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Abstract (123/150 words):

Combined multi-omics analysis of proteomics, polar metabolomics, and lipidomics requires separate liquid

chromatography—mass spectrometry (LC-MS) platforms for each omics layer. This requirement for
different platforms limits throughput and increases costs, preventing the application of mass spectrometry-
based multi-omics to large scale drug discovery or clinical cohorts. Here, we present an innovative strategy
for simultaneous multi-omics analysis by direct infusion (SMAD) using one single injection without liquid
chromatography. SMAD allows quantification of over 9,000 metabolite m/z features and over 1,300
proteins from the same sample in less than five minutes. We validated the efficiency and reliability of this
method and then present two practical applications: mouse macrophage M1/M2 polarization and high
throughput drug screening in human 293T cells. Finally, we demonstrate relationships between proteomic
and metabolomic data are discovered by machine learning.

Introduction

Multi-omics analysis and integration, which involves the simultaneous analysis of at least a pair of genomic,
epigenomic, transcriptomic, proteomic, lipidomic, and metabolomic data, has become increasingly
essential for gaining a comprehensive understanding of biological processes and disease progression.'
Currently, the combined use of LC and MS is the prevailing technology for proteome, metabolome and
lipidome analysis. Separation of analytes with LC before MS is important to increase sensitivity and
coverage, which enables detection of over 10,000 protein groups or thousands of metabolites from separate
injection.>® However, despite advances in LC to enable shorter gradients, LC ultimately limits throughput
of MS-based omics because of separation time followed by time for column washing and equilibration, and
also due to requirements for different LC configurations for each omics layer.

The logical extreme of shorter LC is to remove LC completely and analyze molecules directly by direct
infusion, which has already been demonstrated for both proteome and metabolome analysis.”” However,
there exist two key challenges that restrict the coverage and depth of direct infusion mass spectrometry (DI-
MS) methods: (1) ion suppression at the ion source caused by variations in ionization efficiency or
abundance of ionizable analytes, and (2) ion competition effect in the mass analyzer, where high abundant
ions conceal lower abundance ones.

Recent improvements in MS instrumentation (acquisition speed, mass resolution and sensitivity),'%!?

advancements in mass spectrum interpretation software,'*!” and the integration of MS and ion mobility
techniques (FAIMS, TIMS)'"¥?! have encouraged us to revisit the potential of DI-MS. For example, a
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spectral-stitching DI-MS method, which measures data as a series of mass-to-charge (m/z) intervals that are
subsequently ‘stitched’ together to create a full mass spectrum, realized a total of ~9,000 lipidome and
metabolome m/z features in ~5 min.?* An additional innovative technique for direct infusion metabolomic
analysis involves using computational analysis to determine the optimal scan ranges that would yield the
greatest number of m/z features.”? For direct infusion proteomic analysis, we originally described a rapid
quantitative proteome analysis method by using two gas-phase separations by ion mobility and quadrupole
selection, which identified over 500 proteins and quantified over 300 proteins in up to 3 min of acquisition
time per sample.* In a series of subsequent works, combined with our newly developed software
CsoDIAq,” we further improved the performance of this technology to more than 2,000 protein
identifications, of which 1100 were quantified.?® 2’ There are also several previous instances of proteome
analysis using direct infusion.?®-*° However, the methods described above all focus on a single omics layer
and are insufficient to satisfy current demands for multi-omics analysis, namely, rapid analysis of multiple

omics components originating from the same sample simultaneously.?!-

Because proteomics, polar metabolomics, and lipidomics each require different LC configurations, the
removal of LC presents an opportunity for combined analysis of all three omics layers. In this article, we
describe a simultaneous multi-omics analysis by direct infusion mass spectrometry (SMAD-MS) that
integrates polar metabolome, lipidome, and proteome analysis in a single shot from the same sample. We
replace LC with an extra gas-phase separation by high field asymmetric waveform ion mobility
spectrometry (FAIMS). We applied data-independent acquisition mass spectrometry (DIA-MS) for
proteome analysis and spectral-stitching quadrupole slices with MS1 measurement for metabolome
analysis, respectively. As we demonstrated previously for proteomics, we found that quadrupole slices plus
FAIMS separation enabled detection of the most unique metabolite features. With this protocol, we realized
more than 1,300 protein identifications and detected over 9,000 metabolite m/z features from the same
sample in only 5 min of total data acquisition per sample. In two proof-of-principle studies, we first
demonstrate the profiling of multi-omics variation of macrophages after different polarization, revealing
significant multi-omics dysregulation and interaction. Secondly, we perform high throughput screening of
human cellular multi-omics responses to different drug treatments with 96-well plates, followed by further
machine learning integration of metabolome and proteome changes. Our approach offers an option for
simple, high-throughput and cost-effective multi-omics analysis.
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Results

Overview of Simultaneous Multi-Omics approach by Direct Infusion Mass Spectrometry (SMAD-
MS)

The principled schematic and workflow of the SMAD method are shown in Fig. 1a. In brief, different omics
isolated from the same sample were mixed and then directly infused to the ion source without any separation
in liquid chromatography. Following the ionization, two gas-phase separation technigques were utilized with
the aim to reduce the complexity of gas-phase ions prior to their entry into the mass analyzer, namely, (1)
FAIMS separates ions depending on the compensation voltage and (2) the quadrupole separates ions
according to their mass-to-charge ratio (m/z). Ultimately, all gas-phase ions are sequentially detected by
the orbitrap.

We first tested the compensation voltage (CV) range of different standard molecules and results
demonstrated that lipids, amino acids, and peptides occupy different optimum CV intervals (Fig. 1b), for
example, amino acids transmit through FAIMS in the range of -5V to -20V, lipids transmit in -20V to -35V,
and peptides transmit from -30V to -70V. A more complexed real metabolome and proteome sample
derived from 293T cells further proved that the optimum CV interval for metabolome (metabolites, lipids)
and proteome (peptides) are 10-35V, and 40-60V, respectively (Fig. 1c, d). This result enables the
fractionation of molecules originating from distinct omic sources, thereby minimizing interference between
them.

Next we assessed the impact of gas phase separation using FAIMS compensation voltages and/or
guadrupole slices on the number of detected metabolite m/z features from samples extracted from mouse
tissue and 293T cells as we did previously for peptides from the proteome.?* The number of m/z features
detected increased with the number of FAIMS CVs or with decreasing quadrupole isolation window width
(Fig 1E). Surprisingly, the use of both FAIMS and quadrupole slices further increases the number of unique
detectable metabolite m/z features, which provided confirmation of significant ion competition in the
orbitrap and highlighted the necessity of multiple gas-phase separations before mass analysis.

Based on these findings we established the final experimental settings of SMAD as depicted in Fig. 1f. We
applied data-independent acquisition mass spectrometry (DIA-MS) for proteome analysis and spectral-
stitching quadrupole slices with MS1 measurement for metabolome analysis. We utilized six FAIMS CVs
ranging from -30V to -80V in a step of 10V for proteome acquisition, and -5V to -40V with a 5V step for
metabolome analysis. It should be noted that the instrument parameters, such as mass resolution,
compensation voltages, and the number of target peptides, are adjustable and can be modified to match the
specific requirements of the experiment and sample type. In general, the total acquisition time does not
surpass five minutes excluding the 0.5 min sample loading time.

Data processing, performance optimization and quantitative evaluation of SMAD

Fig. 2a summarizes our data processing workflow for raw files produced by SMAD. MS1 data from the
metabolome part are extracted from the RAW file during transformation to mzML.3* The direct infusion
data is formatted such that retention time corresponds to decreasing FAIMS compensation voltage, allowing
extraction of extracted ion mobiligrams (XIMs) for quantification using MZmine3 (Fig. S1).1* MS/MS data
from the proteome part is converted to mzXML for analysis using csoDIAq software 2> 2 to identify and
guantify peptides and proteins. This data analysis workflow was used to assess the performance of SMAD.
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Fig.1| Overview of SMAD-MS workflow. A, Scheme of our high-throughput approach for simultaneous analysis of peptides and
metabolites using SMAD-MS. B, Typical compensation voltage (CV) intervals of peptide, amino acid, and lipid standards in
FAIMS CV space. The raw data traces over CV space were smoothed to approximate gaussian distributions. C, d, Number of
detected features in different m/zintervals and FAIMS compensation voltages (CV) from a real metabolome (c) and proteome
(d) sample derived from 293T cells. e, Number of detected metabolite features under various compensation voltages and
quadrupole slices of samples extracted from mouse tissue and 293T cells. f, Schematic diagram of typical experimental settings
for SMAD, including a typical TIC diagram, CV settings, targeted m/z, Q slices, and typical mass spectrum of proteome and

metabolome, respectively. The entire data collection requires an acquisition time of approximately 5 minutes per sample.
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SMAD collected in only five minutes per 293T sample produced an average of 4011 peptides, 1343 protein
groups, and 9093 metabolite m/z features (out of which 425 were identified) (Fig. 2b). For the identified
protein groups, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis revealed
numerous important cellular pathways, including central carbon metabolism (i.e., tricarboxylic acid cycle,
pyruvate metabolism, pentose phosphate pathway), protein synthesis and degradation (i.e., ribosome,
spliceosome and proteasome), and nucleic acid replication and transport (DNA replication, RNA
degradation and nucleocytoplasmic transport). For TCA cycle and proteasome pathways, the identified
proteins accounted for more than 50% of all related genes in those specific pathways (Fig. 2c and Fig S2).
The metabolite feature m/z distribution shows that most signals are within the interval from 200 to 400 m/z
(Fig. 2d). We separately performed MS/MS of same sample attempting to identify some metabolite features
guantified by SMAD, and results demonstrated many lipids, but also organic acids and organic nitrogen
compounds were found (Fig. 2d). Similarity to data from 293T cells, data from macrophages revealed same
level of protein identifications (more than 1300) and metabolite m/z features (~9000 metabolite m/z
features), as well as abundant cellular pathways (Fig. S3).

We wondered whether SMAD would result in a reduction in the number of detected molecule features
compared to separately analyzing the metabolome and proteome fractions. The number of detected peptides,
proteins, and metabolite features is essentially the same between two different methods (Fig. 2e), as well
as protein species and m/z distribution of metabolite features (Fig. S4a-c). In addition, we investigated
whether variations in the mixing ratio of two different omics samples could impact the performance of
SMAD. Particularly, we examined seven samples with different mixing ratios across 25-fold
(metabolome/proteome volume ratio) and observed that, as the proportion of metabolome increased, the
number of identified proteins decreased by up to 30%. However, the quantity of detected metabolite features
remained relatively constant (Fig. 2f). Furthermore, we also tested the influence of the total concentration
of the sample. The results show that as the concentration of the sample decreases, the number of detected
proteins also decreases, but the detected metabolites show a trend of increasing first and then decreasing
(Fig. 29). These results indicate that protein identifications, namely, the proteome part, is more sensitive to
sample mixing ratios and concentrations. The potential reason is that the signal intensity of tandem mass
spectrometry in proteomic analysis is much lower than that of the precursor signal of metabolites, resulting
in a more sensitive phenomenon to factors such as concentration. The influences of these factors for protein
groups, protein functions and metabolite m/z distribution were illustrated in Fig. S4 d-i.

The direct infusion strategy completely omitted liquid chromatography, leading to the absence of retention
time or elution profiles that could be utilized for peak integration. Here, we implemented a label free
guantitative strategy for both metabolome and proteome results based on XIM area and peptide fragments,
respectively (Fig. S1). Starting with a mixture of 3 lipids and 10 QCAL peptide standards, the results
showed an excellent linearity across a broad range of concentrations (Fig 2h, i). We further spiked these
mixture standards into real multi-omics sample derived from 293T cells and surprisingly, the standards
remain good linearity across different concentrations (Fig. S5a-d). Furthermore, we applied the same
strategy for the whole proteome and metabolome, quantification results exhibit excellent repeatability (Fig.
S5e, f) and linearity across all 437 proteins and 3970 metabolites m/z features (Fig. 2j, k) and typical
proteins and metabolites were also shown in Fig. S5g, h. The coefficient of variance analysis at different
concentrations demonstrated that 90.6% proteins and 93.4% metabolite m/z features had CV less than 0.2,
which further proved the reliability and robustness of our LFQ strategy of SMAD (Fig 2I, m).
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Fig.2| Data processing, performance optimization and quantitative evaluation of SMAD. a, Scheme showing data
processing flow started from a typical raw file produced by SMAD. b, Number of detected metabolite features, peptides, and
proteins in 5 minutes acquisition time by SMAD of 293T cells. ¢, KEGG pathway enrichment analysis of the proteins identified
by SMAD of 293T cells. The bars indicate how many proteins in the pathway were identified, and the colored proportion of the
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circle reflects the coverage of the proteins in each pathway. d, m/z distribution of detected metabolite features and classes of
identified metabolite features by SMAD of 293T cells. e, The comparison of detected molecule features (metabolites, peptides,
proteins) between simultaneously multi-omics acquisition method and separately single-omic acquisition method. f, The effect
of different mixing proportions of peptides and metabolites on detected molecule features by SMAD. (metabolome/proteome)
g, Performance of SMAD in detecting of different concentrations. Original concentration is proteome samples dissolved in 40ul
metabolome extraction (produced by adding 500ul solvent to 2million cells) and maintain the final proteome concentration to
4ug/Ul. h,i, label free quantification curve of standard peptides from MS-QCAL protein (h) and standard lipids from Avanta (i)
at different concentrations. j,k, Untargeted quantification of detected proteins and metabolite features was performed by SMAD

(each ratio was measured in triplicate). I,m, coefficient of variation of all quantified proteins and metabolite features.

SMAD reveals multi-omics responses of macrophages after M1/M2 polarization

To demonstrate the potential of SMAD for real biological samples, here we conducted the first case study
focused on the multi-omics responses of macrophages following polarization. Macrophages are well known
to differentiate into the pro-inflammatory M1 or anti-inflammatory M2 polarization states after LPS and
IL-4 treatment, respectively.®. % To assess multi-omic differences in M1 and M2 macrophage subsets using
SMAD, we treated mouse bone-marrow derived macrophages (BMDMSs) with immune stimulators LPS
and IL-4 in 10 cm dishes for 24 hours. After washing with PBS, lipids and metabolites were extracted by a
mixed solvent (ISO/ACN/H20, 4:4:2, volume ratio), then the precipitated protein pellet from the same
sample was further processed (lysis, digest and desalt) for proteomics into peptides (Fig. 3a). We measured
the multi-omics by SMAD and an average of 1,377 protein groups were identified, 833 of which were
guantified in all 18 samples (only protein groups found in all replicates and treatments were quantified to
exclude missing values, Fig. 3b and Fig. S6a). We also detected 9,829 metabolite m/z features and 541 of
them were identified using GNPS™ (Fig. S6b-f, Supplementary Table 1). The coefficient of variance
analysis of quantified proteins (median coefficient of variation: 0.18) and metabolite m/z features (median
coefficient of variation: 0.21) confirms the stability and robustness of SMAD method (Fig. 3b).

Both proteins and metabolites were subjected to ANOVA analysis to identify molecules that were
significantly altered with either treatment. Two hundred and twenty-four proteins and 3,595 metabolite m/z
features (61 were identified) exhibited significant alterations (Benjamini—Hochberg (BH)-adjusted P values
<0.05) (Fig. S7a, Supplementary Table 1). KEGG pathway enrichment demonstrated that the significant
changed proteins are mainly related to pathways including glycolysis, TCA cycle, oxidative
phosphorylation, spliceosome, lysosome and protein processing in endoplasmic reticulum (Fig. S7b). The
Wilcoxon rank-sum test was further applied to determine which of these molecules were different between
each treatment and control. Interestingly, the Sankey plot shows that the multi-omics response of
macrophages varies greatly for LPS and IL-4 treatments (Fig. 3c). Further PCA analysis of proteome,
metabolome and multi-omics data also demonstrated that different treatments were separated with each
other significantly (Fig. S8), highlighting the difference for different polarization states, which is consistent
with current knowledge.®

To better integrate and interpret these variations of metabolites and proteins, we utilized K-means clustering
to analyze the identified significant molecule features from ANOVA and gain insight into the changes
associated with immune activation. The significantly dysregulated molecules were categorized into four
primary clusters (Fig. 3d). Specifically, cluster 2 primarily consisted of molecules (81 proteins and 5
metabolites) that were upregulated in response to LPS. These molecules were associated with significant
pathways, including lysosome, ribosome, energy metabolism, immune response receptors, and fatty acid
metabolism (Fig. 3e, Fig. S9), which is consistent with previous studies regarding the changes in
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macrophages under M1 polarization.® In addition, in cluster 3, which included 5 metabolites and 33
proteins that exhibited an increase in both LPS and IL-4 treatment. The identified proteins are mainly related
to pathways such as amino acid metabolism, TCA cycle, oxidative phosphorylation (ATPK, ATPB, ATPA),
ribosome and lysosome (Fig. 3f). This reflects an increase in energy expenditure of macrophages following
polarization. Noteworthy, further metabolome results revealed that metabolites related to these pathways
such as TCA cycle (AMP) decreased in both two different polarizations, which reflect an enhanced ATP
consumption (Fig. 3g). Moreover, changes in other metabolites, such as the significant decline of dipeptides
in LPS treatment, and lipids showing a significant decrease in both treatments, could be attributed to the
increased energy consumption following macrophage polarization, resulting in more catabolism of
phospholipids and peptides for providing energy (Fig. 3g, h). We also noticed that LPS treatment was
associated with decreases in spermidine and glutathione (Fig. S10). Clustering of all dysregulated proteins
with unfiltered metabolite m/z features (including unidentified metabolites) is shown in Fig. S11, as well
as histograms of metabolite feature m/z distributions in each cluster.

SMAD enables high throughput screening of human cellular multi-omics responses to drugs

Rapid and high throughput profiling of multi-omics responses of cells to drugs holds immense significance
in drug discovery and chemical biology. Here also we applied SMAD for high throughput monitoring of
human cellular multi-omics responses to drugs. We cultured 293T cells in a 96-well plate and treated them
with five different drugs including deferoxamine (chelator), Torin2 (mTOR inhibitor), ISRIB (integrated
stress response inhibitor), MG132 (proteasome inhibitor) and A939572 (SCD1 inhibitor). Samples were
processed for SMAD using a protocol adapted for 96 well plates (Fig. 4a). The MS acquisition time of a
whole 96 well plate was around 7 hours. After data acquisition by SMAD, we identified an average of 1,017
proteins, and 450 proteins were quantified (only protein groups exist in all replicates and treatments were
guantified to exclude missing values) for all replicates (Fig. S12a). A total of 7,005 metabolite features
were quantified and 425 of them were identified (Fig. 4b, Fig. S12b-f, Supplementary Table 2). Over 80%
of quantified features has a coefficient of variance lower than 0.5 and the median coefficient of variance
for proteomics and metabolomics are 0.21 and 0.20, respectively (Fig 4c).

Similarity, ANOVA analysis was first applied to determine which proteins and metabolites were altered by
the drug treatments. As shown in Fig. 4c, a total of 4,307 metabolite features and 286 proteins were
significantly dysregulated (Supplementary Table 2). Further analysis with t-tests comparing each protein
to the control revealed TORINZ2, ISRIB and MG-132 induced the greatest changes to both proteins and
metabolites (Fig. S13), while very limited variations were observed between the control, DMSO, and DFO
treatment. We previously established that the minimum concentration for DFO to cause an effect in cells is
100 pM, and since we used 10 uM here these results makes sense.?
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Fig.3| Application of SMAD for rapid multi-omics screening of macrophage polarization. a, Schematic diagram
of experimental design. (LPS: lipopolysaccharide, IL-4: Interleukin 4). b, Overview of molecules monitored by
SMAD. ¢, Changes of significant and identified molecules (metabolites and proteins) between two treatments and
control. (two-sided Wilcoxon rank test). d, The Heatmap and clustering of dysregulated molecules following
immune activation. (K-means clustering). e,f Typical dysregulated proteins of macrophages after immune

stimulator treatment. g,h Typical dysregulated metabolites and lipids after LPS treatment.
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To better illustrate the variations of proteins and metabolites across various treatments, we consolidated all
significantly dysregulated molecules and categorized them into four clusters utilizing K-means clustering
(Fig. 4d). The distinct clusters reflect differences in the multi-omics responses of 293T cells to diverse drug
treatments and many interesting changes were revealed. For example, cluster 2, which represents the
profiles of 94 proteins and 1,930 metabolite m/z features, generally peaked at TORIN2 or ISRIB treatment.
Further in-depth analysis revealed that the disrupted proteins in this cluster are mainly related to pentose
phosphate pathway, TCA cycle, cell cycle, spliceosome, fatty acid degradation and protein processing in
endoplasmic reticulum (Fig. S14a, b). This may be due to the repair of some protein synthesis processes
and the increase of cellular energy consumption after ISRIB treatment. On the other hand, cluster 1,
enriched by 117 proteins and 1,372 metabolite m/z features, demonstrated a opposite trend that
downregulated at either of these two treatments. Proteomic results revealed that the downregulated proteins
are mainly related to pathways like glycolysis, HIF-1 signaling pathway, amino acid metabolism and
ribosome (Fig. S14c, d), which can be attributed to the inhibition of cell growth by TORINZ2. Cluster 3,
which represents the profiles of 61 proteins and 624 metabolite m/z features, generally peaked at MG-132
treatment. MG132 is a proteasome inhibitor that blocks the activity of the proteasome. Here we
demonstrated that proteins associated with cell cycle, ribosome, spliceosome, and DNA replication were
significantly upregulated in MG-132 (Fig. S14e, f). What's more interesting is that a multi-omics response
related to fatty acid and lipid metabolism in the TORIN2 treatment group was discovered by SMAD. We
observed a significant upregulation of mitochondrial fatty acid beta-oxidation enzyme (Q16836, HADH)
and correspondingly increased carnitine, acetyl-carnitine, and hexanoyl-carnitine the enhanced lipid
catabolism (Fig. 4e, S15). We also observed a notably decrease of fatty acid synthetase (P49327, FAS) in
TORINZ2 treated cells and typically lipids were accordingly downregulated in this treatment, which
represents the inhibited lipid synthesis process (Fig. 4¢). Notably, ISRIB treatment was associated with
molecular changes suggestive of decreased lipid synthesis but not decreased lipid catabolism.

UMAP dimension reduction of the multi-omics data from each replicate demonstrates that different groups
can be finely separated between each other, which demonstrated the distinct multi-omics profile among
various treatments and controls (Fig. 4f). To further explore the relationships on cellular multi-omics
response after different drug treatment, we calculated the correlations by using the differences in multi-
omics data between each treatment group and the control group. The results showed that TORIN2 and
ISRIB had the strongest correlation for proteome variations (Pearson Corr = 0.701). TORIN2 and MG-132
had the strongest correlation for metabolome changes (Pearson Corr = 0.729) (Fig. S16).
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Fig.4| A high-throughput application of SMAD for rapid screening of human cellular multi-omics responses
to drugs. a, Overview of experimental design and sample processing flow in 96-well plates. b, Molecular
information and data quality of multi-omics dataset acquired by SMAD. including identified, quantified feature,

coefficient of Variances. ¢, The Heatmap showing significant dysregulated molecules among drug treatments. d,
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Four clusters of significant metabolites and proteins (K-means clustering). e, UMAP analysis of multi-omics
responses among all drugs and controls. (All metabolite features and proteins included). f, Examples of proteins

and metabolites for each cluster. g, pathway network for xxx.

Machine learning of multi-omics interaction

To understand relationships between the metabolomic and proteomic data we used an unbiased machine
learning approach similar to our previous work.*® Data from the drug screening experiment was used to
predict changes in proteins from changes in metabolites using an optimized extratrees model ° (Fig. 5a).
Overall, the prediction of most proteins was very effective with an R2 score of 0.7 between true and
predicted values (Fig. 5b). Several proteins from diverse pathways were predicted with remarkable
accuracy with R2 scores over 0.98 (Fig. 5c, d, e). Given the task of predicting proteins from metabolites
we were not surprised to see metabolic proteins predicted well, but we were surprised to see a ribosomal
protein among the top well predicted proteins (Fig. 5¢). In fact, the distribution of all proteins predicted
from metabolites indicates that most proteins were predicted with rho over 0.8, and most ribosome proteins
in our dataset were well predicted (Fig. 5f). To determine which proteins were statistically significantly
well predicted by machine learning from metabolites measured from the same sample by SMAD, we used
a strict Bonferroni correction of the p-values from Spearman correlation between the true and predicted
protein values. This left us with 54 statistically well predicted proteins. Term enrichment analysis of the
most well predicted proteins indicated that diverse pathways beyond metabolic proteins are accurately
predicted from the metabolomic data, which indicates that there are strong relationships between the
metabolome and multiple cellular pathways including protein synthesis and degradation. This makes sense
because most cellular energy is used for protein regulation.*:
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Fig.5| Machine learning predicts proteomic changes from metabolomic changes. a, Scheme showing the ML
task of predicting proteins from metabolomic data measured in parallel by SMAD. b, Overall performance of all
proteins true versus ML predicted values. ¢,d,e, Examples of three of the most well predicted proteins from
different pathways: TPIS from glycolysis, DHB4 from fatty acid oxidation, and RSSA from the ribosome. f, plot of
the Spearman rho between true versus predicted protein quantities for all 450 proteins. Red indicates statistically
significantly predicted proteins according to a Bonferroni corrected p-value from Spearman correlation analysis.

g, WikiPathways term enrichment analysis of the 54 significant proteins from (f).
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Discussion

Multi-omics integration and analysis is a technology frontier whose application could accelerate
biomedical research and clinical diagnosis. However, we still need more time efficient methods to
realize the full potential. In this study, we demonstrate a high throughput direct infusion mass
spectrometry strategy that enables simultaneous analysis of peptides, polar metabolites, and lipids
all together by leveraging ion mobility. We demonstrated that we could identify more than 1,300
proteins and detect over 9,000 metabolite m/z features in only 5 minutes of total data collection
time, which is equivalent to identifying an average of 4.3 proteins and detecting 30 metabolic m/z
features per second. The successful implementation of this method stems from the following three
major factors: 1) multiple gas phase separation by ion mobility and quadrupole, which reduced the
complexity of ions in mass analyzer and improved the coverage, 2) high sensitivity ion source and
mass spectrometry instruments, and 3) computational strategies capable of analyzing this
complicated data.

We demonstrated that even in highly complex ionization systems resulting from the removal of
liquid chromatography, simultaneous multi-omics analysis can still be achieved by adding an
additional dimension of gas-phase separation. This approach avoids the time-consuming and
economic cost associated with current LC-based methodologies, which require long separation
time and frequent changing of mobile phases and chromatographic columns, as well as extensive
washing, cleaning, and other maintenance when analyzing different omics samples. We optimized
the method and validated its robustness by testing different ratios of mixed omics samples,
combinations of compensation voltages, and quadrupole window intervals. Additionally, we
further developed protein and metabolite quantification methods based on peptide fragment
intensities and ion mobility peak areas, respectively. Further, machine learning of the data from
SMAD shows that the metabolome is connected to most if not all proteome pathways.

It is undeniable that the current SAMD method still lags behind traditional liquid chromatography
in terms of identification depth and coverage, and there are still shortcomings in the identification
of m/z features in metabolome. However, this issue can be overcome in the future by developing
new software that incorporates the additional gas-phase dimension and establishing mass spectrum
libraries from metabolite standards. It is worth noting that the quantitative multi-omics data
produced by SMAD now is sufficient depth and quality to monitor cellular phenotypes and cellular
responses to drugs, which provides a window into important pathways such as amino acid
metabolism, glycolysis, fatty acids and lipids synthesis, and protein synthesis. This approach can
therefore lead to a wealth of testable hypotheses for validation.

Currently, for mass spectrometry-based multi-omics analysis, our focus is primarily on
establishing stable, high-throughput multi-omics methods with the aim of its truly widespread
application in biomedical research and clinical diagnostics. However, when promoting this
technology comprehensively, have we fallen into a certain stereotype or is it possible to have other
perspectives? (1) Do we really need to detect such breadth and depth of metabolites and proteins
every time, especially for diseases that are already well-understood and have established
biomarkers? Combined with specific sample preparation methods, would a simple, robust, flexible,
fast, and low-cost approach be more suitable for such applications? (2) Against the background of
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rapid iterations in mass spectrometry instrumental and data analysis software, are we
underestimating the analytical capabilities of mass spectrometry without chromatographic
separation, particularly when combined with other techniques such as ion mobility? In our
previous direct infusion methodological studies in proteomics, we have improved protein
identifications from approximately 300 to over 2,000 proteins. We expect further improvements
in the performance of this technology in metabolomics analysis or its application on other
instruments.

In summary, here we demonstrate for the first time the ability to simultaneously analyze complex
multi-omics mixtures without LC. Together with a series of data analysis and integration strategies,
we have explored the potential of the SMAD method in cellular phenotyping and drug screening
through two practical applications. We anticipate advances in all aspects, including sample
preparation, mass spectrometry instruments, and data analysis software, to collectively advance
the practical application of this method.
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Methods
Materials.

Angiotensin [ (Sigma, A9650-1MG), QCAL Peptide Mix (Sigma, MSQC2) and Hela digest standard
(Thermo Fisher Scientific, Catalog number: 88328) were dissolved into different concentrations with 50%
acetonitrile (ACN) in 0.2% formic acid (FA). Lipid standards (product No. 330707) was purchased form
Avanti. Drugs including deferoxamine mesylate salt (Product No. D9533), mTOR inhibitor torin2 (Product
No. SML1224), integrated stress response inhibitor ISRIB (Product No. SML0843), proteasome inhibitor
MG-132 (Product No. 474790) and SCD1 inhibitor A939572 (Product No. SML2356) were purchased from
Sigma-Aldrich.

Mass spectrometry and data acquisition

SMAD analysis was performed on an Orbitrap Lumos (Thermo Fisher Scientific) mass spectrometer
coupled with the FAIMS Pro Interface. Different compensation voltages were applied for metabolome (-
5V to -40V in steps of 5V) and proteome (-30V to -80V in steps of 10V) analysis. A nano-ESI source
(“Nanospray Flex) and LOTUS nESI emitters from Fossiliontech were used for ionization. The ultimate
3000 HPLC system (Thermo Fisher Scientific) was used to control automated sample loading, flow rate,
and mobile phase composition. Flow rate was maintained at 1.4ul/min at the first 0.5 min for transferring
samples to nano emitter and then maintained a 0.3ul/min flowrate to the end of the acquisition. Mobile
phase composition is ACN/H20 (70:30) in 0.1% formic acid (FA) for the whole acquisition process. Data
acquisition was conducted at positive mode with 2200V. AGC was set at 100% and ion injection time was
set at auto. For proteome acquisition, targeted MS2 mode was used for each compensation voltage from -
30 Vto -80 V in a step of 10V. For metabolome acquisition, tSIM mode with a quadrupole window of 50da
was used to scan full m/z range from 100 to 1100 for each compensation voltage from -5V to -40 V in a
step of 5V.

Quantitative Evaluation of SMAD

Three lipid standards (d18:1-18:1(d9) SM, 29.6 ug/ml; 15:0-18:1(d7) PC, 150.6 pg/ml; 18:1(d7) Lyso PC,
23.8 ug/ml) and QCAL proteins (0.25 pg/ul) was mixed and diluted every four times. The mixed standard
sample was directly analyzed by targeting their accurate m/z with SMAD. Lipid standards and MS-QCAL
peptides were quantified with python by manually extracting MS1 intensity and representative y-ion
fragments intensity, respectively. For real samples, original metabolome samples were produced by adding
500ul metabolite extraction solvent (ISO/ACN/H20, 4:4:2) to 2 million 293T cells and then the supernatant
was collected. Proteome samples was derived from 293T cells with same proteome preparation protocol
used for two case studies. Then the multi-omics sample was produced by mixture of metabolome and
proteome samples at 1:1 volume ratio. The sample was diluted every four times to produce concentration
gradients and analyzed by SMAD.

Cell culture and sample preparation for macrophages

BMDMs were derived from bone marrow extracted from the femurs of euthanized mice (11-week-old male
C57BL/6J) and plated at 3 x 10° cells per 10-cm dish in 10 ml of macrophage growth medium (complete
RPMI containing 25% M-CSF containing L929-conditioned medium). Cells were cultured for 7 days to
differentiate and were supplemented with 5 ml of macrophage growth medium on day 5. On day 7, 7x10°
BMDMs were counted and replated on 10 cm dishes in macrophage growth medium overnight prior to
experiments. On the day of experiments, BMDMs were treated with 100ng/ml LPS (Invivogen, LPS-EK
Ultrapure) and 10ng/ml recombinant murine 1L-4 (Peprotech) for 24 hours. Then the cells were washed
twice with cold PBS and harvested from the plate by scraping. The cells were pelleted into 1.5 ml centrifuge
tubes and snap frozen. Then the metabolites and lipids were extracted from samples with 500l
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isopropanol/acetonitrile/water 4:4:2 for 20 min, following by a hard spin of 10 minutes in 12000 rpm and
all metabolome supernatant was removed to new centrifuge tubes and stored in -80°C. The precipitated
proteome pellet was dry out and then lysed by addition of 8 M urea with 50 mM TEAB buffer at pH 8.5.
The tubes were vortexed and sonicated until homogenous with lysis buffer. Then TCEP and
chloroacetamide were each added to 10 mM final concentration to reduce protein disulfide bonds and
alkylate the free cysteines in the dark for 30min. Then lysis buffer was diluted to 2 M urea using 50 mM
TEAB, and catalytic hydrolysis of proteins was initiated by trypsin (Promega) at a weight ratio of 1:50
protease:substrate. Proteome proteolysis was incubated in a 37°C incubator for six hours. Peptides were
desalted using Strata reversed-phase cartridges from Phenomonex, and then dried completely in Speed-Vac.
Peptides were resuspended with ACN/Water/FA (50%/49.9%/0.1%, volume ratio) and mixed with
metabolome samples for SMAD analysis.

293T Cell culture and sample preparation for drug screening

T293 cells were cultured in a 96-well plate to 70% confluency and then treated with different drugs. The
treated concentrations of drugs were deferoxamine (10uM), Torin2 (1uM), ISRIB (1pM), MG132 (1uM)
and A939572 (1uM). After 24 hours incubation, cell culture media was removed and washed with PBS for
twice. Then 100ul metabolite extraction solvent (IPA/ACN/H20, 4:4:2) was added to each well of the plate
and vortexed for ten minutes. After vertexing, the plate was centrifuged in 4,000 rpm and all metabolome
supernatant was removed to a new 96-well plate and stored in -80°C. The precipitated proteome pellet in
original 96-well plate was dry out first and then lysed by addition of 8 M urea with 50 mM TEAB buffer at
pH 8.5. The plate was vortexed at 900 rpm around 5 minutes until homogenous with lysis buffer and
sonicated 5 min in a Covaris water bath maintained at 4°C. After sonication, TCEP and chloroacetamide
were added to a 10 mM final concentration to reduce protein disulfide bonds and alkylate the free cysteines
in the dark for 30 min. Then, lysis buffer was diluted to 2 M urea using 50 mM TEAB, and catalytic
hydrolysis of proteins was initiated by trypsin (Promega) at a weight ratio of 1:50 protease:substrate. Then
Proteome proteolysis was incubated in 37°C incubator for six hours. Peptides were desalted using 96-well
pElution Plate from Waters (Oasis HLB 96-well pElution Plate, 2 mg Sorbent per Well, 30 um), and then
dried completely in Speed-Vac. Peptides were resuspended in 10 ul ACN/Water/FA (50%/49.9%/0.1%,
volume ratio) and mixed with 10ul metabolome samples for SMAD analysis. To prepare the 293T proteome
for experimental parameter analysis, we followed a consistent protocol for cell lysis and digestion except
that cells were cultured in a 12cm plate and subsequently desalted using Strata reversed-phase cartridges
from Phenomonex.

Proteome library generation

The building of proteome library used for CsoDIAq generally including three steps: 1) performing LC-
MS/MS analysis of Macrophage and 293T samples with DDA for eleven compensation voltages from -30V
to -80V in a step of 5V. 2) Using Fragpipe to produce pepxml files of peptides and proteins with appropriate
fasta database and add decoys (50%). 3) Building library for CsoDIAg with SpectraST.

Identification and quantification of proteome

Peptides and proteins were identified with CsoDIAg. CsoDIAq is a python software package designed to
enhance usability and sensitivity of the projected spectrum—spectrum match scoring concept. The process
was described as the following steps: Firstly, the original Thermo .RAW files were converted to mzXML
files using msconvert with default settings. Then the output mzXML files were input to CsoDIAq GUI and
the appropriate spectral library for that sample was selected with the default settings keeping the fragment
mass tolerance at 20ppm and the “Label free quantification” should be selected. CsoDIAq produces three
output files for each input mzXML file that report spectra, peptides, and proteins filtered to <1% FDR. In
each case, CsoDIAq sorts peptide identifications by match count and cosine (MaCC) score, calculates the
FDR for each identification using a modification of the target-decoy approach where FDR at score S =
number of decoys/number of targets, and removes SSMs below a 0.01 FDR threshold. The peptide FDR
calculations only use the highest-scoring instance among all SSMs for each peptide. CsoDIAQ uses the
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IDPicker algorithm to identify protein groups from the list of discovered peptides and adds them as an
additional column in the output. A detailed description about data processing, FDR calculation and protein
inference was listed in our previous paper?. Peptides and proteins were quantified using CsoDIA( to extract
the sum of all detected fragment ion intensities of common peptides in all input files.

Identification and quantification of metabolome

Thermo .RAW files were converted to mzML files using msconvert. All peaks are picked according to the
sequence of Q slices. The produced mzML files was analyzed with MZmine3 software for mass detection,
feature detection, alignment, gap filling and feature filter. The output files contain m/z and quantification
by FAIMS peak area. For metabolite annotation, we applied a direct infusion based DDA tandem mass
spectrometry analysis with the same sample and same compensation voltages applied in SMAD analysis.
Then the MS2 spectrum of metabolites was compared with library and analyzed through GNPS website.*®

Consensus clustering and dimensionality reduction

In two applications of macrophage polarization and drug screening, the unsupervised k-means consensus
clustering of all treatments was performed with the python packages “sklearn”. The significantly
dysregulated molecules that were discovered among different treatments were used for clustering. The
number of groups for clustering was determined by “Elbow Method”. PCA and UMAP analysis was
performed with the python packages “sklearn” and “UMAP”, respectively.

Pathway enrichment analysis

The UniProt IDs from CsoDIAq outputs were converted to gene IDs. The KEGG_2022_Human gene set
library was applied and pathway enrichment analysis was done in Cytoscape *> with the plugin clueGO.*
GO Term/Pathway network connectivity (Kappa score) was set at 0.5. Additional settings included GO
Term grouping and two-sided hypergeometric tests, and leading group term ranking based on highest
significance.

Statistical Analysis

Data normalization, analysis, and visualization were performed in Python version 3.9.7. One-way ANOVA
was applied for group analysis and select the significant dysregulated molecules (Benjamini—Hochberg
(BH)-adjusted P values <0.05) among control and two treatments. Wilcoxon rank-sum test was used to
compare each treatment with control and significant features were defined as a p-value less than 0.05 after
Benjamini—Hochberg (BH)-adjustment.

Machine learning

Machine learning was performed using scikit-learn in python. Data was split into training and test sets
where one sample from each of the 7 conditions was stratified into the test set. An extratrees model was
optimized on the training data using 5-fold cross validation. A single model to predict each protein was
trained using the best parameters from 5-fold cross validation and then the model performance was
evaluated by predicting the quantity of that proteins in the test set by computing the mean squared error
and Spearman’s rank correlation.

Data Availability
All raw mass spectrometry data is available from ftp://MSV000092273@massive.ucsd.edu with password

“smaddata”. All code for data analysis and data visualization are provided open source via
xomicsdatascience github.
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