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Abstract. Soil ecological networks enable us to better understand the
complex interactions among a great number of organisms in soil. Soil
communities are biotic groups with similar environmental and resource
preferences. Community detection thus provides insights into the mecha-
nisms of the soil ecosystem. Therefore, inferring ecological networks with
clear community structure is essential for investigating the soil ecosys-
tem. We propose FElastic net reqularized Multi-regression (EleMi), a new
method to infer soil ecological networks. To better find the community
structure, EleMi does not infer pairwise interactions, but considers all
organisms simultaneously. Specifically, it regresses the abundance of all
other taxa to one taxon (with shared parameters across soil samples) and
employs Elastic net to avoid over-sparsity and stochasticity. The results
on both synthetic and real biotic data show that EleMi is more robust
and can infer ecological networks with clearer community structure.

Keywords: Soil ecological networks - Community structure - Elastic
Net

1 Introduction

The soil contains a tremendous number of organisms, including bacteria, fungi,
nematodes, protists, etc. Even a handful of soil can contain millions to billions of
organisms [17], most of which are microscopic. Furthermore, these organisms are
not independent, but interact with each other in various ways [8]. It is challenging
to model and study this intricate soil ecosystem.

Nowadays, sequencing technology for genetic information enables researchers
to understand the types and abundances of organisms in the soil [12]. Network
science can then investigate the complex interactions among them. FEcological
networks (in our case, undirected co-occurrence networks) consist of nodes and
edges, with nodes corresponding to organisms and edges to associations between
them, estimated on the basis of their abundance. They have been an important
tool for investigating soil ecosystems [5,20], and highly connected communities
have been found in these networks [21,9]. The ideal method for the inference
of ecological networks from data would (1) retain the density and community
structure present in the real ecosystem, because this internal structure is crucial
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for studying the ecosystem in a modular way, and (2) be robust across soil types,
datasets and experiments.

There already exist methods to construct ecological networks from organism
abundance data, but these have limitations. Traditionally, Pearson and Spear-
man correlation methods [5,23] compute the pairwise correlation coefficient be-
tween organism abundance values across soil samples. These methods always
result in dense (almost fully connected) networks with many spurious correla-
tions, so in practice, the ecologists would employ extra thresholds to make the
networks sparser. To overcome this, SparCC [7] estimates the correlations it-
eratively, to bolster the assumption of network sparsity, and to accommodate
uncertainties arising from random sampling. This leads to high computational
complexity. Unlike SparCC, CCLasso [6] accounts for sparsity with Lasso regu-
larization, and estimates the correlation matrix more accurately. However, none
of these methods account for the network community structure.

On the other hand, soil communities are biotic groups with similar environ-
mental and resource preferences. The detection of community structure gives
insights into interaction patterns, and thus into the mechanisms of the soil
ecosystem—so modular ecological networks are desirable. However, Pearson,
Spearman, SparCC, and CCLasso as methods of network inference all estimate
interactions between organisms pairwise and thus overlook multi-organism in-
teractions, leading to a limited and potentially biased understanding of the true
complexity of the soil ecosystem. SPIEC-EASI [15] methods were then pro-
posed, with two schemes (which we abbreviate here SE_ MB and SE_ GL)
to infer sparse networks, both considering interactions between all organisms si-
multaneously. Both SE_MB and SE_ GL methods perform well on accuracy and
reproducibility, and provide a more nuanced understanding of the relationships
between organisms. However, Lasso regression (an important part of these meth-
ods) works poorly under multicollinearity, which is always present in biotic data.
Lasso has the propensity to select one at random from the multicollinear group
[24], thus is more stochastic and also sparser. Ridge regression is a more robust
option, but does not give a sparse solution. Instead, Elastic net [24] uses a linear
combination of Lasso and Ridge, which allows us to combine their advantages
[14].

In the present study, we develop a novel method called Elastic net regularized
Multi-regression (EleMi) to infer ecological networks from abundance data. El-
eMi considers all organisms simultaneously by regressing the abundance data of
all other organisms to one organism. To avoid excessive sparsity and stochasticity
in the inferred network, EleMi employs Elastic net instead of Lasso. We compare
our EleMi with all previous methods. We run this comparison with both synthetic
datasets with different ground-truth community settings, and real-world datasets
with different soil types and biological kingdoms. On synthetic data, when mea-
suring the performance of organism-to-organism edge prediction, EleMi achieves
an overall edge accuracy of 87:93 0:75, and a precision of 31:14  11:00 for
the edges inside communities (out of a maximum of 100). In addition, it shows
superior stability across different community structure settings: even when the
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community structure is weak, EleMi has the highest intra-community precision
among all methods. On real-world datasets, EleMi obtains larger modularity
(corrected Q) values on most network types. The result indicates that our pro-
posed EleMi method is more robust and more sensitive to community structure
than other methods. Besides, our method can infer networks with clearer com-
munity structure in different ecological scenarios.

2 Method

Notations and Problem Definition. In this paper, we use italics to indicate
scalars, bold lowercase to represent vectors, bold uppercase to represent matrices.
The I' norm of a matrix is denoted as kiK;, the Frobenius norm as k:kg, and the
infinity norm as k:Kso. The transpose and inverse of matrices are X' and X!
respectively. Diag(X) represents the diagonal matrix of X. Besides, Xj and X!
denote the ity row and column of X.

Suppose that the abundance data of soil taxa is stored in matrix D 2 R™"*P,
where N denotes the number of soil samples and p the number of taxa. We aim
to infer the relationships between taxa to form an undirected weighted network.
The network is represented as G = (V; E), where V is the vertex set of p taxa
and E is the edge set. A 2 RP*P is the weighted adjacency matrix of network
G. We study the problem of inferring A from D.

2.1 Data Normalization

The abundance data matrix D is obtained using sequencing technology, which
has a series of limitations. First, the overall abundance counts, called sequencing
depths, are artificially limited and differ among soil samples [19]. To address
this, the sequencing depths of all soil samples are normalized to 1. Specifically,
for the ity row of D, d; = dj=sum(dj). Second, this leads to a compositional
effect since sum(d;) = 1; an increase in abundance for one taxon in this sample
would necessarily result in the abundance decrease of other taxa. This causes a
negative bias, so prohibits statistical analyses among taxa. Thus, the centered
log-ratio (clr) transformation [1] is typically used to remove the sum constraints
of abundance data:

d;/ = clr(d;) = log(d;:geometricimean(d;)) : (1)

Third, the abundance data has many zeroes (is sparse), arising from inefficient
sequence sampling; this causes numerical problems for clr. A common practice
is to replace zeros with small pseudo-counts [2,6,7,15]. For this, we use 1=10
of the minimum non-zero count in each soil sample. After all normalization
steps, the abundance data matrix is transformed into the normalized abundance
matrix X 2 R™*Pwhich we use in the next regression step to infer the weighted
adjacency matrix A.
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2.2 Elastic net regularized Multi-regression

Given the normalized abundance data matrix X, we assume that if X! can be re-
gressed to XJ, there is an association between taxa i and j. Instead of computing
the associations pairwise, EleMi considers all taxa simultaneously. Specifically, it
regresses the abundance of all other taxa to one taxon, with shared parameters
across soil samples. The objective function is:

mAin %kx XAKZ + 1kAk; + -kAkZ; sit:Diag(A)=0 (2)

with 1 and o penalty parameters for the I' norm (Lasso) and F-norm (Ridge).

To solve (2) more easily and effectively, we employ the alternating direction
multiplier method (ADMM) [3] to break down the original problem into two
subproblems. Specifically, in our problem, by introducing Z 2 RP*P to replace
A in the I' norm, the objective function becomes:

mjin %kx XAKZ + kZk, + kAKE; stZ=A (3)

The augmented Lagrange function of (3) is defined as:

2
L(A;Z,)Y; )= %kx XAKZ + kZk; + okAKZ + 5 Z A+ Y (4)
F

where is a positive penalty parameter, and Y 2 RP*P is the dual matrix
(known as Lagrange multiplier). Then, the problem is broken down into two
subproblems:

1 Y ?
min ZkX XAKE + 2kAk%+§ Z A+ — (5)
F
Y 2
min 1kZk; + - Z A+ — (6)
Z 2 E

These two subproblems can be optimized separately. Specifically, with Z fixed,
the closed-form solution of (5) is:

A=2 0+XTX+ DIXTX+ Z+Y) (7)

where | is the unit matrix. (6) can also be solved by soft thresholding [16]:
1
. oyl
Z} =8 Al (8)

where S (V) represents the shrinkage thresholding operator with the input value
v and the threshold parameter

S (v) =sign(v) max(0;jvj ) (9)
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where sign(V) is the sign function: sign(v) = v=jvj if v & 0, otherwise sign(v) = 0.
The dual matrix can be updated by:

Y=Y+ (Z A) (10)

The optimization steps are illustrated in Algorithm 1. The source code is
publicly accessible on GitHub: https://github.com/nan-vince-chen/EleMi.

Algorithm 1 EleMi
Input: normalized abundance data matrix X, 1, 2
Initialize: o = 0:1; max = 10'°; o = 1:1; Yo = Zo = 0;t = 0; thresholdcony =
10~7; threshold = 10~*
1: while kZ¢ Atk > thresholdcony do
2: Fix Z¢, compute A¢+1 by (7)
3: Fix At+1, compute Z+1 by (8)
4.
5

Compute Y¢+1 by (10)
Update by t+1 =mMin( max; t), where

_ 0; if kZi+1 ZitKoo;KAt+1 Atkeo = threshold
1; otherwise
6: update t=t+1
7: end while
Output: A = (Z+Z")=2

2.3 Datasets and Evaluation Metrics

The EleMi method is evaluated using both synthetic and real-world datasets.
We describe these datasets below.

Synthetic Data. To measure performance on community structure and have the
ground truth, we simulate the abundance data using a two-step pipeline:

1. First, the adjacency matriz is synthesized, with pre-defined communities,
using the Gaussian probabilistic graph model [4]. In this model, nodes are
partitioned into communities, and the connections between nodes are prob-
abilistically determined using a Gaussian distribution based on their com-
munity assignment. The NetworkX implementation is used, with the fol-
lowing parameters: total number of nodes p = 300 (similar to the size of
our real-world datasets described below), mean community size s = 30, and
shape parameter v = 5 (which determines the variance of community size
by s=v). We vary the probability of connections in- and outside communities
(pin = £0:35; 0:25; 0:159, pout = 0:05) to obtain communities with different
density settings.
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2. Second, the adjacency matrix is used to generate synthetic abundance data
with the R package HARMONIES [13]. The process is repeated with different
sample sizes n = £200; 1000g.

The network inference performance on synthetic data is evaluated with the
accuracy (ACC), precision (PRE) and recall (REC) of the inferred edges. These
performance metrics are also measured separately: overall (for all edges in the
network), for intra-commaunity edges, as well as for inter-community edges. We
also repeat the community generation process randomly 10 times to evaluate
stability.

The simulated adjacency matrices (ground truth) are actually unweighted.
To make the comparison between our inferred weighted networks and this un-
weighted ground truth possible, we “binarize” our inferred weighted networks by
applying a threshold on the weights. For this, we make the assumption that the
weights of inferred edges (which can be positive or negative) represent, in their
absolute value, the strength of connections (0 means no connection). Notably,
most of the competing methods (except Pearson and Spearman) have already
incorporated sparsity settings in their theoretical frameworks. In light of this,
we establish a threshold of 0.8 for Pearson and Spearman networks additionally
for better comparison.

Real-world Data. We also evaluate the performance on real-world datasets (col-
lected in 2021 from Dutch soils): taxa from 4 different kingdoms (bacteria, fungi,
nematodes, and protists) on 2 different soil types (sand and clay). Bacterial
species in the soil are numerous (many thousands), so here they are aggregated
to the genus level. For all other organisms, a network node represents a species.
The abundance data per kingdom is obtained by different measurement pro-
cesses, so we treat the kingdoms as separate ecological networks. Their sizes
(number of taxa p per kingdom) ranges between 83 and 717.

Since there is no ground truth for the real-world ecological networks, we
evaluate the network inference by using also the weighted modularity Q [18§],
defined as:

o=+ Al KKie (12)

“2m . i om
ij

where AJi represents the weighted adjacency matrix element, Kij and kj are the
weighted degrees of nodes i and J respectively, m is the total sum of edge weights,

(ci;cj) is 1if ¢i = ¢j (nodes i and J are in the same community) and 0 otherwise.
The community detection is implemented using greedy modularity communities
function in NetworkX. However, this classical modularity Q has biases. One bias
is towards the number of communities. To mitigate this, Yin et. al introduced eQ
[22]. But, to compare Q values between different networks, bias towards network
density also needs to be corrected, since a lower density would intrinsically lead
to a bigger Q regardless of the community structure. To achieve this, we present
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the corrected Q (cQ) based on eQ, defined as:

iCi+1 jE= 1
iCj JEj=

cQ=0Q (13)
where jCj is the number of communities, JEj is the number of edges, = 0:01
jVj? is a scale parameter, where jV j is the number of nodes.

3 Results and Discussion

Tuning parameters. The penalty parameters in EleMi, 1 and 5, were first
tuned (to obtain the largest cQ) in the range 10~%;1073;:::;;10%; 10%g. Fig. 1
presents these results on two different real soil ecological networks; the results
are consistent on all other network types. The figure shows how cQ varies with
different combinations of values for 1 and 5. We observe that EleMi performs
best in modularity when ; = 107! and over a wide range of o (from 10~% to
10~1). We then use these tuned values for the evaluation.

-Z— 3 4
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4, -3 2 1\09(p1)

Fig. 1. cQ values vs 1 and 2 on two real soil ecological networks.

3.1 Results on synthetic data

Consistent with the settings, 10:40 0:66 communities are generated, each con-
taining 28:85 7:01 nodes. To curtail redundant calculations, we fixed ;1 and
2 as 107! and 1072 in comparisons on synthetic data.

Fig. 2 shows ACC and PRE achieved by all 9 methods of network inference
on synthetic datasets. Pearson, Spearman, and SparCC obtained poor overall
ACC (counsidering all different settings in Fig. 2, Pearson: 23:43  5:99; Spear-
man: 18:18 3:32; SparCC: 14:55 2:93). This is unacceptable. These methods
yield dense (almost fully connected) networks with many spurious correlations
[11], far from reality. The thresholded Pearson and Spearman obtain much higher
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