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Abstract

Foodborne outbreaks have been continuously reported during the past decade in the United
States. Overall, 129 outbreaks of pathogenic Escherichia coli O157:H7, Listeria monocytogenes, and
Salmonella enterica infections linked to fresh produce occurred from 2010 to 2021 in the U.S., causing a
total of 8,889 illnesses with 2,412 hospitalizations and 90 deaths. Among the different kinds of fresh
produce, Romaine lettuce (RL) is one of the most frequently reported variety of fresh produce associated
with the outbreaks. Pathogen contamination can occur at any point during the preharvest, e.g., soil,
irrigation water, and insect; and during the postharvest, e.g., produce processing, distribution, and
preparation. Intensive studies have shown that foodborne pathogens can persist in RL for a period of time.
Unfortunately, current washing strategies cannot eliminate the potential pathogens. The fact is that
foodborne pathogens present in fresh produce are typically at low levels, making the detection of
pathogens even more challenging. The development of next-generation sequencing techniques provides
us with a better understanding of the native microbiota present in RL. The RL microbiota data allow us to
not only understand the connection between native microbiota and pathogen contamination but also
potentially can be used as a tool to predict produce safety and shelf-life.

In this dissertation, I first investigated the impact of storage time, season, and brands on bacterial
populations in commercially washed, chopped, and bagged RL by using culture-dependent and culture-
independent methods. The results showed that RL had almost no differences in aerobic plate count (APC)
and anaerobic plate count (AnPC) between “Use By” date (UBD) and 5 days after the UBD (UBD?5) at 4
°C, but differences were seen between RL from two seasons as well as among three brands of RL. At the
same time, the results based on 16S rRNA gene amplicon DNA sequencing showed no difference in
bacterial diversity and composition between UBD and UBDS5 at 4 °C, while the results showed that the
season when the RL was harvested generated a significant impact on the diversity and composition of
bacterial communities. The brand is the factor that significantly shaped the population as well, indicating
that harvest locations, processing strategies, and distribution conditions may impact bacterial populations

(Chapter 2).



Through my artificial inoculation study (Chapter 3), | found the native microbiota in RL impacted
the behaviors of Listeria monocytogenes (LM) at 4 °C. LM decreased in abundance from UBD to UBD5
in the late-season RL but remained at the same levels in the early-season RL. Results of 16S rRNA gene
amplicon DNA sequencing with differential abundance analysis showed that the identified Leuconostoc,
Lactococcus, and Erwinia in late-season RL may be the potential reason for the LM decrease. In addition,
Pseudomonas, Chryseobacterium, Duganella, and Listeria were identified as indicators for RL inoculated
with a high level of LM, and Serratia, Pedobacter, Janthinobacterium, Flavobacterium, and Weissella
were identified as indicators for RL inoculated with a low level of LM. Through culture-based methods,
32 antagonistic bacteria were isolated and confirmed by using the double-layer and spot-on-lawn
methods. Three species were identified by using Sanger sequencing and whole genome sequencing, with
these species being Carnobacterium maltaromaticum, Lactococcus lactis, and Bacillus filamentous.
Quantitative PCR was used to further confirm and quantify the three antagonistic species in RL. The
results showed no difference in abundances of C. maltaromaticum and Lc. lactis between RL from two
seasons, while B. filamentosus presented higher abundances in late-season RL than in early-season RL.
Additional research is needed to better confirm the antagonist function of B. filamentosus by using the co-
culturing method and better identify the anti-LM mechanism of B. filamentosus.

During sequencing data processing, up to more than 50% of sequence loss occurred during
alignment and denoising, which may cause important bacteria species information to be missing or lost.
To test the hypothesis, | explored an alignment-free strategy, k-mer hashes, by establishing classifiers to
predict fresh produce contamination and quality reduction. The k-mer hash approach was compared
against the amplicon sequence variant (ASV) approach with a typical denoising step. The results showed
that random forests (RF)-based classifiers for fresh produce safety and quality that were trained on 7-mer
hash-preprocessed publicly available datasets had significantly higher classification accuracy than those
using the ASV datasets, supporting our hypothesis that data preprocessing strategies without sequence
loss (k-mer hash) retain more important information about bacteria species for produce safety and quality
classification than the approach with sequence loss (ASV). In addition, the integration of multiple
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produce microbiota datasets led RF-based classifiers to have a higher classification accuracy than the
classifiers trained with individual datasets. The RF-based classifiers based on integrated datasets
identified more consistent and generalizable indicators associated with fresh produce safety and quality
(Chapter 4).

In summary, this dissertation systematically profiled the structures of bacterial populations in RL
and investigated how to better utilize culture-dependent methods, culture-independent methods, and
publicly available datasets to identify bacteria associated with produce safety and quality and to isolate
competitive exclusion bacteria that can potentially be used as biocontrol agents to reduce foodborne

pathogen contamination of produce.
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Chapter 1. Literature review
Part 1. Major foodborne outbreaks linked to fresh produce from 2010-2021

Introduction

Fresh fruits and vegetables (fresh produce) have become increasingly popular as part of a healthy
diet in the past two decades (1, 2). In 2004, the World Health Organization (WHO) recommended that the
minimum daily intake of fruits and vegetables is 400 g per day (3). The Economic Research Service
(ERS) Food Availability Data System (FADS) shows that the consumption of fresh produce per capita in
the U.S. increased from 144.7 kg in 2010 to 149.9 kg in 2018 (newest available data) (4). Unfortunately,
increased consumption of fresh produce has been accompanied by an increasing number of foodborne
outbreaks, leading to increased public concern about the safety of fresh produce. Fresh produce can be
contaminated by pathogens at different points across the food supply chain. Contamination can come
from wild animals, birds, feces, dust, and irrigation water during the pre-harvest phase; from an
improperly cleaned or sanitized conveyor belt during food processing; or by hands and unclean knives

and cutting boards during household processing (5-7).

Major foodborne outbreaks associated with fresh produce

The National Outbreak Reporting System (NORS) was launched by the Centers for Disease
Control and Prevention (CDC) in 2009 with the purpose of tracking foodborne disease outbreaks from
public health departments in the U.S. (8). The dataset was downloaded from the NORS dashboard (9).
The outbreak datasets include information about the outbreak year, number of outbreaks, serotype,
number of illnesses, hospitalizations, deaths, and food vehicles. Data with any missing information about
the number of illnesses, hospitalizations, and deaths were filtered out. The main pathogens associated
with fresh produce outbreaks from 2010 to 2021 were Shiga-toxin-producing Escherichia coli (STEC),
Listeria monocytogenes, Salmonella enterica, Cyclospora cayetanensis, and Hepatitis A (9). Cases caused

by pathogenic E. coli, L. monocytogenes, and S. enterica from 2010 to 2021 were reviewed and



summarized. Overall, 129 reported outbreaks of pathogenic bacteria infections linked to fresh produce
occurred from 2010 to 2021 in the U.S., causing a total of 8,889 illnesses with 2,412 hospitalizations and
90 deaths.

A total of 39 outbreaks associated with fresh produce were attributed to STEC infections (Table
1). These STEC outbreaks caused 1,237 illnesses with a 38.2% hospitalization rate and a 0.6% death rate.
The implicated food vehicles included spinach, lettuce, Romaine lettuce, iceberg lettuce, packaged leafy
greens, cabbage, pre-packaged salad, spring salad, clover sprouts, and alfalfa sprouts. The serotypes of
STEC causing outbreaks were O157:H7, 0157:NM, 0145, 0103, 0111, 0121, 026, and 026:H11.
Among them, the serotype O157:H7 accounted for 27 outbreaks with 1,007 illnesses, 417 hospitalizations
(41.4% hospitalization rate), and eight deaths (0.8% death rate), which indicates that E. coli O157:H7 is
the most important foodborne pathogen to prevent or eliminate for improving the safety of fresh produce.

L. monocytogenes caused a total of 15 outbreaks (Table 2). These outbreaks involved 352
ilinesses with 326 hospitalizations and 65 deaths. Compared to STEC infections, the hospitalization rate
(92.6%) and death rate (18.5%) were higher. Implicated as the food vehicle in L. monocytogenes infection
outbreaks were fresh vegetables including sprouts, mung bean sprouts, prepackaged leafy greens, lettuce,
and enoki mushrooms. Also implicated were fresh fruits, including cantaloupes, peaches, nectarines,
caramel apples, and stone fruits. The fresh vegetables and fresh fruits accounted for 60% and 40% of
outbreaks respectively. Unfortunately, no L. monocytogenes serotype information was provided in the
NORS database.

S. enterica caused a total of 75 outbreaks with7,300 illnesses, including 1,614 hospitalizations
(22.1% hospitalization rate) and 17 deaths (0.2% death rate) (Table 3). A total of 36 different food
vehicles were related to the outbreaks, including fresh vegetables and fresh fruits accounting for 50.6%
and 35.6% of outbreaks, respectively. Thirty-seven serotypes of S. enterica were reported to be the
etiologies. Among these S. enterica serotypes, the top three causing the most illnesses are Newport,
Oranienburg, and Poona. Specifically, S. Newport caused 11 outbreaks linked to fresh produce, with
1,929 illnesses, 286 hospitalizations, and three deaths. S. Oranienburg caused one outbreak with 1,040
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illnesses, 260 hospitalizations, and no deaths. S. Poona accounted for one outbreak with 907 illnesses, 204
hospitalizations, and six deaths. S. Enteritidis and S. Typhimurium were not the main cause of Salmonella
outbreaks linked to fresh produce from 2010 to 2021, but they have been reported to be the main causes

of outbreaks linked to animal-based foods during 1998-2008 in the U.S. (10).

Common foodborne pathogens
Pathogenic E. coli

E. coli is a Gram-negative, rod-shaped, facultative anaerobic and nonsporulating coliform
bacterium that can commonly be found in the gut microbiota of animals and humans (11, 12). More than
700 E. coli serotypes have been identified, which are classified based on a combination of somatic (O),
flagellar (H), and capsular (K) surface antigens (11, 13). E. coli are commonly utilized as indicators of
fecal contamination in freshwater because they can be released into the environment from fecal matter
(14). The optimum growth temperature for E. coli is 37 °C. Some serotypes, such as E. coli 0157:H7, can
multiply at temperature as low as 7 °C (15) or up to 49 °C (16). E. coli can survive in the environment
with pH > 5.4, 6% sodium chloride, or aw > 0.95 (17). E. coli strains are commonly found living in the
intestine as commensal bacteria (18). They can prevent the colonization of pathogenic bacteria in the host
intestine and produce vitamin B2 (riboflavin) and K2 (menaquinone) to benefit the host (19).

Unfortunately, some E. coli strains are pathogenic to humans after consumption of contaminated
foods. Pathogenic E. coli are grouped into six main pathotypes, including Enterohemorrhagic E.
coli/Shiga-toxin-producing E. coli (EHEC/STEC, also known as Verocytotoxin-producing E. coli
[VTEC]), Enteropathogenic E. coli (EPEC), Enteroinvasive E. coli (EIEC), Enteroaggregative E. coli
(EAEC), Enterotoxigenic E. coli (ETEC), and diffusely invasive E. coli (DAEC). Amongst these,
EHEC/STEC can cause severe human diseases with a low infection dose of less than 100 cells (20).
STEC can be transmitted to humans by the consumption of contaminated foods such as raw meats, milk,
or fresh produce. More than 100 serotypes of STEC have been identified as associated with human
diseases (21). The initial symptoms of STEC infections are vomiting, abdominal cramps, and diarrhea
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(often bloody). Severe symptoms can progress to hemolytic uremic syndrome (HUS), resulting in kidney
failure and even death (12). More than 112,000 non-O157 STEC infections are reported annually in the
U.S., with a hospitalization rate of 12.8% (22), accounting for $23.9 million of economic loss (23). The
most frequently reported serotype of STEC implicated in foodborne outbreaks is E. coli O157:H7. Some
63,153 cases of E. coli O157:H7 infection are reported annually to the CDC with a hospitalization rate of

28.8% and an annual economic cost of $254.8 million (23).

Mechanisms of STEC infection and its virulence genes

Most foodborne outbreaks occurring in developed countries involve infections by STEC or EHEC
(24). In the United States, STEC serotype O157:H7 is a predominant cause of foodborne outbreaks.
Almost all STEC 0157:H7 contain pO157, a virulence plasmid of 92 kb, which can encode several
virulence factors (25). Nevertheless, the most important virulence factor of STEC is Shiga toxin
(Stx)/verocytotoxin encoded by a lambdoid bacteriophage (26). Stx contains two subgroups, Stx1 and
Stx2. They can be generally found in various STEC isolates. Stx2 is more prevalent than Stx1 in STEC
infection, causing HUS and hemorrhagic colitis (24).

To infect hosts, STEC can induce attaching and effacing lesions on epithelial cells of the
intestine. Once attached, the pathogens can efface the microvilli and overturn the actin of the host cell to
form pedestals on the cell (27). This action is encoded by the locus of enterocyte effacement (LEE) genes
on pathogenicity islands (PAIs) located on plasmids of STEC. The LEE highly encodes the Type IlI
secretion system (T3SS) to secrete effectors and translocate the effectors into the cytoplasm of the host
cell. These effectors can impact activities of exchanger Cl- —-OH- and Na+ —H+, prevent sodium-d-
glucose cotransporter 1, and mis-localize aquaporins (24). STEC attachment to the host is mediated
through the connection between intimin and the translocated intimin receptor (Tir). Interaction of intimin
with nucleolin can enhance the intimate attachment. The nucleolin is an intimin receptor on the cell
surface whose expression can increase because of the presence of Stx2. Tir is linked to the Tir
cytoskeleton-coupling protein (TccP) through insulin receptor tyrosine kinase substrate (IRTKS) of host
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protein. Then, the actin-related protein 2/3 (ARP2/3) complex and the Neural Wiskott—Aldrich syndrome
protein (N-WASP) are activated by interaction with TccP to mediate actin rearrangements, which are
necessary to activate pedestal formation. In addition, STEC applies the E. coli hemorrhagic coli pilus
(HCP) and the common pilus (ECP) to attach to the large bowel cells. After attaching to host cells, STEC
can control the cell processes through injecting many effectors into the cells. STEC lacks a mechanism to
secrete Stx, but it applies phage-mediated cell lysis to release Stx. Thus, applying antibiotics to damage
STEC may lead the release of Stx in the host. After release, the Stx can be taken up by micropinocytosis
in human intestinal cells or bind to the Stx receptors, globotriaosylceeramides (Gb3s), which can be found
on the surface of Paneth cells and kidney epithelial cells in the human intestinal mucosa. The internalized
Stx can be trafficked into the Golgi through endosomes, which can lead to cell necrosis or death (24).
Virulence factors in STEC include Stx, intimin, and enterohaemolysin (Cointe et al., 2018).
STEC is defined by the presence of the virulence genes stx1 and stx2, borne by a prophage that can
encode Shiga toxins (Stx1 and Stx2) (28, 29). In addition to the Stx-encoded virulence genes, most STEC
strains contain genes coding intimin and T3SS related to a locus of enterocyte effacement (LEE) on the
chromosome, which are eae and T3SS-encoding genes (30). STEC strains also harbor the plasmid-borne
virulence genes ehxA/hlyA encoding enterohaemolysin (31). Thus, STEC strains acquire the major modes

of virulence gene acquisition through prophage, PAI, and plasmid.

L. monocytogenes

L. monocytogenes is a Gram-positive, facultative anaerobic, and rod-shaped bacterium that is
ubiquitous in the environment (32). L. monocytogenes can grow at temperatures ranging from 1 to 45°C,
with the optimum temperature ranging from 30 to 37 °C (33). It can grow and survive within a wide range
of pH, from 4 to 9 (33), and in high salt conditions with up to 10% NaCl (34). In addition, L.
monocytogenes can form biofilms on the surface of various materials such as polystyrene, glass, and
stainless steel (35), posing a challenge to cleaning and sanitizing programs (36). L. monocytogenes
contains 13 serotypes distributed in four lineages (37). Lineage | consists of 1/2b, 3b, 4b, 4d, and 4e,
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which are frequently involved in most human listeriosis outbreaks. Lineage Il includes 1/2a, 1/2c, 3a, 3c,
and 4a, accounting for animal listeriosis cases and sporadic human clinic cases (37). Lineages Ill and IV
are rare in nature (37). Through the consumption of contaminated foods, L. monocytogenes can infect
humans. Infection by L. monocytogenes is called listeriosis, which is a severe invasive illness with a high
mortality rate (20-30%) (38). Listeriosis typically causes septicemia, meningitis, and severe outcomes
such as stillbirths and death. Certain populations, including children, the elderly, pregnant females and
their fetuses, and immunocompromised individuals, are at increased risk of infection by L.
monocytogenes (38). In the U.S., L. monocytogenes is implicated in approximately 1,600 illnesses of
listeriosis annually, with the highest hospitalization rate (94%) and a high death rate (15.9%) compared to
other foodborne pathogen illnesses (22). Listeriosis is responsible for $2.6 billion of economic loss per

year (23).

Mechanisms of L. monocytogenes infection and its virulence genes

After the consumption of contaminated foods, L. monocytogenes can attach to liver and spleen
tissues by passing through the intestinal barrier and spreading through the lymph node network and the
bloodstream (39). In healthy individuals, L. monocytogenes usually causes mild symptoms. In
immunocompromised humans as well as infants, pregnant women, or the elderly, L. monocytogenes can
cause potentially deadly meningitis, sepsis, or even abortion by traversing the blood-brain barrier or the
fetoplacental barrier (40). For non-phagocytic cells, e.g. epithelial cells, L. monocytogenes enters cells by
binding Internalin A (InlA) and InIB to the host cell membrane receptor (receptor-mediated endocytosis)
and is internalized into the vacuole (41). In most cases, L. monocytogenes can escape from the vacuole by
physically breaking the vacuole membrane. In some macrophages, L. monocytogenes is internalized into
spacious Listeria-containing phagosomes (SLAPs) and reproduces in the SLAPs. The escape of L.
monocytogenes from vacuoles is mediated by multiple potent virulent factors, including phospholipase A
(PIcA), PIcB, and listeriolysin O (LLO) (42). After its escape from vacuoles, L. monocytogenes
polymerizes the actin through actin assembly-inducing protein, ActA, which can make it available to
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spread from cell to cell (40). Extracellular LLO produced by L. monocytogenes can cause pore formation
on the cells. Entry into the cells by those LLO can lead to mitochondrial morphology changes and fission,
histone modification, desumolylation, lysosomal permeabilization, and endoplasmic reticulum (ER)
stress. In the cytosol of host cells, L. monocytogenes can produce Listeria nuclear targeted protein A
(LntA), which can depress interferon-stimulated genes (1SGs) by interacting with the Bromo adjacent
homology domain-containing 1 protein (BAHD1) (40). LntA can change chromatin packing, leading to
alteration of downstream gene expression and DNA damage in the nucleus. To combat infection, host
cells increasingly produce antimicrobial effectors, e.g., ISG15. This effector can modulate cytokine
secretion, such as interleukin-6 (IL-6) and IL-8, by modifying covalent bonds of Golgi proteins and ER
(40).

The virulence genes of L. monocytogenes play important roles at various stages of the infection
process (43). In the early stages, genes of the internalins, such as inlA, inlB, inlF, and inlJ, highly
associate with attachment and invasion. Genes located in the major prfA-regulated virulence gene cluster
(pVGC), also referred to as Listeria pathogenicity island 1 (LIPI-1) play critical roles in intracellular
pathogenesis (44). The pVGC comprises the prfA, hly, pIcA, plcB, actA, and mpl genes. The prfA gene
encodes PrfA protein that isis needed for the transcription of prfA itself and pVGC. The hly gene encodes
the LLO that can induce pore-formation on the cell membranes and lyse phagocytic vacuoles containing
bacteria to release the bacteria into the cytoplasm of host cells. The pIcA and plcB genes encode the
phosphatidylinositol-specific phospholipase C (P1-PLC) and zinc-dependent broad-spectrum
phospholipase C (PC-PLC), respectively. Similarly, the PI-PLC and PC-PLC can mediate the escape of L.
monocytogenes from the vacuoles. After escape from the vacuoles, the actin polymerization of surface
protein actin A (ActA) can modulate the cell-to-cell dissemination and intracellular motility. Besides, the
ActA has other functions,including colonization, invasion, persistence, and aggregation in the human
intestinal lumen, (45). The mpl encodes a zinc metalloproteinase to activate PC-PLC that can start a new

cycle of infection (46).



Salmonella

Salmonella is a Gram-negative, flagellate, facultative anaerobic, and rod-shaped, microorganism
(47). S. enterica can grow at temperatures ranging from 8 to 45 °C, pH ranging 4 to 9.5, and low water
activity as low as 9.4 (48). S. enterica is considered to have some strains that are able to survive at cold
temperature (2 °C) or high temperatures (54 °C) (49). Salmonella can survive at low pH (4-5) and thus
may tolerate the harsh acidity conditions in the stomach (49). In addition, S. enterica is not able to grow at
a low water activity (aw < 0.94) but can survive for a long period in low-ay foods (aw < 0.85) (50, 51).
The Salmonella genus contains two species (S. enterica and S. bongori) six subspecies (enterica,
arizonae, salamae, diarizonae, indica, and houtenae), and more than 2,579 serovars (49). S. enterica
contain most of the serotypes that have been implicated in Salmonella outbreaks (52). S. enterica serovars
can be found in the intestinal tracts of birds, insects, reptiles, farm animals, and humans (49). As S.
enterica do not originate from water, the presence of S. enterica in water indicates fecal contamination
(53). S. enterica are transmitted to infect humans through the consumption of contaminated foods or
water. The illness, called salmonellosis, can cause typical gastroenteritis. More invasive infections can
occur in at-risk individuals, including children, the elderly, and immunocompromised individuals. In the
U.S., more than one million non-typhoidal S. enterica illnesses are reported each year, with the
hospitalization rate estimated at 27.2% (23). The illness accounts for $3.3 billion of economic loss,

costing more than any other major foodborne pathogen (23).

Mechanisms of S. enterica infection and its virulence genes

S. enterica with serovars that can cause human disease are classified into typhoidal and non-
typhoidal groups. The typhoidal S. enterica serovars consist of serovar Typhi and serovars Paratyphi A, B
and C, which cause a systemic disease called enteric fever in humans. The most common non-typhoidal S.
enterica (NTS) serovars contain Enteritidis and Typhimurium. The NTS has a wide vertebrate host range
and cause an invasive and frequently fatal disease in immunocompromised individuals (54). After
ingestion of S. enterica- contaminated food, S. enterica subsp. enterica serovar Typhimurium comes in
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contact with the human intestinal epithelium, which then activates the T3SS on the Salmonella
pathogenicity island 1 (T3SS1) (55). S. enterica can invade intestinal microfold (M) cells and then enter
the intestinal submucosa. Subsequently, S. enterica is up-taken by dendritic cells and macrophages to
form Salmonella-containing vacuoles (SCVs). The intracellular environment triggers S. Typhimurium to
activate the T3SS on its pathogenicity island 2 (T3SS2) (56). The activation of T3SS2 allows the
pathogen to avoid innate immune defense reactions and enables S. enterica to reproduce in the SCVs. S.
enterica that can survive in SCVs can migrate to the mesenteric lymph nodes. Both intracellular and
extracellular S. enterica can reproduce in the cytosol of infected cells. The invasive infection can spread
over the host cells through the bloodstream and lymph network. Finally, S. enterica can reproduce in the
reticuloendothelial system (54).

S. enterica infection in the human intestine is driven by prophage-associated genes encoded on
the S. enterica pathogenicity islands (SPIs) (57).When S. enterica colonizes the intestinal lumen,
inflammation is activated by sopE genes that are encoded on the prophage, effectors that are secreted by
SPI-1, and a type 6 secretion system (T6SS) that is encoded on the SPI-6, which favor outcompeting
commensal microbes (57). The two component systems, PhoPQ and PmrAB, can modulate resistance to
antibacterial compounds generated by the human intestinal lumen (58). Attachment of S. enterica to
epithelial cells is driven by surface proteins that are encoded on the SPI-3 and SPI-4 (59). The
internalization of bacteria into epithelial cells is activated by genes encoded on SPI-1 and SPI-5 (59). S.
enterica survival in SCVs is mediated by the Gifsy-1 prophage and the SPI-1. Resistance to immune
responses such as oxidative stress in the immune cells and the SCV, such as macrophages and
neutrophils, is driven by the Fels-1 and Gifsy-2 prophages. In addition, to avoid immune responses, SPI-
11, SPI-12, and SPI-16 can encode genes to reconstruct the outer membranes of S. entercia. The survival
and reproduction of S. enterica in the macrophages are regulated by genes encoded on the SPI-2, SPI-5,
and SPI-13 (57). Taken together, the virulent genes summarized here play critical roles in colonization

and infection by S. enterica.



Part 2. Survival of Escherichia coli O157:H7, Listeria monocytogenes, and Salmonella enterica in
fresh produce

Introduction

Outbreaks of foodborne pathogen infections linked to fresh produce are caused by the
consumption of pathogen-contaminated produce products. Contamination of foodborne pathogens in fresh
produce can occur at any point from farm to fork. Lynch et al. (2009) summarized three points where
fresh produce is most probably to be contaminated: the production field, the processing step, and the
household processing stage (60). Reported sources of foodborne pathogen contamination during
preharvest include soil, irrigation water, inadequately composted manure, human handling, wild and
domestic animals, reconstituted fungicides and insecticides, dust, insects, and seasons. Reported
postharvest sources of contamination include harvesting equipment, water used for washing and rinsing,
human handling, transport vehicles, conveyor belts, processing equipment, poor hygiene in plant workers,
improper packaging and storage, cross-contamination, and consumer handling (6, 61). Foodborne
pathogens can be transmitted from the sources to fresh produce during preharvest or postharvest and
survive or even grow in fresh produce when conditions permit, then potentially causing foodborne
infections or even outbreaks if the contamination is not eliminated or well controlled before consumption.
The most frequently reported foodborne pathogenic bacteria related to fresh produce are E. coli 0157:H7,
L. monocytogenes, and S. enterica. Therefore, understanding the survival of these pathogenic bacteria in
fresh produce and the factors significantly impacting the fitness of foodborne pathogens is critical to

develop effective strategies to control the microbial safety of fresh produce.

Factors impacting survival of pathogens in fresh produce

The incidence, survival, persistence, and even growth of foodborne pathogens in fresh produce
are determined by various factors across the fresh produce supply chain, including growing, harvesting,
processing, distribution, storage, and food handling. Generally, foodborne pathogens usually survive but

do not grow on the intact surface of fresh produce (6, 62, 63), whereas the population of foodborne
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pathogens may grow on fresh produce when nutrients are released because of bruised produce, fungal rot,
or physical damage (64). Previous literature reviews have summarized major factors that play critical
roles in influencing the contamination and cross-contamination potentials, incidence, and survival of
human pathogens in fresh produce during preharvest, harvest and processing, distribution and storage, and
preparation stages (6, 61, 62, 65-73).

During the preharvest stage, the incidence and fitness of foodborne pathogens can be influenced
by complex factors, such as produce type, soil type, irrigation water, farming location, animals and
insects, production systems, and climatic conditions. Specifically, produce types include cultivation
methods, produce features, and plant immunity (65). Soil types involve pH, texture, basic cation
saturation ratio, nutrient levels, and application of soil amendments (62, 71, 73). Survival of pathogens in
irrigation water is related to water source, the irrigation system, and use of water treatment methods.
Farming location refers to distances from surrounding animal farming or production areas (71). Animals
and insects consist of animal or insect types, activity frequency, and animals and insects carrying
pathogens (62). Production systems include conventional, organic, or hydroponics, and the application of
pesticides and insecticides. In addition, climatic conditions are associated with temperature, humidity,
sunlight/UV, and rainfall (66).

During the harvest and processing stage, factors include the primary preparation, such as
cleaning, trimming, coring of raw materials (66); processing steps, such as sanitizing, washing, drying,
mixing, waxing, packaging (70, 74); the washing process, such as washing time, washing agents, and
washing equipment (66, 75); the packaging process, such as packaging materials, packaging types, and
atmosphere compositions (76, 77); and worker hygiene, such as good manufacturing practices,
handwashing, and personal protective equipment (78). These factors related to fresh produce can not only
impact the populations and diversity of fresh produce microbiota but also impact the incidence and
survival of foodborne pathogens (75, 79).

During the distribution and storage stage, temperature has been considered as one of the most
important factors that influence the survival of foodborne pathogens in fresh produce (65). Refrigerator
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temperature (at or below 4 °C) is commonly used to control microbial multiplication. The low
temperature can reduce the cell activity of large numbers of bacteria, including some foodborne
pathogens such as E. coli 0157 and S. enterica. However, it is known that L. monocytogenes is a
psychrotrophic bacteria that can grow at a temperature as low as 1 °C (80), thus low temperature may not
prevent the growth of L. monocytogenes in fresh produce during distribution and storage (65). Other
intervention approaches may be needed in combination with low temperature to control or mitigate the
pathogen contamination, multiplication, and infection risk. Temperature abuse during product distribution
and storage stage can lead to remarkable increases of total bacterial populations, including the levels of
foodborne pathogens. In addition, the storage time of fresh produce before consumption also influences
the survival of pathogens in fresh produce (66).

During the preparation stage, the hygiene of household or foodservice establishment personnel
and the fresh produce handling environment are important factors impacting the survival of pathogens.
Fresh produce handling, such as cutting, sorting, washing, mixing, and cooking, also determine the
contamination or survival of foodborne pathogen in fresh produce (66). A couple of key intrinsic factors
that can play major roles in determining the fitness and behavior of pathogenic bacteria include produce
types and the presence of native microbiota. The produce types determine its topographic structure,
preparation and distribution method, consumption method as well as the native microbiota associated
with them. The involvement of native microbial populations in the microbial safety control of fresh
produce spans from the preharvest to postharvest stages. Native microbes can compete with external
pathogens for attachment space and nutrients, and/or generate antimicrobial substances that can also

impact the incidence or survival of pathogens in fresh produce (77, 81).

Survival of pathogens in fresh produce
The following section summarizes papers published in the recent five years (2018-2022) related

to the fitness of three common foodborne pathogens, E. coli O157:H7, L. monocytogenes, and S. enterica,
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in fresh produce. Key factors impacting pathogen survival also were summarized. The Web of Science
was used as the database for paper search. The following key words/topics were used during the search
process: Topic 1: ‘Escherichia coli O157 OR STEC” AND ‘survival OR persistence’ AND *‘fresh produce
OR vegetables OR fruits’; Topic 2: ‘Listeria monocytogenes’ AND ‘survival OR persistence’ AND ‘fresh
produce OR vegetables OR fruits’; Topic 3: ‘Salmonella’ AND ‘survival OR persistence” AND ‘fresh
produce OR vegetables OR fruits’. Year: last five years. A total of 75 papers were identified from the
database, including 15 associated with E. coli O157/non-0157 STEC growth and survival, 22 associated

with L. monocytogenes growth/survival, and 38 associated with Salmonella growth/survival.

Survival of E. coli 0O157:H7 in fresh produce

Fifteen studies from 2018 to 2022 investigating E. coli O157 survival on fresh produce were
selected and summarized for this review (Table 4). Among these studies, five investigated the survival of
E. coli O157:H7 in various kinds of fresh produce during the preharvest stage, and 10 of them studied the
survival of E. coli 0157 in fresh produce during the postharvest phase. One study addressed the survival
of E. coli O157:H7 in fresh produce during both preharvest and postharvest stages. These studies covered
various types of fresh produce, including fresh vegetables (such as Romaine lettuce, cabbage, spinach,
butter lettuce, basil, cilantro, fresh herbs, chili habanero, cucumber, radish, beet, onion, tomato, and
spring mix), and fresh fruits (including kiwifruits and strawberry).

The survival of E. coli 0157:H7 in Romaine lettuce, spinach, and cabbage was studied under
field conditions or growth chamber conditions (82—-86). Results showed that 3-6 Log CFU/plant of E. coli
0157 decreased to the level below the limit of detection (0.5 Log CFU/plant) in about 10 days post-
inoculation in all types of vegetables grown in the field (Table 4). One critical new finding among these
studies was the impact of pathogens’ surface polysaccharides on the plant defense system. Jang et al.
(2018) found that the polysaccharides on the E. coli O157 cell surface can induce the plant defense
response which then lead to enhanced inactivation of more E. coli O157:H7 cells (87). Erickson et al.
(2019a) illustrated that while the cultivar of lettuce had no effect on the fate of E. coli O157 post-
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inoculation, the maturity stage of cabbage could impact the survival of E. coli 0157 (82). Gutiérrez-
Rodriguez et al. (2019) investigated the impact of initial inoculation levels (2 and 4 Log CFU/mI) on the
survival of E. coli O157 in spinach cultivated under field conditions (84). No obvious difference in the
survival levels of E. coli 0157 in spinach on day 14 after inoculation was observed.

For fresh produce during postharvest, 10 studies investigated E. coli O157 survival or growth in a
variety of fresh produce at a temperature from 3 to 35 °C (Table 4). These studies showed that produce
types, temperatures, storage time, structures of the fruit surface, and fruit cultivars play critical roles in
influencing the survival of E. coli O157 in fresh produce during storage. In general, storage at low
temperatures (3-7 °C) lead to the gradual reduction of E. coli 0157 by 0.5 to 4 Log CFU/g during up to

21-day of storage (81, 88-92).

Survival of L. monocytogenes in fresh produce

A total of 22 studies evaluated the behavior of LM in fresh produce in recent 5 years and they are
summarized in Table 5. Among these studies, four studied the survival of L. monocytogenes in fresh
produce during the preharvest stage while the rest of the studies addressed the survival of L.
monocytogenes during the postharvest stage, including six related to fresh vegetables and 12 associated
with fresh fruits.

The four studies related to the preharvest investigated the survival of L. monocytogenes in lettuce
leaves, alfalfa sprouts, and herb plants under field conditions (ca. 20 °C) or in the growth chamber for up
to 10 weeks (93-96). Kyere et al. (2021) found that the L. monocytogenes levels increased in lettuce on
Day 4 post-inoculation at 20 °C in the field (95), while Honjoh et al. (2018) showed that the L.
monocytogenes level fell below the limit of detection (2 Log CFU/qg) in lettuce leaves after 10 weeks of
cultivation under the same condition (94). The strains of L. monocytogenes and inoculation levels had no
significant impact on the survival of L. monocytogenes in fresh produce during preharvest (94). Leafy

damage could extend the persistence of L. monocytogenes in fresh produce (94). Produce types
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dramatically impacted the L. monocytogenes survival. For example, Bardsley et al. (2019) showed that L.
monocytogenes populations reduced to ca. 1 Log CFU/g 7 days after the inoculation (93), while Rossi and
Lathrop (2019) reported that L. monocytogenes remarkably increased from 0.7 and 2.7 Log CFU/g to 6.5
to 7.0 Log CFU/g in alfalfa after 5 days post-inoculation (96).

The survival of LM during postharvest at postharvest handling temperatures from -20 to 30 °C
has been evaluated. Studies showed that low storage temperatures (4-8 °C) had limited impact on the
levels inoculated LM (97-105). It is known that L. monocytogenes is a psychrotrophic bacteria that can
grow at temperatures as low as 1 °C. The growth potential of L. monocytogenes is significantly impacted
by pH. Olaimat et al. (2021) found that LM gradually reduce when the pH of produce was below 4, for
example the pH of salad mixed with salad sauce (Toum), or acidic fruits such as fresh-cut kiwifruit,

pineapple, white peach, yellow peach, and yellow nectarine (102).

Survival of Salmonella enterica in fresh produce

There were a total of 36 studies identified from the recent five years that investigated the survival
of Salmonella in fresh produce during preharvest and postharvest. Among them, five were related to
Salmonella survival in fresh produce during preharvest, and the others were associated with fresh produce
during postharvest (Table 6).

The four preharvest studies showed the survival of Salmonella in fresh produce cultivated under
field conditions or in growth chambers. These studies studied the impact of cabbage cultivars, lettuce
cultivars, and lettuce sizes on the fitness of Salmonella. In addition, the impact of inoculation levels was
also investigated. Studies conducted by Erickson et al. (2019a) (82), Erickson et al. (2019b) (83),
Oblessuc and Melotto (2020) (106), and Xylia et al. (2022) (107) all indicated that the inoculation levels
had a remarkable impact on the survival of Salmonella in fresh produce during cultivation. In these

studies, the amount of Salmonella reduced by 1-6 Log CFU/plant in cabbage and lettuce based on the
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fresh produce type and cultivar. Conversely, Salmonella in alfalfa sprouts grown in the incubator at 20 °C
showed a dramatic increase in concentration after 5 days of cultivation (96).

Studies related to fresh produce during the postharvest investigated the survival of Salmonella in
fresh produce stored at different temperatures from 3-37 °C (Table 6). These results showed that different
factors influence the survival of Salmonella in fresh produce during the storage. These factors include
produce type, temperatures, storage time, and inoculation levels. In addition, Tokarskyy et al. (2018)
illustrated that the ripeness stages of tomato significantly impacted the survival of Salmonella (108).
Specifically, Salmonella had higher levels in red tomatoes than green and pink (ripeness stages) tomatoes
at the end of seven days of storage at 10 and 20 °C. Chen and Ming (2021) showed that desiccation stress
also played a significant role in determining the survival of Salmonella (109). The desiccation-stressed
Salmonella had enhanced ability to survive for seven days in baby spinach under cold conditions or
temperature abuse conditions. Singh et al. (2021) showed the effect of relative humidity (55% and 90%
RH) and fruit ripeness on the level of reduction of Salmonella in papaya stored at 4 °C for 14 days.
Papaya at 0% and 25% ripeness stored at 55% RH had greater reduction of the Salmonella population
after 14 days of storage at 4 °C compared to papaya stored at 90% RH (110).

In summary, E. coli 0157, L. monocytogenes, and Salmonella can contaminate fresh produce at
any point during preharvest and postharvest. Once contaminated, pathogens in fresh produce can survive
for an extended period, posing potential threats to public health. Understanding factors impacting the
fitness of pathogens in fresh produce at different production stages is the foundation for developing

efficient intervention strategies for protecting and improving the microbial food safety of fresh produce.
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Part 3. Biological pathogen mitigation strategies for fresh produce

Introduction

Overall, 129 outbreaks of pathogenic bacteria infections linked to fresh produce occurred from
2010 to 2021 in the U.S., causing a total of 8,889 illnesses with 2,412 hospitalizations and 90 deaths
(CDC, 2022). These data suggest that current fresh produce safety control strategies may be limited in
controlling foodborne pathogens. Due to being cultivated in open environments, fresh produce can be
contaminated by microbial pathogens at any point as the contamination sources during the preharvest are
rich, such as soil, irrigation water, inadequately composted manure, human handling, wild and domestic
animals, reconstituted fungicides and insecticides, dust, insects, and seasons (6, 61). Conventional
chemical and physical control methods have been commonly used to control microbes in the food
industry, such as chlorine, acidified sodium chloride, peracetic acid, electrolyzed water, ozone,
hydrostatic pressure, ultraviolet, ultrasound, pulsed electric fields, pulsed light, ionizing radiation, and
modified atmosphere packaging (111-115). However, these methods contain some drawbacks, including
possible adverse effects on human health and the environment as well as on the sensory qualities and
nutrients of food and the possible inducement of antibiotic resistance genes, all of which can limit their
use as safety control approaches in the food industry (116). In addition, chemical and physical control
methods are usually carried out for one-time treatment for fresh produce during produce processing (117).
Although microbial flora in produce can be disinfected in different degrees after the chemical and
physical treatments, the surviving microbes can re-grow under proper conditions during the following
transportation and storage phases (75, 117). To solve these issues, natural, environmentally friendly, and
cost-effective alternative approaches are needed. This section reviews the key approaches developed, with
an emphasis on recent developments in competitive exclusion cultures for produce safety.

Biological methods have received increasing attention in recent years due to several advantages
associated with them: first of all, these natural food safety control methods are considered health-friendly

and may have a lower negative impact on the sensory and nutritional properties of fresh produce
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compared to physical and chemical decontamination approaches; secondly, the cost associated with food
processing generated by biological control can be less than chemical and physical control since no
advanced equipment is required; and thirdly, the use of biocontrol has less impact on the formation of
antibiotic resistance than chemical control (e.g. antibiotics) in foodborne pathogens. In addition,
biological control methods can be consistently effective in antagonism against foodborne pathogens,
continuously protecting fresh produce safety after treatment (111). The biocontrol agents include
antagonistic microorganisms (e.g. competitive exclusion bacteria), antimicrobial substances (e.g.
bacteriocin, endolysins, and peptides) generated by these microorganisms, and plant-derived natural
compounds (111). The important criteria for developing biocontrol agents include: first, the agents should
have high antagonistic activity against foodborne pathogens; second, the agents should be safe for human
health; and third the agents should not alter the sensory properties of fresh produce (118). Among the
biological agents, bacterial antagonism, also known as “bacterial interference” or “competitive
exclusion,” is a method to apply non-pathogenic bacteria to reduce colonization and inhibit pathogenic
bacteria in an environment of animal intestines, plants, or food products (119). Nurmi et al. (1992) were
the first ones to report the application of antagonist to control Salmonella contamination in poultry after
outbreaks of S. Infantis infections occurred in 1971 (120). Over the years of development, antagonistic
cultures have been used as additives in the feeds of domestic animals to inhibit pathogens in animal guts
(121). Commercial antagonistic products have been applied to treat domestic animal and plant diseases
(122, 123). In the past decade, the application of antagonistic cultures has spread from the domestic
animal field to the food industry (124, 125). The aim of this section is to discuss major antagonist
isolation methods, review dominant strains that have been isolated from food sources with antimicrobial
effects over common foodborne pathogens, and describe their antimicrobial mechanisms and antagonistic

activities against foodborne pathogens in fresh produce.

Antagonist isolation and antimicrobial activity test
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Antagonistic bacteria inhabit various environments, including soil, water, plants, animals,
vegetables, fruits, fermented food, food processing plants, or even animal wastes (126-130). Culture-
dependent methods are the essential techniques for isolation of Antagonist and testing their antimicrobial
activity. The commonly used techniques include agar disk diffusion, agar well diffusion, and spot-on-
lawn methods, with the spot-on-lawn approach being the most common for isolating antagonistic cultures
and determining their antagonistic activities. The agar-disk-diffusion method is a well-known procedure
for determining routine antimicrobial susceptibility in many clinical microbiology laboratories. First, the
agar plates are inoculated with the test microbes, e.g., foodborne pathogens. Second, paper discs (ca. 6
mm in diameter) of test antimicrobial compounds or antibiotics in certain concentrations are placed on the
surface of the agar plates. After incubation, the antimicrobial-inhibiting zones around the discs form. The
combination of ability of the antimicrobial to diffuse into the agar and to inhibit the growth of the
organism into the agar is evaluated based on sizes of the antimicrobial inhibiting zones. However, since
the inhibition does not represent microbial death, this approach cannot reveal the difference between
bactericidal and bacteriostatic effects (131). The agar-well-diffusion method is also widely used to test the
antimicrobial ability of extracts from plants or microbes. Agar well diffusion also requires a volume of
tested microbes to be spread on the agar plates first. Then, a hole with a diameter of about 6 mm is made
by using a sterile cork borer or a tip. About 20-100 pL of the extract solution will be filled into the hole.
The agar plates are incubated at a certain temperature for a time based on the microbial inoculum. After
incubation, the extract solution diffuses in the agar, and an antimicrobial inhibition zone is generated. The
antimicrobial ability can be evaluated based on measuring the diameter of the inhibiting zone (131). The
spot-on-lawn method is widely used to assess the antimicrobial effect of microorganisms. First, the
overnight fresh bacterial culture is prepared and added to about 5 ml of 0.75% soft agar. The soft agar
mixed with bacterial culture is pulled onto an agar plate. Once the soft agar is solidified, 10 pl of fresh
overnight antagonistic culture or 2-5 pl of supernatant are spotted on the double-layer agar plate. The agar

plate is incubated at a certain temperature and time. After incubation, the antimicrobial inhibiting zone
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can be observed. The antimicrobial effect can be evaluated by measuring the diameter of the inhibiting
zone (132, 133).

Based on the culture-dependent methods of antagonist isolation and antagonistic activity
determination, an increasing number of antagonists have been isolated and identified from fresh produce
and fermented vegetable sources that demonstrate antimicrobial activities against foodborne pathogens.
Lopez-Velasco et al. (2012) first plated fresh spinach homogenates onto R2A media and randomly picked
1512 isolated colonies after incubating at 25 °C for 48 h (128). Afterwards, the spot-on-lawn method was
employed to determine the inhibitory abilities of potential bacterial isolates against E. coli O157:H7.
Briefly, 100 pl of E. coli O157:H7 at 6 Log CFU/mI were plated on the R2A plates. The isolated fresh
spinach colonies were transferred onto the R2A plates with E. coli O157:H7 lawns using sterile
toothpicks. After incubation at 25 °C for 48 h, the isolates generating inhibition zones with diameters
greater than 5 mm were considered as antagonist with active antagonism against E. coli O157:H7. The
antagonist isolates were then identified based on 16S rRNA gene sequence using amplified fragments
with 16S rRNA gene primers (27f and 1392r). In total, 23 species were identified, including
Stenotrophomonas maltophilia, Rhodococcus spp., Pseudomonas spp., P. rhodesiae, P. koreensis, P.
fluorescens, Pantoea agglomerans, Paenibacillus polymyxa, Microbacterium phyllospherae, M.
oleivorans, Kaistia spp., Frigobacterium spp., Flavobaterium spp., Erwinia rhapontici, E. persicina,
Curtobacterium herbarum, Brevundimonas vesicularis, Bacillus spp., B. pumilus, B. cereus, Arthrobacter
spp., Aeromonas encheleia, and Acinetobacter calcoaceticus.

Tinrat and Sedtananun (2022) isolated lactic acid bacteria (LAB) from pickled cabbage, canned
pickled cabbage, kimchi, and pickled bamboo shoots (134). The homogenized samples were inoculated
on deMan, Rogosa and Sharpe (MRS) agar using the pour-plating method. After incubation at 37 °C for
48 h, 40 colonies with different morphologies were picked and streaked on MRS to purify cultures.
Subsequently, the agar-well-diffusion method was applied to test the antimicrobial activity of the isolates

against E. coli ATCC 25922. Briefly, the overnight E. coli culture was adjusted to obtain a cell

20



concentration at approximately 8 Log CFU/ml in 0.75% soft tryptic soy agar (TSA). The soft agar was
then poured onto 1.5% TSA agar plates. Supernatants of overnight isolates in MRS broth (80 pl) were
added into the 5 mm in diameter agar well made by a cork borer. After incubation at 37 °C for 24-48 h,
the diameters (mm) of inhibition zones around the wells were measured. The supernatants of isolates
having inhibition zones with diameters greater than 1 mm were considered as lactic acid bacteria (LAB)
with positive antagonistic activity against the E. coli strain. The LAB isolates were identified using 16S
rRNA gene sequencing based on the PCR amplicons using the universal oligonucleotide primers (UFUL
and URUL) (134). After sequencing data analysis, Rummeliibacilus pycnus SCTB112 and R. stabekisii

B1-37c-21 were identified.

Lactic acid bacteria

LAB are genetically diverse group in the Firmicutes phylum that produce lactic acid as a result of
fermentative energy conservation metabolism. The five core genera are Lactobacilli, Lactococcus,
Leuconostoc, Pediococcus, and Streptococcus. LAB also include Weissella, Carnobacterium,
Enterococcus, Oenococcus, Sporolactobacillus, Tetragenococcus, Aerococcus, and Vagococcus (135).
Certain Lactobacillus and Lactococcus species are considered generally recognized as safe (GRAS),
which means they can potentially be applied as biological control agents in the food industry (136). LAB
are major components of antagonistic bacteria, with their major characteristic being the generation of
antimicrobial compounds, including organic acids, hydrogen peroxide, carbon dioxide, bacteriocins,
antifungal peptides, and redox potential (137, 138). Based on these properties, homofermentative LAB
can produce lactic acid as the major metabolite to lower the pH of the environment for outcompeting
other bacteria, including foodborne pathogens, while heterofermentative LAB can produce multiple
metabolites, including lactic acid, ethanol, acetic acid, and carbon dioxide (139). The production of
carbon dioxide can create an anaerobic environment to inhibit aerobic microbes, and generated ethanol

potentially acts to denature proteins of the microbial cells until inactivating the microbes (138).
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Several reviews have summarized LAB isolated from food products that negatively impact the
survival or the growth of common foodborne pathogens (124, 138, 140), including E. coli O157:H7,
Listeria monocytogenes, and S. enterica. For E. coli O157:H7, Ibrahim et al. (2021) summarized that
Weisella halotolerans, Pediococcus pentosaceus, Pediococcus spp., Acidilactici spp., Leuconostoc
mensenteroides, Limosilactobacillus reuteri, Lactobacillus helveticus KLDS 1.8701, Lactobacillus
paraplantarum, Lacticaseibacillus paracasei, Latobacillus coryniformis, Levilactobacillus brevis,
Lactobacillus sakei, Lactiplantibacillus plantarum, and Lactobacillus curvatus reduced the level of E.
coli O157:H7 (140-144). For L. monocytogenes, Ibrahim et al. (2021) presented Weisella halotolerans,
Pediococcus pentosaceus KTU05-8, KTU05-9, and KTUO05-10, Leuconostoc mesenteroides,
Limosilactobacillus reuteri, Lactobacillus helveticus KLDS 1.8701, Lactiplantibacillus plantarum CC10,
Lactobacillus paraplantarum, Lacticaseibacillus, Lactobacillus coryniformis, Levilactobacillus brevis,
Lactobacillus curvatus, Lacticaseibacillus paracasei IMC 502, Lacticaseibacillus rhamnosus IMC 501,
Lactobacillus sakei KTUO5-6, and Enterococcus faecium QPII presented inhibitory activities (140, 141,
145, 146). In addition, Webb et al. (2022) (138) summarized that Lactococcus lactic spp. lactis (147),
Lactococcus lactis subsp. cremoris FT27 (148), Enterococcus faecalis (149), Lactococcus psicium
EU2241 (150), and Carnobacterium piscicola CS526 (147) could reduce the level of L. monocytogenes
on different food matrices, including dairy and cheese, meat products, and fish products. For S. enterica,
Ibrahim et al. (2021) (140) reported that Limosilactobacillus reuteri had an antimicrobial effect on S.
Enteritidis; and Lactobacillus helveticus KLDS 1.8701, Levilactobacillus brevis CM22, and Pediococcus
pentosaceus CM16 showed antagonism against S. Typhimurium (141, 143, 151, 152).

A review by Khubber et al. (2022) (124) addressed LAB roles in fermentation or safety control in
fruit and vegetable products. Firstly, Weissella koreensis, Weissella cibaria, Leuconostoc mesenteroides,
and Latilactobacillus were found in fermented kimchi, which generated lactic acid, succinic acid, and
phenyl lactic acid to inhibit multiple foodborne pathogens, including E. coli O157:H7, S. Enteritidis, S.
Typhimurium, and Staphylococcus aureus (153). Secondly, Apilactobacillus kunkeei, Leuconostoc
mesenteroides, Pediococcus pentosaceus, Lactobacillus brevis, and Lactiplantibacillus plantarum were
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isolated from common purslane, which could inhibit E. coli and Bacillus megaterium (154). Thirdly,
Lactiplantibacillus plantarum was isolated from mulberry juice, apple juice, and pomegranate juice (155—
157). In addition, Lactobacillus acidophilus and Lacticaseibacillus paracasei were isolated from
mulberry juice; Lactobacillus helveticus, Lacticaseibacillus. casei, Lacticaseibacillus paracasei, and
Lactobacillus acidophilus were isolated from apple juice (155, 156). However, the antimicrobial abilities
of these LAB against foodborne pathogens were not evaluated. In a study from Siroli et al. (2015), 39
LAB strains were isolated from minimally processed apples and lamb’s lettuce, and the inhibitory activity
against E. coli, S. Enteritidis, and L. monocytogenes were evaluated (158). Lactobacillus plantarum CIT3
and Lactobacillus paracasei M3B6 and were selected as biological control methods for the sliced apples;
the Lacticaseibacillus casei V4B4 and Lactiplantibacillus plantarum V7B3 were chosen as biological
control methods for the minimally processed lamb’s lettuce. The apples and lettuce were treated by
dipping into the solution with 7 Log CFU/mI of each LAB and 3 Log CFU/mlI of each pathogen (E. coli
and L. monocytogenes) and stored at 6 °C for up to 16 days. The results showed that the sliced apples
treated with CIT3 reduced by approximately 0.8 Log CFU/g of E. coli and L. monocytogenes after 7 days
and 16 days compared to the pathogen controls, respectively. For the lettuce, only V7B3 inhibited about 1
Log CFU/g of L. monocytogenes after 9 days compared to the L. monocytogenes control. The results
indicate that the antimicrobial activity of LAB against foodborne pathogens in produce is affected by the

produce types and LAB strains.

Non-LAB antagonists in food products

In addition to LAB, an increasing number of studies have focused on investigation of non-LAB
conferring antagonistic activities against foodborne pathogens, their advantages of improving food
quality, and their health benefits to hosts. Among the non-LAB, spore formers, e.g., Bacillus and
Clostridium, are the main genera that contain members generating antimicrobial substances to inhibit
foodborne pathogens. Since the spores have the properties of resistance to heat, low water activity, or
high acidity, these bacteria are relatively more persistent in harsh environments (159). Bacillus as a gut
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commensal genus contains some probiotic strains that have been used for humans and animals. The
human-use Bacillus members include B. cereus, B. subtilis, B. pumilus, B. indicus, B. mesentericus, B.
coagulans, B. clausii, B. licheniformis, and B. polyfermenticus, and the animal-use Bacillus members
include B. cereus, B. subtilis, B. licheniformis, and B. coagulans (160, 161). Although some B. cereus
strains have been used as probiotic feed additives to reduce pathogens in animal guts, some strains can
cause foodborne illness in humans due to generation of enterotoxins (160). Clostridium butyricum is also
a common human and animal gut commensal species. However, some strains are pathogenic as they can
produce infant botulism and necrotizing enterocolitis (162). C. butyricum CM588 and UBCB-70 have
been used as two commercial probiotic products in the food industry. The main safety concern of
applying Bacillus and Clostridium is the potential for toxin generation. Although these probiotic strains
have been tested without direct toxin production, the toxin genes may be transferred through horizontal
gene transfer into other bacteria (162, 163). Several studies have shown that some strains of Bacillus spp.
isolated from fresh produce had antimicrobial activities against foodborne pathogens (Table 7), reflecting
their potential application as biological control agents in the food industry. Lopez-Velasco et al. (2012)
isolated Bacillus pumilus from fresh spinach. After 24 h at 25 °C, E. coli O157:H7 populations declined
by 1.15 and 0.88 Log CFU/mI compared to the control when co-cultured with Bacillus pumilus in TSB
broth and on detached spinach leaves, respectively (128). Bacillus subtitlis LCAL isolated from lettuce
and mung bean seeds (117) reduced populations of S. enterica and enterohaemorrhagic E. coli by 1.4 and
2.0 Log CFU/qg, respectively, compared to the control in mung bean seeds after 5 days at 22 °C.

In addition to Bacillus and Clostridium, E. coli and Propionibacteria have been reported to be
applied as CE bacteria to inhibit foodborne pathogens (164, 165). E. coli Nissle 1917 (EcN) was reported
to inhibit the biofilm formation of several pathogens, including enterohemorrhagic E. coli (EHEC),
Pseudomonas aeruginosa, Staphylococcus aureus, and S. epidermidis. DegP, a bifunctional (chaperone
and protease) periplasmic protein, was identified as the key factor to inhibit EHEC biofilm formation

(164). Propionibacteria freudenreichii originating from dairy products is the only commercial probiotic
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species, including P. freudenreichii W200 and P. freudenreichii ET-3. Yuksekdag et al. (2014) reported
that P. freudenreichii have strong antagonistic activity against E. coli ATCC 11229 (165). Lopez-Velasco
et al. (2012) isolated other non-LAB from fresh spinach, including Stenotrophomonas maltophilia,
Rhodococcus spp., Pseudomonas spp., P. rhodesiae, P. koreensis, P. fluorescens, Pantoea agglomerans,
Paenibacillus polymyxa, Microbacterium phyllospherae, M. oleivorans, Kaistia spp., Frigobacterium
spp., Flavobaterium spp., Erwinia rhapontici, E. persicina, Curtobacterium herbarum, Brevundimonas
vesicularis, Arthrobacter spp., Aeromonas encheleia, and Acinetobacter calcoaceticus (128). All the
antagonists presented certain antagonistic activities against E. coli O157:H7 when co-cultured in TSB at
25 °C after 48 h. Pseudomonas graminis CPA-7, isolated from apple surface, exhibited strong antagonism
against E. coli O145:H7, L. innocua, and S. enterica in both fresh-cut apples and peaches after 2 days at

20 °C (170) (Table 7).

Reviews of isolation of antagonistic bacteria in fresh produce

Although previous reviews have summarized numerous antagonistic bacteria including LAB and
non-LAB isolated from different sources and applied to various food products (111, 118, 124, 125, 139,
140, 166), only a few antagonists were reported to be isolated from fresh produce sources, and their
antimicrobial effects against foodborne pathogens were evaluated (158, 167). This review summarizes the
studies published during the past decade (2010-2022), mainly focusing on investigating the antagonistic
activities of antagonistic strains against foodborne pathogens in fresh produce. The paper search was
carried out on the Web of Science based on the following criteria: “(Competitive exclusion OR bacterial
antagonism OR bacterial interference OR antagonistic) AND (Salmonella OR Listeria monocytogenes
OR Escherichia coli 0157:H7 OR STEC) AND (Fresh produce OR vegetables OR fruits).” The years
were specified as from 2010 to 2022. In total, 80 papers were searched. After reading through all
contents, 15 studies fit the topic and were reviewed. Table 7 shows that various antagonistic cultures,

including LAB and non-LAB, that were isolated from various food sources such as spinach, apples,
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peaches, pineapples, sourdough, fermented vegetables, fresh-cut vegetables, sprouts, mung bean seeds,
lettuce stems, curd, cow dung, Ginkgo biloba L., vegetable seeds, and Amazonian acai fruits. To
investigate the antagonistic effects of these isolated antagonistic bacteria on foodborne pathogens, the
isolated antagonists were co-inoculated with different foodborne pathogens (E. coli, E. coli 0157:H7, S.
enterica, L. innocua, L. monocytogenes, S. Enteritidis, S. aureus, B. cereus, P. aeruginosa, Proteus
vulgaris, S. Typhi, Serritia spp., Xanthomonas campestris, S. Typhimurium, and S. Paratyphi) on
different types of fresh produce.

Among the isolated antagonistic bacteria, some LAB have been reported, including L. plantarum,
L. fermentum, L. brevis, L. rhamnosus, and Pediococcus pentosaceus. Most of these LAB had been
widely summarized in previous reviews, except for L. fermentum, Rummeliibacillus pycnus STR 0103f,
and Rummeliibacillus stabekisii STR 0404f. Russo et al. (2014) presented that L. fermentum had stronger
antagonistic effects against L. monocytogenes than L. plantarum, reducing by 2 versus 1.1 Log CFU/g of
L. monocytogenes in pineapples stored at 5 °C after 7 days, but L. fermentum had no inhibitory activities
on E. coli O157:H7 (129). A study (168) conducted by Russo et al. (2015) compared the antagonistic
effects of 8 Log CFU/g of L. plantarum B2 and L. fermentum PBCC11.5 on inhibiting against 4 Log
CFU/g of inoculated L. monocytogenes in fresh-cut cantaloupes stored at 4 °C for 9 days. L.
monocytogenes populations declined by 2 and 3 Log CFU/qg, respectively, when co-cultured with L.
plantarum B2 and L. fermentum PBCC11.5. Addition of LAB to fresh vegetables or fruits reduced
pathogens by1-3 Log at the end of storage under different conditions (Table 7). Tinrat and Sedtananun
(2022) (134) isolated Rummeliibacillus pycnus STR 0103f, and Rummeliibacillus stabekisii STR 0404f
from fermented vegetable products, which exhibited the broad inhibitory spectrum against both Gram-
negative pathogens, including E. coli ATCC 25922, Klebsiella pneumoniae, Pseudomonas aeruginosa
ATCC 27853, S. Typhimurium ATCC 13311, S. Paratyphi A, and Gram-positive pathogens, including
Bacillus cereus DMST 5040, B. subtilis, and Staphylococcus aureus ATCC 25923 (134).

In addition to LAB antagonists, Table 7 illustrates various non-LAB antagonists isolated from
various food sources that could inhibit different foodborne pathogens. Bacillus cereus, B. pumilus, and B.
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subtilis with antagonistic activities against pathogens have been reviewed by Yeni et al. (2021) (125). The
rest of non-LAB antagonists consist of diverse species. Especially in a study conducted by Lopez-Velasco
(2012), 23 species were reported to be isolated from fresh spinach, which reduced E. coli O157:H7 on
spinach leaves by 0.26-1.29 Log CFU/g after 24 h at 25 °C compared to the control (128). Among these
non-LAB antagonistic species, the Pseudomonas genus had the most species, including Pseudomonas
fluorescens, P. koreensis, P. rhodesiae, and Pseudomonas spp., followed by Bacillus with three species.
Species from the Pseudomonas genus were also reported in other studies, including P. graminis CPA-7
(126, 169, 170), Pseudomonas sp. strain M309 (70), P. flavescens and P. orientalis (171). In comparison
with the antagonistic activities of LAB antagonists against pathogens, non-LAB antagonists generally
showed stronger inhibitory effects on different pathogens. For example, Alegre et al. (2013) showed that
P. graminis CPA-7 could reduce the levels of E. coli O157:H7, S. enterica, and L. innocua by 4.5, 4.7,
and 5.9 Log units, respectively, after 2 days at 20 °C (126). Based on these studies, the antagonistic
effects of antagonists against pathogens were impacted by antagonistic species, storage temperatures,

storage time, fresh produce types, initial inoculation levels, and pathogen species.

Antagonist mechanisms

Antagonistic bacteria elicit multiple mechanisms for antagonistic activity against foodborne
pathogens in fresh produce. These mechanisms include: competing for attachment sites; competing for
limiting nutrients; and producing antimicrobial substances (e.g., bacteriocin) (Figure 1). Antagonistic
bacteria use individual or combinations of the modes to interact with foodborne pathogens on/in fresh
produce. The wise exploitation of these mechanisms of microbial interference may be beneficial to

produce safety and quality, the food industry, human and animal health, and the economy.

Competition for limiting nutrients
Antagonists can inhibit the pathogens in fresh produce by competing for nutrients, including
carbohydrates, vitamins, and minerals, to support their survival or growth. Normally, the nutrients on
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fresh produce surfaces are relatively limited. The competition between antagonists and pathogens depends
on fresh produce variety, antagonistic species, and pathogen species. For example, Lima et al. (1999)
reported that the antimicrobial activity of some antagonistic microbes against foodborne pathogens was
more effective on citrus than on strawberries (172). Janisiewicz et al. (2000) developed a non-destructive
method using a plate filled with tissue culture including antagonists with cylinders inserted in the wells
(173). A cylinder contains a membrane at the bottom to allow tissue culture movement but excludes the
antagonist. Poppe et al. (2003) applied this method to investigate the impact of tissue culture with low and
high nutrients on the inhibitory activity of Pantoea agglomerans CPA-2 against Penicillium spp. (174).
The results showed that CPA-2 could inhibit the conidia germination in tissue culture at low nutrient but
not higher nutrient concentrations, which suggests that CPA-2 consumed the nutrients from the tissue
culture, probably including nitrogen, oxygen, amino acids, or vitamins, to prevent the survival or growth
of foodborne pathogens. Otherwise, the tissue culture with high nutrient concentration would support
sufficient nutrients for both CPA02 and conidia. In addition, Yu and Lee (2015) applied Pseudomonas
putida JBC17 (JBC17) to treat wounded mandarin fruits to suppress the incidence of Penicillium
digitatum through nutrient competition and identified the involved genes (175). The results of the nutrient
competition assay showed the inhibition of conidial germination by JBC17 was caused by nutrient
starvation. The construction of the transposon library of JBC17 identified ppx and pepP genes can encode
exopolyphosphatase and Xaa-Pro aminopeptidase, respectively, which were related to the inhibition of

conidial germination.

Competition for attachment sites

For the competition between antagonistic bacteria and foodborne pathogens for attachment sites,
antagonistic bacteria can displace the foodborne pathogens previously attaching on the sites of fresh
produce surfaces or they can co-attach on the same sites (111, 166). Collado et al. (2007) have confirmed
that Lactobacillus rhamnosus GG, L. rhamnosus LC705, Bifidobacterium breve 99 and
Propionibacterium freudenreichii ssp. shermanii JS could displace pathogens colonizing on the mucosal
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surface of the human intestine (176). The motility of antagonistic bacteria is a factor impacting
competition with foodborne pathogens for the binding sites and nutrients from fresh produce. The
antagonist with highly motile cells can reach the attachment sites and nutrients more efficiently (177).
Thus, the property of high motility of bacteria should be taken into consideration during the antagonist
selection. During the competition for binding sites, antagonistic bacteria can alter the competing
environments, e.g., lactic acid bacteria can lower pH level, making a harsh environment for foodborne
pathogen growth in foods (178). In addition, Valeriano et al. (2016) reported that Lactobacillus mucosae
LM1 and Lactobacillus johnsonii PFO1 shared carbohydrate-binding sites with several enteric pathogens,
such as E. coli K88 and S. Typhimurium KCCM 40253 (179). Thus, the LAB can compete with specific
pathogens for the host binding receptor sites. Kawai and Akira (2009) reported that microbe-associated
molecular patterns may be expressed by LAB, which matches with the trans-membrane host pattern
recognition receptors, e.g. Toll-like receptors, so as to exclude competitors (180). Generally, antagonistic
bacteria can apply steric hindrance to occupy pathogen receptor sites as a way to inhibit the adherence of
foodborne pathogens (181). Additionally, antagonistic bacteria can produce certain proteins to degrade
carbohydrate receptors or form biofilm or biosurfactants to inhibit the attachment of pathogens to host

cells (182).

Production of antibacterial substances

Antimicrobial proteins, including antibiotics, bacteriocins, and colicins, are generated by some
antagonistic bacteria, which can inhibit foodborne pathogens in fresh produce (Yang et al., 2014).
Antagonistic bacteria also can generate a variety of antimicrobial substances that inhibit Gram-negative
and Gram-positive bacteria. The antimicrobial substances include organic acids, hydrogen peroxide, and
bacteriocin. The organic acids generated by antagonistic bacteria mainly include lactic acids and acetic
acids, which can establish a low pH environment to inhibit the growth of foodborne pathogens, especially
Gram-negative pathogens sensitive to low pH (183). Pathogen cells can accumulate the organic acids,
which leads to gradual pH reduction in the cytoplasm and cell death at certain points (183). The
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bacteriocins generated by antagonistic bacteria are antimicrobial proteins or peptides, which can be
classified into low-molecular-weight bacteriocin (< 1,000 Da) and high-molecular-weight bacteriocins (>
1,000 Da) (166). Many bacteriocins have narrow antimicrobial activity. Most bacteriocins only have
antimicrobial effects on Gram-positive bacteria (e.g., nisin active on L. monocytogenes), but some LAB
bacteriocins can inhibit both Gram-negative and Gram-positive bacteria. For instance, Cleusix et al.
(2008) reported that Lactobacillus reuteri ATCC 55730 generated reuterin (3-hydroxypropionaldehyde)
with a wide antimicrobial spectrum against Gram-negative and Gram-positive bacteria (184). In addition,
bacteriocins produced by non-LAB bacteria have been reported and investigated, including variacin,
cerein 8A, microcins, and colicins (111). Microcins are small antimicrobial peptides that can inhibit
Gram-negative bacteria. Pomares et al. (2009) reported that Microcin J25 had an inhibitory effect on E.
coli 0157:H7, Shigella spp., and S. enterica. A chymotrypsin-susceptible Microcin J25 mutant was
developed and could be used as a bio-preservative agent to mitigate Gram-negative pathogens in foods
(185).

In summary, due to the limitations of physical and chemical antimicrobial approaches, demand
has been increasing in the past decade for natural biocontrol methods to inactivate foodborne pathogens in
fresh produce. Antagonistic bacteria can be isolated from numerous food sources, including fresh
vegetables, fruits, or plants. The isolated antagonistic bacteria can be classified into the LAB group and
the non-LAB group. The LAB antagonists have been widely investigated, and their mode of action has
been addressed in a relatively clear fashion. Throughout the summary of studies on investigating the
antagonistic effects of antagonistic bacteria against foodborne pathogens in fresh produce, the LAB
antagonists presented a limited inhibitory effect on pathogens, while the non-LAB antagonists showed
high diversity in food sources and stronger antagonistic activities against foodborne pathogens. Thus,
future studies may focus on deeply investigating the mode of action of the non-LAB antagonists,
evaluating their safety after application in fresh produce, and improving their pathogen-inactivating
strength by combining with other physical, chemical, or biological strategies. The antimicrobial ability of
a antagonist cocktail containing multiple strains against foodborne pathogens could also be explored. In
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addition, the potential for antimicrobial resistance of foodborne pathogens induced by antagonistic

bacteria should be considered.
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Part 4. Bacterial communities in fresh vegetables during the postharvest

Introduction

Fresh produce harbors various microbial communities on the phyllosphere as epiphytes and
within the leaf as endophytes (186). The microbial communities play essential roles in affecting fresh
produce safety and quality as they may contain foodborne pathogens, spoilage microbes, and/or
antagonistic microorganisms that can inhibit external foodborne pathogens (187). The antagonists
potentially can be applied as biological control measures to reduce the risk of fresh produce
contamination during the produce supply chain. Although many studies have isolated antagonists from
different kinds of fresh produce by using culture-dependent approaches (127, 134, 188-190), a large
number of potential antagonists may not be identified and isolated currently, as only approximately 1% of
microbes are culturable (191). Thus, understanding the composition and diversity of fresh produce
microbiota and the interactions between microbes and/or microbes and hosts is critical knowledge to
facilitate the exploration of effective biocontrol strategies for improving fresh produce safety and quality.
The composition and diversity of fresh produce microbiota can be impacted by various factors, such as
soil types, irrigation water, farming practices, environmental temperatures, relative humidity, produce
types, cultivars, handling, wash processing, sanitizer types, waxing, storage temperatures, storage time,
and/or pathogen contamination (81, 186, 192-197).

In the past decade, with the development of DNA sequencing technologies and bioinformatic
tools for producing, processing, and analyzing microbiota data, research on profiling microbial
communities in various kinds of fresh produce increasingly has been reported. Several previous reviews
have summarized profiles of microbial communities in fresh fruits and vegetables and dynamic changes
in microbial composition and diversity during the preharvest and postharvest stages (187, 198-200).
Gorni et al. (2015) reviewed studies related to microbial communities in fresh-cut fruits and vegetables
published from 2012-2015 (198). This review summarized the main technologies applied to profile the

microbial communities in different types of fresh-cut produce. However, only seven studies related to
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microbial communities of fresh-cut fruits and vegetables were reviewed (192, 193, 201-205). All these
studies applied the Roche 454 Pyrosequencing platform to sequence amplicons based on different primers
of the 16S rRNA gene. Kusstatscher et al. (2020) reviewed research published from 2015-2020
investigating microbial communities in fresh fruits and vegetables during postharvest and their
importance in fresh produce quality and safety (187). He summarized the key information for developing
biological control against foodborne pathogens in fresh produce and storability of fresh produce. Among
the 23 studies evaluated, 20 were related to investigating fruit microbiota during postharvest, and three
were associated with vegetable microbiota. Droby and Wisniewski (2018) and Zhang et al. (2021)
summarized the research related to fruit microbiotas and stated that the fruit microbiota contains
beneficial microorganisms that could be used for biological control of postharvest diseases (199, 200).
Fruit microbiota research can enhance our understanding of the postharvest microbial communities
playing an important role in the health and physiology of postharvest fruit. Advances in DNA and RNA
sequencing techniques, e.g., meta-omics, can facilitate deeper investigation of gene expression, proteins,

and metabolites of microbial communities present in fresh produce during the preharvest and postharvest.

High-throughput Sequencing

Traditionally, classic methods include selective culture media, colony morphology, Gram
staining, and biochemical tests applied for identifying specific bacterial species (206). Despite being
widely applied, these methods only identify a limited number of microorganisms, as only an approximate
1% of microbes are cultured currently (191). Culture-independent methods for investigating microbial
communities have advanced remarkably during the past decade. Advanced high throughput sequencing
(HTS) technologies, also known as next-generation sequencing (NGS), have been developed and
employed for investigating the structures and functions of microbial communities. The main
improvements are metabarcoding and metagenomics (198). The HTS can be carried out on various
sequencing platforms, such as Roche 454, lon torrent, lllumina, and PacBio (207), by reading each
nucleotide of amplicons or fragments of whole genomes to efficiently generate sequencing data. After
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processing and analysis of the sequencing data, whole microbial communities in samples can be profiled
at different taxonomic levels.

Metabarcoding, also known as amplicon sequencing, generally contains 16S/18S rRNA gene
sequencing and ITS region sequencing, in which the selected regions of the DNA extracted from samples
are amplified and sequenced (208, 209). The raw sequences are clustered into operational taxonomic units
(OTUs) at 97% similarity or amplicon sequence variants (ASVs) with corresponding abundances.
Thereafter, the OTUs are assigned to the taxonomic reference databases (Silva, Greengenes, OTT, RDP,
or NCBI) for taxonomic identification (210). Metabarcoding approaches have been widely applied to
profile the microbial communities in fresh fruits and vegetables (186, 192, 193, 202). Due to the relatively
short read length (200-500 bp), however, the resolution for taxonomic identification of amplicon
sequences is limited to the genus level (211).

Metagenomic sequencing is a method to sequence the total DNA extracted from a sample. The
metagenomics procedure includes DNA extraction, library preparation, sequencing, assembly or binding,
and taxonomic annotation (212). Compared to the metabarcoding method, metagenomics provides a
higher resolution of microorganism identification, which can reach the species level (213). In addition,
the functions of microbes, co-occurring networks between microbes or microbes and hosts, or single
nucleotide polymorphisms (SNP) linked to antibiotic resistance can be identified (214, 215). Ottesen et al.
(2013a) reported applying the metagenomic sequencing method to investigate the microbial communities
in different anatomical niches of tomato plants including flowers, top leaves, tomatoes, stems, bottom
leaves, and roots (203). In addition, Ottensen et al. (2013b) applied the shotgun sequencing approach for
detecting Salmonella to address microbial communities in tomatoes before and after enrichment (216).
However, the application of this method in studying fresh produce microbiota is still rare because of the
higher cost of library preparation and sequencing as well as more complex sequencing data analyses
compared to metabarcoding methods.

Since the realization that fresh produce harbors beneficial microorganisms and the development
of high throughput sequencing, studies on investigating the structures of fresh produce microbiota and
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their functions have indicated that microbial communities play essential roles in produce health and
physiology. To deeply explore the functions of fresh produce microbiota on safety and quality, meta-
omics (including metagenomics, metatranscriptomics, metaproteomics, and metabolomics) are just
recently being applied in studies of postharvest fresh produce (217). This will extensively increase our
understanding of interactions between microorganisms and/or microbes and hosts at the levels of
genomics, transcriptomics, proteomics, and metabolomics. Metatranscriptomic sequencing is applied to
investigate the gene expression of microbial communities under different conditions. This method follows
a similar workflow as the metagenomic sequencing approach but targets mRNA instead of the total DNA,
which includes RNA extraction, rRNA removal, and reverse transcription into cONA (complementary
DNA), cDNA sequencing, taxonomic profiling and quantification, and functional profiling and
guantification (218). In addition, metaproteomics and metabolomics are employed to investigate the
changes in proteins and metabolites produced by microbial communities under different conditions,
respectively (219, 220). The workflow of metaproteomics includes protein extraction, protein digestion,
peptide separation, mass spectrometer analysis, protein assembly, and functional analysis (221). The
metabolomics workflow follows metabolites extraction, data acquisition, identification of metabolites,
and pathway analysis (222).

Based on these review papers, research profiling the structures of fresh fruits and the key factors
impacting the fruit microbiota published during the past decade has been well summarized. The summary
for fresh vegetable microbiota profiles and factors, by contrast, is still lacking. Thus, | summarized the
profiling of microbial communities in different types of fresh vegetables during postharvest, key factors
influencing the composition and diversity of fresh vegetables, interactions between fresh vegetable
microbiota and pathogenic bacteria and/or spoilage bacteria, and indicators identified as being associated
with contamination and/or spoilage of fresh vegetables. In addition, the current sequencing techniques,

sequencing data platforms, and differential abundance analysis approaches were summarized.

Bacterial communities of fresh vegetables
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Over the past 10 years, research investigating the microbial communities association with fresh
vegetables can be classified into three stages. The first stage is profiling of the fresh produce microbiota,
which is about the observation-based question, “Who is there?”” The second stage is monitoring the
changes in composition and diversity of microbial communities in fresh produce, which is related to the
question “What are they doing?”” The third stage, exploring the interactions between microbes and
microbes and/or microbes and their hosts, is associated with the question “How will they respond?” (223).
This review summarizes studies related to investigating bacterial communities of fresh vegetables that
were published from 2010 to 2022. The published papers were collected from the Web of Science
platform following criteria such as “(Fresh produce OR vegetables) AND (Microbiome OR Microbiota
OR Bacterial communities) AND (Postharvest OR Foodborne pathogens).” In total, 133 articles were
searched. After the filtration of papers that did not match the topic, 12 papers were obtained. An
additional 12 papers related to bacterial communities associated with fresh vegetables were obtained from
references in those papers. Therefore, 24 papers were reviewed in total.

Table 8 shows all studies that profiled the bacterial communities in various fresh vegetables,
including alfalfa sprouts, broccoli, cucumber, cilantro, fresh herbs, iceberg lettuce, mungo bean sprouts,
mushroom, perilla leaf, Romaine lettuce, spinach, radish sprouts, rapeseed sprouts, rocket salad, sugar
beet, sweet pepper, and spring mix salad. Most fresh vegetables shared similar dominant phyla, mainly
containing Proteobacteria, Bacteroidetes, Firmicutes, and Actinobacteria. Proteobacteria (with relative
abundances ranging from ca. 25% to 99%) were almost always the most dominant phyla across all the
types of vegetables, except for the fresh herbs (ca. 13% to 84%). In fresh herbs, Firmicutes was the
dominant phyla, which may be an indication that the physical structure, physiological properties, and
chemical release of fresh herbs allow the Firmicutes to dominate. Although the bacteria at the phylum
level were similar across fresh vegetables, the composition of bacterial communities at the genus level
varied dramatically. For example, Asakura et al. (2016) illustrated that Pseudomonas, Paenibacillus, and
Pantoea had the most relative abundance in radish sprouts (194). In a study by Kim et al. (2018),
Pseudomonas, Hafnia, and Acinetobacteria were the top three most abundant genera (224). Mamphogoro
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et al. (2020) noted that Acinetobacter, Pseudomonas, and Burkholderia dominated the bacterial
communities of green sweet pepper (225). Gu et al. (2022) reported that fresh Romaine lettuce harbored
Pseudomonas, unclassified Leuconostocaceae, and Weissella as the top three most abundant genera (197).
Even for the same type of fresh vegetables, depending on the study, the dominant bacterial communities
at the genus level presented large differences. The top three dominant genera in fresh spinach reported by
Lopez-Velasco et al. (2011) included unclassified Enterobacteriaceae, Pseudomonas, and unclassified
Oxalobacteraceae (192). Gu et al. reported that Pseudomonas, Acinetobacter, and Flavobacterium
dominated the bacterial communities addressed in their study (75). Similarly, remarkable variances in the
dominant genera were observed in the studies profiling Romaine lettuce microbiota (81, 197, 226). The
differences in the most abundant bacterial communities of the same fresh vegetable from different studies
indicate that the composition and diversity of bacterial communities are affected by various factors in

addition to the type of fresh vegetable.

Key factors impacting bacterial communities in fresh vegetables

The effect of environmental biotic or abiotic factors, such as soil types, farming practices,
cultivation strategies, the washing process, sanitizer types, and fresh produce types, on the composition
and diversity of bacterial communities in fresh fruits and vegetables have been extensively investigated
during the past decade. A previous review published by Zhang et al. (2021) summarized factors impacting
the microbial communities of fresh fruits (200). These factors covered climate (e.g., rainfall),
environment (e.g., soil), genetics, maturation (e.g., ripening and senescence), cultivar, tissue type,
hormone, and management practices (e.g., sanitation and storage). Studies carried out by Abdelfattah et
al. (2018) and Wassermann et al. (2019) showed that the composition of microbial communities of fruits
was shaped by the growth environment and management practices (227, 228). Abdelfattah et al. (2016)
reported remarkable differences in alpha and beta diversities between organic and conventional apples
(229). In addition, different parts of organic apples presented unique microbes. The impact of farming
practices (organic and conventional), on fruit microbiota was also addressed in the research from
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Wassermann et al. (2019) (228). For postharvest processing, Abdelfattah et al. have reported the impact
of washing, waxing, and storage conditions on the microbiota in different parts of the apple (stem tips,
peel, and calyx) (230). The tissues from the three parts of apples also played an important role in
determining the diversity and structure of microbial communities. The washing and waxing process for
apples also had a remarkable effect on apple microbiota. In addition, the diversity and composition of
apple microbial communities was strongly altered over different storage times or at different
temperatures. However, a summary of factors impacting the microbial communities associated with fresh
vegetables has not yet been reported. In this review, | summarized key factors influencing the
composition and diversity of bacterial communities, mainly including soil textures, farming practice,
irrigation, type of irrigation water, irrigation time, planting season, harvest time, farm location, cultivar,
leaf maturity, health status, produce type, leaf surface sterilization, inoculation, brand, washing process,
packaging, storage time, storage temperature, and distribution routes. Among these factors, multiple
studies have shown that produce type had the largest impact on the structure of bacterial communities in
fresh vegetables (193, 202, 231-235).

In a 2013 study by Leff and Fierer, the 16S rRNA gene pyrosequencing method was applied to
investigate the impact of produce types (sprouts, spinach, lettuce, mushroom, and peppers) and farming
practice types (organic vs. conventional) on the structures of bacterial communities (193). The
permutational multivariate analysis of variance test results demonstrated that the composition and
diversity of vegetable microbiota were most remarkably affected by produce type, followed by farming
practice. Specifically, the differences in the dominant OTUs for each type of vegetable were illustrated,
including Pantoea sp. and Klebsiella/Raoulterlla for both bean sprouts and spinach; Acinetobacter sp. for
alfalfa sprouts; Xanthomonas sp., Pantoea sp., Pectobacterium sp., Leuconostoc sp., and
Janthnobacterium sp. premonent for lettuce; Pseudomonas sp. and Pedobacter sp. for mushrooms; and
Pantoea sp. for pepper. Jang et al. (2021) carried out a study to evaluate the influence of three sprout
types (alfalfa, radish, and rapeseed), three brands (A, B, and C), and two distribution routes (offline and
online) on bacterial ecology (235). The alpha and beta diversity analyses showed that sprout type had the
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most effect on the diversity of bacterial communities. When the taxa in the three types of sprouts were
compared, the top three dominant genera for alfalfa sprouts were unclassified Enterobacteriaceae,
Acinetobacter, and Janthinobacterium; for radish sprouts the dominant genera were Chryseobacterium,
Acinetobacter, and Flavobacterium; and for rapeseed sprouts they were Chryseobacterium,
Acinetobacter, and Flavobacterium. In addition to the produce type, storage time showed a significant
influence on the structures of produce microbiota. Lopez-Velasco et al. (2011) monitored the dynamic
changes in structures of bacterial communities in fresh spinach stored at 4 °C or 10 °C for 15 days,
showing that bacterial richness and evenness were reduced after storage (192). The unclassified
Enterobacteriaceae and Pseudomonas had significantly increased after 15 days of storage at both
temperatures. Escherichia were dominant in the bacterial communities in packaged spinach after being
stored at 10 °C for 15 days but not after storage at 4 °C, indicating that storing spinach at 4 °C can
effectively prevent the growth of Escherichia spp. Liao and Wang, 2021 showed that after E. coli
0157:H7 inoculation, the brand factor played the most important role in changing the composition and
diversity of bacterial communities in spring mix salad, compared to the storage factor (81). Based on the
analysis of composition of microbiomes test (236), the relative abundances of 18 bacteria was
significantly influenced by the brand. In Brand A samples, Comamonas, Brochothrix, Dyadobacter,
Psychrobacter, Herminiimonas, Arthrobacter, and Shewanella had the highest relative abundances; Brand
B samples had Saccharibacillus, Cmobacterium, Paenibacillus, Massilia, and Rheinheimera with the
highest relative abundances; while Brand C samples harbored the highest relative abundances of
Methylobacterium, Xanthomonas, Sphingomonas, Alkanindiges, Variovorax, and Aeromonas.

In addition, several studies have investigated the impact of foodborne pathogen contamination on
the structures and diversity of bacterial communities (81, 197, 233, 237), which reflected the interactions
between foodborne pathogens and vegetable microbiota at the perspective of bacterial relative abundance.
Williams et al. (2013) investigated the impact of E. coli O157:H7 inoculation and its surviving cells on

the composition and diversity of bacterial communities in the phyllosphere of Romaine lettuce plants
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(237). The Romaine lettuce plants were inoculated with 7 Log CFU/plant of an attenuated strain of E. coli
0157:H7. Principal coordinate analysis based on Unifrac distances between bacterial communities
showed that both E. coli O157:H7 inoculation and E. coli O157:H7 persistence markedly impacted the
bacterial diversity of Romaine lettuce plants harvested at 14 days post-inoculation. The decrease in E. coli
0157:H7 surviving on lettuce plants might be correlated with the presence of Erwinia. The effect of 6
Log CFU/g of inoculated E. coli O157:H7 and bacterial communities in commercial spring mix salad
homogenates was evaluated during storage at 4 °C for 15 days (81). Since fluctuations of E. coli O157:H7
behaviors were observed on Day 5 and Day 10, samples were classified as E. coli O157:H7 growth group
(G1) and E. coli O157:H7 reduction group (G2). Based on differential abundance analysis with the
Pearson correlation analysis, it was found that Brochothrix, Dyadobacter, Shewanella, Yersinia, and
Methylotenera were positively correlated with G1; and Fusobacterium, Canobacterium, Aeromonas, and
Planomicrobium were negatively correlated with G2. These findings indicate the former may be applied
as indicators of E. coli O157:H7 contamination in spring mix salad, and the latter could be applied as
potential antagonists against the pathogen. However, further isolation and validation of the candidates are
still needed. Based on the above studies, investigating the impact of various environmental factors on
bacterial composition and diversity in fresh vegetables can enhance our knowledge of changes in
microbiota profiles under different conditions, utilizing effective factors to control vegetable safety and

quality, and identifying potential antagonistic bacteria against foodborne pathogens.

Microbiota sequence processing

With the rapid development of DNA sequencing techniques and the decrease in sequencing cost
(238), the sizes of sequencing data have been continuously increasing. To process the high-throughput
sequencing data of microbiota, numerous bioinformatic tools have been developed over the past decades.
In order to process the increasingly massive microbiota sequencing data, the quantitative insights into
microbial ecology (QIIME) method was developed (239). QIIME is an open-source software pipeline to

process the raw amplicon sequencing data (bacterial and archaeal 16S rRNA gene sequence, eukaryotic
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18S rRNA gene sequence, and fungal internal transcribed spacer region sequence) mainly via data
demultiplexing and quality filtering, operational taxonomic unit (OTU) picking, representative sequence
picking, diversity analysis, taxonomic analysis, phylogenetic analysis, and OTU networking analysis.
QIIME supports various microbial community analyses, such as alpha diversity analysis, beta diversity
analysis, phylogenetic analysis, taxonomic analysis, and network analysis. QIIME 1 provides various
graphics to visualize the processed microbiota data (239). However, as of January 1, 2018, QIIME 1 was
succeeded by QIIME 2. More information can be viewed from its website (http://giime.org/).

The QIIME 2 pipeline is an upgraded version of QIIME 1, which has been completely re-
engineered and rewritten and is a reproducible and interactive platform for microbiota data analysis (240).
QIIME 2 was developed based on a large number of plugins contributed by third-party developers. The
main workflow of QIIME 2 is similar to that of QIIME 1, including data importing, demultiplexing,
primer removal, denoising, diversity analysis, taxonomic analysis, and differential abundance analysis.
Different from QIIME 1, QIIME 2 generates amplicon sequence variants (ASV) clustered at 100%
similarity of sequences instead of OTUs clustered at 97% similarity after the denoising step (241). The
denoising step in the workflow is one of the key steps to filter out noisy reads, remove chimeric
sequences, eliminate singletons, join denoised paired end reads, then dereplicate sequences, and generate
an ASV table with corresponding abundances of each ASV. To implement this step, two methods can be
employed as plugins in the QIIME 2 platform, DADA2 (242) and Deblur (243). With consistent
contribution, plugins with new functionality have been continuously developed, including time-series
analysis, paired-sample comparison, and machine learning analysis. In addition, the plugins for analyzing
metagenomics (244, 245) and metabolomics (246, 247) have been released, including g2-shogun (244),
g2-metaphlan2 (245), g2-cscs (246), and g2-metabolomics (247). QIIME 2 also has an interactive data
visualization online module (https://view.qiime2.org/), which makes it easy for researchers to visualize
data analysis outcomes. Therefore, the QIIME 2 platform has been developed to be applied not only for

amplicon sequencing data analysis but also for meta-omics data analysis to help researchers better
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understand microbiota features. Currently, QIIME 2 is the most widely applied platform for microbiota
data analysis.

Mothur is a comprehensive software for analyzing microbiota sequence data (Schloss et al.,
2009). It was established based on several previous bioinformatic tools, including DOTUR (248), SONS
(249), TreeClimber (250), [~LIBSHUFF (251), and UniFrac (252), to form a powerful package for
analyzing amplicon sequencing data (253). In addition, this software added a few other features: First,
more than 25 calculators were used for measuring alpha and beta diversity. Second, dendrogram, Venn
diagrams, and heat maps were applied to visualize data. Third, the function of data quality filtering was
applied, and fourth, NAST-based sequence aligner was employed. Finally, the command could be called
from a file with the list of commands or directly input in the command line. Mothur can produce OTU
tables with the corresponding abundances of each OTU (254). More information can be seen at
https://mothur.org/.

USEARCH is a software package combining searching and clustering algorithms to analyze
sequences (255). The algorithms applied are heuristic for rapidly identifying one or a few successful hits
instead of all different sequences. For searching or clustering query sequences against the reference
database, the sequences in the database are ordered based on the decreasing number of letters/words in
common between sequences, indicating similar sequences containing a larger number of common
letters/words. Based on this order, the hit of a query sequence will be quickly found in the database. Thus,
this method significantly reduces computing time compared to the common searching approach, BLAST.
Finally, the USEARCH package clusters sequences into an OTU table using the UPARSE-OTU
algorithm (256). More information can be viewed at https://drive5.com/usearch/.

Phyloseq is a software project to explore microbiota profiles based on the R programming
language and environment (257). This software supports various types of data processing, including data
importing, data filtering, data subsetting, data merging, results combination, results comparison, alpha
and beta diversity analyses, ordination analysis, gap statistic, and generation of publication-grade figures.
Data generated from other platforms or outputs obtained from other R packages can be implemented on
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the phyloseq R package, such as biom-format data, qiime-exported data, mothur-exported data, data2-
denoised data, and fast parallel UniFrac data. The plots made by Phyloseq include the ordination plot,
alpha diversity plot, phylogenetic tree plot, bar plot, and heatmap plot. More information can be seen at
https://joey711.github.io/phyloseq/.

Sourmarsh is different from the above pipelines because it clusters raw sequences into OTUs or
ASVs and is a pipeline written in C++, Rust, and Python programming. Sourmash applies a MinHash-
based sketching algorithm to produce k-mer hash signatures of DNA, RNA, and protein sequences (258,
259). Sourmash signatures can be searched, clustered, stored, and annotated with taxonomy. Due to the
low memory required, evaluation of sequence similarity between large datasets using sourmash signatures
or searching sequences from genomes or metagenomes are processed very quickly. The sourmash
pipeline has been mainly applied in genomic or metagenomic studies, while it is rarely used in amplicon
sequence studies currently (https://sourmash.readthedocs.io/en/latest/).

QIME 1, mothur, and USEARCH software packages cluster sequences into OTU tables, while
the QIIME 2 and Phyloseq pipelines generate ASV tables. The OTU is defined by 97% similarity of reads
clustered as a taxonomic unit for downstream taxonomic analysis. The ASV is clustered based on exact
sequence variants, 100% similarity of sequences. Sourmash software utilizes all the sequences to generate
a k-mer hash table. As viewed in Table 8, QIIME 1 and mothur pipelines were used starting from 2013.
Nine studies applied QIIME 1 and five studies used mothur to process the amplicon sequences. Most of
them were reported before 2019. Nine studies after 2019 employed the QIIME 2 pipeline to process
amplicon sequencing data. This suggests that the QIIME 2 pipeline has gradually become dominant in the
microbiota data process. Although the QIIME 2 pipeline tends to be the main tool, the parameters in
different software plugins need to be optimized for specific microbiota sequence data, e.g., position at

which forward and reverse read sequences should be truncated due to decrease in quality.

Differential abundance data analysis
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After taxonomic analysis during microbiota data analysis, differential abundance data analysis
can be carried out to analyze the difference in microbial abundances between different groups and to
identify features or indicators with significantly greater abundance associated with specific groups (260).
Currently, a variety of differential abundance data analysis methods have been developed and applied in
different fields of microbiota studies, including linear discriminant analysis (LDA) effect size (LEfSe)
(261), analysis of composition of microbiomes (ANCOM) (236), analysis of compositions of
microbiomes bias correction (ANCOM-BC) (262), and machine learning algorithms, which have different
advantages and disadvantages.

The linear discriminant analysis (LDA) effect size (LEfSe) algorithm was developed by Segata et
al. (2011) to identify indicators from high-dimensional class comparisons, which was specifically
designed for metagenomic data (261). In this algorithm, the non-parametric Kruskal-Wallis test was first
used to determine the features with significantly differential abundance among different classes.
Subsequently, a set of pairwise comparisons between subclasses were conducted using the Wilcoxon
rank-sum test. Finally, the LDA method was applied to estimate and rank the effect sizes of the
determined differential abundant features. In default, the features with LDA scores greater than 2.0 were
considered as the differential abundant indicators. LEfSe can be applied to different biological data, such
as amplicon sequences, whole genome sequences, or mMRNA sequences, and can determine various
features, such as taxa, genes, metabolites, or proteins (261). LEfSe can be implemented in the online
Galaxy platform (http://huttenhower.sph.harvard.edu/galaxy) or LEfSe R package (‘microbiomeMarker’).
This algorithm has been widely applied in numerous microbiota studies. However, a drawback of this
method is that the Kruskal-Wallis test in LEfSe does not appropriately take into consideration the
compositional effect in the microbiota data, thus the differential abundance analysis may have high false
discovery rates (262).

ANCOM is a statistical framework used for comparison of the composition of two or more
microbiota groups to identify features with significantly differential abundances (236). The ANCOM test
accounts for the underlying structure of microbiota data without making distribution assumptions. The
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identification of features was carried out by the calculation of the centered log ratio (clr) F statistic and
the W statistic. The clr F statistic is measured to evaluate the effect size of features between groups, in
which the microbial abundance data was clr-transformed. The W statistic is the number of times the log-
ratio of a taxon with every other taxon being tested was identified to be significantly different across
groups (226). In a previous simulation study conducted by Mandal et al. (2015), only the ANCOM test
almost always achieved a low false discovery rate (FDR) and maintained higher statistical power
compared to the other two differential abundance analysis methods, t-test and Zero Inflated Gaussian test
(236). The drawbacks of ANCOM include that the p-value for each taxon tested is not provided, that
confidence intervals of differential abundance for each taxon is not given, and that computation can be
intensive (262). ANCOM can be implemented in the QIIME 2 pipeline (https://docs.qgiime2.org/) or R
package (‘ancom.R”) (263).

ANCOM-BC is an algorithm to identify features with significantly differential abundances,
estimate the sampling fractions, and correct the bias introduced by the differences among samples (262).
ANCOM-BC assumes that the tested sample is a fraction of a unit volume of an ecosystem. To account
for the sampling fraction, a sample-specific offset parameter is introduced into a linear regression model
in ANCOM-BC. The advantages of ANCOM-BC are: appropriate p values are provided after the
statistical test; confidence intervals of the differential abundance of tested features are offered; the FDRs
are well controlled; the statistical power is maintained; and simple computation is applied (262).

ANCOM-BC can be implemented by using its R package (‘ ANCOMBC”).

Application of differential abundance analysis in fresh vegetable microbiota studies

For the 24 fresh vegetable microbiota studies listed in Table 8, only six studies carried out
differential abundance analysis on the microbial taxonomic data, including one study using Fisher’s exact
test (264), one applying the LEfSe test (235), three employing ANCOM tests (195, 196, 226), and one

study using both the LEfSe and ANCOM tests (81). The other studies simply described the differences or
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changes in diversity and relative abundance of bacterial communities in fresh vegetables among different
samples, under various conditions, or during storage without any statistical tests.

Jang et al. (2021) applied the LEfSe test to compare differences in the relative abundance of
sprout microbiota among three types of sprouts, including alfalfa sprouts, radish sprouts, and rapeseed
sprouts (235). It was found that Enterobacteriaceae and Enterobacteriales had significantly higher relative
abundance in alfalfa sprouts; Massilia, Methylophilales, Methylotenera, Rhodospirillales, Alcaligenaceae,
Kaistia, Agrobacterium, Rickettsiales, Peredibacter, Raphanus, Sphingomonas, and Rhizobiaceae had
significantly higher relative abundance in radish sprouts; and Rhodobacter, Aeromonas, Aeromonadales,
Tolumonas, Neisseriales, Comamonas, Pseudomonas, and Burkholderiales had markedly higher relative
abundance in rapeseed sprouts. These features identified with remarkably higher relative abundance were
considered as indicators in the corresponding samples (261).

Kusstatscher et al. (2019) employed the ANCOM test to identify health and disease indicators in
the microbiota of sugar beets (195). Plectospharella, Flavobacterium, and Pseudarthrobacter were
identified as health indicators, and Penicillium, Lactobacillus, and Candida were found to be highly
associated with the decaying status of sugar beets. In the study from Tenzin et al. (2022), ANCOM was
used to identify significantly more abundant features (ASVs or families) in ready-to-eat spinach treated
with different types of washing agents and features in spinach stored at 4 °C on days 0, 5, and 10 (196).
The results showed no indicators were identified for samples treated with different washing agents, but 17
ASVs and five families were found depending on the sampling day, including seven ASVs and three
families (Sphingobacteriaceae, Xanthomonadaceae, and Flavobacteriaceae) that were identified for Day 0
samples, four ASVs and one family (Pseudomonadaceae) for Day 5 samples, and six ASVs for Day 10
samples.

Differences in bacterial populations present in spring mix salad samples from three brands (A, B,
and C), samples collected at different storage times (Day 0 vs. Day 15), and samples inoculated with E.
coli 0157:H7 (non-inoculated vs. inoculated) were analyzed using the ANCOM test (81). Comamonas,
Brochothrix, Dyadobacter, Psychrobacter, Herminiimonas, Arthrobacter, and Shewanella were identified
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as indicators for Brand A; Saccharibacillus, Camobacterium, Paenibacillus, Massilia, and Rheinheimera
were identified as indicators for Brand B; and Methylobacterium, Xanthomonas, Sphingomonas,
Alkanindiges, Variovorax, and Aeromonas were identified as indicators for Brand C. During 15-days of
storage, Pigmentiphage, Brevundimonas, and Frigoribacterium had significant increases in relative
abundance, while Exiguobacterium had a significant decrease in relative abundance. In addition, the
LEfSe test was employed to investigate the contribution of bacterial features to the growth of inoculated
E. coli O157:H7 in spring mix salad samples. During 5 days of storage at 4 °C, 12 genera were identified
as indicators for samples where growth of E. coli O157:H7 was observed. These genera were
Wautersiella, Yersinia, Methylotenera, Dyadobacter, Variovorax, Ochrobactrum, Lactococcus,
Novosphingoblum, Rhizobium, Brochothrix, Shewanella, and Arthrobacter. Ten genera were identified as
indicators for samples where a decrease of E. coli O157:H7 populations occurred during storage:
Weissella, Fusobacterium, Planomicrobium, Saccharibacillus, Trichococcus, Aeromonas, Paenibacillus,
Massilia, Carnobacterium, and Janthinobacterium.

The above studies suggest that the application of differential abundance analysis in analyzing
fresh vegetable microbiota data can not only evaluate the impact of various factors on microbial
communities in fresh vegetables but also identify the critical features or indicators for the associated
samples. Indicators associated with food safety and quality can potentially be developed as biological
control agents to improve the safety and quality of fresh produce. Thus, it is suggested that future fresh
produce microbiota studies apply proper differential abundance analysis methods to identify critical
features associated with groups of samples (e.g., contaminated vs. non-contaminated). Although
indicators have been identified by these differential abundance analysis methods, the identified indicators

may need to be further isolated and validated for their availability.

Machine learning
With the development of computing and mathematical algorithms, machine learning methods

used in solving regression, classification, and clustering problems have become popular for big data
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analyses in various fields, including engineering (265), healthcare (266), finance (267), agriculture (268),
and recently emerging in food science (269). The progress in machine learning approaches shines a light
on the use of microbiota datasets generated from food safety and quality research. Currently, limited
studies have applied machine learning algorithms in fresh produce microbiota studies. In my Chapter four
study, commonly used machine learning algorithms, including Random forests (RF), k-nearest neighbors
(k-NN), and neural network (NN), were employed to establish fresh produce safety and quality classifiers
using amplicon sequencing datasets (ASVs and k-mer hashes) to predict produce contamination and
quality reduction (270). The critical features associated with fresh produce safety and quality were
identified.

RF is an ensemble learning method for classification and regression, which constructs a number
of decision trees during the training time and outputs different classes (classification) or mean predictions
(regression) of individual decision trees (271). While powerful, its main drawback is its slow run time
(272). Liao et al. (2022) established the RF-based fresh produce safety and quality models using ASV and
k-mer hash datasets through the “randomForest” package in R programming of version 4.1.0 (270, 273).
k-NN is a non-parametric algorithm used for classification or regression (274). The principle is to assign
samples to labels based on a reference set of labeled samples (training samples) in a d-dimensional input
feature space. The classification of an unlabeled sample is carried out based on the labels of the nearest k
training samples that are nearest to the unlabeled sample. Compared to RF, k-NN is mainly limited in
terms of its predictive power. Liao et al. (2022) also constructed the k-NN-based safety and quality
models using ASV and k-mer hash datasets related to fresh produce safety and quality through using the
‘caret’ package in R programming (270). NN is a simplified mathematical model that is inspired by the
structure and function of biological neural networks (275). In this algorithm, the weighted sum of inputs
(input layer) arriving at each neuron is passed through an activation function (hidden layer) to generate an
output signal (output layer) (276). NN can learn and model the complex non-linear relationship between
input and output. In addition, Liao et al. (2022) built the NN-based models using ASV and k-mer hash
datasets associated with fresh produce safety and quality by using the ‘nnet’ R package (270).
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In that study, the publicly available microbiota datasets associated with fresh produce safety (3
datasets) and quality (3 datasets) in ASV and k-mer formats were used to train RF-based, k-NN-based,
and NN-based models to predict fresh produce contamination and quality reduction. The study reported
that RF-based models using 7-mer hash datasets had the best performance for predicting fresh produce
safety (82% accuracy) and quality (82% accuracy). In addition, the consistent and generalizable indicators
for pathogen-contaminated produce and decreasing-quality produce were identified by using the
ANCOM-BC test. For produce safety-related samples, five indicators were identified for contaminated
produce samples. The indicators were Faecalibacerium, Peredibacter, Bacteroides, Listeria, and
Escherichia-Shigella. In addition, two indicators (Pseudomonas and Rheinheimera) were identified for
non-contaminated produce samples. For produce-quality-related samples, five indicators were identified
for decreasing-quality samples (Clostridium, Acetobacter, Lactobacillus, Gluconobacter, and
Leuconostoc) and six indicators were identified for good-quality samples (Nocardioides, Pire4_lineage,
Paracoccus, Parabastomonas, Pedobacter, and Sphigomonas). RF-based models contain the function of
feature/variable selection, which ranks the features based on their mean decrease in accuracy (MDA)
obtained from the models, showing that 332 and 138 genera were identified to make positive
contributions to IPS and IPQ classification, respectively. These features covered all the indicators
identified by the ANCOM-BC test, indicating the feature selection of RF-based models is more sensitive
to detect the differences in features between sample groups in integrated datasets. A similar result was
reported by Sheh et al. (2022) that the ANCOM test identified two indicators while RF-based models

selected nine features associated with the development of strictures (277).

Conclusion and future suggestions

Although numerous studies have been carried out for profiling microbial communities of different
types of fresh produce, studies on investigating the interactions between foodborne pathogens and/or
spoilage microbes and microbial communities are very limited. Through additional studies, more
indicators associated with fresh produce safety and quality could be identified, and this knowledge could
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potentially be applied to develop biological control strategies to improve fresh produce safety and quality.
At present, antagonist isolation methods based on culture-dependent methods are random and limited.
Thus, methods of isolation of the identified indicators need to be developed, which could facilitate
developing more effective biocontrol strategies to control fresh produce safety and quality.

Currently, most fresh produce microbiota studies are carried out using amplicon sequencing
techniques, especially 16S rRNA gene sequencing. Although the amplicon sequencing method is cost-
effective, this method is limited to investigating the diversity and composition of microbial communities.
Deeper exploration of the interactions between microbes in microbial communities or microbes and hosts
requires meta-omics techniques, such as metagenomics for investigating antimicrobial resistance bacteria
and antimicrobial resistance genes; metatranscriptomics for studying the changes in gene expression
levels; and metaproteomics and metabolomics for exploring the protein and metabolic pathways. With the
development of sequencing technologies, the cost of these advanced sequencing approaches has been
continuously decreasing in the past decade, and fresh produce microbiota studies using meta-omics could
be a trend in the future.

Finally, for the microbiota data process and analysis, since 2018 QIIME 2 has been increasingly
popular for amplicon sequencing data analysis. Due to the open-source property of the QIIME 2 pipeline,
more plugins of meta-omics data analysis tools have been implemented. QIIME 2 will continue to be the
most widely used pipeline in the near future. On the other hand, up to more than 50% of amplicon
sequences are discarded during the denoising and/or alignment steps, which contain numerous microbial
features related to food safety and food quality. To save the sequence loss, k-mer hash data generated by
the sourmash pipeline can be used instead of OTU or ASV. To identify indicators of produce safety or
guality, machine learning methods will be increasingly applied due to the updated and optimized

algorithms for the classification and clustering of samples, taxa, genes, proteins, or metabolites.
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Table 1. Multistate outbreaks of pathogenic Escherichia coli infections linked to fresh produce in the U.S. from 2010 to 2021*

Year Outbreaks  Serotype Illnesses  Hospitalizations Deaths (death Food Vehicle
(hospitalization rate %) rate %)
2010 1 0145 31 14 (45.2) 0 Romaine lettuce
2011 2 O157:H7 86 40 (46.5) 0 Romaine lettuce
2012 3 026 29 7(24.1) 0 clover sprouts
0157:H7 33 13 (39.4) 0 prepackaged leafy greens
0145 16 6 (37.5) 0 lettuce
2013 3 0157:H7 47 18 (38.3) 1(2.1) prepackaged leafy greens, Romaine
lettuce
026 26 5(19.2) 0 lettuce
2014 5 0157:H7 31 16 (51.6) 0 prepackaged salad, salad, and spinach
0121 19 5 (26.3) 0 clover sprouts
0111 16 2 (12.5) 0 cabbage
2015 3 0145 7 5(71.4) 0 prepackaged leafy greens
0157:H7 21 13 (61.9) 0 prepackaged salad and Romaine
lettuce
2016 2 O157:NM (H-) 11 2 (18.2) 0 alfalfa sprouts
0157:H7 11 4 (36.4) 0 iceberg lettuce
2017 3 026 8 3(37.5) 0 spinach
0O157:H7 93 27 (29.0) 0 baby leaf, leafy greens, mizuna, and
spring salad
2018 5 0157:H7 358 152 (42.5) 5(1.4) Romaine lettuce
2019 8 0O157:H7 262 125 (47.7) 0 Romaine lettuce
026:H11 16 3(18.8) 0 spinach
2020 2 0103 51 3(5.9) 0 clover sprouts
0157:H7 40 4 (10.0) 0 leafy greens
2021 2 0157:H7 25 8 (32.0) 1(4.0) prepackaged salad

* NORS and CDC website currently only includes data linked to fresh produce up to 2021 (9).
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Table 2. Multistate outbreaks of Listeria monocytogenes infections linked to fresh produce in the U.S. from 2010 to 2021*

Year IlInesses Hospitalizations (hospitalization rate %) Deaths (death rate %) Food Vehicle
2011 147 143 (97.3) 33 (22.4) cantaloupe
2014 2 2 (100) 1 (50) peaches
5 3 (60) 2 (40) mung bean sprouts
35 34 (97.1) 7 (20) caramel apple
9 9 (100) 3(33.3) prepackaged leafy greens
2016 19 19 (100) 1(5.3) lettuce
36 31 (86.1) 4 (11.1) enoki mushroom
10 9 (90) 1(10) avocado
2017 3 3 (100) 0 caramel apple
10 7 (70) 3 (30) prepackaged leafy greens
5 4 (80) 1 (20) enoki mushroom
2018 7 5(71.4) 1(14.3) stone fruit
2020 36 31 (86.1) 4(11.1) enoki mushrooms
2021 18 16 (88.9) 3(16.7) prepackaged leafy greens
10 10 (100) 1(10) prepackaged leafy greens

* NORS and CDC website currently only includes data linked to fresh produce up to 2021 (9).
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Table 3. Multistate outbreaks of Salmonella enterica infections linked to fresh produce in the U.S. from 2010 to 2021*

Year Outbreaks Serotype IlInesses Hospitalizations Deaths (death rate %)  Food Vehicle
(hospitalization rate %)

2010 2 Javiana 30 8 (26.7) 0 tomatoes
| 4,[5],12:i:- 140 31 (22.1) 0 alfalfa sprouts

2011 5 Agona 106 10 (9.4) 0 papaya
Enteritidis 27 3(11.1) 0 alfalfa sprouts
Panama 20 3 (15) 0 cantaloupe
Uganda 25 4 (16) 0 cantaloupe
Newport 166 0 0 tomatoes

2012 8 Braenderup and 129 33 (25.6) 0 mango
Worthington
Cubana 19 0 0 sprouts
Javiana 49 14 (28.6) 0 cucumber
Newport and 261 94 (36) 3(11) cantaloupe
Typhimurium
Newport 72 17 (23.6) 1(1.4) cantaloupe and Romaine

lettuce

Typhimurium 14 1(7.0) 0 cantaloupe

2013 4 Saintpaul 215 40 (18.6) 0 cherry tomato, cucumber,

and grape tomato

Thompson 13 6 (46.2) 1(7.7) papaya
Virchow 7 1(14.3) 0 unspecified fruit

2014 7 Baildon 20 6 (30) 0 cantaloupe
Enteritidis 115 19 (16.5) 0 mung bean sprouts
Javiana 36 8 (22.2) 0 cucumber
Minnesota 4 1(25) 0 mango
Newport 275 48 (17.5) 1(0.4) cucumber
Paratyphi B 21 5(23.8) 0 peppers
Saintpaul 27 10 (37) 0 grapes

2015 5 Cubana, Kentucky, 32 10 (31.3) 1(3) alfalfa seeds

and Muenchen
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2016

2017

2018

11

12

Hartford

Newport

Paratyphi B

Poona

Abony and Reading
Anatum
Braenderup
Enteritidis

Javiana
Minnesota
Oslo
Saintpaul

Agona, Gaminara,
Kiambu,
Senftenberg, and
Thompson
Anatum

Enteritidis
Braenderup
Chailey

Cubana and
Montevideo
Infantis

Infantis and
Newport
Javiana

Newport
Urbana
Adelaide
Infantis
Javiana

19
119
11
907

32
32
114

29
10
14
10
213

20
151
55
14
62

48

27
44

77

266

4(21.1)
17 (14.3)
2 (18.2)
204 (22.5)
7 (19.4)

8 (25)

6 (18.8)
17 (14.9)

6 (20.7)
3 (30)
3(21.4)
3 (30)
68 (31.9)

5 (25)
31 (20.5)
18 (32.7)
2 (14.3)
3(4.8)

15 (31.3)
2 (50)

4 (14.8)
11 (25)
4 (57.1)
36 (46.8)
2 (28.6)
48 (18)

(0.7)

O OO O o O o o

o

1(2.3)

1(1.3)

tomatoes

salsa

lettuce

cucumber

alfalfa sprouts
peppers

mung bean sprouts

avocado, bean sprouts,
prepackaged leafy greens,
and salad mix

onions

cantaloupe
cucumber
cucumber

papaya

papaya
Romaine lettuce
papaya
coconut
sprouts

mango
papaya

leafy greens

melon and watermelon
papaya

melon

English cucumber
onions




00
co

2019

2020

2021

8

6

2

Newport
Braenderup
Carrau
Infantis
Javiana

Montevideo
Saintpaul
Uganda
Enteritidis
Miami
Newport

Rubislaw
Stanley
Oranienburg
Typhimurium

41
24
149

179

32
97
81
101
65
1212

37
55
1040
31

9 (21.9)
9 (37.5)
45 (30.2)
0

75 (41.9)

5 (15.6)
20 (20.6)
27 (33.3)
28 (27.7)
28 (43.1)
184 (15.2)

14 (37.8)
6 (10.9)
260 (25)
3(9.7)

O O O O o o O O O o o

o O o

0

alfalfa sprouts
tomatoes
melon
vegetable tray

mixed cut fruit and
prepackaged salad mix
iceberg lettuce

strawberries

papaya

peaches

tomatoes

cantaloupe, red onion, and
watermelon

mango

wood ear mushrooms
onions

prepackaged salad mix

* NORS and CDC outbreaks currently only includes data linked to fresh produce up to 2021 (9).
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Table 4. Escherichia coli O157:H7 survival in fresh produce from papers published between 2018 and 2022.

Food vehicle (Stage) Conditions Sampling Inoculation Major results References
points (post level
inoculation)
Romaine lettuce 21 = 2 °C during the Days0,1,and5 6.3 Log Wild-type and mutant E. coli (87)
(Preharvest) day and 19 £ 2 °C at CFU/g 0157:H7 reduced by 2.8 and 3.6
night for 4 weeks Log CFU/g 5 days post-
before inoculation inoculation, respectively.
(Field) Specific surface polysaccharides
(cellulose, colanic acid, and
lipopolysaccharide) of E. coli
0157:H7 differentially induce
the plant defense response.
Seven cultivars of 10.8t022.3°C for2-3  Hours 0 and 4.4 - 4.7 Log E. coli O157:H7 was only (82)
green leafy lettuce: weeks before Days 5 and 9 CFU/plant for recovered by enrichment from
Gabriella, Green Star, inoculation (Field) Gabriella, Costal Star and Gabriella after 9
Muir, New Red Fire, Green Star, days post-inoculation.
Starfighter, Muir, and No significant effect of different
Tropicana, and Two New Red Fire lettuce cultivars on survival of E.
Star; one cultivar of coli O157:H7 was observed.
Romain lettuce:
Coastal Star
(Preharvest)
20 °C for a 10-h light DaysO0,1,4,8, 2.3-4.6 Log No effect of cultivar was
cycle and 15 °C for a and 12 CFU/plant for manifested on the fate of E. coli
14-h dark cycle Gabriella and 0157:H7 when plants were
(Chamber) New Red sampled for up to 12 days.
Fire, Green
Star,
Starfighter,
Tropicana,
Muir, Two
Star, and

Romaine
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Cabbage (Preharvest)

Spinach (Preharvest)

18 °C for a 10-h light
cycle atand 17 °C for a
14-h dark cycle
(Chamber)

7.5-15 °C in Salinas
and 7.5-17.5°Cin
Soledad (Field)

Days 0, 3, 6,
and 9 for small
cabbage.

Days 0, 1, 3,
and 10 for
cabbage in early
head formation

Days 0,1, 7, 12-
14, and 18-21

3.41t04.3 Log
CFU/plant for
a small
cabbage.
5.6-5.8 Log
CFU/ml for
cabbage in
the early head
(the initial
level was not
reported)

2and 4 Log
CFU/mI

For small cabbage: 33% to 88%
of plants were positive by
enrichment on day 9 sampling.
For cabbage in early head: 30 to
100% of plants positive by
enrichment on day 10 sampling.
For small cabbage, E. coli
0157:H7 populations decreased
by 3.4 Log CFU/plant within the
first three days post-
contamination, and the cells can

only be recovered by enrichment.

For cabbage in early head: E.
coli O157:H7 dropped by 0.5 to
2.1 Log CFU/plant from day 1 to
day 3, and the cells can only be
recovered by enrichment on day
10.

Salinas: 2 Log CFU/ml inoculum
dose: 0.7 Log CFU/g for both 25
and 150 g sample size up to 14
days post-inoculation. 4 Log
CFU/ml inoculum dose: 0.7 and
1.3 Log CFU/qg for 25 and 150 g
sample size up to 14 days post-
inoculation, respectively.
Soledad (150 g sample size): 2
Log CFU/ml inoculum dose: 1.5
and 0.9 Log CFU/g depending
on the field trial. 4 Log CFU/m:
1.0and 1.4 Log CFU/g
depending on the field trial.
Differences in the applied
inoculum dose of 100-fold,
resulted in indistinguishable

(83)

(84)
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Spinach and Romaine
(Preharvest)

22 °C and 12 h daily
light (Chamber)

Basil, Butter lettuce, 4°C
Cilantro, Romaine,
Spinach (Postharvest)

Fresh herbs 4°C
(Postharvest)

Beet, cucumber, 35°C
habanero chili, onion,

and radish

(Postharvest)

Tomato (Postharvest)
25
and 60%

10 °C with RH between

Days 0, 1, 3, 4-45 Log
and 7 CFU/cm?
Days0,1,3,7, 3.2Log

14, and 21 CFU/cm?
Days 0, 2, 7, 5.0-5.4 Log
and 14 CFU/g
Hours 0, 3, 5, 2.7 Log
7and 9 CFU/mI
Days 0, 1, 3, 4 Log

and 7 CFU/tomato

population densities of 1 Log

CFU/g by 14 days post-

inoculation.

2.0-2.2 Log CFU/cm?onday 7. (86)
E. coli O157:H7 population

declined from day 1 to day 7 by

2 Log CFU/cm?,

2 Log CFU/cm?on day 21.

The survival of E. coli O157:H7

was only tested on butter lettuce,

as all other produce spoiled

before end of experiment.

0.6 - 1.5 Log CFU/qg of E. coli (91)
0157:H7 was reduced by

washing.

E. coli O157:H7 declined by 0.9

to 4.1 Log CFU/g during storage

on fresh herbs.

Tomato: 5.4 Log CFU/m; (278)
Radish: 6 Log CFU/ml,

Cucumber: 5.5 Log CFU/ml,

Beet: 5.6 Log CFU/ml; Habanero
chili:5.6 log CFU/mI; Onion: 5.2

Log CFU/mlI after 9 hours.

The interaction between E. coli
0O157:H7 and onion was less

supportive of the growth.

The time for E. coli O157:H7 to

attain the maximum growth rate

was longer for tomato and

cucumber as compared to other
samples.

0to 0.3 Log CFU/tomato (108)
depending on the bruised or
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Baby spinach
(Postharvest)

20 °C RH between 25
and 60%

5°C

7°C

12 °C

15°C

Days 0, 2, 4, 6,
8, 10, 12, and
14

Days 0, 3, 7, 10,
and 14

Days 0, 2, 4, 6,
8, 10, 12, and
14

Days 0, 4, 7, 11,
and 14

2and 4 Log
CFU/g

2and 4 Log
CFU/g

2and 4 Log
CFU/g

2and 4 Log
CFU/g

unbruised and ripeness stages of
tomato on day 7.

Initial 2-h drying led to > 1 Log
CFU/tomato reduction of E. coli
O157:H7.

E. coli O157:H7 counts declined
on the bruised and unbruised
tomatoes by 2.5 Log over the 7-
day storage period.

Bruising had no significant effect
(P > 0.05) on the survival of E.
coli 0157:H7 (CFU per tomato)
compared with unbruised
tomatoes.

Temperature has a significant
effect on the survival of E. coli
O157:H7 on breaker and pink
tomatoes, but not on red
tomatoes.

Using the aerobic atmosphere as
an example: the growth or
survival of E. coli O157:H7
decreased with decreasing
temperature.

Population of E. coli 0157:H7
only increased at 15 °C under
both inoculation levels, whereas
E. coli O157:H7 maintained a
stable population or showed a
moderate increase at 12 °C.

At the lower temperatures (5 and
7 °C), the population levels of
the pathogen decreased for both
inoculation levels.

(92)
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Spinach (Postharvest)

Lettuce (Postharvest)

4°C

6°C

24 °C

Hours 0, 0.25,
24, and 48 for
the washing
residue study.
Hours 0, 20, and
48 for the
attachment
study

Days 0, 7, and
14

Hours 0, 14-24,
and 38-66

5-6Log
CFU/cm?for
the effect of
residues on
the survival
during
storage.
5-6Log
CFU/cm? for
the
attachment
study

4 Log CFU/g

4 Log CFU/g

After 48-hour storage, 2.6 Log
CFU/cm? of E. coli 0157 on
chlorine-treated spinach leaves
was reduced and 1.4 Log
CFU/cm? of E. coli O157 on
lactic acid-treated leaves was
decreased.

For the washing residue study:
no significant change was
observed in the bacterial survival
up to 48 h of storage.

For the attachment study: there
was no significant change in the
attachment strength of E. coli
0157:H7 on the spinach surface.
3.5 Log CFU/qg for cultivars DA
and TT on day 14.

E. coli O157:H7 population
declined on average five-fold
(0.5 Log) over 2 weeks of cold
storage.

Inoculation of lettuce with E. coli
0157:H7 did not affect the
lettuce microbiota under cold
storage.

8 Log CFU/for cultivars DA and
TT at the end of storage.

E. coli O157:H7 population
increased by > 300-fold (~ 3
Log) within 1 day, and over
6000-fold within 2 days.
Change in E. coli O157:H7
population size was a variable
that correlated with microbiota
composition during storage at
24 °C.

(88)

(89)
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Spring mix
(Postharvest)

Lettuce (Postharvest)

Fresh and sliced
green and golden
Kiwifruits
(Postharvest)

Strawberry
(Postharvest)

4°C

5°C

Whole fruit:23 £ 2 °C

Sliced fruit; 4 °C

3x2°Cand22+2°C

Days 0, 5, 10,
and 15

Days 0,3,7, and
14

Days 0, 5, 10,
15, 20, 25, and
30

Every 6 h for
the first 48 h
and Days 3, 5,
and 7

Days 0 and 15

6 Log CFU/g

6.5 Log
CFU/g

4 or 7 Log
CFU/unit

4 Log CFU/g

1.5 Log CFU/g of E. coli 0157
reduced from Day 0 to Day 15

1.5 Log of E. coli O157:H7 were
reduced from Day 0 to Day 14.

For whole kiwi fruits with high
inoculation level, after drying,
2.4 Log CFU/kiwi of E. coli
O157:H7 on green kiwi reduced
from Day 0 to Day 30, whereas
2.7 Log CFU/kiwi of E. coli
0157:H7 on golden kiwi reduced
after 20-day storage.

For whole kiwi fruits with the
low inoculation level: E. coli
0157:H7 fell below 2.0 Log
CFU/kiwi on green kiwi on Day
30, and on golden kiwifruit on
Day 10.

For sliced fruits: about 3 Log
reduction was observed on both
golden and green kiwifruit with
the high inoculation level when
stored for 7 days. No significant
decrease in pathogen
concentration was observed at
the low inoculation level.

Until Day 15, both E. coli
0157:H7 and non-0157 STEC
decreased by about 1.3 Log

(81)

(90)

(279)

(280)
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CFU/g at 3 + 2 °C and about 2
Log CFU/gat 22 + 2 °C,
respectively.

ND: not detected.
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Table 5. Listeria monocytogenes survival in fresh produce from papers published between 2018 and 2022

Pathogen strain Food vehicle Conditions Sampling Inoculation Major results References
(Storage) (°C) points (post  level
inoculation)
L. monocytogenes  Leaf lettuce 20 °C Weeks 0, 2, 4,6 and 8 Log Populations of L. monocytogenes (94)
(3-strain cocktail)  (Preharvest) (Chamber) 4,6, 8, and CFU/g in the soil fell below the detection
10 limit (2 Log CFU/g) at 8—10 weeks
after the start of cultivation.
The possibility of internalization of
L. monocytogenes into leaf lettuce
plants was low.
Spraying of water contaminated
with bacteria at greater than 3.2 log
CFU/plant led to the survival of
bacteria on the leaf lettuce leaves
after seven days.
Leaf damage prolonged the
survival period of bacteria on the
leaves.
L. monocytogenes  Alfalfa Sprouts 20 °C Days0,1,3, Low:0.7 Log Both the low and high inoculation ~ (96)
(3-strain cocktail)  (Preharvest) (Incubator) and 5 CFU/g and levels of LM leveled off to about
high: 2.7 Log 6.51t0 7.0 Log CFU/g in alfalfa
CFU/g seeds after 5 days of sprouting.
L. monocytogenes  Herb plants: 21 °C (Field) Hours0,5 Basil: 4.6 Log Basil: 0.9 Log CFU/g; Cilantro: (93)
(5 nalidixic acid-  basil, cilantro, and Days 1, CFU/qg, 0.6 Dill: 1.1 Log CFU/g; Parsley:
resistant strain dill, and parsley 2,3,7,14, cilantro: 4.9 < 1.1 Log CFU/qg after 28 days
cocktail) (Preharvest) 21, and 28. Log CFU/qg, Overall, L. monocytogenes
dill: 4.2 Log populations did not grow on the
CFU/qg, studied herb plants; however, L.
parsley: 5.1 monocytogenes was able to survive
Log CFU/g on the surface of the studied herb

plants for up to 28 days, except
parsley plants, which fell below
the limit of detection 7 days post-
inoculation.
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L. monocytogenes
O8AO07 and
O8A08

L. monocytogenes
(3-strain cocktail)

L. monocytogenes
(5-strain cocktail)

L. monocytogenes
(5-strain cocktail)

Lettuce leaves
(Preharvest)

Iceberg lettuce,
rocket, and
spinachrocket
(Postharvest)

Fresh-cut
turnips
(Postharvest)

Arabic salad
(Postharvest)

20 °C (Field)

8°C

10°C

4,10, and
24 °C

Hours 0, 24,
48, 72, and
96

Days 0, 2, 5,
and 7

Days 0, 5,
and 10

Days 0, 1, 2,
3,4,and 5

3 Log CFU/g

Spinach: low:
0.9 Log CFU/qg
and high:1.7-
2.0 Log CFU/g

Rocket: low:
0.9 Log CFU/g
and high:1.6-
2.0 Log CFU/qg

Lettuce: low:
1.0 Log CFU/g
and high:1.3-
2.0 Log CFU/g
Brand A: 3.5
Log CFU/g
Brand B: 3.5
Log CFU/g

5.6 Log CFU/g

O8A07: 4.6 Log CFU/g; O8AO0S:
4.7 Log CFU/g at 96 h.

LM could grow in the lettuce
leaves at 20 °C for 96 h.

The different strains of LM had no
significant impact on the growth of
LM in this study.

Lettuce: low: 2.6 Log CFU/g and
high: 3.1-4.0 Log CFU/g, rocket:
low: 2.7 Log CFU/g and high: 3.1-
3.7 Log CFU/g, and spinach: low:
3.3 Log CFU/g and high: 4.1-4.6
Log CFU/g on Day 7.

Brand A: 3.0 Log CFU/g; Brand B:
3.2 Log CFU/g on Day 10.

L. monocytogenes growth was
supported on turnips stored at

10 °C.

L. monocytogenes survived on
turnips stored at 4 °C.

Brand A: 5.16 Log CFU/g; Brand
B: 4.7 Log CFU/g on Day 10.

The inoculated L. monocytogenes
could survive all conditions used in
this study, except for toum sauce
salad at 24 °C.

(95)

(98)

(97)

(102)
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L. monocytogenes
(3 nalidixic acid-

resistant strain
cocktail)

L. monocytogenes

Scott A

Arabic salad
with salt and
lemon juice
(Postharvest)
Tahini salad
(Postharvest)

Coleslaw salad
(Postharvest)

Toum sauce
Salad
(Postharvest)

Romaine lettuce
Non-crisped
(NC)

Water crisped
(WC)
Non-misted
(NM)

Misted (M)
(Postharvest)
RTE vegetable
salad (30%
carrot, 15%
green oak
lettuce, 25% red

Days 0, 1, 4,
and 7

Days 0, 1, 3,
5,and 7

5.8 Log CFU/g

6.0 Log CFU/g

5.4 Log CFU/g

5.5 Log CFU/g

5.5 Log CFU/g

0.5 Log CFU/g

Addition of lemon juice and salt to
Arabic salad significantly reduced
the numbers of pathogens.

24 °C: 3.7 Log CFU/g; 10°C: 7.5
Log CFU/g; 4 °C: 6 Log CFU/g on
Day 5.

24 °C: 3.0 Log CFU/qg; 10 °C: 5.4
Log CFU/g; 4 °C: 5.6 Log CFU/g
on Day 5.

24 °C: 4.2 Log CFU/g; 10 °C: 8.0
Log CFU/g; 4 °C: 6.6 Log CFU/g
on Day 5.

24 °C: 2.3 Log CFU/g; 10°C: 3.1
Log CFU/g; 4 °C: 2.9 Log CFU/g
on Day 5

24 °C: <2 Log CFU/g; 10 °C: 3.0
Log CFU/g; 4 °C: 2.8 Log CFU/g
on Day 5

WC/NM: 3.7 Log CFU/g; WC/M:
2.9 Log CFU/g; NC/NM: 5.0 Log
CFU/g; NC/M: 3.9 Log CFU/g on
Day 7.

Regardless of the storage
temperature crisping or misting
can effectively reduce L.
monocytogenes population on
romaine lettuce during storage
2.0 Log CFU/g on Day 7.

(101)

(103)
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L. monocytogenes
(3-strain cocktail)

L. monocytogenes
(5-strain cocktail)

L. monocytogenes
(3-strain cocktail,

cold adapted)

cabbage, and
30% tomato)
(Postharvest)
Beet, cabbage,
carrot, celery,

grapefruit, kale,

lemon, and red
cabbage juice
(Postharvest)

Whole Green
and Golden
Kiwifruits
(Postharvest)

Sliced Green
and Golden
Kiwifruits
(Postharvest)

Cantaloupe
Coconut
Mango
(Postharvest)

10°C

23°C

4°C

4°Cfor72h
then 8 °C

4°Cfor72h
then 12 °C

Hours 0, 12,
24,48, 72,
96, 120, and
144

Days 0, 5, 10,
15, 20, 25,
and 30

Hours 0, 6,
12, 18, 24,
30, 36, 42, 48
and Days 3,
5,and 7

Days 0, 3, 4,
5,and 6

2.24 Log
CFU/mL

ca.4and7
Log CFU/Kiwi

ca.4and 7
Log CFU/slice

Cantaloupe:
4.0 Log CFU/g
Coconut: 4.0
Log CFU/g
Mango: 3.9
Log CFU/g

Beet: 6.0 Log CFU/mL, cabbage:
1.8 Log CFU/mL, carrot: 1.0 Log
CFU/mL, celery: 4.8 Log
CFU/mL, crapefruit: 0.8 Log
CFU/mL, kale: 6.3 Log CFU/mL,
lemon: 1.0 Log CFU/mL, and red
cabbage: 1.8 Log CFU/mL at 144
hours.

For the whole kiwifruits, both of
high-level inoculation and low-
level inoculation of LM fell below
the limit of detection on Day 10 on
golden kiwifruit and on Day 15 on
green kiwifruit, respectively and
could survive on Day 30 storage.

(281)

(279)

For the sliced kiwifruit, 3 Log
CFU(/slice reduction was obtained
for high-level inoculation of LM
on both green and golden kiwifruit
slice after 7-day storage, while no
significant decrease of LM
concentration was observed for
low-level inoculation of LM.
Cantaloupe: 6.4 Log CFU/qg,
coconut: 7.3 Log CFU/g, and
mango: 4.0 Log CFU/g on Day 6.

(105)

Cantaloupe: 6.1 Log CFU/qg,
coconut:8.3 Log CFU/g, and
mango:3.9 Log CFU/g on Day 6.
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L. monocytogenes

(ATCC 19118)

L. monocytogenes
(3-strain cocktail)

L. monocytogenes
(6-strain cocktail)

Strawberry
(Postharvest)

fresh-cut
cantaloupe,
honeydew,
pineapple,
radish, and
watermelon
(Postharvest)

Unwaxed apples

(3 cultivars)
(Postharvest)

12 °C

35°Cfor2h
followed by
4°C for the
reminder 7
days

3°C

Days0,2,3, 5LogCFU/g

6, 8, 10, and

12

Days0,1,2, 25-2.6 Log

4,and 7 CFU/g

Days 0, 1,3, Red Delicious:

7,16, 31,62, 3.99+0.07

93, and 160 Log
CFU/apple
Granny Smith:
3.85+0.09
Log
CFU/apple
Fuji: 5.13 %
0.06 Log

CFU/apple

6.26 Log CFU/g on Day 12.

Cantaloupe: 4.1 Log CFU/qg,
honeydew: 3.7 Log CFU/g,
pineapple: 0.7 Log CFU/g, radish:
2.3 Log CFU/g, and watermelon:
4.1 Log CFU/g; on Day 7.
Cantaloupe: 6.7 Log CFU/g,
Honeydew: 5.4 Log CFU/q,
pineapple: <5 CFU/g, radish: 3.1,
and watermelon: 6.7 Log CFU/g
on Day 7.

Cantaloupe: 7.7 Log CFU/g,
honeydew: 5.9 Log CFU/qg,
pineapple: <5 CFU/g, radish: 3.2
Log CFU/g, and watermelon: 7.8
Log CFU/g; on Day 7.
Cantaloupe: 4.1 Log CFU/qg,
honeydew: 4.0 Log CFU/qg,
pineapple: 0.9 Log CFU/g, radish:
2.9 Log CFU/g, and watermelon:
4.1 Log CFU/g on Day 7.

Fuji: 1.3 Log CFU/apple, Granny
Smith: 0.6 Log CFU/apple, and
Red Delicious: 0.4 Log CFU/apple
on Day 160.

Apple cultivar- did not affect the
prolonged survival of L.
monocytogenes during cold
storage.

Apple coating with commercial
wax significantly facilitated L.
monocytogenes survival in
experimentally contaminated fruits

(104)

(100)

(282)
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L. monocytogenes
(5-strain cocktail)

L. monocytogenes
ST382

Waxed apples
(3 cultivars)
(Postharvest)

Raspberries
(Postharvest)

White peach
(Postharvest)

Yellow peach
(Postharvest)

Yellow
nectarine
(Postharvest)

-20°C

4°C

Days 0, 1, 3,
7,16, 31, 62,
93 and 160

Days 0, 1, 14,
35,62 and 90

Days 0, 3, 7,
10, 14, 17,
19, 21, and
26

Red Delicious:
2.94+0.12
Log
CFU/apple

Granny Smith:
3.39+£0.09
Log
CFU/apple

Fuji: 3.92 +
0.15 Log
CFU/apple

5.6 Log CFU/g

3.5 Log
CFU/fruit

(high)

2.6 Log
CFU/fruit
(low)

3.6 Log
CFU/fruit

(high)

2.5 Log
CFU/fruit
(low)

3.4 Log
CFU/fruit

(high)

Fuji: 2.4 Log CFU/apple, Granny
Smith: 2.4 Log CFU/apple, and
Red Delicious: 2.6 Log CFU/apple
on Day 160.

3.4 Log CFU/g on Day 90.

L. monocytogenes can survive on
the frozen berries at -20 °C.
High: 2.0 Log CFU/fruit

and low: 1.4 Log

CFU/fruit on Day 26.

High: 2.0 Log CFU/fruit and low:
1.6 Log CFU/fruit on Day 26.

High: 2.3 Log CFU/fruit and low:
1.7 Log CFU/fruit on Day 26.

(283)

(284)
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L. monocytogenes
CC5

L. monocytogenes
(F2365)

L. monocytogenes
(4-strain cocktail)

White peach 4°C Days 0, 3, 7,

(Postharvest) 10, 14, 17,
19, 21, and
26

Yellow peach

(Postharvest)

Yellow

nectarine

(Postharvest)

Papayas 21°C Days 0, 1, 7,

(Postharvest) 10, and 14

Peaches and 28°C Hours 0, 2, 6,

nectarines 12, and 18

(Postharvest)

2.4 Log
CFU/fruit
(Tlow)

3.6 Log
CFU/fruit

(high)

2.5 Log
CFU/fruit
(low)

3.5 Log
CFU/fruit

(high)

2.6 Log
CFU/fruit
(low)

3.2 Log
CFU/fruit

(high)

2.4 Log
CFU/fruit
(low)
4.67 Log
CFU/fruit

High: 5.46 +
0.05 Log
CFU/fruit and
low: 3.75 +
0.12 Log
CFU/fruit

High: 1.8 Log CFU/fruit and low:
1.8 Log CFU/fruit on Day 26.

High: 2.5 Log CFU/fruit and low:
1.6 Log CFU/fruit on Day 26.

High: 2.5 Log CFU/fruit and low:
1.5 Log CFU/fruit on Day 26.

5.9 Log CFU/fruit on Day 14.

L. monocytogenes maintains its
population at 7 °C and grew at
21°C on the surface of whole
papayas.

High: 5.7 Log CFU/fruit and low:
3.9 Log CFU/fruit at 18 h.

L. monocytogenes remained at the
same levels on both stone fruits
during the unloading and staging

(285)

(286)
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L. monocytogenes  Fresh Hass
(6 rifampin- avocados
resistant strain (Postharvest)
cocktail)
L. monocytogenes  Cut melon,
C1-387 papaya, mango,
and mix (cut
melon, mongo,
and
papaya)
(Postharvest)

5°C

25°C

4°C

12 °C

Days 0, 3, 6,
9,12, 15, 18,
21, 24, 27,
30, 33, 36,
39, 42, 45,
and 48
Hours 0, 4, 8,
12, 24, 28,
32, 36, 48,
72, 96, 120,
144, 168,
192, 216,
240, and 264
Days 0, 1, 3,
5,7,and 10

7.4+0.15 Log
CFU/avocado

7.5+0.11 Log
CFU/avocado

1-4
cells/sample

section and waxing and fungicide
application section.

3.2 Log CFU/avocado on Day 48.
L. monocytogenes survived for a
long period of time on the surface
of avocados under refrigeration
and at room temperature

5.1 Log CFU/avocado after 264 h.

Mango: <0.3 Log CFU/qg
(detection limit), melon: 2 Log
CFU/g; papaya: 2 Log CFU/g, and
mix: 1.9 Log CFU/g on Day 10.
Even at low levels, L.
monocytogenes cells could survive
and grow in fresh-cut fruits and
fruit mix during refrigerated
storage.

The combination of storage
condition and low pH can slow the
growth

Mango: 1.2 Log CFU/g, melon: 2
Log CFU/g, papaya: 2.1 Log
CFU/g, and mix:1.9 Log CFU/g on
Day 10.

Mango: 1.5 Log CFU/g, melon: 4
Log CFU/g, papaya: 3.7 Log
CFU/g, and mix: 3.4 Log CFU/g
on day 10.

(287)

(99)




701

L. monocytogenes
(3-strain cocktail)

Strawberry
(Postharvest)

16 °C

4°C

10°C

Days 0, 1, 3,
and 7

7 Log CFU/g

Mango: 1.7 Log CFU/g, melon: 5
Log CFU/g, papaya:4.3 Log
CFU/g, and and mix :4.5 Log
CFU/g on day 10.

5.6 £0.2 Log CFU/g on day 7.

4.9+ 0.5 Log CFU/g on day 7.

(288)
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Table 6. Salmonella enterica survival in fresh produce from papers published from 2018 to 2022

Pathogen Food vehicle Conditions Sampling Inoculation Major results References
serotype/strain points (post level
inoculation)
S. enterica Cabbage 18 °C fora Days 0, 3,6, 4.1-4.9 Log e Population level of S. enterica (82)
cocktail (Preharvest)  10-h light and 9 CFU/plant decreased to ca. 1.3 - 3.9 Log
including cycle and CFU/plant after 9 days, which varied
serotype 17 °Cfora among different cabbage cultivars.
Enteritis and 14-h dark
Newport cycle
(Chamber)
S. enterica Lettuce 20°Cfora10- Days0,14, 28-3.3and4.1- e Population level of S. enterica (83)
cocktail (Preharvest)  h light cycle and 8 5.1 Log decreased to 3.2 to 3.7 Log CFU/plant
including and 15 °C for CFU/plant for after 8 days on the phyllosphere tissue
serotype a 14-h dark small and large of large size lettuce cultivar but was
Enteritis and cycle size lettuce, not detected on the phyllosphere
Newport (Chamber) respectively tissue of small size lettuce cultivar in
grown in growth the growth chamber.
chamber
10.8 to Days 0, 5, 4.4-4.7 Log e Samples showed S. enterica positive
22.3 °C (Field) and9 CFU/plant for after enrichment on lettuce cultivar
lettuce grown in Gabriella and New Red Fire after 9
field days.
S. enterica Alfalfa 20 °C Days 0, 1,3, Low inoculation e Population level of S. enterica (96)
including sprouts (Incubator) and 5 level: 1.5 Log increased to 6.2 Log CFU/g after 5
serotype (Preharvest) CFU/g days.
Enteritis and High inoculation e  Population level of S. enterica
Orangieburg level: 3.0 Log increased to 7.0 Log CFU/qg after 5
CFU/g days.
S. Typhimurium  Lettuce 18 °C Hour 0, 2 3,5and7Log e Population level of S. enterica was (106)
(Preharvest)  (Chamber) then Days 1, CFU/ml positively related with inoculation
10, and 20 level at each sampling points.
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S. Lettuce
Enteritis NCTC  (Preharvest)
5188

S. enterica Tomato
cocktail (Postharvest)
including

serotype Agona,
Montevideo,Ne
wport, Poona,
and Saintpaul

S. enterica Basil,
including cilantro, dill,
serotype parsley, and
Braenderup,

21 °C fora
photoperiod of
16 hand 19 °C
for8h
darkness
(Chamber)

10°C
20°C

Day 0 and
28-29 for
old plants.
Days 0, 14
and 21 for
small-
medium,
plants

Days 0, 1, 3,
and 7

Days 0, 2, 7,
and 14

Low
concentration: 3
Log CFU/mI.
High
concentration: 6
Log CFU/mI

4.0 Log
CFU/tomato

5.0-5.5 Log
CFU/g

S. enterica generally decreased over
20 days on lettuce and maintained
higher level on Rede tide than Lollo
Rossa and Salinas.

Higher pH combined with higher
inoculation levels resulted in
enhanced persistence of S. enterica in
the roots for lettuce plant in different
growth stage.

S. enterica was not detected from
leaves of small-medium lettuce plants
and old plants at the end of
cultivation.

Population level of S. enterica
decreased to 1.8, 1.8 and 1.7 Log
CFU/tomato in tomato at three
ripeness stages (breaker/green, pink,
and red) stored at 10 °C.

Population level of S. enterica
decreased to 1.3, 1.6, and 1.6 Log
CFU/tomato in tomato at three
ripeness stages (breaker/green, pink,
and red) stored at 20 °C.

No obvious differences in S. enterica
levels between unbruised and bruised
tomato were observed at the end of
the 7-day storage.

S. enterica had the highest levels in
red tomato at the end of the 7-day
storage.

S. enterica reduced to less than ca.
3.0,2.8,3.9,4.0,and 2.0 Log CFU/g
on basil, parsley, tarragon, cilantro,
and dill, respectively after 14 days.

(107)

(108)

(91)
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Newport,
Negev,
Thompson, and
Tennessee

S. enterica
cocktail
including
serotype
Kasenyi, Napoli,
and Veneziana

S.
Typhimurium

S. enterica
cocktail
including
serotype
Enteritis and
Typhimurium
S. enterica
cocktail
including
serotype
Tennessee and
Typhimurium

tarragon
(Postharvest)

Lettuce
(Postharvest)

Basil, butter
lettuce,
cilantro,
Romaine, and
spinach
(Postharvest)

Butter lettuce
(Postharvest)

Pepper
(Postharvest)

Broccoli and
collard
(Postharvest)

8°C

4°C

25°C

7,14, and
21°C

4°C

Hours 0 and
120

Days 0, 1, 3,
and 7

Days 0, 1, 3,
7,14, and
21

Hours 0, 12,
24,48, 72,
96, 120 and
144

Days 0, 5, 9,
and 14

5.0 and 4.7 Log
CFU/cm?
loosely and
strongly
attached cell,
respectively

3.5 Log
CFU/cm? leaf

3.5 Log
CFU/cm? leaf

25and 4.5 Log
CFU/g

4.5-6.0 Log
CFU/

Population level of S. enterica
gradually increased to ca. 6.0 Log
CFU/cm?after 120 hours.

S. enterica persisted at higher
population level on leafy greens in
condition with relative humidity 95%
than 65% on Day 1 and 3 and reached
similar population levels (ca. 2-3 Log
CFU/) on Day 7.

S. enterica persisted at 2.0 Log CFU/
after 21 days.

In general, the higher temperature
combined with higher relative
humidity, the more S. enterica
survived on pepper.

Population level of S. enterica was
below limit detection after 14 days for
broccoli but remained 3.0 Log CFU/
for collard.

(96)

(86)

(289)

(290)
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S. Reading

S. enterica
cocktail,
including
SMFM2018-
C15-1,
SMFM2018-
C17-1, and
SMFM2018-
C18-2

S. enterica
cocktail
including
serotype
Enteritidis,
Newport, and
Typhimurium

S. enterica
cocktail
including
serotype
Newport,
Montevideo,
Saintpaul, and
Stanley.

Lettuce
(Postharvest)

Fresh-cut
cucumber
(Postharvest)

Baby spinach
(Postharvest)

Cucumber
(Postharvest)

4°C
8°C
15°C

10°C

4°Cfor7
days; 37 °C
for 2h and
4°Cfor7
days

7,14, and
21°C

Days 0, 1, 2,
3,4,7,and
10

Hours 0 and
96

Days 0, 1, 2,
4,and 7

Hours 0, 12,
24,72, 120,
168, and in

some cases

240

4.9 Log CFU/g
4.9 Log CFU/g
4.9 Log CFU/g

3.0 Log CFU/g

7.5 Log
CFU/sample
unit

6.0 Log
CFU/cucumber

The S. enterica population level was ~ (291)
2.1 Log CFU/q after 10 days
Population level of S. enterica was
2.9 Log CFU/g after 10 days
Population level of S. enterica was
5.7 Log CFU/g after 10 days
Population level of S. enterica
increased rapidly at 20, 25, and 30 °C
but remained at 2.8 Log CFU/g at

10 °C.

(292)

The unstressed S. enterica population  (109)
decreased rapidly on the first day and
remained at ca. 5.5 log CFU/sample
unit under both cold and temperature
abuse conditions.

The desiccation-stressed S. enterica
most enhanced its persistence on baby
spinach compared with S. enterica
pre-exposed to other stresses in
temperature abused condition.
Population level of S. enterica (293)
declined under all of conditions and

the survival of S. enterica was highest

at 100% relative humidity followed

by 50 and 15%.
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S. enterica
cocktail
including
serotype
Newport,
Montevideo,
Saintpaul, and
Stanley.

S.
Enteritis

S. Typhimurium

Cucumber
(Postharvest)

Arugula,
chicory,
lettuce, and
spinach
(Postharvest)

Beet,
cabbage,
carrot, celery,
grapefruit,
kale, lemon,
and red
cabbage
(Postharvest)

7and 21 °C

5and 20 °C

10°C

Days 0 and
7

Hours 2 and
48

Hours 0, 12,
24,48, 72,
96, 120, and
144

6.0 Log

3,4,5,6,and 7
Log CFU/mI

2.0 Log CFU/ml

Population level of S. enterica
decreased by 3.3 and 2.9 Log
CFU/cucumber at 21 and 7 °C,
respectively.

The higher inoculation level, the
higher population detected on leafy
greens after 48 h.

The population of S. enterica mainly
increased at 20 °C after 48 h and
remained at a stable level at 5 °C after
48 h regardless of types of vegetable.
Growth of desiccation- and acid-
stressed S. enterica were higher than
other stressed and non-stressed
counterparts in the majority of cases.
Population level of S. Typhimurium
increased sharply and decreased after
96 hours in carrot and celery juice.
Population level of S. Typhimurium
increased continuously and remained
relatively constant in kale and beet
juice (5.0 and 4.4 Log CFU/mI).
Population level of S. Typhimurium
gradually decreased in grapefruit,
cabbage, and red cabbage juice.
Population level of S. Typhimurium
decreased below limit detection in
lemon juice immediately after
inoculation.

(294)

(295)

(281)
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S.
Typhimurium

S. enterica
cocktail
including
serotype
Baildon,
Braenderup,
Montevideo,

Newport, Poona,

and Saintpaul

S. enterica
Montevideo,
Typhimurium,
and Typhi

S. enterica
including
serotype
Enteritis,
Newington,
Stanley, and
Thompson

Strawberry
(Postharvest)

Mango
(Postharvest)

Strawberry
(Postharvest)

Whole kiwi
fruit
(Postharvest)

Sliced kiwi
fruit
(Postharvest)

4°C

25°C

20°C

22°C

3°C

22°C

Hours 0 and
72

Hours 0 and
24

Days 0 and
15

Days 0, 5,
10, 15, 20,
25, and 30

Days 0 and
7

2.1 Log CFU/g

4.6 Log CFU/g

6.6 Log
CFU/mango
4.3 Log
CFU/mango

4.0 Log CFU/g

7.0 Log
CFU/kiwi fruit

4.0 Log
CFU/kiwi fruit

4.0and 7.0 Log
CFU/kiwifruit
(low and high
inoculation

Population level of S. enterica
decreased to 1.3 log CFU/g

Population level of S. enterica
increased to 7.8 log CFU/g

Population level of S. enterica
remained at 6.5 Log CFU/mango
Population level of S. enterica
remained at 4.3 Log CFU/mango

Population level of S. enterica
decreased to ca. 2.0 Log CFU/qg.
Population level of S. enterica
decreased by ca. 1.3 Log CFU/qg.

Culturable S. enterica fell below limit
of detection on Day 10 but remained
enrichment positive on Day 30 for
both green and golden kiwi fruits.

On Day 10, culturable S. enterica on
green kiwi fruit was higher than
golden kiwi fruits and remained
enrichment positive on Day 30 for
both green and golden kiwi fruits.

In the high-inoculation scenario,
population level of S. enterica was
decreased by ca. 3.0 Log
CFU/Kiwifruit after 7 days.

(296)

(297)

(280)

(279)
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S. enterica.
cocktail

S. enterica
cocktail
including
serotype
Montevideo and
Typhimurium

S. enterica
including
serotype
Newport, Poona,
and
Typhimurium

Grapefruit
(Postharvest)

Apple
(Postharvest)

Fresh-cut
cantaloupe,
honeydew,
pineapple,
radish, and
watermelon
(Postharvest)

20 °C

22 °C

15°C

5°C

4°C

8orl12°C

Days 0, 1, 5,
7, and 14

Hours 0, 3,
12, 24, and
48

Hours 0, 3,
24, 48, and
96

Days 0 and
7

levels,
respectively)

7 log
CFU/grapefruit

2.3-3.8 Log
CFU/apple

3.3Log CFU/ g

In the low-inoculation scenario,
population level of S. enterica was
decreased by ca. 1.0 Log
CFU/Kiwifruit after 7 days.
Population level of S. enterica
reduced by 4.7 Log CFU/grapefruit

(298)

Population level of S. enterica (299)
increased by up to 5 log CFU/apple in
Rayada and Red Delicious, whereas

4.8 log CFU/apple in Golden

Delicious at 48 h

Population level of S. enterica

steadily increased to 4.1 and 4.3 log

CFU/apple

Population level of S. enterica
steadily decreased to 3.0 log
CFU/apple

Population level of S. enterica (100)
decreased sharply to 0.2 Log CFU/g

in 2 days on pineapple but persisted at

ca. 2.6 Log CFU/g on rest of fruits.

Population level of S. enterica

increased significantly on cantaloupe,
honeydew and watermelon, reaching
upto4.4and 5.3 Log CFU/g, at 8 °C

and 12 °C, respectively.

Population level of S. enterica

continuously decreased to 0.2 Log

CFU/qg or lower on pineapple by the

end of 7-day storage at 8 °C and

12 °C.

Population level of S. enterica stayed

at 2.7 Log CFU/g at 8 °C and slightly
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S. enterica
cocktail

S. enterica
cocktail
including
serotype Agona,
Gaminara,
Michigan,
Montevideo, and
Enteritidis

S. enterica
cocktail
including
serotype Poona,
Panama, and
Stanley,

Grape
(Postharvest)

Strawberry
(Postharvest)

Fresh-cut

apple
(Postharvest)

35 °C for 2 h,
then stored at
4°C

37°C

20°C

4°C

Days 0 and
15

Days 0, 2, 6,
9,12 and 14
Hours 0, 8,
24, 30, and
48

Days 0,1, 7,
14, 21 and
35

2.0 Log CFU/g

4.5-4.6 Log
CFU/wound

4.2 Log CFU/

increased to 3.2 Log CFU/g on radish
at 12 °C.

Population level of S. enterica
decreased sharply to 0 Log CFU/g in
2 days on pineapple (comparably
slower than storage at 4 °C without

temperature abuse) but persisted at ca.

2.5 Log CFU/g on rest of fruits.

Population level of S. enterica
reduced by 1.0 Log CFU/ml

Population level of S. enterica
reduced by 3.4 Log CFU/wound
Population level of S. enterica
reduced by 1.2 Log CFU/wound

The remaining population level on
fresh-cut apple slices was 2.2 Log
CFU/

(300)

(301)

(302)
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S. enterica
including
serotype, Poona,
Panama, and
Stanley

S. Typhimurium

S.

enterica cocktail
including
serotype Agona,
Newport, Poona,
and St. Paul

Sliced apple
(Postharvest)

Papaya
(Postharvest)

Papaya
(Postharvest)

4°C

7°C

21°C

4°C

12°C

21°C

Days0,1,7, 4.2LogCFU/
14, 21, and
35

Days0,1,7, 55
10, and 14 Log CFU/g

Days0,1,3, 4.0-5.0Log
57,9, 11, CFU/g
and 14

Days 0, 1, 3,
57,9 11,
and 14

Days 0, 1, 3,
5,and 7

Population level of S. enterica
decreased to 2.2 Log CFU/ after 35
days.

Population level of S. enterica
decreased to 4.1 log CFU on day 7
and then increased to 6.2 log CFU at
the end of the storage period.

Population level of S. enterica
gradually increased to 7.34 log CFU
on Day 14.

When RH = 90%, population level of
S. enterica was decreased by 0.35,
0.46, 1.00, and 0.85 log CFU/g for 0,
25, 50, and 75 % fruit ripeness.

When RH = 55%, population level of
S. enterica was decreased by 1.4, 1.5,
1.4, and 1.4 log CFU/g were observed
for 0, 25, 50, and 75 % fruit ripeness.

When RH = 90% and 55%,
population level of S. enterica was
decreased by <2.0 Log CFU/g for
papaya with different ripeness.

When RH = 90%, population level of
S. enterica was increased by 1.59 to
2.06 Log CFU/g on papaya for 50 and
75% fruit ripeness levels but
remained at the similar level at 0 and
25% of ripeness levels after 7 days.

(303)

(285)

(110)
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S. enterica
cocktail
including
serotype
Newport and
Typhimurium

S. enterica
cocktail
including
serotype
Enteritidis,
Hadar,

Montevideo, and

Thompson,

S. enterica
cocktail
including
serotype Agona,
Gaminara,
Montevideo,
Michigan, and
Poona.

S. enterica
including

Fresh-cut
apple,
cantaloupe,
cucumber,
and tomato
(Postharvest)

Dates
(Postharvest)

Avocado
(Postharvest)

Strawberry
(Postharvest)

4°C

4°C

5°C

25°C

4°C

Days 0, 1, 3,
5,and 7

Days 0, 10,
20, and 31

Days 0, 3, 6,
9,12, 15,
18, 21, 24,
27, 30, 33,
36, 39, 42,
45, and 48

Days0, 1,3
and 7

7.0and 2.0
Log CFU/g for
high and low
inoculation
levels,
respectively

8.1 Log CFU/g

7.4 Log CFU/
avocado

7.2 Log CFU/
avocado

6.0 Log CFU/g

The overall growth of S. enterica was
higher in 50 and 75% fruit ripeness
than 0 and 25% fruit ripeness papaya.
When RH = 55%, population level of
S. enterica decreased by 2.11, 1.54,
1.86, 0.90 Log CFU/g at 0, 25, 50,
75% of fruit ripeness.

Less than 0.2 log reduction observed
on tomato and cantaloupe and 0.5 log
reduction on cucumber and apple at
the end Day 7.

S. enterica behaved similarly when
inoculation level was low (< 0.5 log
variation) on tomato and cantaloupe.

Population level of S. enterica
remained at 8.2 Log CFU/g on Day
31

Population level of S. enterica
decreased to 1.7 Log CFU/ avocado
after 48 days.

Population level of S. enterica
decreased to 4.4 Log CFU/ avocado
after 48 days.

Population level of S. Newport, S.
Tennessee, and S. Thompson

(304)

(305)

(287)

(288)




STT

serotype
Newport,
Tennessee, and
Thompson

10°C

decreased to 3.5, 3.7 and 4.1 Log
CFU/g on Day 7, respectively.
Population level of S. Newport, S.
Tennessee, and S. Thompson
decreased to 3.3, 3.6 and 3.8 Log
CFU/g on Day 7, respectively.

NA: not available
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Table 7. Summary of studies on the application of antagonistic cultures in inhibiting major foodborne pathogens in fresh produce between 2010
and 2022

Targeted foodborne  Antagonistic culture Antagonist Antimicrobial  Food vehicle Major results References
pathogen (isolation source) group activity test
E. coli O157:H7 Bacillus spp., Bacillus Non-LAB Spot-on-lawn  Spinach e 13-28Log (128)
(~4 Log CFU/ml) pumilus, Erwinia CFU/ml reduction
perscina, Paenibacillus in E. coli O157:H7
polymyxa, Pantoea populations was
agglomerans, observed when co-
Pseudomonas spp. cultured with
(Fresh spinach) (~ 4 Log antagonists in TSB
CFU/ml for each strain). broth compared to
the control (only E.
coli O157:H7)
stored at 25 °C after
48 hours.
e 03-13Log
CFU/g reduction in
E. coli O157:H7

was measured when
co-inoculated with
antagonists on
spinach leaves after
24 hat 25 °C
compared to the
control.

e Cellobiose was
used by Erwinia
perscina to enhance
inhibition of E. coli

O157:H7.
E. coli O157:H7 gfp Rhodococcus sp. Non-LAB Perpendicular ~ Spinach e Seed inoculation (a71)
+ (~8 Log CFU/ml)  (Spinach) (~8 Log streak leaves mitigates more
CFU/mI) culture E. coli

0157:H7 gfp + than
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L. monocytogenes
(~4,6,and 8 Log
CFU/g)

Lactiplantibacillus
plantarum B2 and
Lactobacillus
fermentum PBCC11.5
(~ 8 Log CFU/g for
each strain)

LAB

N.A.

Fresh-cut
cantaloupe

canopy spray
inoculation.
Rhodococcus sp.
reduced by the 1.5
Log CFU/g of E.
coli O157:H7 gfp+
co-inoculated with
the antagonist on
seeds at 20 °C (day)
and 16 °C (night)
after 28 days.
When the
concentration of
inoculated L.
monocytogenes was
the same as that of
the probiotic
bacteria (~ 8 Log
CFU/g), no
reduction in L.
monocytogenes
population in fresh-
cut cantaloupe
caused by LAB
compared to that in
the control group
was observed after
9 days at 4 °C.
When the
concentration of
inoculated L.
monocytogenes was
6 Log CFU/qg, the
growth reduction of
1 Log CFU/g
compared to the

(168)
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S. enterica?
Enteritidis (~ 4 Log
CFU/g)

S. enterica
ATCC4931r
(=3 Log CFU/qg)

Lactiplantibacillus LAB
plantarum and

Lactobacillus brevis

(Chinese traditional

fermented vegetables)

(~ 7 Log CFU/qg)

Erwinia persicina strain ~ Non-LAB
EUS78 (various
vegetable seeds) (~ 5-8

Log CFU/g)

Well diffusion
assay

Spot-on-lawn

Fresh-cut
apples

Alfalfa sprout

control was
obtained at the end
of storage.

When the
concentration of
inoculated L.
monocytogenes was
4 Log CFU/qg, L.
fermentum
PBCC11.5 caused 3
Log CFU/g growth
reduction of L.
monocytogenes,
while L. plantarum
B2 achieved 2 Log
CFU/g of L.
monocytogenes
reduction compared
to the control at the
end of storage.

L. plantarum RD1
strain exhibited the
best inhibitory
activity against S.
Enteritidis on fresh-
cut apples stored at
10 °C after 7 days,
which was that
RD1 reduced by 1.4
Log CFU/g of S.
Enteritidis at the
end of storage.
EUS78 remarkably
inhibited the growth
of S. enterica
ATCC4931r on

(306)

(189)
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E. coli O157:H7
and

L. monocytogenes
(~7 Log CFU/g for
each strain)

Enterohaemorrhagic
E. coli (~ 7 Log
CFU/g) and S.
enterica cocktail
(~6 Log CFU/g)

Lactiplantibacillus
plantarum and
Lactobacillus
fermentum (sourdough)
(~ 8 Log CFU/g for
each strain)

Bacillus subtilis (LCAL,
M24, and 168) (inner
tissue of mung bean
seeds or lettuce stems)
(~ 5 Log CFU/g for
LCAl and M24; 4 Log
CFU/g for 168)

LAB

Non-LAB

N.A.

Spot-on-lawn

Pineapples

Mung bean
sprouts

alfalfa sprouts with
up to 5.0 Log
CFU/qg after 7 days
at 25 °C.

L. plantarum
reduced the amount
of E. coli O157:H7
and L.
monocytogenes by
about 1.1 Log
CFU/g on pineapple
plugs at 5 °C after
day 7 compared to
the E. coli O157:H7
and L.
monocytogenes
control groups.

L. fermentum
induced the
reduction in 2.0
Log CFU/g of L.
monocytogenes
populations
compared to that in
L. monocytogenes
control group at

5 °C after day 7.
All three B. subtilis
strains reduced by
the 1.1-1.4 Log
CFU/g of S.
enterica in seed at
22 °C by Day 5.
LCAL1-cat strain
reduced by the
greatest amount of

(129)

(117)
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E. coli ATCC
25922 and S.
Typhimurium
ATCC 14028
(~6 Log CFU/mI
for each strain)

Lactiplantibacillus
plantarum (B135 and
Z183) and Pediococcus
pentosaceus (B125)
(Amazonian Acai fruits)
(~ 6 Log CFU/mlI for
each strain)

LAB

Spot-on-lawn

Amazonian
Acai fruits
juice

S. enterica, which
was 1.4 Log CFU/g
when compared to
the control, after 5
days of sprouting at
22 °C.

LCA1-cat strain
reduced by the
greatest amount of
EHEC, which was
2.0 Log CFU/g
when compared to
the control, after 5
days of sprouting at
22 °C.

B125, B135, and
Z183 could inhibit
the growth of E.
coli in Acai juice
stored at room
temperature after 3
days. Among them,
B135 inhibited the
greatest number of
E. coli with 8.0 Log
CFU/ml after 3
days of storage
compared to the
control.

All three strains
reduced 6.0 Log
CFU/ml of
Salmonella
Typhimurium in
Acai juice stored at

(190)



T¢t

L. monocytogenes
and

S. Enteritidis

(~5 Log CFU/mI
for each strain)

L. monocytogenes
and Salmonella and
(~ 5 Log CFU/mI
for each strain)

L. monocytogenes
and Salmonella
(~5 Log CFU/mlI
for each strain)

Pseudomonas graminis
strain CPA-7 (apple
surface) (~ 7 Log
CFU/ml)

Lacticaseibacillus LAB N.A.

rhamnosus GG (~ 8 Log
CFU/mlI)

Pseudomonas graminis
CPA-7 (apple surface)
(~ 7 Log CFU/mI)

Non-LAB N.A.

Non-LAB N.A.

Fresh-cut pear

Fresh-cut pear

Fresh-cut pear

room temperature
after 3 days.

CPA-7 reduced the  (169)
levels of L.
monocytogenes and
S. Enteritidis by 5.5
and 3.1 Log CFU/g
compared to the
controls on fresh-
cut pear after 7 days
at 10 °C.

1.8 Log unitsof L.  (188)
monocytogenes
were reduced by L.
rhamnosus GG co-
inoculated on fresh-
cut pear stored at

5 °C after 9 days
compared to the
control. However,
no reduction of
Salmonella was
observed at the end
of the storage.
Salmonella and L. (170)
monocytogenes had
the most reduction
with 2.2 and 4.0
Log units by CPA-7
co-inoculated on
fresh-cut pear after
10 days at 10 °C
compared to the
controls.



[44"

E. coli O157:H7
(~5 Log CFU/plug),
Listeria innocua
(~4 Log CFU/plug),
and S. enterica

(~5 Log CFU/plug)

E. coli O157:H7, L.
monocytogenes, and
S. enterica (~ 7 Log
CFU/ml for each
strain)

Pseudomonas graminis
CPA-7 (apples, peaches,
and pineapples) (~ 6-8

Log CFU/mI)

Pseudomonas sp. strain

M309 (whole
vegetables, fresh-cut

vegetables, and sprouts)

(~ 7 Log CFU/ml)

Non-LAB

Non-LAB

In vitro test

In vivo assay

Fresh-cut
apples and
peaches

Fresh-cut
lettuce

For fresh-cut
apples, P. graminis
CPA-7 reduced the
populations of E.
coli O157:H7, S.
enterica, and L.
innocua by 4.5, 4.7,
and 5.9 Log units,
respectively,
compared to the
control after 2 days
at 20 °C.

For fresh-cut
peaches, P.
graminis CPA-7
reduced the
populations of E.
coli O157:H7, S.
enterica and L.
innocua by 4.3, 2.8,
and 4.0 Log units,
respectively,
compared to the
control after 2 days
at 20 °C.
Pseudomonas sp.
strain M309
reduced S. enterica
and L.
monocytogenes
counts by 3.3 and
2.2 Log units
compared to the
control on lettuce
disks at 20 °C at the

(126)

(70)
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E. coli,
Staphlococcus
aureus, Bacillus
cereus,
Pseudomonas
aeruginosa, Proteus
vulgaris, S. Typhi,
Serritia spp., and
Xanthomonas
campestris (the
level is N.A.)

E. coli ATCC
25922, S.
Typhimurium
ATCC 13311, S.
Paratyphi A,
Pseudomonas
aeruginosa ATCC
27853,
Staphylococcus
aureus ATCC
25923, Bacillus
cereus DMST 5040,
and Bacillus subtilis
(~ 8 Log CFU/ml)

Salimicrobium, Bacillus, Non-LABand Agar well

Paenibacillus, and LAB diffusion
Lactobacillus (curd and

cow dung samples) (the

level is N.A.)

Rummeliibacillus LAB Agar well
pycnus STR 0103f and diffusion

Rummeliibacillus
stabekisii STR 0404f
(fermented vegetable
products) (~ 8 Log
CFU/mlI)

Apple,
Banana,
Chikku, Fig,
Pomegranate,
and
Strawberry

N.A.

end of 3-day
storage.

M309 strain could
also reduce S.
enterica and E. coli
0157 on lettuce
disks by 3.5 and 3.7
Log units compared
to the control at

10 °C after 3 days.
LAB had (127)
antagonistic activity
against the selected
pathogenic bacteria.
The bacteriocin-like
inhibitory substance
produced by LAB
coating on various
fruits was able to
extend their shelf-
life at room
temperature.

The two strains (134)
elicited the broad
spectrum against
both Gram-negative
and Gram-positive
pathogens.

The cultures can
tolerate bile salt
tolerance at 0.3%
bile salt for 24 h
with survival rates
of ~67.77 and
68.72%.
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The cultures can
survive under acid
conditions (pH 3-5)
with survival rates
of about 60.53-
76.87%.

LAB: lactic acid bacteria; N.A.: not available.



Table 8. Characteristics of fresh vegetable microbiota studies published from 2010-2022.

T4

Food Sequencing Sequencing Pipeline Key factors Most abundant taxa  Differential  References
vehicle platform region (Top three) abundance
(primers) analysis
Spinach Roche 454 V4 (515fand e RDP pyrosequen- e Storage (15 Phyla: N.A. (192)
Pyrosequen-  806r) cing pipeline days)* Proteobacteria
cing e Packaging (fresh  Actinobacteria, and

vs. packaged)
e Temperature (4
vs. 10 °C)

Acidobacteria (fresh
spinach);
Proteobacteria,
Actinobacteria, and
Deinococcus-Thermus
(4 °C for 15 days);
Proteobacteria and
Actinobacteria (10 °C
for 15 days).

Genera:

Unclassified
Enterobacteriaceae,
Pseudomonas, and
unclassified
Oxalobacteraceae
(fresh spinach);
Unclassified
Enterobacteriaceae,
Pseudomonas, and
Methylobacterium

(4 °C for 15 days);
Unclassified
Enterobacteriaceae,
Pseudomonas, and
Escherichia (10 °C for
15 days).



Fresh
produce

Leaf
greens

9t

Romaine
lettuce

Roche 454
Pyrosequen-
cing

Roche 454
Pyrosequen-
cing

Roche 454
Pyrosequen-
cing

V5-V6 (799f e OQIIME 1
and 1115r)

V6-V8 (939f e  Mothur

and 1392r)

V5-V9 (799f e OQIIME 1
and 1492r)

Produce types*
(Sprouts, spinach,
lettuce,
mushroom, and
peppers)

Farming practices
(organic vs.
conventional)
Produce types*
(Romaine lettuce,
baby spinach,
green leaf lettuce,
iceberg lettuce,
and red leaf
lettuce)

Farming practices
(organic vs.
conventional)
Leaf surface
sterilization
(sterilized vs.
non-sterilized)
Planting seasons*
(Early: June vs.
Late: August and
October)
Irrigation
(sprinkler vs.
drip)

Leaf age
Inoculation
(attenuated
Escherichia coli
0O157:H7)

Phyla: N.A.

Proteobacteria,
Actinobacteria, and
Firmicutes.

Genera:

Pantoea, Klebsiella,
and Xanthomonas
(across all samples).

Phyla: N.A.

Proteobacteria,
Bacteroidetes, and
Firmicutes.

Genera:
Pseudomonas,
Ralstonia, and
Flavobacterium
(across all samples).

Phyla: N.A.

Proteobacteria,
Firmicutes, and
Actinobacteria.
Genera:

Leuconostoc,
Lactococcus, and
Bacillus (early season)
Pantoea, unclassified
Enterobacteriaceae,
and Pseudomonas (late
season).

(193)

(202)

(237)



LT

Fresh
herbs

Leafy
greens

Cilantro

[llumina
MiSeq
Sequencing

[llumina
MiSeq
Sequencing

Roche 454
Pyrosequen-
cing and
[llumina
MiSeq
shotgun
sequencing

V4 (515f and

806r)

V4 (515f and

806r)

V1-V3 (27f
and 533r)

Mothur

Mothur

QIIME 1 and
CLC Genomics
Workbench
software

Harvest time (7,
14, and 21 days
after inoculation)

Herb types*
(Basil, Chives,
Dill, Mint,
Rosemary, and
Thyme)

Farm locations
(Farm Vestfold
vs. Farm
Buskerud)
Produce types*
(rocket salad and
lettuce)
Cultivars
(Frillice, Iceberg,
and Little Gem)
Leaf maturity (3

weeks vs. harvest)

Enrichment
(before vs. after)

Phyla: N.A.

Firmicutes,
Bacteroidetes, and
Proteobacteria.
Genera:
Unclassified
Bacillaceae,
Streptococcus, and
Prevotella.

Phyla: N.A.

Proteobacteria,
Actinobacteria, and
Bacteroidetes.
Genera:
Pseudomonas,
Duganella, and
Pantoea (lettuce);
Pseudomonas,
Flavobacterium, and
Chryseobacterim
(rocket salad).

Phyla: N.A.

Proteobacteria,
Bacteroidetes, and
Actinobacteria (Before
enrichment).
Firmicutes,
Proteobacteria, and
Bacteroidetes (after
enrichment).

Families:

(186)

(231)

(238)



8CT

Mung [llumina
bean HiSeq2500
sprouts Sequencing

V1-V3 (27f
and 534r)

CLC Genomics
Workbench
software and
NCBI BLAST

Enrichment
strategies (BPW
vs. EE-broth)
Temperatures (37
vs. 42 °C)

Oxalobacteraceae,
Pseudomonadaceae,
and Flavobacteriaceae
(before enrichment);
Peptostreptococcaceae,
Planococcaceae, and
Clostridiaceae (after
enrichment).

Phyla:
Proteobacteria,
Bacteroidetes, and
Firmicutes (before
enrichment);
Proteobacteria,
Firmicutes, and
Bacteoidetes (BPW at
both temperatures for
24 h); Proteobacteria,
Bacteroidetes, and
Firmicutes (EE-broth
at both temperatures
for 24 h)

Genera:
Janthinobacerium,
Pseudomonas, and
Enterobacter (before
enrichment);
Klebsiella,
Acinetobacter, and
Bacillus (BPW at

42 °C for 24 h);
Klebsiella,
Enterobacter, and
Cronobacter (EE-

Fisher’s
exact test

(264)



6CT

Radish lon Torrent

sprouts Pyrosequen-
cing

Cilantro, IHlumina

cucumber, MiSeq

and mung  Sequencing

bean

sprout

V5-V6 (799f
and 1115r)

V1-V3 (27f
and 534r)

e CLC Genomics
Workbench
software, MG-
RAST, and NCBI
BLAST

e QIIME1

Seasons*
(Summer and
winter)

Sprouting (pre-
sprouted seeds vs.
sprouted samples)

Produce types*
(cilantro,
cucumber, mung
bean sprout)
Brands (brand A
and brand B of
mung bean
sprout)

broth at both
temperatures for 24 h)

Families: N.A.

Pseudomonadaceae,
Oxalobacteraceae, and
Flavobacteriaceae
(Winter);
Pseudomonadaceae,
Oxalobacteraceae, and
Enterobacteriaceae
(Summer).

Genera:

Halospirulina and
Pseudomonas (pre-
spouted seeds)
Pseudomonas,
Paenibacillus, and
Pantoea (sprouted
samples).

Genera: N.A.

Pseudomonas,
Flavobacterium, and
Duganella (cilantro);
Acinetobacter,
Pseudomonas, and
Pantoea (cucumber);
Leuconostoc,
Lactococcus, and
Enterobacter (brand A
of mung bean sprout);
Enterobacter,
unclassified
Enterobacteriaceae,
and Pseudomonas

(194)

(232)



Spinach Illumina
MiSeq
Sequencing

Roche 454
Pyrosequen-
cing

% Broccoli
o

Lettuce Illumina
MiSeq
Sequencing

V4 (515fand o QIIME 2
806r)

V5-V6 (799f  QIIME 1
and 1115r) o

V4 (515fand e QIIME 1
806r)

Washing process
(chlorine-washed
vs. unwashed)
Storage (Day 0
vs. Day 7)
Temperatures (4,
10, and 15 °C)
Planting
locations* (CA
vs. AZ)

Harvest stages
(preharvest vs.
postharvest)

Inoculation
(Salmonella
Infantis)

Sample types*
(rhizosphere and
root)

(Brand B of mung
bean sprout).

Phyla: N.A.

Proteobacteria,
Bacteroidetes, and
Firmicutes (CA);
Proteobacteria,
Bacteroidetes, and
Actinobacteria (AZ).
Genera:
Pseudomonas,
Acinetobacter, and
Flavobacterium (CA);
Pseudomonas,
Sphingomonas, and
Acinetobacter (AZ).

Phyla: N.A.

Proteobacteria,
Actinobacteria, and
Firmicutes.

Genera:
Pseudomonas,
Acinetobacter, and
Janthinobacterium
(preharvest);
Pseudomonas, Hafnia,
and Acinetobacteria
(postharvest).

Phyla: N.A.

Proteobacteria,
Verrucomicrobia, and
Actinobacteria
(rhizosphere);
Proteobacteria,

(75)

(224)

(233)



TET

Sugar beet

Alfalfa
and mung
bean
sprouts

Perilla
leaf

[llumina
MiSeq
Sequencing

[llumina
MiSeq
Sequencing

Illumina
MiSeq
Sequencing

V4-V5 (515f e QIIME land
and 926r) QIIME 2
V3-V4 (341f e Mothur

and 806r)

V5-V6 (799f e  Mothur and
and 1115r) QIIME 1

Soil textures (silt
vs. loamy sand)
Cultivars (Green
Star vs. Green
Salad Bowl)
Harvest times (4
vs. 5 weeks)
Health status*
(healthy vs.
decaying)

Farm Locations
(Austria vs.
Germany)
Clamp types
(Grossmugl,
Mittich,
Kleinweichs1,
Kleinweichs2,
Osterhofenl, and
Osterhofen2)
Sprout types*
(alfalfa sprouts
vs. mung bean
sprouts)

Brands (c1 vs. c2)
Storage (3 weeks
for alfalfa and 2
weeks for mung
bean sprouts at
4°C)

Harvesting times*
(April vs. July)
Sampling sites
(A,B,C,D,and
E)

Bacteroidetes, and
Actinobacteria (root).

Orders:
Micrococcales,
Flavobacteriales, and
Pseudomonadales
(Healthy samples);
Lactobacillales,
Rhodospirllales, and
Flavobacteriales
(Decaying samples).

ANCOM

Genera: N.A.
Pseudomonas,

Pantoea, and
Janthinobacterium

(Alfalfa sprouts);
Pseudomonas,

Pantoea, and

Acinetobacter (Mung

bean sprouts).

Phyla: N.A.
Proteobacteria,

Firmicutes, and
Actinobacteria.

Genera:

(195)

(234)

(307)



Ready-to-
eat salad
(arugula,
lamb’s
lettuce,
and
radicchio)

= .
w Spinach

[llumina
MiSeq
Sequencing

Illumina
MiSeq
Sequencing

V3-V4 (341f
and 806r)

V4 (505f and
806 )

Prinseq-lite
program, FLASH
program, and
QIIME 2

QIIME 2

Brands (S1, S2,
and S3)
Nucleic acids*
(16S rRNA vs.
16S rDNA)

Types of
irrigation water*
(Gr, Wa, and Rf)
Irrigation times
(Day 0 vs. Day 7)

Unclassified
Enterobacteriaceae,
Methylobacterium, and
Sphingomonas (April);
Bacillus,
Exiguibacterium, and
Acinetobacter (July).

Phyla: N.A.

Proteobacteria,
Bacteroidetes, and
Actinobacteria.
Genera:
Pseudomonas,
unclassified genera,
and Rahnella (16S
rRNA); Pseudomonas,
Flavobacterium, and
Rahnella (16S rDNA).

Phyla: N.A.

Proteobacteria,
Bacteroidetes, and
Actinobacteria.
Genera:

c-ZB2, unclassified
Coxiellaceae, and p-
OD1 (Gr);
Polynucleobacter,
Sediminibacterium,
and Flavobacterium
(Wa);
Bradyrhizobium,
unclassified
Comamonadaceae, and
Novosphigonium (Rf).

(308)

(309)



€et

[llumina
MiSeq
Sequencing

Sweet
pepper

Illumina
MiSeq
Sequencing

Spinach

[llumina
MiSeq
Sequencing

Sprouts

V4-V5 (515f e QIIME 1

and 909r)

V3-V4 (341f e Phyloseq R

and 806r) packages, and
QIIME 2

V4 (515fand e QIIME 2

806r)

Habitats
(hydrophonic vs.
soil)

Treatments
(fungicide-treated
vs. untreated)
Maturity stages*
(red vs. green)

Storage (Day 0, 5,
and 10 at 4 °C)
Sanitizer types*
(no treatment, tap
water, PAA
50ppm, ECAS 50
ppm, and ECAS
85ppm)

Sprout types*
(alfalfa, radish,
and rapeseed)
Brands (A, B, and
C)

Phyla: N.A.
Proteobacteria,
Firmicutes, and
Actinobacteria.
Genera:
Acinetobacter,
Pseudomonas, and
Burkholderia (green);
Pseudomonas,
Acinetobacter, and
Bacillus (red).

Phyla:

Proteobacteria,
Bacteroidetes, and
Firmicutes (no
treatment); Firmicutes,
Actinobacteria, and
Proteobacteria (tap
water); Proteobacteria,
Actinobacteria, and
Bacteroidetes (PAA
50ppm);
Proteobacteria,
Actinobacteria, and
Bacteroidetes (ECAS
50ppm);
Proteobacteria,
Bacteroidetes, and
Actinobacteria (ECAS
85ppm).

Phyla:

Proteobacteria,
Bacteroidetes, and
Firmicutes.

Genera:

ANCOM

LEfSe

(225)

(196)

(235)



VET

Spring
Mix salad

Romaine
lettuce

[llumina
MiSeq
Sequencing

Illumina
MiSeq
Sequencing

V3-V4 (314f
and 785r)

V4 (515f and
806r)

QIIME 2

QIIME 2

Distribution
routes (online vs.
offline)

Inoculation (E.
coli O157:H7)
Brands* (A, B,
and C)

Storage (Day 0, 5,
10, and 15)

Inoculation*
(non-inoculated
vs. Listeria
monocytogenes-
inoculated)
Storage
temperatures (4,
12, and 24 °C)

Unclassified
Enterobacteriacae,
Acintobacter, and
Janthinobacterium
(alfalfa sprouts);
Chryseobacterium,
Acinetobacter, and
Flavobacterium
(radish sprouts);
Pseudomonas,
Chryseobacterium,
and Janthinobacterium
(rapeseed sprouts).

Phyla: LEfSe and (81)
Proteobacteria, ANCOM
Bacteroidetes, and

Actinobacteria (Brands

A and C);

Proteobacteria,

Bacteroidetes, and

Firmicutes (Brand B).

Genera:

Flavobacterium,

Pseudomonas, and
Janthinobacterium

(across all samples)

Phyla: N.A. (297)
Proteobacteria,

Firmicutes, and

Actinobacteria.

Genera:

Pseudomonas,

unclassified

Leuconostocaceae,

and Weissella (non-



e Storage (Days 0, inoculated),
4, and 8) Pseudomonas,
unclassified
Enterobacteriaceae,
and Pantoea
(inoculated).

Romaine  Illumina V3-V4 (314f e QIIME 2 e Brands* (A, B, Genera: ANCOM (226)
lettuce MiSeq and 785r) and C) Pseudomonas,
Sequencing e Seasons (Early vs. Leuconostoc, and
Late) Pantoea (Brand A);
e Storage (Day 0 Pseudomonas,
vs. Day 5) Pantoea, and

Xanthomonas (Brand
B); Pseudomonas,
Weissella, and Serratia
(Brand C).

GET

The * highlights the most impactful factor on fresh vegetable microbiota. BPW: buffered peptone water; EE-broth: Enterobacteriaceae enrichment
broth; V: Variable regions of 16S rRNA genes; ANCOM: Analysis of composition of microbiomes; QIIME: Quantitative insights into microbial
ecology; N.A.: Not available; NCBI: The national center for biotechnology information; EMBL-EBI: The European molecular biology laboratory-

European bioinformatics institute; CA: California; AZ: Arizona.
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Abstract

In the United States, due to the limited information about the microbial quality and safety of fresh
produce after the labeled open dates, unnecessary discarding of fresh produce in good conditions and food
loss have been caused. The aim of this study was to address this knowledge gap and evaluate the
microbial quality of commercial chopped Romaine lettuce (RL) on the “Use By” dates (UBD) and 5 days
after the “Use By” dates (UBDS5). The microbial quality was evaluated using culture-dependent and
culture-independent methods. Three brands of RL samples, from early and late harvest seasons, were
purchased from local grocery stores and stored at 4 °C until 5 days after their UBD. On the UBD and
UBDS5, bagged lettuce was opened, homogenized, diluted, and plated onto plate count agar and anaerobic
agar to obtain total aerobic plate counts (APC) and total anaerobic plate counts (AnPC). For the culture-
independent method, DNA was extracted from each sample homogenate and used for 16S rRNA gene
sequencing. The culture-dependent results showed that there was no significant change in APC or AnPC
between UBD and UBD5 samples. The APC and AnPC ranged from 5.71 + 0.74 to 7.89 = 0.10 Log
CFU/gand 1.75 £ 0.08 to 7.32 £ 0.61 Log CFU/qg, respectively. No significant difference in alpha
diversity, based on observed features and Shannon index values, was detected between UBD and UBD5
samples using 16S rRNA sequencing. Similarly, no difference was observed in beta diversity based on the
Jaccard distance matrixes and the weighted Unifrac distance matrixes. Taxonomic analysis revealed 128
genera in all RL samples. The top five genera were Pseudomonas (with relative abundance ranging from
16.47-92.72%), Serratia (0-52.35%), Weissella (0-42.42%), Pantoea (0.17-21.33%), and Lactococcus (0-
24.30%). The differential abundance analysis based on the ANCOM test showed that no bacteria were
detected to have significantly differential abundance in RL between UBD and UBDS5. In summary, both
the culture-dependent and culture-independent results showed that there was no significant difference in

the microbial quality of RL before and shortly after the UBD.

Keywords: Romaine lettuce; “Use By” date; Microbial food quality; Plate counting; 16S rRNA gene
sequencing; Bacterial communities.
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Introduction

Although fruits and leafy greens are essential components of a healthy diet, they are also one of
the most wasted foods, with up to 63% of fresh fruits and 70% of leafy greens wasted (1). The United
States Department of Agriculture (USDA) estimated that approximately 31% of the 430 billion pounds of
food produced in 2010 (valued at ca. $161.6 billion) was lost and not available for human consumption at
the retail and consumer levels (2). Vegetables (19 %) ranked the second on the list of food groups with
high loss rates (2). In 2015, the USDA and Environmental Protection Agency (EPA) announced that the
U.S. 2030 Food Loss and Waste Reduction goal was to reduce 50% of food loss and waste by the year
2030 (3, 4). There are many causes and drivers for food loss and waste at the retail level; consumers’
confusion over “Use By” and “Best Before” dates and other date labeling is one of them (5, 6). Date
labeling has been practiced for decades, and its main aims include informing stock rotation at retail and
facilitating potential recalls and traceability. However, the terminologies used vary widely around the
world (5).

Such variations in date labeling terms have contributed to substantial misunderstanding by the
industry and consumers and lead to significant unnecessary food loss and waste, especially in the United
States (5). Recent studies showed that approximately 37% of American consumers usually discarded fresh
produce when the open date is past even when the product had no quality and safety problems (7, 8). In
the U.S., three date labels are the most applied for food products: “Best if Use By” or “Best Before”, “Use
By”, and “Sell By” (8). Tsiros and Heilman (2005) summarized the three commonly used label phrases:
(1) “Best before”, which indicates the date after which a product loses the best quality for consumption.
(2) “Use by”, indicating the date after which a product is no longer remaining sufficient quality and
should not be consumed, but not necessarily associated with food safety. (3) “sell by”, suggesting the last
day on which a product should be sold (8, 9). Among these three phrases, “Use By” generates the
greatest value of predicted waste (8).

In contrast to the U.S., the regulation No. 1169/2011 of the European Parliament and the Council
of the European Union (EU) mandates defined the use of a date of minimum durability or best before
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date, and a use-by date (10). Foods that are highly perishable and likely to constitute an immediate danger
to human health should carry a “Use by” date, after which date the “food shall be deemed unsafe” (11). In
Australia and New Zealand, date labeling with a best before date or a use by date is required for most
packaged foods with a shelf life of less than 2 years (12). “Best before” date indicates “the last date on
which you can expect a food to retain all of its quality attributes, provided it has been stored according to
any stated storage conditions and the package is unopened” (13). “Use by” date is “the last date on which
the food may be eaten safely, provided it has been stored according to any stated storage conditions and
the package is unopened” and the foods should not be eaten due to the health and safety reasons after the
date (13).

Microorganisms play significant roles in food spoilage and loss (14). The microbiological quality
and safety of fresh produce are determined by factors from pre- to post-harvest. To better characterize the
microorganisms present in fresh produce during storage, a number of research projects have applied
culture-dependent and culture-independent methods to investigate the microbiological quality of fresh
produce during storage (15-18). For instance, Jeddi et al. (2014) enumerated the total aerobic bacteria
present in 116 samples of fresh-cut vegetables, ready-to-eat salads, and wheat and mung bean sprouts
before their open dates (15). The total aerobic mesophilic bacterial counts were 5.3-7.5, 5.5-7.4, 5.5-8.4
and 6.4-8.5 Log CFU/g for fresh-cut vegetable, ready-to-eat salads, and wheat and mung bean sprouts,
respectively. Similarly, Berthold-Pluta et al. (2017) reported that the total aerobic mesophilic bacterial
counts in lettuces, sprouts, and non-pasteurized fruits and vegetables during cold storage (below 4 °C)
before the “Best Before” dates were in ranges of 5.6-7.6, 6.8-8.4, and 2.9-7.7 Log CFU/qg, respectively
(16).

By using 16S rRNA sequencing, Leff and Fierer (2013) profiled the bacterial communities
present on 11 produce varieties purchased from grocery stores, including apples, grapes, lettuce,
mushrooms, peaches, peppers, spinach, strawberries, tomatoes, alfalfa sprouts, and mung bean sprouts
(19). Their results showed that the bacterial communities associated with each produce type differed
remarkable from each other, but certain produce types appeared to share more similar bacterial
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communities, including sprouts, spinach, lettuce, tomatoes, peppers, and strawberries. Keshri et al. (2019)
determined the dynamics of the bacterial communities of fresh alfalfa and mung bean sprouts right after
purchase and every week until the end of their shelf-life (20). They found that both sprout types contained
spoilage-related bacteria, Pseudomonas and Pantoea, at the time of purchase. The abundance of
Pseudomonas increased in alfalfa after three weeks of cold storage at 4 °C, while Pantoea dominated in
mung bean sprouts after 2 weeks of storage at the same temperature. While previous studies provide
important insights to the microbial population composition and potential changes during the shelf life of
fresh produce, most of their sampling ended on the “Use By” dates (UBD). No information is available
about bacterial populations present in fresh produce after the UBD. However, such information is very
much needed for the industry as well as consumers to be better informed about what happens on the
microbial quality after the UBD.

To fill the above knowledge gap, the objectives of this study were to investigate the bacterial
populations of three brands of bagged chopped Romaine lettuce (RL) purchased during different seasons
(early season vs. late season) and then evaluate the microbial quality of RL on the UBD and 5 days after

the “Use By” dates (UBDS), using both culture-dependent and culture-independent methods.

Materials and Methods
Romaine lettuce samples

Three brands (Brands A, B, and C) of commercial chopped RL products were purchased from
local grocery stores during the early (September to October) and late (March to April) harvest seasons
(21). Three batches of RL for each season were purchased for the triplicate experiment. Upon arrival at
the laboratory, all samples were stored at 4 °C and sampled on their labeled UBD and UBD5. Photos
were also taken for these samples on each sampling day (Figure S1). As shown in Figure S1, no

significant visual differences were observed between UBD and UBD?5.

Culture-based analysis of the microbial quality of Romaine lettuce
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At each sampling point presenting different shelf lives (UBD or UBD5), 80 grams of RL were
taken from each bag and added in a 55 0z Whirl-Pak filter bag (Nasco, Fort Atkinson, WI, USA) with 320
ml of phosphate buffered saline (PBS, pH 7.4). The filter bag with RL samples were homogenized by
using the Smasher™ Lab Blender (AES-Chemunix, Bruz, France) for 120 s at the fast speed (620
strokes/min). One milliliter of the homogenate was serially diluted in 9 ml of PBS in 15 ml Falcon tubes
(VWR, Atlanta, GA), and four 100 pl of each dilution were plated in duplicate onto plate count agar
(PCA, BD Biosciences, Sparks, MD) and anaerobic agar (AA, BD Biosciences). PCA plates were
incubated at 37 °C for 48 h before colony enumeration. Anaerobic agar count medium supplemented with
2 mg/L of Methylene blue as the indicator of oxygen levels (light blue color for the presence of oxygen
and yellowish color for the absence of oxygen) was used for culturing and enumerating anaerobes. Plated
AA agar was incubated in Mitsubishi Gas Chemical (MGC) AnaeroPack-Jars with two MGC
AnaeroPack-Anaero packs (Mitsubishi Gas Chemical Co., Tokyo, Japan) in each jar at 37 °C for 48 h
before enumeration (22). The generated total aerobic plate counts (APC) and total anaerobic plate counts
(AnPC) were calculated and expressed as mean + standard deviation Log CFU/g. The limit of detection of

this plating method was 1.7 Log CFU/qg of lettuce.

DNA extraction and 16S rRNA gene sequencing

From each homogenate prepared above at each sampling point, 10 ml of the homogenate was
transferred into a 15 ml Falcon tube (VWR, Atlanta, GA) and centrifuged at 3,000 x g for 10 min at 4 °C
by using the Eppendorf Centrifuge 5810 R (Eppendorf, Hamburg, Germany) to collect the cell pellets.
Each cell pellet was then washed twice by using 10 ml of PBS via centrifugation. Each washed pellet was
then re-suspended with 1 mL of PBS and transferred into a 1.5 mL micro-centrifuge tube (VWR, Atlanta,
GA). DNA was extracted from these pellets by using the DNeasy Powersoil kit (Qiagen, Gaithersburg,
MD) following the manufacturer’s instructions. A total of 36 DNA samples were extracted and stored at
-80 °C for subsequent 16S rRNA sequencing process. The library construction was carried out based on
the amplification of V3-V4 region of 16S rRNA gene (341F: 5’>-CCTACGGGNGGCWGCAG-3’ and
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785R: 5’-GACTACHVGGGTATCTAATCC-3"). Every PCR amplicon was tagged with forward and
reverse barcodes (7 bp) (22, 23). The sequencing was performed using the lllumina® MiSeq instrument
with the MiSeq Reagent Kit v3 (Illumina, CA) to produce 2 x 300 bp paired end reads. Library
preparation and the sequencing were conducted at the HudsonAlpha Genomic Service Laboratory

(Huntsville, AL).

Microbiota data analysis

The 16S rRNA gene sequencing data was processed using the Quantitative Insights Into
Microbial Ecology (QIME 2 version 2021.4) pipeline (24). De-multiplexed sequences were obtained
from the Illumina BaseSpace platform by assigning reads to each sample based on sample-specific
barcodes. For quality control, barcodes and primers were trimmed from the raw sequences using a g2-
cutadapt plugin (25), followed by the denoising process to filter out the noisy reads, remove chimeric and
singleton sequences, join denoised pair-end sequences, and cluster sequences using g2-dada2 plugin (26).
The principle of the DADAZ2 plugin in the QIIME 2 pipeline (q2-dada2 plugin) was based on the
interactive quality plots of the Phred score as a function of each base in paired end sequences (Figure
S2). The base position after which the median Phred quality score of bases dropping below 30 was
applied as the cut-off point for truncation of sequences in the same length (27). With parameters “--p-
trunc-len-f” (truncating length for forward reads), “--p-trunc-len-r” (truncating length for reverse reads),
“--p-max-ee-f’ (the number of maximum expected errors for forward reads), and “--p-max-ee-r” (the
number of maximum expected errors for reverse reads) set as 260, 185, 2, and 4 respectively,
approximately 62% of the sequences with median Pred quality score greater than 30 were kept for the
downstream sequence analysis (Table S1).

In this step, the amplicon sequence variants (ASVs) were clustered based on 100% of sequence
similarity (28), and the feature table of ASVs with frequency and feature data of representative ASVs was
generated. A phylogenetic tree was constructed based on the feature data by using the align-to-tree-mafft-
fasttree plugin (29). Diversity analyses were conducted by using the core-metrics-phylogenetic plugin
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(30) with the parameter of sampling depth set as the minimum library size across all samples (80,938
reads). Alpha diversity was evaluated based on the observed features (ASVs) and Shannon index values
(31). The beta diversity was evaluated by using the Jaccard distance matrix and the weighted Unifrac
distance matrix (32, 33). Beta diversity was then visualized via the two-dimensional principal coordinate
analysis (PCoA) plots. Taxonomic analysis was conducted at the genus level using the classify-sklearn
plugin (34, 35), which employed the pre-trained Naive Bayes classifier based on SILVA 138 small

subunit rRNA (https://www.arb-silva.de/) database (34, 36).

Statistical analyses

All experiment trials were carried out in three independent replicates. Analysis of variance
(ANOVA) and Tukey’s Honestly Significant Difference (HSD) test (37) were applied to analyze the
mean differences of bacterial amounts (APC or AnPC) obtained from RL of different brands (Brands A,
B, and C) purchased during different seasons (early vs. late season), as well as at different points in their
shelf lives (UBD vs. UBD5). The non-parametric Wilcoxon rank sum test and the Kruskal Wallis test
were applied to test the difference between alpha diversities among groups (38). The permutational
multivariate analysis of variance (PERMANOVA) (39) was used for analyzing the difference of beta
diversities and the impact of shelf life, brand, and harvest season on beta diversity. Analysis of
composition of microbiomes (ANCOM) (40) was applied to identify bacteria that had significantly
differential abundance between groups when samples were grouped and compared by shelf life, brands or
harvest seasons. The identification of these bacteria was based on the calculation of the centered log ratio
(clr) F statistic and the W statistic. The clr F statistic measured the differences in effect size between
groups based on the clr transformed bacterial abundance data, while the W statistic represented the
number of times the log-ratio of a taxon with every other taxon being tested was identified to be
significantly different across groups (41). All the above analyses were performed using R scripts (version
4.1.0). Differences were considered statistically significant when the probability (P) value was less than
0.05.
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Results
Changes in APC and AnPC in Romaine lettuce on the UBD and UBD5

As shown in Figure 1, the APC of RL samples ranged from 5.71 £ 0.74 to 7.27 £ 0.20 Log
CFU/g when purchased and sampled in the early season (Figure 1A) and ranged from 6.61 + 0.79 to 7.89
+ 0.10 Log CFU/g in late season (Figure 1B). At each harvest season, no difference in APC was detected
between samples plated on the UBD and UBD5. When comparing the APC among three brands, brand C
(6.98 £ 0.46 Log CFU/qg in early season and 7.57 £ 0.56 Log CFU/g in late season) had statistically higher
APC counts than brand B (5.75 £ 0.61 Log CFU/g in early season and 6.65 + 0.74 Log CFU/g in late
season). The AnPC of RL ranged from 1.75 £ 0.08 to 6.05 + 0.44 Log CFU/g in samples from the early
season (Figure 1C) and 2.26 £ 0.97 to 7.32 + 0.61 Log CFU/g in samples from the late season (Figure
1D). No significant difference in RL AnPC was detected between UBD and UBDS5 except for brand B
when samples were tested in the late season. The AnPC of brand B was 2.26 + 0.97 Log CFU/g on UBD
and was 4.34 + 0.84 Log CFU/g on UBD5 when sampled in the late season. For samples purchased and
analyzed in the early season, regardless of shelf-life, brand C had the highest AnPC among all three
brands (5.98 + 0.57 Log CFU/g), while brand B showed the lowest AnPC (1.97 + 0.36 Log CFU/qg). For
samples from the late harvest season, brand B had the lowest AnPC (3.30 £ 1.40 Log CFU/g) among all

three brands.

ASV identification and the diversity analyses of bacterial communities

A total of 36 DNA samples were sequenced using 16S rRNA sequencing. With the denoising
process in QIIME 2 pipeline, 1,179 ASVs were identified from the total 6,051,758 sequences (Table S1).
The minimum sequence frequency, 80,938, was chosen for rarefying the reads across all samples to avoid
false positive detection (42) (Figure S3). The impacts of shelf life (UBD and UBDS5), brand (brands A, B,
and C), and harvest season (early and late season) on the alpha and beta diversity of bacterial
communities were analyzed by using the QIIME 2 pipeline.
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The alpha diversity of bacterial communities was evaluated by measuring observed features
(ASVs) and the Shannon index values (Figure 2). As shown in Figure 2A, the numbers of the observed
features (left) and the Shannon index values (right) showed no difference between UBD and UBD5 (P >
0.05). When comparing alpha diversity among the three brands, brand C had 131 + 18 observed features
(Figure 2B left), which was remarkably higher than the observed features from brands A and B (P =
0.043 when comparing brand A and brand C; P = 0.0072 when comparing brands B and C based on the
Wilcoxon rank sum test). No difference of observed features was detected between brands A and C.
Brand C samples also had the highest Shannon index value of 3.95 + 0.80, compared with brand A (3.09
+0.82, P =0.01) and brand B (2.19 + 0.71, P = 5 x 10%) (Figure 2B right). Brand A had a higher
Shannon index value than brand B (P = 0.012). The Krusal-Wallis test showed that the factor of “brand”
pronouncedly impacted the observed features (P = 0.017) and Shannon index values (P = 1.7 x 10*) of
RL bacterial communities. When focusing on the impact of harvest seasons, early-harvest-season RL had
higher observed features (129 + 17) than late-season RL (104 + 21) (P = 6.3 x 10*, Figure 2C left).
However, such impact was not detected when focusing on the Shannon index values (Figure 2C right).

Changes of the alpha diversity of bacterial communities in each brand of RL between UBD and
UBDS5 were also studied (Figure S4). Brand A RL had a significant increase of observed feature numbers
from UBD to UBDS5, while no difference of Shannon index values was observed between RL on the UBD
and UBD5. Brand B RL had no changes in neither observed feature number nor Shannon index value
from UBD to UBDS5. For brand C RL, Shannon index value had remarkable increase from UBD to
UBDS5, while no difference of observed feature numbers was detected between UBD and UBD5.

The beta diversity of RL bacterial community was calculated based on the Jaccard distance
matrix and the weighted Unifrac distance matrix. PCoA was used to visualize the beta diversity of
bacterial communities in RL samples grouped by shelf life, brands, or seasons. The PERMANOVA test
was employed to statistically evaluate the impacts of shelf life, brands, or seasons on the beta diversity. In
general, PCoA plots based on the Jaccard distance matrix (Figure 3 left) showed that the principal
coordinates 1 and 2 explained 14.88% and 11.25% of variances respectively, and PCoA plots based on
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the weighted Unifrac distance (Figure 3 right) showed that the PCol and PCo2 explained 84.76% and
6.76% of variances respectively, suggesting that the weighted Unifrac distance matrix captured more
commensal bacteria variances than the Jaccard distance matrix, as illustrated on the two-dimensional
PCoA plots. No obvious visual separation was observed between UBD and UBD5 samples. This result
was further confirmed by using the PERMANOVA test with P values of 0.767 and 0.077 for the Jaccard
distance-based comparison and the weighted Unifrac-based comparison respectively. The factor of
“brand,” on the other hand, more significantly impacted the beta diversity of RL bacterial community, as
the PCoA plots based on the Jaccard distance matrix and the weighted Unifrac distance both showed clear
visual separation among three brands. The PERMANOVA test confirmed the significant impact of the
factor “brand” on the beta diversity of RL bacterial community by generating P values of 0.001 for both
the Jaccard distance-based comparison and the weighted Unifrac distance-based comparison. When
analyzing the impact of harvest season on beta diversity, analyses based on the Jaccard distance were
different from the results obtained based on the weighted Unifrac. The PCoA plot presented clear visual
separation between early and late season samples when using the Jaccard distance-based comparison (P
value = 0.01 in PEMANOVA test), while no separation was observed from the PCoA plot based on the

weighted Unifrac distance matrix (P value = 0.55 in PEMANOVA test).

Taxonomic analysis of commensal bacterial in RL

The taxonomic analysis of commensal bacteria identified 128 genera across all RL samples based
on the SILVA database. The top five genera were Pseudomonas (with relative abundances ranging from
9.95 t0 94.73%), Weissella (0-42.42%), Serratia (0-52.35%), Leuconostoc (0-31.56%), and Lactococcus
(0-24.30%) (Figure 4). When focusing on shelf life, the top five genera identified from the UBD samples
were Pseudomonas (16.47-92.72%), Serratia (0-52.35%), Weissella (0-42.42%), Pantoea (0.17-21.33%),
and Lactococcus (0-24.30%), while the top five genera identified on UBD5 were Pseudomonas (9.95-
94.73%), Pantoea (0-31.56%), Leuconostoc (0.23-28.50%), Serratia (0-25.66%), and Weissella (0.10-
39.62%).
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When focusing on different brands, the top five genera identified in brand A samples were
Pseudomonas (15.32-91.62%), Leuconostoc (0.01-31.56%), Serratia (0-52.35%), Pantoea (0.60-
19.48%), and Lactococcus (0-2-.42%); the top five genera identified in brand B were Pseudomonas
(25.46-94.73%), Pantoea (0.17-28.50%), Janthinobacterium (0.47-24.01%), Xanthomonas (0-30.26%),
and Serratia (0.05-16.77%); while the top five genera identified in brand C were Pseudomonas (9.95-
56.41%), Weissella (9.21-42.42%), Serratia (0.28-46.06%), Lactococcus (0.94-24.30%), and Leuconostoc
(1.14-22.52%). When grouping the samples by harvest seasons, the top five genera identified in the early
season were Pseudomonas (9.95-91.62%), Pantoea (1.64-28.50%), Serratia (0-46.06%), Weissella (O-
42.42%), and Leuconostoc (0-31.56%), while the top five genera identified in the late season were
Pseudomonas (15.33-94.73%), Weissella (0-34.69%), Leuconostoc (0-26.41%), Serratia (0.05-52.35%),

and Lactococcus (0-24.30%).

Differential abundance analysis of commensal bacteria in RL based on shelf life, brand, and
harvest season

To identify the critical features (indicators) associated with samples when grouped by shelf life,
brand, and harvest season, the ANCOM analysis was employed for the differential abundance analysis of
commensal bacteria in RL. Results of ANCOM analysis are shown in Figure 5A. No bacteria were
identified to be significantly different in abundance between UBD and UBD5, while six genera were
identified to have significantly differential abundance among three brands; these were Weissella (W
statistics = 144, clr F statistics = 67.7), Leuconostoc (W statistics = 144, clr F statistics = 35.3),
Lactococcus (W statistics = 144, clr F statistics = 33.9), Pseudarcobacter (W statistics = 137, clr F
statistics = 19.1), Yersinia (W statistics = 134, clr F statistics = 26.3), and Massilia (W statistics = 132, clr
F statistics = 20.3). Leuconostoc (RA 0.011-31.56%) had the highest RA in brand A, while Massilia (0-
2.12%) had the highest abundance in brand B. Weissella (9.21-42.42%), Lactococcus (RA 0.94-24.30%),
Pseudarcobacter (0-4.51%), and Yersinia (0-0.50%) had the highest RA in brand C. Lactococcus,
Leuconostoc, Weissella, Pseudarcobacter, and Yersinia had the lowest RA in brand B (Figure 5B). When
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grouping RL samples by harvest seasons, only one unannotated genus (UAG) of Oxalobacteraceae (W
statistics = 137, clr F statistics = 3.1) had significantly higher RA in the samples from the late harvest
season (0-5.24%) than in the samples from the early harvest season (0-0.083%) (Figure 5B). Based on
the ANCOM test, no bacteria in the RL of brands A, B, and C individually could be identified as

indicators for between UBD and UBDS5 samples (Figure S4).

Discussion

This study applied culture-dependent and culture-independent methods to investigate the
commensal bacteria present in bagged RL on their “Use By” dates and 5 days after the “Use By” dates.
The combination of both methods allows us to better characterize the bacterial populations and discover
potential changes associated with abundance, diversity, and composition of different bacterial groups. The
application of 16S rRNA gene sequencing is advantageous for microbiota profiling and analyzing
bacterial community dynamics, as it is culture-independent and relatively unbiased compared to
traditional culture methods that rely highly on selective or differentiated media (43).

During the quality control step of analyzing the sequence data in the QIIME 2 pipeline,
parameters “--p-trunc-len-f,” “--p-trunc-len-r,” “--p-max-ee-f,” and “--p-max-ee-r” were set at 260, 185,
2, and 4 respectively in the g2-dada2 plugin command. Estaki et al., 2020 recommended setting the read
length at which the median Phred quality score began to drop below 30 or 20 if the entire read quality was
too low (27). With these settings, the forward reads and reverse reads were truncated at 260 bp and 185
bp as their median Phred quality score of the next base started to drop below 30 as shown in the
interactive quality plots (Figure S2). In addition, the forward reads with more than two erroneous bases
and reverse reads with more than four erroneous bases were discarded, as the reverse reads had lower
Phred quality scores than the forward reads (Figure S2). Similar observations have been reported by
D’Amore et al. (2016) (44) and Gerasimidis et al. (2016) (45).

As shown in Figure 1, culture-dependent results showed no difference in APC or AnPC of RL
between UBD and UBDS5, except the AnPC of late-season brand B. The population density of culturable
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commensal bacteria in the RL on the UBD and UBDS5 remained at the same level for aerobic bacteria and
anaerobic bacteria, indicating that the short 5-day storage after the UBD had no significant impact on the
total culturable bacterial abundance. It can be explained by that bacterial populations on UBD and UBD5
had reached stationary levels under this storage condition. The APC of bagged RL ranged from 5.71 +
0.74 10 7.89 £ 0.10 Log CFU/g and the AnPC ranged from 1.75 £ 0.08 to 7.32 + 0.61 Log CFU/g. RL
samples obtained from the late season had higher APC (P = 3.08 x 10°°) and AnPC (P = 1.06 x 10*) than
RL samples obtained from the early season. Culturable bacteria counts obtained from this study were
consistent with results from previous studies. Aycicek et al. (2006) reported that the outer leaves of
Romaine lettuce and iceberg-lettuce samples harbored 3.3-7.4 Log CFU/g of aerobic bacteria (46). Korir
et al. (2016) reported that the mean abundance of total aerobic bacteria was 7.76 Log CFU/qg for lettuce
(47). Similarly, Liao and Wang (2021) reported that the total aerobic bacteria in Spring Mix salad samples
were at the level of approximately 6.6 Log CFU/g (22). The differences observed between different
seasons were also reported by Williams et al. (2013) (21), in which the abundance of aerobic bacteria in
phyllosphere was found to be lower on RL planted in the early season (June) (approximately 3.8-5.5 Log
CFU/g) than on RL planted in the late season (August and October) (approximately 5.0-6.2 Log CFU/g).

The diversity analysis of the 16S rRNA gene sequencing detected no significant difference of
alpha diversity in RL between UBD and UBDY5, indicating that neither the richness nor the evenness of
the RL bacterial communities had changed. Beta diversity based on the Jaccard distance matrix and the
weighted Unifrac distance matrix also showed no difference between UBD and UBDS5, as visualized on
the PCoA plots. The results were further confirmed by the PERMANOVA test. These results indicate that
the additional 5-day storage after the UBD has no impact on the diversity of RL bacterial communities.
Similar results have been reported by our previous Spring Mix study, in which no significant difference of
the beta diversity was observed among Spring Mix samples collected at different storage times during 15
days of cold storage at 4 °C (22).

The top six identified genera, Pseudomonas, Serratia, Weissella, Pantoea, Lactococcus, and
Leuconostoc, were the same across RL samples, but in different orders. The exception was that the top six
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genera in brand B samples included Janthinobacterium, Xanthomonas, and Flavobacterium instead of
Weissella, Lactococcus, and Leuconostoc. Among the top six genera, Pseudomonas consistently
dominated the RL bacterial communities with RA ranging from 9.95-94.73%. The previous study carried
out by Gu et al. (2018) reported that the Pseudomonas species consistently dominated microbial
communities across all spinach samples during week-long storage at 4 °C (up to 34.20%) (48). Keshri et
al. (2019) reported that Pseudomonas dominated the bacterial communities of alfalfa sprouts throughout
three weeks of cold storage at 4 °C, with an RA of greater than 60% (20). The Pseudomonas genus
contains a group of species associated with fresh produce spoilage, such as Pseudomonas fluorescents, P.
marginalis, P. viridiflava, and P. chloroaphis, and is able to outcompete other bacteria in food matrixes
(49, 50). Another potential spoilage genus is Pantoea (20, 51). The study from Bae et al. (2014) and
Keshri et al. (2019) reported the Pantoea RA was up to 50.40% in mung bean sprouts after 2 weeks of
storage at 4 °C (20, 51). A previous study also reported that Pantoea were highly abundant in pepper
(11.5%), spinach (32.5%), and sprouts (57.5%) analyzed right after purchase (19).

Weissella, Lactococcus, and Leuconostoc have been reported as psychrotrophic lactic acid
bacteria (LAB) potentially linked to the spoilage of fresh produce (20, 52). Pothakos et al. (2014) reported
that Leuconostoc spp. was the most dominant population in ready-to-eat salads at the end of their shelf-
life (7 days) at 4 °C, which caused the early spoilage of vegetables before the end of shelf-life (53).
Kesheri et al. (2019) found that the abundance of Leuconostoc increased after 2 weeks of cold storage at 4
°C in mung bean sprouts, the bacterium is considered to play a role in the spoilage of sprouts (20). In
addition, greater numbers of Lactococcus and Weissella were reported in Spring Mix salad when stored at
4 °C for 15 days (22). Serratia is a plant-associated genus that is a non-pathogenic symbiont that has also
been reported to be present at high levels in organic green leafy lettuce with up to 66% RA (54). Yersinia
(0-0.50%) and Bacillus (0-3.0%), two genera containing human pathogens, e.g. Yersinia enterocolitica
(55) and Bacillus cereus (56), were also identified in RL. No significant change in their relative

abundance was detected from UBD to UBD5 based on the ANCOM test.
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In this study, ANCOM analysis was applied to analyze and identify indicators (bacterial genera)
with differential RA in RL samples when grouped by different shelf lives (UBD vs. UBDS5), brands
(brands A, B, and C), and harvest seasons (early vs. late). For RL on the UBD and UBD5, the ANCOM
test showed no indicator with significantly differential RA between them, suggesting that the composition
of bacteria in the RL had no change 5 days past the UBD. When comparing the microbial populations
among three brands, the ANCOM test identified that five genera had significantly different RAs among
the three brands. Among them, Leuconostoc, Weissella, and Lactococcus contain species associated with
food spoilage, such as Leuconostoc citreum, Leuconostoc mesenteroides, and Weissella confuse (52). For
the RL from early and late seasons, ANCOM identified only one genus, Oxalobacteraceae UAG (up to
0.80%), was identified as higher RA in the RL from late season compared to that from early season. Other
than this genus in a low RA, RL from the two seasons had no difference in composition of bacterial
communities, which was also reflected in the above Shannon diversity of the two-seasonal RL. Williams
et al. (2013) illustrated that the season-of-planting factor more strongly impacted RL bacterial
communities after four weeks to eight weeks of planting in the field. Specifically, Pantoea, Pseudomonas,
Erwinia, and members of Enterobacteriaceae were identified as the most abundant genera in late season
plants (21). Leuconostoc, Lactococcus, Bacillus, and Exiguobacterium were predominant in early season
plants. By comparison, the weaker impact of the seasonal factor on the diversity and composition of RL
bacterial communities in our study could be explained by postharvest processing (e.g. washing,
packaging, and cold storage), which might alter the RL bacterial communities and mitigate the seasonal
impact.

In the United States, except for infant formula, the U.S. Food and Drug Administration (FDA)
does not require manufactures to display specific open date labeling on their food products (8). Although
a few poultry, meat, and egg products under the jurisdiction of USDA need data documentation, no strict
guidelines for using the food date terminology on food products have been set by the USDA (5, 57). The
current open-date labels used in food markets are not well regulated, as the “Use By” date, “Best By,” and
“Sell By” are interchangeably applied by manufacturers (8). This ambiguous food date labeling has
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fostered confusion about food product safety and quality among consumers, which subsequently causes
unnecessary levels of food waste (5, 58). Evidence showed that consumers waste food products when
they are near the open dates perceived for food quality reasons or food safety reasons (5, 8, 9, 59).

In January 2017, the Grocery Manufacturers Association (GMA) and Food Marketing Institute
(FMI) recommended the use of two introductory phrases for food date labeling, including “Best If Used
By” and “Use By”. They recommended that “Best If Used By” is applied to “indicate to the consumer
that, after a specified date, the product may not taste or perform as expected but is safe to be used or
consumed” and “Use By” is used to “applies to perishable products that should be consumed by date on
the package and discarded after that date” (60). The U.S. FDA strongly supported the industry’s voluntary
use of “Best If Use By” introductory phrase for quality-based food date labels but was not addressing the
use of a “Use By” label for safety reasons (61). Other than the United States, most developed countries
required food date labeling for most food products. The EU mandates the use of food date labeling for
food products. Australia and New Zealand and the EU clearly regulate that the “Use By” dates related to
food safety and “Best Before” related to food quality (5).

To mitigate food waste, stakeholders need to well clarify and regulate the food date labeling, and
customers need more information about fresh produce quality and about safety after the open date. The
U.S. FDA (2010) reported that the expected shelf-life for bagged fresh-cut leafy green is approximately
12-16 days after production at 4 °C and the sensory quality of fresh leafy green can last at least a week
after the open date labels (62). However, limited study on microbial food quality after “open dates” has
been reported. As fresh fruits and vegetables comprise the largest part of food waste in the food system
(63), this study presented bacterial RL quality on and after the UBD based on culture-dependent and
culture-independent methods. The results showed that RL bacterial communities had no change in
abundance, diversity, or composition from the UBD to UBD5. RL on the UBD5 had no increase of

microbial quality or safety risk compared to RL on the UBD.
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Conclusion

In summary, this study determined there was no difference in bacterial abundance, diversity, and
composition of bacterial communities in three brands of RL on the UBD5 compared with RL on the
UBD, suggesting that the microbial quality of RL remained the same at two storage time points. Factors
of “brand” and “harvesting season” played more significant roles in shaping the bacterial communities
present in RL samples. The study provides first-hand information about the microbial quality of fresh

produce on the UBD and a few days after the UBD.
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Table S1. Statistical summary of actual sequence variants (ASVs) before and after denoising process

during the QIIME 2 analysis.

Number of Total Minimum Median Maximum
samples frequency frequency frequency frequency
Sequences 36 9,713,248 172,148 278,255 375,736
before
denoising
Sequences 36 6,051,758 80,938 172,073 250,847

after denoising
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Figure 1. Total aerobic (APC, A and B) and anaerobic bacterial counts (AnPC, C and D) of three brands
of Romaine lettuce purchased in the early and late seasons and analyzed on their “Use By” dates (UBD)
and 5 days after the “Use By” dates (UBDS) stored at 4 °C. * represents significant differences of APC or

AnPC between RL samples of three brands or between UBD and UBD5 (P < 0.05).
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Figure 3. Comparison of the beta diversity based on the Jaccard distance matrix (left) and the weight
Unifrac distance matrix (right) of microbial communities present in RL between UBD and UBD5 (A),
among three brands (B), or between different seasons (C). The PERMANOVA test was applied to
analyze the differences in each group when samples were grouped by shelf life, brand, or seasons.
“pseudo-F” values are measures of the effect size, indicating the differences within each group of RL. P

values of less than 0.05 indicate that the factor of shelf life, brand, or season significantly impacts the beta

diversity.
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Figure 5. (A) Volcano plots of bacteria, at the genus level, identified to have different abundances when

RL are grouped and compared based on their shelf-life (left), brand (middle), and harvest season (right)

with the ANCOM test. The abundance differences of bacteria were evaluated by the clr F statistic and W

statistic. Bacteria with no different abundance when RL samples were grouped and compared based on

shelf life, brand, and season factors are marked in red. Bacteria with significantly higher abundances in

the brands A, B, and C RL are marked in green, blue, and purple colors respectively when comparing the

RL of the three brands. Bacteria with significantly higher abundances in the late season RL are marked in

blue when comparing RL of different seasons. (B) Barplots of the relative abundance changes of
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Figure S1. Photos of three brands (A, B, and C) of RL on UBD (left), UBD5 (middle), and UBD7 (right)
stored at 4 °C. The UBD, UBDS5, and UBD?7 are abbreviations for the “Use By” date, 5 days after UBD,

and 7 days after UBD, respectively.
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Figure S2. Interactive quality plots of forward and reverse reads with 300 bases each. (A) Interactive
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Abstract

This study evaluated the impact of native microbial populations present in Romaine lettuce (RL)
on the behavior of Listeria monocytogenes (LM) during 5 days of storage at 4 °C. RL (harvested either
from the early season or the late season) was inoculated with low (~ 3 Log CFU/g) or high levels of LM
(~ 6 Log CFU/qg). The levels of LM did not change in early-season RL but decreased in late-season RL.
Through the analysis of composition of microbiomes (ANCOM) test and the random forests (RF) feature
selection method, results showed the RF identified Pseudomonas, Chryseobacterium, Duganella, and
Listeria as indicators of high-level LM contamination of RL, while the ANCOM identified Listeria for
RL inoculated with higher LM levels. For the RL inoculated with a low level of LM, the RF identified
Serratia, Pedobacter, Janthinobacterium, Flavobacterium, and Weissella as indicators of low-level LM
contamination, while the ANCOM identified no indicator. Through the spot-on-lawn method, 32 out of
47 isolates from RL were confirmed as antagonistic bacteria for LM. Three antagonistic species were then
identified based on whole genome sequencing. They were Bacillus filamentosus, Carnobacterium
maltaromaticum, Lactococcus lactis, and. The distribution of the three antagonisticspecies in RL was
guantified by gPCR, which showed all three species were present across all the RL. B. filamentosus was
significantly higher in late-season RL than in early-season RL, while C. maltaromaticum and Lc. lactis
showed no differences. Additional research is needed to better confirm the antagonist function of B.

filamentosus and to better identify its anti-LM activity.

Keywords: Romaine lettuce, Listeria monoyctogenes, bacterial communities, competitive exclusion,

analysis of composition of microbiomes, random forests feature selection.
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Introduction

In the United States, approximately 46% of foodborne outbreaks are related to fresh produce,
accounting for about $39 billion in annual economic losses (1, 2). Fifteen multistate outbreaks due to
Listeria monocytogenes (LM) infection were traced back to fresh vegetables and fresh fruits, causing a
total of 352 illnesses, 326 hospitalizations, and 65 deaths from 2010 to 2022 (3). This fact has caused
increased public concern about fresh produce safety. Among the varieties of fresh produce reported as
contaminated, Romaine lettuce (RL) was the produce third most frequently involved.

Foodborne pathogen contamination of fresh produce may occur at any stage from farm to fork (4,
5). Although washing has been generally applied as an essential step during fresh produce processing,
studies have shown that current washing strategies do not adequately reduce surface bacteria; water is
treated with antimicrobials to maintain water sanitation and to prevent cross-contamination (6, 7). Gu et
al. (2018), Nou and Luo (2010), and Singh et al. (2018) have also shown that different washing strategies
will generate different impacts on the native microbial populations or foodborne pathogens on fresh
produce (6, 8, 9). Gu et al. (2018) showed that chlorine wash significantly reduced populations of
numerous bacterial species, with f-Moraxellaceae sp., Paracoccus sp., and Mycoplana sp. being the top
three most reduced bacteria. Chlorine wash had a limited effect on Stenotrophomonas spp. and Erwinia
spp., as it has been reported that the bacterial populations returned to their original levels after washing
(6). In the same Gu et al. (2018) study, for example, the total mesophilic aerobic plate count increased by
1.77 to 3.24 Log after storage at 4, 10, and 15 °C for 7 days (6). Likewise, among the different bacterial
species present in spinach, Stenotrophomonas sp. and Erwinia sp., showed higher tolerance to chlorine
treatment. Similarly, Nou and Luo (2010) showed that washing fresh-cut RL leaves in chlorinated water
(70 ppm) for 60 s resulted in reducing aerobic plate counts from 6.3 to 5.2 Log CFU/g and the
Escherichia coli O157:H7 population from 3.6 to 2.2 Log CFU/g (8). A study conducted by Singh et al.
(2018) illustrated that washing RL with peracetic acid at 100 ppm for 5 min achieved a reduction by 2.2
Log CFU/g of E. coli O157:H7 (with an initial load at 6.9 Log CFU/g) and by 2.4 Log CFU/g of LM
(with an initial load at 7.7 Log CFU/g) (9).
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Understanding the composition and diversity of bacterial communities present in washed RL and
their interactions with LM during postharvest not only better informs the washing efficacy of different
washing strategies, but also can facilitate the development of new biocontrol strategies to mitigate LM
contamination. A few studies have investigated the structures of bacterial communities fresh produce
inoculated with E. coli O157:H7 (4, 10, 11), LM (4, 12), and Salmonella Infantis (13). Each of these
studies have shown an association between pathogen contamination and its impact on native microbial
populations. For example, Zhang et al. (2018) illustrated that irrigation with water containing S. Infantis
decreased the diversity of the lettuce rhizosphere (13). Similarly, in our previous study (10),
contamination by E. coli 0157:H7 shifted the microbial composition of Spring mix salad. With the
differential abundance analysis (LEfSe) with Pearson correlation analysis, Brochothrix, Dyadobacter,
Shewanella, Yersinia, and Methylotenera were found to be positively correlated with the growth of E. coli
0157:H7 during storage at 4 °C for 5 days. On the other hand, Fusobacterium, Carnobacterium,
Aeromonas, and Planomicrobium were negatively correlated with behaviors of E. coli 0157:H7 during
the storage at 4 °C for 5 days.

Bacterial antagonism, also known as “bacterial interference” or “competitive exclusion,” is an
approach employing nonpathogenic bacteria to mitigate colonization and inhibit pathogenic bacteria in
environments ranging from animal guts to plants or food products (14, 15). A few studies have reported
that antagonistic bacteria exhibit consistent antimicrobial activity in fresh produce against various
foodborne pathogens, including E. coli 0157:H7, LM, and S. enterica (16-18). Lopez-Velasco et al.
(2012) isolated antagonistic bacteria that inhibited E. coli O157:H7 on fresh spinach, including Bacillus
spp., Bacillus pumilus, Erwinia perscina, Paenibacillus polymyxa, Pantoea agglomerans, and
Pseudomonas spp. (17). They found that application of ~ 4 Log CFU/g of each antagonistic strain could
reduce E. coli O157:H7 on spinach leaves stored at 25 °C after 24 h by 0.3-1.3 Log CFU/g, compared to
the control (17). Russo et al. (2015) applied ~ 8 Log CFU/g of Lactobacillus plantarum B2 and
Lactobacillus fermentum PBCC11.5 to reduce ~ 4 Log CFU/g of LM by 3 and 2 Log CFU/g, respectively,
in fresh-cut cantaloupe at 4 °C after 9 days compared to the control (18). In addition, a study conducted
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by Kim et al. (2022) showed Erwinia persicina EUS78 isolated from vegetable seeds at the levels of ~ 5-
8 Log CFU/qg inhibited S. enterica ATCC4931r by up to 5 Log CFU/g compared to the control on alfalfa
sprouts at 25 °C after 7 days (16).

The objectives of this study were to evaluate the impacts of native microbial populations in RL on
the behavior of LM, identify bacteria with their populations significantly influenced by LM contamination

and behaviors, and confirm the levels of potential antagonistic species by using quantitative PCR.

Materials and methods
Commercial RL samples

A total of 48 bags of commercial chopped RL (284 g/bag) were purchased from local grocery
stores in two harvest seasons, including the early season (September to October) and the late season
(March to April), which were denoted based on the early planting season (June) and the late planting
season (August and October) addressed in Williams et al. (2013) (11, 19). Three batches of RL were
purchased for triplicate experiments. Once delivered to the laboratory, the samples were stored at 4 °C

and sampled on their “Use by” dates (UBD) and 5 days after the UBD (UBD5).

Analysis of microbial communities present in RL

For each season, 24 bags of purchased RL samples were randomly assigned to the control (non-
inoculation) group and the inoculation group, in which samples were artificially inoculated with LM. Two
inoculation levels were applied, with the low inoculation level being ~ 3 Log CFU/g and the high
inoculation level being ~ 6 Log CFU/g. Samples were sampled at two sampling times (UBD and UBD5)
in triplicates. At each sampling time, 80 grams of chopped RL were added into 320 ml of phosphate-
buffered saline (PBS, pH 7.4) in a 55 0z Whirl-Pak filter bag (Nasco, Fort Atkinson, WI, USA) and
homogenized by using the Smasher™ Lab Blender (AES-Chemunix, Bruz, France) for 120 s at the fast
speed (620 strokes/min). RL homogenates (100 ul) and corresponding serial 10-fold dilutions were plated
onto plate count agar (PCA, BD Biosciences, Sparks, MD, USA) and anaerobic agar (AA, BD
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Biosciences, Sparks, MD) to obtain the total aerobic plate counts (APC) and anaerobic plate counts
(AnPC), respectively. PCA plates were incubated at 37 °C for 48 h and AA plates were incubated in
Mitsubishi Gas Chemical (MGC) AnaeroPack-Jars with two MGC AnaeroPack®-Anaero sachets in each
of them (Mitsubishi Gas Chemical Co., Tokyo, Japan) at 37 °C for 48 h (10). After incubation, colonies
were enumerated, and results were reported as mean + standard deviation with common logarithm
transformation in the unit of CFU/g. The limit of detection of the direct plating method was 1.7 Log
CFU/qg of bacteria in RL. In addition, 10 ml of each homogenate was transferred into a 15 ml Falcon tube

and stored at -80 °C for subsequent DNA extraction.

Culture preparation and LM inoculation

Three strains of LM were used in this study: LIH1422 (associated with raw dice of yellow
onions), LJH512 (related to raw cabbage outbreak), and LJH552 (associated with tomatoes). These strains
were kindly provided by Dr. Linda J. Harris at the University of California Davis. To activate the culture,
frozen culture stocks were retrieved from the -80°C freezer and thawed on ice followed by streaking a
loop of thawed cultures onto Trypticase soy agar (TSA) and incubating at 37 °C for 24 h. After
incubation, a single colony was picked from each plate and transferred into 10 ml of fresh Brain Heart
Infusion (BHI) broth and incubated at 37 °C for 24 h. A loop of fresh broth culture was transferred again
into 10 ml of fresh BHI and incubated at 37 °C overnight (18 h) before use. Each fresh overnight culture
was washed with 10 ml of PBS (pH = 7.4) twice via centrifugation. The OD600 of each washed culture
was adjusted to the value of 1.60 by using PBS solution via an SPECTRONIC™ 200 Spectrophotometer
(Thermo Fisher Scientific, Vacaville, CA, USA), corresponding to ~ 9 Log CFU/mI of LM.

To prepare the three-strain cocktail, 1 ml of each washed LM culture was transferred and mixed
in a 15 ml Falcon tube. The final concentration of the cocktail was 9.5 + 0.6 Log CFU/ml, which was
used as the high-level inoculum. The cocktail was diluted 1,000-fold before being used for preparing the
samples inoculated with low LM levels. RL samples were inoculated on the UBD (Day 0). To do so, 1 ml
of LM cocktail was injected into each bag of commercial RL with a 1 ml BD syringe with a 26 G x 3/8”
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detachable needle (Becton Dickinson and Company, Franklin Lakes, NJ). The injection hole was
immediately sealed with tape to maintain the same package atmosphere. After inoculation, the inoculated
salad bag was vigorously shaken for 1 min to distribute the inoculum evenly (20). Inoculated and non-

inoculated RL samples were both stored at 4 °C for 5 days.

Analysis of the LM behaviors in inoculated RL

At each sampling time, 80 grams of LM-inoculated RL from a bag were added into a 1.6 L Whirl-
Pak filter bag (Nasco, Fort Atkinson, WI, USA) with 320 ml of PBS (pH 7.4) and homogenized by using
the Smasher™ Lab Blender (AES-Chemunix, Bruz, France) for 120 s at the fast speed (620 strokes/min).
One hundred microliters of LM-inoculated RL homogenates and serial 10-fold dilutions were plated on
PCA, AA, and modified Oxford agar (MOX, BD Biosciences, Sparks, MD, USA) for enumerating
aerobic bacteria, anaerobic bacteria, and LM cells. The PCA and MOX plates were directly incubated at
37 °C for 48 h, and AA plates were placed in MGC AnaeroPack-Jars with two MGC AnaeroPack®-
Anaero sachets for each jar at 37 °C for 48 h. An aliquot of each sample homogenate (10 ml) was stored

in a -80 °C freezer for subsequent DNA extraction.

DNA extraction and 16S rRNA gene sequencing

Frozen homogenates of inoculated or non-inoculated RL were thawed on ice for 30 min and
washed twice with 10 ml of PBS via centrifugation at 3,000 g for 10 min by using the Eppendorf
Centrifuge 5810 R (Eppendorf, Hamburg, Germany). The washed pellets were then suspended in 1 mL of
PBS and transferred into 1.5 mL micro-centrifuge tubes (VWR International, Visalia, CA, USA). DNA
from 24 non-inoculated and 24 LM-inoculated (12 low inoculation level and 12 high inoculation level)
RL samples from two seasons was extracted by using the DNeasy PowerSoil Pro kit (Qiagen,
Germantown, MD, USA) following the manufacturer’s instruction. The DNA samples were stored in a -
80 °C freezer for the following library preparation for the 16S rRNA gene sequencing with the IHlumina®
MiSeq (Illumina, San Diego, CA, USA).
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The library preparation was carried out by using the QlAseq 16S/ITS Region Panel (Qiagen,
Germantown, MD, USA), including QlAseq 16S region PCR reaction and QIAseq 16S region panel
sample index PCR reaction. Specifically, the QIAseq 16S PCR reaction was carried out based on the
amplification of the VV3-V4 region of the 16S rRNA gene (341F: 5’-CCTACGGGNGGCWGCAG-3’ and
785R: 5’-GACTACHVGGGTATCTAATCC-3"). Every PCR amplicon was tagged with forward and
reverse indexes using the QlAseq 16S 96-Index | (p5-RS2-1D# and p7-FS2-1D#) (Qiagen, Germantown,
MD, USA). The sequencing was performed using the 1llumina® MiSeq instrument with the MiSeq
Reagent Kit v3 (Illumina, San Diego, CA, USA) to produce 2 x 300 bp paired end reads. The sequencing
library preparation was carried out in our laboratory, and the sequencing process was conducted at the

Genome Center at UC Davis.

Microbiota data processing and analysis

After 16S rRNA gene sequencing, demultiplexed sequencing data was obtained from the Genome
Center at UC Davis and processed using the Quantitative Insights Into Microbial Ecology 2 (QIIME 2
version 2022.02) (21). The raw demultiplexed sequences were imported into QIIME 2 as gza files by
using the “qiime tools import” command. Indexes and primers were removed from raw sequences by
using “giime cutadapt trim-paired” command (22). To control the sequence quality, the Divisive
Amplicon Denoising Algorithm 2 (DADA2) plugin was applied to reduce the noisy reads, remove
chimeric and singleton sequences, join denoised pair-end sequences, dereplicate sequences, and cluster
sequences by using the “giime dada2 denoise-paired” command (23). To ensure that the median Phred
guality score of the sequence base is greater than 30, sequences were truncated at the cut-off points where
the quality scores were dropping below 30 for truncating sequences (24). The cut-off points were
identified from the interactive quality plots of the Phred score as a function of the sequence base in the
paired-end sequences (Figure S1). To do that, flags “--p-trunc-len-f (truncating length for forward reads)

and “--p-trunc-len-r” (truncating length for reverse reads) were set as 0 and 204, respectively in the
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“qiime dada2 denoise-paired” command. After the denoising step, an average of 66.53% of sequences
across all samples were left (Table S1).

After the denoising step, amplicon sequence variants (ASVs) based on 100% of sequence
similarity were clustered (25), which included a feature table of ASVs with frequency and feature data of
representative ASVs. The diversity analysis was conducted by using the core-metrics-phylogenetic plugin
(26) with the parameter of sampling depth set as the minimum library size (31,329 reads) to rarefy the
total frequency of each sample (Figure S2). The alpha diversity was evaluated based on the observed
features and the Shannon index. Taxonomic analysis was conducted at the genus level by using the

classify-sklearn plugin (27) with a Naive Bayes-based classifier pre-trained with the SILVA database

(https://www.arb-silva.de/) (28).

Antagonistic bacteria isolation and confirmation

Since the LM decrease occurred in the late-season RL on UBD and UBDS5, the double-layer agar
method (29) was applied to isolate colonies from 48 frozen RL homogenates that showed antagonistic
activity against LM. Briefly, for each RL homogenate, its serial 10-fold dilutions were plated on TSA
plates. Five replicate media were plated for each dilution. After incubation at 37 °C for 24 h, plates with
less than 50 colonies were poured with 6 ml of 2% soft TSA containing 6 Log CFU/mI of the three-strain
LM cocktail (29). After incubation at 37 °C for 24 h, LM lawns formed on the TSA plates. The colonies
from RL with LM inhibition zones on the LM lawns, considered potential antagonistic colonies, were
picked up by using sterilized toothpicks to break the second layer of soft agar. If the number of potential
antagonistic colonies on a plate was less than three, all these colonies were picked up. If the number was
at three or more, three potential antagonistic colonies, each with different morphologies if possible, were
selected. These colonies were streaked onto TSA plates and incubated at 37 °C for 24 h. A single isolated
colony from each plate was then transferred into 10 ml of TSB and incubated at 37 °C for 24 h.

The spot-on-lawn method was applied to confirm the antagonistic bacteria with antagonistic
activity against LM (17). Specifically, a single colony of each potential antagonist was picked and spotted
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on a new TSA plate with a sterile toothpick, and 6 ml of 2% soft TSA containing 6 Log CFU/mI of the
three-strain LM cocktail was poured onto the spotted agar. After incubation at 37 °C for 24 h, the
diameter of the LM inhibition zone of the potential antagonist on the spotted TSA was measured. In the
end, 32 antagonistic bacteria were confirmed with obvious antagonistic property against LM, with the

diameter of the LM inhibition zones larger than 5 mm (17).

Sanger sequencing and whole genome sequencing

Thirty-two frozen antagonistic cultures were activated following the same protocol for LM
cultures as mentioned above, using TSB instead of BHI broth. The activated cultures were centrifuged at
3,000 x g for 10 min to obtain antagonistic pellets. Afterwards, each antagonistic pellet was washed twice
with 1 ml of PBS and processed for DNA extraction by using the QlAamp DNA Mini Kit (Qiagen,
Germantown, MD, USA). The concentration and the purity of the genomic DNA samples were measured
by using the NanoDrop 2000c spectrophotometer (Thermo Fisher Scientific, Vacaville, CA, USA). The
extracted DNA was stored in a -80 °C freezer for the following gPCR, Sanger sequencing based on the
16S rRNA gene, and the whole genome sequencing (WGS).

In each PCR reaction (50 pl), bacterial universal primers, 27F (5'-
AGATTTGATCMTGGCTCAG-3") and 1492R (5'-TACGGYTACCTTGTTACGAC TT-3'), were
applied to amplify the 16S rRNA gene (30). Each PCR reaction contained 25 pl of Dream Taq green PCR
2x master mix (Thermo Fisher Scientific, Vacaville, CA, USA), 2 pl of genomic DNA template, 5 pl of
primer 27F (25 pmol), 5 pl of primer 1492R (25 pmol), and 13 pl of nuclease-free water. The PCR
program used for amplification of the 16S rRNA gene included an initial denaturation at 95 °C for 5 min,
35 cycles of 0.5 min 95 °C denaturation, 1 min 50 °C annealing, 1 min 72 °C extension, and a final
extension at 72 °C for 5 min. The PCR products were purified using the QIAquick PCR Purification Kit
(Qiagen, Germantown, MD, USA). Purified PCR products were checked by gel electrophoresis with 1%
(w/v) agarose gel. The concentration and the purity of PCR products were measured using NanoDrop
2000c spectrophotometers (Thermo Fisher Scientific, Vacaville, CA, USA). The PCR products were then
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sequenced using the Applied Biosystems 3730 Capillary Electrophoresis Genetic Analyzer (Thermo
Fisher Scientific, Vacaville, CA, USA) with the ABI BigDye® Terminator v3.1 Cycle Sequencing Kit and
Gel Company Better Buffer (Thermo Fisher Scientific, Vacaville, CA, USA). The Sanger sequencing was
conducted at the UCDNA sequencing facility and analyzed using Chromas 2.6.6 and NCBI Blast. To
further identify and characterize antagonistic isolates at the species level, DNA samples of 32 confirmed
antagonists were sequenced using lllumina NovaSeq 6000 (Illumina, San Diego, CA, USA) at the
Genome center at UC Davis. The WGS data analysis was carried out using Neisseria pipeline 1.2 (31) on

the Galaxy platform (https://galaxy.sciensano.be/).

Quantitative PCR for the confirmation of antagonistic culture concentrations in RL

The sequencing-identified antagonistic bacteria were validated and quantified using gPCR.
QuantStudio™ 3 Real-Time PCR System (Applied Biosystems, Foster City, CA, USA). Primers used for
Bacillus filamentosus, Carnobacterium maltaromaticum Lactococcus lactis and were listed in Table 1. In
each 20 pl of reaction system, 10 pl of Maxima SYBR Green/ROX qPCR Master Mix (2x) (Thermo
Fisher Scientific, Vacaville, CA, USA), 2 pl of each primer, 2 pl of the DNA template, and 4 pl of
nuclease-free H,O were added. The gPCR was performed by using the following conditions: An initial 10
min of 95 °C for denaturation and 40 cycles of 15s of 95 °C and 1 min of 60 °C. The melting curve was
performed by gradually heating the PCR products from 60-95 °C and continuously measuring the
fluorescence to verify primer specificity. The gPCR for each DNA sample was carried out in technique

duplicates and biological triplicates.

Statistical analyses

The differences in APC, AnPC, and LM counts between RL samples on two sampling times
(UBD and UBD5) or from two harvest seasons (early- and late-season) or in contamination status (non-
contaminated and contaminated) in two inoculation levels (low inoculation level and high inoculation
level) were analyzed by using analysis of variance (ANOVA) followed by Tukey’s Honestly Significant
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Difference (HSD) (32). To investigate the differences in alpha diversity between two groups of samples
or more than two groups, the non-parametric Wilcoxon rank sum test and the Kruskal Wallis test were
applied, respectively (33). For the differential abundance analysis, the analysis of composition of
microbiomes (ANCOM) method (34) was employed to identify critical bacteria/indicators associated with
RL groups based on storage, season, LM contamination, or inoculation level. In the ANCOM test, the W
statistic and the centered log ratio (clr) F statistic were calculated to identify the indicators. The W
statistic is the number of times that the log-ratio of a taxon with every other taxon being tested was
identified to be significantly different between groups (19, 35). The clr F statistic evaluated the effect size
of bacteria based on the differences in the clr transformed bacterial abundance data between groups (19,
35). In addition, the random forests (RF) feature selection method (36) was applied to rank and select
features (ASVs or bacteria) that positively contributed to the distinction between RL groups based on the
calculated mean decrease in accuracy (MDA). The R package “randomForest” (37) was used to execute
the RF classification and feature selection (36). All the above statistical analyses were carried out with R
programming (version 4.2.0). Differences between groups were considered significant when P was less

than 0.05.

Results
Culturable aerobic and anaerobic bacteria populations in non-contaminated and LM-contaminated
RL

Based on culture-dependent methods, changes in populations of culturable aerobic bacteria (APC)
and anaerobic bacteria (AnPC) in RL stored at 4 °C from UBD to UBD5 were evaluated using PCA and
AA. Figures 1A and 1B show that no significant variations in APC and AnPC RL were observed
between different bags of RL and RL on UBD and UBD?5. Significant differences in APC (P = 8.8 x 10°%)
and AnPC (P = 1.0 x 107) existed between early-season RL and late-season RL. The early-season RL

contained 7.3 £ 0.2 Log CFU/g of APC, which was higher than the late-season RL APC (6.8 + 0.2 Log
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CFU/qg). In contrast, the early-season RL contained a lower concentration of AnPC (3.2 £ 0.3 Log CFU/g)
than the late-season RL (4.2 £ 0.2 Log CFU/q).

In LM-inoculated RL samples, no difference in APC and AnPC between RL on UBD and UBD5
was observed, except the late-season RL inoculated with a high level of LM in which a significant
decrease of AnPC between RL on UBD and UBD5 was observed (P = 0.03). Compared to the differences
seen in APC between non-inoculated RL from two seasons, early-season LM-inoculated RL contained the
same level of APC as the late-season LM-inoculation RL (7.2 + 0.3 Log CFU/g versus 7.1 + 0.2 Log
CFU/g) (Figure 1C). However, the late-season RL had significantly higher concentrations of AnPC than
early-season RL with 4.9 + 0.1 Log CFU/g vs. 4.1 + 0.2 Log CFU/g (P = 2.2 x 10®) for RL inoculated
with the low level of LM and 6.4 + 0.3 Log CFU/g vs. 6.1 £ 0.1 Log CFU/g (P = 0.02) for RL inoculated

with the high level of LM (Figure 1D).

LM behaviors in contaminated RL harvested from two seasons

For the early-season samples, both LM-inoculated RL with the low inoculation level (3.5 £ 0.1
Log CFU/g) and the high inoculation level (6.5 £ 0.2 Log CFU/g) had no differences in LM concentration
between UBD and UBDS5 (Figure 2A). For the late season samples, the LM-inoculated RL exhibited a
statistically significant decrease in LM concentrations (0.65 and 0.56 Log CFU/g decreases, respectively,
for both RL inoculated with the low level of LM (P = 0.002) and RL inoculated with the high level of LM
(P =0.008) from UBD to UBD5 (Figure 2B). Results suggest that the population reduction of LM in RL
harvested from the late season but not in the early season could be due to the differences among

microorganisms between the RL samples from the two seasons.

Impact of storage time, season, LM contamination, and inoculation level on bacterial communities
in RL

The culture-dependent results suggested that 5-day storage at 4 °C caused no impact on APC and
ANPC across all RL samples, except AnPC in the late-season RL inoculated with the high level of LM.
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On the other hand, the harvest season and LM-contamination, as well as the inoculation levels, played
critical roles in changing APC and AnPC in RL. To further evaluate the impact of the storage time,
season, LM contamination, and inoculation level on RL microbiota, 16S rRNA gene amplicon DNA
sequencing was employed to take a closer look at the changes in diversity and composition of bacterial
communities in RL and identify critical taxa associated with the four factors. For the diversity of bacterial
communities, Figure S3 shows no difference in alpha diversity based on observed features or the
Shannon index of bacterial communities in RL was observed between groups of RL based on storage
time, LM contamination, and inoculation level, except for season. The number of observed features of
bacterial communities in early-season RL (50 + 7) is more than that in late-season RL (31 + 10) (P =5.3
x 107"). The Shannon indexes also illustrated (P = 2.7 x 1077) with 3.6 + 0.3 significantly higher values
(3.6 £ 0.3) in early-season RL than the values (2.5 £ 0.7) in late-season RL (P = 2.7 x 107).

Differential abundance analyses, including the ANCOM test and RF feature selection method,
were applied for investigating critical bacteria that were significantly impacted by the four factors.
Results showed that there were no significant differences in bacterial diversity and composition between
RL on UBD and UBD5. However, indicators were identified when RL samples were grouped by seasons
and LM contamination. The ANCOM test (Figure 3A) showed that Lactococcus and Erwinia were the
top two bacterial genera with the highest W values (57 and 55) with corresponding negative clr F
statistics of -2.3 and -2.6, respectively. All these statistics identified Lactococcus and Erwinia as
indicators for the late-season RL. Similarly, Janthinobacterium (W=54; clr F=2.3), Pseudomonas (W=49;
clr F=1.5), and Serratia (W=48; clr F=1.4) were identified as indicators for early-season RL.

A total of 408 ASVs were identified after the 16S rRNA gene sequencing data process. RF
feature selection analysis ranked all ASVs based on their MDAs. Among the ASVs, 97, 306, and 5 ASVs
had positive, zero, and negative MDAs, respectively, indicating that 24% of ASVs made a positive
contribution to RL classification based on seasons, while most ASVs (75%) made no contribution to the
classification and 1% ASVs negatively contributed to the classification. After taxonomic analysis, 97
ASVs with positive MDAs corresponded with 22 genera (Figure 3B). Among the selected features, 17
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genera had higher relative abundance in the early-season RL, including Pseudomonas, Serratia,
Flavobacterium, Janthinobacterium, Pantoea, Pseudarcobacter, Cetobacteirum, Mycoplasma, Weissella,
Listeria, Carnobacterium, Rahnella, Exiguobacterium, Yersinia, Lactobacillus, Stenotrophomonas, and
Arthrobacter. The other five genera were considered indicators for the late-season RL, including
Leuconostoc, Lactococcus, Pedobacter, Duganella, and Erwinia (Figure 3C).

To investigate bacteria in RL impacted by LM contamination, the ANCOM test showed that only
Listeria (W = 60; clr F = -3.2) was an identified indicator for LM-contaminated RL (Figure 4A). The RF
feature selection method calculated and ranked MDAs of 408 ASVs for the classification of contaminated
and non-contaminated RL. Among these features, 38, 277, and 93 ASVs had positive, zero, and negative
MDA, respectively (Figure 4B). The results indicated that 9% of ASVs made a positive contribution to
the RL contamination classification, 68% of ASVs had no contribution, and 23% ASVs even made a
negative contribution to the RL contamination classification. After the taxonomic analysis of ASVs with
positive MDA, 17 genera were identified. Nine genera were indicators for non-contaminated RL; they
were Leuconostoc, Yersinia, Arthrobacter, Pantoea, Stenotrophomonas, Lactococcus, Flavobacterium,
Mycoplasma, and Exiguobacterium. Eight genera were indicators for contaminated RL. The genera were
Pseudomonas, Serratia, Pedobacter, Jathinobacterium, Chryseobacterium, Duganella, Listeria, and
Weissella (Figure 4C).

To investigate the bacteria in RL impacted by the inoculation level of LM, the ANCOM test
identified Listeria (W = 60; clr F = 580) as the indicator for RL with a high inoculation level of LM. No
indicator was identified for RL inoculated with the low level of LM (Figure 4D). However, the RF
feature selection method identified five genera as indicators for RL inoculated with the low level of LM.
The genera were Serratia, Pedobacter, Janthinobacterium, Flavobacterium, and Weissella. Another four
genera were identified as indicators for RL inoculated with the high level of LM, with these genera being

Pseudomonas, Chryseobacterium, Duganella, and Listeria (Figure 4E).

Identification and quantification of identified competitive exclusion species in RL
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Based on the double-layer method, 47 colonies with inhibitory activity against LM on TSA media
were isolated from the frozen RL homogenate samples. After the antimicrobial activity test using the
spot-on-lawn approach, 32 isolates were confirmed as antagonistic bacteria to be antagonistic to LM.
Afterward, Sanger sequencing based on the 16S rRNA gene and WGS methods were applied to identify
these isolates. The Sanger sequencing data process and analysis illustrated that the 32 antagonistic isolates
belonged to three genera, with these genera being Carnobacterium (n = 13), Lactococcus (n = 3), and
Bacillus (n =16). The WGS data process and analysis further identified these antagonistic genera to be B.
filamentous, C. maltaromaticum, L. lactis, and (Table S2). To understand the distribution of the three
antagonistic species across the RL samples, gqPCR was applied to quantify their populations.

Standard curves of the gPCR were established based on the linear relationship between cell
concentration of serial 10-fold dilution of pure cultures and corresponding CT values. The equations of
standard curves for C. maltaromaticum, Lc. lactis, and B. filamentosus quantification are y = -3.4x + 42.7
with R? is 0.99 (Figure 5A), y = -3.7x + 42.1 with R? is 0.99 (Figure 5B), and y = -3.6x + 37.9 with R? is
0.99 (Figure 5C), respectively. Based on these standard curves, the population of three antagonistic
species were quantified across all 48 RL samples.

C. maltaromaticum, Lc. lactis, and B. filamentosus were present in all the early- and late-season
RL. In the early-season RL, the concentrations of the three species were 5.3 +0.4,3.6 + 1.5, and 1.7 £ 0.5
Log CFU/q, respectively. In late-season RL, their concentrations were 5.0 £ 0.6,2.9 £ 0.5,and 2.4 £ 0.3
Log CFU/q, respectively. When every antagonistic species between the two seasons were compared, no
significant differences in C. maltaromaticum concentration and Lc. lactis concentration between the
early-season RL and the late-season RL were observed (P > 0.05) (Figures 5D and 5E). However, a
significant distinction was observed in B. filamentosus populations between the RL harvested from the

two seasons (P < 0.05) (Figure 5F).

Discussion
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Numerous foodborne outbreaks of LM infection linked to fresh vegetables have occurred over the
past decade (3), which suggests that current sanitation or intervention strategies are limited in their ability
to control LM. A washing process with sanitizers, such as chlorine or peroxyacetic acid, has been
commonly used in fresh produce processing to reduce the overall bacterial population but not necessarily
target pathogens (6, 12). Since these processes are normally used for a one-time treatment during fresh
produce processing, the bacteria that are reduced as a result of the treatment can grow back to the before-
treatment levels over time under proper conditions (6, 7). Therefore, strategies that can target foodborne
pathogens and provide consistent antimicrobial effects are needed. A few studies have reported that
antagonistic bacteria exhibit consistent antimicrobial activity against various foodborne pathogens,
including E. coli 0157:H7, LM, and S. enterica, in fresh produce (16-18). However, studies on the
investigation of antagonistic isolated from RL are limited. Understanding the structures of bacterial
communities in RL and investigating the impact of LM contamination on RL microbiota is of primary
importance and necessary. In this study, we first evaluated the influence of storage, season, LM
contamination, and inoculation level on the diversity and composition of the bacterial communities in RL;
second, we identified the specific bacteria significantly impacted by these factors; and third, we isolated
and identified antagonistic bacteria that inhibited LM from RL.

RL samples used in this study were purchased from local grocery stores during two harvest
seasons (early- and late-season). Results from culture-dependent methods (PCA and AA media) and
culture-independent methods (16S rRNA gene sequencing) illustrated that the early-season RL had
significantly higher APC but low AnPC, as well as higher alpha diversity both in observed features and
the Shannon index, indicating the critical role played by harvesting season on bacterial abundance,
diversity, and composition of bacterial communities in RL. Our previous studies (19) also showed that the
alpha diversity in observed features of bacterial communities in early-season RL presented a higher
number than that in late-season RL, but no differences in the Shannon index were observed. The
differences in the Shannon index between the two studies indicate that differences in bacterial abundances
between RL from two seasons in this study were larger than that in our previous study (19). Similar
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observations were made by Williams et al. (2013) (11). They also showed that season played an important
role in affecting the abundance, diversity, and composition of bacterial communities in the phyllosphere
in RL during planting. Their results also showed the abundance of culturable aerobic bacteria was lower
in RL planted in the early season (June) than RL planted in the late season (August and October).
Leuconostoc, Lactococcus, Bacillus, and Exiguobacterium were identified as the most dominant genera in
early-season plants, and Pantoea, Pseudomonas, Erwinia, and Enterobacteriaceae were determined as the
predominant bacteria in late-season plants.

In addition to bacterial abundance and diversity, the ANCOM test and the RF feature selection
method identified specific bacteria significantly impacted by the season, which were regarded as
indicators for early-season and late-season RL. Based on the ANCOM test, Janithonbacterium,
Pseudomonas, and Serratia were identified as indicators for the early-season RL. Lactococcus and
Erwinia were identified as indicators for the late-season RL. Based on the RF feature selection method,
22 bacteria were identified as associated with seasons, including 17 indicators for early-season RL and
five indicators for late-season RL. When comparing the indicators identified by the two methods, it was
found that ANCOM-based indicators were covered by RF-based indicators for both the early-season RL
and the late-season RL. This suggested that the RF feature selection method is more sensitive than the
ANCOM method to catch the effect of season on bacteria between groups of samples. Sheh et al. (2022)
reported a similar result, noting that the ANCOM test identified two indicators while the RF method
selected nine indicators associated with the development of strictures (7).

The sensitivity differences in the identification of indicators could be caused by their algorithms.
The ANCOM test is a statistical framework used for the comparison of the composition of two or more
microbiota groups to identify features with significantly different abundances (34). The ANCOM test’s
identification of features was carried out by the calculation of the centered log ratio (clr) F statistic and
the W statistic. The clr F statistic is measured to evaluate the effect size of features between groups, in
which the microbial abundance data was clr-transformed. The W statistic is the number of times that the
log-ratio of a taxon with every other taxon being tested was identified to be significantly different across
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groups (19). RF is a supervised learning method for classification and regression, which constructs a
number of decision trees during the training time and outputs different classes (classification) or mean
predictions (regression) of individual decision trees (36). The RF feature selection method is based on the
calculation and rank of the MDA, which is evaluated by measuring the loss in classification accuracy of
the model when randomly permuting the values of the feature (38).

The five indicators for the late-season RL contained Leuconostoc, Lactococcus, Pedobacter,
Duganella, and Erwinia. Among them, Leuconostoc and Lactococcus are the core genera of lactic acid
bacteria (LAB) (39), which have been reported to be inhibitory against LM in various kinds of fresh
produce (12, 40). Leuconstoc is a genus of LAB. All species included in this genus are
heterofermentative, can producing multiple metabolites. The metabolites include lactic acid, ethanol,
acetic acid, and carbon dioxide (41). These metabolites can decrease the environmental pH, create an
anaerobic environment, or denature proteins of the microbial cells to inactivate the microbes, including
pathogens (42). Lactococcus, a genus in the LAB group, can produce lactic acid and/or bacteriocin, e.g.,
nisin, to inhibit other bacteria or pathogens, e.g., Lc. lactis (43). Strains with antagonistic activities
against LM in fresh produce have been reported (12). In addition, Erwinia is a genus containing mostly
species that are pathogenic to plants, e.g. Erwinia carotovora, causing bacterial soft rot (44). Erwinia also
has been reported to have an inhibitory capacity against LM in fresh produce (16, 17). In addition,
Erwinia was also reported by Williams et al. (2013) to inhibit an attenuated strain of E. coli O157:H7 on
the leaf of Romaine lettuce planted in the field (11). These LAB indicators identified for late-season RL
could be a potential reason for the decrease in LM abundance from UBD to UBDS5 in late-season RL but
not early-season RL.

This study also investigated the effect of LM contamination on the structures of bacterial
communities. Based on the culture-dependent methods, no changes in APC were observed between RL
before and after LM contamination, which indicates that LM contamination had no impact on APC in RL.
However, significant increases in AnPC were seen after RL was inoculated with LM. The reason could be
that LM is a facultative anaerobic bacterium (45). Studies showed that oxygen concentration does not
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impact most strains of LM (45, 46). Thus, LM could grow on the aerobic agar in anaerobic chambers with
oxygen removed by using anaerobic packs. Based on the 16S rRNA gene sequencing approach, no
differences in alpha diversity based on observed features and Shannon index (P > 0.05) of bacterial
communities were apparent between RL before and after LM contamination. These results indicate that
LM contamination did not impact bacterial diversity in RL. However, we used the ANCOM test and the
RF feature selection method to identify bacteria that were significantly impacted by contamination. The
ANCOM test detected only Listeria as having a significantly higher relative abundance in contaminated
RL than in non-contaminated RL (Figure 4A), which was identified as a indicator for contaminated RL.
While using the RF feature selection method, eight indicators were identified for contaminated RL. These
indicators were Pseudomonas, Serratia, Pedobacter, Jantinobacterium, Chryseobacterium, Duganella,
Listeria, and Weissella (Figure 4C).

The impact of inoculation levels of LM (3 and 6 Log CFU/qg) on the diversity and composition of
bacterial communities in RL was also evaluated. Similar to LM contamination, inoculation levels of LM
have no influence on the bacterial alpha diversity in RL. When used to identify bacterial indicators for the
RL inoculated at different inoculation levels, the ANCOM test identified only Listeria as an indicator for
RL with a high inoculation level. No indicator was determined for RL with a low LM inoculation level
(Figure 4D). However, the RF feature selection method identified five indicators for RL with a low
inoculation level, with these indicators being Serratia, Pedobacter, Janthinobacterium, Flavobacterium,
and Weissella. There were four indicators for RL with a high inoculation level, Pseudomonas,
Chryseobacterium, Duganella, and Listeria. (Figure 4E). When comparing the ANCOM test and the RF
feature selection method for indicator identification, both methods identified Listeria as an indicator for
contaminated RL, indicating the inoculated LM can be successfully detected by 16S rRNA gene
sequencing with these two approaches. LM at the high level (6 Log CFU/g) was identified while LM at
the low level (3 Log CFU/g) was not detected by either the ANCOM test or the RF feature selection
method. The other seven indicators detected by the RF feature selection suggest that the identification
sensitivity of indicators is higher than for the ANCOM test.
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To further explore the reason that the LM decreased in concentration in late-season RL during the
5-day storage at 4 °C, the double layer method and spot-on-lawn method were applied to randomly isolate
and confirm 32 CE bacteria with antagonistic activity against LM from frozen RL samples. Subsequently,
Sanger sequencing and WGS were applied to identify 32 antagonistic isolates as belonging to three
species; the species were C. maltaromaticum, Lc. lactis, and B. filamentosus (Table S2). It was noted that
antagonistic bacteria could not be isolated from fresh RL but were isolated from the frozen RL
homogenates stored at -80 °C for 1 month. This result indicates that first, no antagonistic was isolated
from the most abundant culturable bacteria in fresh RL; and second, the frozen temperature may cause
certain bacteria to enter the VBNC state (47, 48) to reduce the magnitude of the bacteria population when
plated on TSA agar media. Frozen conditions can be a strategy to reduce the culturable bacterial level and
then allow us to explore the culturable bacteria that are not dominant or the low-temperature-tolerant
bacteria in the produce microbiota.

The qPCR was employed to validate and quantify the three antagonistic species identified by
sequencing analyses existing in 48 RL samples. Although no significant differences were apparent in C.
maltaromaticum and Lc. lactis concentrations between early-season and late-season RL, B. filamentosus
had a significantly higher concentration in late-season RL than in early-season RL (Figure 5F),
suggesting that B. filamentosus could be one of the reasons for the reduction in LM abundance in late-
season RL but not early-season RL. To compare the abundances of the three antagonists in early-season
and late-season RL, C. maltaromaticum had the highest magnitude of average level magnitude (~ 5 Log
CFU/qg), followed by L. lactis (~ 3 Log CFU/g). B. filamentosus had the lowest magnitude of average
level (~ 2 Log CFU/g). C. maltaromaticum is a species of psychrotropic LAB, which is known for its
ability to produce bacteriocin (49). C. maltaromaticum is frequently isolated from dairy, meat, fish, and
shrimp (50, 51), but has not been reported to be isolated from RL. C. maltaromaticum has been
extensively studied to show inhibition of LM in fish and meat products (51, 52). Pedrozo et al. (2019)
reported that C. maltaromaticum H-17 reduced the LM population by ~ 4 Log CFU/mI compared to the
LM control when co-cultured with C. maltaromaticum H-17 in sterile raw fish extract at 5 + 2°C after 50
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h (52). Lc. lactis is another species of LAB that has been extensively used in the production of buttermilk
and cheese. Dong et al. (2021) applied a fermentate consisting of 8 Log CFU/g Lc. lactis 537 cells and
produced nisin to reduce 3-4 log CFU/g LM to the level below the limit of detection immediately on fresh
cut iceberg stored at 4 °C (43). Gu et al. (2022) isolated multiple strains of Lc. lactis from Romaine
lettuce and showed inhibitory activity against LM when co-cultured in Romaine lettuce juice at 30 °C
after two days compared to the LM control (12). B. filamentosus is an endospore forming, Gram positive
bacterium that was first isolated from marine sediment and identified as a new species of Bacillus
(Bacillus filamentosus sp. nov. SGD-14T) by Sonalkar et al. (2015) (53). Abiala et al. (2022) isolated a
strain of B. filamentosus (C8) from cowpea and found that C8 inoculation could increase the biomass of
cowpea root (54). In addition, Gu et al. (2020) isolated sanitizer-resistant B. filamentosus from the rinse
water of spinach treated with 50 mg/L peracetic acid. Our study is the first to report the isolation of B.
filamentosus from Romaine lettuce and its antagonistic activity against LM (55). Due to the sanitizer-
resistant property, B. filamentosus has the potential to be applied as a biocontrol strategy collaborating

with the sanitation washing process to improve microbial produce safety.

Conclusion

In summary, this study evaluated the impacts of storage, season, LM contamination and
inoculation level on the diversity and composition of bacterial communities in RL. The factor of harvest
season had the most significant impact on the diversity and composition of bacterial communities in RL.
To compare bacterial communities between contaminated and non-contaminated samples, the ANCOM
test identified Listeria as the indicator for LM-contaminated RL, while the RF feature selection method
selected 17 bacteria as indicators, including eight for contaminated samples and nine for non-
contaminated samples. For samples inoculated with a low level of LM, the ANCOM test identified no
indicators, while the RF method identified Serratia, Pedobacter, Janthinobacterium, Flavobacterium, and
Weissella as indicators. For samples inoculated with a high level of LM, the ANCOM test identified
Listeria as the indicator, while the RF method identified Pseudomonas, Chryseobacterium, Duganella,
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and Listeria as indicators. Thirty-two antagonistic bacteria that inhibited LM were isolated from the
frozen RL homogenates and confirmed by using the double-layer agar method and spot-on-lawn method.
Three antagonistic species were identified from the 32 antagonistic isolates based on the Sanger
sequencing and WGS. These three species were C. maltaromaticum (n = 13), Lc. lactis (n = 3), and B.
filamentosus (n = 16). The gPCR results confirmed the significant differences in levels of B. filamentosus
between early-season RL and late-season RL, indicating that B. filamentosus could be the key antagonist
in late-season RL. Future studies are needed to better confirm the antagonistic function of B. filamentosus

by conducting co-culturing experiments.
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Table 1. Primers used in gPCR for quantifying identified antagonistic bacteria from RL homogenate.

Antagonist Gene name Primer name  Primer sequence Amplicon Reference
length (bp)
Bacillus Superoxide BF sodA F TCGTCCCAGTTTA 148 (56)
filamentosus dismutase CAACATTCC
gene (soda) BF sodA R CAAGCACTCCAA
ACCAAGATTC
Lactococcus Elongation LL_tuf F TGAAGAATTGAT 126 (57)
lactis factor Tu GGAACTCG
gene (tuf) LL tuf R CATTGTGGTTCAC
CGTTC
Carnobacterium Recombinase CM_RecA F CGTTAGGAGTAG 111 (58)
maltaromaticum A gene GCGGGTATC
(RecA) CM_RecA R CATGTTTTTGAGC
TTCTGCTAC

RL: Romaine lettuce.
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Table S1. Statistical summary of amplicon sequence variants (ASVs) before and after the denoising
process during the QIIME 2 analysis.

Number of Total Minimum Median Maximum
samples frequency frequency frequency frequency
Sequences 48 5,437,814 45,667 118,458 199,809
before
denoising
Sequences 48 3,619,180 31,329 79,046 144,009

after denoising
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Table S2. Antagonistic bacteria identified by Sanger sequencing based on the 16S rRNA gene and WGS
and their antagonistic capacity based on the LM-inhibition zone.

Sample Sanger sequencing WGS Percent Inhibition zone
ID identity (%) (mm diameter)
Carnobacterium

CM1 Carnobacterium maltaromaticum 84.2 12.2+2.6
CM2 Carnobacterium C. maltaromaticum 83.4 11.8+2.1
CM3 Carnobacterium C. maltaromaticum 87.9 105+3.1
CM4 Carnobacterium C. maltaromaticum 83.1 11.3+0.5
CM5 Carnobacterium C. maltaromaticum 86.7 13.0+1.6
CM6 Carnobacterium C. maltaromaticum 84.7 128+15
CM7 Carnobacterium C. maltaromaticum 84.6 6.3+1.0
CM8 Carnobacterium C. maltaromaticum 83.9 140+0.8
CM9 Carnobacterium C. maltaromaticum 83.7 13.0+24
CM10 Carnobacterium C. maltaromaticum 84.2 125+1.7
CM11 Carnobacterium C. maltaromaticum 84.6 9.8+2.2
CM12 Carnobacterium C. maltaromaticum 85.1 13.8+2.2
CM13 Carnobacterium C. maltaromaticum 83.1 10.0+2.2
LL1 Lactococcus Lactococcus lactis 91.3 85+19
LL2 Lactococcus Lc. lactis 94.8 90+14
LL3 Lactococcus Lc. lactis 93.8 9.0+14
BF1 Bacillus Bacillus filamentosus 80.6 10.3+0.6
BF2 Bacillus B. filamentosus 82.5 10.3+0.6
BF3 Bacillus B. filamentosus 82.1 10.3+0.6
BF4 Bacillus B. filamentosus 77.9 11.3+0.6
BF5 Bacillus B. filamentosus 81.6 98+1.0
BF6 Bacillus B. filamentosus 81.8 105+ 1.3
BF7 Bacillus B. filamentosus 80.8 11.8+1.7
BF8 Bacillus B. filamentosus 74.7 11.8+2.9
BF9 Bacillus B. filamentosus 75.6 12.3+2.6
BF10 Bacillus B. filamentosus 82.6 8.7+21
BF11 Bacillus B. filamentosus 81.0 10.0+1.0
BF12 Bacillus B. filamentosus 82.0 8.0+£0.0
BF13 Bacillus B. filamentosus 81.7 10.7+1.2
BF14 Bacillus B. filamentosus 80.9 10+£0.0
BF15 Bacillus B. filamentosus 85.7 10.0+1.7
BF16 Bacillus B. filamentosus 79.6 9.3+0.6

WGS: Whole genome sequencing; LM: Listeria monocytogenes.
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Figure 1. Aerobic plate count (APC) and anaerobic plate count (AnPC) of non-inoculated Romaine
lettuce (RL) (A and B) and Listeria monocytogenes (LM)-inoculated RL (C and D) harvested from the
early season and the late season on the “Use By” date (UBD) and 5 days after the UBD (UBD5) when
stored at 4 °C. The letters “E” and “L” in the x-axis labels: early season and late season, respectively;
“LMRL:”: LM-inoculated RL; The last letters “L” and “H:” low inoculation level of LM and high

inoculation level of LM, respectively; “NS:” no significance; “*:” P < 0.05.
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Figure 2. Listeria monocytogenes (LM) concentrations in Romaine lettuce (RL) when stored at 4 °C on
the “Use By” date (UBD and 5 days after the “Use By” date (UDBS5). RL samples, harvested from the
early season (A) and the late season (B), were inoculated with LM at a low (~ 3 Log CFU/qg) or a high
level (~ 6 Log CFU/g). “LMRL:” LM-inoculated RL; “L:” low inoculation level of LM; “H:” high

inoculation level of LM; “NS:” no significance; “*:” P < 0.05.
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Figure 3. Comparison of indicators at the genus level between early-season and late-season Romaine
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forests (RF) feature selection method. (A) Volcano plot of the genus indicators for the early-season and

late-season RL identified by the ANCOM test; (B) Scatter plot of the ranked identified amplicon

sequence variant (ASV) features based on the mean decrease in accuracy (MDA) calculated by the RF

method; and (C) Horizontal bar plot of ranked taxa at the genus level with a positive contribution to the

classification of early-season and late-season RL. “Common” represents the genera with no difference in

relative abundance between RL from early and late seasons. “Early” and “Late” represent genera with

remarkably higher relative abundance in early-season RL and late-season RL, respectively. “clr” strands

for centered log ratio. “Negative,” “Positive,” and “Zero” represent ASV features with negative, positive,

and zero MDA values, respectively.
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Figure 4. Comparison of indicators at the genus level between Listeria monocytogenes (LM)-
contaminated and non-contaminated Romaine lettuce (RL) identified by the analysis of composition of
microbiomes (ANCOM) test and the random forests (RF) feature selection. (A) Volcano plot of the genus
indicators identified for LM-contaminated and non-contaminated RL; (B) Scatter plot of the ranked
identified amplicon sequence variant (ASV) features based on the mean decrease in accuracy (MDA)
calculated by the RF feature selection method for contaminated and non-contaminated RL; (C) Horizontal
bar plot of ranked taxa at genus level with a positive contribution to the classification of contaminated and
non-contaminated RL samples; (D) Volcano plot of the genus indicators identified for RL inoculated with
low level, high level of LM, and non-inoculated RL; and (E) Horizontal bar plot of ranked taxa at the
genus level with a positive contribution to the classification of RL inoculated with low level, high level of
LM, and non-inoculated RL. “Common” represents the genera with no difference in relative abundance
between contaminated and non-contaminated RL or RL inoculated with the low level, the high level of
LM, and non-inoculated RL. “Cont” represents contaminated RL. “clr” strands for centered log ratio.
“Negative,” “Positive,” and “Zero” represent ASV features with negative, positive, and zero MDA values,
respectively. “Ctrl” stands for non-contaminated RL. “Low” and “High” stand for RL inoculated with low

and high inoculation levels of LM, respectively.
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Figure 5. Quantification of three identified antagonistic bacteria, Carnobacterium maltaromaticum (CM),
Lactococcus lactis (LL), and Bacillus filamentosus (BF), from all the Romaine lettuce samples by gPCR.
(A-C) gPCR standard curves of the three antagonistic species, changes of the cycle threshold (CT) values
as a function of the cell concentrations (Log CFU/mI). (D-F) Comparison of cell concentrations (Log
CFU/qg) of three antagonistic species, CM, LL, and BF, between early season (Early) and late season

(Late) Romaine lettuce. “NS:” no significance; “*:” P < 0.05.
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Figure S1. Interactive quality plots of forward and reverse reads with 276 bases each. (A) Interactive
quality plots of the forward reads at seven percentiles. (B) Interactive quality plots of the reverse reads at
seven percentiles, including 2%, 9%, 25%, 50%, 75%, 91%, and 98%. The horizontal dash line represents
the threshold of Phred quality score of 30 (Q30). The vertical dash line stands for the intersection points

between the Q30 dash line and the 50% interactive quality curve.
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Figure S3. Comparison of the alpha diversity based on observed features (Left) and Shannon index
(Right) of bacterial communities present in Romaine lettuce (RL) between UBD and UBDS5 (A), between
early- and late-season RL (B), between Listeria monocytogenes (LM)-contaminated and non-
contaminated RL (C), and between RL inoculated with a low inoculation level of LM and RL with a high
inoculation level of LM (D). “UBD:” “Use By” date; “UBDS5:” 5 days after UBD; “Early:” early-season
RL; “Late:” late-season RL; “Ctrl:” non-contaminated RL or non-inoculated RL; “Cont:” LM-
contaminated RL; “Low:” RL with low inoculation level of LM; “High:” RL with high inoculation level

of LM; “NS:” no significance; “*:” P < 0.05.
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Abstract

Small samples size and loss of up to 50-70% of sequencing data during the data denoising step of
preprocessing can limit the statistical power of fresh produce microbiota analyses and prevent detection of
important bacterial species associated with produce contamination or quality reduction. Here, we explored
an alignment-free analysis strategy using k-mer hashes to identify DNA signatures predictive of produce
safety (contaminated vs. non-contaminated) and produce quality (good-quality vs. decreasing-quality) and
compared it against the amplicon sequence variant (ASV) strategy that uses a typical alignment and
denoising step. Random forests (RF)-based classifiers were trained on publicly available fresh produce
microbiota datasets with data preprocessed using either the k-mer hash or ASV approach. RF-based
classifiers for fresh produce safety and quality using 7-mer hash datasets had significantly higher
classification accuracy than those using the ASV datasets, supporting the hypothesis that data
preprocessing strategies that keep more data (k-mer hash) retain more useful information about bacterial
species than approaches that lose data during preprocessing (ASV). Integrating multiple datasets together
led to higher classification accuracy compared to those trained with individual datasets. Integrated
datasets enabled the identification of more consistent and generalizable indicators (ASV, 7-mer hash, or
bacterial taxa) associated with fresh produce safety and quality. The proposed combination of integrating
multiple datasets and leveraging an alignment-free 7-mer hash strategy substantially mitigates the loss of
sequencing data due to the ASV denoising step and leads to better classification performance for fresh
produce safety and quality. Results generated from this study lay the foundation for future studies that
wish and need to incorporate and/or compare different microbiota sequencing datasets (generated from
different studies or different laboratories) for the application of machine learning in microbial safety and
quality of food.
Keywords: Fresh produce, Microbiota, Produce safety and quality, Machine learning, Data integration, k-

mer hash.
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Introduction

Next generation sequencing approaches for the analysis of microbial communities in fresh
produce include amplicon-based sequencing (e.g., 16S rRNA gene sequencing) and metagenomic
sequencing (e.g., shotgun sequencing). These technologies help identify microbial populations within
individual produce samples, traditionally by aligning sequenced reads to known genomes to quantify the
presence of known species in a sample (1). When multiple samples are sequenced, statistical and machine
learning approaches can be leveraged to identify species of importance to produce safety (PS) and
produce quality (PQ) (2—12). Interactions between pathogenic and/or spoilage microorganisms and other
native or background microbiota shine light on new competitive exclusion microorganisms to protect and
improve the safety and quality of fresh produce (9, 11-14).

Of particular interest in this study is the use of machine learning to identify indicators: bacterial
species whose presence is correlated with produce safety or quality. Indicators can be identified by
constructing classification models that identify produce sample features that distinguish samples of
different PS or PQ statuses. Both the accuracy of the classifiers, as well as the quality and reproducibility
of the indicators identified from them, typically increase with dataset and sample sizes (15). When
reviewing published produce microbiota datasets, we found no overlap of PS-related tentative indicators
across three PS-related studies (11, 12, 16), and only one indicator consistently observed across three PQ-
related studies (9, 11, 16). This poor overlap of indicators suggests an opportunity to identify alternative
indicator identification strategies that identify more reproducible indicators across studies.

The poor overlap of indicators identified by different studies may be driven by two reasons. The
first reason is due to the limited sample sizes in each individual study. On average, 110 samples were
analyzed in previously published studies (1, 4-12, 17), which is much smaller than that suggested given
the large number of microbial species being identified in each sample (18). Small sample sizes coupled
with the profiling of many bacterial species can lead to more spurious (false) indicators, or correlations
between bacterial species occurrence and pathogen contamination or quality decline, and ultimately yield
poor reproducibility among studies (11-13). Secondly, this poor overlap might be caused by low effective
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sequencing depth of each produce sample. Two key steps of microbiota sequencing data analysis are the
alignment of reads to known genomes used in the metagenomic sequencing analysis, and the denoising
step used in the amplicon sequencing analysis. During this process, up to 70% of reads for the
metagenomic sequencing and 50% of reads for the 16S rRNA gene sequencing can be removed or
“wasted” due to their poor matching to the database and nosing sequences (19, 20). This loss of over half
of the sequencing reads reduces the power to identify low abundant species or sequence variations (21).
Here we proposed a computational strategy to address both challenges to better identify bacterial
indicators broadly correlated with both PS and PQ phenotypes. First, we used an alignment-free approach
based on counting short k-mers in sequencing reads (22, 23) to characterize microbiota in individual fresh
produce samples (Figure 1A). We showed that k-mer hash-based models were significantly better at
predicting both PS and PQ compared to the commonly used approach of counting amplicon sequence
variants (ASV). Second, we integrated PS and PQ datasets before analysis to boost dataset size and power

and show by doing so we are able to identify taxa that are more broadly associated with PS and PQ.

Materials and Methods
Fresh produce microbiota datasets

Four published fresh produce microbiota studies that generated 16S rRNA gene sequencing were
selected, as they all have complete metadata information and are associated with PS and/or PQ. These
four studies are named Zhang18 (12) (n = 236), Kusstatscher19 (9) (n = 240), LiaoSm21 (11) (n = 72),
and LiaoR121 (n = 108) from the project LiaoRI21 (16) (this study) (Table 1). Project LiaoRI21 consists
of combining published non-contaminated samples (h = 36) (16), with unpublished data from pathogen-
contaminated samples (n = 72) that were prepared and sequenced for this paper. The preparation of the
contaminated samples, DNA extraction step, as well as library preparation and sequencing followed the
protocol published by Liao and Wang (2021) (11). The new data has also been uploaded in the public
database with the accession number PRINA792031. Based on these four studies, we created the PS
dataset composed of case-control studies in which fresh produce was artificially inoculated with
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Escherichia coli 0157:H7 (LiaoSm21 and LiaoRI21), Listeria monocytogenes (LiaoRI21), or Salmonella
Infantis (Zhang18). Produce samples without contamination of pathogens were labeled as non-
contaminated, while all other samples were given the uniform label contaminated. Also from these four
studies, we created the PQ dataset in which samples were either labeled as good-quality (GQ, samples
sequenced before their use-by dates or showing no decaying signs) or decreasing-quality (DQ, samples

after their use-by date or decayed) (LiaoSm21, LiaoRI21, and Kusstatscher19).

ASV dataset and k-mer hash dataset preparation

For each dataset, raw 16S rRNA gene sequences were imported into the QIIME 2 (Version
2021.8) pipeline (24) by using the “qiime tools import” command. The barcodes and primers were
removed by using “qiime cutadapt trim-paired/single” plugin of cutadapt (25). Reads with median Phred
quality scores of less than 30 were removed by truncating reads with a certain length using the “qiime
dada2 denoise-paired/single” plugin of DADA?2 (26, 27). During this process, raw sequences were
filtered, denoised, dereplicated, and clustered into ASV (28). Sequences with barcode and primer
sequences removed were then processed for quality control by truncating bases with the median Phred
quality scores of less than 30 with the DADA2 package in R without ASV clustering (26, 27). After that,
the processed sequences were used to compute k-mer hash signatures (k=3,...,7) for each sample by using

the “sourmash sketch dna” command in the sourmash pipeline (version 4.2.3) (22).

Common sum scaling

Since the sequencing depth varies across samples, datasets, and studies, the common sum scaling
(COM) method was applied to normalize the sequencing depth among them for both ASV and k-mer hash
methods. The ASV and k-mer hash counts were scaled to the minimum depth of each sample with the
following equation (29):

m'(min)
m)

m(min)
mo

COM(w;V) = [round(a)l(j) ) e, round(wp(j) ) ] € R™P,
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wherei =1, ...,p isthe ASV or k-mer index; j = 1, ..., n is the sample index; w is the read count of

i
ASV or k-mer i in sample j; mY) is the total ASV or k-mer hash count number for sample j, where
m = ¥P_ w!; m™m = min{m®,m®@, .., m™} and round() is an operator rounding the fraction

to be the nearest integer.

Data integration and the removal of confounding factors

Data integration by using the Combat function in the ‘sva’ R package (version 3.42.0) was
applied to remove batch effects indicated in the study’s metadata, such as sample type, location, and
study-of-origin (30). The parameter “par.prior” was set as “false” to use the nonparametric adjustments,

and the parameter “mean.only” was set to “true” to adjust the mean of the batch effect across batches

(30).

Classification of fresh produce safety and quality samples

Classifiers for PS and PQ using either the processed ASV or k-mer hash datasets were
constructed. Three different classification methods, including random forests (RF) (31), k-nearest
neighbors (k-NN) (32), and fully connected, feed-forward neural networks (NN) (33) were evaluated
(Figures S1 and S2). For RF, the number of decision tree (nwee) Was set at 500, and the number of
features randomly sampled as candidates at each split (mtry) was set to the square root of the total number
of input features. RF-based models were trained by using the “randomForest” R package (34) (version
4.6-14). Predicted class labels were decided based on the majority vote (>50%) by 500 decision trees. The
k-NN-based classifiers were trained by using the ‘caret’ R package (version 6.0-90). k values ranging
from 1 to 10 were tested to identify k values with the best classification performance (Figures S1 and
S2). The feed-forward NN were trained by using the ‘nnet’ R package (version 7.3-17), with

hyperparameters set as the same as Arbajian et al. (2019) (35) and Dzal et al. (2021) (36). The ‘nnet’ fits a
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feed-forward NN with a single hidden layer. The number of nodes in the hidden layer was set to 5, the

decay parameter was set to 0.1, and the activation function was set to the logistic activation function.

Model validation

For the individual dataset classification experiments, we used 10-fold cross validation to measure
the accuracy of RF-, k-NN- and NN-based classifiers. Error was measured as the unweighted total
classification accuracy across both the case and control phenotypes, as the classification experiments were
generally well balanced (Table S1). For RF-based models, the out-of-bag (OOB) estimate was also
calculated in order to validate the models trained on PS or PQ datasets (31).

Several cross-study classification experiments were also conducted in order to test the
generalization performance of PS and PQ classifiers. In the cross-study classification experiments for PS,
we constructed pairs of training and test datasets in which one study formed the test dataset and the
remaining studies formed the training dataset. For example, for the PS experiments, we constructed a
training dataset consisting of the LiaoRI21 and Zhang18 studies, while using the LiaoSm21 study as a test

dataset.

Evaluation of feature importance

To evaluate and quantify the importance of individual features identified based on the ASV or the
k-mer hash method, features were ranked by their mean decrease in accuracy (MDA\) calculated by the
RF classification model. The MDA quantifies the importance of a variable by measuring the decrease in
prediction accuracy when the variable is randomly permuted in comparison with the original observations

(37).

Taxonomic analyses
To profile the bacterial communities within individual produce samples and carry out the
differential abundance analysis between phenotypes, taxonomic analyses at the genus level were
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conducted by using the QIIME 2 (Version 2021.8) pipeline for the ASV dataset. The QIIME 2 plugin
“q2-feature-classifier” (38) was used to assign ASV to the SILVA 138 small subunit rRNA database as
the taxonomy reference (39). Chloroplast, mitochondria, and unassigned taxa were filtered by using
“qiime taxa filter-seqs” command in QIIME 2 (40). For integrated taxonomic datasets, the COM method
was first employed for data normalization. Data integration was carried out by using Combat to regress
out study-of-origin, sample types, and storage conditions for PS and PQ datasets. The processed
taxonomic datasets were employed for the differential abundance analysis between “contaminated” and
“non-contaminated” samples, as well as between GQ and DQ samples.

For taxonomic analysis of 16S rRNA gene sequences based on the k-mer hash datasets, the
SILVA 138 database was first downloaded, and the taxonomic sequences were computed for 7-mer hash
using the command “sourmash sketch dna” in the sourmash pipeline. The sourmash lowest common
ancestor (LCA) taxonomy database was established by using a “sourmash Ica index” command on the
processed 7-mer hash of taxonomic sequences from the SILVA 138 database, followed by taxonomic
classification of query 7-mer hash datasets against the established sourmash LCA taxonomy database
carried out by using a command “sourmash Ica classify” (22). However, the query k-mer hashes could not
be accurately assigned to the sourmash LCA taxonomy database based on SILVA database. This issue
may be due to the inappropriateness of the current algorithm of LCA taxonomic classification in the
sourmash pipeline for 16S rRNA gene sequences. This is an established issue

(https://github.com/sourmash-bio/sourmash/issues/1421). Therefore, the taxonomic analysis here was

performed only on the ASV representation of the data.

Data visualization and statistical analysis

The non-parametric Wilcoxon rank sum test was applied to test for significant differences in
classification accuracy between pairs of RF-based, k-NN-based, and NN-based classifiers. The analysis of
compositions of microbiomes with bias correction (ANCOM-BC) test and the RF-based feature selection
method mentioned above were employed to identify the bacterial indicators that had significantly
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abundance changes in one group over another (41). All the above statistical analyses were conducted in R

(version 4.1.0).

Results
Alignment-free analysis leads to more accurate classification of microbiota samples

We first tested the hypothesis that using a k-mer hash strategy to analyze 16S rRNA sequencing
data that avoids read alignment and the corresponding data loss in the ASV strategy would improve PS
and PQ classification accuracy and indicator identification. Figure 1A illustrates the conceptual
differences between the two strategies. For each individual PS and PQ study, we constructed machine
learning-based classifiers by selecting one of three methods (RF, k-NN, and NN), and training them using
either the ASV or k-mer hash representations of the study data. Overall, the RF-based classifiers using 7-
mer hash (Figure 1B) representations showed higher classification accuracy than k-NN-based and NN-
based for both PS (Figure S1) and PQ (Figure S2). RF-based classification using the 7-mer hash
representation also generally outperformed classification using the ASV representation by 8% on average
(P < 0.05, Wilcox rank sum test), except for the LiaoSm21_PS and LiaoSm21_PQ studies. In
LiaoSm21_PS both the ASV and 7-mer hash versions of the data yielded an accuracy of 100%. We also
found the k-mer hash datasets performed better with larger k values within the range of 3 to 7. This is
unsurprising because larger k values lead to more features extracted from the sequencing data, which in

turn provides more opportunities to distinguish DNA sequence signatures between cases and controls.

Integrated microbiota data analysis leads to more generalizable classification

To increase the effective sample sizes of published microbiota studies and therefore identify taxa
that are robustly associated with PS and PQ, a single, integrated produce safety (IPS) dataset and a single,
integrated produce quality (IPQ) dataset were established by applying batch correction and merging
studies within each category. We computed ASV and 7-mer hash representations of the IPQ and IPS
datasets and used them to construct RF-based models whose classification performance were compared
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against our previous models constructed on individual studies. Consistent with the analyses conducted on
the individual studies, the integrated 7-mer hash representation achieves higher classification accuracy
compared to ASV representation by 5% (P < 0.05) and 17% (P < 0.05) for the IPS and IPQ datasets,
respectively (Figure 2A), supporting the notion that the 7-mer hash dataset retains more actionable
information in sequencing reads. Figure 2B illustrates the performance differences separated by
component study, and we see that the classification performance is systematically higher in samples from
all studies, not just a select study. We also found that for the IPS dataset, when we replaced the binary
labels with the pathogen-specific labels (E. coli 0157, L. monocytogenes, and S. Infantis), performance
similarly was higher for 7-mer representations (85%) compared to ASV (78%) (Figure S7). The accuracy
of the 7-mer hash IPS classifier was 82%, and when the IPS classifier was used to predict specific
pathogens, it rose to 85% (Figure S7). Our IPS classifier therefore performs as well as the commonly
used culture-dependent approach using selective agars that does not rely on sequencing (42). Given the
size and number of PS datasets will increase over time, we expect sequencing-base classifiers to
outperform the culture-dependent approach in the future. For the IPQ classifiers that achieved 82%
accuracy, there are no benchmarks to compare its performance against as this was the first-time predictive
models were used to evaluate the quality of fresh produce using microbiota.

To gain insight into which samples were better classified under the integrated 7-mer hash dataset,
we then visualized the label predictions of individual samples generated by the RF-based classifiers.
Figures 2C-2F compare the voting rates based on 7-mer hash and ASV for predicted versus true labels of
each sample in IPS and IPQ. For the IPS samples, while the number of correctly predicted contaminated
samples is similar (254 and 264 for 7-mer hash and ASV, respectively) (Figure 2C), there is a marked
increase in accuracy for 7-mer hash predictions of the non-contaminated samples (85 and 52 for 7-mer
hash and ASV, respectively) (Figure 2D). Similarly, in the analysis of the IPQ samples, the 7-mer hash
representation led to more accurate prediction of the decreasing-quality samples (174 and 163 for 7-mer
hash and ASV, respectively) (Figure 2E), while the number of correctly predicted “good-quality”
samples was similar (100 versus 62 for 7-mer hash and ASV, respectively) (Figure 2F). Our results
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support our hypothesis that the 7-mer hash representation leads to better classification performance of
microbiota samples, consistent with our results on individual samples.

We next wondered to what extent integration of microbiota data from multiple studies explicitly
led to the construction of more generalizable classifiers, compared to classifiers trained on individual
studies. We therefore performed six experiments (three for each of IPS and IPQ), in which we repeatedly
removed one study as a test (held out) study, and compared the model performance of RF classifiers when
trained on the remaining two studies separately versus combined (Figure 3). In principle, classifiers
trained on the combined datasets would be encouraged to learn taxa that are more broadly associated with
either produce pathogen contamination or produce quality decline, because both the case and control
samples in the combined dataset will be more heterogeneous compared to the samples in the individual
studies. Figure 3 shows that across the six experiments, the integrated datasets performed significantly
better than the individual datasets alone in three of them (Figs. 3A, 3B, and 3D), achieving on average
17% higher accuracy than individual datasets. In comparison, for only one experiment, combining data
led to significantly worse performance (Figure 3C). These results suggest that it can be sensible to
combine data from multiple studies together, even if the phenotypes studied do not directly match up and

tend to lead to better generalizable performance of the classifiers for both PS and PQ.

Integrated taxonomic analysis identifies generalizable taxa associated with pathogen contamination
The higher classification performance of the integrated datasets suggests that there are taxa that
are broadly associated with PS and PQ identified by the classifiers. We therefore first inspected the 7-mer
hash features identified as predictive by the classifier, to try to subsequently identify the underlying taxa
contributing those predictive DNA signatures. Unfortunately, the current sourmash pipeline that was used
to compute the k-mer hash signatures did not support mapping 7-mer hash signatures to the LCA database
(see Methods). We therefore instead analyzed the classifiers trained on the ASV representation of the IPS

and IPQ datasets for the following taxonomic analysis.
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For the IPS taxonomic analysis, 1,131 genera were identified in total. The top 3 most dominant
genera in the bacterial communities across fresh produce samples were Pseudomonas (with relative
abundance ranging from 0.07% to 57.95%), unclassified genera (4.54% to 43.61%), and Flavobacterium
(1.31% to 41.31%). Pseudomonas and Flavobacterium as dominant genera in bagged Spring mix salad
and lettuce have been reported (11, 43). However, unclassified genera with high relative abundance were
not often mentioned in fresh produce microbiota studies. The integration of datasets might bring out more
unclassified genera than individual datasets, due to the limited number of taxonomic references available
for taxonomic analysis.

The ANCOM-BC test was applied to identify bacteria at the genus level that have significantly
different relative abundance between contamination groups (contaminated samples versus non-
contaminated samples) or pathogen groups (E. coli O157, L. monocytogenes, and S. Infantis). Five genera
were identified as indicators for the contaminated group, including Escherichia-Shigella, Listeria,
Bacteroides, Peredibacter, and Faecalibacterium, and two indicators (Rheinheimera and Pseudomonas)
were identified for the non-contaminated group (Figure 4A). Their significance values were listed in
Table S3. We noticed that the contaminating pathogens, E. coli 0157 and L. monocytogenes, were
accurately identified as Escherichia-Shigella and Listeria. Our previous study (11) reported that no
Escherichia could be identified in contaminated Spring mix samples when the E. coli O157:H7
inoculation level was at 5.5 Log CFU/mI by using 16S rRNA gene sequencing. We? assumed that the
concentration of E. coli 0157 was below the limit of detection of 16S rRNA gene sequencing method.
However, the present study showed the Escherichia-Shigella was identified for E. coli O157 with relative
abundance from 0.019% to 0.18%. One explanation for the difference is that the present study conducted
the taxonomic classification analysis based on the SILVA 16S rRNA sequence database, while Liao and
Wang (2021) applied Greengenes database, which contains less annotation taxonomic references than
SILVA database (11).

On the other hand, S. Infantis was not identified in the Zhang18 study (12). One explanation is
that 10* copies/ml of S. Infantis located in the root of lettuce was below the limit of detection of 16S
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rRNA gene sequencing. In this study, Peredibacter was identified as an indicator for S. Infantis-
contaminated samples although S. Infantis could not be detected. Bacteroides is an obligate anaerobic
bacterium making up a remarkable portion of fecal bacterial communities, which has been suggested as
fecal indicator organisms for water samples (44). Our result indicate that Bacteroides could be also
applied as pathogen contamination indicator for produce. Davi-dov and Jurkevitch (2004) reported that
Peredibacter is a member of Bdellovibrio-and-like organisms (BALO) that are highly motile microbes
preying on other Gram-negative bacteria (45). Lu and Cai (2010) reported that Peredibacter sp. strain
BD2GS significantly retarded the growth of S. Typhimurium within 3-12 h through lysing prey cells (46).
Based on these, the elevated relative abundance of Peredibacter might be triggered by contamination of
S. Infantis. Bacteroides and Faecalibacterium have been reported as commensal bacteria of the human
gastrointestinal microbiota (47, 48) and classified as fecal indicator bacteria (49). Savichtcheva et al.
(2007) reported that 16S rRNA gene marker of Bacteroides had a better prediction for the presence of

bacterial enteric pathogens than total and fecal coliforms (50).

Integrated taxonomic analysis identifies generalizable taxa associated with produce quality

For the taxonomic analysis at genus level of integrated microbiota datasets related to PQ, 664
genera were identified. The top 3 genera based on the relative abundance were Pseudomonas (0.10% to
58.84%), Flavobacterium (0.73% to 38.53%), and Unclassified genera (5.49% to 55.52%). Through the
ANCOM-BC test, five genera, including Leuconostoc, Gluconobacter, Lactobacillus, Acetobacter, and
Clostridium, were identified as indicators in decreasing-quality samples (Figure 4B). Their significance
values were listed in Table S4. Del Arbol et al. (2016) mentioned that Gluconobacter and Acetobacter are
acetic acid bacteria, which can generate acetic acid to spoil fruits causing bacterial rot and browning (51).
Leuconostoc and Lactobacillus are commonly known as psychrotrophic spoilage lactic acid bacteria that
spoil meat products and fresh fruits and vegetables during 4 °C storage (52, 53). Clostridium spp. have
also been reported to be associated with meat and cheese spoilage (54, 55). In the Kusstatscher et al.
(2019) study, except for Clostridium, the other four genera identified as indicators in decreasing-quality
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samples in the present study were recognized as core microbiota in decaying samples (9). Six genera,
including Sphigomonas, Pedobacter, Parablastomonas, Paracoccus, Pir4_lineage, and Nocardioides,
were identified as indicators in good-quality samples. These six indicators for good-quality samples were
reported to be related to agriculture rhizosphere soil (56-61). Three genera, Sphigomonas, Pedobacter,
and Nocardioides, were also identified as core microbiota in healthy samples in the Kusstatscher et al.
(2019) study (9).

Most of the indicators identified in the integrated datasets were covered by the indicators
identified from individual datasets (Figures S4 and S5), but there were several new indicators identified
solely in the integrated dataset. For the PS related datasets, seven indicators identified from the individual
datasets (Figure S4) were also identified in the integrated dataset. However, seven indicators identified
for the contaminated group in the individual datasets were not identified in the integrated dataset,
including Eubacterium, Janthinobacterium, Serratia, Carnobacterium, Phascolarctobacterium,
Brochothrix, and Exiguobacterium. Twelve indicators identified for the non-contaminated group in the
individual datasets were not identified in the integrated dataset including KF.JG30.B3, Gemmatimonas,
Candidatus_Solibacter, SWB02, Conexibacter, Pedomicrobium, Bryobacter, Reyranella, Gaiella,
Duganella, Pedobacter, and Pantoea. (Figure 4C).

For PQ datasets, 10 indicators identified in the integrated dataset were covered by the indicators
identified in the individual datasets (Figure S5). Interestingly, Paracoccus was identified as a new
indicator for good-quality group only in the integrated dataset. To the best of our knowledge, Paracoccus
has not been reported to be associated with produce quality. However, this genus contains a number of
species that can produce Astaxanthin (62), which has been reported to exhibit antagonism against food
spoilage bacteria (63). Fourteen bacteria identified as indicators for the good-quality group in the
individual datasets were not identified in the integrated dataset, including Flavobacterium,
Ferruginibacter, Devosia, Skermanella, Luteimonas, Methylobacterium, Novosphingobium, Dyadobacter,

Bacteroides, Exiguobacterium, Pantoea, Eubacterium, Escherichia_Shigella, and Listeria. And four
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indicators recognized for decreasing-quality group in the individual datasets were not identified in the
integrated dataset, including Brevundimonas, Rhizobium, Pedobacter, and Dyadobacter (Figure 4D).

In addition to identifying critical features associated with PS and PQ using ANCOM-BC test, we
ranked the features based on the MDA measures from RF-based PS and PQ classifiers established using
individual and integrated ASV or 7-mer hash datasets and classified them into three groups, including
negative, zero, and positive contributions to PS and PQ classification (Figure 5 and Figure S3). RF-
based classifiers using the 7-mer hash representation utilized on average 62% of the 8192 hash features
provided to RF for the integrated datasets, compared to an average of 9% of the ASV features provided to
RF for the integrated datasets (Table S2). Our interpretation is that the 7-mer hash representation may
lead to better classification performance in part because so many features are leveraged in the
classification; this may make classification more robust by making individual features weight less
towards the label prediction.

Overall, 332 genera were identified from the 2057 ASVs with a positive contribution to the IPS
classification. The top 10 most important genera were Pseudomonas, Flavobacterium, Rheinheimera,
Massilia, Sphingomonas, Enterobacter, Serratia, Allorhizobium, Pantoea, and Chryseobacterium (Figure
5E). Pseudomonas, Massilia, Enterobacter, Serratia, Allorhizobium, and Pantoea were considered as the
indicators for contaminated samples. Our previous study (11) has reported that Massilia was identified as
an indicator for E. coli 0157 contamination of Spring mix salad. Oliveira et al. (2015) have reported that
Enterobacter, Serratia, and Pantoea isolated from lettuce presented an inhibitory effect against
Salmonella and L. monocytogenes (64). Allorhizobium was not reported previously to be associated with
foodborne pathogen contamination of fresh produce, but some species are plant pathogens, e.g. A. vitis
can infect grapevines (65). Similarly, 138 genera were identified from the 1451 ASVs with positive
contributions to the IPQ classification. Among them, the top 10 genera were Pseudomonas,
Flavobacterium, Serratia, Massilia, Pantoea, Rheinheimera, Chryseobacterium, Pedobacter,
Sphingomonas, and Leuconostoc (Figure 5F). Flavobacterium, Serratia, Chryseobacterium, and
Leuconostoc were regarded as indicators for the decreasing-quality samples. Flavobacterium has been
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reported to be associated with the spoilage of meat, milk, and seafood (66). Hernandez et al. (2020)
reported Flavobacterium and Chryseobacterium belong to the class Flavobacteriales were dominant
during the ready-to-eat lettuce spoilage but their importance during vegetable spoilage was still unclear
(43). Our results filled the knowledge gap to present the importance of Flavobacterium and
Chryseobacterium during the quality reduction of fresh produce. In addition, it has been widely known
that Serratia and Leuconostoc are microorganism that can cause food spoilage (66). In addition to these

four indicators, the RF-selected features contained another 41 indicators for decreasing-quality produce.

Discussion

The integrated PS and PQ classifiers using 7-mer hash datasets had significantly higher accuracy
than the models using ASV datasets. Two reasons are proposed: first, to obtain the ASV representations,
the DADAZ plugin in QIIME 2 was used to process the primer-removed sequences, including quality
filtering, denoising, chimera removing, dereplicating, and pair-end sequence joining. Although the
parameter “--p-trunc-len” was set as 0 to trim no base due to the median quality score greater than 30 in
this study, 1.66% to 40.94% of sequences from the integrated dataset related to PS were still discarded
(Figure S6A) and 0.50% to 46.98% of overall sequences from integrated dataset related to PQ were
discarded (Figure S6B). For the k-mer hash representations, the raw sequences were directly used to
generate the k-mer hash datasets by using the sourmash pipeline as the all the median phred quality scores
of nucleotides in reads were greater than 30 (27). The discarded reads may contain abundant sequence
variation information, which contributed to the downstream sample classification. Werner et al. (2012)
reported that 43% of total 16S rRNA gene sequences were discarded after the denoising process (21).
Second, the 7-mer hash computed from the original reads could improve the detection sensitivity of bases
than ASV in a longer size (600 bp). The raw sequences were sub-sequenced into 7-base subsequences (7-
mer), then transformed into hash codes, and finally randomly picked for 8,192 of 7-mer hash signatures

for each sample (22). The 7-mer hash datasets for establishing classification models can significantly
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shorten the computing time and improve the specificity and sensitivity of detection of different
nucleotides among sequences compared with ASV.

The 3-mer to 7-mer hash datasets of individual studies related to PS and PQ were computed by
using the sourmash pipeline, which were used subsequently to establish PS and PQ classifiers. Generally,
the RF-based models using 6-mer and 7-mer hash datasets had similar accuracy but significantly higher
accuracy than that of models using 3-mer to 5-mer hash datasets, except for PQ models using 3-mer of
LiaoRI21. Sourmash pipeline generates k-mer minhash signatures of DNA sequences, which randomly
samples k-mer content to produce small subsets as known as “sketches” (22). The Jaccard similarity of
two sketches of sequence data sets remains approximately equal to their true Jaccard similarity (67). The
factor “scaled” was set as 1 in ‘sourmash sketch dna’ command to generate the hash signature without
down sampling the number of sketches. Using ‘sourmash sketch dna’ command with the k-mer size
parameter set as 3 to 7 generated 32, 136, 512, 2080, and 8192 k-mer hashes of each DNA sample,
respectively. Based on this, 7-mer hashes with a larger size than 3-mer to 6-mer contain more sequence
variances, which contributes to the higher accuracy of models (68). In addition, a larger k size of k-mer
improves the specificity of different bases among sequences (69). However, when k was set greater than
7, e.g., when k = 8, there were 32,896 of 8-mer hashes computed. The computing time and storage space
remarkably increased while the accuracy of models had no obvious improvement (data not shown).

In the previous PS and PQ studies, a few bacterial indicators for produce contamination (11) or
decaying produce (9) have been identified. However, these indicators were not consistent across the
individual datasets due to the limited data size. In this study, we applied the data integration method to
homogenize three PS datasets and three PQ datasets, respectively. The ANCOM-BC test was then
employed to identify indicators for pathogen contamination and quality reduction of fresh produce based
on individual datasets and integrated datasets. We identified 26 and 28 genus indicators for PS and PQ
produce, respectively, from individual datasets. Among them, seven indicators related to PS and 10
indicators related to PQ were validated by ANCOM-BC test using the integrated datasets. These validated
indicators can provide a more generalizable and consistent indication or prediction of PS or PQ statuses
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(70). Interestingly, we also identified a new indicator, Paracoccus, for good-quality produce only from
the integrated PQ dataset. The result indicates that more new indicators could be potentially identified
with the size increase of integrated datasets. The non-validated indicators from individual datasets may be
due to these studies having different types of fresh produce, distinct inoculated pathogens, and/or various

storage conditions, which make the composition and diversity of bacterial communities largely different.

In addition to the ANCOM-BC test, the RF feature selection method was also used to identify
indicators for fresh produce contamination and quality reduction. Compared to the indicators identified by
the ANCOM-BC test, we found RF-based feature selection method can identify many more indicators for
PS (332 genera) and PQ (138 genera) with a positive contribution to the PS and PQ classification
samples. These features covered all the indicators identified by ANCOM-BC test, indicating the RF-based
models are more sensitive and powerful to catch the variation of features between classification groups.
RF-based model and ANCOM-BC test can be used together to determine the reliable indicators for
indicating PS and PQ. Sheh et al. (2022) reported that RF-based models were the most accurate models
and correctly classified strictures indicators for chronic gastrointestinal diseases using 9 ASVs (71).
Based on the RF-based model and ANCOM results, Clostridium perfringens was identified as a potential

causative agent associated with the development of strictures.

Conclusion

In summary, we established and compared RF-based PS and PQ classifiers by using publicly
available microbiota datasets in ASV and 7-mer hash representations for predicting the contamination
conditions or quality statuses. This study illustrates that the alignment-free 7-mer hash-based approaches
are useful for building more accurate classifiers than ASV, but not necessarily for the taxonomic analysis
yet. Data integration of multiple datasets leads to greater classification performance of the integrated RF-
based models than that using individual datasets, with significantly higher accuracy and more features

with positive contribution to PS or PQ classification identified. In addition, we found more consistent and
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generalizable microbes were identified as indicators for safety and quality groups of fresh produce

through integrated taxonomic analysis, illustrating the benefits of integrating datasets.
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Table 1. Characteristics of fresh produce microbiota datasets

Dataset  Produce Sequencing Sequencing Factors Sample size  References Database
types Instrument Region (Access ID)
1 Lettuce Illumina 515F/ 806R e Contamination 236 (12) NCBI
MiSeq (V4) treatment (PRINA289142)
e Sample type
e Soil texture
e Cultivar
e Harvest time
2 Spring Mix Illumina 314F/785R (V3- e Contamination 72 (1) EMBL-EBI
salad MiSeq V4) treatment (ERP112563)
e Quality
e Brand
3 Romaine Illumina 314F/785R (V3- e Contamination 108 (16) and this NCBI
Lettuce MiSeq V4) treatment study (PRINA792031)
e Quality
e Brand
e Season
4 Sugar beet Illumina 515F/ 926R e Quality 240 © NCBI (PRJEB28964)
MiSeq (V4-V5) e Location
e Clamp type
e Amplicon type

NCBI: National Center for Biotechnology Information; EMBL-EBI

: European Molecular Biology Laboratory’s European Bioinformatics Institute



Table S1. The number of case and control samples in each fresh produce microbiota dataset

Dataset Class Total sample Case number Control number
number (Cont/DQ) (Ctrl/GQ)
Zhang18 PS 236 158 78
LiaoSm21 72 36 36
LiaoRI21 108 72 36
Kusstatscher19 PQ 240 160 80
LiaoSm21 72 45 27
LiaoRI21 108 54 54

PS and PQ represent produce safety and produce quality; Cont and Ctrl stand for contaminated group and

non-contaminated group; GQ and DQ mean good-quality group and decreasing-quality group.
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Table S2. The number of features with a positive or negative contribution to the PS and PQ classification
based on mean decrease accuracy provided by RF-based models.

Dataset Class Total Number Number  Total Number  Number
number of positive of number of of
of ASV  features negative  of 7- positive negative
(ASV) features  mer features  features
(ASV) hash (7-mer (7-mer
hash) hash)
Zhang18 PS 49404 2029 1253 8192 2665 1506
LiaoSm21 2510 401 46 8192 349 0
LiaoRI21 2365 228 276 8192 1114 543
IPS 68007 2057 1179 8192 4084 1408
Kusstatscherld  PQ 1164 210 66 8192 2070 603
LiaoSm21 2510 354 222 8192 908 448
LiaoRI21 2365 278 238 8192 1469 654
IPQ 18732 1451 918 8192 3403 1271

PS and PQ represent produce safety and produce quality; IPS and IPQ stand for integrated produce safety

and integrated produce quality. ASV means amplicon sequence variant.
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Table S3. P values of the indicators identified by the ANCOM-BC analysis for fresh produce in different
contamination and pathogen groups.

Indicator Group P value
Rheinheimera Ctrl (C) 1.19 x 10°
Pseudomonas Ctrl (C) 8.41 x 1073
Escherichia-Shigella Cont 1.98 x 10*
Listeria Cont 1.53 x 10
Bacteroides Cont 1.57 x 103
Peredibacter Cont 6.69 x 103
Faecalibacterium Cont 0.048
Rheinheimera Ctrl (P) 3.81 x 107
Pedobacter Ctrl (P) 1.51 x 10°
Duganella Ctrl (P) 5.15 x 10*
Pseudomonas Ctrl (P) 5.16 x 1073
Listeria L. moncytogenes 1.39 x 1010
Escherichia-Shigella E. coli O157:H7 6.97 x 1010
Faecalibacterium E. coli O157:H7 3.56 x 10°®
Bacteroides E. coli O157:H7 4.34 x 10°
Eubacterium E. coli O157:H7 2.57 x 103
Ruminococcus E. coli O157:H7 0.019
Sanguibacter E. coli O157:H7 0.032
Peredibacter Salmonella Infantis 3.37 x 103

Ctrl (C) represents the non-contaminated samples under the contamination groups; Ctrl (P) stands for the

non-pathogenic samples under the pathogen groups.
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Table S4. P values of the indicators identified by the ANCOM-BC analysis for fresh produce in different

quality groups.

Indicator Group P value
Sphigomonas GQ 454 x 10°°
Pedobacter GQ 3.16 x 10*
Parablastomonas GQ 2.31x10°
Paracoccus GQ 7.09 x 10°®
Pird_lineage GQ 0.010
Nocardioides GQ 0.048
Leuconostoc DQ 8.23 x10°
Gluconobacter DQ 1.38 x 10”7
Lactobacillus DQ 1.16 x 10*
Acetobacter DQ 5.8 x 10*
Clostridium DQ 0.015

GQ represents good quality; DQ means decreasing quality.
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Figure 1. (A) Schematic comparing the preprocessing including denoising of the ASV approach against
the alignment-free preprocessing of the k-mer hash approach for constructing produce safety (PS) and
produce quality (PQ) classifiers. (B) Heatmap of the accuracies achieved by RF-based models using fresh
produce microbiota datasets associated with PS and PQ in ASV format and k-mer hash format (k from 3
to 7). Accuracies are measured using 10-fold cross-validation. GQ and DQ represent good-quality
produce and decreasing-quality produce, respectively. Partial icons in (A) were obtained from

“BioRender.com”.
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Figure 2. (A) Barplot of classification performance of RF-based models on the integrated PS (IPS) and
integrated PQ (IPQ) datasets, represented using either ASV or 7-mer hashes. The Wilcoxon rank sum test
was used for the pairwise comparison of the accuracies of the IPS and IPQ classifiers. (B) Barplot of
classification performance of classifiers established by using individual datasets from IPS and IPQ
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contamination. The prediction was made by votes of 500 decision trees in RF-based classifiers established
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The * stands for P < 0.05. (D) Same as (C), but barplot of the prediction of PS samples with the true label
of control. (E) Same as (C), but barplot of the prediction of PQ samples with the true label of decreasing
guality (DQ). (F) Same as (C), but barplot of the prediction of PQ samples with the true label of good

guality (GQ).
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Figure 3. Barplots comparing the classification performance of classifiers trained on individual PS and
PQ datasets, and IPS and IPQ datasets. (A) Classifiers were trained on individual LiaoRI21 or Zhang18
datasets and a classifier was trained on an integrated dataset excluding LiaoSm21, denoting IPS
(ALiaoSm21). The LiaoSm21 was used as a testing set. (B) Classifiers were trained on individual
LiaoRI21 and Kusstatscher datasets and an integrated dataset excluding LiaoSm21, denoting as IPQ
(ALiaoSm21). The LiaoSm21 was used as a testing set. (C) Same as (B), but individual and integrated PS
classifiers were tested on LiaoRI21. (D) Same as (B), but individual and integrated PQ classifiers were
tested on LiaoRI21. (E) Same as (B), but individual and integrated PS classifiers were tested on Zhang18.
(F) Same as (B), but individual and integrated PQ classifiers were tested on Kusstatscher19. Wilcoxon
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rank sum tests were applied for testing the significance of the difference in testing accuracy (%) of
individual and integrated PS and PQ classifiers. PS and PQ mean produce safety and produce quality,

respectively. The * represents P < 0.05; The ** stands for P < 0.01; The ns represents no significance.
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Figure 4. (A) Volcano plots based on the W statistic values and -log10(P) values obtained from the

ANCOM-BC test presenting the differential abundances of genera among two contamination groups for

PS. (B) Volcano plots based on the W statistic values and -log10(P) values obtained from the ANCOM-

BC test presenting the differential abundances of genera among two quality groups for PQ. (C) Heatmap

of the relative abundances of bacterial indicators identified from individual and integrated PS datasets.

(D) Heatmap of the relative abundances of bacterial indicators identified from individual and integrated

PQ datasets. Ind means individual datasets. Int represents the integrated dataset. Cont means

contaminated samples. Ctrl represents non-contaminated samples. DQ represents decreasing-quality

samples. GQ represents good-quality samples.
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Figure 5. Importance of features evaluated by mean decrease accuracy (MDA) provided by random
forests-based classifiers. (A) Contribution of ASV features to PS classification identified from RF-based
IPS classifiers. (B) Contribution of 7-mer hash features to PS classification identified from RF-based IPS
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GQ represents good quality and DQ represents decreasing quality.
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Figure S1. Comparison of the classification performance of PS classifiers based on k-NN and NN by
using ASV datasets and hash datasets from 3-mer to 7-mer. (A) Accuracy of PS classifiers based on k-NN
and NN using ASV and 3-mer to 7-mer hash datasets of Zhang18. The trained models were validated by
using the 10-fold CV method. (B) Accuracy of PS classifiers based on k-NN and NN using ASV and 3-
mer to 7-mer hash datasets of LiaoRI21 (Liao and Wang, 2022; this study). (C) Accuracy of PS classifiers

based on k-NN and NN using ASV and 3-mer to 7-mer hash datasets of LiaoSm21.
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Figure S2. Comparison of the classification performance of PQ classifiers based on k-NN and NN by

using ASV datasets and hash datasets from 3-mer to 7-mer. (A) Accuracy of PQ classifiers based on k-

NN and NN using ASV and 3-mer to 7-mer hash datasets of Kusstatcher19 project. The trained models

were validated by using 10-fold CV method. (B) Accuracy of PQ classifiers based on k-NN and NN using

ASV and 3-mer to 7-mer hash datasets of LiaoRI21 project (this study). (C) Accuracy of PQ classifiers

based on k-NN and NN using ASV and 3-mer to 7-mer hash datasets of LiaoSm21 project.
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Figure S3. Accuracy of RF-based PS classifiers using integrated ASV and 7-mer hash datasets based on
pathogen label. Accuracy of PS classifiers using an integrated ASV and 7-mer hash datasets associated

with PS (Zhang18, LiaoRI21, and LiaoSm21). The Wilcoxon rank sum test was used for the pairwise

comparison of PS and PQ models.
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Figure S4. Taxonomic differential abundance analysis of individual fresh produce microbiota dataset
related to PS. (A) Volcano plot of the significantly differential abundance of identified bacteria at the
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abundance of identified bacteria at the genus level in different groups of samples from LiaoSm21. (C)

Volcano plot of significantly differential abundance of identified bacteria at the genus level in samples
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from LiaoRI21. Common represents bacteria with no significantly different abundance between non-

contamination group (Ctrl) and contamination group (Cont).
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Figure S5. Taxonomic differential abundance analysis of individual fresh produce microbiota dataset
related to PQ. (A) Volcano plot of significantly differential abundance of identified bacteria at the genus

level in different group of samples from Kusstatscher_2019. (B) Volcano plot of significantly differential
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abundance of identified bacteria at the genus level in different groups of samples from LiaoSm21. (C)
Volcano plot of significantly differential abundance of identified bacteria at the genus level in samples
from LiaoRI21. Common represents bacteria with no significantly different abundance between good-

quality group (GQ) and decreasing-quality group (DQ).
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LiaoSm21, and LiaoRI21. (B) sequence loss from three microbiota sequence datasets associated with PQ,

including projects Kusstatscherl19, LiaoSm21, and LiaoRI21.
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Figure S7. Plots of the confusion matrix (left), classification votes (middle), and MDS (right) generated
from the RF-based models by using integrated ASV and 7-mer hash datasets associated with PS based on
pathogen labels. (A) RF-based models established by using integrated ASV datasets. (B) RF-based
models established by using integrated 7-mer hash datasets. The circles with color around the sample dots
on MDS plots indicate the classification to Ctrl: control samples (red), Ecoli: E. coli 0157 contaminated
samples (green), Lm: L. monocytogenes contaminated samples, and Si: Salmonella Infantis contaminated

samples (purple).

261





