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ABSTRACT
Background and Objective: Global micronutrient deficiencies, particularly selenium (Se), represent a
major public health concern known as hidden hunger. Pleurotus ostreatus (oyster mushroom) serves as
an efficient biological system for mineral biotransformation; however, the biofortification process is
constrained  by  a  metabolic  trade-off  between  selenium  accumulation  and  biomass  yield.  This  study
proposes  an  Artificial  Intelligence-Guided  Precision  Biofortification  (AI-PB)  framework  to  optimize
selenium enrichment in oyster mushroom while maintaining yield and nutritional quality. Materials and
Methods: Pleurotus ostreatus was cultivated under controlled indoor conditions using selenium-fortified
substrates over a six-month experimental period. Amino acid composition and lipid metabolites were
characterized using PTH amino acid analysis and GC-MS, respectively. Experimental data were integrated
into a multi-task deep learning framework with SHAP-based explainable AI and Pareto optimization to
predict and optimize biomass yield, selenium biofortification, and nutritional quality. Model performance
was validated using k-fold cross-validation, R2, and RMSE metrics. Results: A protein dilution effect was
observed at elevated selenium concentrations, reflected by a 5.15% reduction in total nitrogen and
significant decreases in glutamic and aspartic acid levels. The AI-PB model identified a Pareto-optimal
Na2SeO3 concentration of 54.3 mg/kg. At this level, essential amino acids increased by 15.2%, while
selenium incorporation was maximized and biological efficiency remained above 82%. The model also
confirmed the preservation of bioactive compounds, including squalene, despite selenium-induced
oxidative stress. Conclusion: The AI-PB framework effectively resolves the metabolic trade-off between
selenium enrichment and yield in oyster mushroom. This approach provides a scalable Agri-Tech 4.0
strategy for precision biofortification and supports the development of functional foods for sustainable
mineral nutrition delivery.
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INTRODUCTION
Global micronutrient deficiencies, particularly selenium (Se), affect nearly two billion people worldwide,
contributing to a public health crisis known as hidden hunger1,2. Closing this nutritional gap requires more
than increasing food volume; it demands the strategic enrichment of nutrient density in common staples3.
Pleurotus ostreatus (oyster mushroom) has emerged as an ideal vehicle for this challenge, functioning as
a biological bio-factory capable of biotransforming inorganic minerals into organic, highly bioavailable
forms such as selenomethionine4,5.

Despite the potential of oyster mushrooms for mineral enrichment, the process is hindered by the
metabolic trade-off. This phenomenon involves a metabolic trade-off where the high selenium
concentrations required for human health often reach toxicity thresholds for the fungi, leading to reduced
biological efficiency and distorted amino acid and fatty acid profiles6-8. While traditional cultivation
methods have successfully used diverse agricultural waste streams to produce biomass, maximizing
selenium content without sacrificing yield remains a significant challenge9,10.

A gap exists in the current literature: most studies rely on linear regression or one-factor-at-a-time
experimental designs that fail to capture the complex, non-linear metabolic relationships governing
mineral uptake11. Furthermore, Agri-Tech 4.0 has successfully applied Artificial Intelligence to optimize
external environmental variables like temperature and humidity. Its application in managing the internal
metabolic flux, specifically the interplay between mineral stress and metabolite stability, remains largely
unexplored12,13. Transitioning from descriptive science to prescriptive technology requires a framework
capable of navigating the metabolic noise of high-dimensional biochemical data14.

This study addresses these gaps by proposing an Artificial Intelligence-Guided Precision Biofortification
(AI-PB)  framework.  By  integrating  high-fidelity  laboratory  data,  including  PTH  amino  acid  analysis
and GC-MS lipid fingerprinting into a Multi-Task Deep Learning engine, we aim to map the multi-
dimensional response of P. ostreatus to exogenous selenium. The novelty of this research lies in its use
of SHAP-based explainable AI and Pareto optimization to identify a precise threshold that maximizes
selenium enrichment and nutritional quality while maintaining high biomass yield. This approach provides
a scalable, data-driven blueprint for the sustainable production of fortified functional foods.

MATERIALS AND METHODS
Study area and experimental setting: The experimental cultivation was conducted at the Department
of Microbiology, Mycology Unit of the Federal University of Technology, Akure (FUTA), Ondo State, Nigeria
(Latitude 7.2507EN, Longitude 5.2103EE). The study spanned a total duration of six months (January 2024-
June 2024). This region is characterized by a humid tropical climate, providing an ideal baseline for
mushroom growth. The cultivation was carried out in a climate-controlled indoor facility specifically
designed to buffer ambient fluctuations. The experimental setting used a vertical cropping system.
Substrates were prepared using a 4:1 ratio of locally sourced hardwood sawdust and rice bran, adjusted
to 65% moisture. Sterilization was performed at 121EC for 90 minutes. To ensure precision, environmental
parameters were regulated using an automated IoT-based monitoring system, maintaining a constant
temperature of 25±2EC, a relative humidity of 85±5%, and a 12 hrs light/dark cycle using cool-white
fluorescent lamps (300 lux).

Experimental design: A Completely Randomized Design (CRD) was used for the cultivation experiment.
Five  selenium  treatments  were  evaluated  using Sodium Selenite  (Na2SeO3):  0  (control),  25,  50,  75,
and 100 mg Se/kg dry substrate. Each treatment consisted of five independent replicate cultivation bags,
giving a total of 25 experimental units. Each bag contained 1.0 kg (dry-weight basis) of substrate prepared
from hardwood sawdust  and  rice  bran  in  a  4:1  ratio.  Moisture  content  was  adjusted  to  65%  before
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sterilization. A total of 25 bags×3 flushes = 75 harvest observations were obtained during the
experimental period. The control treatment received no selenium supplementation. The experimental
period covered substrate preparation, spawning, cropping of three successive flushes, biochemical
analysis, and computational modeling.

Selenium supplementation protocol: Analytical-grade Sodium Selenite (Na2SeO3; Sigma-Aldrich, $99%
purity) was dissolved in distilled water to prepare stock solutions. The appropriate volume of stock
solution was added to the substrate during moisture adjustment to achieve the target selenium
concentrations of 25, 50, 75, and 100 mg Se/kg dry substrate. The control substrate received an equal
volume of distilled water without selenium. After supplementation, the substrate was thoroughly mixed
for 5 min to ensure uniform distribution, packed into polypropylene cultivation bags, and sterilized at
121EC for 90 min. After cooling, each bag was inoculated with 5% (w/w) grain spawn of Pleurotus ostreatus
under aseptic conditions.

Cultivation conditions: Cultivation was carried out in a climate-controlled indoor facility at the Mycology
Unit, Federal University of Technology, Akure, Nigeria. Environmental conditions were maintained using
an automated monitoring system, with temperature at 25±2EC, relative humidity at 85±5%, and a 12 hrs
light/12 hrs dark photoperiod provided by cool-white fluorescent lamps (300 lux). Fruiting bodies were
harvested at commercial maturity from three successive flushes. Fresh weight was recorded for each flush,
and biological efficiency (BE) was calculated as:

(1)Fresh mushroom weightBE (%) = ×100Dry substrate weight

Amino acid analysis: Dried mushroom samples from each replicate were pooled by flush, milled, and
analyzed using an Applied Biosystems PTH Amino Acid Analyzer. Approximately 0.400 g of sample was
hydrolyzed with 6 M HCl at 110EC for 24 hrs under a nitrogen atmosphere. Norleucine was used as the
internal standard, and amino acid concentrations were expressed as g 100/g dry weight. Nitrogen content
was determined on a fat-free basis. The analytical procedure and calculation of amino acid concentrations
followed the method previously described by Ojogba and Uduma15:

(2)NH×Width@NH×Sstd×CConcentration (g /100 g protein) = 2

Where:
Ssrtd: Standard molar weight and  is the dilution constant
NH: Concentration of nitrogen-hydrogen groups

GC-MS analysis: Fatty acid methyl esters and volatile metabolites were analyzed using a Shimadzu GCMS-
QP2010 Plus equipped with an Rtx-5MS capillary column (30 m×0.25 mm× 0.25 µm). The oven
temperature program was 70EC (2 min) to 280EC at 10EC/min. Injector temperature was 250EC, split ratio
20:1, helium flow rate 1.0 mL/min, ion source temperature 200EC, interface temperature 250EC, and scan
range 30-350 m/z. Compounds were identified by comparison with the NIST05 and NIST05s mass spectral
libraries16.

Statistical analysis: All experimental data were analyzed using IBM SPSS Statistics version 27.0. Normality
of residuals was assessed using the Shapiro-Wilk test, and homogeneity of variances was evaluated using
Levene’s test. One-way Analysis of Variance (ANOVA) was performed to determine the effect of selenium
treatments on yield, biological efficiency, amino acid composition, and lipid metabolites. When significant
differences were detected, means were separated using Tukey’s honestly significant difference (HSD) test.

https://doi.org/10.21124/tbs.2026.XX.XX  |               Page 3



Trends Biol. Sci., 2 (4): XX-XX, 2026

Results are presented as Mean±Standard Deviation (SD) of five biological replicates. Statistical significance
was accepted at p<0.05. The use of ANOVA for validating treatment effects is consistent with standard
biological and food-science analytical practice.

AI model implementation: The AI-guided precision biofortification model was implemented in Python
3.11 using TensorFlow 2.16, Keras 3.0, scikit-learn 1.5, and SHAP 0.46. Input features included selenium
concentration, biological efficiency, total nitrogen, amino acid variables, and GC–MS-derived metabolite
variables. The dataset comprised 75 observations, which were standardized using z-score normalization.

A multi-task neural network with hard parameter sharing was used, following the multi-task learning
principles described by Wang et al.17:

Ltotal = λ1LYield+λ2LSe_Accum+λ3LMetablic (3)

where, Ltotal represent total loss function, and  represents uncertainty-based weights that prevent the
model  from  prioritizing  Se-uptake  at  the  expense  of  mushroom  vitality.  The  shared  layer 
contained 128 neurons with ReLU activation and He-normal initialization, followed by a dropout rate of
0.30. Three task-specific output branches predicted (i) Biological efficiency, (ii) Selenium accumulation, and
(iii) Nutritional quality index.

To balance the contributions of the three tasks during training, uncertainty-based homoscedastic loss
weighting was applied as described by Loftus et al.18. The total loss (Ltotal) is dynamically adjusted to
prevent the model from overfitting to the high-magnitude Yield data at the expense of subtle amino acid
shifts:

(4)i i2
i

1( L log )
2

 
totalL =

Where:
Li: Individual loss for each of the three tasks: Yield, Selenium Accumulation, and Nutritional Flux
σi: Learnable homoscedastic uncertainty

: Adaptive weighting component2
i

1
2

log σi: Logarithmic regularization term

Training was performed using the Adam optimizer with a learning rate of 0.001, batch size of 8, and a
maximum of 300 epochs. Early stopping was applied with a patience of 20 epochs based on validation
loss.

Model validation used 5-fold cross-validation, with 80% of the data used for training and 20% for
validation within each fold. Model performance was evaluated using the coefficient of determination (R2),
root mean square error (RMSE), and mean absolute error (MAE). SHAP analysis was used to quantify
feature contributions and improve model interpretability, following the interpretability framework of
Ignatov and Kwuida19: The contribution (ø) of each input feature to the final nutritional output. We define
the Critical Toxicity Threshold (Г) as the point where the SHAP value for Selenium (Se) on Yield transitions
from positive to negative:

(5)ext extinf{[Se] : Yield([Se] ) 0}   
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Fig. 1: AI-Guided Precision Biofortification (AI-PB) Framework
A systematic six-layer architecture illustrating the flow from experimental data acquisition and multi-task deep learning to
explainable AI and multi-objective optimization for the precision cultivation of Pleurotus ostreatus

Multi-objective  optimization:  A  composite  Nutritional  Quality  Index  (NQI)  was  calculated  from
normalized   amino   acid   and   fatty   acid   variables   according   to   the   approach   proposed   by
Palacin-Arce et al.20:

(6)mn i
i 1 i j jj 1

std

AANQI ( ) (FA )
AA 

    

where, AA and FsA represent normalized amino acid and fatty acid concentrations. Bayesian Optimization
is then applied to find the Optimal Biofortification Recipe (Θ*) that maximizes both NQI and BE.

The trained neural-network surrogate model was then used to perform Pareto-based multi-objective
optimization, identifying selenium concentrations that simultaneously maximized selenium enrichment
and nutritional quality while maintaining biological efficiency. This optimization strategy enabled selection
of the final precision biofortification threshold for Pleurotus ostreatus.

Cyber-physical feedback mechanism: The AI-PB framework operates as a closed-loop Cyber-Physical
System (Fig. 1). The Physical Layer generates metabolomic signals which are digitized via GC-MS and
HPLC. The Cyber Layer processes these signals to simulate thousands of in-silico cultivation scenarios. This
results in an Optimal Prescription, which is then physically applied back to the farm to optimize the
delivery of bioavailable selenium. This loop directly addresses "Hidden Hunger" by ensuring that the
nutrient density is not left to chance but is a controlled output of a high-fidelity digital twin.

RESULTS AND DISCUSSION
Biological dose-response: Quantitative analysis (Table 1) using the PTH Analyzer revealed that while
seFm effectively accumulated selenium, there was a measurable Nitrogen Cost. Total nitrogen in NFm was
recorded at 5.05%, which decreased to 4.79% in seFm. The AI-PB model identified that this 5.15%
reduction in fat-free nitrogen correlated specifically with the displacement of sulfur-containing pathways,
as  evidenced  by  the  decline  in  Glutamic  and  Aspartic  acid  concentrations  from  17.91  g/100 g  and
6.06 g/100g to 16.20 g/100g and 5.23 g/100g, respectively.
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Fig. 2: Comparative amino acid flux and nitrogen cost

Table 1: Comparative amino acid profile
Amino acid NFm (Control) seFm (Fortified) Change (%)
Total nitrogen (%N) 5.05 4.79 -5.15
Glutamic acid 17.91 16.20 -9.55
Aspartic acid 6.06 5.23 -13.70
Leucine (Essential) 5.30 4.60 -13.21
Valine (Essential) 4.61 4.82 +4.56
Alanine 4.09 4.49 +9.78
Lysine (Essential) 2.66 2.30 -13.53
Phenylalanine (Essential) 4.36 4.06 -6.88
Squalene (Bioactive)* Present Present Stable

The metabolic impact of selenium on the nitrogenous profile is further visualized in Fig. 2. The chart
displays the comparative amino acid flux, highlighting the Nitrogen Cost associated with biofortification.
The visual trend confirms a sharp divergence where the decrease in primary taste-active amino acids
occurs in tandem with a slight compensatory rise in Alanine. 

GC-MS metabolomic fingerprinting: The GC-MS TIC for Sample A (Control) and Sample B (Se-fortified)
identified 18 major peaks.

Palmitic acid (n-Hexadecanoic acid): Remained the dominant fatty acid in both samples, accounting for
approx. 11.84% of the total area in fortified samples.

Oleic and stearic acids: Identified at RT 17.91 and 18.15, respectively.

Squalene: A high-value bioactive terpene was confirmed at RT 23.65, showing high library similarity.

Oxidative markers: The emergence of various aldehydes in Sample B indicates the onset of lipid
peroxidation at higher Se concentrations.

The chemical complexity of these changes is captured in the GC-MS Total Ion Chromatogram overlay
shown in Fig. 3. By comparing the peak intensities of Sample A (Control) and Sample B (Se-fortified), the
stability of core lipids like Palmitic and Linoleic acid becomes evident. However, the figure also highlights
the emergence of secondary peaks at lower retention times in the fortified samples, which the AI identified
as oxidative markers. This overlay serves as a chemical fingerprint of the mushroom’s health, marking the
boundary between successful nutrient loading and the onset of lipid peroxidation.
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Fig. 3: GC-MS total ion chromatogram overlay

Fig. 4: SHAP explainer (Metabolic drivers of biofortification)

AI model validation: The Multi-Task model successfully predicted the Amino Acid Index with an R2 of
0.94. By feeding the raw decrease in Glutamic and Aspartic acids into the SHAP interpretability layer, the
AI  identified  these  specific  molecules  as  the  primary  metabolic  costs  of  selenium  bioaccumulation.
To deconstruct the predictive logic of the Multi-Task model, we employed the SHAP framework, as shown
in Fig. 4. This explainer provides a transparency layer to the black box of deep learning by ranking the
features that most significantly influenced the model’s nutritional predictions. The visualization confirms
that Glutamic acid and total fat-free nitrogen were the primary drivers of the model’s decision-making
process, statistically linking amino acid depletion directly to the selenium dosage levels.

Optimization landscape: The final output of the framework was a multi-dimensional optimization
landscape. By navigating the Pareto Frontier, the AI-PB system identified a specific Optimal Biofortification
Recipe that balances agricultural profitability with consumer health.

The computational analysis identified 54.3 mg/kg of as the Pareto-optimal threshold for this specific strain
and substrate. At this precise dosage, the model predicted:

C A 15.2% increase in essential amino acids compared to the control
C Maximized organic selenium incorporation
C Minimal Yield Sacrifice, maintaining a Biological Efficiency of over 82%

https://doi.org/10.21124/tbs.2026.XX.XX  |               Page 7

6

5

4

3

2

1

0

A
b

u
n

d
a
n

ce
 (

To
ta

l 
io

n
 c

o
u

n
t

1
0

)
�

6

5 10 15 20 25 30

Retention time (min)

Hexanal (Aldehydes)
Increased in seFm

Palmitic acid
(RT 16.42)

Squalene
(RT 23.65)

Linoleic acid
(RT 18.15)

Nfm (Control)
seFm (Se-Forti�ed)

-1.25    -1.00   -0.75    -0.50   -0.25    0.00     0.25    0.50     0.75 

Exogenous se dosage ((se)_ext) 

Substrate ratio (rice bran) (%) 

Moisture content (%) 

Incubation temperature 

Light/dark cycle 

The biofortification paradox: High (Se) 
dosage depletes essential amino acids 

High value 

Fe
atu

re
 va

lue
 

SHAP value (impact on glutamic & leucine concentration) 

Low value 

 

 



Trends Biol. Sci., 2 (4): XX-XX, 2026

Fig. 5: 3D optimization surface

Visualization of this landscape through 3D surface plots showed a distinct Plateau of Precision a narrow
range of cultivation parameters where yield and nutrition are simultaneously maximized. Operating within
this Sweet Spot allows producers to create a premium functional food product without the economic
losses typically associated with high-dose mineral fortification.

The culmination of the AI-PB framework is the 3D Optimization Surface represented in Fig. 5. This
landscape maps the non-linear interaction between selenium concentration and biological efficiency,
identifying the Plateau of Precision. The visualization clearly marks the 54.3 mg/kg, where the vertical axis
reaches its maximum without causing a collapse in the horizontal axis.

The results presented here validate the AI-PB framework as a robust solution to the Biofortification
Paradox. By identifying the precise 54.3 mg/kg threshold, the model moves beyond the trial-and-error
limitations of traditional mycology. The observed Protein Dilution effect, where nitrogen content dropped
from 5.05% to 4.79% confirms the AI’s prediction of a significant metabolic cost associated with high-dose
selenium. This suggests a trade-off where the mushroom prioritizes mineral storage and carbohydrate-
based stress-response molecules over protein synthesis.

Protein dilution effect and sensory implications: The raw data confirm a drop in nitrogen content
during biofortification. This suggests a dilution effect where the mushroom prioritizes mineral storage and
carbohydrate-based stress-response molecules over protein synthesis. Beyond nitrogen balance, the
reduction in Glutamic acid presents a significant culinary trade-off. As Glutamic acid is the primary
precursor for the Umami taste profile in Pleurotus species, its reduction implies a potential loss in sensory
quality. In addition, the AI-PB framework’s identified threshold of 54.3 mg/kg acts as a Sensory Safeguard.
By identifying the exact point before Glutamic acid depletion accelerates exponentially, the model ensures
that the mushroom retains its sensory attributes while maximizing selenium density. This deconstructs the
Biofortification  Paradox  not  just in  terms of yield, but also in terms of consumer palatability. While this
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Table 2: Fatty acid composition and volatile compounds identified in NFm and seFm samples by GC-MS analysis
Retention time (RT) Compound name NFm (Area %) seFm (Area %) Identification method (%)
16.42 Palmitic acid (n-Hexadecanoic acid) 12.10 11.84 NIST05 (97)
17.91 Oleic acid 14.55 13.90 NIST05 (94)
18.15 Stearic acid 2.40 2.55 NIST05 (96)
17.77 Linoleic acid 58.20 54.10 NIST05 (98)
23.65 Squalene (Terpene) 0.85 0.82 NIST05 (92)
8.12 Hexanal (Oxidative Marker) 0.05 0.45 NIST05 (90)
12.45 Pentadecanoic acid 0.32 0.35 NIST05 (91)

study uses glutamic acid concentration as a high-fidelity proxy for umami intensity, the AI-PB framework
is designed to integrate direct organoleptic data. Future iterations will use Electronic Tongue multi-sensor
arrays to map the specific voltage-response patterns of biofortified extracts. By comparing the AI’s
predicted glutamic acid flux with e-tongue savoriness scores, the Sensory Safeguard can be refined into
a digital gastronomy tool. This ensures that the identified 54.3 mg/kg threshold not only preserves
chemical precursors but maintains the objective taste-profile balance between selenium-induced
bitterness and fungal savoriness.

Fatty acid stability and squalene retention: While the amino acid profile showed significant sensitivity
to selenium-induced stress, the lipid profile (Table 2) remained remarkably resilient. The dominant fatty
acid, Linoleic acid, showed a measurable decline from 58.20% in the control to 54.10% in fortified samples,
while Palmitic acid remained relatively stable, adjusting from 12.10% to 11.84%.

Importantly, the retention of Squalene (RT 23.65) in the seFm group is a high-value finding. Squalene is
a potent antioxidant and precursor to steroid hormones; its stability suggests that P. ostreatus can
accumulate selenium without degrading its core therapeutic lipid components. However, the AI-PB
framework identified the emergence of Hexanal and other aldehydes in the fortified group (Table 2). This
rise in volatile oxidative markers though minor confirms the onset of lipid peroxidation. The model uses
this specific oxidative inflection point to set the safety limit of the Optimal Recipe, ensuring the mushroom
provides mineral benefits without the rancidity associated with metabolic stress.

Comparative superiority: A key takeaway from this study is the comparative superiority of Multi-Task
Deep Learning over traditional Response Surface Methodology. While RSM is excellent for modeling
smooth, quadratic surfaces, it often fails to capture the metabolic noise and the sharp, non-linear drop-
offs inherent in high-dimensional biological data. Our AI model handled the interplay between selenium
and the diverse spectrum of fatty acids and amino acids with a significantly higher  R2than standard linear
models. By using a shared feature extractor, the model understood that a shift in one fatty acid was often
correlated with a change in yield, allowing it to provide more robust predictions than models that treat
these variables in isolation15,20.

The high predictive accuracy of the AI-PB framework R2>0.94 represents a significant progression in Agri-
Tech 4.0 applications. While previous computer vision models like YOLOv5 and ShuffleNetV2 have
achieved greater than accuracy in identifying growth stages and harvest readiness21, and 3D
reconstruction has been used for non-destructive yield prediction22, these systems focus primarily on
external phenotypes. Our model builds upon the logic of frameworks like SysFungiNet, which uses
Explainable AI for bioactive prioritization14. However, by employing a Multi-Task Learning architecture with
uncertainty-based loss weighting, the AI-PB framework goes beyond the descriptive capabilities of
Gradient Boosting or ANN-GA models23. It effectively maps the internal metabolic trade-offs that these
earlier models, focused largely on environmental control or simple fermentation optimization, often
overlook.
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Practical implications for the mushroom industry: For the industrial producer, the AI-PB framework
transitions mycology from a descriptive craft to a prescriptive technology. Instead of relying on rigid,
outdated substrate recipes, producers can use this framework as a decision-support system. It allows for
the real-time adjustment of substrate fortification based on the desired end-product profile. For instance,
if a producer targets a High-Antioxidant market, the model can prescribe a specific Se-dosage and rice
bran ratio to maximize organic Se-Met. On the other hand, if total biomass is the priority, the model can
identify the maximum Se-load that still preserves 100% biological efficiency. This level of control is the
hallmark of the Agri-Tech 4.0 era, turning mushroom houses into precision bio-factories.

The genus Pleurotus currently accounts for nearly 27% of global mushroom production24, largely due to
its ability to convert lignocellulosic residues such as soybean husks, cassava peels, and invasive water
hyacinth into high-value biomass8,25. Our results demonstrate that the AI-PB framework can be integrated
into these existing waste-stream systems to produce selenium-fortified functional foods. For instance,
while prior research focused on using paddy straw to yield fortified substrates for vermicompost9,26, our
framework provides the mathematical precision needed to ensure that such substrates do not compromise
the β-glucan or ergothioneine content of the primary crop27,28. This positions the AI-PB model as a
prescriptive tool for zero-waste, sustainable food systems.

Limitations and future outlook: While the AI-PB framework provides a powerful blueprint, it is not
without its limitations. The current model was trained on a specific strain and substrate combination. The
dataset was expanded to include diverse Pleurotus species and a wider range of agro-industrial wastes
to improve its generalizability. Beyond simple expansion, the Multi-Task Deep Learning architecture of the
AI-PB framework is uniquely suited for Transfer Learning. The neural weights optimized for P. ostreatus
in this study serve as a pre-trained foundational model. This allows researchers to adapt the system to
taxonomically related species, such as P. eryngii or P. cystidiosus, using significantly smaller calibration
datasets. This in-silico knowledge transfer reduces the need for exhaustive wet-lab trials for every new
strain, positioning the AI-PB framework as a scalable computational engine for the entire genus rather
than a single-species solution. In addition, while this study addressed nutritional and biomass trade-offs,
future iterations must incorporate Digital Gastronomy parameters. Integrating electronic tongue data and
volatile organic compound sensors into the MTL architecture will allow the AI to optimize for flavor
retention alongside mineral density. As we move toward a multi-mineral system, AI models will allow us
to design functional foods that are not only molecularly precise but also culinary superior, ensuring higher
consumer adoption in the global wellness market.

CONCLUSION
The pursuit of nutrient-dense food systems has long been hindered by metabolic trade-offs. The inherent
conflict lies in maximizing mineral enrichment and maintaining agricultural productivity. This study
successfully resolves this tension by introducing the AI-Guided Precision Biofortification (AI-PB) framework,
a transformative approach that shifts mushroom cultivation from traditional descriptive practices to a
prescriptive, data-driven science.

Through the integration of Multi-Task Deep Learning and high-fidelity metabolomic data, we have
demonstrated that the growth and nutritional quality of Pleurotus ostreatus are governed by complex,
non-linear relationships that traditional statistical methods cannot fully capture. The AI-PB model achieved
exceptional predictive accuracy (R2>0.94 for yield and selenium accumulation), providing a robust
computational mirror of the mushroom’s biological responses. Specifically, the framework identified a
Pareto-optimal threshold of 54.3 mg/kg of Na2SeO3, which allows for a 15.2% increase in essential amino
acids and maximizes organic selenium incorporation without significantly compromising biological
efficiency.
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Beyond the specific quantitative findings, this research offers a scalable blueprint for the Agri-Tech 4.0 era.
By using Explainable AI, we have deconstructed the black box of deep learning to identify the precise
metabolic windows where selenium transitions from a nutrient to a stressor. This level of precision
empowers industrial producers to treat P. ostreatus as a high-performance bio-factory, capable of
delivering consistent, high-value functional foods tailored to specific human health needs.

In conclusion, the AI-PB framework represents a significant step forward in the fight against Hidden
Hunger. By bridging the gap between computational intelligence and fungal biology, we have moved
closer to a future where food production is not just about volume, but about the precise, sustainable
delivery of wellness. 

SIGNIFICANCE STATEMENT
This study demonstrates that integrating artificial intelligence with selenium biofortification enables
precise optimization of selenium enrichment, mushroom yield, and nutritional quality in Pleurotus
ostreatus. The AI-guided framework identifies optimal fortification levels while preserving bioactive
compounds and biological efficiency. This approach provides a scalable strategy for producing selenium-
enriched  functional  foods  and  supports  sustainable  nutrition,  precision  agriculture,  and  Agri-Tech 
4.0 applications.
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