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Abstract

The global expansion of genetically modified (GM) crop cultivation has increased the
demand for analytical platforms that can provide rapid, reliable, and cost-effective detection
of GM-derived ingredients to support traceability, regulatory compliance, and accurate
labeling. Conventional molecular assays such as polymerase chain reaction (PCR) and
isothermal amplification are highly sensitive and specific but depend on sophisticated
instrumentation and trained personnel, limiting their applicability in field settings. Here,
we present a label-free and amplification-free nanobiosensor based on citrate-capped gold
nanoparticles (AuNPs) for the direct colorimetric detection of the Cry1Ac gene associated
with the MON87701 soybean event, without the use of polymerase chain reaction (PCR)
or any enzymatic nucleic acid amplification step. The assay relies on the localized surface
plasmon resonance (LSPR) of AuNPs, which induces a red-to-purple color transition
upon hybridization between complementary DNA strands. Critical reaction parameters,
including NaCl concentration, AuNP size, and ionic strength, were optimized to enable
selective and reproducible aggregation. Integration with a Support Vector Machine (SVM)
algorithm enabled automated spectral classification and semi-quantitative discrimination
of GM content levels. The optimized AuNP–SVM system achieved high sensitivity (limit
of detection ≈ 2.5 ng µL−1, depending on nanoparticle batch), strong specificity toward
Cry1Ac-positive sequences, and reproducible classification accuracies exceeding 90%. By
eliminating enzymatic amplification steps, the proposed platform significantly reduces
assay time, operational complexity, and instrumentation requirements, making it suitable
for rapid on-site GMO screening.

Keywords: gold nanoparticles; colorimetric biosensor; GMO detection; Cry1Ac;
amplification-free DNA detection; machine learning

1. Introduction
Genetically modified (GM) crops have significantly advanced modern agriculture by

enabling precise modification of plant genomes to introduce advantageous traits unattain-
able through conventional breeding [1]. Through the application of molecular biotech-
nology, crop genomes can be selectively engineered to enhance agronomic performance,
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environmental adaptability, and nutritional quality [2]. As a result, GM crops have con-
tributed to improved resistance to pests and pathogens, increased tolerance to abiotic stress
conditions such as drought and salinity, and optimized nutrient composition, providing
substantial agronomic and economic benefits worldwide [3,4].

Since the commercialization of the first genetically modified crop, the FlavrSavr tomato,
in 1994, the global cultivation of biotechnology-derived crops has expanded rapidly [5].
By 2024, approximately 206.3 million hectares of farmland worldwide were devoted to
GM crops, with regulatory approval granted in more than 30 countries [6]. In response
to this widespread adoption, science-based regulatory frameworks have been established
to ensure that GM crops are assessed, authorized, and monitored in a transparent and
evidence-driven manner. In the European Union, the European Food Safety Authority
(EFSA) conducts comprehensive, case-by-case risk assessments of genetically modified
plants prior to authorization, focusing on molecular characterization, food and feed safety,
and potential environmental effects [7].

In addition to pre-market evaluation, EFSA requires post-market environmental moni-
toring (PMEM) to identify any unanticipated or long-term effects that may arise following
large-scale cultivation and commercialization of approved GM events [7]. This precau-
tionary yet evidence-based monitoring strategy aims to support traceability, regulatory
compliance, and ongoing oversight within complex agri-food systems, rather than implying
inherent risk associated with authorized GM crops. Accordingly, mandatory labeling and
monitoring requirements have been implemented to facilitate effective market surveil-
lance and international trade. For example, the European Union (EU) requires labeling
when GM content exceeds 0.9% per ingredient [8], underscoring the need for reliable
analytical methods capable of accurately detecting GM components throughout the food
supply chain.

A wide range of analytical strategies has been developed for the detection of GM crops,
including molecular, immunological, and biosensing-based approaches. Molecular tech-
niques such as polymerase chain reaction (PCR) [9], real-time PCR [10,11], digital PCR [12],
and isothermal amplification methods [13,14] are widely employed due to their high sensi-
tivity and specificity. Immunological assays, including enzyme-linked immuno-sorbent
assays (ELISA) [15] and lateral flow test strips [16,17], provide rapid and user-friendly
alternatives suitable for field applications. In parallel, emerging biosensor platforms have
attracted increasing attention for their potential to deliver rapid, on-site, and cost-effective
detection [18,19], with recent developments in label-free nanobioelectronic biosensors [20].

Although molecular-based methods provide excellent analytical performance, they
typically require sophisticated instrumentation, skilled personnel, and multi-step laboratory
workflows. These requirements limit their suitability for routine large-scale screening and
decentralized monitoring applications. Consequently, there is a growing demand for rapid,
user-friendly, and cost-effective analytical alternatives capable of delivering reliable results
without reliance on complex laboratory infrastructure.

In this context, DNA-based biosensors have emerged as a promising class of analytical
tools for the detection of GM-associated genes. Among these, citrate-stabilized gold
nano-particle (AuNP)–based colorimetric assays are particularly attractive due to their
excellent aqueous dispersibility and characteristic localized surface plasmon resonance
(LSPR) absorption near 520 nm [21,22]. These optical properties enable direct, label-free, and
visually interpretable detection of target DNA sequences through salt-induced nanoparticle
aggregation. Several amplification-free AuNP-based colorimetric strategies have been
reported for direct detection of unamplified genomic DNA, demonstrating the feasibility of
PCR-independent diagnostic platforms for rapid and portable nucleic-acid analysis [23].
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The analytical performance of AuNP-based colorimetric assays is strongly influenced
by nanoparticle physicochemical properties, including size, surface chemistry, and batch-
to-batch variability. In citrate-stabilized systems, aggregation behavior depends critically
on ionic strength and nanoparticle size, with smaller AuNPs typically requiring lower
salt concentrations to induce aggregation due to differences in electrostatic stabilization
and surface curvature effects. This size-dependent aggregation behavior has been previ-
ously reported and represents a key parameter that must be carefully optimized to ensure
reproducible sensing performance [24].

In this work, a gold nanoparticle-based biosensing platform integrated with machine
learning was developed, as schematically illustrated in Figure 1, for the detection of the
Cry1Ac gene specific to the MON87701 genetically modified soybean event. Genomic
DNA was extracted and analyzed using a salt-induced colorimetric assay in which AuNP
aggregation produced a quantifiable spectral shift [25,26]. To address variability arising
from nanoparticle size, concentration, and batch-to-batch physicochemical differences, the
bio-sensor was integrated with machine learning using a support vector machine (SVM)
classifier [27]. While conventional ratiometric analysis (OD620/OD520) enables qualitative
discrimination, it may be insufficient to ensure robust and reproducible classification across
multiple nanoparticle batches. The SVM-based model was therefore employed to capture
nonlinear relationships within the spectral data, improve tolerance to optical variability,
and enable reliable semi-quantitative discrimination of GMO content levels, rather than
absolute regulatory quantification.

Figure 1. Schematic illustration of the AuNP-based biosensing platform integrated with machine
learning for detection of the Cry1Ac gene specific to the MON87701 GM soybean event. The work-
flow includes (1) genomic DNA extraction from soybean samples, (2) dispersion of citrate-stabilized
AuNPs functionalized with complementary DNA probes, (3) probe–target hybridization in the pres-
ence of Cry1Ac sequences, (4) NaCl-induced aggregation of AuNPs in the absence of complementary
targets resulting in a red-to-purple color shift and corresponding spectral change, and (5) interpre-
tation of colorimetric and spectral responses using SVM classifier for discrimination of GM and
non-GM samples.

Although AuNP-based colorimetric DNA assays for GMO detection have been pre-
viously reported, based on hybridization-triggered salt-induced aggregation, the present
study introduces several key advancements. These include direct amplification-free detec-
tion of an event-specific GMO marker using genomic DNA, systematic optimization and
evaluation across multiple AuNP batches, and the integration of machine learning as a data-
driven strategy rather than a post hoc visualization tool. This combined nanoplasmonic–
machine learning framework distinguishes the present work from existing AuNP-based
colorimetric GMO assays and provides a robust foundation for intelligent, field-deployable
GMO screening platforms.
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2. Materials and Methods
2.1. Chemicals and CRMs

Certified reference materials (CRMs) were obtained for genomic DNA-based detection
using the AuNP biosensing platform. Two soybean reference materials were purchased
from the American Oil Chemists’ Society (AOCS): non-modified soybean (AOCS 0906-A2,
<0.08% w/w GM) and MON87701 soybean (AOCS 0809-A2, ≥98.4% w/w GM). A Roundup
Ready® (RR) soybean blank material (ERM-BF410ak, <0.07% w/w GM) was obtained
from the Institute for Reference Materials and Measurements (IRMM, Geel, Belgium), and
MON15985 cotton (AOCS 0804-D2, ≥99.6% w/w GM) was also supplied by AOCS. Ac-
cording to the certificates of analysis, AOCS 0809-A2 contained ≥98.4% (w/w) MON87701
soybean (measurement uncertainty ±0.8% w/w, event-specific real-time PCR) with 99.2%
purity at a 95% confidence level. The non-modified soybean material (AOCS 0906-A2) was
verified to be free of MON87701, MON89788, MON87705, MON87708, MON87751, and
MON87769 events (<0.08% w/w). ERM-BF410ak was certified as GM-free (<0.07% w/w
GTS 40-3-2 soybean), while AOCS 0804-D2 contained ≥99.6% (w/w) MON15985 cotton
(uncertainty ±0.2% w/w, event-specific PCR). All CRMs were stored at +4 ◦C in the dark
until DNA extraction.

2.2. Synthesis and Characterization of Citrate-Capped AuNPs

Hydrogen tetrachloroaurate(III) trihydrate (HAuCl4·3H2O) and trisodium citrate dihy-
drate (C6H5Na3O7·2H2O) were purchased from Sigma-Aldrich (St. Louis, MO, USA). All
aqueous solutions were prepared using ultrapure water (18.2 MΩ·cm) obtained from a Milli-
Q purification system (Millipore, Bedford, MA, USA). Citrate-capped gold nanoparticles
(AuNPs) were synthesized following a modified Turkevich–Frens reduction protocol [28,29].
Briefly, an aqueous HAuCl4 solution (1.0–1.25 mM, 40–100 mL) was heated to a vigorous
boil under continuous magnetic stirring, after which a preheated trisodium citrate solu-
tion (38.8 mM, 4–10 mL) was rapidly injected. The reaction mixture was maintained at
boiling under constant stirring until the solution developed a deep wine-red color within
approximately 10–15 min, indicating the formation of colloidal AuNPs. The suspension
was then cooled to room temperature under stirring and stored at 4 ◦C in the dark. Five
independent batches (S1, Y5, Y6, Y7, and Y8) were synthesized under varied reagent ratios
to assess reproducibility and particle-size uniformity. The precursor concentrations, reagent
volumes, and AuNP concentrations are summarized in Table 1. Transmission electron
microscopy (TEM) analysis was conducted on an FEI Tecnai F30 microscope (FEI Company,
Hillsboro, OR, USA) operated at 300 kV to evaluate nanoparticle morphology and size
distribution. For TEM imaging, 3 µL of diluted AuNP suspension was drop-cast onto a
carbon-coated copper grid and air-dried at room temperature. Particle diameters were
determined by measuring at least 200 nanoparticles per batch from multiple representative
micrographs using ImageJ v.1.53 software (NIH, Bethesda, MD, USA) [30].

Table 1. Summary of precursor concentrations, reagent volumes, and resulting AuNP characteristics
obtained from UV–Vis measurements at 520 nm.

Batch
Number

HAuCl4·3H2O C6H5Na3O7·2H2O
AuNP (nM)Concentration

(mM) Volume (mL) Concentration
(mM) Volume (mL)

S1 1.11 90 38.80 10 3.75
Y5 1.11 45 38.76 5 4.70
Y6 1.0 50 38.80 5 4.40
Y7 1.25 40 38.80 4 5.96
Y8 1.0 100 38.80 10 4.77
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2.3. GMO Detection Assay with the AuNP Nanobiosensor

Genomic DNA was extracted from 100 mg of CRM powder using the GeneMATRIX
Food-Extract DNA Purification Kit (EURx, Gdańsk, Poland) following the manufacturer’s
instructions. All extracts yielded DNA of sufficient concentration and purity for down-
stream hybridization-based AuNP assays. On average, non-modified soybean CRMs
produced 114.6 ng µL−1 DNA (OD260/OD280 = 1.78–1.95), while GM soybean CRMs
yielded 77.1 ng µL−1 DNA (OD260/OD280 = 1.72–2.09). Roundup Ready® soybean and
MON15985 GM cotton generated 51.1 and 70.9 ng µL−1, respectively. Commercial soybean
samples showed the highest recovery, averaging 595.8 ng µL−1, likely due to finer grinding
and improved cell-lysis efficiency. All samples exhibited OD260/OD280 ratios within the
optimal 1.8–2.0 range, confirming high-purity DNA [31].

The purified DNA was eluted in 100 µL of elution buffer and stored at −20 ◦C
until use. DNA concentration and purity were determined using a NanoDrop 2000c
spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA) by measuring optical
density at 260 nm (OD260) and 280 nm (OD280). The sequences of the target oligonucleotide
and complementary probe are listed in Table 2. Colorimetric assays were performed
in a total volume of 120 µL, comprising a 20 µL hybridization mixture containing the
complementary probe (0.08 µM final concentration) and genomic DNA (2.5 ng µL−1 final
concentration). Thermal processing was conducted using a Nanobiz CubeCycler® thermal
cycler under the following conditions: denaturation at 95 ◦C for 10 min, hybridization
at 55 ◦C for 5 min, and cooling to 30 ◦C for 1 min. Following hybridization, 90 µL of
freshly synthesized AuNP colloid was added and gently vortexed to ensure homogeneity.
Aggregation was subsequently induced by adding 10 µL of 10×phosphate-buffered saline
(PBS) containing NaCl to achieve the optimized final ionic strength. Immediately after salt
addition, the complete reaction mixture was transferred into a 96-well microplate for optical
analysis. UV–visible spectra were recorded between 400 and 700 nm at 10 nm intervals
after 1, 5, and 10 min using a microplate reader. All spectra were blank-subtracted (PBS and
water without AuNPs) and baseline-corrected at 700 nm to remove scattering effects. Fixed
volumes and identical well geometry were maintained across all measurements to ensure
consistent optical path lengths, and path-length correction was applied where applicable.
Each condition was tested in triplicate wells, and ten independent assays (n = 10) were
performed per AuNP batch. All AuNP-based assays were performed under identical
experimental conditions and measurement settings. Finally, wells were photographed
under standardized illumination to document colorimetric transitions.

Table 2. Oligonucleotide sequences used for target and complementary probe design in the AuNP-
based colorimetric nanobiosensor targeting the Cry1Ac gene sequence.

Name Sequence (5′ → 3′) Length (bp)

Target Oligo TTT AAA CTG AAG GCG GGA AAC G 22
Complementary Probe C GTT TCC CGC CTT CAG TTT AAA 22

2.4. Support Vector Machine (SVM) Model Development

A supervised learning model based on a SVM classifier was implemented to correlate
the optical responses of the AuNP nanobiosensor with GMO content. UV–visible spec-
tra (400–700 nm, 10 nm intervals) obtained from three AuNP batches (Y5, Y6, Y8) were
compiled into a dataset comprising more than 150 individual assays, representing five
GMO classes (Non-GM, 25%, 50%, 75%, ≥98.4% w/w). Two SVM models were devel-
oped to evaluate alternative feature representations of the colorimetric assay data. One
model used the full optical density spectrum (400–700 nm), while the other employed the
OD620/OD520 ratio as a single feature reflecting gold nanoparticle aggregation and the
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associated plasmonic red shift. Prior to model training, all features were standardized to
zero mean and unit variance [32]. Model implementation was carried out in-house using
the C programming language. Model parameters were selected using cross-validation
within an 80/20 training–testing split, with stratification applied to preserve class balance.
The final model was evaluated on a held-out test set and subsequently applied to indepen-
dent external validation samples (RR soybean and GM cotton, n = 4) not included during
training, providing a proof-of-concept assessment of model generalizability.

3. Results and Discussion
3.1. Characterization of AuNP

The properties of the synthesized AuNPs were characterized to assess their morphol-
ogy, and size distribution. TEM micrographs (Figure 2a) revealed that the nanoparticles
possessed uniform, spherical morphology with smooth surfaces and well-defined bound-
aries. Across all batches (S1, Y5, Y6, Y7, and Y8), the particles were evenly dispersed without
visible aggregation, demonstrating the high colloidal stability of the citrate-reduced AuNPs.
Particle-size distribution histograms (Figure 2b), generated from the analysis of more than
200 individual particles per batch, exhibited narrow and symmetric distributions with
mean diameters ranging from 13 to 16 nm, depending on the synthesis conditions. Each
histogram was normalized to the total particle count (0–100%) to enable direct cross-batch
comparison. Over 90% of the particles fell within ±1 nm of the mean diameter, confirming
excellent monodispersity and high reproducibility of the synthesis process. The calculated
mean diameters were 13.8 nm (S1), 13.4 nm (Y5), 15.2 nm (Y6), 15.8 nm (Y7), and 15.6 nm
(Y8). All batches exhibited the characteristic wine-red color typical of well-dispersed,
citrate-capped AuNPs, along with a consistent LSPR maximum near 520 nm. This com-
bination of distinct optical features, uniform morphology, and narrow size distribution
confirms the complete reduction of Au(III) ions and efficient stabilization by citrate anions.

Figure 2. TEM micrographs and normalized particle-size distributions of AuNPs synthesized in
batches S1, Y5, Y6, Y7, and Y8. (a) Representative TEM micrographs illustrating uniformly dispersed,
quasi-spherical nanoparticles with minimal aggregation (scale bar = 50 nm). (b) Normalized particle-
size distribution histograms centered between ≈13 and 16 nm, confirming narrow, symmetric size
distributions and high batch-to-batch reproducibility. Each histogram is normalized to the total
particle count (0–100%) to allow direct comparison among batches.
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3.2. Effect of NaCl Concentration on AuNP Aggregation

To determine the optimal ionic conditions for controlled aggregation, citrate-stabilized
AuNPs were exposed to progressively increasing NaCl concentrations, and their optical
responses were monitored by UV–Vis spectroscopy. NaCl was selected as a simple and
well-defined electrolyte to regulate AuNP aggregation by increasing ionic strength, thereby
weakening electrostatic stabilization of the citrate layer and producing a reproducible
plasmonic color change. Similarly, other monovalent electrolytes (e.g., KCl) are expected to
promote aggregation in citrate-capped AuNP systems, since salt addition increases ionic
strength and screens electrostatic repulsion between negatively charged nanoparticles,
leading to plasmonic coupling accompanied by red-shift and broadening of the SPR band
under comparable conditions [33]. Quantitative differences in aggregation kinetics or
threshold concentration may arise due to ion-specific properties; however, the overall
plasmonic coupling mechanism remains unchanged under comparable ionic strength
conditions. Four NaCl concentrations (0.10 M, 0.15 M, 0.30 M, and 0.40 M) were initially
tested (Figure 3a). Up to 0.10 M, both the solution color and SPR spectrum remained
unchanged, indicating well-dispersed nanoparticles. At NaCl concentrations of 0.15 M and
above, the solution color gradually shifted from red to purple–gray, accompanied by a red
shift and broadening of the SPR band, confirming that increasing ionic strength screened
electrostatic repulsion between citrate-capped AuNPs and promoted aggregation.

 
Figure 3. Effect of NaCl, particle, and probe concentration on AuNP aggregation. (a) OD620/OD520

spectra of citrate-stabilized AuNPs exposed to 0.10–0.40 M NaCl, showing the onset of an SPR
red shift above 0.15 M, indicative of aggregation. Secondary optimization using diluted AuNPs
(≈1.5 nM) within the 0.05–0.25 M NaCl range confirmed the aggregation threshold near 0.15 M.
(b) Probe-concentration-dependent variation of the OD620/OD520 ratio across the pM, nM, and µM
range, demonstrating concentration-driven sensitivity.

The aggregation behavior of citrate-stabilized AuNPs was strongly influenced by both
ionic strength and nanoparticle size. Smaller AuNPs required lower NaCl concentrations to
induce aggregation, whereas larger particles exhibited aggregation at higher ionic strengths.
This behavior is consistent with electrostatic screening effects, whereby increased ionic
strength reduces effective surface charge repulsion and promotes size-dependent plasmonic
coupling. Similar size- and ionic-strength-dependent aggregation behavior of citrate-
capped AuNPs has been previously reported [24]. Based on these observations, NaCl
concentrations in the range of 0.10–0.15 M were selected for subsequent assays, depending
on nanoparticle batch characteristics.

A secondary optimization experiment was conducted using NaCl concentrations
ranging from 0.05 to 0.25 M with a diluted S1 AuNP batch (1.5 nM) to evaluate the effect of
nanoparticle density (Figure 3a). Aggregation again occurred near 0.15 M NaCl; however,
the onset shifted slightly toward lower NaCl concentrations at reduced AuNP levels due

https://doi.org/10.3390/bios16020128

https://doi.org/10.3390/bios16020128


Biosensors 2026, 16, 128 8 of 14

to decreased effective surface charge density and weaker electrostatic stabilization of the
citrate layer. Based on these results, 0.15 M NaCl was selected as the standard condition for
subsequent assays to ensure reproducible and sequence-specific colorimetric responses.

To further optimize the assay conditions, the effect of probe concentration on AuNP
aggregation behavior was systematically investigated. As shown in Figure 3b, pronounced
AuNP aggregation was observed at picomolar probe concentrations, whereas at micro-
molar concentrations the oligonucleotides strongly protected the nanoparticles against
salt-induced aggregation, as evidenced by minimal absorbance changes in the 600–700 nm
region. Because picomolar probe levels led to excessive aggregation and micromolar levels
resulted in over-stabilization of the AuNPs, a probe concentration of 1 pM was selected as
the optimal condition. At this intermediate level, a balanced interaction between the probe
and AuNPs was achieved, enabling controlled aggregation and a distinct colorimetric
response suitable for reliable discrimination across different probe concentrations relative
to the control.

3.3. Detection of Genomic DNA

AuNPs were employed for sequence-specific detection of genomic DNA (gDNA)
via salt-induced aggregation and the resulting colorimetric response. Complementary
oligonucleotide probes targeting the Cry1Ac gene of GM soybean were hybridized with
extracted gDNA representing five GMO classes (Non-GM, 25%, 50%, 75%, and ≥98.4%
w/w). The OD620/D520 ratio increased proportionally with both reaction time and GMO
content, reflecting progressive aggregation driven by DNA hybridization. These optical
changes directly correspond to molecular interactions between DNA strands and citrate-
capped AuNP surfaces: single-stranded DNA adsorbs onto the nanoparticle surface and
stabilizes the colloid against salt-induced coagulation, whereas double-stranded DNA does
not, leading to aggregation. Consequently, increasing target DNA concentration enhances
hybridization, reduces colloidal stability, and promotes AuNP clustering.

The performance of two different AuNP batches (Y6 and Y8) was evaluated at reaction
times of 1, 5, and 10 min to assess their response and discrimination capability. Figure 4
summarizes the time-dependent colorimetric responses of two AuNP batches (Y6 and Y8)
across different GMO levels. The performance of the batches was evaluated at reaction
times of 1, 5, and 10 min to assess both kinetic behavior and discrimination capability.
Panels (a) and (b) show the OD620/D520 ratios recorded at 1, 5, and 10 min for Y6 and Y8,
respectively. For both batches, the absorbance ratio increased monotonically with increasing
GMO content, indicating a concentration-dependent colorimetric response. Overall, Y6
and Y8 exhibited comparable trends and signal magnitudes across most GMO levels and
reaction times. However, at the highest GMO content (≥98.4% w/w), Y6 displayed a slightly
faster and stronger response, as evidenced by higher OD620/D520 values at early time points
(Figure 4a), whereas Y8 reached similar levels more gradually (Figure 4b). The end-point
comparison at 10 min (Figure 4c) confirms that both batches provide similar discrimination
capability across GMO levels, with only marginal differences in signal magnitude. Overall,
these results demonstrate that the assay enables rapid and semi-quantitative discrimination
of GMO content within 10 min, while showing minimal batch-to-batch variation.

The specificity of the assay was evaluated using GM soybean as the Cry1Ac-positive
target, while non-GM soybean and RR soybean were used as Cry1Ac-negative controls.
In addition, GM cotton, which also contains the Cry1Ac gene, was intentionally included
as a second positive target to assess gene-level specificity. As shown in Figure 5, Cry1Ac-
negative samples (RR soybean and non-GM soybean) retained a red coloration, whereas
Cry1Ac-positive samples (GM soybean and GM cotton) exhibited a significant shift to-
ward a darker red-to-purple hue. Although the visual differences in the inset images
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are subtle, the corresponding OD620/OD520 ratios provide a clear quantitative distinction
between target and non-target samples. Notably, GM cotton displayed a response com-
parable to that of GM soybean, confirming that the assay selectively detects the Cry1Ac
gene rather than distinguishing between different Cry1Ac-containing GM events. Al-
though DNA is a polyanionic molecule, the observed optical response is dominated by
probe–target hybridization, as evidenced by the clear separation between Cry1Ac-positive
and Cry1Ac-negative genomic DNA samples under identical assay conditions. These
results demonstrate that the assay effectively discriminates Cry1Ac-containing targets
from non-target samples and confirms its high sequence specificity, while enabling direct
visual identification.

 

Figure 4. Detection of Cry1Ac genomic DNA from GM soybean using the AuNP-based colorimetric
nanobiosensor. Five GMO levels, including non-GM (<0.08% w/w) and mixtures of extracted GM
(≥98.4% w/w) and non-GM DNAs adjusted to 25%, 50%, 75%, and ≥98.4% w/w, were hybridized
with complementary probes and analyzed via salt-induced aggregation. (a) Batch Y6 (≈15.2 nm,
4.4 nM), and (b) Batch Y8 (≈15.6 nm, 4.77 nM) exhibit time-dependent increases in OD620/OD520

ratios measured at 1, 5, and 10 min. (c) Endpoint spectra collected at 10 min demonstrate batch-
to-batch reproducibility and nanoparticle-size-dependent sensitivity. The dashed line indicates the
OD620/OD520 ratio measured with the Cry1Ac-negative control (RR soybean DNA). Error bars
represent ±SD (n = 10).

To evaluate analytical sensitivity, the limit of detection (LOD) was determined from
the calibration curve as three times the standard deviation of the blank divided by the
slope (3σ/slope), based on signal-to-noise ratios obtained from 10 min spectral data gener-
ated from three independent AuNP batches. This analysis yielded the lowest detectable
DNA concentrations of 1.0 and 2.5 ng µL−1 (depending on batch) for GM samples using
batches Y6 and Y8, respectively. The slightly improved sensitivity observed for batch Y8
may be related to its particle size, which can influence plasmon coupling and enhance
aggregation-induced optical shifts [34]. Overall, these results demonstrate excellent batch-
to-batch reproducibility and confirm the high analytical sensitivity of the AuNP-based
assay compared to other developed sensors.
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Figure 5. Representative visual and spectral responses are shown for Non-GM soybean (<0.08% w/w),
RR soybean, GM soybean (≥98.4% w/w), and GM cotton (≥99.6%) w/w. Target samples containing
the Cry1Ac gene exhibit a pronounced red-to-purple color transition and elevated OD620/OD520

ratios, whereas non-target samples remain red with minimal spectral changes. These results demon-
strate high sequence specificity and negligible cross-reactivity of the assay.

3.4. Classification of GMO Levels Using SVM

The SVM analysis was performed using GMO concentration levels and corresponding
UV–visible absorbance data obtained from AuNP-based colorimetric assays. Two feature
representations were evaluated: (i) the normalized full absorbance spectrum recorded
between 400 and 700 nm, and (ii) a reduced ratio-based feature defined as OD620/OD520,
which captures the plasmonic red shift associated with nanoparticle aggregation. The SVM
model was employed to classify samples into predefined GMO content categories and to
support semi-quantitative discrimination, rather than to perform absolute quantitative
determination as defined by regulatory reference methods.

Several kernel functions, including linear, polynomial, and radial basis function (RBF)
kernels, were evaluated during model development. Among these, the RBF kernel consis-
tently yielded the highest classification performance and was therefore employed in all
reported analyses. When all AuNP batches were analyzed together using full-spectrum
features, the SVM achieved a baseline classification accuracy of approximately 58%, which
was limited by batch-to-batch spectral variability. To mitigate batch-dependent effects,
SVM classification was subsequently performed on a per-batch basis using the RBF kernel.

SVM analysis was extended to AuNP batch Y5, in addition to batches Y6 and Y8, due
to its smaller particle diameter. Batch Y5 demonstrated the highest classification perfor-
mance, achieving accuracies of 95.5% using full-spectrum features and 93.3% using the
ratio-based feature. In comparison, batches Y8 and Y6 achieved accuracies of 86.6%/55.5%
and 63.4%/50%, respectively (Figure 6a). In this context, using the full spectrum preserves
the overall spectral shape, including aggregation-induced peak broadening, red shifting of
the ∼520 nm LSPR band, and increased absorbance in the 600–700 nm region, whereas the
OD620/OD520 ratio reduces the information to two data points, which contributes to the
improved classification performance observed with full-spectrum features. The heatmap in
Figure 6b illustrates the overall classification performance across the three AuNP batches,
highlighting clear differentiation between GMO classes and consistent intra-batch clas-
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sification patterns. The superior performance of batch Y5 is attributed to its narrower
size distribution and stronger LSPR confinement, which enhanced colorimetric contrast
and spectral reproducibility [34]. The single misclassification observed during external
validation corresponded to one GM cotton sample (GM Cotton 2) and was attributed to
spectral variability rather than sequence variation, as the Cry1Ac gene targeted by the
probe is conserved across Cry1Ac-containing GM events.

 

Figure 6. Machine learning-based classification of GMO levels using the SVM model. (a) Comparison
of full-spectrum and ratio-kernel classification accuracies for three AuNP batches (Y5, Y6, and Y8).
Batch Y5 achieved the highest accuracies (95.5% for full-spectrum and 93.3% for ratio-kernel data) due
to its pronounced optical contrast and uniform aggregation behavior. (b) Heatmap representation
of classification performance across the three AuNP batches. (c) External validation using four
unseen genomic DNA samples, including two non-GM (RR soybean) and two GM (cotton), correctly
classified three samples, corresponding to a 75% classification accuracy.

Overall, the integration of SVM-based machine learning with AuNP colorimetric
sensing enabled semi-quantitative, amplification-free discrimination of GMO levels. The
dependence of classification accuracy on nanoparticle size highlights the link between
plasmonic field confinement and optical sensitivity. The modular design of the AuNP-
based colorimetric assay also enables future multiplexing of event-specific probes for
simultaneous detection of multiple GM markers, particularly when combined with machine-
learning-assisted spectral classification. This synergy between nanophotonics and data-
driven modeling establishes a foundation for intelligent, portable biosensors capable of
rapid and automated GMO detection.

4. Conclusions
This study demonstrated a rapid, amplification-free colorimetric nanobiosensor for

the detection of the Cry1Ac gene in the genetically modified soybean event MON87701,
using gold nanoparticles (AuNPs) as optical transducers. Detection was based on di-
rect hybridization between genomic DNA and complementary oligonucleotide probes,
where salt-induced aggregation of citrate-stabilized AuNPs generated a visible red-to-
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purple color transition proportional to the level of genetic modification. Under optimized
ionic conditions (e.g., 0.15 M NaCl), the assay achieved a minimum detection limit of
≈2.5 ng µL−1 (depending on batch), with relative standard deviations below 10%, confirm-
ing high analytical sensitivity and good reproducibility. Sequence specificity was verified
using Cry1Ac-positive and Cry1Ac-negative genomic DNA. Only Cry1Ac-containing
samples produced pronounced spectral shifts and color transitions, confirming selective
probe–target hybridization. The influence of particle size on the optical response under-
scores the importance of nanoparticle size for optimal assay performance. Integration
of the optical dataset with a SVM model enabled automated classification of five GMO
levels (0%, 25%, 50%, 75%, 100%) with classification accuracies exceeding 90%. Overall,
the developed AuNP-based nanobiosensor provides a fast, label-free, and cost-effective
platform for qualitative and semi-quantitative GMO detection. Rather than replacing estab-
lished PCR-based reference methods, the proposed system is positioned as a complemen-
tary, field-deployable pre-screening tool for food monitoring, traceability, and analytical
decision support. The combined integration of nanoplasmonic sensing and machine-
learning-assisted data interpretation supports the development of intelligent and portable
biosensing systems applicable to agricultural biotechnology and broader nucleic-acid-based
detection challenges.
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AuNP Gold nanoparticle
CRM Certified reference material
DNA Deoxyribonucleic acid
dsDNA Double-stranded DNA
EFSA European Food Safety Authority
ELISA Enzyme-linked immunosorbent assay
gDNA Genomic DNA
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GM Genetically modified
GMO Genetically modified organism
LOD Limit of detection
LSPR Localized surface plasmon resonance
NaCl Sodium chloride
OD Optical density
PBS Phosphate-buffered saline
PCR Polymerase chain reaction
PMEM Post-market environmental monitoring
RBF Radial basis function
SVM Support vector machine
TEM Transmission electron microscopy
UV–Vis Ultraviolet–visible
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