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Keywords: Aspergillus flavus is a major cause of post-harvest losses in maize and peanuts through aflatoxin B; (AFB,)
Aspergillus flavus contamination, highlighting the urgent need for sensitive and scalable early detection strategies. In this study, we
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quantitative prediction of infection stages and AFB, levels. XGBoost consistently achieved superior performance
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our previous biosensors constructed from 14 general stress-responsive promoters revealed that the novel bio-
sensors based on 8 new transcriptome-guided promoters yielded markedly higher predictive accuracy, particu-
larly under external validation conditions. Feature importance analysis revealed that early host responses,
including transcriptional regulation and biofilm formation, served as key predictive features, thereby providing
mechanistic interpretability not attainable with conventional optical or chemical assays. Together, these findings
establish a biologically informed, non-invasive, and cost-efficient biosensing platform that integrates promoter-
level transcriptomic insights with ensemble learning, offering a versatile approach for real-time aflatoxin risk
assessment and scalable food safety monitoring across diverse agroecosystems.

1. Introduction

Mold contamination, particularly the presence of mycotoxins, poses
a significant threat to the food safety and quality of grain and oil
products, impacting both exporters and manufacturers worldwide [1].
Considering the vast scale of global cereal production, estimated at 2854
million tonnes with stocks of 894 million tonnes in 2024 [2], safe-
guarding this supply is critical. However, this production is challenged
by the pervasive issue of mycotoxins, which affects approximately 25 %
of food crops worldwide, highlighting the urgent need for effective
monitoring and management strategies. Among the various mycotoxins,
aflatoxin B; (AFB;), produced by the pathogen Aspergillus flavus, stands
out as a particularly concerning human carcinogen [3]. This fungus
threatens crops like peanuts and maize and proliferates under diverse
environmental conditions, causing substantial economic losses. The
ability of A. flavus to produce AFB; under various conditions makes
contamination pervasive and difficult to prevent, further underscoring
the need for robust strategies against mold contamination to safeguard
the global food supply.

The stark economic consequences of mycotoxin contamination, such
as the high rejection rates of agricultural crop shipments and exacer-
bated food and feed loss, motivate the present research. Between
January 2021 and March 2022, the Rapid Alert System for Food and
Feed (RASFF) reported 290 serious cases of mycotoxin risks in food and
feed in Asia, with the shipments predominantly rejected for exceeding
the EU limit of 10 pg/kg for AFB; in feed [4]. Consequently, the
development of early detection approaches and risk prediction models
to identify effective intervention strategies has garnered significant
attention [5]. Accurate, rapid, and early detection of mold infection
during storage is crucial for implementing timely measures to reduce
food losses and establish predictive infection models, thereby mitigating
the economic and health impacts of mycotoxins.

Conventional detection methods, such as visual examination,
culturing and plating methods, and isozyme analysis, which rely on
morphological, microbiological, and biochemical identifications, have
long been the foundation of mold detection [6]. However, these methods
are often slow and lack specificity. More advanced laboratory tech-
niques, including DNA-based methods like PCR [7-9] and antigen-based
assays like enzyme-linked immunosorbent assay (ELISA) [10], offer high
sensitivity and specificity. Nevertheless, they are labor-intensive,
time-consuming, and not suitable for real-time or large-scale moni-
toring [11]. This has driven interest in non-invasive approaches. In
contrast, these alternatives that leverage spectroscopic-based methods,
electronic noses (E-noses), and colorimetric sensors, that are integrated
with machine learning models, have emerged as promising alternatives.
Machine-learning models can analyze the data collected by these sen-
sors, enabling continuous monitoring of crops. This integration effec-
tively overcomes the labor-intensive and time-consuming issues of
lab-based methods and the lack of real-time monitoring ability of
traditional methods [12,13]. These innovative strategies address the key
limitations of traditional and lab-based methods, offering more efficient
and scalable solutions crucial for timely intervention and safeguarding
the food supply chain.

Recent advancements have highlighted the potential of volatile
organic compounds (VOCs) emitted from infected crops as valuable

indicators of mold presence, with specific VOCs identified as biomarkers
for A. flavus infection in crops such as maize and peanuts. These VOCs
enable the development of sensors for early detection, thus offering a
promising approach for preventing crop spoilage. However, conven-
tional detection methods, including gas chromatography and E-noses,
often face challenges in terms of portability, high costs, and the need for
specialized technical expertise [14]. Given the limitations of conven-
tional detection methods, researchers have turned their attention to
alternative solutions, among which whole-cell biosensors show great
promise. To overcome these limitations, the integration of whole-cell
biosensors presents a cost-effective and adaptable solution for moni-
toring A. flavus infections. These biosensors, which can be engineered to
selectively detect specific VOCs, offer the advantage of being incorpo-
rated into portable devices and integrated into smart monitoring sys-
tems, making them suitable for on-site, real-time monitoring and
decision-making [15].

Recent studies have shown that whole-cell biosensors can predict
early spoilage events in fungi-infected postharvest commodities, such as
maize, peanuts, potatoes, and grape berries, by sensing headspace VOCs,
demonstrating their viability for practical agricultural applications
[16-18]. These biosensors are developed by identifying key sensing
promoters through transcriptomic analysis of liquid cultures of
free-living E. coli cells exposed to infection-related VOC signatures,
followed by immobilization of the cells in calcium alginate microbeads,
which promotes biofilm formation [19]. Coupling these biosensors with
various machine-learning classification models, including Neural Net-
works (NN), Support Vector Machines (SVM), and Random Forests (RF),
have shown high prediction accuracy [16,17]. However, the charac-
teristic VOCs associated with spoilage are often context-dependent,
varying with factors such as substrates, storage conditions, and micro-
bial species. This variation in complex VOC profiles limits the ability of
biosensors to reflect the spoilage process [20]. Furthermore, using liquid
cultures of free-living E. coli cells to identify potential promoters does
not replicate the real conditions of immobilized cells in a biofilm state.
Additionally, machine-learning classification models provide a binary
"yes" or "no" signal, which fails to capture the degree of mold contami-
nation or AFB; production.

To overcome the limitations of our previous binary classification
approach—specifically, its reliance on non-specific promoters and lack
of quantitative detail—we propose a transcriptome-guided RNA-seq
strategy. This method will identify highly responsive promoters in so-
dium calcium-immobilized E. coli, mimicking their state in real appli-
cations, when triggered by VOCs from A. flavus-infected agricultural
substrates. We will integrate these promoters into a whole-cell biosensor
array, utilizing calcium alginate immobilization to enhance cell stability
and gas diffusion for improved VOC sensing. This array will be paired
with advanced ensemble regression and classification machine learning
models, such as CatBoost, RandomForest, Extreme Gradient Boosting
(XGBoost), SVM, Sparse Partial Least Squares Discriminant Analysis
(SPLSDA) and Stochastic Gradient Boosting (SGB) [21-23], to enable
dynamic, time-resolved monitoring of fungal contamination across
multiple time points. The prediction accuracy will show strong corre-
lation with total mold count and AFB; levels. This integrated
biosensor-machine learning system offers a promising strategy for reli-
able, early fungal contamination monitoring in agricultural diagnostics
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and food safety.
2. Materials and methods
2.1. Strains and materials

Two aflatoxigenic strains of A. flavus were used in this study: the
reference strain NRRL 3357 was stored in our lab, and a second strain
was isolated from peanut soil and maintained in our laboratory. Both
strains were cultured on potato dextrose agar (PDA) for routine propa-
gation. For plasmid propagation and whole-cell bioreporter construc-
tion, E. coli DH5a and BL21 strains, procured from Ruibio Biotech in
Beijing, China, were employed and cultivated in Luria-Bertani (LB)
medium supplemented with 100 pg/mL ampicillin from Solarbio in
Beijing, China, at 37 °C with agitation at 180 rpm. The parental plasmid
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PGEN-luxCDABE, essential for the construction of bioluminescent bac-
teria, was generously provided by Harry Mobley (Addgene plasmid #
44918). Shelled peanuts and maize kernels were purchased from a local
supermarket in Beijing, China. Restriction enzymes Pmel and SnaBI for
plasmid double digestion and T4 DNA ligase for ligation were obtained
from New England Biolabs (Beijing, China). The 2 x Tag PCR Mix was
purchased from Tiangen Biotech (Beijing, China), and primers for pro-
moter cloning were synthesized by Sangon Biotech (Beijing, China). For
DNA purification, the HiPure Gel Pure DNA Mini Kit was sourced from
Magen Biotechnology (Guangzhou, China). Sodium alginate powder
was procured from Solarbio Life Sciences (Beijing, China). Lastly, flat
bottom 96-well white and transparent polystyrene microplates were
acquired from Corning (Shanghai, China) for experimental assays.
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Fig. 1. Analysis of gene expression of immobilized E. coli in calcium alginate beads in response to the VOCs from A. flavus infected maize and peanuts. (a)
Schematic representation of immobilized E. coli within calcium alginate beads co-cultured with A. flavus -infected maize and peanuts within a sealed environment. (b)
Venn diagram illustrating the overlap and uniqueness of differentially expressed genes in E. coli in response to VOCs emitted by A. flavus-infected maize and peanuts.
The sets are defined as follows: Maize_Upregulated (upregulated genes in response to VOCs from infected maize), Maize_Downregulated (downregulated genes in
response to VOCs from infected maize), Peanut_Upregulated (upregulated genes in response to VOCs from infected peanut), and Peanut Downregulated (down-
regulated genes in response to VOCs from infected peanut). (c) Volcano plot depicting the differential expression of genes in maize. (d) Volcano plot illustrating the
differential expression of genes in peanuts. Note: the criteria for DEGs are defined by an absolute log,FC greater than 1 and an adjusted p-value less than 0.05.
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2.2. Infection of peanuts and maize by A. flavus

Before A. flavus infection, the water activity of peanut and maize
kernels was adjusted to ~0.90. Five grams of kernels were surface dis-
infected by immersion in 80 % (v/v) ethanol for 10 s, rinsed with
distilled water, soaked in 5 % (v/v) sodium hypochlorite for 15 min,
rinsed three times, and air-dried for 30 min. The kernels were then
inoculated with 500 pL of 1 x 10° conidia/mL suspension, placed on
Petri dishes, and incubated at 28 °C for symptom monitoring or VOCs
analysis with the whole-cell biosensor array.

2.3. Bacterial cultivation, immobilization, and exposure to volatile
compounds

The E. coli strain BL21 was initially cultivated in LB medium over-
night, followed by a subculture into fresh LB medium for a further 3 h at
37 °C with constant agitation at 220 rpm. The cells were encapsulated in
1.5 % calcium alginate by mixing the suspension with alginate and
extruding the mixture dropwise into 0.1 M CaCl,, as previously
described [17]. The resulting beads were placed in a controlled chamber
and exposed for 2 h to VOCs emitted from corn and peanut kernels
inoculated for 2 days (Fig. 1la). After exposure, the beads were
flash-frozen in liquid nitrogen to preserve cell integrity.

2.4. Liberating immobilized E. coli cells from calcium alginate beads for
RNA extraction

E. coli cells immobilized within calcium alginate beads were first
ground to a fine powder using a mortar and pestle, with the aid of liquid
nitrogen. Following grinding, the powdered beads containing E. coli cells
were liberated using a chemical dissolution method. Specifically, the
beads were treated with a solution of 0.1 M ethylene diamine tetraacetic
acid (EDTA) [24] and 0.2 M sodium citrate [25] for a duration of 10 min
to dissolve the calcium alginate matrix. This treatment facilitated the
release of the bacterial cells while maintaining their integrity. Following
the dissolution, the mixture was filtered through sterilized filter paper to
remove any undissolved alginate pellets, ensuring a clean separation of
the bacterial cells from the matrix debris. The filtrate, enriched with
liberated E. coli cells, was subjected to centrifugation to pellet the bac-
terial cells. The supernatant was discarded, and the bacterial cell pellet
was carefully collected for subsequent RNA extraction procedures.

2.5. mRNA sequencing and bioinformatic analysis

Total RNA was extracted, according to the protocol provided in SV
Total RNA Isolation System (Promega, Madison, Wisconsin, USA), fol-
lowed by ribosomal RNA depletion using MicroExpress kit (Ambion,
Thermo Fisher Scientific) to acquire purified mRNA. Subsequently,
fragmentation buffer was added to randomly break the obtained mRNA
into short fragments, and a library was constructed according to the
strand-specific library preparation method [26]. After the library quality
check, different libraries were pooled based on the required effective
concentration and target sequencing data volume and then proceeded to
Illumina sequencing by Novogene (Beijing, China).

The raw sequencing data were subjected to stringent quality control
using FastQC v0.11.9 and Fastp v0.23.4 to remove contaminants and
low-quality reads, ensuring that only high-confidence data proceeded to
downstream analyses. The filtered reads were aligned to the E. coli K-12
MG1655 reference genome (BioProject: PRJEB37847) using the Bowtie2
v2.5.1 software with default alignment parameters, which offers ultra-
fast and memory-efficient alignment with support for gapped, local, and
paired-end alignment modes. This makes Bowtie2 particularly suitable
for aligning reads to long reference sequences and provides superior
performance in terms of speed and memory usage compared to other
tools like BWA. Post-alignment, gene-level quantification of mapped
reads was conducted using the featureCounts function within the
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Subread package v2.0.8. FeatureCounts is highly accurate and efficient
in summarizing mapped reads at the gene or transcript level, and it
provides flexibility in handling multi-mapping reads and various
annotation formats. It is also significantly faster and more memory-
efficient than alternatives like htseq-count. For differential expression
analysis, DESeq2 v1.34.0 was employed to identify differentially
expressed genes (DEGs) between the experimental and control condi-
tions, applying a threshold of adjusted p-value < 0.05 and absolute
value of log, fold change being greater than 1 as criteria for significance.
To further explore the functional implications of the DEGs, gene
ontology (GO) enrichment analysis was performed using the cluster-
Profiler package v4.4.0.

2.6. Construction of promoter-reporter plasmids

Promoters of target genes were obtained from the BioCyc database
(https://biocyc.org/). Each promoter region, defined as approximately
300 bp flanking either side of the core promoter sequence, was ampli-
fied via PCR using specific primers designed for each sequence
(Table S1, Supplementary Information). The amplified promoter frag-
ments were inserted upstream of the luciferase operon in the pGEN-
luxCDABE plasmid to create recombinant reporter plasmids. Plasmid
construction involved the double digestion of both the purified promoter
amplicons and the pGEN-luxCDABE vector with Pmel and SnaBI re-
striction enzymes. Digested products were purified and subsequently
ligated using T4 DNA ligase. The resulting recombinant plasmids were
transformed into E. coli DH5a competent cells following the trans-
formation protocol previously established [16]. Transformants were
selected on LB agar plates supplemented with 100 pg/mL ampicillin.
Positive transformants were confirmed by colony PCR and sequencing,
and bioluminescent activity was assessed using a microplate reader to
ensure proper expression of the luciferase operon.

2.7. Immobilization of bioluminescent cells and assembly of whole-cell
biosensor array

Each confirmed bioluminescent E. coli strain carrying a distinct
promoter-reporter construct, was immobilized in calcium alginate as
described in Section 2.3. The immobilized cells were then dispensed into
the wells of a 96-well microplate, producing a biosensor array for
simultaneous multiplex detection.

2.8. Exposure to VOCs and bioluminescence measurement

The whole-cell biosensor array monitored volatile emissions from
A. flavus-infected peanut and maize kernels at 0, 1, 2, 3, 4, 5, 6, and 7
days post-inoculation, as described in Section 2.3. The 96-well plates
were arranged in a sealed chamber to facilitate headspace exposure to
VOCs without direct contact between the samples and biosensor cells.

Bioluminescence signals were recorded at 0, 1, 2, 3, 4, and 5 h after
exposure using a microplate reader. These measurements captured the
dynamic response of each promoter over time. Multiple independent
experiments were conducted, resulting in 258 valid observations per
A. flavus strain.

2.9. Calculation of induction factors

To identify the most responsive luminescent whole-cell biosensors to
VOCs emitted by A. flavus-infected peanut and maize kernels, the in-
duction factor (IF) was employed as a key metric for comparative
analysis.

The induction factor was calculated in two main steps for each
whole-cell biosensor across all tested time points: The bioluminescence
value obtained from the biosensors exposed to VOCs from infected
samples was divided by the bioluminescence value from the same bio-
sensors exposed to control (uninfected) samples. This ratio provided a
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measure of the relative response of the biosensor to infection-induced
VOCs at each time point.

(1) Ratio= Bioluminescence (infected sample) / Bioluminescence
(control sample)

The induction factor (IF) was defined as the highest ratio
recorded for each biosensor across all measurement times,
reflecting the peak bioluminescent response to VOC exposure. IF
was calculated as follows:

(2) IF = max {Ratio at 0, 1, 2, 3, 4, 5 h}.

These IF values were then used as input features for the regression
models and to compare biosensor performance across treatments. To
select the most responsive luminescent cells, the calculated induction
factors for all biosensors were compared. Biosensors with higher in-
duction factors were considered more sensitive and effective in detect-
ing VOCs from A. flavus-infected samples. This approach facilitated the
identification of optimal whole-cell biosensors for subsequent analysis
and potential applications in the detection of fungal contamination in
food products.

2.10. Analysis of AFB; production

AFB; in peanuts and maize samples was extracted and purified with
the ToxinFast immunoaffinity column according to the protocol (Huaan
Magnech, Beijing, China). Waters Alliance 2690 high-performance
liquid chromatography (Waters, United States) with a reversed-phase
C18 column (4.6 mm x 250 mm, 5 um) was used to analyze the con-
centration of AFB;. A photochemical derivator was added for the
detection of AFB;. The mobile phase of AFB; was 70 % methanol. The
excitation and emission wavelengths of AFB; determination were
360 nm and 440 nm. The mobile phase flow rate was 1 mL/min.

2.11. Development of machine-learning regression models for infection
staging and AFB; estimation

In this study, data for constructing and validating predictive
regression models were generated using two distinct aflatoxigenic
A. flavus strains, cultured under controlled laboratory conditions. A total
of 258 valid observations were collected from multiple independent
experimental replicates for each A. flavus strain, with each observation
comprising bioluminescence intensity measurements from a panel of
whole-cell biosensors and corresponding biological parameters. For
model development, data obtained from the first strain were randomly
partitioned into a training set (60 %) and an internal testing set (40 %)
using a stratified sampling approach. The entire dataset from the second
strain was subsequently employed as an independent external validation
set to rigorously assess model generalizability across diverse biological
backgrounds. Two continuous response variables were defined for pre-
diction: (i) infection stage, quantified as days post-inoculation (dpi;
range: 0-7), and (ii) AFB; concentration. The primary input feature set
consisted of bioluminescence intensities derived from 8 promoter-
responsive elements (dkgB, yiaG, hipB, yeeN, ygcF, frC, elfA, and evgA),
which were initially identified through comprehensive transcriptomic
screening. Additionally, for comparative analysis and to evaluate the
predictive capacity of established biosensor components, biolumines-
cence intensities from 14 previously characterized promoters (pspA,
soxS, grpE, dnaK, fabA, glgS, katG, leuA, ompF, oxyR, recA, spy, uvrA,
yibT), originally utilized in a whole-cell biosensor array for classification
of early mold contamination in maize and peanut kernels [17], were also
incorporated as input features for constructing parallel regression
models.

All raw signals were z-score-standardized prior to modelling. To
enlarge the training space while minimizing class imbalance, a hybrid
data-augmentation pipeline was implemented: (i) interpolation-based
synthesis inspired by SMOTE, in which new samples were generated
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along the line connecting two random neighbours using interpolation
factors of 0.2-0.8; and (ii) additive Gaussian noise with a standard de-
viation equal to 1-2 % of the original feature or target deviation.
Aberrant observations were discarded according to the three-sigma (3 6)
criterion. Feature engineering followed a three-step strategy: (i) removal
of highly collinear descriptors (Pearson r > 0.90), (ii) principal-
component analysis (PCA) retaining components that jointly explained
> 95 % of cumulative variance, and (iii) ranking of the remaining var-
iables by model-specific importance scores to identify the most influ-
ential predictors.

Six supervised regressors were benchmarked: RandomForest,
XGBoost, CatBoost, SGB, SVM, and SPLSDA. Hyper-parameter optimi-
zation was performed with Bayesian optimization wrapped in a 10-fold
cross-validation framework and was driven by maximization of the co-
efficient of determination (R?), while mean absolute error (MAE) and
root-mean-square error (RMSE) were monitored as secondary objec-
tives. The tuned search spaces included: RandomForest—number of
variables tried at each split (mtry), minimum terminal-node size, and
splitting rule; XGBoost—learning rate (eta), maximum tree depth,
minimum child weight, subsampling ratios (subsample, colsample_by-
tree), and regularization term (gamma); CatBoost—learning rate, tree
depth, L2 leaf regularization, and random-strength parameter;
SGB—number of trees, interaction depth, shrinkage rate, subsampling
fraction, and minimum observations per terminal node;
SPLSDA—number of latent components (K) and sparsity parameter
(eta); SVM—penalty constant (C), kernel width (y), and insensitivity
parameter (g).

Model performance was first assessed on the held-out internal test
subset, and subsequently on the external strain dataset, using R%, MAE
and RMSE. Variable importance was quantified by each algorithm’s
relative-influence metric and visualized as horizontal bar charts of the
top 20 contributors (scaled 0-100 %). All resampling and external-
validation statistics were summarized across ten independent runs and
displayed as box-and-whisker plots. The entire workflow was executed
in R v4.4.1 with the following core packages: ranger (RandomForest),
xgboost (XGBoost), catboost (CatBoost), gbm (SGB), kernlab (SVM), spls
(SPLSDA), rBayesianOptimization (hyper-parameter tuning), caret
(resampling orchestration), ggplot2 (visualization), and dplyr (data
wrangling).

3. Results and discussion

3.1. Differential gene expression analysis of calcium alginate-
immobilized E. coli cells in response to headspace VOCs of A. flavus-
infected maize and peanuts

To identify the promoters that serve as responsive elements in whole-
cell bioreporters, we subjected calcium-alginate immobilized E. coli cells
to the VOCs emitted by A. flavus-infected peanut and maize kernels
(Fig. 1a). Calcium alginate offers significant advantages over agar and
other hydrogels for immobilizing bacterial cells as gas sensing elements,
including mechanically robust, high stability, tunability for gas diffu-
sion, biocompatibility, and practical ease of use [27,28]. Its selection
was informed by its suitability for our needs, as evidenced by our opti-
mization work [29], where we fine-tuned its parameters to enhance
VOCs sensing capability. These attributes make it a preferred choice for
applications requiring efficient gas exchange and cell functionality,
supported by extensive research into its properties and applications [27,
30]. The porous structure of the calcium alginate microbeads facilitated
VOCs diffusion, allowing them to act as signaling molecules or stressors,
thereby inducing changes in gene expression in encapsulated E. coli cells
[18].

Differential gene expression analysis revealed distinct transcriptional
profiles in calcium alginate-immobilized E. coli cells exposed to VOCs
from the infected substrates (Fig. 1a). Exposure to VOCs from A. flavus-
infected peanuts upregulated 272 genes, whereas only 8 genes were
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upregulated in response to VOCs from infected maize. Similarly, the
number of downregulated genes differed significantly, with 82 genes
affected in the peanut condition versus 60 genes in the maize condition
(Fig. 1b). These results suggest that the VOCs mixtures emitted by
infected peanuts elicit a stronger transcriptional response in E. coli
compared to those from maize. This disparity could be attributed to
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differences in the composition, concentration, or bioactivity of VOCs
produced during A. flavus infection of the two substrates [31].
Volcano plot analyses provided further insights into the transcrip-
tional changes induced by the VOCs (Figs. 1c and 1d). In the maize
condition, the most significantly upregulated genes included frc
(involved in the cellular response to acidic pH), fryB and friD (both
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hipB GO:0040008 - regulation of growth; GO:0006355 - regulation of DNA-templated transcription
yciE G0:0005829 - cytosol
yjaZ G0:0009408 - response to heat; GO:0005829 - cytosol
nanY GO0:0006974 - DNA damage response
ydeM G0:0006974 - DNA damage response
yicF GO:0005829 - cytosol
ydiF GO0:0006355 - regulation of DNA-templated transcription
mcrB G0:0006308 - DNA catabolic process
iraP G0:0009267 - cellular response to starvation; GO:0016036 - cellular response to phosphate starvation
hprS GO0:0006974 - DNA damage response; GO:0051716 - cellular response to stimulus
yihF GO:0005886 - plasma membrane
fre GO:0071468 - cellular response to acidic pH; GO:0033611 - oxalate catabolic process
fryB GO0:0016310 - phosphorylation; GO:0071702 - organic substance transport
ibsC GO0:0012501 - programmed cell death; GO:0005886 - plasma membrane
frID GO0:0016310 - phosphorylation
piB GO0:0005975 - carbohydrate metabolic process
napG G0:0051536 - iron-sulfur cluster binding
yeaX GO:0016491 - oxidoreductase activity

hscC G0:0006950 - response to stress

Fig. 2. GO-term-based enrichment analysis of significantly upregulated genes in E. coli exposed to VOCs from A. flavus-infected maize and peanut
samples. (a) GO-term enrichment analysis of upregulated genes in E. coli in response to head-space VOCs from infected maize samples. (b) GO-term enrichment
analysis of upregulated genes in E. coli in response to head-space VOCs from infected peanut samples. (c) Heatmap representation of the top 8 upregulated genes in
response to VOCs from infected maize samples (left) and the top 25 upregulated genes in response to VOCs from infected peanut samples (right). (d) GO categories
associated with the 33 selected upregulated genes. Highlighted in orange are the 8 genes (evgA, yeeN, elfA, dkgB, yiaG, hipB, yjcF, and frc) whose promoter regions

were selected for downstream whole-cell biosensor construction.
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involved in phosphorylation), and hscC (associated with stress
response). Downregulated genes included tnaC, borD, yqgC, dgcZ, tomB,
and figM. In contrast, VOCs from infected peanuts resulted in a signifi-
cantly higher number of upregulated genes, including yeeN (regulation
of DNA-templated transcription), elfA (biofilm formation), and evgA
(phosphorelay signal transduction). Fewer downregulated genes were
observed, notably rrlC and wrbA.

The variability in the number of DEGs between conditions un-
derscores the distinct impacts of VOCs from the two substrates. While
prior studies reported greater diversity of VOCs emitted by A. flavus-
infected maize (55 VOCs) [32] compared to peanuts (31 VOCs) [17],
these findings are highly dependent on experimental conditions,
including different strains and VOCs detection methodology (e.g.,
GC-MS or GC-IMS). Moreover, VOCs from infected peanuts may possess
unique signaling molecules or stress-inducing compounds that provoke a
stronger transcriptional response in E. coli. More importantly, the
distinct transcriptional profiles observed in E. coli exposed to VOCs from
A. flavus-infected peanuts and maize highlight the potential of using the
upregulated promoters in E. coli as sensing elements for detecting
spoilage in stored agricultural products. Previous studies have demon-
strated that specific promoters in E. coli can respond dynamically to
environmental conditions, including VOCs, and their activity can be
harnessed for biosensor development [33]. Calcium alginate immobili-
zation provides a protective niche for E. coli, enhancing its stability,
longevity and gas diffusion, which is critical for practical applications in
monitoring stored agricultural products [18]. Our approach leverages
the natural transcriptional responses of calcium alginate-immobilized
E. coli cells to VOCs, providing a promising avenue for developing bio-
sensors that can non-invasively monitor spoilage in stored peanuts and
maize kernels.

3.2. Identification and characterization of upregulated genes in response
to VOCs

Following differential gene expression analysis of E. coli exposed to
the headspace VOCs (HVOCs) emitted from A. flavus-infected peanut
and maize kernels, we performed GO term enrichment analysis on the
significantly upregulated genes. This allowed us to identify potentially
responsive elements for constructing whole-cell bioreporters. The GO
enrichment analysis revealed distinct biological processes that were
significantly enriched in response to the HVOCs from infected maize
(Fig. 2a). The enriched terms predominantly involved metabolic pro-
cesses related to carbohydrates, transport activities, electron transfer,
and specific enzymatic functions. The enrichment of these GO classifi-
cations indicates that E. coli is adjusting its metabolic pathways and
transport systems to respond to the HVOCs from moldy maize. The
bacterium may be utilizing these VOCs as a nutrient source [34] or
coping with potential stress induced by the environmental conditions.
This adaptive response reflects E. coli’s ability to sense and respond to
changes in its environment, optimizing its survival and metabolic effi-
ciency under challenging conditions.

In contrast, the GO enrichment analysis for E. coli exposed to HVOCs
from moldy peanuts showed a different set of enriched biological pro-
cesses (Fig. 2b). The enriched processes included regulation of metabolic
processes, primary metabolic processes, nitrogen compound metabolic
processes, cellular metabolic processes, gene expression, cellular
macromolecule biosynthetic processes, and broader biological pro-
cesses. These findings suggest that the VOCs from moldy peanuts may
act as signaling molecules that influence bacterial metabolism, gene
expression, and macromolecule synthesis. The low p-value adjustment
(<0.01) for these GO terms indicated that these processes were signifi-
cantly regulated in response to the HVOCs, highlighting E. coli’s ability
to sense and adapt to the environmental cues provided by the volatiles.
This adaptive mechanism is crucial for the bacterium’s survival and
underscores the dynamic interaction between E. coli and its
environment.
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To further investigate the transcriptional response of E. coli to the
VOCs emitted from A. flavus-infected peanut and maize kernels, we
focused on the significantly upregulated genes. From the list of upre-
gulated genes, we selected key candidates for functional analysis. Spe-
cifically, we examined the top 8 upregulated genes in response to maize-
derived VOCs and the top 25 upregulated genes in response to peanut-
derived VOCs (Fig. 2c). Most of these genes were associated with
stress response mechanisms, including fimB (DNA damage response),
hicB (general stress response), and nanY (DNA damage response), or
signal transduction processes such as yeeN (regulation of DNA-
templated transcription), fryB (phosphorylation), and ydjF (regulation
of DNA-templated transcription) in response to environmental stimuli
(Fig. 2d). These findings align with previous studies demonstrating the
role of VOCs as signaling molecules that influence bacterial behavior
[33].

In the case of maize-derived volatiles, the most significantly upre-
gulated genes were frc, fryB, and ibsC, with log, fold change (log,FC)
values of 4.1, 3.6, and 3.7, respectively (Fig. 2c). The frc gene, known for
its role in acidic pH stress response and oxalate catabolism, likely aids in
mitigating the toxic effects associated with such environmental condi-
tions [35]. The upregulation of fryB and frlD, both implicated in phos-
phorylation, suggests their involvement in global signaling systems
within E. coli, enabling the bacterium to sense environmental cues and
activate stress-related pathways [36]. The gene ibsC, linked to pro-
grammed cell death, further underscores the severe stress experienced
by E. coli upon exposure to VOCs from infected maize [37]. These
findings align with the notion that VOCs emitted from infected plants
can induce oxidative stress, DNA damage, and membrane disruption,
leading to broad cellular stress responses [33].

In contrast, E. coli exposed to VOCs from infected peanut samples
exhibited a different pattern of gene upregulation. The most signifi-
cantly upregulated genes included yeeN (logoFC = 9.0), elfA (logoFC =
8.5), and evgS (logoFC = 8.2) (Fig. 2¢). YeeN is involved in the regulation
of DNA-templated transcription, elfA [38] is associated with biofilm
formation, and evgS is known to respond to acidic pH [35].

Overall, the high expression levels of these 33 genes indicate that
E. coli mounts a robust transcriptional response to the complex and
potentially harmful VOCs produced during the interaction between
A. flavus and food substrates. The differential gene expression patterns
observed in E. coli exposed to VOCs from A. flavus-infected peanut and
maize kernels suggest that specific genes and their associated promoters
could be harnessed to develop whole-cell bioreporters for spoilage
detection. By integrating these promoters into genetic circuits, it may be
possible to develop sensitive and specific bioreporters capable of
detecting spoilage VOCs in real-time.

3.3. Construction and functional validation of a whole-cell biosensor
array for time-dependent VOC response analysis

Subsequently, from the initial pool of 33 highly upregulated genes
identified through RNA-seq analysis, a subset of 16 candidate promoters
(Fig. S1, Supplementary Information) was selected based on a dual cri-
terion: exhibiting substantial relative gene expression increases and
successful cloning into luciferase reporter plasmids suitable for whole-
cell biosensor construction. To further prioritize these candidates and
streamline downstream efforts towards an effective biosensor array, we
conducted a preliminary functional validation using calcium alginate-
immobilized whole-cell biosensors harboring these 16 distinct
promoter-luciferase fusions as described in Section 2.6. Following
exposure to headspace VOCs from A. flavus-infected kernels, biolumi-
nescence signals were collected and analyzed for relative fold change
and Z-score normalization (detailed in Fig. S1, Supplementary Infor-
mation). This screening revealed that eight specific promoters (namely
those associated with the genes evgA, frC, elfA, yiaG, ygcF, yeeN, dkgB,
and hipB) demonstrated particularly prominent and significant biolu-
minescence responses upon VOC exposure. Consequently, these eight
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highly responsive promoters were chosen as the optimal candidates for
constructing the final multi-channel whole-cell biosensor array,
providing a robust and focused set for subsequent machine-learning
model development and predictive analysis.

To enable the dynamic and real-time monitoring of VOCs released
from A. flavus-infected maize and peanut kernels, we engineered a
whole-cell biosensor array comprising eight A. flavus reporter strains.
Each strain incorporated a distinct, highly VOC-responsive promoter,
previously identified via a high-throughput functional screening pipe-
line, driving bioluminescence. The biosensor array was systematically
exposed to VOCs emanating from both infected and uninfected control
kernels under sealed incubation conditions. Bioluminescence signals
were quantitatively recorded in triplicate at eight discrete time points
over a seven-day period post-inoculation (0-7 dpi), generating a
comprehensive dataset for temporal analysis. To accurately quantify
promoter induction in response to VOCs, an induction factor (IF) was
calculated for each biosensor at every time point, using signals from
non-infected samples as the baseline reference (detailed in Section 2.8).
All IF values were subsequently log,-transformed (Log,IF) to facilitate
comprehensive visualization and comparative analysis, and presented as
a heatmap (Fig. 3a) illustrating the temporal dynamics of the biosensor
responses. Analysis of the heatmap revealed a predominant pattern of
positive LogsIF values (indicated by red coloration), signifying a robust
upregulation of biosensor activity upon exposure to VOCs emitted from
A. flavus-infected samples. This finding aligns consistently with our prior
transcriptional profiling (Fig. 2c), thereby reinforcing the functional
responsiveness and specificity of the selected promoters. Notably, VOCs
released from infected maize and peanut kernels elicited distinct
response profiles, with the biosensors forming separate temporal clus-
ters based on the host substrate. Specifically, biosensors exposed to
maize-derived VOCs consistently exhibited generally higher Log,IF
values throughout the time course compared to those exposed to peanut-
derived VOCs, implying a stronger or more sustained transcriptional
activation. This observed substrate-dependent difference critically sug-
gests that the nutritional composition and metabolic environment pro-
vided by the host material directly influences the metabolic activity and
secondary metabolite production of A. flavus, consequently altering the
specific profile of emitted VOCs that trigger differential biosensor
responses.

Further temporal analysis, illustrating Log,IF changes for individual
promoters across the 7-day infection period (0-7 dpi), elucidated
distinct substrate-specific response patterns (Fig. 3b,c). In maize, the
responses of biosensors (Fig. 3b) exhibited a transient upregulation,
generally peaking around 3 dpi, followed by a subsequent decline or
plateau. For instance, promoter dkgB showed the most pronounced
activation, reaching a peak Log,IF value exceeding 4.8 at 5 dpi, while
yiaG displayed significant but less pronounced induction kinetics
(LogoIF ~ 2.7). Conversely, promoters like elfA and yeeN showed only
marginal upregulation, indicating limited responsiveness to the volatile
profile associated with A. flavus infection in maize. In stark contrast,
peanut samples induced a markedly different biosensor response profile
(Fig. 3c), characterized by a more gradual and sustained increase in
LogoIF values over time, with most VOC-responsive promoters reaching
maximal activation at 7 dpi. This extended activation window in peanuts
suggests either a delayed or prolonged release of specific VOCs, or sus-
tained microbial activity, which maintains biosensor stimulation. These
contrasting kinetics highlight significant substrate-dependent variations
in VOCs dynamics and biosensor responsiveness, carrying implications
for designing time-sensitive detection systems tailored to specific host
matrices. To contextualize these biosensor dynamics, we concurrently
assessed the temporal production of AFB; in maize kernels infected with
two different A. flavus strains under identical sealed incubation condi-
tions. As shown in Fig. 3d, infection by the NRRL_3357 strain led to a
pronounced exponential surge in AFB; accumulation starting at 4 dpi,
reaching a peak median concentration of approximately 75 pg/kg by 7
dpi, albeit with notable inter-replicate variability reflecting differential

Journal of Hazardous Materials 498 (2025) 139883

colonization or toxin biosynthesis rates. In comparison, the second
aflatoxigenic A. flavus strain induced a more gradual AFB; accumula-
tion, rising steadily from 3 dpi and plateauing around 35 pg/kg by 7 dpi
(Fig. 3e). Importantly, despite these quantitative differences, the tem-
poral AFB; profiles of both strains exhibited a strong positive correlation
(Pearson’s r = 0.986; Fig. 3f), which supports the potential applicability
of predictive models developed from NRRL_3357 data for estimating
AFB; levels induced by other aflatoxigenic strains. Collectively, these
results demonstrate that our constructed multi-channel biosensor array
effectively captures both the magnitude and intricate temporal patterns
of VOC emissions during A. flavus infection with high sensitivity and
distinct substrate specificity. The observed divergence in transcriptional
response profiles between maize and peanut samples further un-
derscores the profound influence of the host metabolic environment on
the precise composition of emitted VOCs, thereby establishing a critical
foundation for developing pathogen detection strategies that are spe-
cifically tailored to crop-specific biochemical contexts.

3.4. Regression model performance for predicting A. flavus infection
stages in maize kernels

To develop a reliable, non-destructive pipeline for early detection of
A. flavus colonization in maize kernels, we benchmarked six supervised
learning algorithms—Random Forest, XGBoost, CatBoost, SGB, SVM,
and SPLSDA—for their ability to regress infection stage (0-7 dpi) from
integrated VOC profiles and bioluminescent biosensor readouts. After
comprehensive hyperparameter optimization (Table S2, Supplementary
Information), CatBoost and SGB achieved the highest apparent accu-
racies on internal datasets (training R* ~ 0.98; test R* ~ 0.95), but their
predictive performance declined markedly when applied to an external
dataset derived from a second aflatoxigenic A. flavus strain (R* < 0.5),
reflecting overfitting and limited strain generalizability (Fig. 4a—c). In
contrast, XGBoost maintained consistently high performance across
training (R? = 0.95), test (R? = 0.94), and external validation datasets
(R? = 0.92), underscoring its robustness against pathogen-specific VOC
variability and its capacity to capture stable, non-linear relationships
between fungal VOC emissions and biosensor responses. Feature
importance analysis further revealed that XGBoost predictions were
strongly driven by early infection-associated biosensor outputs, with key
contributors including hipB 3 h, elfA_4 h, evgA_0 h, and dkgB 3 h, which
regulate processes such as growth, biofilm formation, phosphorelay
signaling, and methylglyoxal detoxification (Fig. 4d). These findings are
mechanistically consistent with the oxidative stress responses triggered
by early-stage fungal VOCs in host tissues.

To evaluate novelty relative to our previous approach, which
employed 14 literature-reported stress-responsive promoters, we con-
structed regression models under identical preprocessing and tuning
protocols. Although the SVM model achieved perfect fit on training data
(R? = 0.94; Fig. S2a), its predictive accuracy decreased substantially on
internal test (R? = 0.84) and external validation datasets (R? = 0.76;
Fig. 4e), confirming overfitting. By contrast, the transcriptomic-guided
selection of infection-specific promoters coupled with XGBoost
modeling in the present study achieved superior and more balanced
accuracy across all datasets (training R? = 0.95; test R?> = 0.94; external
R? = 0.92; Fig. 4e), demonstrating enhanced specificity, reduced vari-
ance, and improved biological interpretability. These results demon-
strate that transcriptomics-guided promoter selection not only enhances
biosensor specificity and signal strength but also mitigates model
overfitting, thereby improving predictive accuracy in heterogeneous
biological contexts. Such integration of molecularly informed biosensor
design with machine learning establishes a scalable and transferable
framework for early, non-destructive detection of fungal contamination,
consistent with previous evidence highlighting transcriptomic analysis
as a powerful approach for identifying VOC-responsive promoters in
diverse biosensing applications [18,33,39].
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Fig. 3. Temporal dynamics and clustering of whole-cell bioreporter responses to A. flavus-induced VOCs in maize and peanut. (a) Hierarchical clustering
heatmap of Logz-transformed induction factor (Log:IF) values across 8 promoter-driven biosensors exposed to VOCs emitted from A. flavus-infected kernels, illus-
trating distinct temporal activation profiles. (b) Time-course plots of Log-IF values in maize samples (blue), measured at 0, 1, 2, 3, 4, 5, 6, and 7 days post-inoculation
(dpi). Each panel corresponds to a specific promoter. (c) Corresponding LogzIF trajectories in peanut samples over the same infection timeline. (d,e) AFB; accu-
mulation dynamics in maize kernels infected with A. flavus strain NRRL_3357 (d) and a second aflatoxigenic strain (e), quantified across identical dpi stages. (f)
Pearson correlation coefficient of AFB, levels between the two strains across all time points, indicating concordance in temporal AFB; accumulation patterns.
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importance plot showing the top 20 variables contributing to infection stage prediction, as identified by the best-performing XGBoost model, with importance scaled
from 0 % to 100 %. (e) Parallel comparison of R? values between an SVM model which utilized previously-published 14 promoters for whole-cell biosensor array
construction, and the current XGBoost model informed by transcriptomic-guided selection of 8 promoters in this study, revealing enhanced predictive accuracy in the
latter across testing (40 %), and external datasets. The red dashed rectangles in panels (a-c) highlight the most accurate and robust models across metrics

and datasets.

3.5. Modeling AFB1 accumulation in maize kernels

To assess the practical applicability of the proposed biosensing
platform in food safety, we applied predictive modeling to quantify AFB;
levels in maize kernels, a critical indicator of A. flavus colonization.
Among the algorithms evaluated, CatBoost showed the highest accuracy
on the training (60 %) and internal testing (40 %) datasets (R* ~ 0.98).
However, its predictive performance significantly declined on an

10

external dataset derived from a second aflatoxigenic strain (R* ~ 0.5),
highlighting its susceptibility to strain-specific variations (Fig. 5a—c). In
contrast, XGBoost, optimized with the hyperparameters provided in
Table S2 (Supplementary Information), demonstrated robust predictive
power, achieving R? values of 0.98 on both the training and internal
testing datasets, and maintained high accuracy (R? = 0.91) on inde-
pendent external validation (Fig. 5a—c). Feature importance analysis
revealed that model predictions were primarily driven by transcripts
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Fig. 5. Predictive performance benchmarking of regression models for estimating AFB: production by A. flavus in maize kernels. (a—c) Boxplots illustrating
the predictive accuracy of six machine learning regression algorithms—RF, SGB, CatBoost, XGBoost, SVM, and SPLSDA—in forecasting AFB: accumulation. Model
performance was assessed using MAE, RMSE, and R? on: (a) 60 % of maize kernel samples inoculated with A. flavus strain NRRL_33557 (training set), (b) the
remaining 40 % of the same dataset (testing set), and (c) an independent external maize kernel dataset inoculated with a genetically distinct aflatoxigenic A. flavus
strain. (d) Relative importance (scaled 0-100 %) of the top 20 predictive variables for AFB1 estimation, as determined by the best-performing XGBoost model. (e)
Parallel comparison of R* values between a CatBoost model which utilized previously-published 14 promoters for whole-cell biosensor array construction, and the
current XGBoost model informed by transcriptomic-guided selection of 8 promoters in this study, revealing enhanced predictive accuracy in the latter across testing
(40 %), and external datasets. The red dashed rectangles in panels (a—c) highlight the most accurate and robust models across metrics and datasets.

associated with stress adaptation and fungal developmental regulation,
including yiaG_5h (DNA binding), evgA_Oh (phosphorelay signaling),
elfA_1h (biofilm formation), yeeN_3h (transcriptional regulation), and
hipB_3h (growth control), which are all involved in early stages of fungal
infection (Fig. 5d). These molecular markers corroborate the known role
of oxidative stress and transcriptional reprogramming as key triggers for
the aflatoxin biosynthetic pathway, providing mechanistic support for

11

the predictive accuracy of our model. In comparison, a previously re-
ported whole-cell biosensor array incorporating 14 promoters and six
regression models exhibited lower performance, with CatBoost
achieving the best results on the 60 % training dataset but under-
performing on the 40 % testing (R* = 0.84) and external datasets (R* =
0.75) (Fig. 5e). Notably, our novel method, based on the transcriptomic
selection of 8 promoters, demonstrated superior stability and



L. Sun et al.

robustness, achieving R? values of 0.98, 0.98, and 0.91 on the 60 %
training, 40 % testing, and external datasets, respectively (Fig. 5e). The
capacity of XGBoost to integrate biologically relevant signals from
biosensor data further highlights its potential for non-invasive, real-time
monitoring of mycotoxin contamination across diverse environmental
conditions. Taken together, these results establish the XGBoost-based
biosensing platform as a scalable, field-deployable early warning sys-
tem for post-harvest management, advancing food safety monitoring by
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combining mechanistic insight with high predictive accuracy.

3.6. Regression model performance for predicting A. flavus infection
stages in peanut kernels

To assess the robustness and generalizability of the proposed

modeling framework, we applied it to a distinct agricultural system by
predicting infection stages in peanut kernels inoculated with A. flavus
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Fig. 6. Comparative performance of six regression models for predicting A. flavus infection stages in peanut kernels. (a—c) Boxplots illustrating the predictive
performance of RF, SGB, CatBoost, XGBoost, SVM, and SPLSDA across three evaluation metrics: MAE, RMSE, and R2. Models were trained and validated on: (a) 60 %
of peanut kernel samples inoculated with A. flavus strain NRRL_33557 (training set), (b) 40 % of the same dataset (testing set), and (c) an independent test set
comprising kernels infected with a distinct aflatoxigenic A. flavus strain. (d) Ranked feature importance plot from the top-performing CatBoost model, highlighting
the 20 most influential variables contributing to model predictions, with normalized importance scores (0-100 %). (e) Parallel comparison of R? values between a
CatBoost model which utilized previously-published 14 promoters for whole-cell biosensor array construction, and the current XGBoost model informed by
transcriptomic-guided selection of 8 promoters in this study, revealing enhanced predictive accuracy in the latter across testing (40 %), and external datasets. The red
dashed rectangles in panels (a—c) highlight the most accurate and robust models across metrics and datasets.
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using six regression models trained on eight transcriptomics-guided
promoters. Among them, the SGB model achieved the lowest MAE and
RMSE with an R? of 0.97 on the 60 % training set, yet its performance
declined markedly on the 40 % test (R? = 0.60) and external datasets (R?
< 0.70), indicating overfitting (Fig. 6a—c). The CatBoost model dis-
played better balance, yielding R? values of 0.96 on both training and
test sets, but its external validation (R* = 0.68) similarly revealed
limited generalization. In contrast, XGBoost consistently outperformed
the other models, maintaining high predictive accuracy across training
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the predictive performance of RF, SGB, CatBoost, XGBoost, SVM, and SPLSDA across three evaluation metrics: MAE, RMSE, and R® Models were trained and
validated on: (a) 60 % of peanut kernel samples inoculated with A. flavus strain NRRL_33557 (training set), (b) 40 % of the same dataset (testing set), and (c) an
independent test set comprising kernels infected with a distinct aflatoxigenic A. flavus strain. (d) Ranked feature importance plot from the top-performing CatBoost
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(R? = 0.94), test (R? = 0.94), and external datasets (R> = 0.92), thereby

underscoring its superior capacity to capture infection dynamics in
heterogeneous biological contexts (Fig. 6a-c). Feature importance
analysis further revealed that promoters such as evgA_5h, yiaG Oh,

ygcF Oh and ygcF 1h, yeeN_Oh, and frc_Oh were critical determinants,

suggesting that early-stage fungal VOCs rapidly activate cellular
signaling pathways in whole-cell biosensors. For comparison, models
constructed using 14 literature-reported stress-responsive promoters
exhibited strong training fits (CatBoost, R* = 1.0) but showed poor
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generalization on internal (R? = 0.86) and external (R* =0.77) datasets
(Fig. 6e), highlighting the inadequacy of non-specific promoters.
Collectively, these results demonstrate that transcriptomics-guided
promoter selection combined with XGBoost modeling achieves stable,
biologically interpretable predictions with reduced overfitting, thereby
providing a more reliable strategy for biosensor-based infection moni-
toring across diverse host—pathogen systems.

3.7. Prediction of AFB1 production in peanut kernels

Our predictive framework was further evaluated for its capacity to
quantify AFB; accumulation in peanut kernels, a critical parameter for
food safety assessment. The XGBoost regression model exhibited strong
predictive performance, achieving coefficients of determination (R?) of
0.97 on both training and internal testing datasets (Fig. 7a, b). Impor-
tantly, its robustness was maintained in an independent external vali-
dation set containing peanuts infected by a genetically distinct toxigenic
A. flavus strain, where an R? of 0.86 was obtained (Fig. 7c). This con-
sistency across fungal genotypes underscores the model’s high gener-
alization capability, a prerequisite for deployment in heterogeneous
agricultural environments. Feature importance analysis further revealed
that the most influential predictors corresponded to transcriptional
markers of stress responses and metabolic regulation (Fig. 7d), including
elfA_Oh and elfA_1h, yeeN_Oh, evgA_5h, and dkgB_2h/3h. These pathways
are tightly coupled with fungal stress adaptation and aflatoxin biosyn-
thesis, supporting the mechanistic relevance of the predictors and
highlighting how VOC-based profiles capture the pathogen’s physio-
logical state during infection. For comparative benchmarking, we con-
structed regression models using 14 literature-reported stress-
responsive promoters under identical preprocessing and optimization
protocols. Although CatBoost achieved a perfect fit on the training
dataset (R? = 1.0; Fig. S2d), its performance dropped significantly on
internal test (R> = 0.84) and external validation datasets (R> = 0.75;
Fig. 7e), indicative of overfitting and limited generalizability. In
contrast, transcriptomic-guided promoter selection coupled with
XGBoost modeling produced consistently higher and more balanced
performance across all datasets (training R*> = 0.97; test R*> = 0.97;
external R? = 0.86; Fig. 7e), confirming enhanced specificity, reduced
variance, and improved biological interpretability. Collectively, these
results demonstrate that integrating transcriptomics-driven feature se-
lection with robust machine learning architectures not only improves
prediction accuracy but also establishes VOCs fingerprints as reliable,
non-invasive indicators of in situ toxigenesis. The ability to estimate both
fungal infection and toxin accumulation with high fidelity, consistent
with previous findings in maize systems, suggests broad applicability
across crops and provides a valuable framework for pre-harvest and
early post-harvest risk assessment in real-world agricultural settings.

3.8. Comparative assessment: Our whole-cell biosensor array versus
established techniques for mold monitoring in postharvest agricultural
products

Benchmarking our transcriptome-guided whole-cell biosensor array
against existing non-invasive detection platforms revealed notable dif-
ferences in predictive performance and operational feasibility. Near-
infrared (NIR) spectroscopy, which has been extensively applied for
rapid AFB; quantification in maize and barley, typically reports co-
efficients of determination (R?) ranging from 0.82 to 0.88 under
controlled conditions [40]. Similarly, colorimetric sensor arrays utiliz-
ing chemically responsive dyes for detecting VOCs from fungal
contamination in wheat have demonstrated classification accuracies
exceeding 97 % [41,42]. Although these optical and chemical platforms
offer quick, minimally invasive measurements, they often require
high-precision instrumentation and specialized chemistries, which
contribute to substantial capital and maintenance costs, limiting their
scalability in decentralized agricultural settings.
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In contrast, our biosensor platform integrates genetically encoded
luminescent reporters within Ca-alginate-immobilized E. coli and em-
ploys ensemble learning regression models, specifically XGBoost,
trained on time-resolved bioluminescence profiles. This design achieved
consistently high internal cross-validation performance, with R? values
>0.94 for both infection staging and AFB; quantification in
A. flavus-infected maize and peanut kernels (Figs. 4-7). More critically,
the framework maintained robust generalization to independent
external validation datasets, achieving R? values of 0.92, 0.91, 0.92, and
0.86 for infection staging and toxin prediction across both maize and
peanut substrates (Figs. 4e-7e). These metrics not only surpass the upper
range of NIR spectroscopy but also do so with a much lower material and
instrumentation overhead. Bioluminescence readouts can be captured
using inexpensive CMOS sensors or even smartphone cameras [29,43],
making it a cost-effective solution suitable for field deployment in
agricultural environments.

Beyond cost-effectiveness, our biosensor demonstrates superior
specificity compared to our earlier 14-promoter RandomForest classi-
fier, which achieved only 80 % substrate distinction accuracy [17]. By
using transcriptomic data to select eight promoters specifically induced
during A. flavus infection and aflatoxin production—rather than relying
on broadly stress-responsive promoters—we established a more bio-
logically relevant predictor set. This refinement, combined with
XGBoost regression, resulted in balanced and reproducible performance
across internal (R? > 0.94) and external (R? > 0.86) datasets. In contrast,
models trained on the previous 14-promoter set, such as CatBoost (the
best-performing model among six trained regressors; Fig. S2, supple-
mentary information), suffered from overfitting and considerably lower
external accuracy. Thus, transcriptome-informed promoter selection not
only improves predictive fidelity but also enhances the biological
interpretability of the biosensor by linking output signals directly to
pathogen-specific processes.

From a mechanistic perspective, early predictive features linked to
oxidative stress, signal regulation, and biofilm formation emerged as key
markers, highlighting transcriptional programs associated with A. flavus
infection and aflatoxin production. Such mechanistic resolution, which
provides insight into the biological basis of toxigenesis, is not readily
achievable using NIR or colorimetric assays, which infer contamination
indirectly. Nevertheless, established optical platforms retain certain
advantages: NIR spectroscopy offers analyte-agnostic detection, making
it less susceptible to biological variability, while colorimetric arrays are
adaptable for multiplex VOCs profiling. Nonetheless, our model’s per-
formance ceiling is currently constrained by the diversity of training
datasets, emphasizing the need for expansion to include a broader range
of geographic isolates, environmental conditions, and substrate types.
Future developments in synthetic biology, such as promoter engineering
[44] and directed evolution [45], could further enhance biosensor
robustness and sensitivity, particularly in varying environmental
contexts.

In conclusion, while NIR and colorimetric assays remain valuable for
centralized, high-throughput screening, our transcriptome-guided
whole-cell biosensor array offers a highly competitive alternative,
combining strong internal validation, robust external generalization,
low instrumentation demands, and mechanistic interpretability. The
integration of promoter-level transcriptomic signals with ensemble
learning creates a versatile, non-invasive platform that bridges labora-
tory precision with real-world agricultural applicability. Future efforts
to expand datasets and optimize biosensor performance will further
position this approach as a leading tool for pre- and post-harvest afla-
toxin risk management in diverse agricultural systems.

4. Conclusion
This study establishes a transcriptome-guided whole-cell biosensor

array as a robust platform for early detection of A. flavus contamination
and AFB; production in maize and peanuts. By selecting infection-
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induced promoters identified through transcriptomic analysis and
embedding them in calcium alginate-immobilized E. coli, the biosensor
achieved substantial improvements over previous designs that relied on
general stress-responsive promoters. When integrated with machine
learning regression models, particularly XGBoost, the system consis-
tently demonstrated high predictive accuracy (R* > 0.94 in internal
validation) while maintaining strong generalizability in external vali-
dation datasets (R? = 0.86), surpassing the performance of conventional
non-invasive detection methods such as NIR spectroscopy. Importantly,
feature importance analysis revealed that transcriptional programs
associated with DNA-templated signal transduction, cytosolic regula-
tion, growth regulation, methylglyoxal catabolism, and biofilm forma-
tion served as critical early predictors of fungal infection and toxin
accumulation, thereby providing mechanistic interpretability alongside
predictive performance.

The validation of this approach across two distinct crop substrates
underscores its versatility and scalability for broader agricultural con-
texts. Coupling promoter-level biological specificity with low-cost
luminescence readouts, which can be captured using CMOS sensors or
smartphone cameras, further highlights the feasibility of this platform
for decentralized, field-based monitoring. Nonetheless, practical
deployment will require systematic evaluation of biosensor stability
under variable storage and environmental conditions, as well as adap-
tation to diverse crop types and fungal isolates. Future optimization
through synthetic biology strategies, such as promoter engineering or
directed evolution, combined with expansion of the training dataset to
include geographically and genetically diverse strains, is expected to
enhance sensitivity, specificity, and robustness. Collectively, these re-
sults position the transcriptome-guided biosensor as a promising tool for
scalable, real-time aflatoxin risk assessment, offering significant poten-
tial to strengthen food safety monitoring systems and reduce post-
harvest losses in global supply chains.

Environmental Implication

Aspergillus flavus, a widespread saprotrophic and pathogenic fungus,
produces aflatoxins, potent carcinogenic toxins that contaminate crops
such as maize and peanuts. The environmental implications are signif-
icant, as these toxins not only threaten agricultural productivity but also
pose serious risks to human and animal health through food contami-
nation. Aflatoxins persist in the environment, especially in warm and
humid climates, and can accumulate in food storage systems. On-site
and real-time early detection of A. flavus contamination is crucial to
mitigate aflatoxin production and reduce its environmental and health
impacts.
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