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Abstract

End-stage renal disease (ESRD), characterizedbycessation inkidney function, hasbeen

linked to severemetabolic disturbances, causedby thebuildupof toxic solutes in blood.

To remove these solutes, ESRD patients undergo dialysis. As a proof of concept, we

tested whether ESRD-related metabolic signatures can be detected in perspiration

samples using a combined methodology. Our rapid methodology involves swabbing a

glass slide across the patient’s forehead, detecting themetabolites in the imprint using

desorption electrospray ionization mass spectrometry, and identifying the key differ-

ences using machine learning methods. Based on collecting 42 healthy and 27 ESRD

samples, we find saturated fatty acids are consistently suppressed in ESRD patients,

with little change after dialysis. Moreover, our method enables the detection of ure-

mic solutes, where we find elevated levels of uric acid (6.7 fold higher on average)

that sharply decrease after dialysis. Beyond the study of individual metabolites, we

find that a lasso model, which selects for 8 m/z fragments from 24,602 detected ana-

lytes, achieves area under the curve performance of 0.85 and 0.87 on training (n= 52)

and validation sets (n = 17), respectively. Together, these results suggest that this

methodology is promising for detecting signatures relevant for precision health.
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Key points

∙ Combines physical measurements with statistical analysis based on machine learn-

ing.

∙ Uses results tomakemedical predictions.

∙ Learns about biological pathways.
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INTRODUCTION

Sweat-based diagnostics promise to improve precision health,1 where

individual health outcomes can be improved through the noninvasive

monitoring of specific physiologically relevant chemical signatures2–4

that can predict disease risk and onset. Previously, sweat-based diag-

nostics have only been clinically employed for the measurement of

sweat chloride levels in cystic fibrosis,5 due to challenges in reliably

measuring a broad array of analytes and understanding which specific

ones robustly predict disease.

Realization of sweat-based diagnostics will require understanding

the relation between sweat analyte levels and health status.3 Recent

examples have highlighted several possibilities in linking sweat ana-

lytes with health status, including tracking sweat uric acid levels for

gout,6 cortisol and cytokine IL-6 levels for stress,7 and lactate levels

for physical fatigue and tissue oxygenation status.8 These approaches

share limitations that motivate our work. Notably, these examples

alongwith current sweat chloride clinicalmeasurements in cystic fibro-

sis are restricted to tracking a couple of specific analytes and require

knowing beforehand which analytes are related to disease. In con-

trast, as a proof of concept, this work applies a simple and rapid

unbiased methodology to collect human perspiration samples based

on swabbing a glass slide across an individual’s forehead, mass spec-

trometry methods for detecting a broad set of metabolites in samples,

and machine learning approaches for identifying the key metabolic

signatures related to end-stage renal disease (ESRD).

ESRD, the final stage of chronic kidney disease, is characterized by

cessation of kidney function and profound metabolic disturbances,9

particularly metabolic acidosis, serum lipid abnormalities, changes to

glucose homeostasis, and proteinuria. Globally, chronic kidney disease

has an estimated prevalence of 13.4% and results in 2.6 million deaths,

where over 10% of individuals will progress to ESRD.10,11 Within the

United States, chronic kidney disease is estimated to affect over 37

million Americans, where diabetes and blood pressure are often risk

factors for ESRD progression.12 Because of the high disease burden

and possibility of misdiagnosis through a routine clinical assessment

of chronic kidney disease status using the proteinuria and estimated

glomerular filtration rate (eGFR),8,13 identifying robust metabolite

changes, which are known to be associatedwith chronic kidney disease

progression, has great potential for improving diagnosis and managing

kidney disease by providing novel biomarkers.

Ideally, sweat-based diagnostics in this context can guide the clinical

management of chronic kidney disease progression. However, as little

is known about changes in the sweat profile from kidney dysfunction,

this work assesses the feasibility of noninvasively detecting aberrant

metabolic signatures in sweat that are associated with ESRD.

Using our combinedmethodology,we are able to detect and identify

13 saturated fatty acids, of which 2 exhibit statistically significant sup-

pression in ESRD patients compared to healthy controls. Our analysis

also enables the detection of uric acid, a known uremic solute, that is

elevated in ESRD patients’ sweat profiles before dialysis and at signifi-

cantly lower concentrations after dialysis. Beyond the study of specific

metabolites, a binary logistic regression lasso classifier selects 8 ana-

lytes from 24,602 that achieve 88.4% accuracy using cross-validation

(52 samples) and 82.4% accuracy on a holdout test set (17 samples).

Although most studies in sweat focus on specific known metabolites,

these findings are unique to our analysis, which enables a unbiased

selection of importantmetabolic signatures for possible diagnostic use

without defining the metabolites beforehand. Together, these find-

ings suggest our sweat methodology can specifically detect metabolic

changes that are characteristics of ESRD and more generally enable

precision health noninvasive monitoring and disease diagnosis.

RESULTS

Identification of ESRD-associated metabolic
signatures in sweat using DESI-MS

To identify ESRD-associated metabolic signatures in sweat, we used a

four-step approach (Figure 1). Forty-two healthy donor samples were

collected, including 20 healthy control individuals from the Integrated

personal omics study.14,15 Additional 27 samples were collected from

13 individual ESRD patients from the Palo Alto Veterans Affairs Hos-

pital. Sample collection details and the clinical characteristics of both

patient groups are summarized in Supporting Information andTable S1,

respectively. The study was approved by Stanford University’s Insti-

tutional Review Board and follows the tenants of the Declaration of

Helsinki.Next, in contrast to sweat chloridemeasurements that involve

active chemical stimulation of sweat, our collection procedure involved

simply pressing and swabbing an ethanol-cleaned and dried glass slide

on each patient’s forehead. This method, which is highly noninvasive

and takes ∼5 s to perform, can directly capture the chemical prod-

ucts of human sweat on the skin surface.5,16 For ESRD patients, sweat

samples were collected immediately before hemodialysis. After sam-

ple collection, desorption electrospray ionization mass-spectrometry

(DESI-MS) was applied to the slides with no additional sample prepa-

ration, which enabled the detection of 24,602 analytes in the mass

spectrometer. An internal standard, sodium taurocholate (m/z 514.28),

was incorporated into the electrospray solvent to help account for

technical variability between spectra. Further, mass spectra corre-

sponding to sweat samples were compared with those from blank

slides to ensure sweat analytes were derived from samples (Figure

S1). Statistical analysis was subsequently conducted to identify the

important differences betweengroups. After thenormalizationof peak

abundances with respect to the internal standard, an application of

significant analysis of microarrays (SAM; 15) and statistical LASSO

methods were applied on processed17 spectra to identify differences

between healthy controls and ESRD patients. For model training and

evaluation, samples were split into training (n = 52) and test (n = 17)

splits, where the training set was used for initial metabolite analysis

and comparisons.We identified a total of 167 different peaks between

ESRD patients and controls using SAM, of which over 94%of the peaks

are upregulated in ESRD samples (Figure 2a).
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NATURAL SCIENCES 3 of 9

F IGURE 1 Overview of the four-stepmethodology, where (1) healthy controls (n= 42) and end-stage renal disease (ESRD) patients (n= 13)
are recruited, (2) sweat samples are collected from each donor by swabbing a cleaned glass slide across the forehead/nose, (3) desorption
electrospray ionizationmass-spectrometry (DESI-MS) is used to detect and quantitate metabolites in sweat samples, and (4) statistical methods
are used to identify differences between the healthy (42) and ESRD (27) sweat samples.

As our methodology uses low sample volumes for detecting sweat

analytes, sweat metabolites were identified using a combination of

strategies. First, we conducted collision-induced dissociation tandem

mass spectrometry experiments to obtain the fragmentation profile of

specific peaks. To identify the metabolites, the parent peak, along with

the fragmentation spectra, was compared with multiple databases,

including LIPIDMAPS (https://www.lipidmaps.org), METLIN (https://

metlin.scripps.edu/), andHumanMetabolomeDatabase (https://hmdb.

ca/). Additionally, based on pooled sweat samples from six healthy

donors, hydrophilic interaction mass spectrometry (HILIC-MS) exper-

iments were conducted, where peaks were identified based on match-

ing retention times and m/z values with a mixture of analytical grade

standards.18 Additional methodological details are provided in Section

SI and information used to identify metabolites is listed in Table S2.

Saturated fatty acid levels are consistently
suppressed in ESRD donors’ sweat

Saturated fatty acids have been consistently identified as some of the

most abundant metabolites in sweat,5,16,19 and impaired fatty acid

β-oxidation metabolism has been implicated with advancing chronic

kidney disease.20 Based on these observations, we examined whether

levels of saturated fatty acids in sweat profiles differ between healthy

controls and ESRD patients. Each saturated fatty acid was identi-

fied using tandem mass spectrometry and comparisons to analytical

standards (Figures S2–S14). The median levels of 13 saturated fatty

acids (C6:0–C18:0) were consistently reduced in ESRD donors’ sweat

compared to those from healthy controls (Figure S18). Specifically,

compared to ESRD donors, healthy controls have saturated fatty acid

levels ranging from 3% higher (margaric acid C17:0 m/z 269.24) to

84% higher (lauric acid C12:0 m/z 199.16) on average (Figure S18).

To address the multiple comparisons problemwhen comparing 24,602

analytes, SAM,21 which estimates the false discovery rate using permu-

tation tests, was used to compare healthy andESRDsweat profiles, and

SAM identified lauric acid (m/z 199.16) and stearic acid (m/z 283.26)

as statistically significant differences between groups (false discovery

rate<5%) (Figure 2b).

To determine if hemodialysis resolves these lipid differences, we

compared sweat samples collected from two donors immediately

before and after dialysis (Figures S15 and S16). Interestingly, our

analysis reveals that most saturated fatty acids, in comparison to all

detected analytes, do not significantly change after dialysis (Figure

S16). Although the average percent difference among detected ana-

lytes between post- and pre-dialysis samples in relative intensity

is 122.6%, lauric acid (C12:0 m/z 199.16) and stearic acid (C18:0

m/z 283.26) have an average percent difference of 26.8% (24.9%

percentile) and 16.5% (15.5% percentile), respectively.
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4 of 9 IDENTIFICATIONOF END-STAGE RENALDISEASE

F IGURE 2 (a) Significant analysis of microarrays (SAM)was
employed to identify statistically significant differences in metabolite
abundances between healthy and end-stage renal disease (ESRD)
donors. Over>94% of SAM-selected peaks are upregulated in ESRD
samples (red), whereas the remaining are upregulated in normal (blue).
(b) SAM identifies statistically significant differences in the
concentrations of lauric acid C12:0 (m/z 199.16) and stearic acid
C18:0 (m/z 283.26), where levels are 84% and 44% higher on average
in healthy controls compared to ESRD donors, respectively.

To identify additional fatty acid peaks in sweat samples, HILIC-

MS was conducted on six pooled sweat samples from healthy donors

(Supporting Information). Based on matching retention times and

detected m/z fragments with analytical standards, we also detect

hydroxy saturated fatty acid levels for C6:0, C8:0, and C12:0 are

slightly elevated in healthy donors compared to ESRD patients (Figure

S19), with median fold change ranging from 1.71 for C6:0 to 3.14 for

C8:0.

From HILIC-MS data, we also detected the minor suppression of

small-chain fatty acids in ESRD donors, specifically butyric acid (m/z

87.0) (Figure S19). Althoughwe did not find any statistically significant

differences in butyric acid levels between healthy donors and ESRD

patients, our findings carry additional implications. Butyrate is one of

the most abundantly produced gut bacteria–derivedmetabolites (esti-

mated luminal concentration 10–20 mM) that mediates inflammation

andcolonic homeostasis.22 Basedon this data,we surmise that changes

to small chain fatty acids related to the gut microbiome may also be

detected using ourmethodology.

From these results and the finding that SAM does not detect sig-

nificant differences in saturated fatty acid metabolite levels between

pre- and post-dialysis samples, we infer that saturated fatty acid dys-

regulation is a robust phenotype of ESRD, which can be detected via

sweat and does not change based on dialysis. Additionally, because

neither lauric acid nor stearic acid levels among ESRD donors are asso-

ciatedwith the length of time on dialysis (Figure S20), it suggests these

metabolic changes are characteristic of all ESRDpatients in this cohort.

Moreover, our findings agree with independent clinical studies on dys-

lipidemia, which has been established as a known hallmark of chronic

kidney disease that worsens during disease progression.23,192

Uric acid, a known uremic solute, is elevated in sweat
profiles of ESRD patients

Multiple metabolomics studies24,25 have found that uremic solutes

accumulate in the plasma of ESRD patients, which are associated

with kidney dysfunction. Therefore, we next evaluated if any of these

solutes could be detected in sweat. Of the hundreds of known uremic

solutes,24 uric acid is of particular interest because it has been iden-

tified as a direct contributor to kidney injury26 and implicated as an

independent predictor for ESRD.26,27

As shown in Figure 3, uric acid (m/z 167.0) is detected in both

the sweat profiles of healthy and ESRD patients. Tandem mass spec-

trometry experiments and a comparison of retention time and m/z

with known analytical standards were used to assign the uric acid

peak (Figure S17). Comparing patient groups, SAM identifies that

uric acid levels are significantly higher in ESRD patients (6.7 fold)

compared to healthy controls (q < 0.05) (Figure 3a). As hemodial-

ysis has been found to achieve >60% efficacy in serum uric acid

clearance,28 we assessed how uric acid levels change in sweat pro-

files of two ESRD patients immediately after dialysis. Consistent with

serum studies, we find in one patient no uric acid levels after dialy-

sis (SV5B) (100% decrease) and a 56% reduction in uric acid levels

in another patient (SV9B). These differences highlight that significant

changes in serum metabolites are reflected in the sweat profile and

can be captured using our methodology (Figure 3b). Similar to lau-

ric and stearic acid comparisons, we find that uric acid levels do not

significantly change based on the length of time on dialysis (dialysis

vintage) (Figure S20), suggesting the elevated uric acid levels in pre-

dialysis samples is a shared hallmark for most ESRD patients in this

cohort.

Additionally, as serum uric acid levels are associated with creati-

nine and urea nitrogen levels,29 which are widely used clinical markers

of kidney function, we compared uric acid in sweat with blood urea

nitrogen and creatinine levels (Figure 3c,d). As shown in Figure 3c,d,

there are significant associations between sweat uric acid levels and

blood urea nitrogen (R = 0.69, p = 3.9e − 06) and creatinine (R = 0.75,

p = 2.4e − 07) levels. Although sweat uric acid, blood urea nitro-

gen, and creatinine levels are markedly different between healthy and
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NATURAL SCIENCES 5 of 9

F IGURE 3 Study of uric acid levels in sweat: (a) sweat uric acid (m/z 167.0) levels in healthy and end-stage renal disease (ESRD) subjects; (b)
comparison of uric acid levels in sweat from samples collected immediately before and after hemodialysis for two donors (identified as SV5B and
SV9B); (c) correlation of clinical blood urea nitrogen levels (mg/dl) and sweat uric acid relative intensity levels (log10 transformed); and (d)
correlation of creatinine levels (mg/dl) and sweat uric acid relative intensity levels (log10 transformed). Each dot in (a), (c), and (d) corresponds to a
unique patient

ESRD patients, sweat uric acid levels exhibit notable heterogeneity,

especially among samples from healthy donors (Figure 3c,d). In con-

trast, all ESRD patients cluster together by sweat uric acid, blood urea

nitrogen, and creatinine levels, where bloodmarkers have greater vari-

ability than sweat uric acid levels within this group. Further analyses

of healthy donors with highest uric acid levels (the three rightmost

patients on the blue ellipse, Figure 3c,d) based on blood glucose

(HbA1c) or cholesterol levels (HDL, LDL) did not identify any distin-

guishing features. Although it appears that uric acid levels in sweat

do not match the heterogeneity of blood markers within each patient

group (i.e., healthy, ESRD), these results support that differences in kid-

ney function between groups can be captured through the chemical

analysis of sweat.

Machine learning with the lasso identifies metabolic
signatures that stratify healthy and ESRD patients

With 24,602 total detected features, studying the differences in

specific individual metabolites between groups is highly limited.
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6 of 9 IDENTIFICATIONOF END-STAGE RENALDISEASE

Therefore, to assess if sweat-derived metabolic signatures can dis-

tinguish healthy from ESRD patients, we trained a binary logistic

regression lasso classifier. Importantly, as the lasso returns a sparse

model, it can select for the key metabolic signatures without knowing

beforehand the important set of biomarkers that stratify healthy and

ESRD patients. Additionally, the lasso is readily interpretable because

the selected model coefficients can help inform which peaks are most

important for the classification. To train the model, samples were split

into training and test sets, with 52 and 17 sweat samples, respectively.

The model performance was evaluated within the training set using

leave one patient out cross-validation and separately assessed on the

independent test set. Additional details are provided in the Supporting

Information section description.

The lasso binary logistic classifier selected 8 m/z fragments (Figure

S21) that achieve 88.4% overall cross-validation accuracy and 82.4%

accuracy on the holdout validation set (Table S3). Table S3 also shows

that the model achieves 80.9% and 66.7% sensitivity and 90.3% and

90.9% specificity on training and validation sets. Sensitivity corre-

sponds to the true positive rate [(true positives)/(true positives +

false negatives)], and specificity corresponds to the true negative rate

[(true negatives)/(true negatives + false positives)]. To obtain a more

informative view of themodel sensitivity and specificity, receiver oper-

ating characteristic area under the curve (ROC-AUC) analysis was

conducted (Figure 4a). Although sensitivity and specificity reflect the

model’s performance at a particular threshold, the AUC (i.e., ROC

curve) metric across multiple thresholds provides a more comprehen-

sive view of the model’s diagnostic performance. As shown in Figure 4,

the lasso model achieves ROC 0.85 ± 0.06 on the training set and

0.87 ± 0.11 on the validation set. In addition to the stable model accu-

racy across training and validation sets, the comparable AUC values

affirm that the model performance appears stable across a separate

group of patients. More broadly, our results underscore that metabolic

signatures derived from human perspiration samples can distinguish

healthy from ESRD patients.

As our methodology is designed to use low sample volume, majority

of the eight features are unidentified metabolites, where 5/8 features

are largemolecularweight species (>500m/z) corresponding to ranges

where lipids are usually detected. Based on matching m/z and tandem

mass spectrometry experiments (Supporting Information, Ref. [5]), one

of the features that can be tentatively assigned ism/z 239.20. This ana-

lyte is 2× higher on average in healthy donors and likely corresponds to

a 15-carbon long fatty acid with 1 double bond (Figure 4b). The ten-

tative assignment reflects that tandem mass spectrometry does not

enable the inference of the double bond’s placement, and thismolecule

was not detected in our HILIC-MS data. As this unsaturated fatty acid

has not been reported before as a marker of ESRD in sweat, our anal-

ysis highlights that our methodology can select disease-related sweat

markers. All selected model m/z fragments and the corresponding

coefficients are included in Figure S19.

As training a separate lasso model among ESRD donors to identify

analytes that are associated with length of time on dialysis returned

a null model, we anticipate that lasso-selected sweat analytes are

signatures shared across all ESRD donors in this cohort.

F IGURE 4 (a) Receiver operating characteristic curves show the
diagnostic performance of the lassomodel on both training (n= 52
patients) and validation (n= 17 patients) sets in distinguishing
between healthy and end-stage renal disease (ESRD) samples. (b) One
of the eight lasso-selected analytes that can be tentatively identified
as C15:1 (m/z 239.20) is 2× higher on average in healthy donors. (c)
Comparisons of variability in plasma urea levels and predicted
probabilities from lasso-selected sweat analytes for six ESRD donors
fromwhom replicate samples were obtained 6months apart
pre-dialysis

Due to differences in clinical characteristics between healthy and

ESRD patients, where 41% of healthy and 94% of ESRD patients are

male, we compared the lasso-predicted probabilities between groups,

while accounting for age and gender (Figure S22). As shown in Figure

S22, the predicted probabilities do not notably change across ages and

genderswithin the samepatient group. Therefore,we infer that the sig-

natures captured by the model do not simply reflect differences in age

or gender.

Additionally, we compared the percent difference in clinical plasma

urea levels and lasso-predicted probabilities for six ESRD patients

(Figure 4c). Because sweat samples were collected from the same

ESRD donors pre-dialysis 6 months apart, our comparisons shed light
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on themodel’s prediction stability for these same donors. Although the

percent differences in plasma urea levels for the same donors range

from 4.4% to 34.4% with an average of 15.6%, the lasso-predicted

probabilities range from 5.2% to 45.7% with an average of 23.7%.

Moreover, we observe that the lasso-predicted probabilities have

lower variability compared to the plasma urea levels for patients 2

and 4 (Figure 4c). Based on this comparison and data showing the pre-

dictedprobabilities are not associatedwith gender or age, these results

suggest that this methodology can yield stable markers with similar

variability to currently used clinical markers.

DISCUSSION

For the clinical realization of sweat-based diagnostics, an understand-

ing of which metabolites are detected in sweat and how they change

in the course of disease is needed. Using a combined mass spectrom-

etry and machine learning methodology, our study, the first to look at

sweat metabolites in the context of ESRD, demonstrates as a proof of

concept that metabolic disturbances in ESRD can be detected in the

sweat profile with 88.4% cross-validation accuracy and 0.85 AUC (52

sweat samples) and 82.4% accuracy and 0.87AUCon a holdout test set

(17 samples). The methodology has several key advantages, including

the noninvasive, simple, and rapid sample collection, minimal sample

preparation and ability to detect thousands of metabolites using DESI-

MS, and the ability to focus on the important metabolites using lasso

analysis even without knowing a priori their identities.

This work presents as a proof of concept whether healthy and

ESRD patients exhibit any significant differences that can be detected

in perspiration samples. For clinical use, one appropriate use case

may involve an early detection of chronic kidney disease onset, espe-

cially as amicrovascular complication fromdiabetes.30 Multiple studies

have probed metabolic differences related to chronic kidney progres-

sion using serum or urine metabolomics,30–35 and we highlight some

of the differences with our work. First, our work highlights that dif-

ferences in serum metabolic profiles are not necessarily reflected in

sweat. Although different studies30,34,31 report large changes in tau-

rine metabolism that can capture CKD progression, we find low levels

of taurine (m/z 124.00) (Figure S23) detected in sweat and minimal

differences between healthy and ESRD donors.

In comparison, we find significantly higher concentrations of fatty

acids. Our findings showing aberrations in fatty acid levels are con-

sistent with published studies30,31 that reported differences in acetyl-

carnitine levels and their association with clinical parameters in CKD

(e.g., eGFR). More specifically, Hirakawa et al.,32 which characterizes

plasma- and urine-derived metabolites for predicting chronic kidney

disease progression, identifies FA(15:1) as one of the features selected

in their machine learning analysis. Although our lasso analysis is the

first to select FA(15:1) as a sweat-basedmarker forESRDusinganunbi-

asedmethodology, the consistency in results suggests that thevariance

in these metabolite levels in sweat may help predict CKD progression.

Moreover, although serum studies report31 elevated palmitic acid lev-

els are associated with CKD onset, our results show the suppression

of palmitic acid in ESRD sweat, underscoring that serum metabolic

changes are not always positively correlated with metabolic changes

found in sweat.

An important finding from our study is the elevation of uric acid

levels in sweat, and multiple studies report aberrations in the same

pathway in both urine and plasma samples, including increases in

xanthine32 and xanthosine.32,35 Although previous studies from our

groupandothers have reportedureaanduric acid changes in sweat,5,36

our study uniquely probes how dynamic is the sweat metabolome in a

disease context, particularly in ESRD. On one hand, we find that sup-

pressed fatty acid levels in ESRD donors, when compared to healthy

controls, are maintained after dialysis and do not change upon length

of time on dialysis. These results suggest that the ESRD imposes longer

term changes to fatty acid levels, consistent with dysregulated inflam-

matory lipid signaling as a known hallmark of ESRD.20 In contrast, we

find that changes in uric acid levels can be captured using our method-

ology, based on comparing samples’ pre- and post-dialysis. Together,

these results raise questions as to which solutes partition in sweat and

what shapes their kinetics for developing robust markers of physio-

logical health. Along these lines, the mechanism by which metabolic

differences appear in ESRD versus healthy patients is not clear. It is

possible that these results can be ascribed to differences in analyte

filtration by the kidney, microvascular complications from diabetes,

or both. Regardless of mechanism, these results suggest a substantial

difference in human perspiration samples of ESRD patients.

As the precision health paradigm teaches us that deviations from

an individually defined healthy baseline are informative for predict-

ing disease, our combined methodology fits well within this theme.

Specifically, tracking the sweat metabolome provides new opportuni-

ties to define a healthy baseline and to identify changes, such as the

fatty acid differences reported in this study, which may act as useful

early markers of disease. Moreover, we find that the selected markers

by our statistical methodology do not significantly change across age,

and gender, and they have variability on-par with clinical markers of

kidney function, suggesting the viability of this methodology for clini-

cal use. More generally, these results suggest that tracking aberrations

in sweat metabolites may help enable new opportunities in precision

health.
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