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Introduction

In the past 6 years, there has been an explosion of innova-
tion in healthcare. The key focus has been to provide rapid 
access to disease diagnosis anytime, anywhere. The experi-
ence of healthcare is fast changing, because the focus has 
shifted from the doctors and has become patient-centric.1 
Owing to faster lives and on-demand lifestyles, people are 
at comparatively greater risks of diseases and injury than 
before. Earlier, patients had to face long wait times to get an 
appointment with doctors, and the per patient visit time was 
equally short. Growing awareness among people about 
health risks has made them become more vigilant and 
responsible about their own health. Growing traction toward 
individualized and personalized medicine has paved the 
way for a boom for at-home monitoring healthcare devices, 
so that patients can keep track of their unique physiology as 
copious amounts of analyzable and transferrable data at any 

given point in time.2 This has not only reduced visits to doc-
tor’s offices but also solved the financial and psychological 
stress associated with not knowing what’s going on in one’s 
body. The shift from a reactive healthcare to P4 healthcare 
(predictive, preventive, personalized, and participatory) 
ecosystem,3 the rise in the Internet of Medical Things 
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Abstract
Misclassification of an acute disease condition as chronic and vice versa by electrochemical sweat biomarker sensors can 
cause significant psychological, emotional, and financial stress among patients. To achieve higher accuracy in distinguishing 
between a chronic condition and an acute condition, there is a need to establish a reference biomarker to index the 
actual chronic disease biomarker of interest by combinatorial sensing. This work provides the first technological proof of 
leveraging the chloride ion content in sweat for a combinatorial sweat biomarker benchmarking scheme. In this scheme, 
the sweat chloride ion has been demonstrated as the reference/indexing biomarker, while sweat cortisol has been studied 
as the disease biomarker of interest. Label-free affinity biosensing is achieved by using a two-electrode electrochemical 
system on a flexible substrate suitable for wearable applications. The electrochemical stability of the fabricated electrodes 
for biosensing applications was studied by open-circuit potential measurements. Attenuated total reflectance–Fourier 
transform infrared spectroscopy spectra validate the crosslinker–antibody binding chemistry. Concentration-dependent 
analyte–capture probe binding induces a modulation in the electrical properties (charge transfer resistance and double-
layer capacitance) at the electrode–sweat buffer interface, which are transduced by nonfaradaic electrochemical impedance 
spectroscopy (EIS). Calibration dose responses for the sensor for cortisol (5–200 ng/mL) and chloride (10–100 mM) 
detection were evaluated in synthetic (pH 6) and pooled human sweat (R2 > 0.95). The variation in the cortisol sensor 
response due to fluctuations in sweat chloride levels and the significance of reporting normalized biomarker levels were 
demonstrated to further emphasize the need for biomarker benchmarking in electrochemical sensors.
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(IoMT), Moore’s law and lowering smartphone prices, and 
greater internet connectivity have made this possible. It is 
estimated that by 2025, the average number of connected 
devices per person will be nine—most of which will be 
healthcare sensors.4 Most users of these connected medical 
devices are not trained healthcare professionals or caregiv-
ers, and thus unlimited access to healthcare data can be 
counterproductive to patients if they are unable to collect 
and interpret these data with precision. The decision of 
whether to visit the doctor is now more at the discretion of 
the patients than their doctors. This necessitates high preci-
sion, reliability, and robustness in these at-home healthcare 
monitoring devices.

Among wearable devices, disease biomarker sensors 
capable of detecting the presence of a disease, and tracking 
its progression in body fluids like blood, urine, sweat, 
saliva, and tears, have gathered much traction throughout 
the years.5 Noninvasive sampling and easy handling of 
sweat make it a suitable candidate biofluid for these appli-
cations.6–10 Furthermore, as the wearable sweat sensor tech-
nology advances in its development, strategies such as the 
use of smart materials for self-powering will further enhance 
their functionality in the near future.11–13 Among sweat-
based wearable devices, electrochemical biosensors are 
considered most suitable for disease diagnosis and biologi-
cal sample analysis, because they directly transduce the bio-
chemical signals to faithfully quantifiable electrical outputs, 
are low in cost, and are easily integrable to portable wear-
able electronics due to miniaturization and higher sensitiv-
ity and signal-to-noise ratios.14–16 In the currently available 
sweat monitors, however, the focus is narrowed down to a 
single biomarker level. The influence of fluctuations of a 
sweat constituent, such as an electrolyte, on a given bio-
marker and the corresponding sensor readout is not 
accounted for. To achieve higher precision in preventive 
medicine, it is important that the sensing device is able to 
tell the difference between fluctuation in biomarker levels 
due to a serious chronic underlying pathophysiological con-
dition and that due to a short-lived acute biomarker-level 
shift (false positives) and vice versa (false negatives). This 
is key for at-home sweat monitors because reduced false 
positives are essential, making early disease detection pos-
sible to retard or stop disease progression, while reduced 
false negatives save patients and their families from unnec-
essary emotional, financial, and psychological burdens. 
One way to reduce the possibility of such misclassification 
is by normalizing the disease biomarker of interest to some 
reference biomarker—when a person suffers from a transi-
tory acute condition like dehydration, respiratory infection, 
or acidosis, variation in the sweat salt content may cause a 
global departure from homeostatic limits for all biomarkers 
in the patient’s sweat. A ratio of the disease biomarker of 
interest to the reference for such an acute condition will be 
almost equal to that observed for the benchmark healthy 
state. In contrast, if a person suffers from or is susceptible to 

a chronic underlying disease condition, then shifts in the 
levels of the biomarker for that disease will be significantly 
higher than that for the reference biomarker and the disease 
biomarker: The reference biomarker ratio will be signifi-
cantly higher or lower, depending on the disease. To lever-
age the benefits of sweat biomarker normalization, 
combinatorial detection of the reference biomarker along 
with the disease biomarker of interest for a given patient 
sweat sample can save the day. This method of biomarker 
benchmarking and normalization has been used for detect-
ing urinary diseases like chronic kidney disease and acute 
kidney injury, in which relevant urinary biomarkers are nor-
malized to urinary creatinine (UCr) to account for fluctua-
tion in biomarker concentrations due to variation in time of 
urine collection, urine concentration, urine flow rate, and so 
on.17 Sweat harbors a wealth of physiological information 
in the form of biomarkers like proteins, electrolytes, and 
neuropeptides, but to our knowledge, no biomarker bench-
marking scheme exists for electrochemical biosensing 
based sweat diagnostics.

This article serves as the first-time demonstration of 
combinatorial sensing of a reference biomarker in addition 
to the disease biomarker of interest for sweat-based electro-
chemical biosensing. For the proof of concept, sweat  
chloride—the most abundant anionic electrolyte in the 
extracellular fluid matrix—was chosen as the reference or 
benchmarking biomarker because it fluctuates with acute 
conditions like dehydration, acute respiratory acidosis, and 
respiratory tract infection.18–21 Sweat cortisol, a biomarker 
associated with a host of diseases associated with urbanized 
diets, environment, and lifestyle like chronic stress, obesity, 
type 2 diabetes, heart disease, gut and immune issues, 
inflammation, and insomnia, was selected as the “disease 
biomarker of interest” for this study.22–27 The electrochemi-
cal sensor, in this work, is a simple coplanar two-electrode 
system deposited on a flexible nanoporous substrate to 
leverage the benefits of nanoconfinement, resulting in sur-
face area–to-volume enhancement and higher sensitivity. 
Detection of chloride (1–100 mM) and cortisol levels (5–
200 ng/mL) was achieved in ultralow volumes (~1 µL) of 
pooled human sweat (three donors) and synthetic sweat  
buffer of pH 6. Nonfaradaic electrochemical impedance 
spectroscopy (EIS), an AC-based electroanalytical tech-
nique, was used to transduce the changes in concentration 
in the sweat sample to changes in impedance at the fre-
quency of interest.28–30 Nonfaradaic EIS-based sensor cali-
bration allows for reliably tracking the modulation in the 
capacitive behavior at the electrode–buffer interface due to 
analyte–capture probe binding events, driven by the bio-
marker concentration, with high resolution.31,32 Optimization 
of sweat volume required for reliable output was done by 
wicking tests. Open-circuit potential (OCP) measurements 
were done to probe the electrochemical stability of the elec-
trode system.28,30 Attenuated total reflectance–Fourier 
transform infrared spectroscopy (ATR–FTIR) analyses 
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were done to optimize the incubation times and concentra-
tion of the crosslinkers and capture probes for the cortisol-
sensing assay. To further underline the necessity of detection 
of the reference biomarker along with the disease biomarker 
of interest, combinatorial detection of cortisol levels for 
sweat samples containing low (healthy) and high chloride 
content (dehydrated), to capture both bookends, was dem-
onstrated. The effect of an acute condition such as dehydra-
tion, simulated as sweat chloride fluctuation, on the reported 
cortisol concentration was studied to emphasize that both 
absolute and normalized values of a disease biomarker 
should be reported to get the truest idea of disease onset or 
progression.

Materials and Methods

Materials and Reagents

The crosslinker DSP [dithiobis (succinimidyl propionate)] 
and the solvent it is dissolved in, DMSO, were obtained 
from Thermo Fisher Scientific (Waltham, MA). Cortisol 
(hydrocortisone) and the monoclonal α-cortisol antibody 
were purchased from Abcam (Cambridge, MA). Chloride 
ionophore IV Selectophore (4,5-Bis-[N′-(butyl) thioureido]-
2,7-di-tert-butyl-9,9-dimethylxanthene), which was used as 
the capture probe for chloride ions in sweat, was purchased 
from Sigma-Aldrich (St. Louis, MO). Ionophore was dis-
solved in DMSO and vortexed for 30 min at 1000 rpm to 
obtain a clear solution. Pooled human sweat from three 
donors was obtained from Lee Biosolutions (Maryland 
Heights, MO) and stored at −20 °C without the addition of 
any preservatives. Potassium chloride (KCl) was used to 
prepared desired chloride doses and was ordered from 
Thermo Fisher Scientific. Synthetic sweat (pH 6) was pre-
pared as per the recipe described by Mathew et al. for the 
calibration of the cortisol sensor.33 For the chloride sensor 
calibration using synthetic sweat, the same recipe was fol-
lowed minus the sodium chloride (NaCl) and KCl dissolu-
tion. Lactic acid (85%) and ammonia (NH3), used to tune 
the pH of the synthetic sweat buffer, were obtained from 
Sigma-Aldrich. Urea was obtained from Thermo Fisher 
Scientific . The coplanar microelectrode sensor system was 
a silver screen-printed standard two-electrode system 
deposited on nanoporous flexible hydrophilic substrate.

Fluid-Wicking Study

To ensure uniform spreading of the dispensed sweat sample 
on the sensor, a hydrophilic substrate was the suitable 
choice.34 On evaluation of the sensing area, size and the  
dynamic concentration range of the biomarker, wicking 
profiles for volumes throughout the range of 0.5–5 µL were 
evaluated, as shown in Supplementary Figure S1. For 
easy visualization of the uniformity of fluid diffusion, red 

food-coloring dye was dissolved in synthetic sweat buffer. 
Based on this analysis, the optimum wicking volume and 
the corresponding incubation time were obtained.

Open-Circuit Potential Measurements

For simplicity, a two-electrode system was chosen for this 
study. The electrochemical stability of the two-electrode 
system was probed by measuring the OCP of the system in 
a 1× phosphate-buffered saline (PBS) buffer medium for a 
duration of 1 h to ensure that a steady state is reached. For 
OCP measurements, a high-impedance voltmeter is con-
nected in parallel to the working electrode (WE) and the 
reference electrode (RE) to measure the inherent potential 
gradient when no current f lows (Gamry Instruments, 
Warminster, PA).30

ATR–FTIR Analyses

Visualization of the binding chemistry between the capture 
probe and the crosslinker and the optimization of incuba-
tion times and concentration were achieved via ATR–FTIR. 
The crosslinker was anchored to the silver electrode by 
strong thiol bonds. The spectra were obtained by using 
Nicolet 6700 FTIR (Thermo Fisher Scientific). To validate 
the cortisol assay binding chemistry, a liquid sample con-
taining a DSP (10 mM)–cortisol antibody (10 µg/mL) com-
plex, incubated for 1 h, was studied. Figure 1 shows the 
spectra obtained. A total of 512 scans were collected, for 
each spectrum, for a wavelength range of 4000 cm−1 to 
600 cm−1, at a resolution of 4 cm−1.

Sensor Calibration for the Detection of Chloride 
in Synthetic and Pooled Human Sweat

The sensor stack was optimized for chloride detection in 
pooled human sweat and synthetic sweat (pH 6) buffers. A 
self-assembled monolayer of the 10 mM DSP crosslinker 
was formed on the conducting electrode/sensing area by 
functionalizing it for an optimized incubation duration and 
volume of 2 h and 15 µL, respectively, in darkness. This was 
followed by the functionalization of 15 µL of 30 mM chlo-
ride ionophore for ~1 h. Strong multitopic hydrogen bind-
ing causes chloride ions in sweat to preferentially bind to 
the chloride ionophore capture probe.35,36 One microliter of 
synthetic sweat at pH 6 (not containing chloride ions)  
was placed onto the sensing region. This was considered as 
the baseline or zero-dose step for measuring changes in 
impedance values. Potassium chloride was dissolved in 
zero-dose synthetic sweat buffer to obtain sweat chloride 
solutions in the dynamic range of 1–100 mM. One-
microliter chloride doses were dispensed in increasing con-
centration from 1 mM to 100 mM. Approximately one 
minute after every dose-dispensing step, a single-frequency 

https://journals.sagepub.com/doi/suppl/10.1177/2472630319882003
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EIS measurement was taken to determine the modulus of 
impedance corresponding to the level of the chloride in the 
detection buffer. A similar protocol was followed for the 
pooled human sweat solution, in which the blank sweat 
solution was taken as the zero dose and was spiked with 
potassium chloride to obtain 1–100 mM human sweat chlo-
ride solutions. Calibration dose–response curves for chlo-
ride detection in synthetic sweat (n = 3) and pooled human 
sweat (n = 4) were reported as percentage changes in imped-
ance modulus relative to a baseline or zero dose as a func-
tion of chloride concentration. The data are represented as 
mean ± standard error of the mean (SEM).

Sensor Calibration for the Detection of Cortisol 
in Synthetic and Pooled Human Sweat

Calibration dose responses were obtained for cortisol 
detection in synthetic sweat (n = 3) and pooled human 

sweat (n = 4) buffers for a dynamic cortisol range of 5–200 
ng/mL. The cortisol-sensing immunoassay has been 
adapted from a protocol described in a previous work done 
by our group.37 Fifteen microliters of 10 mM of DSP cross-
linker were functionalized on the electrode sensing area by 
2 h of incubation in darkness. This was followed by the 
immobilization of 10 µg/mL of cortisol antibody for 30 min, 
for a volume of 15 µL.

Highly specific antibody–antigen immunochemistry is 
used to capture cortisol in the sensing stack. Sensor calibra-
tion and data reporting were done in a manner similar to the 
process described for the chloride sensor.

Combinatorial Detection of Cortisol and 
Chloride: The Need for Sweat Biomarker 
Benchmarking

A 1:1 concoction of pooled human sweat, spiked with the 
desired chloride levels (both high and low) and cortisol con-
centrations, was prepared. Here, the effect of the fluctuation 
of chloride on the cortisol concentration, reported as the 
impedance change from baseline by the cortisol sensor, was 
evaluated. Pooled human sweat solutions containing chlo-
ride solutions at concentrations of 10 mM (healthy) and 
70 mM (dehydrated-acute condition) devoid of cortisol 
were considered as zero doses or baselines for the low- 
chloride and high-chloride cases, respectively. The effect of 
chloride was observed for low- (5 ng/mL), medium- (100 
ng/mM), and high-cortisol (150 ng/mL) doses spiked in 
both low-chloride and high-chloride baseline doses. The 
table depicted in Figure 5C gives a better visualization of 
the experiments. Calibration dose responses for low- 
chloride (n = 3) and high-chloride (n = 4) cases were 
obtained for a cortisol dynamic range of 5–150 ng/mL. 
Nonfaradaic EIS was used to measure the percentage 
change in impedance relative to the corresponding baseline 
(low or high chloride) for the cortisol doses, and the data 
were reported as mean ± SEM.

Results and Discussion

Characterization of the Combinatorial Sensor 
and Affinity Capture Assay

The wicking profiles of the sweat sample were studied for 
sample volumes ranging from 0.5 to 5 µL. It is evident from 
Supplemental Figure S1 that uniform isotropic diffusion 
of the fluid on the hydrophilic substrate was observed for 
volumes of 1–5 µL for an incubation time of 60 s. Prior to 
running the electroanalytical measurements, the thermody-
namic stability of the sensor system was gauged by running 
OCP measurements. It was observed that dynamic equilib-
rium was reached nearly 200 s after the electrode system is 
introduced to the PBS buffer medium. At that point, the 
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working electrode was not susceptible to corrosion reaction 
with the surrounding PBS buffer, a steady state was reached, 
and the sensor response stabilized at an OCP magnitude of 
approximately 238 mV (Fig. 2).

ATR–FTIR Analysis

ATR–FTIR spectra obtained for DSP and cortisol antibody 
bound to the DSP crosslinker validate their successful func-
tionalization and binding (Fig. 1). The functionalization of 
the crosslinker is validated by the presence of the peaks at 
2995 cm−1, 2910 cm−1, and 1736 cm−1, which indicate the 
symmetric and asymmetric stretching of the methylene 
groups of the alkyl chain and the symmetric carbonyl stretch 
of the DSP linker. The antibody, due to its primary amine 
structure, binds to the DSP crosslinker by cleaving the 
N-hydroxysuccinimide (NHS)–ester bond (as seen by the 
decrease in the 1736 cm−1 peak). This results in the forma-
tion of stable amide I and amide II bonds, as shown by 
peaks at 1650 cm−1 and at 1506 cm−1, 1540 cm−1, and 1558 
cm−1, respectively. CH2 can be visualized from the peaks at 
1406 cm−1 and 1436 cm−1, while CH3 bending is associated 
with the peak at 1317 cm−1.37,38

Sensor Performance Evaluation for Cortisol 
Detection in Synthetic and Pooled Human Sweat

The physiologically relevant cortisol level in human 
sweat ranges from 8 to 140 ng/mL. Calibrated sensor 
dose responses for cortisol detection in synthetic sweat 
and pooled human sweat are depicted in Figure 3A and 
3B, respectively. A linear dose response with R2 = 0.9885 
for synthetic sweat (n = 3) and R2 = 0.9971 for pooled 
human sweat (n = 4) samples, for a dynamic range of 
5–200 ng/mL, was observed. A single low-frequency 

(LF) EIS measurement was used to track the modulation 
of the electrical properties at the electrode–electrolyte 
interface as a result of analyte binding to the antibody. 
The change in modulus of impedance at the LF range  
at ~150 Hz was evaluated to study the variation of the  
double-layer capacitance and the resistance of the leaky 
capacitor corresponding to the cortisol concentration in 
the sweat samples. The variation in sensor output relative 
to baseline was 10–37% for synthetic sweat and 15–45% 
for pooled human sweat measurements.

Sensor Performance Evaluation for Chloride 
Detection in Synthetic and Pooled Human Sweat

Sensor dose responses for chloride detection in synthetic 
sweat and pooled human sweat were studied for a dynamic 
range of 10–100 mM sweat chloride. Linear calibration 
dose–response curves were obtained with R2 = 0.9651 for 
synthetic sweat (n = 3) and R2 = 0.9822 for pooled human 
sweat (n = 4) samples. Similar to sweat cortisol quantifica-
tion studies, change in modulus of impedance at ~150 Hz 
was evaluated to study the modulation of double-layer 
electrical properties due to the capturing of chloride ions 
by the ionophore. From previous literature, it was found 
that the chloride ions (~35.45 g/mol), being high up in the 
Hofmeister series, are strongly attracted to the bulky chlo-
ride ionophore (~582.91 g/mol), and thus binding between 
the two is concomitant to the chloride content in the sweat 
sample. The sensor output relative to baseline was 
observed in the range of 43–86% for synthetic sweat and 
57–81% for pooled human sweat measurements, as shown 
in Figure 4A and 4B.

Sensor Performance Evaluation for 
Combinatorial Detection of Disease and 
Reference Biomarkers in Pooled Human Sweat

As shown in Figure 5A and 5B, a dose-dependent cortisol 
response for both low- (healthy) and high-chloride (dehy-
drated) conditions was observed for low (5 ng/mL), medium 
(100 ng/mL), and high (150 ng/mL) cortisol concentrations. 
When compared to the change in impedance values obtained 
from the calibration dose response for cortisol in pooled 
human sweat in Figure 3B, a shift in output dynamic range, 
due to fluctuation in solution resistance (reflected in imped-
ance modulus value) and charge screening due to the chlo-
ride ions, is observed. The output dynamic range shifted 
from 27 to 56% for low chloride and from 32 to 55% for 
high-chloride conditions. Thus, it is evident that the chlo-
ride ions interfere with the binding between the antigen and 
antibody. Hence, the reported impedance value does not 
correspond to the true (cortisol) value when measured 
against a calibrated dose–response curve (Fig. 3B). This 
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observation further underlines the need, in an electrochemi-
cal biosensor, to incorporate the measurement of the nor-
malized values of the disease biomarker of interest (relative 
to a reference biomarker) in addition to the absolute values. 
From Supplementary Table S1, the influence of charge 
screening due to chloride ions on the reported cortisol con-
centration can be clearly visualized. This underlines the fact 
that reporting individual biomarker values can sometimes 
be misleading. To avoid this problem, normalization of the 
disease biomarker impedance change has been performed 
with respect to the chloride impedance change. The healthy 
state of a low-chloride and medium-cortisol case was con-
sidered as the benchmark for ratio reporting. It was observed 
that there was not much difference in the ratio correspond-
ing to the acute versus benchmark states. In contrast, the 
ratios corresponding to chronic disease states of high corti-
sol (e.g., due to Cushing’s disease) and low cortisol (e.g., 
due to Addison’s disease) were significantly higher. Thus, 
to have higher precision in sweat-based diagnosis, it is bet-
ter to report normalized values of the disease biomarker 
relative to a benchmarking biomarker and not just the indi-
vidual biomarker value alone.

Conclusion

With the rapid rise of IoMT devices, easier internet connec-
tivity, and an increase in diseases due to urbanized lifestyles, 
an increase in vigilance among patients toward their own 
health is being witnessed. We are inching toward a world in 
which patients generate, store, and securely share volumes 
of medical data by continuously obtaining their physiologi-
cal snapshots in real time using these at-home monitoring 
devices. Since the patients are enabled by these devices to 
interpret their medical data and plan hospital visits accord-
ingly, it is of utmost importance that these devices report 
with the highest possible fidelity and accuracy. A large 
chunk of these devices are electrochemical sweat biosen-
sors, which suffer from issues of false alarms and false nega-
tives due to inaccurate measurements of biomarker levels. 
This work attempts to address this issue by proposing a 
combinatorial electrochemical sweat-biosensing scheme, 
which points out the need to report not only the absolute 
disease biomarker levels but their levels relative to a suitable 
reference biomarker as well. As a technological proof, com-
binatorial detection of cortisol hormone along with chloride 
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ion, selected as the indexing marker, was studied in sweat 
samples. Linear calibration dose responses for chloride and 
cortisol detection and their combinatorial detection were 
obtained using a standard metal coplanar two-electrode elec-
trochemical cell. Validation of binding chemistry between 
the cortisol capture probe and the thiol crosslinker was stud-
ied using ATR–FTIR analysis. Variation in the reported cor-
tisol impedance due to sweat chloride ions has been 
demonstrated, which proves that more precise and robust 
electrochemical biosensors can be designed by the proposed 
combinatorial benchmarking sensing scheme. It was 
observed that the fluctuation in chloride ions affected the 
reported impedance change corresponding to the cortisol 
concentration, which may result in misleading diagnoses. To 
combat this issue, a benchmarking solution is proposed in 
which a ratio of the disease biomarker to a suitable reference 
biomarker is considered. It was found that on normalization, 
a clear distinction between acute and chronic disease condi-
tions could be made, because the chronic disease states 
showed a significant change from the benchmark ratio while 
the acute conditions showed negligible change. Thus, we 
can move a step closer to more precise sweat diagnosis, par-
ticularly for at-home monitoring, by using the proposed 
indexing scheme based on sweat biomarker normalization.
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Low 5 ng/mL, 10 mM 5 ng/mL, 70 mM
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High 150 ng/mL, 10 mM 150 ng/mL, 70 mM

Figure 5.  Calibration dose–response curve for cortisol for a relative impedance modulus value of 180 Hz for (A) low chloride and 
(B) high chloride spiked in pooled human sweat. (C) Indexing table for combinatorial quantification of a disease biomarker (sweat 
cortisol, in this work) and reference benchmarking biomarker (sweat chloride).
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