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Abstract
Metabolic aberrations are a prominent feature of Alzheimer’s Disease (AD). Different neuronal
subtypes have selective vulnerability in AD. Despite the recent advance of single cell and single
nucleus RNA-seq of AD brains, genome-scale metabolic network changes in neuronal subtypes
have not been systematically studied with detail. To bridge this knowledge gap, I developed a
computational method called perturb-Met that can uncover transcriptional dysregulation centered
at hundreds of metabolites in a metabolic network. perturb-Met successfully recapitulated known
glycolysis, cholesterol, and other metabolic defects in APOE4-neurons and microglia, many of
which are missed by current methods. Applying perturb-Met on AD snRNA-seq data, I revealed
that the four neuronal subtypes in the entorhinal cortex shows subtype-specific metabolic changes,
namely mitochondrial complex I metabolism, ganglioside metabolism, galactose and heparan
sulfate metabolism, as well as glucose and lipid metabolism, respectively. perturb-Met also
revealed significant changes in protein glycosylation in the neuron subtype specifically found in
AD brains. These subtype-specific metabolic changes may potentially underlie their selective
vulnerability in AD. perturb-Met is a valuable tool to discover potential metabolic network
changes in many other single cell or bulk transcriptomic studies.
Introduction
Alzheimer’s Disease (AD) poses a significant disease burden, with 43.8 million people living with
dementia globally, a situation that will further deteriorate with the world’s aging population[1].
Targeting metabolic dysfunction is a promising strategy to combat AD [2]. Genome-scale
metabolic network models (GSMMs), which mechanistically connect thousands of metabolites
and enzymes into a computable model, provide a global framework to systematically identify
metabolic network changes. GSMMs have been successfully used to study many diseases,
including AD[3,4]. However, existing applications of GSMM in AD are often based on bulk gene
expression data of specific brain regions that contain multiple heterogeneous cell types[5] or rely
on cell type-specific models manually curated from the literature[4], which may focus more on
well-studied pathways. More importantly, AD does not affect all neurons to the same degree –
some are more vulnerable than others, an observation known as selective neuronal vulnerability[6].
Earlier pioneering work showed that metabolic differences among neurons may provide a potential
explanation[4]. However, the full extent of metabolic involvement in subtype-specific neuronal
vulnerability in AD remains significantly under-explored and will be overlooked by GSMMs that
use bulk expression data. Recently, massive amounts of single cell and single nucleus RNA-seq
(sc/snRNA-seq) have been extensively used to measure transcriptomic changes in brain
development, aging, and AD at the single cell level[7-10]. However, these datasets have not
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generated novel, high resolution insight into the neuron-subtype-specific metabolic dysfunctions
in aging and AD.
To bridge this knowledge gap, we developed perturb-Met, which can identify transcriptional
perturbations centered at hundreds of metabolites in a genome-scale metabolic network (Fig. 1).
perturb-Met adapts the Kullback-Leibler (KL) divergence concept from information theory to
quantify relative changes in the distribution of transcript abundances for all genes connected to a
metabolite between two conditions (e.g., AD vs. control). KL divergence quantifies how a
statistical distribution differs from a second, reference distribution. perturb-Met is useful for both
single cell and bulk transcriptomic studies.
perturb-Met offers several advantages over existing methods. First, the commonly used pathwaylevel enrichment analysis groups metabolic genes into distinct pathways, which does not account
for the fact that metabolites often span and connect multiple pathways. Moreover, pathway-level
analysis often lacks sufficient resolution: transcriptional changes may be concentrated in only a
few metabolite and involve a small number of key enzymes within a pathway. perturb-Met
addresses both problems by considering relative changes of transcript abundances at individual
metabolites. Further, although Reporter Metabolite analysis can also identify transcriptional
dysregulation around metabolites instead of pathways[11], it still relies on univariate differential
expression analysis for each gene separately. This suffers from two potential problems. First,
because it asks the question, Is there more extensive differential expression than expected by
chance?, it often requires a minimum and a maximum number of genes connected to a metabolite
(e.g., minimum 3 genes, maximum 50 genes[12]), which may miss important metabolites
connected by only two genes (examples in Fig. 2D and E). Second, even if more than 3 genes are
connected to a metabolite, Reporter Metabolite analysis would still require enough of them to be
significantly differentially expressed. A metabolite may not be selected if only one of its connected
genes is differentially expressed. However, using perturb-Met, it is still considered noteworthy if
the magnitude of expression change for one gene significantly alters the relative distribution of
transcript abundances of all genes around a metabolite (example in Fig. 3F).
We validated the performance of perturb-Met by showing that it successfully recapitulated known
cholesterol, glycolytic, and other metabolic dysfunctions in neurons and microglia harboring the
e4 allele of APOE, the strongest genetic risk factor for late-onset AD [13], which are missed by
existing methods. We then used perturb-Met to identify neuron subtype-specific metabolic
changes in AD using snRNA-seq[10], recapitulating many literature-supported metabolic changes
and uncovering new ones for further experimental validation. Specifically, we found that the four
neuronal subtypes identified in a recent scRNA-seq of human AD[10] are each characterized by
unique metabolic dysfunctions in mitochondrial complex I metabolism, ganglioside metabolism,
galactose and heparan sulfate metabolism, as well as glucose and lipid metabolism. Comparing the
AD- and control-specific neuron subtypes revealed changes in protein glycosylation, known to be
important for many key AD genes [14]. Our results provide potential metabolic explanations for
selective neuronal vulnerability in AD and may offer more precise guidance to target metabolic
dysfunctions in this disease. Our perturb-Met method can also be applied to uncover potential
metabolic reprogramming in a wide range of human diseases and developmental processes based
on either single cell or bulk transcriptomics data.
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Results
1. Overview of the perturb-Met method
perturb-Met combines results from two computational modules. The first module detects relative
compositional changes in transcript abundances across genes (Fig. 1A): gene B becomes more
dominant in condition 2 (e.g., 10% of total transcript abundance in condition 1 to 80% of total
abundance in condition 2). The second module detects cases where the relative expression levels
do not change, but total expression levels change (Fig. 1B). In each module, we calculate the
adapted KL divergence and use 1000 permutations to derive a p-value (Methods). Permutation pvalue is defined as the fraction of times that the expression changes of randomly sampled sets of
genes (where each metabolite is still connected to the same number of genes and each metabolic
gene is connected to the same number of metabolites, Fig. 1C & D) have the same or larger KL
divergence than the actual metabolic gene set based on metabolic network topology. We then use
Fisher’s method to combine the p-values from modules 1 and 2 to obtain a single p-value for each
metabolite[15]. This p-value is then used to rank metabolites.
In contrast, Reporter Metabolite analysis first calculates a p-value for each gene separately and
then uses inverse normal distribution to combine the p-values for all genes around a metabolite
into a single score; it also uses permutation to derive a p-value for the combined score[11]. perturbMet differs from Reporter Metabolite analysis in that it considers expression changes in each
metabolic gene together with the expression levels of all other metabolic genes
consuming/producing the same metabolite, instead of testing differential expression for each gene
separately. For sc/snRNA-seq data, perturb-Met also performs cell label permutation, where the
cluster (1, 2, 3, etc.) and phenotype (e.g., AD, control) are randomly assigned (Methods).
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Figure 1. perturb-Met workflow. (A) Module 1 detects relative expression changes around a metabolite.
Colored boxes with arrows represent metabolic reactions. Different colors denote different reactions. Size of the
boxes is proportional to normalized enzyme mRNA levels that sum up to 1 for all genes connected to a
metabolite. The metabolite M participates in R1, R2, and R3 reactions. R1 and R2 synthesize M, while R3
degrades M. Expression levels of the three reactions are shown in condition 1 (top) or condition 2 (bottom). A
modified KL value formula is used to quantify relative expression changes. (B) Module 2 detects coordinated
proportional expression changes around a metabolite. The condition with lower total expression level is scaled
down before using the KL value formula. (C) Node-degree preserving permutation to calculate p-value. After
permutation, each metabolite is still connected to the same number of genes, but the identities of those genes
changed. (D) Similarly, each metabolic gene is still connected to the same number of metabolites, but the
identities of those metabolites are randomly chosen.
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To evaluate the performance of perturbMet and compare it with Reporter
Metabolite analysis [11], we applied both
methods on a dataset with wellcharacterized
underlying
metabolic
changes.
The APOE4 variant is a major genetic risk
factor for AD[16] and is known to cause
aberrations in cholesterol and glucose
metabolism in neurons[13]. We applied
both perturb-Met and Reporter Metabolite
analysis on a bulk RNA-seq dataset of
APOE4-(pathogenic)
and
isogenic
APOE3-(control) neurons[17] (Fig. 2A).
perturb-Met
correctly
identified
cholesterol as perturbed between APOE4vs. APOE3-neurons (Fig. 2B). perturbMet
also
identified
significant
transcriptional dysregulation around
many glycolytic metabolites (Fig. 2C).

Figure 2. Validation of perturb-Met on APOE-4 vs. APOE-3 neurons and microglia.
(A) CRISPR genome editing was used to create isogenic iPSCs that carry either APOE3 (control) or APOE4
(pathogenic) variants. These iPSCs are differentiated into neurons and microglia, which are then compared in
this study. (B) perturb-Met identified cholesterol metabolism as being different between APOE4 and APOE3
neurons due to changes in the relative expression levels of cholesterol synthesis and transport enzymes. Colored
boxes with arrows represent metabolic reactions. Different colors denote different reactions. Size of the boxes is
proportional to enzyme mRNA levels. (C) perturb-Met recapitulated metabolic changes in glycolysis in APOE4
neurons. Bold text indicates metabolites in glycolysis; blue boxes adjacent to each metabolite are p-values from
perturb-Met and Reporter Metabolite analysis, respectively. Blue arrows represent individual steps in glycolysis.
(D) L-DOPA metabolism in APOE4 neurons is identified by perturb-Met as potentially interesting due to
relative expression changes of tyrosine hydroxylase (TH) and dopa decarboxylase (DDC). (E)
Creatine/phosphocreatine metabolism may be perturbed in APOE4 microglia due to relative expression changes
of mitochondrial (CKMT2) and cytosolic (CKB) isoforms of creatine kinase. (F) Spermine/spermidine
metabolism identified by perturb-Met in APOE4 microglia due to relative expression changes of spermidine
synthase (SRM) and spermine synthase (SMS). fdp: Fructose 1,6-Bisphosphate; DHAP: Dihydroxyacetone
Phosphate; g3p: Glyceraldehyde 3-Phosphate; 3pg: 3-Phospho-D-Glycerate; 2pg: 2-Phospho-D-Glycerate; pep:
Phosphoenolpyruvate; pyr: Pyruvate; lac-l: L-lactate.
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Both cholesterol and glycolytic metabolites are missed by the Reporter Metabolite analysis: this
method requires a large number of the genes connected to a metabolite to be significantly
differentially expressed in order to detect a metabolite as perturbed, and it requires a metabolite to
be connected to at least three genes in order to perform significance testing. perturb-Met does not
have such restrictions.
In addition to well-known aberrations in cholesterol and glucose metabolism, we identified other
literature-supported changes in APOE4-neurons that are missed by Reporter Metabolite analysis
(Table 1, full list in Table S1). Interestingly, we identified transcriptional dysregulation in the
synthesis of neurotransmitters dopamine and serotonin. perturb-Met found tyrosine and L-DOPA
to be perturbed mainly due to decreased expression of tyrosine hydroxylase in APOE4-neurons,
which converts tyrosine into L-DOPA (Fig. 2D); L-DOPA is a precursor for dopamine. Reduced
dopamine transporter and tyrosine hydroxylase levels have been previously observed in the
nucleus accumbens of AD patients[18], and augmenting dopamine transmission has been shown
to improve cortical neurotransmission and cognitive performance of AD patients[19]. Similarly,
perturb-Met also found several metabolites in serotonin synthesis (tryptophan, 5-hydroxytryptophan and serotonin) due to decreased DDC (DOPA decarboxylase) expression. This could
lead to reduced serotonin production by APOE4 neurons compared to APOE3 neurons. Increasing
serotonin signaling has been shown to reduce amyloid-β in mouse models of AD and in human[20]
and to improve cognitive performance of AD patients[21]. Our analysis therefore suggests that
adding serotonin and/or dopamine in APOE4-neurons may confer beneficial effects.
Besides metabolites with existing literature support listed in Table 1, we also identified many
novel metabolites for future experimental validation. One example is multiple components of the
glycine cleavage system (alpam, alpro, lpro, dhlpro): increased glycine accumulation can cause
motor dysfunction[22], but its role in AD is unclear. Additionally, both Reporter Metabolite
analysis and perturb-Met identified multiple metabolites in the one-carbon metabolism as
perturbed (mlthf, dhf, thf, Table S1). This suggests that defective one-carbon metabolism may be
an important phenotype in APOE4-associated neuronal metabolic dysfunction.
Table 1. Literature-supported metabolites identified by perturb-Met but
Metabolite analysis in the APOE4-neuron.
Metabolite
P-value
Change in Alzheimer’s
Ethanolamine Phosphate 0.013
Decreased in AD postmortem brain tissue
fdp
0.009
APOE4-expressing neurons
are deficient in glycolysis
DHAP
0.011
g3p
0.011
3gp
0.011
2pg
0.011
pep
0.011
pyr
0.011
Cholesterol
0.013
Increased in neurons in
pathological conditions
-5
Tyrosine
1.7x10
Known to improve learning
and memory deficits in AD
L-DOPA
5x10-4
Valine
0.044

missed by Reporter
Reference
Ellison et al[23]
Wu et al[13]

de Chaves et
al[24]
Ambree et al[25]
Li et al[26]
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Isoleucine
0.037
4-Methyl-20.0092
Oxopentanoate
Vitamin C (ascorbic acid) 0.03

BH4

1.5x10-4

trp_l
5htrp
serotonin

0.0068
0.018
0.049

Branched chain AA
metabolism defective in AD
Vitamin C improves cognitive
function in APOE3 but not
APOE4 carriers
Decreased in AD
cerebrospinal fluid
Decreased in AD; increased
serotonin decreases Aβ

Chaudhari
al[27]

et

Kuiper et al. [28]
Cirrito et al[20]

Besides neurons, metabolic aberrations in microglia are increasingly recognized as being
important for AD pathogenesis[29]. Therefore, we focused on the effects of the APOE4 variant on
microglia, as well. Table 2 lists metabolites identified by perturb-Met but missed by Reporter
Metabolite analysis (full list in Table S2).
Phosphocreatine is a rapidly mobilizable reserve of high-energy phosphates that has previously
been reported to be highly increased in the entorhinal cortex of APOE4 mice[30]. Our analysis
further infers that microglia may contribute to increased phosphocreatine. Phosphocreatine is
prioritized by perturb-Met due to a dramatic shift of the relative expression of cytosolic (CKB) vs.
mitochondria creatine kinase (CKMT2) (Fig. 2E). Interestingly, the APOE4 variant is known to
increase production of nitric oxide in microglia [31], which has been shown to inactivate CMKT2
(Sarcomeric Mitochondrial Creatine Kinase) and cause compensatory up-regulation of its
expression, both in absolute levels and relative to the cytoplasmic CKB[32]; these literature results
support the scenario in Fig. 2E.
perturb-Met also recovered several metabolites known to induce or repress microglia activation.
S-adenosylmethionine (SAM), heme, methylmalonyl CoA and succinate are all known to promote
inflammatory activation of microglia or macrophages by increasing reactive oxygen species, while
spermidine (Fig. 2F) has anti-inflammatory effects on microglia by blocking NF-κB, PI3K/Akt
and MAPKs signaling pathways (Table 2). This suggests that an APOE4 variant may influence
microglia immune phenotypes by perturbing their metabolic homeostasis.
Table 2. Literature-supported metabolites identified by perturb-Met but missed by Reporter
Metabolite analysis in APOE4-microglia.
Metabolites
P-value
Change in AD
Reference
Phosphocreatine
0.0029
Significant increase in
Area-Gomez et al[30]
entorhinal cortex of
APOE4 aged mice
S-Adenosylmethionine
0.01
Known to induce
Seminotti et al[33]
microglia activation and
neuronal damage
Spermine
0.0071
Has anti-inflammatory
Choi & Park[34]
effects on microglia
Spermidine
0.0076
Uroporphyrinogen III
6.3x10-4
Induces reactive microglia Lin et al[35]
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Protoporphyrin
Protoheme
Methylmalonyl Coenzyme
A
Succinate

0.0073
0.038
0.001
0.04

Known to induce
microglia activation
Known to be proinflammatory

Gabbi et al[36]
Mills et al[37]

We also found novel metabolites not previously linked to microglia. The top prediction is NAcetyl-D-Mannosamine (p-value 2.82x10-6), shown to improve cognitive function in aged
mice[38], but its specific function in microglia is unknown. We also found multiple phospholipid
species (Table S2). Phospholipids are known to influence microglia morphology[39]. Further, we
found 11-cis-retinol (p-value 0.014) and 11-cis-retinal (p-value 0.019). Although 9-cis retinoic
acid has been shown to suppress inflammatory response in microglia[40] , the role of 11-cis retinol
has not been studied and may be worth investigating. None of these metabolites are identified by
Reporter Metabolite analysis.
In summary, compared to Reporter Metabolite analysis, perturb-Met uniquely identified many
known, literature-supported metabolites as transcriptionally perturbed between APOE4- vs.
APOE3-neurons and microglia. The novel metabolites predicted by perturb-Met provide new
potential targets to correct metabolic dysfunctions in APOE4-neurons and microglia.
Neuron subtype-specific analysis reveals unique metabolic expression changes in AD
Existing metabolic network models of AD are based on the transcriptomes of specific brain
regions[5], which may miss extensive heterogeneity within the same cell type or across different
cell types within the same region. This is important, because certain types of neurons are more
susceptible to AD [6], and genome-scale metabolic networks have already been used to identify
potential metabolic differences between neuron subtypes that may explain selective neuronal
vulnerability in AD[4]. However, due to the smaller scale of these models, the extent of cell
subtype-specific metabolic differences remains under-explored. We therefore used perturb-Met to
identify metabolic heterogeneity for multiple subtypes of neurons.
I followed the subtype identified in Grubman et al. [10] and performed cell sub-cluster-specific
perturb-Met analysis for neurons. We focused on neuron sub-clusters n2, n3, n4 and n5, which
contained significant numbers of neurons from both AD and control brain samples. We also
filtered out metabolic genes expressed in less than 10 cells in both AD and control samples. In
addition to network permutation (Fig. 1 C and D), we also performed cell label permutation to
ensure that observed relative expression changes were not due to random noise in the expression
data (Methods). I found that neuron subtypes show largely unique metabolic perturbations in AD,
with only a few shared between two neuron subtypes (Fig. 3A). Full results are in supplemental
tables S3-S6.
Neuron sub-cluster n2 consists of excitatory neurons from cortical layers II to VI and is selectively
vulnerable in AD. perturb-Met identified NAD/NADH and co-enzyme Q10 due to higher
mitochondrial complex I expression (MT-ND1, ND3, and ND4, Fig. 3B). Interestingly, other
complexes of the mitochondrial OXPHOS machinery did not show increased expression in AD.
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This complex I up-regulation is also unique to n2 since other sub-clusters such as n3 neurons
showed little change. Mild inhibition of complex I activity is known to restore energy homeostasis
and avert cognitive decline in animal models of AD [41,42].
Neuron sub-cluster n3 is a mixture of NDNF+ and CCK+ interneuron subsets [10]. CCK+
interneurons shown Aβ accumulation and its number declines with age in AD [43]. 4 out of the 8
metabolites identified by perturb-Met are involved ganglioside metabolism: GM3, GD1a, GM1b,
and CMP-sialic acid (Fig. 3C and D). The relevance of our prediction is supported by literature.
Gangliosides concentration decreased in AD [44]. Recent studies demonstrate that physiological
concentrations of ganglioside GM1 inhibits Aβ oligomerization [45], and ganglioside GQ1b
reduces Aβ plaque deposition and tau phosphorylation and ameliorates cognitive deficits in the
triple-transgenic AD mouse model (3xTg-AD) [46]
Neuron sub-cluster n4 corresponds to PVALB+ and SST+ layer IV–VI interneurons. This subtype
of interneurons are impaired in AD [47,48]. The top perturbed metabolite is galactose due to
decreased expression of galactokinase 2 (Fig. 3E). Interestingly, chronic exposure to galactose has
been shown to induce neurodegeneration and increase oxidative damage [49]. We also identified
altered heparan sulfate metabolism (paps), mainly driven by increased expression of HS6ST3 (Fig.
3F). Heparan sulfate proteoglycans are required for cellular uptake of tau [50]. Further, we
identified uracil due to UPP2, which catalyzes the interconversion between uracil and uridine.
Uridine is known to protect neurons from glucose-deprivation-induced cell death, and UPP2 is key
for this protective effect [51].
The n5 sub-cluster includes layer I, II, and VI VIP+ interneurons, which have not been shown to
be impaired in AD [52]. We found multiple glycolysis metabolites as different between AD and
control conditions (Fig. 3G), for example, f6p (fructose-6-phosphate) was identified due to
increase in hexokinase 1 in AD. Besides changes in glucose metabolism, we also detected changes
in cholesterol metabolism due to increased HDLBP (aka. vigilin) expression (Fig. 3G). Vigilin is
known to regulate lipid metabolism[53] and co-localizes with APOE [54], and its expression is
actually lower in APOE4 neurons (Fig. 2B). Further, we observed multiple phosphoglycerolipids
due to increased LIPIN1 and PLPP1 expression in AD (Fig. 3H), which are involved in
phosphatidate (PA) and diacylglycerol (DG) conversion. Lipin 1 expression is up-regulated by
injury, and its inhibition is known to promote axon regeneration [55].
In summary, perturb-Met revealed neuron subtype-specific changes, many of which are known to
be important in AD. The metabolites and enzymes uniquely perturbed in each neuron subtype may
provide important clues on selective neuronal vulnerability in AD.
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Figure 3. perturb-Met identified neuron sub-cluster-specific metabolic changes in response to Alzheimer’s
disease (AD). (A) Venn diagram of metabolites identified by perturb-Met in each neuron sub-cluster showed
that each sub-cluster had unique metabolic responses. (B) Bar plot of metabolic genes connected to NAD in n2
sub-cluster (top) and n3 sub-cluster (n3) showed NAD metabolism uniquely changes in n2. Expression values
are normalized such that all enzymes connected to a metabolite sum to 100%. Green bars: normalized expression
values in control neurons; red bars: normalized expression values in AD neurons. For clarity, only metabolic
enzymes showing noticeable changes are plotted. (C, D) Enzymes in gangliosides GM1b (C) and GM3 (D)
metabolism show relative expression changes in n3 neurons. (E) Galactose metabolism is perturbed in the n4
sub-cluster due to relatively decreased galactose kinase (GALK2) expression and increased Prosaposin (PSAP)
expression. (F) There is a potentially increased transfer of sulfate from paps (3'-Phosphoadenosine-5'phosphosulfate) to heparan sulfate due to increased expression of HS6ST3 in n4 AD neurons. (G) 4 metabolites
in glucose metabolism are identified as perturbed in n5 neurons in response to AD. (H) Cholesterol is identified
as perturbed in n5 neurons due to relative expression changes of CYP46A1 and vigilin. (I) Multiple
phosphoglycerolipids are identified as perturbed in n5 neurons due to increased expression of lipin 1 (LPIN1)
and phospholipid phosphatase 1 (PLPP1) genes in AD.

AD-specific neuron sub-cluster shows dysregulated protein glycosylation
In addition to n2-n5 neuron sub-clusters, which contain significant numbers of neurons from both
AD and control samples (27% - 58% neurons from AD), there are two additional clusters: n1 and
n6, where 91% and 98% of all neurons come from AD and control samples, respectively[10]. We
found multiple metabolites in glycan metabolism to be different between AD- and control-specific
neuron sub-clusters---UDP, UDP-glucuronate, UDP-galactose, UDP-GlcNAc, and heparan
sulfate---due to expression changes in multiple enzymes, such as CHSY3, B3GAT1, B4GALNT4,
FUT9, MGAT4C, HS6ST3, etc (Fig. 4, full results in Table S7). The aberrant protein glycosylation
is an important feature of AD [56]. In particular, UDP-GlcNAc (uridine diphosphate Nacetylglucosamine) is an important substrate for protein glycosylation. Interestingly, we found that
in AD-specific n1 neurons, there is increased β1,4 -N-glycosylation due to increased MGAT4C
and decreased β1,6 -N-glycosylation (Fig. 4A and B). Many key AD-related genes are N-
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glycosylated, including APP, BACE1, and TREM2 [14]. In particular, N-glycan structures of APP
influence its transport and secretion [14]. However, the effects of specific N-glycan structures on
AD-related proteins remain unclear. We also observed (1) an increased transfer of UDP-GlcNAc
and UDP-glucuronate to chondroitin sulfate due to increased CHSY3 and B3GAT1, and (2) a
decreased incorporation into heparan sulfate due to lower EXT1 expression in AD (Fig. 4C and
D). Chondroitin sulfate proteoglycans, found near senile plaques and neurofibrillary tangles [57],
are known to inhibit neurite outgrowth after injury, and blocking chondroitin sulfate restores
memory in tauopathy-induced neurodegeneration [58]. We also identified relative shifts of O- vs.
N-sulfation of heparan sulfate in AD vs. control-specific neurons (Fig. 4 E and F). Heparan sulfate
is also identified in cluster n4 AD vs. control comparison, and heparan sulfate proteoglycans are
required for cellular uptake of tau [50].
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Figure 4. Glycan metabolism differs between the AD-specific n1 neuron sub-cluster and the controlspecific n6 neuron sub-cluster. (A,B) Uridine diphosphate N-acetylglucosamine is a key substrate for
multiple glycan modification reactions, and its transfer into different types/structures of glycans differs
between control (A) and AD (B). Similarly, UDP-glucuronate transfer into different glycan species differs
between control (C) and (D), with increased transfer into chondroitin sulfate and reduced transfer into
heparan sulfate in AD. (E,F) There is increased paps (3'-Phosphoadenosine-5'-phosphosulfate)
incorporation into heparan sulfate via 6-O-sulfation than N-sulfation in AD (F) compared to control (E).

Neuron subtype-level analysis revealed potential false positive and false negative discoveries
due to bulk averaging
Comparing FACS-sorted neurons in AD vs. control conditions is a typical way to identify cell
type-specific changes in AD [59]; however, expression profiles from these studies represent the
average expression profiles of all purified neurons. Therefore, we tested whether the metabolites
identified by sub-cluster-specific analysis in Fig. 4 are also captured by comparing the average
expression profiles of all neurons in AD vs. the control. Among the 32 significant metabolites (pvalue <0.05) perturb-Met identified on the average profile of all neurons (Table S8), 8 (25%) were
also found in one of the four subtypes. The other 24 were found to be significant by bulk averaging
but not in any one of the neuronal subtypes. On the other hand, there are 22 metabolites identified
as significant by perturb-Met in at least one neuron subtype but not by bulk averaging (Fig. 5A).
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Some interesting metabolites detected in each neuron sub-cluster---GM3 in n3 (Fig. 5B), galactose
in n4 (Fig. 5C), and glycerophospholipid in n5 (Fig. 5D)---are not detected using bulk averaging
of all neurons in AD vs. the control. This is likely because expression changes occur only in a
neuron sub-cluster, and bulk averaging is not sufficiently sensitive to pick up these changes.
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Figure 5. A. Applying perturb-Met on the average expression of all n2-n5 neurons in AD vs. the control,
or applying it on each sub-cluster separately, resulted in different sets of metabolites identified as
perturbed. (B, C, D) Three metabolites that are identified as perturbed in n3, n4 and n5 sub-clusters but not
when using the average expression profiles of all neurons. Left: relative expression pattern in average expression
profiles of all neurons in AD or control; right: relative expression pattern in specific neuron sub-clusters. Not all
enzymes are shared because some are not plotted due to their low expression or small expression changes.
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There are also many metabolites are identified by bulk averaging but not by sub-cluster-specific
analysis: genes connected to these metabolites are expressed in more than 10 neurons across all
sub-clusters but in less than 10 cells in any specific sub-cluster in both AD and control conditions;
thus, they are not considered in sub-cluster-specific analysis. We hypothesize that since these
genes are not expressed in substantial numbers of cells in any sub-cluster, their expression levels
are likely noisy and may not be biologically interesting. This result demonstrated that while we
can obtain some biologically meaningful results, bulk averaging might lead to significant number
of potentially false positive and false negative discoveries.
Conclusion
I developed a novel computational method called perturb-Met that uses KL divergence to identify
metabolite-centric transcriptional changes between two conditions. The main innovation of
perturb-Met is considering expression changes in one metabolic enzyme in the context of other
enzymes consuming/producing the same metabolite. We demonstrated that perturb-Met can
recover literature-supported metabolic changes that are missed by existing methods. We then
revealed many neuron subtype-specific metabolic changes in Alzheimer’s disease. The fact that
most of these changes enjoy strong literature support suggests that the novel ones uncovered by
perturb-Met hold significant promise for future targeted metabolomics experiments and/or enzyme
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inhibitor experiments. Additionally, the neuron subtype-specific metabolic changes inferred by
perturb-Met in human Alzheimer’ disease (Fig. 3 and 4) will be a valuable resource for researchers
to use when developing targeted metabolomic experiments. We also demonstrated that applying
perturb-Met on neuron sub-clusters revealed many literature-supported and novel metabolites that
are missed by bulk averaging of all neurons (Fig. 5).
I anticipate that perturb-Met will have wide applicability. In the field of immunometabolism, to
reveal how different types of immune cells rewire their metabolic networks to fulfill diverse
function[60]; in regenerative medicine, to reveal metabolic approaches to promote differentiation
and maturation [61,62]; in cancer research, to uncover how metastatic cancer cells adapt their
metabolism [ref]. perturb-Met can also be applied to the Tabula Muris Senis project [63], which
characterizes age-associated transcriptomic changes at the single cell level across 76 tissue-cell
types from 23 tissues[64], providing a glimpse into global scale metabolic changes in aging. It can
also be applied to reveal metabolites potentially affected by calorie restriction in aging[65].
I do acknowledge the limitations of perturb-Met. Like Reporter Metabolite analysis [11] and other
tools and other methods that use transcriptomic data to infer potential metabolic changes [66,67],
it relies on expression data, which is not an ideal proxy for metabolite abundance or fluxes. Thus,
it is intended as an exploratory tool to contextualize transcriptomic data and generate more specific
hypotheses for further experimental validation.
Materials and Methods
Data processing
For bulk RNA-seq, the count table from each study was downloaded, and transcript per million
(TPM) values were calculated for each gene. In bulk RNA-seq, only genes expressed above 4 TPM
in at least one cell type are considered for further analysis. For single cell RNA-seq, the UMI tables
from each study were downloaded. UMI counts in each cell were normalized to the total number
of UMIs in each cell. In both types of data, cell type annotations from the original studies were
used. The mean expression level for each gene in each cell type is then calculated. In single cell
RNA-seq, genes are considered only if (1) their mean expression levels are above 0 in either
condition, and (2) they are expressed by at least 10 cells in either condition.
perturb-Met method
We used the Recon 3D metabolic network. We used the gene-reaction and reaction-metabolite
associations annotated in the human metabolic network reconstruction to extract metabolite-gene
connections. In this case, all genes encoding enzymes that are involved in the synthesis or
degradation of a metabolite are considered together.
Detection modules. To detect transcriptional changes, we use two separate modules, each of which
will generate a permutation p-value (Fig. 1). These two p-values are then combined with Fisher’s
method (implemented in the metaSeqR package[15]) to create one p-value for each metabolite.
The first module detects relative compositional changes (Figure 1A). For each metabolite, there
are k metabolic genes connected to it (k>=2). The mean expression level of each gene i (i=1, 2,
3,.., k) in condition j (j = 1, 2) is Mi,j. The sum of all metabolic genes connected to a metabolic
gene in condition j is 𝑇𝑗 = ∑𝑘𝑖=1 𝑀𝑖,𝑗 . We then normalize mij by dividing it with Tj to obtain 𝑝𝑖,𝑗 =
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𝑀𝑖,𝑗
𝑇𝑗

𝑝

. For the first module, the score for each metabolite is then 𝑆 = ∑𝑘𝑖=1 𝑝𝑖,2 ∗ 𝑎𝑏𝑠(𝑙𝑜𝑔2 (𝑝𝑖,2)).
𝑖,1

This scoring scheme will prioritize changes in metabolic genes that are more abundant in condition
2 than other metabolic genes around the same metabolite and exhibit large changes between two
conditions.
The first module will miss situations where most genes around a metabolite show similar
magnitude of increase/decrease. The second module is intended to capture such situations, and
more. In this module, 𝑝𝑖,𝑗 and Tj are calculated the same way as in module 1. Then, we calculate
Tmax as the maximum of T1 and T2. We then scale pij to obtain Pij, where 𝑃𝑖,𝑗 = 𝑇

𝑇𝑗

𝑚𝑎𝑥

∗ 𝑝𝑖,𝑗 . In other

words, if the total expression level of all genes in condition 2 is 10-fold higher than in condition 1,
Pi,2 is the same as pi,2 because T2=Tmax; however, Pi,1 will be scaled down to 1/10 of pi,1. We then
assume Pi, j are parameters for a multivariate Dirichlet distribution. We use a formula to calculate
KL divergence between these two Dirichlet distributions:
𝑘

𝐾𝐿 𝑣𝑎𝑙𝑢𝑒 = ∑ 𝑝𝑖, 2 ∗ 𝑎𝑏𝑠(𝑙𝑜𝑔2 (
𝑖=1

𝑝𝑖,2
))
𝑝𝑖, 1

Network permutation. Within each module, to assess statistical significance for each metabolite,
we randomly sampled k gene expression values from all genes (instead of the actual k metabolic
genes connected to the metabolite) and re-calculate scores for each module. p-value is defined as
the fraction of times that the scores based on randomly sampled k expression values are equal or
larger than the observed scores. The permutation p-value from each method is then combined using
Fisher’s method.
Cell label permutation. In the AD single cell RNA-seq dataset, we also perform cell label
permutation to evaluate whether the observed transcriptional changes around metabolites are due
to expression noise. The cell metadata table contains disease condition (AD vs. control) and cluster
information (n2, n3, n4, n5) for each cell. We randomly permute the columns of the gene x cell
expression matrix to randomize its original correspondence with the cell metadata table. We then
run the perturb-Met algorithm to calculate the KL values. We repeat this step 1000 times and only
keep metabolites that have cell label permutation p-values of <0.05 (i.e., KL values from cell label
permuted expression data exceed the real KL values in less than 50 of 1000 permutations).
Software Availability
perturb-Met is available both as an R package (https://github.com/yuliangwang/perturb.met).
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Table S1: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in APOE4- vs. APOE3-neurons
Table S2: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in APOE4- vs. APOE3-microglia
Table S3: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in neuron sub-cluster n2 between cells from Alzheimer’s
Disease and control brain samples.
Table S4: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in neuron sub-cluster n3 between cells from Alzheimer’s
Disease and control brain samples.
Table S5: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in neuron sub-cluster n4 between cells from Alzheimer’s
Disease and control brain samples.
Table S6: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in neuron sub-cluster n5 between cells from Alzheimer’s
Disease and control brain samples.
Table S7: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in the AD-specific n1 neuron sub-cluster and the normalspecific n2 neuron sub-cluster.
Table S8: List of metabolites identified by perturb-Met as showing significant transcriptional
changes of their connected enzymes in n2-n5 neurons from AD vs. control samples, ignoring subcluster identity.

