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Supplementary Note 1 | Stress, state anxiety, and mental disorders. 

Stress is a complex concept that has often been used to capture a wide range of phenomena1. For 
example, the term “stress” has at times been used to refer to life events or experiences that occur 
to individuals (e.g., the break-up of a romantic relationship, losing one’s job) and at other times to 
refer to the response to these types of experiences. Given these broad ways in which the term 
“stress” has often been used, there have been calls to increase the specificity with which aspects 
of stress (e.g., stimulus, response) are defined1,2.  For the purposes of this paper, we focus on the 
stress response, defined as occurring when demands placed on an individual exceed his or her 
resources to manage those demands3–5. Stress responses occur across multiple levels and systems, 
including cognitive, affective, behavioral, and biological processes. The stress response is relevant 
to a wide range of mental and physical health outcomes, including depression, anxiety disorders, 
and cardiovascular disease6.  In contrast to the stress response, a stressor is an exposure (e.g., a 
stressful event or stimulus) that triggers this response. In the current study, we examined three 
stressors: the cold pressor test, a virtual reality rhythm game with a social-evaluative component, 
and vigorous exercise. 

As described above, affective processes can comprise the stress response, and we measured state 
anxiety as a key psychological response to stress. Indeed, anxiety has been defined as the body’s 
prototypical psychological response to the stress7. Unlike trait anxiety, which is a relatively stable 
characteristic and is not context-specific, state anxiety assesses the experience of anxiety in the 
moment and thus reflects more transitory responses. Assessing state anxiety permitted us to 
examine current experiences of anxiety that could change in response to the various stressors.  

Mental disorder is defined as mental illness conditions including depression, anxiety disorder, 
psychosis and post-traumatic stress disorder (PTSD)8. Mental disorders differ from normal 
feelings of nervousness or anxiousness and involve excessive, enduring and negative anxiety9. 
They differ from transient fear or anxiety, often stress-induced, by being persistent10. 
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Supplementary Note 2 | Selection of biomarkers and their links with stress responses. 

The stress response involves a complex biological mechanism within the nervous, endocrine, and 
immune systems11,12. The perception of stress activates the hypothalamic-pituitary-adrenal (HPA) 
axis and sympathetic adrenal medullary (SAM) axis from the hypothalamus in the brain. 
Acetylcholine in nerve fibers from both axes will stimulate the adrenal gland, releasing stress 
hormones (e.g., epinephrine, norepinephrine, and cortisol) into the blood. Acetylcholine can also 
activate sudomotor neurons connected to sweat glands that release ion-rich fluids. This 
sympathetic activity can be indirectly measured through the galvanic skin response (GSR) and 
sweat electrolyte levels13. The released stress hormones from the endocrine system will inhibit 
insulin production, affecting the synthesis of metabolites such as glucose, lactate, and uric acid 
(UA), as well as narrow arteries, boosting cardiac activities. We list the correlations between the 
selected biomarkers and stress levels and their mechanisms as follows. 

Pulse. The neurotransmitter acetylcholine can cause the stimulation of the nerves connected to the 
skeletal muscles and muscles involved in cardiovascular and respiratory function, which results in 
an amplified force output by the skeletal muscles and an escalated pace of both heart and breathing 
rate14.  In the cardiovascular system there are β1, β2, α1, and α2 adrenergic receptors: β1 adrenergic 
receptors are expressed in the heart and increases heart rate as well as contractility; β2 adrenergic 
receptors are mainly expressed in vascular smooth muscle and skeletal muscle to increase blood 
perfusion to target organs; α1, and α2 adrenergic receptors are expressed in vascular smooth muscle 
to elicit vasoconstriction15. 

Galvanic skin response (GSR). Activation of SAM axis in a stress event will promote eccrine 
glands’ secretion to generate sweat on the skin16. GSR measures skin resistance between two 
electrodes, and is a crucial vital sign that monitors skin conductance changes from the variation of 
the ionic permeability of sweat gland membranes generated by the sympathetic activity, which is 
directly related to stress arousal and cognitive states17. Therefore, identification of the phasic 
component of GSR allows for the quantification of stress18. The sweating response related to stress 
is reported to mainly be concentrated in the hands, wrists, arms and feet where the sweat glands 
exist densely, which is not directly associated with environmental temperature but with stressors19. 

Skin temperature. Activation of muscle activity as well as the stimulation of eccrine sweat will 
cause the change in skin temperature, and psychological stress can also affect body temperature. 
Psychogenic fever has been a common psychosomatic disease for which is not yet fully 
understood20. Note that, in addition to its importance to stress, skin temperature also has an impact 
on the signals of many biosensors (e.g., enzyme-based sensors), and thus the skin temperature data 
is often used to perform biosensor calibration.  

Glucose. In addition to physical stress response, stress hormones also induce extensive metabolic 
changes in a living organism21. The secretion of epinephrine and norepinephrine  from  the  adrenal  
gland stimulates glycogenolysis and promotes gluconeogenesis in the liver, which breaks down 
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glycogen stored in the liver into glucose, and promotes glucose synthesis from non-carbohydrate 
precursors to enhance the energy necessary for cellular respiration. The stress hormone cortisol 
will also promote gluconeogenesis and inhibit insulin production to prevent glucose from being 
stored. Metabolic biomarkers such as glucose have been identified for chronic stress22, and 
elevated levels of fasting glucose as well as post loaded glucose have been found in chronic stress 
that can cause diabetes23–25. Increased levels of glucose have been statistically associated with 
perceived work stress26, and increase in glucose was also observed in animal models under acute 
physical and emotional stress27,28. 

Lactate. Muscle and brain exertion during stress transform glucose into lactate as a metabolic 
product through anaerobic glycolysis. While increased lactate levels can be obtained through long-
term muscle exercise in the absence of oxygen29, it has also been observed recently that lactate 
plays a significant role at the level of the central nervous system30,31. Lactate is an important energy 
substrate in astrocytes, and the increase in lactate after acute exhaustive exercise are associated 
with cognitive domains such as working memory and stress30, in order to serve as a 
neuromodulator and protect the central nervous system from stress. Previous studies have also 
shown that elevated lactate can be observed in venous blood after both physical and pure 
psychosocial stress tests, while the method was invasive with discrete measurement32–34. 
Continuous measurement of sweat lactate after stressors have not been reported. 

Uric acid (UA). UA is another endogenous compound that impacts the stress response. UA levels 
can impact brain regions that underlie stress reactivity and emotion regulation, and therefore 
directly regulate psychosocial stress and anxiety35. Studies have found that elevated UA is 
associated with daily stress36, body anxiety37 and burnout as well38. Increased UA is also 
commonly observed in patients with chronic stress and mental disorders39–41. 

Sodium ions. The central nervous system has been implicated in electrolyte balance and blood 
pressure regulation as well42. Sweat electrolytes such as Na+ are crucial biomarkers for sweat rate 
indicators. Sodium concentration is also an indicator of hydration state, which controls acute stress 
response43. An increase in sweat sodium concentration has been reported in exercise-induced 
stress44, as well as in mental stress test45. Stress may also cause pressure natriuresis, where 
inadequate increase in urinary sodium excretion in response to stress-induced blood pressure 
increase occurs46. 

Potassium ions. Na+-K+ pump regulation is a crucial mechanism that controls skeletal muscle 
contractility47. Stress hormones such as epinephrine can induce acute hypokalemia in plasma48. 
Potential stress biomarkers also play critical roles in the prognosis and therapy guidance of stress-
related diseases and disorders49, such as obesity50, inflammatory51 and cardiovascular diseases52. 
For example, both K+ and NH4+ are known to be correlated with cardiovascular health and 
fatigue53,54. 
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Ammonium ions. Ammonium appears in the blood mainly due to the breakdown of protein55. 
Psychosocial stress can negatively affect liver metabolism and contribute to the worsening 
progression of hepatic diseases56, while ammonium is a biomarker since the liver converts 
ammonia to urea prior to its excretion57. Ammonium ions along with lactate have also been 
reported to accumulate during graded exercise in humans58. 
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Supplementary Note 3 | Mechanism of PB-NiHCF based enzymatic biosensors. 

Prussian blue (PB) is a highly efficient and selective mediator of hydrogen peroxide. The oxidation 
of D-(+)-glucose, L-lactate, and UA can be catalyzed by their corresponding enzyme glucose 
oxidase (GOx), lactate oxidase (LOx), and uricase (UOx), respectively: 

D-Glucose + H2O + O2 
GOx
!" D-Gluconic Acid + H2O2     (1) 

L-Lactate + H2O + O2 
LOx
!" Pyruvate + H2O2       (2) 

Uric acid + H2O + O2 
UOx
!" Allantoin + CO2 + H2O2      (3) 

The H2O2 is then reduced by the reduced form of PB, known as Prussian white (PW): 

Fe4III[FeII(CN)6]3(PB) + 4e− + 4K+ → K4Fe4II[FeII(CN)6]3(PW)    (4) 

K4Fe4II[FeII(CN)6]3(PW) + 2H2O2 + 4H+ → Fe4III[FeII(CN)6]3(PB) + 4H2O + 4K+  (5) 

In neutral and alkaline solutions, however, Equation (5) becomes: 

K4Fe4II[FeII(CN)6]3(PW) + 2H2O2 → Fe4III[FeII(CN)6]3(PB) + 4OH− + 4K+   (6) 

Conventional PB-based biosensors suffer from poor stability because PB gradually degrades in 
neutral and alkaline solutions as the hydroxide ions (OH−), which is a product of H2O2 reduction, 
can break the Fe−(CN)−Fe bond of PB lattice59: 

Fe4III[FeII(CN)6]3 + 12OH− → 4Fe(OH)3 + 3[FeII(CN)6]4−     (7) 

Therefore, nickel hexacyanoferrate (NiHCF) is introduced, which is catalytically inactive 
compared with PB (FeHCF) but protects the PB nanoparticles from degradation. Of all typical 
transitional metals (Fe, Co, Ni, Cu, Zn), their chemical inertness follows by Zn < Fe < Co < Ni < 
Cu. NiHCF has been reported to be chemically inert and mechanically stable60. Both PB and 
NiHCF belong to the metal hexacyanoferrate group, which share a similar zeolitic crystal structure 
and thus could form a composite without significant lattice mismatch (Supplementary Figs. 8 and 
9). Our electrochemical and SEM characterizations of the PB, PB-NiHCF, PB-CoHCF, and PB-
CuHCF electrodes further confirmed the high electrochemical stability of the NiHCF 
(Supplementary Figs. 5–7 and 10). Upon cyclic oxidation and reduction of the PB, K+ ions from 
the electrolyte solution could incorporate into the interstitial position, while Ni2+ ions could 
substitute nitrogen-coordinated Fe3+ ions due to the wide and negatively charged zeolitic channels 
in the metal hexacyanoferrates crystal lattice, forming substitutional nickel-ion hexacyanoferrate 
(NiFe-HCF): 

Fe4III[FeII(CN)6]3 + (3+3x)K+ + 3xNi2+ + 3e− → 3K1+xNixFe1-xIII[FeII(CN)6] + 3xFe3+ (8) 



 
 

9 
 

Further deposition will form a thin protective NiHCF layer on the NiFe-HCF surface and cover 
the PB redox center. While the inertness of nickel may be unfavorable for hydrogen peroxide 
transduction, the electronegativity of Ni2+ ion is lower than that of Fe3+, and nickel substitution 
would produce an inductive effect to shift electron cloud of Fe-C, raising C-coordinated Fe ions 
to a more positive valence state and enhancing electrochemical activity as compensation 61. Hence 
the PB-NiHCF bilayer retained catalytic activity inherent to conventional PB, while demonstrating 
excellent long-term stability.  

Besides electrochemical inertness of nickel, the substitution of Fe with Ni increases the stability 
of the PB lattice framework through zero-strain characteristics during ion insertion/extraction 
processes62. During long-term operation, alkali-metal ions/electrolytes will insert into the subcubes 
of the lattice as the transition-metal ions change oxidation state63. Conventional PB suffers from 
electrolyte ions as the crystal structure can distort from cubic to a less symmetric rhombohedral or 
monoclinic geometry (Supplementary Fig. 9)62. The general electrochemical equation for the 
insertion of an alkali metal ion into PB follows: 

Fe4III[FeII(CN)6]3 + 4A+ + 4e− → A4Fe4III[FeII(CN)6]3     (9) 

where A is the dominant alkali-metal ions in sweat (i.e. Na+, K+). The ion and water insertion 
process may lead to a large volume variation to accommodate structure change, causing the 
distortion of the PB lattice, thus reducing structural stability. After nickel substitution, studies have 
found that the ionic radius of ferrocyanide Fe4III[FeII(CN)6]3 decreases from 4.55 Å to 4.32 Å in 
Ni[Fe(CN)6]61. Additionally, of all typical transitional metal ions, a smaller ionic radius is 
preferred to withstand ion insertion, where Ni2+ < Cu2+ (0.73 Å) < Co2+ (0.745 Å). Therefore, 
NiHCF was proved the best candidate among the metal hexacyanoferrate group for PB 
stabilization in our study (Supplementary Fig. 7). The reduced lattice constant after Ni 
substitution could withstand ion and water insertion and reinforce the lattice effectively, 
suppressing large structure change during the ion migration process. PB-NiHCF has been reported 
to exhibit a low mechanical strain with small lattice distortion during ion insertion processes64, 
indicating high reversibility of rhombohedral-cubic transition and enhanced cycling performance 
for long-term stability62. 
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Supplementary Note 4 | Mechanism of SEBS/PVC/DOS based ion-selective sensors. 

Our solid contact ion-selective sensors (SC-ISEs) consist of inkjet-printed carbon and ion-selective 
membrane (ISM) directly on top. The ISM contains ionophore, lipophilic anionic sites, membrane 
plastics, and its plasticizer. The target ion (I+) can reversibly bind to an ion-selective ionophore 
(L) at the membrane/solution interface in the following process according to the phase-boundary 
potential model, where (aq) and (m) represent aqueous phase and membrane phase, respectively65: 

I+(aq) + L(m) ⇄ I+L(m)         (1) 

I+ and lipophilic anionic sites R− (also known as ion-exchangers) could also reversibly transfer 
across the carbon/membrane interface, so that electrons could flow to the conductive substrate in 
the local faradaic process65. The free flow of lipophilic anionic sites ensures a constant ion activity 
in the ISM phase. When the target ion concentration changes, such equilibrium at ISM/solution 
interface will change its potential accordingly following the well-known Nernst equation: 

E = E0	–  RT
F

ln
[I+]aq
[I+]ISM

          (2) 

, where E0 is the standard ion transfer potential, R is universal gas constant, T is temperature, F is 
Faraday constant. The ion-to-electron transduction process is generally realized by either 
conductive polymers through redox capacitance or functional materials through an electrical 
double layer capacitance mechanism65. Here, the ISMs are directly placed on top of the inkjet 
carbon without the usage of traditional conductive polymers as SC layers. 

The potential drift ∆E at the carbon/ISM interface can be described as follows: 

∆E	= ∆Q
C

           (3) 

, where ∆Q is the transported charge and C is the double-layer capacitance. In order to minimize 
such potential drift and approach the theoretical Nernst limit, it can be seen that capacitance C 
needs to be sufficiently large. The inkjet carbon nanoparticles we used have a high surface contact 
area with the ISM, which could form a big double-layer capacitance at the carbon/ISM interface. 
The cations in the ISM will attract the electrons in the carbon to establish an electrical double 
layer, and the higher interfacial contact area, the more efficient this ion-to-electron transduction 
will be. The natural chemical inertness of carbon also enables an unpolarizable interface to provide 
a stable phase boundary potential at the SC/ISM interface.  

The applications of ISEs typically depend on their potential stability. The potential drifts of ISEs 
can be attributed to a number of factors including irreversible ion-to-electron conversion during a 
number of charging/discharging cycles, leaching of ionophore into test solutions and ISM 
properties. For the ISM membrane, a PVC/DOS matrix has been widely used due to its 
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characteristically faster ion diffusion coefficients on the order of 10−8 cm2 s−1, which facilitates 
fast ion partitioning between the organic and aqueous phase66. However, pure PVC/DOS-based 
ISEs may suffer leaching of ionophore and other components from the membrane phase into 
sample solution as a result of a big diffusion coefficient, which could result in a potential drift of 
~2 mV h−1 over time67, and thus is unfavorable for long-term daily monitoring. These leached 
materials could cause potential inflammatory responses for wearable and in vivo applications as 
well65. Previous studies have introduced the addition of silicone rubber or plasticizers with high 
lipophilicity into the ISM to improve analytical performance and reduce biofouling68, but the 
potential drift was still high in their studies. Here, we introduce thermoplastic elastomer styrene-
ethylene-butylene-styrene (SEBS) into the ISM with superior reproducibility and stability. The 
added stretchable SEBS elastomer could significantly improve the mechanical properties, and 
promoted the adhesion between ISM and underlying electrode without delamination. The SEBS is 
highly lipophilic, which will suppress the leaching of active components from the membrane. Such 
hydrophobicity will also inhibit water formation at the SC/ISM interface, which is the main reason 
for the SC-ISEs drift and failure due to the intrinsic water uptake and diffusion in the polymeric 
membrane65. In addition to increasing mechanical flexibility and preventing water penetration and 
leaching, the SEBS polymer has a small ion diffusion coefficient and water diffusion coefficient 
on the order of 10−13 cm2 s−1 69. Such low diffusion coefficient on the one hand ensures that the ion 
concentration within the membrane is relatively stable over a dynamically changing medium, but 
on the other hand may cause a significantly longer conditioning treatment before equilibrium for 
pure SEBS-based ISM. Mixing SEBS together with the PVC/DOS can retain the fast ion diffusion 
coefficients of PVC/DOS matrix relatively and only requires pre-conditioning within an hour, 
while prolonging sensor lifetime significantly with a negligible drift of merely 0.04 mV h−1 over 
time. 
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Supplementary Note 5 | Significance of differentiating stressors and stressor designs 

Distinguishing types of stressors has been recognized as a necessary condition for understanding 
the complex interrelationships among distinct stress experiences, as well as the collective impacts 
of stress on mental health70–72. The influence of stress type have been known to cause varying 
physiological processes in medical students73, caregivers74, employees75, children76, and 
adolescents77,78, as well as in animal models79. For example, VR has been adopted in stress training 
programs to decrease levels of perceived stress and negative affect in military personnel80. As the 
virtual environment  guides the patient back to the scene of their traumatic event, where the original 
stressor occurred, studies have shown that reliving the stressor can help treat PTSD in 
warfighters81. In terms of performance, research has found that adults’ reactivity to daily stressors 
depends on the stressor type, emphasizing the importance in identifying different stressor types for 
characterizing risk factors71. For example, the stressor type has been validated as a modifiable risk 
factor for coping responses and cardiovascular diseases72,82. Therefore, identifying the types of 
stressors, as well as linkages between types of stressors and human adjustment is highly desired 
and a prerequisite for stress management70,77,83. 

The two-way communication between the major effector systems and the brain exist to provide 
feedback and avoid over-reactivity84. Therefore, the biological system activation not only depend 
on objective measures of stressors, but also the subjective perceptions of the stressor84. According 
to the two-factor model on emotions, our body first experiences a physiological arousal to a 
stressor, which the minds interpret as a psychological feeling or emotion. The cognitive appraisal 
in the two-factor model is situation dependent, and hence relies on the type of stressor the subject 
experiences. Our model does not predict an individual emotion but the aggregate of multiple 
emotions in the form of a state anxiety score. The features used to predict state anxiety should 
contain information about the stressor given the situational dependance, which is why we tested 
our platform across different activities and demonstrated the capabilities to use our multimodal 
sensors for activity differentiation as well as anxiety prediction. Note that our limited number of 
activities do not fully represent all possible cognitive experiences, which requires a population 
level of human trials beyond the scope of our study. In our designed stressor experiments, we 
designed three controlled stress studies to monitor and evaluate stress and anxiety levels. Our study 
selected the following three stressors, cold pressor test (CPT), virtual reality challenge (VR), and 
vigorous exercise. 

CPT is a validated and reliable acute physiological stressor that triggers immediate HPA axis 
activation without the need for vigorous activities85. CPT has been widely used for stress response 
studies86–88, and in our CPT study, while we only observe mild changes of these biomarkers, we 
did not observe much variations in participants’ levels of state anxiety on the STAI questionnaire. 

VR is attracting a growing research interest due to its seamless integration capabilities for instilling 
psychological stress and its highly controllable user experience89–92. Previous studies have 
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validated stressful VR environments to generate psychological stress and a stronger emotional 
response93–95, while most studies mainly focused on physical markers monitoring, such as GSR, 
ECG, and EEG89–91. For our VR study, the subjects were required to sit on a chair with one hand 
playing beat saber. While some hand and arm movement are inevitable, our design has minimized 
the variation caused by physical activities such as exercise. 

Exercise and intense physical training have been validated stressors by numerous studies96–100, 
which is related with both physiological and psychological stress. Specifically, the ergometric 
stress test has been adopted as a standard stress test in many instances98,101,102. Previous research 
has pursued potential biomarkers in sweat that are connected with submaximal exercise103, but the 
intermittent and invasive collection cannot show the dynamic change of sweat compositions over 
time. In our exercise design, the subjects performed maximum-load cycling on a stationary 
exercise bike with strong verbal encouragement. Strength training has been concluded to induce 
physiological stress97. For athletes, military and fireman that have an intense physical training and 
work, stress may have serious consequences and impact on performance. Screening potential stress 
biomarkers in sweat has been studied in sports and exercise, while most studies utilize commercial 
mass spectrometry to attain a discrete profile rather than continuous monitoring96. While physical 
exercise itself may change the levels of biomarkers in the study, high levels of state anxiety (a key 
psychological response to stress) were observed on the STAI questionnaire due to acute intense 
exercise. To further classify and evaluate stress response, we designed a ML pipeline accordingly 
to find the underlying relationship between biomarkers and stress/anxiety levels of participants. 
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Supplementary Note 6 | Selection of questionnaires. 

Our pioneering study aims to introduce and quantify acute stress responses within a very short 
period of time without causing experimental interruption, and therefore we seek state measures of 
the stress response to monitor changes with each particular stressor test. We list here six 
questionnaire candidates that have been commonly used for stress and anxiety measurement. Each 
questionnaire and their intentions are discussed below: 

The Perceived Stress Scale (PSS) is a classic measure of stress perceptions, which consists of 10 
items querying whether individuals perceive their lives to be uncontrollable, unpredictable, and 
overwhelming104. However, the questions in this scale ask about average feelings and thoughts 
during the last month, and thus do not capture the immediate stress responses central to our study. 

The Perceived Stress Questionnaire (PSQ) is an instrument for assessing stressful life events and 
circumstances that tend to trigger or exacerbate disease symptoms105. The questionnaire consists 
of 30 items, asking the subject’s general feeling during the last year or two, and is not suitable for 
momentary stress response assessment in our study. 

The Depression Anxiety Stress Scale (DASS) is a self-report instrument for measuring depression, 
anxiety and stress altogether106. The questionnaire consists of 42 items, and queries average 
feelings in the past week. It is therefore not aligned with the momentary stress response measures 
required for our study. 

The State-Trait Anxiety Inventory (STAI-Y) is a self-report questionnaire that measures state 
anxiety. The questionnaire consists of two subscales with 20 items each, of which state anxiety 
scale Y-1 measures the subject’s feeling “right now/at this moment”, while trait anxiety scale Y-2 
asks for the subject’s general feeling. The STAI-Y questionnaire was reported to have a high 
internal consistency coefficient of 0.91−0.93 for college students and working adults107. In 
practice, since stress and state anxiety are closely correlated, a number of stress research papers 
used STAI-Y questionnaire for the assessment of stress93,108–112. 

The Beck Anxiety Inventory (BAI) is a self-report measure of anxiety113. The questionnaire 
consists of 21 items of common symptoms of anxiety, and asks the level subjects have been 
bothered by each symptom during the past month. Thus, it does not capture solely acute stress 
responses, as required in our study. 

The Hospital Anxiety and Depression Scale (HADS) is a questionnaire that assesses both anxiety 
and depression114. It is intended for a general medical patient population, and items measure 
average feelings in the past week. It is therefore not the optimal tool for assessing stress response 
in our study. 
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Thus, we selected the STAI-Y1 as our questionnaire in this study to measure state anxiety level—
our key psychological response to stress. Our stress study measures the multimodal stress response 
as a demonstration for CARES platform, and use ML to classify different stress events. We further 
use ML to quantify the effect of stress on state anxiety level as a demonstration. 
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Supplementary Note 7 | Role of artificial intelligence in decoding the links between 
biomarkers and stress 

Biomarker discovery typically requires a large-scale research effort, diversified across activities, 
especially for complex syndromes such as the stress response due to the interactions between 
multiple hormones and biological systems. Despite the challenges in validating novel biomarkers 
for anxiety, there has been a growing pressure to investigate these biomarkers’ influence on stress-
related disorders. During stress induced activities, multiple systems including physiological vital 
signs as well as multiorgan-metabolic and endocrine systems are involved and intercorrelated49. 
The stress response is a complex biological process which can cause changes in physiological 
factors, as well as biofluids of many hormones, metabolites and electrolytes. Given the interplay 
between different potential biomarkers, analyzing a single marker is therefore not enough to 
understand the complex activity of the autonomic nervous system, and the only way to assess an 
individual’s unique influence on the stress response is to track and compare each potential 
biomarker simultaneously. In addition, the ability for continuous monitoring the important stress 
hormones at physiologically relevant levels has not yet been achieved using wearable sensors. A 
precise understanding of the relationship between the stress response and general health would 
involve the analysis of different biomarkers together, understanding the relative importance of 
each marker, as well as exploring new non-invasive multisystem biomarkers19. 

After integrating multiple biomarkers onto a single platform, isolating stress-related trends 
becomes difficult. It is therefore natural to apply artificial intelligence (AI) to deconvolute the 
biological mechanism behind different stress responses, and to study the potential correlations 
between different biomarkers. The multimodal data collected by the CARES platform are high-
dimensional and consists of 60,000 s, making traditional statistical approaches inadequate. ML 
algorithms, however, excel in these circumstances. They can model complex, nonlinear 
relationships and interactions among variables, thereby helping to better identify and understand 
the underlying associations between physiological biomarkers and the stress response. ML models 
are particularly good at making predictions based on patterns in data. If a reliable connection 
between physiological biomarkers and stress can be identified, ML can help predict stress and state 
anxiety levels based on a combination of raw biomarkers, and identify the most relevant features 
(in this case, biomarkers, as shown in Fig. 4g, i, j) that contribute to the outcome. While it is an 
unsolved problem in machine learning and fundamental computer science field regarding the ML 
model interpretations and explanability115,116, in our study we adopted ML to derive correlation 
between these biomarkers and state anxiety levels, where clinical STAI-Y questionnaire is treated 
as the gold standard for data training.  
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Supplementary Note 8 | Pulse analysis and feature extraction. 

The pulse analysis algorithm was written as an iterative and adaptive model for analyzing arterial 
pulse in semi-real time (i.e., after each pulse is fully formed). The first step in the process was to 
filter and separate individual pulses. During the experiment, pulse data was sampled at a sampling 
frequency of around 0.007 s. For a typical relaxing heart rate between 60 and 100 beats per minute, 
this yielded approximately 84 to 139 points per pulse respectively. For this sampling frequency, 
we found that a Savitzky–Golay (SG) filter with length 9 and order 2 was sufficient to remove 
small noise within the dataset. We opted for an SG filter over a low pass filter at this stage due to 
the sharp transitions between pulses from the end of the tail wave to the systolic rise. Applying a 
low-pass filter would cut off some of the data due to the superposition of low and high frequency 
components. In particular, the low pass filter at this stage would affect the systolic amplitude as 
well as the systolic rise time – two important features of the pulse. After the SG filter, the pulse 
data was noisy, but showed clear distinct features in its first derivative for pulse separation. 

Individual pulses were isolated based on the slope of their systolic peak. Instead of choosing a 
constant systolic threshold across the dataset, we utilized an adaptive iterative method for 
identifying the systolic rise. We opted for an iterative method as the systolic rise can vary due to 
biological responses (arterial vein tightening) as well as from amplitude drift in the sensors. 
However, between subsequent pulses (around 1.6 to 2 seconds), these differences do not 
significantly affect the systolic slope. After identifying one systolic peak, the next peak could be 
found using two criteria: at least half the systolic slope and 0.33 seconds (180 beats/min) away 
from the previous systolic peak. The time duration criteria ensured that the dicrotic peak was not 
accidently labeled as a systolic peak, while not overshooting and missing the next systolic rise. To 
calculate the initial systolic slope’s threshold, the first 1.5 seconds was used as calibration, where 
the maximum slope was used as the baseline systolic threshold. After the analysis, each dataset 
was verified for proper pulse separation, and it was noted that all pulses were properly extracted. 
To discount noise from wire movements and motion artifacts, if two systolic peaks were identified 
greater than 2 seconds (30 beats/min) apart, then the corresponding pulse interval was removed. 
After isolating an individual pulse, second round of filtering was applied to remove the remaining 
noise. An 18 Hz third order low pass filter was applied followed by another SG filter. After 
filtering, first, second, and third order derivatives were calculated using an SG filter of length 3 
order 2. A linear baseline was subtracted from the start to the end of the pulse to remove the 
remaining background drift. At this point, all pulses and their derivatives were smooth and ready 
for feature extraction. 

To extract features from specific components of the pulse, derivatives instead of commonly-used 
gaussian decomposition were utilized to differentiate and segment the pulse waveforms 
(Supplementary Fig. 35a). The peaks detected for each pulse waveform were extracted amplitude 
and time intervals as features for the ML model. Each pulse waveform was first normalized 
according to their systolic peak intensity amplitude, which yielded stable feature output against 
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patch variations as well as moderate motion artifacts (Supplementary Figs.  36 and 37). In 
previous attempts, we added an extra processing method using four gaussian decomposition to 
further isolate each individual systolic, tidal, dicrotic, and tail wave component of the pulse. This 
method proved to be time costly with high variability between pulses due to multiple optimal 
gaussian combinations that fit the overall waveform. Furthermore, even with individual 
optimization of the decomposition, the features obtained through this method were noisier than 
features extracted from the pulse directly due to small amplitude variations in the fit. From the 
systolic peak, four consistent points across all waveforms were identified in the following order of 
appearance: the systolic peak, the maximum slope, the maximum and minimum second derivative. 
From the tidal wave, two consistent points across all waveforms were identified in the following 
order of appearance: the tidal peak and the third derivative maximum after the tidal peak. From 
the dicrotic wave, four consistent points across all waveforms were identified in the following 
order of appearance: the dicrotic notch, the maximum slope of the dicrotic rise, the dicrotic peak, 
and the minimum slope after the dicrotic peak. The tail wave was too noisy to extract meaningful 
features as the wave is not as large and consistent as the others. Each above group formed a reliable 
and consistent set of points to extracts various attributes about each waveform. Additionally, if 
any set of points were not found in the correct order, the pulse was not analyzed, offering a criterion 
for removing noisy data. 

Of the points mentioned above, the tidal peak is known to be weak, requiring high sensitivity to 
properly measure. Moreover, the tidal peak amplitude can fluctuate within a dataset. Correctly 
identifying the faintest trace of the tidal peak even when the peak is not visually present was a 
challenge. This challenge was investigated due to the importance of the tidal feature. There are 
three main ways we identified the tidal peak. All methods look for the tidal wave within a specific 
section of the pulse, where the start of the tidal region was defined after the systolic peak, and the 
end of the tidal region was defined as the dicrotic notch. The algorithm attempted to extract the 
tidal peak using the following three methods in order of attempts: 1) If the tidal peak was large 
and well-formed then the tidal peak maximum is the zero-crossing of the first derivative in the 
tidal region. 2) As the tidal amplitude decreases, the extrema will become a saddle point and is 
identified by the maximum of the first derivative in the tidal region. 3) If no peak is easily identified 
in the first derivative due to noise, then we take the second derivative zero crossing (i.e., the 
maximum of the first derivative peak) in the tidal region. It is important to note that all three 
searching methods refer to the same saddle point but obtain the index through looking at the next 
derivative. Each method comes with its own level of tolerance for finding the correct saddle point. 
In practice, the tidal peak is found mainly through the first derivative, sometimes through the 
second derivative. A visual example of how we found these points is further shown in 
Supplementary Fig. 35b. Pulse feature extraction was validated upon finding consistent and 
important features for predicting stress response. 
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Other than pulse signals, all other physicochemical biomarkers were sampled at a sampling 
frequency of 1 s. After filtering and normalization, these signals themselves served as a feature 
and directly went through the ML pipeline. 

For overall stress and state anxiety level evaluation, due to the intrinsic limitations of stress 
questionnaires being able to only characterize an overall stress and state anxiety level within a 
given time period rather than dynamic stress change continuously, we analyzed the stress response 
event as a whole to mimic questionnaire functionalities. In this circumstance, the original dataset 
was reduced, and further feature extraction was performed by taking mean signal changes from 
the moving average (MA) of sensors rather than segmented at each timepoint. Features were 
extracted from the relaxation and stress region with a simple MA rolling window of 100 s. Simpler 
linear ML models, including linear regression, SVM, and stochastic gradient descent regressor 
were evaluated and performed better in terms of R2 score and mean squared error given the 
reduced dataset (Supplementary Fig. 40a,b). With the reduced size of dataset and simple linear 
models, we also reduced number of features to prevent overfitting by performing a brute force 
feature selection within each biomarker (Supplementary Fig. 40c). We found that combination 
of physicochemical features outperformed that of physical and chemical sensors alone, and 
chemical information can supplement pulse data that we are missing to produce a higher accuracy 
than either sensor in isolation, allowing us to reduce the feature numbers to four while maintaining 
a high R2 score of 91.52% (Supplementary Fig. 40d). Through SHAP analysis, we found that 
each biomarker category (pulse, GSR, metabolites, and electrolytes) provided non-overlapping 
and valuable information for stress and state anxiety level prediction. 
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Supplementary Note 9 | ML evaluations and metrics. 

Metrics for binary and multiclass stress classification: confusion matrix, accuracy, precision-
recall, and F1 score. 

Confusion matrix, also known as the error matrix, is a table that visualizes the accuracy between 
actual classes and predicted ones (Supplementary Fig. 38c,d). For binary classifications, the 
confusion matrix is represented by a positive and a negative class. True positive (TP) is defined 
when the prediction correctly indicates the positive class, and likewise true negative (TN) is 
defined for correctly predicted negative ones. False positive (FP) is defined when the prediction 
incorrectly indicates the positive class, and false negative (FN) is defined for incorrectly predicted 
negative class. For multiclass classifications, the confusion matrix is represented by the labeled 
classes. 

Accuracy represents the total number of correct predictions over all predictions and is defined as: 

Accuracy	=	
TP	+	TN

TP	+	TN	+	FP	+	FN 

However, accuracy may not be a good measure when the dataset is imbalanced, as a high accuracy 
in the majority class may lead the model to have a high overall accuracy even if other classes were 
predicted poorly. In our dataset, the relaxation state outweigh the stressed state, and using accuracy 
alone in our scenarios can result in misleading interpretation of high results. 

Therefore, precision-recall is introduced along with their combination metric F1 score, and is a 
better measure than accuracy. Precision is a measure of result relevancy, while recall is a measure 
of how many truly relevant results are returned, and they are defined as: 

Precision	=	
TP

TP	+	FP , 	Recall	=	
TP

TP	+	FN 

F1 score is the harmonic mean of precision and recall:  

F1 score	=	2	×	
Precision	×	Recall 
Precision	+	Recall  

Precision-recall plot is displayed for model selection in binary stress/relaxation detection 
(Supplementary Fig. 38b), and F1 score is displayed for the finalized model across different 
individuals (Supplementary Fig. 38d). For multiclass classifications, the precision-recall and F1 
score should represent across all classes. Two averaging techniques were taken: micro and macro-
averaged precision-recall, where micro quantifies the scores on all classes jointly, and macro takes 
arithmetic mean of per-class. They are defined as: 
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Micro:Precision	=	
∑ TP(class i)
N
i=1

∑ TP(class i)
N
i=1 +∑ FP(class i)

N
i=1

,	Recall	=	
∑ TP(class i)
N
i=1

∑ TP(class i)
N
i=1 +∑ FN(class i)

N
i=1

 

Macro:Precision	=	
1
N
#Precision(class i)

N

i=1

,	Recall	=	
1
N
#Recall(class i)

N

i=1

 

where N denotes number of classes. The choices of metric depends on the ranking of the classes, 
since micro-averaging computes the proportion of correctly classified result over all observations 
(i.e., overall accuracy), and macro-average treats all classes in an equally weight. Both cases were 
used in our study. In model selection process, micro-averaged precision-recall is utilized for 
evaluating overall performance regardless of stress categories (Fig. 4c). In evaluating classification 
accuracy, on the other hand, macro-averaged F1 score is displayed in Fig. 4e which evaluates 
performance in each stress type while micro-average is plagued to misleading interpretation of 
high results (Supplementary Fig. 39a). 

Metrics for state anxiety level regression: mean squared error, R2 score, and confidence level. 

Mean squared error (MSE) measures the average of the squares of the errors between predicted 
and true values, which is one of the most widely used metrics for regression (Supplementary Fig. 
40b). 

R2 score, also named as coefficient of determination, is another crucial statistical measure of 
regression. It measures the proportion of variation in the output dependent attribute that is 
predicted from the input independent variables, and tells how well the regression model fits the 
data. R2 score is upper bounded by the value 1, attained for perfect fit (Supplementary Fig. 40a). 

Confidence interval is defined as a range of estimates for an unknown parameter (herein, state 
anxiety level), and is calculated at a designated confidence level. Due to the natural standard 
deviation of questionnaire scores as aforementioned, we take ±2 anxiety points as the confidence 
interval buffer for state anxiety level evaluation. Confidence level is calculated accordingly after 
model training by the proportion of predicted values that falls within this range in testing dataset 
(Fig. 4h). We anticipate that for large-scale human trials with autonomic physiological signals 
collected from the CARES device can remove this bias, and provide a more robust stress 
assessment tool as a possible replacement of the questionnaires for stress quantification. 

Feature importance evaluations using SHAP: After feature extraction, the feature importance of 
each biomarker was evaluated using Shapley additive explanation (SHAP) values, which utilizes 
a game theory approach to explain a feature’s individual and overall contribution to the final 
prediction. Effectively, the SHAP value of a feature represents the average marginal contribution 
of the feature across the entire dataset (all prediction instances). To gain an understanding of how 
each biomarkers affect stress classification, we segmented the SHAP analysis across each stress 
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state (Fig. 4g, Supplementary Fig. 39b,c). Similarly, the SHAP contributions of each feature is 
shown in Fig. 4i and Supplementary Fig. 40e for state anxiety level prediction. Both figures 
indicate that while individual feature importance can vary across a dataset, there is no single feature 
that dominates the outcome. This SHAP analysis is extended in Supplementary Fig. 39d, Fig. 4j 
and Supplementary Fig. 40f, where the stress contribution of each feature starting from an initial 
average stress state is displayed. In our study, a low GSR profile plays a dominant role in the 
relaxation state in the ML model, followed by the sweat rate indicated by Na+, heart rate indicated 
by pulse duration, and glucose concentration in sweat. For physiological stress induced with 
vigorous exercise, the pulse features such as heart rate, systolic and dicrotic peak waveforms have 
a major influence on stress classification, and lactate concentration in sweat also plays an important 
role. It can be inferred that due to natural sweat induction during extensive exercise, the GSR 
tracks mixed signals of not only sweat gland activity in skin but also sweat fluid conductivity itself, 
and therefore GSR may not be sufficient to distinguish exercise-induced stress for the ML model. 
For physiological stress in CPT that is induced without vigorous activities, the electrolyte 
concentrations including NH4+ and Na+ as well as GSR have a dominant impact on model 
classification. As for the psychological VR challenge, while the heart rate increases similarly with 
that of vigorous exercise, GSR remains the key feature since no intense natural sweating occurred. 
As seen in the figures, there is no feature that dramatically alters or contributes an abnormally high 
contribution to the final stress prediction. Rather, each feature has a relative contribution to predict 
the final state anxiety score. This contribution may be large or small; however, no biomarker 
drastically outweighs the importance of another. This informs us that each feature is individually 
valuable to the final accuracy of the model, carrying relevant information that should not be 
discounted. Through the SHAP values, we gain a more in depth understanding of how each 
biomarker contributes to the stress across each experimental protocol. 

Note that SHAP analysis is designed as a game theory approach in determining a biomarker’s 
individual non-overlapping contribution to the prediction117, and shows the relative significance 
in the model instead of building the absolute contribution to state anxiety. SHAP is in combination 
of all features that we understand what each feature is doing relatively to the model and tells us 
how much the model output changes when we change each input feature, instead of each feature’s 
absolute role to final prediction objective. In our study, SHAP shows that these metabolites and 
electrolytes do hold non-overlapping information that contribute to the model. 
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Supplementary Table 1 | List of sweat metabolite sensors for on-body monitoring. 

Analyte Analytical 
method     

Detection 
element Layers   Stability   Stability 

in sweat   Reference 

Glucose, 
lactate 

Electrochemical-
amperometry GOx, LOx Au/PB/chitosan-CNT-

GOx, LOx 2 hours 2 hours 67 

Glucose Electrochemical-
amperometry GOx Au/PB/NiHCF/agarose-

chitosan-glycerol-GOx 20 hours 1.25 
hours 

118 

Glucose Electrochemical-
amperometry GOx Graphene/PB/GOx/Nafio

n 6 hours N/A 119 

Glucose, 
lactate 

Optical-
colorimetry GOx, LDH GOx with iodide, LDH 

with diaphorase 6 hours N/A 120 

Glucose Electrochemical-
amperometry GOx GOx/carbon PB 1 hour 1 hour 121 

Glucose Electrochemical-
amperometry GOx Au/ZnO/DSP/GOx 

antibody/GOx 4 hours 4 hours 122 

Lactate Electrochemical-
amperometry LOx Carbon fiber/CNT-

TTF/BSA-LOx/chitosan 8 hours 1 hour 123 

Lactate Electrochemical-
amperometry LOx Graphite-PB/BSA-

LOx/chitosan 2 hours 2 hours 124 

UA 
Electrochemical-
differential pulse 
voltammetry 

Oxidation 
current peak Laser-engraved graphene 2 hours 2 hours 125 

Glucose, 
lactate, 
UA 

Electrochemical-
amperometry 

GOx, LOx, 
Uricase 

Carbon/PB-
NiHCF/BSA-GA-GOx, 
LOx, uricase 

100 
hours 

100 
hours This work 

 
GOx, glucose oxidase; LOx, lactate oxidase; PB, Prussian blue; CNT, carbon nanotube; TTF, tetrathiafulvalene; LDH, 
lactate dehydrogenase; GA, glutaraldehyde. 
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Supplementary Table 2 | List of sweat electrolyte sensors for on-body monitoring. 

Analyte Substrate Functional 
materials ISM matrix        Stability   Stability 

in sweat Reference 

Na+ Screen-printed 
carbon Carbon PVC/DOS 2.8 mV h−1 1 hour 126 

Na+, K+ Au PEDOT:PSS PVC/DOS 2–3 mV h−1 2 hours 67 

K+ Glassy carbon PEDOT:PSS Silicone 
rubber/PVC/DOS 0.14 mV min−1 N/A 68 

K+ Screen-printed 
carbon 

Ferrocyanide/P
EDOT:PSS PVC/DOS 0.8 mV h−1 N/A 127 

K+ Carbon/Graphit
e 

Single-walled 
CNT 

Poly(n-
butylacrylate) 0.19 mV h−1 N/A 128 

Na+ Au Au 
nanodendrites PVC/DOS 0.22 mV h−1 2 hours 129 

K+, Ca2+, 
H+ Graphene paper Graphene 

paper PVC/o-NPOE 1.92–2.27 mV 
h−1 N/A 130 

NH4+ Screen-printed 
Ag 

Screen-printed 
carbon PVC/o-NPOE N/A 1 hour 57 

Na+, K+ 
PB analogues 
(Na-NiHCF, K-
FeHCF) 

PB analogues 
(Na-NiHCF, 
K-FeHCF) 

PVC/o-NPOE or 
PVC/DOS 

10–50 mV 
day−1 N/A 131 

Na+, K+, 
NH4+ Inkjet carbon Carbon 

nanoparticles SEBS/PVC/DOS 0.04 mV h−1 100 
hours This work 

 
PVC, polyvinyl chloride; DOS, bis(2-ethylhexyl) sebacate; LEG, laser-engraved graphene; o-NPOE, o-nitrophenyl 
octyl ether. 
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Supplementary Table 3 | List of pulse features extracted for ML pipelines. 

Feature name Feature description 
systolicPeakTime The time duration from the start of the pulse to the systolic peak. 
tidalPeakTime The time duration from the start of the pulse to the tidal peak. 

dicroticPeakTime The time duration from the start of the pulse to the dicrotic peak. 

pulseDuration The time duration from the start to the end of the pulse, which is 
inverse to heart rate. 

pAIx 

The peripheral augmentation index (pAIx) is a measurement of arterial 
stiffness, considering the amplitude ratio of the first reflected wave 
over the systolic waveform. pAIx has been correlated with 
cardiovascular disease and cholesterol. Height, gender, and age may 
all effect pAIx. pAIx may also be referred to as the radial augmentation 
index in the literature. 

pAIx = 
tidalPeakAmp
systolicPeakAmp

 

reflectionIndex 

The reflection index (RIx) is influenced by the vascular tone and the 
endothelium’s (arterial lining’s) condition. Higher RI values indicate 
a stressed endothelium. RI values can be influenced by caffeine and 
exercise. RI may also be referred to as the diastolic augmentation 
index in the literature. 

RIx	=	
dicroticPeakAmp
systolicPeakAmp
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Supplementary Table 4 | List of ML accuracy for stress and state anxiety monitoring using 
wearables. 

Sensors     Model Subjects Y/N Classify 
Accuracy 

Stressor 
Classify 
Accuracy    

Stress/State 
Anxiety 
Level 
Accuracy 

References 

2 separate physical 
(ECG, GSR, EMG, 
Resp, T, Acc) 

linear 
discriminant 
analysis 

15 92.28% 79.57% N/A 109 

Physical (PPG, 
GSR, T, Acc) SVM 5 95% N/A N/A 111 

Physical (ECG, SC, 
Resp) 

Bayesian 
network 13 84% N/A N/A 132 

ECG CNN+RNN 13, 9 87.39%, 
73.96% N/A N/A 133 

Physical (HR, GSR) CNN 10 91.8% N/A N/A 134 
GSR SVM 9 73.41% N/A N/A 135 
Physical (HRV, 
Resp) 

logistic 
regression 10 81% N/A N/A 136 

Physical (GSR, Acc) logistic 
regression 12 91.66% N/A N/A 137 

Physical (HRV, 
GSR, T) random forest 32 94.52% 78.15% 

81.82%, 
82.70% for 
low and high 
stress 

83 

Physical (ECG, EMG, 
GSR, Resp) 

linear 
discriminant 
analysis 

32 94.7%, 97.4% N/A N/A 138 

Physical (Pulse, 
GSR, T) + Chemical 
(glucose, lactate, 
UA, Na+, K+, NH4+) 

random forest 
XGBoost 10 99.2% 98.0% 98.7% This work 

ECG, electrocardiogram. GSR, galvanic skin response. EMG, electromyography. Resp, respiration. T, temperature. 
Acc, Acceleration. PPG, photoplethysmogram. BVP, blood volume pulse. 
CNN, convolutional neural network. LSTM, long short-term memory. SVM, support vector machine. RNN, recurrent 
neural network.  
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Supplementary Fig. 1 | Characterization of the inkjet-printed CARES electrodes. a, 
Schematics of inkjet printing mechanism. b, Optical image of a flexible CARES sensor array 
fabricated via mass-producible and low-cost inkjet printing. Scale bar, 1 cm. c, Optical image of 
an ultrathin CARES patch on a subject hand. Scale bar, 1 cm. d–f, SEM images of inkjet-printed 
Ag (d), carbon (e), and cross-section of Ag-carbon interconnect (f). Scale bars, 500 nm. 
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Supplementary Fig. 2 | Fabrication process of the flexible CARES patch. 
  

PI coating on SiO2 wafer Bottom layer printing PDMS coating Laser patterning and etching

Top layer printing Laser patterning Pattern transfer and assembly
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Supplementary Fig. 3 | Layered assembly of microfluidic CARES system. a, Detailed sensor 
configurations and pin assignments of the CARES. b,c, Optical images of CARES sensor patch 
after biochemical sensors preparation (b) and the microfluidics module (c). Scale bars, 1 cm. d, 
The layer breakdown of the CARES system. 
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Supplementary Fig. 4 | Characterizations of PB-NiHCF nanostructures. a, STEM and 
corresponding EDS mapping images for inkjet-printed carbon/AuNPs/PB-NiHCF cross-sectional 
layers. Scale bar, 100 nm. b,c, Bright field (b) and dark field (c) STEM images of Au/PB-NiHCF 
interfaces. Scale bar, 10 nm. d, Statistical distribution of Fe and Ni atoms based on the EDS. 
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Supplementary Fig. 5 | Electrochemical characterizations of PB, PB-NiHCF, PB-CoHCF, 
and PB-CuHCF against degradation. a–d, Chronoamperometric responses of PB (a), PB-
NiHCF (b), PB-CoHCF (c), and PB-CuHCF (d) electrodes in the presence of McIlvaine buffer 
solutions containing 0, 50, and 100 µM H2O2. 
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Supplementary Fig. 6 | Electrochemical characterizations of PB, PB-NiHCF, PB-CoHCF, 
and PB-CuHCF against ion insertion. a, Cyclic voltammetry (CV) scans of PB and PB-NiHCF 
electrodes from -0.2 V to 0.8 V for 15 cycles. Scan rate, 50 mV s−1. b, CV scans of PB-NiHCF 
electrodes from -0.2 V to 0.8 V for 70 cycles. Scan rate, 50 mV s−1. c, CV scans of PB electrodes 
from -0.2 V to 0.2 V for 10 cycles. Scan rate, 50 mV s−1. d, CV scans of PB-NiHCF electrodes 
from -0.2 V to 0.2 V for 600 cycles. Scan rate, 50 mV s−1. e,f, CV scans of PB-CoHCF and PB-
CuHCF electrodes from -0.3 V to 0.8 V for 50 cycles. 
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Supplementary Fig. 7 | The long-term stability test for PB, PB-NiHCF, PB-CoHCF, and PB-
CuHCF based glucose sensors. a–d, Amperometric responses of glucose sensors based on PB 
(a), PB-NiHCF (b), PB-CoHCF (c), and PB-CuHCF (d) in PBS solutions containing 0, 50, 100 
µM glucose. 
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Supplementary Fig. 8 | Schematic of passivation mechanism of PB-NiHCF. Hydroxide ions 
(OH−) can break Fe−(CN)−Fe bond while nickel serves as protection layer to prevent PB 
degradation. 
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Supplementary Fig. 9 | Schematic of ion intercalation mechanism of PB and PB-NiHCF. 
Cubic PB structure can distort from to a less symmetric rhombohedral or monoclinic geometry, 
while nickel substitution could reduce lattice constant and suppress structure distortion. 
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Supplementary Fig. 10 | Microscopic characterizations of the long-term stability of PB-
NiHCF, PB-CoHCF, and PB-CuHCF. a–c, SEM images of PB deposited on grown AuNPs on 
inkjet carbon electrodes before testing (a), after testing in alkaline McIlvaine buffer solutions (b), 
and after 15 cycles of CV scans between -0.2 V and 0.5 V in PBS (c). Scale bars, 100 nm. d–f, 
SEM images of PB-NiHCF deposited on grown AuNPs on inkjet carbon electrodes before testing 
(d), after testing in alkaline McIlvaine buffer solutions (e), and after 1000 cycles of CV scans 
between -0.2 V and 0.5 V in PBS (f). Scale bars, 100 nm. g–i, SEM images of PB-CoHCF 
deposited on grown AuNPs on inkjet-printed carbon electrodes before testing (g), after testing in 
alkaline McIlvaine buffer solutions (h), and after 15 cycles of CV scans between -0.2 V and 0.5 V 
in PBS (i). Scale bars, 100 nm. j–l, SEM images of PB-CuHCF deposited on grown AuNPs on 
inkjet-printed carbon electrodes before testing (j), after testing in alkaline McIlvaine buffer 
solutions (k), and after 15 cycles of CV scans between -0.2 V and 0.5 V in PBS (l). Scale bars, 
100 nm.  
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Supplementary Fig. 11 | Inductively coupled plasma–mass spectrometry (ICP–MS) analysis 
of Fe2+ after testing of the PB and PB-NiHCF electrodes. The electrodes were tested in the 
alkaline McIlvaine buffer solutions or in PBS solutions with CV scans from -0.2 V to 0.2 V for 10 
cycles. 
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Supplementary Fig. 12 | Long-term stability of continuous 100-hour in vitro tests of wearable 
glucose biosensors. a,b, Amperometric response of the glucose sensors tested in standard solution 
(a) and untreated human sweat samples (b) over 100 hours. 
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Supplementary Fig. 13 | Long-term stability of continuous 100-hour in vitro tests of wearable 
lactate and UA biosensors. a,b, Amperometric response of the lactate sensors tested in PBS 
solutions (a) and untreated human sweat samples (b) over 100 hours. c,d, Amperometric response 
of the UA sensors tested in PBS solutions (c) and untreated human sweat samples (d) over 100 
hours. 
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Supplementary Fig. 14 | Evaluation of the diffusion-limit layer for lactate sensing. a,b, 
Schematic of lactate sensors based on Au/PB-NiHCF (a) and the corresponding amperometric 
performance in lactate solutions (0–20 mM) (b). c,d, Schematic of introduction of diffusion-limit 
PVC/DOS membrane over enzyme film (c) and the corresponding amperometric performance in 
lactate solutions (0–20 mM) (d). 
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Supplementary Fig. 15 | Long-term stability of continuous 100-hour in vitro tests of wearable 
ISE-based Na+ sensor. a,b, Potentiometric responses of Na+ sensors tested in standard solution 
(a) and untreated human sweat samples (b) over 100 hours. 
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Supplementary Fig. 16 | Long-term stability of continuous 100-hour in vitro tests of wearable 
ISE-based K+ and NH4+ sensor. a,b, Potentiometric responses of K+ sensors tested in standard 
solutions (a) and untreated human sweat samples (b) over 100 hours. c,d, Potentiometric responses 
of NH4+ sensors tested in standard solutions (c) and untreated human sweat samples (d) over 100 
hours. 
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Supplementary Fig. 17 | The calibration plots of the ion-selective sensors. The plots are 
generated based on the sensor data demonstrated in Fig. 2f. 
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Supplementary Fig. 18 | Reproducibility of biochemical sensors in the CARES. a–l, Batch to 
batch variation of glucose (a,b), lactate (c,d), UA (e,f), Na+ (g,h), K+ (i,j), and NH4+ (k,l) sensors. 
Data is presented as mean ± SD (n = 10 sensors for each category). 
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Supplementary Fig. 19 | Selectivity of enzymatic and ISE sensors. a,b, Interference study for 
enzymatic glucose, lactate and UA sensors (a), and ion-selective Na+, K+, NH4+ sensors (b). 
Physiologically relevant levels of common sweat components were added to standard solution. 
AA, ascorbic acid.  
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Supplementary Fig. 20 | The performance of biosensors based mass-producible inkjet-
printed carbon, laser-engraved graphene, and evaporated Au electrodes. a−f, Amperometric 
responses of the glucose sensors based on inkjet-printed carbon (a,b), laser-engraved graphene 
(c,d), and evaporated Au electrodes (e,f) in PBS solutions containing 0−100 μM glucose. g−l, 
Potentiometric responses of the Na+ sensors based on inkjet-printed carbon (g,h), laser-engraved 
graphene (i,j),and evaporated Au electrodes (k,l) in 10−160 mM Na+ solutions. The sensing films 
were prepared using the same approach as Fig. 2c,f. Data is presented as mean ± SD (n = 10 sensors 
for each category). 
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Supplementary Fig. 21 | Evaluation of the iontophoresis microfluidic module for autonomous 
sweat induction and sampling. a, Schematic of microfluidics module. b, Optical images of the 
two-reservoir microfluidic module during an iontophoresis-induced sweat secretion process. Scale 
bar, 5 mm. 
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Supplementary Fig. 22 | Characterization of continuous microfluidic sensing performance 
under dynamic sweat flow. a–l, Dynamic response with a varying flow rate of 1−4 µL min−1 and 
repeatability of glucose (a,b), lactate (c,d), UA (e,f), Na+ (g,h), K+ (i,j), and NH4+ (k,l) sensors 
upon switching the inflow solutions. 
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Supplementary Fig. 23 | Long-term stability of capacitive pressure sensor. a, A repetitive 
pressure-loading test involving 5,000 pressing-releasing cycles was performed. b,c, Dynamic 
pressure sensor response during 600−606 cycles (b) and 4,600−4,606 cycles (c) of pressing-
releasing. 
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Supplementary Fig. 24 | Response of the temperature (T) sensor in the physiological 
temperature range. 
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Supplementary Fig. 25 | Temperature influence on enzymatic sensors. a–f, Calibration of 
glucose (a,b), lactate (c,d), and UA (e,f) biosensors under physiologically relevant range of 
temperature.  
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Supplementary Fig. 26 | Temperature calibration of the wearable enzymatic biosensors 
during the on-body experiments. 
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Supplementary Fig. 27 | Performance of PB-NiHCF electrodes and ISEs against 
environmental factors (i.e., humidity). The tests were performed in a plastic chamber with 
humidity controlled via water mist spray. 
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Supplementary Fig. 28 | Characterization of the adhesion of the CARES device to the skin. 
a, Optical image of a CARES device adhered onto the skin. b, Interfacial strength between porcine 
skin and the device adhered by medical adhesive. 
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Supplementary Fig. 29 | Performance of all physical sensors of the CARES under mechanical 
bending strain test. Pulse, GSR and temperature sensors were attached to a healthy subject’s wrist 
while a wide range of 0−60° wrist bending angles were applied. 
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Supplementary Fig. 30 | On-body multimodal monitoring of CPT stress response. a–i, 
Multimodal sensor responses of CPT stress response in nine healthy subjects using the CARES. 
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Supplementary Fig. 31 | On-body multimodal monitoring of VR challenge stress response. 
a–i, Multimodal sensor responses of VR challenge stress response in nine healthy subjects using 
the CARES. 
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Supplementary Fig. 32 | On-body multimodal monitoring of exercise stress response. a–i, 
Multimodal sensor responses of exercise stress response in nine healthy subjects using the CARES. 
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Supplementary Fig. 33 | Pulse waveform stress response monitoring of three stressors of a 
healthy subject. An autonomous pulse normalization algorithm was adopted, where each pulse 
waveform is normalized according to their systolic peak intensity amplitude. 
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Supplementary Fig. 34 | Subject information involved in the stress human studies and 
corresponding state anxiety scores using STAI-Y questionnaires. a, Subjects health profiles 
including their age, gender, height, weight and body mass index (BMI). b, Raw questionnaire score 
from subjects indicating state anxiety levels during relaxation state. c, Raw questionnaire score 
from subjects indicating state anxiety levels during stressors. 
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Supplementary Fig. 35 | Feature extraction from pulse waveform. a, A peak finding algorithm 
locating systolic, tidal and dicrotic peaks based on their 1st derivative. The algorithm first separates 
and normalizes each pulse waveform, then performs 1st derivative analysis and locate the unique 
peaks. b, An exception consideration to find tidal peaks based on the 2nd derivative. In practice, 
some subjects demonstrated vague tidal peaks, in which the 1st derivative cannot find tidal peak, 
and a 2nd derivative analysis was adopted to locate the inflection point. 
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Supplementary Fig. 36 | Different patch placed on the same location of a relaxed subject’s 
wrist and corresponding extracted features. a, Pulse signal variations due to fabrication and 
placement variations, which is inevitable. b, After feature extraction algorithm, the feature 
remained stable with negligible variations against patch variations. 
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Supplementary Fig. 37 | Pulse signals measured at different wrist angles of a relaxed subject 
and corresponding extracted features. a, Pulse signal variations when the subject bends the wrist 
from -90° to 90°, which showed big waveform changes and could cause big variations during daily 
activities. b, After feature extraction algorithm, the feature remained stable in a moderate angle 
range from -30° to 30°. 
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Supplementary Fig. 38 | ML prediction performance of stress detection. a, Precision-recall 
curve of different ML models for stress detection. XGBoost model outperforms other models in 
terms of precision-recall. SVM, support vector machine. RBF, radial basis function. b, Confusion 
matrix of a XGBoost model to the unseen test dataset. XGBoost achieved 99.25% accuracy of 
detecting stress and relaxation state, showing that it can generalize to classify unseen samples. c, 
The overall testing accuracy based on F1 score for each involved subject. 
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Supplementary Fig. 39 | ML prediction performance of stressor type classification. a, 
Precision-recall curve of a XGBoost model for each stressor as well as micro-averaged 
classification result. b, Stacked bar plot of feature importance showing their contribution to each 
stressor type. c, Shapley additive explanation (SHAP) summary plot with respect to a XGBoost 
model based on the dataset collected by CARES. d, SHAP decision plot explaining how a 
XGBoost model arrives at each stressor classification for every data point using both physiological 
and chemical features. Each decision line tracks the features contributions to every individual 
classification. 
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Supplementary Fig. 40 | ML performance of simple linear models for overall state anxiety 
level evaluation. a, R2 score distribution for representative linear models over 1,000 runs of 
randomly splitting training and testing datasets to reduce uncertainties in reduced size of dataset. 
SGD, stochastic gradient descent. b, Mean-squared error (MSE) distribution for representative 
linear models over 1,000 runs. c, Brute-force feature selection and evaluation in a linear regression 
model with ridge regularization. The combination of physicochemical features outperformed that 
of physical and chemical sensors alone. d, True versus ML-predicted state anxiety score based on 
the linear model. ±2 state anxiety score buffer is shown based on the potential error in the state 
anxiety questionnaires. e, SHAP summary plot of the linear regression model based on the dataset 
collected by CARES. f, SHAP decision plot explaining how the linear model determines the state 
anxiety level using both physiological and biochemical features. 
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Supplementary Fig. 41 | Optical image of a healthy subject wearing a CARES patch for 
continuous data collection during the laboratory human studies. The CARES was connected 
to laboratory instruments via flexible cables. Scale bars, 2 cm and 10 cm for a and b, respectively. 
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Supplementary Fig. 42 | Fully integrated wearable wireless CARES system for continuous 
data collection. a, System-level block diagram of the wireless wearable CARES system. BLE, 
Bluetooth Low Energy; GPIO, general purpose input/output; SPI, Serial Peripheral Interface; 
CPU, central processing unit; MCU, microcontroller; ADC, analogue-to-digital converter; TIA, 
trans-impedance amplifier; DAC, digital-to-analogue converter; CDC, capacitance-to-digital 
converter; I2C, Inter-Integrated Circuit; In-Amp, instrumentation amplifier. b,c, Photographs of 
a flexible printed circuit board (FPCB) for multimodal signal processing (b) and an assembled 
wireless wearable CARES system (c). d, Photograph of a wireless wearable CARES system 
worn on the ventral forearm. Scale bars, 1 cm. 
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Supplementary Fig. 43 | Circuit schematic of the wireless wearable electronic system of the 
CARES. 
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Supplementary Fig. 44 | In vitro sensor calibration and evaluation using the wireless 
wearable CARES system. 
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Supplementary Fig. 45 | Continuous data collection using the fully integrated wireless 
wearable CARES patch in laboratory conditions. 
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Supplementary Fig. 46 | Continuous data collection using the fully integrated wireless 
wearable CARES patch in real-life conditions. 
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Supplementary Fig. 47 | ML-enabled stress response assessment based on the new datasets 
collected with wireless CARES patch in the laboratory setting. a, Confusion matrix displaying 
the classification accuracy for predicting stress and relaxation. b, Confusion matrix displaying the 
classification accuracy for predicting each type of stressor. c, True versus the ML-predicted state 
anxiety scores. Data is presented as ±2 state anxiety score buffer based on the potential error in the 
anxiety questionnaires.  
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Supplementary Fig. 48 | Training and testing generalization of ML model for stress response 
assessment based on the new dataset collected by the wireless CARES in real-life settings. a, 
Confusion matrix displaying the classification accuracy for predicting stress and relaxation. b, 
True versus the ML-predicted state anxiety scores. Data is presented as ±2 state anxiety score 
buffer based on the potential error in the anxiety questionnaires. 
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