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SUMMARY

Omics experiments are ubiquitous in biological studies, leading to a deluge of data. However,

it is still challenging to connect changes in these data to changes in cell functions because

of complex interdependencies between genes, proteins, and metabolites. Here, we present a
framework allowing researchers to infer how metabolic functions change on the basis of omics
data. To enable this, we curated and standardized lists of metabolic tasks that mammalian cells
can accomplish. Genome-scale metabolic networks were used to define gene sets associated with
each metabolic task. We further developed a framework to overlay omics data on these sets and
predict pathway usage for each metabolic task. We demonstrated how this approach can be used
to quantify metabolic functions of diverse biological samples from the single cell to whole tissues
and organs by using multiple transcriptomic datasets. To facilitate its adoption, we integrated the
approach into GenePattern (www.genepattern.org—CellFige).

In brief

Richelle et al. present a framework to comprehensively quantify the propensity of a mammalian
cell to be responsible for a metabolic function. This approach can be used to facilitate phenotype-
relevant interpretation of transcriptomic datasets from the single-cell level of these biological
entities to their organization in tissues and organs.

Graphical abstract
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INTRODUCTION

High-throughput omics technologies allow researchers to comprehensively monitor cells and
tissues at the molecular level and record subtle molecular changes that might contribute to
the acquisition of a specific phenotype. However, the complex interdependencies between
the gene, protein, and metabolite components limit our capacity to identify the molecular
basis of specific phenotypic changes. Therefore, it remains challenging to extract tangible
biological meaning from omics data.

Many approaches exist to systematically interpret gene expression changes, ranging from
simple enrichment analyses to detailed mechanistic systems biology modeling. Several user-
friendly approaches have been developed that allow any researcher to test for enrichment in
groups of genes, e.g., pathways, biological processes, or ontology terms (Huang et al., 2009;
Khatri et al., 2012). Such approaches are invaluable for identifying groups of genes that

are more frequently differentially expressed, but the methods are limited in their capacity

to describe how the differential changes affect cellular metabolic functions. To interpret

the impact on function, mathematical models of pathways can be used. For example,
genome-scale metabolic network reconstructions are knowledge bases of all metabolic
pathways in an organism (Feist et al., 2009; Gu et al., 2019; Robinson et al., 2020). These
networks directly link genotype to phenotype, given that they mathematically describe the
mechanisms by which all cell parts (e.g., membranes, proteins) are concurrently made. Thus,
approaches have emerged to analyze omics data in the context of these models (Blazier and
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Papin, 2012; Lewis et al., 2009), yielding a wealth of detailed insights into the mechanisms

underlying complex biological processes (Bordbar et al., 2014). However, these approaches
are not widely used because they are quite complex, requiring months of analysis by experts
with years of specialized training.

Here, we propose an alternative approach for the interpretation of omics data (e.qg.,
differentially expressed genes) that captures the simplicity of enrichment analyses while
providing mechanistic insights into how differential expression affects specific cellular
functions, based on pre-computed model simulations. To this end, genome-scale metabolic
networks were decomposed into many smaller metabolic tasks (Blais et al., 2017; Thiele
et al., 2013). We curated and standardized these tasks, resulting in a collection of hundreds
of tasks covering seven major metabolic activities of a cell (energy generation, nucleotide,
carbohydrate, amino acid, lipid, vitamin and cofactor, and glycan metabolism). We further
developed a framework to directly predict the activity of these metabolic functions from
transcriptomic data. To this end, we used genome-scale models of mammalian metabolism
to define gene sets responsible for the activation of pathways required for each specific
metabolic task. Through this platform, users can overlay their data and comprehensively
quantify the propensity of a cell line or tissue to be responsible for a metabolic function.
Finally, we demonstrate the capacity of this approach to leverage metabolic functions

of human cells and tissues by using transcriptomic data from the Human Protein Atlas
(Uhlén et al., 2015) and show how the identification of metabolic tasks can be used

to understand the organization of these biological entities into broader functional organ
systems. Furthermore, using data from the Single-Cell Atlas of Adult Mouse Brain
(Saunders et al., 2018), we show cell type specificity of several metabolic functions.
Finally, we highlight the potential applications of this method to drive the discovery of new
drug targets by identifying the main metabolic dysregulations associated with Alzheimer’s
disease by using single-cell transcriptomic data from the ROSMAP (Religious Orders Study
and Memory Aging Project) dataset (Bennett et al., 2018).

A framework to quantify a cell’s metabolic functions

Cells deploy diverse molecular functions to interface with their microenvironment and

adapt these as needed to cope with environmental changes. In metabolism, small modules

of reactions can be defined as metabolic tasks (i.e., the generation of specific product
metabolites given a defined set of substrate metabolites). The library of metabolic tasks a
cell can sustain is embedded in its genome, and the capacity to modulate the activity of these
tasks enables the cell’s adaptation to a changing environment.

This concept of “metabolic tasks” has been previously used to evaluate the quality and
capabilities of genome-scale metabolic models (Duarte et al., 2007; Thiele et al., 2013;
Blais et al., 2017; Gille et al., 2010; Mardinoglu et al., 2014; Uhlén et al., 2015; Agren

et al., 2014; Bordbar et al., 2012). However, these studies used various frameworks to
define the cell’s capacity to sustain a metabolic task (as described previously [Richelle et
al., 2019a]). Therefore, the library of metabolic tasks differed across studies in content and
form, preventing the comparison of results from the various studies. Thus, we first manually
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collated, curated, and standardized existing metabolic task lists (Blais et al., 2017; Thiele et
al., 2013), resulting in a documented collection of 195 tasks covering seven major metabolic
activities of a cell (energy generation, nucleotide, carbohydrates, amino acid, lipid, vitamin
and cofactor, and glycan metabolism) (Figure 1 and Table S1). We further unified the
formalism of the metabolic tasks and the associated computational framework for their use
in the modeling context (detailed in our earlier study [Richelle et al., 2019a]).

Here, we extend this concept beyond model benchmarking by developing a platform that
quantifies a cell’s metabolic functions directly from transcriptomic data. To achieve this, we
used genome-scale metabolic models to identify the list of reactions required to accomplish
each metabolic task and to identify the list of genes that might contribute to the acquisition
of this metabolic function on the basis of Gene Protein Reaction (GPR) rules. With only 195
tasks, we can capture the activity of 40% of the metabolic genes in the human genome-scale
networks (43.94% for Recon2.2 [Swainston et al., 2016] and 37.36% for iHsa [Blais et al.,
2017)).

The proposed computation of the metabolic score (i.e., relative activity of a metabolic task)
relies first on the preprocessing of the available transcriptomic data and the attribution of

a gene activity score for each gene (Richelle et al., 2019b). We further selected the genes
responsible for the activation of each reaction required for a task by using the GPR rules
and average their activity to compute the metabolic task score (see STAR Methods for more
details). In doing so, transcriptomic data can be directly used to quantify the relative activity
of each metabolic function in a specific condition. Importantly, given that gene lists are
pre-computed, no modeling background is required for the user.

Metabolic tasks can leverage metabolic functions of human tissues

Each organ, tissue, and cell type in the human body has a distinct set of specific functions.
The functions of each cell type are integrated to achieve the functions of each tissue, organ,
and organ system. Because there is no central database comprehensively describing the
unique metabolic functions of different tissues, we used transcriptomic data from the Human
Protein Atlas (Uhlén et al., 2015) to quantify the metabolic functions of 32 tissues by using
Recon2.2 (Swainston et al., 2016) as reference genome-scale model (Figure 2A; Tables

S2 and S3). We observed that >40% of the tasks are shared by all tissues (i.e., 79 tasks,
Figure 2B), and within organ systems even more tasks were shared (Figure 2C and Table
S3). To assess the significance of this common set of tasks, we collected a list of known
housekeeping genes (Blomen et al., 2015; Eisenberg and Levanon, 2013; Hart et al., 2017;
Wang et al., 2015). This list included 411 metabolic genes from Recon2.2 (Swainston et
al., 2016) (24.5% of all metabolic genes in Recon2.2). Interestingly, we found that 97.5%
of tasks shared by all the tissues (i.e., 79 tasks, Figure 2B) are associated with at least

one housekeeping gene. This included 277 housekeeping genes covered by metabolic tasks,
which represent 67.4% of all Recon2.2 housekeeping genes.

Metabolic tasks successfully cluster histologically similar tissues

We further analyzed the similarities of metabolic tasks of tissues within the same organ
systems as classified in the Human Protein Atlas (Uhlén et al., 2015). Specifically, we
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compared the similarities of tissues belonging to three different organ systems (i.e., female
reproductive system, gastrointestinal tract, and lymphatic system; see STAR Methods for
more details). We found that the metabolic task approach successfully groups tissues by
organ system (Figures 3A and S1 show the clusters from the binary version of the metabolic
task approach).

The gastrointestinal system presents the lowest grouping significance, as two tissues seem

to be group outliers (i.e., esophagus and salivary gland). Interestingly, these two tissues are
histologically substantially different from the rest of the gastrointestinal system. Specifically,
they are the only tissues without columnar epithelium. The salivary gland is the only

tissue in this group having cuboidal cells in its epithelium, whereas the esophagus contains
squamous epithelium (Figure 3B). The histological distance between tissues belonging to
the gastrointestinal system was successfully captured by metabolic task analysis (Figure 3C).

Metabolic task analysis captures tissue- and cell-specific functions

Some metabolic functions only occur in specific organs, tissues, or cells. For example,
taurine is the major constituent of bile secreted by the liver, and its biosynthesis also occurs
in the kidney and brain (Ripps and Shen, 2012). Furthermore, taurine plays an important
role in maintaining normal reproductive functions of mammals (Lobo et al., 2000; Mu

et al., 2015). Metabolic task analysis shows taurine synthesis in those known tissues and
reproductive tissues (Figure 4A). Similarly, metabolic task analysis predicts that starch
degradation occurs in the digestive tissues, consistent with the reported localization (Ao et
al., 2007). Thus, the analysis can capture tissue-specific metabolism.

Serotonin biosynthesis is similarly accurately predicted to be synthesized in the
gastrointestinal tract. However, the method does not predict its known synthesis by the
brain (Berger et al., 2009). This can be expected, as serotonergic neurons are localized to
the raphe nuclei, whereas the bulk brain transcriptomic data in the Human Protein Atlas
RNA sequencing (RNA-seq) were sampled from cerebral cortex (Uhlén et al., 2015). Thus,
we used the metabolic task approach on single-cell RNA-seq data of the adult mouse brain
(Saunders et al., 2018) (Tables S5 and S6) and found that serotonergic neurons can be
successfully identified (Figure 4B).

Metabolic task analysis captures the differences between brain cell types

The human brain is a metabolically demanding organ consisting of diverse cell types, each
one with unique metabolic capabilities. Although some metabolic interchanges between
brain cell types are well known (e.g., glutamate-glutamine shuttle between neurons and
astrocytes), there remain many open questions concerning the specific contribution of

each cell type in brain function. Thus, we used single-cell RNA-seq data from adult

mouse brain (Saunders et al., 2018) to assess the main metabolic features that differentiate
astrocytes, neurons, and oligodendrocytes (Figure 5A; see STAR Methods for details). The
metabolic task approach clearly differentiates the three cell types and details their metabolic
specialization (Figures 5B, 5C, S2, and S3). Our analysis confirms previously known
specific metabolic features such as the evidence that astrocytes fuel the glutamate-glutamine
shuttle (Amaral et al., 2013) (Figure 5B) and that oligodendrocytes are likely the primary
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source of creatine in the brain (Chamberlain et al., 2017) (Figure 5C). Interestingly, there
has been a debate as to whether oligodendrocytes serve as sources of glutamine synthesis
(Anlauf and Derouiche, 2013) in the glutamate-glutamine shuttle. Our analysis of single-cell
RNA-seq clearly supports this hypothesis (Figures 5B and S3D).

To analyze the capacity of this method to be used to resolve open questions, we also
created a new set of tasks specific to neurotransmitter synthesis (Table S6). We compared
the expression of these tasks with respect to the type of gene markers used to differentiate
the single cells. We observe that each set of gene markers used for identifying the different
clusters of neurons in the Single-Cell Atlas of Adult Mouse Brain (Saunders et al., 2018) are
associated with specific neurotransmitter patterns (Figure 5D). Specifically, the Slc17 gene
family is associated with the non-expression of the GABA neurotransmitter presumably
corresponding to glutamatergic neurons. Contrarily, all the neurons identified by using
GAD family gene markers are associated with a high GABA synthesis corresponding to
GABAergic neurons (Saunders et al., 2018). Interestingly, tyrosine hydroxylase is a marker
of dopaminergic neurons (Contini et al., 2010), and we observe that the neurons identified
with this gene are the only ones presenting the synthesis of dopamine.

Metabolic task analysis highlights metabolic dysregulations in Alzheimer’s disease

Alzheimer’s disease is a neurodegenerative disorder affecting millions of people, but to
date we lack a cure. Despite decades of research into the disease, many questions remain
regarding the molecular basis of its progression. However, increasing evidence suggests
that metabolic dysfunction might contribute to nervous system degeneration (Butterfield and
Halliwell, 2019; Kang et al., 2017; Lewis et al., 2010b). Whether metabolic alterations

are the cause or the consequence of the pathogenesis remains unclear, but metabolic
pathways might themselves contain potential targets for future therapies (Cai et al., 2012).
In this context, we used single-cell RNA-seq data from ROSMAP (Bennett et al., 2018)

to elucidate the main metabolic dysregulations associated with Alzheimer’s disease. To
this end, we clustered the excitatory neuron samples and identified the tasks that were
active in more than 50% of the dataset. Only three metabolic tasks correspond to this
criterion: the conversion of phosphatidyl-1D-myo-inositol to 1D-myo-inositol 1-phosphate,
the synthesis of tetrahydrofolate, and the synthesis of “Tn antigen” (i.e., glycoprotein N-
acetyl-D-galactosamine). We further used them to divide the samples into eight metabolic
clusters depending on the combination of their activity in each sample (Figures 6A and 6B;
see STAR Methods for more details). For each metabolic cluster, we tested their associations
with pathological traits by using a one-tailed Fisher’s test (Figure 6C) and observed that
specific metabolic clusters were enriched in samples associated with either Alzheimer’s
pathology (clusters M3 and M4) or no pathology (cluster M6). Interestingly, we were able
to group the 48 patients from the dataset depending on their disease prognosis with 75%
accuracy by sorting them with respect to the proportion of their samples in M3 and M4
(Figure 6D). Note that we applied the clustering approach and subsequent trait enrichment
analysis to the six major cell types identified in the original study presenting this dataset
(Mathys et al., 2019), and we did not find such a strong correlation for the other brain cell
types (Table S7).
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To better understand the metabolic functions differentiating the eight clusters, we computed
the median of the combined metabolic task score (i.e., score in its binary version multiplied
by the continuous one) and observed that only 13 tasks presented a median score different
from zero in a metabolic cluster. We further used these identified tasks to investigate

their expression patterns (i.e., percentage of patient samples associated with an active task
and related median score) across the groups of patients presenting or not presenting a
positive diagnosis for Alzheimer’s disease. We observed distinct median score distributions
depending on diagnosis for four tasks previously highlighted in the literature as being
implicated in the Alzheimer’s disease (Figures 6E-6G): the synthesis of Tn antigen (Frenkel-
Pinter et al., 2017; Schedin-Weiss et al., 2014) (glycoprotein A-acetyl-galactosamine),

the synthesis of tetrahydrofolate (Troesch et al., 2016), and the salvage of inosine 5’-
monophosphate and guanosine 5’ -monophosphate (Garcia-Gil et al., 2018). Although the
other metabolic tasks identified do not present distinct patterns at the level of the median
score distribution, we observe that healthy subjects often present a higher percentage of
samples for which these tasks are active (Figure S4). Thus, an overall deficiency of these
metabolic activities is observed in patients with Alzheimer’s disease. Interestingly, some
dysregulated metabolic tasks have been observed in previous studies, such as pyridoxal
phosphate synthesis (di Salvo et al., 2012), the presence of the thioredoxin synthesis (Silva-
Adaya et al., 2014), fructose degradation (Cisternas et al., 2015), and the conversion of
myo-inositol (Chhetri, 2019), whereas the others have not been specifically investigated. In
this context, the metabolic dysregulations identified with our approach provide a hypothesis
of new potential drug targets.

DISCUSSION

Here, we present an approach to predict the activity of hundreds of metabolic functions
from transcriptomic data. This framework enables the comprehensive quantification of the
propensity of a cell line or tissue to express a metabolic function, thereby facilitating
phenotype-relevant interpretation of these complex datum types. We used multiple omics
datasets to highlight the power of our approach to quantify metabolic functions from organ
systems to single cells.

Enrichment analyses are invaluable for identifying gene classes that are significantly over-
or under-represented in gene expression data. These gene groups can suggest functional
biological processes by leveraging existing knowledge embedded in gene ontologies.
Although these approaches are useful for genome-wide association studies and differential
screening, they do not provide mechanistic details of metabolic pathway activities. Our
framework, on the other hand, integrates omics datasets into pathways from computational
models to quantitatively describe the genotype-phenotype relationship. The analysis of
gene expression data with genome-scale systems biology models is well established and
can provide deep mechanistic insights into the metabolic capabilities of a cell and/or
tissue. Indeed, Uhlén et al. (2015) used a network-based approach and the concept of
metabolic tasks to construct tissue-specific metabolic networks. The approach enforced the
activity of tissue-specific metabolic tasks into each model to capture cellular functionalities
known to occur in all cell types. In doing so, they also found metabolic housekeeping
functions shared across all tissues and showed similarities between metabolic activities
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across tissues in the same organ systems. Unfortunately, the construction and analysis of
such computational models is a complex and difficult task requiring expert knowledge of the
tissues and modeling framework (Richelle et al., 2019a; Opdam et al., 2017). To overcome
this problem, our framework successfully combines the capacity to provide mechanistic
insights of network-based approaches and the simplicity of enrichment analyses. To further
facilitate adoption of the approach, we integrated a CellFie module into the list of tools
available in GenePattern (Reich et al., 2006) (www.genepattern.org; see STAR Methods for
more details).

The list of metabolic functions presented in this study covers the functions of a substantial
proportion of human metabolic genes (43.94% of the genes in Recon2.2 [Swainston et al.,
2016] and 37.36% in iHsa [Blais et al., 2017]). Therefore, we focused here on demonstrating
the use of the metabolic tasks rather than on the tasks themselves. However, this list can

be easily expanded upon for mammalian cells and extended to diverse organisms and

more cellular functions captured in systems biology models of metabolism, transcription,
translation, and signaling. For example, genome-scale metabolic networks exist for hundreds
of organisms, and updates on available networks are often released. A community standard
for metabolic tasks will facilitate efforts to build an extensive resource of metabolic and
cellular functions, including tasks unique to individual organisms. Such exhaustive lists of
tissue- and/or organism-specific metabolic features can be developed and validated, as we
did, on the basis of existing knowledge from the literature. However, further experimental
validation will be important to more objectively benchmark the new tasks.

In this context, a major value of this work will be to propose cell-type- or tissue-specific
functions based on transcriptomic data. To facilitate further validation of predicted tissue-
specific task beyond established literature observations, one could use various databases. For
example, we tested whether ontological information available in the Human Metabolome
Database (HMDB) (Wishart et al., 2018) could cross-validate the tissue-specific human
metabolic functions identified on the basis of the Human Protein Atlas dataset. Sixty-four

of our metabolic tasks can be translated into the accumulation of a metabolite of interest
listed in HMDB for which ontological data are available. We found that 73.2% of the tissue
specificities listed in HMDB for these metabolite accumulations corroborated with identified
tissue-specific metabolic tasks (Table S2). The increasing availability of other public
experimental data, through consortia such as Human Cell Atlas (www.humancellatlas.org),
EcoCyc (www.ecocyc.org), and Saccharomyces Genome Database (www.yeastgenome.org),
will definitively facilitate such validation while also enabling the curation of new metabolic
tasks for various model organisms.

The inclusion of other biological processes (e.g., transcription, translation) can easily be
formulated into our framework by using different types of models (Thiele et al., 2012;
Lerman et al., 2012), as our approach only requires gene information. Furthermore, gene
ontology repositories could provide a starting point to identify new tasks by mapping
existing gene sets onto genome-scale metabolic networks. Finally, future work will
investigate contributions from different isoenzymes within each metabolic task, given that
different cells and tissues can present the same metabolic reactions but using different
isoenzymes with different activities (Uhlén et al., 2015). This variation in enzyme usage
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might underlie adaptations of metabolism to biological perturbation such as a disease. The
CellFie framework can be further used to study other omics data, including proteomics,
assay for transposase-accessible chromatin using sequencing (ATAC-seq), and any other
type that can quantify genes or proteins. For example, in proteomics, one will input
abundance of proteins associated to each reaction involved in a metabolic task instead of
selecting the gene that will be the main determinant of gene abundance. Also, this could
be used to uncover previously unknown protein functions or inversely to associate a new
metabolic function with prior knowledge at the level of the protein. In this context, we
anticipate that co-expression analysis and studies of protein structures will complement
biochemical assays to assign activities to new proteins, which can then be added to the
genome-scale models and existing or new metabolic tasks.

In conclusion, this framework provides an approach to contextualize gene expression
data. Combined with knowledge-based functional analysis, this might, one day, enable the
complete description of the molecular basis of any biological system based on a simple
omics data analysis.

Limitations of the study

The list of metabolic tasks in this study represents a limited collection of curated metabolic
functions in human cells. The aim of this study was not to create and benchmark all
metabolic tasks but rather to standardize previously identified metabolic tasks and use these
to develop a tool for data analysis. Although the curated list covers a substantial proportion
of human metabolic genes, there is a need for further work to describe the metabolic tasks
involving the remaining genes not covered in the current task list, including those tasks
unique to individual non-human organisms.

The list should also be expanded for other mammalian cells and extended to diverse
organisms, along with more cellular functions captured in systems biology models

of metabolism, transcription, translation, and signaling. However, further experimental
validation will be important to objectively benchmark these new tasks, given that to date
there is no exhaustive list of cell-, tissue-, and/or organism-specific metabolic functions.
In this context, a major value of this work will be to propose cell-type- or tissue-specific
functions based on transcriptomic data.

The presented framework currently only relies on the usage of transcriptomic data. The
method could be adapted to study other omics data, including proteomics, ATAC-seq, and
any other type that can quantify genes or proteins. Such applications would be beneficial
to uncovering previously unknown protein functions or inversely associated new metabolic
functions thanks to prior knowledge at the level of the protein.

STAR xMETHODS
RESOURCE AVAILABILITY

Lead contact—Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, Dr. N.E. Lewis (nlewisres@ucsd.edu).
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Material availability—This study did not generate new unique reagents.

Data and code availability—The code sources to compute the metabolic task score are
available as a MATLAB package at https://github.com/LewisLabUCSD/CellFie and as a
module of GenePattern at www.genepattern.org.

METHODS DETAILS

Curation of metabolic tasks—The curation was done by first taking the union of
previously published lists of metabolic tasks (Blais et al., 2017; Thiele et al., 2013). We
removed duplicated tasks and lumped tasks that rely on the description of similar metabolic
functions. Each remaining task without strong biological evidence was removed. We also
created 9 new tasks that were essential for the acquisition of already described metabolic
functions (i.e., intermediate biosynthetic steps for the acquisition of other tasks). Doing

so, we obtained a collection of 195 tasks associated with 7 systems (energy, nucleotide,
carbohydrates, amino acid, lipid, vitamin & cofactor and glycan metabolism). For each
task, we provided its original source (Recon and/or iHsa) and comments on the biological
evidence of this metabolic function (Table S1).

Inference of metabolic tasks from transcriptomic data—The “metabolic tasks”
framework has been previously used to evaluate the quality and capabilities of genome-scale
metabolic models in multiple publications (Duarte et al., 2007; Thiele et al., 2013; Blais
etal., 2017; Gille et al., 2010; Mardinoglu et al., 2014; Uhlén et al., 2015; Agren et al.,
2014; Bordbar et al., 2012). We recently unified the formalism of the metabolic tasks and
the associated computational framework for their use in the modeling context (details are
presented in our earlier study (Richelle et al., 2019a)) but also benchmarked the methods
used to process gene expression data for such computational analysis (Richelle et al.,
2019b).

The metabolic task framework presented in Richelle et al., 2019ahad to be adapted to enable
the direct inference of metabolic task scores from the transcriptomic data, and in doing

so, extend the application of the concept beyond the model benchmarking scope. To this
end, we extracted the reaction sets associated with each metabolic task and accessed to

the list of genes that may contribute to the acquisition of this metabolic function based

on the GPR rules. Specifically, we used the Parsimonious Flux Balance Analysis (pFBA)

to define the smallest set of reactions and associated genes required to pass a task within

a specified model (Lewis et al., 2010a). The way metabolic task has been defined (i.e.,
capacity of producing a defined amount of an output products set when only a defined list
of input substrates is available in defined quantities) ensures that only the shortest metabolic
route can be used to perform a task, which is a valid statement for the proposed list of

tasks. Thanks to the availability of this information, metabolic functions can now be directly
assessed from transcriptomic data.

Specifically, the computation of metabolic task scores relies first on the definition of the set
of active genes in each cell or tissue. As presented in our benchmarking study (Richelle et
al., 2019Db), there are many different ways to perform this preprocessing step. Therefore,

all the results presented in the present publication have been computed by using the
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preprocessing parameter combination presenting the best performance (i.e., combination
“Local T2+ GM1 + Order 2”). In brief, a local thresholding approach using lower and upper
bounds on the gene activity profile (i.e., respectively, the 25™ and the 75™ percentile of the
overall gene expression value distribution) is implemented to attribute a score to each gene.

Expression level

Gene Score = 5010g(1 + Threshold

These gene scores are further mapped to the genome-scale model by parsing the GPR rules
(i.e., selection of the minimum expression value amongst all the genes associated to an
enzyme complex -AND rule- and the maximum expression value amongst all the genes
associated to an isozyme -OR rule (Jensen et al., 2011)) associated with the set of reactions
representing one metabolic task. Therefore, each reaction involved in a task is associated
with a reaction activity level (RAL) that corresponds to the preprocessed gene expression
value of the gene selected as the main determinant for this reaction.

We also computed the significance of each gene selected with regard to its overall use
throughout the whole metabolism in the observed condition. Some genes will be mapped
to multiple reactions (e.g. promiscuous enzyme). Therefore, we assume that there may be
some competition between the reactions using this gene. We define the significance of a
gene (S) by its specificity for a reaction. It is computed as the inverse of the number of
reactions in which this gene is used as the main determinant. Finally, the metabolic score
can be computed as the mean of the product of the activity level of each reaction with the
significance of its associated gene:

MT score = sum (RAL * S) / number of reactions involved in the task

MT score values enable the relative quantification of the activity of a metabolic task in a
specific condition based on the availability of data for multiple conditions. Indeed, some
important housekeeping genes always present at very low expression values. Therefore, a
metabolic function that will completely rely on this set of genes will always result in a low
MT score. Contrarily, some tasks can be associated with highly expressed genes. Therefore,
MT scores cannot be compared across tasks but only across samples. To partly overcome
this problem, we also propose this scoring approach in its binary version to determine
whether a metabolic task is active or not based on a gene expression profile. To this end, a
metabolic task will be considered as active if the average of its associated RAL is superior to
5log(2).

Assessment of tissue similarities—We computed the scores of the 195 metabolic
tasks in their continuous version based on the transcriptomic data available for 32 different
tissues in the Human Protein Atlas (Uhlén et al., 2015) dataset using Recon2.2 (Swainston
et al., 2016) as the reference genome-scale metabolic model (Swainston et al., 2016). These
scores were used to compute the Euclidean distance between each tissue. We associated
each tissue to an organ system as defined in the Human Protein Atlas (Uhlén et al., 2015)
(Table S3) and computed the average Euclidean distance between tissues belonging to the
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same organ system. Note that, we only considered organ systems presenting more than two
tissues within the same group (i.e. Female Reproductive, Lymphatic and Gastrointestinal

— total of 15 tissues). To compute the significance of our results, we generated the mean
Euclidean distance for 10000 randomly selected groups with the same number of tissues
(i.e. random selection of 3 tissues among the 15 considered for the Female Reproductive
group) and computed the exact p value (i.e. proportion of random distance lower than the
observed distance) associated to each organ system. We also performed this analysis using
the metabolic scores when computed in their binary version (Figure S1 and Table S2). The
histological information used in the assessment of tissue similarities has been collected from
the microscopy images and associated description available in the Human Protein Atlas
(Uhlén et al., 2015).

QUANTIFICATION AND STATISTICAL ANALYSIS

Principal component analysis for differentiating brain cell-types—A matrix
representing the metabolic function scores for 3 brain cell types (i.e., astrocytes, neurons and
oligodendrocytes) was constructed by multiplying the metabolic task scores computed in
their continuous version (Table S4) with the ones in their binary version (Table S5). A PCA
analysis on this matrix was conducted. As this analysis did not enable the differentiation
between astrocytes and oligodendrocytes, we performed a subsequent similar PCA analysis
by only using the samples related to these specific cell-types.

Clustering of excitatory neurons samples from the ROSMAP dataset—We
clustered the samples identified as excitatory neurons by identifying the tasks that were
active in more than 50% of the dataset. This threshold has been set with respect

to the percentage of excitatory neurons samples associated with a positive diagnosis

of Alzheimer’s disease (i.e., 51,2%). Only three metabolic tasks correspond to this
criterion: the conversion of phosphatidyl-1D-myo-inositol to 1D-myo-inositol 1-phosphate,
the synthesis of tetrahydrofolate synthesis and the synthesis of Tn antigen (Glycoprotein
N-acetyl-D-galactosamine. We further used them to divide the samples into 8 metabolic
clusters depending on the combination of their activity in each sample (Figures 6A and 6B).
Note that prior to this choice, other clustering methods have been investigated. Our first
approach was using k-means clustering. To this end, we used the percentage of coordinates
that differ (hamming distance) in the binary matrix of the metabolic task score (active vs
non-active) and the matlab function k-means with 10 replicates. To identify the appropriate
number of clusters to separate the data, we computed the within-cluster sum of square
distance (wws) and the average silhouette value by iteratively increasing the number of
clusters from 1 to 15. This approach also led to the identification of 8 metabolic clusters that
were displaying the same metabolic dysregulations. In order to ensure the reproducibility of
the results presented, we preferred to use a more straightforward clustering method.

We compared the metabolic clusters obtained with our approach to the clusters identified in
a publication (Mathys et al., 2019) using the ROSMAP data (Figure S5). We can observe
that the metabolic clusters M3 and M4 are only enriched in clusters Ex2 and Ex4 who
were identified as highly correlated with Alzheimer’s pathological traits in the reference
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publication. The same observation can be done with M6 metabolic cluster and Ex8, the cell
type cluster identified as highly correlated with patients without Alzheimer’s disease.

ADDITIONAL RESOURCES

Analysis with the GenePattern CellFie module—We created a web-based CellFie
module that has been integrated into the list of tools available in GenePattern (Reich et al.,
2006) (www.genepattern.org). A tutorial explaining how to run CellFie as a GenePattern
module is available on the wiki section of the github repository: https://github.com/
LewisLabUCSD/CellFie. This repository includes the source code of the computational
framework running on Matlab. The source code has been developed based on functions from
the Cobra Toolbox (Heirendt et al., 2019). It also includes a tutorial to visualize the output
results of CellFie on metabolic maps using Escher (King et al., 2015). The metabolic task
score can be computed based on any type of transcriptomic data type (e.g., microarray or
RNA-seq, bulk or single cell) regardless of data unit as long as the whole dataset has been
generated from the same analytical platform. CellFie can also be used to compute metabolic
tasks for CHO cells, rat and mouse.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

ACKNOWLEDGMENTS

This work was supported by generous funding from NIGMS (R35 GM119850 to N.E.L.) and NIAID
(UH2AI1153029 to N.E.L. and K.R.), a LIFA fellowship to A.R., grants for the support of GenePattern to J.P.M.
(RO1 GMO074024 and U24 CA194107), grants for A.T.W. (NLM T15LM011271, Training Fellowship from UC
San Diego Cancer Cell Map Initiative: NCI U54 CA209891). The Reproducible Research Results (R3) team

of the Luxembourg Center for Systems Biomedicine is acknowledged for supporting the project and promoting
reproducible research. Single-cell transcriptomic data from ROSMAP were provided by the Rush Alzheimer’s
Disease Center, Rush University Medical Center, Chicago. Data collection was supported through funding by NIA
grants P30AG10161, R0O1AG15819, RO1AG17917, R0O1AG30146, R0O1AG36836, U01AG32984, U01AG46152,
U01AG61356, the Illinois Department of Public Health, and the Translational Genomics Research Institute. Images
of human tissues used in Figure 2 and images of brain cell types used in Figure 5A are adapted from work created
by Freepik.com.

REFERENCES

Agren R, Mardinoglu A, Asplund A, Kampf C, Uhlen M, and Nielsen J (2014). Identification
of anticancer drugs for hepatocellular carcinoma through personalized genome-scale metabolic
modeling. Mol. Syst. Biol 10, 721. [PubMed: 24646661]

Amaral Al, Meisingset TW, Kotter MR, and Sonnewald U (2013). Metabolic aspects of neuron-
oligodendrocyte-astrocyte interactions. Front. Endocrinol. (Lausanne) 4, 54. [PubMed: 23717302]

Anlauf E, and Derouiche A (2013). Glutamine synthetase as an astrocytic marker: its cell type and
vesicle localization. Front. Endocrinol. (Lausanne) 4, 144. [PubMed: 24137157]

Ao Z, Quezada-Calvillo R, Sim L, Nichols BL, Rose DR, Sterchi EE, and Hamaker BR
(2007). Evidence of native starch degradation with human small intestinal maltase-glucoamylase
(recombinant). FEBS Lett. 581, 2381-2388. [PubMed: 17485087]

Bennett DA, Buchman AS, Boyle PA, Barnes LL, Wilson RS, and Schneider JA (2018). Religious
orders study and Rush memory and aging project. J. Alzheimer’s Dis 64 (s1), S161-S189.
[PubMed: 29865057]

Berger M, Gray JA, and Roth BL (2009). The expanded biology of serotonin. Annu. Rev. Med 60,
355-366. [PubMed: 19630576]

Cell Rep Methods. Author manuscript; available in PMC 2021 November 09.


http://www.genepattern.org/
https://github.com/LewisLabUCSD/CellFie
https://github.com/LewisLabUCSD/CellFie
http://Freepik.com

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Richelle et al.

Page 15

Blais EM, Rawls KD, Dougherty BV, Li ZI, Kolling GL, Ye P, Wallgvist A, and Papin JA (2017).
Reconciled rat and human metabolic networks for comparative toxicogenomics and biomarker
predictions. Nat. Commun 8, 14250. [PubMed: 28176778]

Blazier AS, and Papin JA (2012). Integration of expression data in genome-scale metabolic network
reconstructions. Front. Physiol 3, 299. [PubMed: 22934050]

Blomen VA, Majek P, Jae LT, Bigenzahn JW, Nieuwenhuis J, Staring J, Sacco R, van Diemen FR,
Olk N, Stukalov A, et al. (2015). Gene essentiality and synthetic lethality in haploid human cells.
Science 350, 1092. [PubMed: 26472760]

Bordbar A, Mo ML, Nakayasu ES, Schrimpe-Rutledge AC, Kim Y-M, Metz TO, Jones MB, Frank BC,
Smith RD, Peterson SN, et al. (2012). Model-driven multi-omic data analysis elucidates metabolic
immuno-modulators of macrophage activation. Mol. Syst. Bio 8, 558. [PubMed: 22735334]

Bordbar A, Monk JM, King ZA, and Palsson BO (2014). Constraint-based models predict metabolic
and associated cellular functions. Nat. Rev. Genet 15, 107-120. [PubMed: 24430943]

Butterfield DA, and Halliwell B (2019). Oxidative stress, dysfunctional glucose metabolism and
Alzheimer disease. Nat. Rev. Neurosci 20, 148-160. [PubMed: 30737462]

Cai H, Cong W.-n., Ji S, Rothman S, Maudsley S, and Martin B (2012). Metabolic dysfunction
in Alzheimer’s disease and related neurodegenerative disorders. Curr. Alzheimer Res 9, 5-17.
[PubMed: 22329649]

Chamberlain KA, Chapey KS, Nanescu SE, and Huang JK (2017). Creatine enhances mitochondrial-
mediated oligodendrocyte survival after demyelinating injury. J. Neurosci 37, 1479-1492.
[PubMed: 28069926]

Chhetri DR (2019). Myo-inositol and its derivatives: their emerging role in the treatment of human
diseases. Front. Pharmacol 10, 1172. [PubMed: 31680956]

Cisternas P, Salazar P, Serrano FG, Montecinos-Oliva C, Arredondo SB, Varela-Nallar L, Barja S,
Vio CP, Gomez-Pinilla F, and Inestrosa NC (2015). Fructose consumption reduces hippocampal
synaptic plasticity underlying cognitive performance. Biochim. Biophys. Acta 1852, 2379-2390.
[PubMed: 26300486]

Contini M, Lin B, Kobayashi K, Okano H, Masland RH, and Raviola E (2010). Synaptic input of
ON-bipolar cells onto the dopaminergic neurons of the mouse retina. J. Comp. Neurol 518, 2035-
2050. [PubMed: 20394057]

di Salvo ML, Safo MK, and Contestabile R (2012). Biomedical aspects of pyridoxal 5’ -phosphate
availability. Front. Biosci. (Elite Edition) 4, 897-913. 10.2741/428.

Duarte NC, Becker SA, Jamshidi N, Thiele I, Mo ML, Vo TD, Srivas R, and Palsson B@. (2007).
Global reconstruction of the human metabolic network based on genomic and bibliomic data.
Proc. Natl. Acad. Sci. U S A 104, 1777. [PubMed: 17267599]

Eisenberg E, and Levanon EY (2013). Human housekeeping genes, revisited. Trends Genet. 29, 569—
574. [PubMed: 23810203]

Feist AM, Herrgard MJ, Thiele I, Reed JL, and Palsson B@. (2009). Reconstruction of biochemical
networks in microorganisms. Nat. Rev. Microbiol 7, 129-143. [PubMed: 19116616]

Frenkel-Pinter M, Shmueli MD, Raz C, Yanku M, Zilberzwige S, Gazit E, and Segal D (2017).
Interplay between protein glycosylation pathways in Alzheimer’s disease. Sci. Adv 3, e1601576.
[PubMed: 28929132]

Garcia-Gil M, Camici M, Allegrini S, Pesi R, Petrotto E, and Tozzi MG (2018). Emerging role of
purine metabolizing enzymes in brain function and tumors. Int. J. Mol. Sci 19, 3598.

Gille C, Bélling C, Hoppe A, Bulik S, Hoffmann S, Hiibner K, Karlstadt A, Ganeshan R, K&nig
M, Rother K, et al. (2010). HepatoNet1: a comprehensive metabolic reconstruction of the human
hepatocyte for the analysis of liver physiology. Mol. Syst. Biol 6, 411. [PubMed: 20823849]

Gu C, Kim GB, Kim WJ, Kim HU, and Lee SY (2019). Current status and applications of genome-
scale metabolic models. Genome Biol. 20, 121. [PubMed: 31196170]

Hart T, Tong AHY, Chan K, Van Leeuwen J, Seetharaman A, Aregger M, Chandrashekhar M, Hustedt
N, Seth S, Noonan A, et al. (2017). Evaluation and design of genome-wide CRISPR/SpCas9
knockout screens. G3 (Bethesda) 7, 2719. [PubMed: 28655737]

Cell Rep Methods. Author manuscript; available in PMC 2021 November 09.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Richelle et al.

Page 16

Heirendt L, Arreckx S, Pfau T, Mendoza SN, Richelle A, Heinken A, Haraldsdottir HS, Wachowiak J,
Keating SM, Vlasov V, et al. (2019). Creation and analysis of biochemical constraint-based models
using the COBRA Toolbox v.3.0. Nat. Protoc 14, 639-702. [PubMed: 30787451]

Huang DW, Sherman BT, and Lempicki RA (2009). Bioinformatics enrichment tools: paths toward
the comprehensive functional analysis of large gene lists. Nucleic Acids Res. 37, 1-13. [PubMed:
19033363]

Jensen PA, Lutz KA, and Papin JA (2011). TIGER: Toolbox for integrating genome-scale metabolic
models, expression data, and transcriptional regulatory networks. BMC Syst. Biol 5, 147.
[PubMed: 21943338]

Kang S, Lee YH, and Lee JE (2017). Metabolism-centric overview of the pathogenesis of Alzheimer’s
disease. Yonsei Med. J 58, 479-488. [PubMed: 28332351]

Khatri P, Sirota M, and Butte AJ (2012). Ten years of pathway analysis: current approaches and
outstanding challenges. PLoS Comput. Biol 8, e1002375. [PubMed: 22383865]

King ZA, Drager A, Ebrahim A, Sonnenschein N, Lewis NE, and Palsson BO (2015). Escher: a web
application for building, sharing, and embedding data-rich visualizations of biological pathways.
PLoS Comput. Biol 11, €1004321. [PubMed: 26313928]

Lerman JA, Hyduke DR, Latif H, Portnoy VA, Lewis NE, Orth JD, Schrimpe-Rutledge AC, Smith RD,
Adkins JN, Zengler K, and Palsson BO (2012). In silico method for modelling metabolism and
gene product expression at genome scale. Nat. Commun 3, 929. [PubMed: 22760628]

Lewis NE, Cho B-K, Knight EM, and Palsson BO (2009). Gene expression profiling and the use of
genome-scale in silico models of Escherichia coli for analysis: providing context for content’. J.
Bacteriol 191, 3437-3444. [PubMed: 19363119]

Lewis NE, Hixson KK, Conrad TM, Lerman JA, Charusanti P, Polpitiya AD, Adkins JN, Schramm
G, Purvine SO, Lopez-Ferrer D, et al. (2010a). Omic data from evolved E. coli are consistent
with computed optimal growth from genome-scale models. Mol. Syst. Biol 6, 390. [PubMed:
20664636]

Lewis NE, Schramm G, Bordbar A, Schellenberger J, Andersen MP, Cheng JK, Patel N, Yee A, Lewis
RA, Eils R, et al. (2010b). Large-scale in silico modeling of metabolic interactions between cell
types in the human brain. Nat. Biotechnol 28, 1279-1285. [PubMed: 21102456]

Lobo MVT, Alonso FIM, and del Rio RM (2000). Immunohistochemical localization of taurine in the
male reproductive organs of the rat. J. Histochem. Cytochem 48, 313-320. [PubMed: 10681385]

Mardinoglu A, Agren R, Kampf C, Asplund A, Uhlen M, and Nielsen J (2014). Genome-scale
metabolic modelling of hepatocytes reveals serine deficiency in patients with non-alcoholic fatty
liver disease. Nat. Commun 5, 3083. [PubMed: 24419221]

Mathys H, Davila-Velderrain J, Peng Z, Gao F, Mohammadi S, Young JZ, Menon M, He L, Abdurrob
F, Jiang X, et al. (2019). Single-cell transcriptomic analysis of Alzheimer’s disease. Nature 570,
332-337. [PubMed: 31042697]

Mu T, Yang J, Li Z, Wu G, and Hu J (2015). Effect of taurine on reproductive hormone secretion in
female rats. Taurine 9, 449-456.

Opdam S, Richelle A, Kellman B, Li S, Zielinski DC, and Lewis NE (2017). A systematic evaluation
of methods for tailoring genome-scale metabolic models. Cell Syst. 4, 318-329.e6. [PubMed:
28215528]

Reich M, Liefeld T, Gould J, Lerner J, Tamayo P, and Mesirov JP (2006). GenePattern 2.0. Nat. Genet
38, 500-501. [PubMed: 16642009]

Richelle A, Chiang AWT, Kuo C-C, and Lewis NE (2019a). Increasing consensus of context-specific
metabolic models by integrating data-inferred cell functions. PLoS Comput. Biol 15, e1006867.
[PubMed: 30986217]

Richelle A, Joshi C, and Lewis NE (2019b). Assessing key decisions for transcriptomic data
integration in biochemical networks. PLoS Comput. Biol 15, e1007185. [PubMed: 31323017]
Ripps H, and Shen W (2012). Review: taurine: a "very essential” amino acid. Mol. Vis 18, 2673-2686.

[PubMed: 23170060]

Robinson JL, Kocabas P, Wang H, Cholley P-E, Cook D, Nilsson A, Anton M, Ferreira R, Domenzain
I, BillaV, et al. (2020). An atlas of human metabolism. Sci. Signal 13, eaaz1482. [PubMed:
32209698]

Cell Rep Methods. Author manuscript; available in PMC 2021 November 09.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Richelle et al.

Page 17

Saunders A, Macosko EZ, Wysoker A, Goldman M, Krienen FM, de Rivera H, Bien E, Baum M,
Bortolin L, Wang S, et al. (2018). Molecular diversity and specializations among the cells of the
adult mouse brain. Cell 174, 1015-1030.e16. [PubMed: 30096299]

Schedin-Weiss S, Winblad B, and Tjernberg LO (2014). The role of protein glycosylation in Alzheimer
disease. FEBS J. 281, 46-62. [PubMed: 24279329]

Sigurdsson MI, Jamshidi N, Steingrimsson E, Thiele I, and Palsson B@. (2010). A detailed genome-
wide reconstruction of mouse metabolism based on human Recon 1. BMC Syst. Biol 4, 140.
[PubMed: 20959003]

Silva-Adaya D, Gonsebatt ME, and Guevara J (2014). Thioredoxin system regulation in the central
nervous system: experimental models and clinical evidence. Oxidative Med. Cell Longevity 2014,
590808.

Swainston N, Smallbone K, Hefzi H, Dobson PD, Brewer J, Hanscho M, Zielinski DC, Ang KS,
Gardiner NJ, Gutierrez JM, et al. (2016). Recon 2.2: from reconstruction to model of human
metabolism. Metabolomics 12, 109. [PubMed: 27358602]

Thiele I, Fleming RMT, Que R, Bordbar A, Diep D, and Palsson BO (2012). Multiscale modeling of
metabolism and macromolecular synthesis in £. coliand its application to the evolution of codon
usage. PLoS One 7, e45635. [PubMed: 23029152]

Thiele 1, Swainston N, Fleming RMT, Hoppe A, Sahoo S, Aurich MK, Haraldsdottir H, Mo ML,
Rolfsson O, Stobbe MD, et al. (2013). A community-driven global reconstruction of human
metabolism. Nat. Biotechnol 31, 419-425. [PubMed: 23455439]

Troesch B, Weber P, and Mohajeri MH (2016). Potential links between impaired one-carbon
metabolism due to polymorphisms, inadequate B-vitamin status, and the development of
Alzheimer’s disease. Nutrients 8, 803.

Uhlén M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, Sivertsson A, Kampf
C, Sjostedt E, Asplund A, et al. (2015). Tissue-based map of the human proteome. Science 347,
1260419. [PubMed: 25613900]

Wang T, Birsoy K, Hughes NW, Krupczak KM, Post Y, Wei JJ, Lander ES, and Sabatini DM (2015).
Identification and characterization of essential genes in the human genome. Science 350, 1096—
1101. [PubMed: 26472758]

Wishart DS, Feunang YD, Marcu A, Guo AC, Liang K, Vazquez-Fresno R, Sajed T, Johnson D, Li C,
Karu N, et al. (2018). Hmdb 4.0: the human metabolome database for 2018. Nucleic Acids Res.
46, D608-D617. [PubMed: 29140435]

Cell Rep Methods. Author manuscript; available in PMC 2021 November 09.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Richelle et al.

Page 18

MOTIVATION

The existence of complex interdependencies between genes, proteins, and metabolites
challenge the interpretation of omics experiments. Data-driven approaches have been
particularly useful for identifying gene sets of interest. However, it remains difficult

to gain a mechanistic understanding of and to quantify a cell’s functions from

enriched ontology terms. Genome-scale systems biology models can be used to analyze
these datasets, but they require specialized training and can take extensive effort to
deploy. Here, we developed a framework to directly predict how changes in omics
experiments correspond to cell or tissue functions, thereby facilitating phenotype-relevant
interpretation of these complex datum types.
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Highlights
. An alternative approach for the interpretation of omics data is proposed
. A collection of tasks covering major metabolic activities in mammalian cells
is presented
. The framework predicts how metabolic functions change on the basis of
omics data
. Metabolic functions from single cells to tissues and organs can be quantified
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Figure 1. Genome-scale metabolic models can be used to infer the activity of a defined list of
metabolic functions

(A) Metabolic tasks are a modeling concept that we extend here to infer metabolic functions
from transcriptomic data.

(B) We curated and reconciled a collection of 195 tasks, derived in large part from earlier
modeling studies (i.e., Recon2 and iHsa). The original source of each task and comments on
the biological evidence of the associated metabolic function are presented in Table S1.

(C) The list of curated tasks covers seven main metabolic systems.
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Figure 2. Metabolic tasks capture functional similarities between human tissues
(A) The proportion of tasks identified as active in the seven major metabolic activities for

each of the 32 tissues present in the Human Protein Atlas (Uhlén et al., 2015).

(B and C) Shown are (B) the percentage of active tasks that are shared by all tissues and
(C) those shared within the same organ systems (Table S3). The background shaded color
distribution represents the assignment of the 195 curated tasks to seven main metabolic
systems.
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Figure 3. Metabolic tasks capture the histological similarities of tissues

(A) Visual representation of the similarity between tissues computed on the basis of

the metabolic task approach using a principal coordinates analysis. The mean Euclidean
distance for 100,000 randomly selected groups with the same number of tissues (inset)
highlights the significance of the tissues clustering into organ systems. The vertical lines are
the mean Euclidean distance between tissues belonging to the same organ system and their
empirical p value (see STAR Methods for more details).

(B) Heatmap and hierarchical clustering of histological similarities between tissues of the
gastrointestinal group.

(C) Hierarchical clustering of similarities between tissues of the gastrointestinal group
computed on the basis of the metabolic task approach.
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Figure 4. Metabolic specificities of tissues and brain cells
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(A) Metabolic task scores associated with the synthesis of taurine and serotonin and the
degradation of starch. Note that the figure presents only the 16 tissues for which these tasks

have been predicted.

(B) Score associated with the synthesis of serotonin for 12 different brain cell types. The
central black mark indicates the median, and the bottom and top edges of the box indicate
the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data

points not considered outliers, and the outliers are plotted individually by using orange

circles with dots.

Cell Rep Methods. Author manuscript; available in PMC 2021 November 09.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Richelle et al.

A

Noradr from Dopa
NO from Arg

Glu from Asp
Hista from His
Serot from Trp
Dopa from Tyr
Adren from Tyr
Adren from Noradr
Gly from Ser

Arg from Creat
Glu from Ala

Arg from Glu

Arg from Asp

Ads from Met

Ads from SelMet
Gly from Glc

Asn from Glu
GABA from Glu

Page 24

40 T T T T T
Synthesis of creatine

T

Astrocyte 0}
Neuron

PC2(7.71 %)

Conversion of glutamate to glutamine

Reactive oxygen species detoxification
henylalanine to phenyfacetaldehyde

Degradation of guanine to uraté

40 20 0 20 40 60 80
25 PC1(76.61 %)

100

120

140

15 T T T

9N|eA 9J02S UeS|A

PC2(10.83 %)
(%

20 F .

Synthesis of serotonin
10 ! Synthesis of creatine

. « Glycogen degradation
-0 Homocysteine synthesis
: Lysine degradation

25 L L L L
-40 -20 0 20 40

PC1 (78.98 %)

Figure 5. Metabolic differences between astrocytes, neurons, and oligodendrocytes
(A) Schematic representation of spatial connection between astrocytes (blue), neurons (red),

and oligodendrocytes (yellow).

(B) Principal component analysis (PCA) component scores for the three different cell types
(astrocytes, blue; neurons, red; oligodendrocytes, yellow) and the five dominant tasks in the
second principal component. The five tasks most influencing the third principal component
are presented in Figure S2A.

(C) PCA component scores for only two cell types (astrocytes, blue; oligodendrocytes,
yellow) and the five dominant tasks in the second principal component. The five tasks most
influencing the third principal component are presented in Figure S2B.

(D) Heatmap of metabolic tasks score mean values associated with the synthesis of main
neurotransmitters in the context of the gene markers for different neuron types (i.e., mean
of the metabolic task score obtained for all samples associated with specific set of gene
markers). The known gene markers are highlighted with different colors (e.g., GAD family
in green, Slc17 gene family in orange, Chat gene marker in purple).
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Figure 6. Metabolic clusters of excitatory neurons and their link with Alzheimer’s disease
(A) The single-cell transcriptomic dataset was clustered into eight metabolic clusters with

distinct patterns of activity for three metabolic tasks.

(B) Percentage of the representation of each metabolic cluster within the ROSMAP dataset
(Mathys et al., 2019).

(C) Enrichment analysis (one-tailed Fisher’s exact test) within each metabolic cluster

of clinic-pathological variables (Mathys et al., 2019) (AD, pathology; stage, stage of

the disease; amyloid, overall amyloid level; braaksc, Braak stage; ceradsc, assessment
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of neuritic plaques; cogdx, clinical consensus diagnosis; apoe, APOE (apolipoprotein E)
genotype; sex, sex of the patient).

(D) Percentage of samples of each metabolic cluster from each patient and their associated
Alzheimer’s diagnosis.

(E-G) Expression patterns of the metabolic tasks (left: percentage of patient samples
associated with an active task; right: related median score) presenting a dysregulated activity
across groups of patients with different diagnosis for Alzheimer’s disease (blue and red
represent patients without and with Alzheimer’s disease, respectively). The horizontal lines
represent the median of the distribution.
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Reagent or resource

Source

Identifier

Deposited data

RNA-Seq data for the 32 human tissues
Adult mouse brain single-cell transcriptomic dataset

Human brain single-cell transcriptomic dataset from ROSMAP (Religious Orders
Study and Memory Aging Project).

Uhlén et al., 2015
Saunders et al., 2018
Bennett et al., 2018

proteinatlas.org
dropviz.org

radc.rush.edu

Software and algorithms

GenePattern
Cobra Toolbox 3.0

Reich et al., 2006
Heirendt et al., 2019

genepattern.org

github.com/opencobra/
cobratoolbox

Escher King et al., 2015 escher.github.io
Other

iMM1415 Sigurdsson et al., 2010  bigg.ucsd.edu
Recon2.2 Swainston et al., 2016  bigg.ucsd.edu
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