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Abstract

The success of precision medicine relies upon collecting data from many individuals at

the population level. Although advancing technologies have made such large-scale studies
increasingly feasible in some disciplines such as genomics, the standard workflows currently
implemented in untargeted metabolomics were developed for small sample numbers and are
limited by the processing of liquid chromatography/mass spectrometry data. Here we present an
untargeted metabolomics workflow that is designed to support large-scale projects with thousands
of biospecimens. Our strategy is to first evaluate a reference sample created by pooling aliquots
of biospecimens from the cohort. The reference sample captures the chemical complexity of the
biological matrix in a small number of analytical runs, which can subsequently be processed

with conventional software such as XCMS. Although this generates thousands of so-called
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features, most do not correspond to unique compounds from the samples and can be filtered with
established informatics tools. The features remaining represent a comprehensive set of biologically
relevant reference chemicals that can then be extracted from the entire cohort’s raw data on the
basis of mlzvalues and retention times by using Skyline. To demonstrate applicability to large
cohorts, we evaluated >2000 human plasma samples with our workflow. We focused our analysis
on 360 identified compounds, but we also profiled >3000 unknowns from the plasma samples. As
part of our workflow, we tested 14 different computational approaches for batch correction and
found that a random forest-based approach outperformed the others. The corrected data revealed
distinct profiles that were associated with the geographic location of participants.
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Introduction

The goal of precision medicine is to identify subgroups within the population for whom
strategies to prevent, diagnose, and treat disease states can be uniquely tailored.! It is
expected that studies of large, diverse, and longitudinal cohorts will be critical to accelerate
progress toward this end over the next decade.? Indeed, research projects having hundreds
of thousands of participants are already emerging with the FinnGen3, UK Biobank,* and A/
of Us cohorts®. Given the key role of metabolism in health and diagnostics, the application
of untargeted metabolomics to big cohorts promises to inform the practice of precision
medicine in ways that are highly complementary to other technologies such as genomics. At
this time, however, standard data-processing workflows used in untargeted metabolomics are
not amenable to such large sample sizes.

When performing untargeted metabolomics with liquid chromatography/mass spectrometry
(LC/MS), a typical biological specimen yields thousands of signals having unique m/z
values and retention times, often referred to as “features”. After features are detected from
each individual sample, it must be determined which represent the same analyte across all
of the LC/MS runs, a process known as alignment or correspondence determination.® The
intensity of every feature from each aligned sample must then be assessed. A complication
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is that experimental drift is compound specific and introduces nonlinear measurement errors
of variable magnitude throughout an experiment. Considering the number of features in a
conventional untargeted metabolomics experiment, it is therefore impractical to process and
interpret the data by manually inspecting all of the features at the global scale.

Over the last two decades, several software platforms such as mzMine, XCMS, and MS-
DIAL have emerged for automated processing of untargeted metabolomics data. These
informatics tools are highly effective and widely used for the analysis of small cohorts,
but they were not designed to support projects with thousands of samples. Although
methods for feature detection can generally be applied to each data file separately,

making analysis of large sample numbers cumbersome but feasible, algorithms for
correspondence determination are not as readily scaled. Methods such as Obiwarp within
XCMS were designed to process all of the data files on one computing workstation at

the same time. As the number of samples being evaluated grows, the amount of memory
required for data processing increases and can eventually prevent the analysis from being
completed. The specific number of samples that can be supported depends upon the user’s
available computing power and software, but a recent report indicated that programs for
untargeted metabolomics reproducibly crash when processing 250 data files or more.”
Although approaches, such as SLAW?, have developed modified algorithms with a lower
computational overhead, user-friendly tools for processing large sample sets remain limited.

The objective of this work was to develop an untargeted metabolomics workflow to
support the Long-Life Family Study (LLFS)8, a population-based effort to investigate
exceptional longevity and healthy aging. LLFS is a longitudinal, multicenter, multinational,
and multigenerational study that requires multi-omics analysis of > 12,000 human plasma
samples. Here, as a proof of concept, we present a metabolomics analysis of ~2000
samples. Rather than developing new algorithms for processing large datasets, our strategy
was to integrate conventional informatics tools into a workflow that minimizes the data
burden of untargeted metabolomics. We first created pooled reference samples by mixing
small aliquots of plasma samples from different participant subsets.910 We then subjected
the pooled reference samples to the standard data-processing pipeline in untargeted
metabolomics, thereby generating a table of tens of thousands of features. After filtering
features arising from background and degeneracy, we obtained a comprehensive set of
unique and biologically relevant metabolites that we could subsequently extract from the
data of each individual plasma sample in the cohort by using /7/z values and retention
times within Skyline. Establishing this workflow enabled us to optimize methods to extract
metabolites from plasma and to correct for batch effects and retention-time drifts in
population-based studies such as LLFS.

Experimental Section

Samples

Blood samples were collected at participants’ homes in dipotassium
ethylenediaminetetraacetic acid (K2- EDTA) collection tubes, which were immediately
placed on a frozen gel pack. After shipment to the laboratory via courier or postal service,
the samples were then centrifuged to isolate plasma, which was subsequently stored at =80
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°C. Pooled samples were prepared from a subset of plasma samples to serve as quality
control (QC) samples and for use in peak-list formation and metabolite identification (see
Supporting Information). The QC sample was prepared from 58 samples of the first analysis
batch. We thereby avoided subjecting samples to an additional freeze-thaw cycle. Generating
a pooled sample from all subject specimens in the study was unfeasible because some
samples were not available when the analysis started (blood draws were still ongoing).

QC aliquots were stored at —80 °C. Additionally, a SPLASH Lipidomix kit (Avanti Polar
Lipids), a deuterium labeled lipid mix designed for human plasma analysis, was used as an
internal standard in QC samples for lipid metabolite analysis. The QC sample was injected
after every 12th research sample.

Metabolite Extraction, LC/MS, and LC/MS/MS Analysis

To maximize coverage while minimizing sample-preparation time, we performed a solid-
phase extraction (SPE) to isolate polar and lipid metabolites. One batch of plasma samples
at a time was thawed on ice and vortexed. Each batch typically consisted of 92 research
samples, 2 QC samples, and 2 blanks. An aliquot of each sample was then transferred into
a 96-well SPE plate. A two-step extraction with either acetonitrile/methanol and methyl
tert-butyl ether/methanol was used to obtain polar and lipid metabolites in separate fractions
(Figure S1). Using SPE eliminates the need for a centrifugation to remove the protein
fraction of the samples. The lipid extract was dried under a nitrogen flow and reconstituted
prior to analysis via reversed-phase (RP) chromatography coupled to high-resolution mass
spectrometry (HRMS) in positive mode. Polar metabolite extracts were directly analyzed
(without any drying step) via hydrophilic interaction liquid chromatography (HILIC)
coupled to HRMS in negative mode. For both LC/MS analyses, samples were randomized.
Additionally, LC/MS/MS data were acquired to aid metabolite identification. Even though
we did not collect positive-mode and negative-mode data for both lipid and polar metabolite
extracts because of time constraints, doing so would be beneficial when resources permit.
Blank samples were injected at the beginning and end of each worklist and used for
background peak detection/removal. Representative total ion chromatograms for blank,
study, and QC samples for both lipid and polar metabolite extracts are shown in Figure

S2. We note that, although substantial signal is observed for the blank samples, features
whose intensities were not at least three times higher in study samples than the blank were
removed from downstream analysis. A detailed description of the metabolite extraction and
LC/MS analysis can be found in the Supporting Information.

Generating Peak Lists

A peak list for polar metabolites was generated by combining the results of centwavell peak
detection (within XCMS12), background subtraction, and adduct selection (CAMERA3)
from six pooled samples composed of distinct sample subsets. Additionally, a similar
workflow was performed within the AcquireX1* software on three additional pooled
samples, and the unfiltered features from this analysis were combined with the XCMS
results. The R and Python scripts used to perform the peak detection analysis are available
on GitHub (https://github.com/pattilab/metabolomics_workflow) and includes the values of
all parameters utilized. A peak list for the lipid metabolites was directly generated based on
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identifications from Lipid Annotator (Agilent Technologies). We note that any workflow or
software can be used to generate peaks lists.

Metabolite Identification

Identification of polar metabolites was supported by matching the accurate mass and
MS/MS fragmentation data to our in-house MS/MS library created from authentic reference
standards and online MS/MS libraries with our DecolD® software. For online database
searching, the top hit for each feature with a dot-product similarity of greater than 80

was considered as the putative identification. These results were further filtered by using
in-house retention times, predicted retention times from a method similar to ReTip16, and
manual curation to remove noise peaks, interfered peaks, and incorrect identifications.

MSI identification levels!? are given in Tables S1 and S2 for polar and lipid metabolites,
respectively. Code and scripts used to perform the automated portion of the metabolite
identification workflow are available on GitHub. Lipid iterative MS/MS data were annotated
with the Lipid Annotator, and lipid identifications were provided as sum compositions
because insufficient information was available to deduce specific fatty-acid compositions.
Lipid identifications were subject to the same manual curation as applied to the polar
metabolite data. We note that any workflow or software can be used for compound
identification.

Extracting Peak Areas

Following the generation of a peak list and metabolite identification, all data files were
analyzed in Skylinel8 (version 20.1.0.155) batch per batch to obtain peak areas. The m/z
values of the metabolite target lists were used to extract peak areas under consideration of
retention times or indexed retention times (iRT) (see Supporting Information). Because the
data were being acquired over several months, 14 different batch correction approaches were
tested for peak-area normalization (see Supporting Information).

Results and Discussion

The presented strategy to analyze large cohorts with untargeted metabolomics is based on
the observation that most of the features in an experiment do not correspond to unique
metabolites of biological relevance.19 Rather than attempting to evaluate each of these
features in every sample, we use a small number of pooled reference samples to annotate
features of interest. The process reduces the data burden of untargeted metabolomics

such that informatics tools typically applied to targeted studies can be leveraged to

profile identified and unidentified features efficiently and rapidly, without the need to
subject each research sample to computationally intensive analyses (e.g., peak detection,
correspondence determination, peak grouping, and metabolite identification). A schematic of
the workflow is shown in Figure 1. As a demonstration, we applied our workflow to analyze
a subset of ~2000 human plasma samples from LLFS. A description of each step of the
workflow is provided below, with further details in the Experimental Section and Supporting
Information.
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Sample Preparation and Data Acquisition

Before LC/MS data were acquired for the LLFS sample set, we organized the 2005 plasma
samples into 22 batches (mostly 92 samples per batch). Longitudinal samples from the same
participant were included within the same batch. Polar and lipid metabolites were extracted
from plasma samples into 96-well plates by using SPE. A pooled sample was prepared from
the first batch of the LLFS sample set to serve as a QC sample. All samples were analyzed
via LC/MS. Additional pooled samples (see Supporting Information) were prepared and
analyzed via LC/MS/MS for metabolite identification.

Data Processing for Pooled Samples and Subsequent Data Extraction

The data collected from pooled samples were subjected to a standard processing workflow
for untargeted metabolomics. Namely, we applied feature detection, grouping, filtering of
background and degeneracy, and MS/MS-based compound identification to form a peak
list of putatively identified metabolites that are suitable for multi-omics integration. The
peak list of identified polar and lipid metabolites can be found in Tables S1 and S2,
respectively. To demonstrate that this workflow is compatible with analysis of unknowns at
the scale typically seen in untargeted metabolomics studies, we also added more than 3000
unidentified features to the peak list.

After generating the peak list, peak areas were extracted from the research and QC samples
in a batch-by-batch fashion by using Skylinel®. The Skyline command-line interface can be
used to automatically generate a document for each batch. For polar metabolites separated
with HILIC, retention times were stable for all samples within a batch (see Figure S3). Thus,
retention-time bounds were set by inspection of the QC samples within each batch, and these
bounds were applied to all samples by importing peak boundaries for each sample. Although
we used a Python script to generate the peak boundary import file in the current work, this

is no longer necessary when using the “Synchronize Integration” function in Skyline 21.2,
which was released after we performed our data processing.

Retention-time values were generally stable across all experiments. Even though lipid
metabolites tended to show more drift than polar metabolites, only five samples

from all of our lipid runs had retention-time deviations greater than 0.25 min.

Among those compounds that showed retention-time drifts, lysophosphatidylcholines and
lysophosphatidylethanolamines were most pronounced in specific samples within each
batch, which may be attributed to matrix effects (Figure S4). Accordingly, we applied the
concept of iRT, which was initially established for proteomics2® and recently applied to
lipids2L. In brief, two to three compounds per lipid class that are of high intensity and easily
distinguished from nearby peaks were chosen as indexing compounds. When importing

all data files into Skyline in centroid mode, the peaks for the indexing compounds were
consistently picked correctly. Incorrect peak assignments were corrected by inspection of
the retention time replicate comparison plots and manual adjustment of peak boundaries

to ensure that the apex of all indexing peaks was within the integration boundaries. The
retention times for the indexing compounds were then used in a Python script to adjust and
generate peak boundaries for all compounds in all samples (further details are provided

in the Supporting Information). Upon importing those boundaries, correct integration
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was manually verified before peak areas were exported. We found that this strategy can
efficiently correct retention time shifts of over 1 min. In total, after peak area extraction

in Skyline, 172 identified polar metabolites, 188 identified lipid metabolites, and 3421
unidentified features from the polar data were profiled across 2001 research samples and 197
QC samples in the LLFS sample set. Of note, four research samples were excluded from
downstream analysis because of uncharacteristically low signal abundance. Extracting peak
areas with the process described above takes an experienced researcher 20-30 min per batch
of samples analyzed. The major time investment is defining and curating the peak list that is
formed from analysis of the pooled sample. In the case of LLFS, defining a peak list took
several weeks and included acquisition of extensive MS/MS data, manual removal of artifact
peaks and interferences, and review of metabolite identifications. The time required to form
this peak list will depend on the study and the number of nonbiological and redundant
signals filtered.

Comparing Metabolite Coverage from a Pooled Sample to Individually Measured Samples

Limiting data processing to pooled samples greatly reduces the computational burden of
untargeted metabolomics, but a potential drawback is that low-abundance compounds only
present in a small number of research samples will be missed. To determine the number

of features missed by only performing data processing on pooled samples, we evaluated a
subset of 58 research samples from LLFS. For this analysis, nine replicate injections of a
pooled sample were created by mixing small aliquots of each of the 58 research samples.
Then, feature detection, background subtraction, and selection for M +/- H ions on each
of the 58 research samples, the 9 pooled samples, and 4 blank samples were performed.
Peaks were detected with centwave, 1! and features with peak areas less than 10,000 in a
particular sample were classified as undetected in that sample. Background subtraction was
accomplished by removing features having an intensity in the blank sample that was lower
than one-third the intensity of the research or pooled sample.1* M +/- H ions were selected
by applying the CAMERA software package.13

After applying our data-processing workflow, we made a list compiling all of the features
that were detected from each of the 58 research samples. The list, which was composed

of 5894 total features, included features that were only detected from a single research
sample. A total of 3241 features (both identified and unknowns) from the list were detected
in at least one replicate of the pooled sample (see Figure S5a). To assess the biological
relevance of the features not detected in the pooled sample, we searched the m/z values

of all features against endogenous metabolites in the Human Metabolome Database?? and
the Kyoto Encyclopedia of Genes and Genomes?3. In total, 40.4% of the features detected
in the pooled sample had at least one hit in the databases. Of the features missed in the
pooled sample, only 32.2% had a database hit, suggesting that these missed features were
more likely to be exogenous metabolites (e.g., drugs, environmental toxins, and cosmetics).
Additionally, features not detected in the pooled sample were found on average in less than
10% of the individual samples (see Figure S5b). In contrast, features detected in the pooled
samples were present in the majority of the individual samples (Figure S5c). Features not
detected in the pooled samples were also an order of magnitude lower in abundance (Figure
S5d,e).
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These data reveal that, although there is a reduction in the number of detected features when
using a pooled sample, the missing features are above the limit of detection in only a small
subset of research samples. It has been suggested previously that features not detected in

at least 70% of the samples in an untargeted metabolomics study be excluded from the
analysis, irrespective of the data-processing workflow.19 With this threshold, the number of
features missed by only subjecting a pooled sample to data processing would be reduced to
just 52 (<1% of total features). Another major complication of pursuing features that cannot
be detected in the pooled samples is that they are challenging to normalize with respect to
batch effects and technical variation. Thus, even though features detected in a small number
of samples might be of biological interest, more sensitive methods will need to be developed
to evaluate them. At the present time, no matter the data-processing workflow applied, these
features are not well suited for large-scale studies.

Data Postprocessing

After extracting peak areas, missing values must be removed from the data to facilitate
downstream processing. In our workflow using pooled samples, because of the targeted
extraction of peak areas, missing values were infrequent (< 0.03% of all measurements)

and most likely arose from metabolites at concentrations below the limit of detection of the
instrument rather than random metabolite dropout during peak detection. Thus, we imputed
missing values with the half minimum approach?4:25, When comparing the frequency of
missing values produced with targeted extraction and conventional XCMS-based processing,
we found that 9.2% of all peak areas for a single batch of the LLFS samples were missing
values when XCMS was employed. In contrast, less than 0.001% of all measurements

were missing values when targeted extraction was applied to the same sample set (Figure
S6a,b). Moreover, the technical variation in the output peak areas was 5x lower with targeted
extraction of peak intensities compared to XCMS (Figure S6c).

Given the size of the LLFS study, the raw data had to be acquired over several months.
When combining the extracted data from each group of 92 research samples, we observed
strong batch effects as can be seen in Figure 2a and Figure S7a for identified lipid and polar
metabolites, respectively. Unfortunately, samples from human subjects for large studies
cannot always be randomized into analysis batches because of practical limitations such

as longitudinal sample collection or funding timeline constraints. As a result, differences
between batches may be due to technical or biological variation (Figure S8). For example, in
the case of the LLFS sample set, the last six batches consisted of samples primarily collected
in Denmark, whereas the other batches consisted largely of samples collected in the United
States.

To discriminate between biological and technical variation, identical QC samples across all
batches are critical to evaluating and guiding batch-correction methods. Here, we tested

14 different normalization algorithms24:26=30 for their capability to minimize technical
variation while keeping biological variance intact (details of this comparison are provided
in the Supporting Information). The results of the analysis revealed that the performance
of many of the methods is dataset dependent (Figure 2b and Figure S7b), but a random
forest based batch-correction algorithm?’ outperformed the other evaluated approaches in
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both the lipid and polar metabolite data. As a secondary validation, we also compared the
internal standard variability in the polar metabolite data. We again saw that the random
forest based correction reduced both intrabatch and inter-batch variability (Figure S9a—d).
When comparing the performance of random forest to the other evaluated methods, we
saw that QC, ComBat, and QC+ComBat performed similar to random forest in reducing
internal standard CV values, with ComBat+QC achieving the lowest variability (Figure
S9e). Overall, although random forest performed well on our data, we recommend that
different batch-correction methods be tested before selecting the algorithm to apply to a
dataset. Such an evaluation can be performed by adapting the code written for our analysis,
which is available on GitHub. After correction, previously batch-affected metabolites no
longer showed batch-dependent intensity drifts, and technical variation within the data was
reduced (Figure 2c—e, Figure S7c—e). Although some batch-associated clustering remained
in the polar metabolic profiles, when examining only the QC samples (Figure S10), no
such clustering occurred. These findings indicate that biological differences between batches
are driving the observed patterns, rather than technical variability. After batch correction,
the metabolic profiles can then be subjected to downstream statistical analysis to identify
interesting biological patterns.

Metabolic Profiles Cluster by Geographic Location

Collection of untargeted metabolomics data for the entire LLFS cohort is still underway,

but we wished to demonstrate that the described workflow results in metabolic profiles
containing biologically relevant information. As such, we investigated differences in the
profiles of polar and lipid metabolites that could be attributed to the geographic origin

of the samples. The LLFS samples were collected in four distinct field sites: Boston,

MA; Pittsburg, PA; New York City, NY; and Odense, Denmark. Given the differences

in dietary habits between the United States and Denmark, we surmised that the plasma
metabolic profiles would be different between samples collected in the United States and
Denmark. In fact, when analyzing the unnormalized metabolic profiles of the identified
metabolites profiled in these data, 72 metabolites had maximum absolute fold changes
greater than 2 between the field sites and p values of less than 0.05 (one-way ANOVA).
Given that samples from the field sites were not uniformly distributed across the sample
batches, however, technical variation may artificially introduce separation to their metabolic
profiles. Indeed, after performing random forest batch correction, only 45 metabolites met
the same statistical cutoffs, demonstrating the importance of batch correction to interpreting
metabolomics data. These 45 metabolites led to pronounced clustering of the United States
and Denmark samples (Figure 3a). Several of the differentiating lipid metabolites contain
multiple unsaturations (e.g., CE 22:5, DG 36:4, LPC 20:5, PC 37:5, PC 38:6, PC 40:7, TG
56:7, TG 58:7, TG 58:8, TG 60:11, and TG 60:12) that may reflect differential abundance
of omega-3 and omega-6 polyunsaturated fatty acids (DHA, EPA, linoleic acid, etc.) derived
from the diet (Figure 3b). Scandinavian countries have been shown to have elevated levels of
circulating omega-3 fatty acids when compared to the United States and other countries with
Westernized food habits3!, which are potentially due to higher per capita consumption of
fish and shellfish. Of the polar metabolites, the most striking difference was inosine (Figure
3c). Inosine is a known dietary metabolite with high concentrations in cow milk32:33, This
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result indicates a difference in the amount of dairy consumption between individuals in the
United States and Denmark, as has been suggested before.34

Although the identified metabolites were the main focus of our analysis for LLFS, where
metabolomics data will be linked to corresponding gene and protein measurements, we
also wished to determine whether there were differences in unknowns between the sample
groups. After filtering (see Supporting Information) and performing statistical analysis of
>3000 unknowns from the polar metabolite extracts profiled in this study, we found 29
unique unknowns that were associated with field site location (|FC| > 2, p < 0.05, one-way
ANOVA), as shown in Figure S11. The differences between fields sites were dramatic, but
participants from Denmark were also on average younger than those from the United States
(p <0.0001) and this could have contributed to the observed metabolic profiles (Figure 3d).
Notably, however, a principal component analysis of those samples colored by age did not
show an age-dependent pattern within United States or Denmark samples (Figure S12),
suggesting that the differences cannot solely be attributed to age. An additional potential
confounding factor is that the time between blood collection and centrifugation varied
between samples and field sites. In a previous study, we showed that this delay can cause
alterations in metabolite levels.3° Further statistical analysis of this dataset will be performed
that considers covariates and genetic relationships between LLFS participants once data
collection for LLFS is complete.

Conclusions

The trend in the omic sciences is to evaluate increasingly large sample sizes approaching
tens of thousands to hundreds of thousands of specimens. Larger sample groups increase
statistical power and may enable a study to distinguish between subpopulations within a
group that have a unique treatment effect, which is the vision of precision medicine. The
challenge of using exceptionally large sample cohorts, on the other hand, is the burden of
collecting and processing high volumes of data. Applications of untargeted metabolomics

to large sample cohorts have been limited because standard software programs are not
compatible with population-based studies. In this work, we describe a workflow designed to
perform untargeted metabolomics on >12,000 human plasma samples from the LLFS cohort.

To facilitate experimental throughput, we used SPE kits for isolating water-soluble and

lipid metabolites. HRMS data can then be collected for each sample by using multiple
analytical runs. There are a few potential drawbacks of our experimental approaches. First,
because we only dedicated one instrument to data acquisition, polar metabolite extracts were
stored while lipid metabolites were being analyzed. It is possible that the storage of the
extracts led to the loss of signal for some compounds. Second, although we utilized two
chromatographic methods to capture lipid and polar metabolites, some metabolite classes
cannot be successfully retained or separated with either method, leading to incomplete
coverage. Our metabolite coverage was also limited by using only a single instrument
polarity for each fraction. When time and funding permit, acquiring data in both positive and
negative mode would extend coverage. Third, given that we identified lipids from positive
mode MS/MS spectra, only sum compositions could be determined. Acquiring additional
MS/MS spectra in negative mode would allow for the elucidation of fatty-acid composition,
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and chromatographically resolved isomers could be included in our peak list as distinct
species.

To reduce the computational burden of performing global processing of all HRMS data files
within the cohort, we focused on processing data from a small number of pooled samples
that are created by mixing aliquots of individual samples from our study. By initially
limiting data processing to only the pooled samples, we can leverage standard informatics
tools in untargeted metabolomics that have been optimized for small sample sizes. This

not only facilitates feature detection, but also leads to a considerable data reduction from
the removal of adducts, background signals, and other degeneracies. Analysis of the pooled
sample does require a significant time investment, but it can be completed in parallel with
data acquisition for the research samples and only needs to be performed once. Further,
because peak areas for metabolites detected in the pooled sample can be extracted from the
research samples as data are generated, the rate-limiting factor in the described workflow
is data acquisition rather than data processing. This contrasts with conventional processing
workflows that require all data to be acquired prior to analysis and curation.

In the preparation of the reference sample, care should be taken to ensure that pooled
samples cover different sample groups and represent the biological diversity present in the
study, such as age and gender. The pooled samples are intended to capture the totality

of unique compounds across the entire study cohort but, in practice, unique compounds
from individual samples are missed. An analysis of our data shows that unique compounds
are most often missed when they are only present in a few participant samples at low
concentrations, which causes them to be diluted below the limit of detection during pooling.
Our results indicate that signals missing from the analysis of pooled samples are more
likely to originate from rare exogenous compounds (e.g., chemicals from unique hygiene
products or specific environments). While rare exogenous compounds may certainly be
biologically interesting, their analysis will require the development of new peak detection,
alignment, and annotation algorithms that can be scaled to thousands of samples without
loss of functionality or accuracy. We point out that, even when conventional informatics
workflows are used for untargeted metabolomics, features only detected in a low percentage
of samples are usually discarded because of the difficulties in correcting for technical drift.

When processing untargeted metabolomics data with conventional workflows, retention
times are aligned by using correspondence algorithms such as Obiwarp36. Here, we
corrected for sample specific retention-time drifts with the application of iRT. This
procedure requires some manual intervention from the user to ensure correct peak
detection of indexing compounds and to adjust batch-to-batch variations in retention
time. We demonstrated that the iRT approach corrected for retention-time drifts in lipid
metabolites, but it was not necessary for polar metabolites because we did not observe
intrabatch retention-time drifts in these data. Should retention-time drifts be observed for
polar metabolites, the iRT approach could easily be extended by determining groups of
compounds that have correlated retention-time drifts across samples and using them for
indexing.
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In large-scale longitudinal studies such as LLFS, it may not be feasible to fully randomize
the order in which specimens are analyzed by LC/MS. Correcting for the technical

variation between batches of samples is therefore required to measure biological differences
accurately. Here, we evaluated 14 different approaches for batch correction and found that
accounting for batch effects by using a random forest normalization to estimate drift in each
reference chemical was the most effective. Given that normalization relies on QC samples,
a drawback to the approach is that drift for chemicals absent from the QC sample cannot

be estimated. Further, the QC samples may not reflect batch effects in research samples as
the QC sample is repeatedly injected from the sample vial, potentially leading to degradation
of chemicals sensitive to oxidation. This study used only a limited number of internal
standards, but incorporating additional compounds that cover a broader range of chemical
classes would be beneficial for assessing the possibility of metabolite degradation and for
evaluating the overall quality of batch-correction results. We also only used a single QC
sample in this work, but we recommend implementing a second QC sample that is not used
for normalization to identify spurious batch corrections.

Although our approach is not without limitations, we have shown that it enables high-
throughput applications of untargeted metabolomics at the population scale, such as LLFS.
We also wish to highlight that our workflow does collect HRMS data for every research
sample in the cohort. Thus, as new computational resources become available, the data
generated can readily be re-evaluated with new tools.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Pipelinefor generating and handling metabolomics data.

Polar and lipid metabolites are extracted from plasma samples into 96-well plates for
LC/MS analysis. A pooled sample is prepared for feature detection, MS/MS acquisition,
and use as a QC sample. Untargeted metabolomics analysis is performed on all samples.
After detecting features from the pooled sample, background features and degeneracies are
filtered. The remaining features are subjected to metabolite identification with DecolD and
Lipid Annotator, and the returned putative identifications are manually curated. The peak
areas for these metabolites (as well as any unknowns of interest) are extracted from the
research samples by using Skyline. Retention-time shifts are manually corrected per batch
for polar metabolites and automatically adjusted by using indexed retention times for lipid
compounds. The peak areas are imputed and normalized to remove missing values and batch
effects from the data. The final output contains the metabolite information (name, 7/z,
retention time) and normalized metabolite intensities for each research and QC sample.
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Figure 2. Correcting for batch effectsin metabolomics data.
(a) Principal components analysis (PCA) of unnormalized lipid metabolic profiles shows

strong batch effects. Each dot represents a unique sample. Dots are colored according

to their corresponding batch number. (b) Comparison of 14 different batch-correction
algorithms on the lipid metabolic profiles. The normalization score is the change in
coefficient of variation (CV) for the research samples (relative to the unnormalized data)
divided by the change in CV for the QC samples. A higher score indicates a reduction of
technical variation. (c) PCA plot of random forest normalized lipid metabolic profiles shows
reduced clustering by batch. (d) Intensity of CE 16:0 as a function of run order for both
unnormalized (top) and random forest corrected data (bottom). (e) Violin plots showing the
CV distribution of all compounds in the QC samples for each evaluated batch-correction
algorithm. The polar metabolite counterpart to these data is shown in Figure S7.
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Figure 3. Metabolic profiles arereflective of geographic location.
(a) Principal components analysis (PCA) of normalized metabolic profiles (polar and lipid

metabolites) shows clustering based on United States (BU = Boston, NY = New York City,
PT = Pittsburg) and Denmark (DK, Odense) field sites. Each dot represents a unique sample.
Dots are colored according to geographic location. (b) Lipid and (c) polar metabolites
associated with geographic location (JFC| > 2, p < 0.05, one-way ANOVA). (d) Age
distribution for samples from the different field sites. Data shown are median + interquartile
range, NDHB, N,N-diethyl-4-hydroxybenzamide; CMPF, 3-carboxy-4-methyl-5-propyl-2-
furanpropanoic acid.
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