2019), which are attracting interest for their 
antimicrobial properties, probably mediated by the cyclopentenone ring 
moiety that has shown moderate antibacterial activity against Gram- 
positive bacteria (Cappiello et al., 2020). Natural amino acids and 
their derivatives constitute an important class of antimicrobial agents, 
and several known antibacterial candidates are based on amino acid 
scaffolds. The majority of the molecular targets for amino acid-based 
antibiotics are enzymes involved in the biosynthesis of peptidoglycan 
(i.e., murein), a principal component of the bacterial cell wall (Nowak 
et al., 2021). Fatty acids are recognized as potential alternatives to 
conventional antibiotics, and various fatty acids have been reported to 
selectively inhibit or disrupt biofilm formation by a wide variety of 
bacteria, including S.aureus by suppressing the expression of quorum- 
sensing regulated genes, responsible for virulence factors (Kumar 
et al., 2020). The level of unsaturation and hydroxylation in the fatty 
acid carbon chain significantly influences membrane fluidity and anti
microbial susceptibility of microbes, and a recent study revealed that 
hydroxylated fatty acids presented greater antibacterial activities 
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against S. aureus when compared to their non-hydroxylated analogs 
(Snoch et al., 2019). 

3.5.4. Correlation with antihemolytic effect 
The same strategy was followed to investigate the correlation of the 

annotated metabolites and antihemolytic effect against both S. aureus 
strains. The biplot (Fig. 6a) constructed (tr 0–10.76 min, R2

Y cum = 0.99, 
Q2 cum = 0.97, see the validation parameters in Suppl. Fig. (S29-S30)) 
revealed that the antihemolytic effect against the MSSA strain was 
projected close to the most active varieties (cr, lr, lb, and log), while lor 
and ca varieties were located close to the antihemolytic effect against 
MRSA confirming their improved effect against the methicillin-resistant 
strain, in agreement with the bioactivity results (Fig. 2). The correlo
gram (Fig. 6c) was performed in this case with the 32 metabolites that 
displayed VIP ≥ 0.7 (Fig. 6b). Six metabolites (43, 50, 52, 62, 63, & 84) 
were found to significantly correlate with the antihemolytic effect 
(Fig. 6c), of which the sesquiterpene 8-deacetylmatricarin-8-sulfate 
(63), the amino acid isoleucyl-isoleucine derivative (84), and the alka
loids tetrahydro-β-carboline-carboxylic acid (50) and tetrahydro-β-car
boline (52) exhibited the strongest correlation. The antibacterial activity 
of β-carboline alkaloids has been previously revealed and a recent study 
identified a β-carboline alkaloid dimer in Strichnos species, which 
showed a potent antibacterial activity against three multidrug-resistant 
clinical isolates of S. aureus. This study also highlighted that the pres
ence of the tryptamine unit in the alkaloid nucleus is essential for such 
activity (Casciaro et al., 2019). 

Based on the correlation studies, it could be generally concluded that 
amino acids, oxy-fatty acids, sesquiterpenes, and β-carboline alkaloids 
were fundamental to the antibacterial and antihemolytic activities of 
lettuce varieties against the S. aureus stains. 

4. Conclusions 

Six varieties of L. sativa leaves have been comprehensively investi
gated for their metabolite profiles using LC-MS/MS analysis assisted by 
molecular networking, allowing the annotation of 195 metabolites 
belonging to different classes. Multivariate data analyses (PCA and 
OPLS-DA) were used for clarifying the variations and determining the 
main metabolite markers for variety authentication and quality control. 
Amino acids and disaccharides were found more enriched in romaine 
log variety rationalizing its palatable taste and important nutritional 
value, while cr, ca, and lb presented a high abundance of tetrahydro- 
β-carboline-carboxylic acid. Furthermore, the red varieties (lor and lr) 
showed higher contents of chlorogenic and chicoric acids contents, 
suggesting their antioxidant potential. Multivariate data analysis 
showed that L. sativa varieties were differenced by both primary and 
secondary metabolites, which can serve as chemotaxonomic markers. 
However, they could be also solely discriminated according to the va
riety or the color considering mainly the secondary metabolites (tr 
0–10.76 min of the chromatogram), which are a more specific and 
diverse source of bioactives with great potential for therapeutic 
applications. 

The antibacterial and antivirulence potential of the investigated 
L. sativa varieties against two strains of methicillin-sensitive and 
methicillin-resistant S. aureus have been assessed and validated by 
qPCR. All lettuce varieties showed a significant antibacterial activity 
against both strains. Antihemolytic effect was significant in all cases 
against the sensitive strain MSSA and, as expected, slightly lower for the 
resistant strain MRSA, with lor and ca showing the greatest effect and cr 
a non-significant effect. The observed bioactivities of the different va
rieties were found to be strongly correlated to their enriched phyto
constituents represented by sesquiterpenes, β-carboline alkaloids, amino 

Fig. 5. (a) PLS score-loading biplots describing the correlations of the annotated metabolites in L. sativa varieties with antibacterial activity. (b) The resulting 
metabolites with variable importance to projections (VIP) values ≥ 0.7. (c) Correlogram visualizing the correlations of the identified metabolites (VIP ≥ 0.7) with 
antibacterial activity. Correlation with p-value > 0.05 are considered non-significant and are represented by a blank white space. Color and size of the circles are 
proportional to the correlation coefficients. Positive and negative correlations are shown in blue (different shades; dark blue shows the strongest correlation) and red 
(different shades; dark red shows the weakest correlation), respectively. See Table 1 for the metabolite names. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.) 
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acids, and oxy-fatty acids. Results point to lettuce varieties naturally rich 
in metabolites with the greatest antibacterial and antivirulence poten
tial, which may be relevant for the development of functional foods, 
nutraceuticals, or novel breeding programs. However, the mechanism 
underlying the synergistic interactions among these metabolites must be 
clarified, and large-scale in vitro and in vivo experiments would be 
needed to establish their mammalian safety. 
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Grumann, D., Nübel, U., & Bröker, B. M. (2014). Staphylococcus aureus toxins–their 
functions and genetics. Infection, Genetics and Evolution, 21, 583–592. https://doi. 
org/10.1016/j.meegid.2013.03.013 

Hung, H. C., Joshipura, K. J., Jiang, R., Hu, F. B., Hunter, D., Smith-Warner, S. A., … 
Willett, W. C. (2004). Fruit and vegetable intake and risk of major chronic disease. 
The Journal of the National Cancer Institute, 96, 1577–1584. https://doi.org/10.1093/ 
jnci/djh296 

Ibrahim, R. M., Eltanany, B. M., Pont, L., Benavente, F., ElBanna, S. A., & Otify, A. M. 
(2023). Unveiling the functional components and antivirulence activity of mustard 
leaves using an LC-MS/MS, molecular networking, and multivariate data analysis 
integrated approach. Food Research International, 168, Article 112742. https://doi. 
org/10.1016/j.foodres.2023.112742 

Ismail, H., Gillespie, A. L., Calderwood, D., Iqbal, H., Gallagher, C., Chevallier, O. P., … 
Green, B. D. (2019). The Health Promoting Bioactivities of Lactuca sativa can be 
Enhanced by Genetic Modulation of Plant Secondary Metabolites. Metabolites, 9, 97. 
https://doi.org/10.3390/metabo9050097 

Kenny, O., & O’Beirne, D. (2009). The effects of washing treatment on antioxidant 
retention in ready-to-use iceberg lettuce. International Journal of Food Science & 
Technology, 44, 1146–1156. https://doi.org/10.1111/j.1365-2621.2009.01935.x 

Kim, M. J., Moon, Y., Tou, J. C., Mou, B., & Waterland, N. L. (2016). Nutritional value, 
bioactive compounds and health benefits of lettuce (Lactuca sativa L.). Journal of 
Food Composition and Analysis, 49, 19–34. https://doi.org/10.1016/j. 
jfca.2016.03.004 

Köfeler, H. C., Fauland, A., Rechberger, G. N., & Trötzmüller, M. (2012). Mass 
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