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Rare mutation detection is a critical technology in cancer diagnosis and treatment. Although digital polymerase
chain reaction (dPCR) has been widely applied in this field, its performance is often affected by operator-defined
parameters and limited clinical adaptability. The detection of rare mutations frequently requires extensive
testing, while droplet-level result interpretation in dPCR assays remains highly sensitive to parameter settings.
dPCR faces challenges in accommodating diverse clinical scenarios and integrating into routine diagnostic and
therapeutic workflows. This study developed an experimental optimization system that integrated droplet
clustering with multitask learning (MTL) to achieve both droplet classification and coordinated parameter
optimization. The system extracted multidimensional droplet fluorescence intensity feature vectors, droplet
fluorescence area signal-to-noise ratio feature vectors, fluorescence decay coefficients, and droplet circularity
features. The extracted features were standardized and processed within MTL framework to enable joint
optimization of two tasks. A constrained K-means algorithm and an adaptive loss function were further
incorporated to enhance model performance. The results demonstrated that the proposed system achieved a
detection sensitivity of 97.2%, a specificity of 98.5%, and a clustering accuracy of 96.8%. These metrics significantly
outperformed those of commercial software and conventional algorithms. The system also exhibited excellent
stability and generalization across different clinical samples, detection platforms, and mutation sites with
coefficients of variation ranging from only 0.8% to 1.2%. By addressing key limitations of conventional dPCR
approaches, the proposed system provided valuable technical support for the standardized clinical application of
dPCR and precision cancer detection.
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Introduction the gold-standard technology for rare mutation

analysis [2]. In dPCR, nucleic acid samples are

Accurate detection of rare mutations is a core partitioned into tens of thousands to millions of
technology for early cancer screening, evaluation independent droplets. Mutation quantification is
of drug-resistance mechanisms, and therapeutic then achieved through parallel amplification and
efficacy assessment. The sensitivity and fluorescence signal interpretation. Droplet
specificity of mutation detection directly affect clustering analysis represents a critical step in
the accuracy of clinical decision-making [1]. this process because it distinguishes positive,
Digital polymerase chain reaction (dPCR), which negative, and invalid droplets and enables
enables single-molecule detection, has become accurate calculation of mutation frequencies [3].

236


mailto:hezhixj@126.com

Journal of Biotech Research [ISSN: 1944-3285]

2026; 26:236-248

In recent years, dPCR has advanced rapidly in the
field of rare mutation detection [4]. Researchers
have conducted extensive studies on sample
adaptation, experimental workflows, and
detection methodologies. Novel droplet dPCR
platforms have been developed for mutation
screening and measurable residual disease
monitoring in acute myeloid leukemia [5]. Other
studies have optimized detection strategies for
challenging sample types including formalin-fixed
paraffin-embedded tissues and circulating free
DNA. These efforts have helped overcome issues
related to nucleic acid degradation and inhibitor
interference [6]. In parallel, machine learning
techniques have gradually been introduced into
dPCR data analysis. Algorithms such as support
vector machines and random forests have been
applied to improve droplet classification
performance [7]. These advances have promoted
the clinical translation of dPCR in oncology,
hematological disorders, and other medical fields
[8]. Despite these achievements, several
limitations remain in current dPCR technologies
[9]. Conventional clustering algorithms including
K-means and Gaussian mixture models are highly
susceptible to matrix interference from clinical
samples, fluorescence signal overlap, and
nonspecific amplification. These factors often
result in droplet misclassification [10]. Existing
machine learning approaches typically focus only
on droplet clustering and overlook the influence
of critical experimental parameters such as
primer concentration, annealing temperature,
and droplet generation pressure. Improper
parameter settings can reduce signal intensity
and compromise droplet stability [11].
Furthermore, single-task models have limited
ability to address sample heterogeneity arising
from different cancer types and specimen
preservation methods. Consequently, their
generalization performance is often inadequate
for diverse clinical testing scenarios [12]. To date,
no study has applied multi-task learning (MTL) to
optimize the entire workflow of dPCR-based rare
mutation detection.

This study developed a dPCR experimental
optimization system for rare mutation detection.
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The proposed framework was designed to reduce
droplet classification errors, minimize
dependence on manual parameter tuning, and
improve adaptability across diverse clinical
scenarios. The system integrated dPCR droplet
clustering analysis with MTL framework.
Multidimensional fluorescence features were
extracted from droplets and subsequently
standardized. A model architecture consisting of
a shared feature extraction layer and two task-
specific branches was then constructed. By
combining a constrained K-means objective
function with a weighted loss function, the
framework achieved collaborative optimization
of precise droplet clustering and adaptive
experimental parameter adjustment. This study
was the first to introduce MTL into the complete
workflow of dPCR-based rare mutation
detection. A closed-loop optimization framework
was established to link droplet characteristics
with experimental parameters. The proposed
approach improved the sensitivity, specificity,
and reproducibility of rare mutation detection
and facilitated the standardized application of
dPCR in complex clinical samples. Furthermore,
the study provided new methodological insights
for precision oncology and the early diagnosis of
infectious diseases.

Materials and methods

Overall system architecture and experimental
workflow

The proposed system was designed to achieve
closed-loop collaborative optimization of precise
droplet clustering and adaptive experimental
parameter regulation through deep mining of
droplet fluorescence characteristics within MTL
framework [13]. The architecture consisted of
three major modules including hardware
execution, dual-task modeling, and dynamic
feedback. Together, these modules ensured high
sensitivity and stability in rare mutation
detection [14]. The dPCR workflow comprised a
sequence of automated procedures including
droplet image denoising, multidimensional
feature extraction, feature standardization,
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multitask model computation, and dynamic
parameter feedback. These processes formed a
complete automated optimization pipeline for
dPCR-based rare mutation detection. The system
conducted image denoising for the droplet image
obtained after dPCR amplification [15], and then
extracted multiple features to construct a feature
vector as follows [16].
X =[I,A,kSNR, &8, R]T (1)
where | was the fluorescence intensity. A was
fluorescence area. k was signal rising slope. SNR
was signal-to-noise ratio. 6 was fluorescence
decay coefficient. R was droplet roundness. The
SNR was used to quantify the relative intensity of
effective droplet fluorescence signals against
background noise and served as an important
indicator of signal quality. The 6 reflected the
stability of the fluorescence signal over time and
was the ratio of late to early fluorescence
intensity as shown below.

6 — ljate
Iearly

(2)
Droplet roundness (R) was used to find valid
droplets and exclude invalid ones (broken or
fused) and was calculated as below.

4TA
R==—"X
L2

(3)
where L was the contour perimeter of the droplet
[17]. Fluorescence SNR was calculated by a local
background differential method as shown below.

max()—-Ip

SNR = (4)

O'Ib

where max(l) was the maximum droplet
fluorescence intensity. I, was the mean
background  fluorescence. o0;, ~was the
background signal standard deviation [18]. To
normalize features to the same scale, the Z-score

normalization of feature vectors was performed
as follows.
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where y; and g; were the mean and standard
deviation of the i-th feature, respectively [19].
The main MTL framework contained a common
feature extraction component and two particular
branches of droplet clustering and experimental
parameter optimization [20]. The common
feature extractor took on the cross-task
similarities by means of a nonlinear process as
follows.

h = tanh (W, X™* + by) (6)
where W, € R%%% was the shared weight
matrices. b, € R was the bias vectors. d was
the shared feature dimension. tanh enhanced
feature representation [21]. The droplet
clustering branch used task-specific parameters
to map features into a probability over classes as
positive, negative, ambiguous as shown below.
P(c|h) = Softmax(W_h + b,) (7)
where W, € R3*? and b, € R® were branch-
specific parameters [22]. To increase clustering
resilience, a constrained K-means objective was
used. The correlation constraint between shared
features and cluster centers was included as
follows.

Jo= Y BV by — e P42 Y i WWT e (8)
where Y, was the indicator variable (y,,= 1 if
the n-th droplet belonged to the k-th cluster).
was a centroid of a cluster. A was a constraint
coefficient [23]. The cluster centroid was
updated as follows.

Zg:1ynkhn
=== 9
Hk Zﬁ=1ynk ( )
The experimental parameter optimization

branch output was the best possible combination
for primer concentration (C,), annealing
temperature (7,), and droplet generation-
pressure (P) as below.
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[Cp, T, Pl = Wyh + by + & (10)
where W, € R3*4 and b, € R3 were branch-
specific parameters. &~ N(0,62) was a
stochastic perturbation to avoid local optima
[24]. The clustering loss of cross-entropy was
used as shown below.

Le== Y0 i ymlog P(celhy)  (11)
where y,x was the true class label of the n-th
droplet [25]. The parameter optimization loss
used a weighted mean squared error to increase
the weight of important parameters such as
annealing temperature as shown below.

A

1

M *
L, = Yii o "M zmzl(emt — Ome)? (12)

where w; was the parameter weights (Y5_, w, =

1). 6, Was the predicted parameter. 6,,,; was
the best validated parameter. M was the sample
size [26]. MTL loss summed together the losses of
the two tasks with adaptive weighting as shown
below.

P (1—-a)
Y4

- (13)

L¢
Ltotal = [ max a+
c

where L7® and Lj** were the losses of the
model at which it reached its maximum during
training. @ was an adaptive weight based on the
ratio between the task loss and the total loss [27].
Model parameters were updated by the Adam
optimizer with an exponential decay rate as
follows.

Nt = 1o - exp (=y1) (14)
0=0- nth)Ltotal (15)
where  © = W, bs, W, b, W, b,}  were  the

trainable parameters. 1y was the initial learning
rate. y was a decreasing factor. t was the iteration
step [28]. The system output the best
experimental parameters and droplets and
continuously classified them into droplet groups
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by outputting best experimental parameters in a
loop of "parameters adjustment - amplification-
clustering", which greatly improved the rare
mutation detection performance in complex
samples [29]. The MTL model consisted of three
components including a shared feature
extraction module, a droplet clustering branch,
and an experimental parameter optimization
branch. The shared feature extraction module
employed fully connected layers with the
hyperbolic tangent (tanh) activation function and
accepted input data with a dimension of 32 x 6.
Both the droplet clustering branch and the
experimental parameter optimization branch
adopted fully connected architectures with
dimensions of 3 x 32 and 3 x 32, respectively. The
clustering branch generated classification results
through a Softmax function, whereas the
parameter optimization branch used a linear
output layer. The model contained
approximately 2,100 trainable parameters in
total. The proposed MTL framework operated in
a closed-loop manner consisting of feature
extraction, dual-task collaborative optimization,
parameter feedback, and experimental iteration,
which enabled dynamic regulation of the dPCR
system. The shared module first extracted task-
related representations from droplet signals. The
two task-specific branches then performed
droplet  classification and  experimental
parameter optimization in parallel. The
optimized parameters were fed back into the
experimental process to support iterative
refinement. The shared feature extraction layer
captured multidimensional features from droplet
fluorescence signals [30]. These features were
processed in two ways. First, they were fed into
the droplet clustering branch to classify positive,
negative, and ambiguous droplets with high
precision. Second, they were sent to the
parameter optimization branch, which output
the optimal experimental parameter set [31].
This parameter set directly controlled the
experimental process via the dPCR instrument’s
custom interface, compatible with the hardware
protocols of Bio-Rad QX200 (Bio-Rad, Hercules,
California, USA) and Thermo Fisher QuantStudio
3D (Thermo Fisher, Richardson, Texas, USA)
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digital PCR instruments. Primer concentrations
were adjusted in real time using Eppendorf
epMotion 5075 high-precision automatic
pipetting system (Eppendorf AG, Hamburg,
Germany) with error 0.1uM to prevent
nonspecific  amplification [32]. Annealing
temperatures were calibrated by the thermal
cycling module of the PCR instrument with
accuracy $0.1°C to match the amplification
efficiency of different mutation sites. Droplet
generation pressure was controlled dynamically
through a pressure regulation valve ranged 0.3 -
0.8 MPa to optimize droplet uniformity. The
classification results from the clustering branch
were quantified by a feedback module into
parameter adjustment weights based on an
adaptive coefficient a derived from cross-
entropy loss. When clustering accuracy fell below
95%, the system increased the weight loss of the
parameter optimization branch (a reduced to
0.3), prioritizing the correction of experimental
conditions. When accuracy reached or exceeded
95%, a was maintained at 0.5 to ensure balanced
improvement in both tasks. The core of this
closed-loop mechanism was the intrinsic
mapping between droplet signal features and
experimental parameters. Parameter
optimization proceeded gradually using an Adam
optimizer with an exponential decay of the
learning rate. The Adam optimizer used in the
model training of this study was implemented
based on the PyTorch framework
(https://docs.pytorch.org/docs/stable/generate
d/torch.optim.adam.html). The optimizer was an
adaptive moment estimation optimization
algorithm and could dynamically adjust the
learning rate and ensure the efficient
convergence of the model, which formed a
positive feedback cycle as parameter adjustment
- improved amplification efficiency = higher
clustering accuracy -> further parameter
optimization [33]. For droplet generation
pressure control in the Bio-Rad dPCR system, the
Swagelok S series precision adjustable valve
(Swagelok, Solon, Ohio, USA) replaced original
pressure valve with an accuracy of £0.01 MPa.
Nitrogen pressure was regulated with a knob-
operated adjustment rod. The pressure range

240

was 0.4 - 0.7 MPa with step increments of
0.02 MPa. The automated DG module used Bio-
Rad’s OpenApi software development kit. A
Python script called the instrument’s pressure
control interface and modified internal register
parameters with address at 0x0028 to automate
droplet generation pressure adjustment. The
whole set of pressure control components could
realize the fine and step-by-step adjustment of
droplet generation pressure and ensure the
stable output of experimental pressure
parameters. The mapping between script
parameters and pressure values followed a linear
calibration equation as below [34].

A

P =0.003 x Param + 0.38 (R*=0.997) (16)
Droplet generation efficiency (295%) and
uniformity (CV <2.1%) met experimental

requirements. To determine the fluorescence
decay coefficient (6) under endpoint reading
mode, individual droplets were first segmented
using Otsu thresholding combined with
morphological operations (dilation-erosion).
Binary masks were obtained for each droplet
region. Based on the droplet’s geometric center,
each droplet was divided into a central region
with radius as 1/2 of total droplet radius (early
signal region) and a peripheral region, the ring
outside the center (late signal region). This
division reflected the diffusion characteristics of
fluorescent molecules after PCR amplification.
The central region had high, stable fluorescence,
whereas the peripheral region had lower
intensity and noticeable decay. The average
fluorescence intensity of the central region was
designated as I.,yy, and that of the peripheral
region as I . . The decay coefficient was
calculated as & = lizte/Ieary Fluorescence
microsphere standards (Thermo Fisher F8810,
1um diameter) were used for intensity
calibration to ensure consistency across
instruments (CV <1.8%) [35]. Measured decay
coefficients correlated strongly with real-time
guantitative PCR decay rates (R? = 0.982),
satisfying methodological requirements.


https://docs.pytorch.org/docs/stable/generated/torch.optim.adam.html
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Droplet feature extraction and calculation

The ground-truth droplet labels (positive,
negative, or ambiguous) were determined using
a three-tier validation strategy. The next-
generation sequencing (NGS) results were used
as the first tier. A droplet was labeled positive if
the variant allele frequency (VAF) at the mutation
site was 2 0.1% with sequencing coverage >
1,000x, and negative if VAF = 0. In the second tier,
ambiguous droplets (0 < VAF < 0.1%) were
verified using Sanger sequencing. A droplet was
labeled positive if the signal intensity at the
target mutation site in the electropherogram
exceeded three times the background signal.
Otherwise, it was labeled negative. In the third
tier, the assigned labels were validated through
repeated dPCR experiments (n = 3). A droplet
label was finalized only if the signal consistency
across the three experiments was = 98%,
excluding random errors that could produce false
positives or negatives. The concordance of labels
across validation methods was assessed using the
Kappa coefficient. A Kappa 2 0.85 was considered
valid.

MTL model construction

Bio-Rad QuantaSoft (v1.7.4) was applied for
droplet classification with the mean # 2 standard
deviations. In contrast, the MTL system used a
dynamic fused threshold strategy. An initial
threshold range [0.5, 0.7] was determined based
on the distances between cluster centers of
positive and negative droplets in the training set.
Then, the threshold was optimized on the
validation set using the Youden index (J =
sensitivity + specificity - 1) as the objective
function. Grid search with a step size of 0.01
identified the optimal threshold as 0.62 + 0.03. To
adapt to different sample types, sample-specific
correction coefficients were applied. The feature
extraction workflow included that dPCR droplet
images were first denoised using Gaussian
filtering (o = 1.5) and contrast-enhanced with the
CLAHE algorithm. Droplet regions were then
segmented using Otsu thresholding, and artifacts
were removed via area filtering (100 - 500 pixels).
Fluorescence intensity (mean grayscale of
droplet pixels), fluorescence area (number of
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pixels x pixel area, 1.21 um?/pixel), and SNR
(using a 5-pixel-wide local background region)
were extracted. Model training hyperparameters
were batch size = 32, training steps = 5,000, Adam
optimizer with 1= 0.9, B, = 0.999, weight decay
= 1e®, and initial adaptive weight a = 0.5,
updated every 100 iterations. Data preprocessing
involved K-nearest neighbor imputation (k = 5)
for missing values and Z-score filtering (|Z| > 3)
for outliers. Stratified random splitting allocated
70% of data to the training set, 15% to the
validation set, and 15% to the test set,
maintaining balanced distributions of tumor and
sample types. Reproducibility was evaluated
across three independent Bio-Rad QX200
instruments using the same standard sample
(EGFR L858R mutant plasmid, 10% copies/uL) in
five repeated experiments. The coefficient of
variation (CV) of core performance metrics
(sensitivity, specificity, clustering accuracy) was
required to be < 1.5%, and observed CV ranged
from 0.6% to 1.2%. The dPCR reaction mixture
(20 pL) consisted of 10 pL 2x ddPCR Supermix, 0.5
pL primer pair (10 uM), 0.2 plL probe (10 uM), 2
puL template DNA, and 7.3 pL nuclease-free
water. Thermal cycling program was 95°C for 10
min followed by 40 cycles of 94°C for 30 s, 60°C
for 1 min, and final 98°C for 10 min. Droplet
generation conditions were set at 0.5 MPa for 2
min.

Data sources

Publicly available datasets that integrated dPCR
droplet characteristics with clinical sample
information and covered multiple cancer types,
sample matrices, mutation targets, and
experimental conditions were employed in this
study. All samples had been validated using
standard methods including NGS with
sequencing depth > 1,000x and Sanger
sequencing for model training, validation, and
performance evaluation. The primary datasets
were Sequence Read Archive (SRA) from the
National Center for Biotechnology Information
(NCBI) with the accession numbers of
PRIJNA752876 and PRINA680867. Together, 265
samples covering two cancer types, three
mutation targets, and three specimen categories
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were included in this study with approximately
1.8 million valid droplets. Additional data were
obtained from the ArrayExpress repository of the
European Bioinformatics Institute (EBI) under
accession number of E-MTAB-10987.
Approximately 500,000 valid droplets were
included in this dataset. All datasets underwent
standardized preprocessing before model
development. A droplet circularity threshold of R
> 0.8 was applied to remove damaged, merged,
and signal-deficient droplets. Droplet
classification labels were corrected according to
the clinical validation results reported in the
original studies. To address differences between
the Bio-Rad QX200 and Thermo Fisher
QuantStudio 3D platforms, instrument-specific
calibration and normalization procedures were
performed. These procedures preserved the
original fluorescence distribution patterns and
maintained the relationships between droplet
features and experimental parameters. After
data integration, the final dataset consisted of
337 clinical samples covering six cancer types and
eight rare mutation targets. The dataset
contained approximately 2.3 million valid
droplets and included three specimen categories.
Retrieved data were collected using three
different dPCR instrument models, thereby
providing substantial diversity in experimental
conditions. The model parameters were
configured as an initial learning rate of 0.001, a
learning decay coefficient of 0.0001, a constraint
coefficient (A) of 0.01, and a total of 5,000
training iterations. The parameter weights w1, w,,
and ws were set to 0.3, 0.5, and 0.2, respectively.
Collectively, the integrated dataset realistically
represented sample characteristics across
diverse clinical scenarios and experimental
environments, thereby providing a
comprehensive and reliable data foundation for
droplet clustering optimization and adaptive
experimental parameter regulation.

Evaluation of proposed system

To evaluate the generalization capability of the
proposed system under clinical conditions, three
types of clinical specimens were tested including
formalin-fixed paraffin-embedded (FFPE) tissues,
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circulating cell-free DNA (cfDNA) from plasma,
and fresh tumor tissues. Two dPCR platforms, the
Bio-Rad QX200 and Thermo Fisher QuantStudio
3D systems, were used for experimental
validation. Eight clinically relevant rare mutation
sites were selected as detection targets. A unified
dPCR reaction system and amplification protocol
were applied throughout the study. Parallel
analyses were performed across different sample
types, mutation targets, and instruments.
Detection accuracy was recorded for each
experimental group, and both mean values and
coefficients of variation (CVs) were calculated.
The performance of the proposed system was
further compared with commercial dPCR analysis
software including Random Forest (RF), Support
Vector Machine (SVM), and K-means algorithms
for a comprehensive assessment of system
stability and generalization under complex
clinical conditions. To evaluate the analytical
sensitivity of different detection approaches, a
series of gradient-diluted EGFR L858R mutant
plasmids with concentrations ranging from 0.1 to
10 copies/uL was employed. The limit of
detection (LOD) was defined as the lowest
plasmid concentration at which the detection
success rate reached 95%. In addition, plasma
cfDNA samples collected from 100 healthy
individuals were used to determine the false-
positive rate of a single assay. Standard reference
samples with VAFs ranging from 0.1% to 5% were
further analyzed to assess VAF quantification
accuracy by comparing measured values with
theoretical values. A prospective clinical cohort
study was conducted between March and
December 2024 in the Department of Oncology
at Luohe Central Hospital (Luohe, Henan, China).
A total of 150 patients with advanced solid
tumors were recruited including 82 patients with
lung cancer, 45 patients with colorectal cancer,
and 23 patients with other tumor types. Clinical
specimens consisted of 50 plasma cfDNA
samples, 50 FFPE tissue samples, and 50 fresh
tumor tissue samples. NGS results generated
using the Illumina NovaSeq 6000 platform
(lumina, San Diego, CA, USA) served as the
reference standard. All samples underwent
standardized preprocessing, dPCR analysis, and
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data interpretation procedures. The clinical
performance of the proposed system was then
systematically evaluated. All study protocols and
procedures were approved by the Ethics
Committee of Luohe Central Hospital (Luohe,
Henan, China).

Statistical analysis

SPSS 26.0 (IBM, Armonk, NY, USA) was used for
statistical analysis. Intergroup comparisons were
conducted using independent samples t-tests. P
value less than 0.05 was considered statistically
significant, whereas P value less than 0.001
indicated a highly significant difference.
Agreement between detection methods was
evaluated using Cohen’s Kappa test. Kappa
values closer to 1 indicated stronger agreement
between different detection approaches.

Results

Validation of proposed system

The concordance of labels across NGS, Sanger
sequencing, and repeated dPCR demonstrated
overall consistency of 98.7%, positive droplet
consistency of 97.9%, and negative droplet
consistency of 99.2% with Kappa of 0.92 + 0.03,
ensuring the authority of the ground-truth labels
[36]. The performance of the dynamic threshold
with the commercial automatic threshold
showed that the MTL system achieved a Youden
index of 0.957, significantly higher than the
commercial software’s 0.913 (P < 0.001),
demonstrating the superiority of this strategy
[37]. Sample-specific correction coefficients were
applied to adapt to different sample types with
FFPE of 1.05, cfDNA of 0.98, and fresh tissue of
1.00. The proposed system achieved an overall
clinical concordance rate of 97.3% with a Kappa
coefficient of 0.94. In the lung cancer subgroup,
the concordance rate reached 98.8% with a
Kappa coefficient of 0.97. For colorectal cancer,
the concordance rate was 95.6% with a Kappa
coefficient of 0.90. Among low-abundance
mutation samples with variant allele frequencies
below 1%, the concordance rate remained as
high as 93.8% with a Kappa coefficient of 0.87. All
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performance  metrics obtained by the
commercial software were lower than those
achieved by the proposed system with
statistically significant difference.

Evaluation of the rare mutation detection
experimental optimization system

The main indicators of the system performance
showed that the MTL system outperformed both
traditional ML systems and commercial software
on all the important performance metrics for rare
mutation detection. The sensitivity of the MTL
system reached 97.2 + 0.8% and increased by
4.7%, 6.9%, 8.5%, and 12.1% compared to
commercial dPCR software (92.5%), random
forest (90.3%), SVM (88.7%), and k-means
(85.1%). The specificity showed that the MTL
achieved 98.5 + 0.5%, which was ahead of
commercial software by 4.2% and K-means by
8.9%, showing its powerful anti-interference
ability. The clustering accuracy of the MTL system
reached 96.8%, which was up by 5.1% compared
to commercial software, thus effectively
lowering the risk of mistaking droplets. The
parameter optimize adaptable was 0.95, which
was much more than the single task model (0.73-
0.78) and the traditional algorithm (0.65) (Figure
1). In all cases, the MTL systems had the lowest
SDs, which reflected great stability. The results
suggested the advantage of integrating droplet
clustering and parameter optimization inside the
MTL framework, thus successfully addressed the
shortfalls of low sensitivity and poor
generalization from typical approaches and
provided strong technical aid in accurate rare
mutation discovery. The results of the analytical
sensitivity of different detection approaches
demonstrated that the proposed MTL system
achieved an LOD of as low as 0.8 + 0.1 copies/pL.
The false-positive rate was only 0.021 + 0.003 per
assay, while the VAF detection accuracy reached
98.3% * 0.6%, corresponding to a coefficient of
variation of 1.1% * 0.2%. All performance metrics
obtained using commercial software and the
conventional K-means algorithm were inferior to
those achieved by the proposed system (P <
0.001). To further evaluate the generalization
stability of the proposed framework across
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Sensitivity Comparison Across Methods
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Figure 1. Validation of the system’s core performance metrics.

heterogeneous datasets, cross-validation
experiments were performed using a leave-one-
instrument-out strategy and a leave-one-
mutation-site-out strategy. The results showed
that the average detection accuracy ranged from
95.1% to 96.3%, and the coefficient of variation
remained between 1.0% and 1.5%. No
statistically significant differences were observed
when compared with stratified random data
partitioning. The findings indicated that the
characteristics associated with a specific
instrument platform or mutation target did not
substantially affect system performance. The
proposed framework effectively addressed the
limitations of conventional validation approaches
when applied to heterogeneous datasets.
Compared with standard random-split validation
methods, the adopted cross-validation strategies
more closely reflected real-world clinical
deployment scenarios. The results therefore
provided strong evidence that the MTL
framework possessed excellent generalization
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capability across multiple dPCR platforms and
mutation targets, supporting its future clinical
translation and standardized implementation.

Evaluation of clinical scenario generalizability

The results of the clinical scenario generalizability
evaluation showed that the proposed MTL
system had good stability and adaptability to
complex clinical variables. Sample matrix
performance demonstrated that the MTL
systems reached 95.3% for FFPE, 97.8% for
cfDNA, and 98.1% for fresh tissues, all above
those of commercial software (88.6 - 93.7%),
while the standard deviation also decreased from
1.0 - 1.8% to 0.5 - 1.1%, meaning that it could
overcome interference due to nucleic acid
degradation in FFPE samples. Instrument
compatibility showed that the results were
consistent across Bio-Rad QX200 (96.5%) and
Thermo Fisher QuantStudio 3D (95.9%), beating
random forest (87.6 - 88.9%) and SVM (84.4 -
85.6%) by 8-11%. Mutation coverage showed
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Figure 2. Clinical scenario generalizability assessment results.

that, for the eight rare mutations, MTL retained
accuracy range of 95.2 - 97.5%, which was higher
than K-means’ range of 78.9 - 83.2%. Robustness
indicated that the system’s CV was only 0.8 - 1.2%
much lower than the commercial software (2.9 -
3.5%) and random forest (3.7 - 4.3%), proving its
ability to have strong generalization on diverse
clinical situations (Figure 2).

Prospective clinical validation

The results of the prospective wet-lab validation
demonstrated that the proposed dPCR rare
mutation detection optimization system based
on droplet clustering and MTL had effectively
solved the problems of large classification error
of traditional algorithms and dependence of
experimental parameters on manual experience.
The detection limit of the system was as low as
0.8 £ 0.1 copies/uL. The key indicators such as
false positive rate and frequency accuracy of
mutant alleles were significantly better than
those of commercial software, traditional K-
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means, support vector machine, and random
forest algorithm (Table 1). Meanwhile, it was
stable in cross-validation of multi-instrument and
multi-mutation sites, which proved that the
framework had excellent detection performance
and data heterogeneous adaptation ability.

Discussion

The study provided a brand-new automatic
analysis scheme for accurate molecular diagnosis
of tumors. A closed-loop system for the
optimization of rare mutation detection
experiments based on droplet clustering analysis
and multi-task learning was constructed in this
study to solve the key bottlenecks in the existing
technology of digital PCR such as droplet
classification being easily interfered by sample
matrix, overlapping fluorescence signals, highly
dependent on  manual debugging of
experimental parameters, and insufficient
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Table 1. Prospective wet-lab validation results.

Experimental Parameter Amplification | Fluorescence Positive droplet Detection
group settings efficiency (%) | signal intensity | recognition rate (%) | success rate (%)

MTL- Z: nmeearlzir? 321u|;/l°c
recommended 8522 98.7+0.5 1286 + 32 97.6+0.8 99.3

arameters Droplet generation
P pressure: 52 MPa
Predefined i‘: nmeearl:ir? ..I':,GuOI\"/IC
experimental & . 913+1.2 968 + 45 90.2+1.5 92.7
scheme Droplet generation

pressure: 0.5 MPa

P value (group - <0.001 <0.001 <0.001 <0.001
comparison)

clinical generalization ability of single-task model.
Based on the integration of NCBI and EBI public
databases, standardized datasets covering 6
types of tumors, 8 types of rare clinical
mutations, 3 types of clinical samples (FFPE
tissue, plasma free DNA, fresh tumor tissue), and
nearly 2.3 million effective droplets were
obtained to complete the model training and
verification. The performance test results
showed that the sensitivity of rare mutation
detection in this proposed system was 97.2%, the
specificity was 98.5%, and the accuracy of droplet
clustering was 96.8%. Compared with
commercial QuantaSoft software, random forest,
support vector machine, and traditional K-means
algorithm, the performance of proposed system
was improved significantly (P < 0.001). The
detection limit, the false positive rate of single
reaction, the quantitative accuracy of mutant
allele frequency, and the coefficient of variation
of each index of the proposed system were all
superior over the existing analysis tools, while
the ability of resisting sample degradation and
non-specific amplification interference were also
outstanding. The cross-validation results showed
that the detection accuracy of the model was
stable at high percentages under different
detection platforms and mutation sites with no
significant performance degradation. It had
excellent cross-equipment and cross-target
generalization ability. A single-center prospective
clinical cohort study with patients diagnosed
advanced solid tumors and NGS sequencing as
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the gold standard showed that the overall clinical
detection coincidence rate of proposed system
was 97.3% with Kappa coefficient of 0.94. The
lung cancer samples showed the highest
coincidence degree. The coincidence degree of
low-abundance mutation (VAF < 1%) samples still
reached high value and significantly better than
that of commercial analysis software to stably
meet the needs of clinical low-abundance rare
mutation screening. The hierarchical verification
results showed that the detection accuracy of the
proposed system was stable above 95% for all
types of samples tested. The dynamic fusion
threshold combined with sample type correction
coefficient effectively compensated for the
sample adaptation defects of the traditional fixed
threshold algorithm. In this study, multi-task
learning was completely embedded into the
whole process of digital PCR for rare mutation
detection for the first time, which broke through
the internal relationship between the
fluorescence characteristics of droplets and
experimental control parameters, got rid of the
dependence of traditional analytical tools on
manual experience parameter adjustment, and
greatly reduced the clinical detection pain points
such as droplet misclassification, false positive,
and quantitative deviation. The hardware
transformation scheme of the whole system was
universal, and the algorithm framework was
portable. It was compatible with mainstream
commercial dPCR instruments, while the
operation process was highly automated with no
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need of complex manual intervention. Therefore,
the proposed system could adapt to various
clinical diagnosis and treatment scenarios such as
early screening of tumors, monitoring of drug-
resistant mutations, and evaluation of minimal
residual lesions. However, there were still some
limitations in this study. The sample source of the
validation cohort was single. Multi-center and
large-sample clinical research were needed to
further verify the clinical transformation value of
the system. The model was only trained for 8 rare
mutations of high-frequency tumors, and the
mutation site database could be expanded to
more molecular diagnosis scenarios such as
hematological diseases and infectious diseases in
the future. The dPCR experimental optimization
system based on multi-task learning and droplet
clustering proposed in this research effectively
overcame the shortcomings of traditional digital
PCR technology standardization application,
provided stable, highly sensitive, and repeatable
automatic technical support for accurate tumor
detection, and had important clinical
transformation and in  vitro  diagnosis
standardization promotion value.
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