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Abstract: The integration of advanced diagnostic technologies in healthcare is crucial for enhancing
the accuracy and efficiency of disease detection and management. This paper presents an innovative
approach combining machine learning-assisted 3D flexible fiber-based organic transistor (FOT)
sensors for high-accuracy metabolite analysis and potential diagnostic applications. Machine learning
algorithms further enhance the analytical capabilities of FOT sensors by effectively processing
complex data, identifying patterns, and predicting diagnostic outcomes with 100% high accuracy. We
explore the fabrication and operational mechanisms of these transistors, the role of machine learning
in metabolite analysis, and their potential clinical applications by analyzing practical human blood
samples for hypernatremia syndrome. This synergy not only improves diagnostic precision but also
holds potential for the development of personalized diagnostics, tailoring treatments for individual
metabolic profiles.

Keywords: machine learning (ML); fiber-based organic transistors (FOTs); metabolic analysis;
electrolyte ions; clinical diagnostics

1. Introduction

The precise and efficient diagnosis of metabolic disorders is pivotal in clinical medicine,
as these conditions often have profound impacts on a patient’s overall health and well-
being [1–3]. Metabolic ions, such as hydrogen ion (H+), sodium (Na+), potassium (K+),
calcium (Ca2+), and magnesium (Mg2+), play critical roles in maintaining cellular function,
signal transduction, and homeostasis [4–7]. Imbalances in these ions can indicate the
occurrence of various metabolic disorders, including but not limited to, electrolyte imbal-
ances, renal dysfunction, endocrine disorders, and acid–base disturbances. Traditional
methods for diagnosing these metabolic ion imbalances often involve a combination of
blood tests, urine tests, and sometimes even invasive procedures. However, these meth-
ods can be time-consuming, costly, and occasionally lack the sensitivity needed for early
detection [8–10].

Recent advancements in technology have led to the development of more sophisticated
diagnostic tools that can provide rapid and accurate measurements of metabolic ions.
Techniques such as advanced biosensors, mass spectrometry, and ion-selective electrodes
are now being integrated into clinical practice [11–13]. These innovations not only improve
the speed and accuracy of diagnoses but also enhance the ability to monitor the effectiveness
of treatment regimes in real time [14–16]. Tubular and vertical organic transistors are three-
dimensional (3D) devices designed to optimize surface area and integration density in
flexible electronics. Tubular transistors feature a cylindrical structure, enabling flexibility
and stretchability, while vertical transistors stack layers vertically, enhancing current flow
and reducing the footprint [17,18]. However, 3D fiber-based organic transistors (FOTs)
offer superior attributes, including enhanced mechanical flexibility, greater surface area
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for charge transport, and the ability to be woven into fabrics, making them ideal for
wearable electronics and other advanced applications where integration with textiles and
high mechanical resilience are crucial.

3D flexible FOTs represent a significant innovation in the field of biosensors and
bioelectronics, combining the advantages of organic semiconductor materials with the
mechanical flexibility necessary for 3D wearable and implantable devices [19–21]. These 3D
transistors can be fabricated on flexible fiber substrates, enabling intimate conformal contact
with biological fluids and tissues, which is essential for accurate metabolite analysis. The
3D architecture of these devices further enhances their performance by increasing the active
surface area, thus improving the sensitivity and accuracy of metabolite detection [22–24].

The incorporation of machine learning (ML) algorithms into the analytical framework
of 3D flexible FOTs marks a transformative step forward. Machine learning offers powerful
tools for data analysis, capable of handling the complex and high-dimensional data gener-
ated by 3D flexible organic transistors [25–27]. Through the application of sophisticated
algorithms, ML can discern patterns, predict outcomes, and provide high-accuracy analysis
of metabolite levels. This integration of ML not only improves the diagnostic accuracy but
also enables the development of personalized medicine by tailoring treatments for indi-
vidual metabolic profiles [28–31]. Such integrated systems can be particularly beneficial in
managing diseases like hypernatremia, where continuous monitoring is crucial. Therefore,
the ability to provide rapid and precise metabolite analysis opens new avenues in clinical
diagnostics, potentially transforming the landscape of preventive medicine [32–34].

In this work, we report the development of 3D flexible FOT-based sensors supported
by ML algorithms and their sensing performance in measuring metabolic electrolyte ions
in both artificial solutions and human samples. The 3D flexible FOTs were prepared by
coating a multilayered metal/PEDOT:PSS/parylene protective layer onto the nylon fibers.
The 3D flexible FOTs working in the depletion mode demonstrate exceptional electrical
performances with an ON/OFF ratio of over 1000, excellent bending stability, and robust
sensing performance to a range of mostly investigated metabolic ions. By integrating with
assorted ML algorithms, the 3D flexible FOT device could accurately evaluate the levels of
different metabolic ions, including hydrogen, potassium, sodium, calcium, and magnesium,
with a broad range of linear responses. We then tested with practical human blood samples
for the clinical diagnosis of hypernatremia syndrome. Results match well with those
obtained with the selected benchmark diagnostic approaches. This work envisions ML-
assisted 3D flexible FOTs as a promising platform for the accurate diagnosis and monitoring
of metabolic ions in practical clinical settings.

2. Materials and Devices
2.1. Materials

Monofilament nylon fibers (Ø 0.50 mm) were purchased from Nantong NTEC monofila-
ment technology Co., Ltd., Nantong, China. Poly(3,4-ethylene dioxythiophene): poly(styrene
sulfonate) (PEDOT:PSS) aqueous dispersion (Clevios™ PH 1000) was provided by Heraeus
Group, Hanau, Germany. Phosphate-buffered saline (PBS) solution (Gibco™, pH 7.4, 10×)
was purchased from Thermo Fisher Scientific, Waltham, MA, USA. Hydrochloric acid (HCl),
sodium chloride (NaCl), potassium chloride (KCl), calcium chloride (CaCl2), magnesium
sulfate (MgSO4), aluminum sulfate (Al2(SO4)3) aqueous solutions were all provided by
Sigma-Aldrich Co., St. Louis, MO, USA.

Freshly prepared solutions were used throughout this work. The 10× PBS solution
was diluted 10 times with deionized (DI) water, followed by an adjustment of the pH to a
value of 7 to produce 1× PBS solution. pH solutions (pH 3.5 to pH 6.0) were prepared by
adding a calculated amount of HCl into 1X PBS solution. Similarly, Na+ solutions (10−4 M
to 100 M), K+ solutions (10−5 M to 10−1 M), Ca2+ solutions (10−6 M to 10−2 M), and Mg2+

solutions (10−5 M to 10−1 M) were prepared alike.
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The study protocol adhered to the ethical guidelines set forth by the Declaration
of Helsinki and received approval from the ethical committee of the Shenzhen People’s
Hospital (the Second Clinical Medical School affiliated with Jinan University). Written
informed consent was obtained from all participants prior to enrollment. Human blood
samples were obtained under the approved institutional review board guidelines of the
Shenzhen People’s Hospital. A sodium blood test is a routine test to check hypernatremia.
Blood samples were collected from a vein in the subjects’ arms, including both healthy
individuals and those diagnosed with hypernatremia. Prior to sample collection, a tourni-
quet was applied to the upper arm to engorge the veins, and the skin at the insertion site
was thoroughly cleaned. A small volume of blood (5 mL) was drawn into a collection tube
from each subject. The collected samples were immediately frozen at −80 ◦C for storage
until further analysis. Sodium ion concentrations in the blood samples were subsequently
measured using the sodium ion-selective electrode method.

2.2. Device Fabrication

Before the FOT device fabrication, the 3D monofilament nylon fibers were processed
with 2 min oxygen plasma (PE-25 Plasma Cleaner, lower power mode) to clean the curved
fiber surface. Patterned fiber-shaped source and drain electrodes were fabricated by RF mag-
netron sputtering (PVD Products, Wilmington, MA, USA) of thin-film layers of chromium
(Cr, ~20 nm)/platinum (Pt, ~150 nm) onto a nylon fiber. In the chamber, the fiber was hung
on above the sample holder during sputtering to achieve a uniform coating of electrode
materials around the curved fiber surface. The width of the channel was controlled to be
0.5 mm by covering laser-cut tape strips (0.5 mm in width) in sputtering and peeling off
when finished. A wider laser-cut tape strip (1 mm in width) was then used to define the
PEDOT:PSS coating region.

Before dip-coating the PEDOT:PSS active layer, the 3D fiber-shaped source–drain elec-
trode covered with the wider laser-cut tape strip mask was treated with oxygen plasma for
2 min. To improve the conductivity of the channel, dimethyl sulfoxide (DMSO, v/v 5%) and
glycerin (v/v 5%) were added into the PEDOT:PSS dispersion and mixed thoroughly. Then
the channel region was immersed into the PEDOT:PSS solution, pulled out at a uniform
speed (1 cm/min), and dried naturally for 30 min. This same dip-coating process was
repeated 5 times to achieve a 3D circular-shaped PEDOT:PSS channel film (~200 nm thick).
When the channel region of the fiber source–drain electrode was coated with PEDOT:PSS
layer, this device unit was transferred into a glove box filled with high-purity nitrogen
gas for post-annealing treatment to optimize the conducting film morphology (100 ◦C,
1 h) [35]. Next, the encapsulation Parylene out-layer (~2 µm, without covering the channel
region) was coated onto the patterned source–drain electrodes using the SCS Labcoter® 3
Parylene Deposition System (Specialty Coating Systems, Indianapolis, IN, USA). Adopting
a similar fabrication scheme, raw fiber-shaped gate electrodes (Cr ~20 nm/Pt ~150 nm)
were prepared, with an effective gate length of ~5 mm. The tip of the gate electrode could
be further modified for different types of chemical and biological sensing applications.

2.3. Device Characterization

Resistance measurements of fiber-shaped electrodes were carried out using a two-
probe measurement setup (FLUKE 17B, Everett, WA, USA). The surface of the fiber elec-
trodes was observed with an optical microscope (Leica DM2500, Leica, Wetzlar, Germany).
The PEDOT:PSS layer coated on the channel region was characterized by scanning elec-
tron microscopy (SEM, JEOL SM-7800F Prime, JEOL, Tokyo, Japan). For this work, over
100 transistor devices were prepared; the device fabrication yield is over 90%. The suc-
cessfully prepared fiber transistor devices (≈90 transistor devices) were then characterized
and measured. These presented results are from the representative devices instead of the
best-performing devices.

As a three-terminal sensing system, the 3D flexible FOT sensing device was connected
to a measurement unit with two Keithley 4200A-SCS Parameter Analyzer source meters
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(Tektronix, Beaverton, OR, USA): the source and drain fabric electrode unit was electrically
connected with a source meter, and the raw/modified gate fabric electrode was connected
to the other source meter. Two currents, the source–drain current (IDS), flowing through the
PEDOT:PSS channel, and the gate current (IG), flowing through the electrolyte liquid, are
induced by two respective voltages, the drain-source voltage (VDS) applied on the channel
and the gate voltage (VG) applied on the gate.

For transfer characteristics, the channel current (IDS) was recorded as a function of VG
(0 to 1.2 V) at a fixed VDS (0.03 V). To enable real-time monitoring of the IDS in fiber-shaped
organic electrochemical transistor (OECT)-based sensors exposed to a mixture of various
analytes in electrolyte solutions, the device was immersed in the solution under magnetic
stirring. This approach is intended to ensure a homogeneous distribution of the analytes
within the solution, facilitating consistent interaction with the sensor. VDS was set at 0.03 V,
and VG was set at 0.6 V. In examining the blood sodium ion levels, the classical sodium ion
selective electrode method was used as the benchmark clinical approach, and its results
were compared with our 3D flexible FOT-generated outputs.

3. Results and Discussion
3.1. Working Principle of 3D Flexible FOTs Sensor

Figure 1a schematically shows the 3D flexible FOT sensor connected to the source
meters. In measurement, the application of VDS induces a drift of the holes along the
PEDOT:PSS backbone, generating the channel current IDS. The PEDOT:PSS channel current
is determined by the de-doping/doping process according to Equation (1) [36,37].

n(PEDOT+ : PSS−) + Mn+ + ne−
Reduction/De-doping
−−−−−−−−−−−−−−→←−−−−−−−−−−−−−−

Oxidatioin/Doping
nPEDOT0 + Mn+ : nPSS− (1)

Upon the application of a positive VG, the cations (M+) from the electrolyte enter
the PEDOT:PSS film. These cations penetrate the polymer matrix and interact with the
PSS− polyanion. This interaction results in the de-doping of PEDOT, which decreases its
conductivity and modulates the drain current (IDS). While for the doping process, the VG is
removed, M+ diffuses back into the electrolyte, and PEDOT0 recovers to an oxidized state,
generating an increased IDS.

Therefore, the channel current IDS of the fabric organic transistor could be expressed
as a function of VG [38,39], calculated as follows:

IDS =
qµp0tW

LVp

(
Vp −Ve f f

G +
VDS

2

)
VDS, |VDS| ≪

∣∣∣Vp −Ve f f
G

∣∣∣;
Vp =

qp0t
ci

; (2)

Ve f f
G = VG + Vo f f set;

where q is the electron charge; µ is the hole mobility; p0 is the initial hole density of
PEDOT:PSS channel; t is the thickness of the PEDOT:PSS layer; W and L represent the
width and length of the active channel region, respectively; Vp is the pinch-off voltage;

Ve f f
G is the effective gate voltage applied on the transistor; Vo f f set is the offset voltage at the

interfaces; and ci is the effective gate capacitance per unit area of the transistor. Note that
ci is determined by two interface capacitances: the capacitance of the interface between
the electrolyte and PEDOT:PSS channel layer (CE-C) and the capacitance of the interface
between the electrolyte and the gate electrode (CG-E) [40], as depicted in Figure 1b. For this
work, ci is assumed to be approximately equal to the sum of the two interface capacitances
connected in series divided by the area of the active channel. The coated parylene layers
are crucial for their performance and durability. The parylene layer serves as an insulating
barrier, preventing electrical short circuits and protecting the underlying organic materials
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from moisture and other environmental factors; on the other hand, the parylene layer
acts as an encapsulation layer. It provides additional protection from mechanical damage
and environmental degradation, thus enhancing the overall longevity and reliability of
the device.
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Figure 1. (a) Schematic configuration of the 3D flexible FOTs sensing devices as a wearable platform
for the measurement of different metabolic ions. (b) Schematic figure of the two interfacial poten-
tial drops of the 3D flexible FOTs sensing devices operated in the electrolyte. The capacitance of
the interface between the electrolyte and PEDOT:PSS channel layer (CE-C: ~0.18 F/cm2) and the
capacitance of the interface between the electrolyte and the gate electrode (CG-E: ~0.23 F/cm2) are
connected in series. Modified layer material: Nafion. (c) Transfer characteristics of a 3D flexible FOT
sensing device measured at VDS = 0.03 V. (d) The ML component improves the device’s accuracy
and responsiveness by analyzing complex data patterns, which is essential for clinical settings where
precise diagnostic capabilities are crucial. By leveraging the combination of flexible materials and
intelligent data processing, these FOT devices offer significant potential for non-invasive, real-time
monitoring and diagnosis in healthcare.

Interestingly, the 3D flexible FOT sensing device works in a de-doping mode whereby,
when a positive VG is applied, improved electrical performance is achieved. In Figure 1c
(also in Figure 2c), the ON/OFF ratio was calculated by using the following equation:
ON/OFF ratio = ION (~320 µA)/IOFF (~0.2 µA) > 103. From the figures, the ON/OFF
current ration is >103 with a gate leakage current lower than 10 nA. Assisted with machine
learning algorithms, these 3D flexible FOTs can be used for accurate analysis of different
metabolic ion concentrations toward practical clinical diagnoses (Figure 1d).
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Figure 2. (a) The fabrication process of the multilayer fiber-based source–drain electrodes and the bi-
layer functionalized fiber-based gate electrodes. The paired fiber-shaped OECT devices allow to detect
multiple sweat biomarkers. (b) Comparative performance study of two types of fiber-based source–
drain electrodes (Fiber/Cr/Pt/PEDOT:PSS/Parylene and Fiber/Cr/Pt/Parylene/PEDOT:PSS) before
and after repetitive bending. (c) Transfer characteristics of a 3D flexible FOT sensing device before
and after repetitive bending.

3.2. Optimized Fabrication of 3D Flexible FOT Sensing Devices

A key step to implementing 3D flexible FOT sensing devices is to pair the fabrication
process of electric conducting segments with compatible functional components [41]. We re-
ported a straightforward scheme to fabricate 3D fiber-shaped organic transistors with finely
defined active channel dimensions (i.e., length and width), which remarkably determine
the device performance and the manufacturing reproducibility in a reliable manner [41].
Schematically shown in Figure 2a, the fiber-shaped OECT devices were produced by a
multilayered coating procedure. Due to its high electrochemical activity and excellent bio-
compatibility, Pt was selected as the electrode material [42]. To improve electrode stability,
a patterned thin film of Cr as the adhesion layer (~20 nm) was initially sputtered to the
oxygen plasma-treated Nylon fibers [43].

For the source–drain 3D fiber electrodes, the bounded raw Cr/Pt film then was
coated with a thin layer of PEDOT:PSS (~200 nm thick) using a repeated dip-coating
procedure. Finally, a Parylene layer was coated onto the fiber surface except for the active
channel region. The results showed that a sequential coating of PEDOT:PSS/Parylene
produces a 3D fiber organic transistor with far more bending stability than its counterpart
configuration (Parylene/PEDOT:PSS), see Figure 2b. After 500 times bending, the resistance
of the Cr/Pt/PEDOT:PSS/Parylene source–drain electrodes increased by less than 50%,
while for the Cr/Pt/Parylene/PEDOT:PSS comparative source–drain electrodes, the after-
bending resistance is greatly increased by 350%. During bending tests, the Pt film of the
original Cr/Pt electrode will be discontinued, generating fractures that prohibit the current
flow. Compared to the insulating Parylene layer, the consecutively coated conducting
PEDOT:PSS layer will then repair these separated Pt film fractures and help achieve a
more stable resistance of the multilayered fiber electrodes. To further study the stability
of the fiber electrodes, we recorded the transfer characteristics of the 3D flexible FOT
device under bending tests. As shown in Figure 2c, the transfer curve maintains good
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electric performance (ON/OFF > 1000) and only slightly shifted even after 100 times
bending. Therefore, the simple multilayered structures of Cr/Pt/PEDOT:PSS/Parylene
fiber electrodes could be a feasible fabrication strategy for the preparation of highly flexible
yet stable 3D FOTs sensor devices. Similarly, the 3D flexible Cr/Pt fiber-shaped gate
electrodes were prepared.

3.3. 3D Flexible FOT for Metabolic Ions Analysis

The 3D flexible FOT devices are sensitive to the density of sorted cations in human
biological samples which is reflected in the transfer characteristics of the devices, including
H+, Na+, K+, Ca2+, and Mg2+. Figure 3a shows the transfer curves (VDS @ 0.03 V) of a 3D
flexible FOT device characterized in HCl solutions with different hydrogen concentrations,
which corresponded to the pH levels ranging from 3.5 to 6.0 and matched with the slightly
acidic human sweat samples (between 4 and 6). The transfer curve shifts to a lower gate
voltage with the increase in the concentration of H+. Therefore, the effective gate voltage
would be shifted by the addition of different H+ concentrations, which could be explained
as follows [38]:

ENerst = E0 + kT
ne ln Q

Q = [PEDOT0]
n
[Mn+ :nPSS]

[PEDOT+ :PSS− ]n [Mn+ ]

(3)

where E0 is a constant, k is the Boltzmann’s constant, T is the temperature, n is the number
of transferred electrons, e is the electron charge, and Q is the reaction quotient equilibrium
constant. [PEDOT0], [Mn+: nPSS−], [PEDOT+: PSS−], and [Mn+] are the concentrations of
each element in Equation (3), respectively.

For the Equation (3) chemical reaction, the potential applied on the double layer near
PEDOT:PSS is given by the Nernst equation above. According to the equivalent circuit for
the fiber-shaped OECTs devices coupled with Cr/Pt gate electrode in Figure 1b, the VG
was only partially applied at the interface between the electrolyte and PEDOT:PSS channel
film. To compensate for this interface potential shift induced by the cation concentration
changes, a higher VG is needed. Therefore, this fiber transistor device could be calculated
with the following:

Ve f f
g = Cons tan t + (

CG−E + CE−C
CG−E

)
kT
ne

ln[Mn+] (4)

Combined with Equation (2), the magnitude of IDS correlated with the concentration
of the cation under a positive VG was expressed as follows:

IDS = α + β ln[Mn+] (5)

where α is a positive constant and β is a negative constant. As a result, when a positive VG
was applied, the magnitude of the channel’s current IDS would be correspondingly reduced
with the accumulated level of H+. According to Equation (2), when VG is removed, IDS is
a constant value referred to as I0. Therefore, under a positive VG, the cation de-doping-
induced current changes (|∆I|) can be written as follows:∣∣∆IMn+ |=|IMn+ − I0|=α∗ + β∗ ln[Mn+] (6)

where α∗ and β∗ are the positive constants. For H+ concentrations induced responses,
|∆IMn+| will linearly increase with the additions of H+ as per Equation (6) above. Our
experimental results further certified that the 3D flexible FOT devices linearly responded
to a broad spectrum of H+ or pH levels (pH 3.5 to pH 6.0, see Figure 3b), which includes
the pH physiological range of human biological fluid samples.
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Figure 3. (a) Schematic figure of the reversible doping/de-doping process of the 3D flexible FOT
devices operated in the electrolyte. (b) Transfer characteristics (VDS = 0.03 V) of the 3D flexible FOT
device were measured in electrolyte solutions with different concentrations of H+/pH. (c) The current
linear response of the 3D flexible FOT device to the H+ levels ranges from 10−6 M to 5× 10−3 M, with
a detection limit down to 10−5 M. (d) Transfer characteristics (VDS = 0.03 V) of the 3D flexible FOT
device were measured in electrolyte solutions with different concentrations of Na+. (e) The current
linear response of the 3D flexible FOT device to the Na+ levels range from 10−4 M to 100 M, with
a detection limit down to 10−3 M. (f) Transfer characteristics (VDS = 0.03 V) of the 3D flexible FOT
device were measured in electrolyte solutions with different concentrations of K+. (g) The current
linear response of the 3D flexible FOT device to the K+ levels range from 10−5 M to 10−1 M, with
a detection limit down to 10−4 M. (h) Transfer characteristics (VDS = 0.03 V) of the 3D flexible FOT
device were measured in electrolyte solutions with different concentrations of Ca2+. (i) The current
linear response of the 3D flexible FOT device to the Ca2+ levels range from 10−6 M to 10−2 M, with
a detection limit down to 10−5 M. (j) Transfer characteristics (VDS = 0.03 V) of the 3D flexible FOT
device were measured in electrolyte solutions with different concentrations of Mg2+. (k) The current
linear response of the 3D flexible FOT device to the Mg2+ levels range from 10−6 M to 10−2 M, with a
detection limit down to 10−5 M.

Working with the same principle, the prepared 3D flexible FOT devices were also used
for the analysis of other promising metabolic biomarkers of electrolyte cations in human
body fluidic samples, along with Na+, K+, Ca2+, and Mg2+. In these FOT sensor devices, the
current shifts linearly relative to the additions of assorted cations: |∆I| linearly increases
with Na+ in the range of 10−4 M to 100 M (Figure 3b,c), K+ in the range of 10−5 M to 10−1 M
(Figure 3e,f), Ca2+ in the range of 10−6 M to 10−2 M (Figure 3g,h), and Mg2+ in the range of
10−5 M to 10−1 M (Figure 3i,j), with all ranges matching well with the actual concentration
range values of the same cations in human biological samples.

3.4. ML-Assisted Metabolic Ions Analysis

An artificial neural network (ANN) comprises interconnected units or nodes known
as artificial neurons, with signal processing functionality inspired by the neurons in the
human brain (see Figure 4a). Mimicking the brain’s synapses, each artificial neuron receives
signals from other connected neurons, processes these signals, and then transmits a signal
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to other neurons in the network [44]. This signal is represented as a real number, and the
neuron’s output is calculated using a non-linear function of its input sum, referred to as the
activation function. The strength of the signal at each connection is modulated by a weight,
which is adjusted during the learning process.
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Figure 4. (a) A schematical figure of neuron unit in human brain. (b) A representative figure of
the artificial neuron network model. (c) Process flow diagram of the ML-assisted flexible FOTs
for metabolic ions analysis. (d) Parity plot of true vs. predicted concentrations of H+ using the
ML-assisted flexible FOTs. (e) Parity plot of true vs. predicted concentrations of Na+ using the
ML-assisted flexible FOTs. (f) Parity plot of true vs. predicted concentrations of Ka+ using the
ML-assisted flexible FOTs. (g) Parity plot of true vs. predicted concentrations of Ga2+ using the
ML-assisted flexible FOTs. (h) Parity plot of true vs. predicted concentrations of Mg2+ using the
ML-assisted flexible FOTs.
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Neurons are typically organized into layers, with different layers performing various
transformations on their inputs [45,46]. Signals flow from the first layer (input layer) to the
final layer (output layer), often through multiple intermediate layers (hidden layers). When
a network contains at least two hidden layers, it is commonly termed a deep neural network
(see Figure 4b). Artificial neural networks are employed for a wide range of applications,
including predictive modeling, adaptive control, and tackling complex problems in artificial
intelligence. They have the capability to learn from experience and to draw conclusions
from a complex and seemingly unrelated set of data. In this work, ANN is used to model
the linear relationship between the concentration of the metabolic analytes and the current
value to facilitate the intelligent detection of metabolic ion concentration in real samples.

Several statistical criteria are used to evaluate the effectiveness of modeling methods
in accurately detecting metabolic ions. The determination coefficient (R2) indicates the
goodness of fit of the model, with values closer to one signifying a better fit. The root mean
square error (RMSE) and mean absolute error (MAE) measure the prediction error of the
model, and smaller values are preferred for both. The residual prediction deviation (RPD)
assesses the overall prediction capability of the model; an RPD value higher than three
indicates excellent predictive performance for analytical purposes [47–49].

As schematically shown in Figure 4c, the flexible FOTs generated current data sets
were used for repetitive training, validation, and testing. Assisted with the ANN-based
machine learning (ML) algorithms, our flexible FOTs demonstrate excellent accuracy (>99%)
toward different metabolic ions analysis (see Figure 4d–h). The ANN models generated
parity plots of predicted vs. expected concentration of the different types of metabolic ions
(e.g., H+, Na+, K+, Ca2+, and Mg2+) with a superior linear trend (R2 > 0.99) and a broad
response range, indicating high prediction capability as supported by the low-resulting
RMSE and MAE and high-value RPD (see Table 1). Our research findings highlight the
promising potential for synergies between this work and the recent advancements in
neuromorphic systems. These synergies could pave the way for innovative approaches that
leverage the strengths of both fields, potentially leading to significant breakthroughs in the
development of more efficient and intelligent computational models [50]. Therefore, our
ML-assisted flexible FOTs hold significant potential for the accurate analysis of metabolic
ions in real samples.

Table 1. Performance parameters of deep learning model (ANN)-assisted FOTs detection of metabolic
electrolyte ions, including H+, Na+, K+, Ca2+, and Mg2+.

Metabolic Ions R2 RMSE MAE RPD

H+ 0.9903 0.0806 0.0524 13.6345

Na+ 0.9935 0.0770 0.0441 13.8925

K+ 0.9984 0.0906 0.0755 9.5436

Ca2+ 0.9956 0.0893 0.0579 10.4751

Mg2+ 0.9947 0.0871 0.0563 12.8942

3.5. ML-Assisted Real Sample Analysis

Hypernatremia is diagnosed when blood sodium levels exceed 145 mmol/L, often
due to insufficient water intake or excessive water loss. Symptoms include thirst, con-
fusion, and muscle twitching, with severe cases potentially leading to seizures or coma.
Diagnosing hypernatremia involves measuring serum sodium levels through blood tests.
As anticipated, our ML-assisted 3D flexible FOTs could accurately detect assorted types of
metabolic ions. As a proof-of-concept, we attempted to measure the concentration of Na+ in
the real human blood samples for the diagnosis of hypernatremia cases using our prepared
FOT devices. To validate this, we recruited 60 subjects (30 healthy and 30 hypernatremia)
and divided them into two groups: a training subjects’ group (18 hypernatremia and
18 healthy), whose blood samples were used for the training of our built ML-assisted 3D
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flexible FOT system; and testing subjects’ group (12 hypernatremia and 12 healthy), whose
blood samples were used for the practical testing of hypernatremia, as shown in Figure 5a.
During the training session, the gradient descent algorithm is explored through the soft-
ware of TensorFlow (v2.16.1). Blood samples (≈5 mL) were collected from each subject’s
vein (lower arm) through a disposable sharp needle and were analyzed by our ML-assisted
3D flexible FOTs (Figure 5b). The testing group data, comprising 12 healthy subjects and
12 hypernatremia cases, were all correctly identified with 100% sensitivity, specificity, and
precision (Figure 5c). The ROC curve of the ANN ML-assisted 3D flexible FOTs for clinical
diagnostics blood samples of hypernatremia cases were used in Figure 5d. From this ROC
curve, our ML-assisted 3D flexible FOTs model performed exceptionally well with the
highest accuracy (100%) and AUC (1) in diagnosing real hypernatremia cases. Thus, our
proposed system provides a feasible approach for the accurate diagnosis of metabolic
disorders caused by the abnormal levels of metabolic ions in human biological samples.
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4. Conclusions

In summary, we developed machine learning-assisted 3D flexible FOT devices for
accurate analysis of different types of metabolic ions. The 3D flexible FOTs, constructed by
coating multilayered metal, PEDOT:PSS, and protective layers onto Nylon fibers, show-
cased outstanding electrical performance, including an ON/OFF ratio exceeding 1000,
excellent bending stability, and robust sensing capabilities for practical clinical diagnostic
applications. Our results suggested that the 3D flexible FOT devices could accurately
measure assorted types of sweat electrolyte ions, including H+, K+, Na+, Ca2+, and Mg2+,
with a linear response to a broad range of levels, all of which are fully enclosing the normal
psychological levels of the corresponding electrolyte ions in human biological samples. By
leveraging ANN ML algorithms, these sensors could accurately quantify absolute levels of
H+, K+, Na+, Ca2+, and Mg2+ with a wide range of linear responses. Clinical testing with
human blood samples for hypernatremia diagnosis yielded results that demonstrated 100%
accuracy and were consistent with established diagnostic methods. This work highlights
the potential of ML-assisted 3D flexible FOTs as a reliable and accurate platform for diagnos-
ing and monitoring metabolic ions in clinical applications. Even though FOTs for sensing
metabolic ions offer promising flexibility and miniaturization for wearable and implantable
devices, they also face several limitations. Their sensitivity can be compromised by the
inherent limitations in fiber material properties and the challenges in achieving uniform
ion detection across diverse biological environments. Additionally, maintaining accurate
and stable performance in the dynamic and complex biochemical milieu of the body can be
difficult. The integration of these sensors into practical devices also involves addressing
issues related to biocompatibility, durability, and real-time data accuracy, which are critical
for reliable metabolic monitoring.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/chemosensors12090174/s1, Table S1: Raw measurement data set
for the clinical study of hypernatremia diagnosis.
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