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Abstract

This dissertation presents two developed algorithms for solving computational
problems of detecting small molecules in the field of metabolomics analysis.

In the first part of this dissertation, we present the tool — LAKE, which is a tool for
detected peak alignment to align retention time for chromatographic methods coupled to
spectrophotometers such as high performance liquid chromatography for metabolomics
works. The existed tools for retention time correction still can’t properly aligning
retention times of detected peaks from multiple batches and some detected peaks are left
misalignment. LAKE resolves peak shifts from high data similarity to low data
similarity. In each turn, detected peaks would be clustered in mass-over-charged (m/z)
dimension and then retention time (RT) dimension. For each m/z-RT cluster, bandwidth
used in RT density estimation with kernel density estimation (KDE) is estimated with
bandwidth selector. At the end of each turn of retention time shift resolution, the m/z
and RT of detected peaks would be updated with average m/z and average RT of the
m/z-RT group before next turn of detected peak alignment. LAKE can be applied to
aligning retention time from mixed exogenic compounds samples, multiple exogenic
compounds added in biofluid samples and complicate endogenous compounds
contained metabolomics samples in multiple batches.

In the second part of this dissertation, we present the tool — PHASION, which is a
tool for automatic phase correction on multiple 1D proton nuclear magnetic resonance
("H-NMR) spectra for metabolomics works.

The phase error is an unavoidable error happened when FID signal is recorded,
after Fourier transformed into spectrum mixed with phase error. The phase correction is

to find zeroth-order and first-order phase error to make misphased spectrum into

v



phase-corrected spectrum before any further data processing. Current 1D 'H-NMR
phase correction methods usually require manual parameter and filter tuning by
experienced users to obtain desirable results from complex metabolomics spectra — thus
becoming prone to correction variation and biased quantification. We present a novel
alternative method, PHASION, for automatically estimating the phase angles of 1D
'H-NMR metabolomics data. PHASION finds optimal phase angles by calculating
proposed objective score for relative stable segments of spectrum and calculates the
score for baseline of spectrum phased with phase angles (PHO, PH1) and approach to

the optimal phase angles for the spectrum with Nelder-Mead Simplex Optimizer.

KEYWORDS: liquid chromatography/mass spectrometry, retention time alignment,
kernel density estimation, proton nuclear magnetic resonance spectrum, phase

correction, metabolomics.
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Chapter 1 LAKE: a Peak Alignment Tool for

Nontargeted L C-M S Based M etabolomics

1.1 Introduction

Liquid chromatography-mass spectrometry (LC-MS) has been widely used in
metabolomics studies associated with environmental and stress,l'3 functional
genomics,”® biomarker discovery, '’ and integrative systems biology.""* The
metabolomics studies based on LC-MS can be further divided into targeted or
untargeted analysis. In a targeted analysis, only metabolites of interests (targets) would
be measured.'>"? In an untargeted analysis, the goal is to find any metabolites regardless
known or unknown functions and molecular structures associated with the questions
asked. While known compounds are usually widely studied biochemically, the unknown
metabolites are considered the small molecule can be detect with reproducible result but
the chemistry identify still not elucidated yet.”* The untargeted analysis is a powerful
tool for understanding biochemistry and metabolism in biological systems with the
special ability to identify potential novel biomarkers. For example, untargeted
metabolomics approaches were used to identify novel substrates of different enzymes,
including N-acyl taurines for fatty acid amide hydrolase’' and fatty acids for different
families of human cytochrome P450 enzymes.? In addition, it was applied successfully
to identify both known and novel vitamin E metabolites down-regulated upon activation
of pregnane X receptor, a member of the mammalian nuclear receptor superfamily.” In
bacterial systems, an untargeted metabolomics approach was recently used to compare

hydrophobic metabolite profiles of P. aeruginosa strains lacking a functional pyochelin

gene cluster.”* These experiments revealed that this cluster regulates many metabolites,



in addition to pyochelin, including a family of novel metabolites that were characterized
as 2-alkyl-4,5-dihydrothiazole-4-carboxylates (ATCs). Moreover, it successfully applied
to find out key metabolites for protecting bacteria from the high proton concentration
and metal-rich environment in biofilms growing in pH ~0.9 acid mine drainage.”

The major difference for targeted and untargeted analysis is the number of
metabolites that can be detected in each study. Take the research on the role of sarcosine
played in prostate cancer progression’® as an example, only about 800 metabolites of
interested were measured, which is less than 2000, an average number of metabolites
can be detected in a untargeted analysis. While only focused metabolites of interest can
be reduce the number of metabolites to be detected and save time. It loses the general
view of metabolites associated with the interesting mechanism. In practical clinical
metabolomics studies, comparisons of metabolites between hundreds of LC/MS runs at
a time is often seen. However, the peaks from different samples represent the same
metabolite may be different due to mass-to-charge ratio (m/z) deviation and retention
time (RT) deviation. The reason for m/z deviation is related with mass resolution of
different mass spectrometers and the magnitude of m/z deviation is generally small and
predictable.”” The effect of m/z difference is often considered once using a range of
mass tolerance used when matching compounds in database searching.”® On the other
hand, the common reasons for RT deviation are the competition between sample and
solvent, the instability of condition when generating chromatogram, pressure fluctuation,
column temperature variations, and column aging.””*° To matching peaks representing
the same analyte from different samples. alignment is required.’’

As a result, the alignment step in both targeted analysis and untargeted analysis can
impact subsequent analysis greatly.’” However, the complexity of alignment in targeted

and untargeted analysis is different. The alignment in targeted study can be individually
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processed on the interested compounds with certain tolerance in m/z and RT range
while no targeted compounds can be used in untargeted analysis.

RT deviation is a non-linear shift and tends to have greater magnitude than m/z
deviations.”®> Moreover, the RT deviation of two samples from the same experiment tend
to become larger with increasing periods of time between the experiments and even
larger between measurements obtained from different LC/MS instruments.” As a result,
same compound from different samples would not always have same m/z value and
retention time even in the technical replicate.”* Therefore, solving the different RT in
detected peaks among different samples and aligning detected peaks across different
samples properly becomes important for the further statistical analysis.

Current LC-MS peak alignment methods can be further divided into two categories:

30-33. 36 and (2) aligning peak features.'” % Peak

(1) aligning chromatograms,
alignment using direct chromatogram alignment aligns two chromatograms m/z-RT
without identifying peaks.’” Most common methods are warping or its modified
methods such as correlation optimized warping (COW), > and dynamic time warping
(DTW).**?%3%>% Warping finds the best mapping relation between two time axes with
the minimum distance by stretching or shrinking segments of chromatograms.”

The current mainstream LC-MS RT alignment is curve resolution, or aligning by
peak features (m/z ,RT and intensity)®. It is much faster than warping methods™ °°.
Peaks with the most similar m/z and RT between samples would be considered as the
same peaks.”’ > Algorithms such as XCMS,*! MetaboAnalyst,43 MZmine,*® metalign,48
MZmine RANSAC,* * apLCMS,*® openMS,*’ msInspect,”” SpecArray,” XAlign,”
SuperHirn,”' GPMS®’ and etc. all belongs to this category, so do commercial softwares,

such as MS-resolver’® (Pattern Recognition Software, Bergen, Norway), and

MarkerLynx5 ? (Waters, Massachusetts, USA).
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However, aligning by peak features algorithms do suffer from different types of
limitations. For example, peaks in XCMS might be allocated to neighboring m/z bins,
and cause incorrect statistical results.”> MetaboAnalyst* uses alignment method from
XCMS, so suffer from the same problems that XCMS has. RANSAC can incorrectly
assign matches when high numbers of features are extremely grouped.®® Metalign could
not process with more than 14 samples in its iterative mode and required considerable
computing time in the rough mode.®® MZmine and Xalign require considerable longer
computing time when processing metabolomics data.’’ msInspect and SpecArray were
reported poor performance on aligning metabolomics data when comparing with other
alignment methods.®’ OpenMS were reported with low recall rate if inappropriate
reference were selected.”” SuperHirn requires tandem mass data for alignment.”’ Other
than those mentioned above, all alignments are affected by the parameters used greatly,
which would be different from one experiment to another and usually required manual
selecting parameters such as m/z tolerance, RT tolerance or even penalty values used in
the algorithm. Best results from different alignment algorithms usually would require
experience or exhaustive evaluation of parameters for each sample.”> We summarize the

mentioned peak alignment algorithms in Table 1.1.



Table 1 Algorithm comparisons

# of
Algorithm para Parameter
parameters . Issues
name  mete estimation

T

mz tolerance,weight for
m/z ,
retention time tolerance,
weight for RT
retention time region,
maximal intensity
m/z tolerance, RT
tolerance after correction,
Mzmine 6 RT tolerance, RANSAC No Incorrectly assign matches
RANSAC iterations, when high numbers of features are extremely grouped
minimum number of
points, threshold value

Mzmine 4 No Long computing time

metalign 2 No Can't process more than 14 samples

apLCMS 2 mz.tol, chr.tol Yes RT tolerance overestimated
m/z bucket, precision . . .

openMS 3 m/z, precision RT No Low recall rate due to inappropriate reference selection

mslnspect 2 $asszd0w,scanW1ndo Yes Poor performance on metabolomics data

SpecArray (0 hard-coded No Poor performance on metabolomics data

. m/z variation, retention L

Xalign 2 time variation No Long computing time

SuperHirn 2 mass / cha'rge Wl.ndOW, No Trapped in local maximum rather than global maximum
retention time window

GPMS ) m/z tolerance, RT No The parameter in distance function of nearest peak did not
tolerance consider scale difference between m/z and RT

MSresol 4 NiA N/A  Not free

Markerly A Nia N/A  Not free

XCMS 2 bw,mzwid No grouping with bin approach cause peak misalignment

One way to avoid manual parameter selection is to design methods that can
automatic estimate parameters. The automated estimated parameters are usually
generated by two approaches. One is performed by defining a stopping criteria for
iterative searching optimal parameters.®* The other is searching parameters that can give
a minimum integrated squared error for distribution models of features in a
chromatogram (e.g. m/z and retention time) for grouping similar m/z ions and retention
time together for an alignment. *> ** * Current freely available software such as
MZmine,*® apLCMS' and SuperHirn’' all provide such function. However, methods
like apLCMS suffers from inherited expectation-maximization algorithm (EM) 65

problem that the optimization often are trapped at local optima therefore misalign ion



pairs,”> RANSAC in MZmine would assign matches incorrectly when high numbers of
features are present,’” and Superhirn would require larger sample number for correct
alignments.®

To provide a faster and easy-to-use LC-MS alignment that are not bound to manual
selecting parameters and large sample size, we hereby propose a novel approach using
Layer Alignment with Kernel density Estimation, LAKE. LAKE clusters peaks with
similar m/z and RT values first to build pre-processed m/z-RT groups. LAKE estimates
RT density for each m/z-RT groups using kernel density estimation (KDE) with
unbiased cross-validation bandwidth selector (UCV), a function to estimate the allowed
RT shift. LAKE can also solve multiple compounds with similar m/z and RT values.
Unlike common alignments using KDE that requires a user input bandwidth to grouping
similar RT values in an alignment, LAKE can estimate suitable bandwidth adaptively
for similar RT values from chromatograms and therefore improve the alignment results.
The performance of LAKE was evaluated with two data sets, 12 urine samples spiked
with 50 forensic drugs with two concentrations and 251 plasma samples analyzed in 4

batched with 23 QC samples.

1.2 Materials

1.2.1 Chemicals

For the NTU MetaCore metabolomics chemical standards library, standards were
purchased from Sigma-Aldrich (St. Louis, MO, USA). For the analysis of the NTU
MetaCore metabolomics chemical standards library and the analysis of metabolomics
study, MS-grade water was purchased from Scharlau (Sentmenat, Spain), and MS-grade
acetonitrile was obtained from J.T. Baker (Phillipsburg, NJ). Acetic acid was purchased

from Merck (Darmstadt, Germany). Reagents were analytical grade and they were
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obtained from Sigma-Aldrich (Steinheim, Germany). Methanol (MeOH) were
purchased from Scharlau (Mas d'en Cisa, Barcelona, Spain).

Amphetamine, alprazolam, 7-aminoflunitrazepam, aminorex, bromazepam,
butorphanol, 4-bromo-2,5-dimethoxyphenethylamine (2C-B), clonazepam,
chlordiazepoxide, clobazam, dihydrocodeine, diazepam, estazolam, fentanyl,
flurazepam, flunitrazepam (FM2), heroin, ketamine, lorazepam, lormetazepam, LSD,
methamphetamine, 4-methoxyamphetamine (PMA), 3,4-methylenedioxyamphetamine
(MDA), 3,4-methylenedioxymethamphetamine (MDMA),
3,4-methylenedioxy-N-ethylamphetamine (MDEA), para-methoxymethamphetamine
(PMMA), meperidine, methadone, midazolam, meprobamate, methylephedrine,
methylphenidate, norketamine, norephedrine, nitrazepam, nordiazepam, nalorphine,
oxazepam, pentazocine, phentermine, phencyclidine (PCP), prazepam, pseudoephedrine,
temazepam, tramadol and zolpidem were purchased from Cerilliant (Round Rock, TX,
USA). Cocaine hydrochloride, codeine, morphine were purchased from Sigma-Aldrich

(St. Louis, MO, USA).

1.2.2 Sample Preparation

For the analysis of the NTU MetaCore metabolomics chemical standards library,
standards were prepared in organic solvents at a concentration of 500 — 2000 ng ml™.

A total of 228 plasma samples consisting of three repetitions, each at two time
points, from 38 patients were obtained from the National Taiwan University Hospital.
Additionally, 23 QC samples were obtained by pooling aliquots from each plasma
sample. A volume of 100 puL of human plasma sample was extracted with 400 puL of
methanol containing 250 ng mL ™" of [D8]-phenylalanine (IS1) and [15N2]-theophylline

(IS2) as ISs and the extraction was performed by shaking for 2 min using a
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Geno/Grinder 2010 (OPS Diagnostics, LLC, NJ). The extract was then centrifuged at 15
000g for 5 min at 4 °C (Eppendorf Centrifuge 5415R).

The supernatant (375 pL) was collected in a new Eppendorf tube, and the pellet
was re-extracted using the same protocol. The plasma extracts were pooled and dried
using a centrifugal vaporizer for 4 h (Thermo SpeedVacSPD111 V, Waltham, MA). The
residue was reconstituted with 200 pL of 50% methanol and centrifuged at 15 000g for
5 min. The supernatant was filtered with a 0.2-um filter (Minisart RC 4, Sartorius,
Goettingen, Germany) and subjected to LC/TOFMS analysis.

For forensic drug analysis, a sufficient amount of the standard solutions was added
to drug-free urine to give spiked urine samples. The drug-free urine samples were
donated by healthy volunteers and were verified to not contain drugs before use. Spiked
urine samples (100 uL) were diluted with 400 pL of deionized water and centrifuged at
15,000 g for 5 min. The supernatant (200 puL) was then subjected 4 to LC/TOF-MS

analysis.

1.2.3 Chromatographic and Mass Spectrometric Analysis

All standard mixtures, plasma samples, and forensic drugs were analyzed with an
Agilent 1290 U-HPLC system with a 6540-QTOF (Agilent Technologies, Santa Clara,
CA, USA) equipped with an electrospray ion source. Mass spectrometry calibration was
performed daily before analysis by the infusion of a low concentration of a tuning mix
(Agilent Technologies, USA). The mass resolution and the mass accuracies used in this
study was 20 000 and 10 ppm, respectively.

For the NTU MetaCore metabolomics human metabolite standard library analysis,
two microliters of the standard mixture was injected into an ACQUITY UPLC HSS T3

column (2.1 mm x 100 mm, 1.8 pm) (Waters, Milford, MA, USA). The mobile phase
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was composed of 0.1% formic acid in water (solvent A) and ACN (solvent B). The
gradient profile was as follows: 0—1.5 min: 2% B; 1.5-9 min: linear gradient from 2 to
50% B; 9—14 min: linear gradient from 50 to 95% B; 14—15 min: 95% B. The flow rate
was maintained at 0.3 mL/min. For sample ionization, a Jet Stream electrospray
ionization source operated with a capillary voltage of 4,000 V in positive mode and
3,500 V in negative mode. The mass scan range was m/z = 50-1700 m/z. The
micro-channel plate detector voltage was set at 720 V. During the analysis, reference
masses of 121.0509 and 922.009798 as well as 112.9856 and 966.0007 m/z were used
for positive and negative mode mass accuracy correction, respectively.

For plasma analysis, sample was injected into an Acquity HSS T3 column (2.1 mm
x 100 mm, 1.8 um; Waters, Milford, MA) and the column was maintained at 40 °C. The
mobile phase was composed of solvent A, water/0.1% formic acid and solvent B,
acetonitrile/ 0.1% formic acid. The gradient elution program was as the following:
0—1.5 min, 2% B; 1.5-9 min, linear gradient from 2 to 50% B; 9—14 min, linear
gradient from 50 to 95% B; and hold at 95% B for 3 min. The flow rate was 300 pL
min . For sample ionization, a Jet Stream electrospray ionization source was used with
a capillary voltage of 4.0 kV in positive mode. The MS parameters were set as follows:

gas temperature, 325 °“C; gas flow, 5 L/min; nebulizer, 40 psi; sheath gas temperature,

325 °C; sheath gas flow, 10 L/min. A scan range of 50—1700 m/z was set.

For forensic drug analysis, five microliters of sample was injected into an Agilent
Poroshell ECCI18 column (2.1 mm x 100 mm, 2.7 pm). The mobile phase was
composed of 0.1% acetic acid in water (solvent A) and MeOH (solvent B). The gradient
profile used for positive ionization detection was as follows: 0—1 min: 2% B; 1-10 min:
linear gradient from 2 to 50% B; 10-15 min: linear gradient from 50 to 90% B; 15-17

min: 90% B and then re-equilibration of the column for 3 min. The flow rate was
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maintained at 0.4 mL/min, and the injection volume was 5 pL. The parameters of the
mass spectrometer for positive and negative ionization mode detection were as follows:

sheath gas temperature, 325°C; 5 sheath gas flow, 11 L/min; nebulizer, 45 psi; capillary
voltage, 3,000 V; gas temperature, 325°C; drying gas flow, 6 L/min; nozzle voltage,

1,000 V and TOF-MS scan range, 50-1000 m/z. The micro-channel plate detector
voltage was set at 720 V. For sample ionization, a Jet Stream electrospray ionization
source was operated with a capillary voltage of 3,000 V in positive mode. The flow rate

was 0.4 mL/min. The mass scan range was m/z = 50-950.
1.2.4 Data Preparation

MS data were converted to mzXML format in centroid mode using Trapper (ISB)®’
The input peak lists for LAKE are processed by XCMS. The centWave?’ method from
XCMS was used to detect the peaks with the following parameters,
ppm=25,peakwidth=(5,20), and snthresh=5." All further processes and further data

analysis were performed using R statistical environment (version 3.1.2).%

1.3 Theoretical Basis

Overall Procedures in Main Algorithm

Overall, LAKE comprises of three steps to generate aligned peak table for peak
lists includes the following: (a) grouping peaks of technical replicates from the same
sample; (b) grouping peaks of samples from the same batch; (c¢) grouping peaks of
batches from the same experiment. The overall procedure of LAKE is illustrated in
Figure 1.1.

Most alignment treat each sample as equivalent and this is based on the assumption
of there are no global shift exist among different batches (Figure 1.1a). LAKE, on the
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other hand, group sample based on data similarity, from grouping peaks from the same
sample, grouping peaks from the same batch to grouping peaks from the same
experiment (Figure 1.1b). LAKE is designed for better processing when data with batch

difference or shift in either m/z or RT among batches.

Dlrect alignment LAKE alignment
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Figure 1.1: Tllustration of direct and Lake alignment workflows. (a) The direct alignment, a commonly seen

alignment workflow. First, align all technical repeats. Then, generate a peak table. (b) The LAKE alignment. First,
align technical repeats from the same sample. Next, align the samples from the same batch. Finally, align all batches

and generate a peak table.

1.3.1 Grouping Peaks of Technical Replicates from the Same Sample

The first step in LAKE is to group peaks from the same sample with similar m/z
and RT values. After the process is done, the m/z value would be updated with average
m/z value of the m/z-RT cluster to reduce data complexity on later processing. The
following processing is to cluster peaks into m/z-RT groups and update m/z value of
peaks with average m/z value of m/z-RT group containing this peak. The process
includes: (a) group of detected peaks with similar m/z values construction with

suggested relative mass difference tolerance and RT tolerance (Figure 1.2a); (b) RT
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regrouping with KDE (Figure 1.2b).

(a) / | \

\ s m/z-RT cluster | - /
(b)/ \

\ o RT regreoup | - /

Figure 1.2: The workflow of grouping peaks of technical replicates from the same sample. (a) The workflow of

grouping of detected peaks of similar m/z values and RT values construction with suggested relative mass
difference tolerance and RT tolerance, respectively. (b) The workflow of RT regrouping with kernel density

estimation.

A. Detected Peaks of Similar m/z Values and RT Values Grouping with Suggested M/Z
Tolerance and RT Tolerance

In this step, we group peaks with similar m/z and RT values from the same sample.
The precise average m/z and RT is an important issue here because the inaccurate
average m/z value of peak group caused by inappropriate peak grouping used in the
following peak clustering would lead to severe peak misalignment. The average m/z of
peak group processed by group.mzclust "’ using error window in parts per million rather
than binning using error window in fixed size. However, group.mzclust is still not
precise enough for containing peaks from other compounds with similar m/z values but
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RT values. So the idea is to apply group.mzclust algorithm on the RT dimension of the
processed m/z group before output from group.mzclust to cluster peaks with different
RT distribution into different m/z-RT groups for precise average m/z of m/z-RT peak
group. The process can be illustrated in upper panel of Figure 1.2. In this step data
complexity is reduced by updating m/z value of detected peak (dots in Figure 1.2a left)
with average m/z and average RT of m/z-RT group containing this peak (red dots in
Figure 1.2a right) after m/z-RT clustering.

The input of the group.mzClust is detected peak list. The detected peak list
generated from any peak detection algorithms need to convert into a matrix with at least
3 columns in comma-separated values (CSV) format. The m/z, the RT and the intensity
should be stored in first, second and third column of the matrix respectively. The CSV
peak list would be imported to R statistical programming language.” The processed m/z
group is the input for algorithm of RTclusteringOnMzclusteredGroup and the outputs
from the algorithm are peak groups with precise average m/z value. The process can be
briefly described as follow: (1) Initialization: read in RT values of the peaks clustered in
m/z clustered bin to be aligned in an array, RA. Then, form initial cluster using RT
peaks from RA using a fixed error window (pseudo code line 2). (2) Form next cluster:
form another cluster RT peak from RA using a fixed error window (pseudo code line 4).
(3) Two clusters processing: two clusters are evaluated to see if any overlapped between
the first cluster and the second cluster, or if any outlier existed in first cluster (pseudo
code line 5 to 15). If these situations existed, these can be done by applying Hierarchical
Clustering on these cluster to solve either overlapped or outlier (pseudo code line 7 and
17). (4) Output the processed m/z-RT clusters and leave last unprocessed group as first
cluster and form second cluster RT peak from RA using a fixed error window (pseudo

code line 14, 24 and 25). (5) Repeat previous step 2-4 until no more data left in the
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samples. The pseudo code is shown in Figure 1.3.

Algorithm RTclusteringOnMzclusteredGroup(R,e)

Input: RT values of the peaks from the same m/z cluster are sorted in ascending
order and stored in array R.
e is the RT tolerance.

Output:  list BR contains m/z-RT groups with proper RT deviation.

1  cur«1;

2 Bra—FormRTBin(R, e cur)

3 whilecur <|R|

4 Brg—FormRTBin(R e,cur);

5 if CheckBinOverlap(Bra,Brg) =TRUE then
6 Brc—MergeBin(Bra.Brg);

7 Result—HierarchicalClustering(Brc):
8 if |[Result| > 1 then

9 Bra —Result[ Result|];

10 else

11 Bra<— NULL;

12 if |[Result| > 2 then

13 for =1 to |Result| -1 do

14 BR—Add(BR, Result[7] ):

15 else if CheckOutlier(Bgra)=TRUE then
16 Brc—Bra:

17 Result=HierarchicalClustering(Brc);
18 if |[Result| > 1 then

19 Bra —Result[ Result|];

20 else

21 Bra— NULL;

22 if |[Result| > 2 then

23 for =1 to |Result| -1 do

24 BR—Add(BR, Result[7] ):

25 BR—Add(BR,.BR4):

26 Bra —Bgs:

27 Output BR;
Figure 1.3: Pseudo code for algorithm of RTclusteringOnMzclusteredGroup

The original algorithm can be referenced in description in algorithm.”

B. RT regrouping with KDE
After m/z-RT peak groups are generated, the m/z-RT peak groups still need to be
refined to peak group with less m/z deviation for later updating m/z values with average

m/z value of m/z-RT peak group. Because the m/z-RT groups may contain more than
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one m/z-RT distribution for having similar m/z values but RT values from different
distribution which can’t be separated with the RT tolerance used in 1.3.2.a. To make
m/z-RT peak groups with smaller deviation in the m/z domain, we calculate the
multimodality to get proper bandwidth for KDE on the RT distribution for each m/z-RT
peak group to separate one multimodal m/z-RT distribution to multiple m/z-RT
distributions.

KDE is a better density estimation when comparing to histogram because
histogram has two problems which are estimated density is not smooth and estimated
density depends on end points of bin.”' There are two main factors in affecting the
estimated density: kernel type and bandwidth.

In previous studies,”” different types of kernel functions are introduced with
different abilities to describe different data distributions. Figure 1.4 is density
distributions of estimated RT using different kernels when data containing noise.

Figurel.4a is the estimated RT distributions with bandwidth h = 0.3 using the
Epanechnikov, the Gaussian and the triangular kernel. The other two except for
Epanechnikov are both inferred by the noise and the mean of estimated RT distributions
become farther away from the original mean of the RT density. It suggests the boundless
concept of Gaussian kernel and the sharp response of triangular kernel both are not
robust enough. The Epanechnikov kernel is selected for having both features from

smooth shape of Gaussian kernel and triangular kernel with limit.
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Figure 1.4: Density distributions of estimated retention time using different kernels: (a) the estimated density
distribution with bandwidth h=0.3 using Epanechnikov, Gaussian and triangular kernel; (b) the Gaussian kernel; (c)
the triangular kernel; (d) the Epanechnikov kernel. The mean of estimated density distribution using Epanechnikov
(red vertical line) is closest to the mean in the real data (green vertical line is the mean of red data points in the rug

plot). It is more robust even noise (black data points in the rug plot) exists.

The bandwidth selector only works with larger data size, not the case with data size
about the number of technical replicate of a sample has. So we have proposed another
bandwidth selecting algorithm, RTRegroupByCheckingMultimodal, to solve this
problem. The whole process is containing the following process can be described as
follows: (1) Mode number calculation: The mode number of ith m/z-RT group (m) is

calculated with equation 1 to see if this m/z-RT group needs RT regroup,
m= (M

where n; is the peak number in the ith m/z-RT group and r; is the replicate number in
this sample in the ith m/z-RT group. If my is higher than 1.5, further processing is
needed (grey lines in Figure 1.2b). (2) Bandwidth calculation: the new bandwidth for

the RT density of the ith m/z-RT group (h) can be calculated with my with equation 2
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and solve multimodal in RT density of the m/z-RT group by considering distribution
interval can be approximated by about 6 times of standard deviation , or bandwidth in

our case€.

_ (max(RT,) — min(RT,))

h ceilling(m)/2/3

2)

where RT; is the set of RT values of the peaks in ith m/z-RT group (h; : the interval
between two cyan dash lines). (3) Density estimation: RT density is estimated by KDE
with Epanechnikov kernel and bandwidth h;,. The start point and end point of estimated
RT density are extended with 3 times of standard deviation of RT values of the peaks in
the m/z-RT group to avoid RT values fall on boundaries and treated as outliers in later
processing. To avoid overfitting, the estimated density is applied with moving average
with window size (W) on the estimated RT density.
W, = max(round(h, /k;),2) (3)
k = (max(RT,)—min(RT,))/512 4)
where k; is the resolution of estimated RT density. (4) Mode detection: The locations of
multiple modes in estimated RT density are determined by local maximal detection. The
process is iterative and only process the largest mode (mode with highest density) of
current estimated RT density. The stopping criterion of local maximal detection is set as
65% of the original estimated RT density. (5) Peak grouping: The interval is decided by
two points from the highest point of the detected mode slide down from each side until
the density goes up again. The RT values fall within this interval are collected into the
newly created m/z-RT group. The density within the interval is then set to zero.
Assigning peaks into detected mode with highest density of the current estimated RT
density is repeated until the highest density of the current estimated RT density is lower

than the threshold. The new m/z values for peaks in each m/z-RT group are updated
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with average m/z value of the m/z-RT group. The pseudo code is shown in Figure 1.5.

Algorithm RTRegroupByCheckingMultimodal(g.n.r)
Input: RT values of peak from the same m/z-RT group stored in array g.
n is the number of sample with peak in the m/z-RT group g.
r is the number of technical replicate from the same sample.
Output:  Generate processed m/z-RT peak groups stored in list G with smaller
peak group deviation in m/z dimension.
nModes «— n/r;
if nModes >1.5 then
h « (max(g)-min(g))/ceiling(nModes)/2/3;
from«—min(g)-3*sd(g)
to—max(g)+3*sd(g)
K «— KDE(h, g Epanechnikov, from,to):
res < (max(g)-min(g))/512 :

w «— max(h/res, 2) ;

O 00 10 O bhh &= W R =

sK «— MovingAverage(K.w):
G «— PeakDetection(sK) :

11 else

12 G—g:

13 Output G:

L
o

Figure 1.5: Pseudo code for algorithm of RTRegroupByCheckingMultimodal

1.3.2 Grouping Peaks of Sample from the Same Batch

The second step of LAKE is to group peaks from the same batch with similar m/z
and RT values. In this step, we can get possible compound with enough data size to get
m/z and RT distribution of aligned compound and peak table can be generated at this
stage. The process includes: (a) group of detected peaks with similar m/z values
construction with suggested relative mass difference tolerance and RT tolerance (Figure
1.6a); (b) RT distribution estimation on detected peaks with similar m/z values by kernel

density estimation (Figure 1.6b); (c) peak table regroup (Figure 1.6¢).
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Figure 1.6: The workflow of grouping peaks of sample from the same batch. (a) The workflow of grouping detected

peaks with similar m/z values construction with suggested m/z tolerance and RT tolerance. (b) The workflow of RT
distribution estimation on detected peaks with similar m/z values by kernel density estimation. (c) The workflow of

peak table regroup.

A. Detected Peaks of Similar m/z Values and RT Values Grouping with Suggested M/Z
Tolerance and RT Tolerance

We take the result from previous stage, grouping updated m/z and RT values of
peaks from the same batch. The processing is the same as we mentioned in 1.3.1.a. The

m/z-RT groups containing peaks from the same batch are then generated.
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B. RT Distribution Estimation on Clustered Peaks with Similar M/z Values by KDE

To reveal the potential compounds in m/z-RT groups (Figure 1.6b rightmost
subfigure), we apply local maximal detection on the KDE-estimated RT density for each
m/z-RT peak groups (Figure 1.6b second subfigure). The process is similar to 1.3.1.b
except for the bandwidth used in KDE is decided by bandwidth selector, unbiased
cross-validation bandwidth selector.

The bandwidth selection is especially important for selecting smaller or larger
bandwidth would cause estimated density undersmoothed or oversmoothed, respectively.
Both can cause problem when identify the modes in estimated density of the data. The
existed bandwidth selectors are try to find the bandwidth which minimizes the
optimality criterion asymptotic mean integrated squared error (AMISE). Three
categories bandwidth selector are NRD (Silverman's ‘rule of thumb’), cross-validation,
and plug-in method. The NRD and plug-in methods are often oversmooth estimated
density while cross-validation method is tend to undersmooth estimated density.”” The
cross-validation method is used because it’s easier to merge peak groups rather than
divide the group with unknown number of modes existed in the data.

The algorithm, RTRegroupByUCYV, is almost the same as 1.3.1.b but for unbiased
cross-validation (UCV) bandwidth selector is used in this process (pseudo code line 1).
To solve undersmoothed or oversmoothed when inappropriate bandwidth is calculated
by UCV, we set boundaries on UCV calculated bandwidth. The bandwidth (hye) is
generated by using UCV as bandwidth selector with bandwidth boundaries (hyin, hmax),

the acceptable range of bandwidths (pseudo code line 2).

hmin H When hucv < hmin
hucv = hucv H When hmin < hucv < hmax (5)
hmax > When hucv > hmax
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where hpyin=2 , hmax=5 are decided from experience. The pseudo code is shown in Figure

1.7.

Algorithin RTRegroupByUCV(g)

Input: RT values of peak from the same m/z-RT group stored in array g.

Output:  Generate processed m/z-RT peak groups stored in list G with smaller
deviationin RT dimension.

bw «— UCV(g) :

bw «—AcceptableBwCheck(bw) :

from«—min(g)-3*sd(g)

to—max(g)+3*sd(g)

K «— KDE(bw.g.Epanechnikov,from.to) :

Res «— (max(g)-min(g))/512 :

w «— max(bw/Res.2) :

SK < MovingAverage(Kw) :

G« PeakDetection(sK) :

10 Output G :

O 00 1 v Lbh B W=

Figure 1.7: Pseudo code for algorithm of RTRegroupByUCV

C. Peak Table Regroup

The misaligned peak group is a common problem when grouping with error
window in either relative mass difference or in fixed absolute mass difference. The
misaligned peak groups can be found by checking if any peak group with similar
average m/z and average RT in the m/z-RT groups (Figure 1.6¢c left). Therefore, the
misaligned peak groups can be regrouped based on the feature and processed in
following algorithm, MergingMisalignedGroupdinPT : (1) Calculating coverage rate for

each m/z-RT group (CR)) with equation 6.
CR=+" 6)

where n; is the number of sample with peak grouped in ith m/z-RT group, N is the total

number of sample in the batch (pseudo code line 5). (2) Finding the m/z-RT group with
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coverage rate lower than 80% and sorting m/z-RT group by their coverage rate in
descending order and stored in list L1. The peak table, PO, only contains m/z-RT groups
with coverage rate higher than or equal to 80% (pseudo code line 6-9). (3) For the
m/z-RT group with highest coverage rate (PG,) in L1, find m/z-RT groups with similar
average m/z and average RT with m/z tolerance +/-15 ppm and RT tolerance +/- 6 sec
from experience. Store these groups into list L2 and sorted by their coverage rate in
descending order (pseudo code line 12-15). Then stored PGy into list L3. (4) If there is
more than one group in L2, start from the group with highest coverage rate in L2, if not,
proceed to step 5. For m/z-RT group with the highest coverage rate in L2 (PGg),
calculate how many peaks would be overlap ratio if PG, and PGg are merged (OR4 p)

with equation 7 (pseudo code line 19).

2 Noas)

ORA,B :iN—
(7)
0 3 1 ifA, >0 &B, >0
O(A-B) 710 otherwise

where noa ) is the number of overlapped peak number when merging PG, and PGg
(pseudo code line 18). If the OR g is under 50%, these two groups are merged update
the coverage rate, and average m/z and average RT of PG, and store PGg in L3. For
tie-breaking in merging two peak groups, the peak with highest intensity is used. Then,
remove PGg from L2. Otherwise no merged is applied, remove PGg from L2. This step
is repeated until there is no group in L2. Stored the merged peak group into LO (pseudo
code line 16-24). (5) Remove peak groups were merged into the peak group from L1
(pseudo code line 25). (6) Repeat step 3-5 until there is no peak group in LI1. (7)
Arrange these merged peak groups in LO into peak table and attached with rest of peak

table (pseudo code line 26-27). The pseudo code is shown in Figure 1.8.
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Algorithm MergingMisalignedGroupsinPT(P,N, sp)

Input: peak table P with N aligned compounds with sp samples.

Output:  Generate peak table PO with misaligned compounds properly merged.
1  countel1

2 fori=1toNdo

3 Gi—GetGroup(P.i):

4 n; < SampleNumberInPeakGroup(Gi) :

5 CR[i]«—ni/sp:

6 if CR[i] < 0.8 then

7 L1—Add(L1,Gi):

8 else

9 L0—Add(L0,Gi):

10 Li<Sort(L1,CR.descending):

11 while [L1/>0

12 PGa—GetHighestCR (L1) :

13 L2« FindPossibleMisalignedPeakgroup(PGy) :
14 L2+ Sort(L2.CR.descending):

15  L3<Add(L3.PGa):

16 while [L2/>0

17 PGp—GetHighestCR (L2) :

18 No(A B) <—OverlappedPeakNumber(PGa.PGs):
19 ORaB—no@aB)/ N :

20 if ORa< 0.5 then

21 PGa—Merge(PGa .PGs):

22 L3—Add(L3.PGs):

23 L2—Remove(L2.PGg):

24 L0+—Add(L0.PGa);
25 Ll<—Remove(L1.L3);
26 PO—GeneratePeakTable(L0) :

27 Output P0:;
Figure 1.8: Pseudo code for algorithm of MergingMisalignedGroupdinPT.

1.3.3 Grouping Peaks from Different Batches

The third step of LAKE is to group peaks from the same sample with similar m/z
and RT values. After the process is done, peak table is generated. The process includes:
(a) group of detected peaks with similar m/z values construction with suggested relative

mass difference tolerance and RT tolerance (Figure 1.9a); (b) Peak table regroup (Figure
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1.9b).
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Figure 1.9: The workflow of grouping peaks from all batches. (a) The workflow of grouping detected peaks with

similar m/z values construction with suggested m/z tolerance and RT tolerance. (b) The workflow of peak table
regroup.

A. Group of Detected Peaks with Similar m/z Values Construction with Suggested M/Z
Tolerance and RT Tolerance

In this step, average m/z and average RT of m/z-RT group from each batch are

treated as m/z and RT of detected peaks in this new peak list. The intensity of the new
peak list is replaced by the id number of the m/z-RT group in the batch. The peak list
from each batch is now grouped by the m/z-RT clustering algorithm we mentioned in
1.3.1.a. After the alignment result is generated, the m/z-RT groups from different batch
are grouped according to the alignment result.
B. Peak Table Regroup

After alignment of the average peak group list from each batch is done, peak table
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regroup we mentioned in 1.3.2.c is applied to the result we just processed. Then the

peak table for the experiment is generated.

1.3.4 Performance Evaluation of LAKE on Peak Alignment

In the already proposed alignment algorithms, they are often divided into two types,
peak list alignment and chromatogram alignment. Our proposed algorithm is in the peak
list alignment, so we select the most commonly used algorithm in this category,
XCMS with default alignment algorithm.’' The algorithm is implemented in a function

name group.density in XCMS package.
1.3.4.1 Performance Evaluation of LAKE on Peak Alignment

To evaluate the performance of LAKE for untargeted peak alignment, we spiked 50
forensic drugs with two concentrations (high, 10 times of cut off values listed in Table
A-1; and low, 1 time of cut off values of each forensic drug) into 6 urine samples.
Among them 50 spiked forensic drugs, 47 well-behaved, with good peak shape and can
be detected in most of the samples, spiked detected compounds are used as the

evaluation data set.
1.3.4.2 Performance Evaluation of LAKE on noise introduced peak alignment.

To evaluate the performance of LAKE for noise existed data set, a metabolomics
data set is selected for analyzed in four batches and large global shift in RT exist
between 4™ batch and other batches which make some aligned compounds with most
misaligned peaks from 4™ batch after using existed alignment algorithm (Figure 1.10).
In metabolomics data set, three technical replicates for each sample, average peak

number in each replicate is 3,837, total sample number is 76 and 20 samples in each
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batch. The batch number for this experiment is four.

Compound : (m/z,rt)=(174.0822,191.07)
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Figure 1.10: Misaligned peaks in 4™ batch of the aligned compound (m/z, RT) = (174.0822, 191.07) in positive
ionized mode of the metabolomics data set. Different colors represent peaks from different groups. The red peak
group contains peaks from 1% batch to 3™ batch and some peaks from 4™ batch. The black peak group contains peaks
from 4™ batch for peaks in 4™ batch with larger batch difference in RT dimension which makes peak misalignment

when using existed alignment algorithm.

The metabolomics data set is used to generate a ground truth for evaluation when
the data set is introduced with two different kinds of noises, local shift and global shift
among batches. The local shift is that the deviation curve of RT and the deviation curve
of m/z added to the peaks of each technical replicate. The global shift among batches is
that time offset and m/z offset added to the peaks from the same batch.

To generate ground truth, we find peaks alignment result can be seen in both
XCMS and LAKE algorithm. We then compare these results and pick out aligned
compounds with following criteria: (1) The aligned compound consisted of exactly the
same peaks in both aligned results; (2) The aligned compound consisted of peaks from

all samples. We then got 130 aligned compounds are satisfied with the criteria
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mentioned above. The 130 aligned compounds were used to evaluate peak alignment
when noise exists.

To generate local shifts, the m/z and RT values from the 130 selected aligned
compounds are used for calculated linear model between mean and standard deviation
for m/z and RT, respectively. Take m/z for example, we take the slope and intercept, two
coefficients from the linear model of m/z we created in last step, with following formula
we can calculate ideal standard deviation for specific m/z value v. The standard
deviation of RT is calculated with the same method by replacing the formula with two
coefficients from the linear model of RT we created in last step.

sd, = a, xv+h, (8)
where am is the slope of linear model, by, is the intercept of linear model, and V is the
value you want to calculate for its standard deviation. The calculated standard deviation
is used for noise generating. For example, the noise of specified value Vv is generated by
picking one value from the normal distribution centered at v with standard deviation sd,.
We compute standard deviation for each m/z and RT in peak list. The noise of v is then
added back to the v to get the local shift noise introduced data set. The difference
between the original data and the data with local shift noise introduced can be seen in
Figure 1.12a. The Gaussian based local shift noise is derived from the aligned
compounds, so the deviation is acceptable.

To generate global shift among batches, we observed data and get the possible
range of global shift among batches. The global shift among batches is based on the 130
selected compounds used as ground truth. The batch difference in m/z and RT
dimension is added according to the observation of aligned compounds in QC samples
shown in Figure 1.11. The global shift among batches introduced data set in m/z and RT

still are within acceptable deviation range. The local shift noise in m/z and RT
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introduced in six data sets are the same, the only difference among these data sets is the
batch difference in m/z and RT. There are six different global shift noise introduced in
the data set: (1) alleviate batch difference in both m/z ad RT, (2) exaggerate batch

difference in both m/z and RT, (3) only alleviate batch difference in m/z,

(a) miz variation (b) RT variation

10
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L

z-score
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-10
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Figure 1.11: The batch difference in the aligned compounds of QC samples. Each blue line represents z-scores of an
aligned compound over all QC samples. (a) The m/z variation among batches in z-score. X-axis is the injection order

of QC samples. (b) The RT variation among batches in z-score. X-axis is the injection order of QC samples.

(4) only exaggerate batch difference in m/z, (5) only alleviate batch difference in RT
and (6) only exaggerate batch difference in RT. The global shift among batches in m/z
can be ranged from -10 to 10 ppm while the global shift among batches in RT can be
ranged from -4 to 4 second. For example, the global shift among batches applied in one
of data set in m/z is (4,-4,0,-4) which means for the m/z values in 1%, 2™ 3™ and 4™
batch are added with 4,-4,0 and -4 ppm, respectively. The global shift among batches in
one of data set in RT is (-2,0,0,-2) which means for the RT values in 1*, 2™ 3 and 4™
batch are added with -2, 0, 0 and -2 second, respectively. The difference between
original data and data with both local shift noise and global shift among batches

introduced can be seen in Figure 1.12b.
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Figure 1.12: The noise introduced data sets. (a) The data set with only local shift in both m/z and RT dimension. (b)
The data set with both local shift in both m/z and RT dimension and global shift among batches in both m/z and RT

dimension.

The name of different type of noise introduced metabolomics data set is named
after how we process the data set and described as follow: (1) local shift noise
introduced data set: GNLM-1, GNLM-2, GNLM-3 and GNLM-4. (2) global shift
among batches introduced data set: BR+GNLM1-1, BR+GNLM1-2, BR+GNLMI-3,
BR+GNLM1-4, BR+GNLMI1-5 and BR+GNLM1-6. The global shift introduced in m/z
and RT for each batch is list in Table 1.2. The effect of different global shift among
batches affect data is shown in Figure 1.13. The data set BR+GNLMI-2 and
BR+GNLMI-3 are to show how manipulate m/z and RT difference among batches
would affect alignment result. The data set BR+*GNLM1-4 and BR+GNLM1-5 are to
show how manipulate m/z difference among batches would affect alignment result. The
data set BR+GNLM1-6 and BR+GNLM1-7 are to show how manipulate RT difference

among batches would affect alignment result.
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Table 2 Different Global shift introduced to each batches for different data sets

global shift introduced to each batch in global shift introduced to each batch in
m/z (unit : ppm) RT (unit : sec)

Data set Batch 1 Batch2 Batch3 Batch4 Batch 1 Batch2 Batch3 Batch4
BR+GNLMI-1 0 0 0 0 0 0 0 0
BR+GNLMI-2 4 -4 0 -4 -2 0 0 -2
BR+GNLM1-3 -4 4 0 4 2 0 0 2
BR+GNLMI1-4 4 -4 0 -4 0 0 0 0
BR+GNLM1-5 -4 4 0 4 0 0 0 0
BR+GNLM1-6 0 0 0 0 -2 0 0 -2
BR+GNLM1-7 0 0 0 0 2 0 0 2

To evaluate the performance of the two algorithms, we used recall, precision as
measurements. Recall is one of the most commonly used measurements of peak

TP

aligning algorithms **. The recall of the peak aligning algorithm is defined asﬁ
+

2

where TP is the abbreviation of true positive, which is the number of true aligned peaks
reported by the algorithm, and FN is the abbreviation of false negative, which is the
number of peaks that should be aligned together but not aligned together by the
algorithm. The true peaks are defined by analysts. Another measurement can evaluate

type I error (false positive) is the precision value. The precision of the peak aligning

algorithm is defined as%, where FP is the abbreviation of false positive, which
+

is the number of peaks aligned together by the algorithm but not supposed to be aligned

together. An ideal peak aligning algorithm should generate a peak table with both high

recall and precision values.
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(a) The 129" compound in BR+GNLM1-2  (b) The 129" compound in BR+GNLM1-3 (c) The 129 compound in BR+GNLM1-4
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Figure 1.13: Different types of global shift introduced to the 129™ compound. The (m/z, RT) of the 129® compound
is (507.8494, 848.50). The first, second, third and fourth batch are colored in red, orange, green and blue,

respectively.

14 Reaults

1.4.1 LAKE and XCMSAlgorithms Using Forensics Drugs

LAKE can be used for peak alignment for general metabolomics studies. To
compare and evaluate performance of LAKE and group.density for aligning detected
peaks in a practical case, we took forensic drugs spiked in urine samples as evaluation
data set. The relative mass difference tolerance and RT difference tolerance were
estimated by LAKE. Since group.density has no default parameter estimation method,
we have to find optimal relative mass difference tolerance and RT tolerance for peak
alignment in XCMS rather than using recommended parameters from the journal of
Nature Protocols for metabolomics data® directly. The following group.density

parameters were used for performance evaluation: mzwid of 0.01, 0.015 and 0.02; bw of
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1, 2 and 3. The mzwid value smaller than 0.01 is not considered for causing peaks from
the same compound aligned into different peak groups. All combination of these two
selected parameters generates nine parameter pairs (mzwid, bw) and generate nine
different results. After performance comparison, the optimal parameter pair with best
result is selected. The best result is the alignment result with least misaligned peaks and
least multiple peaks from the same sample aligned together among the alignment results
using different parameter pairs. No missing peaks or least missing peaks would be
focused because multiple peaks from the same sample can be properly handled by
eliminating the unwanted peaks while missing peaks would cost relative more effort to
recover. The nine parameter pairs used in experiments are also tested in LAKE as a
comparison.

To visualize the alignment result of spiked forensic drugs, the Figure 1.14 is
plotted. The better alignment result is the plot with least blue blocks (misaligned peaks).
In XCMS alignment results with different parameter pairs (Figure 1.14), the misaligned
peaks can be seen in these nine parameter pairs. The number of misaligned peak change
when adjusting m/z tolerance while adjusting RT tolerance did not affect the number of
misaligned peak. However, the number of misaligned peak did neither increase nor
decrease when m/z tolerance increase. The number of multiple peaks from same sample
aligned together did not increase or decrease when adjusting m/z tolerance or RT

tolerance. The optimized parameter pair (mzwid, bw) is (0.015, 2).
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Figure 1.14: The peak alignment by XCMS with different parameters. Peak alignment plot of compound versus

sample number. The colors in the plot represent the alignment result, where red, white and blue indicates aligned with

redundant peak, well-aligned peak and misaligned peak in alignment result respectively.

In LAKE alignment results with different parameter pairs (Figure 1.15), the

misaligned peaks still can be seen in the results using nine different parameter pairs, but

the number of misaligned peaks in LAKE alignment result is less than that in XCMS

alignment results. The number of misaligned peaks decreases when increasing m/z

tolerance. The number of multiple peaks from same sample aligned together increase

when increasing RT tolerance.
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Figure 1.15: The peak alignment by LAKE with different parameters. Peak alignment plot of compound versus

sample number. The colors in the plot represent the alignment result, where red, white and blue indicates aligned with

redundant peak, well-aligned peak and misaligned peak in alignment result respectively.

To visualize the misaligned peaks in the alignment results of LAKE and XCMS
with optimal parameters, the misaligned peaks from spiked compounds are plotted in
m/z versus z-score plots and RT versus z-score plots and placed in Figure 1.16 upper
panel and lower panel, respectively. The better alignment result should be with least X
marks in the following plots (least misaligned peaks).

From m/z vs z-score plot (Figure 1.16 upper panel), the m/z values in each batch
are equally scattered within the same range, and difference between each batch is

relative small.
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Figure 1.16: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak in 3™

batch, and Blue: peak in 4" batch.

From RT vs z-score plot (Figure 1.16 lower panel), we can see RT values in 1%
batch are different from the rest of batches. The batch difference becomes clearer from
compound ID 20 to compound ID 50. The z-score of RT values in each batch are not
equally scattered within the range but clustered with the RT values from the same batch.
The sorted z-score of RT value for each batch is 1%, 2™, 4™ and 3" batch in descending
order.

In XCMS, peaks from the 2™, 3" and 4™ batch are found misaligned on seven
compounds. In LAKE, misaligned peaks can be found in all batches but only on two

compounds.
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Figure 1.17: Peaks of selected compounds before and after XCMS alignment. (Left panel): Data distribution in

m/z-RT panel, (Right panel): Misaligned peaks in peak alignment done by XCMS are marked with blue circles.

To find out the reason of misaligned peaks in alignment result by different
algorithm, the compounds with misaligned peaks are plotted in m/z versus RT plot and
label the misaligned peaks with blue circles. From previous alignment results, we pick
out three aligned compounds which are shown different when comparing two results
done by different algorithms with their optimal parameter pairs. We found that
misalignment peaks in XCMS alignment result is shown peak group split into two peak

groups with invisible straight hard cutline (Figure 1.17).
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Figure 1.18: Peaks of selected compounds before and after LAKE alignment (Left panel): Data distribution before

alignment in m/z-RT plot, (Right panel): Misaligned peaks in peak alignment done by LAKE are marked with blue

circles.

Most of misaligned peaks in XCMS alignment are from 2™ and 3™ batch.
Misalignment peaks in LAKE alignment result is shown peak group with some peaks
misaligned rather than split up situation in XCMS alignment result. The misaligned

eaks in LAKE alignment are from 2", 3" and 4™ batch (Figure 1.18).
p g

37



1.4.2 LAKE and XCMS Algorithms Using Metabolomics Data Set

with Introduced Different Types of Noise

In the data introduced with local shift noise in both m/z and RT dimension, four
data sets introduced noise with four different random seeds show similar alignment
results. The GNLM-3 data set is selected to show the alignment results done by two
different algorithms for this case with average performance among the four data sets.

In XCMS alignment results with optimal parameter pairs (Figure 1.19), the
misaligned peaks can be seen in four batches. However, the number of misaligned peak
did neither increase nor decrease when m/z tolerance increase. The misaligned peaks

frequently found in one of its technical replicate from the last sample in 4™ batch.

" 2+ (redundants)
1 (redundant)
0 (well-aligned)

= -1 (misaligned)

XCMS alignment result on GNLM-3 data set

14 - Bt 1 ik -

120

Compound ID
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I
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|
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Figure 1.19: The peak alignment by XCMS with optimal parameter. Peak alignment plot of compound versus sample

number. The colors in the plot represent the alignment result, where red, white and blue indicates aligned with

redundant peak, well-aligned peak and misaligned peak in alignment result respectively.

In LAKE alignment results with estimated parameter (Figure 1.20), the number of
misaligned peaks in LAKE alignment result is less than that in XCMS alignment results.

With relative more multiple peaks aligned in the same sample at 18" detected
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compound in 1* and 2™ batch.
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Figure 1.20: The peak alignment by LAKE with estimated parameter. Peak alignment plot of compound versus

sample number. The colors in the plot represent the alignment result, where red, white and blue indicates aligned with

redundant peak, well-aligned peak and misaligned peak in alignment result respectively.

Three compounds from the 131 selected compounds we defined as ground truth for
further investigation on difference of alignment result between two algorithms. In the
result of XCMS alignment (Figure 1.21), most misaligned peaks found in 1* batch for

having different distribution when compared with the other batches in m/z dimension.
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Figure 1.21: Peaks of selected compounds before and after XCMS alignment (Left panel): Data distribution before
alignment in m/z-RT plot, (Right panel): Misaligned peaks in peak alignment done by LAKE are marked with blue

circles.

In the result of LAKE alignment (Figure 1.22), misaligned peaks are not from any

specific batch.
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Figure 1.22: Peaks of selected compounds before and after LAKE alignment (Left panel): Data distribution before
alignment in m/z-RT plot, (Right panel): Misaligned peaks in peak alignment done by LAKE are marked with blue

circles.

To compare the alignment results of LAKE and XCMS with optimal parameters,
the misaligned peaks from the 131 selected compounds defined as ground truth are
plotted in m/z vs z-score plots and RT vs z-score plots and placed in Figure 1.23 upper

panel and lower panel, respectively.
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Figure 1.23: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment
result is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak

in 3" batch, and Blue: peak in 4" batch.

In the m/z versus z-score plots (Figure 1.23 upper panel), misaligned peaks in
LAKE is scattered in all batches but majorly from 4™ batch while misaligned peak
number in XCMS increase with m/z value of aligned compound (The compound ID is a
label after the sorted list with increasing m/z value where the compound with compound
ID 1 is the compound with smallest m/z value among all 131 compounds while the
compound with compound ID 131 is the compound with largest m/z value among all
131 compounds). There is no pattern in the z-score of misaligned peaks in LAKE
alignment result. The z-score of misaligned peaks in XCMS are generally either higher
than 2.5 or lower than -2.5.

In the RT versus z-score plots (Figure 1.23 lower panel), misaligned peaks in
LAKE is scattered in all batches while misaligned peak number in XCMS increase with
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m/z value of aligned compound. The z-score of misaligned peaks in LAKE with no rule
to be found here but the z-scores of misaligned peaks in LAKE are generally fall
between 2.5 and -2.5. The z-score of misaligned peaks in XCMS is generally fall

between 2.5 and -2.5.

Table 3 Gaussian noise introduced data set (GNLM)

LAKE group.density
Data set Precision Recall F-score Precision Recall F-score
GNLM-1 08.46 99.89 99.17 98.71 99.39 99.05
GNLM-2 98.55 99.67 99.11 98.58 99.35 98.96
GNLM-3 08.43 99.88 99.15 98.66 99.43 99.04
GNLM-4 98.78 99.86 99.32 98.57 99.35 98.96
Average 98.56 99.83 99.19 98.63 99.38 99.03

The performance of alignment on different data sets with local shift noise
introduced is shown in Table 1.3. The average precision of LAKE on the four data sets
is lower than that of XCMS (98.56<98.63). The average recall of LAKE on the four
data sets is higher than that of XCMS (99.83>99.38). The average F-score of LAKE on
the four data sets is higher than that of XCMS (99.19>99.03).

To compare the performance of alignment algorithm when global shift among
batch is introduced, BR+GNLMI1-X data sets are selected as validation data set which
include different situations either alleviate or exaggerate the difference among batches
in m/z or RT dimension. In the following visualized alignment results, the better
alignment result is the plot with least blue blocks (misaligned peaks).

In XCMS alignment result on BR+GNLM1-2 data set (exaggerated both m/z and
RT difference among batches) (Figure 1.24), misaligned peaks can be seen in all batches,
however the misaligned peaks are majorly from 1* batch and the compound with large
m/z value. And multiple peaks from one sample aligned together can be frequently seen

in 19" compound in all batches.
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Figure 1.24: The peak alignment on BR+GNLM1-2 data set (exaggerated both m/z and RT difference among
batches) by XCMS with optimal parameter. Peak alignment plot of compound versus sample number. The colors in
the plot represent the alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned

peak and misaligned peak in alignment result respectively.

In XCMS alignment result on BR+*GNLM1-3 data set (alleviated both m/z and RT
difference among batches), misaligned peaks can be seen in all batches. The misaligned

peaks are majorly from 2™ batch and the compound with large m/z value.
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Figure 1.25: The peak alignment on BR+GNLM1-3 data set (alleviated both m/z and RT difference among batches)
by XCMS with optimal parameter. Peak alignment plot of compound versus sample number. The colors in the plot
represent the alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned peak

and misaligned peak in alignment result respectively.

In XCMS alignment result on BR+GNLM1-4 data set (exaggerated m/z difference
among batches), misaligned peaks can be seen in all batches, however the misaligned

peaks majorly from 1 batch and the compound with large m/z value.
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Figure 1.26: The peak alignment on BR+GNLM1-4 data set (exaggerated m/z difference among batches) by XCMS

with optimal parameter. Peak alignment plot of compound versus sample number. The colors in the plot represent the
alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned peak and misaligned

peak in alignment result respectively.

In XCMS alignment result on BR+GNLM1-5 data set (alleviated m/z difference
among batches), misaligned peaks can be seen in all batches, however the misaligned

peaks majorly from 2™ batch and the compound with large m/z value.

46



" 2+ (redundants)
1 (redundant)
0 (well-aligned)
XCMS alignment result on BR+GNLM1-5 data set 1 (misaligned)
o T. T ] :'-a_:- 5 5 <
o 2
T
c
3
Q g -
[«
£
o 1 ]
(&)
2 -
50 160 150 200 250

Sample ID
Figure 1.27: The peak alignment on BR+GNLM1-5 data set (alleviated m/z difference among batches) by XCMS

with optimal parameter. Peak alignment plot of compound versus sample number. The colors in the plot represent the
alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned peak and misaligned

peak in alignment result respectively.

In XCMS alignment result on BR+GNLM1-6 data set (exaggerated RT difference
among batches), misaligned peaks can be seen in all batches. And multiple peaks from

one sample aligned together can be frequently seen in 19" compound in all batches.
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Figure 1.28: The peak alignment on BR+GNLMI1-6 data set (exaggerated RT difference among batches) by XCMS

with optimal parameter. Peak alignment plot of compound versus sample number. The colors in the plot represent the
alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned peak and misaligned

peak in alignment result respectively.

In XCMS alignment result on BR+*GNLM1-7 data set (alleviated RT difference

among batches), misaligned peaks can be seen in all batches.
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Figure 1.29: The peak alignment on BR+GNLM1-7 data set (alleviated RT difference among batches) by XCMS

with optimal parameter. Peak alignment plot of compound versus sample number. The colors in the plot represent the
alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned peak and misaligned

peak in alignment result respectively.

In LAKE alignment result on BR+GNLM1-2, misaligned peaks can be seen in all
batches but the number of misaligned peaks in LAKE is relative low when compare to
that in XCMS. And multiple peaks from one sample aligned together can be frequently
seen in 19™ compound in 1%, 2" and 4™ batches. The rest of data sets (BR+GNLM1-3,
BR+GNLMI1-4, BR+GNLMI1-5, BR+*GNLM1-6 and BR+GNLM1-7) share the exactly
same result, so BR*GNLMI-2 is selected and show to represent LAKE alignment result

on all other data sets.
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Figure 1.30: The peak alignment on BR+GNLM]1-2 data set (exaggerated both m/z and RT difference among

batches) by LAKE with optimal parameter. Peak alignment plot of compound versus sample number. The colors in
the plot represent the alignment result, where red, white and blue indicates aligned with redundant peak, well-aligned

peak and misaligned peak in alignment result respectively.

The distributions of 131 compounds which selected as ground truth with different
global shift among batches introduced in m/z versus z-score plot and RT versus z-score
plot are to demonstrate how different data distribution can affect alignment result done
by different algorithms. The alignment results with optimal parameter from each
algorithm are selected and compared. In Figure 1.31, the alignment results of
BR+GNLMI-2, the data set with exaggerated both m/z and RT difference among
batches, are shown in m/z versus z-score plots (Figure 1.31 upper panel) and RT vs
z-score plots (Figure 1.31 lower panel).

In the m/z versus z-score plots (Figure 1.31 upper panel), misaligned peaks in
LAKE are scattered in all batches but majorly from 4™ batch while misaligned peak
number in XCMS increase with m/z value of aligned compound. There is no pattern on
the z-score of misaligned peaks in LAKE alignment result. The z-score of misaligned

peaks in XCMS are generally either higher than 2.5 or lower than -2.5.
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In the RT versus z-score plots (Figure 1.31 lower panel), the z-scores of misaligned
peaks in LAKE are generally fall between 3 and -5. The z-score of misaligned peaks in

XCMS is generally fall between 3 and -5.

(a) m/zinzscore (BR+GNLM1-2) (b) Misaligned peaks in LAKE (m/z) (c) Misaligned peaks in XCMS (m/z)
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Figure 1.31: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2" batch, Green: peak in 31
batch, and Blue: peak in 4" batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

The alignment results of BR+*GNLM1-3, the data set with alleviated both m/z and
RT difference among batches, are shown in Figure 1.32. In the m/z versus z-score plots
(Figure 1.32 upper panel), misaligned peaks in LAKE is scattered in all batches but
majorly from 4™ batch while misaligned peaks in XCMS majorly from 2™ batch. The
misaligned peak number in both alignment results are less than that in BR+GNLM1-2.

In the RT versus z-score plots (Figure 1.32 lower panel), the z-score of misaligned
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peaks in LAKE are generally fall between 5 and -2. The z-score of misaligned peaks in

XCMS is generally fall between 5 and -2.
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Figure 1.32: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2" batch, Green: peak in 31
batch, and Blue: peak in 4™ batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

The alignment results of BR+GNLMI1-4, the data set with exaggerated m/z
difference among batches, are shown in Figure 1.33. In the m/z versus z-score plots
(Figure 1.33 upper panel), misaligned peaks in LAKE is scattered in all batches but
majorly from 4™ batch while misaligned peaks in XCMS majorly from 1% batch. The
misaligned peak number in both alignment results are the same as that in
BR+GNLMI1-2. In the RT versus z-score plots (Figure 1.33 lower panel), the z-score of

misaligned peaks in LAKE are generally fall between 3 and -5. The z-score of
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misaligned peaks in XCMS is generally fall between 3 and -5.

(a) m/z in z-score (BR+GNLM1-4) (b) Misaligned peaks in LAKE (m/z) (c) Misaligned peaks in XCMS (m/z)
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Figure 1.33: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak in 3
batch, and Blue: peak in 4" batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

The alignment results of BR+*GNLM1-5, the data set with alleviated m/z difference
among batches, are shown in Figure 1.34. In the m/z versus z-score plots (Figure 1.34
upper panel), misaligned peaks in LAKE is scattered in all batches but majorly from 4"
batch while misaligned peaks in XCMS majorly from 2™ batch. The misaligned peak
number in both alignment results are less than that in BR+GNLM1-2. In the RT versus
z-score plots (Figure 1.34 lower panel), the z-score of misaligned peaks in LAKE are
generally fall between 3 and -3. The z-score of misaligned peaks in XCMS is generally

fall between 3 and -3.
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(a) m/zinz-score (BR+GNLM1-5) (b) Misaligned peaks in LAKE (m/z) (c) Misaligned peaks in XCMS (m/z)
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Figure 1.34: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak in 3
batch, and Blue: peak in 4" batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

The alignment results of BR+GNLMI1-6, the data set with exaggerated RT
difference among batches, are shown in Figure 1.35. In the m/z versus z-score plots
(Figure 1.35 upper panel), misaligned peaks in LAKE is scattered in all batches but
majorly from 4™ batch while misaligned peaks in XCMS majorly from 4™ batch. The
misaligned peak number in both alignment results are less than that in BR+GNLM1-2.
In the RT versus z-score plots (Figure 1.35 lower panel), the z-score of misaligned
peaks in LAKE are generally fall between 2 and -4. The z-score of misaligned peaks in

XCMS is generally fall between 2 and -4.
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Figure 1.35: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak in 3™
batch, and Blue: peak in 4™ batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

The alignment results of BR+*GNLM1-7, the data set with alleviated RT difference
among batches, are shown in Figure 1.36. In the m/z versus z-score plots (Figure 1.36
upper panel), misaligned peaks in LAKE is scattered in all batches but majorly from 4™
batch while misaligned peaks in XCMS majorly from 4™ batch. The misaligned peak
number in both alignment results are less than that in BR+GNLM1-2. In the RT versus
z-score plots (Figure 1.36 lower panel), the z-score of misaligned peaks in LAKE are
generally fall between 4 and -1. The z-score of misaligned peaks in XCMS is generally

fall between 4 and -1.
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{a) m/z in z-score (BR+GNLM1-7) (b) Misaligned peaks in LAKE (m/z) (C) Misaligned peaks in XCMS (m/z)
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Figure 1.36: The comparison between two different algorithms. The original m/z and RT for each compound is
shown in left panel. In the middle panel, LAKE alignment result is shown. In the right panel, XCMS alignment result
is shown. X mark represents misaligned peak. Red: peak in 1% batch, Orange: peak in 2™ batch, Green: peak in 3™
batch, and Blue: peak in 4™ batch. The black line in (c) indicates the decreasing z-score boundary of misaligned

peaks when m/z of aligned peaks increasing.

One compound from the ground truth we defined earlier is selected from all six
different global shifts among batches introduced data sets (from BR+GNLMI1-2 to
BR+GNLM1-7) for further investigation on the difference of alignment result between
two algorithms. In the result of XCMS alignment on data set BR+GNLM1-2 and
BR+GNLMI1-4 (Figure 1.37a, c), most misaligned peaks found in 1* batch for having
different distribution when compared with the other batches in m/z dimension. In the
result of XCMS alignment on data set BR+GNLM1-3 and BR+GNLM1-5 (Figure 1.37b,
d), most misaligned peaks found in 2" batch for having different distribution when
compared with the other batches in m/z dimension. In the result of XCMS alignment on

data set BR+GNLM1-6 and BR+GNLM1-7 (Figure 1.37e, f), most misaligned peaks
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found in 1% and 2" batch for having different distribution when compared with the other

batches in m/z dimension.

(a) BR+GNLM1-2 alignment by XCMS (b)  BR+GNLMI-3alignment by XCMS (c)  BR+GNLM1-4alignment by XCMS
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Figure 1.37: Peaks from 129" compound after XCMS alignment. Misaligned peaks in peak alignment done by

XCMS are marked with blue circles. The (m/z, RT) of the 129™ compound is (507.8494, 848.50).

In the result of LAKE alignment (Figure 1.38), misaligned peaks are not detected.

The performances of alignment on different data sets are shown in Table 1.4. The
average precision of LAKE on the seven data sets is higher than that of XCMS
(98.46>98.34). The average recall of LAKE on the four data sets is higher than that of
XCMS (99.89>99.08). The average F-score of LAKE on the four data sets is higher

than that of XCMS (99.17>98.71).

57



(a) BR+GNLM1-2 alignment by LAKE (b) BR+GNLM1-3 alignment by LAKE (c) BR+GNLM1-4 alignment by LAKE
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Figure 1.38: Peaks from 129" compound after LAKE alignment. Misaligned peaks in peak alignment done by

LAKE are marked with blue circles. The (m/z, RT) of the 129" compound is (507.8494, 848.50).

Table 4 Global shift among batches noise introduced data set (BR+GNLM]1)

LAKE group.density
Data set Precision  Recall  F-score Precision  Recall  F-score

BR+GNLM]1-1 98.46 99.89 99.17 98.71 99.39 99.05
BR+GNLM]1-2 98.46 99.89 99.17 97.49 98.46 97.97
BR+GNLM]1-3 98.46 99.89 99.17 98.68 99.25 98.96
BR+GNLM1-4 98.46 99.89 99.17 98.54 98.46 98.5

BR+GNLM1-5 98.46 99.89 99.17 98.67 99.25 98.96
BR+GNLMI1-6 98.46 99.89 99.17 97.66 99.39 98.52
BR+GNLM1-7 98.46 99.89 99.17 98.65 99.39 99.02
Average 98.46 99.89 99.17 98.34 99.08 98.71

1.5 Discussion

1.5.1 Comparison of LAKE and XCMS Algorithms Using Forensics
Drugs

Inappropriate peak alignment can be found in most alignment result done by

existed peak alignment algorithm which might lead to misinterpreted statistical
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analyzed result. Common errors are misaligned peaks and redundant peak alignment.

Among these errors results from inappropriate peak alignment, misaligned peak is
more important because these lead to the aligned peak table with missing data, which
can be avoided by using optimized parameter for the same peak alignment algorithm or
choosing a better peak alignment algorithm. Though missing data can be applied with
statistical procedures before analyzing data with missing values, the preprocessed data
can still result in misinterpreted result.

Therefore choosing optimal parameters on the proper peak alignment algorithm
becomes important in aligning peaks from multiple samples from different batches.
Figure 1.14 shows XCMS alignment results of the 50 forensic drugs spiked in urine
samples using nine parameter pairs. To get the XCMS alignment result with least
misaligned peaks is to adjust mzwid (m/z tolerance) rather than adjusting bw (RT
tolerance) because adjusting bw did not greatly increase or decrease the peak number of
the misaligned peak from Figurel.14 a, b and c. However, the misaligned peak number
changes when adjusting mzwid is still unknown from Figure 1.14a, d and g, the
misaligned peak number did keep neither decrease nor increase when increasing m/z
tolerance.

To have deeper look on misaligned peaks in XCMS, Figure 1.17 XCMS alignment
on three selected compounds for having different results when comparing with LAKE
alignment result. In Figure 1.17b, d and f, all three selected compounds show the
misaligned peaks seems to be separated from the clustered m/z-RT group with an
invisible line, which implies the peak misalignment in XCMS might be caused by m/z
binning with fixed m/z interval.

Using fixed interval in m/z binning is inappropriate when grouping compounds

with different m/z value for different m/z with different m/z deviation. One fixed m/z
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bin might be proper for aligning peaks one compound but might be too big for another
compound and aligning multiple peaks from the same sample. The same fixed m/z bin
might be too small for the compound and lead to peak misalignment. Even though m/z
bin size is big enough but the mean m/z of the compound might not always locate at
center of m/z bin decided by detected min and max m/z value and user defined bw value.
The reason why increasing mzwid in XCMS did not always decrease misaligned peak
number in XCMS alignment result is now clear. Increasing mzwid value might be a
temporary solution for some compounds but not a global solution for all compounds, as
we can see how adjusting mzwid affect the alignment in Figurel.14 we just showed
earlier.

In LAKE alignment result, Figure 1.15 are shown on how adjusting parameters
affect LAKE alignment result. The adjusting RT tolerance did not explicit affect
misalignment peak number from Figure 1.15 a, b and c. From figure 1.15a, d and g, the
misaligned peak number did decrease when increase m/z tolerance in LAKE alignment
algorithm. The misaligned peak numbers in LAKE alignment result can be decreased by
increasing m/z tolerance which is consistent with our expectation.

The number of misaligned peak in LAKE is relative less than that in XCMS in
general and can be seen in both Figure 1.16 and Figure 1.18. Because using relative
mass difference when m/z clustering in LAKE alignment, the cut lines separating
misaligned peaks from the clustered peak group in XCMS alignment (Figure 1.17) not
happened the LAKE alignment result. The misaligned peaks in LAKE alignment
algorithm are not aligned with the clustered group because the distance between peaks
and the center of estimated peak group are larger than the estimated tolerance and
treated as outliers.

The misaligned peaks in XCMS and that in LAKE affect statistical processing in
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various degrees. In XCMS alignment result, peaks from different batches might not be
aligned together, in the end, the intensities of the compound in some samples are zero,
which can significant affects when applying statistical processing. In LAKE alignment
result, peaks from different batches are aligned together, the intensity of the compound
in some samples are represented by fewer replicates but not all zero ,which has slight

affect when applying statistical processing.

1.5.2 Comparison of LAKE and XCMS Algorithm on Metabolomics

Data Set

To test average performance on two alignment algorithms, the random noise
introduced data set are selected as evaluation data set. Figure 1.19 shows most
misaligned peaks in XCMS alignment result are from the compounds with large m/z
value (the compounds with large compound ID, m/z >300) and aligned multiple peaks
from the same sample together when aligning compounds with small m/z value (the
compounds with small compound ID).

Figure 1.20 shows LAKE alignment on the same data set with much less
misalignment peaks but equal or even more aligning multiple peaks from the same
sample together when comparing to XCMS alignment result.

In the selected three aligned compounds, Figure 1.21 shows the misaligned peaks
in XCMS and the peak group are separated by invisible cut lines and in this case we
found there are m/z differences among batches: peaks in the 1st batch are distant away
from the rest of batches, and most misaligned peaks in the three selected compounds are
from 1st batch. However the difference among batches in m/z value did little or none on
the LAKE alignment result (Figure 1.22).

Figure 1.23 shows the misaligned peaks in the data set are majorly from these
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compounds with large m/z value and there seems exist a threshold in z-score. If the
z-score of the peak is over the threshold, the peak is treated as outlier and not aligned
with the other peaks from the same compounds. The threshold of z-score in m/z of
XCMS alignment result decrease when m/z value of the compound increased. This
might imply it is inappropriate using fixed absolute mass difference when m/z grouping.

To show average performance of two algorithms on data with global shift among
batches, In Figure 1.24 and Figure 1.25 shows how global shift among batches existed
in both m/z and RT dimension would affect the XCMS alignment result. When the
global shift among batches existed in both m/z and RT dimension, the misaligned peak
number and the peak number of multiple peaks from the same samples aligned together
would be affected. The misaligned peaks in BR+*GNLM1-2 can be seen in Figure 1.24,
and the reason why most misaligned peaks are from 1* batch can be observed from
Figure 1.13a, the peaks from 1* batch are distant away from the rest of batches in m/z
dimension. In BR*GNLM1-3, most of misaligned peaks are from 2™ batch because
from Figure 1.13b, peaks in 2™ batch has larger m/z deviation than other batches do ,in
other word, peaks in 2™ batch has higher chance of being treated as outliers when
cluster peaks of the same compound from other batches when using XCMS alignment
algorithm. Redundant peaks alignment found in BR+GNLM1-2 for all four batches are
with little overlapped with other batch and is very likely to be aligned with other peaks
from compounds with similar m/z and similar RT values from all batches (8 second RT
range). Redundant peaks alignment found in BR+GNLMI1-3 is less than that in
BR+GNLMI1-2 for peaks in all batches share similar RT distributions (5 second RT
range). However, the real cause of redundant peak alignment is not known by adjusting
m/z only or adjusting RT only. This can only be answered after the following discussion

on adjusting each dimension, m/z or RT, at a time.
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In Figure 1.26 and Figure 1.27 show how global shift among batches existed in
only m/z dimension would affect the XCMS alignment result. When the global shift
among batches existed in only m/z dimension is large (BR+GNLM1-4), the misaligned
peak number would increase. Even though the global shift among batches existed in
only m/z dimension is small (BR+GNLM1-5), the total misaligned peak number for all
batches did decrease but not the misaligned peak number for each batch. The misaligned
peak number can be seen from 2™ batch in BR+GNLM1-5 (Figure 1.27) which was not
seen in BR+GNLM1-4 (Figure 1.26).

In Figure 1.28 and Figure 1.29 show how global shift among batches existed in
only RT dimension would affect the XCMS alignment result. Comparing these results,
the misaligned peaks in two data sets are almost identical (blue blocks position in
Figure 1.28 and 1.29). When the global shift among batches existed in only RT
dimension is large (BR+GNLM1-6), the peak number of multiple peaks from the same
sample aligned together would increase. The global shift among batches existed in only
RT dimension is small (BR+GNLM1-7), the total misaligned peak number for all
batches would decrease.

From the previous results, the global shift among batches in m/z and RT dimension
arise different alignment problems in XCMS alignment result. The global shift among
batches in m/z dimension affects the misalignment peak number (FN in performance
evaluation) in XCMS alignment result. The global shift among batches in RT dimension
affects the peak number of multiple peaks from the same sample aligned together (FP in
performance evaluation) in XCMS alignment result.

The misalignment in XCMS alignment results of one selected compound
introduced with different global shift among batches is shown in Figure 1.37. The

invisible cut lines separate misaligned peaks and clustered group mentioned in previous
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discussion can still be seen in the result of the data set. Figures 1.31-1.36 again show
that absolute mass difference used in m/z binning of XCMS alignment is not
appropriate. The misaligned peaks in m/z value versus z-score shows minimum absolute
z-score of misaligned peak decrease when m/z value of the compound increases
(Downward black lines for outlining the cut lines in m/z z-score versus compound ID
plot in Figures 1.31-1.36).

In LAKE alignment result on data set introduced with different global shift among
batches, LAKE alignment results of seven different data sets are exactly the same.
Therefore one of result is selected and shown in Figure 1.30.

The reason of LAKE alignment on seven different data with the exactly same
alignment results is that despite the difference among batches, the m/z-RT data within
the same batch is exactly the same for each batch. Therefore, if the average m/z and
average RT values, calculated in aligning peaks from the same batch, from all batches
are not far from others, the alignment results should be the same as the result on the data
without global shift among batches. Therefore, no more misaligned peaks found in data
with different global shift among batches in either m/z or RT dimension as shown in
Figure 1.31-1.36,1.38.

In the metabolomics data set adding random shift with global shift among batches
in both m/z and RT for each batch (BR+GNLM1-X, X=1...7), the noise of global shift
among batches has stronger effect on XCMS alignment result than that on LAKE. The
misaligned peaks in XCMS alignment result is because the algorithm aligns all peaks at
a time without considering the difference among batches. LAKE algorithm aligns these
peaks according to the similarity of profiling condition. The similarity of profiling
condition is the similarity of condition when peaks from different samples are detected.

The peaks representing same compound from the same sample should have smaller m/z
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and RT deviation for peaks detected under the same matrix effect when comparing to
peaks representing same compound from different samples. The peaks representing
same compound from the same batch should have smaller m/z and RT deviation for
peaks detected under the same condition within the same batch when comparing to
peaks representing same compound from different batches. In general, the deviation of
m/z and RT among different samples is smaller than that among different batches.
Therefore, LAKE peak alignment algorithm starts from aligning peaks from the same
samples, peaks from the same batch and finally peaks from all batches. The peaks
represent the same compound from different samples with different global m/z shift and
RT shift from each batch can be properly clustered only when not acceptable large m/z
and RT tolerance used in XCMS peak alignment. LAKE can properly cluster these
peaks without increasing m/z and RT tolerance by only aligning average m/z and
average RT values of clustered peak groups from each batch. The global shift among
batches in the test data has least effect on LAKE alignment result.

The compounds with batch misalignment can be seen in few compounds when peak
alignment on complex sample. Take the plasma samples as a study case; the compound
with batch-misaligned peaks over all compounds for each batch is 2% in average.
LAKE can find the misaligned peaks and recover 6% peaks for batch-misaligned
compound in each batch in average. The difference between the peak table generated by
LAKE peak alignment and the peak table generated by XCMS peak alignment can be
shown in PCA in Figure 1.39 with 2% difference on the explained variance of first PCA

component.
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(a) XCMS BYPASS PCA score plot (p<0.01) (b) LAKE BYPASS PCA score plot (p<0.01)
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Figure 1.39: The PCA of two peak table done by two different peak alignment algorithms.

1.6 Conclusion

Peak alignment is a critical step data processing because wrong alignments can
lead to wrong statistical analysis. LAKE, a new peak alignment algorithm for
LC/TOF-MS-based data without user specified parameter and save the time on looking
for optimal parameters for peak alignment.

LAKE performs peak alignment based on data similarity and performs peak
alignment from clustering the technical replicates, clustering the samples from the same
batch, and merging into an aligned peak table. LAKE, a density-based approach with
Epanchnikov kernel function to directly divide group of peaks properly, estimates
different bandwidths for different compound mixture with similar m/z value, and
generates aligned peak table with less misaligned peaks or aligned peaks from different
compounds.

LAKE successfully performed peak alignment on the data with different types of
noise existed in experiment. Hence, analyzing LC/TOF-MS-based metabolomics data

66



with LAKE can get peak table with less zero value because of misalignment peaks and

lead to more reliable statistic analyzed conclusion.
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Chapter 2 PHASION: PHASIng Intrinsically On

NMR Spectrum

2.1 Introduction

Proton nuclear magnetic resonance (‘'H NMR) has been a dominated tool in

7% and the analytical workhorse for metabolomics research.”®

biomedical research
Scientists from clinical and toxicological research used 'H NMR as the tool for
structural characterization/identification of metabolites.”® Biofluid analyzed in '"H NMR
become a common method because nucleus is ubiquitous in organic molecules and the
specific functional groups of compounds. We can know the information about the
chemical structure, the chemical environment, the dynamic molecular motions and
molecular interactions of the molecules to which they are attached from these signals.”
8690 There is growing interest in analyzing samples with 'H NMR in metabolomics for
non-destructive, non-selective, cost effective, and only take few minutes per sample,

requiring little or no sample pre-treatment or reagents®" % °'

and generating highly
reproducible spectra with high signal-to noise ratio.”® However, there is still strong peak
overlap in certain chemical shift ranges even though high field, or high resolution, 'H
NMR spectrometer is used.”® Therefore we need to process the highly reproducible data
of biofluid. Actually, the critical step in “Classical” NMR based metabolomics approach
is post-experimental data handling including NMR spectra processing, data
pre-processing and data analysis.”>

In most current metabolomics studies, a better data preprocessed result relies

heavily on experienced users and large correction differences exist from different people

or laboratories.® In the following paragraphs, we will introduce what would be done in
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data pre-processing.

The raw data generated from 'H NMR is called free Induction decay (FID)
spectrum and the Fourier transformed FID is the spectrum we are familiar with.
However, the raw FID is generated with multiple sources of interference, such as
baseline drifting, the incoherent phase between generated signal and receivers, etc. The
data preprocessing is needed before converting a FID to a spectrum. In Figure 2.1, we

can briefly know how a raw FID converts into a spectrum.

(a) FID (Real) (c) Spectrum (Real)
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Figure 2.1: Data processing from a raw FID to a spectrum. A spectrum is the Fourier transformed FID. Before
further data processing, the spectrum need to be phase corrected. The phase correction can be done by finding the
optimal phase angle (PHO, PH1) which minimizes an objective function. (a) The curve represents the real part of
the FID. (b) The curve represents the imaginary part of the FID. (c) The curve represents the real part of the
spectrum. (d) The curve represents the imaginary part of the spectrum. (e) The curve represents the phased

spectrum.
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Figure 2.2: The workflow of NMR data processing from the raw FID to the spectrum before applying the

statistical analysis.

The basic NMR preprocessing is consisted of two major parts: FID processing and
spectrum processing, as shown in Figure 2.2. Before applying Fourier transform to the
raw FID, apodization and zero-filling” are needed to be done. After the spectrum is
generated, phasing, baseline removing, spectrum aligning, binning, and normalization
scaling transformation’* are needed to be done before applying any statistical analysis.

Phasing, or phase correction, is the most important and difficult part to handle
among the spectrum processing steps’> because ill-phased spectrum would lead to
inappropriate and poor analyzed results. There is still no acceptable spectrum returned
from existing automatic phasing algorithms. In short, the phasing is to flip negative
intensity to make whole intensity like the intensity shown in the absorptive mode
spectrum, and satisfy with following three criteria’ : (1) No negative peaks, (2) The
baseline is flat and (3) Peaks are symmetrical and narrow.

Phase distortion is phase incoherent recorders when generating raw FID and it

gives NMR spectrum negative intensity peaks which are unacceptable in pure
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absorption mode. In Figure 2.3 we can see the unphased spectrum with a big negative
peak at 4.8 ppm and other countless negative peaks. This problem can be solved by
introducing two parameters, zero-order phase error (PHO) and first order phase error
(PH1),” and find the optimized parameter set (PHO,PH1) then phasing spectrum with

the parameter set.

Spectrum (Real)

Oe+00
1

Intensity
-5e+07
1

-1e+08

Chemical shift (ppm)

Figure 2.3: The distortion in the spectrum which is caused by the imbalance in quadrature detectors.

The zero-order phase error is induced by reference phase and receiver detector
phase,”® while first order phase error is time delay between excitation and detection,
flip-angle variation across the spectrum, and phase shifts from the filter employed to

reduce noise outside the spectral bandwidth.”*”

The zero-order phase error (PHO) can
be corrected by adding a constant phase angle to both real part and imaginary part for all
time scan, so the error is also called as frequency independent phase error. The

first-order phase error (PH1) can be corrected by adding a fixed slope rate of phase

change over time, so the error is also called as frequency dependent phase error. In
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Figure 2.4, we can see how PHO and PH1 affect spectrum. The dominated error is PHO
for obvious change of spectrum with change of PHO. Some autophasing algorithms’>
featuring correcting PHO then correcting PH1 based on effectiveness of altering PHO

and PH1 on spectrum variation.

(a)

The effect of only adjusting PHO of the spectrum (b) The effect of only adjusting PH1 of the spectrum
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Figure 2.4: The effect of adjusting the phase angle when phasing a spectrum. (a) The effect of only adjusting PHO of
the spectrum. The numbers indicate the degree of PHO used in phasing the spectrum. (b)The effect of only adjusting

PHI1 of the spectrum. The numbers indicate the degree of PH1 used in phasing the spectrum.

Phasing is important because ill-phased spectrum will lead to wrong baseline
extraction and wrong baseline-removed spectrum which will result in misinterpreted
statistical analyzed results. Several phase correction algorithms have been proposed,”
but some required experienced operators manually phasing one spectrum after another
which is time-consuming and hard to correct spectrum with same criteria all the time.
Autophasing algorithms were proposed” to solve the problems mentioned above and
the algorithms with different criteria of autophasing have been proposed.

Peak shape method'® using peak shape as the scoring function when adjusting
PHO and PH1. However, it was failed for phasing in polymer spectra and wrong

assumption of the characteristics of absorption mode.”> Baseline method is based on
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assumption of phased spectrum should be with the one with most baseline points when
compared with the other spectrum using different (PHO,PH1) for phasing, so they adjust
PHO and PH1 based on the number of baseline points with automated baseline selection
procedures.'’! Modified baseline method using advance baseline selection procedures is
also proposed.'®” In the ideal spectrum method is based on assumption of peak are
distant away. Sterna et al.'"” proposed a method that the spectrum can be phased by
finding the best PHO then adjusting PH1 according to linear least square fitting result of
two baseline. Dzakula'®* assumed the phased spectrum should be with minimal summed
peak area. Therefore, the spectrum can be phased by finding the (PHO, PH1) which with
minimal summed peak area. However, these methods failed since not all spectrum with
well-defined peaks.”> Minimal entropy method is proposed based on the assumption of
the phased spectrum should be smooth, therefore with minimal entropy of the first
derivative of real spectrum. In some implementation, minimal entropy method can
combined with negative area penalization.”® However, it is reported unbalance weight
between the entropy and the negative area penalty for the polymer spectra mentioned in
de Brouwer’s study.” The minimal entropy only scoring function is less robust and less
accurate.

Other approaches like Hybrid approach, the objective score function consists of
MinArea, MaxBaselinepoint and MinNegAreaSquare.” The phased spectrum with the
least area and the least negative area but it needed relative more time than other existing
algorithms did. A much simpler approach is Automics.”” Phase angles are evaluated
from low frequency part and high frequency part of spectrum which are signal-free and
calculate the PHO and PH1 based on the assumption of linear variation of PHI. The
method need least time but relative unstable when baseline is severely distorted.”

Optimizer selection is an important part in autophasing. The most common
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optimizer is Nelder-Mead optimizer.'” The first one introduce NM optimizer into
analytical chemistry are Morgan et al..'” Different optimizers had been tried, such as
Powell’s steepest descent,'”” and quasi-Newton method'® but the optimized result was
still not satisfied.'”’ Someone even doubts the best optimizer for phase correction
should not be NM method.'"” However this is still a popular choice of optimizer
featuring faster convergence and less parameter tuning and in most cases.

However the searching for optimized parameter set (PHO, PHI) over the big
searching space is time consuming and sometimes converge to local optimal depends on
initial points, which is risky for not always returning global optimal result. Several
systematic searching methods have been proposed, and most of them search based on

1 11
h, 05, 110

simplex approac the main difference between them is different criteria, or

objective function, for acceptable corrected spectrum. The corrected spectrum should be
in pure absorption mode. The definition of absorption mode as followed:”” !
Customary mode of displaying NMR spectra, in which peaks have nominally
Lorentzian shapes.
which featuring without negative intensity, flat baseline, and narrow peak shape.”
Recently mixing criteria from the mentioned criteria above is proposed.” Since
there are still some problems unsolved and sometimes return unsatisfied phase spectrum,
which means we need a better phase correction method. We here try to propose a new
method to solve the issue of not all spectra can be correctly well.
We are inspired by the objective function of mixing criteria.”” The “PHASNg
Intrinsically On NMR spectrum,” PHAS ON, algorithm is consisted of two parts: (1) the
optimizer and (2) the proposed objective score. PHASION is proposed for better phased

spectrum, better convergent result, and reducing both computing time and searching

time for optimal solution.
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2.2 Material

For the analysis of metabolomics study, two groups of subjects including normal
controls and bronchiectasis who were collected from National Taiwan University
Hospital were enrolled in this study.

A total of 400 uL of 0.9% NaCl in 10% D,O was added to 200 pL of plasma
sample and then mixed well. The resulting samples were centrifuged at 12,000 rcf for 5
min then transferred 550 pL to NMR tube. Plasma 'H-NMR spectra were acquired
using both a Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence and a diffusion-edited
sequence. The diffusion-edited sequence of the 'H-NMR spectrum characterized the
lipid molecules of lipoproteins. 'H-NMR with the CPMG pulse sequence was used to
detect the low molecular weight molecules by suppressing most of the broad resonances.
Thirty-five samples were selected for demonstrate proposed phase correction algorithm
on complex samples.

For the analysis of the synthesized spiking NMR spectra, the 25 pure compounds
consist of acetate, alanine, betaine, creatine, creatinine, cytosine, ethanol, formate,
fumarate, glutamate, glutamine, glycerol, glycine, hippurate, histidine, leucine,
myoinositol, phenol, pyruvate, succinate, taurine, threonine, tyrosine, uracil, and
methanol were introduced to generate a set of simulated spectra. The signals of spiking
compounds distribute over a spectral range of 0.9-8.5 ppm. These pure compound
spectra were produced from our laboratory with the same procedures as the cell extract
spectrum or downloaded from the Web site of the Human Metabolome Database
(HMDB). Each spectrum was manually aligned, phased, baseline-corrected using the
software of Chenomx 7.6, and then output into R v. 3.1.2 for further processing. The

signal-free segments were set to zero with an intensity threshold. All of the spectra were
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normalized to an equal maximal intensity. The cell extract spectrum was
baseline-corrected with BaselineCorrector, but the signal/noise points were assigned
manually with the expert-defined signal/noise points. One set of 25 uniformly
distributed random coefficients given with U (0.02, 0.2) were generated. One spiked
simulated spectra were produced by summation of spectral intensities of the cell extract
spectrum and the pure compound spectra multiplied by random coefficients. The spectra
were well phased and baseline removed. The imaginary part of these spectra are absent,
so we used ACD to calculated corresponding imaginary part of these spectra by phasing
with phase angles (PHO, PH1) = (0, 0). We then introduced PHO and PH1 error here.
The introduced phase error is observed from 35 plasma samples and the optimal phase
correction by ACD shown in Figure2.5. The phase 0 error is sequence start from 110 to
140 with step size = 5 and phase 1 error is a sequence from -10 to 10 with step size = 5,
so the test phased error combination is for 7*5=35 combinations. Two data sets are
created: noise existed in phase 0 error (FIXED PHI1) and noise existed in phase 1 error
(FIXED_PHO). The introduced noise is Gaussian noise with standard = 1. In
FIXED PHI data set, the phase 1 error introduced stays the same for all data points in
the spectrum but the phase 0 error introduced would be centered at specified phO with

standard deviation = 1.
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(a) The distribution of the PHO distortion (b) The distribution of the PH1 distortion
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Figure 2.5: Phase distortion observation via ACD autosimple phase corrected spectrum. The following subfigures are
the distributions of (a) the PHO distortion and (b) the distribution of the PH1 distortion observed from 30 random

selected samples.

2.3 Theoretical Basis

Each spectrum was generated using ACD/NMR processor version 12.01, and then
output into R v.3.1.2, Chenomx 7.6 and ACD for auto phase correction.

The flowchart of PHASION is shown in Figure 2.6. The autophasing is generally
consisted of two parts: (1) the optimizer and (2) the proposed objective score. In the
optimizer part, the simplex method is the most commonly used method for easy
implementation and the converging process with physical meaning, and can return
acceptable optimized result. In the proposed objective score part, there are more options
and combinations of different objective functions, we will briefly introduce in the

following paragraphs.
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Unphased spectrum

Specify the initial phasing angles

Set pivot point at the largest signal

Phased spectrum Set the sub-optimal phase
angles as initial phasing
angles
Remove the largest signal

Calculate the objective score for the

Difference of the
new and the last
objective scores
is smaller than the
threshold ?

Phase-corrected spectrum
Figure 2.6: The detailed of workflow of PHASION.

2.3.1 Data Pre-processing

In data preprocessing stage, we will process Fourier transformed spectrum before
searching for optimal PHO, PH1 for autophasing. In data pre-processing stage: (1) Pivot
selection, (2) Smile artifact elimination and (3) Partial spectrum selection for
autophasing.

Pivot selection is to define the zero degree of PH1. The spectra we processed are
spectra without removing water signal. In general, the pivot is set at chemical shift of
the highest signal in the spectrum. In most case, the pivot point of "H-NMR spectrum is
set at about 4.8 ppm, the chemical shift of water.

After the pivot point is selected, we remove first and last 800 data points from the

12,113 can be seen at each end of

spectrum. In most of spectrum, the smile artifacts
spectrum pointing up for inappropriate data preprocessing on converting from FID to

spectrum when the FID is with group-delay. And the smile artifact would affect our
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searching for optimal phase angles.

Next step is to keep the spectrum except for the part of spectrum contains largest
intensity in the spectrum with window size 0.6 ppm centered at ppm of the largest signal
in the spectrum. The part of spectrum contains either water signal or the largest signal in
the spectrum is sensitive to the phase change so we select the rest of spectrum, the
spectrum without the largest signal in the original spectrum, to find the optimal phase
angle for the unphased spectrum. With lesser data points and relative stable spectrum,
optimal phase angles searching required less calculation time and the optimal phase

angles searching can converge in shorter time.

2.3.2 Nelder-Mead Optimizer

The Nelder-Mead optimizer is the most commonly used optimizer in optimal phase
angle searching with given scoring function for spectrum autophasing. It’s easy to
understand and the approach is meaningful when working with appropriate scoring
function. Different optimizers have been proposed and someone even doubt the
optimizer really converge to the global optimal, or the optimal phase angle for the
spectrum. The optimal searching would terminate when iteration criteria is met. The
iteration criteria for our proposed algorithm is the rounded off to 2" decimal place
difference of the current phase angles and last phase angles is smaller than 0.1. The
parameters for Nelder-Mead are: Alpha is the reflection factor (default 1.0), beta is the
contraction factor (0.5) and gamma is the expansion factor (2.0) and is illustrated in
Figure 2.7. The initial phase angles selection is an important step for Nelder-Mead
simplex optimizer. The Nelder-Mead simplex optimizer can return proper result by
starting with proper selected initial phase angles. The initial phase angles are selected by

searching the minimum of the proposed objective score over (PH0,0) space. PHO space
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is expanded by a sequence which starts from -180 to 180 with step size =5.
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Figure 2.7: The Nelder-Mead simplex optimizer. The triangle SLM for Nelder-Mead simplex optimizer. The
Nelder-Mead simplex optimizer is decided by three scaling factors: alpha, beta and gamma. Alpha is the reflection
factor (default 1.0), beta is the contraction factor (0.5) and gamma is the expansion factor (2.0). The red triangle

would transform its shape during optimization and moving toward the optimal solution of searching space.
2.3.3  Scoring Function

The proposed scoring function is composed of two parts: (1) The difference of
baseline shoulder and (2) The normalized averaged summed negative area penalty. The
penalty in scoring function can be seen in de Brouwer’s approach.” The penalty would
penalize when sharp narrow downward peaks are present in real part of phased
spectrum to facilitate optimizer returning least negative peaks in phased spectrum with
optimal phase angle pair (PHO, PH1).

The score to describe the baseline differences between two parts spectrum,
sdBLdiff, is proposed to find the optimal phase angle which phased spectrum with flat
baseline. The sdBLdiff is composed of the distance between the baseline and zero line

and the baseline difference between two parts of spectrum. The 1% part of spectrum is
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the spectrum from first point of the spectrum to maxintH. The ond part of spectrum, is
the spectrum from maxintT to last point of the spectrum. maxintH and maxintT are the
first and the last point of the largest signal in the spectrum, respectively. A
phase-corrected spectrum should be the spectrum with baseline closed to zero and most
data points with positive intensities. The sdBLdiff is calculated with the following

equation:

\/ sd(Re,; ) xsd(Re; ) —mean(Re,;,Re;)
max(Re)
Re,, :{ReieRe|0<i < maxintH AND Re, <O} D

Re, :{Rei € Re‘ maxintT <i < | Re |AND Re, < 0}

where Re is the real part of spectrum, Rey is the set of data points from the 1% part of

x|min(Re,,Re; )+ meanBL
sdBLdiffz‘ | wRer)

spectrum with negative intensity, Rer is the set of data points from the o part of the

spectrum with negative intensity.
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Figure 2.8: The illustration of how sdBLdiff is calculated. The black and red lines represent the phased spectrum
and unphased spectrum, respectively. The green vertical lines are boundary lines of the highest signal in the
spectrum. The red arrow indicates the minimum negative intensity in 1% part of spectrum. The blue arrow indicates

the standard deviation of the negative intensities in 1% part of spectrum.

The meanBL is the score to describe the area between first deciles of 1% part of the
spectrum and 2™ part of the spectrum of spectrum and zero line. The baseline of the
spectrum can be approximated by computing first deciles of the spectrum, the intensity
which is larger than 10% of intensities in the spectrum. A phase-corrected spectrum
should be the spectrum with baseline closed to zero, with least summation of green area

in Figure 2.9. The meanBL is calculated with the following equation:

meanBL = |quantile(Relst,O. 1)x length(Relst)| + |quanti1e(ReZHd,0. 1) xlength(Re,, )| ()
where Rey is 1 part of the spectrum, Reyng is 2™ part of spectrum.
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Figure 2.9: The illustration of how the area between zero and first deciles of two parts of spectrum is calculated.
The black and red lines represent the phased spectrum and unphased spectrum, respectively. The green vertical
lines are boundary lines of the highest signal in the spectrum. The green colored area represents the area of between

zero and first deciles of two parts of spectrum.

The normalized averaged summed negative area, NSMnegPenalty, is the
summation of negative intensity in the spectrum phasing with (PHO, PH1). The summed
negative area is proposed to find the spectrum phased with the optimal phase angles
with least negative intensity. A phase-corrected spectrum should be the spectrum with
least data point with negative intensity, with least summation of red area in Figure 2.10.
NSMnegPenalty is calculated with the following equation:

2_[Rd

NSMnegPendty = Neg
8 Y max(Re)x|Neg| 3)

Neg :{i|Rei<0}
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Figure 2.10: The illustration of how the normalized averaged summed negative area is calculated. The black and
red lines represent the phased spectrum and unphased spectrum, respectively. The red colored area represents the

summed area of negative intensity of the unphased spectrum.

The proposed scoring function is composed of the difference of baseline shoulder
(sdBLdiff) and the normalized averaged summed negative area (NSMnegPenalty) with
appropriate weighting on these proposed scores and the proposed scoring function is
described in following equation:

ScoringFunction = sdBLdiff + 10000 x NSMnegPenalty 4)

2.3.4 Performance Evaluation of PHAS ON on Phase Correction

In general, there is no objective measurement of how ill-phased the spectrum is, so
here we try to propose a new measurement for spectrum distortion. To evaluate the

performance of phase correction on synthesized spiked spectra, the objective
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measurement is defined as normalized SSE, normalized sum of squared error, of
original spectrum and phased spectrum. The larger value is, the stronger the distortion is.

The normalized SSE is calculated with the following equation:

2.(O —NR)’
normalizedSSE=—"————— ©)

2.0’

i
where Oj is the real part of ith data in the original spectrum, NP; is the real part of ith
data point in the phased spectrum with intensity normalized to the maximum intensity
of original spectrum.

To evaluate the performance of phase correction on synthesized spectra, the
objective measurement are the proposed scoring function and the normalized SSE of
original spectrum and phase-corrected spectrum is used for objective measurement of
phase correction. The selected NMR phase correction softwares to be comprared with
our algorithm are ACD NMR Spectroscopy Softwares (Advanced Chemistry
Development, Inc., ACD/Laboratories,Canada) and Chenomx (Chenomx Inc.,Canada).

To evaluate the performance of phase correction on spectra of complex
metabolomics sample, the only available objective measurement is the proposed scoring
function. The normalized SSE is not used because we can’t define phase-corrected

spectra to be compared with phased spectrum by different algorithms.

2.4 Result and Discussion

2.4.1 Convergence of Nelder-Mead Optimization

Figure 2.11 shows how Nelder-Mead optimization on searching the optimal phase
over PHO-PH1 plane with different initial phase angles. The optimizer with our

proposed objective score did not converge to global optimal but trap in local optimal in
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most cases, that is, the initial phase angles are important for whether Nelder-Mead
simplex optimizer would converge to the optimal phase angles. In Figure 2.11(a). The
spectrum phased with (0, 0) as initial phase angles converge to (0, 0) for the score
distribution around (0, 0) almost stay the same. The score distribution over PHO-PH1 is

plotted in Figure 2.11(b).
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Figure 2.11: Different optimization searching approaches for selecting the optimal phase angle. The green vertical
lines are boundary lines of the highest signal in the spectrum. (a) The spectrum phased with the optimal phase
angles searching with initial phase angles assigned with (ph0*, ph1¥), (ph0*, 0) and (0, 0) are colored in red, black
and blue, respectively. (b) The score distribution over (PHO, PH1). The optimal phase angles searching with
different initial phase angles assigned with (ph0*, ph1%*), (ph0*, 0) and (0, 0) are labeled as green star, black circle
and blue triangle, respectively. Yellow and red colored block represent the score of given (ph0, phl) is high and low

respectively.

The score around (PHO, PH1)=(0, 0) stays high score. No score change around this
area is the main reason for Nelder-Mead simplex optimizer trapped at (0, 0) when
finding optimal phase angles in the (PHO, PH1) plane of proposed scoring function. The
spectrum phased with (ph0*, 0) and spectrum phased with (phO*, phl*) both return
nicely phased spectrum can be seen in Figure 2.11 (red line and black line). The only

major differences between these two results are the time consumption. The time
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consumption for finding initial phase angles and find optimal phase angles with given
initial phase angle (ph0*, 0) and (phO*, ph1*) are 3 and148 seconds, respectively. The
searching space for finding (phO*, 0) is a sequence starts from -180 to 180 with
setpsize=5 on PHO. The searching space for finding (ph0*, ph1*) is a sequence starts
from -180 to 180 with setpsize=5 on PHO and another sequence starts from -360 to 360

with step size =5.

2.4.2 Comparison of Different Pre-processing Methods

Figure 2.12 shows the phased spectra using different pivot points. Among these
spectra, the most likely phase-corrected spectrum is the one phased with pivot point set
at the largest signal in the spectrum, the water signal (Figure 2.12 (c)). The other
spectrum phasing with pivot point set at chemical shift=0 (Figure 2.12 (b)) or randomly

set (Figure 2.12 (a)) show half of spectrum with negative intensities.
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Figure 2.12: Effect of proposed data processing steps for phasing: phase optimization using different pivot points.
The green vertical lines are boundary lines of the highest signal in the spectrum. (a) The phased spectrum with pivot
point set at arbitrary point (ppm=2.49). (b) The phased spectrum with pivot point set at chemical shift=0 (ppm=0). (c)

The phased spectrum with pivot point set at the highest signal in the spectrum (ppm=4.8).

Figure 2.13 shows the phased spectra using different scoring functions and

examines how the segment of spectrum with largest signal would interfere with optimal
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phase angle searching. The two spectra are phase-corrected by optimal phase angles of
optimization with whole spectrum and largest signal removed spectrum. The difference
between these two results is the phase-correction near the largest signal in the spectrum.
The spectrum phased optimal phase angle with complete spectrum during optimization
is distorted near the largest signal in the spectrum ranging from 4 to 7 ppm. In data
processing, the water signal can be removed afterward so distortion at this area is

acceptable, but in Figure 2.13 the segments of spectrum near water signal distorted are
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Figure 2.13: Effect of proposed data processing steps for phasing: phase optimization using partial spectrum. Two
green vertical lines represent the location of water signal. The phased spectrum with complete spectrum and partial

spectrum are colored in red and black, respectively.

Figure 2.14 shows the phased spectra using different weightings on penalty,
NSMnegPenalty, in objective function to demonstrate how different penalty weightings
affect the phased spectrum and how they affected. The results show the spectrum
optimized with heavier penalty (Figure 2.14(c)) with relative flat baseline but the whole
spectrum lifted up from zero to avoid heavy penalty from having negative intensity in

phased spectrum. The one with no penalty (Figure 2.14(a)) comes with distorted
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spectrum near the largest signal in the spectrum. The one with light penalty (Figure
2.14(b)), 10% of penalty, with larger difference between baseline of 1* part of spectrum
and 2™ part of spectrum, when comparing with the spectrum phased with normal

penalty.
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Figure 2.14: Effect of proposed data processing steps for phasing: phase optimization using different types of
penalties. Two green vertical lines represent the location of water signal. (a) The phased spectrum with no penalty and
normal penalty are colored in red and black, respectively. (b) The phased spectrum with 10% penalty and normal
penalty are colored in green and black, respectively. (c) The phased spectrum with 10 times penalty and normal

penalty are colored in blue and black, respectively.

Figure 2.15 shows the phased spectra whether the smile artifact would affect
optimal phase angles searching. In the result we can see, there is difference in the part of
spectrum near the largest signal in the spectrum. The phased spectrum optimization
using spectrum with smile artifacts (Figure 2.15 red line) have stronger distortion near
the largest signal when comparing with the spectrum optimization using spectrum

without smile artifacts.
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Figure 2.15: Effect of proposed data processing steps for phasing: phase optimization with the smile elimination.
Two green vertical lines represent the location of water signal. The phased spectrums with smile artifact and without

smile artifact are colored in red and black, respectively.

2.4.3 Comparison of Performance on Synthesized Spectra with

Gaussian Noise Introduced

(a) PHO distorted with Gaussian noise (sd=1) (C) PHO distorted with Gaussian noise (sd=1)
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Figure 2.16: Evaluation of different autophasing algorithms on synthesized data. The synthesized data with the

PHO distorted with Gaussian noise (sd=1).
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Figure 2.17: Evaluation of different autophasing algorithms on synthesized data. The synthesized data with the

PH1 distorted with Gaussian noise (sd=1).

Figure 2.16 and Figure 2.17, we can hardly see the difference among the phased
spectra and original spectrum in both the PHO and the PH1 distorted and with Gaussian
noise. Figure 2.18 and Figure 2.19 show the difference between these phased spectra
and original spectrum in both the PHO and the PH1 distorted and with Gaussian noise.
The difference is shown in normalized SSE. In Figure 2.18, all phased spectra show
large difference between phased spectrum and original spectrum at both ends of
spectrum and the chemical shift range from 4.8 ppm to 5.7 ppm. The large difference
happened at end of spectrum is phasing with inappropriate PHO. The large difference
happened at chemical shift range from 4.8 ppm to 5.7 ppm is inappropriate pivot point

is set.
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Figure 2.18: Evaluation of different autophasing algorithms on synthesized data introduced with the PHO distorted

with Gaussian noise (sd=1).

In Figure 2.19, all phased spectra show similar result we observed in Figure 2.18,
the large difference between phased spectrum and original spectrum at both ends of
spectrum and the chemical shift range from 4.8 ppm to 5.7 ppm. However, in Figure
2.19(c), PHASION phased spectrum show smaller difference between PHASION
phased spectrum and original spectrum than the other spectra phased with different
algorithms. The PHASION is generally good at finding optimal PHO for spectrum
phasing and the optimal PHO can be easier found when PHO is not interfered by the

noise existed spectrum.

(a) ACD (b) Chenomx (©) PHASION

40

30

10

Normalized SSE (%)
20

*

0

MMA ,LMM%.JML'." i
B ; 4 2

Chemical shift (ppm) Chemical shift (ppm) Chemical shift (ppm)

Figure 2.19: Evaluation of different autophasing algorithms on synthesized data introduced with the PH1 distorted

with Gaussian noise (sd=1).
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In Figure 2.20 the normalized SSE is shown with average and standard deviation
of 35 synthesized data for each chemical shift segments. In Figure 2.20(a), ACD (red
line) and PHASION (green line) show similar result except PHASION shows gradually
increasing difference between normalized SSE of ACD and normalized SSE of
PHASION at chemical shift range from 0 ppm to 3 ppm. In Figure 2.20(b), ACD (red
line) and PHASION (green line) show similar result except PHASION shows gradually
increasing difference between normalized SSE of ACD and normalized SSE of
PHASION at chemical shift range from 4.8 ppm to 9.6 ppm. Except for Chenomx and

ACD, PHASION show difference phase correction on data with different types of noise.

(a) PHO distorted with Gaussian noise (0,1) (b) PH1 distorted with Gaussian noise (0,1)
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Figure 2.20: Evaluation of different autophasing algorithms on synthesized data with normalized SSE with average
over 35 synthesized data on each chemical shift range. The bar represents the standard deviation of 35 synthesized
data. The results of the synthesized data introduced with the PHO distorted with Gaussian noise (sd=1) are shown in
left panel. The results of the synthesized data introduced with the PH1 distorted with Gaussian noise (sd=1) are
shown in right panel. The result of ACD, Chenomx and PHASION phased result is colored in red, black and green,

respectively.

In Figure 2.21, the comparison of autophasing 35 synthesized data with introduced
Gaussian noise in phase error. Proposed score for optimal phase angles searching used
in PHASION show different result. In the result of PHO distorted with Gaussian noise

data set, the proposed score show similar result in SSE (Chenoomx > ACD >
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PHASION). However, in the result of PH1 distorted with Gaussian noise data set, ACD
is lower than PHASION in SSE, but ACD is higher than PHASION in proposed score.
The proper explanation is the baseline would affect PHASION on finding optimal phase
angles

SSE Proposed Score SSE Proposed Score
(PHO distorted with noise) (PHO distorted with noise) (PH1 distorted with noise) (PH1 distorted with noise)

o
2 -
&
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Average of all data
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Figure 2.21: Evaluation of different autophasing algorithms on synthesized data with normalized SSE and Proposed
Score. The results of the synthesized data introduced with the PHO distorted with Gaussian noise (sd=1) are shown in
left panel. The results of the synthesized data introduced with the PH1 distorted with Gaussian noise (sd=1) are

shown in right panel.

Figure 2.22 shows how PHASION find the optimal phase angles for the spectrum
with baseline not centered at zero. The original spectrum with baseline lifted up from
zero (green line). PHASION was proposed on assume the baseline of unphased
spectrum should centered at zero and the phased spectrum using optimal phase angles
should with baseline centered at zero. So in this case, multiple distorted segments of
spectrum, baseline of spectrum goes down and suddenly goes different direction, vice

versa, can be seen in PASION phased spectrum.
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Figure 2.22: PHASION phasing spectrum with baseline not equals to zero

Figure 2.23 shows how PHASION find the optimal phase angles for the spectrum
with baseline locate around zero. The original spectrum in moved to zero by subtracting

a value for all data points in the spectrum. The PHASION phase spectrum now shows
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Figure 2.23: PHASION phasing with spectrum baseline equals to zero

no distorted segments in spectrum which can be seen in Figure 2.24.
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2.4.4 Comparison of Performance on Complex Metabolomic Plasma
Samples

In Figure 2.24 a-c, the ACD phased spectrum is similar to PHASON phased
spectrum. The only difference between them is lifted baseline. The Chenomx phased
spectrum return worst result with baseline below zero and strongly distorted baseline at

water signal.

(a) ACD phased spectrum (b) Chenomx phased spectrum (c) PHASION phased spectrum
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Figure 2.24: Comparison of different phasing methods on real sample. (a), (b) and (c) are the phased spectrum. (d),

(e) and (f) are the baseline removed phased spectrum.

We try to see which one is with better baseline removed result, so we apply
baseline removal® to these phased spectra. In the baseline removed spectra (Figure 2.24
d-f), the ACD phased spectrum and PHASON phased spectrum become comparable
while the Chenomx phased spectrum is still with strong distortion at water signal, even
though the water signal in general is ignored but the segment next to the water area is

also strongly distorted.
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In Figure 2.25, the comparison of autophasing on metabolomics complex plasma
sample data, again, we can see our proposed algorithm shows better result in proposed
scoring function. In general, the baseline of unphased spectrum is near zero, so the low
proposed score with high normalized SSE scenario won’t be see here, so we can treat
proposed score as approximated normalized SSE and says PHASION can find optimal
phase angles and return least distortions when comparing with ACD and Chenomx
autophasing algorithm.

(Proposed score) Real Samples
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100
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o - ——
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Figure 2.25: Evaluation of different autophasing algorithms on synthesized data with proposed score.

Comparing the results of phasing on synthesized data and complex samples, in most
complex samples, the baseline is flat and closed to zero before spectrum phasing.
Therefore, the noise in PHO is less likely to be seen when phasing spectrum of complex

sample.
25 Conclusion

The proposed autophasing algorithm, PHASION, is independent from any
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commercial software and gives user more flexibility to processing data. It is hoped that
the study will stimulate further study in metabolomics analyzing by NMR. PHASION
achieves better phasing spectrum than the autophasing algorithms implemented in
commonly used NMR data processing software.

PHASION can achieve by optimization using spectrum with pivot point set at
largest signal in the spectrum, smile artifacts eliminated and the spectrum exclude
largest signal.

PHASION can autophasing multiple files without any manual operation required.
This is a major advantage over other two softwares. In ACD, users need to write macro
script for batch processing and still need to select data import setting for each file before
macro processing. In Chenomx, batch processing only available in commercial version.
However PHASION is sensitive to spectrum with baseline not equals to zero, so move
baseline to zero is needed in preprocessing stage. It is hoped that the study will

stimulate further study in this field.
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LC-MS
m/z
RT
QC

KDE

'H-NMR
FID
PHO
PHI
SSE

Table of Abbreviations

Liquid Chromatography-Mass Spectrometry
Mass-to-charge ratio

Retention time

Quality Control Sample

Kernel Density Estimation

Proton Nuclear Magnetic Resonance Spectrometry
Free Induction Decay

Zero-order phase

First-order phase

Sum of squared error
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Appendix

Table A-1 Information of 50 forensic drugs

No Name Formula Cut off values (ng/mL)
1 morphine C17HI9NO3 200
2 norephedrine COH13NO 300
3 aminorex C9H10N20 300
4 pseudoephedrine C10H15NO 300
5 nalorphine CI9H2INO3 300
6 methylephedrine C11H17NO 300
7 dihydrocodeine C18H23NO3 300
8 codeine CI18H21NO3 300
9 amphetamine COHI13N 300
10 methamphetamine C10H15N 300
11 MDA CI10H13NO2 500
12 MDMA CI11HI5NO2 500
13 PMA CI10H15NO 300
14 PMMA C11H17NO 300
15 MDEA C12H17NO2 500
16 phentermine CI0H1I5N 300
17 norketamine C12H14CINO 100
18  ketamine C13H16CINO 100
19 tramadol C16H25N0O2 300
20 heroine C21H23NO5 300
21 cocaine C17H21INO4 300
22 methylphenidate CI14H19NO2 300
23 meperidine C15H21INO2 200
24  2C-B C10H14BrNO2 300
25  zolpidem CI19H21IN30 300
26 7-aminoflunitrazepam C16H14FN30 300
27 LSD C20H25N30 300
28  butorphanol C21H29NO2 300
29 pentazocine CI19H27NO 200
30 PCP C17H25N 300
31  meprobamate COH18N204 300
32 fentanyl C22H28N20 200
33 flurazepam C21H23CIEN30 300
34 midazolam C18H13CIFN3 300
35  bromazepam C14H10BrN30O 300
36 chlordiazepoxide C16H14CIN30O 300
37  nitrazepam C15H11N303 300
38  clonazepam C15H10CIN30O3 300
39 methadone C21H27NO 200
40  flunitrazepam C16H12FN303 300
41 estazolam C16H11CIN4 300
42 clobazem C16H13CIN202 300
43 oxazepam C15H11CIN202 300
44 alprazolam C17H13CIN4 300
45 lorazepam CI5H10CI2N202 300
46 temazepam C16H13CIN202 300
47 lormetazepam C16H12CI2N202 300
48  nordiazepam C15H11CIN20 300
49  diazepam C16H13CIN20 300
50  prazepam CI9H17CIN20 300
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