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ABSTRACT

Timely detection and identification of pathogens are crucial for safeguarding food safety,
public health, and environmental monitoring. However, conventional methods often struggle to
account for subtle biological variations in microbial physiology and the nuanced differences
among closely related serovars. The objectives of this work were to: 1) systematically review Al
applications for imaging-based pathogen detection under stress conditions; ii) develop an Al-
enabled hyperspectral microscopy framework for rapid detection of stressed cells under low-
level antimicrobials; iii) enhance data processing of this framework to classify Salmonella
serovars. Critical gaps identified from the systematic review highlighted limited research on
stressed pathogen detection and inconsistent reporting of laboratory protocols and data pipelines.
An optimized laboratory protocol captured distinct hyperspectral profiles of E. coli K-12 in both
normal (i.e., viable and culturable) and viable but non-culturable (VBNC) states induced by low-
level antimicrobials (n = 200). An EfficientNetV2 convolutional neural network (CNN), trained
on pseudo-RGB images from these hyperspectral data, achieved a 97.1% accuracy for VBNC
classification, outperforming standard color images. Additionally, hyperspectral data detected
subtle biological differences of five Salmonella serovars, i.e., Kentucky, Johannesburg, Infantis,
Enteritidis, and 4,[5],12:1:- (n = 500). Enhanced data preprocessing techniques and multimodal
fusion methods were introduced, incorporating both spectral features (via manual feature
selection vs. data-driven feature extraction) and spatial features (CNN-based). Data-driven
feature extraction outperformed manual selection, and multimodal fusion further improved
classification accuracy to 82.40%. These findings demonstrate that integrating hyperspectral
microscopy with Al-enabled data analysis enhances classification capabilities, paving the way

for practical, streamlined rapid pathogen detection solutions.
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CHAPTER 1: INTRODUCTION
1.1 Background

Evolving technology for pathogen detection is crucial for ensuring food safety, protecting
public health, and advancing environmental monitoring. These domains present unique
challenges, introducing various stressors that complicate accurate pathogen detection. In food
safety, the diversity of food matrices and unfavorable conditions can interfere with detection
methods, making it difficult to accurately identify pathogens, especially at low concentrations
(Wang and Salazar, 2016; Acuff and Ponder, 2020). In public health, pathogens in medical
settings face additional stressors, including the variability of host responses, co-infections, and
the presence of non-viable pathogens, which complicate accurate detection (Bliven and Maurelli,
2015; Vicente-Santos et al., 2024). Environmental monitoring similarly deals with complex
samples, including water, soil, and air, which are teeming with a wide variety of microorganisms,
making it difficult to pinpoint specific pathogens (Dupont et al., 2020). Environmental
variability, including fluctuations in temperature, pH, and moisture, further affects pathogen
viability, thereby increasing background interference in detection methods.

Optical imaging methods have shown considerable promise in enhancing pathogen
detection across these fields. Microscopy-based techniques, particularly hyperspectral
microscopy, enable direct, minimally invasive observation of pathogens, capturing detailed
spectrochemical data that reveal insights into microbial constituents, intracellular components,
and metabolic states (Gowen et al., 2015; Gao and Smith et al., 2016). This is particularly helpful
in food safety, where rich hyperspectral information can help differentiate harmful pathogens
from natural biological background noise and identify pathogens of different physiological states

(Seo et al., 2016; Park et al., 2023; Papa et al., 2025). The near real-time capability of



microscopy-based detection offers advantages in public health, where rapid detection is crucial
during outbreaks and for diagnostics by expediting identification, allowing for quicker response
times (Akbari et al., 2012; Akgoniillii and Denizli, 2022).

Incorporating artificial intelligence (Al) into these domains has proven useful for
improving early detection of pathogens and disease by accelerating and automating the analysis
of complex data (Pinto-Coelho, 2023). Specifically, recent studies in the food safety domain have
demonstrated the effectiveness of machine learning and deep convolutional neural networks
(CNNs) applied to microscopy-based imaging for rapid and accurate detection of foodborne
pathogens (Kang et al., 2021; Ma et al., 2023). Moreover, when microscopy is integrated with
advanced biosensing techniques that leverage specific biological interactions, CNNs trained on
imagery data from lab-cultured bacteria effectively capture these biological patterns and maintain
robust detection accuracy even within challenging real-world samples (Yi et al., 2023).

1.2 Research Gaps

Conventional culture-based methods, which depend on non-selective and selective
enrichment procedures, often fail to detect pathogens in a timely manner, leading to delayed
responses (Law et al., 2015; Hameed et al., 2018). To overcome this limitation, effective
pathogen detection requires the identification of unique and stable biomarkers derived from
microbial physiological or biochemical signals that can reliably distinguish between infectious
and non-infectious material, even amidst biological background noise. However, additional
complexity arises in distinguishing viable pathogens from non-viable or stressed cells and
accurately identifying causative agents during foodborne outbreaks investigations, which is
critical for implementing timely and effective interventions. Complexity further increases when

differentiating closely related serovars. Standard serotyping methods, primarily slide



agglutination tests using O and H antigen-specific antisera, remain common but are labor-and
resource-intensive, time-consuming, and requires skilled personnel (Herrera-Ledn et al., 2007;
Boxrud, 2010; Shi et al., 2015). While advanced molecular methods such as polymerase chain
reaction (PCR) offer potential solutions, they still face limitations including extensive sample
preparation, high-quality labor, difficulty in differentiating viable from non-viable cells, and
interference from non-target DNA (Guo et al., 2021; Pinto et al., 2015). These limitations
highlight the need for resource-effective alternative that complements existing technologies by
offering rapid screening methods with streamlined sample preparation and automated data
analysis. Such innovations can enhance the speed, accuracy, and overall performance of
pathogen detection, ultimately leading to more efficient solutions for food safety, public health,
and environmental monitoring.
1.3 Goal and Objectives

The goal of this work is to develop an Al-enabled hyperspectral microscopy framework
capable of rapidly classifying pathogens and detecting biological variations. The specific
objectives are to: 1) systematically review Al applications for imaging-based pathogen detection
under stress conditions; ii) develop an Al-enabled hyperspectral microscopy framework for rapid
detection of stressed cells under low-level antimicrobials; and iii) enhance data processing of this
framework to classify Salmonella serovars. The findings of this work will serve as a foundation
for developing a streamlined rapid pathogen detection and identification system, contributing to

enhanced food safety and public health.
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CHAPTER 2: AI-ENABLED IMAGING FOR PATHOGEN DETECTION UNDER

STRESS CONDITIONS: A SYSTEMATIC REVIEW

2.1 Abstract

Advances in pathogen detection incorporating artificial intelligence (Al) can provide
insights into bacterial physiology under challenging environmental conditions that traditional
methods may miss. This systematic review aims to evaluate the application, efficacy, and
technological advancements of Al-enabled imaging for pathogen detection, including its impact
on speed, accuracy, and predictive modeling under stress conditions. Studies were systematically
identified from five electronic databases using key search terms (i.e., artificial intelligence,
pathogen, detection, imaging) and their alternatives. Inclusion criteria, guided by the PICOS
framework, focused on microscopy-based pathogen detection enhanced by Al. Data extraction
followed PRISMA guidelines, covering aspects such as biological sample preparation, Al-
enabled data analyses, and performance metrics. The review evaluated how these methods
addressed challenges like biological noise and pathogen viability. Of 2,736 citations retrieved,
120 were reviewed in full and 28 studies met the inclusion criteria. These represented over 40
different pathogens, primarily major foodborne pathogens such as Salmonella and E. coli.
However, only 3 studies addressed bacterial stress conditions. Additionally, many studies lacked
conventional detection methods (i.e., culture-based or molecular) as comparators to fully
evaluate Al-enabled detection. Reporting inconsistencies in laboratory protocols and data
pipeline further complicated reproducibility and meta-analysis. This review provides a
comprehensive overview of current methods in Al-enabled pathogen detection from both
biological and computational perspectives. Findings emphasize the need for standardized

benchmarks and consistent reporting to enhance the credibility, reproducibility, and ultimately



broader adoption of Al-enabled imaging in pathogen detection.
2.2 Introduction

Developing advanced pathogen detection technologies is crucial for ensuring food safety,
protecting public health, and enhancing environmental monitoring. However, each of these
domains is characterized by inherent biosystems stressors that induce microbiological variations,
making accurate pathogen detection challenging without additional biological sample
preparation and isolation. In food safety, the diversity of food matrices and processing conditions
can interfere with detection methods, especially when pathogens are present at low
concentrations (Wang and Salazar, 2016; Acuff and Ponder, 2020). In public health, pathogens
in clinical settings face further challenges due to variable host responses, co-infections, and the
presence of non-viable pathogens, which complicate detection (Bliven and Maurelli, 2015;
Vicente-Santos et al., 2024). Environmental monitoring similarly involves complex samples,
including water, soil, and air, teeming with a wide variety of microorganisms, making it difficult
to pinpoint specific pathogens (Dupont et al., 2020). Additionally, fluctuations in environmental
conditions, such as temperature, pH, and moisture, further affects pathogen viability,
complicating detection efforts even more.

Traditional methods often struggle with accuracy, sensitivity, and specificity, which may
result in delayed pathogen detection and control (Law et al., 2015; Hameed et al., 2018). The
core aim of pathogen detection in food safety, public health, and environmental monitoring is to
identify unique and consistent biomarkers from physiological signals that reliably distinguish
between infectious and non-infectious material, even amidst biological noise. Additionally,
distinguishing between pathogens in different physiological states (e.g., viable cells, viable but

stressed cells, and non-viable cells) adds another layer of complexity (Paniel and Noguer 2019).



Standard culture-based methods exacerbate these challenges, requiring extensive biological
sample preparation, high-quality labor, and can struggle with detecting non-viable cell DNA
(Guo et al., 2021; Pinto et al., 2015). These limitations highlight the need for advanced
techniques that minimize biological sample preparation requirements while enhancing data
analysis to differentiate among various physiological states. Such techniques can improve the
speed and performance of pathogen detection, offering more efficient solutions to address the
stressors introduced by food safety, public health, and environmental monitoring.

Optical imaging using microscopy has shown considerable promise in enhancing rapid
pathogen detection across these fields. The use of brightfield and darkfield with Gram staining,
and fluorescence microscopy with biomarkers has been proven useful for capturing detailed
images of pathogens (Kim et al., 2023; Borowa et al., 2021; He et al., 2018). Furthermore,
multimodal imaging approaches, such as hyperspectral microscopy, enable direct observation of
pathogens without the need for extensive biological sample preparation, while giving insights to
spectrochemical information on sample constituents, intracellular components, and metabolic
activity (Zhu et al., 2013; Gowen et al., 2015; Gao and Smith et al., 2016). This is particularly
helpful in food safety where having rich hyperspectral information can help differentiate harmful
pathogens from natural biological background noise and identifying pathogens of different
physiological states (Seo et al., 2013; Park et al., 2023). The real-time capability of microscopy-
based detection offers advantages in public health, where rapid detection is crucial during
outbreaks and for diagnostics by expediting identification, allowing for quicker response times
(Akbari et al., 2012; Akgoniillii and Denizli, 2022).

Incorporating artificial intelligence (Al) into these domains has proven useful for

improving early detection of pathogens and disease (Pinto-Coelho, 2023). In the food safety



domain, various machine learning (ML) and deep learning classification models have been found
to accelerate data analysis and detection of foodborne pathogens (Kang et al., 2021; Ma et al.,
2023; Yi et al., 2023). The integration of medical imaging techniques with Al has also
demonstrated the ability of extracting valuable insights and patterns that could not be readily
discernable to the human eye (Pinto-Coelho, 2023). However, since Al techniques in these
domains are relatively new, it is important to standardize methodologies and results reporting,
establish clear benchmarks, and ensure fair comparisons with traditional methods.

Therefore, this systematic review aims to provide a comprehensive overview of the
techniques and characteristics used in Al applications for imaging-based pathogen detection. By
systematically evaluating these methodologies alongside comparisons with traditional pathogen
detection approaches reported in the included literature, the review addresses a critical gap in the
literature. The insights gained are expected to guide future research, promote the development of
standardized protocols, and facilitate the creation of scalable and reliable systems for rapid
pathogen detection. Ultimately, this work will enhance our response to emerging challenges in
food safety, public health, and environmental monitoring.

2.3 Methods

This systematic review protocol was registered with the International Prospective
Register of Systematic Reviews (PROSPERO) under the ID CRD42024547499. It was
conducted following the guidelines outlined in the Preferred Reporting Items for Systematic
Review and Meta-Analysis Protocols (PRISMA-P).

2.3.1 Research questions
This systematic review rigorously evaluated the application, efficacy, and technological

advancements of Al in imaging-based pathogen detection by addressing the following research



questions (RQs):

RQ1. Which Al algorithms have been employed in imaging for pathogen classification?

RQ2. How do Al methods enhance the speed and accuracy of pathogen detection and
classification compared to traditional methods?

RQ3. What are the latest advancements in integrating Al with multimodal imaging
techniques for pathogen research?

RQ4. How does Al facilitate early detection of pathogens under stress conditions?
2.3.2 Eligibility criteria

Table 2.1 shows the summary of the inclusion and exclusion criteria of the study
characteristics based on the PICOS framework (i.e., populations/participants, interventions and
comparators, outcome(s) of interest, and study design/type) (Schardt et al., 2007). We included
peer-reviewed papers or conference proceedings that focused on bacterial detection by applying
Al techniques. Additionally, studies available in full-text and written in English from 2012 to
2024 were selected, with 2012 chosen as the starting point to mark the onset of deep learning's
rapid evolution driven by GPU acceleration. (Shao et al., 2022). Studies were excluded if they
focused on non-bacterial substrates; used electron microscopy or non-imaging methods without
emphasis on morphology; relied on downloaded datasets; or examined only traditional detection
methods without Al integration. Additionally, dissertations, theses, reviews, books or book
chapters, conference abstracts without full text, editorials, news articles, posters, proposals,
retracted publications, studies published outside the 2012-2024 timeframe, or non-English

publications were also excluded.
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Table 2.1 Inclusion and exclusion criteria guided by the PICOS framework (Schardt et al.,

2007).

Inclusion criteria

Exclusion criteria

P Population Studies focusing on bacteria or their
physiological signals under stress
conditions

I Intervention Studies applying AI/ML techniques for
bacterial detection using optical
microscopy focusing on morphology
based on original datasets

Studies focusing on non-bacterial
substrates

Studies using electron microscopy or
non-imaging methods, not focusing
on morphology, or using downloaded
datasets

C Comparison Comparison of Al-enabled imaging with Studies focusing only on traditional

traditional methods

O Outcome  Accuracy, speed, and/or predictive
capabilities of AI/ML in bacterial

detection
S Study Original research articles from peer-
design reviewed journals or conference
proceedings

Timeframe 2012-2024
Language  English

detection methods without AI/ML
integration
N/A

Dissertations/theses, reviews,
books/book chapters, conference
abstracts without full text, editorials,
news articles, posters, datasets,
patents, proposals, or retracted
publications

Outside of 20122024

Non-English

Al Artificial intelligence. ML: Machine learning. N/A: Not applicable.
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233

Information sources and search strategy

A combination of key search terms was used across five electronic databases (PubMed,

IEEE, Scopus, Web of Science, and ACM) to identify studies on Al applications in imaging-

based pathogen detection. The searches were completed in May 2024. To build the search

strategy, we first identified key terms and their potential synonyms to ensure comprehensive

retrieval of relevant literature. The primary keywords and their alternative terms are as below:

234

Artificial intelligence—machine learning, deep learning

Pathogen—microbe, microorganism, microbial, microbiological, bacteria, bacterial
Detection—diagnostics, classification, prediction, physiological signals, stress phenotype,
resilience phenotype

Imaging—image analysis, microscopy, microscope, hyperspectral, multispectral,
multimodal

Study selection

All references were imported into the Zotero reference management software. These

references were then imported into the Covidence systematic review software (Veritas Health

Innovation), and duplicates were removed. Before the full screening of the studies, three

reviewers (MeiLi Papa, Gillian Kuehnle, Jiyoon Yi) met to discuss the procedure for title and

abstract screening using 10 randomly selected articles to ensure consistency between the

reviewers.

235

Data collection process and data items

Data collection forms were developed based on the PRISMA-P guidelines (Shamseer et

al., 2015). The data extraction form includes domains of 1) study characteristics (e.g., authors,

year of publication, title, countries of study, study design), 2) pathogen characteristics (e.g.,

12



bacterial strains, bacterial sample types & origin, bacterial physiological states), 3) Al-enabled
detection method characteristics (e.g., biological sample preparation, biological replicates,
imaging sample type, imaging modality, imaging parameters—intensity/exposure time/gain, data
size for model training/test, data preprocessing methods, Al analysis methods, model
architectures, test dataset source), 4) comparator characteristics (e.g., conventional detection
methods, additional sample preparation, target detection level—colony/single-cell/subcellular,
detection limit), and 5) pathogen detection performances (e.g., evaluation metrics, detection
limit, quantification capacity, overall testing time). Two reviewers (MeiLi Papa and Gillian
Kuehnle) independently validated the extracted data.
2.3.6 Quality assessment and risk of bias

Selected studies were assessed by two independent reviewers (MeiLi Papa and Gillian
Kuehnle) using a modified version of the Quality Assessment of Diagnostic Accuracy Studies 2
(QUADAS-2). This tool was originally designed for systematic reviews evaluating the diagnostic
accuracy through four domains, i.e., patient recruitment, index test, reference standards, and flow
and timing. We adapted these domains specifically for our review into: 1) pathogen selection, 2)
index test (i.e., proposed Al-enabled detection methods), 3) reference standard (i.e., conventional
detection methods), and 4) flow and timing. The evaluation was based on a total of 12 signaling
questions (3 per domain) assessing risk of bias and applicability, as detailed in Table 2.2.
Questions unrelated to our research context, such as those addressing responder rates or human
participants selection, were excluded. Each study was classified into one of three categories, i.e.,
“high risk of bias” (<4 “yes” responses), “unclear” (4—8 “yes”), or “low risk of bias” (>8 “yes”).
Any disagreements between the primary two reviewers (MeiLi Papa and Gillian Kuehnle) were

to be resolved through discussion with a third reviewer (Jiyoon Y1i).
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Table 2.2 Risk of bias assessment domains and signaling questions used in this systematic

review based on a modified QUADAS-2 tool (Whiting et al., 2011).

Domain Signaling question (SQ)
Pathogen SQ1. Were the bacterial strains diverse?
selection SQ2. Were the bacterial strains commonly available and easily replicable?
SQ3. Were the bacteria from a controlled source?
Index test ~ SQ4. Were the index test (i.e., Al-enabled detection) results interpreted without
the knowledge of the reference stanard?
SQS. Was data preprocessing implemented dynamically wihin the code, rather
than being hardcoded?
SQ6. Was the data split and final data size clearly explained?
Reference  SQ7. Is the reference standard (i.e., conventional detection) likely to correctly
standard classify bacterial samples?
SQ8. Were the reference standard results interpreted without the knowledge of
the results of the index test?
SQ9. Did the reference standard use similar sample preparation methods and
target the same cellular level as the index test?
Flow and SQ10. Were the bacterial samples in a consistent status before the index test and
timing the reference standard test?

SQ11.
SQ12.

Were all bacterial samples for test sets subjected to the reference standard?
Was the overall testing time for the indext test faster or similar to that of
the reference standard?
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2.3.7 Synthesis of results

Due to variability in study methods and sample selection, the results were synthesized
qualitatively rather than via meta-analysis. No assessment of publication bias was conducted due
to this heterogeneity in data and methodologies.
2.4 Results
2.4.1 Study selection

Figure 2.1 shows the study selection process. The database search yielded 3,527 total
references from which 791 duplicates were removed. In the first phase of screening, two
reviewers (MeiLi Papa and Gillian Kuehnle) independently assessed all study titles and abstracts
against the inclusion and exclusion criteria in Table 2.1. The agreement in the abstract and title
screening between the two reviewers was 98.9%. A total of 2,736 abstracts were screened where
2,616 were deemed ineligible, leaving 120 papers to be read in full text. Then the two reviewers
read the resulting studies in full length. The agreement for full text screening was 89.9%.
Discrepancies at each stage of the screening process were resolved through discussion with a
third reviewer (Jiyoon Y1i). In total, 28 papers met the eligibility criteria and were included in this

review.
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Figure 2.1 Flow diagram illustrating the article screening and selection process for this

systematic review.
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2.4.2 Main findings

2.4.2.1 Study and pathogen characteristics

The 28 included studies had been published between 2013 and 2024. Table 2.3 provides
detailed characteristics of each study. Of these, 10 were conducted in the United States and the
remaining 18 were conducted in China, Italy, Poland, Thailand, Korea, Malaysia, Indonesia,
Iran, United Kingdom, Portugal, Finland, Germany, and Japan. Most studies, 26 in total, focused
on viable and culturable bacteria grown under optimal laboratory conditions. Only three studies
examined bacteria under stress conditions, including predictive modeling of antibiotic
susceptibility in E. coli (Ali et al., 2020), differentiation of live bacteria from dead ones (Park et
al., 2023), and identification of active and inactivated states of E. coli following different levels
of heat treatment (Wu et al., 2024). Additionally, 17 studies sourced bacterial cultures only from
readily available laboratory strains, while the other 11 utilized real-world samples from clinical
and environmental settings. Among these, 8 were clinical samples, and 3 included environmental
samples (Ali et al., 2020; Borowa et al., 2021; Hoorali et al., 2020; Ibrahim et al., 2021; Kang et
al., 2021; Rattray et al., 2023; Kim et al., 2023; Ma et al., 2023; Tao et al., 2023; Yi et al., 2023;
Zhu et al., 2023).

The included studies encompass a total of 40 distinct species of bacteria and fungi across
a variety of experimental designs. These include 14 species of gram-positive bacteria. A total of
22 gram-negative species were studied, including key foodborne pathogens like Escherichia coli
(with various strains), Salmonella spp., and Pseudomonas aeruginosa. Additionally, four other
pathogens, Candida albicans, Mycobacterium tuberculosis, Lactobacillus delbrueckii, and
Burkholderia pseudomallei, were also studied, rounding out the diversity of species investigated.

These species are associated with applications in food safety, clinical diagnostics, and
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environmental health.
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Table 2.3 Summary of study and pathogen characteristics.

No. 1st author (year), Bacterial strains Bacterial sample types & origin Physiological
country states
1 Akbar (2021), Burkholderia pseudomallei, Hemophilus Laboratory strains (Parasitology Lab at Viable and
Malaysia, Indonesia influenzae, Klebsiella pneumoniae, Pseudomonas University Malaysia Pahang) culturable
aeruginosa, Staphylococcus aureus,
Streptococcus pneumoniae
2 Ali(2020), E. coli AG100 (derived from E. coli K12), Laboratory strain; clinical isolates Viable and
Germany E. coli strains (407, 416, 422, 455, 500, 544, 545, (sepsis patients from Jena University  culturable;
554,579, 673, 683) Hospital) antibiotic-treated
3 Borowa (2021), Klebsiella pneumoniae Clinical isolates (respiratory tract, Viable and
Poland urine, wound swabs, blood, fecal culturable
samples, catheter JJ, and urethral swab)
4  Borowa (2023), E. coli, Lactobacillus plantarum, Neisseria Laboratory strains (ATCC) Viable and
Poland gonorrhoeae, Staphylococcus aureus culturable
5 Fong (2020), US  Campylobacter jejuni, E. coli, Listeria innocua, Food processing isolates Viable and
Listeria monocytogenes, Salmonella culturable
Typhimurium, Staphylococcus aureus
6 Gu (2020), China  E. coli, Salmonella spp., Staphylococcus aureus Laboratory strains (Biological Lab of = Viable and
Animal Science School at Huazhong  culturable
Agricultural University)
7 He (2018), China  E. coli MG1655, Mycobacterium smegmatis Laboratory strains Viable and
MCI155, Pseudomonas aeruginosa PAO1 culturable
8  Hoorali (2020), Iran Bacillus anthracis Clinical samples (cutaneous anthrax ~ Non-viable
disease patient tissues)
9 Ibrahim (2021), Mycobacterium tuberculosis Clinical samples (sputum smears from Non-viable
Turkey tuberculosis patients, Istanbul
Tuberculosis Control Association)
10 Kang (2020a), US, E. coli serovars (026, 045, 0103, 0111, 0121, Laboratory strains (USDA FSIS culture Viable and

China 0145)

collection)

culturable
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Table 2.3 (cont’d)

No. 1st author (year), Bacterial strains Bacterial sample types & origin Physiological
country states
11 Kang (2020b), US, Campylobacter fetus, E. coli, Listeria innocua, ~ Laboratory strain (ATCC); Food Viable and
China Salmonella Typhimurium, Staphylococcus isolates (chicken carcasses, USDA culturable
aureus ARS PMSPRU)
12 Kang (2020c), US, Campylobacter jejuni, E. coli, Listeria innocua, Laboratory strain (ATCC); food Viable and
China Salmonella Typhimurium, Staphylococcus isolates (chicken rinsate, USDA ARS culturable
aureus PMSPRU)
13 Kang (2021), US, Campylobacter jejuni, E. coli, Listeria innocua, Laboratory strain (ATCC); food isolate Viable and
China Salmonella Typhimurium, Staphylococcus (chicken carcass rinses, USDA ARS  culturable
aureus PMSPRU)
14 Kim (2023), South Cutibacterium acnes, Staphylococcus aureus, Laboratory strains (ATCC); NR Viable and
Korea Staphylococcus epidermidis culturable
15 Ma (2023), US E. coli strains (LJH 1612, TVS 355, TVS 354, K- Laboratory strains (ATCC); food, Viable and
12, ATCC 35218, ATCC 11775) environmental, animal, and clinical culturable
isolates (fresh produce, irrigation
water, soil); E. coli-spiked food sample
(romaine lettuce)
16 Maeda (2018), Pseudomonas aeruginosa, Staphylococcus Laboratory strains (ATCC, NBRC) Viable and
Japan aureus, Staphylococcus epidermidis, culturable
Staphylococcus haemolyticus, Staphylococcus
saprophyticus, Staphylococcus simulans
17 Park (2023), US E. coli, Listeria innocua, Salmonella Enteritidis, Laboratory isolates (USDA ARS Viable and
Salmonella Heidelberg, Salmonella PMSPRU) culturable; dead
Typhimurium, Staphylococcus aureus
18 Rattray (2023), US Pseudomonas aeruginosa Clinical and environmental isolates Viable and
culturable

20



Table 2.3 (cont’d)

No. 1st author (year),
country

Bacterial strains

Bacterial sample types & origin

Physiological
states

19 Seo (2013), US

20 Signoroni (2018),
Italy

21 Spahn (2022),
Germany, Portugal,
UK, Finland

22 Tao (2023), China

Acinetobacter baumannii, Aeromonas
salmonicida, Citrobacter koseri, Enterobacter

cloacae, E. coli, Klebsiella oxytoca,

Pseudomonas putida, Salmonella Enteritidis,

Salmonella Typhimurium, Staphylococcus

aureus

E. coli, Enterococcus faecalis, Klebsiella

pneumoniae, Proteus mirabilis, Proteus vulgaris,

Pseudomonas aeruginosa, Staphylococcus

aureus, Streptococcus agalactiae

Bacillus subtilis, E. coli, Staphylococcus aureus

Acinetobacter baumannii, Burkholderia
cepacian, Citrobacter afermentans, E. coli,
Enterococcus faecalis, Enterococcus faecium,
Klebsiella aerogenes, Klebsiella pneumoniae,
Moraxella catarrhalis, Morganella morganii,

Proteus mirabilis, Proteus vulgaris,

Pseudomonas aeruginosa, Serratia marcescens,
Staphylococcus aureus, Staphylococcus
haemolyticus, Staphylococcus saprophyticus,
Staphylococcus warneri, Stenotrophomonas
maltophilia, Streptococcus anginosus,

Streptococcus constellatus, Streptococcus

salivarius (62 strains)

Laboratory strains (USDA ARS
PMSPRU); Salmonella-spiked food
samples (chicken carcass rinses)

Laboratory strains (ATCC)

Laboratory strains

Laboratory strains (ATCC); clinical
isolates (urine, wound secretions,
sputum, tissue fluid, articular cavity
fluid, ascites, cerebrospinal fluid,
purulence, lavage fluid, punctured
fluid, drainage fluid, catheter, blood

from the Second Affiliated Hospital of
Air Force Military Medical University)

23 Treebupachatsakul Lactobacillus delbrueckii, Staphylococcus aureus Laboratory strains

(2019), Thailand

Viable and
culturable

Viable and
culturable

Viable and
culturable

Viable and
culturable

Viable and
culturable
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Table 2.3 (cont’d)

No. 1st author (year), Bacterial strains Bacterial sample types & origin Physiological
country states
24 Treebupachatsakul Lactobacillus delbrueckii, Micrococcus spp., Laboratory strains Viable and
(2020), Thailand  Staphylococcus aureus culturable
25 Turra (2017), Italy  E. coli, Enterococcus faecalis, Klebsiella Laboratory strains (ATCC) Viable and
pneumoniae, Proteus mirabilis, Proteus vulgaris, culturable

Pseudomonas aeruginosa, Staphylococcus
aureus, Streptococcus agalactiae

26 Wu (2024), China E. coli (EPEC 026: K60, EPEC, CICC 10372)  Laboratory (China General Viable and
Microbiological Culture Collection culturable; heat-
Center) treated
27 Yi(2023), US Bacillus subtillis, E. coli BL21, Listeria innocua, Laboratory strains (ATCC); E. coli- Viable and
Pseudomonas fluorescens spiked food and environmental samples culturable

(coconut water, spinach wash water,
irrigation water)

28 Zhu (2023), China Bacillus subtilis, E. coli, Pseudomonas Clinical isolates (urine, sputum, blood, Viable and
aeruginosa, Salmonella spp., Staphylococcus tissue fluid) culturable
aureus

ATCC: American Type Culture Collection. NBRC: National Institute of Biotechnological Resource Center, Japan. PMSPRU: Poultry
Microbiological Safety and Processing Research Unit. USDA ARS: US Department of Agriculture Agricultural Research Service.

USDA FSIS: US Department of Agriculture Food Safety and Inspection Service.
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2.4.2.2 Al-enabled detection method characteristics
2.4.2.2.1 Biological sample preparation

Table 2.4 presents a comprehensive overview of the biological sample preparation
methods used across the studies, highlighting key aspects such as sample growth time,
temperature, treatment conditions prior to data collection. Incubation times varied significantly,
reflecting differences in experimental design and pathogen type. While many studies used
overnight incubation for sufficient bacterial growth, others extended incubation times to 24—72 h
to accommodate slower-growing species or specialized treatments. Precise timings, such as 90
min, 3 h, 4 h, 20 h, 24 h, 48 h, or 72 h, were reported for targeted experimental conditions (Ali et
al., 2020; Gu et sl., 2020; Ma et al., 2023; Rattray et al., 2023; Signoroni et al., 2018;
Treebupachatsakul et al., 2019, 2020; Yi et al., 2023; Zhu et al., 2023). The studies that list a
range (such as 24—48 h) suggest flexibility or adaptation to specific bacteria or experimental
objectives (Kang et al., 2020b; Kang et al., 220c; Kang et al., 2021; Park et al., 2023; Seo et al.,
2013; Tao et al., 2023; Wu et al., 2024).

Incubation temperatures for 17 studies were set at 37°C to provide the optimal growth
temperature for selected bacteria or simulate human physiological conditions. Exceptions
included 3 studies where lower temperatures (30°C and 35°C) were used to accommodate
specific bacterial strains or environmental conditions (Seo et al., 2013; Treebuchatsakul et al.,
2019, 2020). Some studies reported temperature ranges, such as 35-37°C, to allow flexibility in
experimental setups (Tao et al., 2023), while the others did not specify temperatures.

Bacterial concentrations used for image collection also showed significant variation.
Among the studies, only 7 that utilized pure laboratory cultures provided specific values, ranging

from 10-10% CFU/mL, ensuring standardized cell densities for reproducibility (Ali et al., 2020;
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Gu et al., 2020; Ma et al., 2023; Maeda et al., 2018; Seco et al., 2013; Yi et al., 2023; Zhu et al.,
2023). However, the remaining 21 studies did not report these details of concentrations, but did
provide other biological sample preparation details, highlighting a lack of standardization in
reporting practices.

Imaging sample type—categorized as bacterial suspension, liquid, microcolony, colony,
tissue, or sputum—also differed. Tissue or sputum samples, though less frequently used,
provided insights into pathogen behavior in complex biological contexts. Bacterial suspension or
liquid samples were most common due to their ease of handling, while microcolony or colony
samples facilitated direct visualization of bacterial colony morphology. The volume of liquid
sample applied to microscope slides ranges from 1 pL to 10 pL, providing insight into the varied
preparations for microscopy or other imaging analyses. Smaller volumes (1-3 puL) suggest
studies requiring only a minimal sample amount, likely for high-magnification imaging. While
larger volumes (10 pL) may accommodate more extensive sample coverage for low-
magnification observations. Several entries lack this information, pointing to a lack of

consistency in reporting sample preparation.
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Table 2.4 Summary of biological characteristics of Al-enabled detection methods.

No. Reference Incubation Bacterial Imaging sample Other chemical Biological
(temperature/time) concentration type process replicates

1 Akbar (2021) NR NR NR Gram stain NR

2 Ali(2020) 37°C/90 min 5x10° CFU/mL Bacterial suspension N/A 1-4
(1 or5uL)

3 Borowa (2021) NR NR NR Gram stain 2

4  Borowa (2023) 37°C/overnight NR Colony suspension  Gram stain 2

5  Fong (2020) NR NR NR N/A NR

6  Gu(2020) 37°C/20+2 h 10>-10* CFU/mL  Colony N/A NR

7  He (2018) NR/overnight NR Bacterial suspension  Fluorescence staining NR
(3 ul)

8  Hoorali (2020) N/A N/A Tissue Methanol fixation, 200

Giemsa staining

9  Ibrahim (2021) N/A N/A Sputum Acid-fast staining 100

10 Kang (2020a) NR NR Bacterial suspension N/A NR
(3 uL)

11 Kang (2020b) 37°C/16-48 h NR Bacterial suspension N/A 10
(3 uL)

12 Kang (2020c) 37°C/24-48 h NR Bacterial suspension N/A NR
(3 uL)

13 Kang (2021) 37°C/24-48 h NR Bacterial suspension N/A NR
(3 uL)

14 Kim (2023) 37°C/overnight NR Bacterial suspension  Fluorescence staining NR

15 Ma (2023) 37°C/3 h 10*-10” CFU/mL  Microcolony N/A 9

16 Maeda (2018) 37°C/overnight 3.2x10° cells/mL  Bacterial suspension N/A NR
(1 L)

17 Park (2023) 37°C/18-24 h NR Bacterial suspension N/A 3

121°C/15 min (dead) (3 ub)

18 Rattray (2023) 37°C/72 h NR Colony N/A 4

19 Seo (2013) 35°C/18-24 h 10-108 CFU/mL  Colony N/A 5

20 Signoroni (2018) NR/18 h NR Colony N/A NR

25



Table 2.4 (cont’d)

No. Reference Incubation Bacterial Imaging sample Other chemical Biological
(temperature/time) concentration type process replicates
21 Spahn (2022) 37°C/overnight NR Bacterial suspension  Fluorescence staining NR
22 Tao (2023) 35-37°C/24-48 h NR Bacterial suspension N/A NR
23 Treebupachatsakul 30 or 37°C/24 h NR NR Gram staining NR
(2019)
24  Treebupachatsakul 30°C/24 h, 37°C/48 h NR NR Gram staining NR
(2020)
25 Turra (2017) NR/18 h NR Colony N/A NR
26 Wu (2024) 37°C/14-16 h NR Bacterial suspension N/A NR
(2.5 ul)
27 Yi(2023) 37°C/4 h 10-10°CFU/mL  Bacterial suspension Phage infection, 5
(100 puL), liquid fluorescence staining
28 Zhu (2023) NR/48 h 103/mL Bacterial suspension N/A NR

(10 pL)

CFU: Colony forming units. N/A: Not applicable. NR: Not reported.
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2.4.2.2.2 Imaging modality and parameters

The types of imaging modalities used in these studies varied widely, detailed in
Table 2.5, indicating an array of experimental goals and bacterial characteristics being
investigated. Techniques include conventional microscopy methods with brightfield and
darkfield illumination, as well as multimodal techniques like hyperspectral microscopy. Lens-
less imaging was also used in some studies to capture wide-field bacterial visualization,
demonstrating the versatility and adaptability of imaging techniques to suit specific research
needs. Fluorescence microscopy, which leverages targeted staining to visualize bacterial
structures with high specificity, was also used, highlighting its relevance in research requiring
detailed, molecular-level insights (He et al., 2018). Hyperspectral microscopy, which captures
spectral information at each pixel, was applied in several studies to analyze the biochemical
composition and structural details of bacterial samples, offering richer spectral and spatial data
than conventional microscopy which relies on limited channels with spatial information.

The equipment for these imaging modalities varied across studies, with commonly used
microscopes such as the Nikon Eclipse series and Olympus BX series, cameras such as election-
multiplying charge-coupled device (EMCCD) and complementary metal-oxide semiconductor
(CMOS), each chosen to suit particular imaging conditions. For instance, the use of EMCCD
cameras in fluorescence and darkfield microscopy is notable, as their high sensitivity allows for
clearer imaging in low-light conditions, a crucial aspect for techniques that rely on capturing fine
bacterial details. Custom-built imaging systems, such as a modified Nikon Ti2-U inverted
microscope in Kim et al. (2023), were also featured, indicating efforts to tailor equipment for
specific bacterial imaging purposes. Other studies used specialized hyperspectral cameras, such

as the Specim Spectral Camera V10E, to enhance the spectral range and clarity in analyzing
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bacterial morphology and chemical makeup (Signoroni 2018).

[llumination is another critical factor, with studies using varied light sources based on
imaging type and bacteria being examined. Halogen lamps were used in 7 studies (Fong et al.,
2020; Gu et al., 2020; Ma et al., 2023; Signoroni et al., 2018; Spahn et al., 2022; Tao et al., 2023;
Turra et al., 2017). Metal halide was another common light source, particularly for hyperspectral
microscopy due to their high-intensity output, with 6 studies reporting using it (Kang et al.,
2020a; Kang et al., 2020b; Kang et al., 2020c; Kang et al., 2021; Park et al., 2023; Wu et al.,
2024). Lastly, LED light source was reported twice (Maeda et al., 2018; Zhu et al., 2023) and
lasers were reported twice (He et al., 2018; Spahn et al., 2022). In fluorescence microscopy
studies, specific light sources are often required to match the fluorescence range, though exact
details on equipment were not provided in Kim et al. (2023) and Yi et al. (2023).

Magnification levels in the 17 studies that reported it differed based on the study goals.
Studies focusing on single cell classification used 100" oil-immersion objectives for high-detail
bacterial observations, especially in darkfield imaging, where capturing micron-scale structural
details is essential (Borowa et al., 2023; He et al., 2018; Kang et al., 2020a, 2020b, 2020c, 2021;
Park et al., 2023; Spahn et al., 2022; Tao et al., 2023; Treebupachatsakul et al., 2019, 2020; Wu
et al., 2024). Contrastingly, Rattray et al. (2023) used a lower magnification of 4" for colony
level imaging to reveal morphological differences.

Imaging parameters, such as exposure time and gain, though not consistently reported,
were detailed in 9 studies (Gu et al., 2020; He et al., 2018; Kang et al., 2020a, 2020b, 2020c,
2021; Maeda et al., 2018; Park et al., 2023; Wu et al., 2024). Exposure times of 250 ms and
shorter durations, such as 56 ms, were mentioned, which likely reflect efforts to balance image

clarity with minimizing motion blur in capturing bacteria under low-light conditions. Gain
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settings, recorded in Kang et al. (2020b) and Park et al. (2023) were as low as 1.6% or 16 dB,

and as high as 3.5% in Kang et al. (2020c) and Kang et al. (2021).
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Table 2.5 Summary of imaging characteristics of Al-enabled detection methods.

No. Reference Modality Equipment INlumination Light source Objective Gain/
exposure

1 Akbar (2021) Optical Olympus BX40 microscope Brightfield NR NR NR
microscopy

2 Ali(2020) Optical Axiobserver.Z1 microscope, Brightfield NR 63x NR
microscopy  scientific CMOS camera

3 Borowa (2021) Optical Olympus XC31 upright Brightfield NR NR NR
microscopy  microscope, CMOS camera

4 Borowa (2023) Optical Olympus BX63 microscope, Brightfield NR 100x oil NR
microscopy  CCD camera

5 Fong (2020) Hyperspectral Olympus BX43 microscope, Darkfield Tungsten NR NR
microscopy  Hinal.ea 4200M camera halogen

6 Gu (2020) Hyperspectral Specim VI10E-CL camera Reflected Halogen N/A NR/100 ms
imaging (non-
microscopic)

7  He (2018) SIM Nikon N-SIM microscope, Fluorescence Laser (488 nm) 100x oil, 100x/50—

EMCCD camera (laser-based, TIRF 100 ms
SIM)

8  Hoorali (2020) Optical Olympus microscope, camera  Brightfield NR NR NR
microscopy

9  Ibrahim (2021) Optical NR Brightfield NR NR NR
microscopy

10 Kang (2020a) Hyperspectral Nikon Eclipse e80i upright Darkfield Metal halide 100x oil  3.5%/250 ms
microscopy  microscope, EMCCD camera,

AOTF spectrometer

11 Kang (2020b) Hyperspectral Nikon Eclipse e80i microscope, Darkfield Metal halide 100x o1l 1.6%/250 ms

microscopy ~ EMCCD camera, AOTF

spectrometer
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Table 2.5 (cont’d)

No. Reference Modality Equipment INlumination Light source Objective Gain/
exposure
12 Kang (2020c) Hyperspectral Nikon Eclipse 80i microscope, Darkfield Metal halide 100x oil  3.5%/250 ms
microscopy ~ EMCCD camera, AOTF
spectrometer
13 Kang (2021) Hyperspectral Nikon Eclipse 80i microscope, Darkfield Metal halide 100x oil  3.5%/250 ms
microscopy ~ EMCCD camera, AOTF
spectrometer
14 Kim (2023) Super- Custom-built Nikon Ti2-U Fluorescence NR NR NR
resolution inverted microscope
fluorescence
microscopy
15 Ma (2023) Phase contrast Olympus X71 inverted Phase Halogen 60x Ph  NR
microscopy  microscope, CCD camera contrast
16 Maeda (2018) Lensless CMOS sensor Transmitted Blue LED N/A NR/56 ms
imaging
17  Park (2023) Hyperspectral Nikon Eclipse 80i microscope, Darkfield Metal halide 100x oil 15 dB/250 ms
microscopy ~ EMCCD camera, AOTF
spectrometer
18  Rattray (2023) Optical Nikon Eclipse Ti inverted Brightfield NR 4x NR
microscopy  microscope, CCD camera
19 Seo (2013) Hyperspectral Custom VNIR hyperspectral NR NR N/A NR
imaging (non- imaging system
microscopic)
20  Signoroni (2018) Hyperspectral Specim V10E camera Reflected Halogen N/A NR
imaging (non-
microscopic)
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Table 2.5 (cont’d)

No. Reference Modality Equipment INlumination Light source Objective Gain/
exposure
21  Spahn (2022) Optical or Nikon Eclipse Ti inverted Brightfield, Halogen, lasers  60-100x NR
fluorescence  microscope, Deltavision OMX  fluorescence (488, 561 nm) oil, TIRF
microscopy,  system, Leica SP8, Nikon Ti-E, (laser-based)
SIM EMCCD or scientific CMOS
camera
22 Tao (2023) Hyperspectral Olympus BX43 microscope, Transmitted Halogen 100x 0il NR
microscopy  Basler hyperspectral sensor
23 Treebupachatsakul Optical Optika B-292 microscope, Brightfield NR 100x 0il NR
(2019) microscopy  CMOS sensor
24 Treebupachatsakul Optical Optika B-292 microscope or Brightfield NR 100x 0il NR
(2020) microscopy  Olympus CX31 upright
microscope, CMOS sensor
25 Turra (2017) Hyperspectral Specim V10E camera Reflected Halogen N/A NR
imaging (non-
microscopic)
26 Wu (2024) Hyperspectral Nikon Eclipse 1001 upright NR Metal halide 100% oil  NR/99 ms
microscopy  microscope, EMCCD camera,
SOC-70 spectrometer
27 Yi(2023) Fluorescence Olympus IX-71 inverted Fluorescence NR 100x NR
microscopy  microscope, CCD camera
28  Zhu (2023) Hyperspectral Custom hyperspectral Transmitted White LED 40x NR
microscopy  microscope imaging system

AOTF: Acousto-optic tunable filter. CCD: Charge-coupled device. CMOS: Complementary metal-oxide-semiconductor. EMCCD:

Electron-multiplying CCD. LED: Light-emitting diode. N/A: Not applicable. NR: Not reported. SIM: Structured illumination

microscope. TRIF: Total internal reflection fluorescence. VNIR: Visible and near-infrared.
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2.4.2.2.3 Data preprocessing and Al analysis details

Preprocessing techniques varied to address tasks such as data quality control, region of
interest (ROI) segmentation, and feature extraction, as summarized in Table 2.6. Baseline steps
included resizing images to align with deep learning input requirements, along with
normalization or standardization to adjust feature scales, reduce bias, and ensure consistent
contributions during model training. Other common techniques, such as Savitzky-Golay
smoothing for noise reduction and standard normal variate (SNV) for scatter correction, were
applied to ensure data consistentcy (Fong et al., 2020; Kang et al., 2020a, 2020b, 2020c, 2021;
Park et al., 2023; Seo et al., 2023; Signoroni et al., 2018; Turra et al., 2017; Wu et al., 2024).

To expand biological datasets and focus on individual cells or cellular features, 5 studies
divided images into smaller patches (Ali et al., 2020; Borowa et al., 2021, 2023; Hoorali et al.,
2020; Spahn et al., 2022), whilel6 studies utilized ROI segmentation with various techniques
(e.g., manual selection, thresholding, watershed, k-means clustering, or U-Net) (Fong et al.,
2020; Gu et al., 2020; He et al., 2018; Kang et al., 2020a, 2020b, 2020c, 2021; Maeda et al.,
2018; Park et al., 2023; Seo et al., 2013; Signoroni et al., 2018; Spahn et al., 2022; Tao et al.,
2023; Turra et al., 2017; Wu et al., 2024; Zhu et al., 2013). Additionally, standard image
augmentation techniques (e.g., rotation, flipping, scaling, shifting, cropping, shearing, zooming,
and adjustments to color, brightness, or contrast) were also applied in 11 studies to increase
dataset size and improve model training (Akbar et al., 2021; Borowa et al., 2021, 2023; Hoorali
et al., 2020; Ibrahim et al., 2021; Kang et al., 2020b; Ma et al., 2023; Rattray et al., 2023; Spahn
etal., 2022; Wu et al., 2024; Yi et al., 2023).

The included studies employed a wide variety of Al model architectures, reflecting the

breadth of approaches (Table 2.6). Principal component analysis (PCA) was utilized for
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dimensionality reduction, often followed by ML classifiers in 12 studies. Traditional ML
classifiers such as k-nearest neighbors (k-NN), support vector machine (SVM), or random forest
(RF) were frequently used, either as primary models or as comparative benchmarks in 15 studies.
Deep learning approaches, including convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), were employed in 23 studies. Common CNN architectures included U-Net for
ROI segmentation (e.g., single-cell, colony), as well as historically state-of-the-art models for
image classification (e.g., AlexNet, VGG, ResNet, Xception, MobileNet, DenseNet,
EfficientNet) for classifying whole images, patches, or ROIs. Additionally, object detection
models (e.g., YOLO and R-CNN series) were applied, facilitating bacterial enumeration in
addition to detection and identification (Ma et al., 2023; Yi et al., 2023). RNN architectures like
long short-term memory (LSTM) networks (Fong et al., 2020; Kang et al., 2020c; Kang et al.,
2021; Wu et al., 2024) as well as multiple instance learning (MIL) frameworks (Borowa et al.,
2021, 2023) were also applied to analyze pathogen data.

Several studies employed various validation approaches to ensure model robustness and
generalizability. The most common method was hold-out validation, where datasets were
initially divided into training and test sets using standard split (i.e., 70/30, 80/20, 85/15), and
then further partitioned to include an additional hold-out validation set to prevent overfitting
during training (Hoorali et al, 2020; Kang et al., 2020a, 2020b, 2020c, 2021; Ma et al., 2023;
Park et al., 2023; Rattray et al., 2023; Yi et al., 2023). Other studies used shuffle-and-split cross-
validation (i.e., repeated hold-out validation) (Signoroni et al., 2018; Turra et al., 2017). For
simpler statistical or traditional ML models, leave-one-replicate-out cross-validation (i.e., full
cross-validation) (Ali et al., 2020; Gu et al., 2020; Maeda et al., 2018) or £-fold cross-validation

(He et al., 2018) was used. Although unusual due to its computational cost, some studies applied
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k-fold cross-validation to CNNs models (Borowa et al., 2021; Ibrahim et al., 2021). Notably, one
study utilized a fully independent, unseen test set originating from distinct sources to assess
model performance against more realistic samples (Y1 et al., 2023). However, some studies
either did not explicitly mention the use of an unseen test set beyond cross-validation or lacked a
separate validation step altogether (Akbar et al., 201; Borowa et al., 2021; He et al., 2018; Maeda
et al., 2018; Signoroni et al., 2018; Treebupachatsakul et al., 2019, 2020; Turra et al., 2017; Wu
et al., 2024). The variability in validation approaches reflects the adaptability Al-based models to
different study designs, data sizes, and pathogen types, highlighting the flexibility of Al-enabled

imaging in pathogen classification workflows.
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Table 2.6 Summary of data and Al analysis characteristics of Al-enabled detection methods.

No. Reference Data Data size Preprocessing Al analysis Models
type (train/test) method
1 Akbar (2021) Image 31490/13495  Resizing, augmentation Classification Proposed: CNN (DensNet-201);
Others: CNN (ResNet-18, VGG-19)

2 Ali(2020) Patch NR Resizing, CLAHE, ROI Segmentation, CNN (U-Net)
segmentation (U-Net), patching classification PCA-ML (OCSVM)

3 Borowa (2021)  Patch NR Resizing, patching, filtering, Classification CNN (ResNet-18) with MIL
normalization, augmentation framework

4  Borowa (2023)  Patch 47149 total Resizing, patching, filtering, Classification CNN (ResNet-18) with MIL
normalization, augmentation framework

5 Fong (2020) ROI  NR/100 ROI segmentation (k-means, Classification Proposed: Multimodal network with
SAM), grayscale conversion, RNN (LSTM) & CNN (1D-CNN,
normalization, thresholding, ResNet);
morphological descriptor Others: PCA-ML (SVM, RF, k-NN)
extraction, SNV

6 Gu (2020) ROI  916/2210 Resizing, ROI segmentation Classification  Statistical (PLS-DA), ML (SVM)
(thresholding), filtering,
multiplicative scatter
correction, wavelength
selection

7  He (2018) ROI 2932 total ROI segmentation (watershed), Classification PCA-ML (SVM, RF, k-NN)
resizing

8  Hoorali (2020) Patch 1021/281 Patching, standardization, Segmentation CNN (UNet, UNet ++)
augmentation

9 Ibrahim (2021)  Image 124/54, Resizing, augmentation Classification CNN (AlexNet)

371/157,
367/159
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Table 2.6 (cont’d)

No. Reference Data Data size Preprocessing Al analysis Models
type (train/test) method
10 Kang (2020a) ROI Ranging from ROI segmentation Classification PCA-statistical (LDA, SR), PCA-
500/100 to (thresholding), SNV, ML (SVM), ANN (SAE)-statistical
50000/10000  wavelength selection (LDA, SR), ANN (SAE)-ML
(SVM)

11 Kang (2020b) ROI  200/100 Resizing, augmentation, ROl Segmentation, Proposed: CNN (U-Net & 1D-
segmentation (U-Net), SNV classification =~ CNN);

Others: PCA-ML (SVM, k-NN)

12 Kang (2020c) ROI  4500/500 ROI segmentation (manual Classification Proposed: Multimodal network with
single-cell selection), RNN (LSTM) & CNN (ResNet, 1D-
normalization, morphological CNN);
descriptor extraction, SNV Others: PCA-ML (SVM, RF, k-NN)

13 Kang (2021) ROI  900/100 ROI segmentation Classification Proposed: RNN (LSTM);

14 Kim (2023)

15 Ma (2023)

16 Maeda (2018)

17 Park (2023)

Image NR/253,
NR/114

Image 1764/756

ROI NR/125

ROI  1083/191

(thresholding), SNV,
normalization, outlier detection
NR

Resizing, bounding box
annotation, augmentation
Contrast enhancement, color
inversion, ROI segmentation
(Otsu thresholding),
discriminative parameter
extraction

ROI segmentation (U-Net),
morphological descriptor
extraction, SNV

Classification

Object
detection
Classification

Classification

Others: PCA-ML (LDA, SVM, k-
NN)

CNN (ResNet-18, RegNetY-16GF,
EfficientNet-V2-S, SwinV2-S,
SwinV2-T)

CNN (YOLOv4)

Statistical (LDA), ML (SVM, RF, k-
NN, naive Bayes), ANN

Multimodal CNN (1D-CNN &
ResNet)
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Table 2.6 (cont’d)

No. Reference Data Data size Preprocessing Al analysis Models
type (train/test) method
18 Rattray (2023) Image 266/69 Resizing, normalization, Classification Proposed: CNN (ResNet-50, VGG-
morphological descriptor 19, MobileNetV2, Xception)
extraction, augmentation Other: ML (SVM)
19 Seo (2013) ROI  NR Savitzky-Golay smoothing, Classification  Statistical (LDA, QDA,
ROI segmentation (manual Mahalanobis distance), PCA-
colony selection) statistical, ML (SVM, k-NN), PCA-
ML
20 Signoroni (2018) ROI  11649/4993 Flat-field correction, Savitzky- Classification Proposed: 1D-CNN;
Golay smoothing, ROI Others: PCA-ML (SVM, RF)
segmentation (watershed)
21 Spahn (2022) Patch Small-to- Resizing, patching, contrast Segmentation, CNN (U-Net, U-Net variants,
or moderate enhancement, augmentation,  object YOLOV2), GAN (Pix2pix)
ROI (e.g., 28/5, ROI segmentation (manual detection,
94/5) selection, thresholding, U-Net) denoising,
digital labeling,
super-
resolution
image
prediction
22 Tao (2023) ROI  119000/51000, Manual single-cell cropping,  Classification Proposed: Multimodal CNN;
630/1470 flat-field correction, ROI Others: CNN (1D-CNN, ResNet,
segmentation (k-means), DenseNet, multimodal network)
normalization
23 Treebupachatsakul Image 320/80 NR Classification CNN (LeNet)
(2019)
24 Treebupachatsakul Image 160/40 NR Classification CNN (LeNet)
(2020)
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Table 2.6 (cont’d)

No. Reference Data Data size Preprocessing Al analysis Models

type (train/test) method

25 Turra (2017) ROI  11649/4993 Flat-field correction, Savitzky- Classification Proposed: 1D-CNN;

Golay smoothing, ROI Others: PCA-ML (SVM, RF)
segmentation (watershed)

26 Wu (2024) ROI  1050/450 Contrast enhancement, ROI Classification PCA-statistical (DA), PCA-ML
segmentation (edge detection, (SVM, RF, &-NN), PCA-RNN
morphological filtering), (LSTM)

Savitzky-Golay smoothing,
normalization, augmentation

27 Yi(2023) Image 342/114-164 Resizing, normalization, Object CNN (Faster R-CNN)
keypoint annotation, detection
augmentation

28 Zhu (2023) ROI  NR ROI segmentation (edge Classification PCA-ML (SVM)

detection, morphological
filtering), normalization

ANN: Artificial neural network. CLAHE: Contrast limited adaptive histogram equalization algorithm (contrast enhancement). CNN:

Convolutional neural network. DA: Discriminant Analysis. GAN: Generative adversarial network. &-NN: k-nearest neighbors. LDA:

Linear discriminant analysis. LSTM: Long short-term memory. MIL: Multiple instance learning. ML: Machine learning (traditional).

NR: Not reported. OCSVM: Once-class SVM. PCA: Principal component analysis. PLS-DA: Partial least squares discriminant

analysis. QDA: Quadratic discriminant analysis. RF: random forest. RNN: Recurrent neural network. ROI: Region of interest. SAE:

Stacked autoencoder. SAM: Spectral angle mapping. SNV: Standard normal variate. SR: Softmax regression. SVM: Support vector

machine.
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2.4.2.3 Comparator characteristics

In this systematic review, the comparator was defined as conventional detection methods
that did not involve Al algorithms for pathogen classification. Table 2.7 provides details on the
comparators used in each study, if applicable. Out of the 28 reviewed papers, only 7 reported the
use of a comparator as a control for evaluating the Al-enabled detection methods. Of these, 6
studies used traditional plating techniques to initially identify bacteria before applying ML
algorithms (Turra et al., 2017; Gu et al., 2020; Spahn et al., 2022; Borowa et al., 2023; Ma et al.,
2023; Yiet al., 2023). Additionally, Yi et al. (2023) also utilized real-time quantitative
polymerase chain reaction (RT-qPCR) methods. In one study, a team of microbiologists analyzed
the same dataset used for model training and testing, serving as the comparator (Ibrahim et al.,

2021).

2.4.2.4 Pathogen detection performance

Across the reviewed studies, there was a lot of variability in reporting pathogen detection
performance. Table 2.8 shows the most common evaluation metrics used in AI model
evaluation, including classification accuracy, sensitivity, specificity, and area under the curve
(AUC) values. In AI/ML benchmarking, a threshold of 70% is generally considered acceptable
across these metrics. Values above 90% are typically regarded as excellent but optimal values
vary by applications. However, extremely high accuracy or AUC close to 1 may indicate
overfitting, particularly in studies using small or highly controlled datasets where the model may
fail to generalize to real-world data.

Classification accuracy is the ratio of correctly predicted instances (i.e., true positive and
true negative) to the total number of instances (i.e., all possible classifications). It is calculated as

follows:
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A - TP + TN % 100 2.1)
CCuracy = TP+ TN + FP + FN '

where TP is true positive, TN is true negative, FP is false positive, and FN is false
negative. Reporting an accuracy alone can be misleading, especially in imbalanced datasets
where one class dominates. This metric ranged broadly from as low as 56.3% with a sample size
of 620 in some cases (Borowa et al., 2021) to as high as 100% (Maeda et al., 2018; Park et al.,
2023; Seo et al., 2013; Yi et al., 2023) Most studies consistently reported classification accuracy
above 70%, demonstrating the potential of Al in imaging-based pathogen detection despite
differences in approach. Studies achieving 100% accuracy were often conducted in controlled
laboratory environments, where overfitting is a likely concern. However, none of the studies
explicitly discussed the potential implications of overfitting in their analyses. Studies with lower
accuracies tended to involve more complex, real-world datasets or broader classification
challenges.

Fewer studies reported sensitivity (i.e., true positive rate or recall) and specificity (i.e.,
true negative rate) metrics. Sensitivity measures how well the model identifies actual positives as

follows:

TP
Sensitivity = TP+—FN x 100 (22)

In the studies reviewed, sensitivity values ranged from as low as 36% in Spahn et al.
(2022) to 100% in Ma et al. (2023), Maeda et al. (2018) and Spahn et al. (2022). Specificity, on

the other hand, measures how well the model identifies actual negatives as follows:

TN
Specificity = TN—+FP x 100 (23)

Specificity values in the studies ranged from 80% (Hoorali et al., 2020) to 100% (Ibrahim

et al., 2021; Maeda et al., 2018). These metrics highlight the variability in the performance of Al
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models depending on dataset composition and the complexity of pathogen detection tasks. The
pathogen detection task type, which often involves distinguishing between infected and non-
infected samples, was commonly associated with these metrics.

AUC value reflects the balance between sensitivity and specificity, providing an overall
picture of model performance. It is derived from the receiver operating characteristic (ROC)
curve, which plots the true positive rate (i.e., sensitivity) against the false positive rate (e.g., 1—-
specificity) across different classification thresholds. AUC values range from 0 and 1, with
values closer to 1 indicating better discrimination between positive and negative cases. AUC
values in the included studies ranged from 68.3% (Borowa et al., 2021) to 100% (Kang et al.,
2020c; Zhu et al., 2023). These metrics are crucial for evaluating the discriminatory power of Al
models in distinguishing between classes. However, they remain unreported in 22 studies,

indicating a gap in comprehensive performance assessment.
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Table 2.7 Summary of comparators characteristics.

No. Reference Conventional Sample Target Detection
methods preparation detection level limit
1 Akbar (2021) NR NR NR NR
2 Ali(2020) NR NR NR NR
3 Borowa (2021) NR NR NR NR
4 Borowa (2023) NR NR NR NR
5 Fong (2020) NR NR NR NR
6 Gu(2020) NR NR NR NR
7 He (2018) NR NR NR NR
8 Hoorali (2020) NR NR NR NR
9 Ibrahim (2021) Expert labeling Same as index  N/A N/A
10 Kang (2020a) NR NR NR NR
11 Kang (2020b) NR NR NR NR
12 Kang (2020c) NR NR NR NR
13 Kang (2021) NR NR NR NR
14 Kim (2023) NR NR NR NR
15 Ma (2023) Plating Same as index  Colony NR
16 Maeda (2018) NR NR NR NR
17 Park (2023) NR NR NR NR
18 Rattray (2023) NR NR NR NR
19 Seo (2013) NR NR NR NR
20 Signoroni (2018) NR NR NR NR
21 Spahn (2022) NR NR NR NR
22 Tao (2023) NR NR NR NR
23 Treebupachatsakul NR NR NR NR
(2019)
24 Treebupachatsakul NR NR NR NR
(2020)
25 Turra (2017) NR NR NR NR
26 Wu (2024) NR NR NR NR
27 Yi(2023) Plating, gPCR Same as index  Colony 103 CFU/mL
28 Zhu (2023) NR NR NR NR

N/A: Not applicable. NR: Not reported. gPCR: Quantitative polymerase chain reaction.
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Table 2.8 Summary of pathogen detection performance of Al-enabled detection methods.

No. Reference

Accuracy (%) Sensitivity (%) Specificity (%) AUC (%)

Other metrics

1 Akbar (2021) 99.24 99.20 99.87 NR FPR

2 Ali(2020) NR 41.07-91.6 NR 72-83 N/A

3 Borowa (2021) 56.3-64.8 56.3-64.8 NR 68.3-78.6 Precision, F1 score

4  Borowa (2023) 60.3-96.0 NR NR 69.8-98.7 N/A

5 Fong (2020) 91.0-98.4 NR NR NR N/A

6  Gu(2020) NR NR NR NR Confusion matrix only
7 He (2018) 96.83-98.36 NR NR NR F1 score

8  Hoorali (2020) 81-97 84-98 8097 NR Precision, DSC

9 Ibrahim (2021) 98.09-98.73  96.77-99.20  97.67-100 NR N/A

10 Kang (2020a) 75.3-94.9 75-95 NR NR Precision, F1 score

11 Kang (2020b) 90 NR NR NR N/A

12 Kang (2020c) 91.0-98.4 NR NR 99-100 N/A

13 Kang (2021) 90.4-92.9 NR NR NR N/A

14 Kim (2023) 79.8-97.9 NR NR NR N/A

15 Ma (2023) NR 87.4-100 NR NR IoU, Precision, AP, mAP
16 Maeda (2018) 74.4-100.0 64.0-100.0 86.0-100.0 NR PPV

17 Park (2023) 64.13-100 NR NR NR N/A

18 Rattray (2023) 62.75-90.73 NR NR NR N/A

19 Seo (2013) 80.5-100 NR NR NR Kappa coefficient

20 Signoroni (2018) 99.7 NR NR NR N/A

21 Spahn (2022) NR 36-100 NR NR IoU, Precision, mAP, SSIM, PSNR
22 Tao (2023) 92 NR NR 99.09-99.97 Kappa coefficient

23 Treebupachatsakul (2019) NR NR NR NR Train accuracy only
24 Treebupachatsakul (2020) NR NR NR NR Train accuracy only
25 Turra (2017) 99.7 NR NR NR N/A

26 Wu (2024) 65.56-98.22 NR NR NR N/A

27 Yi(2023) 80-100 NR NR NR N/A

28 Zhu (2023) 93.6 93.6 98.4 97-100 Precision

AP: Average precision. DSC: Dice similarity coefficient. FPR: False positive ratio. IoU: Intersection of union.
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Table 2.8 (cont’d)
mAP: Mean average precision. N/A: Not applicable. NR: Not reported. PPV: Positive predictive value. PSNR: Peak-signal-to-noise

ratio. SSIM: Structural similarity.
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2.4.3 Risk of bias assessment

The results of the risk of bias assessment, based on the modified QUADAS-2 approached
described in Section 2.3.6, are summarized in Figure 2.2. As detailed in Section 2.3.6, studies
were assessed using 12 signaling questions across four domains: pathogen selection, index test
(i.e., proposed Al-enabled detection methods), reference standard (i.e., conventional detection
methods), and flow and timing (Table 2.2). Each study was categorized using a three-tier rating
system according to the number of “yes” response to these questions, emphasizing
methodological transparency, replicability, and comparative analysis. Among the studies, 11
were rated as “high risk of bias”, 2 as “low risk of bias”, and 15 as “unclear”. Studies frequently
demonstrated limited reporting on bacterial strain accessibility, dynamic data-driven
preprocessing, or clear reference standards, highlighting areas critical for replicability and
comparability in benchmarking. Overall, these findings underscore the promising yet evolving

nature of Al-enabled pathogen detection research.
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Risk of bias domain

Reference Pathogen selection Index test Reference standard ~ Flow and timing ?:g;agll
SQ1 SQ2 SQ3 SQ4 SQ5 SQ6 SQ7 SQ8 SQ9 SQ10 SQ11 sQ12
Akbar (2021) ] I I High
e
Borrowa (2021) -- -- High
Borowa (2023) [N - Unclear
Fong (2020) --- - High
Gu (2020) [ ] ] ] ] Unclear
He (2018) [ ] ] ] ] ] Unclear
Hoorali (2020) | | B High
wonmooz) [ S O B =
Kang (2020a) - ---- Unclear
Kang (202b) ------ Unclear
Kang (2020c) ------ Unclear
Kang (2021) ------ Unclear
Kim (2023) ------ Unclear
el 20202020909 e
Maeda (2018) [ Unclear
Park (2023) ------ Unclear
Rattray (2023) N N High
Seo (2013) High
Signoroni (2018) Unclear
Spahn (2022) High
Tao (2023) Unclear
Treebupachatsakul (2019) High
Treebupachatsakul (2020) High
Turra (2017) Unclear
Wu (2024) - Unclear
vz [ N N
2 2029 .

Figure 2.2 Summary of risk of bias assessments for the 28 included studies using the modified
QUADAS-2 criteria with 12 signaling questions detailed in Table 2.2. Ratings: green (yes),
yellow (unclear), and red (no). Studies were rated as “high” (<4 yes), “low” (>8 yes), or

“unclear” (4-8 yes) risk of bias.
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2.5 Discussion

In this systematic review, we revisited four key research questions: (1) identifying Al
algorithms employed in imaging for pathogen classification, (2) evaluating how Al enhances the
speed and accuracy of pathogen detection compared to traditional methods, (3) highlighting the
recent advancements in the integration of Al with multimodal imaging for pathogen research,
and (4) exploring how Al techniques facilitate early detection of pathogens under stress
conditions.
2.5.1 There is no one-size-fits-all algorithm for Al-enabled pathogen classification

The reviewed studies demonstrated that diverse AI models, from traditional ML to
advanced CNNs, have successfully achieved advanced pathogen classification performance by
capturing spatial, spectral, and contextual features (Table 2.8. However, the effectiveness of
these models is highly context-dependent, with no single model architecture consistently superior
across all scenarios. Data preprocessing techniques were frequently used to improve data quality
and extract relevant features and align with input requirements of the state-of-the-art model
architectures (Table 2.6). Similar to the selection of Al model architectures, studies utilized
diverse combinations of preprocessing techniques, further highlighting the context-dependent
nature of Al-enabled pathogen detection. In particular, multimodal imaging produces high-
dimensional and heterogeneous datasets characterized by distinct modalities, scales, and feature
representations, making thorough and tailored preprocessing critical (Cozzolino et al., 2023;
Fong et al., 2020; Kang et al., 2020c; Park et al., 2023; Tao et al., 2023). Consequently, effective
pathogen classification relies heavily on context-specific optimization of preprocessing methods

and Al model architectures.

48



Despite these advancements, this review identifies critical gaps arising from the
multidisciplinary nature of research, where standardization and improvements could further
enhance generalization and meta-analysis. Establishing consistent experimental protocols,
including bacterial incubation conditions and concentrations, imaging settings, and data size,
would significantly improve reproducibility and enable meaningful comparisons across studies.
Moreover, while early studies predominantly emphasized achieving high accuracy, greater
attention should be devoted to the entire data pipeline. Specifically, future research should
carefully address overfitting and generalization by adopting validation methods, such as hold-out
validation with train/validation/test splits (Hoorali et al, 2020; Kang et al., 2020a, 2020b, 2020c,
2021; Ma et al., 2023; Park et al., 2023; Rattray et al., 2023), cross-validation strategies (Ali et
al., 2020; Gu et al., 2020; Ibrahim et al., 2021), or evaluation using fully independent test set
from distinct sources (Yi et al., 2023). An unbiased assessment of model performance on unseen
data can only be ensured by utilizing an independent test set that remains strictly separate from
model training to prevent data leakage, thereby achieving genuine evaluation beyond the model-
fitting stage. Class imbalance is another important factor in data science, often overlooked in the
included studies. This is particularly critical in object detection tasks, even when starting with a
balanced number of images per class (Ma et al., 2023; Yi et al., 2023) due to severe foreground-
to-background imbalance and sparse or small object instances within images. This inherent
imbalance requires specialized approaches (e.g., focal loss, tailored anchors) to ensure accurate
detection of underrepresented or less prominent objects.

Furthermore, establishing standardized benchmarks is essential for rigorous and
consistent evaluation of Al-enabled pathogen detection models. Computationally, this includes

building open-source Al communities around publicly accessible food safety and agricultural

49



repositories hosting benchmark datasets (Joshi et al., 2023; Qian et al., 2025). Biologically, it
involves adopting standardized reference protocols for pathogen detection, such as traditional
plating methods and qPCR assays. Future research should also emphasize incorporating diverse
real-world samples to enhance the generalizability and applicability of Al-enabled detection
methods. As Al-enabled systems continue to evolve, fostering collaborative efforts across
researchers to share datasets, imaging protocols, and algorithms could accelerate innovation and
Al integrations in pathogen detection.
2.5.2 Pathogen detection accelerated and automated by AI modeling

A common motivation across the reviewed studies was the need for rapid pathogen
detection methods, addressing limitations such as lengthy biological sample preparation and
reliance on selective enrichment steps (Seo et al., 2013; Maeda et al., 2018; Treebupachatsakul et
al., 2019; Ibrahim et al., 2020; Kang et al., 2021; Ma et al., 2023). Most reviewed studies
involving non-Al comparator methods utilized culture-based plating method, considered the gold
standard (Table 2.6). In contrast, Al-enabled imaging methods were investigated for their
potential to substantially accelerate detection by reducing biological sample preparation time and
automating complex data analysis workflows. Notably, several studies demonstrated that Al
image classification achieved high accuracies using bacterial samples with less than 24 h of
incubation, highlighting the strong potential of these methods for near real-time pathogen
monitoring (Ali et al., 2020; Borowa et al., 2023; Gu et al., 2020; He et al., 2018; Kim et al.,
2023; Ma et al., 2023; Maeda et al., 2018; Park et al., 2023; Seo et al., 2013; Signoroni et al.,
2018; Spahn et al., 2022; Treebupachatsakul et al., 2019; Turra et al., 2017; Wu et al., 2024; Yi
et al., 2023). This represents a significant improvement compared to traditional techniques,

which typically require several days for accurate detection (Foddai & Grant 2020).
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Due to the streamlined biological sample preparation and automated data analysis, Al
models can rapidly detect and identify pathogens, potentially predicting cross-contamination
risks in near real-time. Al algorithms enable simultaneous classification of multiple bacterial
strains directly from a generic sample preparation, reducing the dependency on highly optimized
reagents required for selective enrichment. Additionally, Al-enabled imaging allows pathogen
detection across multiple scales, from single-cell to microcolony and colony levels, further
reducing wait times compared to traditional methods. In particular, Ma et al. (2023) and Yi et al.
(2023) demonstrated rapid pathogen detection capabilities, achieving classification within 4 h
with accuracies above 90%. The speed and accuracy of Al models have broad application
potentials in food safety, ranging from identifying contamination sources to predicting pathogen
presence and cross-contamination risks.

2.5.3 Enhancing capabilities of multimodal imaging through Al integration

Hyperspectral imaging is one type of multimodal sensing, a non-invasive approach that
generates comprehensive datasets capturing morphological, structural, and biochemical
signatures of pathogens (Dale et al., 2013, Kang et al., 2020). Unlike single-modality imaging
methods that primarily provide spatial information only, multimodal imaging offers richer, high-
dimensional data by integrating both spectral and spatial features (Eady & Park 2016). This
comprehensive approach allows for the detection of subtle pathogen characteristics, such as
variations in intracellular structures and metabolic profiles, which may remain undetected with
single-modality techniques (Barzan et al., 2021, Piqueras et al., 2011). When integrated with
advanced deep learning algorithms, multimodal datasets can further reveal subtle biological
variations among bacterial species and strains (Tables 2.6 and 2.8). For example, Park et al.

(2023) demonstrated that Al-enabled hyperspectral microscopy could differentiate between live
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and dead Salmonella, highlighting the potential for Al models to distinguish pathogens based on
physiological states rather than morphology alone. Such advancements could enable the
classification at more granular levels, including bacterial strain or serovar. Given the extensive
diversity within pathogens like Sa/monella, acknowledging unique phenotypic and genotypic
variations among different strains and serovars is crucial (Khan et al., 2024; Sabbagh et al.,
2010; Uzzau et al., 2001). Thus, hyperspectral imaging has been extensively utilized across
pathogen detection studies at multiple scales (Table 2.6), ranging from microbial colonies
(macroscopic) to single-cell characteristics (microscopic). Consequently, multimodal imaging
studies typically report higher classification accuracies than those relying solely on single
modality imaging (Fong et al., 2020; Kang et al., 2020c; Tao et al., 2023; Park et al., 2023).

Furthermore, effective data preprocessing techniques are essential for extracting
meaningful biological insights and identifying hidden contextual patterns within high-
dimensional, multimodal datasets. PCA, historically one of the most widely adopted
preprocessing methods (Table 2.8, enables an efficient approach for dimensionality reduction
and automated feature extraction of relevant features. By reducing dimensional complexity while
retaining key informational content, PCA significantly enhances pathogen classification accuracy
and computational efficiency (Ram et al., 2024; Seo et al., 2016). Despite these advantages, PCA
has inherent limitations, including sensitivity to multicollinearity and reliance on linear
transformations based on Euclidean distances, which may not fully capture complex, nonlinear
relationships embedded within multimodal data. To overcome these constraints, advanced deep
learning methods, particularly end-to-end learning frameworks and attention-based models, are
gaining traction in many domains due to their capability to model complex, nonlinear

interactions and dynamically prioritize relevant features (Hong et al., 2020; Li et al., 2024).
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2.5.4 Emerging applications of Al-enabled imaging for detecting stressed pathogens

As shown in Table 2.3, despite the limited number of studies specifically addressing
pathogen detection under stress conditions, emerging advancements in Al-enabled imaging
methods demonstrate significant promise for improving early detection, particularly when
pathogens undergo morphological and metabolic changes induced by stressors. Notably, two
studies reviewed demonstrated that Al can accurately differentiate pathogens in stress-induced
states, beyond the conventional viable and culturable conditions (Ali et al., 2020; Park et al.,
2023; Wu et al., 2024). Additionally, Chapter 3 explores the capability of Al integrated with
multimodal imaging accurately differentiate £. coli K-12 in its viable and culturable state from
its viable but non-culturable (VBNC) state, included by low-level antimicrobial stressors. These
findings highlight the importance and promise of using Al to detect pathogens at more nuanced
classification levels, such as source-specific strains or serovars. Pathogen isolates originating
from various geospatial regions may uniquely adapt to local environmental stressors, further
influencing their biological expressions (Cheng et al., 2019; Marmion et al., 2022). Integrating
these variations into Al model architectures and data pipeline is therefore an essential and
promising future direction, capable of significantly improving detection accuracy and facilitating
robust, near real-time pathogen monitoring across diverse conditions.
2.6 Conclusion

This systematic review explored the use of Al-enabled imaging techniques for pathogen
detection, highlighting notable computational advancements alongside existing challenges
related to biological methodology inconsistencies and reporting practices. Al-enabled methods
have demonstrated significant potential in enhancing classification accuracy and reducing

detection time across diverse conditions. However, critical gaps remain due to multidisciplinary
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complexities, underscoring the need for improved standardization to enhance reproducibility,
facilitate meta-analysis, and strengthen generalization. Establishing consistent laboratory
protocols (e.g., bacterial incubation conditions, imaging settings) and refining data pipeline (e.g.,
contextual data preprocessing, overfitting mitigation, class imbalance correction) are crucial for
meaningful cross-study comparisons. Additionally, the integration of Al with multimodal
imaging has further advanced pathogen detection by leveraging high-dimensional data, yet
challenges persist in optimizing feature extraction and fusion strategies. Incorporating diverse
biological variations, including stress condition studies, will be essential for enhancing model
robustness and real-world applicability. Standardizing computational benchmarks and biological
reference protocols, while integrating multimodal imaging and diverse biological contexts, will
significantly improve generalization and applicability, supporting broader adoption of Al-

enabled pathogen detection in food safety, public health, and environmental monitoring.
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CHAPTER 3: DETECTION OF VIABLE BUT NONCULTURABLE E. COLI INDUCED
BY LOW-LEVEL ANTIMICROBIALS USING AI-ENABLED HYPERSPECTRAL

MICROSCOPY!

3.1 Abstract

Rapid detection of bacterial pathogens is essential for food safety and public health, yet
bacteria can evade detection by entering a viable but non-culturable (VBNC) state under
sublethal stress, such as antimicrobial residues. These bacteria remain active but undetectable by
standard culture-based methods without extensive enrichment, necessitating advanced detection
methods. This study developed an Al-enabled hyperspectral microscope imaging (HMI)
framework for rapid VBNC detection under low-level antimicrobials. The objectives were to: 1)
induce the VBNC state in Escherichia coli K-12 by exposure to selected antimicrobial stressors,
i1) obtain hyperspectral data capturing physiological changes in VBNC cells, and iii) automate
the classification of normal and VBNC cells using deep learning image classification. The
VBNC state was induced by low-level oxidative (0.01% hydrogen peroxide) and acidic (0.001%
peracetic acid) stressors for 3 days, confirmed by live-dead staining and plate counting.
Hyperspectral microscopy provided spatial and spectral data, extracted into pseudo-RGB images
using three characteristic spectral wavelengths. An EfficientNetV2-based convolutional neural
network architecture was trained on these pseudo-RGB images, achieving 97.1% accuracy of
VBNC classification (n = 200), outperforming the model trained on standard color images at
83.3%. The results highlight the potential for rapid, automated VBNC detection using Al-
enabled hyperspectral microscopy, contributing to timely intervention to prevent foodborne

illnesses and outbreaks.

! Note: This chapter has been published in Journal of Food Protection (2025).
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3.2 Introduction

Detection of enteric pathogens is crucial for safeguarding public health from infectious
diseases, however pathogens that bypass detection cause significant challenges. Under adverse
environmental conditions, bacteria such as Escherichia coli (including EHEC strains) can enter a
viable but non-culturable (VBNC) state as a survival strategy (Oliver 2010; Pinto et al., 2015).
Various environmental stressors, such as low temperatures, pH fluctuations, salt concentrations,
and nutrient limitations, have been shown to induce the VBNC state (Oliver et al., 2010; Liu et
al., 2017; Chen et al., 2018; Li et al., 2020a). Bacteria in the VBNC state fail to grow on culture
media on which they would normally grow but remain alive and capable of renewed metabolic
activity and pathogenicity (Oliver 2000; Ramamurthy et al., 2014). In addition, previous studies
have found that processes which are normally assumed to be bactericidal may instead result in
cells entering the VBNC state (Oliver 2010). These include antimicrobial treatments and residues
such as peracetic acid in wastewater treatment or hydrogen peroxide in food packaging. (Li et al.,
2020b; Scaramuzza et al., 2020; Ao et al., 2021). Therefore, understanding and detecting VBNC
states is critical for accurate bacterial detection to improve food safety and public health.

Standard culture-based methods may vastly underestimate the occurrence of VBNC
bacteria that pose a threat to food and health safety (Oliver 2010). Despite efforts to develop
advanced molecular methods for improving VBNC detection, these methods often require
extensive sample preparation and high-quality labor, and they may face challenges with non-
viable cell DNAs (Guo et al., 2021; Pinto et al., 2015). Optical detection of VBNCs using
microscopy have shown promise, yet relying on fluorescence staining, which extends the overall
detection time (Wideman et al., 2021). The extended time to detection is a critical limitation of

bacterial detection methods, especially for products with shorter shelf lives. Thus, there is a need
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for advanced imaging techniques that can minimize sample preparation requirements while
enhancing data analysis for detecting VBNC bacteria.

Recent studies have incorporated Al into diagnostic applications for early detection,
utilizing deep convolutional neural networks (CNNs) for microscopy data analysis (Litjens et al.,
2017; Mousavizadegan et al., 2024; Chen et al., 2024). Specifically, microscopy coupled with
deep learning has demonstrated significant potential in the rapid identification of bacteria (Ma et
al., 2023; Chen et al., 2024). Moreover, when paired with advanced sensing techniques to
capture detailed imagery data, CNNs trained on lab-cultured bacteria can adapt to detect
pathogens in unseen real-world samples, highlighting the applicability of Al-enabled microscopy
when provided with sufficient information (Yi et al., 2023). Recently, hyperspectral microscope
imaging (HMI) has been implemented for pathogen detection, as it offers richer information with
spectral and spatial data of biological samples. Beyond the spatial morphological features
captured by optical microscopy, hyperspectral microscopy provides spectrochemical information
on sample constituents, intracellular components, and metabolic activity (Barzan et al., 2021;
Piqueras et al., 2011). Additionally, hyperspectral microscopy benefits from its non-invasive and
high-throughput analysis capabilities, complemented by advanced deep learning approaches that
enable accelerated and automated interpretation of abstract features extracted from its high-
dimensional data (Kang et al., 2020; Park et al., 2023a; Tao et al., 2022; Tao et al., 2023). These
advanced techniques have the potential to improve rapid detection by capturing physiological
changes in bacteria through imagery data.

The primary goal of this study was to develop a data-efficient Al-enabled hyperspectral
microscopy framework for the rapid detection of VBNC bacteria under low-level antimicrobials.

Specifically, we selected E. coli K-12 as a model bacterium and surrogate for the foodborne

63



pathogen E. coli O157:H7. The objectives were to: i) induce the VBNC state in E. coli K-12 by
exposure to low-concentration antimicrobial stressors, ii) obtain hyperspectral data capturing
physiological changes between normal and VBNC cells, and iii) automate the classification of
normal and VBNC cells deep learning image classification. As illustrated in Figure 3.1, the
overall workflow of this study includes key steps. First, the VBNC state in E. coli was induced
using low concentrations of peracetic acid (PAA) and hydrogen peroxide (H20>). Viability and
culturability of the cells were confirmed using live-dead staining and standard plate counting
methods. Hyperspectral microscopy was then employed to acquire detailed imagery data of both
normal and VBNC cells. These images were subsequently preprocessed and used for model
training and evaluation in the classification of normal and VBNC cells. This study was designed
to demonstrate the feasibility of a rapid, resource-efficient framework for detecting specific
models of stressed bacteria, i.e., VBNC E. coli under low-level antimicrobial stress. It serves as
foundational work that could lead to expanded biological validation and refined algorithms for
capturing more subtle and diverse physiological states. Overall, this study highlights the potential

of Al-enabled hyperspectral microscopy for the rapid detection of VBNC bacteria.
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3.3 Materials and methods
3.3.1 Bacterial strains and preparation of bacterial suspension

In this study, E. coli K-12 (strain MG1655, from ATCC) was selected as a surrogate for
E. coli O157:H7 due to its genetic and physiological similarities (Hu and Gurtler, 2017). The
E. coli stock cultures were maintained at 4°C on LB Lennox agar plate (Thermo Fisher,
Waltham, MA, USA). A single bacterial colony was inoculated into 9 mL of tryptic soy broth
(Difco, BD, Sparks, MD, USA) supplemented with 0.6% (w/v) yeast extract (Difco, BD) and
incubated at 37°C for 16 h. Cells in the logarithmic phase were harvested by centrifugation at
4,450 xg for 15 min at 4°C (SYTO 9, SLA-1500, Hampton, NH, USA). The cells were then
washed once in sterile 0.85% NaCl solution to remove excess culture medium residue to limit
nutrients for VBNC induction. The final pellet was suspended in sterile 0.85% NacCl for a final
concentration of 10° CFU/mL before exposure to antimicrobial stressors.
3.3.2 VBNC induction using antimicrobial stressors

E. coli suspension was subjected to low concentrations of oxidative and acid stressors to
induce the VBNC state. Using a modified version of a previously published method (Salive et
al., 2020), two stressors at low concentrations were applied: 0.01-0.1% (v/v) H20O; (Fisher
Scientific, Ann Arbor, MI, USA) and 0.001-0.1% (v/v) PAA (Sigma Aldrich, St. Louis, MO,
USA). These stressors were chosen due to their proven ability to induce a VBNC state and their
use in food processing sanitation (Li et al., 2020b; Scaramuzza et al., 2020; Ao et al., 2021; Kim
et al., 2023). To assess the effectiveness of these stressors, positive and negative controls were
included: a positive control consisting of 0.85% NaCl for live cells in a normal state (i.e.,
“normal cells” hereafter) and a negative control consisting of 100% ethanol for completely dead

cells. Based on preliminary work following the viability and culturability assays described below
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(data not shown), the final concentrations of H>O, and PAA were determined to be 0.01% and
0.001%, respectively, with an exposure period of 3 days. These stress solutions were prepared by
adding 1 mL of the bacterial suspension at 10° CFU/mL to 9 mL of either stress solution,
resulting in final concentrations of 10* CFU/mL with 0.01% H>O; or 0.001% PAA. All stress
solutions were then incubated at 4°C.

3.3.3 Viability and culturability assays

The final concentrations of H,O; and PAA used for imaging of VBNC cells were
determined based on the results of viability and culturability assays. The stressor concentrations
resulting in 100% of the population in the VBNC state were selected for further imaging. This
was defined as when fluorescence intensity indicated 50% or more viable cells (i.e., “viable”),
while no culturable bacterial colonies were detected by plating (i.e., “non-culturable™).

To monitor the viability of stressed E. coli samples over time, an aliquot was stained with
the Live/Dead BacLight Bacterial Viability Kit (L7012, Fisher Scientific), following the
manufacturer’s instructions. Briefly, the staining solution was prepared by mixing 6 pL of
3.34 mM SYTO 9 dye (green fluorescence) with 6 pL of 20 mM propidium iodide dye (red
fluorescence). This mixture was then added to 2 mL of filter-sterilized de-ionized water. To stain
the stressed E. coli samples, 100 uL of each bacterial suspension was pipetted into separate wells
of a black opaque 96-well flat bottom microplate. Then 100 pL of the staining solution was
added to each well and mixed thoroughly by pipetting up and down 5 times. The integrated
fluorescence intensity in relative fluorescent units (RFU) was collected at two different emission
ranges using a SpectraMax iD3 Multi-Mode Microplate Reader (Molecular Devices, San Jose,
CA, USA): green fluorescence (510-540 nm) and red fluorescence (620—650 nm). These

measurements were used to calculate the percent viable cells using Equation 3.1.

67



reen reen
FE"/FE

green , green  _red ,.red

FS /FN +Fg /Fp

Viable Cell (%) =

X 100 (3.1)

where Fs is the green or red fluorescence intensity of stressed cells (RFU), Fy is the fluorescence
intensity of normal cells (RFU), and F), is the fluorescence intensity of completely dead cells
(RFU). All fluorescence intensity measurements were adjusted for background fluorescence.

The culturability of each stressed E. coli sample was assessed until no culturable bacterial
colonies were detected by the standard plate counting method. At selected intervals, 100 puL. of
the bacterial suspension was neutralized in de-ionized water and was plated onto sterile tryptic
soy agar plates. A total of three serial dilutions were plated, and the plates were incubated at
37°C for 24 h. After incubation, the number of culturable colonies were counted as colony
forming units (CFU). The results were then converted to log CFU/mL, taking into account the
dilution factors. The detection limit was determined by calculating the bacterial counts
corresponding to the presence of one colony after plating (i.e., 2 log CFU/mL).

3.3.4 Statistical Analysis

One-way analysis of variance in Python Statsmodels library (Seabold and Perktold, 2010)
was used to test for significant differences (p <0.05) in viability and culturability measurements.
These assays were conducted in triplicate. Tuckey’s Honest Significant Difference test was used
to indicate significantly different values across different incubation time points within the same
treatment group.

3.3.5 Hyperspectral data collection for normal and VBNC cells

Hyperspectral data were conducted for two conditions: 1) freshly grown overnight
subcultures of normal cells and i1)) VBNC cells induced by exposure to the selected stress
condition of 0.001% PAA for 3 days. This specific condition was chosen after confirming VBNC

induction by low antimicrobial exposures, as described above, as the representative VBNC

68



condition for hyperspectral data collection. Microscope slides of bacterial cells were prepared
following a modified version of a previously published method (Park et al., 2023b). Briefly,

E. coli cells were washed three times by centrifugation at 4,450 xg for 15 min at 4°C with sterile
phosphate-buffered saline (Thermo Fisher). The final pellet was suspended in sterile de-ionized
water for a final concentration of 10° CFU/mL. Subsequently, 2 puL of the bacterial suspension
was deposited onto a sterile glass slide and allowed to air dry for 12 min at 23°C with an average
relative humidity of 42% in a biosafety cabinet. An additional 2 pL of sterile de-ionized water
was added to affix a plastic coverslip, securing the cells in place.

Our hyperspectral microscopy system comprises of an Olympus BX43 upright optical
microscope (Evident Scientific, Waltham, MA, USA) equipped with CytoViva patented
enhanced darkfield illumination optics and tungsten halogen lamp (CytoViva, Auburn, AL,
USA) and a Hinalea 4250 hyperspectral camera (HinaLea, Emeryville, CA, USA) (Figure 3.2).
The spatial resolution of the imaging system was 1936 x 1216 pixels, covering a spectral range
was 399-1,000 nm with 303 spectral bands. Imaging was performed using a 100x oil immersion
objective lens, with an exposure time of 200 ms and a gain setting of 16 dB. These parameters
were carefully chosen to maximize the signal-to-noise ratio, minimizing background noise while
ensuring optimal brightness. Hyperspectral microscopy was conducted on ten biological
replicates for normal and VBNC cells. For each biological replicate, 10 distinct regions of
interests were imaged per microscope slide, ensuring that there were no overlapping cells. A total

of 200 hyperspectral datasets (100 normal and 100 VBNC) were obtained for further analysis.
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Figure 3.2 Hyperspectral microscope imaging (HMI) system: (A) Hyperspectral camera,
(B) upright optical microscope, (C) tungsten halogen lamp, (D) enhanced darkfield illumination

optics, and (E) desktop.
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3.3.6 Data preprocessing and CNN image classification

The data pipeline for classifying normal and VBNC cells is shown in Figure 3.3. This
diagram provides an overview of how the raw hyperspectral data cubes were processed into
pseudo-RGB or standard color images, which were then classified using a CNN model. The
collected hyperspectral data were preprocessed to extract pseudo-RGB and standard color
images, which were then used for deep learning image classification to compare the effectiveness
of hyperspectral microscopy and conventional optical microscopy in VBNC detection. Pseudo-
RGB images were extracted using a modified version of a previously published automated
bacterial segmentation (Park et al., 2023b), followed by the Spectral Python (Spy) library, while
standard color images were extracted directly using Spy. The automated bacterial segmentation
code identified data points corresponding to single bacterial cells, reducing the hypercube
dimensions and providing the respective spectral profiles. Three characteristic spectral
wavelengths were then selected and mapped to the red, green, and blue channels to create
pseudo-RGB images. The extracted images were split, reserving 20% for testing and using the
remaining 80% for model training.

The pseudo-RGB images were used to discriminate between normal and VBNC cells by
training a CNN architecture based on an EfficientNetV2 variant (Tan and Le, 2021) with the
PyTorch Lightning deep learning library. The modified version of the EfficientNetV?2
architecture was employed with different combinations of standard augmentation strategies from
the Albumentations library (Buslaev et al., 2020). The pre-trained EfficientNetV2 variant was
loaded and trained on our training dataset with a total batch size of 4, using a cross-entropy loss
function. An AdamW optimizer was implemented with an initial learning rate of 0.001 and a

weight decay of 0.01. A step-based learning rate scheduler was incorporated, reducing the
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learning rate by a factor of 0.3 every 10 epochs. Early stopping applied when the validation loss
stopped improving. Model performance was evaluated on the held-out testing dataset, using a
confusion matrix to assess the accuracy of the classification. The same steps were repeated with
standard color images to compare VBNC classification based solely on cell morphology without
spectral information.
3.4 Results
3.4.1 VBNC induction by low-concentration antimicrobial stressors

E. coli K-12 cells were exposed to various concentrations of H>O; and PAA stress
solutions to induce the VBNC state. By day three, live-dead staining results indicated that both
H>O> and PAA stress solutions at specific low concentrations maintained notable viability levels
above 50% while being non-culturable by plating (Figure 3.4). Specifically, E. coli samples
exposed to 0.01% H:0: exhibited no culturable bacterial colonies after 72 h, indicating a loss of
culturability. These samples showed fluorescence intensity values of 16.3 = 1.25 x10° RFU for
green and 4.76 +7.13 x10° RFU for red, resulting in 52.11 +4.34% viable cells, confirming the
induction of a VBNC state. Similarly, E. coli samples exposed to 0.001% PAA exhibited
minimal survival with concentrations of 1.43 +1.25 log CFU/mL after 72 h. These samples
showed fluorescence intensity values of 12.5+2.62 x10° RFU for green and 7.01 +2.12
x10° RFU for red, with 46.92 + 4.35% viable cells, also indicating the induction of the VBNC
state. These stress conditions, which effectively induced the VBNC state in E. coli K-12 cells,

were subsequently selected for hyperspectral data collection.
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Figure 3.4 Viability and culturability of E. coli K-12 exposed to low-level antimicrobials: (A)
Viable cells (%) measured by live-dead staining. The data are mean values with their standard
deviations (n = 3). Different letters denote significant (p < 0.05) differences in values between
days within a treatment. (B) Culturable bacterial counts (log CFU/mL) measured by the standard
plate counting. Normal: Live cells in a normal state. H>O»: Cells exposed to hydrogen peroxide
at a concentration of 0.01% (v/v) for 3 days. PAA: Cells exposed to peracetic acid at a
concentration of 0.001% (v/v) for 3 days. Dead: Completely dead cells exposed to 100% ethanol.

The purple dotted line indicates the detection limit.
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3.4.2 Comparison of hyperspectral data of normal and VBNC cells

Following the confirmation of VBNC induction, both normal and VBNC E. coli cells
were visualized using hyperspectral microscopy to extract pseudo-RGB and standard color
images. These images were then used for VBNC classification, as illustrated in Figure 3.3,
which shows how the feature extraction in Figure 3.5 leads to the classification results presented
in Figure 3.6. As shown in Figures 3.5A and 3.5D, the hyperspectral datasets provided
hypercubes capturing distinct spectral profiles for normal and VBNC cells. These spectra were
extracted from single cells, and the average raw spectra for normal and VBNC cells showed
substantial differences across most wavelengths. Notably, normal cells exhibited higher spectral
intensities on average compared to VBNC cells. Based on these average values, three
characteristic spectral wavelengths were identified: 410, 559, and 634 nm for normal cells, and
416, 556, and 642 nm for VBNC cells, respectively. Representative pseudo-RGB images of
normal and VBNC cells are shown in Figures 3.5B and 3.5E, respectively, demonstrating higher
signal intensity compared to the corresponding standard color images shown in Figures 3.5C
and 3.5F. While the morphologies of these cells appeared qualitatively similar, their selected

spectral wavelengths exhibited different intensities per channel.
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Figure 3.5 Single-cell spectra and example images extracted from hyperspectral data for (A—C) normal and (D-F) VBNC E. coli cells.
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(—25%) of the example images were adjusted for publication clarity.
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3.4.3 CNN classification of imagery from hyperspectral data

To capture physiological changes in E. coli cells represented by their spectral profiles,
pseudo-RGB images were used to train the EfficientNetV2-based CNN architecture to
distinguish between normal and VBNC cells. As shown in Figure 3.6A, the model trained on
pseudo-RGB images achieved an accuracy of 97.1% on the held-out set of 20 testing
hyperspectral datasets. In comparison, Figure 3.6B shows that the model trained on standard
color images achieved an accuracy of 83.3% on the same testing dataset. These results highlight
the improved classification performance, particularly with VBNCs, when using pseudo-RGB

images derived from characteristic spectral wavelengths.
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Figure 3.6 Confusion matrices for the classification of normal and VBNC cells using the
EfficientNetV2 variant for (A) pseudo-RGB images and (B) standard color images extracted

from the held-out testing hyperspectral datasets.
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3.5 Discussion
3.5.1 Low-concentration antimicrobial stressors can induce VBNC state in E. coli

The oxidative and acidic stressors induced by 0.01% H>O> and 0.001% PAA led to the
entry of E. coli K-12 into the VBNC state within 72 h (Figure 3.4). This can be attributed to the
mechanisms by which each stressor affects bacterial cells. Acidic stress results in protein and
DNA damage, while oxidative stress impairs protein production (Guan and Liu, 2019; Fasnacht
and Polacek, 2021). The demonstrated induction of the VBNC state by these low-concentration
oxidative and acidic stress solutions highlights the impact of the potential mechanisms behind
VBNC induction, raising concerns about the effectiveness of commonly used disinfectants
(Oliver 2010; Robben 2018). It is noteworthy that the concentrations in this study are much
lower than those recommended for disinfection, suggesting that exposure is more likely to occur
through residues rather than direct application. Similar findings have been reported for
L. monocytogenes and Listeria spp. Exposed to low levels of benzalkonium chloride, where most
isolates acquired tolerance to low levels of this antimicrobial (Bolten et al., 2022). Additionally,
chlorination and UV radiation have been shown to induce the VBNC state in E. coli, highlighting
the potential risk associated with antimicrobial residues (Zhu et al., 2022). However, there
remains ongoing debate regarding the confirmation of VBNC viability, with some researchers
suggesting that membrane integrity-based dyes, such as those used in this study, may misidentify
non-viable cells as viable (Liu et al., 2023). While the SYTO 9 dye in the Live/Dead viability kit
is widely used to indicate membrane integrity, some viable bacteria may exclude it. Recent
perspectives emphasize the need for species-specific nucleic acid amplification and resuscitation
to more accurately confirm VBNC states (Liu et al., 2023). Future studies could integrate

additional validation techniques to improve VBNC confirmation while using hyperspectral data
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to further characterize physiological states, providing a more comprehensive analysis of VBNC
detection.
3.5.2 Hyperspectral microscopy captures physiological changes in VBNC cells as imagery
Hyperspectral microscopy allowed for detailed spatial and spectral characterization of
both normal and VBNC cells. Unlike traditional optical microscopy techniques, hyperspectral
microscopy is non-invasive and captures a spectrum for each pixel, providing a rich dataset that
includes both spatial and spectral information (Park et al., 2023a). The differences in spectral
intensities between normal and VBNC cells reflect the effects of stressors on cellular
biochemical activities. The overall lower spectral intensity observed in VBNC cells compared to
normal cells (Figure 3.5) can be attributed to the reduced metabolic activity inherent to the
survival state of VBNC cells (Oliver 2010). In contrast, it has been reported that dead cells may
exhibit much higher spectral intensities than live cells (Park et al., 2023b). This discrepancy can
be attributed to the different mechanisms underlying cell death and the induction of the VBNC
state. In the study by Park et al. (2023b), cell death was induced by autoclaving, whereas VBNC
cells in this study were subjected to sublethal stressors. While this study focused on VBNC
induction due to low-level antimicrobials, the spectrochemical signatures identified, such as
shifts in characteristic spectral wavelengths and reduced spectral intensity linked to metabolic
activity, may also reflect similar changes in VBNC cells induced by other stressors. For instance,
Izgordii et al. (2024) identified spectral bands associated with biomolecular signatures of RNA as
consistent biomarkers for detecting VBNC cells under stress conditions, including temperature,
metal, and antibiotics. These findings suggest that hyperspectral microscopy could be further
investigated to detect VBNC cells induced by a broader range of stressors through the

identification of additional spectrochemical biomarkers. Future studies could build on this
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framework by exploring how diverse stress-induced VBNC states produce unique
spectrochemical features and by integrating hyperspectral microscopy with advanced
chemometric analyses to enhance its applicability. Overall, the success of hyperspectral
microscopy in capturing physiological signals sufficient for classifying VBNC cells induced by
low-level antimicrobials suggests that this framework could be further explored and adapted for
detecting VBNCs induced by other stressors, including low temperatures, pH, high salt
concentrations, and oligotrophic conditions.
3.5.3 CNN automates the rapid detection of VBNCs from hyperspectral data

By leveraging the physiological differences between normal and VBNC cells captured in
hyperspectral datasets, this study demonstrates improved VBNC classification with pseudo-RGB
images compared to standard color images (Figure 3.6). The dual capability of hyperspectral
datasets enables accurate identification of such physiological differences, which may not be
visible with standard imaging methods that provide only morphological information. Our CNN
architecture could quickly and effectively learn patterns and features in the spatial distributions
of spectral intensities that differentiate the physiological states of bacterial cells. A key
advantage of this Al-enabled hyperspectral microscopy framework is its speed, as it allows for
imaging bacterial suspensions without the need for time-consuming enrichment steps, which
typically take additional days in conventional culture-based techniques (Foddai and Grant 2020).

Another important advantage is its ability to classify VBNC cells without requiring
specialized reagents, making it particularly suitable for resource-limited environments. Unlike
species-specific nucleic acid amplification methods, our approach leverages spectrochemical
signatures to detect VBNC cells using simple resources, such as de-ionized water, offering a

rapid and resource-efficient screening tool. This capability complements advanced molecular
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methods by offering early insights into bacterial species and their physiological states, which can
guide the selection of species-specific amplification techniques for further precise testing. Future
work could integrate this framework with molecular methods to validate consistency and
enhance the reliability of testing results. This detection framework holds strong potential for food
safety inspections, where fast and reliable detection of VBNC cells is essential to reducing the
risk of foodborne outbreaks. By enabling real-time monitoring as a primary screening tool in
food processing facilities, it allows for early pathogen detection and guides further lab testing.
This approach could prevent large-scale recalls, reduce the spread of foodborne illness, and
improve public health by addressing risks before products reach consumers.

Furthermore, the model's robustness and data efficiency were enhanced by a combination
of standard augmentation strategies that simulate variations in illumination, focusing, sensor
noise, and missing information during microscope imaging. These augmentations maximized
data diversity for effective feature extraction and led to an increase in classification accuracy
from 91.4% to 97.1% for pseudo-RGB images (data not shown). Follow-on studies may further
strengthen this framework by developing advanced augmentation techniques tailored for
hyperspectral datasets, employing domain adaptation techniques commonly used in biomedical
imaging to improve data diversity and enhance generalization of Al-enabled imaging across
different setups (Gu et al., 2019; Azizi et al., 2023).

Additionally, utilized the state-of-the-art CNN architecture, EfficientNetV2, an image
classification model selected for its high accuracy and computational efficiency. This follows the
standard progression in deep learning, where image classification models often serve as the
foundation for more advanced computer vision tasks, such as localization, quantification, and

segmentation. While our study demonstrated strong classification performance, precise
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quantification of viable cells remains a challenge compared to molecular methods, such as
propidium monoazide-quantitative polymerase chain reaction (PMA-qPCR) (Truchado et al.,
2020; Shi et al., 2022). PMA-qPCR is well-established in research for its ability to distinguish
viable bacterial cells from dead ones by targeting DNA in cells with intact membranes. Its
demonstrated utility in complex food matrices highlights its importance for food safety
assessments, where detecting viable cells is critical. In our previous work, the Faster R-CNN
object detection model was applied to quantify viable E. coli cells (Yi et al., 2023),
demonstrating the feasibility of using object detection for such tasks. Faster R-CNN, however,
predates EfficientNetV2, and we anticipate that leveraging the superior accuracy and
computational efficiency of EfficientNetV2 as the backbone for object detection could further
improve quantification performance. Extending the hyperspectral microscopy framework in this
manner could address a key limitation of the current study by enabling quantification of
individual cells while preserving the advantage of not requiring species-specific amplification.
Thus, combining quantification with VBNC detection could offer a more comprehensive
pathogen detection framework, validated through quantitative molecular techniques like PMA-
qPCR to ensure accuracy and reliability.
3.6 Conclusions

The findings of this study underscore the potential of Al-enabled hyperspectral
microscopy as a valuable tool for accurate and efficient detection of VBNCs induced by low-
concentration antimicrobial stressors. This study demonstrated that exposing E. coli to low-level
antimicrobials (0.001% PAA and 0.01% H>0O») for 3 days can induce the VBNC state,
confirming that antimicrobial residues can lead to VBNCs. By training a CNN architecture using

pseudo-RGB images from HMI, the study achieved up to 97% accuracy in classifying normal
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and VBNC cells without extended incubation time. These results highlight the potential of
automating and accelerating VBNC detection, demonstrating the applicability of integrating
hyperspectral microscopy and CNN image classification for rapid bacterial detection. Future
applications may include testing on various foodborne pathogens at different levels of
discrimination, exploring other stressors, and detecting VBNCs in real-world food samples
without the need for enrichment, offering enhanced capabilities for ensuring food safety and

public health.

Data availability

The code and extracted image datasets will be available at https://github.com/food-ai-

engineering-lab/VBNC-Detection-JFP. Future updates will be integrated into this repository.
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CHAPTER 4: RAPID SALMONELLA SEROVAR CLASSIFICATION USING AlI-
ENABLED HYPERSPECTRAL MICROSCOPY WITH ENHANCED DATA

PREPROCESSING AND MULTIMODAL FUSION

4.1 Abstract

Traditional Salmonella serovar identification involves lengthy enrichment steps using
selective media, delaying timely food safety interventions. This study presents a rapid one-step
method combining hyperspectral microscopy with artificial intelligence (Al) for detection and
identification of Salmonella serovars. Five serovars (Enteritidis, Infantis, Kentucky,
Johannesburg, 4,[5],12:1:-) were analyzed using fresh cultures placed onto glass slides and
rehydrated only with sterilized deionized water. Hyperspectral microscopy acquired 100
hyperspectral data cubes per serovar (n=500) from 6 biological replicates, from which multiple
single-cell spectra and corresponding standard color images were obtained. Two preprocessing
approaches were compared for spectral feature engineering: i) manual feature selection based on
domain knowledge, and ii) data-driven feature extraction using principal component analysis.
Classification performance of k-nearest neighbors, support vector machine, random forest, and
multilayer perceptron (MLP) was evaluated by accuracy, precision, and recall. Additionally,
multimodal fusion integrated spectral features with spatial information from standard color
images analyzed by a convolutional neural network. PCA-derived features consistently
outperformed manual feature selection, achieving highest accuracy with MLP (81.08%). A
multimodal model further improved accuracy (82.40%) while reducing overfitting. Our findings
demonstrate that Al-enabled hyperspectral microscopy accelerates Salmonella serovar
classification through enhanced data preprocessing and multimodal fusion, effectively leveraging

critical insights from high-dimensional data.
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4.2 Introduction

Salmonella is one of the most significant foodborne pathogens, with serovars that exhibit
distinct host reservoirs, pathogenicity, and epidemiological profiles, making accurate serovar-
level discrimination essential (Bell et al., 2016; CDC, 2024). The current standard for detection
and identification of Sa/monella serovars in food relies on a multi-step culture-based method
outlined in regulatory guidelines such as the Food and Drug Administration (FDA)
Bacteriological Analytical Manual (BAM). This method involves an initial 24-h non-selective
pre-enrichment, followed by a 24-h selective enrichment, and subsequent isolation on selective
agar media for an additional 24-48 h. Confirmatory serotyping via slide agglutination using O
and H antigen-specific antisera (the Kauffmann-White scheme) further extends the identification
process by 2-3 days (Daquigan et al., 2016; FDA, 2024; Patel et al., 2024). Efforts to reduce the
overall processing times have led to the development of rapid molecular detection methods,
which partially minimize the need for selective enrichment (Ranieri et al., 2013; Herrera-Leon et
al., 2007; Grinevich et al., 2024). However, these methods still require initial enrichment steps,
may detect non-viable cells, and continue to necessitate pure isolates for definitive serovar
identification (Patel et al., 2024). Additionally, robust data analysis often involves specialized
domain expertise and skilled personnel. Therefore, there remains an unmet need for a rapid one-
step method capable of simultaneously detecting and identifying viable Salmonella serovars
without extensive enrichment, thereby complementing and enhancing rapid screening
approaches.

To address these unmet needs, recent advancements in optical imaging and artificial
intelligence (AI) present promising solutions. Optical imaging techniques that leverage intrinsic

bacterial characteristics, such as scattering patterns, autofluorescence, and refractive index, allow

91



for label-free analysis, minimizing extensive sample preparation and reducing dependence on
selective enrichment process (Bhunia et al., 2022; Wang et al., 2022; McGoverin et al., 2021).
Similarly, classical microscopy-based approaches have been enhanced by image processing
algorithms that differentiate bacterial species based on observable parameters such as shape, size,
and refractive index (Franco-Duarte et al., 2019). More recently, incorporating deep
convolutional neural networks (CNNs) further accelerated the analysis of high-resolution image
data by leveraging convolutional filters to extract fine-grained spatial features and hierarchical
relationships, thus enabling simultaneous detection and identification of viable bacteria (Ma et
al., 2023; Yi et al., 2023). The integration of AI models underscores the value of spatial
relationships within image data, highlighting hidden yet informative patterns that can enhance
rapid classification of pathogens.

Hyperspectral microscopy provides an advanced optical imaging by capturing high-
dimensional data across a broader electromagnetic spectrum, significantly enhancing pathogen
classification capabilities. This non-invasive technique utilizes intrinsic bacterial light-scattering
fingerprints, offering detailed insights into biochemical, metabolic, and structural properties
beyond basic cellular morphology (Kang et al., 2020a). Historically, hyperspectral microscopy
applications primarily focused on spectral data for pathogen classification, using spatial data
mainly for identifying cellular regions of interest (ROIs) (Kang et al., 2020a, Wu et al., 2024;
Zhu et al., 2023). These studies employed various data preprocessing methods, followed by
comparative evaluations of traditional machine learning classifiers, such as random forest (RF),
support vector machine (SVM), and k-nearest neighbors (k-NN), to determine optimal algorithm.
Early studies demonstrated successful differentiation of closely related Salmonella serovars

(Eady et al., 2015; Eady & Park 2016), yet their emphasis on model optimization, rather than
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end-to-end automation, necessitated manual preprocessing steps for data quality and
interpretation. More recent advancements in Al-enabled hyperspectral microscopy have
effectively integrated spatial data through CNNs, enabling automated extraction of spatial
features and hierarchical modeling. These improvements have enhanced classification accuracy
at the species level (Kang et al., 2020; Tao et al., 2023) and facilitated discrimination of
physiological states such as viability (Park et al., 2023a) or stress responses (Papa et al., 2024).
Furthermore, some of these studies have shown that multimodal fusion of spectral and spatial
data improves classification performance. Given these promising advancements in other
pathogens, applying multimodal fusion specifically to Sa/monella serovar classification
represents a critical next step toward achieving rapid, accurate, and generalizable serovar-level
classification.

Thus, this study introduces a rapid Al-enabled hyperspectral microscopy method for the
rapid classification of Salmonella serovars with enhanced generalizability. The objectives of this
study are to 1) develop a rapid serovar classification approach requiring minimal sample
preparation without enrichment, ii) compare manual feature selection and data-driven feature
extraction approaches to optimize spectral data preprocessing, and iii) evaluate multimodal
fusion of spectral and spatial data to enhance classification accuracy and reduce overfitting. As
illustrated in Figure 4.1, our Al-enabled hyperspectral microscopy method addresses these
objectives by directly analyzing fresh overnight cultures of five Salmonella serovars (Kentucky,
Infantis, Enteritidis, 4,[5],12:1:-, and Johannesburg), without prolonged enrichment and extensive
reagents. To leverage the rich information present in hyperspectral data, the analysis employed
two parallel branches: a spectral branch and a spatial branch. Within the spectral branch, single-

cell spectral derived from hyperspectral data cubes were preprocessed using manual feature
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selection and data-driven feature extraction approaches, followed by traditional machine learning
algorithms to determine the optimal combination. In the spatial branch, standard color images
derived from hyperspectral data cubes were analyzed using a CNN. Outputs from both branches
were then integrated using prediction-level multimodal fusion. Overall, this study not only
accelerates serovar-level classification but also establishes the groundwork for automated end-to-
end pathogen classification, significantly enhancing food safety monitoring and enabling timely

interventions.
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4.3 Materials and methods
4.3.1 Data acquisition
4.3.1.1 Bacterial strains and sample preparation

In this study, a total of five Sa/monella serovars (Enteritidis, Infantis, Kentucky,
Johannesburg, and 4,[5],12:1:-) were selected due to their critical roles in food safety and public
health and obtained from the Food Safety Laboratory at Cornell University. The Salmonella
stock cultures were maintained at 4°C on LB Lennox agar plates (Thermo Fisher, Waltham, MA,
USA). Fresh cultures for data collection were inoculated into 9 mL of tryptic soy broth (Difco,
BD, Sparks, MD, USA) supplemented with 0.6% (w/v) yeast extract (Difco, BD) and incubated
at 37°C for 16 h. Cells in the logarithmic phase were harvested by centrifugation at 4,450 rpm for
15 min at 4°C (SYTO 9, SLA-1500, Hampton, NH, USA). The final pellet was suspended in
sterile de-ionized (DI) water for a final concentration of 10> CFU/mL for hyperspectral
microscopy image acquisition. Microscope slides of bacterial cells were prepared following a
modified version of a previously published method (Papa et al., 2024; Park et al., 2023a). For
each serovar, 2 pL of bacterial suspension was deposited onto a sterile glass microscope slide
and air dried for 15 min at 23°C with an average relative humidity of 43% in a fume hood. After
15 min, 1 pL of sterile DI water was added to affix a plastic coverslip, securing the cells in place.
4.3.1.2 Hyperspectral microscopy and data consistency check

Hyperspectral microscopy data collection was conducted for all five serovars following
our previously published method (Papa et al., 2024). A total of 500 hyperspectral data cubes (100
for each serovar) were acquired using an Olympus BX43 upright optical microscope (Evident
Scientific, Waltham, MA, USA) equipped with CytoViva patented enhanced darkfield

illumination optics, a tungsten halogen lamp (CytoViva, Auburn, AL, USA), and a HinalL.ea
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4250 hyperspectral camera (HinaLea, Emeryville, CA, USA). The spatial resolution of the
imaging system was 1936 x 1216 pixels, covering a spectral range of 399—1,000 nm with 303
spectral bands. Imaging was performed using a 100x oil immersion objective lens, with an
exposure time of 200 ms and a gain setting of 16 dB.

For each data collection session, three subcultures per serovar were incubated across two
independent sessions to yield a total of six biological replicates. Each subculture was allocated 3
microscope slides for data collection, serving as technical replicates. For each technical replicate,
6 distinct fields of view were imaged per microscope slide, with careful selection to prevent
overlapping cells. This approach yielded a total of 500 hyperspectral data cubes (100 per
serovar) for further analysis. Raw hyperspectral data were analyzed with the Environment for
Visualizing Images (ENVI) software (version 6.0) to ensure consistency between the dataset
within each serovar.

4.3.2 Data preprocessing and spectral feature engineering

After confirming data consistency, raw hyperspectral data were processed following the
workflow illustrated in Figure 4.1. The dataset was initially partitioned into training and testing
sets (70:30 split ratio, fixed random state = 42) to prevent data leakage during preprocessing and
ensure reproducibility. Spectral information from bacterial cells were obtained following
previously published methods. Briefly, automated segmentation of single-cell regions of interest
(ROIs) was performed using attention-gated residual U-Net (ARG2U-Net) (Park et al., 2023) to
derive average single-cell spectra. The resulting spectra were then transformed using standard
normal variate (SNV) to remove baseline effects caused by imaging conditions (Kang et al.,

2020a).
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These averaged spectral data served as inputs in the spectral branch for subsequent
comparisons between two feature engineering approaches: 1) manual feature selection and ii)
data-driven feature extraction. For manual feature selection, three characteristic wavebands
corresponding to the most intense regions near the red, green, and blue ranges across all serovars
were manually selected, following the methods in our previous study (Papa et al., 2024). For
data-driven feature extraction, principal component analysis (PCA) was applied to the training
set to reduce dimensionality by capturing the most informative linear combinations across all
wavebands, as opposed to manually selecting only three bands. PCA was implemented using the
singular value decomposition function from the Python library NumPy. Before PCA, the training
data were mean-centered, and the same mean value was used for test data transformation. The
number of principal components (PCs) was chosen to retain 99% of the original variance,
ensuring minimal information loss. The PCA transformation was fitted exclusively on the
training set and subsequently applied to the test set.

4.3.3 Machine learning classification for spectral branch
4.3.3.1 Model architectures

Four supervised machine learning algorithms were implemented in the spectral branch
using Python scikit-learn library to determine the best performing model for Salmonella serovar
classification. These included three traditional machine learning models widely used in food
safety research, ~-NN, RF, and SVM (Fong et al., 2020; He et al., 2018; Turra et al., 2017; Wu et
al., 2024; Seo et al., 2013; Maeda et al., 2018; Signoroni et al., 2018; Kang et al., 2021), as well
as a shallow multilayer perceptron (MLP) model. &-NN uses a distance-based metric to classify
data points based on their nearest neighbors. RF employs an ensemble approach, combining

multiple decision trees to improve classification accuracy and reduce overfitting. SVM classifies
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samples by identifying an optimal hyperplane to maximize the margin between different classes
in feature space. The shallow MLP model was designed to include one hidden layer containing
100 neurons with a ReLU activation function to introduce non-linearity, followed by a linear
output layer.
4.3.3.2 Model training

All machine learning models were trained using the PyTorch library for Python (Paszke
et al., 2019). Hyperparameter tuning for each model was performed via grid search and 10-fold
cross-validation. For k-NN, hyperparameter tuning optimized the number of neighbors (k), leaf
size, and distance metric (p), with a search space including k values from 1 to 4, leaf sizes from
1 to 50, and distance metrics of 1 and 2. For RF, hyperparameters optimized included tree depth,
minimum samples per split, minimum samples per leaf, and the number of features considered
for splitting. The search space included maximum depths of 10, 25, or unlimited, minimum
samples per split (5, 7), and leaf sizes (3, 5), with the number of estimators fixed at 100. SVM
was optimized with a search space that included a fixed regularization parameter (C = 1), a radial
basis function kernel, and polynomial kernel degrees of 3 and 4. Model selection was based on
classification accuracy. MLP was trained was trained for 50 epochs using the Adam optimizer
(initial learning rate = 0.001) and cross-entropy loss.
4.3.4 Multimodal spectral-spatial fusion
4.3.4.1 CNN for spatial branch

In the spatial branch, standard color images (i.e., RGB images) derived from raw
hyperspectral data were analyzed using a CNN to leverage morphological context. The standard
color images were created by combining data points at wavelengths of 620 nm (red), 550 nm

(green), and 450 nm (blue). Building on methods described by Papa et al. (2024), a modified

99



EfficientNetV2 architecture was trained using the PyTorch Lightning deep learning framework
(Tan & Le, 2021). Various combinations of standard augmentation strategies from the
Albumentations library (Buslaev et al., 2020) were applied to enhance model robustness. The
pretrained EfficientNetV2 variant (“efficientnetv2 rw_s’) was fine-tuned on the training dataset
with a total batch size of 16, using a cross-entropy loss function. Optimization was performed
using the AdamW optimizer with an initial learning rate of 0.0001 and a weight decay of 0.001,
while a step-based learning rate scheduler reduced the learning rate by a factor of 0.3 every 10
epochs. To mitigate overfitting, early stopping was implemented based on validation loss
monitored throughout each epoch.
4.3.4.2 Fusion of spectral and spatial prediction outputs

The multimodal fusion model concatenated prediction-level outputs from the best-
performing spectral machine learning model and the CNN spatial model, as shown in Figure 4.1.
Note that the output dimensions from the spatial and spectral branches differ, as EfficientNetV?2
typically outputs a prediction vector matching the number of classes (5 serovars in this case),
whereas the spectral branch outputs a vector of length 32. Thus, we modified the EfficientNetV2
model to output a length-32 feature vector that can be concatenated with the output of the
spectral branch. The resulting spectral-spatial fused vector had a length of 64. This vector was
then fed into the final classifier head, a feed-forward neural network consisting of one hidden
layer with 64 neurons, followed by an output layer with 5 neurons corresponding to the number
of Salmonella serovar classes. The fusion model was trained for 50 epochs using an AdamW
optimizer, with different learning rates for the spatial (0.0001) and spectral (0.0001) branches
and the fusion classifier head (0.001) to balance learning. The batch size, weight decay, and the

remaining training procedures and hyperparameters were the same as in Section 4.3.4.1.
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4.3.5 Model evaluation and performance metrics
Each model’s performance was assessed using classification accuracy, precision, and

recall, ensuring a comprehensive evaluation. The formulas used for evaluation were as follows:

A TP + TN 100 (4.1)
= X .
CCUracy = TP I TN + FP + FN
Precisi P 100 (4.2)
= ———— X :
recision TP n FP
Recall P 100 (4.3)
= —— X .
el = TP+ FN

where TP, TN, FP, FN are true positive, true negative, false positive, and false negative,
respectively.
4.4 Results
4.4.1 Comparison of hyperspectral data of Salmonella serovars

The results in Figure 4.2 illustrate spatial and spectral data derived from the raw
hyperspectral data cubes. Figure 4.2 shows example standard color images of a bacterial cell
from each Salmonella serovar, created by combining data points from red, green, and blue
channels. Spatially and morphologically, bacterial cells from all serovars appear visually similar
to the human eye. However, Figure 4.2 reveals clear spectral distinction by the average single-
cell spectra obtained from individual bacterial cells. Each serovar shows characteristic variations
in spectral intensity and peak wavelengths. Salmonella Kentucky exhibited a maximum intensity
of 848 at 570 nm, Salmonella Johannesburg had a maximum intensity of 1,095 at 564 nm,
Salmonella Enteritidis had a maximum intensity of 812 at 562 nm, Salmonella Infantis had a
maximum intensity of 1191 at 555 nm, and Salmonella 4,[5],12:i:- had a maximum intensity of

1159 at 553 nm.

101



Salmonella
Kentucky

Salmonella

Salmonella Salmonella Salmonella

Johannesburg

1200+

1000

800

6001

Intensity

400+

200

Johannesburg

E100

Wavelength (nm)

Figure 4.2 Hyperspectral data collected for Sa/monella serovars: (A) Example standard color

images and (B) average single-cell spectra derived from raw hyperspectral data cube.



4.4.2 Selection of the optimal classification model within the spectral branch

4.4.2.1 Influences of manual feature selection and data-driven feature extraction

Global manual feature selection was performed on the average single-cell spectra to
identify characteristic wavebands useful for Salmonella serovar classification. By analyzing
these spectra, three characteristic spectral wavebands at 499, 555, and 628 nm were identified.
These wavebands exhibited significantly higher intensity levels compared to those typically
captured by wavebands represented by standard red, green, blue channels. This observation
highlights the potential importance of these specific wavebands for differentiating among
Salmonella serovars. Additionally, data-driven feature extraction using PCA was performed on
the single-cell spectral dataset. It was found that retaining 18 principal components (PCs) was
sufficient to explain 99% of the total data variance. By selecting these 18 PCs, dimensionality

was effectively reduced without loss of critical information needed for accurate classification.

4.4.2.2 Performance comparison of machine learning models using spectral features

To identify the best-preforming model within the spectral branch, the classification
performance of machine learning algorithms were compared using both manually selected
spectral wavebands and PCA-derived spectral features. Table 4.1 summarizes the classification
accuracies obtained from each approach. When employing the three manually selected
wavebands, classification accuracies on the test sets (n = 350) for &-NN, SVM, RF, and MLP
were 60.13%, 54.05%, 59.45%, and 62.16%, respectively, with corresponding precision values
0f 60.10%, 55.99%, 58.83%, and 62.09%, and recall values of 60.13%, 54.05%, 59.46%, and
62.16%. In contrast, the use of 18 PCA-derived spectral features, which captured 99% of the
total data variance, substantially improved the performance of all models. Specifically, test-set

classification accuracies increased to 73.65%, 75.00%, 77.70%, and 81.08%, for k--NN, SVM,

103



RF, and MLP, respectively, along with improved precision values of 74.19%, 76.26%, 78.63%,

and 81.08%, and recall values of 73.65%, 75.00%, 77.70%, and 81.08%.
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Table 4.1 Impact of feature engineering on spectral data with machine learning models using

manual feature selection and data-driven feature extraction.

Spectral Accuracy (%) Precision (%) Recall (%)
features Model Train Test Train Test Train Test
Manual k-NN 67.24 60.13 67.65 60.10 67.24 60.13
selection’ SVM 55.94 54.05 58.06 55.99 55.94 54.05
RF 100.00 59.45 100.00 58.83 100.00 59.46
MLP 64.64 62.16 65.00 62.09 64.64 62.16
Data-driven k-NN 81.74 73.65 81.86 74.19 81.74 73.65
extraction” SVM 81.74 75.00 82.10 76.26 81.74 75.00
RF 100.00 77.70 100.00 78.63 100.00 77.70
MLP 99.42 81.08 99.43 81.08 99.42 81.08

IThe three characteristic spectral wavebands were manually selected based on domain
knowledge, retaining physical interpretability. ?The top 18 principal components (PCs) were
extracted through principal component analysis, representing 99% of data variance. These PCs
are linear combinations of all original spectral bands, creating abstract feature representations
optimized for variance and reducing correlation or collinearity, but lack direct physical
interpretability.
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4.4.3 Multimodal classification by fusion of spectral and spatial features

The multimodal fusion model demonstrated superior classification performance
compared to the standalone spatial and spectral models (Table 4.2). Specifically, the multimodal
approach achieved a test-set classification accuracy of 82.40%, precision of 82.40%, and recall
of 82.40%, surpassing the standalone spatial model (i.e., EfficientNetV2) accuracy, precision,
and recall of 66.44% obtained from standard color images, as well as the best-performing
standalone spectral model (i.e., PCA-MLP) accuracy of 81.08%. By integrating spectral and
spatial features, the multimodal fusion reduced classification ambiguity, especially among
serovars with overlapping spatial characteristics or subtle biochemical differences. Additionally,
multimodal fusion substantially reduced overfitting observed in standalone models, narrowing
the performance gap between training and test datasets (e.g., accuracy gap reduced from spectral-
only model: 99.42% train vs. 81.08% test, to multimodal model: 93.62% train vs. 82.40% test).
This demonstrates improved generalization and highlights the advantage of combining
complementary spectral and spatial information.

Serovar-specific classification performance is further illustrated in Figure 4.3. The
multimodal model performed particularly well for the serovar 4,[5],12:i:-, achieving the highest
classification accuracy of 97%. The lowest accuracy was observed for Infantis (73%), which was
commonly misclassified as Johannesburg. Enteritidis (81%) and Johannesburg (82%) showed
strong classification results with minimal confusion. Kentucky achieved moderate accuracy
(79%) but showed occasional misclassification with Enteritidis. These serovar-specific patterns

emphasize the model's strength as well as highlight areas requiring further refinement.
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Table 4.2 Enhanced classification through multimodal fusion of spatial data with the best-

performing model on spectral data.

Accuracy (%) Precision (%) Recall (%)
Model Train Test Train Test Train Test
Spectral only! 99.42 81.08 99.43 81.08 99.42 81.08
Spatial only? 68.22 57.33 77.78 57.33 77.78 57.33
Spectral-spatial fusion 93.62 82.40 86.43 82.40 86.43 82.40

ITPCA-MLP was selected as the best model in Table 1. 2EfficientNetV?2 variant was used as the

CNN model architecture.
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Figure 4.3 Confusion matrix results for the classification of Sa/monella serovars using the

multimodal fusion model.
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4.5 Discussion
4.5.1 Hyperspectral microscopy captures inherent differences in Salmonella serovars
Hyperspectral microscopy data in this study provided a comprehensive spatial and
spectral characterization of each Salmonella serovar, enabling the simultaneous capture of
morphological details and spectral signatures at the single-cell level. As shown in Figure 4.2, the
spectral profiles revealed distinct intensity patterns for each serovar, although the overall
variability among the serovars was relatively small compared to the differences observed
between distinct bacterial species or between bacteria of the same species in different viability
states (Park et al., 2023a; Papa et al., 2025). This limited variability highlights the phenotypic
similarities shared among Salmonella serovars, while still reflecting subtle biochemical and
structural differences that can be leveraged for classification. This aligns with previous findings
using hyperspectral microscopy with different light sources, further supporting that the captured
features reflect inherent characteristics of Sa/monella (Eady & Park, 2016a,b). In Eady & Park
2016b, they found spectral profiles of Salmonella serovars to have three distinct peaks between
400nm and 800nm while using a tungsten halogen lamp. This characteristic is consistent with
our data as seen in Figure 4.2, with 3 more subtle peaks at 446nm, 555nm, and 628nm. These
subtle differences in spectral profiles can be attributed primarily to variations in the surface
structures of each serovar, such as differences in lipopolysaccharide composition, outer
membrane proteins, and other cell envelope components (Andino & Hanning, 2015; CDC,
2020). Such molecular differences influence the way each serovar interacts with incident light,
leading to distinct spectral signatures (Park et al., 2016; Zheng et al., 2021). Additionally, a

serovars’ places of origin, whether environmental, clinical, or food-related, may contribute to
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variations in surface chemistry and morphology, further affecting their spectral characteristics
(Buncic et al., 2002; Ferrari et al., 2019; Khan et al., 2024).
4.5.2 Data-driven feature extraction outperformed manual feature selection in spectral
data representation for classification

The results of this study demonstrate that data preprocessing plays a crucial role in
preparing the hyperspectral microscopy data for accurate Salmonella serovar classification
(Table 4.1). The high dimensionality and complexity of hyperspectral datasets often introduce
challenges such as noise, redundancy, and irrelevant information, all of which can negatively
impact the performance and accuracy of Al models (Jia et al., 2024; Signoroni et al., 2019; Wang
et al., 2020). To overcome these challenges, effective preprocessing techniques such as
normalization and dimensionality reduction are essential (Ramirez Rochac et al., 2019; Alimi et
al., 2023). Normalization ensures that variations in data scales do not bias the classification
process, while noise reduction techniques help remove unwanted spectral variations that could
obscure meaningful patterns (Yao & Lewis, 2010; Cao et al., 2017; Vaddi & Manoharan, 2020).
Dimensionality reduction methods, such as PCA, are particularly important for hyperspectral
data, as they enable the extraction of the most important features while discarding redundant or
irrelevant spectral bands (Rodarmel & Shan, 2002; Datta et al., 2017). These preprocessing steps
ensure that only the most relevant spectral features are retained, thereby improving classification
accuracy and model generalization.

In our study, while manual feature selection based on domain expertise successfully
achieved accurate classification among hyperspectral microscopy data of E. coli in different
physiological states in our previous study (Papa et al., 2025), a similar approach resulted in lower

classification accuracies for Salmonella serovar classification when applied to spectral data, as
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shown in Table 4.1. The reduced performance can be attributed to the limited spectral
information retained by selecting only three bands, which may not capture the subtle yet critical
differences among the serovars. Manual feature selection can also introduce bias, potentially
overlooking spectral regions that contribute significantly to classification when analyzed
collectively. Although this approach reduces computational and data storage demands, it risks
discarding spectral information that could differentiate serovars. This reliance on a small subset
of the spectral data can lead to suboptimal performance, as subtle differences may span multiple
wavelengths outside the chosen bands. This concept is similar with hyperspectral imaging at the
macroscale. In Tonskin et al., 2017, they found that feature selection based on their High
Dimensional Model Representation outperformed other feature selection algorithms such as Chi2
and Fisher.

In contrast, data-driven feature extraction using PCA substantially improved
classification performance, as shown in Table 4.1. These improvements demonstrate that PCA
effectively captures the most informative spectral patterns and relationships that may not be
apparent through manual feature selection. The superior performance of PCA-based
preprocessing highlights the importance of data-driven feature extraction methods in
hyperspectral data analysis (Rodamel & Shan, 2002; Eady et al., 2015). Using hyperspectral
images at the macroscale, Rodamel & Shan 2002 concluded that using the most important bands
from PCA resulted in high classification rates and lower computation time. Eady et al., 2015
showed that hyperspectral microscope images processed with PCA resulted in classification
accuracies above 90%. By leveraging statistical techniques to identify and retain the most
informative components, PCA offers a systematic and unbiased approach to capturing the

underlying spectral complexity of bacteria while allowing machine learning models to focus on
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relevant features, leading to enhanced classification performance. Overall, these findings align
with broader research showing that analytical decisions, including the choice of preprocessing
methods, can significantly influence model outcomes. Variations in preprocessing such as
normalization, noise reduction, and baseline correction directly affect feature selection and,
consequently, classification performance (Gould et al., 2025). Therefore, selecting appropriate
preprocessing techniques is essential to ensure that classification results reflect true biological
variation rather than artifacts of data handling.
4.5.3 Multimodal fusion of spectral and spatial features reduces overfitting and improves
serovar classification

The improved performance of the multimodal fusion model highlights the value of
leveraging multiple feature types in high-dimensional hyperspectral microscopy data. In our
model, spatial and spectral feature vectors were combined to capture a more comprehensive
representation of each Salmonella serovar, resulting in more accurate predictions with reduced
overfitting on the training dataset (Table 4.2). Spatial data captures morphological
characteristics, while spectral data provide rich biochemical information (Imani & Ghassemian,
2020). Spatial data, derived from the structural aspects of hyperspectral images provide critical
insights into cell morphology and patterns related to cellular structure. These morphological
characteristics are highly effective for distinguishing microorganisms that exhibit clear physical
differences. On the other hand, spectral data independently provide powerful biochemical
fingerprints of biological samples (Li et al., 2024). By analyzing how samples scatter light across
303 spectral bands, spectral data reveal variations in chemical compositions (Eady et al., 2015;
Eady & Park 2016a). These biochemical signatures are especially useful for differentiating

between Salmonella serovars that are morphologically similar but biochemically distinct.
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However, while both spatial and spectral features individually contribute significantly to
classification performance, their combination yields even better results. In Liu et al., 2021, the
use of spectral and spatial features to classify Bacillus megaterium and Bacillus cereus resulted
in classification accuracies above 95% with different machine learning models. Additionally,
other studies in spectral-spatial fusion have explored CNNs and transformer-based architectures
to improve generalization, demonstrating that leveraging both spatial and spectral information
leads to higher classification accuracy and better adaptation to unseen variations (Kang et al.,
2020b; Praveen & Menon, 2021). Kang et al., 2020b combined LSTM, ResNet, and a 1D-CNN
to create Fusion-Net that process hyperspectral data and resulted in a 98.4% classification
accuracy. Praveen & Menon 2021 utilized Gabor filtering with a 3D-CNN to classify
4.6 Conclusion

This study demonstrates that hyperspectral microscopy, combined with Al-driven
analysis, provides a rapid, one-step method for accurate Salmonella serovar classification. By
capturing both spatial and spectral features, hyperspectral microscopy enables a comprehensive
characterization of microbial differences, utilizing both morphological and biochemical
signatures. The findings also confirm that data-driven feature extraction compared to expert
feature selection, greatly improves classification accuracy by preserving critical spectral
information while also reducing the dimensionality of the data. The integration of spatial and
spectral modalities through multimodal fusion improved generalization and reduces overfitting,
ensuring robust classification of serovars with subtle biochemical or morphological differences.
This fusion-based approach outperformed traditional machine learning models, reinforcing the
value of multimodal hyperspectral analysis in pathogen detection. The ability to perform non-

invasive, high-throughput classification in a single analytical step highlights the potential of this
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method for real-time food safety monitoring, offering a scalable and efficient solution for

microbial identification in complex environments.

Data availability
The code and data will be made available in a public repository at

https://github.com/food-ai-engineering-lab upon publication. Future updates will be integrated

into this repository.
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CHAPTER 5: CONCLUSIONS AND FUTURE WORK

This study successfully developed an Al-enabled hyperspectral microscopy framework
capable of classifying pathogens, accounting for subtle biological variations in microbial
physiology and the nuanced differences among closely related serovars. Chapter 2 initially
identified critical research gaps in Al-enabled imaging for pathogen detection under diverse
conditions. These gaps included a lack of integrated reporting of standardized laboratory
protocols and data pipelines and limited research addressing stressed pathogen detection.
Additionally, recent advancements in multimodal imaging were highlighted as promising areas
for future exploration. To address these identified gaps, research chapters in this work advanced
beyond conventional image classification techniques by establishing an optimized and
reproducible laboratory protocol specifically tailored for microbiological sample preparation.
This ensured consistent, high-quality hyperspectral data acquisition from viable bacteria.
Moreover, multiple data processing strategies were evaluated, ranging from manual feature
selection to advanced data-driven feature extraction, as well as multimodal fusion approaches.

In Chapter 3, the laboratory protocol was meticulously optimized to consistently capture
high-quality hyperspectral data reflecting stressed physiological state of E. coli. Results
demonstrated successful induction of the VBNC state using low-level antimicrobial stressors,
with distinct spectral profiles observable between normal and VBNC cells. The optimized
protocol involved minimal sample preparation, using sterilized DI water without selective media
or additional reagents. Utilizing hyperspectral pseudo-RGB composites and a state-of-the-art
deep CNN model (i.e., EfficientNetV2), VBNC and normal cells were classified with 97.1%
accuracy, outperforming the 83.3% achieved with standard color images alone. This

improvement highlights the enhanced pathogen detection capability achieved through selection
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of characteristic wavebands enabled by hyperspectral microscopy. Overall, these results confirm
the successful establishment of an Al-enhanced hyperspectral microscopy framework for rapidly
detecting microbial stress-induced physiological states.

Chapter 4 further expanded on the laboratory protocol from Chapter 3, exploring
advanced data processing pipelines for another type of subtle biological variation, i.e., serovar
classification of Sal/monella spp. To fully leverage the rich information present in hyperspectral
data, the data pipeline employed two parallel branches: 1) a spectral branch, obtaining single-cell
spectra from raw hyperspectral data, which were preprocessed and analyzed using machine
learning algorithms; and ii) a spatial branch, applying the CNN (i.e., EfficientNetV2) to standard
color images. Within the spectral branch, manual feature selection was directly compared with
data-driven feature extraction method (i.e., PCA). Subsequently, the outputs of both branches
were combined through prediction-level multimodal fusion for comprehensive data analysis.
This multimodal approach enabled accurate classification of Salmonella serovars (i.e., Kentucky,
Johannesburg, Infantis, Enteritidis, and 4,[5],12:1:-) with up to 82.40% accuracy, even using
minimal sample preparation as in Chapter 3. Data-driven feature extraction outperformed manual
feature selection in terms of accuracy, precision, recall, and multimodal fusion further enhanced
classification performance while mitigating overfitting. Overall, this demonstrates that data-
driven preprocessing coupled with multimodal fusion allowed for improved Salmonella serovar
classification.

For future work, several critical areas should be explored to enhance the accuracy,
reliability, and practical applicability of Al-enabled hyperspectral microscopy in pathogen
classification. One essential step is to perform direct comparative studies of hyperspectral

microscopy with conventional detection method (i.e., culture-based) and advanced molecular
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method (e.g. PCR and qPCR). Such comparisons will help establish clear performance
benchmarks and validate efficacy of Al-enabled microscopy methods. Additionally, exploring
more sophisticated Al and machine learning algorithms, such as physics-informed neural
network, multi-task learning, and generative models, can further improve classification
performance, particularly in distinguishing closely related serovars and identifying pathogens
under various stress conditions. Extending this technology into complex food matrices also
represent a critical area for future development. Detecting pathogens in food and food processing
environments presents significant challenges due to inherent background noise and sample
heterogeneity. Future efforts should aim to develop frameworks for near real-time pathogen
detection and refine data pipelines specifically to manage the complexities of food samples
effectively. Additionally, integrating hyperspectral microscopy with affordable and accessible
imaging modalities, such as standard color imaging or conventional light microscopy, offers
substantial potential through domain adaptation and transfer learning. Leveraging insights gained
from high-resolution hyperspectral data to develop simplified image-based models could
significantly improve pathogen detection performance while expanding the practicality and cost-

effectiveness of Al-enabled imaging solutions.
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