. HOKKAIDO UNIVERSITY

Study on energy landscape approach revealing the potential key bacteria contributing to the

Title development of inflammatory bowel disease
Author (s) ik, 1545
Degree Grantor biEEKE
Degree Name Bt (EafRz)

Dissertation Number HE161045

Issue Date 2024-09-25
DOI https://doi.org/10.14943/doctoral. k16104
Doc URL https://hdl. handle.net/2115/93292
Type doctoral thesis
File Information Kaiyang Zhang, pdf

kaid
e U"/Le

Hokkaido University Collection of Scholarly and Academic Papers : HUSCAP




Doctoral Dissertation

Study on energy landscape approach revealing the
potential key bacteria contributing to the development of
inflammatory bowel disease

GSEPBBOIRICH 53 2 TR D 5 5 LEMEEWSHICT 5 TR F
—HUTR 7 L)

Kaiyang Zhang

Graduate School of Life Science, Hokkaido University

2024.9



Contents

Abstract

Author Summary

1 Introduction

2 Materials and Methods
2.1 Ethicsstatement . . . . . . . . . . ...
2.2 Metagenomic time-series dataset . . . . . . . ... ...
2.3 Thesamplesize . . . . . . . . . e e e
2.4 Latent Dirichlet Allocationmodeling . . . . . . . . ... .. ... ... ... ... . ...,
2.5 Pairwise Maximum Entropy modeling . . . . . .. ... .. ... ... ... ... ...
2.6 Definition of the occurrence state in assemblage pattern . . . . . . . . ... .. ... ....
2.7 EnergyLandscape . . . . . . . . . ...

2.8 Codeavailability . . . .. . . . . ... e

3 Results
3.1 LDAmodellingresult . . . . . . .. . . . . e
3.2 Pairwise MaxEnt modelingresult. . . . . . . .. . ... .

33 EnergyLandscape . . . . . . . . . . ... e e

4 Discussion
4.1 The potential key bacteria in CD development suggested by the analysis of LMPs . . . . . .
4.2 The methodological advantages of Energy Landscape approach . . . . . . . ... ... ...

4.3 The technical features surpassing conventional approach . . . . . ... ... ... .....

11

13

14

15

16

16

17

20

23



4.4 Limitations and future work

5 Conclusions

6 Supporting information

References

30

31

36



Abstract

The dysbiosis of microbiota has been reported to be associated with numerous human pathophysiological
processes, including inflammatory bowel disease (IBD). With advancements in high-throughput sequencing,
various methods have been developed to study the alteration of microbiota in the development and progres-
sion of diseases. However, a suitable approach to assess the global stability of the microbiota in disease
states through time-series microbiome data is yet to be established. In this study, we have introduced a novel
Energy Landscape construction method, which incorporates the Latent Dirichlet Allocation (LDA) model
and the pairwise Maximum Entropy (MaxEnt) model for their complementary advantages, and demonstrate
its utility by applying it to an IBD time-series dataset. Through this approach, we obtained the microbial
assemblages’ energy profile of the whole microbiota under the IBD condition and uncovered the hidden sta-
ble stages of microbiota structure during the disease development with time-series microbiome data. The
Bacteroides-dominated assemblages presenting in multiple stable states suggest the potential contribution of
Bacteroides and interactions with other microbial genera, like Alistipes, and Faecalibacterium, to the devel-
opment of IBD. Our proposed method provides a novel and insightful tool for understanding the alteration
and stability of the microbiota under disease states and offers a more holistic view of the complex dynamics

at play in microbiota-mediated diseases.

Author Summary

Recent events have elucidated the importance of dysbiosis of microbiota in diseases. However, the com-
plexity of the microbial community’s dynamics is a challenge for studying microbiota-mediated diseases.
There is a lack of appropriate methods to study the global stability of microbial communities under a disease

context. Here, we propose a novel Energy Landscape approach incorporating the Latent Dirichlet Alloca-



tion (LDA) model and the pairwise Maximum Entropy (MaxEnt) model. This Energy Landscape approach
provides information on the global stability of the microbial community by capturing the energy profile of
microbial assemblages and their relation. The results of applying this model to an IBD dataset suggest that

this method is a promising tool for gaining insights into microbiota-mediated diseases with time-series data.



1 Introduction

The microbiota in humans plays a crucial role in maintaining health and well-being, with varying compo-
sition in different body sites, including the mouth, vagina, skin, and notably, the intestinal tract [1]. It has
also been dubbed as a “forgotten organ” due to its collective and complex metabolic activity [2]. Bowel dys-
biosis, an imbalance in the composition of the microbiota, has been linked to numerous diseases, including
gastrointestinal disorders, such as inflammatory bowel disease (IBD)[3]. A comprehensive understanding
of the impact and mechanisms of microorganism-host interactions is essential for diagnosing and treating
associated diseases.

Having the recognition of the complexity of the pathogenic mechanisms of the gut microbiota, current
microbiome research performs community-level and muti-omics analysis to uncover the association between
gut microbiota and diseases, including the IBD study[4]. Current studies elucidated the heterogeneity of gut
microbiota in the IBD development stages and categorization[5, 6], suggesting the value of the analysis of
time-series data from longitude to capture the dynamic feature of the alteration of the microbiome during
the disease pathogenesis. However, it is still a challenge for conventional methods to uncover the hidden
microbiota structure from the time-series data.

We carried out energy landscape analysis combining the Latent Dirichlet Allocation (LDA) model and
pairwise Maximum Entropy (MaxEnt) model to IBD gut microbiome dataset. Our results show multiple
stable structure patterns in the Crohn’s disease patient, characterized by the alteration of genus Bacteroides,
implies the key role of Bacteroides in shaping the dysbiosis stages and their transition in the development of
IBD.

The Latent Dirichlet Allocation model is a widely applied unsupervised machine learning method in
natural language processing (NLP). It models text through a three-level hierarchical Bayesian model, with

“topic-word”and “document-topic”multinomial distributions and a Dirichlet prior [7]. In the context of mi-



crobial abundance profiles, the LDA model can identify “microbial assemblages”by grouping taxa according
to their co-occurrence features [8, 9], similar to the “topics”in NLP studies. Additionally, the pairwise Max-
Ent model provides a second-order maximum entropy model that captures a single node’s firing rates and
the pairwise interactions in the biological system, assuming higher-order interactions are not crucial and set
aside[10, 11]. This model has been demonstrated to accurately describe neural systems using time-series MRI
data[12, 10]. The pairwise MaxEnt model has been introduced to study the stability of microbial community
by Kenta et al.[13], assuming the components have pairwise interactions akin to neuronal activity.

In this study, we propose the LDA model to cluster the microbial abundance profile into a few micro-
bial assemblages according to co-occurrence features and then the pairwise MaxEnt model to calculate an
“energy” profile for all potential activity patterns of microbial assemblages. Finally, the derived Energy
Landscape depicts the overall stability of assemblage patterns and the relationship among them under spe-
cific health conditions. We investigated the stable assemblage patterns under the conditions and discussed

the key microbial elements that may contribute to shaping the intermediate stages of dysbiosis. (Fig 1)
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2 Materials and Methods

2.1 Ethics statement

The data used in this study are all available in the public domain(The Integrative Human Microbiome Project

(IHMP)(NIDDK U54DE023798))[14], ethical approval is not applicable to this study.

2.2 Metagenomic time-series dataset

We have used the dataset from the Onset of Inflammatory Bowel Disease (IBD) of The Integrative Human
Microbiome Project iIHMP)(NIDDK U54DE023798)[14]. The dataset contains taxonomic profiles of fecal
samples’ metagenomics sequencing results from participants. These taxonomic profiles of each participant
were collected repeatedly during the study period. Here, we selected each participant’s first ten successive
time-series samples and excluded the participants with less than ten samples. Finally, the sample size com-
prised 1300 samples collected from 130 participants, each contributing 10 samples. Several participants
were diagnosed with two major types of IBD: Crohn’s Disease (CD) and Ulcerative Colitis (UC), while the

remaining participants without IBD (non-IBD) served as control.

2.3 The sample size

Table 1 presents the information of classes in this study. In the LDA modeling step, only the first samples from
the time-series samples of each participant were used as the input (N = 130) to avoid the bias resulting from
the homogeneity of the microbial community’s composition from the same participant. After learning the
parameter ¢; from the LDA model, the model was applied to the 780 samples (as detailed below) as the next
step’s input. In the pairwise MaxEnt modeling step, the modeling was conducted separately for three disease

types. To facilitate comparisons, balanced input in the three classes (each class for N = 26 x 10 = 260),



consisting of 780 samples in total, were chosen for modeling execution on each class.

Disease types
Modeling steps €D uc non-IBD
LDA modeling 65(65) | 38(38) 27(27)
Pairwise MaxEnt modeling 26(260) | 26(260) | 26(260)

Table 1: The classes in the study. The numbers without brackets represent the number of participants, and
in bracket represent the number of samples.

2.4 Latent Dirichlet Allocation modeling

The Latent Dirichlet Allocation model is a generative statistical model applied to observations with unob-
served latent attributes. According to the principle of the LDA model, the microbiota, or microbial commu-
nity, is comprised of a series of single “occurrence-event” (hereafter referred to as occurrence). An occur-
rence is defined as the solitary presence of a taxonomic unit. Each occurrence belongs to a latent attribute:
microbial assemblage.

Hence the generative process of a microbial community, with / potential microbial assemblages and F
genera in N samples, can be assumed as follows:
(1) The k-th occurrence in the sample n, among N samples, O, has a latent assemblage attribute i which

follows the multinomial distribution with parameters 6, e (1,....n),

I, ~ Multinomial (0, ne(1,...N))-

Sampling from the distribution assigns the assemblage attribute i to the occurrence;
(2) The taxonomic unit of the occurrence, genus f, given the assemblage i follows a multinomial distribution
with parameters ¢; ;¢ (1, 1)

Fi ~ Multinomial(¢; jc1,...1))-



After sampling from the distribution, one occurrence with genus f in sample # is set.
(3) The (1)-(2) process repeats in Op(r+1), and ultimately, the occurrences combine to form the microbial
community in sample n.

Notably, the parameter of multinomial distributions of 7,,, vector 8,, = (6, , ..., 6, ), follows the Dirichlet
distribution with prior parameter f3,,,

0,, ~ Dirichlet(1,3,).

The parameter of multinomial distributions of F;, vector ¢; = (¢;, , ..., ¢i,.) , follows the Dirichlet distribution
with prior parameter «;,

@; ~ Dirichlet(F, ;).

Fig 2 depicts the aforementioned generative process.

Based on multinomial distribution, parameter 6,, and ¢; can represent the probability of the occurrences
of assemblages given the sample n (p(i | 8,) = 0,;) and the probability of the occurrences of genera given
the assemblage i (p(f | ¢i) = 0iy), respectively. Thus, 6 and ¢ can be regarded as the “abundance” of 1
assemblages in a specific sample and the weight of F genera in one specific assemblage, respectively.

After parameter estimation of 6,, and ¢; , the F'-dimension original genera abundance profile was reduced
to /-dimension assemblages abundance profile, which was processed to the following Maximum Entropy
Modeling.

Here, we selected / = 9 as the number of assemblages that reduces the computational cost of pairwise
Maximum Entropy modeling and maintains interpretability (see also discussion). And for the reason men-
tioned in the previous section, we fit the LDA model to a few samples(N = 130) to fix the composition of
assemblages ¢ and applied the model to all samples(N = 780) to obtain the abundance of assemblages 6 in all

samples. The LDA modeling was performed using Python sklearn.decomposition.LatentDirichletAllocation
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package[15, 16, 17], the statistical analysis was performed by Python Scipy package [18].

O

—» Multinomial distribution

Dirichlet distribution

@@ 7 : the assignment of assemblage of occurrence Oy,
K]

N f : the assignment of genus of occurrence O,y

Figure 2: Graphical model of the LDA model.

2.5 Pairwise Maximum Entropy modeling

We fit the pairwise Maximum Entropy model according to the manners in its previous applications for neuro-
science [11, 12, 19]. In the pairwise MaxEnt model, the objective was to maximize the information entropy
of probability distribution under the Maximum Entropy Principle and fit the model’s strength of individual
assemblage and pair interactions to empirical data, represented by the constraints of {(o7;) and {(o;0 ), re-

spectively. (o;) and (o;0 ;) are defined as follows:

N
1
<O—i>empirical = N E Tip,s <a—i>model = § O'[P(O'),
n=1 o

where o, = +1 is the occurrence state of the i-th assemblage on the n-th sample;

1 N
<O-io-j>empiricul = N Z T, 0. <o-io-j>mudel = Z O'i(TjP(O'),
n=1 o

11



where i and j represent two different assemblages, empirical represents the empirical results and model
represents the expected value given by the model.

The whole model can be derived using

N
mla}x H(P)=- Z P(0y)log(P(oy))

n=1

(o >empirical = {Ti)model
s.t.

<O'I'O'j >empiricul = <0-i gj >mndel

The pairwise MaxEnt model illustrates the probability of assemblage patterns o to occur in the following

distribution:
exp[-E(o | h,g)]
P(o|h = s
(e 8) = s b E(o | )]
where
1 1 1 1
E(o | h,g) = —th -3 Z Zgijtri(r,-,

The h and g are the parameters that need to be estimated from the data, representing the tendency to the
occurrence of one assemblage and the interaction between two assemblages, respectively. Positive and neg-
ative values of g are interpreted as promotional and inhibitory interactions, respectively.

We estimated the parameters through the maximum-likelihood method[19]. Here, we solved

(h,g) =argmaxL(h,g),
h.g

12



where L(h, g) is the likelihood function given by

Nmax

Lk g) =[] Plon|hg).

n=1

The likelihood was maximized by updating & and g in the gradient ascent scheme till convergence:

htilew - h?ld === aihl IOgL(h’ g) =€ (<‘Ti>empirical - <O-i>model)

Nmax

ne old _ _e _0 - O - O
gijw - gij T Nmax m 1Og L(h’ g) =€ (<O—’O—/ >empirica1 <0-‘ gj >model )

where new and old represent the values after and before a single updating step, relatively, and € > O is a
constant controlling the step size.

The Pairwise Maximum Entropy modeling was performed using Python Numpy package[20].

2.6 Definition of the occurrence state in assemblage pattern

The pairwise MaxEnt model required a binary input. Here, we defined the assemblage pattern as o, where

the value of each microbial assemblage o; ;¢ (1....,1) Was assigned either 1 or -1 according to its “occurrence

state.” This state represents whether the specific microbial assemblage has a relatively high abundance on a
sample. Recall that the assemblage’s abundance in each sample is assigned by the parameter 6,, given by the
LDA model if i-th assemblage of n-th sample has a higher probability parameter than that of m-th sample,

0;, > 0;,, given by the LDA model. We considered that the ith assemblage shows higher abundance on the

in

microbial community of n-th sample than m-th sample.

Here, a threshold was set to define the relatively high abundance or “activated” assemblage for binariza-

13



tion. We assigned the occurrence state o; under the following rule:

+1, if 8, is greater than the upper 25th percentile of {6;}
0, = >

-1, if 8y, is less than the upper 25th percentile of {6;}

where 6,,, is the abundance of ith assemblage in nth sample given by the LDA model and {6;} is the set of
the abundance of ith assemblage in all samples of a class. The occurrence state of assemblage in a microbial
community corresponds to the binary spike state of a single neuron in Schneidman’s study, which assigns the
response of the neuron in a binary state of 1 (spike) and 0 (not spike)[11]. We then integrated two models
through this definition by transferring the output from LDA modeling € to the binary input for pairwise

MaxEnt modeling o .

2.7 Energy Landscape

The distribution we obtained from the pairwise MaxEnt model had the form of the Boltzmann distribution

in statistical mechanics:

exp[—&i/(kT)]
i exp[-g;/(kT)]’

pi = éexp[—ai/w)] -

where ¢g; is the energy of the system at state i, k the Boltzmann’s constant, and T the temperature [11].
Recalling the distribution of assemblage pattern P(o-|h, g) we obtained, we refered E (o |k, g) to the energy
of the system in Boltzmann distribution.

According to the obtained parameters & and g and the function E (o |h, g), we then assigned an energy
value to all potential assemblage patterns. We considered that the assemblage patterns with high energy were
unstable and had a low probability of occurring and vice versa.

The Energy Landscape can be constructed once the energy table for all assemblage patterns is obtained.

14



The Energy Landscape was constructed as described in Ezaki’s study[19]. First, the neighbor pattern of
assemblage pattern o, denoted by o', was defined as the pattern with only a single assemblage state differ-
ence. For example, the assemblage pattern with nine assemblages o = (1,-1,-1,-1,-1,-1,-1,-1,-1)
ando’ = (-1,-1,-1,-1,-1,-1,-1, -1, —1) are neighbor patterns to each other since only the first assem-
blage state is different. We assumed the neighbor patterns are closely related to the original pattern, and the
pattern transition to the neighbor patterns was the initial step of any further transitions. Second, the energy
of a specific pattern E (o) was compared to all its eight neighbor patterns E (o). If the d-th neighbor pat-
tern E (o)) is the minimum in the comparison, we assumed that the pattern o~ had the closest relation to
o’,, and link them to depict the potential transition direction following the steepest energy descent. Third,
once E(0) = E(0’y), the pattern o had no other neighbor pattern with lower energy, we defined it as a
local minimal pattern (LMP). Intuitively, LMP would be located at the bottom of the energy basin, reflecting
the aforementioned transition paths from high energy patterns towards low energy and high stability in the
Energy Landscape. Finally, all assemblage patterns belong to one basin through the path linking the pattern
to its neighbor pattern and finally reaching the LMP (see the result section). The construction of energy
landscape figures was conducted by python NetworkX package [21].

The progression trend of a microbial system can be assumed as starting from an initial assemblage pattern,
transiting to its neighbor pattern with higher stability, and repeating the same process towards the LMP
with the locally highest stability. The Energy Landscape illustrates the energy relationship of the dynamic

microbial system, especially those stable patterns which might contribute to specific health states of the host.

2.8 Code availability

The codes used in this study are stored at github repository:

https://github.com/KaiyangZ96/microbiome-energy-landscape.git
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3 Results

3.1 LDA modelling result

The parameters 6§ and ¢ represented the abundance of assemblages and the weight of the components in
assemblages, respectively. According to the parameter fitting result, the composition of some assemblages
was clearly dominated by a single genus, such as in assemblage #6 and #4 dominated by genus Bacteroides
(0.89) and Prevotella (0.87), respectively. On the other hand, two or more genera mildly dominated others:
Bacteroides (0.52) and Faecalibacterium (0.22) in assemblage #1, Akkermansia (0.35) and Lachnospiraceae
(0.19) in assemblage #2, Escherichia (0.22) and Lachnoclostridium (0.14) in assemblage #3, Alistipes (0.29)
and Faecalibacterium (0.20) in assemblage #5, Veillonella (0.64) and Fusobacterium (0.16) in assemblage
#7, Escherichia (0.29) and Prevotella (0.27) in assemblage #8, Roseburia (0.60) and Haemophilus (0.11)
in assemblage #9 (Fig 3, Table 2). The components of one assemblage can be regarded as sharing similar

characteristics and contributing jointly to the assemblage’s effects on the host.

Assemblages Dominant genera
1 Bacteroides (0.52) and Faecalibacterium (0.22)
2 Akkermansia (0.35) and Lachnospiraceae (0.19)
3 Escherichia (0.22) and Lachnoclostridium (0.14)
4 Prevotella (0.87)
5 Alistipes (0.29) and Faecalibacterium (0.20)
6 Bacteroides (0.89)
7 Veillonella (0.64) and Fusobacterium (0.16)
8 Escherichia (0.29) and Prevotella (0.27)
9 Roseburia (0.60) and Haemophilus (0.11)

Table 2: The dominant genera in the assemblages. The values in brackets represent the weight of genera
®.

The abundance of assemblages showed a strong imbalance between the assemblages. In most samples,
the abundance of assemblage #6 was notably higher than that of other assemblages (S1 FigB). Although the

average abundance of assemblages showed a difference between the three classes (S1 FigA), calculated by
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(8; LD Amodeling)average = & o1 Oin LD Amodeling, Where N = {CD : 65,UC : 38,non-IBD : 27} only
included the samples for training the LDA model, there was no assemblage showing a significant difference
in abundance between the classes (Kruskal-Wallis Test, P > 0.05).

Among the dominant components defined by the top five highest weights in ¢, the assemblages shared
several common genera. Fig 4A shows the relation between assemblages based on the common dominant
genera. Note that assemblages #1, #6, and #4 share three common genera and create a small relation cycle,
and only assemblage #9 has no connection to other assemblages. Intuitively, the dominant genera of each
assemblage shape the function of the assemblage, so we might learn the functional connection from such a
relation network. Fig 4B lists all these dominant genera. The Bacteroides, Faecalibacterium, and Parabac-
teroides were the most frequent genera, with the six, four, and three folds, respectively, and the other genera
were all less than three folds.

After estimating the parameters ¢; ;¢ (1, ), We applied the LDA model to the samples (N = 26x10x3 =

,,,,,

260 x 3 = 780) and obtained the weight of assemblages 6 for following pairwise MaxEnt modeling.

3.2 Pairwise MaxEnt modeling result

The parameters h and g were obtained from the pairwise MaxEnt model in the three classes with the same
sample size (N = 26 x 10 = 260). Fig 5A shows the tendency for the occurrence of single assemblages
h. By definition, the low value of & implies a low energy and high probability of occurring. Notably, the
assemblages #1 and #6 dominated by Bacteroides had obviously low values than other assemblages. They
had lower values in the CD class than in UC and non-IBD classes. Fig 5B shows the pairwise interaction
between assemblages. Here the high value of g in two specific assemblages means their co-occurrence
contributes to the low energy of the assemblage pattern. Several differences in interaction features among

the three classes can be observed. Interestingly, the value of interaction between assemblages #1 and #6
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1 common genus

2 common genera

3 common genera

Genus Sharing assemblages
Bacteroides 6
Faecalibacterium 4
Parabacteroides 3
Blautia, Alistipes, Veillonella, Escherichia, Prevotella 2

Campylobacter, Lachnospiraceae_unclassified, Hungatella, Genmiger,Odoribacter,
Bifidobacterium, Akkermansia, Phascolarctobacterium, Ruminococeus,
Phorphyromonas, Acidaminococcus, Lachtoclostridium, Roseburia, Dorea, 1
Haemophilus, Ruminococcaceae_unclassified, Streptococcus, Klebsiella,
Barnesiella, Lachtospira, Eubacterium, Fusobacterium

19
Figure 4: Common genera in the assemblages. A: the network shows the relation between assemblages,

where the edges are weighted by the common genera number within the top five dominant components of
each assemblage. B: The table shows the top five dominant genera of all assemblages and the times they
recur on different assemblages.



clearly had a low value in the non-IBD class compared with CD and UC classes.
Besides, the modeling results of other CD classes with different participants showed similar features on

both parameters (S2 FigA,B), which would support the reproducibility of our method.
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Figure 5: Pairwise MaxEnt results for the three classes. A: the heatmap shows the tendency for occurrence
of single assemblages h obtained from the pairwise MaxEnt model. B: three heatmaps describe pairwise
interactions between assemblages g obtained from the pairwise MaxEnt model.

3.3 Energy Landscape

The Energy Landscape was constructed through the energy E (o) of 512 assemblage patterns given by the
energy function with parameters & and g in the methods section. Fig 6A, B, and C depict the energy of

assemblage patterns in the three classes by drawing the line plot linking the patterns with their steepest
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energy descent neighbor pattern (see the method section 3.6 with energy value as Z-axis, S5 Fig depict the
same Energy Landscape in 2D view). Fig 6D shows the LMPs of each class, representing assemblage patterns
with locally low energy and high stability. Four LMPs were observed in the CD class: pattern P-#2, pattern
P-#17, pattern P-#33, and pattern P-#137, while two LMPs were observed in both UC and non-IBD classes:
pattern P-#33 and pattern P-#455 in UC and pattern P-#9 and pattern #33 in non-IBD. Within these LMPs,
patterns P-#2, P-#17, P-#33, and P-#9 had only a single positive assemblage, while patterns P-#137 and P-
#455 had multiple positive assemblages. Notably, pattern P-#33 was shared in all three classes, and other
patterns were unique in specific classes.

From Fig 6A, B, and C, it can be observed that all the patterns were grouped into small clusters according
to the LMP to which they were directed. These clusters can also be regarded as the “energy basins” in the
Energy Landscape, which indicate the pattern-shifting trend. Because of the corresponding relation between
LMP and energy basin, there were four energy basins in the CD class and two in the UC and non-IBD class.
However, unbalanced component size was observed in these energy basins; certain basins were composed
of a substantial quantity of patterns, whereas others contained only a few patterns: in the UC class, only 13
patterns were clustered to the basin with LMP P-#455, and the other 499 patterns belonged to the other basin
with LMP P-#33.

The energy distribution in three classes is shown in S3 Fig, reflecting the non-identical overall stability
of the microbial community. S4 Fig depicts the energy of each sample and the energy variation of each
participant in the ten time-series samples, which provides an overall illustration of the energy situation of the

participants.

21



512 510

/a0 S0g,

128 50@4'“5 004 zso‘“

1 o m}ﬂ a2 43 255 .

mb Eﬂxj 46
Jw"" 35““ i .295 “P‘.‘iﬂz

o e g
»5’3 ,a:ﬂ 2";%%.;3‘

Aswsz ;;z aa I
’ & Asf"% ,&”ngz :ss :P i
)

713‘“.511

B 3, 448 320
s10

ne M Local minimal parterns
506 > 36908 »
B - 52 578
Lo oA ‘554 .ﬁ;wm ﬁ 0; fii 283
© i fato 202 Js?x;a Loty 38500 Legend

Patlem [}
Activated

445

Inacti ed

UC class Non-IBD class

Figure 6: Energy landscape constructed according to the pairwise MaxEnt modeling results. A, B, C:
the 3D line plot showing the energy of all the patterns of 9 assemblages in CD, UC, and non-IBD class,
respectively. Each assemblage pattern is connected to its neighbor pattern with the steepest energy descent
or to itself when it is a local minimal pattern. D, the composition of each LMP in the three classes: CD, UC,
and non-IBD, respectively. The green block means an activated state (+1) in the assemblage pattern.
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4 Discussion

4.1 The potential key bacteria in CD development suggested by the analysis of LMPs

Here, we obtained insights into microbiota alteration when health conditions switch from one to another
through the comparison of the LMPs in the energy landscape. As introduced in the method, each LMP
represents the local stable assemblage patterns in the view of energy landscape. Collectively, these individual
LMPs reflect the global stable stages of the microbiota under specific conditions.

The LMPs were P-#2, P-#17, P-#33, P-#137 in CD, and P-#33, P-#455 in healthy non-IBD class (Fig 6).
Interestingly, three assemblages #1, #5 and #6 associated with the genus Bacteroides were observed as the
only “activated” assemblage in three LMPs—P-#2, P-#17, and P-#33 of the CD class, while only the pattern
P-#33 with activated assemblage #6 was in the non-IBD class. According to the probability of Bacteroides’
occurrence in assemblages @ g, reroidess Bacteroides genus was strongly dominant in the assemblage #6 in

P-#33 with @55<"P198¢6 _ 89 mildly dominant in the assemblage #1 in P-#2 with p®**<"?!4s¢l _ ¢ 57,

Bacteroides Bacteroides

assemblageb
Bacteroides

weakly dominant in the assemblage #5 in P-#17 with ¢ = 0.29. Three Bacteroides dominated
levels suggest the varied involvement of Bacteroides in these stable stages. Alterations in the gut microbiota
are strongly associated with the development of IBD, which is characterized by reduced abundance of com-
mensal anaerobic bacteria including members of the Bacteroides genus[22, 23, 24, 25, 26]. The alteration
of Bacteroides is also reported in between disease’s phases[23]. Intestinal Bacteroides species have evolved
a commensal colonization system, contributing to the homeostasis of the gut microbiota[27], and might be
attributed to the synthesized conjugated linoleic acid, known for its immunomodulatory properties[6]. How-
ever, the longitudinal data with a large sample size and long timescale is yet to show the role of Bacteroides in

IBD development. Our results support the alternation of Bacteroides in the disease development of CD. Be-

sides, the multiple LMPs characterized by different degrees of domination of Bacferoides may also highlight

23



Bacteroides ’s role in shaping the microbiota structure stable patterns in CD, and the alteration of Bacteroides
might be the key to the transition between these pattrens. If we consider the potential concurrence between
the stage of disease development and microbiota, this result also implicates the Bacteroides as a potential
marker of the disease pathogenesis.

Also among these three LMPs P-#2, P-#17, and P-#33, genus Alistipes was the first dominant compo-

assemblagel

nent in assemblage #5 (¢, tipes

= 0.29) of LMP P-#17 apart from the Bacteroides in the other two
patterns. Alistipes has been reported to relate to gut inflammation, but contrasting results about its contri-
bution to the disease have also been reported[28]. Our result may support Alistipes’ harmful contribution to
CD development, and this contribution might be affected by the decreasing Bacteroides.

Interestingly, two genera show different behavior with their previously reported anti-inflammatory prop-
erty. The genus Faecalibacterium was the second dominant component in assemblage #1 of P-#2 ((,o‘”se"mlage1
0.22) and assemblage #5 of P-#17 (<p;s;:clel’ilg§§irmm = 0.20). Note that the only species of this genus,

Faecalibacterium prausnitzii, has been reported to decrease in the IBD pathogenesis[29] and have anti-

inflammatory protein production[30]. Besides, Genus Parabacteroides was the third dominant component

assemblagel
Faecalibacterium

in assemblage #1 of P-#2 (¢ = 0.14). Parabacteroides spp. has been identified as a probiotic
and related to the alleviation of tumorigenesis and inflammations[31, 32]. Therefore, comparing assemblages
#6 of shared LMP P-#33 and #1 of CD specific LMP P-#2, the transition from health pattern P-#33 to disease
stable pattern P-#2 with assemblage #1 can be interpreted as the joint effect of three factors: the increase of
Faecalibacterium and Parabacteroides, which are reported beneficial to the disease; the decrease of Bac-
teroides. We could speculate that such “trade-off trend” between these factors from both directions and their
contribution to CD development lead to the potential intermediate LMP P-#2 with activated assemblage #1.

Apart from three LMPs associated with Bacteroides of CD-specific LMP, in the LMP P-#137 with ac-

tivated assemblage #4 and assemblage #8, we found Prevotella and Escherichia as the dominant genus,
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respectively. Both have been reported to be related to chronic inflammatory disease[33, 34]. We suppose
that the concurrence of Prevotella and Escherichia can be a potential maker of a particular stage in CD
development.

We conclude that the aforementioned genera and the interaction of these genera might be the key to the
alteration of microbiota in CD development. Especially, the alteration of Bacteroides and its “ trade-off
trend ” with other genera are suggested crucial contribution to shaping microbiota stages and facilitating the

transition of the stage in the disease development, which remain to be further investigated.

4.2 The methodological advantages of Energy Landscape approach

Advantage Disadvantage
LDA model Extract. assgmblages th indicate the sta-
from microbiota bility of system
Pairwise MaxEnt | Study compositional | Limited input taxon
model stability number

Table 3: The advantages and disadvantages of the two models. The LDA model and pairwise MaxEnt
model are complementary to cooperate to study the stability of the dynamic microbiome system. ¢.

We combined the LDA model and pairwise MaxEnt model with complementary advantages and achieved
the goal of uncovering the hidden microbiota pattern from time-series microbiome data. The LDA model
can extract the co-occurrence assemblages from the microbiota [8, 9], however, it doesn’t indicate the stable
composition and their transition in the dynamic system. On the other hand, the pairwise MaxEnt model
studies the compositional stability of the changing microbiome system [13] but only few high-abundance
taxa were selected as input. Our approach combines the two models and incorporates their advantages to
assess the global compositional stability of overall microbiota.

Amos et al. elucidated the gut microbiota structure alteration is specified to the disease stratification and
location of IBD showing the heterogeneity of gut microbiota in the IBD development [5]. They used the well-

labeled cohort with the collected metadata to compare the alteration of microbiota. Our proposed method
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showed the consistent result of multiple stable structure patterns under the diseases which might suggest the
gut microbiota structure in the intermediate stage of disease development. And those stable structure patterns
characterized by Bacteroides-associated assemblage show the potential key role of Bacteroides in shaping
the stages and their transition. Notably, our method gave the result without using the detailed information of
patients, which implies the potential to uncover the hidden microbial signatures and their relationship during
disease development using the time-series microbiome dataset. This function might enable the exploration

of hidden stages in the time-series microbiome data without sufficient descriptive information.

4.3 The technical features surpassing conventional approach

Firstly, our method analyzes the microbiome composition data in a community level and comprehensively
considers the complex interactions between the microbial communities. In our proposed approach, the mi-
crobial taxonomic group, assemblage, is defined by LDA model based on the abundance co-occurrence and
the composition of assemblage considering all the pairwise interactions with both positive and negative di-
rections are analyzed and evaluated by the Maximum Entropy model. In previous studies of the association
between the microbiome and IBD, the interactions between species or taxonomic groups are still relatively
isolated. Some studies [35, 36, 22] discussed the potential contribution of microbiota in IBD’s development
by identifying the significant abundance alteration taxonomic units on the composition data between health
and disease cohorts. The joint role between those altered taxa was not to be thoroughly analyzed in these
studies. On the other hand, a resent study [37] studied the co-occurrence networks that defined microbial
modules ‘quantitative traits’on IBD development and associated these quantitative traits to genome-wide
quantitative trait locus by linkage analysis. Although the co-occurrence network categorized the taxa into
community-level modules, the modules were investigated separately without taking their interaction into

account.
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Secondly, the LDA and pairwise MaxEnt model don’t require independent input, which makes the ap-
proach appropriate for the time-series data. In our study, we used the fecal microbiome composition data
with 10 successive time points for each participant and separated by a gap of more than one week. Our result
is derived from longitude data which should reflect the dynamic characteristics of microbiome alteration.
The model enables the researcher to address the association between microbiota and disease from a dynamic
perspective. Although IBD, as a chrome disease, is dynamic, microbiome studies have primarily focused on
single time points or a few individuals, which makes it hard to capture the dynamic feature of the alteration
of the microbiome during the disease pathogenesis. However, the time-series data points on longitude study
are dependent and hard to apply to conventional statistical methods for cross-individual comparison requir-
ing the independence of samples. For example, Walker et al. [38] observed the alteration of Firmicutes and
Bacteroidetes in the IBD patients, with the Mann-Whitney U test analysis on single time point microbiome
composition data of only a few patients. In Lewis et al.’s study [39], the author explored inflammation and
anti-inflammation treatment effects on the composition of the gut microbiota in Crohn’s disease. They ana-
lyzed the samples with the comparison of single time points of the microbial composition of health/disease
and no-treatment/treatment by quantile regression model.

Thirdly, our method quantitatively describes the probability of the occurrence of all potential combi-
nation patterns among bacterial assemblages’ interactions and constructs a global stability view “Energy
Landscape”for the homeostasis and dysbiosis of the gut environment. In other words, even the patterns
which not occur on the input data will be assigned the energy value given by the parameter estimated from
observed data. This feature enables the researcher to analyze and discuss all the situations and observe the
transition routes between patterns that represent the intermediate microbiota structure. The prediction of the
transition between a current pattern from a sample and its future development might also be available after

further improvement of the method. Currently, even though some studies directed attention toward the dy-
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namic of the microbiome, there is a lack of quantitative methods to describe and analyze the absent or rare
abundance patterns in the microbiome data of IBD. In Halfvarson et al.’s study[40], although they found the
health patients'microbiome varies within the defined “Health Plane”while the IBD samples are away from
the “Health Plane”, only the structures with collected data have been analyzed. Whole potential structural
patterns within the IBD development especially those short-term intermediate stages between disease and
health, were not to be quantitatively analyzed, which leaves the barrier for studying the shift of microbiome
structure from health to disease stage.

In summary, our approach addresses the challenges of conventional microbiota-disease association anal-
ysis, through the comprehensive evaluation of interaction between microbial communities, the compatibility
to dependent time series data, and the capability to quantitatively analyze all potential patterns of composi-
tion. The stable microbiota patterns insight gained from this approach capturing the complex structural and
dynamic aspects of gut microbiota in disease development contribute to the growing body of knowledge on

microbiota-IBD association.

4.4 Limitations and future work

Considering the function and the role of an assemblage as a unity is challenging. All nine assemblages had
their dominant components (Fig 3B), which may be considered to determine the assemblage’s contribution to
the host’s microbiome to a great extent. Besides, genera with a much higher probability of occurring in one
specific assemblage, or are “unique”in a specific assemblage, will bring special features to the assemblage.
However, as observed from the composition of the assemblages, most of the genera satisfy the condition
of “unique,”increasing the complexity of studying the function of assemblages. Thus, in this study, we
mainly discuss the function of assemblages according to their dominant components. However, a more

comprehensive and persuasive method to analyze the assemblages is required for future studies.
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Although the potential microbiota structure stages are indicated by the LMPs uncovered from each class,
it is still challenging to know the association between them. We speculate the LMP P-#2 in CD is the in-
termediate stage between healthy pattern P-#33 and more severe pattern P-#17 according to the stepwise
change of Bacteroides -dominated level in represented assemblages. However, more experimental evidence
is necessary to prove their association, and the transition route between the stable patterns merits further

discussion in future work.
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5 Conclusions

In this study, we introduced a novel Energy Landscape approach combining LDA and pairwise MaxEnt mod-
els with their complementary benefits to study the heterogeneity of microbiota during the disease pathogenic-
ity from time-series microbiome data. The method uncovers the hidden intermediate microbiota structure
and their transition during the microbiome-associated disease’s development and explores the microbial taxa
that play key roles in shaping the relevant structures. The analysis with time-series IBD dataset reveals the
potential contribution of Bacteroides and several genera in CD development. The results demonstrate the

method’s promising capability in studying the role of dysbiosis in microbiota-associated diseases.
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