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ABSTRACT: Quality attributes (QAs) are measureable parame-
ters of a biologic that impact product safety asday and are
essential characteristics that are linked to positive patient hea
outcomes. One QA, higher order structure (HOS), is directl)
coupled to the function of protein biologics, and deviations irgthis
QA may cause adverseas. To address the critical need fof
HOS assessment, methods for analyzing structgeaprints * 2s
from 2D nuclear magnetic resonance spectroscopy (2D-NNR)
spectra have been established for drug substances as largetas Wopm S
monoclonal antibody therapeutics. Here, chemometric analyses " PC1 Score

have been applied to 2B,'3C-methyl NMR correlation spectra

of the IgG1 NIST monoclonal antibody (NISTmADb), recorded at natural isotopic abundance, to benchmark the performance and
robustness of the methods. In particular, a variety of possible spectral inputesgherarsd@al shift, peak intensity, and total
spectral matrix) into chemometric algorithms are examined using two case studies: (1) a large global 2D-NMR interlaboratory stu
and (2) a blended series of enzymatically glycan-remodeled NISTmAb isoforms. These case studies demonstrate that t
performance of chemometric algorithms using either peak positions or total spectral matrix as the input will depend on the stuc
design and likely be product-spedin general, peak positions are found to be a more robust spectral parameter for input into
chemometric algorithms, whereas the total spectral matrix approach lends itself to easier automation and requires less u
intervention. Analysis with eient input data also showsedénces in sensitivity to certain changes in HOS, highlighting that
product knowledge will further guide appropriate method selection basedt-dor{hgrpose application in the context of
biopharmaceutical development, production, and quality control.
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1. INTRODUCTION a sequential nearest neighbor model, used the peak coordinates

Statistical analyses applied to 1D-nuclear magnetic resonaflcdh® most intense peaks (up to 100) as the means of
(NMR) spectral data have seen tremendous growth in thedlculating the .Eucl|d_ea_n ghstancgs. Unfo.rtunately, the two
elds of metabolomics, metabonomics, and complex mixtUrethods gave dirent similarity metrics, and it was concluded
analysi$.® In contrast, 2D-NMR homo- and hetero-nuclearthat additional experimental data were needed to ascertain the
spectra have been used less often, owing to greater meass@g¥ce of statistical dissimilarity.
ment requirements for data acquisition as well as greateiChemometric methods were extendedHt&C hetero-
complexity required in data handlingvithin biomolecular  nuclear single quantum coherence spectroscopy (HSQC)-type
NMR, applications of chemometrics have been utilized iexperiments for pairwise comparison of a limited number of
some niche areas such as ligand bindipgotein folding, biopharmaceutical samples spanning a range of molecular
conformational analy§isand allosteric networks. weights from 6.5 to 67 kDa. The method, named easy
Statistical analysis in theld of biopharmaceutical NMR ~ comparability of HOS by NMR (ECHOS-NMR), involved the
has been more limited in scope. Chemometrics of 2D-NMRBytraction of a spectraigerprint region, binning of spectra

was introduced as a tool for biopharmaceutical higher ordgfg o o5 by 0.5 ppniH and3C, respectively) buckets, and
structure (HOS) assessment in a 2007 report that compared ’ ’

granulocyte colony-stimulating factor (G-CSF) isolates prG=
duced fromEscherichia Cdliwo statistical approaches were Received: January 23, 2020
applied to 2D NOESY spectral data using the statistical

assessment of peak position and graph invariant thewey.

rst method performed a direct pairwise comparison on

picked-peaks (up to 1000) between G-CSF samples to

determine percent comparability. The second method, utilizing
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calculating the Pearson correlation cisat* The ECHOS- one lot was placed in a deviant formulation of pH 3.0. These
NMR method was further extended to mAb therapeutics ahetrics, using peak positions as an input, includédeite
original digital resolution; thus, no spectral information wouldnalogue, PCA, correlation method, distance metrics, hier-
be lost:* Using this analysis, it was shown that the correlatioarchical cluster analysis, tolerance interval approach, and
coe cients determined using 1D isotope-edited and 2D-NMRnage-dierence analysis. The least sensitive metric was
experiments share a close relationship. While 1D-NMR dalatermined to be the correlation method, which was
can be more rapidly be acquired and analyzed, it was suggesietgrmined using chemical shift values. The?raalues
that 2D-NMR spectra be acquired for HOS assessment so thiicreased only slightly when the comparing the pH 4.4 and pH
spectral dierences could more readily be traced directly bacB.0 formulations. In the approach usingrtbst analogue, the
to perturbations in the structure. locations were derived from fh&'™N cross peaks and the

The most widely used multivariate statistical method appligeeak widths used as the peak variation. The subsequent results
to biopharmaceutical 2D-NMR has been principal componenbn rmed subtle HOS changes, especially for the batch
analysis (PCA), a technique that greatly reduces thirmulated at pH 3.0. For PCA, both pH 4.0 and pH 4.4
dimensionality of the data and moves the most importaribrmulations were successfully idedtas highly similar, and
variance into therst few synthetic variables, known asthe outlier at pH 3.0 was outside of the Hoté&dling ellipse
principal components (PCs). A number of options have beeat the 95% level. Similar results were attained with the
used for inputting the spectral data into the PCA algorithmhierarchical cluster analysis. The pH 4.0 and pH 4.4 batches,
this has included time domaimeak position in the frequency while clustered into their subgroups, had similar distance
domain'®*® and the entire spectral regioh. A small  metrics, and the pH 3 lot iderd as an outlier. In the
interlaboratory study analyzddrastim-based therapeutics, tolerance interval approach, up to 26% of peaks were outside of
including the originator Neupogen, three foreign-sourcetthe dened tolerance interval when the pH was shifted by 1.0
biosimilars, and an in-house uniforfiN-labeled system units. Finally, in the image@lience analysis of rituximab
suitability sample (SSS) with the total spectral region as inpbatches at derent pH formulations, pairwise scores were
for PCA-’ The therapeutic samples and the SSS, which hadgenerated from direct image comparisoit2I NOESY
small percentage of methionine oxidization, clustered into tvgpectra. Image-érence analysisaded sensitivity for pH
distinct groups. However, the clusters also further separaeliations of 0.4 units.
based on the magnetield strength of the NMR system used More recently, 1D- and 2D-NMR spectra cfréint brands
for acquisition and the laboratory where the data weref insulin were analyzed using a head-to-head comparison
acquired, suggesting that inputting the entire spectral regibrtween PCA, sequential nearest neighbor graph invariant
made the analysis especially sensitieddtalependent ects (SNN-GI), and 3-way Tucker3 chemometric methods and
and subtle derences in experimental setups. A follow-ugubsequently quared the clustering by the Mahalanobis
analysis with a second lot tfrastim biosimilars using both distancé’** The SNN-GI failed to ectively dierentiate the
peak positions and the total spectral region suggested thattwp brands of insulin samples, while the Tucker3 and PCA
the context of an inter-laboratory study with data collected at orded apparent robust drentiation. While multiway
multiple sites and at multiple magnetid strengths, the use analysis of NMR data has been applied to og¢ds such
of peak position provides a more robust input of spectral dags metabolomics and complex mixtamed has been utilized
for statistical analysis of HQ®jerprints of biologics. extensively in spectral reconstruétiththis study repre-

Another study, in which acquisition parameters wereented therst application of multiway analysis to ctaggn
carefully controlled and spectra collected on a single NM& biologics. Although Tucker3 did indeedra discrim-
instrument, reported the exquisite sensitivity of PCA using thieation by the two brands of insulin, as measured by the
full matrix of the spectrahgerprint region in detecting HOS Mahalanobis distance metric, more studies are needed to
variation between mAb isofofthdn this study, various determine its applicability to higher molecular weight bio-
glycan-remodeled isoforms of the NIST monoclonal antibodggics. Each component score of Tucker3 only takes into
(NISTmADb), an IgG1 monoclonal antibody developed as aaccount one cross peak at a time, and this may be problematic
reference material, were prepared enzymatically and compdmdhigher molecular weight biologics or for discriminating
by spectral overlay, Pearson correlation, and PCA. While hetween more intricate changes to HOS.
distinctions from visual or pairwise analyses were observedn an eort to benchmark and harmonize the 2D-NMR
betweertH,’*C gradient selected (g)HSQC spectra of the exomethod for biopharmaceutical applications, a large interlabor-
degalactosylated (ExoGal) and native NISTmAb isoformstory global study was conducted using 2D-NMR with 26
PCA aorded highly sensitive discrimination of the structuralaboratories from 9 countries, involving pharmaceutical
isoforms. ExoGaNISTmAb was further mixed with native companies, regulatory agencies, government, academia, and
NISTmAb from 0 to 100%, and the limit of detection of HOSone instrument vendot.Using a Fab domain derived from
variation by PCA was determined to be 7.5% relative to tibe NISTmAb primary sample P$86705°°’ and a
ExoGal NISTmADb content. In this application, PCA alloweduniformly-labeled(UyN,20%-labeletfC-labeled SSS, a
the attribution of small variations in signal intensity tototal of 451 two-dimensiondH,"N amide, and'H,*C
di erences in the HOS of the mAb isoforms. methyl ngerprints were recorded on 3%dént spectrom-

In a seminal biosimilarity study, Jagiel].applied a variety ~ eters, ranging from moderagtd of 500 MHz to ultra-high
of metrics to 2D-NMR spectra of biologics with the goal of theeld of 900 MHz, and equipped with conventional and highly
development of biosimilarity scores for comparative assesgnsitive cold probes. The study was designed to measure the
ment of the small proteinigrastim and the monoclonal H,”N gHSQC spectrum, which is tigeld standafdfor a
antibody rituxima®. For the Igrastim samples, batches were structural ngerprint of protein folding, for comparability to
used from the United States and from the European Union atevious studies. An arraytef°C spectral maps were then
two di erent formulations of pH 4.0 and pH 4.4. In addition,acquired with both uniform (US) and nonuniform sampling
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Table 1. Summary of Required and Optional #D**C NMR Experiment3

experiment code spectihh £ 375) type of experiment sample sampling type comments
RequiredH,’*C Correlated Experiments
D2A 39 gHSQE SSS us? eld independent acquisition: 128 total points in
D2B 32 gHSQC SSS NS 50% NUS of D2A
D2C 41 gHSQC SSS us eld dependent acquisition: 25 ms; in
D2D 31 gHSQC SSS NUS 50% NUS of D2C
D2E 26 gHSQC SSS NUS twice the scans per increment, 50% NUS of D2C
D3A 47 gHSQC NIST-Fab us eld dependent acquisition: 25 ms;in
D3B 36 gHSQC NIST-Fab NUS 50% NUS of D3A
Optional®H,**C Correlated Experiments
El 7 gHSQC NIST-Fab Either one parameter change from required experiments
E1A 45 gHSQC either NUS customized sampling schedule
E1B 48 gHSQC either either elient temperatures: 15, 25, 45, oGO0
E1C 23 stHMQE either either sfHMQC pulse sequence

3This chart was adapted with permission fror@5eTaylor & Francis Ltd., 2018A¢w.tandfonline.comPgHSQC = gradient selected
heteronuclear single quantum coherence spectr88&%y. system suitability sanfl)& = uniform samplin@US = nonuniform sampling.
'sSfHMQC = selective optimizeip angle short transient (SOFAST) heteronuclear multiple quantum coherence spectroscopy (HMQC).

(NUS), di erent pulse sequences, and at a varietyeoé ki the 12th experiment performed by laboratory 7425. Full study

temperatures. The spectral maps from all instruments weard experimental details are given ig5ef

analyzed using precision metrics such as combined chemic&.2. Case Study#2: NISTmADb Isoform Blended NMR

shift deviation (CCSD) and similarity metrics through PCAData. The sample series was recreated fratf. igfie y, the

Both H,"™N and 'H,*3C CCSD conrmed a peak position intact NISTmAb PS#8670 was treated with(1-4)-

precision of approximately 4 ppb. PCA, conducted on thgalactosidase toad a partially ExoGal intact NISTmADb.

H,1%C weighted peak positionsomled rigorous discrim- The ExoGalNISTmAb was then blended in various

ination between the SSS and the NIST-Fab at all temperaturpsrcentages (0, 5, 10, 17.5, 25, 50, 100%) of the native

Most importantly, the 2D-method using weighted peaRISTmAD. The nature of the isoforms wasroeed by intact

positions was shown to be both rigorous and reliable, in thatass spectral analysis in the previous téfdre samples

the result was independent efd and acquisition strategy. were doped with sodium 3-(trimethylsilyl)propane-1-sulfo-
Despite the advances in the statistics for NMR, there remaiateds (DSSel) as a chemical shift reference. Thér2EC

open questions regarding the best practices for chemomesijeectral maps were acquired with D2B experimental

analysis of 2D-NMR data acquired for the assessment [drametefs at 900 MHz and 56C. For statistical purposes,

biopharmaceutical samples, including how spectral data shouté spectra were collected for each sample, with autoshimming

be inputted for analysis using any given algorithm. Here, werformed in-between each experiment. All spectra were

look at the dierent ways for spectral data to be pretreateprocessed with NMRP#ieand visualized with NMRFAM-

prior to pairwise and multivariate algorithms using two ca&parky’

studies: (1) the multinational interlaboratory NMR §tudy ~ 2.3. NISTmab NMR Web Portal: Study Data and

and (2) a mixture of NISTmAb glycan-remodeled isoformsScripts. NISTmAb-related 2D-NMR spectra for both case

Based on the results, we extrapolate possible best practicestadies, including all NMRPipe processing scripts, can be

chemometric treatment of NMR data within a biopharmafound athttps://www.ibbr.umd.edu/groups/nistmab-Afa

ceutical context. README le contains instructions to successfully implement

these scripts.

2. METHODS

2.1. Case Study#1: Multinational Interlaboratory 2D- 3. RESULTS AND DISCUSSION
NMR Study.The multinational interlaboratory NMR sftidy 3.1. Case Study#1: Chemometric Analyses of 2D-
was designed for testing the 2D-method usingHth&E NMR Spectra from the Multinational Interlaboratory
methyl spectral maps. A brief summary of experiments is givdNIR Study.3.1.1. Statistical Analyses of Peak Posifidre
in Table 1 In general, standalid,*3C gHSQC experiments frequency position of a resonance is an intrinsic NMR
were required to be collected with both US and NUS and iparameter of a properly folded protein in a given chemical
both a eld-dependent and independent marirelé 1 D- environment. Much ink has been spilled in attempts to
type experiment). In addition, each collaborating partner couidterpret or predict structural details that cause a given atom to
acquire experiments according to their own laboratorsesonate at a particular frequéfdhis e ort has had some
practices Table 1 E1-type experiments). These experimentsuccess, as there are a number of reports describing the
included dierent temperatures, custom sampling schedules, prediction of secondary structure from a protein sequence and
pulse sequences. No attempt was made to control the absolate unassigned peak tablelowever, by and large, greater
signal intensity in any of the experimental designs. Eashccess in utilization of chemical shift data has been achieved if
laboratory was given a unique 4-digit idenfollowed by a  a PDB structure is available’”
spectrum number. The experimental code was then appende®espite the complex relationship between structure and
as a prex to yield a 10-character spectral identiFor chemical shift, this NMR parameter is very robust combined
example, spectrum D2C-7425-012 was performed with D2@etric of structural and chemical environments and is invariant
experimental parameters by laboratory 7425. 0t was  with respect to acquisition strategyedd strengtf? Indeed,

C https://dx.doi.org/10.1021/acs.jcim.0c00081
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Figure 1.Peak analysis scheme.¥A}*C methyl ngerprint from which the peak list is generated. (B) Chemical shifPwittiit spectra by
mchemical shifts. (C) Pairwise CCSD analyses from E1B-6324-014 recof@x(bate)mand E1B-6324-015 recorded &2frange), both
referenced against D2A/D2C average peak list. (D) Average CCSD. Subsequent PCArdedlyisés(&) scree plot, (F) score plot, and (G)
peak loading plot.

the chemical shift is not only repeatable in the same laboratdWR vendor-speda software that can adequatelyndehe

with multiple operators, but the multinational NMR peak list, although analyst intervention is necessary to ensure
interlaboratory study established that peak position igroper curation of the listFigure A). If resonance
reproducible to within 4 ppb for controlled experimentalassignments are available, the chemical shifts can be directly
parameters. For uncontrolled parameters, the precision omhapped onto the amino acid sequence. Otherwise, the analyses
falls to 6 ppb. If sample conditions are carefully mathed ( can continue with an arbitrarily ded peak list. For the
concentration, salinity, pH), then any peak list representsinterlaboratory study, 22 datasets did not meet the S/N
spectral ngerprint of the drug substance and any change cdhreshold requirement of 10:1 or otherwise had some other
be attributed to a perturbation in the HOS. If resonanc&nown experimental error, only 353 datasets were therefore
assignments are known, then these observed perturbations ég@d for this type of analyses.

be mapped directly onto the protein structure, and the spectral3.1.3. Analysis of Peak Precision through Root Mean
map becomes a trusstructural ngerprint. However,  Square Analysis and CCSIne of the conventional methods
resonance assignments, though helpful, are not requirdanalyze the precision of the peak positions between multiple
because an arbitrary peak list table can bedland used 2D spectra is using root mean square deviation (rfid),

to de ne the HOS of a biopharmaceuti¢alIn Section 3,1~ Wwhich is dened as

we provide current best practices for pairwise and multivariate .
analysis of peak list tables derived from 2D-NMR spectra ;,qq= 1 2
(Figure ). n, @)

3.1.2. Generation of Peak LiBte ning a peak list is the
fundamental component of any type of analyses involvingheren is the number of spectra ands the chemical shifts,
chemical shifts. Any peak list needs to be properly referencparately, 8H, *3C, or >N in ppm. The rmsd of each peak
against the established NMR chemical shift standard"6f DSSan then be plotted for the entire peak list for each nuclei of
In general, an average S/N threshold needs to hedder interest. If the rmsd plots are to be compared for teeedt
the peaks. This value can bendd based on the need of a nuclei, then a frequency weighting factor negds be
given application, although in practice, a minimum of 10:1 &pplied
commonly used>’ As with most analytical techniques, the ~
accepted limit of detection (LOD) is a S/N of ¥:&nd ms _ /1 ()2
metrics correlating multiple NMR spectra are typically not as Gheighted™ n o i 5
reliable below the S/N value of 18:$econd, the peaks need ! 2)
to be resolved; this can include high intensity peaks withinyghere ; is 1.0 for'H, 0.251 for’3C, and 0.10 fof™N,
very crowded region, although care must be taken that a givg@itording to the relative magnetogyric ratios of these atoms.
peak could, in reality, be more than one overlapped peak. Peakxlternatively, and more commonly employed,?2 is
picking was, however, used reliably within a heavily crowdgénsformed into the weighted average ofHhand the
1H,53%C methyl region for the multinational interlaboratory heteronucleuse(g.**C or ™) chemical shifts for the same
study?” In practice, there are many NMR software packagesoss peak between two spectra. This type of weighted average
such as NMRFAM-SpafRyNMRPipe:® NMRViewJ? and is known as CCSD

D https://dx.doi.org/10.1021/acs.jcim.0c00081
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Figure 3.PCA plots of the interlaboratory multinational NMR data package, using various normalization routines forbinadaiga@iés,
centered; (B)~C peak tables, centered; (C) weightéd°C peak tables, centered. For panelCjAthe centering was accomplished by
subtracting the column means before performing PCA. (D) Wétghtedpeak tables, not centered; (E) weighted peak tables normalized
against D2A/D2C reference datasets by subtracting the average D2A/D2C reference chemical shift values from each spectrum.

R T 2 <
CCSD= \/E[( HS hed?t (1S ] 3)

where , and ; are, respectively, the and °C or N
chemical shifts of a subject cross peggk; and ;. are,
respectively, thi#l and *C or 1N reference chemical shifts

for the same cross peak. Pairwise plots can be generated to
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visualize the CCSD across the entire peak list between any twdhe most important step in this method is the decision
spectra from the reference librarfigire C). For a true about preprocessing of the peak list data and whether to use
precision analysis for multiple spectra collected on a dragy normalization prior to PCA. For most applications of PCA
substance under highly similar sample and experimental other types of analytical data, the data are centered by

conditions, the average CCSD can be ploRegiré D). subtracting the mean of each coltfirfor NMR spectral
Error bars are reported using the standard error of the meadata, for which each cross peak is directly traceable to the
(SEM), typically with 95% catence intervals frequency position, centering may not intuitively be the
optimal option because the magnitude in each PC may
EM= + 1.96¢ E ) putatively be a chemical shift change indicative of a structural

perturbation. As such, a series of data inputs were prepared

where is the average CCSD ands the sample standard using a few representative normalization rodtthesemical
deviation. However, a standard bar plot may hide the trushifts;'3C chemical shifts; afid,'3C weighted chemical shifts
deviation of the data, and outliers may be missed, especiallyFfgure 3. As can be seen, all chemical shift data inputs
the sample size if large. a orded qualitatively similar plots, regardless of data pretreat-

Another means to visualize the precision of the measungent. However, inputting the weighted combiietfC
ment is via a box ploFigure 2. The median of the data is chemical shifts as-is without centeringyda the visually
plotted followed by a box that represents the 75th and 25tfightest clusters={gure B®). For this data input, thest PC
percentiles. If the median line is not in the center of the boxpproximates the average chemical shift for each peak and
then it can easily be visualized that the data is skewed. Titrefore accounts for 99.9999% of the data. This apparent
error bars, often referred tdahiskers,represent the 1.5  anomaly illustrates the importance of understanding the nature
times the upper and lower interquartile range. Any outliesf the data input and reduces the reliability of the scree plot for
outside of this range are then plotted as individual data pointgse with 2D-NMR data inputs. For panel D, the important

3.1.4. Analysis of Multiple Peak Lists Using PCdata  chemical shift changes are in the ppb range, whereas the
matrix,P, is established by listing all spectra in royand  average chemical shift is in the ppm range. The important
each table of chemical shifty.(Many di erent preparations  clustering information therefore is pushed out to PC2 and
have been done to prepare the peak tables for the matnxcs.
These include simply subtracting'theand X ¢C or *N) While all plots given Figure Xlearly separate out into the
frequency-weighted chemical shifts from the average valégpected seven clusters, a biopharmaceutical laboratory
before poncatenatib%.To date, biopharmaceutical NMR typically establishes an internal reference standard in the
applications have used single concatenation of unweighigglelopment of each biologic. As such, the 2D-NMR method
chemical shiftS or have used weighted chemical shiftsshould adhere to this standard practice and normalize all data

according teq 5'%°° to the product-spedi reference standard. For the interlabor-
1 ) atory international NMR data package, to simulate this
weighted™ \/E[( ¥+ ()i 5 situation, the D2A and D2C datasets were usedrte the
®) average reference chemical shifts for each peak, and each peak
Alternative treatments of peak tables prior to PCA aréable was subtracted from this refereficeie E).
explored more fully, below. While chemical shift data are highly precise and have proven

After pretreatment of peak tables, a nfaofn spectra by ~ to be a very rigorous HOS parameter for biopharmaceutical
m chemical shifts is generatédg(re B). PCA is then  applications, this NMR parameter may not be sensitive to all
performed Figure E G), most often with singular value aspects of HOS. For example, some changes to HOS may
decomposition (SVD), as ded by result in appearance of new peaket are not taken into

T account by a simple peak table comparison. While methods of

P=UV ©) comparing peak tables of varying sizes can be envisioned, these
whereU is the left singular vector and represents a matrikave yet to be applied to biopharmaceutical applications.
de ning the PC scores. The singular values anedda the Furthermore, a shift in the conformational ensemble of a drug
diagonal matrix, represent the eigenvalues (b, 3, ..., 1), substance might simply result in changes only in peak
and are organized in descending magnitude. The Viatrix linewidth and/or intensity. Such changes in the cross peak
the right singular vectors and represents the eigenveltors osignatures could indicate the possible formation of soluble
The PC scores, often multiplied by their respective singulaggregates, an important quality attribute that chemical shift
values to give a visual indication of their importance, afsformation by itself may miss. To ameliorate these concerns,
plotted Figure E). Typically, therst few PCs contain the peak tables containing more peak information such as line
greatest information of interest, and later PCs contain onlyidths or peak intensity could be added into the data matrix.
random experimental noise. To qualitatively determine hoWhile this has been proposed in several reports in other NMR
many PCs to retain, a scree plot graphs the degree of varianetds}>*® to date this has not been performed in a
explained by each PCEiqure E). PCs at and below the biopharmaceutical application. For biopharmaceuticals, meas-
“elbow in the curve are typically retained for more detailedirement of peak line width is normally impractical due to the
analyses, although knowledge of the nature of the sample tyjyigher molecular weight of these drugs that limits peak
is also critical for this decision, as will be seen below. Finallgsolution. Peak intensity, however, can easily be extracted
performing PCA on spectral datards peak loading plots, from spectra of the drug substances.
directly derived from the plotting of NMidure G), and the To address the impact of the use of peak intensity data in
in uence of each peak position in each PC can be quickilye analysis of the interlaboratory study, all cross peaks were
visualized. These plots allow the ideation of peak normalized to the most intense peak, which was then set to a
positions that account for the observed variance in the dataialue of 100. The data matrix was then prepared with only the
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Figure 4 PCA plots of peaks tables with peak intensity. (A) Raw peak intensity at each peak position, centered; (B) Malmstrgm distance, centere
(C) Malmstrgm distance with E1A custom NUS datasets and E1C sfHMQC datasets removed, centered. The centering was performed in tt
manner described ifigure 3The corresponding uncentered PCA plots looked very similar to thosegirehidata not show).

intensity value at each peak position. After PCA, only twgields inferior clustering when compared to the use of only

loose clusters of the SSS and the NIST-Fab data, rather tharemical shifts.

the expected seven clusters, were obsé&igede(A). This 3.1.5. Chemometric Assessment of Manually ned

result is unsurprising because peak intensity is a parameter thristers.From visual inspection &figures 3and 4, the

is di cult to control, and no ert was made to control it for  clustering irFigure 3appears to be useable for evaluation of

this study. spectra, although the scatter of the points appears to be slightly
A recent study by Malmstrem and co-workers made a&Yeaterfor panels A through C. Conversélgine B,C, the

attempt to combine chemical shift and intensity informatiol e separation appears visually reduced, and the overlap of

for each peak by dividing each peak parameter by Re SSS 45 and 5C clusters suggests that the data input

corresponding variariceThe following equation computes using Malmstrgm distance may be suboptimal for chemometric
the overall distandg,,,,, of a given spectrum from a reference 9 y P

dataset assessment. In practice for biologics applications, a metric is
needed to evaluate cluster compactness. A few representative
o f(( Wi S hre) . (¢S c) . (lo; S 103 examples of commonly used metrics include the Euclidean
Bm = oV varth) varf3C) var() distance from a given point in a cluster to its centroid, Davies
@ Bouldin indeX; silhouette valué§,the Dunn indeX’*®
where ;, c;, andl,; are, respectively, thel and 1%C Whllg it is beyo.nd the scope of t_hls study to evaluate all such
chemical shifts and the intensity value of a subject cross peaR¥&{rics, the varied data inputs ffégures &nd4 represent a
the ith spectrum;y s cres @andle are, respectively, the challenge because each input represermerdi distance

and’®C reference chemical shifts for the same cross peaks attits, whether it be chemical shifts alone, weighted chemical

the intensity value for the reference cross peak. Thghifts, or intensity; thus, a metric needs to be chosen that

denominator of each term, v var(3C), and var, addresses and mitigates the problem of treedt data

corresponds to the respective variance. The resultingputs.

Malmstrgm distance can then be used for pairwise analysi®espite the challenges in using some distance-based metrics,

of a few spectra against a reference. the Dunn index provides a reliable means of cluster
A simple reformulation of the Malmstrgm equation removegssessmefit’® The metric was motivated, in large part, to

the sum from the equation,oeding a resonance distance, the ambiguity in deing the size of a cluster. The size could

Dres for each peak within a spectrum from its correspondinge gened as a radius or the length of a perimeter; it could be
average reference peak from the D2A/D2C datasets. the distance between two points inside the cluster or some

(08 ) (S cdd (155193 average distance. The Dunn index seeks to eliminate this
= var H) + Var(ls'c) + Vamri ®) ambiguity and gives large values to those clusters with small
variance within a cluster while being well separated from other

All variables are deed as ireq 7 For the analyses herein, clusters. The metric rewards a clustering wheeeermti
the variance was daed from the reference D2A/D2C  (jysters have dirent statistics. One way to think of this

datasets. The distandB,, is then computed for all (ithout dening it precisely) is the higher the Dunn index the
resonances within a peak list, and a matrix can then

: L . . ore “compact the clusters are. The compactnegsef a
formulated in a manner similar to the matrix for We'ghte%luste

Dres

chemical shifts~(gure )L r¢is given by
After performing PCA, most of the expected clusters were
observedRigure B8,C). The exception is the spectra collected i = d(x g)

at 25°C. Because of the referencing of the peak position to Gl S 1, G 9)
spectra collected to 3T, the squaring of the spectral values ] ]
for the 25°C spectra had the ect of shifting these points by Wherex represents any point agdepresents the centroid of

the 50°C cluster, such that neither cluster can beedewell.  clusterG. Let (G,G) be the intercluster distance wied as
Further, removing spectra that have intrinsicalgredi
intensity values due to nonstandard acquisition stragegies ( (G G) = da 2 (10)

E1A spectra with custom NUS schedules and E1C spectra) did
not improve the separation of these two clusters. Overall, thigereg is the centroid for clust&). The Dunn index DI is
treatment of the data provided the best result to date but stithen given by
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The Dunn index ards a clear distinction between the data
inputs with and without peak intenskig(re . As expected,
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Figure 5.Dunn index of data inputs fréfigures &nd4. Thex-axis ggg gg :8
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inclusion of peak intensity information is far inferior to NIST-Fab 45 °:C

chemical shift alone, for which all bars are of the same e s 5 04 02 00 o2 o4 06 08 10
magnitude. The Dunn index therefore provides a quick Siihouette Values
gualitative metric on the clustering assessment. However, it Cior . - - - " ¥
is imperfect, as data input 3A appears to be slightly better than 08
data input 3E, when visually 3E looks better thaRigaré¢ 20_6
5). Furthermore, the Malmstrgm distanE@ure 5 bars S
4B,C) is superior to intensity information alone. g 04
Another metric used to validate clusters is known as the S 02
silhouette value, which is the measure of the cohesion of a £ 00
given data point to its own cluster relative to a neighboring £ .04 ,
clustef’® For a given data poirti) in clusterC %04 . S
204 e
0= g A og | | s
Gl Slj Gii | (12) 08l o
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The smaller that the valuex¢i) determines how well the Data Input from Figures 3 & 4

assignment is to a given cluster. Next, the dissimilarity of poiiure 6. Assessment of clusters using silhouette values. Two

i to another cluster is deed as representative examples of silhouette plots are provided in (A)
1 weighted normalized peaks frbigure E; and (B) Malmstrgm
y(i) =min —  d(i, J) distance fronfrigure €. For both of these plots, each spectrum is
i |j Ce (13) represented as an individual bar. In panel A, the sole outlier was

o ) B ) discussed in detail in 8. (C) Mean silhouette values per cluster
The termy(i) is the distance of pointo all other points not  per data input frorffigures Znd4.

in G. The neighboring cluster has the smallest mean
dissimilarity. Each data point is given a silhouettedinlue
which is dened as

(Figure &,B). For panel A, only 1 clear spectral outlier is

. () S X) , identi ed, which was due to a temperature mis-setiagel
i) = W ifIGl > 1 14 B shows are greater number of spectra with negfgtive
' (14 values, comming the visual inspection that some of the
This has the ect of normalizing tteéi), such that clusters are not that well ded when the Malmstram
31 ) 1 (15) distance is applied before PE#ure € gives the mean

silhouette value for each manual cluster, allowing a quick
Values of(i) that approach 1 suggest that it has likely beerassessment of cluster consistency from all data inputs. While

given the correct cluster assignment. Values below O indic#tes once again cams that all 5 data inputs with only

an incorrect assignment, whereas values near O representla@mical shift data@d good cluster consistency, it is noted

ambiguous assignment. that the silhouette value for the SSQ=3luster for théH
Representative silhouette plots from selected data inputkemical shifts is slightly reduced (entry 3A),recong the

(from Figures B and4C) show that most of the spectra are visual observation of the slightly greater point spread. For the

correctly class®d because thfi) values are greater than 0.6 data inputs with both chemical shifts and peak intensity values,
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Figure 7.Spectral analysis scheme using total point-by-point matrix as input into chemometric algorithm$HFCEH&QC spectrum

optimized for the methyl group. The boxed area wasdgkeprint region extracted. (B) Spectrum is then binned, typically to the digital
resolution, aording hundreds of thousands of pounds, depending on original processing of the time domain. Using the default processing of th
interlaboratory data package, greater than 500,000 points comprise the spectral region. (C) Rows are themuhéoldeinteasity vector.

(D) Data matrixP is formed witn spectra byn intensity vectors.

the negative mean silhouette values for the SES:Sters  comparison between all spectra, assuming that the same
veri es the lack of cluster consistency. acquisition strategy and magnetidd are used. Such
In general, both the Dunn index and silhouette valueseatment will retain all spectral information, including not
provide a means to validate which data inputsisathe only peak position but also linewidth and peak intensity.
greatest cluster consistency in the PCA score plots. In the cadsmlying this approach to theé,*3C spectral maps from the
of the interlaboratory study data, chemical shifts alone providdeerlaboratory NMR study using the default spectral
the best clustering in the analysis of the data. processing scripts, each spectrum was normalized so that its
3.1.6. Alternative Data Input: Analysis of Total Spectral maximum intensity was set to the arbitrary value of 100. In
Region.While the development of peak tables can be labasrder to apply PCA directly to the matrix of intensities, data
intensive, a spectrum in the frequency domain can be treatedm each spectrum must correspond on a point by point basis.
as a matrix of frequency-referenced points with intensity valuesachieve this for a collection of spectra measuredrantli
binned to the digital resolution of the spectriaigue J. A eld strengths and a variety of acquisition methods, all spectra
desired ngerprint region is often extracted, although the exagtere interpolated relative to spectrum D2C-8822-010 using bi-
chemical shift ranges need to be tailored to the actual spectiakar interpolation, arding the exact same size and chemical
ngerprint of a speci biologic. The‘gold standardfor shift range as D2C-8822-010. The methgérprint region
assessment of proper protein folding is'thEN amide  was dened as 0.7 to 2.20 ppm itH and 8.0 28.0 ppm in
region, which provides a read-out of &N amide 13C. Extraction of this regionoaded 1D intensity vectors
correlation for every nonproline amino acid fromHieN with over 500,000 points eaéhg(re T).
spectral maps. However, spectigerprinting usingH,*C Another consideration in data preparation when using the
methyl spectral has become increasing utilized due to not omdytal spectral region is noise treatment. Often, especially for
the intrinsic higher sensitivity of #3€ nucleus but also the spectra with low amplitude random noise, the noise may be left
favorable NMR parameters of the methyl moieties from its fremtouched. Another method involves computing the root
rotation around the $pond® and its relative insensitivity to mean square noise and setting all intensity values times a
pH and ionic strength. predetermined factor below this threshold equal t6°zéro.
Whether a spectrahgerprint is dened from the amide, While several dérent factors have been used, a good rule of
methyl region, or some other region, the subsequent datteumb is a factor of less than three because the LOD for NMR
handling is the same and is illustrated with spectra from tlig considered to be 3-t6“IFor situations of spectra with high
multinational interlaboratory studiigure J. After selection  amplitude noise or deterministic noise from NU®yedit
of the desired region, each row or column is extracted ammise thresholding may be used, although best practices are not
concatenated to form a 1D intensity vectdgufe A,B). yet established for these situations. For all analyses of the
These vectors will be on the order of several hundred thousaimtierlaboratory study data, it was determined empirically that
points, depending on the original spectral processing, and eadlise pretreatment of the data had only a negligiulie @nd
pixel is frequency-encoded with intensity information. Faherefore the noise was left untouched in the following analyses
direct comparison, each 1D intensity vector needs to be tlidata not shown).
same size; interpolation may be needed for vectorerehtli In general, analyses of spectra as 1D intensity veetsis o
sizes. The intensities of each spectrum are most commoiryly unbiased approach with minimal data manipulation prior
normalized to a predetermined value for the most intense pixelchemometric analysis. For the comparison of a few spectra,
in the spectrum. This normalization gives a qualitativpairwise analysis can be performed on 1D intensity vectors. For
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Figure 8.Correlation and intensity @rence plots referenced against D2C-8822-010 of the SSS collected at 900 MHz. (A,B) D2C-7425-012 of
the SSS collected at 900 MHz; (C,D) D2C-3897-015 of the SSS collected at 500 MHz; (E,F) D3A-8822-028 of the unlabeled NIST-Fab at
collected 900 MHz. In panels (A,C,E), the reference line indicates the demarcation of perfect correlation between corresponding points in the tv
spectra. The Pearson coent R) is listed about each plot.

analysis of a greater number of spectra, the 1D intensity vectdigtinguish the SSS spectra from NIST-Fab spectra, even
can be organized in arx m matrix before applying further though the primary sequence of the SSS has four extra alanines
chemometricsH{gure D). (Figure 9. At 900 MHz, there is some dientiation between
3.1.7. Analysis of the Total Spectral Region by Pairwisethe two samples, but there is none at 500 MHz. €his
AnalysisFor the comparison of two 1D intensity vectors, thedependence suggests that the pairwise analyses using the
Pearson correlation cagent,R, can be determineiSuch a  Pearson correlation can only be reliably used for the same
metric can provide a quick qualitative assessment of thequisition strategy aneld strength, and that this approach is
similarity of two 2D-NMR ngerprints Figure § The not ideal for lowereld datasets that may be limited by S/N
di erence in correlation between the two 1D intensity vectorsnd/or resolution. In addition, while the determination of
can be computed to more easily evaluate apparent specfPelrson coecient may have limited applicability for a few
regions that appear to be deviate from the reference (panelssBectra, other chemometric approaches are more robust for
D, F). A comparison of two spectra collected at 900 MHz ofarge numbers of spectra.
the SSS ards a very higR of 0.991. However, this value  3.1.8. Analysis of the Total Spectral Region by FGA.
drops to 0.918 when comparing spectra collected at 500 alage datasets with many spectra, PG&soa powerful
900 MHz, showing &ld e ect for spectra otherwise acquired unsupervised means to reveal similarities aederdies
with the same experimental parameters. For the SSS aetween spectra and relate these to similarities arehdes
NIST-Fab spectra at 900 MHz, Revalue drops to 0.886, inthe samples. As described above, the Rigtidonstructed
which is only slightly lower than the SSS at tveoetiit elds. to given spectra byn number of points per spectra vectors
This apparent trend can be coned by plotting thR values (Figure D). PCA oers the advantage of simultaneously
for all D-type experiments from the interlaboratory study datnalyzing 500,000th dimensional space (the number of points
package, showing the relative insensitivity of the method tor the methyl region from the interlaboratory NMR study
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The 3D PCA plot of the interlaboratory NMR datards
“fuzziet clustering than the PCA plots based on peak tables
(Figure 1D If the complete data package is used, proper
di erentiation of the known groupings is obscured, due to the
spectral variations associated with the plethora of acquisition
methods employed by each group in the stidyrgé 18.).
Because these experimental variations impact the intensity of
each peak, PCA was performed on only the D-type and E1B
experiments, for which the acquisition methods were required
to be more similarF{gure 1B). In addition, the 15C
LA datasets were removed in panel B due to the fewer number of
Experimental Code spectral maps recorded at this temperature. By taking these

" D2A =D2C "D2B ~ D2D = D2E =D3A =D3B steps, clear separation can be observed between the SSS and
Figure 9.Pairwise analysis using the Pearson correlatiaieraef ~ the NIST-Fab, and separate clusters based on temperature can
all required D-type experiments from the international interlaborato€ Visually discerned, although these are lessddehen
NMR study. All spectra are referenced to spectrum D2C-8822-0t@mpared to the analyses using the chemical shifts from the
collected at 900 MHz. For each experimental code, the leR mostpeak tables. Upon closer inspection, the points appear to
values were of spectra recorded at 900 MHz. dldestrength  spread according to spectral resolution, from 500 to 900 MHz
gradually decreases to the right, as labeled for D2A-type spectra.5t g|| temperature§igure 1B, see label).
One substantial advantage of direct matrix PCA is the ability
visualize PCA eigenvectors (loadings) as speiciuae(
). This will highlight which peaks are changing and also
show whether the observed variation is due to change in peak
sition or other peak parameters such as line widths. As

spectra) and thereby reducing the dimensionality of the dag
down to a few important independent variables, typicélly 2
PCs figure 10 Beyond a critical number of PCs, mostly
noise is found. In practice, the number of components requir@ L . )
depends on the diversity of sample content. This is due to grgown InFigure 11 many of t_h_e signals in _the second_
fact that each PC is a linear combination of all of the spectraffMPONeNt consist of a positive center with symmetric
the series, sorted in order of how much of the data i§€9ative lobes on either side of iz dimension. This is
approximated by a given component. For example, if thegj,gara_lcterlstlc of stationarpemical shifts and varying
were a series of ideal, noise-free spectra of samples contaifijtfy/idths, as expected for measurements of the same sample
mixtures of three noninteracting compounds énadit ratios, &t di erent eld strengths. , ,

only three components would be needed to describe the serie§ CA of the total spectral region of the interlaboratory NMR
exactly, no matter how many spectra the series contained. If3{@ Package underscores the lack of robustness of this
more realistic version of this example with actual spectral dsRProach for data analysis when spectral intensity matrices are
components must encode both the variation due to sample afirived from multipleelds and acquisition methods. While all

the variation due to measurement. In the example of the stugjectra were normalized to the most intense peak in the
data, there are only two samples, but substantial variationSRectrum, this peak may beedent in each spectrum

measurement, including efient temperatures anctld ~ depending on the pulse sequence used (ghSEIEMQC)
strengths, so more than two components are needed & Sampling method employed @8IUS). Furthermore, the
describe the data series to within the noise. intrinsic dierence in resolution and relaxatioacts that

The direct matrix PCA examples here calculate componertepend on the magnetield strength used additionally

by SVD, which always computes all components, or b;pmpromises the application of PCA in this context. Attempts
NIPALS>? NIPALS has the advantage of being able to selet® mitigate these ects by applying line-broadening factors
the number of components to calculate, without the need tduring processing ered only minimal improvement (data not
determine them all, even though most components migishown). While not interpretable in the context of the
consist only of noise. Components are calculated withoutterlaboratory study design, it is well known that the peak
applying centering (subtraction of the average spectrum). ffnape and intensity contains a wealth of information regarding
these cases, thest component approximates the averageconformational dynamics and quaternary interactions. In the
spectrum? next section, a case study was designed to show the power of
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Figure 10.PCA plots of the total point-by-poimtgerprint region. (A) All spectra from the interlaboratory study; (B) all D-type and E1B-type
experiments. In panel (B), theld dependence in PCA space from 500 to 900 MHz is labeled.
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Figure 11.Spectral loading plots from PCA of D-type and E1B experiments. (A) PC1; (B) PC2 on PCL1. Positive contours are in green and

negative contours are in red.
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Figure 12Visual comparison of spectral overlay of NISTmAb in blue and B¥SFalAb in red. (A) NISTmAb on ExoGal; (B) ExoGal on
NISTmADb.

applying PCA analysis to the total spectral matrix for HOSesolution still hindered peak-picking int-iBedimension. In
assessment and cdent identication of HOS variation as total, 131 total peaks were successfully peak-picked in
revealed through dirences in peak shape and intensity. NMRFAM-Sparky across all 35 spectra.
3.2. Case Study#2: Chemometric Analyses of 2D- Prior to chemometric analyses, the peak tables, arranged in a
NMR Spectra of NISTmADb Glycan-Remodeled Isoforms.  manner similar to that describedrigure Ifrom Section 3,1
A second spectral data series was prepared to illustrate virere prepared in three forts°C weighted peaks, intensity
strengths and weaknesses of peak table araygise total values only, and Malmstrgm distareze §. PCA on the
spectral matrix in the use of 2D-NMR data for HOS!H,*C weighted peaks @ded a plot that had very little
assessment. The previous report by ArteigaStillustrated discrimination between sample typgure 13). Only the
the great sensitivity of analyzing the total spectral matrix f000% ExoGaNISTmAb was visually separated from all other
di erentiating glycan remodeled isoforms of NISTmAbspectra. Because the maodiions to the NISTmAb molecule
However, it was reported that visual inspelttidiC spectra  was only to the glycan residues as opposed to the amino acids,
of the NISTmAbversug&xoGal NISTmAD isoform showed such a result was expected, as the previous report suggested
high spectral identity, raising the question if a rigorous pea#kat the spectral dirences were from changes to protein
table analysis would similarlyedéntiate between the two dynamics, which would be read out in peak shape and
types of samples. To test this possibility, the sample series wasnsity:® If PCA is applied to the intensity alone at each
recreated. The ExoGAlISTmAb was blended in various peak position, a linear progression is observed in the plot from
percentages (0, 5, 10, 17.5, 25, 50, 100%) of the nati@eto 100% ExoGaNISTmAb Figure 1B). If the Malmstram
NISTmAb, and ve 2DH,*C spectral maps of each sample distance is applied to the peak tables (panel C), the resulting
blend were collected. PCA plot shows a less clear visual progression from 0 to 100%
3.2.1. Analysis of Peak Positions of Case S$tadyisual ExoGal NISTmAb compared with panel B, consistent with
inspection of théH,*3C spectral maps of the NISTmAb and the observation that the chemical shift value gave negligible
ExoGal NISTmAb aorded the expected highly similar discrimination to the sample type. Because of the poor
overlay, with only slight drences apparent after close performance of the PCA on peak tables, no cluster analyses
inspection figure 1. Development of a peak list for an were performed on tliégure 1Jlots.
intact mAb is a greater challenge than for the Fab domain 3.2.2. Analysis of the Total Spectral Matrix of Case Study
alone because the linewidth is inherently broader due to tH2.The total spectral matrix of the methyl region was extracted
greater molecular weight and slower rotation correlation timgom each'H,™*C spectrum in a manner similarFigure 7
This problem is slightly ameliorated by raising the temperatufieom Section 3.1PCA was then performed with and without
to 50 °C. Further, to minimize the amount of overall the 5% ExoGal sample and both with and without column
experimental time and minimize degradation from the higbentering fcigure 1A C). In panel A, the 5% ExoGal cluster
temperature, only 9.4 ms was acquired ilf@hdimension.  clearly has a great degree of overlap with 0 and 10% ExoGal
Although this was NUS-extrapolated to 18.8 ms, limitedlusters. However, if 5% ExoGal data are removed, the
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0.025 < worsening cluster separation. One representative plot is shown
0020 A ° in Figure 1B with the 0.05 ppnH binning.
<0015 To assess the clusters-igure 14a cluster evaluation was
50?0_010 c ve s . performed. However, many of the metrics test&edtion
20005 . o, . 3.1.5were found to ard unsatisfactory results. In particular,
%OOOO ’o. o 0"‘ ° the Dunn index €q 1) can give uncharacteristically low
g_o 005 A 00 values if one or more cIuspers e)flléllblt wide dlsper5|on_ due to
8 o Joe o > 0% ExoCal the“max term in the denominatdf Further, other metrics
0010 . o 10% ExoGal fail if the magnitude of the PCs areediént primarily due to
-0.015 o ° 25% Exodal the raw summation of distances. This in particutstsa
-0.020 S0 ExaGal silhouette values. The PC with the greatest magnitude will
0,028 13 514 4515 4546 4517 dpminqte t.he silhouette value, even if there is clear cluster
‘ ' PC1 Score (100%) ' ' dlscr_lmlnathn from subsequent PCs. However, when the mean
) Euclidian distance from the centroid of each cluster is
B computed, cluster performance can be clearly evaluated
5 & 3 (Figure 1h Predata treatments of normalization, centering,
N o0 o or direct PCA on the data ards comparable clusters.
® 0 !‘,\@o However, the degradation of cluster performance is clearly
s °e seen from 0.01 to 0.1 pplH binning. While these data
§ 5 pretreatments were not exhaustive, it appears that direct PCA
& on the matrix of intensity vectors may be preferred.
g-10 e, As mentioned isection 3,1an additional benta orded
s @ from direct PCA is that spectral loading plots can be computed
o so that the spectral changes can be visudligace(1h The
20 rst PC aords the average spectrum from the entire data
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N
°
‘jo.
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package. The second PC oeles the majority of the

signi cant spectral changes. In this case study, intensity

changes with only negligible chemical shift perturbations are

observed across the majority of the spectral loading plot. This

observation is consistent the lack of cluster separation observed
from peak tables.

4. CONCLUSIONS

Although the NMR chemical shift is an intrinsic and truly
robust parameter fongerprinting the HOS of biologics, the
guestion has remained about best practices for inputting NMR

4 o spectral data into chemometric algorithms. Chemical shift
P . information alone does indee@wosome distinct advantages.
10 15 20 25 30 35 40 45 50 55 The frequency position of each resonance is invariant to

PC1 Score (92.9%)

Figure 13.PCA plots from 13%H,°C methyl cross peaks from the
blended ExoGal/native NISTmAD collected at 900 MHz af@.50

experimental setup, pulse sequence, or mageleticas
demonstrated by the multinational interlaboratory tudy.
Structural and chemical perturbations to the molecule typically

(A) H,°C weighted peaks; (B) intensity values only from each crod§l uence the chemical environment around a group of

peak position; (C) Malmstrgm distance.

resonances and thereby cause changes in chemical shift
position. A shifting of a group of resonances therefore
indicates an alteration in the HOS of the molétufe.

remaining sample types form distinct minimally overlappddowever, other peak parameters such as peak intensity and
clusters (panel B). For clarity, further analyses of the totéhe shape can report on quaternary interactions and possible
spectral matrix of the blended samples will not include the 58hanges in molecular dynamics where the chemical shifts are
ExoGal spectra. otherwise unchanged. Controlling these other spectral
Several data pretreatment routines were applied to the Jdarameters is dcult, as these peak parameters are correlated
intensity vectors in order to evaluate the@cteon the to the system hardware.q. ampliers, gain settings),
resulting PCA results. As st attempt, subtraction of the magnetic eld, and sample concentration. Because of these
column-centered means did not improve the cluster separatidn culties, the initial analyses of the multinational interlabor-
(panel C), consistent with the observation that traditional datatory data package focused on chemical shifts (i.e., peak
centering is sub-optimal for NMR data. Second, if each pixgbsitions), for which pretreatment of the peak talbedea
intensity is normalized to the average intensity of each pixabhly similar score plots that would allow facile analyses
from all ve spectra of the NISTmAb sample type, a(Figure 3. Incorporation of additional intensity information in
suboptimal plot similar to panel C is observed (not shownthe peak tables only showed a degradation of cluster
Last, literature reports Su% est that binning the data prior fmerformance Higures 4and 5), as might be anticipated
PCA may enhance clusterin@o test this, all spectra were based on the study design. Similarly, when interlaboratory
binned in théH dimension separately to 0.01, 0.05, and 0.18tudy data were inputted as total spectral matrix into PCA
ppm. PCA on each of these data treatmemtded plots with  analysis worlws, the resulting score plot showed a

M https://dx.doi.org/10.1021/acs.jcim.0c00081
J. Chem. Inf. ModeXXXX, XXX, XX¥XXX


https://pubs.acs.org/doi/10.1021/acs.jcim.0c00081?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00081?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00081?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00081?fig=fig13&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://dx.doi.org/10.1021/acs.jcim.0c00081?ref=pdf

Journal of Chemical Information and Modeling pubs.acs.org/jcim

PC3 Score (0.1%)
y (=}

PC3 Score (0.1%)

700 720 50

640 000 o8
620"

5 0 680
-150 600 I -100 620 040
PC1 Score (98.5%) PC2 Score (0.3%) -150 600 PCI Score (98.4%)

PC2 Score (0.3%)

) PC3 Score (6.3%)
bk
(=}

PC3 Score (0.09%)

150

0 50
PC2 Score (7.6%) ~ 100>, O PCI Score (19.3%)

155 0
PC1 Score (99.2%) 160 -10 PC2 Score (0.2%)

Figure 14 PCA plots from the total matrix of the methyl region of blended ExoGal/native NISTmAb collected at 900 MEzAlhsiEttra

were clustered manually according to sample blend. The error ellipsoids corresponded to then@&%ntamal based drprobabilities. (A)

All spectra, not centered; (B) all spectra except 5% Eke@g) (1ot centered; (G = 6, centered; (D) all 1D intensity vectors were binned to

0.05 ppm in théH dimension, not centered. The PCA plots of the 0.01 or 0.10 ppm bins are not shown due to the visual similarity to panel (D).
For best visualization, the points in panels (B,D) were pulled to the front of plot rather than leaving them embedded in the 3D ellipsoid. For panel
(A,C), the error ellipsoids were removed due to the high degree of overlap.

0.50—— i , , , — dependence on experimental setup and the maggldtic
045} strength.

A limitation of using peak tables alone was highlighted by
the second case study, which was designed to illustrate a
situation in which HOS perturbatioasg(glycan remodeling)
only aorded changes in peak intensity rather than peak
positions. Indeed, very little cluster discrimination was
observed according to sample type from chemical shift
information aloneHigure 1R Rather, distinct clusters were
observed in the score plots from PCA of the total spectral
matrix, with an LOD of approximately 10%, which is consistent
k=6 centered  norm  0.01ppm 0.05ppm 0.10ppm with the previous report on a highly similar samplEigetd¢

'Hbin 'Hbin 'Hbin 14)_19

Figure 15.Mean Euclidean distance from the centroid of manual !N @ biopharmaceutical laboratory in which highly stand-

clustersk = 6 without the 5% ExoGal spectra. The centering wa@rdized methods are used, application of the 2D-NMR method

performed by subtracting the column-centered means. Normalizatiedll the entail use of one single qealiNMR system with

was implemented by subtracting the average intensity of each pigictly dened experimental parameters and protocols. Such

from the 100% NISTmAD spectra. For thal 3 bars, binning was  yse of a single, well-ded instrument setup and method can

performed in théH dimension according to the label. overcome the limitations of utilizing the total spectral matrix as
input for chemometrics. Furthermore, analyses of the total
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Figure 16.Spectral loading plot from all blended data with the 5% ExoGal removed. (A) PC2 on PC1; (B) PC3 on PC1. PCl is in gray; positive
contours are in blue and negative contours in red. The corresponding PCA score plot iSdotndBn
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spectral matrix using a consistent, wellededata acquisition Notes

and processing methods could be automated for the nonexp@he authors declare no competingncial interest.

user and does not involve the potentially cumbersome am@krtain commercial equipment, instruments, and materials are

subjective task of peak-picking. While the multinationadlenti ed in this paper in order to specify the experimental

interlaboratory study established the repeatability angrocedure. Such idemtation does not imply recommenda-

reproducibility of the 2D-NMR technique and suggested tion or endorsement by the National Institute of Standards and

method for data collection and analysis, the limitations in usiffi@chnology, nor does it imply that the material or equipment

the full matrix as data input did not represénea world identi ed is necessarily the best available for the purpose.

situation for characterization and supervision of a drug

product. Application of the 2D NMR method across ACKNOWLEDGMENTS

laboratories and magnetigld strengths might be required

(e.g. transferring a quadid NMR method to another
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