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Abstract

With the increasing adoption of discovery -omics in the life sciences, a large number of analysis
tools for differential expression analysis (DEA) have been introduced over the years. While such
tools tend to be developed with one particular -omics modality in mind, they can often be applied
across technologies to solve common issues. This is particularly the case when -omics data share
statistical and distributional properties. Herein, we showcase how tools originally developed for
transcriptomics analysis are especially well-suited to solving problems in discovery proteomics
and metabolomics. Using data from our own experimental work as examples of real-world
implementation, we demonstrate how these methods can be used to tackle common DEA issues,

such as variable sample quality, hidden batch effects, normalization, and small sample size. We
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believe this can be useful to novices and seasoned practitioners alike by expanding their toolkits.

As multi-omic and integrative analyses become commonplace, it is especially useful to capitalize

on the similarities of otherwise different -omics.

Keywords: differential expression analysis, bioinformatics, proteomics,

transcriptomics, multiomics, normalization, sample quality, batch effects

metabolomics,
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Introduction
There is a saying among some machine learning practitioners, “all data is the same [sic]”. Often
aimed at beginners in the field, the proverb highlights how the source of tabular data (or data that
can be rendered tabular) is inconsequential to any statistical model. Thus, while humans might
consider the number of medications taken by a patient, the pixel intensities in an image, or the
frequency of certain words in an email fundamentally different “types” of data, they are ultimately
reducible to mere numbers in a matrix. What matters are the distributional characteristics of the
data and whether or not they dovetail with the core assumptions of a given statistical model.
Similarly, in bioinformatics, there is the number of counts mapping to a gene, the peak area
of a metabolite feature, or the label-free quantification (LFQ) intensity of a protein. While these
data originate from different technologies and display some inherent distributional differences (e.g.
the frequency and reason for data missingness), they also share statistical properties (e.g.
heteroscedasticity and roughly quadratic mean-variance relationships following log-
transformation; Figure 1) . Importantly, such similarities can be exploited in differential
expression analyses (DEA) to allow researchers to leverage computational tools originally
developed for one technology (e.g. microarray or RNA-sequencing) in the context of another (e.g.
mass spectrometry-based omics). This can be particularly useful when tools are available to

address common issues across -omics modalities
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Figure 1. Mean-variance relationships of different -omics features. A) Gene-level RNA-
sequencing counts on the counts per million scale (CPM) following “limma-voom” transformation.
B) Protein label-free quantification (LFQ) intensity normalized with “MaxLFQ”. C) Metabolomic
feature peak areas following variance stabilizing normalization (vsn). The trends (red lines) in B)

and C) were estimated by limma-trend. All data are expressed on the logs scale.

With the increasingly widespread adoption of discovery -omics in the life- and medical-
sciences, the number of computational tools for differential expression analysis (DEA) has steadily
increased. While innovation and improvements upon previous pipelines is inarguably beneficial
for bioinformaticians, there may be reproducibility- and comparability-associated issues to using
increasingly disparate methods of analysis. Often, benchmarking is performed on simplified
models (such as spike-ins) or limited to just a few datasets, which does not necessarily generalize
to more complex experiments, such as human or animal studies . Moreover, as the ground truth
is rarely available to us, it can be difficult to identify a valid benchmark in the first place *.
Additionally, for students and novices, the thicket of computational tools can be overwhelming
and confusing. For seasoned practitioners, tools may be available to solve common issues, but they

may not necessarily be aware of them as they lie outside their usual domain of expertise (Table

1.
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Table 1. Common issues in differential expression analysis and possible remedies

Issue Example Consequence(s) | Example tool | Mechanism
source
Variable Sample Low power, noise | arrayWeights | Empirical sample
sample quality | preparation (limma) quality weights based
on  average mean-
variance trend
Hidden batch | Un-/observed | Conservative p- | sva Estimate latent factors
effects technical values, low power based on  variance
variation structures unrelated to
experimental design and
known covariates
Normalization | Biological Low power vsn Linear transformation
and technical based on sample mean-
variation variance trends
Small sample | Resource Low power limma Borrowing information
size constraints across  samples  to

improve variance
estimates with
empirical, Bayesian
prior
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Herein, we want to expand the analyst’s toolkit with well-established R-based tools from
the transcriptomics literature that we have found useful when conducting DEA in mass
spectrometry-based proteomics and metabolomics. We want to demonstrate how the same analysis
approach can readily be used across -omics modalities (Figure 2), using data from our animal
experimental work as real-world cases of implementation (Supplementary table 1). We draw on
three label-free datasets with known issues and showcase how we addressed them. Common
methodological considerations in MS-based -omics, such as data missingness and imputation, are
also covered. We focus on processing steps downstream initial feature detection and annotation
(which are widely different in metabolomics and proteomics and beyond the scope of this article)
at the point where a matrix of features and their peak areas (or other abundance measures) is
available. Finally, although we rely exclusively on R for analyses, we highlight in our conclusion
how these tools can be integrated with other popular software and languages, like Perseus and

Python. While all -omics might not be the same, their similarities are worth exploiting.
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DEA pipeline example
+ Feature data frame
+ Experimental metadata

exp_design
pgroup_df
[ sample | condition |
[ protein_idgs [ 5, s, [.. |

i S1 Treatment
protein; X1,1 Xi,2 X1,m
protein; X21 0 0 S2 Control
protein, Xn1 0 Som Sm Treatment

Step 1. Filtering missing values

# Proteomics data

# Log2 transform MaxLFQ intensity values & replace

-Inf (i.e. Log(@)) with NA (i.e. missing value)

pgroup_df <- pgroup_df %>%
mutate(across(where(is.numeric), ~log2(.x))) %>%
mutate(across(where(is.numeric),

~ifelse(is.infinite(.x), NA, .x)))

# Filter out protein groups with >25% missingness

in any experimental condition

pgroup_df <- pgroup_df %>%
pivot_longer(where(is.numeric),

names_to="sample") %>%

left_join(exp_design) %>%
group_by(protein_ids, condition) %>%
mutate(is missing=sum(is.na(value))/n()>0.25)%>%
group_by(protein_ids) %>%
filter(sum(is_missing)==0) %>%
select(-is_missing, -condition) %>%

ungroup() %>% -
pivot_wider(names_from="sample") | . —

# LFQ matrix for SVA & limma ; ——
1fq_matrix <- pgroup_df %>% —

column_to_rownames("protein_ids") %>%
select(where(is.numeric)) %>%
as.matrix()

Step 4. Design matrix

# Experimental design formula including

experimental condition and surrogate variables,

excluding intercept

design_formula <-as.formula(paste@("o+condition+",
exp_design %>%

select(matches("sv_")) %>% colnames(),
collapse="+"

)

# Limma design matrix for DEA
design_matrix <- model.matrix(design_formula,
exp_design)

# Contrast matrix

contrast_matrix <-

makeContrasts(Contrast.A=treatment-control,
levels=design_matrix)

Step 6. limma-trend

# Limma-trend with robust estimation and sample quality weights
vfit <- 1ImFit(1lfq_matrix, design=design_matrix, weights-weights)

vfit <- contrasts.fit(vfit, contrast_matrix)
efit <- eBayes(vfit, trend=T, robust=T)

Camponant (12%)

Step 2. Feature normalization

# Metabolomics data

# Feature normalization of filtered data using VSN
with default outlier tolerance = 10%

1fg_matrix <- justvsn(lfq_matrix, lts.quantile = @.9)

R ® ':". §L . ? @jﬂn A
. o-..'a s E 5 o..'
Step 3. Surrogate variables
# SVA

# Estimate surrogate variables based on LFQ
matrix to adjust for hidden expression
heterogeneity

# full model matrix - including both
adjustment & experimental variables

mod <- model.matrix(~condition, exp_design)

# The null model contains only the adjustment
variables or intercept
mod@ <- model.matrix(~1, exp_design)

# Estimate number of surrogate variables to
include with recommended 'leek' method
num_sv <- num.sv(na.omit(1lfq_matrix), mod,
method="1eek")

# Run sva with the suggested number of SVs and
LFQ matrix with NA values omitted

svobj = sva(na.omit(1lfq_matrix), mod, mode,
n.sv=num_sv)

# Include surrogate variables in exp_design as
'sv_1', 'sv_ 2', etc.
exp_design <- cbind(exp_design, svobj$sv) %>%
rename_with(.cols=where(is.double),
~paste@("sv_", .x))

Step 5. Sample weights

# Sample quality weights to adjust for

differential noise levels across samples

weights <- arrayWeights(lfq_matrix, design,
method="reml")

Le:]

Sample weight

Sample

A 8
eBayes mean-variance trend Contrast MA plots

VSandard devaton
Log; Fold Change
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Figure 2. Overview of differential expression analysis pipeline for proteomics and
metabolomics data using R-based packages. Starting with a data frame containing intensity
values of features (e.g. peak areas of metabolites or label-free quantification of proteins) for each
sample (n features by m samples) and a data frame with experimental metadata (i.e. mapping
samples to condition; m samples by 2), features with a given fraction of missing values in each
condition (here >25%) are filtered out (Step 1). If the data are raw intensity values, the remaining
features can be transformed by variance stabilizing normalization (Step 2). The “sva” package can
then be used to estimate surrogate variables that will be included as model covariates to account
for latent noise (Step 3). A design matrix and contrast matrix are made to define the comparisons
during differential expression analysis; this will include the estimated surrogate variables as
covariates (Step 4). Using this design, the “arrayWeights” function in “/imma” can be used to
estimate sample quality weights that account for uneven sample quality (Step 5). Finally,
differential expression analysis is conducted using limma-trend with or without robust estimation

to account for hypo-/hypervariable features (Step 6).

Differential expression analysis with limma

In the field of bulk RNA-sequencing analysis, several gold standard tools exist for data pre-
processing and downstream DEA, such as limma °, edgeR °, and DEseq2 ’, all of which are based
on rigorous statistical models, years of benchmarking, and widespread adoption by the
bioinformatics community. In systematic comparisons, all three libraries tend to perform
comparably and favourably relative to other packages 3°. However, they diverge in how they
address the inherent heteroscedasticity of RNA-sequencing data. Sequencing counts are

understood to be distributed according to the negative binomial distribution '°, which edgeR ¢ and
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DEseq2 " use as a foundational assumption. /imma on the other hand was originally developed to
analyze RNA microarray with linear models '' and only later expanded to accommodate RNA-
sequencing data *. Through its “trend” and “voom” methods, /imma instead models the gene-level
mean-variance relationship (i.e. heteroscedasticity) with a LOWESS trend and either incorporates

it as a prior in its Bayesian moderated t-tests (limma-trend), called “eBayes™ '

, or in the form of
inverse precision weights to eliminate it (/imma-voom) '2. This approach allows limma to leverage
the flexibility and power of normal-based statistics during DEA, such as the ability to incorporate
individual sample quality weights or include random effects to accommodate repeated-measures
or nested designs, neither of which is possible with count distribution-based models *. Moreover,
compared to traditional statistical testing, the Bayesian prior used by /imma increases statistical
power, especially in designs with few samples, by effectively “borrowing” information across
genes in all samples rather than only those being compared (i.e. as in a standard ¢-test). Thus, in
trading off the negative binomial assumption, /imma could leverage the power and flexibility of
normal-based statistics.

As noted previously, mass spectrometry-based (MS) -omics, such as bottom-up
proteomics, often display feature-wise mean-variance relationships that are similar to those seen
in transcriptomics. Indeed, LFQ distributions, peptide counts, and peptide-spectrum matches
(PSM) all display inherent heteroscedasticity (Figure 3). /imma has since been repurposed to
model these relationships in proteomics data. The R package DEgMS ? is built as a wrapper around
limma and uses its assumption-free LOESS to fit protein-level variances against peptide or PSM
counts. The trend is then included in the downstream, moderated ¢-tests (called

“spectraCounteBayes”) for protein-level variance shrinkage. Interestingly, however, this approach

performs comparably to simply using /imma-trend to fit protein variances against protein intensity,
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especially as sample size and biological variance increase 2. This is likely due to the similar mean-
variance distributions of protein-level LFQ data and peptide counts (Figure 3). Thus, in cases
where peptide or PSM counts are not available, or in experiments with high biological variance
(i.e. most human and animal studies), limma-trend would be expected to perform as well as
DEgMS. In this regard, it is worth noting that the R package “DEP” '* for proteomics runs limma
under the hood to conduct DEA. Moreover, /imma is an available option within the popular

Perseus software for computational proteomics 1>,

Ifq_intensity ms_ms_count razor_unique_peptides

4

N
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Figure 3. Mean-variance relationships of label-free proteomics data. Protein label-free
quantification (LFQ) intensity (left panel), ms/ms counts (middle panel), and razor+unqiue peptide
counts (right panel) all display similar mean-variance relationships. Proteins have been filtered for
maximum 25% missingness prior to plotting. Magenta trend lines represent models fitted by

LOESS to the data. All data are expressed on the log» scale.

limma has also been used to conduct DEA in untargeted metabolomics studies, including
by the authors '%!7. Indeed, the mean-variance relationship of feature-level peak area (Figure 1C)
can be similarly exploited by limma-trend. Importantly, in all these uses cases, l[imma is superior

compared to traditional parametric statistics (i.e. Student’s #-test and ANOVA) in terms of power

10
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and false discovery rate (FDR) control °. In summary, its assumption-free modelling of mean-
variance relationships makes it flexible and readily usable across -omics modalities. Finally, as
part of the Bioconductor library of R packages '8, limma has extensive documentation and a

rigorous code base.

Data missingness and imputation
A critical initial step in any analysis pipeline is to assess the completeness of the dataset. Due to
the inherently stochastic nature of MS acquisition, datasets in proteomics !° and metabolomics 2°
often display varying levels of missingness. This is particularly the case with Data-Dependent
Acquisition (DDA), which initially targets a wide mass/charge (m/z) spectrum in which the top N
most abundant precursors are selected for fragmentation and MS/MS acquisition. In comparison,
with recent developments, Data-Independent Acquisition (DIA) tends to produce fewer missing
values 2!. Thus, a degree of randomness is introduced due in part to acquisition mode on the MS,
resulting in what is termed missingness at random (MAR); that is, features may or may not be
detected independent of their characteristics or abundance *2. As such, missing values will be
randomly distributed among samples and features. Conversely, due to the competition dynamics
of top-N precursor selection, some features will be missing systematically owing to their inherent
abundance (or characteristics) in the sample, resulting in what is termed missingness not at random
(MNAR) %. Both types of missingness are known to occur in a sample-dependent manner that can
be modelled %,

Ultimately, feature missingness can be addressed in two, non-mutually exclusive ways:
filtering and imputation. Generally, filtering out lowly expressed features tends to select for more

robust features and further helps to alleviate the multiple comparison problem . From a statistical

11
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point of view, it ensures there is sufficient information on which to base fold changes and mean-
variance trends. Filtering can be done in one of several ways: as a percentage of all samples, as a
percentage in each experimental condition, completeness in a minimum number of samples,
among others. As an aside, untargeted metabolomics data usually requires additional, stringent
filtering due to the high level of redundant and potentially spurious features 2.

To deal with the remaining missing values, imputation has been commonplace in MS-based
-omics to improve power and because some tools (e.g. PCA) cannot handle missing values. Indeed,
a fairly routine workflow in the “Perseus” software for computational proteomics involves
imputation by random draws from a Gaussian distribution that is left-shifted and scaled relative to
the overall sample intensity distribution (i.e. assuming MNAR due to low abundance; though other
methods are available) 1°. Several R packages developed for MS-based -omics feature imputation,
such as “MSnbase” **, “DEP” 13, and “ImputeLCMD” *°. Two commonly used methods to address
MAR and MNAR, respectively, are K-nearest neighbors (KNN) and quantile regression for
imputation of left-censored data (QRILC). However, as noted previously, proteomics datasets
feature both types of missingness at varying levels. To address this, a hybrid imputation algorithm
was developed Lazar et al. »? and included in the R package “ImputeLCMD” *°. Here, the
missingness is modelled as a function of abundance (i.e. feature intensity), and a threshold is
estimated below which missingness is assumed to be MNAR, while those above are assumed to
be MAR. These are, then, imputed by default with QRILC and KNN (though, other methods are
available). Additionally, it has been suggested that conducting such hybrid imputation stratified
by experimental condition can increase power 2’. Indeed, missingness can be systematically

different between conditions, so one could argue that it makes sense to “borrow” information from

12
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each condition when imputing to improve estimates. As a caveat, it is plausible that such an
approach could inflate false positives by artificially amplifying differences between conditions.
We have investigated the effects of different imputation methods on proteomic LFQ
distributions and DEA results as a function of maximum allowed feature missingness in each
experimental condition. We used a wide range for demonstration purposes, but it should be noted
that a missingness threshold in excess of 50% would be outside the norm. As can be seen in Figure
4, the MNAR methods (“Perseus” and “QRILC”) impute on the lower end of the distribution and
significantly distort it when more than 50% missing values in each condition are allowed (note the
bimodal peaks that emerge in Figure 4). Conversely KNN and the hybrid imputation by
experimental condition (“Hybrid”) methods better preserve the overall distribution even in the face
of high feature missingness. Indeed, while a method like KNN will be able to impute some MNAR
values correctly, solely relying on a left-censored approach will systematically underperform on

non-MNAR values 22
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Figure 4. Effects of imputation and missingness filtering threshold on feature intensity
distributions. Proteins were filtered at various thresholds (0-99%) of maximum allowed
missingness in each experimental condition (represented by differently coloured distributions).
Remaining missing values were then imputed by KNN, QRILC, or the Perseus method using the
package “DEP”. Alternatively, the hybrid imputation method from the “I/mputeLCMD” package
was run separately for each experimental condition with parameters KNN and QRILC for MAR
and MNAR imputation, respectively. The raw, un-imputed data were included as a reference (“No
imputation”). Distributions were approximated by Kernel Density Estimation (KDE) and scaled
to range from 0-1. Filtering and imputation were conducted on label-free quantification (LFQ)
intensity following log> transformation. Each experimental condition has N=10 samples. Note the
bimodal peaks that emerge with the “Perseus” and “QRILC” methods at missingness thresholds

>50%.
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When assessing the combined impact of missingness filtering threshold and imputation on
DEA results, we generally find that the biggest differences similarly occur on the high end. Here,
we assessed the number and percentage of proteins reaching FDR < 0.05 following limma-trend
DEA as a function of imputation method and missingness threshold (same as those used above).
In this example, outcomes rapidly begin diverging as the threshold is made more lenient than 25%
(Figure 5). Notably, the hybrid imputation approach that takes experimental condition into
account generates a particularly high number of significant features. While perhaps not surprising,
there is a significant risk that such an implementation would differentially amplify noise across
conditions, thus increasing the number of false positives. Indeed, this risk should be carefully
considered when using experimental covariates to inform imputation, especially in the face of high
levels of feature missingness. While different imputation methods can result in widely different
numbers of significant features, in the absence of ground truth, it can be hard to know which level
of differential expression to expect. Indeed, more is not necessarily better, and results should be
carefully evaluated. Critically, imputation should only be carried out when there is sufficient

complete data to accurately model it.
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Figure 5. Effects of feature imputation and missingness filtering threshold on differential
expression analysis with limma-trend. Proteins were filtered at various thresholds (0-99%) of
maximum allowed missingness in each experimental condition, and the remaining missing values
were imputed by various methods (differently coloured lines). Filtering and imputation were
conducted on label-free quantification (LFQ) intensity following log> transformation. Differential
expression analysis was then carried out using /imma-trend with the robust setting (to account for
the increased variability due to the presence of features with high levels of missingness), and the
number of features with a Benjamini-Hochberg-based false discovery rate (FDR) < 0.05 were

reported either as a percentage of all protein groups (/eft panel) or as absolute numbers of proteins

(right panel).

Ultimately, whether or not to impute, and if so, by which method, is up to the researcher
and depends on the dataset (proteomics versus metabolomics), acquisition method (e.g. DDA
versus DIA), and research question (e.g. DEA versus profiling), as is the filtering threshold and
method. No universal best imputation strategy exists, and sometimes, omitting imputation

altogether is optimal 2

. We generally opt not to impute and tend to filter such that every feature
has at least 75% valid values in each experimental condition to ensure reliable fold change
estimates. We additionally investigate the impact of different thresholds on the resulting mean-
variance trend and DEA fold-changes (Figure 6). Fortunately, packages like /imma handle missing
data, and more recent alternatives exist to methods that otherwise do not accept missing values,

like principal component analysis (PCA) %°.
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Figure 6. Effects of missingness filtering threshold on mean-variance trend and fold-change
distributions. Proteins were filtered at various thresholds (0-99%) of maximum allowed
missingness in each experimental condition. Filtering was conducted on label-free quantification
(LFQ) intensity following log, transformation without imputation. Differential expression analysis
was then carried out using /imma-trend with robust estimation to account for the increased variance
attributable to missingness. A) Intensity-based prior trends as a function of maximum feature
missingness. B) MA plots displaying protein fold changes as a function of mean log-transformed

LFQ and maximum feature missingness.

Data normalization and transformation

Prior to quantification and DEA, mass spectrometry data will often be normalized to account for
systematic differences due to sample loading and inter-run variability. In label-free proteomics,
the “MaxLFQ” algorithm 3° (originally part of the MaxQuant 3' suite and later implemented in
other tools, such as Fragpipe 3 and DIA-NN 33) has been a popular means of conducting LFQ at
the protein level. “MaxLFQ” estimates normalization factors that ensure minimum differential
regulation for most proteins based on pairwise comparisons between all samples. That is, the
algorithm assumes most protein group abundances are roughly equal across conditions and

samples and uses this as an “internal standard”. This is what we have relied on herein. A similar
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approach is used by the commercial software suite Progenesis QI from Waters in the case of
untargeted metabolomics, whereby scaling factors are estimated for each compound ion, assuming
the abundances of most compounds do not change across samples. Finally, within the popular
freeware Metaboanalyst, several normalization procedures exist to address systematic differences
between samples >*.

Beyond these methods, several normalization techniques exist to address different issues
in the data that obscure biological effects of interest. For instance, centering (i.e. by median or
mean subtraction), scaling (e.g. z-scoring), and log-transformation of (already normalized) data
can be used to remedy linear offsets, scale differences, and heteroscedasticity in the data !. This
can be done either at the sample or feature level depending on the research question and
distribution of the data. Importantly, datasets will differ in terms of technical and biological
variance, presence of outliers and systematic bias, so it is advisable to trial and compare several

37-40

methods on a case-by-case basis 3>, In systematic comparisons , noteworthy examples that

tend to perform well on both proteomics and metabolomics data are cubic splines *!, quantile

normalization *?, and variance stabilizing normalization (vsn) *, which were all originally
developed for microarray data.

We have compared these three methods in our metabolomics work and found that they
reliably improve clustering in PCA space (Figure 7A) and increase the number of differentially
expressed features compared to log transformation alone (Figure 8). However, it is important to
note that all have drastically different impacts on sample intensity distributions (Figure 7B). For
instance, cubic splines attempt to align sample distributions based on a target distribution, such as

the arithmetic mean of feature intensities across all samples *!. This has the effect of centering the

pairwise log-ratios of all samples across the intensity range, which assumes that most features are
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not differentially expressed. Relatedly, quantile normalization forces all sample intensity
distributions to be identical **. In our experience, it is important to examine the effect of these
methods on individual features. The latter method, in particular, can sometimes deflate individual
feature variances or even set them to 0. In these cases, availing of limma’s robust estimation of its
mean-variance trend ** can protect against such hypovariable outliers.

We have favoured the use of vsn particularly in our metabolomics work 7, and others have
found similarly good performance in label-free proteomics 3>*°. The motivation for the algorithm
has its roots in shared error models with analytical chemistry, such as gas chromatography and
mass spectrometry “. Fundamentally, vsn seeks to address the limitations of using the standard
log transformation to deal with heteroscedasticity. In short, due to the vertical asymptote at 0 in
the domain of the log transformation, variances of low-abundant features tend to be inflated .
Instead, vsn uses a so-called generalized logarithmic function (glog), which contains a linear
transformation to allow a positive range over zero-valued and negative intensities *’. The
parameters of the transformation are estimated empirically from the data through robust regression.
Additionally, vsn performs an affine transformation (scaling and offset) that seeks to correct for
background and multiplicative sample-wise noise. The function is such that for values >>0, glog>
approaches logy. Critically, compared to the other two mentioned methods, we find that vsn tends
to achieve comparable or better clustering in PCA space (i.e. by visual inspection), increased
numbers of differentially expressed features, while also preserving individual feature intensity
distributions. Relative log abundance ratios and median absolute deviations are quantitative
measures that can also be used to assess the impact of normalization 6. Moreover, several R
packages have been developed to automatically evaluate (and suggest) normalization methods for

36,45

proteomics and metabolomics ° datasets. It is worth noting that while we only used
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328 metabolomics data to demonstrate these microarray-based normalization techniques, they can
329 apply equally well to proteomics data, in line with our overarching theme of harnessing the
330 common distributional properties of different -omics modalities to address common statistical
331 challenges. Indeed, it is precisely because high-throughput discovery proteomics, untargeted
332  metabolomics, and microarray data all lend themselves to similar error assumptions (i.e. additive
333  background and multiplicative sample-specific noise, and heteroscedastic data) that tools like vsn
334  can be used across all three. For instance, we have used vsn in combination with z-scoring to
335 normalize (and variance stabilize) proteomics and metabolomics data for use with multi-omics
336 tools like MOFA #. Additionally, most of the normalization tools and systematic studies
337 mentioned earlier have applied the same microarray-based techniques to both proteomics and

338  metabolomics data, often with good results 3336394,
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341 Figure 7. Effect of various normalization methods on sample clustering and intensity
342  distributions in untargeted metabolomics data. A) Principal component analysis of feature data
343  after logy transformation (Al), variance stabilizing normalization, VSN (A2), quantile
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normalization, QN (A3), and cubic splines normalization, CS (A4). B) Feature peak area
distributions per sample across three experimental conditions (indicated by colour) following the
same normalization methods as in A1-A4. Data were filtered for a maximum of 25% missingness

in each condition prior to normalization.
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Figure 8. Effect of the various normalization methods on the number of differentially
expressed features in untargeted metabolomics data. Upset plot indicating the number of
features with a Benjamini-Hochberg-based false discovery rate (FDR) <0.05 following differential
expression analysis with /imma-trend with robust estimation. Features were filtered to allow a
maximum missingness of 25% in each of three experimental conditions. Peak areas were then
transformed with one of four methods: log», variance stabilizing normalization (VSN), quantile

normalization (QN), or cubic splines (CS). The plot indicates the total number of features with
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FDR <0.05 for each method (horizontal bar chart) and the number of common features across

methods (vertical bar chart). NB: data are the same as those referenced in Figure 7.

Improving power with sample quality weights

The degree of biological variance in a dataset has significant impacts on its mean-variance trend
and resulting DEA fold changes 2. Especially in animal and human studies, uneven sample quality
is a common issue. This can be due to systematic errors, such as batch effects, or more random
sources, such as human error during sample preparation. As noted by Liu et al. 4%, this frequently
leads to the dilemma of whether or not to retain noisy samples, either of which can result in lower
power for different reasons.

In the transcriptomics literature, this issue has been mitigated by the advent of empirical
sample quality weights. Originally developed for microarray studies, /imma’s so-called
“arrayWeights” function leverages the fundamental mean-variance trend but allows each gene to
not only have its own variance factor but also to depend on a sample-specific (originally array-
specific) variance factor *°. The latter is converted into a weight that reflects the degree to which
a sample is more or less variable than the average sample. The weight is then used to up- or down-
weight that sample accordingly during DEA. The weights can be calculated individually for all
samples or in “blocks” based on the experimental design. Critically, array weights have been found
to reflect actual sample quality, such as the degree of RNA degradation during benchmarking 3.

In our proteomics and metabolomics work, sample quality weights have often been
indispensable. As noted earlier, animal and human samples tend to suffer from uneven quality (e.g.
due to variable preparation), which can mask actual differential expression. As an example, in one

of our studies, we surgically isolated dorsal and ventral sections of hippocampal dentate gyri in
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rats and carried out DDA-based proteomics. Notably, the “arrayWeights” function in limma
accurately down-weighted two samples that were expected to be of low quality due to technical
issues during sample preparation (see samples “38d” and “32v” in Figure 9). We have since
implemented sample quality weights routinely for all human and animal -omics studies. On a
technical note, while the default settings of “array Weights™ often work well (Figure 9A), we have
occasionally found it useful to tweak its “prior.n” parameter. In short, this can be thought of as
adding in a number of artificial features for which all samples are equally variable. Thus, the higher
the number, the more the sample quality weights are squeezed towards equality (i.e. the prior).
Depending on “prior.n”, the range around equality (i.e. 1) and, thus, the maximum magnitude of
weighting varies. In some datasets, we have found more stable performance (i.e. on downstream
DEA and pathway analysis) by forcing the weights to be roughly symmetrical about 1 (Figure 9B)
by setting “prior.n” equal to the number of features in the dataset. This is more conservative and
mainly seeks to down-weight low-quality samples as opposed to strongly up-weight good-quality

samples.
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Figure 9. Sample quality weights with limma’s “arrayWeights” function. Filtered and log>-
transformed protein label-free quantification (LFQ) data from N=80 samples were input into
limma’s “arrayWeights” function with either default parameters (A) or “prior.n” set to be equal to
the number of protein group features (B). The dotted red line represents equality. Samples with
weights >1 are less variable than the average sample and are up-weighted, whereas samples with
weights <1 are more variable and are down-weighted. In the figure, samples “38d” and “32v”
(which have the lowest weights) were known beforehand to be of low quality due to sample

preparation issues.

Removing unwanted sources of variance with surrogate variables

Sometimes, the source and structure of confounding variation within a dataset is unknown to the
researcher (i.e. latent) and, therefore, cannot be modelled and included as a covariate in the DEA
50 This noise, be it biological or technical in origin, can obscure effects of interest and compromise

power, introduce unwanted statistical dependency, and result in a lack of significant tests, or
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50,51

conservative p-value distributions . It presents itself as common (correlated) patterns of

differential expression among many features, unrelated to the primary (i.e. independent) variables
of interest. To account for such as artefacts, initially in microarray data, Leek and Storey %2
developed “surrogate variable analysis” (SVA), which seeks not to model the true underlying
factors but rather latent variables that capture the structure of the noise after the primary variable
has been accounted for. The algorithm works by conducting singular value decomposition (similar
to a PCA) on the residuals of the data after the effects of all known covariates have been regressed
out to capture any remaining variance structures. Features accounting for this variance are used to
construct latent factors, called surrogate variables, which can then be included as covariates in the
regular DEA model.

This approach has been found to significantly increase power, accuracy, and
reproducibility by taking unwanted variation out of the data °°. Indeed, we have been able to
account for unmeasured sources of variation that would otherwise obscure biological effects
(Figure 10). For instance, in an independent validation of the aforementioned brain proteomics
study, we found strong evidence of latent noise that we could not account for (Figure 10A,B),
which compromised DEA. Using “sva”, we were able to unveil the expected biological variation
(Figure 10C,D) and significantly increase the number of differentially expressed features
overlapping with those seen in the original discovery dataset. We have since incorporated it in
both our proteomics and metabolomics work. It should be noted that “sva” does not support
missing values, and in these cases, we have occasionally found hybrid imputation useful. While
“sva” rarely features in the mass spectrometry-based -omics literature, it has been suggested before

to address batch effects in proteomics, but as with all other tools, its utility has to be evaluated on

a case-by-case basis >,
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434
435  Figure 10. Surrogate variable analysis (SVA) unveils variation of interest. Principal
436  component analysis of N=40 samples across three experimental conditions (represented by the
437  different colours) based on unadjusted label-free quantification (LFQ) intensity (A,B) or residuals
438  after regressing out three surrogate variables estimated with “sva” (C,D). Proteins were filtered for
439  missingness and logs-transformed prior to PCA with “prcomp” (data centered and scaled). The
440  first ten principal components were returned. Note the improved clustering by experimental
441  condition in (A) compared to (C).

442

443  Conclusion

444  This article has highlighted computational tools from the transcriptomics literature that we have

445  found to improve DEA results in discovery proteomics and metabolomics. Using all of them
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combined, we have consistently been able to improve our power to detect differentially expressed
features, reduce technical variance, and improve reproducibility. Ultimately, our argument for
employing these methods across different -omics modalities is that they assume statistical
properties that are common to high-throughput datasets such as proteomics, metabolomics, and
transcriptomics. In this study we rely exclusively on R for analysis; however, all of the
abovementioned packages can in principle be employed in user-friendly software that supports R-
based plug-ins, such as Perseus (see REF '* for a tutorial). Additionally, we have developed a
Python package for proteomics and metabolomics DEA, called DEPy (available as
“summarizedpy” on PYP1), that allows users to leverage all of the abovementioned R-based tools
(limma-trend, vsn, sva, arrayWeights, ImputeLCMD) inside Python. This is done by calling R
under the hood in a carefully isolated conda environment. Finally, Python users can also call R
natively using libraries like rpy2.

It is important to stress, however, that we do not prescribe the use of these transcriptomics
tools by default in all cases. Rather, we proffer them to expand the analyst’s toolkit with well-
established and documented methods. This approach will be particularly useful in high-variance
datasets that display uneven sample quality and (hidden) batch effects, such as in human or animal
studies. Conversely, in highly controlled experiments with low technical variance, many of these
steps can likely be omitted. Another benefit to this approach is that DEA pipelines can be
standardized, and thus, comparisons across datasets may be facilitated.

In conclusion, leveraging the statistical similarities of different -omics modalities can open
up the number of available tools for DEA. There are decades’ worth of tried and trusted methods

in the transcriptomics literature that we believe are equally useful in the proteomics and
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metabolomics fields. Much like in machine learning, it is not the origin of the data that matters,

but their distributional properties.
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