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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   A parallel serial DNA nanodevice is built for multichannel decoding of the BACE1-AS1/BACE1 axis.

■   Relying on a hexagram DNA scaffold, the device produces coordinated fluorescence signals to show distinct molecu-
lar states.

■   This biosensor obtains LODs of 0.16 nM for BACE1 and 0.56 nM for BACE1-AS1.

■   SHapley Additive exPlanations (SHAP) analysis identifies BACE1-AS1 as a more influential biomarker for AD diagnos-
tic discrimination.
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The  accurate  decoding  of  molecular  interactions  within  disease-related
signaling pathways remains a critical challenge for early and reliable diag-
nosis  of  Alzheimer’s  disease  (AD).  While  individual  biomarkers  such  as
BACE1  and  its  antisense  transcript  BACE1-AS1  have  been  widely  studied,
their  coupled  behavior  within  a  functional  axis  proves  difficult  to  interpret
via  single-output  biosensing  strategies.  Here,  we  report  a  parallel–serial
DNA  nanodevice  that  translates  the  combined  profile  of  the  BACE1-
AS1/BACE1 axis into multichannel fluorescence outputs. Built upon a hexa-
gram DNA scaffold, the nanodevice generates distinct cleavage patterns in
response  to  BACE1,  BACE1-AS1,  or  their  coexistence;  these  structural
changes further  convert  into  programmable  downstream logic  operations.
Unlike conventional AND or OR logic gates that yield a single binary signal,
this design combines parallel  recognition with serial  validation,  generating
three  coordinated  fluorescence  readouts  that  reflect  different  pathway
states. Results show that the device achieves limits of detection (LODs) of
0.16 nM and 0.56 nM for BACE1 and BACE1-AS1, respectively.  Integration
of multichannel outputs with machine learning (ML) models enables accu-
rate discrimination  of  AD  samples  from  healthy  controls.  Feature  attribu-
tion analysis further reveals that BACE1-AS1 exerts a stronger influence on
diagnostic classification  than  BACE1.  By  coupling  DNA  logic  with  multi-
channel  signal  cooperation,  this  work  establishes  a  feasible  strategy  to
convert  molecular  input  signals  into  pathway-level  characterizations  and
clinically interpretable readouts for AD detection.

 INTRODUCTION
Alzheimer’s  disease  (AD)  is  a  progressive  neurodegenerative  disorder

characterized by memory loss,  cognitive impairment,  and synaptic  dysfunc-
tion.1-4 With the rapid aging of the global population, its social and economic
burden  continues  to  increase.  Despite  extensive  efforts,  early  and  reliable
diagnosis of AD remains difficult, as pathological changes often precede clin-
ical  symptoms  by  many  years.5-9 This  temporal  gap  between  molecular
pathology  and  clinical  manifestation  highlights  the  need  for  analytical
approaches  that  can  sensitively  probe  disease  related  molecular  processes
and provide interpretable biological insight.10-13

Among the molecular  events  implicated in  AD,  the  β-site amyloid  precur-
sor  protein  cleaving  enzyme 1  (BACE1)  and  its  antisense  transcript  BACE1-
AS1 have attracted increasing attention.14-16 BACE1 is a key enzyme involved
in  amyloid-β production,  while  BACE1-AS1 stabilizes  BACE1 mRNA through
antisense pairing and protects it  from nucleolytic degradation.17 Rather than
acting independently,  these two components form a coupled regulatory axis
whose  dysregulation  is  closely  associated  with  early  disease  development.
As a result, the combined profile of BACE1 and BACE1-AS1 is more informa-
tive than either marker alone.

However,  interpreting  such  a  two-component  axis  remains  challenging.
Most existing biosensing strategies focus on single target detection or rely on
simple binary logic operations, such as AND or OR gates, which generate only
one  output  signal  and  are  insufficient  to  describe  coordinated  states  within
disease  related  signaling  axes.18-22 In  addition,  amplification  method  directly
triggered by target  binding,  including hybridization chain reaction (HCR) and
catalytic hairpin assembly (CHA), suffer from background leakage in complex
biological environments,  which  compromises  signal  reliability  and  inter-
pretability.23-25 These limitations hinder  the extraction of  structured informa-

tion about pathway coordination from molecular readouts alone.
Recent  studies  demonstrate  that  collective  analysis  of  multichannel

molecular  signals  provides  a  more  comprehensive  characterization  of
disease states,  and ML offers a powerful tool to integrate these features for
accurate classification and biological interpretation.26-32 Here, we construct a
parallel–serial  DNA  nanodevice  (PSDN)  that  translates  the  coupled  of  the
BACE1-AS1/BACE1 axis into coordinated multichannel fluorescence outputs.
The  device  adopts  a  hexagram DNA scaffold  exhibits  differential  responses
to  BACE1,  BACE1-AS1,  or  their  coexistence,  producing  distinct  cleavage
patterns  that  trigger  downstream  logic  operations.  By  combining  parallel
target  recognition  with  serial  signal  validation,  the  nanodevice  generates
structured fluorescence signals that reflect different states of pathway state.
When  applied  to  clinical  samples,  these  multichannel  outputs  support  both
disease classification and pathway state description, and integration with ML
analysis  enables  robust  discrimination  between  AD  patients  and  healthy
controls and clarifies the relative contribution of BACE1-AS1 and BACE1.

 MATERIALS AND METHODS
 Instruments

The  fluorescence  emission  spectra  of  FAM,  TAMRA,  and  Cy5  dyes  were
measured using  a  multifunctional  microplate  reader  (Spark  Tecan,  Switzer-
land), with excitation wavelengths of 462 nm, 530 nm, and 615 nm, respec-
tively. All reactions were performed in a black 384-well plate. Gel images were
carried  out  on  a  ChemiScope 6200 (Clinx  Science  Instruments,  China),  and
nucleic acids mixtures were prepared using an HC-100 thermocoupling mixer
(Thermo Fisher Scientific, China).

 Materials and reagents
The buffers used in this study were as follows: TM buffer (0.5 M Tris-HCl,

80 mM MgSO4, pH 7.5); TE buffer (10 mM Tris-HCl, 1 mM EDTA, pH 8.0); and
1 × TEB (89 mM Tris-HCl, 2 mM EDTA, pH 8.0). Other reagents, including Gel-
Red and 30% acryl/bis solution (19:1) were purchased from Sangon Biotech-
nology.  Human  serum  samples  were  supplied  by  Jinan  Central  Hospital
(China). The study was approved by the Medical Ethics Committee of Shan-
dong First  Medical  University  (Approval  No:  R202111230199).  The  oligonu-
cleotide  sequences  were  HPLC-purified  and  synthesized  by  Shanghai
Sangon  Biotechnology  Co.,  Ltd.,  (Shanghai,  China).  The  sequences  of  the
oligonucleotides were listed in Table S1.

 Agarose gel electrophoresis (AGE)
A  2%  agarose  gel  was  prepared  by  adding  1  g  of  agarose  powder  into

49 mL of  1 × TBE buffer.  The mixture was heated to a boil  with continuous
stirring  until  the  solution  turned  completely  clear.  Electrophoresis  was
performed in 1 × TBE running buffer at 120 V for 60 min, after which the gel
was scanned using a ChemiScope 6200 system.

 Polyacrylamide gel electrophoresis (PAGE)
10%  PAGE  was  performed  using  1  ×  TBE  buffer.  Loading  samples  were

prepared by mixing 10 μL of nucleic acid samples, 1 μL of Gel Red, and 2 μL
of  6  ×  DNA  loading  buffer.  Electrophoresis  was  conducted  at  100  V  for
45 min,  after  which the  gel  was scanned with  a  ChemiScope 6200 imaging
system.
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 Sensitivity investigation
For dual-target sensitivity testing, 250 nM PSDN was incubated with differ-

ent concentrations of BACE1 (0, 0.1, 0.5, 1, 2, 5, 10, 25, 50, 100, 250 nM) in the
presence of BACE1-AS1 (250 nM). 250 nM PSDN was incubated with BACE1-
AS1 at different concentrations (0, 0.1, 0.5, 1, 2, 5, 10, 25, 50, 100, 250 nM) in
the  presence  of  BACE1  (250  nM).  All  samples  were  reacted  at  37°C  for
60  min,  and  their  fluorescence  spectra  were  recorded  with  an  excitation
wavelength  of  462  nm  and  an  emission  range  of  504–600  nm.  For  single-
target sensitivity testing, 250 nM PSDN was incubated with different concentrat
ions of BACE1 (0, 0.01, 0.1, 1, 10, 20, 50, 100, 250 nM) or BACE1-AS1 (0, 0.01,
0.1,  1,  10,  20,  50,  100,  250  nM).  All  samples  were  maintained  at  37°C  for
60  min.  Fluorescence  spectra  were  acquired  with  two  sets  of  parameters:
530 nm (excitation) and 570–670 nm (emission), as well as 615 nm (excita-
tion) and 650–750 nm (emission).

 Specificity assay
For  dual-target  specificity  testing,  250 nM PSDN was incubated  with  250

nM BACE1 and 250 nM BACE1-AS1, or combinations of BACE1, BACE1-AS1
with  other  genes  (miR-21,  miR-221,  miR-155,  miR-193b).  All  samples  were
reacted at 37°C for 60 min, and their fluorescence spectra were recorded with
an excitation wavelength of 462 nm and an emission range of 504–600 nm.
For  single-target  specificity  testing,  250  nM  PSDN  was  incubated  with  250

nM  BACE1  or  250  nM  BACE1-AS1,  along  with
other  parallel  miRNAs  (miR-21,  miR-221,  miR-
155,  and  miR-193b).  All  samples  incubated  at
37°C  for  60  min.  Fluorescence  spectra  were
recorded with  two  sets  of  parameters:  excita-
tion  wavelength  of  530  nm  (emission  range:
570–670 nm) and excitation wavelength of 615
nm (emission range: 650–750 nm).

 Statistical analysis
Statistical  analyses  were  performed  with

GraphPad  Prism  9.0  software.  Data  are
presented  as  mean  ±  standard  deviation  (SD)
from at least three independent experiments (n ≥
3).  Differences  between  groups  were  evaluated
by two-tailed Student’s t-test. Statistical signifi-
cance was defined as *p < 0.05, **p < 0.01, ***p
< 0.001, ****p < 0.0001.

 Machine learning model construction
Ten classical ML algorithms were selected to

classify healthy subjects and AD patients, span-
ning categories including KNN, ElasticNet, Naive
Bayes,  Partial  Least  Squares  Regression  (PLS),
Bayesian  Generalized  Linear  Model  (Bayesian
GLM),  Decision  Tree  (C5.0),  Neural  Network,
Random  Forest,  Extreme  Gradient  Boosting
(XGBoost), and  Multivariate  Adaptive  Regres-
sion Splines  (MARS).  All  models  were  imple-
mented  in  RStudio.  Ten-fold  cross-validation
(with  three  repetitions)  was  employed,  using
areas under the curve (AUC) as the core metric
to  optimize  model  performance  and  ensure
discriminative ability in classification.

 Model performance evaluation
Accuracy,  sensitivity,  and  specificity  were

calculated from  the  confusion  matrix:  Sensitiv-
ity  reflects  the  model’s  ability  to  identify  AD

patients,  while  specificity  denotes its  ability  to distinguish the control  group.
The Youden index (J = sensitivity + specificity - 1) was used to determine the
optimal classification threshold, with its maximum value corresponding to the
optimal cutoff point that balances sensitivity and specificity.

 Visual analysis
AUC histograms  were  plotted  for  various  ML  models  to  illustrate  differ-

ences in classification efficacy among algorithms. Additionally, receiver oper-
ating  characteristic  (ROC)  curve  comparisons  were  constructed  between
single  fluorescence  channel  indicators  and  the  optimal  ML  model.  For  top-
performing models,  confusion matrix  heatmaps were  generated to  visualize
classification outcomes. Furthermore, SHapley Additive exPlanations (SHAP)
analysis was employed to quantify each feature’s contribution to the model’s
predictive  outcomes,  thereby  revealing  key  biomarkers  that  drove  model
decisions.

 RESULTS
 Working mechanism and feasibility of the PSDN

The PSDN is designed to respond to the coupled of the BACE1-AS1/BACE1
axis  through  a  combination  of  target  recognition  and  downstream  signal
transduction.  As shown in Figure 1,  a hexagram DNA scaffold is assembled
as the  responsive  unit,  incorporating  two  recognition  elements  correspond-
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Figure 1.  Schematic illustration  of  machine  learn-
ing-enhanced  parallel-serial  DNA  nanodevice
(PSDN)  for  multidimensional  dissection  of  the
BACE-AS1/BACE1 axis
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ing specifically to BACE1 and BACE1-AS1. This design allows the nanodevice
to distinguish  between the  presence of  either  target  alone  and their  coexis-
tence.  When  exposed  to  BACE1  or  BACE1-AS1  individually,  the  hexagram
scaffold  undergoes partial  cleavage.  In  contrast,  the  simultaneous presence
of  both  targets  leads  to  a  more  extensive  cleavage  of  the  scaffold.  These
different  cleavage  states  reflect  distinct  molecular  input  conditions  of  the
BACE1-AS1/BACE1 axis. The resulting cleavage products initiate subsequent
CHA reactions, which convert structural changes of the scaffold into fluores-
cence  signals.  The  signal  generation  process  follows  a  parallel–serial  logic
pattern. Target recognition of BACE1 and BACE1-AS1 occurs in parallel at the
scaffold  level,  whereas  downstream  signal  propagation  proceeds  in  a  serial
manner that depends on the specific cleavage pattern. As a result, three fluo-
rescence channels are activated in different combinations under single-target
and  dual-target  conditions.  Compared  with  conventional  binary  logic  gates
that yield  a  single  output,  this  design provides multiple  readouts  that  corre-
spond to different molecular input states.

The  feasibility  of  the  nanodevice  is  examined  by  gel  electrophoresis  and
fluorescence measurements.  AGE  shows  a  gradual  decrease  in  elec-
trophoretic  mobility  with  the  stepwise  assembly  of  the  hexagram  scaffold,
which  confirms  successful  scaffold  fabrication  (Figure  S1).  Fluorescence
results  indicate  that  BACE1  selectively  induces  the  TAMRA  signal,  while
BACE1-AS1 preferentially activates the Cy5 channel. The coexistence of both
targets  triggers  simultaneous  responses  of  FAM,  TAMRA,  and  Cy5  signals
(Figure 2A-B), which matches the preset logical operation mechanism (Figure
S2A-B). Figure  2C  summarizes  the  fluorescence  responses  under  blank,

single-target, and dual-target conditions. The FAM channel responds specifi-
cally to the coexistence of BACE1 and BACE1-AS1, whereas the TAMRA and
Cy5  channels  exhibit  respond  to  the  individual  targets  as  well  as  to  their
combination  (Figure  2D-E).  Time-dependent  fluorescence  tests  reveal
progressively enhanced signal intensity after target addition, which reaches a
stable  plateau  within  approximately  40  min  (Figure  S3-S5),  and  verifies  the
favorable kinetic characteristics of the amplification reactions. These results
indicate that  the  PSDN  nanodevice  produces  distinct  multichannel  fluores-
cence  responses  under  different  input  conditions.  Such  unique  sensing
performance supports its further application in the quantitative profiling and
functional analysis of the BACE1-AS1/BACE1 regulatory axis.

 Optimization of experimental parameters
To obtain stable and reproducible signal outputs, experimental parameters

that influence  the  structural  behavior  of  the  PSDN  are  examined.  The  opti-
mization focuses on the hexagram scaffold structure and the reaction condi-
tions for consistent signal generation, while avoiding redundant complexity in
device design. Firstly, we design five hexagrams with different stem lengths: a
(n=14, m=14), b (n=17, m=17), c (n=20, m=20), d (n=23, m=20), and e (n=23,
m=23), to optimize their assembly and disassembly under dual-target condi-
tions  (Figure  3A).  The  key  to  successful  operation  of  the  PSDN  system
requires  negligible  response  to  single-target stimulation  and  efficient  struc-
tural disassembly upon dual-target coexistence. We therefore investigate this
characteristic  via  AGE.  Five  sets  of  gel  images  (a–e)  are  obtained,  where
lanes 2  to  5  correspond  to  the  hexagram  alone,  hexagram  +  BACE1,  hexa-
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Figure 2.  Feasibility validation of the PSDN biosensor for BACE1-AS1/BACE1 sensing (A) Schematic diagram of the PSDN system with BACE1 and BACE1-AS1 switches. (B)
Graphical depiction of fluorescence responses to different inputs. (C) Fluorescence spectra analysis and (D) Heatmap of different inputs (Blank, BACE1, BACE1-AS1, BACE1 and
BACE1-AS1) in three fluorescence channels:  FAM (left),  TAMRA (middle),  and Cy5 (right).  (E) Peak responses for the Blank, BACE1, BACE1-AS1, BACE1 and BACE1-AS1 in the
three fluorescence channels (BACE1 concentration: 250 nM; BACE1-AS1 concentration: 250 nM). Error bars, SD, n = 3.
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gram  +  BACE1-AS1,  and  hexagram  +  BACE1  and  BACE1-AS1,  respectively.
Notably,  no  new  lower  molecular  weight  bands  appear  in  the  absence
of  targets  (Gel  a-e;  lane  2),  which  indicates  that  the  hexagram  maintains
stable integrity. The addition of BACE1 alone induces emergent low-molecu-

lar-weight  bands,  suggesting  undesired  non-specific  disassembly  (Gel  a
and  b,  lane  3).  Similarly,  single  treatment  with  BACE1-AS1  also  generates
low-molecular-weight  bands,  confirming  background  signal  leakage  (Gel  b
and c; lane 4). By contrast, the scaffold of design e exhibits no obvious disas-
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Figure 3.  Systematic optimization of the conditions of the PSDN biosensor (A) Schematic diagram of hexagram with different stem lengths. (B) Agarose gel for different inputs
(a-e: lane 1: marker; lane 2: hexagram; lane 3: hexagram + BACE1; lane 4: hexagram + BACE1-AS1; lane 5: hexagram + BACE1 and BACE1-AS1). (C) Gel band quantification: new
bands (separate BACE1-AS1/BACE1 = Background; co-addition = Signal). (D) Schematic diagram of the complete cleavage of the hexagram in the presence of BACE1 and BACE1-
AS1.  (E)  Fluorescence  of  BHQ1-mediated  FAM  quenching  at  different  positions.  (F)  Optimization  reaction  time  of  the  proposed  PSDN  biosensor.  (G)  Optimization  reaction
temperature of the proposed PSDN biosensor. Error bars, SD, n = 3.
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sembly even under dual-target conditions, which implies excessive structural
stability that hinders effective sensing (Gel  e;  lane 5).  Accordingly,  the hexa-
gram scaffold  with  stem  design  d  (n=23,  m=20)  is  selected  for  all  subse-
quent experiments (Figure 3B). Grayscale analysis of the gel images is used
to compare background cleavage and target-induced responses among the
five  designs.  The  background  is  defined  as  the  sum  of  the  ratios  of  newly
formed bands in the lower regions of Lanes 3 and 4 to their respective upper
bands.  The  signal  refers  to  the  ratio  of  newly  formed  bands  in  the  lower
region of Lane 5 to its corresponding upper band (Figure 3C). In the absence
of targets, the hexagram structure remains intact. Neither BACE1 nor BACE1-
AS1  alone  disrupts  scaffold  assembly,  and  only  the  coexistence  of  BACE1
and BACE1-AS1 induces the disassembly of the hexagram structure (Figure
3D).

The  labeling  position  of  the  BHQ1  quencher  on  the  hexagram  scaffold  is
further optimized.  Seven distinct labeling configurations are tested to evalu-
ate  their  fluorescence  quenching  efficiency  and  background  performance
(Figure  3E  and  S6–S7).  Obvious  differences  in  background  fluorescence
intensity  exist  among different  configurations.  Configuration mode 6exhibits
the lowest background noise and optimal signal-to-background ratio, so it is
adopted  for  subsequent  experimental  construction.  Reaction  conditions  are
then  evaluated  using  time-dependent fluorescence  measurements.  Follow-

ing target addition,  fluorescence intensity increases gradually and reaches a
stable  level  after  approximately  40 min (Figure 3F).  Temperature-dependent
measurements indicate  that  reactions  performed  at  37°C  produced  consis-
tent  signal  responses  (Figure  3G). These  conditions  are  adopted  for  subse-
quent experiments. Finally, PAGE is used to examine whether cleavage prod-
ucts  derived  from  the  hexagram  scaffold  could  participate  in  downstream
CHA reactions (Figure S8–S9). The appearance of expected bands confirmed
that the cleavage products are compatible with the designed signal transduc-
tion process under the selected conditions.

 Dual-input performance
The analytical  performance of  the  PSDN in  the  FAM channel  is  assessed

under  various  concentrations  of  BACE1 (0-250 nM)  and BACE1-AS1 (0-250
nM).  As  shown  in Figure  4A,  the  fluorescence  curve  exhibits  gradually
elevated  peak  signals  as  the  BACE1  concentration  increases  (BACE1-AS1
fixed at 250 nM).  The calibration curve reveals a detection range of 0.1-250
nM  for  BACE1(Figure  4B).  As  shown  in Figure  4C-D,  similar  results  are
observed for BACE1-AS1 (under the same concentration condition). The anti-
interference ability is crucial for the biosensor. Accordingly, we select several
small  RNAs  (miR-21,  miR-221,  miR-155,  and  miR-193b),  are  selected  as
potential interferents to assess the PSDN specificity. A significant increase in

 

 

th
e-

 n
no

va
t o

n-
ne

ur
ol

og
y  

Figure 4.  Performance of the PSDN biosensor in the FAM channel (A) Fluorescence curves for BACE1 at different concentrations (0, 0.1, 0.5, 1, 2, 5, 10, 25, 50, 100, 250 nM) with
BACE1-AS1 maintained at  250 nM.  (B)  The linear  relationship  between fluorescence response and BACE1 concentration.  (C)  Fluorescence curves for  BACE1-AS1 at  different
concentrations (0, 0.1, 0.5, 1, 2, 5, 10, 25, 50, 100, 250 nM) with BACE1 fixed at 250 nM. (D) The linear relationship of fluorescence response with BACE1-AS1 concentration. (E)
Column charts and (F) Radar charts show selective fluorescence responses of BACE1 and BACE1-AS1, and other co-existing combinations: 2) BACE1 + miR-21; 3) BACE1 + miR-
221; 4) BACE1 + miR-155; 5) BACE1 + miR-193b; 6) BACE1-AS1 + miR-21; 7) BACE1-AS1 + miR-221; 8) BACE1-AS1 + miR-155; 9) BACE1-AS1 + miR-193b; 10) miR-21 + miR-
221; 11) miR-21 + miR-155; 12) miR-21 + miR-193b; 13) miR-221 + miR-155; 14) miR-221 + miR-193b; 15) miR-155 + miR-193b (all at 250 nM). (G) The selectivity response of
fluorescence toward BACE1 and BACE1-AS1, and various other mismatched RNAs (all at 250 nM). (H) Fluorescence intensities in TM buffer and 10% FBS with varying BACE1
concentrations. (I) Fluorescence intensities in TM buffer and 10% FBS with varying BACE1-AS1 concentrations. (J) Capability of the PSDN to avoid false-positive signals (FAM
channel). Error bars, SD, n = 3.
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fluorescence  is  observed  in  the  presence  of  BACE1  and  BACE1-AS1,  while
negligible  fluorescence  changes  are  detected  upon  exposure  to  interfering
RNA  sequences  (Figure  4E-F).  Furthermore,  single-base,  double-base,  and
three-base  mutated  sequences  of  BACE1  and  BACE1-AS1  are  designed  to
explore the mismatch recognition ability of the PSDN platform. As shown in
Figure 4G, fluorescence values are lower for sequence-mismatched samples
compared  to  the  BACE1  and  BACE1-AS1  cases.  PSDN  exhibits  favorable
detection stability in 10% fetal bovine serum (FBS), Comparable fluorescence
responses are obtained in standard TM buffer and diluted FBS, demonstrat-
ing satisfactory serum tolerance (Figure 4H-I). Notably, no significant fluores-
cence  enhancement  appears  within  60  min  in  the  absence  of  target
molecules.  This  phenomenon  eliminates  false-positive  signal  generation
(Figure  4J)  and  validates  the  ultra-low background  property  of  the  estab-
lished PSDN sensing system.

 Single input performance
The multiple signal outputs serve as a supplement to single signal outputs,

thereby enhancing detection accuracy. Encouraged by the promising perfor-
mance of  the  PSDN biosensor  in  the  FAM fluorescence  channel,  we  further
employ CHA to realize multi-signal output. The fluorescence curves in Figure
5A  and  5C  demonstrate  that  the  TAMRA  and  Cy5  fluorescence  peaks
increase with increasing concentrations of BACE1 or BACE1-AS1. As shown
in Figure 5B and 5D, the fluorescence signals exhibit a good linear correlation

with the logarithms of BACE1 or BACE1-AS1 concentrations. The regression
equations are y = 306x + 3129 or y = 345x + 1564, where y represents peak
fluorescence (TAMRA  and  Cy5)  and  x  denotes  the  logarithmic  concentra-
tions of  BACE1 or  BACE1-AS1,  respectively.  The correlation coefficients (R2)
are 0.99 and 0.90. As calculated using the 3σ/k principle (where σ denotes the
standard deviation of the background signal and k represents the slope of the
calibration curve), the LOD is calculated to be 0.16 nM for BACE1 and 0.56 nM
for BACE1-AS1.  This sensitivity  is  comparable to that of  previously reported
methods (Table S2).

High  specificity  is  validated  using  various  miRNAs  and  mismatched
sequences,  which  induce  negligible  fluorescence  compared  to  perfectly
matched targets (Figure 5E-F and 5I-J). Furthermore, the stability of PSDN is
validated by  testing various concentrations of  BACE1 or  BACE1-AS1 in  10%
FBS (Figure 5G-K). No fluorescence enhancement occurs in the TAMRA and
Cy5 channels in the absence of targets, further excluding false-positive inter-
ference (Figure  5H-L).  Recovery  experiments  in  10% FBS shows acceptable
accuracy  and  precision  (Table  S3).  Collectively,  these  results  verify  that  the
proposed PSDN-based biosensing method possesses outstanding analytical
performance for dual-target detection.

 PSDN based clinical analysis in AD diagnosis
To  evaluate  the  diagnostic  applicability  of  PSDN,  serum  samples  are

collected from 20 healthy individuals and 30 AD patients (Table S4). As illus-
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Figure 5.  Performance of the PSDN biosensor in the TAMRA and Cy5 channel (A) Fluorescence curves of BACE1 at different concentrations (0, 0.01, 0.1, 1, 10, 20, 50, 100, 250
nM). (B) The linear relationship between fluorescence response and BACE1 concentration. (C) Fluorescence curves for BACE1-AS1 at different concentrations (0, 0.01, 0.1, 1, 10,
20, 50, 100, 250 nM) (D) The linear relationship of fluorescence response with BACE1-AS1 concentration. (E) Fluorescence selective responses of the system toward BACE1 and
other interfering miRNAs (all  at  250 nM).  (F)  Fluorescence selective responses of  the system toward BACE1 and other mismatched mRNAs (all  at  250 nM).  (G) Fluorescence
intensities of three concentrations of BACE1 measured in TM buffer and 10% FBS. (H) Ability of the PSDN to avoid false-positive signals (TAMRA channel). (I) Fluorescence selec-
tive responses of BACE1-AS1 and other interfering miRNAs (all at 250 nM). (J) Fluorescence selective responses of BACE1-AS1 and other mismatched LncRNAs (all at 250 nM).
(K) Fluorescence intensities of three concentrations of BACE1-AS1 measured in TM buffer and 10% FBS. (L) Ability of the PSDN to avoid false-positive signals (Cy5 channel).
Error bars, SD, n = 3.

  Chemical Biology     ARTICLE

The Innovation Neurology 1(1): 100005, September 15, 2026　　　  7



trated in Figure 6A, the PSDN assay combined with ML enables the discrimi-
nation between healthy subjects and AD patients. The three-channel fluores-
cence  outputs  clearly  differentiate  the  two  groups  (Figure  6B-C  and  S10).
As  shown  in Figure  6D,  model  performance  is  evaluated  by  comparing
feature  sets.  The  obtained  data  indicate  the  KNN  model  shows  superior
performance, so it is selected for subsequent analyses. By adopting fluores-

cence  intensities,  gender,  and  age  as  input  variables  for  dimensionality
reduction,  the  optimized  model  reveals  distinct  clustering  patterns  between
healthy controls and AD patients (Figure 6E). Furthermore, ROC curve analy-
sis  based on the  three  independent  fluorescence channels  yields  respective
AUC  values  of  0.909,  0.773,  and  0.863,  while  the  combined  multichannel
analysis achieves an improved AUC of 0.949 (Figure 6F). As shown in Figure
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Figure 6.  Machine  learning-assisted  PSDN  platform  for  AD  diagnosis (A)  Schematic  of  ML  combined  with  the  PSDN  platform  for  differentiating  healthy  subjects  from  AD
patients. (B) Fluorescence values measured through three channels by the PSDN in the clinical cohort are presented. (C) Violin plots of fluorescence intensities measured by the
PSDN in  healthy subjects  among AD patients.  (D)  Areas under  curve for  ten distinct  ML models  are  compared.  AUC:  area under  the curve.  (E)  Principal  Coordinates Analysis
(PCoA) using the PSDN to distinguish healthy subjects from AD patients. (F) ROC analysis using the PSDN demonstrates the clinical diagnostic value of the platform in distin-
guishing between healthy subjects and AD patients. (G) Confusion matrix summarizing the discrimination performance of the method between healthy subjects and AD patients.
*** p < 0.01, **** p < 0.0001. Error bars, SD, n = 3.
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6G, the established KNN model confirms that the PSDN biosensor can read-
ily  distinguish  between  healthy  subjects  and  AD  patients.  Additionally,  the
confusion  matrix  for  diagnosing  these  groups  shows  a  sensitivity  of  90%,
specificity  of  93.3%,  precision  of  90%,  and  accuracy  of  92%  (Figure  S11).
These  results  highlight  the  powerful  diagnostic  capability  of  PSDN  when
paired with ML algorithms.

 Model explainability and pathway analysis
To  understand  the  decision  process  of  the  ML  models  and  establish  its

biological implications, SHAP analysis is performed for attribution (Figure 7A).
SHAP  attribution  analysis  quantitatively  reveals  the  individual  contributions
and  regulatory  directions  of  BACE1-AS1  and  BACE1  in  AD  classification,
converting  the  black-box  predictions  of  the  ML  model  into  interpretable
feature  importance  rankings  (Figure  7B-C).  The  SHAP  importance  score
of  BACE1-AS1  (0.0977)  exceeds  that  of  BACE1  (0.0617). This  finding  indi-

cates  that  BACE1-AS1  is  a  relatively  more  critical  discriminative  feature  in
the model’s overall decision-making (Figure 7D). Subsequently, each fluores-
cent  signals  from  three  channel  are  normalized  and  subjected  to  thres-
holding,  which  enables  the  classification  of  real  samples  into  states  such
as “pathway  open”, “suspected  open”,  and “pathway  blocked” (Figure  7E).
“Pathway open” is defined as concurrent activation of FAM, TAMRA, and Cy5
fluorescence; “Suspected  open” is  classified  as  active  TAMRA  and  Cy5
fluorescence with FAM inactive; and “pathway blocked” state refers to condi-
tions  where  only  one  or  neither  of  the  TAMRA  and  Cy5  channels  exhibits
detectable  fluorescence  (Figure  7F).  Among  AD  samples,  Pathway  open
accounts for 36.7%, suspected open for 6.7%, and pathway blocked for 56.7%
(Figure  7G  and  S12).  This  demonstrates  that  PSDN  not  only  measures
biomarker  levels  but  also  provides  biological  insights  into  the  integrity  and
activation status of the regulatory pathway (BACE1-AS1/BACE1) at the clini-
cal sample level.
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Figure 7.  Gene importance and pathway status assessment of the PSDN platform (A) Workflow for gene importance evaluation and pathway status assessment. (B) Scatter
plot of BACE1 expression. (C) Scatter plot of BACE1-AS1 expression. (D) SHAP bee swarm plot. (E) Three channel fluorescence-based pathway status diagram. (F) Normaliza-
tion of FAM, TAMRA, and Cy5 three-channel fluorescence signals enables visual pathway status analysis. (G) Pie chart presenting healthy subjects and AD sample status distri-
bution.
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 CONCLUSION
In summary, we develop a PSDN biosensor integrated with ML to analyze

the BACE1-AS1/BACE1 axis in AD. The platform enables the discrimination of
healthy  subjects  from  AD  patients  and  reveals  the  relative  contributions  of
BACE1  and  BACE1-AS1  through  coordinated  fluorescence  readouts.  The
PSDN is engineered to perform DNA logic operations on BACE1 and BACE1-
AS1 inputs, generating multiple fluorescence responses that reduce ambigu-
ity  arising from single-signal  measurements.  When combined with the KNN
algorithm, the PSDN system achieves high-performance AD diagnosis with a
sensitivity  of  90%,  a  specificity  of  93.3%,  a  precision  of  90%,  and  an  overall
accuracy  of  92%.  Beyond  group  discrimination,  the  PSDN  platform  allows
evaluation  of  the  roles  of  BACE1 and BACE1-AS1 in  clinical  serum samples
and  provides  information  on  the  state  of  the  BACE1-AS1/BACE1  axis.  By
organizing  molecular  inputs  into  interpretable  multichannel  signals  and
analyzing them collectively,  this  approach offers a practical  way to examine
coupled biomolecular processes in complex biological systems.
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