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Sweat is a biofluid with rich information that can reflect an individual’s state of health or activity. But the real-time in situ sweat
sensors lack the ability of long-term monitoring. Against this background, this article provides a holistic review on the necessary
process and methods for sweat sensing, including sweat collection, composition analysis, energy supply, and data processing. The
impacts of the environment in stimulating sweat production, providing energy supply, and intelligent health monitoring are
discussed. Based on the review of previous endeavors, the future development in material, structure and artificial intelligence

application of long-term sweat monitoring is envisioned.
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INTRODUCTION

Personal health monitoring plays a vital role in daily healthcare
and chronic disease management. To monitor physical health,
researchers have tried various methods to acquire vital signals
from the human body'2. A growing field in this area is wearable
sensing devices, which aim to obtain long-term information
regarding personal health®>=. Wearable sensor devices can be
placed on different positions of the human body, such as the
wrists, chest, forehead, waist and soles of the feet. In recent years,
wearable sensors have shown increasing promise for use in broad
applications regarding human health monitoring® and medical
diagnosis”?.

Flexible sensing is one of the most promising technologies for
health monitoring devices.”~'> The typical configuration of flexible
wearable sensors is include biosensors in combination with
wearable technology'®. The characteristics of biosensors, such as
high specificity, high efficiency, low cost, low power requirements
and convenience, make them promising in wearable applications,
especially for sweat, saliva, interstitial fluid and other biological
fluids. Among the biological fluids, sweat contains an abundance
of relevant biomarkers, such as ions and metabolites, that can be
leveraged for tracking the user’s metabolism, fatigue, and stress
17720 3 potentially essential metabolic pathway of the human?'-24,
The abundant ions and metabolites in sweat are closely related to
human health. At the same time, testing sweat is noninvasive and
sweat can be the best monitoring substance for in vitro
monitoring. The focus of research for testing sweat is usually in
device design?>73!, health applications®?-38, or sports manage-
ment3°~41,

Despite the research to date, a wearable sweat sensor is still far
from being realized for commercial health monitoring. The core
issues requiring attention relate to long-term monitoring, includ-
ing the mechanism for collection and analysis of sweat, the supply
and management of energy to the device, and the establishment
of the relationship between monitoring data and human health.
Research has been aimed at sweat collection**~*’, self-powered
devices®®>" and applying artificial intelligence to monitors>>~>%,
This review provides an overview of current developments in

wearable sweat sensors through bibliometric analysis, paying
attention especially to long-term stability. On this basis, sweat
analysis, including production and collection, energy supply and
storage, and the algorithms and models of intelligent monitoring
are discussed.

BIBLIOMETRICS ANALYSIS OF WEARABLE SWEAT SENSORS

Searching on the subject of ‘wearable sweat sensor’ on the Web of
Science website identified the presence of relevant research since
2005, but only a few researchers focused on sweat sensing. An
early sweat analysis device was reported by Morris>®. The device
passively collects sweat based on textiles and performs pH
analysis in a predefined channel, which preliminarily verified the
feasibility of wearable sweat sensor applications. A critical turning
points occurred in 2016, when Gao>® published research on a fully
integrated array sweat sensor in Nature that simultaneously and
selectively measured sweat metabolites and electrolytes without
requiring external analysis®’. This significant work attracted the
attention of many researchers and in the past five years, research
on wearable sweat sensors has grown rapidly.

Using VOSviewer, we created a network visualization map of the
popular keywords from our search (Fig. 1). In the map, the larger
the circular area, the higher the frequency of occurrence for that
keyword. The core keywords observed are ‘wearable,’ ‘sensor,’
‘biosensor’ and ‘sweat.’ Other keywords fall into several categories,
including parameters (such as ‘pH,” ‘sodium,’ ‘glucose,’ and
‘lactate’) and vocabulary related to devices (such as ‘skin,’ ‘array,’
and ‘platform’). Clustered results are discussed in turn below.

In the first cluster, colored red, the main keyword is ‘wearable.’
The most popular research directions, as indicated by cluster
device keywords, are ‘electrochemical sensors,’ ‘flexible sensors,’
and ‘mouthguard biosensors.” In this cluster, ‘pH" also has high
frequency, reflecting its importance as a parameter of sweat. The
second cluster, colored green, has the main keyword ‘sensor.’ The
next most frequent word was ‘glucose, a reflection of the
abundant research on glucose monitoring in blood, sweat and
interstitial fluid (ISF). Moreover, ‘lactate’ and ‘sodium’ also showed
up as common research keywords. The sensor cluster also includes
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Fig. 1 Network visualization map of the top 50 keywords in documents returned from a search on wearable sweat sensors. The map was

created by VOSviewer.

various sensing platforms, such as ‘patches,’ ‘electronics’ and
‘microfluidics.” The third cluster, colored yellow, has the main
keyword ‘sweat. This cluster includes keywords related to
pressure monitoring, sensor arrays, and bio-electrochemical
sensing, along with ‘performance.’ In the fourth cluster, colored
blue, the main keyword is ‘biosensor’ and the associated keywords
focus on preparation methods. Materials such as ‘graphene’ and
‘nanoparticles’ are common keywords. The last cluster is colored
purple and mainly involves cortisol and stress monitoring. While
few studies exist to date, the exploration of mental monitoring is a
noteworthy and exciting area of study.

THE PROCESS OF MONITORING SWEAT

Figure 2 gives an overview of the process of sweat monitoring,
including sweat secretion, collection, sensing, transmission, and
analysis. In all parts of the process, researchers are concerned with
components in sweat that can be detected, how to achieve
accurate monitoring with a small sample volume and how to
design sensitive sensor devices. The question of what to measure
and how to measure it is gradually being answered.

Benefits and challenges of measuring sweat

Sweat has several beneficial characteristics as an indicator of
health: collection of sweat is non-invasive, sweat has a fast update
rate, and sweat is rich in ions and metabolites for analysis. With
long-term sweat monitoring, construction of a matching health
monitoring model will be possible. A recent increase in fabric-
based wearable sensing technology has enabled continuous
monitoring for longer periods (more than a day).

Whether the flexible sensor device has enough life and stability
to meet long-term operational needs remains uncertain. Factors
affecting long-term monitoring are diverse and include
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environmental contamination, equipment reliability, biocompat-
ibility, energy supply, and system design. Environmental contam-
ination can include cumulative errors compounded during data
collection and contaminants getting mixed in with sweat during
collection. Equipment reliability issues most frequently reflect life
span limitations, along with tensile and deformation properties of
the electrochemical sensor device after repeated cycles. Most
existing flexible sensor devices can meet the requirements related
to these issues, with the caveat that the service life of an enzyme
sensor is related to temperature and pH. Biocompatibility
problems mostly reflect issues in the comfort of wearing the
sensor for a long time. For example, the wearer may struggle if
there is a lack of air permeability, changes in temperature and
humidity, or possible allergic or stress reactions; these need to be
avoided through the appropriate selection of materials. For energy
supply, the key factor is ensuring that the battery capacity can
meet the requirements. If continuous use for a longer time is
considered, the reliability and stability of a self-powered device
are critical. Finally, for the overall design of the sensor system, it is
necessary to consider the sensor interaction with the human body
and the environment when the sensor is worn for a long time.
Another set of challenges regard the feasibility of the sensor
system. Sweat generation can be accomplished through exercise
activity, thermal heating, stress or iontophoretic stimulation®.
Usually, the sweat we analyze is generated by exercise, but this
sweat may have completely different composition characteristics
from sweat caused by other factors. Furthermore, there is still
sweat metabolism in the human body at rest. To achieve a longer-
term wearable continuous monitoring, sensitive sweat collection
and analysis under low metabolic rates will be indispensable.
Moreover, once long-term monitoring can be achieved, the
management and supply of energy presents more challenges.
Most current wearable sweat sensor devices have a short
operational time, indicating that batteries for power supply are
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Fig. 2 Wearable sweat sensors system. Different stages of the process from sweat production to human state monitoring.

not the best choice. A self-powered device could bring many
advantages. Meanwhile, long-term monitoring data could eluci-
date the relationship between the health status and sweat
characteristics.

Sweat sampling and control

Sweat collection and control are prerequisites for its analysis®®.
Sweat collection is more complicated than standard body fluid
analysis, such as blood analysis or urinalysis. For example, blood is
plentiful in the human body and blood vessels are spread
throughout the body, making blood sample acquisition relatively
simple®®. In contrast, sweat is produced only under appropriate
environmental conditions. In addition, although sweat glands are
distributed in various body parts, they are small and often
attached to the skin surface, so that sweat produced from them
easily evaporates. Sweat secretion rates can be lower than 10 nL
min~! cm~2 at low secretion sites such as an arm or leg, but can
reach 100 nL min~" cm~2 at high secretion areas like the palm and
foot®. It is also not currently clear if the composition of sweat
produced by different stimuli differs: high temperature, strenuous
exercise and mood swings are all triggers for sweating. In some
application scenarios, the goal is to monitor sweat continuously
and the amount of sweat may not meet monitoring needs. In such
circumstances, iontophoresis, whereby sweat glands are stimu-
lated through delivery of an agonist using a low electrical current,
is an useful method to obtain sufficient sweat®*%’. However, sweat
composition obtained by iontophoresis differs from the composi-
tion of sweat spontaneously produced by the human body. Figure
3 shows examples of sweat collecting and control methods.
Early research focused on the ionic components in sweat, such
as pH and sodium. Due to the lack of appropriate in-situ analysis
methods, they had to do analysis using in vitro sweat collection.

Published in partnership with Nanjing Tech University

Bandodkar et al.®? achieved in situ sweat sensing in 2013, using a
whole body-washdown method since local sweat collection
cannot fully reflect human sweat. For the procedure, the subject
is exercised in a closed environment. The weight difference before
and after exercise is used to quantify the amount of sweat
produced and the subject, the clothing worn, and the sports
equipment are all washed with deionized water and collected. The
composition of sweat is then calculated. This rigorous and
standard method is the gold standard for sweat analysis. However,
it is too complicated and cumbersome for regular use and thus
subsequent researchers have looked for methods to collect and
analyze local sweat in vitro. The methods used include sweat-
absorbent patches, armbands and microcatheters. However, all
methods have the problem that sweat is lost during the in vitro
analysis after collection. Further, such collection methods cannot
be accurately time-stamped, making it difficult to match the
results of the sweat analysis to the state of the subject.

With the development of micro-, nano- and wearable technol-
ogy, researchers have begun to try smaller and more precise
sweat collection and analysis. At present, such methods can be
divided into two categories. The first category focuses on the real-
time performance of sweat composition analysis - focusing on
sweat renewal rate as opposed to sweat loss. The core parameter
in this category is thus the refresh rate of sweat. The second
category pursues highly accurate sweat collection and analysis
using microchannels and other means to collect and control sweat
for subsequent high-throughput sweat analysis. The advantage to
this method is that a closed sweat collection system can
effectively avoid external contamination.

An important component of precise sweat collection is the
control of sweat entering the device. Hydrophilicity and hydro-
phobicity control is a common method for controlling the
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Fig. 3 Examples of sweat collecting and control. (a) A sweat-collecting patch that can collect sweat efficiently for fast and continuous
healthcare monitoring. Ref. 63, Copyright 2021, Advanced Materials. (b) A hydrophobic/superhydrophilic Janus polyester/nitrocellulose textile
embedded with a conical micropore array that has a hydrophilic inner surface. Ref. ®*, Copyright 2019, Advanced Materials. (c) A thin, soft,
skin-like microfluidic platform that bonds to the skin to allow for the collection and storage of sweat in an interconnected set of micro

reservoirs. Ref. %, Copyright 2017, Advanced Healthcare Materials.
movement of sweat. Son et al.®® created a patch that uses cactus-
spine-inspired wedge-shaped wettability patterned channels on a
hierarchical microstructure/nanostructure surface. Dai et al%*
modified textiles with superhydrophilic/superhydrophobic condi-
tions to drive the directional flow of sweat. He et al.®* demon-
strated a flexible and skin-mounted band that combines
superhydrophobic and superhydrophilic microarrays with non-
dendritic colorimetric biosensors for in situ sweat sampling and
analysis. They also prepared an intelligent Janus textile band
based on a contact pump model to enable the transport of sweat
from the body surface to the hydrophilic electrode side®. In
addition, the team designed devices to monitor the comfort of hot
and humid environments based on the characteristics of Janus
materials®’.

The design of mechanical structures such as micro-pumps and
micro-valves is an alternative way to successfully control sweat.
Choi et al.8%° focused on a structure, termed capillary bursting
valves (CBV). They designed valves with different angles to
achieve selective flow of sweat under specific contact angle
conditions. CBV are passive valves that do not require external
control.

With the development of micro-nano processing technology,
the technology for local sweat collection is expected to become
more mature, realizing a more precise collection of local sweat. At
the same time, local sweat differences are likely occur based on
factors such as different parts of the human body, different diets,
and climate. Therefore, distributed multi-point sweat collection
and joint analyses will be necessary in the future.

Sweat composition and application prospects

The flexible sweat sensor can be used in humans for health
monitoring, special disease screening, or emotional stress
testing’®. The components of sweat fall into three categories:
electrolytes (ions), metabolites, and xenobiotics. Different compo-
nents can reflect different health conditions.

Common ions found in sweat include sodium, chlorine,
potassium, ammonium, calcium and hydrogen. Although the
concentration of ions in sweat is much lower than in blood, they
can still reflect the state of the human. Among them, chlorine was
used in human health monitoring. When patients with cystic
fibrosis were discovered to have higher sweat chloride ion
concentrations, monitoring the chloride ion concentration after
stimulating sweat through iontophoresis or by directly collecting
sweat became a recognized monitoring method.
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The ions in sweat are thought to reflect the level of water and
salt metabolism in the human body. Excessive loss of sodium and
potassium can lead to hyponatremia, muscle cramps, and
dehydration. Hydrogen, known as pH, is also an important
physiological index parameter that can be used for other
parameters.

Sensors to detect ions in sweat can be divided into two general
categories: electrochemical and colorimetric. Typically, devices
using colorimetry have smaller structures and better flexibility. In
comparison, electrochemical-based sensors require further
improvement in terms of device flexibility and skin compatibility
but have good performance. The long-term monitoring capability
and signal acquisition capability of electrochemical based sensor
are suitable for longer-term monitoring. For example, Wang
et al”! tested a flexible, self-healable, adhesive and wearable
hydrogel patch for sweat colorimetric detection, and showed the
good conformality of the patch to the skin. They used a cell phone
to analyze the data, which could not provide real-time dynamic
monitoring of sweat.

Electrolytes

The monitoring of ions depends on the construction of ion-
selective membranes; the selectivity and sensitivity of these
membranes are vital parameters when developing sensors.
Common ions detected in sweat are outlined below.

pH. It is generally believed that the pH value of human sweat is
in the range of 4.2-7.8. Although current research has not found
that pH value of sweat alone can reflect the characteristics of
health or disease, pH value is an essential reference. As shown in
Fig. 4a, Yang et al.’? created a flexible and wearable patch
consisting of a charge-coupled device (CCD) pH sensor that can
measure a person’s sweat with high sensitivity. Nyein et al.”®
demonstrated a wearable electrochemical device for continuous
monitoring of ionized calcium and pH of body fluids using
disposable and flexible array sensors that interface with flexible
printed circuit board(FPCB) (Fig. 4b).

Sodium. The most common ion in human sweat, sodium is the
primary indicator for levels of human water and salt metabolism.
Sodium ions can indirectly reflect the sweat rate of the human
body and thus also provide a reference for calibration of sweat
monitoring. Zhai et al.”* used a vertically aligned mushroom-like
gold nanowire to achieve a multiplex in situ analysis of pH, sodium
and potassium in sweat. The device performed well even under a
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Fig. 4 Examples for electrolytes sensing. a A flexible charge-coupled device can be used to create a sensor capable of measuring the pH of
sweat with high sensitivity. Ref. 72, Copyri%ht 2018, Nature Electronics. b A wearable electrochemical device for continuous monitoring of

ionized calcium and pH of body fluid. Ref. 73,

Copyright 2016, ACS Nano. c lllustration of WPIS based on a bracelet that was modified with the

working/indicator electrode (WE) and a reference electrode (RE) to provide a WPIS. Ref. 77, Copyright 2018, Trends in Analytical Chemistry.
d An integrated device to monitor the physiological concentration of two cations, ammonium (NH*") and calcium (Ca?"). Ref. 78, Copyright

2019 Advanced Healthcare Materials.

30% strain during stretch-release cycles. At the same time, it was
possible to wear the sensor for 30 minutes of in-situ wireless
monitoring.

Chlorine. Abnormally high sweat chloride concentration is
observed in cystic fibrosis (CF) patients, and sweat chloride

Published in partnership with Nanjing Tech University

analysis has been adopted as the gold standard for cystic fibrosis
diagnosis’> Wescor-macrodut is a specific product made for
chlorine monitoring.

Potassium. The concentration of potassium in the serum can
predict muscle activity, and is also closely related to hypokalemia

npj Flexible Electronics (2022) 33
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Fig.5 Examples of metabolite sensors. a A real-time noninvasive lactate sensor for human perspiration. Ref. 82, Copyright 2021, Talanta. b An
elastic gold fiber-based three-electrode electrochemical platform that can meet the criteria of wearable textile glucose biosensing. Ref. &,
Copyright 2019, Analytical Chemistry. ¢ Multifunction sensor: ultrasensitive sweat UA and Tyr detection, sweat rate estimation, temperature
sensing and vital-signs monitoring. Ref. 8, Copyright 2020, Nature Biotechnology. d An integrated wireless graphene-based sweat stress
sensing system for dynamic and noninvasive stress hormone analysis. Ref. 8, Copyright 2020, Matter.

and hyperkalemia, regardless of cause. However, the current
mechanism of potassium ion secretion in sweat is still uncertain,
so the final potassium concentration in sweat may be maintained
within the plasma potassium concentration range’®.

Calcium. Calcium can be used to monitor the status of the liver
and bones’’. Sweat and blood concentrations of calcium are
correlated. As shown in Fig. 4c, A sensor for calcium is based on
working electrode and reference electrode output signals, and
three feasible sensing mechanisms are known, two of which (a
and b in Fig. 4c) correspond to all-solid-state potentiometric
sensors, using conductive polymers with high redox capacitance.
In the third mechanism (c in Fig. 4c), nanomaterials for double-
layer capacitance measure the response mechanism of reference
electrode (RE) based on Ag/AgCl layer and polymer reference film.
Keene et al.”® reported on ion-selective organic electrochemical
transistor (IS-OECT) devices that can monitor the physiological
concentration of two cations, ammonium and calcium. As seen in
Fig. 4d, the device is small and convenient, has good stability, and
also exhibits well characteristics when compared to standard
monitoring methods.
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Metabolites

The metabolites in sweat are represented by lactic acid and
glucose. Unlike ions, these metabolites need to be precisely
monitored using enzymes. The specificity of enzymes allows the
monitoring of metabolites in sweat to have higher precision,
accuracy, and speed. Still, due to the limitations of enzyme
activity, the life of the enzyme sensor will be lower than that of the
ion-selective sensor. Figure 5 summarizes examples of sensors
used for metabolite sensing.

Lactate. Lactate is a minor molecular metabolite produced by
the body during anaerobic exercise, including high-intensity
exercise and metabolism in critically ill patients. Lactic acid is also
used to maintain the Purine Nucleotide Cycle (PNC) and the
Tricarboxylic Acid Cycle (TCA cycle). These two processes provide
energy in a hypoxic environment. However, the secretion
mechanism of lactic acid into sweat is complex and still unclear”®.
Nonetheless, sweat lactic acid can indirectly reflect the physical
state of exercise. Compared with the activity of the whole body,
sweat lactic acid may have a more direct relationship with the
activity of the sweat glands themselves. At present, research

Published in partnership with Nanjing Tech University



teams are exploring the relationship between sweat lactic acid
and blood lactic acid after exercise®®®'. The concentration range
of lactic acid in sweat ranges from ~6 mM to ~100 mM. Wang
et al®2 described a textile lactate biosensor. As shown in Fig. 5a,
gold fibers are used to fabricate lactate-sensing working electro-
des, reference electrodes and counter electrodes and then further
weaved into textiles in a standard three-electrode system with a
planar layout.

Glucose. Continuous monitoring of blood glucose levels is
necessary for diagnosis and treatment of diabetes. A correlation
between sweat glucose and blood glucose exists and obtaining
blood glucose values by detecting glucose in sweat is thus
expected to replace conventional diabetes blood glucose
monitoring practices®®®* Zhao et al®> created an elastic gold
fiber-based three-electrode electrochemical platform that meets
the criteria for wearable textile glucose biosensing. Figure 5b
shows the gold fiber that can be functionalized with Prussian blue
and glucose oxidase to obtain a working electrode and modified
by Ag/AgCl to serve as the reference electrode. The nonmodified
gold fiber can serve as the counter electrode. The device has
stable performance even when the stretch rate reaches 200%.

Uric acid (UA). UAis a risk factor for cardiovascular disease, type 2
diabetes, and renal disease; it is also widely used in clinical
settings to manage gout, the most common inflammatory
arthritis, which affects tens of millions of people worldwide. Yang
et al® described a laser-engraved wearable sensor that can
rapidly and accurately detect UA and tyro-sine (Tyr) in human
sweat in situ. As shown in Fig. 5¢, on the graphene substrate, they
not only arranged UA and Tyr sensing units, but also included
auxiliary signal sensors, such as temperature and sweat rate.

Cortisol. Cortisol is a hormone related to human stress released
by hypothalamic-pituitary-adrenal axons®’. There are two types of
cortisol bound to carrier protein: free cortisol and cortisol. Free
cortisol can diffuse through the cell membrane through passive
transport. The concentration of cortisol in sweat ranges from
221 x 107> to 3.86 x 10*mM, with the largest concentration
typically occurring in the morning. In comparison, the cortisol
concentration in the blood is generally 1.24 x 10* to 4.0 x 10*
mMB8, This difference may be related to the type Il 11-
B-hydroxysteroid-dehydrogenase (HSD) in the sweat ducts that
converts cortisol into corticosterone. As shown in Fig. 5d, Torrente-
Rodriguez et al®® proposed a highly sensitive, selective and
miniaturized mHealth device, based on a laser-enabled flexible
graphene sensor, to monitor levels of stress hormones non-
invasively; they also discuss the relationship between cortisol and
circadian rhythms and stress response.

Xenobiotics

Drug. Drug analysis is another primary function of sweat analysis.
It is commonly implemented for doping control, drug abuse
testing, forensic investigation, clinical therapeutics, and digital
health monitoring. Sources of biological specimens for drug
analysis include urine, saliva, hair, sweat, and exhaled breath. Tai
et al®® present a wearable sweatband that can detect the
concentration of caffeine in sweat. They selected caffeine as an
example methylxanthine drug that can lead to health problems
such as coronary syndromes, hypertension and depression.

Alcohol. Human alcohol metabolism has been thoroughly
studied. Alcohol is a commonly abused substance and assessing
blood alcohol level is key for detecting individuals who cannot
safely drive or for monitoring those with alcoholism. Studies have
shown a high correlation between the concentrations of alcohol in
sweat and blood, which enables continuous noninvasive blood
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alcohol monitoring to be achieved by monitoring sweat alcohol
concentration®'?2,

Heavy metals ion. Heavy metal ions are not ordinary human
sweat metabolites, but the primary way to metabolize heavy
metal ions is through sweat. Therefore, in the face of possible
heavy metal ion poisoning, a wearable sweat sensor to monitor
levels can provide an effective diagnostic tool.

Multichannel sweat composition analysis has become a
relatively mature technology, but the perceptual parameters
required differ according to the specific health monitoring task.
For example, the target of diabetes monitoring could be glucose
and the exercise-related targets could be lactic acid, sodium and
potassium ions. Deciding on the appropriate parameter to
monitor, however, depends on the medical data to provide
sufficient theoretical analysis to not only identify the parameter,
but also to provide quantitative data regarding normal levels.
Unfortunately, medical knowledge may not be able to provide
such information. Another possibility is to use portable, fully
integrated wearable sweat sensors to monitor the human body,
and then use data analysis to judge the correlation between sweat
components and health goals. The challenges with this are that
the targets that can be monitored are limited and screening
accuracy with wearable sensors is unlikely to match that required
of special medical devices. Therefore, in the case of insufficient
monitoring accuracy, wearable sensors can still only provide rough
trend information of health targets.

Sustainable energy supply system

For wearable sensors, long-term continuous monitoring is
required to obtain sufficient data to accurately measure human
health. Therefore, energy supply for the sensor is vital. Long-term
monitoring requires the establishment of a complete data
perception, storage, and calculation systems, all of which require
energy. The most straightforward energy source is additional
functional components, such as button batteries or small lithium
batteries. However, traditional batteries are not light and thin
enough to meet the needs of flexible wearables. Existing
technologies include battery-less systems such as near-field
communication (NFC) devices®*°* and flexible battery devices,
such as supercapacitor flexible batteries?®®> and self-powered
devices>%%,

A battery-free system is a simpler and more stable structure
with a lower cost. NFC devices have performed well in studies®>°4,
because the passive data transmission mode fits well with the
needs of battery-free systems. However, this acquisition mode
cannot achieve continuous data monitoring. In addition, com-
pared with other communication methods, such as Bluetooth and
WiFi, its short interaction distance is limiting. Therefore, it is
difficult for a battery-free system to meet the needs of continuous
monitoring for an extended period.

Flexible batteries are currently the best technical option for
traditional sensors. Intrinsically flexible batteries still have certain
technical difficulties, but structurally flexible batteries realized by
island structures are relatively easy to implement. Liu®’ reviewed
the recent development of flexible and stretchable lithium(Li)-ion
batteries and supercapacitors. Li-ion batteries have high energy
density, high power density and a long life cycle. Breakthroughs in
flexibility, stretchability, long-term stability and microscale energy
harvesting have been achieved through research on different
materials, joint design, fabrication methods and integrated
assembly. Wang et al.®® proposed an environmentally friendly
and degradable biofuel cell that cleverly uses the kirigami process
to design the device structure. It has good electrochemical
performance and mechanical flexibility without sacrificing capa-
city, providing different application possibilities for wearable
devices. Peng et al.?° proposed woven lithium-ion fiber batteries,
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which can be prepared in large quantities and have good stability.
These batteries have a capacity retention that reaches 90.5% after
500 charge-discharge cycles, comparable to commercial batteries
such as pouch cells. Over 80% capacity was maintained after
bending the fiber for 100,000 cycles.

Given the changing nature of batteries, some researchers prefer
to find solutions without batteries. The most popular direction is a
self-supplied energy system associated with environmental
factors. By collecting energy from the environment, the sensor
becomes self-sufficient. With proper design, self-powered flexible
sensors can meet the long-term monitoring goals of most
applications. The correlation between the production of sweat
and environmental factors makes it especially feasible to match
the self-supply of the environment. Figure 6 shows several energy
sources and their corresponding self-powered device design.

Some researchers use biofuel cells to power the sensor
system'%9-193 The commonly used battery type is a lactic acid
fuel cell, and lactic acid in sweat can meet the needs of low-power
sensors. Wearable biofuel cells (w-BFCs) generate green electricity
from energy-dense carbon-neutral fuels via highly efficient
bioelectrochemical reactions, delivering good biocompatibility,
remarkable environmental sustainability, and exceptional capacity
for miniaturization'®*. Therefore, biofuel cells are one of the most
suitable components of self-powered sweat sensors. Sweat
contains a variety of small molecular organic substances, such as
lactate and glucose, and these substances can be used as energy
sources for biofuel cells. A major advantage of the biofuel cell is
that it can use the very substances the sensor is detecting,
reducing the system’s complexity and ensuring its stability.

Active development of flexible self-supply systems has provided
more options for powering flexible sweat sensor. Wearable self-
power generation devices include triboelectric nanogenerators
(TENG), piezoelectric nanogenerators (PENG) and wearable
thermoelectric generators (WTEG)'%. Typically, sweat production
is accompanied by higher exercise intensity or ambient
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temperature, providing an energy source for various wearable
self-powered devices that can, in turn be used for sweat sensor
monitoring.

Xia et al.’% reviewed the application of TENG in the biomedical
field, noting that TENG has become the power source for many
commercialized medical sensors. TENG devices reported in the
literature can supply energy for up to 72 h. While existing self-
powered systems can meet the energy requirements of the body
surface sensor, research on design is required to achieve a stable
supply of energy. Yang et al.'® reviewed the progress of
combining textiles with TENG. For textile wearable TENG, lifespan
is evaluated in terms of factors such as washability and
stretchability. As long as the structure was not damaged, its
long-term stability was satisfactory. However, most of the energy
sources for TENG fabrics are low-frequency human motion and
transformation of the motion to energy for a sensor remains to be
studied. Tang et al."® reviewed the development of paper-based
TENGs. Paper is cost effective, flexible, lightweight and biocom-
patible, making it a promising substrate that can serve as an uesful
frame and a suitable material for integrated energy converting
devices. Unfortunately, current paper-based self-powered sensors
still face many problems, including limited mechanical stability,
moisture resistance and lifespan. Further development and
research are needed. Fischer et al.'® demonstrated a self-
powered paper-based biosensor for glucose monitoring. Their
device operating mechanism is based on a glucose/oxygen
enzymatic fuel cell. Its advantage lies in its low cost and strong
portability.

TENG is also one of the most popular devices in use for self-
powered wearable systems. Because its energy supply requires
mechanical movement, the relationship between exercise and
sweat in human health monitoring makes it a good alternative.
Textile TENG is used for monitoring sweat by changing the
triboelectric characteristics. Jao et al."'® develop a textile-based
TENG to harvest biomechanical energy from human motion and

Published in partnership with Nanjing Tech University



Sweat
o Collecting
Layer

'\\,\ ® Glucose Biosensor

Personalized

P. Yang et al.

( Data preprocessing J

Labeling, Filtering, Segmentation,

II ! I !
1 ! | !
1 ! | !
1 ! 1 !
1 ! I !
1 ! 1 !
1 ! | !
I \ Calibration : . 1 Feature Extraction, Features Election !
N g e | Signal :
| Sweat 1 | 1
| Response 1 \ ]
1 1
i : Wi-Fi NFC i . :
| . : ML algorithms .
1 — : Bluetooth | :
1 S v 5 }
0 @ 1 . g . . |
i ol A ! ; Logistic Regression, Naive Bayes, !
: P : wg | | Decision Tree, Nearest Neighbor, [
) I |
! 100 : : 1 . : .
1og P ; “3 ! ! Random Forest, Discriminant !
! e : : - 120 1 . .
1§ P L i LE | ! Analysis, Support Vector Machine :
: ” Day 1 N “*\/ e [C : Feedback : :
1 B2 - ! 1 !
| 70 : 1 I .
(- A T ! [ Healthcare models ] |
E 7 N\ 2.8 i
: o Y \ - : Warning : . . . . :
B Ny \ 4§ | Suggestion ! Chronic Disease Monitoring, !
! ey 1 * - oz 20| ! Diagnosis, Disease Screening, :
; S B L BB A 2 ; Treatment Recommendations

[ Signal monitoring ]

[ Data processing ]

Fig. 7 Application of machine learning in artificial intelligence (Al) biosensors. a Touch-based fingertip sweat sensor with an algorithm that
can provide personal blood glucose. Ref. '3, Copyright 2021, American Chemical Society. b Correlation of data acquired from biofuel
cell-based glucose and lactate sweat sensors with that acquired from blood glucose and lactate meters. Ref. ''* Copyright 2019, Science

Advances.

biofluids. Their TENG can be further developed into various kinds
of self-powered healthcare sensors for humidity, sweat, and gait
phase detection. Although the potential has been verified, more
specific selectivity and stability research is required for further
exploration. Wang et al.""" demonstrate a scalable-manufactured
fabrication of magnetoelectrical clothing generator that enables
power generation through arm-swinging movement. The nature
of using electromagnetic energy still requires motion, but this
innovative idea expands the potential of self-powered devices.
In summary, the use of biofuel cells as a self-powered
technology for sweat sensing has been studied and needs to
now be tested in the context of applied use. Self-powered devices
such as TENG, PENG, and WTEG all show potential in the field of
sweat sensors. The use of environmental energy, such as solar or
wind energy, is another direction that should be explored. It is
worth noting that a hybrid energy supply could further enhance
the stability of energy supply''?. The coordination of multiple
energy supply systems can cover a broader range of sensor device
usage requirements and avoid the limitations of a single self-
supply system. However, this also brings about challenges in
terms of energy management and the complexity of structure.

Intelligent monitoring and prediction analysis

The goal of using wearable sensors is to obtain data to monitor
human health. However, due to current technology and data
limitations, it is still difficult to directly obtain critical parameters
that affect the state of the human body. Most researchers
currently study simple heart rate, electrocardiograms, blood
oxygen levels, and other simple parameters. The human body is
a complex system and a variety of monitorable data is required to
establish a comprehensive model of its health.

Published in partnership with Nanjing Tech University

Artificial intelligence (Al) can be integrated into wearable
sensors to improve the applied performance of wearable sensors
for health monitoring. The Al biosensor is a rapidly growing area
of research. This system contains three main elements: informa-
tion collection, signal conversion and Al-data processing®?. At
present, there is no clear relationship between sweat signals and
human health parameters; yet many scholars have studied the
relationship between sweat sugar and blood sugar. Therefore, it
may be possible to use machine learning to calculate and build
their relationship model to obtain interpretable results.

Figure 7 shows the information exchange between signal
monitoring and data processing''>''4. The sensors acquire signals
and send them to the analysis platform. Data processing has three
components: data preprocessing, machine learning algorithms
and healthcare models. Data preprocessing refers to the
reorganization of complex data into a standardized dataset for
analysis. Machine learning establishes the relationship between
health characteristics and monitored signals. More specifically, this
component can be divided into several stages''>. The raw data
may include various measured sweat parameters, temperature,
heart rate, blood oxygen, blood pressure, and other basic signals.
After preprocessing, such as labeling, filtering, segmentation,
feature extraction and features selection, key characteristic
parameters are retained, and then basic signals and complex
health state models can be established by classification. The third
component of data processing, healthcare models, is the output
from this machine learning model that can provide interpretable
results in the medical field.

Existing machine learning algorithms have been used to
analyze human physical signals, such as electrocardiogram and
heart rate analysis. For example, Quan et al.''® used contact lenses
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to monitor the glucose content in the tears of diabetics,
performed data processing and then combined it with historical
data to analyze and predict blood glucose changes (algorithms).
When future low glucose levels are predicted, patients are
reminded to take interventions (healthcare models).

Machine learning (ML) is defined by computational algorithms
designed to extract the required information from data through
different probabilistic learning paradigms''’. Traditionally, medical
research aims to combine ML algorithms with clinical data (for
example, age, gender, physical examination results, symptoms,
vital signs, laboratory values, imaging variables, test result values)
to predict clinical outcomes or find predictive variables for the
relationship between data and clinical outcomes. Although
wearable device data can be integrated with broader patient
data sets to provide additional background information about the
patient, raw sensor data can also be used as direct input to ML
algorithms to predict clinical outcomes (e.g., physiological or
pathophysiological states) or to extract meaningful data features.
The general difference between ML algorithms for each of these
purposes is based on the type of training data used (labeled or
unlabeled) and whether the goal is to predict specific results or
learn patterns from the data. These scenarios include supervised
(e.g., logistic regression''®'1°, naive Bayes'?%'?', decision tree,
nearest neighbor'?%'22, random forest'%3, discriminant analysis,
support vector machine (SVM)'2%124 neural network), unsuper-
vised (e.g., clustering algorithm'?>'2% principal components
analysis''®1%7) or semi-supervised learning paradigms'?®. A third
class of ML algorithms includes those that perform integrated
goals; these are algorithms that weigh multiple individual
classifiers and combine them to obtain a classifier that is superior
to the individual starting classifiers (e.g., naive Bayesian optimal
classifier, guided aggregation or bagging, boosting, Bayesian
model/parameter averaging, model buckets, stacking)'?°.

The analysis of blood glucose is a relatively mature applied
model, for which physiological model-based algorithms and data-
driven algorithms are used. The physiological model of the human
body depends on many factors (e.g., gender, age, weight, meals,
external environment). In the classic biological model, glucose,
insulin, and glucagon must be considered comprehensively. At the
same time, change in blood sugar levels has a certain degree of
hysteresis, and the change of glucose in sweat depends on, and
lags behind, the blood sugar, making it difficult to establish the
model. The complexity of the human body further makes the
modeling accuracy insufficient. In recent years, data-driven
algorithms have been increasingly applied to various model
predictions and this can build models even in the case of complex
and unknown relationships of information that are more inline
with reality.

DISCUSSION

Wearable sweat sensors are widely used in healthcare for
monitoring and diagnostic purposes. This article focuses on the
development of long-term sweat sensors and reviews recent
research on sweat collection, sensor energy supply, and data
analysis. Different technologies proposed to achieve longer-term,
on-site, real-time monitoring and to improve the integrity and
practicability of the sensors are reviewed.

Regarding sweat collection, a shift has occurred from extensive
uncontrolled collection to more precise and controlled collection.
However, problems of low collection efficiency and poor results
still exist. Contamination on the skin surface is a key challenge
affecting the accuracy of the device. In addition, specific
differences occur in the composition of sweat obtained by
different methods used to stimulate perspiration; exploring and
identifying these differences is a key area for future research.

Specifically, attention is needed regarding materials used for
sweat collection. Traditional microfluidic technology remains a
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major contender for sweat collection but faces the problem of
processing efficiency. The rise of 3D printing may be a solution to
this problem. In addition, paper bases and fabrics show
considerable application potential. They have high hydrophilicity,
a natural advantage for sweat collection, but control remains a
problem. In summary, the key lies in the comprehensive
consideration of material properties and structural characteristics
to design devices that can meet long-term sweat collection and
control.

Regarding self-supplied energy for sensors, sweat is a biological
fluid with an abundance of small molecules that make it a
potential choice for biofuel cells. Both lactic acid and glucose have
been demonstrated as potential fuels for the self-powered sensor.
At the same time, TENG, which has received much attention
recently, has also shown its potential in sweat sensing and
monitoring. In addition, because sweat production is strongly
coupled to movement and temperature, PENG (piezoelectric
nanogenerators) and WTNG (wearable thermoelectric generators)
are energy supplies that should be further explored. Current
wearable self-powered devices have good compatibility with
wearable sweat sensors. Various self-powered technologies
provide more possibilities for long-term continuous monitoring
of wearable sweat sensors. However, the problem is not only the
energy supply of the device itself but also that a single energy
supply element cannot meet the demands faced with scenarios
that require data transmission. This suggests that hybrid energy
supply components and optimized energy management systems
are worthy of attention.

Finally, Al biosensors are a promising research direction. The
current analysis of sweat data is limited to visual presentation or
simple statistical analysis. While limitations remain in the accuracy
of existing sensors, obtaining data is only one component of the
original intention of sweat sensing and health monitoring.
Thoroughly characterizing the relationship between sweat com-
position and health is the ultimate desired result. Careful
consideration must be given to the risk with intelligent monitoring
of personal privacy being maintained, especially with noninvasive
sweat analysis, which increases the chance of personal informa-
tion theft. Convenient personal information monitoring is worth
looking forward to, but standard ethics and data security are also
worthy of attention.

As a summary, the sweat sensor is a potential type of wearable
sensor placed on the body surface that can detect human health
under non-invasive conditions. This paper summarizes and
explores the factors affecting long-term stability in various stages
of sweat sensor application. First, for the collection method of
sweat, the application of hydrophilic and hydrophobic structures
and materials is reviewed. Next, the abundant ions, small
molecules and other substances in sweat were reviewed. In
addition, the energy supply needs of the sensor system is
emphasized and the application prospects of self-powered
sensors are discussed. Finally, research progress in combining
machine learning techniques and sweat sensing are highlighted.
The advantages and disadvantages of various technologies are
considered, and future research directions are proposed.
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