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barcoding.
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e Phylogenetic clades correlate well with plant metabolite clustering.

e The financial cost implications of the different plant identification methodologies

are described.



Abstract

Plants have been used as medicines for millennia and are major contributors to developed
western pharmacopoeia. The Erythroxylum and Nectaropetalum genera belong to the
Erythroxylaceae (coca) family, with select species capable of producing highly valued
‘blockbuster’ medicinal compounds including, amongst others atropine, cocaine,
scopolamine, and tigloidine. Erythroxylum delagoense, E.emarginatum, E. pictum,
N. capense and N. zuluense are indigenous to the south-east tropical regions of Africa.
The morphological similarity between these taxa make identification to species-level
troublesome and often unreliable, indicating a need for alternative identification methods.
This study aimed to compare gas chromatography-mass spectrometry (GC-MS)- and
nuclear magnetic resonance (NMR)-based metabolomics analyses with DNA barcoding
to evaluate the identifying characteristics of these coca species. The results emphasise the
importance of integrating chemotaxonomy and DNA barcoding techniques in plant
identification. In this sample of the Erythroxylaceae, the differentiating identification
accuracy was shown to increase from morphology to DNA barcoding to chemotaxonomy.
This study further highlights the strengths and weaknesses of various plant identification
strategies, as well as providing a developing model for more accurate and reliable
species-level identification of plants. The findings from this case study could aid in the

identification and classification of other closely related taxa.
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1. Introduction

The Erythroxylaceae and Solanaceae families contain some of the best-known medicinal
plants with select species producing a variety of, or precursors to, highly valued,
pharmaceutically active compounds including atropine, hyoscyamine, scopolamine,
tiotropium bromide, ipratropium bromide and cocaine (Grynkiewicz and Gadzikowska,
2008; Hasan, 2012). Five species within the Erythroxylaceae family, distributed along the
south-east coast and tropical regions of Africa, were the focus of this study. These include
Erythroxylum delagoense Schinz, E. emarginatum Thonn., E. pictum E.Mey. ex Harv. &
Sond., Nectaropetalum capense (Bolus) Stapf & Boodle and N. zuluense (Schdnland)
Corbishley. The traditional uses of these species indicate pharmaceutical potential
(Corrigan et al., 2011; de Wet, 2011; Nishiyama et al., 2007), however, as a result of
shared morphological characteristics, accurate species-level identification of non-
flowering material is difficult, as is the case with other species within the Erythroxylaceae

(White et al., 2019).

Morphological evaluation of the two genera in South Africa indicates that species of
Erythroxylum display more phenotypic differences than the species of Nectaropetalum
(Coates-Palgrave, 2002; Boon, 2010; Van Wyk & van Wyk, 2013). The distinguishing
characteristics between the two Nectaropetalum species lie within the leaf morphology
and flower structure. Nectaropetalum capense has lighter and more transparent leaf veins
compared to N. zuluense, while the flowers of N. capense have shorter stalks (1.5 mm)
and no nectar pocket at the base of the petals. This is in contrast to the long flower stalks
of N. zuluense (10 mm) and the presence of a nectar pocket at the petal base (Coates-

Palgrave, 2002; Boon, 2010; Van Wyk & van Wyk, 2013). The Erythroxylum species are



vegetatively more distinct, with differences in leaf size and colour (Boon, 2010; Coates-
Palgrave, 2002). Confusion and misidentification can still occur when sampling in the
field, as the morphological traits are not pronounced, while further being obscured by

phenotypic plasticity (Fusco and Minelli, 2010; Gratani, 2014; Mantuano et al., 2006).

These difficulties may be overcome by incorporating datasets from alternative
identification techniques such as chemotaxonomy and DNA barcoding (Govaerts, 2001,
Mishra et al., 2016; Mora et al., 2011; Scotland and Wortley, 2003). The effectiveness of
chemotaxonomy as an identification and authentication tool has been shown (Afzan et
al., 2019; Ahmad et al., 2010, 2009; Endara et al., 2018; Heyman and Meyer, 2012;
Mishra et al., 2016), with select studies investigating differentiating biomarkers related
to specific Erythroxylum species (Johnson et al., 1998; Zanolari et al., 2005). However,
to our knowledge, there have been no chemometric studies done on any of the south-east
African coca species. Chemotaxonomy utilises a variety of technologies, with nuclear
magnetic resonance (NMR) and mass spectrometry (MS) related techniques generating
accurate, reliable and reproducible data as well as being readily used in metabolomic

studies (Afzan et al., 2019; Alonso et al., 2015; Endara et al., 2018; Jorge et al., 2016).

Furthermore, the use of standardised predefined DNA barcodes in plant identification is
well established, enabling scientists not specialised in taxonomy to identify and
distinguish between different taxa, and unknown plant samples lacking in morphological
traits (Afzan et al., 2019; CBOL Plant Working Group, 2009; Dev et al., 2014; Kress et
al., 2009, 2005; Mishra et al., 2016; Yu et al., 2021). The use of multiple barcode regions
is strongly advised for increased identification accuracy, as factors such as polyploidy,

hybridisation and generation periods of plants could affect the sequence similarity



between species (Smith and Donoghue, 2008; Spooner, 2009). These factors contribute

to the difficulty of assigning a universal barcode for the identification of plants.

The most readily used and recommended DNA barcoding regions are the coding loci rbcL
(ribulose-1,5-bisphosphate carboxylase/ oxygenase large subunit), matK (maturase K)
and trnH-psbA (intergenic spacer region), found in the chloroplast DNA of plants (Bolson
et al., 2015; CBOL Plant Working Group, 2009; Kress et al., 2009). These gene regions,
when used in combination, have the highest universality and discrimination power, lowest
sequencing cost and highest quality (CBOL Plant Working Group, 2009; Kress et al.,
2009). Using these loci, identification to genus level can be achieved, in most cases,
regardless of the growth form or developmental stage, although this is dependent on the
availability of a robust sequence reference library (de Lima et al., 2018; de Vere et al.,

2012; Mishra et al., 2016; Seberg and Petersen, 2009).

In this study we report on the integrated use of gas chromatography-mass spectrometry
(GC-MS) and NMR-based chemotaxonomy, with DNA barcoding, to assess their
combined and separate identification capabilities. The data from this case study provides
proof-of-concept and could be utilised in future development of more robust plant

identification systems.



2. Materials and Methods

2.1. Plant material collection and processing

Healthy leaf material of varying ages was collected during autumn (2016) from three
Erythroxylum and two Nectaropetalum species found in nature reserves along the east
coast of South Africa (Table S. 1), including Enseleni Nature Reserve (E. delagoense
Schinz), Mpenjati Nature Reserve (E. emarginatum Thonn.) and Umtamvuna Nature
Reserve (E. pictum E.Mey. ex Harv. & Sond., N. capense (Bolus) Stapf & Boodle, and

N. zuluense (Schonland) Corbishley).

Biological replicates were prepared by sampling leaf material from five different trees
within each species. The average distances between the individual trees of a species were
five to ten meters. Leaf material used in the chemotaxonomy study, were sampled from
each of the four cardinal directions, as well as the top and bottom of the trees. The leaves
of each respective tree (= 128 g) were mixed and divided into five technical replicates,
thus ensuring representation of the entire tree and homogenising the chemical variation

within each specimen as far as possible.

The collection for the DNA barcoding study entailed sampling 10 to 20 healthy young
leaves from each of the same five individual trees per species. To account for the possible
genetic variation within an individual, the leaf material was harvested from different sub-
branches of the main trunk of each tree. Thus, providing a representative DNA sample

from which the barcodes could be extracted and assessed.

Preservation of the leaf material used in both the chemotaxonomy and DNA barcoding

studies during the collection period, was done by placing the leaves of each sample in



separate, appropriately labelled paper bags. Each paper bag was placed inside a plastic
zip-lock bag containing silica gel beads (+ 8 g) to dehydrate the leaves whilst limiting
compound and DNA breakdown (Chase and Hills, 1991; Wilkie et al., 2013). The samples
were kept on blocks of dry ice during transportation. Flash freezing with liquid nitrogen

was not feasible as a result of the travel time and remote localities of the trees.

Upon arrival at the laboratory, plant material used in the chemotaxonomy study was
lyophilised using a benchtop freeze-dryer (VirTis, United Scientific, USA) to ensure full
dehydration and to limit the breakdown of compounds in the leaf samples (Abascal et al.,
2005; Bhatta et al., 2020). The dried leaf material was thereafter stored at 4°C until crude
plant extracts could be prepared. The material used in the DNA barcoding study was

stored at -80°C until DNA could be extracted.

Representative voucher specimens of all the individual trees studied have been deposited
in the H.G.W.J. Schweickerdt Herbarium at the University of Pretoria (PRU) (see Table
S. 1). The plant material was collected in accordance with the regulations of the
Department of Environmental Affairs, the Ezemvelo KZN Wildlife conservation agency
and the South African National Biodiversity Institute (SANBI) (Permit numbers

OP567/2016 and BABS/000515N).

2.2.1. Chemotaxonomy: Extract preparation

Pressurised methanolic crude leaf extracts were prepared as described in a previous

study (Alberts et al., 2018).



2.2.2. Chemotaxonomy: *H-NMR analysis

The NMR analysis was conducted using 12 mg vacuum dried (GeneVac EZ-2 plus; SP
Industries Inc., Warminster, England) crude methanolic extract, dissolved in 800 pl
(15 mg mlIt) deuterated methanol (CDsOD) by sonication for 5 min. Proton (*H) NMR
was performed on each of the respective samples, using 700 pl of this solution, on a
200 MHz NMR spectrometer (Varian, Palo Alto, California). The standard 1D spectra
were acquired with the total transients set to 256. This included 11976 data points at a
spectral width of 3003 Hz (-2 to 12 ppm), a three-second relaxation delay, and the
acquisition time for each transient scan set to two seconds. The magnet shimming was
done manually for optimal and consistent spectral resolution. Each sample was analysed
directly after preparation and the run order was randomised by dividing the samples into
five batches, based on replicate number i.e., batch one contained the first replicate of each

tree, batch two the second replicate etc.

MestReNova (Mnova) version 14.2 analytical software (Mestrelab Research S.L., 2020)
was used to process the NMR data, which included referencing the spectra (residual
CHsOH; 63.310 ppm), baseline correction (Whittacker smoother), automatic phase
correction, and normalisation based on the residual CH3OH signal (63.310 ppm to
intensity = 100) in the deuterated CD3OD. The respective spectra were binned (0.04 ppm
per bin) and exported to the soft independent modelling by class analogy (SIMCA-P)
analytical software version 14.1 (Umetrics, Umea, Sweden) for associated multivariate
data analysis (MVDA). The specific bin sizes were chosen as they generated a higher
statistically significant interpretation of the data as compared to the 0.10, 0.02 and 0.08

binned data (data not shown). The peak signals at chemical shifts between 63.27—



63.34 ppm and 64.80—-65.00 ppm was removed before SIMCA-P processing as these

regions contained residual solvent peaks.

2.2.3. Chemotaxonomy: GC-MS analysis

The GC-MS samples contained 1 mg ml? underivatised crude extract in distilled
methanol for untargeted metabolomic analysis. Samples were analysed on a Shimadzu
GC-MS-QP2010 (Shimadzu Corporation, Japan) with an electric current of 70 eV. The
compounds were separated using an Rtx-5MS column (29.3 m x 250 um x 0.25 pm i.d.;
0.25 um df) with helium as the carrier gas. Splitless injections of 1 pl were performed,
with the column flow set to linear velocity. The injector and interface temperatures were
set at 250°C, with the ion source temperature set to 200°C. The oven temperature program
was set to an initial 50°C and held for 2 min, thereafter, increased at a rate of 10°C min
to 300°C, which was held for 5 min, bringing the total run time to 30 min per sample. The
mass hertz (m/z) detection range was set from 50 to 600 m/z with a scan speed of 2000
aum s, Blank methanolic samples were introduced after every five samples for quality
control purposes. The samples were prepared and directly loaded onto an autosampler.

The run order was randomised as described in the *H-NMR analysis section.

The GC-MS chromatograms were analysed using the Shimadzu GC-MS LabSolutions
software version 4.2 (Shimadzu Corporation, Japan). The total ion current (TIC)
chromatograms were exported as *.csv (MS-DOS) files from the Shimadzu GC-MS
LabSolutions software and imported into Mnova, where baseline correction (Whittacker
smoother), spectral alignment (Rt 17.09 — neophytadine), normalising and binning was

done. The processed chromatograms were then exported to SIMCA-P for further MVVDA.
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The binning size of Rt 0.04 was chosen as it showed higher statistical significance and

resolution of the compound peaks (data not shown).

2.2.4 Chemotaxonomy: GC-MS-based biomarkers

Biomarkers were identified for each species by comparing the GC-MS data to the
National Institute of Standards and Technology (NIST 11) software database (version 2.2,
Agilent Technologies, USA). Biomarker identification was done by generating a
SIMCA-P orthogonal projection to latent structures discriminant analysis (OPLS-DA)
(Trygg and Wold, 2002; Wiklund et al., 2008) plot with two classes. Class one containing
the data from a specific species group (e.g. E. delagoense) and class two containing all
the data from the remaining four species. Each supervised OPLS-DA plot was found to
be significant based on Permutation (100 permutations) and cross validation (CV)-
ANOVA (p-value < 0.05) scores. Following this, an S-Plot and a Contribution Plot
corresponding to each OPLS-DA model was generated. The outliers (differentiating
variables) on the S-Plot were extracted and identified in the corresponding Contribution
Plot, revealing the retention times of the variables which contribute the most in
differentiating between the two classes, i.e. variables outside the third standard deviation
range of the respective data set. This was then related back to the TIC chromatogram on
the Shimadzu Post-run analysis, where the mass fragmentation pattern correlating to the
peak of interest (differentiating variable) was extracted and searched on the NIST 11
spectral database for a possible match. A similarity match factor below 85% was not
considered for subsequent analysis (Stein, 1999). The biomarkers identified were further

validated by visually comparing the mass spectral fragmentation pattern, as well as the

11



m/z peak abundance, to the data found in the NIST library (Supplementary Fig. S 1). A

graphical summary of this process can be seen in the Results and Discussion section.

2.3.1.DNA barcoding: DNA extractions

The total DNA was extracted using the cetyltrimethylammonium bromide (CTAB)
method adapted from Doyle & Dickson (1987), Doyle and Doyle (1987), and Cullings
(1992). Quantification of the DNA was done using a NanoDrop™ 2000 spectrometer
(Thermo Fisher Scientific, Inc., United States) and agarose gel (Lonza SeaKem® LE

Agarose, Switzerland) electrophoresis.

2.3.2. DNA barcoding: DNA barcode sequence generation

Three DNA barcoding regions, rbcL, matK, and a chloroplast spacer region trnH-psbA
proposed by the CBOL Plant Working Group was assessed during this study (Bolson et

al., 2015; CBOL Plant Working Group, 2009; Dev et al., 2014).

The primer sequences for trnH-psbA and rbcL were obtained from Tate and Simpson
(2003), and Kress et al. (2009), respectively. The primers for matK were designed using
Primer 3 software (Primer 3, version 4.1.0). The primer sequences can be viewed in Table
S. 2. Polymerase chain reactions (PCR) were performed on the respective DNA extracts,
followed by Sanger sequencing. The PCR master-mix for one reaction contained the
following: 1.25 ul forward primer (10 uM), 1.25 ul reverse primer (10 uM), 8 ul ddH-0,

12.5 pl KAPA2G fast HotStart Readymix, and 2 pl template DNA (100 ng).

Thermocycling reactions were performed following the standard protocol set out by

KAPA Biosystems for the KAPA2G Fast HotStart ReadyMix kit with minor
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modifications (Roche Sequencing and Life Science, United States). The initial
denaturation of the DNA was set at 95°C for 3 min followed by 25 cycles of denaturation
(95°C for 15 s), annealing (60°C for 15 s), and extension (72°C for 15 s), with a final
DNA extension step set at 72°C for 60 s. The reaction mixtures were then cooled down

and kept at 4°C until further analysis.

The PCR products were cleaned using Sephadex G-50 (Sigma-Aldrich, South Africa) and
Macherey-Nigel NucleoSpin® (MACHEREY-NAGEL GmbH & Co. KG, Germany)
columns in preparation for cycle sequencing PCR. Each cycle sequencing reaction
mixture was made up of 1 pl BigDye v3.1, 1.5 pl 5x Sequencing Buffer, 1.6 pl primer
(forward and reverse reactions were done in separate sequencing PCR tubes), 2.9 pl dd
H20, and 3 pl clean PCR amplified template DNA. This reaction mixture was placed in
athermocycler (Thermofisher, United States) set to the following thermal program; initial
denaturation (95°C for 60 s) followed by 25 cycles of denaturation (95°C for 10 s),
annealing (50°C for 5 s) and extension (60°C for 4 min), after which the reaction was
cooled down and kept at 4°C until the samples could be sequenced at the sequencing
facility of the University of Pretoria (Seqgserve, Bioinformatics and Computational

Biology Unit).

2.3.3. DNA barcoding: DNA barcode processing

The obtained sequences were processed using Geneious Prime bioinformatics software
(version 2020.1.2; Biomatters Ltd., New Zealand). The forward and reverse sequences
were aligned using the Geneious global pairwise alignment tool with free end gaps,
followed by manual editing of ambiguous bases and trimming the poor-quality sequence

ends, thus generating a consensus sequence for each individual tree’s respective barcode.
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The default alignment parameters included an open gap penalty of 10, gap extension
penalty set to 3 and the refinement iterations equal to 10. The obtained sequence data
have been deposited onto the National Centre for Biotechnology Information (NCBI)
database (see Table S. 1. for the GenBank accession numbers). The sequence to species

validation was done using the MegaBLAST functionality on the NCBI database.

After processing and validation, the barcodes were joined to generate a consensus
sequence containing matK + rbcL + trnH-psbA for each tree. The consensus sequences
were imported to SIMCA-P for qualitative data analyses using centre scaled principal
component analysis (PCA) (World, 1987) scatter plots and hierarchical cluster analysis

(HCA) dendrograms.

Species clustering based on evolutionary relatedness was also assessed by utilising the
Bayesian modelling plugin v3.2.6 on Geneious Prime (Altekar et al., 2004; Huelsenbeck
and Ronquist, 2001; Ronquist and Huelsenbeck, 2003) as well as the maximum likelihood
(ML) inference plugin PhyML v3.0 (Guindon et al., 2010; Guindon and Gascuel, 2003).
The nucleotide substitution model for both phylogenetic analyses were determined using
jModelTest2 software (Darriba et al., 2012); F81 (Felsenstein, 1981), with rate variation
among sites returned as the best suited model for the sequence data provided, supported
by the deltaBIC (Bayesian informative criterion) and deltaDT (Decision theory criterion)
scores. Additional parameters for the Bayesian analysis were set as follows; the rate of
substitution variation was set to gamma (8 gamma categories), with the number of
iterations equal to one million at a subsampling frequency of 1000, 4 heated chains and a
burn-in length of 25%. The default priors parameters for the unconstrained branch lengths

were used. Determining the best preforming ML tree regarding optimised topology,

14



branch length and nucleotide substitution rates, the following parameters were set; rapid
bootstrapping of 1000 bootstraps were used to evaluate branch support and based on the
aligned sequence data, the proportion of invariable sites, as well as the gamma distribution
were estimated. The number of substitution rate categories was set to four. A consensus
tree was generated with a support threshold of 80% and a burn-in frequency of 25%. The
sequence data representing the outgroup in both phylogenetic analyses (Linum
usitatissimum L.) were obtained from the NCBI database (NC_036356.1) and processed
similarly to the other sequence data used in this study. Linum usitatissimum (common
flax) was chosen as the outgroup because of its phylogenetic relatedness to the study
group (USDA and NRCS, 2021) and because of a lack in sequence data of other closely

related genera within the Erythroxylaceae family, on sequence database repositories.
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3. Results and discussion

3.1. Comparison of *H-NMR and GC-MS chromatogram fingerprints to determine the

chemical relatedness of taxa

The chemotaxonomic-based *H-NMR analysis focused primarily on the polar metabolic
compound fingerprint, while the GC-MS analysis revealed the extracted polar volatile
metabolites within the species. The stacked *H-NMR spectra and GC-MS chromatograms
(Fig. 1) showcase the high degree of chemical relatedness between the taxa. When
focusing on distinct regions, such as the aromatic and halogen chemical shifts (65-68
ppm) of the *H-NMR spectra (Fig. 1, A), species-specific groupings become more
apparent. Nectaropetalum capense and N. zuluense show greater genus-based similarity
in their polar metabolic fingerprints (NMR) as compared to the Erythroxylum species.
Erythroxylum delagoense and E. pictum share a higher degree of chemical relatedness;
with E. emarginatum being visually distinguishable from the rest. These results are
supported by the stacked GC-MS chromatograms (Fig. 1, B), where species-level
differentiating characteristics are more pronounced within Erythroxylum, as compared to

those of the two Nectaropetalum species, indicating a need for further investigation.

3.2. 'H-NMR and GC-MS MVDA

The results from the stacked chromatograms correlate well to the SIMCA-P generated
'H-NMR and GC-MS PCA/ HCA dendrograms and OPLS-DA score plots (Fig. 2). The
PCA/ HCA dendrograms (Fig. 2, A) show significant genus-based separation (AL,
R%(cum) — 0.73 & Q?(cum) — 0.56; A2, R?(cum) — 0.84 & Q?(cum) — 0.48), while

providing species-level resolution only within Erythroxylum. The supervised OPLS-DA
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score plots (Fig. 2, B) support these results; however, overlap between several replicates
of E. delagoense and E. pictum is observed. This clustering was found to result from the
reduction in dimensional viewing when this two-dimensional plot was generated, as

separation in the z-axis (t [3]) was observed in the 3D model (results not shown).

The two Nectaropetalum species share a high degree of chemical similarity (Fig. 2 Al &
A2) and could only be partially separated with the supervised OPLS-DA score plots (Fig.
2, B). This overlap between the two species could result from the subtle chemical
differences being suppressed by the high degree of chemical similarity present within
these species, thus reducing the differentiating capability of the models. Both OPLS-DA
plots were found to be significant based on permutation (100 permutations: 4

components) and cross validation (CV)-ANOVA results (p-value < 0.05).

Assessing each genus separately resulted in a higher degree of species-level resolution
(Fig. 3). The Erythroxylum *H-NMR and GC-MS PCA/ HCA dendrograms (Fig. 3, Al;
C1) revealed good species-level clustering, supported by a Hotelling’s T2 of 0.05, as well
as showing reliability (R%(cum)) and predictability (Q?(cum)) scores within the limits for
biological samples (Eriksson et al., 2013). These findings correspond to the permutation
and CV-ANOVA validated OPLS-DA results (Fig. 3, A2 & C2). Indicating that the
largest contributing factor to the differences observed between E. delagoense and
E. pictum are due to differences in functional group concentrations (*H-NMR), or
compound peak intensities (GC-MS), rather than a difference in compound presence or
absence. This can be seen with the variation on the y-axis of the OPLS-DA score plots
(Wiklund, 2008), relating to peak intensities (GC-MS) or functional group concentration

(*H-NMR). E. emarginatum was once again easily distinguishable in both supervised and

17



unsupervised models, where the contributing factors were found to be compound, as well
as functional group differences, resulting in x- and y-axis differentiation (Fig. 3, A2 &

C2).

The unsupervised analysis of the H-NMR and GC-MS data relating to the
Nectaropetalum species (Fig. 3, B1 & D1) were unable to provide sufficient
differentiation. The failure in differentiating between the two species is exacerbated by
the poor level of clustering observed from the individual replicates of the two species.
This indicates a lack in pronounced and consistent differentiating characteristics. The
supervised analysis of the Nectaropetalum genus (Fig. 3, B2 & D2) does show slight
differentiation; although, the *H-NMR OPLS-DA plot was found not to be significant,

based on the CV-ANOVA results, permutation analysis and Q2 (cum) score of 0.17.

Furthermore, the slight differentiation achieved with the supervised GC-MS score plot
(Fig. 3, D2) should also be viewed with caution, as the variation between the x-variables
(peak presence and intensity) is extremely limited (R2X (cum) = 0.39), indicating a large
degree of overlap between the two species which could be masking the differentiating
characteristics. Both OPLS-DA plots of the Nectaropetalum genus showed poor
correlation to their respective PCA models, reducing the significance of the groupings

observed (Worley and Powers, 2016).

3.2.1. Biomarker identification

As a result of the 'H-NMR and GC-MS MVDA findings, an in-depth analysis was
conducted following the process described in Fig. 4 using the GC-MS data. Multiple

biomarkers were screened and only further evaluated if the specific biomarker was
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present in all replicates of the corresponding species, as well as obtaining an MS similarity

match factor greater than 85% in each replicate.

A literature search was conducted on each potential biomarker to determine their
biological functions, and the possibility of being artifacts based on the use of methanol as
extraction solvent (Casale, 1992; Sauerschnig et al., 2018). This revealed three
biomarkers per species (Table 1), each playing key roles as precursors in various
biosynthetic pathways. These biomarkers could be used in future plant collections to

validate the identity of the species studied.

The effect of seasonal variation on the selected populations should also be investigated,
as these biomarkers could show seasonal fluctuations (Ahmed et al., 2012; Alberts et al.,
2018; Sampaio et al., 2016). In addition, the geographical sample range should be
broadened as geographical-based environmental conditions has been shown to affect the
chemical profile of plants (Cramer et al., 2011; Endara et al., 2018). This suggests that
the use of biomarkers to authenticate plant samples should be combined with other plant

identification methods, limiting the possibility of false positive plant identification.

Based on their biological functions, the listed biomarkers (Table 1) are considered good
candidates, because the survival of the plants is more likely to be influenced by their
absence, than their small-scale seasonal and/or geographical fluctuations in
concentration. The use of species-specific biomarkers could assist in the accuracy of
intra-genus differentiation and is strongly advised when used in authenticating these

species.
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Fig. 1: Representative stacked spectra, and chromatograms. A, Proton — nuclear magnetic resonance (*H-
NMR) spectra of the five species assessed during this study. Residual CH3;OH solvent peaks have been
removed. Al, Increased spectral intensity of E. emarginatum up-field from 5.5 ppm; B, Representative
stacked gas chromatography — mass spectrometry (GC-MS) chromatograms of the five species assessed
during the study. Selected similarity regions between all the species are shown in the boxes. Pentagons
indicate similarity within only the Nectaropetalum genus, while similarities within Erythroxylum genus is
indicated by ovals. The triangle shows peak differences that separate E. emarginatum from the other
species. The stacked spectral images were generated using MestReNova software.

20



A1

R?X (cum)~- 0.73; Q?X (cum)-0.55

A2

R?X (cum) - 0.84; QX (cum)-0.48

A —

r‘w;ﬁlr
— - =l
L)

|45
g

i

H-NMR Hierarchical Clustering (PCA)
GC-MS Hierarc| Clustering (PCA)

= A

Colour key:

= E.delagoense

I
)

—  E emarginatum ‘
— E pictum {
N. capense 1 At
== N. 2uluense J &
é |
t
| y
< = =3 =3 =3 =3 = =1 ©
e 8 8 8 8 8 8 ° < 3 3 8 3 g
& 8.8 8 2.8 = Z &8 & & =
Dissimilarity Axis extension Dissimilarity Axis extension
H-NMR (OPLS-DA) GC-MS (OPLS-DA)
i )
10 40
2
8 - %2 4
30 .i'(
6 L
20 ol
4
gy
10
= = ) <
2 oot 2o - %
il -
10 Jvﬁf‘
L5
4 ¥
20 PR
%
-30
-8
10 -40
=12 - -50 -
-15 10 5 0 5 10 15 50 40 30 220 0 0 0 20 30 40
11 (1]
R2X[1]= 0,286 R2X[2]=0,116 Ellipse: Hotelling's T2 (95%) R2X[1]=0215 R2X[2] = 0,189 Ellipse: Hotelling's T2 (95%)
R2X (cum) - 0.75; R?Y (cum)—0.80; Q2X (cum)— 0.68; R2X (cum)— 0.82; R?Y (cum)—0.88; Q2X (cum)— 0.81;
Permutation validated; p[CV-ANOVA]-value = 0.05 Permutation validated; p[CV-ANOVA]-value = 0.05

Fig. 2: The combined chemistries of the species assessed. Principal component (PC) based hierarchical
cluster analysis (HCA) dendrograms of the proton - nuclear magnetic resonance (*H-NMR) (A1) and gas
chromatography - mass spectrometry (GC-MS) (A2) data obtained from all five species; B1, Orthogonal
projections to latent structures discriminant analysis (OPLS-DA) of the 'H-NMR and GC-MS (B2) data.
The R2X, Q2X and R2Y values represent the cumulative (cum) average of autofitted models. The OPLS-
DA plots were generated with a Hotelling’s T2 test of a 95% significance, validated by Permutation (100
permutations on the first four components) and subjected to cross validated (CV)-ANOVA significance
testing. The plots and dendrograms were generated using the soft independent modelling by class analogy
(SIMCA-P) software.
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Table 1. Gas chromatography - mass spectrometry identified biomarkers of the south-

east African Erythroxylaceae.

Plant taxon name Compound  Molecular  Retention  Similarity  Previously
name weight time index (% £ identified In
(amu) (minutes) SD) Planta
Erythroxylum Squalene 367 25.85-25.89 94+0.98 Lozano-Grande
delagoense Schinz et al. (2018)
1- 396 27.61-27.63 97+0.09 Awaad et al.
Heptacosaol (2013); Kim et
al. (2015)
1,30-Tri- 454 28.84-28.86 91+0.49 Bhardwaj et al.
acontane-diol (2018);
Sampangi-
Ramaiah et al.
(2019)
Erythroxylum 2-methoxy-3- 164 12.30-12.32 91+1.93 Wang et al.
emarginatum prop-2- (2016); Ashraf
Thonn. enylphenol etal. (2017)
2-Carbo- 181 12.91-12.95 90+0.63 Grynkiewicz &
methoxy-8- Gadzikowska,
methy|-8- (2008); Kim et
azabicyclo- al. (2016)
[3.2.1]-oct-2-
ene
Ecgonine 199 13.93-13.98 94+0.80 Grynkiewicz &

methyl ester

Gadzikowska,
(2008); Kim et
al. (2016)
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Table 1. (continued)

Erythroxylum 1-Hentetra- 590 25.11-25.13 95+0.40 Tayade et al.
pictum E.Mey. ex  contanol (2013); Uritu et
Harv. & Sond. al. (2018)
Tetra- 589 26.19-26.24 95+0.98 Siddiqui et al.
tetracontane (2017)
2-heptadecyl- 282 27.13-27.17 92+0.09 Dowd, (2012)
oxirane
Nectaropetalum Hexa- 507 27.53-27.57 96+0.09 Barthlott et al.
capense (Bolus) triacontane (2017); Soliman
Stapf & Boodle et al. (2019)
Gamma- 400 28.13-28.17 90£0.40 Quitain et al.
ergostenol (2001); Rossard
et al. (2010)
9,19-Cyclo- 400 28.27-28.33 88+0.09 Achakzai et al.
cholestan-3- (2019)
ol
Nectaropetalum Beta- 129 27.27-27.30 95+2.93 Fritsche et al.
zuluense tocopherol (2017); Méne-
(Schénland) Saffrané, (2018)
Corbishley Gamma- 416 28.13-28.16 90+1.02 Quitain et al.
ergostenol (2001); Rossard
et al. (2010)
9,19-Cyclo- 400 28.29-28.31 88%0.49 Achakzai et al.
cholestan-3- (2019)
ol
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3.3. DNA barcoding

DNA barcoding was incorporated to address the challenge of chemical plasticity, as the
genetic makeup of a particular species should be more stable under various environmental
conditions. Especially when referring to the two conserved gene regions of rbcL and matK
(CBOL Plant Working Group, 2009; Kress et al., 2005). The topology of the DNA based
SIMCA-P generated PCA/ HCA dendrogram (Fig. 5, Al) corresponds to that of the
phylogenetic trees, supported by good bootstrap (PhyML, Fig. 5, B1) and posterior
probability (Bayesian, Fig. 5, B2) values. The dendrogram is not intended to be used as
an evolutionary-based model. It is designed to assess variation in the dataset provided and
does not consider other evolutionary related factors when generating the respective output
results (Eriksson et al., 2013; Guindon et al., 2010; Ronquist and Huelsenbeck, 2003;
World, 1987). However, it can be used as supportive data and a visual aid in determining
which gene regions contribute the most to the variation between species, based purely on
the sequence code. Results reveal that the PCA/ HCA dendrogram clearly differentiates
between the two genera and indicates three distinct Erythroxylum species. The
distinguishing factor being attributed to the intergenic spacer region trnH-psbA (Fig. 5,
A2). Furthermore, the sequence variation observed within this locus demonstrates intra-
species differentiation within E. delagoense and E. pictum (Fig. 5, A2). With greater
evolutionary support being provided by the Bayesian analysis relating to E. delagoense
(Fig. 5, B2). Intra-species variation can be expected when assessing trnH-psbA, as it is
not a conserved gene region (compared to rbcL and matK). This allows for more gene
variation to occur without deleterious effects to the plant (Aldrich et al., 1988; Bolson et

al., 2015; Kress et al., 2005; Spooner, 2009).
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Fig. 3: Intra-generic variation of the species assessed. Genus-based principal component (PC) hierarchical cluster analysis (HCA) dendrograms (Al; B1; C1; D1) and
orthogonal projections to latent structures discriminant analysis (OPLS-DA\) score plots (A2; B2; C2; D2). The proton - nuclear magnetic resonance (*H-NMR) analyses
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permutations on the first four components) and subjected to cross validated (CV)-ANOVA significance testing. The plots were generated using the soft independent
modelling by class analogy (SIMCA-P) software.

25



Biomarker identification

1. Generate an OPLS-DA score plot representing two classes. 2. Generate an S-Plot from the OPLS-DA score plot. The
blue and red dots at the ends of the ‘S’ contribute the most
i in separating the two pective cl . Class one (blue)
40 ° et and class two (red) are highlighted in the OPLS-DA plot
30 o
4 L] ®
=% 081 ..‘ ﬁ @
o 350 - oo
:z 0+ w ,-. 04+ °
~.10 LN 02
20 L ’ -~ i g o4
20 %02 OPLS-DA
-m'« 0 20 1 3 = o ’. .'e : E
0 -30 20 -10 0 10 20 0 { e
R2X[1] = 0,185 R2Xo[1] ‘nijl‘::i”.l[” Ellipse: Hotelling's T2 (95%) ] L @ el »
08
1
4. Open the GC-MS chromatograms of the species " e ® Al 5 w % W
R2x(1) = 0,203

investigated and relate the identified retention time from step
3 back to the chromatograms, identifying the peak of interest.

3. Generate a Contribution plot to observe which of the
selected variables from the S-Plot can be investigated further,
based on respective presence and abundance. Identify the
retention time (Rt) of the specific variables of interest.

[

3

A

Score Contrib(Group 2 - Group 1), Weight=p1po1
>
-
| =
F—

5. Conduct a mass hertz (m/z) fragmentation pattern
database (e.g. NIST) search on the identified compound

peaks.
1000
..1 Unknown biomarker
4“-,5 & % | 21 2
2o 'l i i = s 6. Validate the database-identified compound as a positive
M s [ lln ] B e [ biomarker by observing the presence of the biomarker in
aod L " L ‘& e L.,"“ - &L A all replicates of the particular species as well as being a
: - ‘ plant derived metabolite. The similarity match percentage
1000 should fall within specific limits. Further validation can be
NIST teferetics compound ” done by isolating and/ or spiking a representative sample
3 o with the pure compound and observing its chromatographic
s fingerprint. Please refer to text for more details.
::-{ i iﬂ ekl o 28 M »
AL AT o]
03 b - % % % o

Fig. 4: Flow diagram of the process used to identify potential biomarkers in each of the species. OPLS-DA
— Orthogonal projections to latent structures discriminant analysis. GC-MS — Gas chromatography - mass
spectrometry. NIST — National Institute for Standards and Technology.

Both phylogenetic models were able to form species-specific groupings (Fig. 5, B1 &
B2), with greater species-level resolution seen from the Bayesian results. The PhyML
analysis indicates that E. pictum is genetically indistinguishable from E. delagoense (Fig.
5, B1), and that between the three Erythroxylum species investigated, E. emarginatum is

the most recently developed species. This lacks support from the Bayesian analysis (Fig
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5, B2), showing E. delagoense as the most recently developed taxon although this species
cluster seems unresolved with intra-species variation observed. The failed correlation
between the two phylogenetic models could be attributed to the limited number genomic
data assessed, as well as the different evolutionary-based model algorithms used in
generating the respective output results (Guindon et al., 2010; Ronquist and Huelsenbeck,
2003). However, the collective findings from these phylogenetic models suggest that
E. delagoense and E. pictum have recently diverged from a common ancestor, which

would explain their high level of chemical and morphological relatedness.

These findings contrast with the extensive research done by Spooner (2009), who
highlighted that matK and trnH-psbA are not suitable for differentiating certain species,
as these barcodes fail to cluster well-defined taxa as a result of poor polymorphic
representation. From the Erythroxylaceae investigated, matK and more notably

trnH-psbA was able to provide species-level resolution between some species.

None of the loci assessed were able to differentiate between the two Nectaropetalum
species. This, as well as the chemical relatedness suggests that the two Nectaropetalum
species have also recently undergone evolutionary divergence. Further research into this
matter is needed, as the inclusion of more genetic material such as the internal transcribed
spacer region (ITS), may provide a greater degree of species resolution (Feliner and

Rosselld, 2007; Kress, 2017; Li et al., 2011).
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Fig. 5: DNA barcoding and small-scale phylogenetic analysis of the south-east African Erythroxylaceae.
Al, Principal component (PC) based hierarchical cluster analysis (HCA) dendrogram of the DNA
barcoding (matK + rbcL + trnH-psbA) data obtained from all five species belonging to the two genera
Erythroxylum and Nectaropetalum. A2, Intrageneric related PC analysis (PCA) score plot of the trnH-psbA
DNA barcode data from the Erythroxylum species. The R?X and QX values represent the cumulative (cum)
average of autofitted models. The HCA dendrogram and PCA plot was generated using the soft independent
modelling by class analogy (SIMCA-P) software. B1, Consensus maximume-likelihood phylogenetic
analysis constructed using PhyML version 3.0, branch support indicated by the bootstrap values; B2,
Consensus Bayesian phylogenetic analysis tree, branch support indicated by the posterior probability
percentages. The phylogenetic trees were generated using the PhyML and MrBayes plugins in Geneious
Prime software.
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3.4. Comparing identification methodologies

The use of multiple plant identification methods is required in certain instances especially
when the plants under study share a high level of morphological and/or molecular (DNA
and chemical) similarity. However, there are many factors which need to be considered
when deciding on which methodology to use, such as what material is available for
analysis, the instrumental sensitivity and species differentiating capabilities, the purpose
of the acquired data, the time available for analysis and what the financial implications of
the different methods are. Recommendations of what instrumentation to use regarding the
plant material available as well as the sensitivity of the different methodologies have been
described (Alonso et al., 2015; Boggia et al., 2017; Boughton et al., 2016; Endara et al.,
2018; Heyman and Meyer, 2012; Jorge et al., 2016; Kress, 2017; Mishra et al., 2016;
Petruczynik, 2012). The financial aspect and time required for analysis are factors greatly
overlooked and very rarely reported in literature. Thus, we aim to provide an overview of
the financial implications and average time spent on sample preparation and analysis
related to the methodologies described in this study (DNA barcoding, NMR and GC-MS).
Furthermore, we compare the financial cost of these to other plant identification

methodologies.

To generate an informed financial cost estimate of each method three cost categories were
investigated: in-house, academic, and commercial rates for sample analysis. The
academic and commercial rates were calculated with (full-service) and without (half-
service) the cost of assisted data interpretation. All costs were based on the average of
three prices per method from different analytical facilities, institutions and/ or

universities, ranging from the years 2019 to 2021. The prices were all converted to the
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same currency i.e., South African Rand (ZAR) based on the currency exchange rates at
the date of reporting (USD/ZAR = 14.73, EUR/ZAR = 17.37, and GBP/ZAR = 20.60),
followed by calculating the average cost for 10 samples at in-house, academic, and
commercial rates. The full cost calculations, products and reagents are provided as
reference in the Supplementary material, as well as a summary of the experimental
workflow and average time required for each of the three methods on which this study

focused.

It should be noted that the cost calculations for the different methodologies are merely
for comparative and research purposes. The financial cost calculations presented in this
study were generated from available price lists at the time of reporting and can vary based
on factors such as the professional relationship between the research group and

institution, university, or analytical facility.

The average cost for commercial analysis far outweighs both academic and in-house rates,
with in-house rates being the lowest. In-house GC-MS analysis was found to be the most
cost effective at ZAR 2683.80 per 10 samples, followed by DNA barcoding (ZAR
4860.70) and H-NMR (ZAR 5124.60). The academic rates (full-service) for DNA
barcoding, *H-NMR and GC-MS were 184%, 208%, and 454% more expensive,
respectively. The full-service commercial rates for DNA barcoding, *H-NMR, and GC-

MS were 256%, 413%, and 662% more expensive, respectively.

When comparing the full-service commercial and academic rates, the commercial rates
for 'H-NMR were found to be almost 200% more expensive, followed by GC-MS 146%
and DNA barcoding 139%. Focusing purely on the academic rates, DNA barcoding of

three genetic markers was the least expensive at ZAR 8938.80 per 10 samples, with H-
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NMR and GC-MS being 119% and 136% more expensive. This highlights the drastic cost

increase from in-house to academic to commercial rates.

Furthermore, when comparing the academic cost of these methods to other plant
differentiating methodologies such as high performance liquid chromatography (HPLC)
(Viapiana et al., 2016), liquid chromatography-mass spectrometry (LC-MS) (Kharyuk et
al., 2018), matrix-assisted laser desorption/ionization-mass spectrometry (MALDI-MS)
(Ahmad et al., 2012), ultraviolet-visible spectroscopy (UV-Vis) (Philippidis et al., 2021)
and electrospray ionisation-mass spectrometry (ESI-MS) (Goodacre et al., 2003), then it
becomes apparent that LC-MS is the most expensive analysis and UV-Vis the least
expensive. The average academic rates for analysing 10 samples at 30 min per sample
using UV-Vis equates to ZAR 3880.60, with HPLC being 134% more expensive,
followed by MALDI-MS (186%), ESI-MS (215%), DNA barcoding (230%), ‘H-NMR

(274%), GC-MS (314%), and LC-MS showing an increase of 334% in price.

Data interpretation and method development play major roles in determining the cost of
analysis, especially related to chemotaxonomic and other chemometric approaches. When
these factors are excluded from the cost calculations there is an average decrease of 137%
compared to the full-service cost for academics. The half-service academic price for GC-
MS analysis proves to be the costliest with a 298% price increase compared to the least
expensive analysis (UV-Vis ZAR 3052.00). This highlights the financial implication

related to assisted data interpretation, especially for MS related analyses.

One of the biggest drawbacks to conventional DNA barcoding using Sanger sequencing
methodologies is the financial implication and time required for sample preparation and

analysis. It can take an average of 199 hours to prepare and process three barcoding genes
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from 25 plant samples, where it would take approximately 110 hours to prepare and
analyse the same number of samples with *H-NMR and GC-MS combined. However, the
development of plant-based next-generation sequencing (NGS) technologies as well as
novel DNA barcoding approaches could alleviate these drawbacks in the near future

(Gostel et al., 2020; Stein et al., 2014).

Based on the financial cost calculations, the data reported, and the literature reviewed
during this study, the recommended methodologies to use for plant identification and
differentiation is dependent on the instrumentation available, the professional relationship
between the research group and the analysis facility, the global purpose of the generated
data for other downstream applications, the availability of reference databases as well as
the availability of instrument specific analysis methods. Should the interest be based
purely on identifying and differentiating between morphologically similar plant species,
and the financial implication of the different methodologies at academic and commercial
rates, not considering the aforementioned factors then UV-Vis, 'H-NMR and DNA
barcoding would be recommended. UV-Vis provides rapid cost-effective results as well
as species-specific UV absorption patterns (Boggia et al., 2017). *H-NMR can provide a
global metabolic fingerprint of the more abundant plant metabolites, which can be used
in downstream applications such as compound functional group analysis (Sumner et al.,
2003), whereas DNA barcoding contributes to the genetic-based differentiating aspects
and provides data that can be used in downstream phylogenetic reconstructions (Kang et
al., 2017). If financial cost is not a consideration, then the use of all three methods
described in this study would be recommended, therefore replacing UV-Vis with GC-MS
as it can provide a higher degree of differentiating sensitivity coupled to well established

MS compound library databases.
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3.5. Discussion

The difficulty in distinguishing between closely related species such as the
Erythroxylaceae species investigated in this study, is a common problem in biology.
Mishra et al. (2016) found during their comprehensive review relating to DNA barcoding
and the authentication challenges of plants at herbal markets, that the integrated use of
DNA barcoding with “-omics” (proteomics, metabolomics and transcriptomics) systems,
should be used for the identification and differentiation of plant species. Furthermore,
Endara et al. (2018) described how the use of chemotaxonomy was superior in
differentiating between closely related species, compared to the morphological and DNA
barcoding techniques assessed during their study. The financial cost comparison showed
that the techniques described in this study (*H-NMR, GC-MS and DNA barcoding) are
some of the more expensive techniques at academic and commercial rates. However, the
in-house rates and rapid results indicate that the use of these methods for plant
identification and differentiation is financially feasible, especially when considering the

data generated by these techniques and the potential downstream applications.

Our results show that the combined use of chemotaxonomy with DNA barcoding was
able to differentiate between the species of Erythroxylaceae investigated. However, the
chemical plasticity observed in this study needs to be kept in mind during future sample
collection and authentication, as seasonal variation and geographical location of the plants
may alter the chemical-based species groupings observed. This, and the factors mentioned
from previous studies highlight the need for a more integrated plant identification
technique. The combined differentiating capabilities of morphology with
chemotaxonomy and DNA barcoding can prove to be useful in identifying and separating

other closely related and/ or morphologically similar taxa. This can especially be the case
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when sample populations are small, the genomic information limited, or where the effect
of different environmental stimuli can alter the chemical makeup of the sample and thus

affect the identification potential of these techniques.

4. Concluding remarks

Accurate and reliable identification of closely related and morphologically similar
medicinal plants is crucial, as misidentification could have dire consequences. The
Artemisia genus can be seen as such an example, where A. annua L. and A. afra Jacq. Ex
Willd. are morphologically nearly indistinguishable. However, chemically A. annua
contains the active compound artemisinin (used in malaria treatment), whereas A. afra
does not (Van der Kooy et al., 2008). This can result in a fatal outcome if the incorrect

plant is used for the treatment of malaria and related symptoms.

We have shown that by incorporating both facets of DNA barcoding and sensitive
chemotaxonomic methods, the misidentification of morphologically similar species, such
as the species investigated in this study, could be resolved. The financial aspect related to
the chosen methodologies for this study is a factor which needs to be considered.
However, based on the in-house cost, results from this study and the many possible
downstream applications of the generated data (not limited to only plant identification
and classification), we trust that these methodologies have shown their separate and

combined feasibility in species differentiation.

To our knowledge, the use of NMR- and GC-MS- based metabolomics in combination
with DNA barcoding has not previously been described for the identification and
differentiation of plant species. The findings from this study compare well with previous

reports related to the integrated use of identification methodologies (Bentley et al., 2019;
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Endara et al., 2018; Kress et al., 2005; Mishra et al., 2016), while furthermore providing

financial and time-based comparative aspects.
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