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Abstract

Inference of microbial interaction types allows us to understand the growth and development of microbial

life forms found on earth. Numerous methods have been proposed to infer the interaction type(s) of microbes

in a microbial communities using a population dynamics model. However, due to dynamic behaviour of

microbial communities, these methods can result in erroneous inferences. A method proposed by Xiao et al.

in 2017 models the dynamic behaviour of microbial community using sample abundance data overcomes many

of these issues, but suffers from a high failure rate of inference, lower confidence on inferred interactions and

slower execution speed than the existing algorithms. In this thesis, we propose an improved and more efficient

and effective approach to infer the microbial interaction types of larger microbial communities (N > 10).

Our findings demonstrate that our approach is faster, more fault tolerant, more scalable than the state of

the art from 2017, and it has the ability to infer microbial interactions with increased confidence.
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Glossary

The table below lists all the important terms used in the context of this paper:

Differential Hyperplane

(Hyperplane)

A column vector calculated by taking a pairwise difference of active (non-zero)

abundance samples.

Differential Hyperplane Matrix

(Pair Difference)

A matrix containing all differential hyperplanes with respect to a taxon, rep-

resented by Mi.

Perturbation Randomly changing an index of a proposed sign pattern with the known inter-

action types.

Sign Pattern An inference of interaction types for each taxa with respect to a focal taxon.

Each index represents an inferred interaction type.

Interaction Type(s) The three possible types of association among a pair of taxa. It can either be

promotion (+1), inhibition (-1) or unknown (0)

N Number of taxa under consideration

Phi (φ) A quantification of proposed sign pattern by taking a ratio of the total number

of intersected hyperplanes with the total number of hyperplanes present in Mi

1



1 Introduction

A group of microorganisms coexisting in a common space are referred as microbial community [1]. Micro-

bial communities are present in almost all ecosystems including marine, soil, plants and animals. Inference

of interaction types between the microbes in a community is a stepping stone towards the understanding of

growth and development of their ecological community. Understanding the behaviour of a microbial com-

munity such as the ones present in human gut or soil can lead towards building models that can capture

the effect of external stimuli applied to the community, which in turn can help in the formulation of life

saving drugs or crop enhancing treatments. A comprehensive understanding of intra-community microbial

interaction is necessary for achieving this goal. Forecasting the influence of microbes present in a community

requires labelling of inter-microbial interaction.

Several approaches have been developed for the inference of microbial interaction. Understanding the dy-

namic behaviour of microbial communities requires an approach which can evolve with its changing behavior.

Microorganisms coexisting in the same ecological space are referred to as a microbial community [1]. In the

human gut, they regulate the system of digestion, in soil they impact the growth and development of plants

[2], and microbial communities present in water impact marine life [3]. The microbial communities found in

any life form have significance influence over the health, growth and behaviour of that organism [4]. Research

has been conduced to analyze the host-associated microbial communities present in human body [5].

While predicting and understanding the behaviour of microbial communities is critical for the advance-

ment of our understanding about ecosystems, it is also a complex task, particularly because of the dynamic

nature of interactions [6]. Numerous methods have been proposed to infer the structure of a microbial com-

munity. Authors of the method proposed in [7] use correlation to infer the microbial interactions for microbes

in a microbial community. Correlation-based analysis may suffer from erroneous prediction as the proposed

inferences may not be causal, particularly when the community behaviour is highly dynamic [8]. Another

approach proposed in the research [9] uses maximum likelihood and Bayesian inference to forecast the dy-

namics of the microbial community, which tries to address the problem of causality. Several other approaches

use an extension of the Generalized Lotka–Volterra model to model the behaviour of microbes [10] [11] [12].

However, previously proposed approaches suffer from one of two shortcomings: 1) the proposed models for

the inference of microbial interactions suffer from validity of the inference, meaning that the interaction

lacks a causal basis, or 2) the inference methods assume an underlying model of population growth, which

may not hold in all circumstances [13]. To overcome these shortcomings, the authors of the research [13]

use independent steady-state samples of a microbial community for the inference of microbial interactions
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without the assumption of a specific population dynamics model. The method works on the extension of

a simple assumption that “the net ecological impact of species on each other is context-independent, then

comparing equilibria (i.e. steady-state samples) consisting of different subsets of species would allow us to

infer the interaction types” [13]. Using this assumption, this method solves a series of differential equations

in the form of a Jacobian matrix, which represents the change over time in abundance of each microbial

taxon with respect to every other taxa in a given microbial community. The method in [13] incrementally

infers the interaction types of each focal taxon by calculating the vector corresponding to that taxon from

the Jacobian matrix, whereas the sign of each entry in that matrix represents an interaction type of the focal

taxon against every other taxa in the microbial community under consideration. For small N , the method

proposed in [13] used a brute-force approach to rigorously check all possible 3N signs with respect to each

focal taxon. For larger N , they proposed a heuristic approach which draws sign patterns with respect to a

focal taxon based on the data, effectively reducing the size of search space. The inferences obtained from

heuristic method reduce the size of the search space, but may not be able to infer the optimal sign pattern.

The authors of the approach proposed in the research [13] provide a solution to infer the interaction types

of a microbial community with limited prior assumptions. The method abstracts the problem into solving

a system of partial differential equations in the form of a Jacobian matrix. The sign of each element in

the Jacobian matrix can be positive, negative, or zero, representing the dynamics of microbial community

interaction. A positive sign represents promotion, a negative sign represents inhibition and zero represents

an undetermined relation between interacting microbial taxa. The interaction sign for a taxon with all other

taxa is called a sign pattern.

The problem of interaction type inference grows exponentially with increasing numbers of taxa. Each

taxon can have positive, negative or zero effect on every other taxon present in the community. The interac-

tions amongst taxa can be represented as edges in an interaction graph where each taxon is represented as a

vertex. The interaction graph shows the impact of each taxon on every other taxa present in the community.

Capturing the dynamics of microbial community has an exponential growth rate of 3N per taxon, where N

represents number of taxa, imposing a significant computational challenge and requiring computational power

beyond availability for a brute-force search of even a moderately sized microbial community. To overcome

such computational challenges, authors of [13] proposed a heuristic based approach to effectively reduce the

size of search space. However, good heuristic design is a challenging problem in itself. The approach proposed

in the research [13] addresses this issue by randomly drawing potential solutions from the data.

The proposed heuristic and brute-force algorithms can be improved in terms of reproducibility, throughput

and speed of execution. We systematically analyzed both the heuristic and brute-force methods and addressed

the performance based shortcomings using a modular approach. Our primary goal was to improve the

throughput of the algorithm by increasing its execution speed, allowing for exhaustive solutions for larger N .

The authors of the algorithm proposed in the research [13] devised a solution which is sequential in nature

and does not exploit the parallelism present in the problem. We also improved the computation of the quality
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score (φ) [13], resulting in significantly faster computation of quality metrics for each proposed solution. Our

improved implementation allows the execution of a brute-force algorithm on a larger community size. We

introduced a block-wise brute-force approximation which can perform a greedy approximation of the brute-

force approach on even larger communities (N ≥ 19) by individually processing blocks of ecologically coherent

taxa independently. We also improved the quality of the proposed heuristic by introducing an iterative

approach which randomly perturbs a sign pattern for re-evaluation. Because the data under consideration is

not noise free as assumed in the research [13], their algorithm may fail to find a valid solution. We introduce

a hybrid approach which addresses the frequent failure of their heuristic on noisy data by generating a sign

pattern using brute-force until a sufficiently good pattern is found. To address the variance in solution

provided by the heuristic from the research [13], we propose a frequency-based voting method which results

in significantly lower variance, resulting in more consistent sign patterns over several independent iterations

of the algorithm. Each enhancement made to the existing approach proposed by authors in [13] is briefly

outlined below.

Accelerated Brute Force Implementation: The enhanced brute-force approach offers two major

improvements. It uses a parallel pipeline for the processing of all sign patterns. Our brute-force method

does not fail upon the unavailability of a perfect solution; instead it finds the best available solution from

the highest obtainable quality measure.

Variable Block Size Brute Force Implementation: As the name suggests, this implementation

performs a brute-force solution search on a subset or block of taxa. The number of taxa in each block can be

specified by the user. Inference with respect to a taxon is made by accumulating the brute-force inferences

provided by each block. As we find the brute-force solution for each block individually, this approach assumes

block-wise independence of taxa and provides an incremental and greedy approximation for larger microbial

communities.

Hybrid, Robust, Perturbed and Performance Improved Implementation: Due to the exponen-

tial growth of the solution space with an increasing number of taxa, for large community sizes (N≥30), a

heuristic method is used to infer a possible solution. To improve the performance of heuristic inference and

evaluation, we used a parallel pipeline for the processing of available taxa. To find a better sign pattern

close to the one with highest achievable quality, random perturbations on inferred heuristics are performed

via random walk. The process of perturbation is repeated until the explored heuristic has a lower quality

than its predecessor. This improves the quality of an inferred sign pattern by exploring the local solution

space of each proposed sign pattern. The heuristic method may fail to infer a solution if the underlying data

contains significant noise. To overcome the frequent failure of sign pattern inference, we introduced a hybrid

bypass in the pipeline which is the conjuncture of both the brute-force and heuristic methods. The hybrid

method uses the brute-force method to generate a sign pattern for a single taxa when the heuristic module

fails to propose a suitable sign pattern. Using this approach, the failure rate of the heuristic module can be

significantly reduced for moderately sized ecosystems.
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To reduce the variance in inferred interaction types over multiple independent iterations, a frequency

based voting method is introduced. This method uses a weighted frequency-based voting system for inferred

sign patterns that pass a user specified threshold of quality. The frequency value of the focal taxon for

available interaction types (positive, negative or zero) is calculated with respect to all non-focal taxa present

in the microbial community, and the most frequently interaction type is considered as the final interaction

type. Using this process, we are able to reduce the variance of inference over multiple independent iterations

of inference depending upon a user specified threshold.

Algorithm Evaluation: In order to assess the different enhancements, we employed multiple evaluation

strategies focusing on individual areas of improvement and compared them against the approach proposed by

the authors of [13]. We compared the inference of heuristic sign patterns and their quality against the Hybrid,

Robust, and Perturbed approaches. To quantify the improvement in the inference of solution, we compared

the algorithm’s throughput, failure rate and average sign pattern quality on different samples/taxon ratios

on both simulated and field data. To evaluate the brute-force approach, we executed both block-wise and

accelerated brute-force implementations on larger community sizes (i.e. N≥11) and compared its failure rate

against the brute-force method proposed in the research [13]. We also compared the the quality of sign

patterns obtained from the block-wise brute-force method with heuristic method to analyze the improvement

in inference quality.

Author Contributions: This research was conduced under the supervision of Kevin Stanley with Steven

Siciliano and Steven Mamet as co-authors from the Department of Soil Sciences. Steven Siciliano and

Steven Mamet contributed towards gathering of the Brassica napus dataset and they provided us with an

understanding of microbial interactions and conditioning for algorithm design. Kevin Stanley supervised this

entire research by contributing towards the development, design and improvement of the algorithm proposed

by the authors of [13]. We are also thankful to P 2IRC for providing us with the research funding and

resources to conduct this research.
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2 Background

The authors of [13] follow a propose and test methodology to find the interaction types of taxa. A

solution can be proposed either via brute-force or heuristic methods. The brute-force method has limited

scalability due the exponential growth of search space, meaning that it can only be applied to smaller microbial

communities with fewer than 11 taxa for most practical computing systems. On the other hand, the heuristic

method is scalable to larger communities as it stochastically proposes sign patterns extrapolated from the

underlining data. To quantify the magnitude of change in the abundance of a taxon with respect to every other

taxa, a pair wise difference of active abundance samples is taken with respect to each taxa which is known

as a differential hyperplane. The quality of each proposed solution is assessed by computing the number of

data points that support the proposed sign pattern. The heuristic method uses the underlying abundance

data to propose a sign pattern which is then evaluated. It works on the assumption that the possible solution

lies within the data. It randomly samples N − 1 hyperplanes and finds a region of intersection of those

hyperplanes which serves as a heuristic. The inference of a solution through the heuristic depends upon the

data being noise free which increases the probability that the proposed sign pattern is true, which is rarely

the case. Using the underlying data for the inference of solution reduces the search space from 3N per taxon

to a user specified threshold, which accelerates the process of sign pattern inference. The heuristic inference

can fail if N − 1 independent plane do not exist for a given taxon.

2.1 Assumptions

In order to infer the interactions of a microbial community, a number of assumptions were made in the

algorithm [13].

1. For both heuristic and brute-force solutions, the underlying abundance data represents a steady

state of the sign of Jacobian; that is, the true sign pattern is in the provided data.

2. The steady state abundance data has little to no noise.

3. For the heuristic solution, randomly sampled hyperplanes will infer unique sign patterns.

4. For the heuristic solution, independent inference iterations will be consistent.

5. For the brute-force solution, there will always be a sign pattern amongst 3N which can intersect

all hyperplanes in Mi. Where Mi represents a differential hyperplane matrix.

6. Each taxon will have exactly one solution having φ = 1.0.
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2.2 Sign Satisfaction

A pairwise difference of active (non-zero) abundance samples are taken with respect to each taxon to quantify

the extent of change caused by a focal taxon. A hyperplane is represented in N-dimensional space and

signifies the change in sample abundances with respect to a focal taxon against every other taxa present

in the underlying microbial community. With respect to each taxon, multiple hyperplanes are computed

depending upon the number of active abundance samples. After the computation of hyperplanes, a sign

satisfaction graph with respect to each hyperplane is created in order to assess the quality of an inferred

sign pattern. A sign satisfaction graph is a product of element-wise signs of a hyperplane and the inferred

sign pattern [13]. The element-wise product of hyperplane and the inferred sign pattern is taken in order

to identify if the inferred sign pattern satisfies the changes induced by a focal taxa at a particular time.

An inferred sign pattern is considered to have intersected a hyperplane if its sign satisfaction graph for that

hyperplane has at least one pair of opposite signs (positive and negative) or it is entirely zero. This measure

flows from the assumption that the ecosystem is in a steady state. An entirely positive sign pattern would

indicate a taxa growing without bound. An entirely negative sign pattern heralds that the taxa is headed

towards extinction.

2.3 Quality Metric

The quality of inferred solution is assessed by computing its intersection with all the available hyperplanes.

This quality measure is referred as φ and represents the support for the proposed sign pattern. The φ measure

results in a value ranging between 0 to 1. The value of φ = 1 represents a solution which intersects all the pair

difference hyperplanes and is therefore supported by all available data. The φ value accurately represents the

quality of an inferred sign pattern because it encodes the consistency of each proposed interaction pattern

with respect to all evidence.

The φ measure accounts for the number of pair difference hyperplanes being intersected by the inferred

sign pattern out of the total available hyperplanes, and it shows the consistency of sign pattern with the

available changes in abundances with respect to every other taxa in the community. Each sample pair

difference is an N dimensional hyperplane as it represents N different interaction types for each taxa with

respect to the focal taxon. Each hyperplane is computed by taking a pairwise sample difference and a sign

pattern intersecting a hyperplane represents its consistency with the variation in abundance caused by the

taxon under consideration.

The brute-force algorithm proposed by the authors of [13] iteratively checks all possible 3N sign patterns

per taxon and finds the sign pattern which intersects all available differential hyperplanes (φ = 1). The sign

pattern which intersects all the hyperplanes is considered as the sign pattern with respect to a focal taxon.

The step to find the brute-force sign pattern is repeated for each microbial taxon present in the community
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sequentially and the sign pattern for each focal taxon is combined to form a matrix encoding the interaction

types of microbial community taxa.

The heuristic method proposed in the research [13] has a similar mechanism to the brute-force. Instead of

calculating the φ quality measure for all 3N sign patterns per taxon, it proposes a sign pattern extrapolated

from the underlying data points to limit the size of search space. The sign pattern with highest value of φ is

taken as the sign pattern for the focal taxon.

2.4 Brute Force Approach

The brute-force approach checks all N3N sign patterns for a given set of taxa. This method computes the

differential hyperplanes with respect to a focal taxon first, and then iteratively infers and tests all possible 3N

sign patterns per taxon by computing their φ score using the pair difference hyperplanes. The sign pattern

intersecting all the available hyperplanes is considered as the inference pattern for the focal taxon. The same

step is repeated for each taxon to obtain the inference pattern of N taxa. The step-wise description of the

brute-force inference method for each taxon as proposed by the authors of [13] is as follows:

Algorithm 1 Brute Force Algorithm

1. Initialize Si as an empty set.

2. Generate all possible 3N sign patterns Ei.

3. Compute the differential hyperplane matrix (Mi) from the steady state abundance samples with
respect to the ith taxon.

4. For jth column in Mi, check if it intersects any/all sign patterns in Ei. Add all the sign patterns
intersecting the jth hyperplane to set Sj .

5. Si = Si ∩ Sj
6. Repeat steps 4 and 5 for each jth hyperplane in Mi

7. Brute force sign pattern for ith taxon is present in Si

2.5 Step-wise Illustration of the Brute Force Approach

Fig. 2.1 shows the step-wise description of the Brute Force Algorithm. The first step of this algorithm is to

compute the pairwise difference matrix, using the active abundance samples of a taxon. Once the differential

hyperplane matrix (Mi) has been computed, a sign pattern is generated out of the 3N available sign patterns

per taxon as shown in the step-2. A sign satisfaction graph is constructed with respect to the generated sign

pattern and each of the available hyperplane in Mi as shown in the step-3. The quality of the sign pattern

is assessed by counting the number of hyperplanes intersected, satisfying the sign satisfaction graph. In the

Fig. 2.1, the inferred sign pattern satisfies 2/3 hyperplanes giving it the quality score of 0.66 or 66% as shown

in the step-4. Steps 2 to 4 are repeated for all 3N sign patterns per taxon and the sign pattern satisfying all
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Figure 2.1: Step-wise Illustration of the Brute Force Algorithm

the hyperplanes present in Mi is considered as the final sign pattern for the taxon. All the steps mentioned

in Fig. 2.1 are repeated for each taxon present in the microbial community to find sign pattern with respect

to each taxon.

2.6 Heuristic Approach

Due to the exponential growth of the solution size, another approach was proposed by the authors of [13]

which addresses the problem of sign pattern inference using a heuristic based solution rather than checking

all possible sign patterns. This approach employs the data itself to find a viable sign pattern. The heuristic

approach checks a user-specified subset of possible sign patterns. It randomly selects N −1 hyperplanes from

the available differential hyperplanes and finds the intersection of those hyperplanes which then serves as the

proposed sign pattern. The step for the inferring and evaluating a solution is repeated as many times as

specified by a user defined threshold and the most effective sign pattern (the one with most intersections)

is chosen as the final inference for that taxon. This step is repeated for each taxa to get the inference of

interaction types (sign pattern). The purpose of using a user specified number of sign pattern(s) is to reduce

the N3N sign pattern search space. The inference of heuristic is based on the assumption that the underlying

data is noise free. The step-wise description of the heuristic method as proposed by the authors of [13] is as

follows:
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Algorithm 2 Heuristic Algorithm

1. Compute the differential hyperplane matrix (Mi) from the steady state abundance samples with
respect to ith taxon .

2. Randomly select N − 1 hyperplanes from Mi.

3. Find a region given by the intersection of N − 1 hyperplanes and consider it a heuristic Hi.

4. Find the quality measure (φ) of heuristic Hi

5. Repeat steps 2 to 4 as many times as specified by the user.

6. The sign pattern for ith taxon is the one with highest value for the φ measure.

2.7 Shortcomings in the Existing Approach

The shortcomings in the proposed algorithm that we addressed in our research are highlighted below:

• Serial Implementation: The solution as presented is designed to work sequentially, potentially uti-

lizing only a fraction of any available parallelism which limits its throughput as inference with respect

to each taxon is independent of the processing of other taxa.

• Random Draws Lead to Low Consistency: Multiple iterations of inference of interaction types

using the same data and parameters result in different interaction types when using noisy data.

• Limits on Number of Taxa: The brute-force solution can not be used for N >10 due to the

exponential growth of solution space and inefficiency of implementation.

• Null Results: The heuristic approach may not return a solution for a particular taxon due the presence

of noise in the data.

• Brute Force Failure: The brute-force implementation may fail to infer a solution for a taxon for

which a perfect solution (φ = 1.0) does not exist due to noisy data.

• Heuristic Failure: The inference of heuristic requires a random selection of N −1 hyperplanes, which

is not always possible. In order to have N − 1 unique columns in the differential hyperplane matrix,

the count of pair wise combination of active(non-zero) abundance samples for a particular taxon must

be greater than the total number of taxa present in the microbial community.

• Running out of data: If the number of differential hyperplanes narrowly exceed N − 1, the heuristic

inference may run out of multiple unique combinations of samples, resulting in failure of execution

in the subsequent iterations of heuristic inference. This issue is caused by lack of active abundance

samples in the data, when “active abundance sample” refers to a sample of abundance having a non

zero value for the focal taxon.

• Unusable Heuristic: It is possible that all sign patterns inferred by heuristic may result in φ with

unacceptably small values, indicating only non-viable solutions have been found.
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3 Literature Review

The inference of interaction type(s) between the microbes of a microbial community is similar to inferring

the missing links in a partially complete social media network. The inference of interaction type involves the

prediction of new links (interaction types) using the underlying abundance data; while in the area of social

networking the inference of interactions is referred to as link prediction.

The area of network analysis using link prediction has been studied over the past two decades. The task

of link prediction or signed linked prediction refers to the inference of an association which is represented by

an edge in the graph. An edge signifies trust/distrust or like/dislike between people/items of interest, which

are represented as nodes in the network. The association between two nodes can either be signed (positive

or negative) or unsigned and the methods used to infer these signed/unsigned associations can be classified

into two categories, namely: supervised and unsupervised link prediction [14].

3.1 Supervised Link Prediction

The task of supervised link prediction involves prediction of a positive or negative link based on the features

learned from labelled dataset. A labelled dataset is a verified collection of feature values and their respective

prediction or responses, the prediction may represent an unsigned or a signed edge depending upon the type

of network under consideration [15]. The supervised approach of inference has been widely used in the area of

social networking, using labelled data to train a classifier or model to extend the observed behaviour from the

observed to the unobserved data points. Knowledge from several social interaction theories have been used

to understand the underlying training dataset (a subset of labelled dataset). In 1946, a theory proposed by

the authors of [16], which is also known as the balance theory, explains vital aspects influencing the attitude

of individuals and their perception about an event. The baseline knowledge provided by balance theory has

been used and enhanced in several upcoming studies like the ones mentioned here [17] [18]. Inspired by

real-world events and interactions, those studies established the baseline for social interactions which can

be incorporated in the model training for improved performance. With the rise of social media, increased

attention has been paid to the behaviour of people interacting in an online world. In the context of social

media, a signed network consists of nodes representing the people while a positive or negative edge among the

nodes represent a possible link (association). To understand the types of possible associations, a trust metric

was introduced to categorize an association as positive or negative which may represent trust/similarity

or distrust/dissimilarity respectively [19] [20] [21] [22]. The exploration of unsigned networks has become
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prevalent in the area of link prediction, where each edge represents a link which does not have a positive or

negative type, making it convenient for computational analysis [23] [24]. Unsigned link prediction techniques

are used to model the problems where the association is type-less, for example, to model the problem of

voting, a voter might vote a candidate as positive or negative but, it is likely that a user might vote neutral

[25]. Signed networks are designed to capture the positive and negative associations, where a positive or

negative link between the nodes represent the two opposite sides of an association. Mining networks with

both positive and negative links is different from mining an unsigned network, as the underlying assumption

associated with positive link can not be simply extended to negative links [26] [27]. Moreover, most social

media platforms do not provide an explicit way to infer a negative link, making it an area which remained

unexplored [28] [29]. The volume of data lends itself to machine learning, data mining and spectral analysis-

based techniques for the inference of interaction types (association/link) [30] [31] [32]. Several methods have

been proposed to identify noise in labelled data to enhance the accuracy of classifiers by removing the spurious

information [33] [34] [35]. The data with reduced noise can then be used for classifier training, increasing its

accuracy by selecting only the most relevant chunk of data for training.

Sign prediction has also been used as an approach to infer the type of link between the nodes as shown in

this research [14]. Sign prediction refers to the task of sign inference, either positive or negative, on existing

unsigned links. The method proposed by the authors of [31] uses the knowledge derived from balance and

status theory [32] [36] to infer the sign of a link in a network. Another method proposed by the authors of

[37] employs the quantitative measures of social imbalance for sign prediction. Similarly, another research

[38] provides an improvement over the PageRank algorithm [39] by integrating the local bias of nodes into

the sign prediction of edges. Unlike traditional approaches which use only the topological information of

the entire network to infer the links, the approach proposed in the research [40] uses C4.5, a classification

algorithm, to train a model using the pattern present in a user’s network, then it uses that model to predict

possible links making it an effective recommendation system for the user. A probabilistic interpretation based

method proposed in research [41] uses user interaction features to infer the new links proved to be of high

significance, as it shows that the features provided by node attributes are not as significant as the interaction

features [14].

A fairly recent paradigm of link prediction approaches use maximum likelihood to infer the associations

between the nodes in a network. Most of these methods assume a network structure and the maximum prior

probabilities to obtain the particular parameters required for posterior inference. After the computation of

probabilistic parameters, it extends that model to perform the link prediction [42]. A hierarchical graph,

which is an extension of maximum likelihood method, can also be used for the task of missing link prediction

for the nodes where information is missing [43]. Another study [44], explains how networks exhibit a hierar-

chical structure where nodes can be subdivided into groups. It uses the information of network subgroups to

infer the missing connections with high accuracy in a partly known network.

As the problem of link prediction becomes complex with increasing volume of data, more sophisticated
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and complex classifiers were needed to learn and understand the intricate details present in the data. Neural

networks have multiple layers of feature extraction and learning, they can learn as much information from

the data as possible in the form of network weights, while generalizing it at the same time for unobserved

data points. A network for link prediction comprised of three-layer back propagation network, is used to

predict links as a multi-class classification problem, in a heterogeneous network [45]. Another approach [46],

outperformed its counterparts, which employs complex compositional embedding to handle binary relations.

As the heuristic used for the task of link prediction may limit the neural network’s ability to converge, the

method proposed in [47] provides a new heuristic learning approach for improved performance.

3.2 Unsupervised Link Prediction

As the name suggests, the unsupervised link prediction algorithms infer the links between nodes without using

any prior information to train the prediction classifier. Unsupervised link prediction methods use topological

information from signed network or node attributes to find a degree of coherence between the network nodes.

Unsupervised learning methods also use clustering based on attributes to identify similar subgroups within

the solution space, the clustered groups are then used to infer the type for unobserved data points [14].

Most recommendation systems in the online world use an unsupervised link prediction method to make

targeted recommendations for new users due to the limited availability of customer centric data. Similarity

based measures are widely used in such recommendation systems [42], which work by finding similarities

between the different nodes of a network based on a metric that measures the extent of it. Similarity between

two nodes can be defined as the overlap between the attributes of nodes [48], the percentage of overlap and its

significance is characterized by a similarity metric which shows the relevance of each node in a network. Once

the similarity metric is defined, it is used to predict positive/negative or undefined link type. A method [49]

uses local optimization partitioning procedure to identify consistent cluster in digraphs with least degree of

error. The identified clusters (subgroups) can then be used with a collaborative filtering method as suggested

in research [50] to perform the task of link prediction. As the inference of link relies heavily on minimal

clustering error, the methods proposed in the research [51] employ the idea of social balance [52] to increase

the intra-cluster similarity, while maintaining lower inter-cluster similarity in a signed network. The approach

proposed by the authors of [52] uses a local balance index as a measure of clustering quality, which improves

clustering quality and link prediction. Another study [53] employs link prediction to enhance the performance

of a recommendation system and shows promising results compared to the method using only collaborative

filtering.

Propagation based methods are widely used for trust/distrust based sign networks. As the adjacency

matrix for trust based sign networks is usually sparse, the idea of propagation based method is to compute a

matrix after performing the required propagation operations on the original adjacency matrix and then use it

for the link prediction [14]. There are four different propagation operations: direct propagation, trust coupling,
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co-citation and transpose trust [14]. There are two different propagation techniques which can be used to

perform propagation based analysis. One step distrust propagation is used to study distrust by propagating

multiple steps of trust and then one step of distrust, which shows improved performance over multi step

distrust propagation where trust and distrust propagate together [14] [36]. The approach proposed by the

authors of [54] provides a novel and simpler computation method for the computation of a sub-group while

extending the Appleseed nucleus to integrate distrust in the trust metric. Not all interactions exhibit strict

binary relation, while in most cases, the association between two nodes can be classified as either positive

or negative, in some cases, the presence of association might be vague or non-existent. In such cases, this

approach [55] can be used, where it handles the fuzzy association as a multi-class classification problem by

using multi-valued representation, making it easier to categorize fuzzy and non-fuzzy associations. A similar

problem has been addressed in the research [56] where partial trust/distrust and ignorance information are

preserved by deriving the trust from a bilattice.

Various methods have been proposed to efficiently solve the problem of link prediction, by inferring the

friend/foe or trust/distrust relationship in a signed network. The study [57] shows the inherit nature of

weak structural balance leading towards the global low rank model for the signed network. A weak balance is

defined as “A complete signed network is weakly balanced iff there is no triad in the network that contains two

positive edges and one negative edge” [58][57]. Using this approach [57], the link prediction problem can be

solved as a low-rank matrix completion problem. Another approach proposed by the authors of [59] addressed

the problem of link labelling by contemplating it as a sign prediction problem for an unsigned link and solving

it as a matrix completion problem on a partially observed matrix. To efficiently deal with the larger size

of matrices computed during the inference of a link/sign, this method uses a matrix factorization. Another

method [60], motivated by singular value thresholding, uses a low-rank tensor based model for representation

of adjacency matrix to solve sign inference efficiently.

Correlation refers to a statistical relationship between two random variables which may or may not be

causal [61]. The problem of link prediction has also been addressed using statistical correlation by exploiting

the similarity between different nodes of signed network. Inference made through correlation could be a result

of both direct or indirect affect of one node on another present in a signed graph. This method [62] uses the

core properties of dynamic correlation and matrix transformation to discard the indirect or transitive effects

of correlation and supports only the direct causal interactions. Other research [63] explores the correlation

between the mobility pattern and its impact on the online presence on social media, the correlation between

three variable i.e. co-location, social media connectedness and cellular interaction was studied. It was found

that co-location (being nearby) strongly correlates with the closeness on social media which shows how

real-world correlation based proximity analysis can be used to infer a possible link in the online world.
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3.3 Microbiome Graph Building

Microbial communities exhibit a complex and dynamic behaviour. Understanding the interactions amongst

the microbes requires the behavioural analysis of associated hosts in a community, which can be effectively

studied by network theory as it provides a holistic view of community interactions [64]. Network analy-

sis allows better understanding of the role of microbiota in disease development and growth by using the

structural features of graph which remain universal across the complex systems [64]. Inference of links be-

tween taxa based on environmental or any other factor is not the only area where the network analysis can be

used. Moreover, networks analysis allows for the identification of keystone taxa and community configuration

[65]. Different approaches are used to model a microbial community, depending upon approach’s efficiency,

accuracy and computational complexity [64].

Distance based measures (similarity or dissimilarity) are used to create microbial interaction network [64].

Measures like mutual information or Kullback–Leibler are used to build an interaction network based on the

similarity/dissimilarity between taxa [66]. Correlation based networks are also used to create interaction

network but it may suffer from causality of inference resulting in spurious inferences [64]. A study in research

[67] uses correlation to study the entropy and its relation with functional aspects of microbial communities

in human gut [67] [64]. Similarly regression and probabilistic (Bayesian) methods of network analysis are

also used to study the even complex poly-microbial or high dimensional interactions, but these measures may

suffer from over-fitting, or require an assumption of conditional independence between features, resulting in

lack of inference causality [64].

For the better understanding of the relationship between soil microbiome and plant health, studies have

been conducted which use random matrix theory to construct an ecological network [68]. To understand the

dynamic behaviour of high throughput metagenomics data, a noise tolerant ecological structure identification

method named molecular ecological networks (MENs) was developed, based on random matrix theory, to

understand microbial communities [69].

Correlation based network association methods have also been used to study microbial communities.

As the microbial communities are comprised of large number of bacteria and their associated interactions,

studying the impact of such microbial communities become computationally challenging, compelling the

usage of microbial correlation networks to compute pairwise associations [70]. Statistical methods such as

Kendall Tau, Pearson, and Spearmen have also been used to create the ecological network, but may result

in spurious relationship [71].

Research in [72] explains the impact of human gut microbiota in neuropsychiatric diseases and how the gut

microbiota influence the neurological system of a human being. Another study shows the impact of exercise

and controlled diet on gut microbiota of rugby athletes [73] and how the change in diet affects athlete’s

performance. The impact of gut microbiota on liver diseases was studied in [74]. Similarly, numerous studies

have been conduced to understand the growth and development of plants. A study about the root and
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leaf microbiota found that both contain bacteria [75], which helps in understanding the impacts of certain

pesticides. The impact of adding silver nano-particles (SNP) in soil microbiota was studied in this research

[76] and a negative correlation was found between the soil biomass and application of SNP.

Numerous methods have been proposed to predict and understand the microbial interactions based on

either supervised or correlation based approaches. A major drawback of a supervised approach is its de-

pendability on the underlying labelled data which may not accurately represent the evolving behavior of

microbial communities and the correlation based methods may suffer from spurious inferences. Therefore,

an unsupervised method was needed to overcome both of these shortcomings, which was proposed by the

authors of [13].
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4 Algorithm Description

As discussed in the section 2.7, the unsupervised approach [13] suffers from a number of shortcomings. In

this section, we describe in detail the work we have done to enhance the heuristic and brute-force algorithms

proposed in this research [13]. Our proposed improvements focus on increasing the throughput, improving

the algorithm execution speed and increasing the accuracy of both heuristic and brute-force methods.

• Performance: We parallelized the sequential processing of taxa by exploiting the inference indepen-

dence of taxa. This implementation uses the potential of available computational power to achieve a

decreased execution time for both brute-force and heuristic approaches. We process taxa in parallel by

using an available CPU core for each individual taxon. If number of taxa are more than the available

CPU cores, then taxa will be processed one after another in the order of completion of execution. Once

an individual taxon has been processed, inference results from all taxa are computed, using the same

method, which serves as the final inference of the entire microbial community.

• Block-wise Brute Force: With increasing number of taxa in the microbial community, the inference of

the best sign pattern through exhaustive search of all N3N sign patterns becomes practically impossible.

To address this issue, we introduce a method which performs a block-wise brute-force on blocks of taxa

specified by user. This enables us to perform an exhaustive search on individual blocks of taxa, and

then fixes the interactions for subsequent computation of remaining blocks.

• Improved Heuristic: We improved the inference of heuristic derived sign patterns in two ways: first,

we introduce a local sign-space search which randomly perturbs an inferred sign pattern to find a sign

pattern with a higher φ. Secondly, we introduce a hybrid approach which uses both heuristic and

brute-force inference methods. If the heuristic pipeline fails to infer a sign pattern, the brute-force

pipeline is used to infer a sign pattern.

• Variance Reduction: We observed a high degree of variance in the inference results for independent

iterations. To lower the variance, we introduce weighted voting.

17



4.1 Performance Improved Implementation

To improve the performance of an algorithm, numerous techniques can be employed which can efficiently

reduce the run-time of the overall task. However, proper selection of those techniques are important as it is

possible that parallelization may end up increasing the run-time, reducing the throughput of the algorithm.

For example, generally increasing the computational power would result in better performance. However, it

does not always result in a better throughput as an algorithm designed to execute sequentially would process

each independent component of program one after another, resulting in computational resources being idle.

This in turn would result in limited performance improvement as the independent components of programs

are not being executed independently. An algorithm’s ability to support parallel execution is limited by the

degree of parallelism inherit in the problem, which refers to the number of sub tasks within a larger task

that can be executed in parallel. As the degree of parallelism is intrinsic to the algorithm design, sometimes

it is necessary to re-design an algorithm for improved performance. Similarly, parallelism is not the only

way to improve an algorithm’s performance, for example: clever usage of specialized resources like GPUs,

can substantially improve execution time. Execution of tasks on specialized hardware like GPUs involve

an overhead cost, for example waiting for the resource to be free. Consequently, when putting a task on

a specialized hardware, it is important to consider the trade-off between the estimated speed-up and the

imposed overhead.

While the previous implementation [13] provides a major contribution in unsupervised inference of in-

teraction types, the proposed algorithm did not discuss parallel implementation. Because computational

performance dictates the maximum size of problem one can address using this technique, computational

efficiency has a direct impact on the scientific utility of the algorithm. Leveraging the assumption from the

research [13] that the inferred sign pattern for each taxon is independent of every other taxon, we employed a

parallel processing pipeline to process all available taxa to the limit of computational resources. The parallel

implementation approach as shown in Fig. 4.1 exploits the power of available CPU cores for parallel compu-

tation of a differential hyperplane matrix (difference of steady state abundance data samples) and differential

hyperplane intersection with respect to a proposed sign pattern for each taxon.

The sign satisfaction graph computation and traversal methods proposed in the research [13] relies on a

relatively slow sign satisfaction graph. It has been replaced with its equivalent matrix multiplication to further

speed up the process. The matrix-based sign satisfaction graph uses the differential hyperplane matrix and

proposed heuristic, but instead of creating a graph with nodes and edges, it performs matrix multiplication

of sign pattern and differential hyperplane matrix to obtain all possible sign paths, which we define as the

sign matrix. The mathematical expression: B = S �H shows matrix sign satisfaction computation through

the element wise multiplication of S and H, where B represents sign satisfaction matrix, S is the sign pattern

and H is the differential hyperplane matrix, while � sign represents element-wise matrix multiplication.
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B =


S1

S2

S3

S4

�

H11 H21 H31

H12 H22 H32

H13 H23 H33

H14 H24 H34

 =


S1H11 S1H21 S1H31

S2H12 S2H22 S2H32

S3H13 S3H23 S3H33

S4H14 S4H24 S4H34

 (4.1)

Matrix Multiplication of Sign Pattern and Differential Hyperplane Matrix Resulting in Sign Matrix

The left hand side of equation 4.1 represents the inferred sign pattern and differential hyperplane matrix,

each entry in the sign pattern matrix represents a proposed interaction type which is yet to be evaluated and

each column of the differential hyperplane matrix represents a differential hyperplane calculated through a

pairwise difference of sample rows of abundance data with respect to a taxon. Equation 4.1 represents the sign

matrix which is computed through the multiplication of a proposed sign pattern and a differential hyperplane

matrix. Each column of the resultant matrix of equation 4.1 represents a sign satisfaction path of proposed

sign pattern with respect to its respective hyperplane in the differential hyperplane matrix. In the sign

matrix, each entry acts as a signed vertex of sign satisfaction graph, while each column represents a possible

solution path as proposed in the research [13]. Matrix multiplication effectively reduces the computation time

of nodes and edges of sign satisfaction graphs as the creation of a sign satisfaction graph requires O(NM)

operations where N represents the number of taxa and M represents the number of hyperplanes, while its

equivalent matrix based operation performs the same operation in constant time on appropriate hardware.

Furthermore, to check the validity of a path in sign matrix, we simply employ a short circuit evaluation-based

technique where the traversal of a path in sign satisfaction graph is terminated as soon as the path has at

least one positive and negative node, limiting the path traversal time to O(N) in worst case as maximum

number of entries in a column of B is no more than N . This approach reduces the end to end processing

time for the computation of a sign pattern’s φ.

4.2 Perturbed Heuristic Implementation

The heuristic method proposed in by the authors of [13] limits the search space to only those sign patterns

present in the data. As each random selection of hyperplane does not always result in a unique heuristic

sign pattern and the number of attempts to find a heuristic is also limited by a user specified threshold.

This renders us unable to search the entire search space of N3N , and it is possible that a sign pattern with

higher φ value may exist close in the sign space to a sign pattern generated by the heuristic but that sign

pattern would never be evaluated because noise in the data has changed the intersection sign pattern away

from ideal. The presence of noise in the data may cause the heuristic pipeline to propose a sign pattern

close to, but not actually a sign pattern that would represent a population dynamics of underlying microbial

community. The φ is computed by checking the intersection of proposed heuristic with each available pair
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Figure 4.1: Improved Performance Implementation Pipeline
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difference hyperplane. A ratio of intersected hyperplanes is taken with respect to the total available pair

difference hyperplanes to quantify a heuristic sign pattern.

Our perturbed heuristic method as shown in Fig. 4.2 probes a solution space around a solution proposed

by heuristic using a random walk. Once a sign pattern is proposed, φ for the un-perturbed sign pattern is

computed. The proposed sign pattern is perturbed at a randomly selected index, changing the current sign

to one of the other two possibilities. The perturbed sign pattern’s φ value is calculated. If φ is greater than

the current sign pattern’s φ, the perturbed sign pattern becomes the new proposed sign pattern. The sign

pattern is randomly perturbed until the φ stops improving. To limit circular searches, an entry in the sign

pattern is perturbed exactly once. The addition of perturbation step in the existing sign pattern heuristic

generation allows us to improve the average match quality by performing a random walk to find a sign pattern

having improved φ.

4.3 Reduced Variance Implementation

Because the heuristic is stochastic in nature, the interaction pattern proposed by the heuristic approach may

not be stable, impairing the algorithm’s utility. As randomness plays an integral role in the sign pattern

chosen by the heuristic, it also hinders the consistency of interaction types being inferred, potentially leading

to variability in inferred interaction types.

We developed a variance-reducing implementation as shown in Fig. 4.3. The objective of this implemen-

tation is to reduce the variance in inference of interaction types for the same community while maintaining

the solution quality. Our approach assumes that the solution available in the top percentile of φ should have

high degree of overlap, indicating that there is sufficient data to infer a strong and sufficient solution.

Our method extends the proposed heuristic method in the research [13] by performing a weighted φ

analysis. All sign patterns with φ value lower than a user derived threshold α are discarded, α is derived

from a user specified threshold δ as shown in equation 4.2. As per equation 4.2, once a set of sign patterns

with φ value above the α are selected, all sign patterns are analyzed for their inference type towards every

other taxon. For each taxon pair, a weighted frequency for each interaction type (positive, negative and

undefined) is calculated. The interaction type with the highest frequency is considered as the most likely

interaction type for that taxon pair. For each taxon pair, the step of weighted frequency-based inference

is repeated to obtain a weighted sign pattern. The obtained frequency-based sign pattern is checked for

sign satisfaction, if the achieved φ value for this sign pattern is higher than or equal to α, then this sign

pattern is considered the final sign pattern. However, if the φ value of the weighted frequency-based sign

pattern is lower than the range suggested by α, which is derived from user specified threshold δ, all the sign

patterns with a φ value ranging within the limits specified by α are matched against the obtained weighted

frequency-based sign pattern. The sign pattern amongst the selected sign patterns with φ ≥ α having the

least edit distance [77] (minimum number of operations required to transform frequency-based sign pattern
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Figure 4.2: Pipeline for Perturbed Sign Pattern Implementation.
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Figure 4.3: Pipeline for Variance Reducing Implementation

into one of the selected sign patterns) from the obtained frequency-based sign pattern is considered as the

final inference for taxon under consideration.

α = Max(φ)−Max(φ)× δ/100 (4.2)

4.4 Hybrid Implementation

The optimal solution should always be available within the data as long as the data is essentially noise free,

which is unfortunately seldom the case. For the Brassica napus dataset with 20, 25 and 36 taxa [78][79], the

heuristic inference step fails for more than 50% of taxa, resulting in no sign pattern inference. The failure

in the inference of heuristic can be caused by insufficient data as the pairwise difference of active samples

should always be more than number of taxa in the underlying community. As shown in equation 4.3, the

number of pairwise difference hyperplanes computed through active samples should always be greater than

N-2, where ξ represents the number of active abundance samples and N represents the number of taxa,

ξ(ξ − 1)

2
≥ N − 1 (4.3)
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Figure 4.4: Pipeline of the Hybrid Implementation.

Considering the failure rate of the heuristic prediction step, we propose a hybrid approach as shown in

Fig. 4.4. The hybrid approach combines both the brute-force and heuristic approaches. When the heuristic

step fails to infer a sign pattern, a partial brute-force module is used to obtain a sign pattern inference from

3N possible combinations of sign patterns for that taxon only. The maximum number of heuristics being

inferred by the hybrid module is limited by a user specified threshold. The hybrid module only provides

brute-force inferences to taxa for which an inference can not be made by the heuristic module and a sufficient

number of non-zero samples exist. It does not search the entire 3N search space per taxon but rather provides

inferences from that search space, derived from the user threshold. Using the hybrid approach, we are able

to infer sign pattern(s) for all taxa which failed heuristic inference. Fig. 4.4 shows the workflow of hybrid

implementation.

4.5 Accelerated Brute Force Implementation

We introduce a modified brute-force approach as shown in Fig. 4.5, to address the performance issues and

stability in the presence of noisy data. The modified algorithm reduces the size of differential hyperplane

matrix for faster computation of quality measure (φ) with respect to a sign pattern. Additionally, to allow
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for solutions when data is noisy, we employ φ for sign pattern quantification and iterate over all sign patterns

to find the best sign for each taxon. If a taxon has more than one sign pattern with the maximum observed

value of φ, the first amongst them is selected as the final inference result (final sign pattern).

We also introduce a voting method to settle the tie between sign patterns having the same φ score. Our

voting method follows the same steps as variance reduction method, which is shown in Fig. 4.3, but with a

small change in that the threshold δ is set to 0. This allows for the value of α to be the same as maximum

achieved φ, allowing only the sign patterns with maximum φ to participate in voting, resulting in no loss in

the confidence (φ) of inferred sign pattern, with increased stability of inference.

In addition to parallel processing of each taxon, the size of each differential abundance matrix is reduced

by using a pre-processing step which modifies the differential hyperplane matrix by maintaining only the

unique columns (hyperplanes). It discards any repetitive columns and keeps the repetition count of each

unique column. This reduction in the size of differential hyperplane matrix requires O(M2) operations,

making it infeasible for the heuristic solution as the heuristic solution checks only a few heuristics and

performance gains become insignificant against the O(M2) time complexity of differential hyperplane matrix

size reduction, where M represents the number of hyperplanes in the differential hyperplane matrix. As the

brute-force solution iterates through all 3N possible sign patterns, this reduction in the size of differential

hyperplane matrix proves useful.

4.6 Variable Block Size Brute Force (Block-wise) Implementation

The accelerated brute-force approach evaluates all 3N possible combinations of sign patterns per taxon.

However, with the growth of N the accelerated brute-force approach is no longer viable. To circumvent

the limitation imposed by the exponential growth of sign space, we introduce a variable block size brute-

force method as shown in Fig. 4.7. This implementation uses the assumption of taxon independence as the

inference of interaction type with respect to a focal taxon i to j is independent of inference of interaction

type for focal taxon i to k. So, instead of inferring a sign pattern for N taxa with respect to a focal taxon,

the block-wise method performs brute-force on a block, where the block length of each block is specified by

the user, represented by λ. The λ threshold contains a list of block sizes, specified by the user. Each entry

in the list represents a block length to be processed, allowing for variable block sizes.

This method incrementally infers the sign pattern of each subsequent block by using the brute-force

method. As the subsequent blocks are processed, the inter block sign satisfaction is maintained by evaluating

the sign satisfaction on all previously processed blocks, along with the block of signs currently being inferred.

As shown in Fig. 4.6, the sign pattern for processed blocks is not recalculated. The already-inferred brute-

force sign patterns for previous blocks (fixed blocks) are used as seed, and seed blocks are concatenated with

the inferred sign pattern of new block which is yet to be evaluated, resulting in a sign pattern inference

for all blocks up till the current processing block, but with fixed inferences for already processed blocks.
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Figure 4.5: Pipeline for Accelerated Brute Force Implementation
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This partial processing of a block by using the previously processed block inferences as a seed results in

significant reduction of inference complexity as only a single used specified block is being brute-forced at

any particular instance. Using the block-wise the sign space complexity is reduced from N3N to N
λ 3λ which

offers a significant speed-up over the accelerated brute-force method, enabling the processing of N > 20,

while finding a locally optimal inference of each block of ecologically coherent taxa.
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Figure 4.6: Step-wise Illustration of Variable Size Block Processing
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Figure 4.7: Pipeline for Variable Block Size Brute Force Implementation
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5 Experimental Setup

This section explains our experimental setup which compares each enhanced approach with the default

approach [13]. Each subsection explains and compares the achieved improvement with respect to each

enhancement made to the default approach.

5.1 Dataset Description

For this study, we used three datasets to showcase the performance and consistency of the proposed algorithm

improvements. The datasets are represented as sample-taxon pairs. Each cell contains the abundance of a

taxon in that particular sample. Out of the three datasets under consideration, two datasets are real, while

one dataset is composed of simulated abundance samples. The Brassica napus bacterial community dataset

[78] [79] has 3 variants with 20, 25 and 36 amplicon sequence variant (ASV) also referred as taxa. The dataset

for the bacterial community of maize roots [80] is composed 7 taxa. While our simulated dataset has three

variants of 10, 20 and 30 taxa having 10, 50 and 100 samples per taxon respectively.

5.1.1 Brassica napus Dataset

For sixteen canola genotypes, root and rhizosphere soil samples were collected each week for a period of 10

weeks. Samples were collected from three different sites in Saskatoon, Melfort and Scott in year of 2016 and

2017 in Saskatchewan,Canada [78] [79]. The dataset consists of 13,230 ASVs with and average of 132 ASVs

per sample and a total of 1,162,800 reads [78].

The entire dataset was passed through a series of filters before performing the select balance based analysis

to identify the smallest group of taxa with highest predictive power. The initial 13,320 ASVs were reduced

to 5,754 after noise filtering by selecting the ASVs with more than 2 reads. Similarly, 2073 ASVs are filtered

with less than 2 occurrences followed by majority, sample range and predictive analyses to reduce the total

number of ASVs to 977. The filtered set of 977 ASVs were passed through the Selbal in R package v 0.1.0

[81] to find the final 81 ASVs which are most predictive of yield performance [78] [79].

Selected ASVs are divided into three sets of 20, 25 and 36 ASVs. The most significant 81 ASVs selected

after the selbal filtering were passed through a principle component analysis pipeline weighted by prevalence

and then clustered in to three groups. Each group has 20, 25 and 36 ecologically significant ASVs consisting

of 357 unique samples. For ease of analytical understanding, the ASV names for both sets were renamed

with their respective genus names and the ASVs belonging to the same genus were numbered sequentially.
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This data was collected and processed by Dr. Siciliano’s group at the University of Saskatchewan. The

methods they used are reproduced here for completeness. We are grateful to our co-researchers Steven

Siciliano and Steven Mamet from the department of Soil Sciences for the collection and filtering of Brassica

napus dataset and making it available for our use.

5.1.2 Maize Roots Dataset

This dataset consists of seven bacterial species of synthetic bacterial community of maize roots [80]. The

data has been categorized into two sub groups. There are seven groups (steady states) comprised of six

species, and one group is comprised of seven species. For analysis, we only use seven groups of six species

while leaving the group with seven species as in [13]. Each steady state sample group has six samples mak-

ing a total of 36 samples per steady state. Steady state samples are renamed for ease of representation as

specified in [13]: Enterobacter cloacae (Ecl), Stenotrophomonas maltophilia (Sma), Curtobacterium pusil-

lum (Cpu), Ochrobactrum pituitosum (Opi), Pseudomonas putida (Ppu), Herbaspirillum frisingense (Hfr),

Chryseobacterium indologense (Cin) [13] [80].

5.1.3 Simulated Dataset

We are thankful to Juxin Li from University of Saskatchewan Department of Mathematics and Statistics for

providing us the source code for the implementation of the Generalized Lotka-Volterra model to generate the

simulated data.

The simulated dataset is comprised of 3 different variants of taxa and samples sizes in order to fully

gauge the scalability and performance of the improved inference approaches. Our simulated dataset has

three variants of 10, 20 and 30 taxa referred as Simulated-10, Simulated-20 and Simulated-30 respectively.

Each variant has three sample classifications of 10, 50 and 100 samples per taxon. We have 25 datasets for

each individual pair of taxa and sample size.

R package Seqtime [82] and Devtools [83] were used to create the different variants of simulated dataset

mimicking the GLV model having the intrinsic growth rate and initial sum of abundances given by the total

number of taxa to be generated. All negative abundance values were normalized to zero and all variants of

simulated dataset were generated only to test the efficacy of improved algorithm proposed in the research

[13].

5.2 Hardware and Software Details

The Python 3.7.4 environment for program execution was setup on both Windows 10 and Ubuntu 18.04.3

environments for each experiment type. The server used for the execution of computational tasks had 1511

GB of memory, Nvidia V100 GPU Computing Accelerator - 16GB as GPU, 64 cores of CPU model: Intel(R)

Xenon(R) Gold 6130 CPU with 2.10 GHz clock rate. Furthermore, following versions of Python libraries were
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used: Pandas 0.25.1 NumPy 1.16.2, NetworkX 2.3, SciPy.linalg 0.4.9, SciPy 1.2.1, SymPy 1.4, Matplotlib

3.0.3, Seaborn 0.9.0.

5.3 Algorithm Parameters

Any entry in the pairwise difference matrix ranging between ±1e − 5 is considered noise and rounded to

zero, represented by threshold ±Ω. All heuristic based methods were executed for 100 independent iterations

for sensitivity analysis, while each independent iterations has a threshold (J) of 100 sign patterns being

inferred for each taxon. The accelerated brute-force and the block-wise implementations are executed once

per dataset for each classification as it does not use a heuristic inference module, each independent iteration

of inference produces the same result.

5.4 Accuracy Evaluation Methods

As the hybrid, perturbed and variance control methods directly impact the interaction types of sign pat-

tern, we performed a comparative analysis of accuracy of default and improved approaches. We used three

approaches to compute the accuracy of an inferred sign pattern with respect to the ground truth. The first

method is the same as the default method for accuracy, which considers any occurrence of zero in ground

truth equivalent to either positive or negative interaction type in the inferred sign pattern, also referred

as “Always Right” as proposed in [13]. The second method is where we consider only an exact match of

interaction type as correct also referred as “Always Wrong” making a conservative estimation. The third

method does not consider zeros during accuracy computation and it is referred as “Without Zero” removing

the small or null interactions as ecologically irrelevant.

5.5 Evaluation Methodology of Hybrid Heuristic Implementation

We employ a comparative evaluation approach that compares the heuristic failure rate of the default and the

hybrid approaches on both real and simulated datasets. To quantify the impact of either implementations on

a dataset, we computed the percentage of failure of heuristic on different datasets. As the purpose of hybrid

implementation is to reduce the failure rate of heuristic inference, comparing the failure rates of both default

and hybrid approaches provides empirical evidence of the stability of heuristic inferences.
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5.6 Evaluation Methodology of Perturbed Heuristic Implementa-

tion

The primary purpose of perturbing a heuristic is to find a sign pattern with maximum φ in its local search

space. As perturbation improves the quality of sign patterns, we perform a comparative analysis of average φ

to quantify the extent of improvement made through perturbation. The process of perturbation is dependent

heuristic. We compared the impact of perturbation on the hybrid heuristic, referred to as hybrid-perturbed,

to understand the impact of failure on perturbation. To quantify the significance of the difference between

the average φ attained through either methods, we also computed the F-score and p-value of the average φ

distribution, which shows the significance of improvement achieved through the perturbed method. Using

these tests, we hypothesize that there would be a higher average φ for perturbed sign patterns compared to

the default methodology.

5.7 Evaluation Methodology of Variance-Controlled Implementa-

tion

In this section we compare the impact of the variance-controlled heuristic approach and the default approach.

It was observed during our analysis of each independent execution cycle of algorithm that the variance in

inferred sign patterns increases significantly with the increasing number of end to end algorithm cycles.

This represents an inconsistency in inferred interaction type over the independent iterations, which makes it

difficult to perceive the behaviour of microbial community with certainty. To reduce the variance in inference,

we devised an approach to minimize the variance of the inferred sign patterns over the independent iteration

of inference, using the user specified threshold δ, which controls the selection of sign pattern based on their

φ score. We tested our approach on both simulated and real datasets.

As the purpose of variance controlled approach is to infer consistent interaction types over individual

iterations, we compared the average variance produced by the default and the variance-controlled approach

over a 100 independent iterations of both implementations along with their φ. This allows us to quantify the

impact of variance control implementation on overall consistency of inference on different datasets and its

impact on the quality of inferred sign patterns.

As the variance control directly impacts the interaction types of inferred sign patterns, we also perform a

comparative analysis of accuracy of both default and the variance control approaches, using the same three

accuracy evaluation techniques used for the perturbed approach.
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5.8 Evaluation Methodology of Parallel Execution Implementa-

tion

Parallel implementation is used to speed-up the execution by using the available computational power. To

evaluate the parallel execution implementation, we perform a comparative execution time analysis of both

approaches. For real datasets, we compared the end to end execution time in seconds of both approaches

over a 100 independent iterations to avoid the minor differences in execution time duration caused by the

availability of hardware resources. For simulated datasets, we also computed the average execution time

duration to show the impact of increasing the number of taxa on the execution time of the parallel approach

which shows the scalability of parallel implementation. It is to be noted that the parallel implementation

does not have any impact on the inference of heuristic or the quality of inferred sign patterns.

5.9 Evaluation Methodology of Accelerated Brute Force Imple-

mentation

The brute-force method evaluates all N3N combinations of heuristics which limits its ability to be executed

on larger microbial communities. We performed a comparative analysis of accelerated brute-force approach

on the Maize Roots and the Simulated-10 datasets in terms speed. We also perform a comparative analysis of

difference between the φ of inferred and ground truth sign patterns to quantify the accelerated brute-force’s

ability to find the most viable solution.

We mapped the distribution of maximum observable sign pattern and used two different methods called

voting based or first selection to settle the tie between the sign patterns with maximum observable φ. We

compared accuracy using the three previously mentioned approaches for both of these sign pattern selection

methods to quantify the impact of each methodology on the achieved accuracy.

As we used the modified matrix multiplication approach for the evaluation of quality score for each sign

pattern, we also conducted a comparative analysis study to find differences in computed quality scores (φ).

As per our expectation, the φ calculated through the accelerated brute-force method and the graph based

sign satisfaction method proposed in the research [13] produced the same quality score for all 37 patterns.

This supports the equivalency of matrix multiplication method and the default graph search method initially

described in [13].
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5.10 Evaluation Methodology of Variable Block Size Implementa-

tion

The variable block size (block-wise) heuristic algorithm extends the assumption in [13] applied to focal taxa

to blocks of taxa. This approach uses accelerated brute-force method to infer sign patterns for blocks of

variable sizes. For the block-wise method, we compared the φ of the block-wise method with the φ score of

accelerated brute-force method and we compare the distribution of max scored sign patterns achieved through

block-wise and the accelerated brute-force methods on Simulated-10 and Maize Roots datasets. This allow

us to quantify the efficacy of block-wise method and compare its performance against the full brute-force

method. We also compare the accuracy of block-wise method on all datasets as it is a partial brute-force

method and it can be used for larger microbial communities.
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6 Experimental Results

6.1 Failure Analysis of Default and Hybrid Approach

As the hybrid method offers reduced failure rate of heuristic inference. We perform a series of experiments

on real and simulated datasets to assess the fault tolerance of the hybrid method as compared to the default

method.

6.1.1 Result on Real Datasets

Fig. 6.1 shows the failure rate analysis of enhanced and default approaches on Brasicca napus and Maize

Root datasets. A mean φ score of greater than zero over one hundred independent iterations of heuristic

inference shows that a sign pattern was successfully inferred. A heuristic failure can either be caused by too

few active abundance samples for the focal taxon, or by the heuristic module failing to infer a solution in the

proscribed number of iterations.

It can be seen in Fig. 6.1a that the default heuristic failed to infer a solution for all taxa of the Brasicca

napus-20 dataset, in which more than 60% of taxa had sufficient active abundance samples. As shown in Fig.

6.1b, the hybrid module was able to infer sign patterns for all taxa having a sufficient number of abundance

samples, while failing to infer a sign pattern for taxa with insufficient number of abundance samples. Note

that it is mathematically impossible to infer a solution for a taxon with fewer than N − 1 active abundance

samples using the technique proposed by the authors of [13]. The failure rate of the default approach proposed

in [13] for Brasicca napus-20 was a 100%, while the failure rate of the hybrid approach was only 35%. As

shown in Fig. 6.1a, for the Brasicca napus-25 dataset, the default heuristic approach inferred a solution for

only 16% of taxa, while as shown in Fig. 6.1b, the hybrid approach was able to infer a sign pattern for 76%

taxa. In the same way, the default heuristic module failed to infer any solution for Brasicca napus-36 dataset,

while the hybrid approach was able to infer a solution for more than 50% of taxa (21 taxa) as shown in 6.1b.

It is to be noted that the failure of heuristic method is caused by the data for the mentioned threshold of

heuristic inference (J = 100). However, it may happen that the heuristic would be able to infer a solution if

the threshold J increased.

For the Maize Root dataset, as shown in Fig. 6.1a and b, both the hybrid and default approaches were

able to infer a solution for each taxa, as it only has only seven taxa.
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(a) Default implementation for Brassica napus and Maize Root datasets

(b) Hybrid implementation for Brassica napus and Maize Root datasets

Figure 6.1: Failure Rate Analysis of Default and Hybrid Approaches.

6.1.2 Result on Simulated Datasets

We executed the three Simulated datasets with their 3 sub-classification of samples size 10, 50 and 100

samples per taxon each with 25 datasets to test the efficacy of the hybrid method of simulated dataset. It

can be seen in Fig. 6.2 that both the hybrid and the default methods are able to infer a solution for a 100%

of taxa for all Simulated-10 datasets.

(a) Distribution of Heuristic Inference for Default
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

(b) Distribution of Heuristic Inference for Hybrid
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

Figure 6.2: Failure Rate Analysis of Default and Hybrid Approaches on Simulated-10 dataset.

For the Simulated-20 dataset as shown in Fig. 6.3, the hybrid method was able to infer a solution for
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100% of taxa for each sample type, but the default method failed to infer any solution for the 10-sample class

and it also failed to infer a solution for 33% of taxa in datasets having a sufficient number of samples.

(a) Distribution of Heuristic Inference for Default
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

(b) Distribution of Heuristic Inference for Hybrid
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

Figure 6.3: Failure Rate Analysis of Default and Hybrid Approaches on Simulated-20 dataset.

For the Simulated-30 dataset as shown in Fig. 6.4, the hybrid method was able to infer a solution for

100% of taxa with 100 and 50 samples per taxon. However, it failed to infer any solution for one dataset with

10 samples per taxa due to an insufficient number of active samples. On the other hand, the default method

was unable to infer any solution for all datasets with 10 samples of Simulated-30. The default method was

able to infer a solution for 100% of taxa for most datasets with 50 and 100 samples; however, it failed to

infer any solution for a dataset with 50 samples.

(a) Distribution of Heuristic Inference for Default
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

(b) Distribution of Heuristic Inference for Hybrid
Method. Percentage of Heuristic on y-axis represents
the number of successfully inferred heuristics out of
the total number heuristics.

Figure 6.4: Failure Rate Analysis of Default and Hybrid approaches on Simulated-30 dataset
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6.2 Average Phi(φ) Score Distribution Analysis of Default and

Perturbed Heuristic Approaches

The perturbed method finds a sign pattern with better quality score (φ). To assess the extent to improvement,

we compared the performance of perturbed approach on both real and simulated datasets.

6.2.1 Result on Real Datasets

We compared the performance of the perturbed approach against the default approach and by using it

in combination with the hybrid approach to quantify the impact of failure on average φ score. Fig. 6.5

shows the impact of perturbation on Maize Roots dataset. This dataset is comprised of seven taxa but only

three taxa had a less than perfect score (mean φ < 1.0) for either the default or perturbed approach. The

degree of improvement achieved by our method is not as significant because the achieved mean φ scores of

the default approach were already close to perfect. However, the perturbed approach still outperforms the

default approach. It should be noted that the failure rate of the Maize Roots dataset was 0.0% for the default

approach. It can be seen in Fig. 6.6 that the improvement achieved by the perturbed approach while using

the hybrid heuristic inference remains almost the same as it was using the default method. It should be

noted that the results are statistically significant but biologically small.

(a) Comparison of Perturbed and Default Ap-
proaches for Maize Roots

(b) Comparison of Perturbed and Default Ap-
proaches for Maize Roots

(c) Comparison of perturbed and default approaches for Maize Roots

Figure 6.5: Comparison of Perturbed and Default Approaches for Maize Roots

39



(a) Comparison between hybrid-perturbed and de-
fault approaches for Maize Roots

(b) Comparison between hybrid-perturbed and de-
fault approaches for Maize Roots

(c) Comparison between hybrid-perturbed and default approaches for Maize Roots

Figure 6.6: Comparison between hybrid-perturbed and default approaches for Maize Roots

For the Brassica napus dataset, the failure rate for each taxa was high, resulting in no inference for

Brassica napus-20 and 36. Only 4 taxa of Brassica napus-25 had fewer heuristic failures to have a consistent

heuristic inference for all 100 iterations. As shown in Fig. 6.7, the difference between the quality score

achieved by the perturbed and default methods remains almost the same, which is also supported by the

F-score (P > 0.05). The average quality of sign patterns is negatively affected by the high failure rate of

default method of heuristic inference as the improvement in quality (φ) of sign pattern is still dependent on

the inference of heuristic through the default method.

Fig. 6.8 shows the impact of hybrid-perturbed technique on all 4 taxa being inferred by the heuristic

algorithm. Each plot shows the distribution of mean φ score and F-score, which shows the statistical sig-

nificance of the difference between the two distributions of mean φ scores. For taxa Kineosporia-10 and

Flavobacterium-20, it can be seen that their is a significant difference between the φ scores of default ap-

proach and the perturbed approach. The average of φ scores achieved by these features have no overlap

with the default approach [13] and the perturbed φ score is at least double the quality. For Sphingomonas-4

and Galbitalea-6, the distribution of perturbed and default average φ scores show overlap. The φ score of

perturbed approach tends towards higher mean values, showing that the hybrid-perturbed approach resulted

in better φ scores as shown in Fig. 6.8. This is also supported by lower p-value (P < 0.001), showing that

difference between the distributions is significant.

40



(a) Comparison between perturbed and default approaches
Brassica napus-25

(b) Comparison between perturbed and default approaches
for Brassica napus-25

(c) Comparison between perturbed and default approaches
for Brassica napus-25

(d) Comparison between perturbed and default approaches
for Brassica napus-25

Figure 6.7: Comparison between perturbed and default approaches for Brassica napus-25

(a) Comparison between hybrid-perturbed and de-
fault approaches Brassica napus-25

(b) Comparison between hybrid-perturbed and de-
fault approaches for Brassica napus-25

(c) Comparison between hybrid-perturbed and de-
fault approaches for Brassica napus-25

(d) Comparison between hybrid-perturbed and de-
fault approaches for Brassica napus-25

Figure 6.8: Comparison between hybrid-perturbed and default approaches for Brassica napus-25
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6.2.2 Result on Simulated Datasets

Using the same approach to analyze the Simulated-10, 20 and 30 datasets, we plotted the distribution of

average φ scores to quantify the improvement achieved by the perturbed method. Fig. 6.9 shows the default,

perturbed and the hybrid-perturbed approach results on Simulated-10 dataset. It can be seen 6.9b that

the impact of perturbation is not as prominent. However, it becomes prominent in Fig. 6.9c where the

hybrid-perturbed approach overcomes the default inference failure, resulting in a higher average φ score. The

same impact has been shown by Simulated-20 and 30. With increasing number of taxa, the impact of hybrid

perturbation becomes more prominent as it can be seen in 6.10c and 6.11c that the average φ score is close

to 1.0 in majority of cases, which is significantly better than the default approach.

(a) Default Approach φ Distribution for Simulated-10 dataset

(b) Hybrid Approach φ Distribution for Simulated-10 dataset

(c) Hybrid-Perturbed Approach φ Distribution for Simulated-10 dataset

Figure 6.9: Analysis of Perturbation on Simulated-10 dataset
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(a) Default Approach φ Distribution for Simulated-20 dataset

(b) Hybrid Approach φ Distribution for Simulated-20 dataset

(c) Hybrid-Perturbed Approach φ Distribution for Simulated-20 dataset

Figure 6.10: Analysis of Perturbation on Simulated-10 dataset
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(a) Default Approach φ Distribution for Simulated-30 dataset

(b) Hybrid Approach φ Distribution for Simulated-30 dataset

(c) Hybrid-Perturbed Approach φ Distribution for Simulated-30 dataset

Figure 6.11: Analysis of Perturbation on Simulated-10 dataset

Fig. 6.12, 6.13 and 6.14 show the comparative validation accuracy analysis of default and perturbed

approaches. The validation accuracy with respect to the ground truth remains slightly better than or the

same as in some cases for the perturbed approach, showing that the higher average φ score does not always

result in higher validation accuracy. It is to be noted that as the perturbation method relies on the default

heuristic, where failure to infer a heuristic will result in higher validation accuracy when using the without

zero accuracy computation methods, as an un-inferred sign pattern is represented by a zero pattern with

respect to a focal taxon. Therefore, the failure for entire 10-sample class of Simulated-20 and Simulated-30

datasets resulted in a 100% validation accuracy for the without-zero method. The exact match method

shows higher validation accuracy for 10-samples classification of Simulated-20 and Simulated-30 datasets as

it matches with the zeros in the ground truth which constitutes 50% of the ground truth in that case.
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(a) Accuracy Distribution of Default Method on
Simulated-10 dataset

(b) Accuracy Distribution of Perturbed Method on
Simulated-10 dataset

(c) Accuracy Distribution of Default Method on
Simulated-20 dataset

(d) Accuracy Distribution of Perturbed Method on
Simulated-20 dataset

(e) Accuracy Distribution of Default Method on
Simulated-30 dataset

(f) Accuracy Distribution of Perturbed Method on
Simulated-30 dataset

Figure 6.12: Accuracy Analysis Using the default accuracy computation method on Simulated
datasets
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(a) Accuracy Distribution of Default Method on
Simulated-10 dataset

(b) Accuracy Distribution of Perturbed Method on
Simulated-10 dataset

(c) Accuracy Distribution of Default Method on
Simulated-20 dataset

(d) Accuracy Distribution of Perturbed Method on
Simulated-20 dataset

(e) Accuracy Distribution of Default Method on
Simulated-30 dataset

(f) Accuracy Distribution of Perturbed Method on
Simulated-30 dataset

Figure 6.13: Accuracy Analysis Using the exact match accuracy computation method on Simulated
datasets
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(a) Accuracy Distribution of Default Method on
Simulated-10 dataset

(b) Accuracy Distribution of Perturbed Method on
Simulated-10 dataset

(c) Accuracy Distribution of Default Method on
Simulated-20 dataset

(d) Accuracy Distribution of Perturbed Method on
Simulated-20 dataset

(e) Accuracy Distribution of Default Method on
Simulated-30 dataset

(f) Accuracy Distribution of Perturbed Method on
Simulated-30 dataset

Figure 6.14: Accuracy Analysis Using the no zero inclusion accuracy computation method on Sim-
ulated datasets
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6.3 Variance Analysis of Simple Heuristic and Variance-Controlled

Heuristic Approaches

6.3.1 Result on Real Datasets

For Brassica napus-20 and Brassica napus-36 datasets , there was no inference made by the heuristic module

making it impossible to compare the impact of the variance-controlled approach on these datasets. Inference

for only 4 features of Brassica napus-25 dataset were made by the default heuristic method, while all features

of Maize Roots dataset were inferred by the default heuristic. As shown in Fig. 6.15, we compared the mean

variances of both datasets. It is evident in Fig. 6.15 that the variance controlled method achieves lower

variance than the default method. There was no variance reported for the Maize Roots dataset over a 100

independent iterations of the algorithm, showing that each iteration inferred the exact same inferences for

all taxa. For Brassica napus-25 dataset, the achieved variance of variance controlled method is slightly lower

than the default method as the default heurisitc failure rate is really high for this dataset.

Figure 6.15: Shows the impact of variance control on Real datasets

Fig. 6.16a shows the φ score distribution of Maize Roots and four features of Brassica napus-25 dataset

in Fig. 6.16b. For Brassica napus-25 dataset, φ score of only those features are compared where the heuristic

module did not fail, it should also be noted that the variance control method is dependent on the inference

made by either default or hybrid method to perform the variance control. For both datasets, the φ score

of inferences remain exactly the same, showing that the variance control method is able to achieve lower

variance without affecting the quality of proposed inferences.
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(a) φ for each feature of Maize Root dataset

(b) φ for each feature of Brassica napus-25 dataset

Figure 6.16: Per feature maximum φ score of real datasets

6.3.2 Result on Simulated Datasets

We tested the impact of variance control on all simulated datasets. Fig. 6.17, 6.18 and 6.19 show the

comparison of variance on Simulated-10, 20 and 30 datasets. It is evident from the figures that the variance

control method is more consistent than the default method on all simulated datasets. For the Simulated-10

and Simulated-20 datasets, as shown in Fig. 6.17b, 6.18b respectively, the upper limit of variance from

the variance control method is lower than the default method. The distribution of variance is concentrated

towards the lower values of variance in the variance control method, as compared to the default method. For

Simulated-30 dataset as shown in Fig. 6.19b, even though the maximum variance achieved by both methods

are the same, the variance achieved by variance control method is concentrated towards lower variance values.

49



(a) Overall variance for Simulated-10 dataset using
the default method

(b) Overall variance for Simulated-10 dataset using
variance control

Figure 6.17: Comparative Variance Analysis of Simulated-10 dataset

(a) Overall variance for Simulated-20 dataset using
the default method

(b) Overall variance for Simulated-20 dataset using
variance control

Figure 6.18: Comparative Variance Analysis of Simulated-20 dataset

(a) Overall variance for Simulated-30 dataset using
the default method

(b) Overall variance for Simulated-30 dataset using
variance control

Figure 6.19: Comparative Variance Analysis of Simulated-30 dataset

As shown in Fig. 6.20, 6.21 and 6.22 the φ score achieved through the variance control method is almost

the same as the default method of heuristic inference, showing that the variance control method was able to

achieve lower variance.
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(a) Overall φ for Simulated-10 dataset using the de-
fault method

(b) Overall φ for Simulated-10 dataset using variance
control

Figure 6.20: Comparison of φ score between Variance Control and Default methods on Simulated-10
dataset

(a) Overall φ for Simulated-20 dataset using the de-
fault method

(b) Overall φ for Simulated-20 dataset using variance
control

Figure 6.21: Comparison of φ score between Variance Control and Default methods on Simulated-10
dataset

(a) Overall φ for Simulated-30 dataset using the de-
fault method

(b) Overall φ for Simulated-20 dataset using variance
control

Figure 6.22: Comparison of φ score between Variance Control and Default methods on Simulated-30
dataset

Fig. 6.23, 6.24 and 6.25 shows the comparison of validation accuracy of the default and the variance control

method. In case of the Simulated-10 dataset, the accuracy achieved by the variance-controlled method is

slightly better than the default method which is shown in Fig. 6.23b, 6.24b and 6.25b. For Simulated-20

dataset, the accuracy achieved by the without zero method is slightly better for the default method than the
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variance control method as shown in 6.25c and d. However, the overall accuracy remains almost the same

in other cases for the Simulated-20 and 30 datasets. This shows that the variance control method is able to

achieve a lower variance while keeping the quality (φ) and the accuracy of inferences remain almost the same

as the default method.

(a) Accuracy Distribution of Default method on
Simulated-10 dataset

(b) Accuracy Distribution of Variance Control
method on Simulated-10 dataset

(c) Accuracy Distribution of Default method on
Simulated-20 dataset

(d) Accuracy Distribution of Variance Control
method on Simulated-20 dataset

(e) Accuracy Distribution of Default method on
Simulated-30 dataset

(f) Accuracy Distribution of Variance Control
method on Simulated-30 dataset

Figure 6.23: Accuracy Analysis using the default accuracy computation method on simulated
datasets
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(a) Accuracy Distribution of Default method on
Simulated-10 dataset

(b) Accuracy Distribution of Variance Control
method on Simulated-10 dataset

(c) Accuracy Distribution of Default method on
Simulated-20 dataset

(d) Accuracy Distribution of Variance Control
method on Simulated-20 dataset

(e) Accuracy Distribution of Default method on
Simulated-30 dataset

(f) Accuracy Distribution of Variance Control
method on Simulated-30 dataset

Figure 6.24: Accuracy Analysis using the default accuracy computation method on simulated
datasets
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(a) Accuracy Distribution of Default method on
Simulated-10 dataset

(b) Accuracy Distribution of Variance Control
method on Simulated-10 dataset

(c) Accuracy Distribution of Default method on
Simulated-20 dataset

(d) Accuracy Distribution of Variance Control
method on Simulated-20 dataset

(e) Accuracy Distribution of Default method on
Simulated-30 dataset

(f) Accuracy Distribution of Variance Control
method on Simulated-30 dataset

Figure 6.25: Accuracy Analysis using the default accuracy computation method on simulated
datasets

6.4 Analysis of Simple and Parallel Algorithm Execution Approaches

6.4.1 Result on Real Datasets

Fig. 6.26 shows the comparison algorithm execution duration on simulated datasets. We executed a 100

independent iterations of both default and improved approaches to avoid minor differences in the execution

time of independent iteration caused by the hardware resource allocation. It is evident from Fig. 6.26b that

the parallel approach is more than 10 times faster than the default approach in each dataset. The Fig. 6.26a
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shows that the default approach takes longer duration to complete the execution of Brassica napus-25 dataset

than Brassica napus-36. This effect is caused by the increased failure rate of Brassica napus-36 dataset as

it fails to infer a sign pattern for any taxon through the default approach, while the sign patterns for 4

taxa of Brassica napus-25 dataset were consistently inferred by the default approach. On the other hand,

the execution time duration of parallel approach increases steadily with the increasing number of taxa as it

processes each taxon parallelly and the completion of independent iterations is dependent on the complete

execution of all individual taxa.

(a) Execution Time of the Default Approach (b) Execution Time of the Parallel Approach

Figure 6.26: The execution time analysis on real datasets for Default and Parallel approaches

6.4.2 Result on Simulated Datasets

As the default approach takes a long time to complete an end to end execution of one hundred iteration,

we only executed the default approach once for each sample classification type of 10, 50 and 100 samples of

Simulated-10 dataset and compared the performance of parallel approach on the same dataset. To capture

the overall impact of increasing number of taxa, we executed only the parallel approach on all three simulated

datasets for all datasets of each sample classification type.

For the comparative analysis on Simulated-10 dataset, we captured the impact of increasing active abun-

dance samples while keeping the same number of taxa for a 100 independent iterations. It can be seen in

Fig. 6.27 that the parallel approach outperforms the default approach by a significant margin. As shown in

Fig. 6.27a, the execution time duration increases steadily with the increasing number of active abundance

samples, showing that the iterative approach takes longer to compute the quality measure (φ) because of

increased number of differential hyperplanes, which in turned is caused by an increasing number of active

abundance samples. Increased duration for the computation of the quality measure causes longer execution

times, which slows down the end to end independent iteration completion time due to sequential execution.

On the other hand, as shown in 6.27b, the execution time duration for both 10 and 50 sample size

classification of Simulated-10 dataset are somewhat similar, which is a result using matrix multiplication

instead of iterative computation of quality measure. The Simulated-10 dataset with 10 samples takes slightly

longer than the one with 50 samples, which is a result of parallel thread execution overhead. For small
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datasets, with fewer taxa and active abundance samples, using the parallel approach may take slightly longer

per taxa than larger datasets, but will remain faster than the default iterative approach.

(a) Execution Time of the Default Approach (b) Execution Time of the Parallel Approach

Figure 6.27: The execution time analysis on one instance Simulated-10 dataset for Default and
Parallel approaches

We also computed the average execution time duration as shown in Fig. 6.28. We computed an average

execution time over the 25 datasets of each sample classification type for Simulated-10, 20 and 30 datasets.

It can be seen that with the increasing number of taxa, the maximum overall execution time remains almost

the same, which shows the scalability of the parallel execution approach up to the limit of CPU cores of

the system. However, it is also observed that execution time duration of 10 sample class of Simulated-20

and Simulated-30 datasets is more than the 100 sample class, which is caused by the high failure rate and

thread overhead caused by the termination of threads. This also shows that for datasets with few active

abundance samples, the parallel execution approach may slow, but it will always remain faster than the

iterative approach.
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(a) Average Execution Time of Parallel Approach on
Simulated-10 Dataset

(b) Average Execution Time of Parallel Approach on
Simulated-20 Dataset

(c) Average Execution Time of Parallel Approach on Simulated-30 Dataset

Figure 6.28: Average Execution Time of Parallel Approach on Simulated datasets

6.5 Analysis of Default and Accelerated Brute Force Implementa-

tions

Brute force is the only method which is guaranteed to find the best solution in the N3N search space.

However, the execution duration of the algorithm is limiting. In this section, we show our comparative

analysis of brute-force approach proposed in research [13] and our accelerated brute-force approach, along

with the efficacy of the brute-force with respect to the ground truth.

6.5.1 Maize Roots Dataset

Table 6.1 shows the distribution of brute-force algorithm execution time proposed in the research [13] and its

comparison with the accelerated brute-force method. We estimated the time duration of the default brute-

force method through the execution time of default iterative heuristic method. For the default heuristic

method, the time taken for the evaluation of single sign pattern remains the same as the brute-force method,

but only a user specified number of sign pattern are tested, instead of N3N sign patterns. It is evident from

the result that the accelerated brute-force method is more than 200 times faster than the former brute-force

approach, while achieving the same results. The speed-up shows the increased capacity to perform accelerated

brute-force on larger community sizes (N > 10). As our brute-force parallel execution method processes each
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taxa in parallel, the overall time taken is equivalent to the time taken by the taxon with longest execution

duration, as all other taxa complete their execution with-in that duration without hindering the processing

of that one taxon due to the availability of more CPU cores than taxa for the Maize Roots dataset.

Table 6.1: Execution time distribution of default vs the accelerated brute-force method for Maize
Root dataset

Description Mathematical Explanation

Time taken by 100 iterations of default Brute Force 7193 sec

Time taken for a single iterations out of 100 total iterations by Brute

Force

7193/100 = 71.93 sec

Average Time for the processing of a total 7 taxa for default Brute Force 71.93/7 = 10.27 sec

Average Time for the processing of 100 sign pattern by default Brute

Force

10.27/100 = 0.102 sec

Estimated Brute Force time to check 37 sign pattern per taxon 0.102 ∗ 37 = 224.72 sec

Estimated Brute Force time to check 37 sign pattern for 07 taxa 224.72 ∗ 7 = 1573.04 sec

Estimated default Brute Force time for one end to end iteration 1573.04/60 = 26.217 min

Accelerated Brute Force time for one end to end iteration 5 sec or 0.0833 min

We conducted a test to quantify the viability of the accelerated brute-force solution with respect to the

ground truth. Fig. 6.29 shows the difference between the quality scores (φ) of accelerated brute-force method

and its corresponding ground truth. The difference between the quality scores is low and it is always with-in

the 2.5% margin of error. This shows that the accelerated brute-force method has the ability to accurately

infer ground truth sign patterns within an acceptably small error range.

Figure 6.29: Difference between the quality score φ of proposed and ground truth sign patterns on
Maize Roots dataset
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6.5.2 Simulated Dataset

We tested the performance of accelerated brute-force method on the simulated data. Our primary purpose

is to compare the speed-up achieved by the accelerated brute-force method against the default iterative

approach. Table 6.2 shows the breakdown of comparison of between the default and the accelerated brute-

force methods. It is evident that the accelerated brute-force method outperforms the default brute-force

method. For the simulated datasets, only the number of active abundance samples increases. The differential

hyperplane reduction step provides the accelerated brute-force a significant speed-up on top of the speed-up

achieved by parallelism itself.

Similarly, for the simulated datasets we also computed the differences between the computed φ score

and the φ score of ground truth. To quantify the extend of variation, we performed a sensitivity analysis

on quality scores of ground truth sign patterns of Simulated-10 with 10, 50 and 100 sample sizes, as it

corresponds closely to the real dataset used for accelerated brute-force evaluation. As we have 25 datasets for

each classification of sample range, we mapped a histogram of differences of φ score between the ground truth

and the inferred sign pattern for each classification type. As shown in Fig. 6.30, the most frequent difference

is 0.0, for each classification of sample size, which shows that in most cases, there was no difference between

the φ of accelerated brute-force method and ground truth, demonstrating the accuracy of the accelerated

brute-force method. The outliers are mostly caused by the arithmetic underflow and small values of active

abundances (less than 1e− 05) which get rounded off to zero.

Figure 6.30: Sensitivity Analysis on 25 datasets for each 10, 50 and 100 sample sizes Simulated-10
dataset
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Table 6.2: Execution time distribution of default vs the accelerated brute-force algorithm method on
Simulated-10 dataset

Description 10 Samples 50 Samples 100 Samples

100 iterations of default Brute Force 2410 sec 24092 89914 sec

for a single iterations out of 100 total itera-

tions by Brute Force

24.1 sec 240.92 899.14

Average Time for the processing of total 10

taxa for default Brute Force

2.41 sec 24.092 sec 89.914 sec

Average Time for the processing of 100 sign

pattern by default Brute Force

0.0241 sec 0.2409 sec 0.89914 sec

Estimated Brute Force time to check 310 sign

pattern per taxon

1423.08 sec 14226.085 sec 3093.31786 sec

Estimated Brute Force time to check 310 sign

pattern for 10 taxa

1423.809 sec 42260.85 sec 530933.1786 sec

Estimated default Brute Force time for

one end to end iteration

237.18 min 2371.01 min 8848.88 min

Accelerated Brute Force time for one end

to end iteration

10 sec or 0.167

min

23 sec or 0.3834

min

40 sec or 0.6667

min

We also conduced an equivalency test between matrix multiplication based sign satisfaction and graph

based sign satisfaction of sign patterns as proposed in the research [13] for all simulated dataset. As per our

expectation, the quality score for all 310 sign patterns of each dataset with 10, 50 and 100 samples remained

exactly the same as specified in eq 4.1, proving that both methods of sign pattern evaluation are the same.

Fig. 6.31 shows the distribution of maximum φ score achieved by the brute-force algorithm while, Fig.

6.32 shows the distributions of number of sign patterns with maximum φ score for both first selection and

voting based method on Simulated-10 dataset. The maximum quality scores remains 1.0 in most cases. Both

methods of pattern selection have a distribution of sign patterns that remains the same as each method uses

a different pattern selection technique out of the distribution of max φ patterns, but the number of maximum

φ sign patterns remain the same as if it is not dependent on the method of pattern selection. Fig. 6.31 also

shows that there are a large number of patterns with maximum φ scores.
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Figure 6.31: Sensitivity Analysis on 25 datasets for each 10, 50 and 100 sample sizes Simulated-10
dataset

(a) Distribution of Number of Sign Patterns with
maximum φ score for first selection method

(b) Distribution of Number of Sign Patterns with
maximum φ score for voting based method

Figure 6.32: Distribution of Number of Sign Patterns with maximum φ score for both sign pattern
selection methods on Simulated-10 dataset

6.6 Validation Analysis of Accelerated Brute Force Approach

We implemented two approaches for the brute-force method, one that selects the first sign pattern (first

selection) achieving the maximum φ score, while the other performs frequency-based voting of sign patterns

with maximum φ. We used three approaches to compute the accuracy of an inferred sign pattern with respect

to the ground truth.

As each sign pattern with maximum φ score is considered a viable solution for a focal taxon, we also

mapped a distribution of accuracy scores achieved by the sign patterns having maximum φ. The allows us

to quantify the maximum achievable accuracy of brute-force method independent of the two methods of sign

pattern selection.

6.6.1 Maize Roots dataset

By using the default method of accuracy computation, we achieve a validation accuracy of 59.18% from first

selection method, while the voting based method achieves a validation accuracy of 53.02%. For the exact

match validation criteria, we achieve a validation accuracy of 57.14% for the first selection method, while we
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achieve a validation accuracy of 51.02% for voting based method. Similarly for the method where zeros are

not accounted for, the validation accuracy for the first pattern selection method is 58.33%, and the validation

accuracy for voting based method is 52.08%. Overall, the validation accuracy achieved through the default

accuracy evaluation method using the first pattern selection method is the highest, while the voting based

method attains lower validation accuracy than the first pattern selection method, but neither of them are

acceptable. This indicates a key shortcoming of accuracy computation method proposed in the research [13]

as this method can identify the actual sign pattern, but can be confounded by false positives.

Fig. 6.33 shows the maximum achievable exact match validation accuracy for the Maize Roots dataset.

Both voting based and first selection methods performed exactly the same, achieving the lowest validation

accuracy of 57% for the Ecl taxon while achieving more than 90% for Cpu taxon. The average maximum

accuracy across all taxa remains as high as 81.6% which shows that the brute-force method has the capability

to find sign patterns with a validation accuracy of more than 80%. However, it is dependent on the method

of selection of sign pattern from the available maximum φ sign patterns.

Figure 6.33: Validation accuracy of brute-force method on voting based and first maximum occur-
rence approaches

6.6.2 Simulated Dataset

Fig. 6.34 shows the distribution of validation accuracy of Simulated-10 dataset on its three classifications of

10, 50 and 100 samples, using first selection and voting based pattern selection methods. It can be seen in

Fig. 6.34a that the default method of validation accuracy evaluation achieves the highest validation accuracy

of 82.5% with most patterns having an accuracy of around 76%. On the other hand, Fig. 6.34b shows that

the voting based validation accuracy method has most patterns with the validation accuracy ranging between

78 to 81%, while the lowest and the highest accuracy of the voting based method are also higher than the

first selection method.
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(a) Distribution of Validation Accuracy using the de-
fault accuracy computation method and First Selec-
tion criteria

(b) Distribution of Validation Accuracy using the
default accuracy computation method and Voting
Based Selection criteria

Figure 6.34: Distributions of Validation Accuracy on Simulated Dataset with 10 taxa and 10, 50 and
100 samples

The validation accuracy achieved through the exact match validation computation criteria is lower than

both of other methods of accuracy computation. As shown in Fig. 6.35, the validation accuracy achieved

through the voting based pattern selection method is better than the first selection method in all aspects but

with a small margin.

(a) Distribution of Validation Accuracy using the Ex-
act Match and First Selection

(b) Distribution of Validation Accuracy using the
Exact Match and Voting based Selection

Figure 6.35: Distributions of Validation Accuracy on Simulated Dataset with 10 taxa and 10,50 and
100 samples

The achieved accuracy is between the default and the exact match method as shown in Fig. 6.36 for the

without zero method. The validation accuracy achieved through the voting based method remains better.

This shows that the validation accuracy achieved through the voting based method is slightly better than

the first selection method irrespective of the method of accuracy computation, which shows the improved

capability of voting based brute-force method in terms of accurate solution inference.

63



(a) Distribution of Validation Accuracy using the de-
fault method of accuracy and First Selection

(b) Distribution of Validation Accuracy using the de-
fault method of accuracy and Voting Based Selection

Figure 6.36: Distributions of Validation Accuracy on Simulated Dataset with 10 taxa and 10,50 and
100 samples

6.7 Analysis of Variable Block Size Brute Force Approach

6.7.1 Result on Real Datasets

Fig. 6.37 shows the comparison of the quality measure (φ) of sign patterns achieved for each taxon of the

Maize Roots dataset. For this implementation, we used two blocks of size three and four for the independent

execution of the brute-force method. It is evident in the plot 6.37 that the block-wise brute-force method

achieved the same quality sign patterns as the accelerated brute-force approach. The execution time duration

of the block-wise method is four seconds which is 20% faster than the accelerated brute-force method, showing

the increased efficiency of the block-wise method, while achieving the same quality of sign patterns.

Figure 6.37: shows the results of block-wise implementation for Maize Root dataset

Fig. 6.38 shows the results of the block-wise implementation on Brasicca napus dataset. A uniform block

size of 10 is used for each dataset while the last block was comprised of 5 and 6 taxa for Brassica napus-25

and Brassica napus-36 datasets respectively. We compared the quality score of sign patterns obtained from

the block-wise approach with the quality score of sign patterns achieved by the perturbed-hybrid-variance

controlled approach. Not only does the block-wise method outperform the mean φ score of the advanced

heuristic method, it also inferred the sign patterns for all taxa except those for which the number of active

abundance samples were insufficient. The features with insufficient data are represented by absented bar in
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the chart. Due to the large size of Brassica napus dataset, we were unable to perform a brute-force analysis.

The block-wise method was able to find a partial brute-force solution for all 3 Brassica napus datasets within

a total time of 30 minutes per dataset, which is a significant speed-up compared to default approach. The

execution time of the block-wise implementation remained lower than 15 minutes even for a community with

as many as 36 taxa. The estimated accelerated brute-force time for 36 taxa is more than a 1000 hours, which

shows that the block-wise approach is highly scalable for larger community sizes (N > 10).

(a) Results of block-wise implementation for Brasicca napus-20 dataset

(b) Results of block-wise implementation for Brasicca napus-25 dataset

(c) Results of block-wise implementation for Brasicca napus-100 dataset

Figure 6.38: BlockWise Implementation result comparison against Perturbed-Hybrid-Variance Con-
trolled Heuristic Method

As shown in Fig. 6.38a, only 1 taxa achieved a φ score of 1.0 using the blockwise method. However,

for Brassica napus-25 and 36 shown in 6.38b and c respectively, a total of 6 taxa achieved a φ = 1.0. This

shows that the block-wise method is also able to find a perfectly supported solution for larger microbial

communities, for which finding a brute-force solution through the method proposed in the research [13] was

not possible. However, since the Brassica napus dataset does not have a ground truth, we can not determine

if these φ = 1.0 sign patterns contain the true solution.
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6.7.2 Results on Simulated Datasets

Fig. 6.39 shows the distribution of comparison of quality scores between the block-wise and the accelerated

brute-force methods on different sample sizes of Simulated-10 dataset. This distributions shows the results

of 25 simulated datasets in each sample size classification. A uniform block size of 5 is used for all execution

of block-wise method on Simulated-10 dataset. It can be seen in Fig. 6.39 that the quality of sign patterns

obtained through the block-wise remain almost the same for all three classification types with 10, 50 and 100

samples of Simulated-10 dataset. However, it is observed that even though both distributions look almost

the same, the quality scores achieved through the accelerated brute-force method are slightly better than the

block-wise method. The block-wise method took on an average of 20 seconds to complete the end to end

execution of the datasets with 100 samples, which is almost the same as the time taken by the accelerated

brute-force method.

(a) φ Distribution of Accelerated Brute Force
method for Simulated-10 dataset

(b) φ Distribution of Block-wise Brute Force method
for Simulated-10 dataset

Figure 6.39: Comparison of quality score distributions between Block-wise and Accelerated Brute
Force Methods over 25 dataset of each classification type of Simulated-10 dataset

Fig. 6.40 shows the distribution of quality scores attained by the block-wise method for Simulated-20 and

Simulated-30 datasets for sample sizes of 10, 50 and 100 with each 25 datasets for each sample classification.

For both datasets, it can be seen that the φ = 1.0 is the most frequent score, showing that the block-wise

method has the ability find the maximum quality score sign pattern even for large communities. The 0.0

score in Fig. 6.40b, shows the failure of the block-wise method caused by an insufficient number of active

abundance samples.
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(a) Phi Score Distribution of BlockWise Brute Force
method for Simulated-20 dataset

(b) Phi Score Distribution of BlockWise Brute Force
method for Simulated-30 dataset

Figure 6.40: Distribution of quality scores of BlockWise brute-force method for Simulated-20 and 30
datasets

As shown in Fig. 6.41, the block-wise method is able to find a large number of good sign patterns. As

for Simulated-10 dataset, a fixed block size of 10 was used, which provides us a total of 35 ∗ 10 = 2430 sign

patterns are generated for final selection of selection sign pattern for each classification type of all 25 datasets

in Simulated-10. This shows that with increasing number of taxa, the number of sign patterns generated

with maximum φ score increases. For Simulated-20 and 30, the block size remained 10.

(a) Distribution of Max scored sign pattern for
Simulated-10 dataset

(b) Distribution of Max scored sign pattern for
Simulated-20 dataset

(c) Distribution of Max scored sign pattern for Simulated-30 dataset

Figure 6.41: Distribution of Max scored sign pattern on all Simulated datasets

6.8 Validation Analysis of Block-wise Brute Force Approach

We employed the same three methods of validation analysis that we used for the accelerated brute-force

method and performed the validation analysis of block-wise method on both simulated and real datasets.

For the block-wise method, we used the first pattern selection method for the selection of sign pattern with
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maximum φ score for each taxa. For Simulated-20 and Simulated-30 datasets, we used a fixed block length

of 10, while for Simulated-10, we used a block length of 5.

6.8.1 Maize Roots Dataset

For the Maize Roots dataset, the accuracy achieved through the default method of accuracy evaluation is

63.26%. While with exact match method, we achieved a validation accuracy of 61.22% and similarly for

method where zeros are not considered, we achieved a validation accuracy of 62.5%. In all cases, the block-

wise method was able to outperform the accelerated brute-force method. It should be noted that the first

selection criteria is used for the selection of sign patterns and it is quiet possible that validation accuracy

may decrease depending upon the initial seed of sign pattern generation.

6.8.2 Simulated Data

Fig. 6.42 shows the block-wise validation accuracy distribution on all three classifications of Simulated-

10,20 and 30 dataset, each with 10,50 and 100 samples. The performance of block-wise method as shown in

Fig. 6.42a is almost the same as the the accelerated brute-force method on Simulated-10 dataset, showing

that the block-wise method is on par with the brute-force method in terms of accuracy. For Simulated-20

and Simulated-30 datasets, the performance of block-wise method remains consistently good as most of the

inferences have a validation accuracy above 75% close to the accuracy considered sufficient in the default

approach [13].

For the exact match criteria of accuracy computation, the performance of the block-wise method remains

almost the same as the accelerated brute-force method as show in Fig. 6.43a. For Simulated-20 and Simulated-

30 dataset as shown in Fig. 6.43b and c, the accuracy of inference decreased significantly as compared to

the default accuracy method. Simulated-20 achieves a maximum accuracy of only 32% while Simulated-30

achieves a maximum accuracy of only 30%, without considering the outlier with all zero inferences, which

shows that the accuracy of inference decreases with the increasing number of taxa.

Overall, evaluating the inferences made by the block-wise method through different methods of accuracy

computations shows that the block-wise method is highly scalable, and almost as accurate as the accelerated

brute-force method. However, it should be noted that the achieved accuracy through the method is not as

high as the quality (φ) of the sign pattern. This shows that the higher value of φ does not always reflect an

increased accuracy.
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(a) BlockWise Validation Accuracy on Simulated-10 (b) BlockWise Validation Accuracy on Simulated-20

(c) BlockWise Validation Accuracy on Simulated-30

Figure 6.42: BlockWise Validation Accuracy using the default method

(a) BlockWise Validation Accuracy on Simulated-10 (b) BlockWise Validation Accuracy on Simulated-20

(c) BlockWise Validation Accuracy on Simulated-30

Figure 6.43: BlockWise Validation Accuracy Using exact match method
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(a) BlockWise Validation Accuracy on Simulated-10 (b) BlockWise Validation Accuracy on Simulated-20

(c) BlockWise Validation Accuracy on Simulated-30

Figure 6.44: BlockWise Validation Accuracy Using exact match method
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7 Discussion

7.1 Result Discussion

Inference of microbial community interaction types without a prior assumption of a population dynamics

model is still an open research question. The improvements made on the previously proposed approach

proposed by the authors of [13] were targeted towards the speed, failure rate, stability and inference quality.

Through this research, we showed how improvements in a particular module of the algorithm such as per-

turbing or creating a hybrid heuristic can positively impact the quality of inference and reduce the failures

caused by noise in the data. The accelerated and block-wise implementation approaches can be used to find

complete or partial brute-force solutions of large microbial communities having more than 10 taxa, which

was not previously achievable.

The performance of the algorithm is dependent on abundance data being used, where the process of data

collection is time consuming and prone to error. Noise in the collected data has the tendency to distort

the results, and it may also negatively impact the reproducibility of results even when all the user defined

thresholds are kept the same. Moreover, the minimum number of samples required to infer an interaction

type with strong statistical support is not always present in the data as most abundance values are zero. The

actual cause of recording a zero as an abundance value may differ significantly depending upon the scenario;

for example, it can be caused either by instrumental error, human error, or by the actual absence of a taxa

in the collected sample. To overcome these issues, we developed a solution which infers consistent interaction

types based on a hybrid approach, combining the brute-force and the heuristic approaches.

Each hyperplane in the pair difference matrix is calculated by taking a pair-wise difference between

two rows of steady state sample abundance. As we compute the pair-wise difference (H), an entry in the

hyperplane may be too small and can be considered as noise. Considering insignificant difference values

in H may lead towards spurious inferences as the underlying observed differences may have resulted from

a human/instrumental error. To discard all the insignificant differences, we introduced a user specified

threshold Ω, as suggested in the research [13], which discards all the hyperplane entries lying within the

range of ±Ω by rounding them off to zero. The threshold of ±Ω for this research is specified in section 5.3.

Using Ω, we ensure the usage of only significant differences, resulting in statistically authentic inferences.

As mentioned in the section 2.7, the heuristic inference may fail to return a valid sign pattern. We

introduced a zero-sign pattern inference which infers all zero interaction types for each taxon with respect

to a focal taxon in case it fails to infer any solution for it. The zero sign pattern (all zero interaction type)
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for any row of sign pattern represents either of these reasons of failure: lack of sufficient data for inference,

failure in inference of heuristic, or zero differential hyperplane intersections. Usage of a zero sign pattern

allows continuous execution of multiple end-to-end cycles of sign pattern inference.

Our research also addressed the issue of inference instability. As shown in section 6.3, the inferences made

through the variance control method are more consistent than the default method [13], while it also achieves

similar level of quality (φ) for sign patterns. However, it can be observed in results of Brassica napus dataset

shown as in Fig. 6.15 that the variance control does not always work, and in some cases it might result in

higher variance as compared to the variance produced by the default approach [13]. This shows that even

though the overall consistency of inferences increased through the variance control method, the variance of

each individual feature might not always be lower.

To improve the quality of a sign pattern, we introduced a perturbation pipeline that takes a valid sign

pattern and finds a sign pattern similar to it but with improved φ. The method employed to find an improved

quality sign pattern is based on a greedy approach where a sign pattern is randomly perturbed to find a

better quality sign pattern. As the method being used is greedy and random, it might not always be able to

find a sign pattern in the local search space (a few perturbations away) even if there is one. The degree of φ

improvement may reduce as φ reaches 1.0.

Performance improvement is not the only aspect of algorithmic improvements. To improve the throughput

of an algorithm, steps causing frequent failure can be analyzed, and minimizing the failure rate results in a

higher throughput. A variety of approaches can be used to reduce the failure rate, depending upon the type

of failure. Algorithmic failure analysis involves pin-pointing a range of boundary values and then applying

the necessary conditions or alteration to program flow at the onset of an expected failure state. As the

proposed algorithm in [13] uses the abundance data for the inference of a heuristic, the presence of noise

in the data caused by instrument or human error may hinder the inference of algorithm, resulting in no or

partial inferences of sign. Such a failure can be addressed either by reducing noise, or by using a secondary

engine for sign inference, which is independent of data.

The block-wise sign pattern finds a heuristic brute-force solution for a block of taxa within the microbial

community. As the size of microbial community increases, it becomes harder to find a block-wise sign pattern

for a taxon with φ = 1.0. As the block-wise approach is greedy, it can lead to a local minima. The block-

wise method represents a compromise between a computationally intensive full solution and the stochastic

heuristic.

7.2 Future Work

In this research, we proposed an improved heuristic approach, which is faster and has the ability to infer

solutions with more robustness and stability. Our block-wise method is able to perform fast partial brute-

force analysis of large microbial communities and is able to find accurate high quality solutions. These

72



improvements allow us to process large microbial communities in short time duration with increased stability

and quality, which was not possible before.

As our research addresses the shortcomings highlighted in section 2.7, the algorithm proposed in the

research [13] can be further improved by finding different method to assess the quality of a proposed heuristic.

As we discussed earlier, the φ measure only checks the ratio of total versus intersected hyperplanes. A possible

heuristic could be made by finding a group of brute-force heuristics inferring similar interaction types and

having sign patterns with highest φ, which can be used as a possible sign pattern. A more holistic approach

where a sign pattern is assessed based on its similar predecessors may also reduce the computational time

for heuristic assessment. However, in the default approach proposed in the research [13], it was assumed

that each sign pattern will have a unique φ score. Due to this assumption, no mechanism was introduced

for tie breaking, and to address this we used two pattern selection techniques, neither of which performed

sufficiently reliable to be a general solution, opening the door to future research.

We also observed that both accelerated and block-wise brute-force methods are able to find a number

of sign patterns with maximum achievable φ. However, sign patterns with same φ score will not have the

same accuracy with respect to the ground truth, resulting in erroneous inferences. This raises the need for a

method to settle ties between sign patterns having the same φ.

We employed a method to discard the exact same hyperplanes, which results in increased speed of φ

calculation, as it involves checking the intersection of each differential hyperplane with the inferred heuristic

sign pattern. Reducing the size of differential hyperplane matrix by discarding the repeated hyperplanes has

its associated cost in terms of computational complexity. The method that reduces the differential hyperplane

matrix size has a time complexity of O(M2), where M represents number of hyperplanes, and element-wise

comparison of each pair of hyperplanes is considered to take a constant time; as all hyperplane in a pair

difference matrix of a particular taxon have the same dimension. Having a quadratic computational time

complexity makes the reduction of hyperplanes a time consuming activity. The effect of hyperplane pre-

computation is more visible for taxa with more than a 100 active abundance samples. An efficient algorithm

to remove the duplicate hyperplanes can significantly improve the performance of the accelerated brute-force

method, which can be the focus of future research.

Another potential avenue towards finding the microbial interaction types is exploring semi-supervised

learning techniques where the interaction types of a small group of taxa is inferred first through brute-force

method and then those interactions are used as labelled data. This labelled data can further be used infer

the incremental interaction types of similar taxa which can significantly reduce the inference time. The

labelled data can be used as an input to link prediction classifiers which can then be used to infer the causal

interaction types and can be validated through the labelled data.
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7.3 Summary

Our enhanced approach provides an efficient way to infer microbial interaction types with significantly reduced

failure rate and considerably higher inference quality. Our method builds up on the new paradigm introduced

by the authors of [13] and it addresses the overall efficiency and effectiveness of microbial interaction inference.

This method can be further improved by addressing the remaining shortcomings or by formulating a new

approach which uses the essentials of population dynamics model to train and test a semi-supervised link

prediction classifier. We proposed a faster, scalable, more stable and fault tolerant method of inference of

microbial interaction types. Based on our analysis, we propose that the Accelerated Brute Force method

should be used for smaller community sizes (N ≤ 18). While any combination of the three advanced heuristic

methods (Hybrid, Perturbed and Variance-Controlled) can be used for very large communities (N ≥50). For

moderately sized communities (19 ≤ N ≤ 49), the block-wise method should be used as it provides a partial

brute-force solution which results in better accuracy than the advanced heuristic methods.
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[76] Mathias Hänsch and Christoph Emmerling. Effects of silver nanoparticles on the microbiota and enzyme
activity in soil. Journal of Plant Nutrition and Soil Science, 173(4):554–558, 2010.

[77] Wikipedia edit distance. https://en.wikipedia.org/wiki/Edit_distance. Accessed: 2020-03-23.

[78] Eric G. Lamb Isobel Parkin Annaliza McGillivray Steven D. Mamet, Bobbi Helgason. Root and exudate
selection of yield-beneficial bacteria in brassica napus. In Review, In Review(In Review):In Review, In
Review.

[79] S. D. Mamet Z. M. Morales S. Williams T. Dowhy Z. Taye E. Lamb M. Links C. Norris S. Shirtliffe
M. Arcand S. Vail Helgason Bell, J. K. and S. D. Siciliano. A temporally intensive survey of bacterial
communities of brassica napus genotypes grown in three environments. global ecology and biogeography.
Global Ecology and Biogeography, (In Review), 2019.

[80] Ben Niu, Joseph Nathaniel Paulson, Xiaoqi Zheng, and Roberto Kolter. Simplified and representative
bacterial community of maize roots. Proceedings of the National Academy of Sciences, 114(12):E2450–
E2459, 2017.

[81] Finding highly - associated balances with the response variable. https://rdrr.io/github/

UVic-omics/selbal/. Accessed: 2020-04-14.

[82] Github hallucigenia-sparsa/seqtime. https://github.com/hallucigenia-sparsa/seqtime. Accessed:
2020-04-26.

[83] Github r-lib/devtools. https://github.com/r-lib/devtools. Accessed: 2020-04-26.

79

https://en.wikipedia.org/wiki/Edit_distance
https://rdrr.io/github/UVic-omics/selbal/
https://rdrr.io/github/UVic-omics/selbal/
https://github.com/hallucigenia-sparsa/seqtime
https://github.com/r-lib/devtools

	Permission to Use
	Abstract
	Acknowledgements
	Contents
	List of Tables
	List of Figures
	Introduction
	Background
	Assumptions
	Sign Satisfaction
	Quality Metric
	Brute Force Approach
	Step-wise Illustration of the Brute Force Approach
	Heuristic Approach
	Shortcomings in the Existing Approach

	Literature Review
	Supervised Link Prediction
	Unsupervised Link Prediction
	Microbiome Graph Building

	Algorithm Description
	Performance Improved Implementation
	Perturbed Heuristic Implementation
	Reduced Variance Implementation
	Hybrid Implementation
	Accelerated Brute Force Implementation
	Variable Block Size Brute Force (Block-wise) Implementation

	Experimental Setup
	Dataset Description
	Brassica napus Dataset
	Maize Roots Dataset
	Simulated Dataset

	Hardware and Software Details
	Algorithm Parameters
	Accuracy Evaluation Methods
	Evaluation Methodology of Hybrid Heuristic Implementation
	Evaluation Methodology of Perturbed Heuristic Implementation
	Evaluation Methodology of Variance-Controlled Implementation
	Evaluation Methodology of Parallel Execution Implementation
	Evaluation Methodology of Accelerated Brute Force Implementation
	Evaluation Methodology of Variable Block Size Implementation

	Experimental Results
	Failure Analysis of Default and Hybrid Approach
	Result on Real Datasets
	Result on Simulated Datasets

	Average Phi() Score Distribution Analysis of Default and Perturbed Heuristic Approaches
	Result on Real Datasets
	Result on Simulated Datasets

	Variance Analysis of Simple Heuristic and Variance-Controlled Heuristic Approaches
	Result on Real Datasets
	Result on Simulated Datasets

	Analysis of Simple and Parallel Algorithm Execution Approaches
	Result on Real Datasets
	Result on Simulated Datasets

	Analysis of Default and Accelerated Brute Force Implementations
	Maize Roots Dataset
	Simulated Dataset

	Validation Analysis of Accelerated Brute Force Approach
	Maize Roots dataset
	Simulated Dataset

	Analysis of Variable Block Size Brute Force Approach
	Result on Real Datasets
	Results on Simulated Datasets

	Validation Analysis of Block-wise Brute Force Approach
	Maize Roots Dataset
	Simulated Data


	Discussion
	Result Discussion
	Future Work
	Summary

	References

