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f sweat-based circadian diagnostic
capability of SLOCK using electrochemical
detection modalities†
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SLOCK is a sweat-based circadian diagnostic platform used for mapping the user's chronobiology via

cortisol and DHEA. In this work, we have demonstrated the detection capabilities of this sweat-based

sensing platform using two electrochemical sensing modalities: Electrochemical Impedance

Spectroscopy (EIS) and chronoamperometry. Wicking simulations for vertical versus horizontal flow

patterns under potential bias were evaluated using COMSOL Multiphysics®. This work also highlights the

biorecognition element characterization using Surface Plasmon Resonance (SPR) and FTIR. Sensor

platform was evaluated for biomarker concentrations using doses spanning physiological ranges of 8–

141 ng ml�1 and 2–131 ng ml�1 for cortisol and DHEA, respectively. Detailed analysis of impedance data

is supported with electrochemical fitting of circuit components related to the biosensing process. Finally,

human subject-based studies have been performed to understand the effect of sweating rate with

respect to gland density on biosensing. Also, on-body mechanical resiliency studies have been

performed to highlight the flexibility of this serpentine electrode-based sensing platform. The platform

responds sensitively to the amount of circadian relevant biomarkers in the system with a limit of

detection of 0.1 ng ml�1 for both cortisol and DHEA. Thus, the SLOCK platform offers to be an attractive

vessel for facilitating the electrochemical detection of circadian relevant biomarkers and for self-

monitoring of user's chronobiology.
1. Introduction

Sweat based biosensing offers a multifaceted approach towards
revolutionizing healthcare. It provides improvements in diag-
nosis, self-management of chronic conditions, and early diag-
nosis or treatment of lifestyle disorders. Sweat hosts a panel of
biomolecules like electrolytes, proteins, steroids, and nucleic
acids, which holds powerful potential for detection of
a diseased state in the body in a non-invasive manner. Blood
offers to be the gold standard for quantication of biomarkers
as it provides a direct assessment of the physiological concen-
trations at the source of production. However, it does have
signicant impediments when it comes to point of care moni-
toring, examples include being invasive or having a complex
biochemical composition.1 Unlike blood, non-invasive biouids
are convenient samples for quantication of biomarkers. Bio-
uids like sweat, tears, saliva, and interstitial uid (ISF) are
some of these targets. Kim et al. report that these biouids offer
easy accessibility without affecting or damaging the epidermal
integrity, reduce chances of infections, and offer to be user
Texas at Dallas, Richardson, TX-75080,

tion (ESI) available. See DOI:
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friendly.2 Out of the options for non-invasive biouids, sweat is
the front runner for offering diagnostic capabilities as point of
care and point of need devices. Sweat based sensing offers to be
an attractive solution for real time, minute by minute sensing
for monitoring disease progression. Some of the features of this
type of non-invasive sensing include ease of sample collection
(especially for passive sampling) and having relatively simple
biochemical composition, which makes it less susceptible for
biomarkers to be degraded in sweat as compared to saliva and
ISF. The biomarkers originate in either blood or ISF and are
ltered through capillaries into the epidermal matrix.
Biomarkers have two main entry points while ltering from
blood/ISF to sweat, rst the transcellular pathway i.e. through
the cells via the lipid bilayer and second, the paracellular
pathway i.e. in between the cells via the tight junctions. This is
one of the reasons for the low biomarker concentration in sweat
when compared to blood.3 Few biomarkers that are of prime
importance to the work presented here are adrenal steroids like
cortisol and DHEA. These circadian relevant biomarkers are
lipid based and are transported transcellularly into the sweat
gland coil. This transport makes sure that the concentrations
are not further diluted and enables easy detection via secreted
sweat.

Optimizing the sampling of sweat for detection has signi-
cant importance while designing sweat-based detection
© 2021 The Author(s). Published by the Royal Society of Chemistry
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technologies. Sweat composition is highly correlated with the
position and type of production (eccrine versus apocrine), this in
turn affects the accuracy and reliability of detection. Traditional
sampling methods involve sampling the sweat separately and
then using it for detection, which cannot satisfy the needs of
real time in situ monitoring.4 There are several issues such as
sample evaporation, degradation, and contamination. Themost
common traditional method of sampling sweat are sweat
patches. These patches are porous, hydrophilic and are
attached to the skin surface using an adhesive layer. They are
convenient, light weight, exible, economical and do not
require specialized lab equipment or skilled personnel while
performing the collection. However, the surface of these
patches are prone to contamination from outer skin surface,
susceptible to high volume loss,5 and prone to hydromeiosis
effect that might reduce the amount of sweat collected.6 Mac-
roducts are another widely used sampling devices for
commercial collection of sweat and performing analyte detec-
tion. Typically, macroducts require stimulation of sweat via
a process known as iontophoresis. During iontophoresis,
a sweat stimulating cholinergic drug i.e. pilocarpine is applied
to the skin surface and a small current (1.5 mA) is passed
through the epidermis for a period of 5–7 minutes. Following
this, a microuidic collector is applied and the sweat in the
coiled tubes of the collector is extracted for analysis.7 This
technique is FDA approved and is commercially used for the
diagnosis of cystic brosis. When compared to the patch
method of collection, they solve the problem by avoiding
sample loss, evaporation and potential hydromeiosis. They do
provide the ability to perform dynamic detection of biomarkers
to an extent. However, due to the stimulation required to
generate a sample, it might degrade the structure of target
molecule during sample collection and affect the stratum cor-
neum layer of epidermis. This might also affect subsequent
sampling from that region and create local inammation.
Moreover, they create local irritation at the site of collection and
might create false spikes in biomarker, especially for
biomarkers concerned with stress and anxiety in the body. Also,
the procedure is tedious, requires a trained professional, and
gives insufficient volumes for multiple analyses. Generally,
sampling sweat traditionally has a delay between sampling and
detection which leads to loss of crucial real time data while
performing time sensitive monitoring of sweat components.8 A
solution to this is integrating sampling with detection which is
addressed in this work by incorporating a passive sweat based
detection platform. Passive sampling has signicant advantages
like the ability to work with low sample volumes, reduced
susceptibility of sample degradation, and easy sample collec-
tion. This work presents an extensive analysis of sweat gland
density-based rate of sweat secretion and optimal sensor
placement to provide maximum passive sweat sample collec-
tion. This paper also evaluates the effect of ow direction on
transport with respect to the pore distribution of the employed
nanoporous membrane to optimize for wicking.

As discussed earlier, the process of ltration of biomarkers
from blood to sweat is responsible for dilution of the biomarker
amount secreted via sweat. This poses a challenge for
© 2021 The Author(s). Published by the Royal Society of Chemistry
biomarker quantication during passive sampling.1 This work
addresses the challenge by incorporating electrochemical
detection modalities to amplify the sensing response and
provide enhanced sensitivity with lower detection limits. Elec-
trochemical detection offers the advantage of performing rapid
and label-free detection. This makes them ideal detection
modalities for designing point-of-need self-monitoring plat-
forms. Electrochemical Impedance Spectroscopy (EIS) is
a powerful tool for developing label free assays for molecular
diagnostics and disease monitoring applications. Furthermore,
electrochemical sensors increase the robustness and facilitate
integration with portable electronics.2 Also, transition to exible
porous substrates, like the one presented in this work, increases
the mechanical resiliency for prolonged on-body sensing.9 The
nanoporous membrane also performs effective entrapment of
target biomarker and provides enhanced interaction with the
biorecognition element. Thus, increasing overall sensitivity of
the platform.10

The work presents a comprehensive characterization of the
SLOCK platform and demonstrates the circadian diagnostic
capabilities using EIS and chronoamperometry. This work
builds on the previously published work on the SLOCK plat-
form.11,12 In this work, we provide additional in-depth charac-
terization of the electrochemical sensing capabilities of this
biosensor and evaluate its feasibility as a wearable self-
monitoring platform, which is distinct from the previously
published work. This work offers a detailed combination of
benchtop study and on-body study to understand the sensitivity
of SLOCK for detecting cortisol and DHEA in human sweat. This
work also uses Surface Plasmon Resonance (SPR) and Fourier
Transform Infrared Spectroscopy (FTIR) to characterize the
biorecognition element and the binding phenomena associ-
ated. Previously, the SLOCK platform was characterized using
benchtop mechanical bending studies.12 In this work, we eval-
uate the effect of on-body, wearable form factor generated
mechanical oscillations on the sensor response in order to test
the mechanical resiliency of this serpentine-electrode based
platform. Analysis using two different electrochemical tech-
niques sets the stage for incorporating this platform with
portable electronics towards wearable biosensing. Additionally,
the sweat rate and gland density characterization explores the
location-based sampling efficiency for this passive-sweating
based sensor. Finally, a circuit model based electrochemical
tting analysis of the response is provided for an in-depth
understanding of the biomarker concentration dependent
sensitivity of this circadian monitoring platform.

2. Results and discussion
2.1. Sensor surface characterization

Scanning electron micrograph of the nanoporous membrane is
depicted in Fig. 1a. This highlights the porous network of the
polyamide bers used to wick sweat on to the electrode surface.
Fig. 1b is the processed binary image for understanding the
effective pore-strand ratio for estimation of porosity and
computing the wicking pattern. Based on the protocol
described by Feng et al.13 the image processing protocol involves
RSC Adv., 2021, 11, 7750–7765 | 7751



Fig. 1 Sensor characterization: (a) scanning electron micrograph of nanoporous polyamide membrane; (b) processed binary image of nano-
porous PA membrane, highlighting the porosity (ImageJ); (c) schematic for functionalization and immunoassay for sensing platform; (d)
impedance based baseline characterization of functionalization of sensor surface (partially created with BioRender.com).
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cropping the image, adjusting the pixel intensity, ltering using
an averaging lter to smoothen out the image, followed by
a binary conversion. This processing offers an enhanced view of
the SEM micrograph and is able to extract the ber versus pore
density. This pore density characterization was performed with
the aid of ImageJ soware. This rough estimate of pore density,
which was calculated to be 0.8 (80%), was used as an input for
the COMSOL simulations that were carried out to further map
the wicking proles.

The process of functionalization of the bio-recognition
element i.e. capture probe is highlighted in Fig. 1c. The prin-
ciple of detection for this work is based on affinity between the
target biomarker and the antibody (capture probe). In this
process, gold–thiol chemical affinity is exploited to immobilize
the capture probe on the electrode surface. This capture probe
is an IgG antibody specic for the target biomarker of interest.
Once the surface of the gold electrode has been functionalized,
the platform is tested using the samples which are spiked with
target biomarkers, cortisol and DHEA. In this work, the SLOCK
platform functionalization was further characterized using EIS,
as illustrated in Fig. 1d. The Zmod response over the different
assay steps for functionalization was recorded. From the gure,
it can be observed from the raw impedance values that there is
a signicant change in Zmod, going from bare gold to DTSSP
immobilization with a p value < 0.05. DTSSP is the water-soluble
7752 | RSC Adv., 2021, 11, 7750–7765
form of the thiol linker used to immobilize the antibody.
Following the immobilization of the thiol linker, the antibody
was incubated on the surface. This is conrmed by the drop in
impedance response going from DTSSP to antibody. Following
this PBS wash and synthetic sweat wash was applied to the
surface to remove the unbound or physisorbed molecules
present on the surface. For the steps following the DTSSP step,
no signicant change was observed in the impedance, p > 0.05.
This highlights the stability of the functionalized platform and
that it can be further used for testing using target biomarkers.
2.2. Wicking simulations using COMSOL Multiphysics

Understanding the wicking patterns of the substrate used for
sweat-based applications is important to the design process for
wearable circadian diagnostics. Substrates with nanoporosity
offer signicant advantages for improving sensing perfor-
mance. They offer signal enhancement by processes like size-
based exclusion, nanoconnement, and macromolecular
crowding.14 This work uses nite element analysis for under-
standing the effect of ow directionality in the presence of an
electrical eld. The circadian sensing platform uses electro-
chemical detection modality to detect the target biomarker,
cortisol or DHEA in a sweat sample. Being aqueous in nature,
the sweat sample rapidly wicks through the sensing area of the
electrode on the hydrophilic surface of the nanoporous
© 2021 The Author(s). Published by the Royal Society of Chemistry
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membrane. The process of transport across the surface of this
membrane is driven by capillary transport or capillary imbibi-
tion. The relationship of the ow in the nanopores is akin to the
ow in hollow tubes.15 The Lucas–Washburn law best describes
the relationship between the liquid front distance and diffusive
coefficient for transport in porous media. The ‘transport of
dilute species in porous media (tds)’ module in COMSOL was
used to understand the transport by applying these laws.
Transport of a concentrated species going from 0 to 1 mol m�3

was evaluated over the period of 0 to 100 s. This is presented in
Fig. 2. Horizontal ow has been presented in Fig. 2a and b. The
Fig. 2 COMSOL Multiphysics simulations: horizontal wicking simulation
period¼ 0 second, (b) time period: 100 seconds; vertical wicking simulati
(d) time period: 100 seconds.

© 2021 The Author(s). Published by the Royal Society of Chemistry
electrode geometry was imported via the CAD import module
and the polyamide nanoporous properties and porosity calcu-
lated from Fig. 1b were used as inputs for the substrate. The
schematic of the applied potential is presented in the ESI as
Fig. S1.† The working electrode is set at 10 mV against the
reference electrode. The black streamlined horizontal lines
highlight the direction of ow of the concentrated species. The
color-coded bar on the right side of the graphs indicates the
concentration of the species. As observed from Fig. 2b, the
surface concentration is highest near the electrode specic area
of the sensor. Similarly, Fig. 2c and d demonstrate the vertical
for transport of species from 0 to 1 mol m�3 concentration (a) time
ons for transport of charged species for (c) time period¼ 0 second and

RSC Adv., 2021, 11, 7750–7765 | 7753
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ow prole of the concentrated species under biased electrode
conditions. For the time frame between 0 to 100 seconds, it can
be observed that the concentration prole spreads linearly from
top to the bottom of the graph, with maximum concentration
close to the ow origin region of the sensing surface. From
these simulations, it can be inferred that for the wicking
transport, horizontal wicking is faster than vertical wicking
transport, especially in the presence of electrochemically biased
electrode conditions. For the process of detection, the immo-
bilization process is specic to the electrode area, which is
called the sensing region. The sweat sample is loaded on to the
working area of the sensing surface and the change in response
to the binding of target biomarker to the immobilized capture
probe is recorded against the reference electrode. These simu-
lations highlight the optimal patterns of uid loading on the
sensor surface to ensure maximum surface reactivity is
captured. Rapid lateral wicking also ensures that the sensor can
work with ultra-low volumes of uid. The current system works
with volumes of 10 ml, which can easily be collected by passive
sampling. The directionality of wicking also gives an idea about
the positionality of electrodes before fabrication to ensure rapid
wicking of sample takes place. Passive sampling of sweat
ensures that there is no artifact of stress due to sampling
observed in the biomarker levels, especially for cortisol. These
biomarkers are susceptible to undergo a ‘false’ rise as they are
associated with the homeostasis pathway aer the body is
exposed to stress. With passive sampling strategy, the subject
does not have to take additional efforts towards generating
a sample that might be a stressful task in some cases. Also, this
highlights the advantage of passive sweat based sensing over
traditional gold standard methods like blood tests, as there is
no need for pricking the skin surface or even the need of skilled
professionals to perform the task of sample procurement.
2.3. Sensor binding chemistry characterization

2.3.1. Binding characterization using surface plasmon
resonance (SPR). Surface plasmon resonance (SPR) is an optical
technique used for the real time analysis of biochemical inter-
actions with high sensitivity. The main sensing system of the
instrument has a combination of a sensor, microuidic chan-
nels, and a transducer. The transducer outputs the refractive
index related signal based on the input received from the
immobilized surface chemistry on the sensor surface. The bio-
recognition element in the SLOCK biosensing platform is a key
component of the detection system. This element contributes to
the specicity part of the biosensor. Generally, the bio-
recognition element can be either enzymes, antibodies, apa-
tamers or proteins. The SLOCK platform employs an IgG
antibody as the biorecognition element that is highly specic
for the target circadian relevant biomarker. Previously the
binding chemistry was characterized using Fourier transform
infrared spectroscopy (FTIR) for immobilization on gold
sensing surface using a thiol chemistry.16,17 The structure of
a typical antibody is presented in the ESI Fig. S2.† The process
of immobilization on the sensor surface is that the Fc region of
the antibody anchors onto the gold surface, exposing the
7754 | RSC Adv., 2021, 11, 7750–7765
antigen binding site upwards for offering binding sites for
biomarker detection. Thus, it is imperative to characterize the
Fc region of the capture probe to make sure the detection is
functioning with maximum sensitivity. A schematic of the
process of detection has been presented in Fig. 3a. Detailed
assay protocol has been presented in the materials Section 3.4.
The process utilizes carboxyl sensors and the protein A immo-
bilization chemistry for characterization of the antibody
binding. Fig. 3b corresponds to the optical signal obtained from
the assay for each of the steps displayed in the schematic above.
The sensor surface was initially cleaned using a 10 mM HCl
solution. The depression in the signal at the HCl step in Fig. 3b
highlights the surface cleaning process. Following the surface
cleaning, EDC–NHS chemistry was utilized to prepare the
surface. This step was observed as a bump-plateau signal
response. This bump-plateau signal indicates the process of
association, dissociation, and stabilization. The stabilization
was observed by the signal at lining aer immobilization.
Amine coupling is a commonly used surface functionalization
process. The reaction of introducing the EDC/NHS combination
on the carboxyl sensor surface generates succinimide esters.
EDC along with NHS are highly specic for the carboxyl surface
and form an NHS ester that allows for conjugation of primary
amines at physiological pH.18 For characterization of the bio-
recognition element, protein A coupling chemistry was utilized.
Protein A is a cell wall component of Staphylococcus aureus and
specically binds to the Fc region of the antibody.19 This
immobilization step can be observed in Fig. 3b as a peak in
signal for both channels 1 and 2. This conrmed successful
immobilization of protein A on the SPR sensor surface.
Following this a blocking agent that consists of a bovine serum
albumin based solution was used to block the non-specic
binding regions. The IgG antibody, which is the bio-
recognition element of interest for the biosensing platform was
immobilized only in channel 2. This is illustrated by the
increase in signal to 6000 RU with the antibody binding to the
protein Amolecule. This assay conrms that the Fc region of the
antibody is active, and it can be used as a biorecognition
element to perform biomarker detection.

2.3.2. Binding characterization using Fourier transform
infrared spectroscopy (FTIR). Fourier transform infrared spec-
troscopy was used to characterize the binding chemistry
between the gold functionalized substrate and the bio-
recognition probe. The probes used were cortisol specic anti-
body for the cortisol sensor and DHEA specic antibody for the
DHEA sensor. Table 1 summarizes the different peaks associ-
ated with the FTIR spectrum of cortisol and DHEA. Thiol–gold
affinity was exploited for anchoring the antibody on the gold
microelectrode surface. Fig. 3c–f highlights the FTIR peaks
relevant to the immobilized molecules. The peak illustrated in
Fig. 3c and d between 3000–2600 cm�1 is representative of the
CH alkane stretch for the thiol linker used to immobilize the
antibody on the gold surface.20 Protein immobilization can be
observed by the amide bond relevant peaks that appear in the
1650–1400 cm�1 range. Fig. 3e highlights the amide I (peak
between 1600–1800 cm�1) and amide II (peak between 1500–
1400 cm�1). The peaks are due to the secondary structure of the
© 2021 The Author(s). Published by the Royal Society of Chemistry



Fig. 3 Surface plasmon resonance characterization: (a) schematic depicting the different steps for characterization of biorecognition element-
IgG antibody, (b) SPR signal for sensor functionalization and characterization of IgG antibody binding; FTIR characterization: CH-alkane stretch
for (c) cortisol antibody and (d) DHEA antibody, amide bond relevant peaks for (e) cortisol antibody and (f) DHEA antibody (partially created with
BioRender.com).

© 2021 The Author(s). Published by the Royal Society of Chemistry RSC Adv., 2021, 11, 7750–7765 | 7755
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Table 1 FTIR peaks related to functionalization

Functional group Peak for cortisol antibody Peak for DHEA antibody

CH alkane stretch of thiol linker 3000–2900 cm�1 3200–2500 cm�1

Amide I bond (antibody specic) 1600–1800 cm�1 1600–1700 cm�1

Amide II bond (antibody specic) 1500–1400 cm�1 1500–1600 cm�1

RSC Advances Paper
protein, which is the bio recognition probe for the cortisol
sensor. Similarly, for DHEA the amide I and II bonds are
highlighted by the peaks between the 1650 and 1400 cm�1

range. This characterization for interaction of the capture probe
with the electrode platform conrms the successful function-
alization and sensitivity of the capture probe for the sensing
platform.
2.4. Sensor response characterization using electrochemical
detection modalities

2.4.1. Decoding the EIS and chronoamperometric
response. EIS and chronoamperometry are the widely used
electrochemical detectionmodalities for biosensing. Fig. 4a and
b offer a comprehensive summary of the two techniques using
an electrode–electrolyte sensing model. This section explores
the nuances of the two electrochemical sensing modalities and
decodes the sensitivity of each technique with respect to sweat-
based circadian diagnostics. EIS has an input sinusoidal AC
voltage and the output is a frequency dependent impedance
response. The two main output response graphs are the Nyquist
and Bode plots. Nyquist plot includes the imaginary versus real
impedance component, whereas Bode plot includes the
magnitude and phase change of Zmod (modulus of impedance)
against frequency. Fig. 4a describes the electrode–electrolyte
interface for non-faradaic EIS detection. With the application of
potential bias to the sensing system, there is an electrical
double layer (EDL) formation which is highlighted by the active
stage of the Fig. 4a. The capacitive double layer can be mapped
using Randle's equivalent circuit (depicted in Fig. S4†). The
different components of the circuit are EDL capacitance (Cdl),
resistance to charge transfer (Rct), and solution resistance (Rs).
The rst two components are direct responses of the capacitive
modulations occurring at the EDL interface due to the binding
between the capture probe and target biomarker. The latter
maps to the bulk solution effects of the buffer that the target
biomarkers are suspended in. For non-faradaic EIS response,
the principle of detection involves the re-arrangement of ions
with the binding between the target molecule and the immo-
bilized capture probe.21–24 Table 2 offers the advantages and
disadvantages of using EIS as a technique for biosensing.

Chronoamperometry is a DC based technique which inputs
a step DC potential and the output of current versus time is
recorded. On excitation with the step potential, there is a spike
in the current response, followed by an exponential decay. The
peak current is extracted to characterize the dose dependent
response of the system.22 This study involves mapping the rate
of change in current with respect to an applied input step
7756 | RSC Adv., 2021, 11, 7750–7765
potential. The analysis of this data offers insights into many
electrochemical processes, such as creation of new species in
a solution, identication of adsorption or diffusion.25 Like non-
faradaic EIS, this technique also does not require the use of
a labelling probe. Fig. 4b describes the chronoamperometric
response. As discussed earlier, the input for this technique
includes a step potential and the output includes mapping the
current response. The output current response has two
components, the peak current in response to the applied step
potential and the exponential decay to a steady state current
value.21 This current response is governed by the equation
highlighted in schematic, also known as the Cottrell equation.
The principle of detection is that with the induction of a step
potential bias and aer optimal incubation time, the current
associated with the electrode capacitance is proportional to the
concentration of analyte present in the system.26 The schematic
depicts two stages of the functionalized electrode system. Going
from rest to active stage of measurement, there is charging and
discharging of this capacitive layer which leads to bulk shis in
charges of the electrolyte from the bulk solution to the elec-
trode–electrolyte interface, which are mainly diffusion driven.27

Some of the key advantages and disadvantages of using chro-
noamperometry are highlighted in Table 3.14,26

Electrochemical detection modalities have signicant
advantages over commercially used optical diagnostic tests.
Features like rapid response rates, easy coupling to micropro-
cessors, lower detection limits, wider dynamic ranges,
enhanced sensitivity, ability to miniaturize sensing platforms,
easy fabrication, cost-effectiveness, and user-friendly nature,
make electrochemical sensors highly desirable for building
biosensing platforms.9,28,29 In the following section, investiga-
tion into mapping the dose dependent response of the SLOCK
sensing platform using these two electrochemical detection
techniques has been carried out.

2.4.2. Sensor response for cortisol. Single frequency EIS
(SFEIS) is used for analyzing the antigen–antibody binding and
the kinetics behind it. The frequency was xed at 15 Hz, which
was the point in the Bode plot,12 where maximum capacitive
behavior of the sensor was observed. Fig. 5a illustrates the time
dependent impedance response change represented as change
in Zmod from blank dose and the respective phase angle
changes. The dose range tested was between 0.1 ng ml�1 to 500
ng ml�1. From the gure, it can be observed that with the
increase in dose concentrations, the impedance response (blue
curve) increases proportionally. This is supported by the phase
angle values (red curve) becoming increasingly capacitive with
each dose concentration. This response highlights the capaci-
tive modulations causing the change in response due to the
© 2021 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 Electrochemical technique schematic: (a) schematic highlighting the input, output and process occurring at the electrode–electrolyte
interface in an Electrochemical Impedance Spectroscopy (EIS) study, Randle's equivalent circuit components: Rs – solution resistance, Rct –
charge transfer resistance, and Cdl (capacitance of electrical double layer); (b) schematic describing the input, output curves, explained with
Cottrell equation, and process at the electrode–electrolyte interface for a typical chronoamperometry experiment.
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binding between the target molecule i.e. cortisol and the
capture probe i.e. immobilized antibody. The non-faradaic EIS
response does not involve a redox labelling probe and is solely
dependent on the changes in the interfacial charge modula-
tions occurring when a target binds to the immobilized anti-
body.30 With single frequency EIS, real-time biomarker mapping
via sensor response can be observed. This is of prime impor-
tance while designing circadian diagnostic devices that map the
user's chronobiology over a specic time-period. For cortisol,
© 2021 The Author(s). Published by the Royal Society of Chemistry
the sensing response shows a step change in impedance with
the increase in concentration from 0.1–500 ng ml�1. The values
are represented as average of N¼ 3, with inter-assay variation of
<20%. The single frequency EIS is reproducible from chip to
chip with a dose response standard deviation < 10% and SEM <
5%. This sensitivity parameters are within the assay validation
metrics set by the Clinical Lab Standards Institute (CLSI).31

Chronoamperometry was used to test the SLOCK platform's
sensitivity to target biomarker. The peak current in response to
RSC Adv., 2021, 11, 7750–7765 | 7757



Table 2 Features of EIS detection modality

Advantages Disadvantages

Can isolate bulk solution
effects from EDL related
binding effects

Technique is laborious

Real time sensing, SF EIS
provides time dependent
changes in capacitive
modulations of the EDL in
response to target molecule
binding to capture probe

Post processing is needed

Easy coupling to portable
electronics

Requires reaction to be at a steady
state, which might take some
time. Also, selecting optimal
frequency is crucial before
performing SF EIS, which requires
additional experiments

Table 3 Features of chronoamperometric detection modality

Advantages Disadvantages

Simplicity in data
procurement, good for
biosensing

Bulk solution effects are observed in
sensing response and cannot be isolated

Real time sensing Problems with selectivity of sensing
response

Easy coupling to wearable
electronics

Solutions that have a complex
constitution are prone to issues with
high background noise while detection
of a target molecule
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the step potential have been extracted for baseline (0 ng ml�1),
low dose (1 ng ml�1), and high dose (500 ng ml�1). The chro-
noamperometric dose dependent peak current response for
cortisol is illustrated in Fig. 5b. There is an increase in current
going from 0 to 1 ng ml�1, and from 1 ng ml�1 to 500 ng ml�1.
There is a highly signicant change between the baseline, the
low and high levels of biomarkers with a p value of 0.001.
Chronoamperometric response maps the bulk effects of charge
modulations in the solution due to binding between the target
and capture probe. For cortisol, it conrms the sensitivity of the
SLOCK platform to the changes in cortisol concentration. The
difference between the chronoamperometric response and the
SFEIS based response is that diffusion effects are predomi-
nantly present in the former technique. However, using both
SFEIS, an AC input-based technique and chronoamperometry,
a DC based technique, provides a thorough analysis and vali-
dates the biomarker concentration dependent response of the
sensing platform. It removes the bias that the detection
modality might interfere and create a false shi in response,
which might be inaccurately interpreted as a concentration
dependent response.

In addition to this cross-reactivity studies capture the spec-
icity of the sensing platform. Fig. S3a† highlights the sensor
response for cortisol and other cross-reactive molecules. From
7758 | RSC Adv., 2021, 11, 7750–7765
this graph it can be inferred that the sensor response for the
specic molecule (cortisol) is signicantly higher than the
signal for DHEA (non-specic) and prednisone (non-specic)
with a p value < 0.05. This conrms the sensitivity and speci-
city of the sensing platform.

2.4.3. Sensor response for DHEA. DHEA sensitivity of the
SLOCK platform was evaluated in a similar manner with SFEIS
and chronoamperometry detection modalities. This is illus-
trated in Fig. 5c and d. It can be observed from the plots that
with the addition of DHEA in the system, there is an increase in
the impedance response from baseline. This testing is carried
over the concentration range of 0.1 ng ml�1 to 500 ng ml�1,
which encompasses the physiologically relevant range of DHEA
i.e. 2–131 ng ml�1.11 Capacitive EDL modulations occurring due
to binding are the key elements responsible for this character-
istic dose-dependent response of the sensing platform. This is
also conrmed by the shi in phase angle towards �90� with
the addition of DHEA in the sensing system. This temporal
variation helps identify the real-time, continuous sensing
capabilities for the SLOCK platform. The change in impedance
is presented as an average of N ¼ 3 with <20% intra-assay
variation.

Chronoamperometric peak currents that were extracted for
baseline (0 ng ml�1), low (1 ng ml�1) and high dose (500 ng
ml�1) of DHEA are presented in Fig. 5d. The recorded response
decreases with the increase in DHEA concentration. The
sensing platform has the ability to signicantly distinguish
between baseline, low and high levels of DHEA with a p value of
0.001. When compared to cortisol, the response has an opposite
trend for the chronoamperometric response. This phenomenon
can be explained with the overall binding mechanism differ-
ence and hence, the charge distribution difference between the
two molecules. Previously, we evaluated the zeta potentials for
cortisol and DHEA assays for low and high concentrations of
biomarkers.11 For cortisol, the zeta potential values going from 1
to 100 ng ml�1 changed from �7.32 � 0.11 mV to �4.81 �
0.11 mV. This is contributed by the overall surface charge of
cortisol, which is neutral. Hence, the chronoamperometric bias
draws out the response based on the input step potential
applied and there is low contribution of charge from the actual
molecule itself. However, for DHEA assay, the zeta potential
going from 1 to 100 ng changes from �4.92 � 0.28 mV to �6.07
� 0.61 mV, increasing in magnitude. This highlights the
difference in the molecular binding between the two molecules
and their capture probe. DHEA molecules using detection
probes are more susceptible to hyper-crowding, leading to the
decrease in overall chronoamperometric peak current as
observed in Fig. 5d. This also highlights the ability of EIS to
capture the specic electrode–electrolyte interfacial changes
and separate them from the bulk changes, making it a superior
technique for performing biosensing.

In addition to this, the cross-reactivity of the DHEA platform
was evaluated and is illustrated in Fig. S3b.† The results high-
light the specicity of the platform for DHEA where the
response is highly signicant (p < 0.01) than cortisol (non-
specic) and prednisone (non-specic). This conrms the
© 2021 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 Sensor response for biomarkers: (a) single frequency EIS response for cortisol; (b) chronoamperometric peak current response for
cortisol; (c) single frequency EIS response for DHEA; (d) chronoamperometric peak current response for DHEA.
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sensitivity of the sensing platform for the target biomarker for
the respective immobilized biorecognition probe.

2.5. Sweat rate characterization study

Humans have approximately 2–5 million eccrine sweat glands
distributed all over the body with an average of 15–340 per cm2

of skin surface area. The primary function of these glands is to
perform thermal regulation aer exposure to hot temperatures
or during physical exercise. Eccrine glands are classied as both
secretory and excretory organ.32 The glands develop before birth
and are functional throughout the lifetime of an individual.
They are densely populated on the palms and soles with ranges
of 200–600 glands per cm2 and 200–400 per cm2, respectively. A
schematic of the various gland densities on the different
anatomical regions is presented in Fig. 6a.32–34 Axillary area
(underarm) has a combination of eccrine and apocrine glands
at a ratio of 1 : 1.35 Forearms and back have densities of 40–150
per cm2 and 31–121 per cm2, respectively. Ankles have lower
densities as compared to the other sites with ranges of 20–70
gland per cm2. Based on the pattern of secretion and the
composition of the sweat secreted, sweat glands are categorized
into three types namely, eccrine, apocrine and apoeccrine
glands.32,36 The schematic, Fig. 6a also highlights the distribu-
tion of eccrine glands, depicted by blue and apocrine glands,
depicted by the red circles. Circadian relevant biomarkers
cortisol and DHEA are secreted in eccrine and apocrine sweat
respectively, which is the reason for increased interest in
capturing the sweating pattern from the chosen locations pre-
sented in Fig. 6a. While designing sweat based wearable, these
© 2021 The Author(s). Published by the Royal Society of Chemistry
sweat gland densities need to be accounted for to optimize and
maximize the sampled volume. This is crucial for a passive
sweat based platform as capturing higher gland density per area
of the sensor is important. Wearable biosensing can funda-
mentally improve by understanding the physiology and func-
tioning of the eccrine sweat gland. It is also crucial for
characterizing the ow rate dependant response for
biomarkers. Understanding the sweat secretion patterns also
holds the key to designing platforms that are unique to the
detection of a specic target biomarker and for understanding
their correlations to blood and plasma biomarker levels.37

Gland counting methods are susceptible to large variations.
This is because the anatomical number of sweat glands can
exceed the number of functional or physiologically active
glands.34 Surface evaporation rates from the sites of interest can
help estimate the sample volumes that would be collected with
passive sampling. This work presents the characterization of
skin surface evaporation rates with the measurement of trans-
epidermal water loss (TEWL; g m�2 h�1). This indirect albeit
quantitative measure of sweating indicates the amount of water
that evaporated from the skin surface during a xed period of
time.38 The readings are measured using a hand-held Vap-
oMeter (Deln Technologies Ltd, Finland) that assesses the
surface evaporation rate within 10 seconds. Fig. 6b depicts the
various sweating rate values for widely preferred locations for
sweat based sensors. From the TEWL values, it can be observed
that palms (113 � 0.6 g m�2 h�1), underarms (axillary region,
67.5� 1.5 gm�2 h�1), and soles (40.66� 2.6 gm�2 h�1) have the
highest rates of evaporation. This is in corroboration with the
RSC Adv., 2021, 11, 7750–7765 | 7759



Fig. 6 Sweat rate characterization: (a) sweat gland density schematic highlighting the location based gland density and the distribution of
eccrine versus apocrine glands; (b) transepidermal water loss (TEWL) from skin surface to characterize sweat rate for different locations of the
body; (c) normalized sweat rate with sweat gland density for optimal placement.
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gland density values found at those locations. Followed by this
the evaporation rates for ankles, wrist, and lower back are 12.5
� 2.4 g m�2 h�1, 11 � 0.8 g m�2 h�1, and 10.8 � 1.1 g m�2 h�1,
respectively. The sweating rates signicantly change depending
on the different locations of the skin surface, with a p value of
0.001. Upon normalization with the sweat gland density, the
sweating rates show no signicant difference, which is illus-
trated by Fig. 6c. This indicates that the wearable systems can be
tuned to capture the gland density based sweating evaporation
rate in order to compensate for a convenient sampling location
on the body. For passive sampling, the sensor design can be
optimized to maximize coverage of gland density to collect
sufficient samples of sweat. At the passive state of the body with
a normal sweating rate, the body produces 5–10 nL per gland
per cm2.37 For sampling, this amounts to volumes of 5–10 ml as
the working volume. The SLOCK sensing platform is designed
using a combination of macroscale and nanoscale porosity and
is calibrated to work with 10 ml of sample volume. Circadian
relevant biomarkers like cortisol and DHEA are passively
secreted and are speculated to be independent of sweating
rate.37 Thus, understanding the rate and dynamics of sweating
rate can be isolated from the biomarker concentration uctu-
ations and can be studied solely from a collection or sampling
methodology perspective. Having low sampling volumes can
7760 | RSC Adv., 2021, 11, 7750–7765
also allow for sensing of biomarkers with good correlations to
the blood/serum levels. Also, they can be conveniently and
ergonomically adopted as self-monitoring tools. This is espe-
cially important for circadian tracking systems like SLOCK that
is designed to capture the diurnal uctuations of cortisol and
DHEA for understanding the circadian phase of the individual.

2.6. Sensor response in human sweat

2.6.1. Impedance response for cortisol and DHEA: Nyquist
and circuit tting. Nyquist plots are a part of the primary output
response of an EIS study. They are frequency dependent
signatures of the impedance response. Typically, non-faradaic
Nyquist plot looks like an incomplete semi-circle. This is due
to the lack of a redox probe that creates the characteristic
semicircle followed by 45� angled diffusion line.23,39 The Nyquist
response of the sensor for cortisol and DHEA is illustrated in
Fig. 7a and b. For both the Nyquist plots, there is an evidence of
a dose-dependent response, as shown by the decrease in
intensity of the blue curve with increasing concentration. For
cortisol, the radius of the Rct curve decreases with the increase
in concentration, going from 0.1 ng ml�1 to 200 ng ml�1.
Similarly, for the Nyquist for DHEA dose-dependent response,
a decreasing Rct is observed with the increase in dose concen-
tration of DHEA from 0.1 ng ml�1 to 200 ng ml�1. However,
© 2021 The Author(s). Published by the Royal Society of Chemistry
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there is a difference in the curvature of the response between
the two molecules. This is an artifact of the difference in the
chemical structure and thus, the slight difference in the binding
response signature produced. This hypothesis has been vali-
dated in detail using zeta-potential study,11 and also the chro-
noamperometric response, which was presented in the previous
section.

The Nyquist plot can be used to electrochemically t the
sensor response using the Randle's equivalent circuit. Fig. S4†
represented the modied Randle's equivalent circuit that was
used to t and extract the impedance response components of
the sensing system. The three important parameters that
dene the impedance response captured using EIS are EDL
Fig. 7 Electrochemical response in human sweat: (a) Nyquist plot for c
electrochemical fitting data for Cdl, Rct, and Rs trend for cortisol; (d) elect
mechanical control study for sensor impedance response.

© 2021 The Author(s). Published by the Royal Society of Chemistry
capacitance (Cedl), resistance to charge transfer (Rct), and
solution resistance (Rs). An ideal response would not have any
signicant contribution through the bulk solution effect.
Having low Rs values also means that the sensor system is not
perturbed by conductance or ionic pH dependent changes in
the bulk solution.23,24 Mapping the electrochemical circuit
components helps decode the interfacial phenomena and
truly understand the EDL based response for detection. The
electrochemical tting response for cortisol and DHEA is
presented in Fig. 7c and d. From Fig. 7c, it can be observed that
with the increase in sensing response from 0–100 ng ml�1,
there is an increase in the Cedl (blue curve), followed by
simultaneous decrease in Rct (red curve). This can be
ortisol in human sweat; (b) Nyquist plot for DHEA in human sweat; (c)
rochemical fitting data for Cdl, Rct, and Rs trend for DHEA; (e) on-body

RSC Adv., 2021, 11, 7750–7765 | 7761
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attributed to the binding between cortisol molecule and the
antibody present, which creates capacitive modulations
appearing as increase in Cedl. Similarly, for the DHEA mole-
cule, a similar increase in Cedl with the addition of 100 ng ml�1

can be observed. The binding between the target molecule and
antibody causes a conformational change in the structure of
the antibody. This causes a charge build-up in the spatial
region around the capture probe, characterized by the increase
in capacitance of the EDL. This facilitates the ‘transfer’ or
rather, re-arrangement of these charged species, leading to
decrease in the Rct of the sensing response, as observed in
Fig. 7c and d. Solution resistance, illustrated by the black
curve does not show any signicant change going from 0–200
ng ml�1 of the biomarker concentration. The magnitude
remains in the lower range of 200–220 U. This highlights that
the sensing response is not inuenced by the bulk solutions
effect and is specically responding to the binding
phenomena in this affinity-based system. This is true for both
cortisol and DHEA as observed from the Fig. 7c and d. For
higher concentrations of cortisol and DHEA, i.e. 200 ng ml�1,
the response further increases for Cedl and decreases for Rct.
This conrms the sensitivity of the sensor to the concentration
of target present in the system in real-time. With the increase
in amount of biomarker, the functionalized antibody binding
sites are bound with the target molecules, leading to an
increase in capacitance of EDL, followed by a simultaneous
decrease in Rct. Overall, mapping the circuit elements high-
lights the binding specic response of the EIS study. It offers
an incredible insight into the phenomenon of dose dependent
non-faradaic sensing aspect of the biosensing platform.17,40–42

Thus, the results from electrochemical tting bolster the
capabilities of this circadian diagnostic platform for mapping
the changes in the chronobiology-relevant biomarker
concentrations. It also conrms the high sensitivity of the
platform for the presence of target biomarkers, cortisol and
DHEA.

2.6.2. Capturing the on-body mechanical resiliency:
motion-based artifacts. In the previous publication, we high-
lighted the ability of SLOCK to capture the spike and fall in
levels of circadian-relevant biomarkers in human subjects.11 In
order to fully understand the circadian diagnostic perfor-
mance, this platform was evaluated for mechanical stability
and motion contributed response change using on-body
subject-based experiments. This result highlights the
response generated by motion artifacts caused due to ‘human
factors’ and is depicted in Fig. 7e. Based on the experimental
design, non-functionalized sensor surface was used as the
control study for capturing the motion-based impedance
response. From Fig. 7e, it can be observed that for hour 1, the
response has a negative impedance change of 1.3 � 0.1%. The
subject performs brief physical exercise before hour 2 to cause
a spike in cortisol levels. By addition of this spike, which is the
phase of maximum mechanical disturbance, it can be
observed that the non-functionalized sensor responds with an
impedance change of 2 � 0.06%. Similarly, for hour 3,
following the period of rest aer exposure to spike, there is
a slight increase in impedance. However, the non-specic
7762 | RSC Adv., 2021, 11, 7750–7765
responses are signicantly lower than the functionalized
sensor based specic responses, that have magnitudes 18 �
0.5%, 40 � 0.1%, and 45 � 0.2% for hours 1, 2 and 3 respec-
tively. This study indicates that the response for biomarker
rise and fall is specic and is a direct result of the binding
response between the biomarker and immobilized capture
probe. As discussed earlier, the impedance response of the
sensor is used to capture the non-faradaic, dose-dependent
EDL capacitive modulations due to the re-arrangement of
charged species at the electrode–electrolyte interface. For the
non-functionalized sensor surface, the response is mainly
driven by the bulk effects of the buffer present, i.e. sweat and
the motion artifacts of the user, in this case. However due to
serpentine design of the electrode, the effect of motion arti-
facts on the response of the sensor is minimized. Previously,
we described the benchtop bending study along the x- and y-
axis over the period of 100 bending cycles.12 With this study,
a ‘true’ on-body experience for mechanical bending is
captured. Despite the presence of high amount of on-body
mechanical oscillations, the sensor system is able to respond
specically to the target concentration. It can be concluded
that this system is stable for on-body use and motion artifacts
do not signicantly hamper the impedance response of the
sensing platform.

3. Experimental
3.1. Reagents and materials

The thiol linker, 3,30-dithiobis(sulfosuccinimidyl propionate)
(DTSSP) and phosphate buffered saline (PBS) was procured
from ThermoFisher Scientic Inc. (Waltham, MA, USA).
Cortisol molecule (hydrocortisone), cortisol IgG antibody, and
DHEA IgG antibody were purchased from Abcam (Cambridge,
MA, USA). DHEA was procured from Avanti Polar lipids, Inc.
(Alabaster, AL, USA). Synthetic sweat was prepared according to
the protocol described in Mathew et al.43 Human sweat was
obtained from Lee Biosolutions Inc. (St. Louis, MO, USA). Mil-
lipore DI water was used to perform all buffer preparation and
dilutions.

3.2. Sensor fabrication and immunoassay

Sensor fabrication was performed according to previously
described protocols using a nanoporous polyamide substrate
(GE Healthcare Life Sciences (Piscataway, NJ, USA)).12,17 Sensor
functionalization was performed using the protocol described
in Upasham et al.12 Sensors were incubated with thiol linker
DTSSP and antibody (10 mg ml�1) for a period of 24 hours at
4 �C. Functionalized sensors were then used for performing
electrochemical studies. All electrochemical characterization
was carried out using Gamry Reference 600 potentiostat (Gamry
Instruments, PA, USA).

3.3. COMSOL Multiphysics® soware simulations

Electrode wicking simulations were carried out using the
licensed soware version of COMSOL Multiphysics® v5.4. The
modules used for simulations were transport of diluted species
© 2021 The Author(s). Published by the Royal Society of Chemistry
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in porous media, electrostatics, and primary current distribu-
tion. AutoDesk™ AutoCAD soware was used to map the elec-
trode geometry and the CAD import module was used for input
in COMSOL for performing simulations. Arrow guided stream-
line 2D plots were exported and used to represent the direction
of ow. The mode of study used was dynamic with time ranging
from 0 to 100 seconds.
3.4. Experimental details for SPR experiments

SPR studies were performed using the Open SPR instrument
(Nicoya, Canada). Reagents and kits for characterization were
procured from Nicoya (Canada). Carboxyl chips were used as
the sensor for binding characterization. Protein A immobiliza-
tion kit was employed for characterizing the biorecognition
element, which is an IgG antibody. The protocol for immobili-
zation is highlighted in the schematic presented as Fig. 3a and
was according to the protocol provided with the protein A
sensors kit tech guide. The concentrations used for the reagents
were 10 MmHCl (pH 2–3), 20 mg ml�1 protein A, and 50 mg ml�1

of IgG antibody (Abcam, USA).
3.5. Experimental setup for FTIR

Fourier transform infrared spectrum was captured using the
Thermo scientic Nicole iS50 FTIR in Attenuated Total Reec-
tance (ATR) mode. The tool has a germanium ATR crystal,
deuterated triglycine sulfate (DTGS) detector and a KBr window.
The sample was prepared on a gold deposited polyamide
nanoporous substrate. The spectrum was recorded between
675 cm�1 and 4000 cm�1 with a resolution of 0.5 cm�1 and 256
scans.
3.6. Experimental details for single frequency EIS

Single frequency experiments were carried out at the frequency
of 15 Hz, where maximum capacitance behavior is observed for
the SLOCK platform. Doses for biomarkers were created by
spiking synthetic sweat pH 6 (SS pH 6) with concentrations
ranging from 0.1 ng–500 ng ml�1. Change in Zmod from
baseline i.e. blank SS pH 6 and phase shi was calculated and
presented in the Fig. 4. The time period of experiment for both
cortisol and DHEA was based on previously optimized protocol.
The experiment length was 3000 s for cortisol and 2860 s for
DHEA.
3.7. Experimental details for chronoamperometry

Chronoamperometry was performed by applying step input
potential of 250 mV to the electrode and output current spectra
was recorded for the period of 60 seconds. This was performed
for baseline (0 ng ml�1), low dose (1 ng ml�1) and high dose
(500 ng ml�1) of biomarkers, cortisol and DHEA in SS pH 6. The
doses were prepared according to the protocol mentioned in the
previous section and were drop casted on the sensor surface for
testing. Extraction of the peak current and data analysis was
performed using Gamry Echem Analyst™ soware.
© 2021 The Author(s). Published by the Royal Society of Chemistry
3.8. Experimental details for sweat evaporation study

Sweat evaporation was measured using VapoMeter (Deln
Technologies, Finland). The protocol for measurement using
the device involved measuring the transepidermal water loss
(TEWL) at the skin surface for period of 5 seconds with a total of
3 measurements at each location. The TEWL maps the sweat
rate at the site of interest. The sites chosen were palms,
underarms, feet soles, ankles, forearms, and lower back. The
site-specic evaporation study had N¼ 3 measurements for one
subject. The measurements were carried out under the IRB
protocol 19–23, approved by the IRB board at University of Texas
at Dallas.

3.9. Experimental details for sensor response in human
sweat

Human sweat-based calibration dose response studies (Nyquist
plots) were recorded using EIS performed over the frequency
range of 1–10 000 Hz. The doses were spanned across the
physiologically relevant range i.e. 0.1, 1, 10 100, and 200 ng
ml�1, in human sweat. Electrochemical tting was performed
using the Nyquist and Bode plots obtained using these EIS
experiments, with the aid of ZView® electrochemical tting
soware. For the human subject based data, the on-body
protocol was performed using the protocol described in Upa-
sham et al.11 One subject with N ¼ 3 sensors were used for
performing data analysis. Functionalized versus non-
functionalized sensor surface was used to capture the on-body
mechanical displacement of the sensing response. The sock-
based sensor was used to capture the change in response aer
exposure to maximum mechanical stimulations on the sensing
surface. All trials were conducted according to the IRB protocol
number: 18–116, approved by the Institute Review Board at
University of Texas at Dallas.

3.10. Statistical analysis

Data is represented as mean � SEM. The data is represented
with N¼ 3. Inter-assay variation is <20%, intra-assay variation is
<5%, which is CLSI guideline compliant.31,44 Signicance test
was carried out using ANOVA followed by post hoc Tukey test
with a of 0.05. Non-linear regression and statistical analysis
were performed using Graph Pad Prism version 8.01 (Graph Pad
Soware Inc., La Jolla, CA, USA).

4. Conclusions

SLOCK is an electrochemical circadian diagnostic platform for
mapping the user's chronobiology using biomarkers, cortisol
and DHEA. The work demonstrates the biomarker-based
sensitivity using electrochemical detection modalities. The
limit of detection is 0.1 ng ml�1 for cortisol and DHEA. The
dynamic range of detection is 0.1 to 500 ng ml�1. Also, on-body
sweat rate characterization highlights the effect of optimal
location for passive sweat sampling on the biosensing perfor-
mance. In addition, wearable form factor-based motion related
artifacts are minimal, and the serpentine electrode-based
sensor is mechanically resilient. Electrochemical tting using
RSC Adv., 2021, 11, 7750–7765 | 7763
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Randle's equivalent circuit highlights the specicity of the
sensing platform for binding of target biomarker. Thus, SLOCK
has circadian diagnostic capabilities and is a robust, sensitive,
and highly selective sweat-based chronobiology tracking
platform.
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