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According to the 2017 Council for Responsible Nutrition survey, botanicals
makeup 39% of the total dietary supplement usage in the United States. The use of
dietary supplements in general has increased by 8% since 2015, and there is a need to
ascertain and monitor the quality and authenticity of such products. Adulteration of
dietary supplements is a concern because commercial suppliers may inadvertently or
deliberately sell products for which composition does not match that reported on the
label. Adulteration constitutes a potential health concern for consumers, increasing the
risk of toxicity, adverse reactions, or ineffective products. Current methodologies employ
targeted analysis or supervised statistical analysis for adulteration detection, both of
which require prior knowledge of the sample set. A method for detection of adulteration
in botanical dietary supplements utilizing untargeted mass spectrometry based
metabolomics was developed and implemented on multiple instrument platforms. These
included an ultraperformance liquid chromatography (UPLC) system coupled to a
ultraviolet (UV) spectrophotometric detector (LC-UV), UPLC coupled to a quadrupoletime of flight (Q-ToF) mass spectrometer (LC-Q-ToF) and UPLC coupled to a hybrid
quadrupole-orbitrap mass spectrometer (LC-Orbitrap). To evaluate the sensitivity of the
method for detecting outliers, a set of samples was prepared by combining two different
plant species, the botanical Hydrastis canadensis L. (Ranunculaceae), and a known
adulterant species, Coptis chinensis Franch. (Ranunculaceae). C. chinensis was added to

the H. canadensis samples in percentages ranging from 5% to 95% to emulate different
levels of adulteration. The methodology was effective on all instrument platforms, but the
sensitivity of detecting the adulterants varied depending on the analytical method and the
method of data analysis. Using an unsupervised technique for data analysis (principal
component analysis), the lowest percentage at which the adulterated sample was
detectable as an outlier was measured based on the Hotelling’s T2 95% confidence
interval. Outliers could be detected with this approach at 50%, 50%, and 10%
adulteration using the LC-UV, LC-Q-ToF, and LC-Orbitrap systems, respectively.
Composite score analysis was also performed for a statistical analysis comparison. A
targeted analysis of a characteristic marker of adulteration (the alkaloid palmatine, which
is a component of C. chinensis) was also conducted for comparison to the untargeted
methods. Supervised statistical analyses, soft independent modelling by class analogy
(SIMCA), was used to compare the sensitivity of different statistical approaches. The
lowest percentage of adulteration detected as an outlier by these methods was 5%.
SIMCA may be able to detect a lower percentage of adulteration, however, 5% was the
lowest percentage tested in this study. The targeted analysis gave a limit of detection
(LOD) of 0.0047 µM, 0.025 µM, and 0.027 µM; and a limit of quantitation (LOQ) of
0.12 µM and 0.55 µM, and 0.54 µM using liquid chromatography coupled to Orbitrap
MS, Q-ToF MS, and Photodiode array (PDA) detectors, respectively. These values
correspond to 0.3%, 1.5%, and 1.7% C. chinensis contamination in a botanical sample,
respectively. Thus, a targeted methodology would detect trace levels of adulteration
much more effectively than an untargeted method. However, untargeted methods have

the added advantage of being applicable even when the identity of adulterants is
unknown.
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CHAPTER I
INTRODUCTION

The 2017 Council for Responsible Nutrition survey found that botanicals makeup
39% of the total dietary supplement usage in the United States, the general use of which
has increased by 8% since 20151. Botanical dietary supplements encompass a wide range
of over-the-counter products including capsules, tea, tinctures, and loose powders
prepared from plant material2. The Dietary Supplement Health and Education Act
(DSHEA) of 1994 assigns the Federal Drug Administration (FDA) regulatory oversight
of dietary supplements3. Regulation and quality control of these products is challenging
due to their inherent complexity and variability, and because the landscape of companies
producing them is vast and constantly changing4-5. These regulatory and analytical
challenges constitute a problem because contaminated or adulterated product may put the
consumer at risk of adverse interactions6.
Adulteration of a botanical occurs when the composition reported on the label
does not match the actual material being sold7. This problem can occur due to limited
availability of the natural product either via cultivation or ethical and legal wildcrafting,
economic incentives of substituting other natural products or synthetic materials, or poor
quality control during production8-9. A methodology using an untargeted metabolomics
approach was recently developed to detect unknown adulteration in botanical dietary
supplements10.
1

One botanical product for which there is known to be a problem with
contamination is Hydrastis canadensis L. (Ranunculaceae), commonly known as
goldenseal. While the benzylisoquinoline alkaloid berberine is present in goldenseal and
frequently attributed as the main bioactive principle, it is common across a wide variety
of plants including Berberis vulgaris L. (Berberidaceae), Mahonia aquifolium (Pursh)
Nutt. (Berberidaceae), and Coptis chinensis Franch. (Ranunculaceae)11-12. However,
beyond berberine, these other species possess distinct metabolic profiles from that of
goldenseal; two defining metabolites found in goldenseal are hydrastine and canadine,
which are absent in other berberine-containing plants7, 10, 13, while B. vulgaris (barberry),
M. aquifolium (Oregon grape), and C. chinensis (Chinese goldthread) all have additional
alkaloids including coptisine, dihydrocoptisine, palmatine, and jatorrhizine that are not
present in goldenseal14-16. The presence of these marker compounds are signs of possible
adulteration; however, trace amounts of contamination may or may not be detectable and
there is often little to no prior knowledge of supplement composition or suspicion of
adulteration.
There have been several studies conducted to assess the authenticity of goldenseal
supplements, including targeted quantitative analysis, untargeted Fourier-transform nearinfrared spectroscopy (FT-NIR) analysis, and untargeted ultra-performance liquid
chromatography tandem mass spectrometry (UPLC-MS) metabolomics. Targeted
analyses have the advantage of increased sensitivity and specificity compared to
untargeted methodologies but require the identification of putative adulterants to be
known prior to analysis. Several goldenseal studies employed targeted analysis using
2

HPLC-UV and GC-MS to detect and quantify metabolites in goldenseal commercial
products13, 17-18, and compounds from adulterating species were found in several of the
commercial products13.
Untargeted metabolomics methods have the benefit of comparing multiple
complex products without any a priori knowledge of their composition or identification
of major metabolites7. While it is not possible to measure the entirety of small molecules
produced by an organism due to limitations in analytical methods, by detecting as many
of these small molecules as possible, untargeted metabolomics approaches enable a
holistic analysis in comparing complex samples19-21. Metabolomics has been utilized in a
wide variety of applications including natural product drug discovery, dietary supplement
adulteration, biological samples (cells, cancerous tissues, and fecal material) 10, 19, and
botanical products (green tea, goldenseal, Ginkgo biloba, black cohosh, wheat, quinoa,
and ginseng)10, 19, 21-33. In analyzing for potential adulteration, the variations in
metabolomic profiles can represent alterations in the chemical composition, which could
be attributed biological or genetic differences in the source material 27, 30-31, 34. An
untargeted metabolomics study using FT-NIR analysis assessed a sample set comprised
of goldenseal and common adulterants35. In previous studies, goldenseal adulteration was
simulated computationally for different adulterant species (yellow dock, yellow root,
goldthread, and Oregon grape)35. Employing two supervised statistical analyses, SIMCA
(soft independent modelling of class analogies) and PLS (partial least squares), a 5%
adulteration level (e.g., 95% goldenseal, 5% adulterant) was identified as a statistical
outlier35. However, computational spectra may or may not be indicative of collected
3

admixtures of spectra, especially since natural products are innately complex and
variable.
In the current study, H. canadensis reference materials were physically (rather
than computationally) mixed with C. chinensis plant material to form a series of
intentionally adulterated products. These products will be analyzed using a UPLC-MS
metabolomics method designed to detect adulteration in goldenseal products 10, while
changing several analytical and statistical variables to compare approaches. Data will be
acquired from multiple mass spectrometers, including a quadrupole-time of flight (QToF) and an Orbitrap mass analyzer, to assess differences in sensitivity and method
viability on different platforms. LC-UV data will be used as well for metabolomics input
to show the method’s potential on less sensitive analytical platforms. Composite score
analysis will be utilized to compare different statistical analysis techniques 36. SIMCAPCA and PCA will be compared to show the effectiveness of supervised
versus unsupervised analysis37. In addition, a targeted analysis of palmatine, a marker
compound in berberine-producing plants that are common adulterants for H. canadensis,
will be performed for comparison of targeted analysis to the untargeted methods. The
methodology is expected to be effective for detecting statistical outliers on each platform
applied, however, the range and sensitivity should vary based on the approach.
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CHAPTER II
METHODS

General Methods
All solvents and chemicals used were of reagent or spectroscopic grade, as
required, and obtained from ThermoFisher Scientific (Waltham, MA, USA) or Cayman
Chemical (Ann Arbor, MI, USA). A palmatine chloride standard was purchased from
Chromadex (Irvine, CA, USA) and was found to have a purity of 98% determined by
UPLC-UV (data not shown).
Sample Selection and Reference Materials
Ten commercial goldenseal products were selected based on their popularity in
online consumer sales reports38. All products were capsules and derived from
root/rhizome material. Each sample was randomly coded with an internal reference
number (beginning with the letters GS) to maintain manufacturer anonymity (Table 1).

5

Table 1. Composition of Commercial Botanical Products.
Sample Code

Composition

GS-1

Root

Capsule

GS-2

Root

Capsule

GS-3

Root

Capsule

GS-4

Root

Capsule

GS-5

Root

Capsule

GS-6

Root

Capsule

GS-7

Root

Capsule

GS-8

Root

Capsule

GS-9

Root

Capsule

GS-10

Root/rhizome

Capsule

GS-11

Root

Capsule

GS-13

Hydrastis
canadensis root
Coptis
chinensis root

Loose Powder

GS-14

Form

Loose Powder

GS-12 was eliminated from this study due to unsuspected adulteration, all other samples GS-1 through GS11 were confirmed to be Hydrastis canadensis by profiling via mass spectrometery. GS-13 and GS-14 are
the botanical reference material purchased from Chromadex for Hydrastis canadensis and Coptis chineneis
respectively.

Botanical reference samples for Hydrastis canadensis root (GS-14) and Coptis
chinensis root (GS-15) were obtained from Chromadex (Irvince, CA). Both reference
materials were obtained as dried powders and extracted using the same methods applied
for the H. canadensis samples.
Sample Adulteration
Samples were intentionally adulterated at different percentages by combining H.
canadensis and C. chinensis at different ratios. A representative and verified H.
canadensis commercial product, GS-4, was combined with the C. chinensis reference
6

material, GS-14, to achieve percentages of adulteration (Table 2). Samples were extracted
as described below.
Table 2. Composition of Adulterated Supplements.
Sample Name

% w/w of C. chinensis

Mass C. chinensis

Mass H. canadensis

A-5

5%

10 mg

190 mg

A-10

10%

20 mg

180 mg

A-25

25%

50 mg

150 mg

A-50

50%

100 mg

100 mg

A-75

75%

150 mg

50 mg

A-90

90%

180 mg

20 mg

A-95

95%

190 mg

10 mg

Hydrastis canadensis and Coptis chinensis material were weighed out in different masses to arrive at a
variety of percentages and a total mass of 200 mg. The percentage of Coptis chinensis is synonymous with
the percentage of adulteration of the supplement.

Sample Extraction
Samples were weighed into scintillation vials (200 mg of material per sample) and
20.0mL of methanol were added. Extractions were performed in triplicate to provide
process replicates for analysis. Samples were shaken for 24 hours then decanted into
clean, weighed vials. Drying of extracts was accomplished under N2 gas, and they were
stored at room temperature prior to analysis.
Compound Identification
Variables, unique m/z value and retention time (m/z-RT) pairs, present in the
loadings plot were used to confirm and explain the variance in the corresponding scores
plot. These ions were identified by using exact mass (< 5 ppm) and retention time. The
compounds (berberine [1], canadine [2], hydrastine [3], coptisine [4], palmatine [5],
7

jatrorrhizine [6], and dihydrocoptisine [7]) are all known and well documented
(Supplemental, Figure S1). The m/z-RT pairs were compared and confirmed with
literature values.
Mass Spectrometry Analysis
Two different mass spectrometers were employed. Liquid chromatography-mass
spectrometry (LC-MS) data were acquired utilizing a Q Exactive Plus quadrupoleOrbitrap mass spectrometer (ThermoFisher Scientific) with an electrospray ionization
(ESI) source coupled to an Acquity UPLC system (Waters, Milford, MA, USA). Samples
were resuspended in methanol to a concentration of 0.1 mg/mL. Injections of 3 μL were
performed on an Acquity UPLC BEH C18 column (1.7 μm, 2.1 × 50 mm, Waters) with a
flow rate of 0.3 mL/min using the following binary solvent gradient of water (0.1%
formic acid added) and acetonitrile (0.1% formic acid added): initial isocratic
composition of 95:5 (water: acetonitrile) for 1.0 min, increasing linearly to 0:100 over 7
minutes, followed by an isocratic hold at 0:100 for 1 min, gradient returned to starting
conditions of 95:5 and held isocratic again for 2 min. The positive ionization mode of the
mass spectrometer was utilized over a full scan of m/z 150-900 with the following
settings: capillary voltage, 5 V; capillary temperature, 300 °C; tube lens offset, 35 V;
spray voltage, 3.80 kV; sheath gas flow and auxiliary gas flow, 35 and 20 units,
respectively. Each sample was injected in triplicate to provide analytical replicates for
analysis. Extracted ion chromatographs were obtained from the XCalibur software
(ThermoFisher Scientific).
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LC-MS data were also acquired using the Synapt G2 quadrupole-Time of Flight
(Q-ToF) mass spectrometer (Waters) with an electrospray ionization (ESI) source
coupled to an Acquity UPLC system. The same LC methodology and sample preparation
were employed as described for the analysis on the Orbitrap system. The positive
ionization mode of the mass spectrometer was utilized over a full scan of m/z 150−900
with the following settings: capillary voltage, 2.5 kV; sampling cone, -67 units;
extraction cone, -106.2 units; source temperature, 80 °C; desolvation temperature, 150
°C; cone gas flow and desolvation gas flow, 1 L/h and 800 L/h, respectively. Each
sample was injected in triplicate to obtain analytical replicates. Extracted ion
chromatograms were obtained from the MassLynx software (Waters).
Metabolomic Analysis
The LC-MS data were analyzed, aligned, and filtered using MZmine 2.28
software (http://mzmine.github.io/) with a slightly modified version of a previously
reported method7. The following parameters were used for peak detection of the data
acquired from the Q Exactive Plus: noise level (absolute value), 1×10 5 counts; minimum
peak duration 0.5 min; tolerance for m/z intensity variation, 20%. Peak list filtering and
retention time alignment algorithms were performed to refine peak detection. The join
algorithm was used to integrate all the chromatograms into a single data matrix using the
following parameters: the balance between m/z and retention time was set at 10.0 each,
m/z tolerance was set at 0.001 or 5 ppm, and retention time tolerance was defined as 0.5
min. The peak areas for individual ions detected in the process replicates and analytical
replicates were exported from the data matrix for further analysis.
9

Data acquired from the Synapt G2 were analyzed in a similar fashion. Data were
converted from project files (.PRO) to NetCDF files (.CDF) using Databridge in
MassLynx (Waters, Milford, MA) and imported into MZmine for data processing. The
following values were changed for processing the Q-ToF data:m/z tolerance was set at
0.01 or 10 ppm, and retention time tolerance was defined as 0.1 min. The peak areas for
individual ions were exported from the data matrix for both the process and analytical
replicates.
Relative standard deviation (RSD) filtering was utilized for all datasets.
Analytical replicates would be expected to have comparable profiles, and similar peak
areas for each feature39. Ions detected within the analytical replicates with disparate peak
areas (based on an RSD cutoff of 25%), were assigned as artefacts of the instrument and
excluded from the metabolomics analysis. The peak area of any feature (m/z and retention
time pair) with an RSD value above 25% was replaced with a 0. Principal component
analysis (PCA) was performed using Sirius version 10.0 (Pattern Recognition Systems
AS, Bergen, Norway). Data transformation was carried out by a fourth root transform of
peak area to reduce heteroscedasticity. The 95% confidence interval was calculated using
Hoetelling’s T2 with the R package ‘car’ 40.
Quantitative Analysis
Targeted analysis was performed using a palmatine standard purchased from
Chromadex. Standards were prepped at a range of concentrations in optima grade methanol
(Supplemental, Table S2) using serial dilutions. Quantified extracts were prepped at a
concentration of 0.1 mg/mL. The same parameters and LC method was utilized on all three
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systems as stated previously. On the Orbitrap platform a selective ion monitoring (SIM)
scan was performed from a range of 350.1549-354.1549 for heightened sensitivity. A
similar approach was used on the Q-ToF with a m/z window of 350-354. The LC-UV data
were collected in a range of 150-600 nm, but for processing purposes a range of 346.3346.4 nm was selected out.
The limit of detection (LOD) for each approach was calculated using the following
equation: 𝐿𝑂𝐷 =

3𝑆
𝑚

where s is the standard deviation of the lowest point in the linear range

and m is the slope of the regression line41. The limit of quantitation (LOQ) was determined
as the lowest concentration of standard in the calibration curve that provided a residual of
less than 15% (formula: (measured concentration-theoretical concentration)/ theoretical
concentration × 100%). The limit of detection was converted into two different forms, ppm
palmatine in the plant and w/w % of Coptis chinensis adulterant, for comparison to the
untargeted methodologies. The ppm palmatine in the plant was calculated using the initial
plant mass (199.10 mg) and extract mass (45.78 mg) of the C. chinensis reference material.
The w/w % of C. chinensis adulterant was calculated using the ppm of palmatine in the
plant and the amount of palmatine in the C. chinensis reference material (1.24 mg of
palmatine per gram of plant material)
LC-UV Metabolomics
LC-UV data were collected in the same run on the Q Exactive Plus mass
spectrometer, using the photodiode array detector (PDA) on the Waters Acquity UPLC
across a range of 189 - 600 nm. The retention time and peak area for each sample were
exported from Xcalibur into Excel. A data matrix was created of all the samples with
11

retention time and peak area. This was analyzed with Sirius to produce the principal
component analysis (PCA) scores and loadings plots.
Supervised Statistical Analysis
SIMCA-PCA analysis was conducted in Sirius version 10.0. A mean of objects
normalization was applied to the Orbitrap data. The SIMCA model employed a training
set of GS 1 through 11 (confirmed goldenseal products) and GS-13 (reference material)
(Table 1). Four components were extracted from this model for a total of 94.0% variance
explained. All samples were then fit to the model for comparison.
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CHAPTER III
RESULTS AND DISCUSSION

Adulteration of Goldenseal Samples
C. chinensis possesses characteristic marker compounds: palmatine,
dihydrocoptisine, coptisine, and magnoflorine16. These compounds were found to
increase in abundance, corresponding with an increase in C. chinensis material (Figure
1). There are several compounds that are representative of goldenseal that are absent in
other berberine-containing species. Hydrastine and canadine are two abundant alkaloids
that are unique to goldenseal13, 42. As the percentage of goldenseal decreased in the
adulterated samples, the relative intensity of these alkaloids also decreased. A marked
difference is not noticeable within the base peak chromatogram until 25% adulteration,
where a distinct shift in the ratio between hydrastine and berberine was observed (Figure
1). Coptisine and dihydrocoptisine are visible in the base peak chromatogram level at this
point as well. Figure 1 shows the appearance/disappearance of these characteristic ions
across three different adulteration percentages on both the Orbitrap and Q-ToF mass
spectrometers. Both sets of chromatograms show the same trend as the percentage of C.
chinensis increases, however, the chromatograms from the Q-ToF show a change in
relative abundance as well. A 22% increase in berberine signal was detected in the 95%
adulterated sample compared to the 5% adulterated sample. This suggests a higher

13

percentage of berberine in C. chinensis as compared to H. canadensis. No increase in
berberine signal for the samples with higher C. chinenesis content was observed in the
Orbitrap data, suggesting that the berberine signal was saturated in the Orbitrap data.
Figure 1. Extracted Ion Chromatograms of Three Adulterated Samples.
A

B

Each set includes chromatograms of 5, 25, and 95% adulteration (percentage of Coptis chinensis present,
remaining material is Hydrastis canadensis). One set (A) is chromatograms from the Orbitrap (QExactive); while the other (B) is from the Q-ToF (Synapt G2). Marker compounds were identified by
accurate mass and retention time, <5 ppm for the Orbitrap and <10 ppm for the Q-ToF. Hydrastine
([M+H]+ 384.1435) and canadine ([M+H]+ 340.1538) are marker compounds in Hydrastis canadensis,
while magnofluroine ([M+]+ 342.1700), coptisine ([M+]+ 320.0918), dihydrocoptisine ([M+]+ 322.1075),
and palmatine ([M+]+ 352.1542) are unique to Coptis chinensis. As the percentage of Coptis chinensis in
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the samples increases, the presence of hydrastine and canadine decreases and is replaced by an increase in
coptisine, palmatine, magnofluroine, and dihydrocoptisine. Chromatograms were all normalized to the
same relative intensity for comparison.

Unsupervised Statistical Analysis
Untargeted metabolomics analysis using principal component analysis (PCA) was
performed on three datasets to determine at which percentage adulteration could be
detected. Datasets from two different mass spectrometers were compared in a qualitative
way using untargeted metabolomics. The general profile of the samples were the same, as
shown in Figure 1. The baseline of each dataset were set at approximately 40 ppm of the
total intensity for a coverage of 5 orders of magnitude each for comparative purposes. A
greater number of features was detected utilizing the mass spectrometer with an Orbitrap
mass analyzer (Q Exactive Plus), approximately 4,000, while the mass spectrometer with
a Q-ToF mass analyzer (Synapt G2) detected approximately 1,000. Several factors could
affect the number of ions detected on each platform (ionization source settings,
quadrupole mass filtering, scan range, etc.). These features may also be attributed to
chemical interference within the LC system (the same gradient was used on both
instruments but two separate LC systems were used) as well as background noise within
the instrument itself. All of these factors may affect the metabolomics data output and
consequently make it more or less sensitive.
A PCA scores plot shows the relationship between different samples, where each
data point is representative of that sample’s chemical profile (as described by features
detected and associated abundance). The PCA data for each mass spectrometry platform
(Figure 2) evidenced a similar trend in percentage of adulteration; i.e., the higher the
15

adulteration, the further that the adulterated sample (orange squares) was spatially from
the cluster of unadulterated goldenseal samples (blue diamonds). The purple diamond and
red triangle represent the goldenseal and C. chinensis reference materials, respectively.
The goldenseal reference material clusters with the group of commercial supplements,
while the C. chinensis reference is observed to cluster further away from the sample with
95% C. chinensis and 5% goldenseal. This suggests that the 95% adulterated supplement
is not pure C. chinensis, rather, it still contains some constituents found in goldenseal.
The same trend was observed on both instrument platforms, which shows the main
compounds driving the untargeted metabolomics analysis are likely the more abundant
compounds. This can be confirmed by looking at the loadings plot to see which variables
(m/z and retention time) are responsible for the differences observed among samples.
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Figure 2. Principal Component Analysis (PCA) Scores Plot from the Orbitrap (A) and Q-ToF (B)
Data.
A

B

The points are labeled to indicate the percentage of adulterant (Coptis chinensis) added to the Hydrastis
canadensis plant material (A-5 is 5% C. chinensis, 95% H. canadensis, A-10 is 10% C. chinensis, etc.).
The same trend was observed in both scores plots, with adulterated samples shifted increasingly from the
cluster of authentic H. canadensis samples as the percentage of adulterant increased. Similar variance was
showcased with a PC 1 (53.5%) versus PC 2 (9.3%) comparison of the Orbitap data for a total of 62.8%
variance, and a PC 1 (47.7%) versus PC 3 (11.5%) comparison for the Q-ToF for a total of 59.2%
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explained variation. The red triangle in each plot denotes the reference material for C. chinensis, while the
purple diamond represents the reference material for H. canadensis.

The corresponding loadings plots describe the relationship between the samples in
the scores plot, by geographically plotting the variables (m/z and retention time pair) that
are attributed to the variance (Figure 3). Thus, the loadings can be used to qualitatively
correlate the unique variables to the representative samples in the scores plot. The
loadings plot highlights the compounds that are known to be characteristic of each plant
species; the green markers are compounds unique to goldenseal, while red markers
represent metabolites unique to C. chinensis. Hydrastine, canadine, as well as the 13C
isotope of hydrastine are located in the upper left region, which corresponds to the
position of the goldenseal supplements in the scores plot (Figure 2). Palmatine, coptisine,
dihydrocoptisine, and the 13C isotopes of palmatine and coptisine are visible in the lower
right region of the plot, which corresponds to the position of the C. chinensis reference
material and the adulterated samples (Figure 2). This supports the distinction between
groupings of samples observed in the scores plot.
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Figure 3. PCA Loadings Plot for Orbitrap (A) and Q-ToF (B) Data.
A

B

Each data point represents a variable, which is a unique m/z value and retention time pair detected in the
sample. The variables in red are associated with Coptis chinensis, while those in green are associated with
Hydrastis canadensis. Dihydrocoptisine was observed in the loadings plot for the Orbitrap data but not in
the Q-ToF data. Conversely, more jatorrhizine associated adducts were observed in the Q-ToF plot but not
the Orbitrap data.

The marked difference between the Orbitrap and the Q-ToF platforms were
observed in the loadings plot in the detection of multiple ions corresponding to the
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compound jatorrhizine, which is unique to C. chinensis but lower in abundance than
major alkaloids palmatine, coptisine, and berberine 16. The [M+]+ value was detected in
loadings plots from both instruments, however, there were additional ion derivatives in
the loadings plot for the Q-ToF (Figure 3B) including the13C isotope peak. Thus, a larger
amount of relevant ions were detected at a higher abundance using a Q-ToF mass
analyzer, some of which were not identified (marked in red). This was probably due to
the limitations of the Orbitrap analyzer, as the capacity of the trap is limited to a finite
quantity of ions at a given time, described by the automatic gain control (AGC) target.
Thus, the Orbitrap can become filled with higher abundant ions, suppressing lower
abundant compounds eluting at a similar time.
The percentage of adulterant that would result in a sample being characterized as
an outlier was determined for untargeted Principal Component Analysis (PCA) by using
Hotelling’s T2 95% confidence interval. This calculation can be applied to multivariate
data to assess similarity among samples- samples that fall within the confidence interval
are believed to be similar with 95% certainty, while samples that lie beyond the
confidence ellipse are considered statistically distinct (within 5% error). A confidence
ellipse is a common statistical descriptor for determining significance and outliers in a
sample set without needing prior knowledge of the chemical composition10. In the case
where all adulterated and unadulterated samples were included (Tables 1 and 2), the
application of the Hotelling’s T2 test enabled several outliers (the adulterated samples
containing 75% through 95% C. chinensis) to be distinguished from the rest of the
samples (Supplemental, Figure S2). However, there is an inherent challenge with the
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inclusion of many adulterated samples within the datasets, as the model that is generated
is skewed towards adulterated samples and the ability to distinguish between adulterated
and unadulterated samples is reduced. For comparison, when only one adulterated
sample was included with the rest of the unadulterated goldenseal samples, it was
possible to distinguish adulterated samples from unadulterated samples by the Hotelling’s
T2 method at a much lower percentage of C. chinensis added (Figure 4).
The datasets obtained with different mass spectrometry platforms differed greatly
in the percentage of adulterant that could be distinguished as an outlier. For the data
obtained with the Orbitrap mass analyzer, the adulterated sample became a visible outlier
(i.e., was spatially located beyond the confidence ellipse) at a 10% w/w C. chinensis
composition (or 10% adulteration). The Q-ToF platform required 50% adulterant before
the adulterated sample could be distinguished, far higher than the Orbitrap. One factor
that may explain this is the differences in sensitivity of the Q-ToF and Orbitrap
instruments; the sensitivity of the Q-ToF platform is generally greater than that of the
Orbitrap, however, in this case it is clear that the Orbitrap platform data results in the
most sensitive metabolomics output. This could take place for numerous reasons
(ionization source parameters, optics, detector gain, etc.) and does not infer anything
about the instrument’s performance itself43-44. A higher sensitivity will allow a lower
quantity of analyte to be detected with a higher signal output. If these lower-abundant
ions contribute to the differences between adulterated and unadulterated samples,
improved sensitivity will result in improved ability to detect an outlier. The base peak
chromatograms obtained with the Q-ToF and Orbitrap mass analyzers look very similar
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(Figure 1), as the same chromatographic gradient was applied in both cases. The
instrument platforms themselves are quite different and multiple factors go into the data
collected, however, the decrease in detectable adulteration suggests that the more
sensitive the mass spectrometer the more sensitive the metabolomics analysis will be.
Metabolomics can be utilized on a variety of mass spectrometry platforms, however, the
Orbitrap platform yielded data that resulted in more effective metabolomics analysis.
Figure 4. Outlier Limitation of Orbitrap (A) and Q-ToF (B).
A
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B

The Hotelling’s T2 95% confidence interval is shown as an elipse. The 95% confidence interval was applied
to PCA analysis of the goldenseal samples with only a single adulterated sample included in the dataset.
The inclusion of just one outlier improves the ability to detect outliers as compared to datasets where
multiple outliers were included (Supplemental, Figure S2). Concerning the Orbitrap data, at 5%
adulteration the sample was not an outlier however (Supplemental, Figure S3), at 10% adulteration the
sample was beyond the confidence interval and became a visible outlier (A). The outlier limitation in a
dataset that include just one outlier using the Orbitrap is determined to be 10%. The Q-ToF data was less
effective for distinguishing outliers, and the sample with 25% adulteration was still not an observed outlier
(Supplemental, Figure S3), but at 50% (B) the adulterated sample was observed outside the confidence
ellipse.

Quantitative Comparison
Palmatine was quantified on both instruments to compare a targeted approach to
the untargeted metabolomics analysis. A targeted approach (specifically selecting for the
known alkaloid palmatine, present in the C. chinensis adulterant) was much more
sensitive on all three platforms (Table 3) than the untargeted methods. For example, even
the least sensitive of the three instrument platforms, the LC-UV system, had a limit of
detection for palmatine of 0.027 µM. This corresponds to 20 ppm palmatine in a plant
sample, or 1.7% Coptis chinensis adulterant. In other words, it would theoretically be
possible to detect palmatine using targeted analysis by LC-UV in a sample of H.
canadensis containing 1.7% or more C. chinensis. The mass spectrometric methods were
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even more sensitive, with the Orbitrap system giving a theoretical limit of 0.3% C.
chinensis (Table 3). These values are well below even the lowest cut-off (10%
adulterant) observed with untargeted metabolomics using unsupervised data analysis.
Thus, for situations where the adulterant is of known identity, a targeted analysis will be
able to detect adulteration at much lower levels (33 fold in this case). However, it is
worth noting that a disadvantage of targeted analysis is that it does require a priori
knowledge as to the identity of the adulterant. If analysis was conducted on a sample and
there was not any suspicion or prior knowledge concerning adulteration, or if the identity
of potential marker compounds was not known, it would not be possible to utilize a
targeted analysis.
Table 3. Limit of Detection and Limit of Quantitation of Palmatine.
Method of
analysis

LC with UV
LC-MS
(Orbitrap)
LC-MS (ToF)
a

Limit of
detection
(LOD)
palmatine
(µM)a

Limit of
quantitation
(LOQ) palmatine
(µM)b

Limit of detection
expressed as ppm
palmatine in C.
chinensis plantc

Minimum
detectable
Coptis
chinensis
(% w/w )d

0.027

0.54

20

1.7

0.0047

0.12

3.8

0.30

0.025

0.55

18

1.5

Limit of detection was calculated using the following equation: 𝐿𝑂𝐷 =

3𝑆
𝑚

where s is the standard

deviation and m is the slope from the regression line.
b
Limit of quantitation was determined as the lowest concentration of standard in the calibration curve that
provided a residual of less than 15%45.
c
Calculated using the limit of detection and the original plant mass and extract mass of the Coptis chinensis
reference material to give a value of ppm palmatine in the plant.
d
The w/w % of Coptis chinensis adulterant that would yield a concentration of palmatine corresponding to
the limit of detection, calculated using the quantity of palmatine in the Coptis chinensis reference material
(1.24 mg of palmatine per gram).
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LC-UV Metabolomics
The data obtained using liquid chromatography separation with an ultraviolet
(UV) photodiode array (PDA) detector were also utilized for metabolomics analysis.
Using UV or PDA data as an input source has appeal as a more viable and cost-efficient
option for entities that might not have access to mass spectrometry equipment. With
UV/PDA data, the independent variables were only retention times, and peak intensity
was used in place of peak area for PCA analysis (Figure 5).
Figure 5. LC-UV Scores and Loadings Plots.
A
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B

C

The scores plot (A) yielded a similar trend in adulteration percentage as seen with mass spectrometry data
(Figure 2). The adulterated samples are represented as orange squares, while the goldenseal samples (Table
1) are represented by blue diamonds. The C. chinensis and H. canadensis references were spatially located
with the appropriate clusters. The loadings plot (B) showed the retention time and directionally correlated
with the scores plot. The same compounds as before (Figure 3) are shown to contribute to the variance,
however, dihydrocoptisine and jatorrhizine are absent from the list of C. chinensis ions. Canadine is also
absent from the list of H. canadensis compounds. An adulterated sample of 25% falls on the 95%
confidence interval line (Supplemental, Figure S3). This may or may not be deemed an outlier depending
on the situation. A sample with 50% adulteration (C) is a clear outlier, plotting far outside the 95%
confidence interval.

The same trend in composition was observed here as well as in the mass
spectrometry-based metabolomics (Figure 2). The variance of the adulterated samples are
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proportional to the peak height of the unique metabolites in C. chinensis, as the peak
height increases so does the weight of that variable within the statistical analysis. The PC
1 versus PC 2 scores plot encompassed 97.7% of the dataset’s variance. UV absorbance
is generally not as sensitive as mass spectrometry, however, this did not seem to impact
the general PCA scores plot (Figure 5A). One main disadvantage of utilizing UV
absorbance data for metabolomics analysis approach is the reduction in useful
information gleaned from the loadings plot. With no discrete m/z values as input data, the
loadings plot is a near-continuous plot of retention time (Figure 5B). Thus, the loops
visible in the loadings plot correspond to the increase in intensity associated with peak
formation at a given retention time. However, using only the UV absorbance data yielded
little additional information to discern responsible metabolites underpinning the visible
trends. Mass spectrometry provides additional information, such as m/z value to improve
identification of unknown compounds and determine which metabolites are responsible
for the variation observed in the samples. LC-UV metabolomics was successfully able to
establish one of the adulterated samples as a tentative outlier as well (Figure 5C), with
50% w/w adulteration falling beyond the 95% confidence ellipse, and was comparable to
the results obtained with the Q-ToF mass spectrometer (Figure 4B).
The Orbitrap mass spectrometer (Q Exactive) was able to detect adulterated
samples as outliers at the lowest percentage (10% w/w adulteration), while the Q-Tof
(Synapt G2) was 50% and the PDA required between 25 and 50% adulterant. The
advantage of collecting mass spectrometry data was apparent in the additional
information garnered about the metabolites, chemical profile, and being able to relate the
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chemical composition to the variation of the samples. Pairing m/z value with retention
time allowed for putative identification of secondary metabolites, as well as identification
of possible adulteration sources, in this case C. chinensis. However, the LC-UV
metabolomics approach is a more cost-effective analytical input to gauge sample
relationships and authenticity, and could be improved if more was known about the
sample set. Ultimately, all three dataset sources and both untargeted and targeted
methodologies were successful in detecting adulterated samples, however, the Q-ToF and
LC-UV were not as sensitive as the Orbitrap platform and may not be as useful in
application.
Composite Score Analysis
Composite score analysis was performed using the data acquired on the Orbitrap
mass analyzer (Q Exactive). In the previous approaches, the PCA data was limited to just
two principal components (in these cases, PC1 and PC2). However, there is additional
variation in the dataset that is not encapsulated within only two principal components.
Expanding the analysis to include multiple principal components allows for a more
comprehensive analysis of the dataset.
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Figure 6. Composite Score Analysis of the Entire Sample Set (Tables 1 and 2).

The adulterated samples, in orange, are separated from the goldenseal commercial samples (in blue). The
light blue node represents the goldenseal vouchered reference material. The connected lines represent a
similarity score of >0.3, the highest score being 1.0.

From the multi-component PCA, a similarity score was calculated between every
sample, a correlation coefficient that ranges from -1.0 to 1.0. The correlations can serve
as the foundation for a network diagram, with nodes (individual samples) while
connections are derived from the correlation to connect nodes. For the analysis of all
samples (Figure 7) a similarity score threshold of >0.3 was set. From the composite score
analysis, there are two distinct clusters were observed: the adulterated samples (orange)
and the unadulterated goldenseal samples (blue) (Tables 1 and 2). More connections were
observed in the composite score analysis plot with all positive connections (0-1.0) but the
two groups were still distinct (Supplemental, Figure S6).
When calculating a composite score network comparing the goldenseal sample
cluster against a single adulterated product (Figure 8), the analysis was not as sensitive as
principal component analysis based upon the Orbitrap untargeted metabolomics (Figure
4A). This is due to the similarity between the plants; there should be some overlap in
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metabolite content given that the plants belong to the same family (Ranunculaceae). In
addition, the “adulterated” samples are still partially comprised of H. canadensis so a few
connections should be expected. By restricting the connectivity to a threshold of 0.3, the
distinction between the two groups is clear but it reduces the overall picture of the model.
However, using the composite score’s network diagram facilitates visual determination of
potential outlier samples; the similarity score serves as a quantitative measure to
differentiate dissimilar samples. The cutoff point is relative and will vary among datasets
and combination of samples, however, it provides an important metric for authentication.
In this sample set, using a similarity score of >0.10, 25% Coptis chinensis was
completely differentiable from the goldenseal sample cluster with no connections. Again,
this is a more restrictive way to use this model compared to a general similarity
comparison but it works successfully in this application. This approach would be more
sensitive if the same product were being analyzed rather than an assortment or if the two
samples were vastly different botanicals. However, composite score analysis is a useful
way to use and display principal component analysis data in a more quantitative and
comprehensive way than a traditional 1x1 principal component comparison.

30

Figure 7. Composite Score Analysis with 25% Adulterated Product.

With a similarity score range of 0.10-1.0 the 25% adulterated product (orange) is no longer connected to
the other nodes (blue).

Supervised Statistical Analysis
The metabolomics analysis shown earlier was completed using PCA, which is an
unsupervised statistical analysis. To compare supervised and unsupervised statistics,
SIMCA-PCA was utilized. SIMCA-PCA builds a model based on a subset of reference
samples, samples that should be indicative of the group (Figure 8). The model was
conducted using the H. canadensis supplements and H. canadensis reference material as
a training set (Table 1). All of the samples, adulterated and unadulterated, are then fit to
this model for comparison. The 95% confidence interval (yellow line) and relative
standard deviation (grey line) were calculated using the model built on the H. canadensis
supplements. The RSD value can also be phrased as the distance of the sample from the
model. If the sample is vastly different from the model it will have a much higher RSD
value. This is shown as the composition of C. chinensis increases in the adulterated
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samples. The Hotelling’s T2 95% confidence interval is used similarly to the application
earlier, however, here it is calculated based on the model. Since the model is built upon
actual botanical samples, the RSD value and 95% confidence interval are more indicative
of the botanical and allow for a more cohesive comparison of the dataset. Thus, it is
imperative to construct an appropriate and representative model in order to yield an
accurate comparison of the dataset.
Only one H. canadensis supplement (GS-1) is an outlier, indicated by the relative
standard deviation cutoff (grey line); however, with the Hotelling’s T 2 95% confidence
interval as an outlier indicator none of the H. canadensis supplements are outliers. After
inspection of what could cause this differentiation from the rest of the H. canadensis
supplements (blue diamonds), this particular product has less hydrastine than the majority
of products. The peak area of hydrastine in GS-1, 3.95×109, is similar to the area of the
5% adulterated sample, 4.10×109, in comparison to the H. canadensis reference material,
5.04×109 (Supplemental, Figure S7). However, since the SIMCA model is more
representative of the samples--the relative standard deviation could be used for outlier
detection in place of the Hotelling’s T2 95% confidence interval. If a sample is plotted
outside the RSD cutoff then it could be marked as suspicious and a follow up targeted
analysis could be performed to see if the product is actually adulterated. This makes this
approach much more sensitive with a detectable amount of adulteration of 5% rather than
the 25% detectable with the 95% confidence interval.
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Figure 8. SIMCA-PCA Plot Constructed using All Goldenseal Supplements.

The 95% confidence interval is indicated by the yellow line (value=25.67) and the grey line represents the
relative standard deviation (RSD) cutoff (value=0.35). Both of these values were calculated using the
model.
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CHAPTER IV
CONCLUSION

There is a critical need to authenticate natural product-based dietary supplements
due to the legal ambiguity in which the product evaluation and reporting of adverse
effects remains the responsibility of the manufacturer 3. When adulteration or risk of
illness or injury are presented the burden of proof is placed upon the FDA3. Consumers
are generally not well-informed of the potential health implications of taking adulterated
botanical supplements. Adulterating products with the intent to maintain the presence of a
bioactive principle (such as substituting C. chinensis for H. canadensis in a supplement)
is not without risks, as bioactivity is a complex function. Multiple synergists, additives,
and antagonists may be present in one natural product and may modulate the total
activity. Thus, substituting with the aim of preserving one active compound - such as
berberine - does not mean two different species are comparable in bioactivity, and other
adverse effects could also manifest, including allergenicity or even toxicology46.
This methodology provided an untargeted process for ascertaining the
authentication of supplements as well as a targeted methodology that results in
quantification of marker compounds. Untargeted metabolomics can be used as a tool to
identify adulterated samples, and provide information about potentially unknown marker
compounds that contribute to the differentiation, which is especially beneficial in
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situations when there is little prior knowledge of the composition or adulterant. Targeted
analysis can be used for a direct and quantitative comparison in conjunction to verify the
level of adulteration present.
Untargeted metabolomics was able to discern authentic and adulterated H.
canadensis samples using data obtained from a variety of analytical platforms. Two of
the most popular forms of high-resolution mass spectrometry instrumentation, Q-ToF and
Orbitrap platforms, both yielded datasets capable of discriminating between samples. The
sensitivity was varied, with the lowest detectable percentage of adulteration for the QToF being 50% compared to 10% for the Orbitrap. Employing UV absorbance as an
analytical input yielded a dataset that was as sensitive as the Q-ToF, with a detectable
amount of 50% adulteration. The targeted analysis was the most sensitive approach with
low limits of detection (0.0047 µM, 0.033 µM, and 0.25 µM for the Orbitrap, Q-ToF, and
PDA respectively) on all platforms. It is worth noting that neither of these methods were
optimized: a general chromatography gradient method was used on both instruments with
non-optimal separation (e.g, berberine and palmatine coeluted) and the ionization was
also not optimized (a general tune file suitable for 300 µL LC flow was utilized). The
UV/PDA method was also not optimized and was used in a very general form. If any of
these elements were optimized the sensitivity and overall performance could have
improved. However, using a more general method for this test case demonstrated that all
three platforms were viable for detection of botanical adulteration. Another limitation of
this study was the range of adulteration tested (5-95%). A few samples at lower
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percentages (1-2%) would have provided a more accurate representation of how effective
each statistical analysis and platform was at detecting adulteration.
Different statistical techniques may be applied to make this approach more
sensitive. The unsupervised principal component analysis, a dominant statistical
analytical method applied to metabolomics datasets47, and yielded a more narrow view of
the dataset and produced less sensitive quality control measures. However, PCA was able
to discriminate between the different sample classes and provide illuminating statistical
comparisons for the data. Composite score analysis had a similar sensitivity but
combined four principal components to encompass a larger percentage of the variation in
the dataset, as compared to the two principal component comparisons of traditional PCA.
Supervised statistical analysis, SIMCA-PCA, was also used. SIMCA-PCA created a
more comprehensive model based on the H. canadensis products and thus allowed for a
more sensitive comparison. SIMCA-PCA was the most sensitive approach since the
RSD value could be used for outlier detection. This gave a detectable amount of 5%
adulteration. The disadvantage of model-based statistics is the relationship between the
samples is not further related to the variables. PCA describes the correlation of the
samples by using the variables directionally in the loadings plot. This is helpful for
follow up targeted analysis or for identifying the potential adulterants. While each of
these statistical techniques can be successfully applied for authentication of goldenseal
samples, model-based statistics (e.g., SIMCA) will yield a more sensitive quality control
measure if reference samples are available.
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In this study, different commercial products were used to provide a more robust
test case to challenge the analytical and statistical methods. In other settings, such as an
industrial quality control environment, an increased number of authenticated products
would increase the sensitivity of any of the statistical methodology, as more references or
authenticated materials would tighten the variation among goldenseal samples and
heighten the variance between the outlier and the goldenseal product clusters. In
situations where a mass spectrometer is not accessible, LC-UV metabolomics offers a
more affordable but comparable option. Regardless of the analytical instrumentation,
untargeted metabolomics for adulteration detection could be adapted and enhanced for
implementation in various applications.
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Figure S1. Structures of Key Compounds in Hydrastis canadensis and Coptis chinensis.

These compounds were confirmed using exact mass and retention time. The compounds are berberine (1),
canadine (2), hydrastine (3), coptisine (4), palmatine (5), jatrorrhizine (6), and 13,14 dihydrocoptisine (7).

43

Table S1. m/z Values of Key Compounds and the Species Associated.

Compound
Name
Berberine
Hydrastine
Canadine
Sideroxylin
Coptisine
Dihydrocoptisine
Palmatine
Jatorrhizine

m/z
Species Associated
Value
336.1229 𝐻𝑦𝑑𝑟𝑎𝑠𝑡𝑖𝑠 𝑐𝑎𝑛𝑎𝑑𝑒𝑛𝑠𝑖𝑠, 𝐶𝑜𝑝𝑡𝑖𝑠 𝑐ℎ𝑖𝑛𝑒𝑛𝑠𝑖𝑠
384.1440
𝐻𝑦𝑑𝑟𝑎𝑠𝑡𝑖𝑠 𝑐𝑎𝑛𝑑𝑒𝑛𝑠𝑖𝑠
340.1545
𝐻𝑦𝑑𝑟𝑎𝑠𝑡𝑖𝑠 𝑐𝑎𝑛𝑎𝑑𝑒𝑛𝑠𝑖𝑠
313.1066
𝐻𝑦𝑑𝑟𝑎𝑠𝑡𝑖𝑠 𝑐𝑎𝑛𝑎𝑑𝑒𝑛𝑠𝑖𝑠
320.0916
𝐶𝑜𝑝𝑡𝑖𝑠 𝑐ℎ𝑖𝑛𝑒𝑛𝑠𝑖𝑠
322.1074
𝐶𝑜𝑝𝑡𝑖𝑠 𝑐ℎ𝑖𝑛𝑒𝑛𝑠𝑖𝑠
352.1543
𝐶𝑜𝑝𝑡𝑖𝑠 𝑐ℎ𝑖𝑛𝑒𝑛𝑠𝑖𝑠
338.1392
𝐶𝑜𝑝𝑡𝑖𝑠 𝑐ℎ𝑖𝑛𝑒𝑛𝑠𝑖𝑠
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Table S2. Concentrations of Palmatine used for Calibration Curves.

LC-UV (µg/mL)

LC-MS (Orbitrap

LC-MS (Q-ToF) (µg/mL)

(µg/mL)

0.048*
0.097
0.19
0.39
1.5
3.1
6.2
12.5
25*

0.0025
0.0050
0.012
0.025
0.048
0.097
0.19
0.39
0.78

*

0.048*
0.097
0.19
0.39
1.5
3.1
6.2
12.5
25*

Concentration not included in calibration curve due to being outside the linear dynamic
range.
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Figure S2. PCA Scores Plot Showing All Samples with the 95% Confidence Interval.
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Figure S3. Highest Percentage of Adulterated Sample that was not an Outlier on all Platforms.
A

B

C

The lowest percentage not considered an outlier for the Orbitrap was 5% (A), for LC-UV 25% (B), and for
the Q-ToF 25% (C).
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Figure S4. Stacked LC-UV Total Absorbance Chromatograms.

Though absorbance was not able to be separated and used as a variable, the total absorbance chromatogram
(TAC) of each sample was used in the metabolomics. This stack of chromatograms shows the time versus
the intensity of 5% adulteration (light green), 25% adulteration (green), and 95% adulteration (dark green).
Peaks were labelled due to the retention time, absorbance, and m/z value obtained from the concurrent mass
spectrometry analysis.
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Figure S5. Calibration Curves for Palmatine.
A

B

C
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The Orbitrap (A) calibration curve was executed using lower concentrations. The Q-ToF (B) and LC-UV
(C) curves both use the same concentrations of palmatine. Error bars are indicative of the standard
deviation of technical replicates of each concentration.
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Figure S6. Composite Score Analysis Plot with all Positive Connections.

This plot shows all positive connections with a similarity score above 0. This shows that there are still
connections within the two groups, which is feasible given H. canadensis and C. chinensis are from the
same family and have similar phytochemical profiles. However, it is clear that the two groups are still
distinct at this level.
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Figure S7. Peak Integration of Hydrastine.

Each peak corresponds to hydrastine, all of these are extracted ion chromatograms. The outlier in the
SIMCA-PCA (A) has a peak area closer to the 5% adulterated sample (C) than the H. canadensis reference
material (B). This is causing the product to be an outlier in regards to the SIMCA model. The product is
still within the 95% confidence interval but is positioned slightly above the RSD value cutoff showing it
varies slightly from the rest of the supplement group.
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