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Introduction

Since about 1998, the metabolome' has come to
be defined as a compendium of small molecules
(< 1,000 Da) called metabolites that are either
encoded by the host genome (endogenous) or
introduced to the host (exogenous) through the
diet, medication, or environmental exposures.
Endogenous metabolites are essential for

key physiologic functions,? while exogenous
metabolites may benefit or harm the host,
depending on the compound and/or level of
exposure.® In this article, we discuss applications
of metabolomics as a molecular profiling
technology that provides a real-time snapshot
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of the metabolome and, hence, an individual’s
physiologic status. The underlying technology
combines analytical chemistry techniques —
typically high-performance chromatography and
mass spectrometry — and advanced statistical
methods to study the metabolomic profile.

The metabolome is highly sensitive to internal
and external variables, including age, gender,
diet, geographical location, and genetics,**
making metabolomic profiling a powerful tool for
assessing an individual’s phenotype. The metabolic
readout of the phenotype, “the metabotype,
is a vital tool for biomedical research, drug
development, and precision medicine.*

To date, metabolomics has been used
to diagnose and prognosticate disease,™
guide clinical decision making,*'” help shape
preventative treatment strategies, ' and monitor
overall health and wellness.”® Despite these
contributions to precision medicine, adapting
metabolomics-based diagnostic testing and
follow-up monitoring into clinical practice is
challenging due to the need for high performance
liquid chromatography and mass spectrometry
(HPLC/MS), which do not lend themselves to
point-of-care. This highlights a critical need
to establish and benchmark methods that
enable cost effective access to metabolomics
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for diagnosing and monitoring health within
the boundaries of centralized technology.

In this paper, we introduce a simple collection
technology that can be used to generate results
consistent with current collection-analysis
approaches. We show that this simple collection
technology establishes a robust baseline for
subject sample evaluation.

The Value of Dried Blood Spots (DBS) as
a Matrix for Metabolomics and Precision
Diagnostic Applications
Protocols have been developed to profile
metabolomes in serum, plasma, urine, and
tissue.”> However, most of these matrices
require cold chain storage to keep metabolites
stable and are not amenable to self-collection.
Dried blood spots (DBS) are routinely used as a
simple, inexpensive, and non-invasive method to
analyze blood components for medical diagnoses.
DBS require only a fingerstick-sized volume that
patients can usually collect themselves and can be
shipped and stored at ambient temperature with
reasonable assurance of stability.

Using DBS to profile the metabolome
has gained traction in recent years, with
several studies reporting satisfactory analytic
performance and pathway coverage.”*?’
However, the utility of DBS to capture the
global, longitudinal, biological, and pathological
metabolic changes within each individual - a
metric vital to precision medicine - has not
been extensively investigated. The objective of
this study was to evaluate the performance and
characteristics of metabolomic profiles from
a collection of DBS. Our findings provide the
foundation for future studies aimed at establishing
untargeted metabolomic profiling of DBS as
a mainstream diagnostic testing modality for
wellness and precision medicine initiatives.

Methods

Study Participant Characteristics

This IRB-approved study was open to all
non-pregnant individuals 18-75 years old.
Subjects were internally recruited at Metabolon
by the study team and provided informed consent
before participating. All health information was
self-reported.

This study included 2 cohorts: 1) 49 self-
reported healthy donors; 25 males aged 27-69 and
24 females aged 20-62, and 2) 22 donors; 10 males
aged 38-61, 10 females aged 34-69, and 2 donors
who did not report their age or gender.

Sample Collection
For matched comparisons between DBS and
plasma, a phlebotomist collected one venous
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Figure 1: Metabolite composition of DBS and plasma. (A) A breakdown of super pathways covered by
metabolites that were recovered from < 70% (35/49) of plasma and DBS samples. (B) Agreement between the
relative abundances of each biochemical detected in > 70% of matched DBS and plasma samples. (C) Correlation
comparison between recovered metabolites by super pathway.

Ourfindings provide the foundation for
future studies aimed at establishing
untargeted metabolomic profiling of DBS as
a mainstream diagnostic testing modality for
wellness and precision medicine initiatives.

whole blood sample per individual into an EDTA
tube according to Metabolon’s IRB-approved
protocol. 50pl of each blood sample were

spotted onto Whatman 903 Protein Saver Cards

(Sigma Aldrich #WHA10534612). Plasma was
isolated from the remaining sample then stored
at -80°C. For longitudinal analyses each volunteer
was asked to self-collect one DBS sample via
fingerstick each weekday at their home for

30 days and return them to Metabolon at the

end of each week. All blood spots were dried

at room temperature for 4 to 24 hours, sealed

in gas-impermeable bags with desiccant, and
stored at -20°C.

Sample Processing
Samples were processed according to validated
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methods with certain modifications made for
DBS.*% Briefly, industry standard 2 x 6 mm
punches were taken from each DBS and
rehydrated by shaking with a small aliquot of
water. Protein was precipitated by shaking with
methanol on a SPEXC 2000 Geno/Grinder

and centrifuging. For quality control (QC)
purposes, several recovery standards were added
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to each sample before extraction. The extracted
supernatants were divided into 4 aliquots then
placed on a sample evaporator (SPE-Dry 96)

to remove organic solvent. Dried extracts were
stored overnight under nitrogen. Dry Whatman
card punches (DBS blanks) were extracted using
an identical method in every set to ensure curated
biochemicals met a 3:1 signal-to-noise ratio.
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Figure 2: Agreement between fed/fasted signatures in DBS and plasma. (A) A graph plotting the fold
changes for each metabolite shown in Table 2. (B,C) Plots of z-scores showing the analytic agreement between
individual donors, sample matrices, and mass spectrometers. Letters R, S, T, and V indicate four different
mass-spectrometry platforms used to analyze plasma samples. DBS samples were run on platform V.
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A DBS QC sample was extracted with 4 technical
replicates in every set to monitor reproducibility.

Ultrahigh Performance Liquid
Chromatography-Tandem Mass

Spectrometry (UPLC/MS-MS)

Untargeted UPLC-MS/MS of known biochemicals
was performed on samples extracted from DBS
as described.?®* All samples were subjected to
four different chromatography methods. Each of
the 4 aliquots of dried extracts were reconstituted
in a solvent optimized for each method.

Aliquot #1 was analyzed using acidic positive ion
conditions optimized for hydrophilic compounds.
The extract was gradient eluted from a C18
column (Waters UPLC BEH C18-2.1 x 100mm,
1.7um) using water and methanol containing
0.05% perfluoropentanoic acid (PFPA) and

0.1% formic acid (FA). Aliquot #2 was analyzed
using acidic positive ion conditions optimized
for hydrophobic compounds. The extract was
gradient eluted from the same C18 column using
methanol, acetonitrile, water, 0.5% PFPA and
0.01% FA. Aliquot #3 was analyzed using basic
negative ion-optimized conditions on a dedicated
C18 column. The extract was eluted from the
column with methanol, water, and 6.5 mM
ammonium bicarbonate (pH 8.0). Aliquot #4 was
analyzed using negative ionization after eluting
from an HILIC column (Waters UPLC BEH
Amide 2.1 x 150 mm, 1.7 um) using a gradient
consisting of water and acetonitrile with 10mM
ammonium formate (pH 10.8).

Compound Identification and Data Analysis
Compounds were identified by comparing

the mass-to-charge (m/z), retention time, and
associated fragmentation spectra in each sample
to alibrary of standard chemical entities as
described.”®” Technical replicates of DBS QC
samples were extracted in each 48 well plate

and interspersed throughout the run to monitor
the analytical variability of biochemicals.

All sample sets met our acceptance criteria of

< 10% relative standard deviation (RSD) for
recovery standard variability and < 15% RSD for
instrument variability. Raw “area under the curve”
(AUC) values from samples were used to calculate
the number of compounds quantified in each
sample type. All values were log-transformed,
then converted to z-scores using rankit regression
to estimate the mean and standard deviation

as described.” This analysis determined how
many standard deviations the raw intensity of

a given metabolite rose above or fell below the
mean intensity of that metabolite in a dataset.
Analyses were conducted in R* and Omicsoft
Array Studio version 7.2.%
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Table 1: Overview of the 49-donor cohort. This cohort consisted of 25 males aged 27-69 (average age 42)
and 24 females aged 20-62 (average age 35). The fed group contained 12 males, aged 27-59 (average age 43)
and 14 females, aged 20-62 (average age 35). The fasted group contained 13 males aged 23-69 (average age

41) and 10 females aged 27-48 (average age 35).

2 31 2 23
3 31 3 25
4 32 4 27
5 33 5 28
6 36 6 29
7 38 7 30
8 42 8 33
9 46 9 39
10 47 10 40
11 57 1 4
12 59 12 43
13 46
14 53
Results

Overview of Cohorts
For DBS verses plasma comparisons 49 self-
reported healthy volunteers were divided into
“fed” and “fasted” groups that were distributed by
age and sex (Table 1). The fed group ate ad libitum
while the fasted group abstained from all food and
liquid intake other than water for 8 hours before
sample collection.

DBS used in longitudinal analyses were
collected from 22 subjects. Of these 22 subjects,
6 subjects reported no health issues, 14 subjects
self-reported having at least one medical
diagnosis, and 2 participants did not disclose
their health status (Table 2). A general description
of diet and log of medications taken on each
study day by each study participant are shown in
Supplemental Figures 1 and 2.

Metabolomic Profiles of Plasma and DBS

We characterized the global metabolomic profile
captured in DBS punches and compared it to the
profile in matched samples of plasma, a matrix
routinely used for diagnostic testing for which
the metabolome is well characterized.** Plasma
samples were analyzed on four identical mass
spectrometry (MS) platforms, referred to as R,

S, T and V; DBS was analyzed once, on platform
V. To confirm acceptable precision and accuracy
of the data we analyzed 40 technical replicates of
plasma (10 per platform) and 8 replicates of DBS.
Of the 984 total metabolites detected in plasma,
854, 856, 859, and 842 were detected in all 10

1 23 1 20 1

Fasted

27 1 23
2 28 2 27
3 32 3 27
4 36 4 3
5 38 5 33
6 42 6 36
7 42 7 36
8 44 8 4]
9 48 9 48
10 49 10 62
1 52
12 62
13 69

There was high correlation between the
fed/fasted ratios of the log transformed data
ineach sample type (=0.84), demonstrating
that the majority of the metabolome in
plasma was retained in DBS despite the
differences in the testing matrices and DBS
having a 5-fold lower extraction volume.

replicates for platforms R, S, T, and V, respectively.
The median RSDs of these sample pools were
9.6%, 7.6%, 8.7%, and 7.2% on platforms R, S,
T, and V, respectively. A total of 861 metabolites
were recovered from the DBS technical replicates.
Of those, 604 were detected in all 8 replicates and
had a median RSD of 8.8%. Observing a smaller
number of metabolites in DBS than in plasma
is not unusual or unexpected given the lower
sample volume.

Having demonstrated acceptable RSDs in
the technical replicates we analyzed the donor
samples. As noted above, 984 and 861 metabolites
were recovered from plasma (across 4 platforms)
and DBS samples, respectively. Of the 861
metabolites detected in total, 841 metabolites
were detected in > 70% of plasma samples and
586 metabolites were detected in > 70% of DBS
samples. All (100%) of super pathways and 94%
of sub-pathways represented in plasma were also
represented in DBS (Figure 1A).

Across all four platforms, 482 metabolites were
found in > 70% (35) of the 49 matched donor
samples. For this group of 482 metabolites, we
calculated the correlation coefficients (r values)
between each plasma dataset and the DBS dataset.
The correlations of the plasma to DBS were 0.76,
0.74, 0.76, and 0.75 for platforms R,S,T, and V,
respectively. The percentage of correlations that
were at least 0.6 were 65%, 65%, 67%, and 66% for
platforms R, S,T, and V, respectively (Figure 1B).

When averaged across all 4 platforms, 209
(44%) metabolites showed strong correlation
(>0.8), 107 (22%) showed moderate correlation
(0.8-0.6, 0.6 inclusive) and 166 metabolites
had correlation below 0.6. When DBS and
plasma were compared relative to pathway
coverage (Figure 1C), xenobiotics and cofactors/
vitamins correlated strongest, with 87% and
71% of metabolites showing r > 0.6, respectively.
By contrast, energy and peptide pathways
had the lowest correlation, with only 29%
of energy and 33% of peptide biochemicals
achieving an r > 0.6. The weaker correlation
between these molecules is not surprising
given that energy and peptide metabolites tend
to be enriched in erythrocytes and absent in
plasma. Overall, metabolites generally found
in plasma had the highest correlation between
sample types, while metabolites found exclusively
in erythrocytes had the lowest correlation.
Altogether, these data show that plasma and DBS
have similar pathway coverage but each with
distinct characteristics.

Metabolomic Profiles of Fed

and Fasted Individuals

Metabolomic profiles captured in DBS and
plasma under “fed” and “fasted” conditions

were compared. We used fasting as a point of
comparison because it represents a clinical
industry standard of collection with significant
evidence showing stable, reproducible
performance of small molecule diagnostics.*

For statistical analysis of fed versus fasted, each
metabolite was first re-scaled to have median=1,
then imputed with its observed minimum, and
finally the natural log-transformation was applied.
For the plasma sets these computations were
applied separately to each platform. Because of
some of the imbalances of age and sex, an analysis
of covariance (ANCOVA) was run with sex

and log(age) as covariate. The fold changes for
fasting status are based on the least-square means
(LS MEANS) which are the means for the fed
and fasted groups adjusted for the covariates.
These analyses were performed in R version
4.2.2,” the R packages “car” and “emmeans”
version 1.8.3.%
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To account for multiple comparisons,
the false discovery rates were computed for
each comparison using the g-value method
of Storey and Tibshirani*® and implemented
with the R package “qvalue” version 2.30.0.%
After analyzing DBS and plasma from fed
and fasted groups we further evalutated the
metabolites that demonstrated a significant
fold change (p<0.05) in response to fasting.
The false discovery rates corresponding to
the p<0.05 threshold were 9.5%, 7.7%, 8.6%,
9.5%, and 24% for plasma, platforms, R, S, T,
V, and DBS, respectively. We then focused on
the plasma samples that were analyzed on the
same platform as the DBS. To characterize
the congruency of the metabolomes of DBS and
plasma we plotted the fed/fasted fold-change
ratios of the metabolites found in both
sample matrices (Figure 2A). There was high
correlation between the fed/fasted ratios of
the log transformed data in each sample type
(r=0.84), demonstrating that the majority of
the metabolome in plasma was retained in DBS
despite the differences in the testing matrices and
DBS having a 5-fold lower extraction volume.

We also used glucose and 1,5-anhydroglucitol
(1,5-AG) markers associated with both fasting
and fed states, to measure variance in metabolite
performance between individuals. We estimated
the distribution range for glucose and 1,5-AG
by calculating the deviation from the mean by
computing the z-scores on the log-transformed
data without imputes, using rankit regression
to estimate the mean and standard deviation.
Z scores for glucose and 1,5-AG for the 49
subjects were computed independently for each
matrix and then plotted (Figure 2 B,C). While Z
scores varied between individuals — sometimes
by as much as 10 standard deviations — the
difference in Z scores between plasma and DBS
for each individual was less than 1 standard
deviation. Altogether, these data show that
DBS captures global metabolomic changes
associated with fasting that are fairly consistent
with those observed in plasma, while also
capturing variability among individuals within a
testing group.

Longitudinal Precision and Biological

Variability Captured in DBS

We next evaluated the metabolic variability
captured by DBS for individuals over time.

We profiled DBS samples from 22 volunteers.

Of these volunteers, six subjects did not report any
health issues.; the rest (16) self-reported diagnoses
shown in Table 2. Each donor was asked to
self-collect at least one DBS sample every weekday
for up to 30 days. Some donors did not complete
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the full study, and some provided more than one
sample on some of the study days. Our analysis
included all data generated from metabolic
profiling of all DBS submitted for the study.

Longitudinal tracking of selected metabolites
The relative abundance of most metabolites
revealed global metabolic trends over time while
also capturing the biological variability of each
individual. Some metabolites that exemplify
individual characteristics are shown in Figure 3.
While many of these findings are from an n

of 1 setting, the results from the study can be
verified by the extensive personal information
volunteers disclosed on their health history
forms and daily logs. For example, Donor 2,
who had been diagnosed with probable insulin
resistance, had noticeably low levels of 1,5-AG,
(Figure 3A) a marker of short-term glycemic
control that decreases as blood glucose levels

exceed the renal threshold for glucosuria.*
This same donor demonstrated a relatively
high level of ergothioneine (Figure 3B), a
xenobiotic found mainly in mushrooms

and beans, which aligned with the donor’s
reported vegetable-rich diet. Donor 9, who
had a history of hypothyroidism, exhibited low
levels of DHEA-S (Figure 3C), an androgenic
steroid that is typically decreased in patients
with thyroid dysfunction.*>** DHEA-S is also
elevated in women with hyperandrogenism,*
and Donor 2, who exhibited the highest levels
of this metabolite in the cohort, had a history
of polycystic ovary syndrome (PCOS). Donor 9
was taking corticosteroids to treat asthma and
had the lowest level of androstenediol (3beta,
17beta) disulfate (Figure 3D), an androgenic
steroid that can be potently downregulated in
response to corticosteroid therapy Tryptophan
betaine and N,N,N-trimethyl-5-aminovalerate

Table 2: Overview of the 22-donor cohort. This cohort consisted of 10 males aged 38-61 (average age 48),
10 females aged 34-69 (average age 46), and two adults of unknown age and sex. Each donor reported their
medical diagnoses and the prescription medications they took during the study. While the number of DBS
collected from each subject varied all data was included in the analyses. ADHD=attention deficit hyperactivity

disorder, PCOS=polycystic ovary syndrome.

Subject

Identifiter Sex Reported Medical History

DNR19 M Asthma

DNR25 M Healthy

DNRO5 M Healthy

DNR15 M Healthy

DNR18 M History of Kidney Stones

DNR13 M Hyperlipidemia, Hypercholesterolinemia

DNR21 M Osteoarthritis, Hypercholesterolinemia

DNRO4 M ADHD, Hypothyroidism

DNR26 M Insomnia, Bipolar Disorder, Type ||
Diabetes, Hypertension, Hypogonadism

DNR22 M Gastroesophigeal Reflux Disease

DNR28 F Healthy

DNRO2 F ADHD, Reynauds Syndrome, Probable
Insulin Resistance, PCOS, Migraines,
Hypercholesterolinemia

DNR16 F Hypothyroidism

DNR27 F Healthy

DNRO1 F Anemia, Migraines

DNRO6 F Asthma, Sleep Apnea, Depression,
ADHD, Osteoarthritis, Gastroesophageal
Reflux Disease

DNR10 F Migraines, PCOS

DNRO9 F Asthasma, ADHD, Hypothyroidism,
Hypertension

DNR20 F Healthy

DNR29 F Healthy

DNRT1 Null Null

DNR 14 Null Null

Number
of DBS

Prescription Medications Collected
Zyrtec 30
None 30
None 23
None 25
None 30
None 31
None 27
Vyvanse, Adderall, Synthroid 28
Zestoretic, Synthroid, Depo-Testosterone, 10

Lamictal, Lipotor, Cymbalta,
Abilify Maintena

None 30
None 20
Vyvanse, Adderall, Xanax 20
Synthroid 20
None 21
Klonopin, Lexapro, Relpax 28
Adderall, Xopenex HFA, Wellbutrin SR, 12
Kelnor 1/35

None 19
Viyvanse, Strattera, Ritalin, Porair (Albuterol 23
Inhaler), Zestoretic, Synthroid

None 26
None 5
Null 18
Null 7
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(Figure 3E and 3F) are intermediate molecules
associated with tryptophan metabolism.

No obvious dietary, medical, or medicinal
conditions were noted by the subjects that might
have caused variability in abundance between
individuals; and while our findings revealed
differences between individuals, they also showed
that levels remained consistent within each subject
for the duration of the study. Of important note,
this between-within contrast shows that biological
individual-to-individual differences are exceeding
the analytical variability associated with DBS
analysis and home collection, showing that our
findings represent the metabolic fingerprints of
the study participants rather than analytical noise.

A

We also note that the levels of some metabolites
fluctuated considerably, both within an
individual and across individuals over the study.
Representative metabolites associated with amino
acid metabolism (4-acetamidobutanoate), diet
(dimethylglycine), and environmental factors
(4-hydroxychlorothalonil and perfluorooctane
sulfonic acid (PFOS)) are shown in Figure 4.
The levels of the metabolite 4-acetaminobutanoate
was highly consistent for some participants
(e.g., Donors 2, 10, 15, and 29) but fluctuated
dramatically for others, such as Donor 26. Some
of the more extreme outliers could be explained
by diet. For example, dimethylglycine is an amino
acid found in many edible plants including beans

Figure 3: Individual biological variability and longitudinal precision captured by DBS. (A-F) The relative
abundances of representative metabolites were plotted over the 30-day study period. Subject DNR25 was healthy,
while subjects DNROT, 02, 09, and 21 had been diagnosed with various conditions and were being treated with

prescription medications listed in Table 2.

and brown rice. Donor 20 reported eating these
foods more often than other study participants.
The elevated PFOS level shown in Donor 5,
a self-reported vegetarian, may indicate higher
levels of exposure from food and/or lower
clearance compared to the rest of the cohort
since PFOS may be associated with pesticide
metabolism to treat plants and vegetables.
While conclusions about the causative factors for
the observed biological variabilities cannot be
drawn without further study, these data show that
individual metabolic fingerprints can be observed
at a singular time point from a DBS sample.
Altogether, these data show that DBS can
capture biological variability between individuals
to a high degree of precision and that the
analytical variability with DBS is minor compared
to the individual-to-individual differences
associated with this cohort.

Longitudinal tracking of selected hormones

To further evaluate the ability of DBS as a
modality for “metabolic fingerprinting” based
on the global metabolome, we focused the
analysis on hormone profiles of the 22-donor
cohort to test whether we could identify the
two individuals in the population that had

a reported history of PCOS. Analysis of the
biochemical profiles for each of the subjects
revealed a specific steroid hormone profile in
multiple subjects (Figure 5). The lowest levels
of the steroid hormones across the cohort
corresponded to male and post-menopausal
female participants. Among pre-menopausal
females who were not taking estrogen-based birth
control we identified two with significantly lower
levels of the progestin steroid 5alpha-pregnan-
3beta,20alpha-diol disulfate, a steroid sulfate
that increases during ovulation and is known to
be downregulated in PCOS.* Given the small
number of cases in this study, it is impossible

to make any claims regarding the strength of
this particular finding. Rather the preliminary
evidence highlights the proof of concept for

the ability of DBS samples to capture metabolic
variability associated with specific biological
function, including the female reproductive
cycle. Based on these observations, we propose
that DBS can be extended to disease diagnosis
for related conditions.

Discussion

As noted throughout this article, significant
advancement in the performance of analytical
platforms and informatics tools enable the
measurement of thousands of metabolites

in a variety of biofluids and tissues.**’

These analytical tools have provided insights
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Figure 4: Representative metabolites showing individual metabolic fingerprints across the cohort. The box plots represent all data for each biochemical and each
donor across the entire data set. The box represents 80% of the data and the whickers represent the top and bottom 10% of the data. The line in the middle of the boxes
represents the median level for that donor. (A) Levels of a metabolite associated with amino acid metabolism that was shown to have a wide range of individual variability.
(B) Levels of a metabolite derivative of the amino acid glycine that is found mainly in beans and liver. (C-D) Levels of metabolites associated with pesticide metabolism.

on mechanisms that underly numerous diseases
including neuropsychiatric disorders,**
cardiovascular disease,***' cancer,””** and
diabetes.>* Metabolomics may also inform a
patient’s prognosis and response to treatment.*>>
Continued use of metabolomics-based testing
will define deviations in global metabolic
pathways from healthy reference populations in
clinically stratified cohorts. Information from
these reference studies will become the baseline
for discovery and validation of prognostic and
diagnostic biomarkers of wellness or disease
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activity, enable sub-classification of disease, and
serve as a tool for monitoring disease activity,
recurrence, and/or response to treatment.

DBS represents an optimal solution for
expanding access to metabolomics for monitoring
wellness owing to their easy collection, low-cost
shipping and storage, and lack of reliance on
cold-chain and phlebotomy services. Several
studies have demonstrated the utility of DBS
in metabolomics-based diagnostic testing,***
however the performance of DBS samples for
broad metabolic fingerprinting and assessing
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overall wellness has not been rigorously tested.
Here, we aimed to establish a protocol for DBS
collection and to compare the metabolomic
profiles from plasma samples (which are routinely
used for clinical testing) to profiles obtained from
DBS. The overarching goal was to demonstrate the
utility and value of DBS for evaluating the global
metabotype of individual patients.

Using Metabolon’s untargeted discovery
mass spectrometry platform, we captured a
comprehensive metabolomic profile from DBS
samples and assessed the metabolite variability
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Figure 5: Analysis of steroid hormone levels for each donor over the 30-day study. Decreased levels of a steroid hormone revealed two study participants who had a
history of PCOS: blue circles shown in “No Hormone"” and purple squares shown in “Estrogen-free IUD".
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across individuals under conditions of feeding
and fasting. We showed that DBS captured a
metabolic profile similar to that of plasma with
the exception of metabolites that are enriched
in erythrocytes (Figure 1). DBS also captured
physiologic signature changes associated with
fasting (Figure 2A). While these changes varied
significantly between individuals, there was a high
agreement between plasma and DBS signatures
within individuals (Figure 2B,C), indicating
that DBS captured biological variability with
high fidelity.

We assessed longitudinal precision and
biological variability by analyzing DBS collected
at home over 30 days. DBS captured stable
and broad metabolic variability between study
participants and metabolites per individual for
the study period (Figure 3). This data agrees
with established concepts regarding tight control
of levels of certain metabolites in the blood,
while also revealing that the DBS methodology
is capable of monitoring this level of biological
precision. There were also examples of metabolic
signature differences that could be explained
by dietary, medicinal, or environmental factors
unique to those individuals, where metabolites
had both greater individual-to-individual
differences but also greater variability in how
tightly maintained those metabolites were per
individual (Figure 4). Finally, we demonstrated
that the individual variability captured in the
DBS metabolome can potentially inform disease
activity (Figure 5).

Altogether, these data demonstrate that
samples generated from DBS can provide
accurate and precise monitoring of metabolomic
profiles and valuable insights on the alterations
in the underlying biology of the individual.
These findings support the assertion that DBS is
a suitable matrix for profiling the metabotype.
We recognize the limits of a small population
study as a proof of concept and recognize that
additional testing must be done with larger
cohorts to confirm and validate our findings.

We also note that plasma remains the gold
standard for clinical diagnostics, and at present,
should be used when a clinical diagnosis needs
to be validated. Given that point, our findings
show that in situations when cold storage or
phlebotomy is not feasible, DBS represent

a viable alternative matrix for profiling the
metabotype and should therefore be further
evaluated for metabolomics-based wellness
testing as a potential testing modality within
clinical standard of care. Further, we propose that
metabolomic profiling with DBS will increase the
affordability, diversity, and access for precision
medicine applications. B
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Rangaprasad serves as the Chief
Scientific Officer at Metabolon.

He has over a decade of
experience leading multi-functional
teams to integrate biology,
technology, and artificial intelligence
analytics to develop multi-omic
platforms for the discovery of disease-specific and novel
therapeutic targets. He supports ongoing company
initiatives by identifying unique differentiated commercial
opportunities then building teams and plans to achieve
corporate goals.

Adam D. Kennedy

Adam is an accomplished
biochemist and immunologist with
over 40 peer-reviewed publications
and 5 patents, awarded and
pending. During his 11 year tenure
at Metabolon he has led over

\ 200 projects aimed at biomarker
discovery, validation, and product development for
kidney diseases, liver diseases, type 2 diabetes, and
inborn errors of metabolism. He currently serves as the
Associate Director of Clinical Metabolomics where he
played a critical role in the development of CLIA/CAP
validated tests for insulin resistance and impaired glucose
tolerance. He is currently leading the development of a
screening test for rare diseases.

Anne M. Evans

Annie is the Head of Research and
Development for the discovery
metabolomics and lipidomics
profiling technologies at Metabolon.
The metabolomics and lipidomics
methodologies developed under
Dr. Evans have been the analytical
basis for many thousands of commercial and academic
metabolomics and lipidomics studies from over 800
institutions worldwide. Currently, her research is focused
on further developing Metabolon’s technologies as well
as investigating new technologies to be able to support
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Summary Points

1. Metabolomics has become a valuable tool for precision medicine initiatives 4. DBS captures universal metabolomic changes associated with fasting while also
but remains inaccessible for routine diagnostic testing because metabolomics capturing the metabolic fingerprint of individuals within a cohort.
technologies do not lend themselves to ease of access or affordability. " L . . .

9 2 5. DBS samples have the ability to capture metabolic variability associated with specific

2. Dried blood spot (DBS) collection is an ideal method for expanding access to biological functions, including the female reproductive cycle, that can be extended
metabolomics owing to easy collection and low-cost shipping and storage. to disease diagnosis.

3. The metabolomics profile captured by DBS is consistently similar to that of plasma. 6. Our proofof-concept findings show that DBS is a suitable sample matrix for

untargeted, global metabolomic profiling of individuals.

References

1. German |B, Hammock BD, Watkins SM. Profiling novel metabolic biomarkers for Parkinson’s ~ 30.  Ford L, Kennedy AD, Goodman KD, et al. Precision Human Metabolome Database. Nucleic Acids Res.
Metabolomics: building on a century disease using in-depth metabolomic analysis. Mov of a Clinical Metabolomics Profiling Platform for Use Jan 2007;35(Database issue):D521-6. doi:10.1093/
of biochemistry to guide human health. Disord. Dec 2017:32(12):1720-1728. doi:10.1002/ in the |dentification of Inborn Errors of Metabolism. nar/gkl923
Metabolomics. Mar 2005;1(1):3-9. doi:10.1007/ mds.27173 J Appl Lab Med. Mar 1 2020;5(2):342-356. 48, Quinones MP, Kaddurah-Daouk R. Metabolomics
s11306-005-1102-8 18.  Gillman MW, Hammond RA. Precision Treatment doi:10.1093/jalm/jfz026 tools for identifying biomarkers for neuropsychiatric

2. Demain AL. Microbial production of primary and Precision Prevention: Integrating “Below and 31.  Sumner LW, Amberg A, Barrett D, etal. Proposed diseases. Neurobiol Dis. Aug 2009;35(2):165-76.
metabolites. Naturwissenschaften. Dec Above the Skin”. JAMA Pediatr. Jan 2016;170(1):9- minimum reporting standards for chemical doi:10.1016/j.nbd.2009.02.019
1980;67(12):582-7. doi:10.1007/BF00396537 10. doi:10.1001/jamapediatrics.2015.2786 analysis Chemical Analysis Working Group M8 SetiS Bierel Ontestd Bomeiias

3. Rappaport SM, Barupal DK, Wishart D, Vineis P, 19.  RamosKS, Bowers EC, Tavera-Garcia MA, Ramos (CAWG) Metabolomics Standarc.is \m.t\at\ve Application of Metabolomics in Neuropsychiatric
Scalbert A. The blood exposome and its role in IN. Precision prevention: A focused response (M§‘)CMgéabo'”;(‘fgbsgpozgg'jm'z] 1-221. Disorders. Int ] Neuropsychopharmacol. Oct 9
discovering causes of disease. Environ Health to shifting paradigms in healthcare. Exp Biol doi:10.1007/511306-007-0082- 2015;19(3):pv096. doi:10.1093/iinp/pyv096
Perspect. Aug 2014;122(8):769-74. doi:10.1289/ Med (Maywood). Mar 2019;244(3):207-212. 32, FordL, Mitchell M, Wulff], etal. Clinical 50. lliou A, Mikros E, Karaman |, et al. Metabolic
hp.1308015 doi:10.1177/1535370219829759 metabolomics for inborn errors of metabolism. pheno'typing I D S ——

; ) . ) . Adv Clin Chem. 2022;107:79-138. doi:10.1016/ - . o y

4. KimK, MallC, Taylor SL, etal. Mealtime, temporal, ~ 20. Mutie PM, Giordano GN, Franks PW. Lifestyle b 2021.09.00] overview of evidence from epidemiological
and daily variability of the human urinary and plasma precision medicine: the next generation in type BIEES: e settings. Heart. Jul 2021;107(14):1123-1129.
metabolomes in a tightly controlled environment. 2 diabetes prevention? BMC Med. Sep 22 33.  TeamRC. R: Alanguage and environment for doi:10.1136/heartjnl-2019-315615
PLoS One. 2014;9(1):e86223. doi:10.1371/journal. 2017;15(1):171. doi:10.1186/512916-017-0938x gatisticar} cormutip/% R Fou'gdatis)ndfor St?ﬁstwca\ 51, McGarrah RW, Crown SB, Zhang GF, Shah SH,
pone.0086223 21.  Chamberlain CA, Rubio VY, Garrett T). Impact Omputing. Ntps://www.R-project.org, Newgard CB. Cardiovascular Metabolomics. Circ

5. SuhreK, Raffler ], Kastenmuller G. Biochemical of matrix effects and ionization efficiency in 34, Corporation O. https://omicsoftdocs.github.io/ Res. Apr 27 2018;122(9):1238-1258. doi:10.1161/
insights from population studies with genetics non-quantitative untargeted metabolomics. ArraySuiteDoc/tutorials/ArrayStudio/ArrayStudio/ CIRCRESAHA 117.311002
and metabolomics. Ar‘ch B\'ochem Biophys. Jan 1 Mgtabolomics. Oct42019;15(10):135. 35. Lawton KA, Berger A, Mitchell M, etal. Analysis 52.  Rinschen MM, lvanisevic |, Giera M, Siuzdak
2016;589:168-76. doi:10.1016/].abb.2015.09.023 doi:10.1007/511306-019-15972 of the adult humanj plasma metabolome. G. Identification of bioactive metabolites using

6. Holmes E, Wilson ID, Nicholson JK. Metabolic 22. LyA, BuckA, Balluff B, etal. High-mass-resolution Pharmacogenomics. Apr 2008;9(4):383-97. activity metabolomics. Nat Rev Mol Cell Biol. Jun
phenotyping in health and disease. Cell. MALDI mass spectrometry imaging of metabolites doi:10.2217/14622416.9.4.383 2019;20(6):353-367. doi:10.1038/541580-019-
Sep 5 2008;134(5):714-7. doi:10.1016/j. from formalin-fixed paraffin-embedded tissue. Nat ~ 36.  Kondoh H, Teruya T, Yanagida M. Metabolomics of 01084
cell.2008.08.026 Protoc. Aug 2016;11(8):1428-43. doi:10.1038/ human fasting: new insights about old questions. 53.  SchmidtDR, Patel R, Kirsch DG, Lewis CA, Vander

7. Vasilopoulou CG, Margarity M, Klapa M. nprot.2016.081 Open Biol. Sep 2020;10(9):200176. doi:10.1098/ Heiden MG, Locasale JW. Metabolomics in cancer
Metabolomic Analysis in Brain Research: 23.  Zierer], Jackson MA, Kastenmuller G, etal. The rsob.200176 research and emerging applications in clinical
Opportunities and Challenges. Front Physiol. fecal metabolome as a functional readout ofthe gut 37 Weisberg JFaS. An R Companion to Applied oncology. CA Cancer | Clin. Jul 2021;71(4):333-
2016;7:183. doi:10.3389/fphys.2016.00183 microbiome. Nat Genet. Jun 2018;50(6):790-795. Regression. 3rd ed. Sage; 2019. 358. doi:10.3322/caac.21670

8. Wishart DS. Emerging applications of doi10.1038/541588:018.0135-7 38. RL emmeans: Estimated Marginal Means, aka 54.  PallaresMendez R, Aguilar-Salinas CA, Cruz-
metabolomics in drug discovery and precision 24.  HanM, Jun SH, Song SH, Park HD, Park KU, Song . Least-Squares Means. https://cran.r-project.org/ Bautista |, Del Bosque-Plata L. Metabolomics in
medicine. Nat Rev Drug Discov. Jul 2016;15(7):473- Ultra-performance liquid chromatography/tandem web/packages/emmeans/index.html diabetes, a review. Ann Med. 2016;48(1-2):89-102.
84. doi10.1038/nrd.2016.32 mass spectrometry for determination of sulfatidesin 39 Storey D, Tibshirani R. Statistical significance for doi:10.3109/07853890.2015.137630

9. Everett]R. Pharmacometabonomics in aredbloodspatsfiompatientswithimetachiomate genomewide studies. Proc Natl Acad SciU S 55. Amin'S, Rattner ], Keramati MR, et al. A strategy
humans: a new tool for personalized medicine. leukodystrophy. Rapid Commun Mass Spectrom. A. Aug 5 2003;100(16):9440-5. doi:10.1073/ for early detection of response to chemotherapy
Pharmacogenomics. 2015;16(7):737-54. Mar 30 2014;28(6):587-94. doi:10.1002/ pnas.1530509100 drugs based on treatment-related changes in the
doi:10.2217/pgs.15.20 CEERE ‘ 40 Storey D BA, Dbney A, Robinson D. qvalue: Qralue metabolome. PLoS One. 2019;14(4):¢0213942.

10.  Sindelar M, Standliffe E, Schwaiger-Haber M, et 25.  Manicke NE, Abu-Ra.bwg 7, Spooher N, Ouyang estimation for flase discoveyr rate control. https:// doi:10.1371/journal.pone.0213942
al. Longitudinal Metabolomics of Human Plasma Z, Cooks RG. Quantitative analysis of therapeutic github.com/StoreyLab/qvalue 56.  DastmalchiF, Deleyrolle LP, Karachi A, Mitchell DA,
Reveals Robust Prognostic Markers of COVID-19 drugs in dried blood spot samples by paper spray . Rahman M. Metabol Monitoring of Treatment

} 4. 1,5 ahman M. Metabolomics Monitoring of Treatmen
Disease Severity. medRxiv. Feb 8 2021;doi:10.1101/ mass spectrometry: an avenue o therapeutic ! ag?glfgﬁokf;nmhé‘dyfsxggnga%;&zt;c Response to Brain Tumor Immunotherapy.
2021.02.05.21251173 drug monitoring. ] Am Soc Mass Spectrom. Sep : ; -8(1):9- Front Oncol. 2021;11:691246. doi:10.3389/
2011:22(9):1501-7. doi-10,1007/513361-011-0177 excursions. Expert Rev Mol Diagn. Jan 2008;8(1):9- i
1. WangZ, ZhuC, NambiV, etal. Metabolomic it P ORI 19. doi:10.1586/14737159.8.1.9 fonc.2021.691246
Pattern Prediicts Incident Coronary Heart Disease. ~ 26.  LiQ, Cao D, Huang Y, XuH,YuC, LiZ. s ! 57.  Hasan MR, Suleiman M, Perez-Lopez A
) - . ShuklaR Ganeshani M. A IM. etal. . Hasan MR, Suleiman M, Perez-Lopez A.
Arterioscler Thromb Vasc Biol. Jul 2019;39(7):1475- Development and validation of a sensitive LC-MS/ tica, Sanesnaniivi, Aganvativi, eta Metabolomics in the Diagnosis and Prognosis
Dehydroepiandrostenedione sulphate (DHEAS) 9 9
1482. doi:10.1161/ATVBAHA 118.312236 MS method for determination of tacrolimus on levels predict high risk of th toid arthrit of COVID-19. Front Genet. 2021:12:721556.
S . . dried blood spots. Biomed Chromatogr. Mar s predicthign risk of iheumatoid artnritis . :

12.  PorcuE, GilardiF, Darrous L, etal. Triangulating 2013:27(3):327-34. doi:10.1002/bme. 2795 (RA) in subclinical hypothyroidism. PLoS One. doi:10.3389/fgene.2021.721556
evidence from longitudinal and Mendelian i . B . 2021;16(2):e0246195. doi:10.1371/journal. 58. JinQ, MaRCW. Metabolomics in Diabetes
randomization studies of metabolomic biomarkers 27. Sch}e‘lfWS, Harlan RS, Hamblin F, etal. _ pone.0246195 and Diabetic Complications: Insights from
forvt.ype 2 diabetes. Sci Rep. Mar 18 2021;11(1):6197. (D:E?(I')\r:gt;her:eha\t:ﬁz:if\h;\g:gof;g;gwd 43, Tagawa N, Tamanaka , Fujinami A, etal. Serum Epidemiological Studies. Cells. Oct 21 2021;10(11)
doi:10.1038/541598-021-85684-7 atograpny P Y dehydroepiandrosterone, dehydroepiandrosterone doi:10.3390/cells10112832

. 5 Analysis of Dried Blood Spot Extracts from the X A .
13.  Schussler-Fiorenza Rose SM, Contrepois K, - ] sulfate, and pregnenolone sulfate concentrationsin 59, Tokarz), Adamski], Rizner TL. Metabolomics for
. S X Prospective Research on Early Determinants of ¥ ¥ - L t 06 g . N 8
Moneghetti K], etal. Alongitudinal big data ) . ) o patients with hyperthyroidism and hypothyroidism. Diagnosis and Prognosis of Uterine Diseases? A
o lllness and Children's Health Trajectories Birth X . . N .
approach for precision health. Nat Med. May . Py Clin Chem. Apr 2000;46(4):523-8. Systematic Review. | Pers Med. Dec 21 2020;10(4)
2019:25(5):792-804. doi:10.1038,/s41591-019- Cohort Studly. | Pediatr. Feb 2022;241:251-256 e4. ) i ) o . .
0414’6 : - dol: doi10.1016/j.joeds.2021.09.061 44, Christodoulaki C, Trakakis E, Pergialiotis V., et al. doi:10.3390/jpm10040294
¥ - 28. Evans AM, DeHaven CD, Barrett T, Mitchell M, Dehydrogp\androsteron.e—SuHatt.e, lingulity Resx.stam:e 60.  Korteling D, Boks MP} Fiksinski .AM,ieta\.
14. Milburn MV, Lawton KA. Application of N i and Ovarian Volume Estimation in Patients With Untargeted metabolic analysis in dried blood spots
. N P . Milgram E. Integrated, nontargeted ultrahigh . Ny | 9 - ¥ > Sp
metabolomics to diagnosis of insulin resistance. T iquid ch t hy/elect Polycystic Ovarian Syndrome. | Family Reprod reveals metabolic signature in 22q11.2 deletion
Annu Rev Med. 2013:64:291-305. doi10.1146/ [FeemEn S e e = e il ClISEetpIc Health. Mar 2017;11(1):24-29. syndrome. Trans! Psychiatry. Mar 8 2002:12(1):97.
annurev-med 061511134747 et e T S e ein = el i ; j ; doi101038/541398022.018594
) for the identification and relative quantification 45. Baillie TA, Cursted.t T, Sjovall K, Sjovall J. Production 0i:10. s -

15. \ngle;e 8 McKenzweJS‘, Mrgz A, etal. Deep of the small-molecule complement of biological rates and metabolism ofsulpha‘tesbof 3‘beta- 61, LiuL, JinX, WuY, etal. ANovel Dried Blood
learning and 3D-DES| imaging reveal the hidden systemns. Anal Chem. Aug 15 2009:81(16):6656-67. hydroxy-5 alpha-pregnane derivatives in pregnant Spot Detection Strategy for Characterizing
metabolic heterogeneity of cancer. Chem Sci. May doi10.1021/2c901536h women. | Steroid Biochem. Dec 1980;13(12):1473- Cardiovascular Diseases. Front Cardiovasc Med.
1201 7;8(5):3;00351 1. don:10,1039/c6sc0.373$k 29, EvansA.M. BBR, LiuQ, Mitchell M. W, Dai H, 88.doi:10.101 6/0022-47fﬂ(80_)90062-X ‘ 2020;7:542519. doi:10.3389/fcvm. 2020.542519

16. Balggj, S}zan@z\oT, Schaefer KC, et aIt Identification Stewart S. J., DeHaven C. D., Miller LAD. High 46. GowdaGA, ZhangS, Qu H, AsiagoV, ShanaiahN, 6o yan Dooijeweert B, Broeks MH, van Beers E,
of biclogical tissues by rapid evaporative Resolution Mass Spectrometry Improves Data Raftery D. Metabolomics based methods for early etal. Dried blood spot metabolomics reveals a
ionization mass spectrometry. Anal Chem. Sep 1 Quantity and Quality as Compared to Unit Mass disease diagnostics. Expert Rev Mol Diagn. Sep metabolic fingerprint with diagnostic potential for
2010;82(17):7343-50. doi:10.1021/ac101283x Resolution Mass Spectrometry in High-Throughput 2008;8(5):617-33. doi:10.1586/14737159.8.5.617 Diamond Blackfan Anaemia. Br | Haematol. Jun

17.  HanW, Sapkota S, Camicioli R, Dixon RA, Li L. Profiling Metabolomics. Metabolomics. 2014;4(2) 47.  Wishart DS, Tzur D, Knox C, etal. HMDB: the 2021;193(6):1185-1193. doi:10.1111/bjh.17524

Precision Medicine Quarterly | Volume 1

Issue 1 | March 2023

www.precisionmedicinequarterly.com



Supplemental Figure 1: Diet Summary

Donor Refined
ID Animal Protein Plant Protein Carbohydrates Vegetables Added Fats

DNR1
DNR?2

DNR 4

DNR 5

DNR 6

DNR9

DNR 10

DNR 11

DNR13

DNR 14
DNR 15
DNR 16

DNR 18

DNR 19

DNR 20
DNR 21

DNR 22

DNR 25

DNR 26
DNR 27
DR 28

Chicken, beef, fish

Salmon, chicken,
pork

Chicken, eggs, beef

None

Chicken, steak,
eggs

Poultry, beef, eggs

Chicken

Chicken

Chicken, beef
(ground and jerkey)

Chicken, eggs,
grass-fed beef

Salmon, chicken,
pork, beef, eggs

Eggs, all meat
Chicken

Ham, beef
Chicken
Chicken

Vega protein shake,
almonds, edamame

Protein bars

Beans, almonds,
hummus

Lentils, chickpeas

Peanut butter,
beans

Peanuts, almonds,
sunflower seeds,
protein noodles,
whey protein
(power, bar)

Nuts

Pumpkin seeds

Protein chake,
Rx bar
Peanut Butter

Kefir

Low carb tortilla,
noodles, sweet
potatoes

Pasta. rice.
Sandwich bread

Pasta, granola bar,
potato chips

Pasta, wheat
crackers

Cereal (Special K),
sandwich bread,
pizza, chips

Curry rice, bread,
cheeze its

Pasta, bread,
crackers, rice, taco
shell

Brown rice

Popcorn

Ramen

Cereal (Heritage
Grain)

Potatoes, bread

Pasta

Pizza, whole wheat
toast, chips

All vegetables All fruits

Cruciferous,
spinach, peppers
Green beans, salad, Al fruits
tomato sauce,

sprouts

Salad, tomato
sauce, green beans,
peas, pepper,
carrot, radish

Apples

Did not report

Salad, green Strawberries and
vegetables, corn, raspberries

salsa

All vegetables All fuits

Did not report

All vegetables Bananas

Did not report
Did not report

All vegetables All fruits

All vegetables All fruits

Al fruits (raw and
(dried), Lara bar

All vegetables

Did not report

Green vegetables

plums
All vegetables None
Salad None
Broccoli, peas Bananas
Salad
Salad Bananas

Blueberries, apples,

Soft cheeses

None

Whey protein,
yogurt, cheese

Yogurt, cheddar
cheese

Yogurt, cheese

Yogurt, cheese

Cheese, yogurt

Cheese, yogurt

Cheese, whey
protein

Yogurt, cheese

None

Whey protein

Yogurt, cheese
Yogurt, kefir
Yogurt

Coconut oil. Flax
milk

Mayonnaise

Butter. EVOOm
pesto

MCT oil, butter

Salad dressing

Chocolate

Dark chocolate

Nutella, m&ms,
soda

Pop-tarts

Ice cream

Diet soda

Ice cream

Dried fruit, honey

Dark chocolate

Candy, pop-tarts,
soda
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Supplemental Figure 2: Daily Drug Log

Lexapro,
Hydrocortisone

Lexapro

Lexapro

Lexapro,
Ibuprofen

Lexapro,
Hydrocortisone

Lexapro

~N

Lexapro, Relpax,
Ibuprofen

Lexapro

Lexapro

Lexapro

Lexapro

Lexapro

13 Lexapro

Lexapro

15 Lexapro

Lexapro

—

7 Lexapro,
Clonopin, Xanax

Lexapro

Lexapro

Lexapro

21 Lexapro, Relpax,
Ibuprofen

22 Lexapro
23 Lexapro, Relpax,
Ibuprofen

pZ Lexapro

Lexapro

N
o

Lexapro,
Ibuprofen

Lexapro

Lexapro
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Vyvanse, Adderall, Benadryl

Vyvanse, Adderall, Benadryl

Vyvanse, Adderall, Benadryl

Vyvanse, Adderall, Benadryl

Vyvanse, Adderall

Vyvanse, Adderall, Benadryl

Vyvanse, Adderall, Benadryl

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl
Vyvanse, Adderall, Xanax,
Benadryl
Vyvanse, Adderall, Xanax

Vyvanse, Adderall, Xanax,
Benadryl

Vyvanse, Adderall, Xanax,
Benadryl

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Benadryl,
Melatonin

Vyvanse, Adderall, Xanax,
Benadryl, Melatonin
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Synthroid, Aspirin, Trazodone

Synthroid, Aspirin, Trazodone

Synthroid, Aspirin, Trazodone

Synthroid, Aspirin, Trazodone

Synthroid, Aspirin, Trazodone

Synthroid, Aspirin, Trazodone
Synthroid, Aspirin, Trazodone

Synthroid, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Adderall, Synthoid, Econazole
nitrate, Miconazole nitrate,
Clotrimazole, Trazodone

Vyvanse, Synthoid,
Clotrimazole, Trazodone

Vyvanse, Synthoid,
Clotrimazole, Trazodone

Viyvanse, Synthoid, Trazodone

Synthoid, Trazodone

Synthoid, Trazodone

Synthoid, Trazodone
Synthoid, Trazodone

Viyvanse, Trazodone
Vyvanse, Synthoid, Aspirin,

Trazodone

Vyvanse, Synthoid, Aspirin,
Trazodone

Vyvanse, Synthoid, Aspirin,
Trazodone

Vyvanse, Synthoid, Aspirin,
Trazodone

Vyvanse, Synthoid, Aspirin,
Trazodone

Vyvanse, Synthoid, Aspirin,
Trazodone

DonorID

by | o1 | oWz | ows lowms | ows | oW | oW |

None
Reported

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Adderall, Xopenex HFA, Zyrtec,
Wellbutrin SR, Kelnor 1/35

Vyvanse, Strattera, Ritalin,
Flonase, Zestoretic, Synthroid

Vyvanse, Strattera, Ritalin,
Flonase, Zestoretic, Synthroid

Viyvanse, Strattera, Proair,
Zestoretic, Synthroid

Vyvanse, Strattera, Zestoretic,
Synthroid

Vyvanse, Strattera, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Vyvanse, Strattera, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Strattera, Ritalin, Zestoretic,
Synthroid

Viyvase, Strattera, Zestoretic,
Synthroid

Vlyvase, Strattera, Zestoretic,
Synthroid

Vyvase, Strattera, Zestoretic,
Synthroid

Vyvase, Strattera, Zestoretic,
Synthroid

Vyvase, Strattera, Zestoretic,
Synthroid

Vyvase, Strattera, Zestoretic,
Synthroid

Vyvase, Strattera, Zestoretic,
Synthroid

lbuprofen

Ibuprofen

Ibuprofen

Ibuprofen

Prilosec

Prilosec

Prilosec,
Claritin

Prilosec,
Claritin

Prilosec,
Claritin

Prilosec,
Claritin

Prilosec,
Claritin

Prilosec,
Ibuprofen
Prilosec
Prilosec

Prilosec

Prilosec

continues...
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Supplemental Figure 2: Daily Drug Log (continued)

I e e e e
- None reported None reported None reported Synthroid None reported Zyrtec
Synthroid Zyrtec
Synthroid Zyrtec
n Synthroid Zyrtec
“ Ibuprofen Synthroid Zyrtec
n lbuprofen Zyrtec
Zyrtec
n Synthroid Zyrtec
n Synthroid Zyrtec
n Synthroid Zyrtec
“ Synthroid Zyrtec
Synthroid Zyrtec
Zyrtec
n Zyrtec
n Synthroid Zyrtec
n Synthroid Zyrtec
Synthroid Zyrtec
n Synthroid Zyrtec
n Synthroid Zyrtec
Zyrtec
Zyrtec
Synthroid Zyrtec
Synthroid Zyrtec
Synthroid Zyrtec
Synthroid Zyrtec
Synthroid Zyrtec
Zyrtec
Zyrtec
continues...
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Supplemental Figure 2: Daily Drug Log (continued)

I e e e e
- Synthroid Prilosec Ibuprofen Synthroid, Relpax Lexapro, Hydrocortisone

Synthroid Prilosec Synthroid, Relpax

Synthroid Prilosec Synthroid, Relpax

n Synthroid Prilosec Synthroid, Relpax

Synthroid Prilosec Synthroid, Relpax

n Synthroid Prilosec

Synthroid Prilosec

“ Synthroid Prilosec Synthroid, Relpax

n Synthroid Prilosec Synthroid, Relpax Ibuprofen
n Synthroid Prilosec Zyrtec Synthroid, Relpax Ibuprofen
“ Synthroid Prilosec Zyrtec Synthroid, Relpax lbuprofen
Synthroid Prilosec Synthroid, Relpax

Synthroid Prilosec

n Synthroid Prilosec

n Synthroid Prilosec, Ibuprofen Ibuprofen

n Synthroid Prilosec

Synthroid Prilosec, Ibuprofen

n Synthroid Prilosec, Ibuprofen Zyrtec

n Synthroid Prilosec

Synthroid Prilosec, Ibuprofen

n Synthroid Prilosec, Ibuprofen

Ibuprofen Synthroid Prilosec

Synthroid Prilosec Ibuprofen Ibuprofen
Synthroid Prilosec, Ibuprofen

Synthroid Prilosec Ibuprofen
Synthroid Prilosec

Synthroid Prilosec Zyrtec

Synthroid Prilosec Zyrtec

Synthroid Prilosec, Ibuprofen Zyrtec

Prilosec Zyrtec
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