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Applications of GLMY theory in metabolomic
networks of complex diseases
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1IN EEER® (Cardiovascular disease)

2BUHEPRIR (Type 2 diabetes)

RAEMERE ( Inflammatory bowel disease )
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EARNEF. MEREHEIIENRRGIEREDFHEFM
FH KT ERHAK.

INFLAMMATORY BOWEL DISEASE (IBD)

GENETICS ENVIRONMENT

| COMPLEX |
| DISEASES |

LIFESTYLE

Ahadi, S. et al. Personal aging markers and ageotypes revealed by deep longitudinal profiling.
Nat. Med,(2020)
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MAREHFHE. SERERAREXNZHFHRERLE RS, &~
H 7 NERMEWLETX (Human Microbiome Project, HMP) ZE5 A
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Genes mRNA Proteins Metabolites

Genotype: g m m m m m m m m Phenotype:

Potential of the system Functional status of the system

Integrative H M P. The Integrative Human Microbiome Project: dynamic analysis of microbiome-host omics profiles during periods of human health and disease[J].

Cell host & microbe, 2014, 16(3): 276-289.

Schissler-Fiorenza Rose S M, Contrepois K, Moneghetti K J, et al. A longitudinal big data approach for precision health[J].

Nature medicine, 2019, 25(5): 792-804.
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® X [alfy (Bidirectional)
® BFFSHY (Signed)
® HNHAY ( Weighted )

Wu R, Jiang L. Recovering dynamic networks in big static datasets[J].
Physics Reports, 2021, 912: 1-57.




Environmental Index: An example (Millet et al. 2019, Nature Genetics)
Predicting maize yield across European environmental conditions
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* Maize yield can be well predicted in response to predictable environmental factors.
It is difficult to predict how maize yield responds to unpredictable environment.
« Agronomists proposed environmental index to evaluate the quality of unpredictable

environments (Finlay and Wilkinson 1963)

« Environmental index is the total yield of all maize varieties in a given site.



The yield of individual varieties is a function of environmental index

My hypothesis

1400 ~ o y =1.15x - 16.77; R =0.92 o

1200 1 m y =0.96x - 1.12; R = 0.92 Each subject a site
gy 1990 7 G X Each metabolite =———= a variety
= 800 - Total expression = Total yield
3 600 4 Expression index = Environmental index
[
& 400 - . .

« The expression level of individual
200 - ) . .
metabolites can be fitted as a function
0 ! ! ! 1 ! - of expression index
0 200 400 600 800 1000 1200

« Thus, we can convert static data into

Environmental index (g m) PO <
its “dynamic” space

The concept of expression index provides a key step for reconstructing idopNetworks



Niche theory

 Let y;; denote the value of metabolite j in sample 7 from a given group of subjects.We
calculate and define E; = Y7, y;; as the ecological niche of sample i The abundance
level of each metabolite can be expressed as a function of ecosystem niche.

m
E; = Z Vji
j=1

Allometric scaling law

- Mathematically, y;; establishes a part-whole relationship with E; across samples, which
obeys an allometric scaling law described by the power equation:

ﬁ.
vji = &E;’



Hare population (thousands)
(spuesnoyy) uoyejndod xukl
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1850 1875 1900 1925

Payoff® to...

The Nash equilibrium
yw — = ax — Bxy (Nash 1950, PNAS)

U

Kol s R \ 4

mmemeewe | \dt . .
Evolutionarily stable strategy (ESS)
(Smith and Price 1973, Nature)




Lotka-Volterra (LV) predator-prey representation of ESS
Q1<—2(P2) Q2<—1(P1)

Payoff of one metabolite (player) is

determined by its own strategy Mutualism + +
And Antagonism - -
the strategy of the other metabolites Aggression + -
dP,/dt = Q;(P,) + Q4 »(P>) Altruism . +

dP,/dt = Q,(P,) + Qu4(Py)
Mutualism, antagonism: symmetrical
Aggression, altruism: asymmetrical

 Integrate the Lotka-Volterra equation of evolutionary game theory (Smith and Price 1973):

dy;(E)
dE

m

= Q;(y;(E):0;) + Z Qjejr(yjr (B): 055 )
jr=1jr#j
« Overall expression level of any metabolic j is decomposed into its independent component
Qj(-) and dependent components 2.Q;; ()
* 0; and 0;;s: iIndependent and dependent ODE parameters

* Quasi-dynamic ODEs (qdODEs) with the time derivative replaced by the EI derivative



IdopNetworks we developed favorably
combine all features

|nformative (bidirectional, signed, and weighted
interactions)

- Dynamic (real-time snapshots of a biological
process)

- Omnidirectional (encapsulating a complete set
of interactions into a graph)

- Personalized (individual-specific, each patient
has a network)

Sample 1 Sample 2 Sample N Prediction
1 . \ d \ L \
T3 N 3 3
"_. Synergism ‘_. Antagonism '_". gﬁr‘:{;ﬁ”m S E;:,e:rg?g:' — g,',';g‘g&?:,'n
Treatment
Signal
Time

- | Systems Biology
npj and Applications

www.nature.com/npjsba

ARTICLE OPEN
An omnidirectional visualization model of personalized gene
regulatory networks

Chixiang Chen'?, Libo Jiang®, Guifang Fu*, Ming Wang'%, Yaqun Wang®, Biyi Shen?, Zhengiu Liu?, Zuoheng Wang (¢, Wei Hou’,
Scott A. Berceli *'° and Rongling Wu@®'**
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Lotka-Volterra (LV) #REtIU{EiFEE-JEIRE,
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= x(t)(r + ax(t))
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h ky
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1
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m m A Studies Ll Data

Human Microbiome Project Data Portal

Get Started by Exploning:

I -

Perform Advanced Search Queries, such as:
Human Microbiome Project samples from buccal mucosa. 633 Samples 4,492 Files

FASTQ data from female subjects. 13,314 Samples 17,653 Files

Human Microbiome Project samples from stool. 2,151 Samples 9,785 Files

Samples by Primary Site
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The mission of the HMP was to understanding how the microbiome impacts human health and disease.

The Integrative HMP (iHMP) Research Network Consortium. The Integrative Human Microbiome Project.
Nature. 569, (2019)




Inflammatory bowel disease, IBD

colon

Ulcerative colitis, UC Crohn’s disease, CD

rectum



Data Structure

Healthy Disease(IBD)
HC CD UucC
1 2 3 r 1 2 3 S 1 2 3 t
11 yi(@) [ Ya2) | Ya@) | oo | V() | 22(1) |24(2) [ 2(3) | ... | Zu(S) | X4(D) | X1(2) | X4(3) X4 (1)
2 1Y2(1) | Va(2) | Y2(3) | | Vo) | Zx(1) [Z2(2) | Z(3) | T | Za(S) | Xa(D) | Xx(2) | Xx(3) X,(t)
M 1 Yn(1) | Ym(2) | Ym(3) Y(1) | Zm(1) [ Zn(2) | Zn(3) Zn(S) | Xm(1) | Xm(2) | Xm(3) X (0)
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Abundance of Individual Metabolites

The goodness-of-fit of the abundance change of metabolites

Valine

Undecanedionate

4.0 4

10.0 10.5 10.5 10.0 10.5 10.5

7.0
6.5+
6.0
5.5+
5.0
4.5

Alanine
O

10.5 95 10.0

Ecosystem Niche

10.5




Functional clustering of metabolite expression patterns

Abundance of Individual Modules
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This study used a ternary functional
clustering algorithm to classify 185
metabolites into 9 different modules (M1-M9)
based on the similarity of expression
changes in the three populations of HC, CD
and UC.

As can be seen from the figure, the
expression levels of metabolite expression
change with the change of expression index
in different patterns.




Two-Layer Metabolic Networks as a Predictor of Disease Risk
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Two-Layer Metabolic Networks as a Predictor of Disease Risk

A B |
b For the coarse-grained networks:
- —
i In the healthy group
: M2 and M8 contain a loop in dimension one and this
# g% topological feature disappears in IBD state.
8, In the CD group

R (M3, M7) and (M6, M8) have two one-dimensional loops.

B

In the UC group

There has no one-dimensional loops but produces a
20071000 100 dimension two homology group, leading to nonzero
] second Betti numbers with M3, M6, M7, and M8.
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The topological change of the coarse-grained networks is numerical
from the healthy to CD state but structural from the healthy to UC state.
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Age Trends of Metabolic Networks
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0 0 0 0
1 1 1 1
HC 7
0 0 0 0
9 9 9 9
6 6 6 6
Bo 3 ol L3 | _
0 = a T i 05— = 0 =
=100 -50 0 50 -100 -50 0 50 -100 -50 0 50 -100 -50 0 50
filtration filtration filtration filtration
1 1 1 1
B
0 0 0 0
2 > 3 - 2 = 3
‘81 1 —_— ’ 1 —_— -
1 — 1 —
CD : : :
9 9 9 9
6 6 6 6
BO 3 3 N 3 3
0 T T T 0+ T T S 0+ T T " 0+ T T
-4219 -264.6 -107.3 500 -616 -147 322 792 -279.2 -169.5 -59.7 500 -60.0 -10.8 385 87.8
filtration filtration filtration filtration
1 1 » 1 1
B
0 0 0 0
1 p 1 1 1
B

o W o 0o

-30.34 -3.56 23.22 50.00 9.90 -3.27 2337 50.00 -128.5 —6I9.0 —QI.S 5020 =535 744 2024 3303
filtration filtration filtration filtration




Persistent GLMY homology derived from the positive and negative links

HC CcD uc HC CD ucC
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Increasing Betti numbers are associated with increasing network complexity, it can be inferred that the

disease networks are more complex than the healthy network.



Detailed topological dissection of metabolic networks for three groups

1.N6-acetyllysine (N6-ZBt#i&E#) 2.Methylimidazole acetic acid (FEBKMZE,) 3.Butyrobetaine (7 ZEFHSEM)

5.Linoleate (IEHERER)
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Detailed topological dissection of metabolic networks at dimension zero
Network GLMY homology Induced subnetworks
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Detecting the topological pathway of inflammatory form

HC

N6-acetyllysine

Conjugated . / (N6-Z B = R uc
Linoleate
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Methylimidazole acetic acid ST T
R ZEBK M 2, 1R D
( ' ) (R -
Histamine \
(4HRR)
Current drugs are
1 ¢—— histamine-designed, which

can inhibit IBD, cannot
eradicate It.

@mmatory Bowel Disease




Conclusions

® \We develop and apply a statistical physics model to reconstruct and dissect
metabolic networks for healthy and IBD subjects and characterize the emergent
topological properties.

® Analyze the topology of complex networks through GLMY homology theory. We find
that network homologies can well characterize differences between healthy
networks and diseased networks.

® Network differences can be detected in many topological aspects, but we find a

general trend in health state—specific differences due to linoleate and its topological
features at different dimensions.



Conclusions

® Conjugated linoleic acids (CLA) is composed of linoleate, which considered to be
beneficial for health. Provision of CLA in the intestinal lumen could be considered to
prevent inflammatory diseases.

® To shift the metabolite network of a UC individual to be topologically equivalent to the
healthy individual, one can design a therapeutic intervention to minimize the inhibitive
effect on linoleate.

® Further investigation is needed to explore the strength of the relationships between

GLMY homologies and disease phenotypes in order to alter metabolic function and
Interdependence by discovering optimal therapeutic interventions for IBD disease.



A multilayer, multiplex, and multifunctional network
from any number of elements

idopNetwork has proved its power
to dissect the internal workings of
complex systems, such as the gut
microbiota (Cao et al. 2021), the
vaginal microbiota (Wang et al.
2022), cancer genomics (Sun et al.

First Tier

Second Tier

Third Tier 2021), tumor-microenvironment
interactions (Sang et al. 2023), and
combinational therapies (Sang et al.

Bottom 2022).
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Abstract

1. Network models have been used as a tool to characterize internal workings of
complex systems. The amount of topological and functional information ex-
tracted from a network depend on the method of network inference and the
type of network data.

2. An interdisciplinary computational model has been propoesed to reconstruct in-
formative, dynamic, omnidirectional and personalized networks (idopNetwork)
from any data domains including static data.

3. We implement idopNetwork as an R-based cartographic tool to characterize spa-
tially varying interspecies interaction networks using the abundance data of multiple
species from different geographical locations. This tool provides a unified frame-
work for integrating power curve fitting based on allometrical scaling law, functional
clustering, LASSO-based variable selection, quasi-dynamic ordinary differential
equation solving, species abundance decomposition and network visualization. It
coalesces all species from different spaces into location-specific networks.

4. We demonstrate the utility of this tool by analysing different organs that are spa-
tially interconnected via microbiomes within the host using two datasets from
the gut microbiota and plant microbiota. Given that biodiversity and organization
vary biogeographically at different scales, idopNetwork will find its widespread
application to modelling and estimating interspecific interactions with differing

functions across space.
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Do you have any question?
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