Al-Enabled Imaging for Pathogen Detection Under Stress Conditions: A Systematic Review
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Introduction

= Pathogen detection is critical in food safety, but challenged by
sample complexity, stress-induced variability, and limitations of
traditional methods.

Methods

Search Strategy (Key Terms — Synonyms)
= Artificial Intelligence — machine learning, deep learning
= Pathogen — microbe, microorganism, microbial, microbiological, bacteria,

Articles identified through database
search, Total n = 3,527

PubMed (n = 388)
IEEE (n = 1,199)

= Artificial intelligence (Al)-enabled imaging offers new

= Extraction: Predefined items based on PRISMA-P guidelines (e.g., - Non-bacterial samples
biological sample preparation, Al-enabled analyses, performance metrics). (n = 10)

= Risk of Bias: Assessed with adapted QUADAS-2 across 4 domains * No AlI/ML (n = 4)
(pathogen selection, index test, reference standard, flow/timing). * Not original study (n = 2)

= Synthesis: Qualitative; meta-analysis not performed due to heterogeneity.

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?

Results Conclusions

There is no one-size-fits-all algorithm for Al-enabled pathogen classification:

» Rather than searching for a “best” model, effective performance requires context-aware
optimization of both preprocessing workflows and model architectures, particularly in
multimodal imaging where tailored processing is critical.
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Fig. 1. Flow diagram illustrating article screening & selection process

See handout for selected extraction tables (from master’s thesis; manuscript under review).

Risk of Bias Across Included Studies (n = 28)

1. Bacterial strains diverse?
Al modeling accelerates and automates pathogen detection:

2. Bacterial strains commonly available and replicable’ » Several studies reported high classification accuracy using bacterial samples incubated for <24

3. Bacteria from a controlled source? h, highlighting Al's potential for rapid detection.
4. Index test interpreted without knowledge of reference standard? Al enhances multimodal imaging capabilities:
o _ = Robust preprocessing techniques are essential for extracting meaningful biological signals and
5. Data preprocessing implemented dynamically? improving classification performance from high-dimensional multimodal data.
6. Data split and final data size explained? Emerging applications for detecting stressed pathogens:
7. Reference standard likely to classify bacterial samples? = 3 inclgded studies showed that A_I-enab!ed imaging can distingu!s_h pathogens in stressed or
non-viable states, beyond conventional viable and culturable conditions.2

Challenges identified in this systematic review:
» |nconsistent biological protocols, limited reproducibility, and lack of standardized reporting.

10. Bacterial samples in a consistent status before tests? = These findings highlight the need for both biological and computational benchmarks, along with
unified reporting standards, to improve reproducibility and enable cross-study comparison.
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