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Abstract

A staggering amount of gene products imputed from prokaryotic sequence data fail to be
annotated by mainstream computational methods. This has led to an ever-increasing growth in
gene products of unknown function within public databases. Evidence suggests that these gene

products might provide biotechnological solutions to pressing societal concerns.

In this thesis we sought to understand if the putative functions of these uncharacterized
gene products attained biotechnological interest. To this end, we collected >134 million pro-
tein sequences of unknown function from public databases. By doing so, we created the first
worldwide repository of prokaryotic gene products of unknown molecular function. Upon clus-
tering these sequences we generated a representative dataset containing ~12 million proteins.
We managed to annotate 99.97% of this dataset with at least one term. From the foregoing
sum, 2.78% (351,917) were annotated with at least one Enzyme Commission (EC) number. We
postulate that these are putative enzymes. We found that the most abundant enzymatic classes
were those of Transferases (182,797) and Hydrolases (100,475). We also found that 9,622 pu-
tative enzymes might portray catalytic promiscuity, or multiple catalytic functions altogether.
Afterwards we developed a new family of information-theoretic metrics that allow to quantify
the annotation content and quality of a given sequence. These metrics enabled us to systemize
our dataset according to distinct spectra of annotation. They also allow to expedite the selection
of the best annotated sequences for ensuing experimental validation. We also provide a proof-
of-concept for the usefulness of the work developed in this thesis by characterizing a putative

enzyme subclass of utmost societal significance.

We conclude that there is both a tremendous quantity and diversity of uncharacterized gene
products whose predicted functions are directly implicated with well-established biotechnolog-
ical applications. This reservoir can be tapped into at the present time, conceivably allowing to

solve several societal demands.

Keywords: Functional Genomics; Molecular Function Prediction; Microbial Dark Matter; In-

formation Content; Biotechnology
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Resumo

A tecnologia de sequencia¢do de dltima geracdo permitiu adquirir uma quantidade massiva
de dados de cariz genético, levando a avangos sem precedentes no campo da gendémica. O
crescimento continuo da aquisi¢do deste tipo de dados gendmicos levou a que bases de dados
publicas fossem populadas com uma quantidade impressionante de sequéncias nucleotidicas.
Apesar desta quantidade exorbitante de dados adquiridos pelas tecnologias de sequenciagao
atuais, a fun¢do molecular de mais de 35% dos genes provenientes de determinado genoma

microbiano ainda permanece desconhecida.

Microrganismos conhecidos, e amplamente estudados, possuem uma fracdo consideravel
de genes de fun¢cdo molecular desconhecida codificados nos seus genomas. No entanto, foi
descoberto que estes genes codificavam para propriedades fisioldgicas essenciais a vida. Em
alguns casos, a fracdo de genes cuja fun¢do molecular € desconhecida pode atingir 50% do
conteddo total genémico, como por exemplo em genomas recém-sequenciados ou pertencentes
a microrganismos de filos candidatos sem exemplares em cultura. Em cendrios mais extremos,
conforme indicado por estudos metagendmicos, estas percentagens podem oscilar entre 85% a

99% do contetido total de genes identificados.

A caracterizagdo experimental de cada um destes elementos gendmicos de funcdo descon-
hecida nao € exequivel. Os recursos necessarios para se realizar tamanho empreendimento sao
inimagindveis, e tampouco seria possivel acompanhar o ritmo a que estes elementos estao a ser
descobertos, e se acumulam nas bases de dados publicas. Adicionalmente, a curadoria manual e
individual destes elementos nao pode ser levada em consideragao como uma opg¢ao vidvel. Estas
circunstancias nao deixam qualquer escolha sendo empregar métodos de anotacdo automatiza-
dos, normalmente por meio de técnicas computacionais, como a Unica alternativa para prever a
fun¢dao molecular destes produtos. Além do mais, grande parte dos produtos da tradugdo im-
putados a partir destas sequéncias nao sdo passiveis de ser anotados por parte de métodos de
imputacdo convencionais, tais como os que se baseiam em homologia de sequéncias, muitas
vezes estes primeiros carecendo mesmo de homoélogos remotamente reconheciveis em bases de
dados publicas. Deste modo, os referidos elementos permanecem em caréncia de caracterizacao

funcional. Estas circunstancias colocam em questdo até que ponto estes elementos enigmaticos
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codificam realmente para produtos da tradu¢do como os que conhecemos; bem como até que

extensdo poderdo estes ser anotados e as suas fungdes desvendadas.

Porventura, existe cada vez mais evidéncia que sugere que estes elementos sem funcao
molecular atribuida podem de facto ser uma mais valia na identificacdo de solugdes biotec-
noldgicas num mundo com crescentes exigéncias sociais. Estes elementos genéticos de fungao
desconhecida podem-se provar excelentes ativos na identificacdo de novas proteinas produ-
toras de metabolitos, enzimas ou até mesmo novos mecanismos fisiologicos. Tal acontecimento
poderia por sua vez, a devido tempo, proporcionar um aumento de solugdes biotecnoldgicas in-
ovadoras. E de suma importincia desvendar este conhecimento inexplorado, a fim de divulgar
novas solugdes e respostas as mudancas ambientais e climaticas; de modo a superar desafios
sociais como os presentes em dreas tais como a saude, agronomia e indudstria de alimentos;
bem como desenvolver ferramentas de ponta que levem ao avango de dreas como a engenharia

metabdlica e biologia sintética.

Deste modo, na presente tese doutoral, proposemo-nos prever a fungdo molecular destes
produtos da traducdo sem caracterizagdo funcional de origem procaridtica, com o intuito de
compreender se as fun¢des putativas imputadas a partir destas sequéncias eram detentoras de

interesse biotecnoldgico ou industrial.

Para alcancgar estes objetivos, primeiro comeg¢amos por pesquisar bases de dados publicas
em busca destes produtos da traducdo. No decurso desta tarefa além de quantificarmos estes
elementos, fomos também colecionando os dados incluidos nestas bases de dados que iam
ao encontro dos nossos critérios de qualidade e acuidade. A conclusao desta tarefa levou a
criacao do primeiro repositorio mundial de produtos da traducao imputados a partir de elemen-
tos genéticos de origem procaridtica cuja fungdo molecular é desconhecida, incorporando mais
de 134 milhdes de sequéncias de aminodcidos. Para nosso conhecimento, este repositdrio con-
stitui a primeira colecdo centralizada a nivel mundial de “matéria negra funcional” de origem
procaridtica. Observamos também que a esmagadora maioria destas proteinas provém de filos
conhecidos, independentemente do dominio taxonémico. Em seguida reduzimos a dimensado do
nosso repositorio ao longo de 8 limiares de identidade aminodcidica global. A primeira etapa
de aglomeracao proporcionou uma reducio de 79.51% no tamanho do nosso repositorio, per-
mitindo a criacdo de um conjunto de dados ndo redundante. A tltima etapa de agrupamento
permitiu-nos alcancar uma reducdo de tamanho adicional de 54.2% do conjunto ndo redun-

dante; implicando uma reducao cumulativa de ~90.62% em relagcdo ao nimero inicial de >134
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milhdes de sequéncias. Estes resultados suscitam duas conclusdes. Em primeiro lugar, de que é
possivel representar o nosso repositorio por um conjunto nao redundante de proteinas putativas
representativas. Em segundo lugar, a de que pode haver um alto nivel de redundancia entre (ou
dentro de) fontes de dados independentes, para sequéncias de proteinas de fun¢do desconhecida.
Também notdmos que a maioria das sequéncias representativas de cada conjunto ndo possuiam
membros adicionais, independentemente do limite de identidade aminoacidica imposto. Além
do mais, a maioria dos conjuntos de sequéncias compreende <100 membros, também inde-
pendentemente do limite. Estes resultados levam-nos a concluir que estas as sequéncias nao

caracterizadas sao muito distintas entre si.

Posteriormente empregdmos varias ferramentas de imputacdo de fungdo para anotar estas
sequéncias e realizamos vdrias andlises de dados de cariz exploratério de modo a vislumbrar
as func¢des moleculares putativas destes elementos. Conseguimos anotar 99.97% (12,651,624)
do conjunto de dados ndo redundante a 60% de identidade aminoacidica com pelo menos um
termo semantico, oriundo de pelo menos um sistema de classificacio. Este foi um resultado sig-
nificativo, visto que em primeiro lugar inicidmos a presente tarefa com sequencias nao anotadas.
Apenas uma pequena fragcao destas proteinas (0.03%) nao foi passivel de anotacao por qualquer
um dos sistemas de classificacdo. Estas sequéncias poderdo ser analisadas posteriormente pela

comunidade cientifica, aquando da divulgacdo publica destes dados num futuro préximo.

Também desenvolvemos uma familia de métricas baseadas na teoria da informacgao que nos
permitissem qualificar numericamente as anotacdes atribuidas a uma dada sequéncia. Estas
métricas classificam a representacao semantica de uma determinada sequéncia de acordo com
seu valor e qualidade informativa. Para testar e validar as métricas referidas, usimos um con-
junto de dados padrao, bem como ~12 milhdes de proteinas que ndo cederam a anotagao pelas
suas bases de dados de origem. Ao calcularmos estas métricas para todas as proteinas ano-
tadas, mostramos que € possivel representd-las como uma colecdo de distribui¢des. Porventura,
ao fazermos uso destas métricas podemos explorar tanto o valor informativo “bruto” embutido
numa dada representacdo semantica, como também avaliar o equilibrio entre a especificidade
desse valor e o seu grau de confianca. Este desenvolvimento permitiu-nos sistematizar estes
produtos da tradugdo de acordo com espectros distintos de anotagdo. Adicionalmente, os val-
ores incluidos nestas distribui¢des fornecem um panorama sobre o contetido informativo dessas
anotagdes. Além do mais, esta familia de métricas permite compreender se as anotacdes prove-

nientes destas proteinas putativas representam multiplas fun¢des moleculares.
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A combinacao das métricas calculadas para cada sistema de classifica¢do utilizado possibil-
itou a criacdo de um indice de anotagdo proteica. Este indice permite sistematizar as referidas
anotagdes tendo em conta toda a extensdo do seu valor informativo. Consequentemente, este
indice permite a criacdo de uma distribui¢c@o global que caracteriza diferentes graus de anotagao
de proteinas putativas num determinado conjunto de dados. Também exemplificamos que, ao
calcular o valor deste indice para todas as proteinas num conjunto de dados, podemos desven-
dar sub-distribuicdes distintas referentes a proteinas com diferentes niveis de anotagdo. Este
desenvolvimento permitiu-nos distinguir quais as proteinas que foram anotadas de forma mais

completa em cada um dos conjuntos de dados que usamos.

Depois de aplicarmos um algoritmo de limite, fomos capazes de selecionar um valor deste
indice que permitiu a subsec¢do de cada conjunto de dados entre dois grupos principais de
proteinas anotadas. Postulamos que esses grupos retratam proteinas que foram efetivamente
anotadas, e aquelas que ndo o foram. Ao criar esta dicotomia, esperamos agilizar o direciona-
mento das sequéncias de proteinas putativas que foram mais flexiveis a anotagao automatizada.
Além do mais, pretendemos facilitar a selecdo das sequéncias de proteinas mais promissoras
para andlises posteriores e subsequente validacao experimental. Por dltimo, apresentamos uma
prova de conceito para a utilidade do trabalho desenvolvido nesta tese, caracterizando uma sub-

classe enzimdtica detentora de acrescida significancia social.

Concluimos que existe uma enorme quantidade e diversidade de produtos da traducao cujas
fungdes moleculares imputadas estdo diretamente implicadas em possiveis aplicacdes biotec-
noldgicas e industriais bem estabelecidas na literatura cientifica. O trabalho que desenvolvemos
também permite agilizar a sele¢do das sequéncias cuja anotagdo foi mais completa, facilitando
deste modo a selecdo das mais promissoras para estudos posteriores. Este reservatério colos-
sal de potencial biotecnoldgico pode ser explorado presentemente, possivelmente permitindo

resolver varios desafios oriundos da sociedade contemporanea.

Palavras-Chave: Gendmica Funcional; Imputagdo de Fungcdo Molecular; Matéria Negra Mi-

crobiana; Contetido de Informacgdo; Biotecnologia
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Glossary

In order to expedite the comprehension of this thesis, we provide the following definitions:

Anc Ancestors. The parent nodes of a given term ¢ in a hierarchical
topology.
annot A function that represents the input-output logic for a prediction

tool. Given a protein x from a corpus X as input, it outputs a set

that contains terms ¢ paired with prediction scores s.

b A histogram bin.

b’ A smoothed histogram bin.

B A histogram. A collection of bins b.

B’ A smoothed histogram. A collection of smoothed bins 4’

BPS Biotechnological Potential Subset. Group of proteins from each

dataset with EC, GO, and CD annotations; whose PAI value is
greater than the threshold generated by the Minimum Method Al-
gorithm; annotated with a single 4th-digit EC number; and whose

4th-digit EC number is represented on Table 1.1.

C Classification System. Contains a set of terms 7, and a set of re-
lations between those terms R. In this thesis, a Classification Sys-
tem can be either the Gene Ontology (GO), Enzyme Commission

(EC) numbers, or Conserved Domains (CD).

CA, Common Ancestors. Subset containing the ancestor terms shared

by the terms in a given set.

Corpus Resource consisting in a large collection of texts. In this thesis a
corpus refers exclusively to a collection of protein sequences (i.e.,

a dataset).
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GLOSSARY

DAG

Desc

FDM

fx(t)

hgp

Hypotheticals

IC

krp

kSturges

k-ary tree

Directed Acyclic Graph. Hierarchical topology consisting on
nodes and edges, with each edge directed from one node to an-

other, such that it never forms a closed loop.

Descendants. The child nodes of a given term ¢ in a hierarchical

topology.

Functional Dark Matter. Genomic sequences of microbial origin

with unknown molecular function.

The frequency of a term ¢ in a corpus X. This frequency is calcu-
lated by taking into account the number of times a term ¢ occurs,

along with the number of times all of its descendants occur.
The bin-width calculated by the Freedman-Diaconis rule.

Dataset comprising 12,654,843 prokaryotic protein sequences
whose public datasources of origin were unable to annotate.
These sequences are the cluster representatives from clusters

whose members are at 60% global sequence identity resolution.

Information Content. The negative log likelihood of the probabil-

ity of occurrence of a term within a given corpus.

Uniformized Information Content. The value of IC divided by the

log likelihood of the frequency of the root term.

The optimal number of histogram bins. The maximum between
the number of histogram bins calculated by Sturges formula, and

the number of histogram bins calculated using the bin-width hgp.
The number of histogram bins calculated using the bin-width Aagp.
The number of histogram bins calculated by the Sturges formula.

A rooted tree where each node has at most k children. Where k
is the number of descendents of the parent node with the most

offspring. All of its leaf nodes are at the same depth of the graph.

A logical proposition.
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GLOSSARY

MDM

MICA

Nx(C)

p(t)

PAI

PIC

PICg

¢—1

Q o PICg

The subset of a semantic representation 7, containing the terms

for which the value of depth in the sub-graph is maximized.

Microbial Dark Matter. The uncharted fraction of microbial diver-

sity, and its undisclosed coding potential.

Most Informative Common Ancestor. The subset of common an-

cestors CA for which the /C,, is maximal.

The total number of distinct terms # annotated to proteins x in a

corpus X, for a Classification System C.
Probability of occurrence of a term ¢ within a given corpus.

Protein Annotation Index. A weighted arithmetic mean, whose
weights w¢ are specific for each Classification System C. This
weighted arithmetic mean is calculated for a given protein x, us-
ing the quantile-transformed min-max scaled PICg values gath-

ered for each Classification System C in Z.

Protein Information Content. An equation that calculates the over-
all Information Content of a protein x in relation to its semantic
representation 7. It might have different outcomes depending on
the cardinality of M,, whether a MICA, exists, and whether the
semantic representation 7 issues from a Classification System C

whose R contains subsumption relations.

Prediction-score-weighted version of the Protein Information

Content equation.

Probit function. The quantile function of the standard normal dis-

tribution.

Equation that subsumes a normalization procedure that includes

both a quantile transformation and min-max feature scaling.

A quantile-transformed min-max scaled version of the PICs equa-

tion.
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GLOSSARY

R

R+

ref

root

sub-DAG

Subsumption relation

SwissProt

The set of all relations between the terms ¢ enclosed in a given

Classification System C.

Transitive closure. The smallest relation on 7 that contains R and

1s transitive.

A predicate that evaluates to true when a protein x in a corpus X

refersatermzin 7.

The root term. The single common ancestor to all terms in a Clas-

sification System.

A prediction score associated with a term 7 that was annotated to a

protein x.

A function that returns the prediction score s calculated by annot

given a term ¢ as input.
Subset of a Directed Acyclic Graph (DAG).

Relation between two entities, where one entity is a subclass of

the other.

Manually annotated protein sequence database. In this thesis the
“SwissProt” dataset refers to 235,544 prokaryotic protein se-

quences.

Semantic term. A label used to describe a given entity. In this the-
sis, a semantic term can be either a Gene Ontology (GO) term,
a Enzyme Commission (EC) number, or an identifier for a Con-

served Domain (CD).
The set of all terms ¢ enclosed in a given Classification System C.

Semantic representation of a protein x. A set of terms that de-

scribe its molecular function.

Superset of the semantic representations 7 of a protein x for each

Classification System C in Z.

XXVI



GLOSSARY

TDM

Wwc

Taxonomic Dark Matter. Genomic sequences of microbial origin

with unknown taxonomic provenance.

Threshold value generated by the Minimum Method thresholding
Algorithm.

Symbolic representation of a protein sequence.

A corpus. A symbolic representation of a collection of protein

sequences (i.e., a dataset).

Weight measure of a Classification System C. The total number of
distinct terms in a Classification System C, annotated to proteins x
in a corpus X; divided by the total number of distinct terms in all
Classification Systems C in Z, annotated to proteins x in a corpus

X.

A triple that contains the three Classification Systems C used in
this thesis: the Gene Ontology (GO), Enzyme Commission (EC)

numbers, and Conserved Domains (CD).
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Thesis Outline

Objectives

The main goal of this doctoral thesis was to understand whether prokaryotic amino-acid se-
quences of unknown molecular function coded for enzymes whose function was of biotechno-

logical interest. In order to meet this goal, we established three core objectives:

< Quantification. In this objective we sought to determine the amount of amino-acid se-
quences of unknown molecular function gathered from public databases that issued from
the Archaea and Bacteria domains. Additionally, we wanted to store these sequences
and establish the world’s first repository of functionally-uncharacterized prokaryotic se-
quences. Lastly, we aspired to reduce the size of our repository and comprehend how

these sequences related to one another in the process.

¢ Classification. The second objective of this thesis was to classify the amino-acid se-
quences from the repository we had populated in the first objective. We wanted to use
both a gold-standard in addition to state-of-the-art function prediction tools, so that we
would be able to collect diverse, non-overlapping, and complementary annotations from

distinct sources whose architecture was heterogeneous.

¢ Validation. The last objective of this thesis was manifold. First, we sought to validate the
classification that had taken place in the preceding objective. To this end, we developed a
new family of information-theoretic measures that would enable us to numerically qualify
each set of annotations for a given sequence. Second, we sought to focus our endeavors
on a putative enzyme subclass of pressing societal significance. In doing so we strived to
provide a proof-of-concept for the possible real-world usefulness of the work developed

hitherto.
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THESIS OUTLINE

Structure

The present doctoral thesis is organized as follows:

¢ Chapter 1, provides a contextualization for the work developed in this thesis. We ref-
erence foundational publications, and outline the challenges, opportunities, and biotech-
nological potential encased within uncharacterized prokaryotic proteins. We discuss the
progress and limitations of current approaches. We also outline the potential opportunities

and directions for future research.

o Chapter 2, tackles the creation of a new repository and a non-redundant dataset issuing
from the latter; as well as the molecular function imputation of the sequences enclosed
therein. We address the retrieval, data-processing, size reduction, and classification pro-
cedures comprised by the first and second objectives of this thesis. In addition, we present

an overview of the potential functions of these elusive sequences.

< Chapter 3, addresses the first mark of the third objective. We go through the rationale that
led us to create a novel family of information-theoretic measures. We provide evidence
suggesting that these measures allow to compute the information content of an annotated
protein. We apply these measures on the non-redundant dataset created in Chapter 2, and
compare the results against a gold-standard dataset. We also make the case that our results
allow to create a dichotomy between the sequences that were effectively annotated, and

those that were not.

o Chapter 4, addresses the second mark of the third objective. We identify and showcase
which sequences from our non-redundant dataset belong to enzyme classes with known
biotechnological potential. We perform additional analyses to characterize a promising
enzymatic subclass of crucial societal significance. We conclude that the representa-
tive sequences of this class are prime candidates for further characterization and future

biotechnological applications.

¢ In Chapter S, we discuss the work that was developed throughout this doctoral study. We
also outline the main contributions of this thesis. In addition, we provide retrospective

critiques, and insights into future endeavors.

< Chapter 6, provides a few closing remarks.
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Chapter 1

General Introduction

This chapter partially transcribes the contents of the following manuscript:

Escudeiro P, Henry CS, Tenreiro R & Dias R (2022). Functional characterization
of prokaryotic dark matter: the road so far and what lies ahead. submitted to Current

Research in Microbial Sciences.






Abstract

Earth is predicted to be home to over one trillion microbial species. Yet, fewer than one
hundred thousand prokaryotic species have been described. Such an uncharted fraction of the
microbial diversity, and its undisclosed coding potential, is known as the “microbial dark mat-

ter” (MDM).

Next-generation sequencing has enabled a massive collection of genome sequence data,
leading to unprecedented advances in the field of genomics. Still, over 35% of the orthologous
elements of prokaryotic genomes cannot be functionally assigned by standard classification

methods, highlighting the need for novel approaches for sequencing data analysis.

Harnessing novel information from unknown prokaryotic species is often limited by the
use of annotation methods that rely on sequence similarity searches based on cultured species.
This hinders the discovery of unique genetic elements that are missing in cultivated species. An
additional challenge to MDM exploration is that the genomes of uncultured prokaryotes usually

diverge from those of well-characterized species.

Here, we outline the challenges, opportunities, and the potential hidden within the functional
dark matter (FDM) of prokaryotes. We also discuss the hurdles and pitfalls surrounding the
molecular and computational approaches currently used to probe these uncharted waters, and

discuss future opportunities for research and applications.



CHAPTER 1

1.1 What is the Microbial Dark Matter?

Ever since the dawn of life ~3.5 billion years ago [1, 2], the Earth’s environmental, geo-
chemical, and biological systems of all levels of complexity have relied on microorganisms
[3]. Microorganisms are the most abundant, ubiquitous, functionally and metabolically diverse
forms of life [4]; they are responsible for a substantial part of the planet’s biomass [5] and an

overwhelming fraction of its biodiversity [4, 5].

Estimating the number of prokaryotic species has been a demanding task [6]. Previous stud-
ies have estimated that approximately four hundred thousand (4 x 10°) bacterial and archaeal
species exist [7], whereas more recent estimates point toward over one trillion (10'?) [4]. The
actual number, however, is still a subject of debate [8, 9]. According to modern classification,
a very small fraction of all prokaryotic species (up to 10°) has been described in the literature
or in public sequence repositories [6], thus exposing our ignorance regarding their diversity.
Roughly 85-99% of prokaryotic taxa are unamenable to axenic culture [10], precluding the in
vitro characterization of such species, including their metabolic pathways, ecological profiles

and, perhaps most importantly, their coding potential.

Bringing this knowledge to light is of paramount importance, as this may guide the devel-
opment of cutting-edge tools with applications in metabolic engineering and synthetic biology,
and may help devise novel biotic solutions to overcome environmental or societal challenges in
health, agronomy, and food industries. Insights gained from microbiome research and innova-
tion (R&I) [11] could ultimately contribute to the implementation of the United Nations 2030

Agenda for Sustainable Development [12].

It has been known for decades that most microorganisms cannot be cultured [13—15]. In
1985, Norman Pace’s group showed that the diversity of yet-uncultured prokaryotes could be
probed by molecular biology methods [16] namely by using the 16S ribosomal RNA (16S
rRNA) as a marker [17]. Since then, microbiology has benefited tremendously from further

advances in the field, which became collectively known as “molecular microbial ecology” [18].

More recently, next-generation sequencing brought a whole breadth of novel insights into
microbial genomics. Moreover, modern methodologies such as metagenomics, metatranscrip-
tomics, and single-cell genomics, have enabled the study of microorganisms in their natural
community and biochemical conditions, either by bulk sequencing of the entire community or

by capturing and amplifying the genome of individual cells from environmental samples, with

4



1.1. WHAT IS THE MICROBIAL DARK MATTER?

no need for laboratory cultivation [5].

Recent approaches (e.g., “shotgun” metagenomics) further streamlined the analysis of mi-
crobial diversity, bypassing cloning and amplification steps and shortening sample preparation
times [5]. Moreover, the emergence of fourth-generation sequencing technologies [19] cur-
rently allows the gathering of massive amounts of single-molecule data with unprecedented de-
tail and at a relatively low cost [19], overcoming amplification, sequencing, and compositional
biases inherent to other molecular approaches [20]. More recently, the combination of high-
throughput culturing, coupled to MALDI-TOF mass spectrometry and 16S rRNA sequencing

(i.e., Culturomics), have allowed the isolation of hundreds of new prokaryotic species [21].

As aresult, a modest part of the unknown microbial “black box™ has been unveiled over the
past decades. Together with the continuous improvement in bioinformatics, it has been possible
to prompt the discovery of novel functional and metabolic features that have (i) bolstered natural
product discovery [22-29], (i1) challenged preconceived boundaries among the three domains

of life [30, 31], and (iii) reshaped our understanding of microbial life forms [32—34].

The unexploited fraction of microbial diversity, along with its functional and metabolic po-
tential, is commonly referred to as the microbial dark matter (MDM). The term was coined by
Marcy and colleagues in 2007 [35], alluding to the large amount of uncharacterized microbial
taxa and respective genomes inferred by culture-independent approaches. Although most au-
thors use the term interchangeably to refer to the taxonomic tapestry and the coding potential

of MDM, we believe that either concept should be employed separately.

As Bernard et al. pointed out [36], there are four basic categories of sequence novelty based
on annotation (Figure 1.1): (i) sequences with known taxonomic provenance and molecular
function (e.g., a hydrolase gene from Escherichia coli); (i1) sequences with known taxonomic
provenance but unknown molecular function (e.g., an E. coli gene without ascribed function);
(1i1) sequences with unknown taxonomic provenance but known molecular function (e.g., a hy-
drolase gene from an uncharacterized bacterium); and (iv) sequences with unknown taxonomic
provenance and unknown molecular function (e.g., a gene with no ascribed function from an

uncharacterized bacterium, i.e., the true dark matter).

Still abiding by the rationale set forth by Bernard and colleagues [36], and for clarifica-
tion purposes, we propose the classification of microbial genomic sequences with unknown

taxonomic provenance as “‘taxonomic dark matter” (TDM), regardless of their functional anno-
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tation; and the classification of sequences with unknown molecular function as “functional dark
matter” (FDM), regardless of their taxonomic provenance or phylogenetic context. Throughout
this review we use the term “microbial” to refer to prokaryotes only, comprising the Archaea
and the Bacteria domains. Even though viral dark matter has been the focus of increasing

advances and research (see [37] for a review), that topic is beyond the scope of this review.

Most researchers employ phylogenetic-driven techniques and canonical molecular markers,
such as the 16S rRNA [7], to study MDM by targeted community profiling approaches. Still,

the coding potential of these bacterial communities often remains inaccessible.

Harnessing sequence data from such microorganisms is often limited by gene annotation
methods reliant on sequence similarities with proteins characterized from microbial cultures
[38]. This approach makes it difficult to study the FDM and identify unique functions partic-
ular to uncultured organisms [38]. Adding to these shortcomings, the genome of these elusive

microorganisms is typically divergent from well-known species [39-41].

Known Taxa Unknown Taxa

v/

Known Function

Unknown Function

Figure 1.1: Four possible combinations when addressing a protein regarding its taxonomic provenance and molecular function.
Both rows and columns depict a binary range: known and unknown. The rows refer to the molecular function of the protein and
the columns refer to its taxonomic provenance. Each quadrant represents one combination that results from the intersection of
the rows and columns. The bean-shape represents a prokaryotic cell and the coil-shape represents a protein. A green foreground
with a green checkmark represents “known” and a grey foreground with a red question mark represents “unknown”. Adapted
from [36]. The icons used in this figure were retrieved from flaticon.com.


https://www.flaticon.com

1.1. WHAT IS THE MICROBIAL DARK MATTER?

Notwithstanding, several remarkable studies have explored the phylogenetic novelty hidden
in the TDM, offering insights into the putative functions it encodes [25, 42—47]. Some reports

even predict the existence of community-wide metabolic or biogeochemical profiles [48-52].

In fact, in order to find unknown gene functions one does not need to venture into the
uncultivated myriad of microorganisms, nor that of candidate phyla for that matter. As of 2021,
and exclusively referring to the proteins present in NCBI's RefSeq database, less than 3% of
Archaeal (Figure 1.2.A) and 1% of Bacterial (Figure 1.2.B) FDM proteins issue from candidate
phyla.

Indeed, in 2016, a minimal synthetic bacterial genome based on that from Mycoplasma
mycoides, a well-studied mammalian parasite, was generated [53]. This synthetic genome con-
tained only 473 genes, of which 149 had unknown biological functions. Yet, each of those

genes was considered essential, as deletion of any of them was lethal [53].

Therefore, even in a controlled laboratory environment, the function of nearly one-third of
essential genes is unknown. In fact, despite the advances in sequencing technologies and the
progress made in our understanding of microbial genomes, the biological functions of roughly

35% of microbial gene products remain a mystery [54].

Equally impressive is the diversity of secondary metabolites and enzymes produced by mi-
croorganisms, well-known to mediate the Earth’s fundamental biogeochemical cycles [1, 27].
Recent evidence suggests that microorganisms may harbor up to one million biosynthetic gene

clusters (BGCs) [23, 55], few of which have been thoroughly described [23].

One can anticipate that these genetic elements may lead to the discovery of novel com-
pounds and biological pathways with potential applications in agronomic, biotechnological,
environmental, and pharmaceutical industries [1, 26-29]. In fact, the key to solve some of the
current societal challenges may lie on novel metabolite-producing or catalytic gene products of
biotechnological value [40, 41, 56-58], such as those hidden in the FDM, as previously sum-
marized [40, 59].

Here, we outline the challenges, opportunities, and unique potential of the hidden world of
FDM. We also discuss the limitations of molecular and computational approaches that currently
preclude the comprehensive characterization of the MDM. Finally, we offer a perspective on the

potential opportunities and directions for future research.
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Figure 1.2: Krona plots depicting the taxonomic provenance at the phylum level of FDM proteins from NCBI’s RefSeq
database, for Archaea (A) and Bacteria (B) domains. The total number of proteins is 566,678 for Archaea (A), and 27,001,444
for Bacteria (B). These counts were gathered as follows. First we downloaded all gunzipped, non-redundant protein Gen-
Pept flat-files (i.e., * .nonredundant_protein.*.protein.gpff.gz) from NCBI's FTP server for RefSeq’s release 206
(downloaded on 26th of May 2021), for both Archaea and Bacteria domains, available at ftp.ncbi.nlm.nih.gov/refseq/
release/archaea/ and ftp.ncbi.nlm.nih.gov/refseq/release/bacteria/, respectively. The total amount of files
retrieved was 1,287. Next we parsed each file programmatically and retrieved the taxonomy lineage field for the proteins whose
description matched any of the following words associated with FDM: ‘hypothetical’, ‘predicted’, ‘putative’, ‘uncharacterized’,
or ‘unknown function’. We then grouped these proteins by their domain and phylum as issuing from the taxonomy lineage field,
counted the number of occurrences for each group, and saved this data to a . tsv file to be used by Krona [60] as input.
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1.2. REVEALING THE HIDDEN POTENTIAL OF FUNCTIONAL DARK MATTER

1.2 Revealing the hidden potential of functional dark matter

Over the past decade, the growth in genomic data acquisition has been staggering. Estimates
indicate that the total amount of sequencing data doubles approximately every seven months,
spanning from small groups producing a couple of terabases per year, to large, dedicated insti-

tutes generating several petabases a year [61].

However, the quality of the data is heterogeneous and the information itself is largely spread
among databases and repositories, making the task of centralizing all sequencing information
in a single public archive a burdensome and nearly infeasible task. Thus, most sequencing data
repositories and databases contain large amounts of data requiring further analysis. However,
the gene products imputed from those data are often classified as “uncharacterized”, “putative”,

“predicted”, “hypothetical”, or simply “unknown” [62, 63].

1.2.1 Current estimates

In some cases the fraction of genes of unknown function can amount to as much as 50%,
such as in newly sequenced genomes [64] and uncultured microbial candidate taxa [35, 36,
42, 65, 66]. Archaeal genes, for instance, are reported to encode from 30% to 80% of FDM
[63]. In comparison to Bacteria, this represents a greater content of FDM harbored by archaeal

genomes, as accounted by Makarova et al. [63].

The same authors also announced that in most of the Archaea, the amount of FDM scales lin-
early with the genome size [63]. These occurrences were attributed to the difficulty in isolating
and cultivating most Archaea, which in turn further hinders the experimental characterization

of their genes [63].

In more extreme cases, as indicated by metagenomic studies, these percentages can span
from 85% [67] to 99% of total gene content [68, 69]. These estimates, however, highly depend
on several factors, including the (meta)genome complexity, sequencing depth, coverage, data
quality, read length, the extent of taxonomic novelty, (meta)genomic and environmental context,
and the sensitivity and accuracy of the computational methods used for sequence annotation
[67]. Moreover, for the prokaryotes that cannot be cultured yet, the sole source of information
available to annotate their genome is oftentimes based on comparison to known operon contexts

and protein sequences [63].
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However, conventional homology-based methods often fail to annotate uncharacterized genes
due to a lack of recognizable homologs in public databases, precluding meaningful biological
interpretations [67]. As noted by Lobb et al., genes not sharing homology to any known se-
quences are the most challenging to annotate [67]. In some occasions, such genes have been
predicted to be open reading frames (ORFs) of hypothetical function, the so-called “orphan”
OREFs, or simply “ORFans” [70].

Figure 1.3 shows the evolution over time of the number of protein sequences belonging
to the Archaea and Bacteria FDM, as gathered from NCBI’s “protein” database. Note that
the number of FDM sequences, as well as the total number of sequences, tend to increase over
time, regardless of biological domain. As of 2020, the percentage of FDM sequences in NCBI's

protein database is greater than 30% for Archaea, and nearly 20% for Bacteria.

Since the commercialization of next-generation sequencing (NGS; i.e., 2005, see [71]),
these percentages have been steady for Archaea but decreased in the long run for Bacteria.
We speculate that the decrease in the proportion of FDM sequences for the Bacteria domain is
a product of the representativeness of the total number of sequences from this domain in public
databases and, consequently, the improvement and fine-tuning of annotation pipelines aimed

particularly at this domain.

1.2.2 Possible functions

Uncharacterized prokaryotic genes were initially considered to be mere “junk” elements,
pseudogenes, or misannotations [72—74] owing to the narrow understanding at the time of the
functional sequence space [67]. But increasing evidence indicates that yet-unclassified elements

do encode for specific functions [75].

For instance, Hanson et al. showed that nearly 15% of E. coli enzymes of unknown function
could play roles in metabolite repair, as described in the authors’ enzyme role classification
survey from 1998-2015 [76]. Another metabolic role thought to be played by these elements
is the addition and removal of posttranslational modifications (PTMs) [77]. In this respect, it
should be emphasized that enzymes responsible for recently discovered PTMs usually remain
unidentified [77, 78]. Likewise, one can speculate that some uncharacterized proteins may
have been enzymes that lost their catalytic properties throughout evolution and then acquired

allosteric regulation properties thereafter [77, 79].
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Figure 1.3: Time-series plots showing the number of protein sequences of unknown function in comparison to the to-
tal number of sequences in NCBI’s protein database. These counts refer to sequences in the Archaea (A) and Bac-
teria (B) domains from 1987 to 2020, inclusively. The x-axis represents the date of submission, the y-axis to the
left represents the number of sequences in “symlog” scale (i.e., linear from 0 to 1, and logarithmic from 1 up-
wards), and the y-axis to the right represents the ratio between the number of FDM sequences and the total num-
ber of sequences. The light-grey vertical line placed in 2005 marks the commercial availability of the first NGS plat-
form (the pyrosequencing method by 454 Life Sciences, now Roche). In order to obtain these counts we submitted
queries to NCBI’s Esearch utility at Entrez (eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch.fcgi?). For each
year and for each domain, we retrieved the total number of sequences with the following query: db=protein&term=
YEAR [pdat] +AND+DOMAIN [orgn] &rettype=count; whereas as to gather the number of sequences of unknown function
we used: db=protein&term=YEAR[pdat]+AND+DOMAIN [orgn]+AND+(hypothetical[title]+OR+predicted[title]
+0OR+putative[title]+OR+uncharacterized[title]+0OR+unknown+function[title])&rettype=count.
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Other proteins, commonly referred to as “moonlighting”, play multiple biochemical or bio-
physical roles which are not associated with gene fusion events nor proteolytic fragments [80].
Moonlighting proteins are thought to include a few hundred members and play an extensive
range of functions [80, 81]. These circumstances, as adverted by Ellens et al., may hold back
possible breakthroughs in the field, owing to a substantial increasing number of uncharacterized

catalytic elements revealed by sequenced genomes [77].

Proteins of unknown function have also been presumed to encode for ecological or taxon-
specific functions [82], including morphological and developmental adaptations [67, 83, 84],
which could explain their lack of homology to annotated genes [67]. However, this latter point
can also arise as a consequence of the severe undersampling of Earth’s microbiomes, despite

the advances in metagenomics in the past decades.

Furthermore, previous studies have hypothesized that ORFans, or sequences for which no
specific function has been assigned, can actually be of viral, integrative, or mobilomic origin
[85, 86]. Additional support for this possibility is elsewhere [87]. This idea makes sense from
the biological point of view if one considers the fast mutation rates observed in viral DNA (and

RNA), and the underrepresentation of sequences from viral origin in most public databases [67].

Some of these uncharacterized proteins are also thought to be gene fragments, or pseudo-
genes arising naturally through gene degeneration [63]. There is also evidence that these un-
known elements might be genes that evolve fast, like those associated with anti-parasite defense
[44], and those that encode small proteins [63, 88]. Indeed, it is often difficult to discriminate
between protein coding ORFs and random in-frame genomic fragments [88]. For this reason,
most functional prediction tools require a minimum sequence length, which culminates in in-

complete databases [88].

Focusing on the study of small proteins (< 50 amino acids in length), Sberro and colleagues
probed more than one thousand human-associated metagenomes [88]. They reported more
than four thousand conserved protein families, most of them novel. In the process, they de-
scribed an abundance of putative functions, namely: housekeeping, mammalian-specific, cell-
cell crosstalk, adaptation, anti-parasite defense, secreted or transmembrane proteins, as well as
possible products of horizontal gene transfer [88]. Despite this breakthrough, they outlined that
over 90% of these families lack a domain assignment, and nearly half of them are absent from

reference genomes [88].

12
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1.2.3 Biotechnological significance

Consequently, one can assume that, just as genomic elements of yet unassigned function
might encode for any potential function, they can also code for a myriad of unknown properties
and functions still waiting to be charted in the microbial sequence space. One such property re-
garded as being crucial is that of biotechnological potential [28, 36, 40, 59]. Indeed, this variety
of genes of unknown function may be an outstanding asset for identifying novel metabolite-
producing proteins and enzymes responsible for new physiological mechanisms in a broader

sense.

These new functions may lead to escalating innovative biotechnological solutions in a world
of ever-increasing societal demands. Indeed, Pascoal et al. argued that bioremediation and bio-
prospecting are the two areas holding the most promise from within the MDM, where innova-
tive approaches in biotechnology might arise [89], like new solutions for the decontamination

of environments [90].

A prominent example that is as promising as it is challenging is the prospect of bioreme-
diating ecosystems polluted with plastic [56]. For instance, polyethylene terephthalate (PET)
is reported to be the most abundant polyester plastic [91], being mainly used in the textile and
packaging industries [56, 91]. Nearly 70 million tons of PET are manufactured worldwide per
year [91]. The common recycling process of PET is through thermomechanical means, result-
ing in its loss of mechanical properties [92]. As such, PET is preferentially synthesized de novo,

and its waste continues to accumulate in ecosystems throughout the globe [91, 93].

In 2016 a research team screened natural microbial communities at a PET bottle recycling
site and managed to isolate a new bacterium named Ideonella sakaiensis (strain 201-F6) [93].
Further characterization of 1. sakaiensis revealed that it could use PET as a primary energy
and carbon source [93]. After assembling the draft genome sequence of 1. sakaiensis, the team

identified an ORF that putatively encoded a hydrolase [93].

Upon recombinant expression of this protein, the team observed that it exhibited PET-
hydrolytic activity, thus naming it PET hydrolase (PETase) [93]. PETase catalyzes the hy-
drolysis of PET into its monomeric component mono-2-hydroxyethyl terephthalate (MHET)
[93]. The genome of I. sakaiensis also coded for another enzyme that was capable of degrading
MHET, which was designated MHET hydrolase (MHETase) [56, 93]. MHETase hydrolyzes
MHET into its two monomers, terephthalic acid (TPA) and ethylene glycol (EG) [93], which
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are used by . sakaiensis in its metabolism [56]. Moreover, TPA and EG have the potential to
serve as novel substrates that can be converted into value-added products [94]. EG, for instance,

can be used for numerous applications, such as a coolant in antifreeze [94].

It is worth noting that even though multiple studies have described enzymes that can degrade
PET, the connection of extracellular enzymatic PET degradation to catabolism in a single mi-
crobe was hitherto unheard of [95]. However, the recently reported crystal structure resolution
of MHETase is likely to possess a scaffold that is unprecedented for plastic-degrading enzymes
[96]. This example shows that the prospection of the diversity harbored by the MDM offers a
promising source for the identification of pollutant-degrading enzymes that could be used for

bioremediation [56].

Another relevant example of the biotechnological potential of the MDM is that of the iso-
lation chip (Ichip) [97]. In 2010 the Ichip was developed by a research group for the in situ
cultivation of microbes that had eluded previous standard culture efforts [97, 98]. This isolation
chip comprises several hundreds of miniaturized chambers and each chamber harbors one or
few cells from a given environmental sample. Each chip harbors cells from a single environ-

ment.

Chamber incubation is carried out in the environment from where the cells were taken, al-
lowing growth factors and other molecules to diffuse throughout the semipermeable membranes
covering the chambers, thus facilitating growth and increasing the recovery of uncultured mi-
crobes [59]. The discovery of the antibiotic Teixobactin [24] not only demonstrates the efficacy

of the Ichip but also highlights the potential of uncultured bacterial communities.

1.2.4 Catalytic prospectives

Enzymes are the backbone of numerous industries [58, 99-106]. Reactions catalyzed by
enzymes are thought to follow the rules of green chemistry—they are safer, faster, and generate
less waste than traditional methods [40]. The unmatched eco-friendly potential of enzymes is
of vital use in the industry to mitigate the rampant overconsumption of our planet’s resources

[40].

Presently, there are more than two-hundred types of enzymes of microbial origin that are
commercially available [106], of which about 20 types are produced on industrial scales [58,

99]. Therefore, the discovery of novel enzymes of biotechnological or industrial interest is
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critical for the growth of the industrial enzymes market. This market amounted to 9.9 billion

USD in 2019, and it is projected to reach 14.9 billion USD by 2027 [40].

Yet, most of industrial enzymes currently originate from fungi or mesophilic bacteria [40,
41]. Moreover, the majority of enzymes of industrial relevance are hydrolytic in nature (i.e.,
hydrolases) [58]. Examples of industrially-relevant enzymes that were previously unearthed
from the MDM include cellulases [54], lipases [58], alcohol dehydrogenases [41, 57], enzymes
that catalyze organophosphorus compounds [107], along with other relevant ones displaying
enhanced stability under industrial conditions, as recently reviewed [40]. Table 1.1 presents
a list of enzymes of known biotechnological and/or industrial interest, gathered and manually

curated from the literature.

As highlighted by Bernard and colleagues, science has profited tremendously from numer-
ous breakthroughs that relied on enzymes of microbial origin, as substantiated by the work of
numerous Nobel Prize laureates [36]. Many of these early studies relied on restriction enzymes
[108], then on DNA polymerases [109] coupled to the advent of the polymerase chain reaction
[110], and more recently on the CRISPR-cas9 system [111]. Hence, microbial gene discovery
can greatly push progress and development of new mechanisms and compounds of pharmaceu-

tical, biotechnological, and biomedical relevance.

In a seminal report, Grotzinger et al. proposed a workflow aimed at targeted protein produc-
tion based on single amplified genomes (SAGs) from species that we cannot culture yet [41].
As a proof-of-concept, they used the method described in their paper to unearth an alcohol de-
hydrogenase (ADH) from an uncharacterized polyextremophilic archaeon sampled from a brine

pool at the bottom of the Red Sea [41].

ADHs are of industrial interest, given their ability to produce chiral compounds for phar-
maceuticals and fine chemicals [57]. ADHs can also be used in biosensor-based diagnostics
and fuel-cell technologies [41]. Experimental characterization of this ADH not only demon-
strated its thermostability, halotolerance, and the ability to withstand the presence of different
solvents, but also the prospect of it being stored and used as a powder; all of which are features

of biotechnological significance [41].

A more recent paper identified and characterized another ADH of similar polyextremophilic
nature and with solvent tolerance, presumed to be a member of a rare enzyme family—that of

microbial cinnamyl alcohol dehydrogenases [57].
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Table 1.1: Enzymes of biotechnological and/or industrial interest and their applications sorted by alphabetical order. Adapted
and manually curated from [99-104].

EC number Enzyme name Application
EC:4.1.1.5 Acetolactate decarboxy- Converting a-acetolactate to acetoin directly.
lase Decreasing fermentation time by avoiding for-

mation of diacetyl.

EC:2.7.4.3 Adenylate kinase Biological indicator for validation of proce-
dures to inactivate transmissible spongiform
encephalopathy agents.

EC:1.4.1.1 Alanine dehydrogenase  Candidate for enantioselective production of
optically active amino acids.

EC:1.1.1.1 Alcohol dehydrogenase  Candidate for asymmetric synthesis. Reduction
of C-O and C-C bonds.

EC:3.1.3.1 Alkaline phosphatase Candidate for molecular biology application:
dephosphorylation of DNA.

EC:3.2.1.212 Alpha-L-fucosidase Establishing glycosidic bonds.

EC:3.2.1.1 Alpha-amylase Additive in food, textile, detergent and biore-
mediation industries. Waste-water treatment,
drainage. Molecular biology applications. Treat-
ment for digestive disorders.

EC:3.2.1.22  Alpha-galactosidase Additive in soybean foodstuff.

EC:3.5.14 Amidase Acylation, deacylation, enantioseparation.
Degradation of nitrile-containing wastes.

EC:3.2.1.3 Amyloglucosidase Glucose production. Increasing glucose content
in beverages. Additive in toothpastes, mouth-
washes, and bioremediation.

EC:4.3.1.1 Aspartase L-aspartic acid production.

EC:3.2.1.2 Beta-amylase Producing low-molecular weight carbohydrates.
Starch hydrolysis. Cleaving a-1,4-linkages from
non-reducing ends of amylose, amylopectin and

glycogen molecules.

Continued on next page
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Table 1.1 — Continued from previous page

EC number Enzyme name Application

EC:3.2.1.21  Beta-glucosidase Production of ginseng compounds for medical
applications.

EC:3.5.2.6 Beta-lactamase Molecular biology applications by conferring
antibiotic resistance to Beta-lactam antibiotics.

EC:3.4.22.32 Bromelain Additive in the cosmetic industry.

EC:4.2.1.1 Carbonic anhydrase Candidate for biomedical applications.

EC:1.11.1.6  Catalase Candidate for textile and cosmetic industries.
Antioxidants. Bleach termination. Cheese pro-
cessing.

EC:3.2.14 Cellulase Additive in food, detergent and textile industries.
Deinking. Drainage improvement. Degradation
of cellulose in the textile industry.

EC:3.4.23.4  Chymosin Cheese manufacturing.

EC:3.1.1.74  Cutinase Triglyceride removal. Degradation of plastics,
polycaprolactone. Additive in the textile indus-
try.

EC:6.5.1.1 DNA ligase (ATP) Candidate for molecular biology applications.

EC:2.7.7.7 DNA-directed DNA DNA amplification used in the polymerase chain

polymerase reaction and recombinant DNA technologies.

EC:3.3.2.10  Epoxide hydratase Candidate for the production of enantiopure
epoxides in the pharmaceutical industry.

EC:3.1.11.1  Exodeoxyribonuclease I  Candidate for molecular biology application: 3’-
5’ exonuclease specific for single-stranded DNA.

EC:3.1.13.1  Exoribonuclease II Antiviral agent. Candidate for molecular biology
applications.

EC:1.17.1.9  Formate dehydrogenase = Oxidation of alcohols and oxygenation of C-H
and C—C bonds.

EC:4.1.2.13  Fructose-bisphosphate Establishes C—C coupling.

aldolase

Continued on next page
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Table 1.1 — Continued from previous page

EC number Enzyme name Application

EC:1.1.34 Glucose oxidase Dough strengthening. Used in toothpastes and
mouthwashes. Oxygen removal from beer. Poly-
merization of anilines. Detection of glucose in
blood. Bleaching agent.

EC:3.5.1.2 Glutaminase Cancer chemotherapy, particularly for leukemia.

EC:1.8.3.3 Glutathione oxidase Used in hair waving.

EC:1.11.1.9  Glutathione peroxidase =~ Antioxidant properties.

EC:1.8.1.7 Glutathione reductase Candidate as an antioxidant enzyme in heterolo-
gous systems.

EC:3.2.1.68  Isoamylase Hydrolyzing a-1,6-linkages in glycogen and
amylopectin.

EC:3.5.1.1 L-asparaginase Cancer chemotherapy, particularly for leukemia.

EC:1.10.3.2  Laccase Non-chlorine bleaching, delignification. Addi-
tive in food, textile, cosmetic, and pesticide in-
dustries. Degradation of waste containing olefin
unit, polyurethane and phenolic compounds.

EC:3.2.1.108 Lactase Lactose hydrolysis in dairy products or whey to
avoid lactose intolerance. Antitumor agent.

EC:1.1.2.4 Lactic acid dehydroge-  Reduction of C—O and C—C bonds.

nase

EC:1.4.1.9 Leucine dehydrogenase = Candidate for medical and pharmaceutical in-
dustry applications.

EC:1.11.1.14 Lignin peroxidase Degradation of phenolic compounds.

EC:3.1.1.3 Lipase Additive in the food, detergent, cosmetic, textile,
pharmaceutical, polymer, biodiesel, biosurfac-
tant, pulping, and fossil-fuel industries.

EC:1.13.12.8 Luciferase Molecular biology applications such as biolumi-

nescent assays involving ATP.

Continued on next page
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Table 1.1 — Continued from previous page

EC number Enzyme name Application
EC:3.2.1.17  Lysozyme Antibiotic. Disruption of mucopeptide in bacte-
rial cell walls. Cheese manufacturing.
EC:1.1.1.37  Malate dehydrogenase Candidate for detection and production of
malate.
EC:3.2.1.20 Maltase Additive in detergent and food industries. Pro-
duction of glucose from maltose.
EC:3.2.1.133 Maltogenic alpha- Enhances shelf life of bread.
amylase
EC:1.11.1.13 Manganese peroxidase Degradation of phenolic compounds.
EC:3.2.1.25 Mannanase Additive in food, detergent and textile industries.
EC:3.4.24.3  Microbial collagenase Treatment for skin ulcers. Wool finishing.
EC:3.1.1.102 Mono(ethylene tereph-  Conversion of PET monomers into terephthalic
thalate) hydrolase acid and ethylene glycol.
EC:3.5.1.14  N-acyl-aliphatic-L- Production of L-amino acids.
amino acid amidohy-
drolase
EC:3.2.1.40  Naringinase (alpha-L- Acting on compounds that cause bitterness in
rhamnosidase) citrus juices. Debittering.
EC:3.2.1.135 Neopullulanase Acting on both a-1,6- and «-1,4-linkages.
EC:4.2.1.84  Nitrile hydratase Degradation of nitrile-containing wastes. Used
in acylation, deacylation, enantioseparation.
Synthesis of acrylamide, butyramide, and nicoti-
namide.
EC:3.4.22.2  Papain Additive in the cosmetic industry.
EC:4.2.2.2 Pectate lyase Bioscouring. Candidate for the detergent indus-

try.

Continued on next page

19



CHAPTER 1

Table 1.1 — Continued from previous page

EC number Enzyme name Application

EC:3.2.1.15  Pectinase Destabilizing the outer cell layer to improve
fiber extraction via depectinization. Additive in
food industries, such as clarification of juice and
increasing its overall production, in the process
of vinification, and the mashing of fruits.

EC:3.5.1.11  Penicillin acylase Semi-synthetic penicillin production/broad-
spectrum antibiotic production.

EC:1.11.1.7  Peroxidase Hair dyeing. Quantification of hormones and
antibodies.

EC:1.11.1.24 Peroxiredoxin Candidate for food and pharmaceutical indus-
tries.

EC:3.1.3.26  Phytase Candidate for feed applications, especially in
aquaculture. Hydrolysis of phytic acid to release
phosphorus, calcium, and magnesium cations.

EC:3.1.1.101 Poly(ethylene terephtha- Biodegradation of PET polyester plastic into

late) hydrolase monomers.

EC:1.10.3.1  Polyphenol oxidase Hair dyeing.

EC:5.3.4.1 Protein disulfide- Hair waving.

isomerase

EC:3.2.1.41  Pullulanase Additive in food and biofuel industries. Attack-
ing a-1,6-linkages, liberating straight-chain
oligosaccharides of glucose residues linked by
o-1,4-bonds.

EC:2.8.1.1 Rhodanese Cyanide poisoning treatment.

EC:1.10.3.6  Rifamycin-B oxidase Antibiotic synthesis.

EC:3.1.2.12  S-formylglutathione Candidates for chemical synthesis and industrial

hydrolase pharmaceutics.

EC:5.3.1.28  Sedoheptulose-7- Candidate for biocatalysis under low water con-

phosphate isomerase

ditions.

Continued on next page
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Table 1.1 — Continued from previous page

EC number Enzyme name Application

EC:2.1.2.1 Serine hydroxymethyl- ~ Candidate as a pharmaceutical, agrochemical

transferase and food additive.

EC:3.4.24.40 Serralysin Antiviral and anti-inflammatory properties.

EC:3.2.1.18  Sialidase Hydrolysis of glycosidic linkages of terminal
sialic acid residues in oligosaccharides, glyco-
proteins, glycolipids, colominic acid and syn-
thetic substrates.

EC:3.4.21.62 Subtilisin Additive in food, textile, leather, detergent, and
cosmetic industries. Degrading protein into its
constituent peptides and amino acids to over-
come antinutritional factors.

EC:1.15.1.1  Superoxide dismutase Anti-inflammatory and antioxidant properties.
Free radical scavenging. Candidate for applica-
tions in agriculture, cosmetics, food, healthcare
products and medicines.

EC:3.4.24.27 Thermolysin Aspartame production.

EC:2.3.2.13  Transglutaminase Hair waving. Protein cross linking. Laminated
dough strengthening.

EC:5.3.1.1 Triosephosphate iso- Candidate for biocatalysis under low water con-

merase ditions.

EC:3.4.21.4  Trypsin Anti-inflammatory and anti-coagulant properties.
Molecular biology applications. Food process-
ing.

EC:1.14.18.1 Tyrosinase Tumor-associated antigen. Polymerization of
lignin and chitosan.

EC:3.2.2.27  Uracil-DNA glycosylase Candidate for molecular biology application: re-
lease of free uracil from uracil-containing single-
stranded or double-stranded DNA.

EC:3.5.1.5 Urease Urea quantification in body fluids.

Continued on next page
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Table 1.1 — Continued from previous page

EC number Enzyme name Application
EC:1.7.3.3 Uricase Treatment of hyperuricemia.
EC:3.4.21.73 Urokinase Removal of fibrin clots from bloodstream. Anti-

coagulant properties.

EC:3.4.24.25 Vibriolysin Additive in food, textile, leather, and detergent
industries.
EC:3.2.1.32  Xylanase Additive in food, textile, detergent, pulp and

bioremediation industries. Hydrolyzing pen-
tosans of malt, barley and wheat. Enhancing
pulp-bleaching efficiency.

EC:5.3.1.5 Xylose isomerase Production of high-fructose corn syrup. Catalyz-

ing isomerization of glucose to fructose.

1.2.5 Biosynthetic Gene Clusters

Prokaryotes and other microorganisms (e.g., Fungi) are known to produce many secondary
metabolites (SM) [28]. These SMs are natural products that encompass diverse chemical struc-
tures [28]. This chemical diversity allows SMs to perform a plethora of functions [28]. SMs may
have antibiotic, anti-cancer, anti-viral, antifungal, antioxidant, anti-trypanosome, cholesterol-
lowering, immunosuppressant, insecticide, and herbicide properties, among many others [26,

28, 112, 113].

BGC:s are the physical grouping of the genes that encode all enzymes required to produce
a SM, including pathway-specific regulatory genes [28, 114]. Two major biosynthetic systems
containing multiple modules and enzymes are those of polyketide synthases (PKS) and nonri-

bosomal peptide synthases (NRPS) [28, 115].

PKS and NRPS synthesize the two major classes of SMs, namely polyketides (PK) and
nonribosomal peptides (NRP) [28]. PKS and NRPS are also popular targets in bioprospecting
endeavors, given their reputation as producers of a broad range of SMs with important appli-
cations in healthcare and research [28]. PK and NRP, together with terpenoids and alkaloids,

were regarded as the four major groups of SMs throughout the 20th century [116].
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Yet, the NGS revolution at the turn of the 21st century unveiled another major class, that of
ribosomally synthesized and post-translationally modified peptides (RiPPs), which have since
attracted increasing interest [ 116, 117]. This interest stems from academic and industrial sectors

alike, due to the structural variability and functional diversity shown by RiPPs [118].

The chemical space of RiPPs is determined by their nucleotide sequence, therefore linking
the diversity of these small molecules with that of genes [118]. This genetically-encoded nature
of RiPPs enables researchers to freely manipulate the scaffolds of the peptides by site-directed
mutagenesis and efficiently screen the targets for those possessing characteristics of interest

[118].

Even though several computational tools are able to accurately identify BGCs [113], these
are not without limitations, as noted by Chen et al. [28]. For instance, these tools might rely
on external databases and rules extracted from previous knowledge [28]. This reliance on pre-
existing databases and algorithms implies that only known biosynthetic pathways whose rules
are implemented in the software are detected [28]. Thus, biosynthetic pathways that make use
of unidentified enzymes (i.e., those from the FDM) will be missed [28, 119]. Moreover, the
bioprospection of BGC data from metagenomes is challenging, as the computational tools that
do so commonly require high-quality genomes or those resolved from metagenomes as input

[28, 119].

Another major challenge in natural product discovery is that a substantial portion of BGCs
are transcriptionally silent or expressed at very low levels when in a standard laboratory setting
[28, 120]. Thus, strategies designed to activate these silent BGCs are crucial for discovering

new chemical scaffolds [29].

Nonetheless, there are successes arising from the systematic interrogation of BGCs from
within the FDM [29]. For instance, a research team developed an algorithm that catalogs RiPP
biosynthetic gene clusters [121]. Upon analyzing 65,000 prokaryotic genomes, they unearthed

RiPP BGC:s that coded for more than two-thousand novel natural products [29, 121].

Bull and Goodfellow have studied BGCs while focusing their bioprospecting efforts on
the phylum Actinobacteria [26]. Their rationale for focusing on this taxon is fivefold: (i) the
recurrent and foundational role of actinobacteria in soil ecosystems; (ii) the size and diversity of
the taxon; (iii) the ceaseless discovery of new taxonomic radiations; (iv) the BGC-rich genomes

of Actinobacteria; (v) and their unparalleled track record as producers of bioactive compounds
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of notable ecological and economic value [26].

SMs discovered from Actinobacteria—especially Streptomyces strains—account for two
thirds of known antibiotics [122], including those in clinical use today [29]. Actinobacteria are
also known to produce roughly tenfold as many specialized metabolites as those known from
laboratory experiments [29]. Consequently, this ability has renewed interest in these prokary-

otes as producers of new chemical entities [29].

Indeed, Bull and Goodfellow emphasize that SMs have a significantly greater diversity and
quantity of chemical scaffolds than those produced by combinatorial synthetic compounds, thus
providing a compelling reason for prioritizing them in the search of novel drugs [26]. Their re-
search into actinobacteria recovered from two extreme environments (i.e., deep sea and hyper-
arid desert) has uncovered a remarkable assortment of new members of chemical classes, and
each of those products is either a new-in-a-class or first-in-a-class chemical entity [26]. The
most widely distributed bioactivity of these compounds is that of antibacterial and anticancer
activities [26]. Moreover, these compounds are also putative drug hits that could provide po-
tential therapeutic targets for inflammatory diseases, Alzheimer’s disease, and type II diabetes

[26].

These discoveries further elevate the foregoing rationale, underlining the notion that the ex-
ploitation of biological know-how from within the FDM can offer an unprecedented range of
biotechnological solutions that might not only be at the core of new markets and business mod-
els [123], but also at the bleeding edge of innovation in new therapeutics, industrial applications,

and bioremediation strategies.

1.2.6 Additional insights into the functional dark matter

In the past few years, deep investigation of the FDM has prompted an exciting scientific
revolution regarding not only the bioprospection of gene products of biotechnological interest,

but also invaluable insights into the MDM in a broader sense.

For instance, Makarova et al., in a study of uncharacterized genomic “islands” from archaeal
genomes, found that besides being highly abundant and comprising a heterogeneous gene pool
of diverse putative functions, these islands also code for defense systems along with new vari-

ants of the CRISPR-Cas genome editing system [44].
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Recent articles describe synthrophic networks in anaerobic methanogenic consortia of un-
cultured microorganisms [45, 48], as well as in benzene-degrading settings [124], revealing the
potential applications for anaerobic bioreactors aimed at bioremediation and energy generation

[45].

Another study has predicted metabolic roles for multifaceted chemoorganoheterotrophic
bacterioplankton that would be involved with degradation of complex carbon compounds and

the nitrogen cycle [49].

A different study revealed that uncultivated ultra small marine prokaryotes encoded for a
wealth of gene homologs associated with diverse metabolic pathways such as carbon, methane,
nitrogen, and sulfur, further highlighting that these little known prokaryotes presumably con-

tribute to elemental cycling [125].

Wong et al. reconstructed 115 genomes assembled from hypersaline microbial mat meta-
genomes and uncovered putative dissimilatory sulfate reduction in surface hypersaline set-
tings, novel eukaryotic signature proteins in the Asgard archaeal superphylum, organic carbon
metabolism, many forms of RuBisCo (ribulose-1,5-bisphosphate carboxylase-oxygenase), high
hydrogen production capacity, putative schizorhodopsins, and diversity-generating retroele-

ments [126].

Around the same time, Wiegand and colleagues characterized and sequenced the genome
of 79 bacterial strains from the enigmatic bacterial phylum Planctomycetes [34]. The authors
identified previously unknown modes of bacterial cell division—such as lateral budding and
binary fission—along with previously unidentified cell signaling processes and small-molecule
production, asserting that planctomycetes are drastically different from model bacteria [34].
Their study also advanced that the vast majority of putative BGCs encoded by planctomycetes

differ from known BGCs, hinting at an untapped potential for small molecule production [34].

Lackner and colleagues have described uncultured synthrophs of marine sponges as key
producers of natural products with exceptional pharmacological potential, bearing a level of

chemical richness similar to that of soil actinomycetes [25].

Similarly to the latter study, a different research group has identified extensive drug dis-
covery potential amidst the microbiome of a different marine sponge, evidencing a wealth and

breadth of untapped resources for novel chemistry [27].

Also worthy of mention are other studies that identified hundreds of metalloproteases with
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signature catalytic motifs within ORFans, obtained from human gut, marine, and soil meta-
genomes [67]; probed uncharacterized groups of Acidobacteria displaying extensive carbon
catabolic abilities, including polysaccharide breakdown and metabolism of lignin derivatives
[46]; characterized new members of the Oceanospirillales order whose genomes code for en-
zymes capable of metabolizing crude oil [127]; and lastly, described exceptionally high diver-
sity of actinobacteria in the highly arid Atacama desert, outlining its remarkable significance

for future biodiscovery campaigns [128, 129].
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1.3 Progress and pitfalls

There are numerous reasons why the function of many protein sequences has not been char-
acterized yet. The problem starts with current sequencing technologies and nucleic acid extrac-
tion protocols, which have limitations, but also significant are most mainstream public databases
and associated bioinformatics methodologies that in many cases are subject to unsupervised dis-

semination of information, and that includes the spread of misannotations.

In the following section we will discuss “how” and “why” these approaches might be fos-
tering this predicament, and contribute to an ever-increasing inflation of the problem of protein

sequences with no characterized function.

1.3.1 Metagenomics

Until recently, genome sequencing of microorganisms greatly relied on their culturability
[5]. Indeed, until the turn of the century, researchers who aimed at exploring the richness
of genomic and physiologic information shrouded amidst microbial communities often had to
isolate the organisms from a given environmental sample and axenically cultivate them in order
to sequence their genome. Even though full genome sequencing of microbial isolates yields

high-quality data [130], it leaves out the unculturable realm of microbial communities.

However, recent progress in culture-independent DNA sequencing approaches such as meta-
genomics and single-cell genomics [5, 130, 131] along with new bioinformatics tools and de-
velopment of annotation pipelines [132, 133] have improved our awareness of elusive microor-
ganisms and our ability to identify them, as well as the ecological relationships among them
and their environment. Each of these technologies and approaches also has their limitations, but

when used together they provide discrete, yet highly complementary types of data [130, 131].

Direct DNA sequencing performed from an environmental sample, also known as shotgun
metagenomics, is routinely used to survey the genomic content of microbial communities [43,
134]. By combining the resulting sequencing data with other types of data such as the ones
on 16S rRNA gene amplicon sequencing, metatranscriptomics, and metaproteomics, a new
systems approach for molecular microbial ecology was born and is now commonplace [134,

135].

Two of the major assets inherent to shotgun metagenomic approaches are its versatility, as it

can be used with different types of samples and applied when other approaches, such as single-
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cell genomics, have failed [131]; and its simplicity in terms of sample preparation, provided

that a suitable amount of DNA has been previously extracted.

Due to its inherent characteristics, it would be expected that shotgun metagenomics would
grant access to the genomic content of all representative members from any given microbial

niche, even if these are organized in compact consortia such as aggregates or biofilms [131].

However, the taxonomic and phylogenetic assignment of sequencing reads can be challeng-
ing, keeping in mind that a metagenome represents a bulk of genomic data from a plenitude
of diverse microorganisms within the sampled community, with reads of some groups even-
tually bearing more representatives than others [131]. Indeed, our current ability to classify
reads of metagenomic origin is still impaired by undersampling of uncultured and unclassified

microorganisms, as indicated by biased genome datasets of reference [43].

The procedure that assigns metagenomic reads to discrete operational taxonomic units, so
taxon-specific gene inventories can be created, is commonly called binning, or metagenome
classification [43, 134]. Even though the terms metagenome binning and metagenome classifi-
cation have been used interchangeably, there are studies presenting a clear distinction between

the two processes [134].

Metagenome binning consists of employing different clustering approaches that search for
sequence compositional characteristics and does not rely on reference sequences; whereas meta-
genome classification assigns a given taxon to a metagenomic read based on its homology to
sequences of known taxonomy [134]. Currently, metagenome binning can be achieved by clus-
tering contigs according to their intrinsic nucleotide composition, namely, codon usage, GC
ratio, tetranucleotide frequency, read depth, and even time series [131, 136]. Because the meta-
genome classification assigns a taxon to a given target sequence according to the homology it
shares with known sequences, phylogenetic anchor genes are identified throughout the process

[131].

Several examples of the application of these two procedures, whether alone or combined
with one another, have provided the scientific community with the first complete or nearly
complete genomes from various uncultured extremophiles [137-140], as outlined by Hedlund

and colleagues [131].

Notwithstanding the significance and breadth of data gathered using these metagenomic

approaches, the interpretation of the information is often complex, and insights obtained from
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these microbial assortments are prone to be lost among the resulting metagenome data [141].

Additionally, annotation efforts targeting assembled metagenomic contigs usually rely on
homology-estimation algorithms to predict protein function [141, 142], which does not take
into account the role played by the organism in its natural environment nor its relationships

with other members of the community [141].

Even when metagenomics is applied together with other techniques such as metatranscrip-
tomics, single-cell genomics, and proteomics, in order to provide a “systems-wide” picture, the
outcome reflects only the community’s most representative reads, given that a substantial frac-
tion of microorganisms’ functional diversity is often lost because of confounding factors such

as spatial microenvironments and/or phenotypic noise [141, 143].

Also, because metagenomics can only render a snapshot of a given microbial community
at a given time, its application may generate further hurdles, from an analytical standpoint,
such as difficulty to recover entire genomes and the possibility of masking population diversity
[144], neglecting rare taxa [145], misconceiving different spatial assortments, and perhaps most
importantly, limiting the real genomic context and functional imputation of unknown sequences

[141].

1.3.2 Single-cell genomics

Single-cell genomics and its application in the field of molecular microbial ecology have
offered a whole new view of microorganisms by looking at genomics through the basic unit of
life: the cell [146]. It thus provides a highly complementary and often synergistic approach
to metagenomics [43], given that it operates by isolating a single cell, following amplification
of its whole genome [141]. This approach, in its full potential, can also generate complete

noncomposite genomes [141, 147].

Given that this technique relies on the ability to amplify and sequence a single DNA molecule
from an isolated cell in order to produce high-quality data, four challenging primary steps need
to be taken, as remarked by Gawad et al. [146]. These steps are (i) to successfully isolate indi-
vidual cells; (i1) to amplify their genomes and obtain enough genomic material for the following
steps; (ii1) to probe the genome in a way that efficiently addresses the scientific hypotheses one

wants to test; and (iv) to analyze the sequencing data, whilst being mindful of inherent biases
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and errors that could have been introduced during the preceding steps (for an in-depth review

on this approach see [146]).

Accordingly, this approach offers a suitable alternative, or complementation [130, 131],
to address some of metagenomics’ shortcomings, while forgoing its greatest potential—the

production of a magnitude of sequencing data [141].

Nonetheless, as reviewed in [141], single-cell genomics has shown to be a major asset for
studying yet-uncultured microorganisms, providing both genomic insight and phylogenetic con-
text of the uncultured majority [35, 43, 148]. Although both single-cell genomics and meta-
genomics can be used as complementary approaches, they both limit the interpretation of the
output sequencing data. This approach allows that only the organisms under study have their
environmental functional profiles estimated, as predicted by computational tools that impute

protein function from sequence input data [141].

Hence, and as mentioned before, none of these techniques can perceive population-specific
activity or dormancy, and hence can lead to potential magnification of the environmental role
played by taxa with greater number of representatives, whilst neglecting meaningful contribu-

tions provided by rare organisms [141, 149], especially those that are uncultured [32, 43].

Indeed, no matter how much metagenomics and other culture-independent approaches im-
prove our current knowledge regarding the uncultivated microbial majority, and the potential
they may carry, they also inevitably raise issues, given that every methodological and analytical

procedure has its fair share of advantages and drawbacks [36].

For instance, and as previously reviewed [36], steps such as (i) sample selection; (i1) the
identification of genes of interest in targeted-sequencing projects; (iii) the filtering cutoffs and
expectation thresholds applied to subsequent bioinformatic treatments, besides data standard-
ization; (iv) and the cyclical nature of the methods and scientific questions posed by environ-
mental genomics studies, may increase the probability that true biological novelty and metabolic
uniqueness remain buried, and possibly even forgotten, amidst this bulk of raw data that may

have been only barely analyzed [36].

Therefore, in spite of the ability of these approaches to unearth both taxonomic and genomic
novelty, they fall short regarding determination of protein function, environmental contribu-

tions, and activity levels of the microorganisms under investigation [141].
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1.3.3 Issues concerning DNA extraction protocols

Perhaps the step of DNA extraction may mitigate potential errors and biases arising from
single-cell genomics and metagenomics approaches. In studies of molecular microbial ecology,
it is reasonable to favor the enrichment of DNA of bacteria and archaea with a given morpho-
logical or physiological trait, prior to sequencing. However, and using metagenomic studies as
an example, in many cases the interest may not be in favoring the DNA extraction of a particular
type of prokaryote but rather to recover the bulk DNA of the whole community without discrim-
inating for cell wall morphology, niche partitioning, aggregate-forming consortia, or functional

activity.

Thus, the DNA extraction method must suit the goal of the study, without compromising
downstream data interpretation. For instance, when extracting metagenomic DNA of environ-
mental origin, two general approaches have been considered: (i) either the DNA is directly
extracted in bulk from the sample; or (ii) cells are recovered from the sample, and only then
are they lysed and the DNA extracted, which led to this latter procedure being called “indirect

extraction” [150].

The first method, termed “direct extraction”, has significant advantages; it is less time-
consuming and yields great amounts of DNA while it also isolates a high yield of non-prokaryotic
contaminant DNA [150]. The “indirect extraction”, however, can overcome this limitation to a
certain extent, since it has been shown to yield less non-prokaryotic DNA than the “direct ex-
traction” method, while still collecting phylogenetically diverse nucleic acids [150, 151]. The
latter is nonetheless more laborious and yields less DNA, as it is potentially biased towards
microorganisms that are not assorted in an environmental matrix, biofilm, or in conjoined ag-

gregates together with sample material [150].

From a single-cell sequencing perspective, the lysis step of a given DNA extraction protocol
can be challenging, requiring the genomic DNA to be intact while dealing with an array of
structurally assorted cells [141]. Thus, developing cell lysis protocols that efficiently release
DNA from the cell, regardless of the type of cell structure, may increase the potential targets of

single-cell sequencing methodologies [141].

The different fragment sizes generated by these approaches is also an important factor to
consider. For instance, “direct extraction” protocols usually are more prone to produce shorter

fragments of genomic DNA as a result of harsh enzymatic treatments and purification steps,
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whereas “indirect extraction” approaches tend to preserve the genomic DNA in larger fragments

that are further used to build metagenomic libraries and large prokaryotic DNA templates [150].

Environmental metagenomics has thus typically relied on the use of short reads from “di-
rect extraction” approaches, followed by high-throughput sequencing, in order to characterize
functional and taxonomic community groups. This is a robust methodology that nevertheless
has shortcomings when factors such as sequencing depth is considered [20], as its potential to
unveil the taxonomic and functional characteristics of a given community is restrained by read

length [152].

In order to circumvent this hurdle, a strategy relies on assembling the short reads into larger
contigs to next undergo routine bioinformatics analysis and annotation [152]. Nevertheless,
given that metagenomic samples contain DNA from multiple organisms, these assemblies are
sometimes inaccurate as they may include sequencing artifacts such as chimeric contigs result-

ing from erroneous combinations of reads from multiple species [152].

Recently, the development of fourth-generation sequencing by the nanopore-based sequenc-
ing platform [153] has indicated that these limitations may be resolved, since the platform
can generate sequencing reads with no limit to its potential length [19]. This technology
could indeed revolutionize environmental metagenomics, ultimately providing in-field, single-

molecule, real-time sequencing of metagenomes produced by nanopore devices [154].

1.3.4 Rare taxa

Genome and metagenome sequencing techniques allow to probe the taxonomic assortment
and coding potential enclosed by prokaryotic communities. Nonetheless, these methods are
not only bounded by protocol heterogeneity (e.g., DNA extraction protocols, primers used for
amplification), but also especially susceptible to depth bias [21]. The latter is mainly due to the
difficulty in detecting prokaryotes that exist in low numbers, also known as the “microbial rare

biosphere” [89].

Although scarcely represented, this minority is purported to perform many functions, namely
that of a “seed bank” (dormant or metabolically inactive cells that behave as a genomic reser-
voir) or as “keystone species” (i.e., they have disproportional ecological roles in relation to their

numbers), as reviewed by Pascoal et al. [89].
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However, a significant proportion of this observed, yet unculturable, diversity might be
resultant from stochastic phenomena (e.g., random dispersal), transient existence, they might
require long incubation times to form visible colonies, require specific nutrients and physical

conditions for growth [155], or quite simply be composed of dying or dead cells [89, 156].

As an illustration of the latter phenomenon, Bellali and colleagues set out to address the
hypothesis that some species present in the human gut microbiota remain unamenable to cul-
ture because their cells are dead before reaching the end of the gastrointestinal tract, and not
exclusively because of culture limitations [155]. They argued that even though metagenomics is
able to detect uncultured prokaryotes, it fails at determining whether these organisms are alive
or dead [155]. Therefore, these authors combined fluorescence-activated cell sorting (FACS)
and culturomics in order to investigate this hypothesis [155]. As a result, they were able to dis-
criminate between live, injured, and dead bacterial groups [155]. Among several conclusions,
they outlined that: (i) minority species constituted a substantial portion of the live TDM in hu-
man fecal samples; (ii) 28% of bacterial operational taxonomic units in the total fecal samples
were either dead or injured; and (iii) roughly two-thirds of the latter group were members of
the TDM, consisting in part of anaerobic bacteria—thus potentially explaining why they were
missing in culture [155]. Indeed, culturing obligate anaerobes is known to be challenging, given
that these organisms often require specific laboratory equipment (e.g., anaerobic chamber) in

order to provide an anoxic environment for them to thrive [21].

1.3.5 Culturomics

Despite the extensive breakthroughs provided by metagenomics and single-cell genomics,
these techniques still do not allow for the effortless differentiation among strains of the same
species, nor do they provide biological material for subsequent research [21]. As thus, axenic
culture remains an indispensable step in the complete characterization of a given prokaryote
and its genome [21]. A fairly recent approach that aims to reignite the pure culture of mi-
croorganisms, particularly those unamenable to conventional techniques, is that of culturomics

[21].

Lagier et al. defined culturomics as a culturing approach that uses multiple culture condi-
tions for the identification of prokaryotes that have eluded previous cultivation efforts [21]. Cul-

turomics is thus a high-throughput culturing method that also couples MALDI-TOF mass spec-
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trometry and 16S rRNA gene amplicon sequencing to expedite the identification of prokaryotic
species [21]. Thus far it has enabled the identification of hundreds of new species (see refer-

ences in [21]).

Besides expanding our knowledge of the repertoire of the prokaryotic biosphere, cultur-
omics provides pure, viable cultures that can be further used for in vitro experiments [21, 155].
According to the description by Lagier et al., culturomics itself is a workflow composed of
several steps, the first of which consisting of dividing and diversifying the environmental sam-
ple of interest into multiple culture conditions [21]. These conditions—complex media, broad
range of temperatures and incubation times, addition of growth factors, supplements or met-
als, aerobic/anaerobic setting, etc—are designed to suppress the growth of the most represented
populations and to promote the growth of fastidious or rare prokaryotes that exist at lower con-

centrations [21].

Nonetheless, targeted culture conditions can also be employed to promote the growth of
specific taxa [21]. Secondly, swift taxa identification is achieved by MALDI-TOF mass spec-
trometry, i.e., comparing the protein mass spectra of the target isolate with that of a preexistent
database [21]. If MALDI-TOF fails to identify the isolate, the latter is subjected to 16S rRNA
gene amplicon sequencing [21]. As a final step, the discovery of novelty is confirmed by se-

quencing the isolate’s genome [21].

Nevertheless, no technique is without drawbacks. In the case of culturomics these include:
(1) the sheer workload posed by the multiplex culturing conditions; (ii) the inability to test a
multitude of samples like in metagenomics; and (iii) the inability to directly provide data on
gene expression and the functional potential enclosed within prokaryotic species by itself—as

this always requires further genome sequencing of the newly isolated organisms [21].

1.3.6 Limitations of Heterologous Expression

Heterologous expression of gene products whose functional potential is of interest is a
promising approach for the study of particular genomic elements from uncultivated taxa [157],
which together with current developments in synthetic biology offer great promise as a strategy
for re-coding entire operons for expression in model organisms [131, 158]. For instance, in sil-
ico analyses have predicted that E. coli can transcribe roughly 40% of genes from well-studied

cultivated taxa if cloned in expression libraries [141, 159].

34



1.3. PROGRESS AND PITFALLS

However, many obstacles inherent to this approach—particularly the presence of accessory
proteins, ambiguous decoding or recoding, apoprotein activation, codon bias, codon reassign-
ment, different promoter structures, inaccurate protein folding, low expression rates, lack of
essential post-translational modifications, lack of essential protein secretion, rare codon utiliza-
tion, shared metabolic pools, or even unforeseen genetic codes [40, 160]—indicate that only a
minute percentage of the functional sequence space can be easily identified with this approach

[141].

These limitations become even more acute when taking into account uncultured taxa, which
may harbor extremely divergent and mostly uncharted DNA sequences and physiologies in a
general sense. This is particularly true for extremophiles, given that the experimental character-
ization of their gene products is further encumbered by the lack of expression systems allowing
for the production of recombinant proteins under the same extreme conditions required by their

native hosts [41].

These particularities reduce the success rate of current methodologies in accessing the many
functional novelties purportedly within the FDM, and leaving the majority of unknown func-
tions and physiological potentials from uncultivated microorganisms concealed within their na-

tive expression hosts [141].

1.3.7 Public databases and canonical computational approaches

Most sequence submission portals have their own functional annotation pipelines. As an
example, in 2015 the Sequence Read Archive (SRA) [161] amassed more than 3.6 petabases
of raw sequence data from numerous sources [61], which akin to other sequence submission
portals can often be redirected to integrated annotation pipelines [133, 162], and sometimes,

manually curated thereafter [163].

After annotation, the information is added to or updated in different databases harboring
distinct biological sequence data such as the NCBI’s Nucleotide database [164] and the Trans-
lated EMBL Nucleotide Sequence Data Library [165]. Apart from expert-curated records, these
databases often include genomic sequences whose annotation is computer-automated and unre-

viewed, with no explicit function being assigned to these sequences.

A previous report [166] on the Reference sequence database (RefSeq) at NCBI established

that genomes and proteins of microbial origin form most of this dataset, even though only
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a fraction of their reference bacterial genomes were actually manually curated. This lack of
manual curation is understandable if one considers that several hundred million peptides and

proteins have been unveiled so far [167].

Thus, it is clear that manual curation is not a viable option to deal with large amounts of
sequencing data, least of all to characterize each protein individually in an experimental setting
[77]. This circumstance leaves no choice but to employ unreviewed annotation methods, often
using computational approaches as the sole alternative to predict the biological role of protein

sequences [77].

Indubitably, the main problem concerning the annotation of genomic “unknowns” lies within
the annotation pipelines themselves. More often, functional annotation pipelines integrate mul-
tiple types of experimental evidence or predictive inference supported by cross-referencing data
[168]; one example is the establishment of inheritance of function through homology, as indi-
cated by sequence alignment [169]. Yet regrettably, the functional annotation is frequently of
poor quality [170] and requires resource-demanding manual curation to improve and validate it

[171].

Strictly speaking, the quality of an annotation depends not only on the quality of the anno-
tation pipelines that generated it, but also on the fast and comprehensive inclusion of new data
on the preexistent protein functions that ship with the pipelines in the first place [63]. When
function is inferred solely via annotation inheritance through homology, erroneous predictions
might arise on many occasions, leading to misannotation [77]. According to Makarova et al.,
typical annotation errors include, but are not limited to, incorrect gene calling, prediction of
genes in the wrong DNA strand, incorrect prediction of ORFs in non-coding sequences (e.g.,

CRISPR arrays), and erroneous start codon assignment [63].

Unfortunately, this phenomenon has become commonplace in public databases, with the
percentage of incorrect functional assignments soaring from less than 5% in 1998 to as high as
40% in 2005 [77, 172]. A study from 2020 showed that up to 50% of protein sequences from

public databases contain at least one error [173].

In reality, and in many cases, the function of a given genomic element cannot be simply
inferred by common homology-estimation metrics. For instance, if there is no experiment-
driven data to support the functional assignment of a given protein that has domains of unknown

function, or no statistically robust computational evidence is available, the possibility space is
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frequently too large to probe by standard estimation techniques.

Thus, bioinformatics procedures that rely solely on homology imputation based on se-
quence comparison are not applicable if homologous regions amongst targets of interest are
undetectable [174]. Furthermore, the annotations assigned to putative catalytic proteins and
predicted enzymes are generally more prone to error in silico, leading to several instances of
contradictory information reported by different studies [169]. Thus, innovative methods of

(re)classification and (re)annotation are greatly needed [175].

However, some challenges still remain, such as the difficulties in accessing the magnitude
of unexplored sequences [69]. From a data-mining point of view, and aiming at the biotechno-
logical potential as an example, these hindrances can be overcome. To this end, one needs: (i)
to efficiently and effectively prospect and analyze the preexisting data, thus generating reliable
information; (ii) to assign function to the gene products revealed by the data; (iii) to correlate
these gene products with enzymes of industrial relevance, or a myriad of known secondary
metabolites of biotechnological interest; and (iv) to accurately infer, with a certain degree of
likelihood, the ones that encode for the most promising compounds [23], along with the ones

that might encode for functional novelties from a mechanistic standpoint.

Theoretically, to achieve this outcome, a recurring workflow should exist between bioinfor-
matic methodologies aimed at data issuing from culture-independent sequencing efforts and the
corresponding benchwork where the genomic sequences are obtained and scrutinized, in order
to guide cultivation efforts of yet-uncultivated, or even entirely new, microbial species [65].

This strategy can be described as a two-step cycle.

First, data produced by characterization of previously cultured microbial isolates should be
used to populate public databases with reliable information in order to increment their accuracy
[65]. Second, by making use of uncultured genome sequences from metagenomes, it is possible
to predict the phenotype of a given species by unearthing its genomic makeup, as well as the pu-
tative ecological interactions and lifestyles of its community, rendering substantial information

for isolating new microorganisms [65].

Fortunately, a number of initiatives have been undertaken focusing on the copious amounts
of publicly available, but neglected, genomic data. These initiatives show that one can indeed
shed light on the FDM and uncover latent genomic information [31, 87]. In fact, the vastness

of data that can be mined is astounding, with some reports announcing that the percentage of
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yet-unknown reads in metagenomic surveys can reach 99% [68, 69].

1.3.8 Logistical hindrances

Besides the foregoing reasons, there is a more logistical reason for this large quantity of
metagenomic data to be left unannotated: only a few research projects aim at targeting the
unknown sequences in these datasets [69]. This low number of projects is understandable, con-
sidering that searching for patterns amidst the data or endeavoring to discover new phenomena
is essentially an exploratory science venture, following a “bottom-up” approach that goes from
the data to the hypotheses and that not always produces publishable results [36, 176]. Since the
purpose of exploratory science is not hypothesis-driven, it can either reveal new knowledge or

simply fail in revealing any knowledge at all.

In addition to this, and similarly to what Dutilh stated in his opinion paper [69], researchers
commonly find themselves under pressure to publish their results and be able to move to the
next project, leaving numerous uncharacterized sequences drowned amidst the contigs that were
able to be annotated by homology inference. This happens since using previously annotated
sequences leads to straightforward conclusions [69], while overlooking the bioinformatics-to-

benchwork working-cycle described above.

Thus, scientists contemplating the investment in purely exploratory studies take great risk
and face a precarious situation [36], that keeps perpetuating the problem regarding sequences

of unknown function, as explained in this review.
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1.4 The path ahead

As reported in a previous review, there are two main dimensions that define the function of
a given protein sensu stricto—the molecular function and the biological process [77]. Further-
more, expanding on the rationale set forth by the authors of the already mentioned review, in
order to functionally annotate a protein one must first (i) gather sufficient evidence produced in
the lab to support both aforesaid dimensions to the protein in question; and, more importantly
(i1) be sure that these dimensions are reconcilable, otherwise the target protein remains unchar-
acterized [77]. We agree with this view and that one needs to have some level of skepticism
when addressing unreviewed, pipeline-generated annotations, such as those found in public

databases.

However, the rate at which proteins of unknown function are accumulating is nothing short
of alarming, and experimental evidence—like the one generated by screening assays—cannot
simply be produced for every single one of these proteins. The time and resources necessary to
accomplish such a task are unimaginable. Additionally, to experimentally validate the molecular
function and biological process of each of these proteins would take so long that it would be
impossible to keep abreast with the pace at which these uncharacterized proteins are being

discovered.

In our opinion, a compromise must be met, and to delineate a less strict definition of protein
function annotation should be in order. We hypothesize that, as long as the underlying compu-
tational approach bears enough robustness, or makes use of several types of prediction sources,
true in silico characterization of protein function is possible. This is especially true if the fore-
going sources are orthogonal in nature while agreeing on the same function description—e.g.,
crossing sequence data with physicochemical metadata, predicted domains, protein-protein in-
teraction (PPI) networks, Gene Ontology (GO) terms, Enzyme Commission (EC) numbers,

genomic context, to name a few.

1.4.1 In silico protein function prediction

It is true that relying on sequence homology alone to annotate a yet unclassified target based
on information from a known classified protein sequence is neither an adequate nor a robust

strategy [77]. For this reason, several in silico approaches have been designed to partially
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uncover or impute functional properties of genomic elements without explicitly using inferred

information obtained with homology-estimation methods.

In the past these approaches have included, but have not been restricted to, predicting pro-
tein function by (i) detecting functional linkage between gene products [177]; (ii) fingerprinting
protein domain signature motifs [178]; (iii) using protein association networks [179]; (iv) pre-
dicting metabolic activity based on enzyme structure [180]; (v) integration of multiple data

sources [181]; (vi) analysis of the genomic context [182].

Of all these methods, the ones that rely on using the amino acid sequence as the only input
feature are the most challenging to develop [183]. For these, machine-learning approaches
[184, 185], as applied in the field of genomics [184], are reliable for inferring protein function
from the sequence itself [183]. Nonetheless, common machine-learning approaches are faulty
when used for the manipulation of raw data [186]. In fact, the development of the field of
machine-learning has counted on a classification system built upon substantial knowledge of
the subject at hand, along with meticulous fine-tuning to design a feature extractor that could
not only transform the raw data into a fitting representation to be processed internally by the
system, but which would also have the ability to identify unforeseen patterns within the data

itself [186].

Nowadays, most machine-learning methods applied to protein function use features gath-
ered from metadata associated with the primary protein sequences in order to train their models;
and in due course they use those same models to predict the features of the protein sequence
used as input [183], including its domains, putative protein-protein interactions, subcellular

location, physicochemical properties (e.g., hydrophobicity), and secondary structure [183].

Presently, there are numerous protein function classifiers that make use of many different
types of machine-learning techniques. As an illustration, these classifiers can be based on meth-
ods such as (i) association rule-based learning [187]; (ii) naive Bayes classification [188]; (iii)

k-nearest neighbor [181]; (iv) and support vector machines [189] (as summarized in [183]).

1.4.2 Deep Learning in a nutshell

The current state-of-the-art of protein function prediction makes use of a broad family of
machine-learning methods called Deep Learning [186]. These methods are based on Represen-

tation Learning (or Feature Learning)—a set of techniques relying upon artificial neural net-
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works—ultimately allowing for a given system to unearth the internal representations required

for feature detection and classification all by itself, given raw data as input [186].

The family of methods that encompass Deep Learning, however, employ several levels of
representation called layers, in which each one contributes to the transformation of the raw data
and the increasing level of abstraction. The higher (i.e., deeper) the level, the more abstract
the information is. This process of incremental abstraction throughout the layers of a neural
network not only allows to uncover hidden patterns in the data, but also complex and intricate
associations, while mitigating irrelevant fluctuations (i.e., noise), as long as sufficient transfor-

mations (i.e., abstractions) have been undergone on the original input data [186].

Classification approaches that make use of Deep Learning have revolutionized many sci-
entific fields [190], drastically improving their prediction accuracy [183]. This revolution is
particularly prominent in the realm of biological sciences [190], with numerous applications as
broad as regulatory genomics [191], biomedicine [192], bioinformatics [193], computational
biology [194], population genetic inference [195], gene expression [196], protein secondary-
structure prediction [197], SNPs variant callers [198], and protein-protein interaction networks

[199], amidst many others.

Still, and as pointed out by Ching and colleagues [190], it is critical to acknowledge that
Deep Learning is a subfield of machine-learning, and as such it bears the same restraints as other
approaches in this field [190]. Namely, one should be mindful that the outputs are nonetheless
still inherently intertwined with the methodological design, and that the duality of correlation

and causality are undeniably present [190].

Moreover, Deep Learning algorithms require huge amounts of data to train their models,
which might be a deterring factor hindering its success in some instances of protein function

prediction [200].

1.4.3 A summary of current protein function prediction tools

Notwithstanding these caveats, there are plenty of noteworthy computational approaches
that rely on Deep Learning to predict the function of a given protein. For instance, the au-
thors of DeepGO [201] developed this Deep Learning tool to unveil specific features inferred
exclusively from the amino acid sequence, together with a multiple-species protein-protein in-

teraction network. The results retrieved using the DeepGO approach show the associated GO
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terms for each protein sequence in the user’s query, and make use of the same hierarchical
and relational-structured ontologies—in this case GO classes—as the background information

needed to construct the model [201].

More recently, the same group has developed a new version of the foregoing tool, called
DeepGOPlus [202]. They did so because of some limitations inherent to the original tool—namely
a maximum upper bound for sequence length, inability to process proteins with ambiguous
amino acids, and the inability to address the entire extent of GO terms present in the ontology
[202]. The authors reported that DeepGOPlus not only overcomes the main limitations of its
predecessor, but it also predicts any GO class that was ever used in an experimental annotation

[202].

You et al. developed DeepText2GO [203], whose underlying framework is built upon the
deep semantic text representation paradigm—i.e., “document to vector” (D2V) representation
of text—along with several different types of information extracted from protein sequences
such as protein families, domains, and motifs, as well as sequence homology. Both text-based
features and sequence-derived ones are then integrated using a consensus approach. In their
paper, they validated the tool through exhaustive testing on a large-scale protein dataset, aim-
ing at protein function prediction through the use of text-based features [203]. The authors
reported that DeepText2GO significantly outperforms text-based and sequence-based methods
being employed separately [203]. They also reported to be the first study on protein function

prediction that makes use of deep semantic representation [203].

Alternatively, the team behind ProLanGO [183] addressed the task of imputing the associ-
ated GO terms for a given protein in a wholly different way. The rationale behind the ProLanGO
approach compares the effort of predicting the function of a protein as that applied to the trans-
lation of a language into another [183]. Hence, by using recurrent neural networks, they created
a machine translation model that “translates” the amino acid sequence language into that of GO

terms [183].

Another example is that of DeepFam [204], in which an alignment-free approach is used
to retrieve functional categorization information along with protein family prediction, directly
from the amino acid sequence data. The creators of DeepFam have shown that their method
exhibits better performance both in accuracy, as well as in runtime, when compared to several

alignment-free and alignment-based strategies. Besides that, it discriminates conserved regions,
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and models these regions to their corresponding protein families without the need for multiple-

alignments [204].

As for enzyme function, three methods should be mentioned. DEEPre [205], an approach
that encompasses both end-to-end feature selection and classification model training, allows
the user to simply input a given protein sequence while the model extracts its convolutional and
sequential features, instead of having the user manually crafting these same features beforehand
[205]. The authors also showed that DEEPre significantly improves the prediction performance

for a given enzyme when compared with earlier methods [205].

The other method worth mentioning, mIDEEPre [206], is a novel and improved version of
the previously described method, explicitly designed to infer the various functions of multi-
functional enzymes. The team adopted a novel loss-function approach and associated it with
the hierarchical relationship amongst enzyme labels, allowing for multi-functional enzyme pre-

diction [206].

A different group created DeepEC [207], a deep learning-based computational framework
that predicts the catalytic potential for a given protein, in addition to its 4th-digit Enzyme Com-
mission (EC) number. This framework operates by using three distinct and independent convo-
lutional neural networks (CNNs): the first predicts whether the protein sequence is an enzyme
or not; the second predicts the EC number at the 3rd-digit, and the third predicts the EC number
at the 4th-digit. The results provided by this tool are only pertaining to those proteins which
have been predicted to be enzymes by the first CNN, and whose 3rd-digit EC is a prefix of the
4th-digit EC, as to mitigate false-positive predictions [207]. However, the tool also performs
homology analysis if one of the CNNs fails to predict an EC number. Additionally, it also out-
puts to the user the log files corresponding to each individual CNN prediction, along with the
confidence values for each prediction accordingly. Moreover, a given protein can be assigned

more than one enzymatic function by DeepEC, with congruent predictions for all three CNNs.

Protein function prediction is undoubtedly a major challenge of the post-genomic era [208],
particularly for the FDM from any domain of life. The progress made thus far has been sub-
stantial, and despite the fact that year upon year new protein function prediction tools keep sur-
facing, with ever-improving performance and accuracy, this biological conundrum is far from

being resolved, as recently pinpointed by Makrodimitris and colleagues [208].

In this section we have described a number of computational approaches of reference that
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can be used to aid in the unearthing of FDM. We share the opinion that Deep Learning ap-
proaches are the path to take, given that they offer unprecedented flexibility on how the raw
data can be modeled, without the need to previously develop the system’s internal data repre-

sentation [190].

The flexibility achieved with Deep Learning has prompted the development of creative and
truly groundbreaking modeling approaches, which would have been unachievable if using dif-
ferent machine-learning techniques [190]. There is the expectation that one day these com-
putational methods will be able to condense huge collections of input data and transform the
data into intelligible information, giving researchers the ability to query these data in new ways,

namely those that have been overlooked thus far [190].
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1.5 Concluding Remarks

Owing to the efforts and sequencing initiatives of numerous research groups worldwide,
today hundreds of thousands of microbial genomes and metagenomes are available in public
data repositories. This deluge of data can be readily used for data-mining endeavors and corre-
sponding analytics aiming at the discovery of biological novelties. Secondary analyses of these
sequence data can be further refined by new developments in bioinformatic and data mining
tools expediting opportunities for data recycling, enabling to characterize and annotate the mas-

sive breadth of “known unknowns” that lie overlooked amidst public sequence data repositories.

An optimistic outlook from this endeavor is that by abiding through the recycling of (meta)
genomic data, a breakthrough of new molecular functions and metabolites crucial for the biotech-
nology industry will be made, helping to achieve ahead of time the sustainable development

goals for 2030 adopted by the United Nations.
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Chapter 2

Characterization of Functional Dark Matter

from public databases

This chapter partially transcribes the contents of the following manuscript:

Escudeiro P, Henry CS & Dias R (2022). Quantification and description of prokaryotic

Functional Dark Matter from public databases (in preparation).
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Abstract

The untapped portion of microbial diversity and its undisclosed coding potential is known as
the “microbial dark matter” (MDM). Uncharacterized prokaryotic genes were assumed at first to
be “junk” genomic elements, pseudogenes, or simply misannotations. Nonetheless, increasing

evidence indicates that these elements encode for specific functions.

These genetic assortments have been shown to be an asset for identifying novel enzymes or
new physiologic mechanisms in a broader sense. This realization could prompt an increase in

biotechnological solutions, in a world with ever-increasing societal demands.

Science has profited from numerous breakthroughs regarding enzymes of microbial origin,
as substantiated by copious Nobel Prize laureates. Novel discoveries concerning enzymes of
biotechnological interest are also of utmost importance for the development of the industrial

enzymes business. This emphasizes the pivotal role of microbial gene discovery.

In this work we gathered and reconciled Bacterial and Archaeal protein sequence infor-
mation from 5 major public databases. We then applied a clustering routine through different
sequence identity thresholds, grouping these protein sequences into hierarchically assorted pu-
tative families. We then proceeded to infer the physico-chemical features; Gene Ontologies;
Enzyme Commission numbers; as well as the Conserved Domains, for each of these families.
We managed to aggregate these families into distinct groupings, according to each of the meta-
data types inferred early on. This has allowed us to create a “portrait” for the possible protein
functions enclosed in these families, as well as the establishment of a new global resource for

prokaryotic functional dark matter.
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CHAPTER 2

2.1 Introduction

Over the past decade, the growth rate of genomic data acquisition has been staggering. Esti-
mates indicate that the total amount of sequencing data being produced doubles approximately
every seven months [1]. This feat is mainly owed to the breakthrough of next-generation se-

quencing technologies.

In spite of the massive data harnessed by current sequencing technologies, the actual func-
tion of more than 35% of genomic elements enclosed in a given microbial genome still remain
unknown [2]. Known and extensively studied microorganisms possess a substantial fraction
of genes of unknown function encoded in their genomes [3, 4]. Which nonetheless have been
deemed to code for key physiological properties essential to life [4]. The fraction of unfunc-
tionalized genes can range up to 50% in some cases, such as newly sequenced genomes [5] and
those of uncultured microbial candidate taxa [6—10]. In more extreme scenarios, as indicated
by metagenomic studies, these percentages can span from 85% [11] up to 99% of total gene

content [12, 13].

Most public sequence data repositories and databases possess an incredible amount of unan-
notated sequence data ready to be prospected and analysed. A plethora of gene products as im-
puted from these sequences are often classified as “uncharacterized”, “putative”, “predicted”,
“hypothetical”, or just simply “unknown” [14]. Fact that led this untapped portion of microbial
functional diversity to be frequently referred to as “genomic dark matter”, or “functional dark

matter”.

The rate at which these proteins of unknown function are accumulating is nothing short of
alarming. Experimental evidence cannot simply be performed for every single one of these
proteins. The amount of resources to engage in such an endeavor would be unimaginable, and

would never keep abreast with the pace at which these elements are being discovered.

For these reasons, manual curation cannot be taken into consideration as a viable option,
least of all to characterize each protein individually in an experimental setting. This circum-
stance leaves no choice but to employ unreviewed annotation methods, customarily via com-
putational approaches, as the sole alternative as to predict the molecular function these pro-
teins might portray. Moreover, many of these proteins fail to be annotated via conventional
homology-based methods, often lacking even remote recognizable homologs in public databases

[11]. Thusly questioning the extent to which they encode for actual gene products, as well as
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the extent to which they might be annotated and their functions assigned, whilst still remaining

absent of meaningful biological interpretation [11].

These genetic assortments of unknown function can prove themselves to be an outstanding
asset for identifying novel metabolite-producing proteins, enzymes, or new physiologic mech-
anisms in a broader sense [10, 15]. This could in due course prompt an increase in innovative
biotechnological solutions in a world of ever-increasing societal demands. It is of paramount
importance to bring this uncharted knowledge to light, as to disclose novel biotic solutions and
answers to environmental and climate changes; overcoming societal challenges as in the health,
agronomical and food industry; and devising cutting-edge tools for the advancement of fields

such as metabolic engineering and synthetic biology.

We reckon that even though there is a dire need to unravel the “unknown unknowns” sub-
sumed within the “black box™ of microbial communities, there is perhaps a greater imperative
that should be addressed: to effectively characterize and annotate the massive breadth of “known

unknowns” that lie overlooked amidst public sequence data repositories.

To this end, we have gathered all proteins of unknown function for Archaea and Bacteria
from 5 major public sequence data repositories, and aimed at reducing their redundancy via
a well-established protein sequence clustering algorithm. The resulting cluster representatives
were regarded as orthologous protein families, and all subsequent work was performed on these

same families.

These protein families were ultimately characterized by consolidating the metadata as gen-
erated by several types of function prediction sources, namely their Conserved Domains (CD),
predicted Gene Ontology terms (GO terms) and Enzyme Commission numbers (EC), as well
as physico-chemical metadata. We also refer to the most over-represented putative functions in

comparison to a golden standard dataset

Our work allowed us to aggregate these protein families in distinct groups, either according
to their protein domain composition; their physico-chemical properties; their GO term predic-
tions; or their putative EC class, respectively. This has allowed us to create a “portrait” for the

possible protein functions as enclosed in the prokaryotic “functional dark matter”.

All the source data and metadata produced in this study will be publicly available to the
scientific community, in order to promote the characterization of the “known unknowns” that

populate sequence data repositories to this day.
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2.2 Methods

2.2.1 Datasources

We downloaded all non-redundant GenPept Flat-Files from both “bacteria” and “archaea”
sub-directories inside the Reference sequence (RefSeq) database [16] FTP server directory
(ftp://ftp.ncbi.nih.gov/refseq/release/), on October the 23rd 2018 (RefSeq version
91). We also downloaded all “BCT” division files from GenBank’s [17] FTP server direc-
tory (ftp://ftp.ncbi.nih.gov/genbank/) on October the 20th 2018 (GenBank version
228). We listed all public Archaeal and Bacterial genomes from the Pathosystems Resource
Integration Center (PATRIC) [18], by accessing its FTP server (ftp://ftp.patricbrc.org/
genomes). From a total of 200,795 genomes, only 200,779 (99,99%) had the required FASTA
and GFF3 files. These 200,779 genomes were downloaded on October the 27th 2018.

We queried an API at the Joint Genome Institute (JGI) Genome Portal homepage (https:
//genome. jgi.doe.gov/portal/ext-api/), for all the genomes of Archaeal or Bacterial
origin. This query retrieved the identifiers of 39,066 JGI genomes for Bacteria, and 1,066
for Archaea. From these numbers only 39,033 (99.99%) and 1,063 (99.71%) were from the
Integrated Microbial Genomes (IMG) [19], respectively. Next, we requested JGI’s data-retrieval
API for a download link for each of the 40,096 genome identifiers belonging to IMG, and
downloaded them on October the 23rd 2018. From the combined number of Bacterial and
Archaeal genomes, 5,991 (14,94%) either did not have an operational download link, or did not
have both required FASTA and GFF3 files. These 5,991 genomes were discarded from further

downstream processing.

We also retrieved protein sequence data from the Translated EMBL Nucleotide Sequence
Data Library (TrEMBL) [20] by downloading both “uniprot_trembl_archaea.dat.gz”,
and “uniprot_trembl_bacteria.dat.gz” files from UniProt’s FTP server (ftp:
//ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/
taxonomic_divisions/), on December the 4th 2018. We proceeded the same way in order to
retrieve the complete SwissProt database [20] (“uniprot_sprot.dat.gz”), from UniProt’s
FTP server (ftp://ftp.uniprot.org/pub/databases/uniprot/current_release/
knowledgebase/complete/), on November the 30th 2018. A schematic representation of the

steps undertaken in this subsection is shown in Figure 2.1.
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CHAPTER 2

2.2.2 Inclusion Criteria and Quality Control

For each file retrieved in the previous steps, except the one issuing from SwissProt, we
parsed its contents and only retrieved protein sequences that met the following criteria: (1) issu-
ing from the Archaea or Bacteria domains; (i1) sequence length ranging between 200 and 10,000
amino-acids; (iii) not enclosing any ambiguous or rare amino-acid codes—B (Asparagine or as-
partic acid), J (Leucine or Isoleucine), O (Pyrrolysine), U (Selenocysteine), X (Unspecified or
unknown amino acid), Z (Glutamine or glutamic acid)—and (iv) whose description enclosed at
least one of the following semantic terms associated with proteins of unknown function: "hy-
pothetical”, “predicted”, “putative”, “uncharacterized” or “unknown function”. Every protein

sequence that met these criteria was considered a protein of unknown function of prokaryotic

origin. The total number of sequences retrieved this way was 134,894,520.

We parsed the contents of the SwissProt database but only retrieved protein sequences that
met points (i) through (iii) of the criteria enunciated above. We did not apply any filter to the
description of these sequences. The total number of sequences retrieved this way was 235,544
out of the 558,681 originally present in the “uniprot_sprot.dat.gz” file. These 235,544
sequences will be henceforth referred to as the “SwissProt dataset”. We also created an Apache
Solr data-framework, to enable data-storage, indexing, and querying. All protein sequence
data and metadata was uploaded to this framework. A schematic representation of the steps

undertaken in this subsection is shown in Figure 2.1.

2.2.3 Clustering Approach
2.2.3.1 Redundancy Reduction

We combined all 134,894,520 protein sequences of unknown function into a single FASTA
file. Next, we downloaded and installed CD-HIT [21] (version 4.6.8-2017-1208) according
to the instructions at https://github.com/weizhongli/cdhit/wiki/2.-Installation,
on May the 28th 2018. CD-HIT was run with this FASTA file as input, and the following
parameters: minimum global sequence identity threshold “-c” set to “0.95” (i.e., 95%); “-d”
set to “0” (use sequence name in FASTA header till the first white space); “-M” set to “0” (use
all available RAM); and “-T” set to “150” (use 150 threads). All other parameters were set
to default. The output FASTA file enclosed 27,633,277 cluster representative sequences. A

schematic representation of the steps undertaken in this subsection is shown in Figure 2.2.
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2.2.3.2 Hierarchical Routine

We performed chained runs of CD-HIT to create a hierarchical structure for the protein
sequences of unknown function in a neighbor-joining way . These chained runs consisted
in using the output FASTA file from the previous run as input for the next run (i.e., seeding,
as previously demonstrated by [22]). We used the output FASTA file from the clustering step
described in subsection 2.2.3.1 as input for the first of 7 runs. We achieved these chained runs by
automating each CD-HIT iteration. The minimum global sequence identity threshold parameter
(““~=c”) was set in decremental steps of 5%, from 90% to 60%. The word size parameter 2 (“-n”
was set to “5” for thresholds 70% to 90%, and “4” for thresholds 60% to 70%. For each of these
iterations, we used the additional parameter settings: “-d” set to “0”, “~M” set to “0”, and “-T”

set to “150”. All other parameters were set to default.

Next, we used the “clstr_rev.pl” Perl script from the CD-HIT suite to combine the “off-
spring” output cluster membership data files (i.e., “x.clstr” files) with their “parent” cluster
membership data files. We did this to propagate the cluster members from one global sequence
identity threshold to the one below, without the need to re-cluster all original cluster representa-
tive sequences from the first run. At the end of this hierarchical routine, we gathered a FASTA
file comprising the 12,654,843 protein sequence representatives at 60% global sequence identity
resolution. These 12,654,843 protein sequences will be henceforth referred to as the “Hypothet-
icals” dataset. A schematic representation of the steps undertaken in this subsection is shown in

Figure 2.2.

2.2.4 Molecular Function Characterization
2.2.4.1 Imputed Physico-Chemical Metadata

We used BioPython’s [23] ProtParam module to calculate the physico-chemical properties
for each protein sequence in the Hypotheticals dataset, using the FASTA file as input. The
physico-chemical properties calculated were: sequence length; molecular weight; grand aver-
age of hydropathicity [24]; aromaticity [25]; isoelectric point, and instability index [26]. A

schematic representation of the steps undertaken in this subsection is shown in Figure 2.3.

Thttps://github.com/weizhongli/cdhit/wiki/3.-User’s-Guide#Hierarchically_clustering
https://github.com/weizhongli/cdhit/wiki/3.-User’s-Guide#CDHIT
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Figure 2.2: Overview of the clustering approach described in subsection 2.2.3. Each process is represented by a solid rectangle
with rounded corners. The solid rectangles with sharp corners represent variables. The oval shapes portray the beginning and
the end of the overall clustering routine. The diamonds illustrate conditional choices. The dashed rectangle symbolizes a group
of processes that behave as one. The disk represents in-house data storage.

2.24.2 Gene Ontology estimation

To predict the GO terms for the Hypotheticals dataset, and that of SwissProt, we used
DeepGO [27]. We downloaded and installed DeepGO along with its dependencies, according
to the instructions in its GitHub repository (github.com/bio-ontology-research-group/
deepgo), on December the 27th 2018. Next, we split the FASTA file described in subsection
2.2.3.2 into smaller files containing 1,000 proteins each. We did the same for the SwissProt
dataset. Then, DeepGO was run in a multiprocessing setting, where one DeepGO instance
would process one of the files originated this way. After each process had completed, another
FASTA file would be assigned to it, until all individual FASTA files had been processed. A

schematic representation of the steps undertaken in this subsection is shown in Figure 2.3.

74


github.com/bio-ontology-research-group/deepgo
github.com/bio-ontology-research-group/deepgo

2.2. METHODS

2.2.4.3 Enzyme/Non-enzyme Classification and EC Number prediction

To predict the catalytic potential, along with the putative 3rd and 4th-digit EC numbers,
for the Hypotheticals dataset, and that of SwissProt, we used DeepEC [28]. DeepEC was
downloaded along with its dependencies, and installed on July the 15th 2019, according to the
instructions in its Bitbucket repository (bitbucket.org/kaistsystemsbiology/deepec/
src/master/). Next, DeepEC was run using the same multiprocessing setting, and the same
input files, as those described in subsection 2.2.4.2. A schematic representation of the steps

undertaken in this subsection is shown in Figure 2.3.

Protein cluster representative
sequences at 60% sequence
identity (.faa file) N

Split into chunks of
1,000 proteins

v

Split files

for file in split files; do

Y

[ Compute Physico-Chemical

Input FASTA properties using ProtParam:
(chunk) :
H (i) aromaticity;
| (i) GRAVY;
1 : (iii) instability index;
E (iv) isoelectric point;
DeepGO: DeepEC: i | (v) molecular weight;
Predict GO terms from Predict EC numbers from 1| (vi) sequence length.
Conserved Domain RPS-BLAST ] a.a. sequence a.a. sequence : \
Database (CDD) + + + E +
"outfmt 6" outfile Predicted GO terms for: Predicted EC numbers at: . Physico-Chemical metadata
(i) Molecular Function; (i) 3-digit level; !
(ii) Biological Process; (ii) 4-digit level. ! _—
(i) Cellular Component. + Enzyme / Non-Enzyme |
assignment.

Concatenate outfiles

v

Format to .csv ]

v

( Append metadata to

data-framework via POST
requests

Figure 2.3: Overview of the molecular function characterization step described throughout subsection 2.2.4. Each process is
represented by a solid rectangle with rounded corners. The solid rectangle with the top corners cut off represents the beginning
of a for loop. The dashed rectangle symbolizes a group of processes that act on each of the individual split files inside the loop.
The disk on the left represents a data resource, and the one at the bottom depicts in-house data storage.

75


bitbucket.org/kaistsystemsbiology/deepec/src/master/
bitbucket.org/kaistsystemsbiology/deepec/src/master/

CHAPTER 2

2.2.4.4 Protein Domain Imputation

To search for domains present in the proteins from the Hypotheticals dataset, and that
of SwissProt, we used the Reversed Position Specific Blast (RPS-BLAST) [29]. First, we
downloaded the BLAST+ standalone executables from its FTP server directory at ftp://
ftp.ncbi.nlm.nih.gov/blast/executables/blast+/LATEST/ (version 2.7.1). We also
downloaded the pre-formatted Conserved Domain Database (CDD) [30] from its FTP server di-
rectory at ftp://ftp.ncbi.nih.gov/pub/mmdb/cdd/little_endian/ (“Cdd_LE.tar.gz”
file), on December the 13th 2018. This pre-formatted CDD search database contains all domain
models present in the CD-Search tool [31] default database. Next, RPS-BLAST was run against
CDD with the “~outfmt” parameter set to “6”, using the same multiprocessing setting, and the

same input files, as described in subsection 2.2.4.2.

To ensure the quality of the resulting domain annotations, we applied a post hoc bit score
cutoff of > 80 to all hits retrieved by RPS-BLAST. We chose to filter our results by bit scores
for 2 reasons. First, bit scores can be used to compare alignment scores from different searches,
even by executing RPS-BLAST in a multiprocessing setting, because they are normalized with
respect to the scoring system [32]. Second, bit scores may provide a better standard for inferring
homology than percent identity (See [33]). A schematic representation of the steps undertaken

in this subsection is shown in Figure 2.3.

2.2.5 Bit-score Normalization

We sought to normalize the bit-scores gathered for each domain imputation made by RPS-
BLAST for two reasons. First, so that these are not as influenced by outliers as the original value
distribution. Second, to rescale them from O to 1. To this end, we first performed a quantile
transformation on the bit-score cumulative distribution function (which we generalized below as
Fy for the random variable X), by using the quantile function of the standard normal distribution,
also known as probit function (&~!). Afterwards, we rescaled the resulting distribution with
min-max feature scaling. We named the equation that subsumes both of these steps as Q, and

define it as:

Ox) = ———"n_ | ¥ € (&' o Fx)(x) Q2.1
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Where the white circle denotes the function composition operation, between the quantile
function of the standard normal distribution, and the cumulative distribution function of the ran-
dom variable X, such that given two arbitrary functions f and g, we write g(f(x)) = (go f)(x).
After these bit-score transformations, and as a quality control measure, only the transformed

bit-scores whose original value was > 80 were considered for downstream processing.

2.2.6 Over-Representation Analysis

Consider that for a given classification system—i.e., EC, GO, or CD—the total population
of proteins is the sum of those from the Hypotheticals dataset, plus those from SwissProt, that
have at least one annotation from that classification system. The purpose of this analysis was
to understand if the Hypotheticals dataset was enriched for a given annotation ¢ (e.g., an EC

number), in relation to the total protein population.

Let Hy denote the null hypothesis, where the property of a protein to be annotated with ¢, and
that of belonging to the Hypotheticals dataset are independent. Or equivalently, that p; = p»,
where p; is the probability of proteins from the Hypotheticals dataset to be annotated with z,
and p, the probability of proteins from the SwissProt dataset to be annotated with ¢ [34]. We
can formulate this problem as a contingency table (Table 2.1), where: N is the total protein
population; K is the number of proteins from the Hypotheticals dataset; » is the total number
of proteins annotated with ¢; and & is the number of proteins from the Hypotheticals dataset

annotated with .

Table 2.1: Classification of proteins per dataset according to a given semantic term.

et ¢t Total
Hypotheticals k K—k K
SwissProt n—k (N—K)—(n—k) N-K
Total n N—n N

The exact distribution of the random variable X whose realization is the observed value £,

is the hypergeometric distribution, with the following probability mass function:

() (%)
()

px(k) = Pr(X = k) = (2.2)
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Whose cumulative distribution function (CDF) Fy, is:
(2.3)

Choosing a critical region to maximize the power of the test—and therefore the choice of
the corresponding p-value—is dependent on the alternative hypothesis H; [34]. In the present
case we define H; such that there is an over-representation of proteins from the Hypotheticals

dataset that are annotated with ¢, in relation to those from SwissProt (i.e., p; > p»2).

Consequently, the test to be performed is one-sided—i.e., the critical region is the upper
tail of the hypergeometric distribution. As such, we used the survival function of the hypergeo-
metric distribution, in order to calculate the p-value associated with each annotation ¢, which is
given by:
lk] (K (N-K

() Gii)

Pr(X >k)=1-Fyx(k)=1-)_

(2.4)
= G

For this analysis, and for each protein, we only considered the GO terms at maximum depth
of its sub-DAG, the 4th-digit EC numbers, and the most informative CD(s). The most informa-
tive CD of a protein is the CD annotation, whose probability of occurrence is the lowest, among

all CD annotations for that protein.

In order to control the false positive rate, we applied the Benjamini-Hochberg (BH) cor-
rection [35] to all p-values calculated this way. For each term that underwent this analysis we
calculated the proportion of proteins from the Hypotheticals dataset annotated with # (denoted
by k), divided by the total number of proteins annotated with ¢ (denoted by n)—i.e., the “Rich

factor”.

We only considered the results for terms whose “Rich factor” > 0.95, and whose BH-
corrected p-value < le — 5. The reason for this stringency was to ensure we retrieved the most

statistically significant term over-representations.
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2.3 Results and Discussion

2.3.1 Putative Unfunctionalized Protein Families

First, we sought to create a data repository comprising protein sequences of unknown func-
tion, from prokaryotic origin. To do so, we gathered protein sequence data from 5 distinct
public databases (Table 2.2). We chose these databases because they employ different annota-
tion pipelines to characterize their sequence data. Thus, they arguably produce non-overlapping

sequence annotations. The number of retrieved sequences was 134,894,520.

Table 2.2: Number of protein sequences of unknown function gathered from each datasource.

Datasource No. of proteins Percentage

PATRIC 95,324,268 70.67%
TrEMBL 15,979,932 11.85%
IMG 14,392,089 10.67%
RefSeq 9,157,884 6.79%
GenBank 40,347 0.03%
Total 134,894,520 100%

To mitigate the computational load required to analyse > 134 million sequences, we applied
a multi-step clustering approach using CD-HIT [21], as it had been done before [22, 36, 37].
This approach spanned 8 clustering iterations. In the first iteration we wanted to reduce the
redundancy of our dataset. To this end, we clustered all sequences using a 95% minimum global
sequence identity threshold. From this first iteration we gathered 27,633,277 protein sequence
cluster representatives. This way, our initial dataset of > 134 million protein sequences can be
represented by a smaller, non-redundant one, where a single representative is assigned to each

cluster.

Next, we assorted this non-redundant dataset into putative protein families. We aimed to do
so for two reasons. First, we wanted to understand the extent to which these proteins differed
from one another. Second, we sought to reduce the size of our dataset as much as possible,
while maintaining reasonably conserved protein clusters. Thus, the ~27 million representative
sequences were clustered further through a 7-step hierarchical routine (Figure 2.2). We achieved
this by (i) setting CD-HIT’s minimum global sequence identity threshold in decremental steps
of 5%, from 90% to 60%; and by (i1) using the cluster representatives from the previous run as

input for the next run. By doing so, we were able to map our ~27 million sequences throughout
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7 global sequence identity thresholds. We chose not to set a minimum alignment length cutoff,
allowing for shorter sequences to be clustered with larger ones. Our reasoning is that these

shorter sequences could be fragments of the same larger protein.

Afterwards, we wanted to understand how these representative sequences were arranged
throughout the thresholds. Namely the number of clusters and that of singletons. We noticed
that the majority of representative sequences from each clustering run were singletons, regard-
less of threshold (Figure 2.4.A). This suggests that these sequences of unknown function are
very dissimilar to one another. The number of clusters increases from threshold 90% throughout
65%, and decreases from 65% to 60%. This could be due to the fact that at the 60% threshold,
the representative sequences bear enough sequence identity to each-other, so that the rate at
which clusters combine between themselves, surpasses the rate at which singletons aggregate

to form new clusters.

We observed that both the number and proportion of singletons decrease throughout the
thresholds (Figure 2.4.B). By the 70% threshold, the number of sequences belonging to a clus-
ter (54.9%) outweighs that of singletons (45.1%). At the 60% threshold, the ratio of sequences
belonging to a cluster is 67.6%, whereas that of singletons is 32.4%. This implies that, by de-
creasing the global sequence identity threshold, more singletons aggregate to form new clusters,

in addition to being assigned to pre-existent ones.

A

24,303,318 [ singletons
B clusters

22,131,495 21,925,715

19,891,513
18,967,072

18,013,791

16,500,811 16,224,985

14,375,241 14,440,024

12,466,220 12,654,843
10,659,234

8,950,070

3,390,702 3,638,550 3,758,765 3,780,790 3,704,773

2,958,643
2,171,823

90% 85% 80% 75% 70% 65% 60%

Global Sequence Identity Threshold

Figure 2.4. (Continued on next page.)
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B [ singletons [ proteins belonging to a cluster

5,501,782
(19.9%)
8,666,205
(31.4%)
11,132,466
(40.3%)

13,258,036
(48.0%) 15,167,057
(54.9%) 16,974,043
(61.4%) 18,683,207

(67.6%)

22,131,495
(80.1%)
18,967,072
(68.6%)

16,500,811
0y
(59.7%) | 14 375 241
(52.0%) 12,466,220
(45.1%) 10,659,234

(38.6%) 8,950,070
(32.4%)

90% 85% 80% 75% 70% 65% 60%

Global Sequence Identity Threshold

Figure 2.4: (A) Number of protein sequence representatives belonging to clusters (dark grey), and that of singletons (light
grey), per global sequence identity threshold. The protein sequence counts regarding each group are shown on top of its
respective bar, and the total number of representatives for each threshold is shown on top of brackets. (B) Cluster (dark grey)
and singleton (light grey) membership for the 27,633,277 protein representative sequences gathered from the first clustering run
with a 95% sequence identity threshold, and throughout the succeeding sequence identity thresholds. Each subgroup is shown
on top of one another, and their sum amounts to 100%.

We also inquired about the extent to which the clusters were conserved. To this end, we as-
sessed the distributions for the mean and standard deviation of global sequence identity values,
between the cluster members and their representatives (Figure 2.5), per threshold. We have also

analyzed the distributions of cluster sizes (Figure 2.6).

The distribution of mean values range from the threshold of global sequence identity set by
the clustering run, up to 100%. This is observable for all thresholds (Figure 2.5). At the 60%
threshold, the interquartile range for the mean values spans from ~78% to ~90%. The density
of these values is also greater from the value of 80% global sequence identity upwards. The
values for standard deviation of global sequence identity to the cluster representative range from
0% to < 30% at the 60% threshold, and the interquartile range of this distribution spans from
10% to 20%. These observations suggest that even at this threshold, there are highly conserved

clusters.
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Mean Std

r T T T T T T T 1 r T T T T T 1
60% 65% 70% 75% 80% 85% 90% 95% 100% 0% 5% 10% 15%  20% 25% 30%

Threshold

Global Sequence Identity to the Cluster Representative

Figure 2.5: Distributions of the mean, and standard deviation values of global sequence identity, between the cluster members
and their cluster representatives, per global sequence identity threshold. The x-axis denotes the values of global sequence
identity between a given cluster member and its representative, and the y-axis denotes the global sequence identity threshold
of the respective CD-HIT clustering run. The dotted lines represent the 1st and 3rd quartiles, and the dashed lines represent the
median. The singleton representative sequences were excluded from this analysis.

We observed that the majority of clusters comprise < 100 members, regardless of threshold
(Figure 2.6). The size of the largest cluster increases from ~250 at the 90% threshold, to ~1,700
at 60%. These results indicate that the clusters are conserved to the extent that even at the 60%

threshold, the majority of clusters is still less than 100 members in size.

We chose to use the 12,654,843 protein sequence representatives at the 60% global sequence
identity threshold, for all succeeding metadata imputation tasks. We chose to do so for two
reasons. First, the 60% threshold offered the smallest amount of protein sequences to work with,
allowing for faster computation. And second, at this threshold, we postulate that these proteins
are grouped into well-conserved families, given the hierarchical nature of the implemented
clustering routine. Therefore we posit that they share the same hypothetical molecular function.

We will henceforth refer to these ~12 million proteins as the “Hypotheticals dataset”.
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Figure 2.6: Cluster number distribution (y-axis) in function of cluster size (x-axis), per global sequence identity threshold.
Both axes are in logarithmic scale. The singleton representative sequences were excluded from this analysis.

2.3.2 Metadata imputation and data source representativity

Our next goal was to predict the catalytic potential and the molecular function for all proteins
in the Hypotheticals dataset. To that end, we used three in silico tools. The first was DeepGO
[27], an ontology-aware classifier that predicts protein function from sequence, and outputs
its results in the Gene Ontology (GO) format. The second was DeepEC [28], a deep learning-

based framework that predicts the catalytic potential of a given protein, and its 4th-digit Enzyme
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Commision (EC) number. The third was the Reversed Position Specific Blast (RPS-BLAST)
[29], that queries a given protein sequence against a database of pre-calculated Position-Specific
Score Matrices (PSSMs), and outputs the matching domains. In this work we chose to use
NCBI’s Conserved Domain Database (CDD) [30] as our PSSM database. After using all ~12
million proteins from the the Hypotheticals dataset as input, we wanted to know how many
were annotated, and how many intersections arose between these three classification systems
(Figure 2.7.A). In this work we exclusively address the GO terms for the Molecular Function

(MF) category.

We observed that 99.91% of the proteins from the Hypotheticals dataset have at least one
GO term. This annotation coverage could be due to the fact that the GO hierarchy is very
unspecific at the first levels of depth. Therefore, an unspecific annotation might be easier to
infer given an uncharacterized protein sequence. For this reason, we posit that DeepGO might

be the most permissive out of the three tools that we used.

A N = 12,654,843

EC GO

47,325
(0.37%)

48
(0.0%)

6,461,868
(51.06%)

304,293
(2.4%)

5,830,589
(46.07%)

7,250
(0.06%)
W/A
3,219
(0.03%)

CD

Figure 2.7: (A) Classification system membership of the proteins from the Hypotheticals dataset. The number of proteins that
failed to be annotated by both DeepGO, DeepEC, and RPS-BLAST are shown outside of the Venn diagram, and are titled with
“W/A”: without annotation. (B) Representativity of the 5 different data sources, among cluster members pertaining to each
of the representative proteins from the Hypotheticals dataset. Each row of the plot contains one Venn diagram (left), and one
stacked bar chart (right). The Venn diagram depicts which slice from A is being addressed (color-filled). The counts to the
right of each stacked bar represent the total number of representative sequences, and the y-axis denotes the number of distinct
data sources being represented. The percentages enclosed in parenthesis relate to the total number of sequences in each slice
of the Venn diagram to the left. For each bar, the subgroup pertaining to singletons is shown in light grey; the one whose
representatives belong to clusters with size between 2 and 4 sequences, in dark grey; and the one whose representatives belong
to clusters with a size > 5 sequences, in black.

84



2.3. RESULTS AND DISCUSSION

o000 eeOQYRe @®

BN cluster size = 5 WM cluster size 2-4
5 4(0.0%)

4 | 315 (0.09%)

3 N 3,619 (1.03%)

2 EEE 30,917 (8.79%)

1 IE——

5 171(0.0%)

4 | 22,196 (0.18%)

3 W 210,137 (1.66%)

2 EEE 1,314,433 (10.4%)
1 EE———

5 128(0.0%)

4 | 8,640 (0.14%)

3 W 103,065 (1.68%)

2 IR 707,274 (11.51%)
1 EE—

5 0(0.0%)

4 0(0.0%)

3 0(0.0%)

2 IR 7 (14.58%)
1 IE—

5 44(0.0%)

4 113,496 (0.21%)

3 W 106,639 (1.65%)

2 EEE. 604,539 (9.36%)
1 E——

5 11(0.01%)

4 19(0.12%)

3 W 140 (1.93%)

2 I 383 (12.18%)
1 IEE—

5 4(0.0%)

4 1315 (0.09%)

3 W 3,615 (1.03%)

2 BN 30,892 (8.79%)
1

5 127 (0.0%)

4 18,631 (0.14%)

3 W 102,921 (1.68%)

2 EEERN 706,373 (11.51%)
1 IEE——

5 4(0.0%)

4 1246 (0.08%)

3 N 3,042 (1.0%)

2 I 27,389 (8.99%)
1 EEE—

5 0(0.0%)

4 169 (0.15%)

3 W 577 (1.22%)

2 BRI 3,521 (7.44%)
1 EE—

5 123(0.0%)

4 18,385 (0.14%)

3 W 99,883 (1.71%)

2 IR 679,002 (11.65%)
1 EEE——

5 0(0.0%)

4 0(0.0%)

3 W 4(1.59%)

2 EE— 18 (7.17%)

1 IEE—

5 4(0.0%)

4 1246 (0.08%)

3 N 3,038 (1.0%)

2 W 27,371 (8.99%)
1

5 0(0.0%)

4 15(0.16%)

3 W 75 (2.33%)

2 I 413 (12.83%)
1 IEE—

Figure 2.7. (Continued from last page.)
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On the other hand, only 2.78% of proteins have an assigned EC number. The reason for this
might be that 97.22% of these representatives—i.e., those devoid of an EC number—may not
be enzymes at all. Out of ~12 million, 48.53% have at least one Conserved Domain (CD), and
46.07% have at least one GO term in addition to one CD. We reckon that this amount falls short
of the expected, given that RPS-BLAST can detect even remote homologies [29]. However, this

percentage might be explained by our stringent bit-score cutoff (see subsection 2.2.4.4).

Moreover, 2.4% of these ~12 million proteins were annotated by all three classification
systems. We consider this to be reasonable, given that only 2.78% have a predicted EC number
in the first place. This means that 86.33% of the representatives with at least one EC number
also have at least one GO term, and one CD. Conversely, the percentage of representatives that

could not be annotated by any tool is 0.03%.

We also inquired about the data source representation within each cluster, per classification
system and intersections thereof (Figure 2.7.B). The most abundant elements are singletons
from a single data source, irrespectively of the Venn diagram slice being addressed. This was

expected, as singleton sequences represent the majority of representatives (see Figure 2.4.A).

The majority of cluster members belong to either a single data source or two, also regardless
of the Venn diagram slice. This could be an effect from the cluster size, given that at the 60%
threshold most clusters have less than 5 members (see Figure 2.6). It is also possible that some
clusters lack multi-data source representativity. This is suggested by the presence of clusters
with 5 or more elements spanning only one to two data sources (Figure 2.7.B). The reason for

this might be that 70.67% of our initial cohort belong to a single datasource (see Table 2.2).

2.3.3 Gene Ontology terms

Intrigued that 99.91% of proteins from the Hypotheticals dataset had been annotated by
DeepGO, we wondered what their putative functions were. To address all 12,644,075 proteins

we first needed to group them by the broadest level of the GO DAG—i.e. the first (Figure 2.8).

We noticed that there were proteins that had more than one GO term at the first level of
depth. This might indicate two different scenarios. On the one hand, it suggests that these
proteins have multiple molecular functions. On the other hand, it implies ambiguity regarding
DeepGO’s predictions. This appears to be reflected to some extent in the prediction scores,

where the groups of proteins with a single GO term at this depth seem to rank higher. This

86



2.3. RESULTS AND DISCUSSION

might also be due to the fact that the prediction scores shown for the proteins with multiple GO

assignments correspond to the average between the individual values.

Within each group, only a small fraction of proteins possess a GO term annotation deeper
than the 3rd level of the GO DAG. This emphasizes on how vaguely annotated these proteins
are. It also justifies the extensive annotation coverage provided by DeepGO, and arguably,
its permissiveness. Alternatively, this might also indicate that these representatives are very
divergent from those used by DeepGO as a training set. This supposition might explain the

broadness of GO annotations at this depth.

Nearly all proteins (99.39%) were annotated with the GO term “binding” (41.86%), “cat-
alytic activity” (4.7%), or both (52.82%). This implies that, according to DeepGO, 57.52%
of our representatives might be enzymes. It also contrasts with the number of proteins anno-
tated by DeepEC—from all 12,654,843 representatives, only 2.78% were annotated as possible

enzymes (see Figure 2.7.A).

The group of proteins with the highest prediction scores are those with “catalytic activity” as
their sole GO term at the first level of depth. This is curious because it suggests that DeepGO’s

predictions for putative enzymes ranked best.

2.3.4 Enzyme Commission numbers

We were interested in identifying putative enzymes in the Hypotheticals dataset. For this
reason we used DeepEC [28], as previously stated. DeepEC uses three convolutional neural
networks (CNNs) to predict the enzymatic function of a given protein sequence. The first CNN
predicts whether the protein is an enzyme or not. The second CNN predicts the 3rd-digit EC
number. And the third CNN predicts the 4th-digit EC number.

To mitigate false-positives, DeepEC only provides results for proteins that were predicted
to be enzymes by the first CNN, and whose predicted 3rd-digit EC number is a prefix of the
predicted 4th-digit one.

DeepEC also performs homology analysis if one of the CNNss fails to predict an EC number
[28]. Additionally, it outputs to the user the log files corresponding to each CNN prediction,
and its prediction scores. The predictions from homology analysis lack prediction scores. For
that reason they were excluded from any downstream analysis. There were 15,333 proteins that

were excluded from our results as a consequence.
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2.3. RESULTS AND DISCUSSION

Moreover, DeepEC can assign more than one EC number to a given protein. We were
curious about how many representatives had multiple EC assignments, and what types of as-

signments these were. Therefore, we sought to address this subset of proteins separately.

Out of 336,584 representatives with predicted EC numbers, 9,622 (2.86%) had multiple as-
signments (Figure 2.9.A). We identified four classes of proteins with multiple EC assignments,
according to the EC digit they shared (Figure 2.9.A, Table S2.1-Table S2.4). The majority
(90.95%) of these proteins either share the same 3rd-digit EC (87.16%), or the same 2nd-digit
EC (3.76%) in their assignments. The 2nd and 3rd-digit of an EC number characterize the re-
action that particular enzyme catalyzes in terms of several factors, like the reactive species, the
type of bond being acted upon, and group or product involved. With this in mind, we posit that
the representatives sharing either the 2nd or 3rd EC digit might be promiscuous enzymes. This

catalytic promiscuity might explain why they failed to be annotated in the first place.

The remaining proteins with multiple EC assignments either share the 1st-digit EC (1.26%),
or no EC digit at all (7.78%) in their assignments. We argue that these groups might enclose
“moonlighting” [38] enzymes, or proteins that underwent gene fusion events. We make this
assumption based on the fact that their multiple assignments either share the same enzymatic

group (i.e., 1st-digit EC), or span multiple enzymatic groups altogether.

No. of proteins with EC annotation o
336,584 EC digit shared
1st-digit
121 (1.26%)
no digits
7B W) 2nd-digit

365 (3.79%)

single assignments
326,962 (97.14%)

3rd-digit

multiple assignments e
9,622 (2.86%) 1387 ( )

Figure 2.9. (Continued on next page.)
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Figure 2.9: (A) Amount of proteins from the Hypotheticals dataset with one or more EC assignments (donut chart). The
number of proteins refers to those that were annotated by DeepEC’s CNNs (i.e., not by homology analysis). There are 4 classes
of representative proteins with multiple EC assignments (barchart). These are assorted according to the EC digit they share:
The 3rd-digit (e.g., EC:X.X.X.-); the 2nd-digit (e.g., EC:X.X.-.-); the 1st-digit (e.g., EC:X.-.-.-); or no digits (e.g., EC:X.-.-.-
and EC:Y.-.-.-). (B) Proteins from the Hypotheticals dataset with single EC assignments, grouped by the 1st-digit EC number.
The x-axis of the boxplots refers to the “DNN” values for each EC number prediction. The prediction scores refer to two out
of three DeepEC’s CNNs. The x-axis lower limit starts at DeepEC’s default prediction score threshold. The total counts for
each group are shown to the right. The percentages are in relation to the total number of representative proteins with single EC
assignments.

Next, we analysed all 326,962 representatives that were assigned a single EC number. We
also wanted to study the underlying CNN prediction scores for these assignments. To avoid
redundancy, we only assessed the scores for the CNNs that predict the 3rd-digit and the 4th-
digit EC. This way, we grouped the 326,962 representatives by their 1st-digit EC, and displayed

the prediction score distributions for each of these two CNNs (Figure 2.9.B).

The two most abundant groups of proteins with a single EC assignment are those of Trans-
ferases (55.91%) and Hydrolases (30.73%). The majority of prediction scores for the 3rd-digit
EC CNN are higher than 0.95. This suggests high confidence in their 3rd-digit EC predictions,
regardless of enzymatic group being addressed. This is particularly evident for the Transferase

and Ligase groups.

The prediction scores for the 4th-digit EC CNN have a larger spread. The interquartiles for

these scores range from ~0.75 to 1. This might suggest that predicting a 4th-digit EC number

90



2.3. RESULTS AND DISCUSSION

from protein sequence alone is more challenging than predicting its respective 3rd-digit EC. It
is possible that the score of a given prediction decreases with the specificity of the predicted
annotation. This makes sense given that the 4th-digit EC classifies the overall reaction of an

enzymatic sub-subclass, and is therefore the most specific level of EC annotation.

2.3.5 Conserved Domains

We wanted to know what CDs were present in the 6,142,383 representative proteins that had
at least one CD assignment. However, given both the size of this cohort, and the fact that each

protein might have multiple CDs, we had to find a way to summarize this data.

To do so, and for each protein, we mapped its CD PSSM ids with the site types they are
associated with. These site types are generic annotations of the high-level function played by a

specific CD. Each CD might have multiple site types annotations, or none.

Afterwards, we grouped these proteins by their distinct CD site types—or combinations
thereof—and counted how many proteins were in each group (Figure 2.10). More than half
(66.11%) of these proteins have no CD site type annotation. The reason for this is that these site
types only exist for NCBI-curated domain models *, whereas CDD encloses domains from mul-
tiple sources besides those curated at NCBI. Moreover, 3.13% of these proteins have domains

999

that are solely annotated by CDD as ‘unassigned or type “other’’.

Additionally, we wanted to understand the distribution of the number of CDs per protein,
and the relation between the number of CDs and sequence length. The majority of representa-
tives has less than 100 CDs per protein sequence (Figure 2.11.A). This is also observed when

assessing the number of distinct CDs per protein sequence instead (Figure 2.11.B).

However, either addressing the total number of CDs per protein sequence, or the number
of distinct ones, a trend can be witnessed in both distributions, between 100 and ~280 CDs
(Figure 2.11). This “plateau” suggests that there is a continuity in the frequency of proteins that
have 100-280 CDs. Moreover, the maximum number of distinct CDs per protein peaks near
500 (Figure 2.11.B). We observe two linear trends upon addressing the relationship between
the number of CDs and protein sequence length (Figure 2.12.A). These trends appear to behave

asymptotically upon addressing the distinct number of CDs instead (Figure 2.12.B).

3ftp://ftp.ncbi.nih.gov/pub/mmdb/cdd/README
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2.3. RESULTS AND DISCUSSION
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Figure 2.11: Frequency distributions of the total number of CDs per protein sequence (A), and the number of distinct CDs per
protein sequence (B). Both distributions are also represented as boxplots at the top of each figure. The y-axis is in logarithmic
scale. The number in the top-center of the plot refers to the total number of proteins from the Hypotheticals dataset that have at

least one CD, with a bit score > 80.
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Figure 2.12: Distributions of the total number of CDs per protein sequence (A), and the number of distinct CDs per protein
sequence (B), in function of protein sequence length. Both distributions are also represented as boxplots at the top of each
figure. The number in the top-center of the plot refers to the total number of proteins from the Hypotheticals dataset that have
at least one CD, with a bit score > 80.
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2.3. RESULTS AND DISCUSSION

2.3.6 Physico-Chemical Metadata

We sought to survey the physico-chemical properties of these representative sequences. We

were also interested in understanding possible relations between these properties.

To this end, and for each protein, we computed the following physico-chemical properties:
(i) aromaticity coefficient; (ii) grand average of hydropathicity; (iii) instability index; (iv) iso-

electric point (pl); (v) molecular weight; and (vi) sequence length.

The aromaticity coefficient for most proteins ranges between 0 and ~0.25, while only a
few show values above 0.5 (Figure 2.13). Aromaticity has no correlation with the remaining
physico-chemical properties, albeit a weak negative correlation with the instability index (p =

—0.22, p-value = 0.0).

The grand average of hydropathicity ranges between —2.5 and 2.5, with the majority of
these proteins centering near the value of 0. Similarly to the aromaticity coefficient, the grand
average of hydropathicity also has no correlation with the other physico-chemical properties,
with the exception of the instability index, for which a weak negative correlation is shown
(p = —0.24, p-value = 0.0). Both the grand average of hydropathicity and the coefficient of

aromaticity tend to 0 in relation to increasing molecular weight, and sequence length values.

The instability index for these proteins ranges from 0 to 100, with a few reaching up to 300.

This property has no correlation to any of the remainder counterparts.

These sequences appear to be arranged into two major density curves in relation to their
pl. These density curves coincide with the pH of 5 and 10. A similar result was reported by
Schwartz et al [39] on a dataset of predicted ORFs from complete genomes of organisms issuing
from Bacteria, Archaea, and Eukarya. These authors concluded that the bimodality shown by
the pl distributions for Bacteria and Archaea protein sequence data are likely associated with
different protein subcellular localizations; presumably cytosolic (pI ~ 5) and integral membrane
proteins (pl ~ 9) [39]. Moreover, there is a smaller density peak between the pI’s of 5 and 10,
near the the value of 8 (Figure 2.13). Additionally, the pl tends to a value of 5 for increasing

molecular weight, and sequence length values.

Unsurprisingly, the molecular weight and the sequence length have a near perfect positive
correlation (p = 0.99, p-value = 0.0). This is also shown by the near identical distributions
between these two properties and the others. Most of these proteins have a molecular weight of

less than 250kDa, and a length of less than 2,500 amino-acids.
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Figure 2.13: Distributions of physico-chemical properties generated in silico for the proteins from the Hypotheticals dataset.
Each property is plotted against one-another in a pairwise arrangement. The value for Spearman’s rank correlation coefficient
(p), and the associated p-value (p) are shown for each correlation. The diagonal kernel-density estimation shows the distribution

of a given property, and the y-axis represents the value density (not shown).

2.3.7 Over Representation Analysis of semantic terms

We wondered if our representative proteins had over-represented terms in comparison to a
golden standard dataset. To answer this question we proceeded as follows. We downloaded
the SwissProt knowledgebase [20]. Then we parsed the proteins in SwissProt and only re-
trieved those of Archaeal or Bacterial origin. This amounted to a total of 235,544 proteins. We

presumed that the proteins from SwissProt already had GO, EC and domain annotations, as a
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2.3. RESULTS AND DISCUSSION

product of UniProt’s internal annotation tools. Nonetheless, we re-annotated them using the
same tools we used for the proteins from the Hypotheticals dataset—i.e., DeepGO, DeepEC,
and RPS-BLAST. We did this because otherwise we could not compare these datasets without

introducing biases that could compromise the interpretation of the results.

Afterwards, for each dataset, and for each protein, we gathered (i) the GO term(s) at max-
imum depth of its sub-DAG; (ii) the 4th-digit EC number(s); and (iii) the most informative
CD(s). Next, we performed an Over Representation Analysis (ORA) on these terms, between
the two datasets, and for each annotation type. We also applied a post hoc Benjamini-Hochberg
(BH) correction [35] to all p-values provided by the hypothesis test, because this analysis con-

stituted a multiple-testing scenario.

To ensure stringency and statistical significance, we only present the results for terms whose:
(1) “Rich factor” > 0.95; (ii) BH-corrected p-value < le —5; and (iii) with at least one SwissProt

representative (i.e., n —k > 0).

The two over-represented GO terms with the largest number of proteins are “binding”, and
“protein binding” (Figure 2.14.A). Although we only considered the GO term(s) at maximum
depth of the sub-DAG for a given protein, these two terms are located at a depth level of 1,
and 2 respectively. This indicates that the most specific GO term for these proteins is highly
unspecific. This is not surprising, as we had shown that only a small fraction of proteins possess

a GO term annotation deeper than the 3rd level of the GO DAG (see Figure 2.8).
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Figure 2.14. (Continued on next page.)
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Figure 2.14. (Continued on next page.)

There are several over-represented GO terms associated with transferase activity. There
are also those related with a type of phosphotransferases, the kinases. Additionally, there are
terms concerning hydrolytic functions in a broader sense, as well as more specific ones, namely:
“exopeptidase activity”; “endopeptidase activity”; “glucosidase activity”; and “serine-type en-
dopeptidase activity”. The last term is also accompanied by its negative-regulator counterpart

“serine-type endopeptidase inhibitor activity”
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Figure 2.14: Most significant ORA results per annotation type: GO (A), EC (B), and CD (C). Each marker is colored according
to its p-value. The size of a marker is proportional to the number of proteins that have that annotation. Each colorbar and “size-
bar” has a different scale, depending on the annotation type. Rich factor: number of proteins from the Hypotheticals dataset
annotated with ¢ (k), divided by the total number of proteins annotated with # (n); p-value BH: Benjamini-Hochberg-corrected
p-value; |t<n, k=0) |: number of statistically significant (p-value < le —5), over-represented terms from the Hypotheticals dataset,
without counterparts in the SwissProt dataset (i.e., Rich Factor = 1).

The remaining over-represented GO terms belong to four major groups. Those whose com-
mon ancestor is that of “oxidoreductase activity”; those associated with transmembrane trans-
port; terms whose common ancestor is the term “binding”; and two terms related to ligase
activity. There are also 72 statistically significant and over-represented GO terms from our

dataset, whose counterparts are absent from SwissProt (denoted as |¢(,_x—)|)-

There are 90 over-represented 4th-digit ECs (Figure 2.14.B). From these, 50 refer to Hydro-
lases; 24 to Transferases; 12 to Oxidoreductases; 2 to Lyases; and 2 to Ligases. There are no

over-represented Isomerases.

The most abundant over-represented EC class is that of Hydrolases. Out of these 50 ECs,
24 belong to Glycosylases (EC:3.2.-.-). From the Glycosylase class, the 4th-digit ECs with the
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highest number of proteins annotated to, are Alpha-, Beta-, Glucan 1,4-alpha-, and Glucan endo-
1,3-beta-D- Glucosidases (EC:3.2.1.20, 21, 3, and 39, respectively); Cellulase (EC:3.2.1.4);
Endo-1,4-beta-xylanase (EC:3.2.1.8); Beta-galactosidase (EC:3.2.1.23); and mannosyl-glycoprotein
endo-beta-N-acetylglucosaminidase (EC:3.2.1.96).

Other interesting over-represented 4th-digit ECs from the Glycosylase class include: Chiti-
nase (EC:3.2.1.14), Lysozyme (EC:3.2.1.17), Exo-alpha-sialidase (EC:3.2.1.18), Levanase
(EC:3.2.1.65), Licheninase (EC:3.2.1.73), and rRNA N-glycosylase (EC:3.2.2.22).

The second most diverse sub-class of Hydrolases is that of those acting on ester bonds
(EC:3.1.-.-), from which 12 4th-digit ECs are present. Those with the highest number of pro-
teins annotated to are: Triacylglycerol lipase (EC:3.1.1.3), Type II site-specific deoxyribonu-
clease (EC:3.1.21.4), Ribonuclease P (EC:3.1.26.5), and Protein-serine/threonine phosphatase
(EC:3.1.3.16). Additionally, there are 222 over-represented and statistically-significant 4th-digit

ECs whose representative counterparts are absent from SwissProt.

We only show the top 50 over-represented CDs (Figure 2.14.C) because there are a total of
1,541 CDs that met our selection criteria. This number is 21,978 for the CDs present in our

database but lacking from SwissProt (i.e., n — k = 0, and Rich factor = 1).

There is a prevalence of signal transduction mechanisms, and regulatory systems among the
putative functions for these CDs. The second foremost group of putative functions is that of
cell wall, membrane, and envelope-related activity and metabolism. Other noteworthy func-
tions include: catalytic domains of integrases from phages and transposons; structural function;

carbohydrate transport and metabolism; and chemotaxis activity.

2.3.8 Taxonomic Representation

We wanted to understand the taxonomic provenance of these proteins of unknown function.
To this end, we first gathered the taxonomic metadata from all 134,894,520 initial proteins.
Next, we grouped this data by the domain and phyla of the organism from which each pro-
tein issued. We then calculated the relative abundance of each phylum within each domain

(Figure 2.15).

The majority (75%) of proteins of unknown function from Archaea belong to the phylum
Euryarchaeota (Figure 2.15.A), whereas only 12% are from either Candidate phyla, or unknown

phyla. This suggests that most Archaeal proteins of unknown function issue from known phyla.
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This distinction is more evident in Bacteria (Figure 2.15.B), where 90% of these proteins
of unknown function issue from one of the four major phyla—i.e., Proteobacteria, Firmicutes,
Actinobacteria and Bacteroidetes—and only 2.8% issue from either Candidate phyla, or un-

known phyla.

A

2% [

Candidate Bacterial Phyla 0.8%
PI 0.8%

i ia 0.7%
Chloroflexi 0.7%
i 0.2%

Chiorobi 0.02%
Aquificae 0.01%

0.01%
i 0.01%
Caldiserica 0.01%

ia 0.008%
Calditri 0.006%
i 0.006%
Dictyoglomi 0.002%
i 0.002%

Ct i 0.002%

c 0.002%
i 0.0008%
0.0007%

Figure 2.15: Taxonomic provenance of 134,894,520 proteins of unknown function. These figures were grouped by domain:
(A) Archaea, and (B) Bacteria. The percentages represent the relative abundance of each phylum per domain. These plots were
generated by Krona [40].
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2.4 Conclusions

Apart from quantifying the amount of protein sequences of unknown function, we created
a repository containing > 134 million protein sequences whose molecular function could not
be inferred by public databases. The vast majority of these proteins issue from known phyla,
regardless of Domain. To our knowledge, this constitutes the first worldwide centralized col-
lection of Functional Dark Matter of prokaryotic origin. These sequences may be further scru-

tinized by the scientific community, upon the public release of this data in a near future.

We have clustered our repository throughout 8 global sequence identity thresholds, akin
to previous work [22, 36, 37]. The first clustering step provided a 79.51% reduction in size.
The last clustering step allowed us to achieve an additional 54.2% size reduction from the non-
redundant set; implying a ~90.62% size reduction relative to the initial number of > 134 million
sequences. These results have led us to conclude two things. First, that it is possible to render
our repository by a non-redundant set of representative proteins. Second, that there might be
a high level of redundancy among (or within) independent data-sources, for protein sequences
of unknown function. We also noticed that the majority of representative sequences from each
clustering run were singletons, regardless of threshold. Moreover, most clusters comprise <
100 members, also irrespective of threshold. These results have lead us to conclude that these

uncharacterized sequences are very dissimilar to one another.

We have established a dataset containing 12,654,843 protein sequence representatives issu-
ing from clusters at a 60% global sequence identity resolution. We managed to annotate 99.97%
(12,651,624) of this dataset with at least one term, from at least one classification system (i.e.,
EC, GO or CD). This was a significant development, given that we started this endeavor with
unannotated sequence data in the first place. Only a minute fraction of proteins (0.03%) was un-
amenable to annotation by any of the classification systems. Moreover, 99.91% (12,644,075) of
this dataset was annotated with at least one GO term. The two most over-represented GO terms
were “binding”, and “protein binding”. There were also over-represented GO terms associated

with transferase activity, and those concerning hydrolytic functions in a broader sense.

We were able to assign at least one CD to 48.53% (6,142,383) of the foregoing sequences.
Although this coverage fell short of our expectations, we posit that it might have been the prod-
uct of a bit-score cutoff that was too stringent. It is also possible that the sequences lacking

CD annotation might not be proteins at all. Another hypothesis is that these sequences cor-
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respond to false positives from the ORF-calling step, presumably undertaken upstream from
our work. There were a total of 1,541 over-represented CDs that met our selection criteria.
From the 50 most represented, we highlight several putative activities such as: signal trans-
duction mechanisms; regulatory systems; cell wall; membrane and envelope-related activity
and metabolism; catalytic domains of integrases from phages and transposons; carbohydrate

transport and metabolism; and chemotaxis activity.

DeepEC assigned at least one 4th-digit EC to 2.78% (351,917) of these proteins, thus sug-
gesting that they are potentially enzymes. The most abundant enzymatic classes were Trans-
ferases (182,797) and Hydrolases (100,475). We emphasize that 304,293 (86%) of these pu-
tative enzymes also have GO and CD annotation. We found 90 over-represented 4-digit ECs,
from which 50 refer to Hydrolases. We also found 9,622 putative enzymes that had more than
one predicted 4th-digit EC. Most of these enzymes have EC numbers that share the first 3 digits
(8,387); or the first 2 (365). We hypothesize that these are catalytically promiscuous enzymes.
The remaining putative enzymes have multiple ECs that either share the 1st-digit (121), or span
multiple enzymatic groups altogether (749). These might be enzymes that perform multiple
functions (i.e., “moonlighting” enzymes). In theory, these might have attained multiple active
sites via gene fusion events. Additional work is necessary to determine the promiscuity, or
multifunctionality, of these enzymes. Addressing this particular subset of enzymes is of great
significance for future biotechnological developments, as it might offer innovative solutions for
the enzymes industry. By making use of enzymes capable of catalysing several key reactions in
a given industrial process, the need for multiple enzymes, and thus multiple physico-chemical

requirements, might be disregarded altogether.

This work has offered a small glimpse into the potential functions of these elusive proteins.
We also tentatively suggest that true in silico protein function prediction might be achievable,
provided further efforts are put forward by forthcoming researchers into this fascinating field of

research.
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Supplementary Information

Table S2.1: Number of protein sequences with multiple EC annotations sharing the 3rd-digit EC. “No.”: number of proteins;
“%’: percentage of the total number of proteins in this table.

EC number Description No. %0
EC:3.2.1.- Glycosidases 3,062 36.51%
EC:3.6.3.- Hydrolases, acting on acid anhydrides; catalyzing trans- 1,276  15.21%

membrane movement of substances
EC:3.6.4.- Hydrolases, acting on ATP; involved in cellular and subcel- 1,272 15.17%

lular movement

EC:2.1.1.- Methyltransferases 812 9.68%
EC:2.7.11.-  Protein-serine/threonine kinases 294 3.51%
EC:6.2.1.- Acid-thiol ligases 244 291%
EC:2.7.7.- Nucleotidyltransferases 222 2.65%
EC:1.1.1.- Oxidoreductases, acting on the CH-OH group of donors, 192 2.29%
with NAD(+) or NADP(+) as acceptor
EC:3.4.11.- Aminopeptidases 141 1.68%
EC:3.1.1.- Carboxylic ester hydrolases 107 1.28%
EC:3.1.3.- Phosphoric monoester hydrolases 93 1.11%
EC:3.4.21.-  Serine endopeptidases 87 1.04%
EC:3.5.4.- Hydrolases, acting on carbon-nitrogen bonds, in cyclic 77 0.92%
amidines
EC:2.3.1.- Acyltransferases, transferring groups other than amino-acyl 67 0.8%
groups
EC:6.3.2.- Acid—amino-acid ligases (peptide synthases) 57 0.68%
EC:2.7.1.- Phosphotransferases with an alcohol group as acceptor 44 0.52%

EC:1.2.1.- Oxidoreductases, acting on the aldehyde or oxo group of 30 0.36%
donors, with NAD(+) or NADP(+) as acceptor
EC:1.6.5.- Oxidoreductases, acting on NADH or NADPH, with a 28 0.33%

quinone or similar compound as acceptor

Continued on next page
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Table S2.1 — Continued from previous page

EC number Description No. %

EC:2.5.1.- Transferases, transferring alkyl or aryl groups, transferring 27 0.32%
alkyl or aryl groups

EC:54.2.- Phosphotransferases (phosphomutases) 26 0.31%

EC:2.6.1.- Transaminases 24 0.29%

EC:2.4.1.- Hexosyltransferases 18 0.21%

EC:5.1.3.- Isomerases, racemases and epimerases, acting on carbohy- 13 0.16%

drates and derivatives

EC:1.14.13.- Oxidoreductases, acting on paired donors, with NADH or 13 0.16%

NADPH as one donor

EC:2.8.4.- Transferases, transferring sulfur-containing groups, transfer- 12 0.14%
ring alkylthio groups

EC:1.18.1.-  Oxidoreductases, acting on iron-sulfur proteins as donors, 11 0.13%

with NAD(+) or NADP(+) as acceptor

EC:2.8.1.- Sulfurtransferases 10 0.12%
EC:2.7.4.- Phosphotransferases with a phosphate group as acceptor 10 0.12%
EC:2.7.8.- Transferases for other substituted phosphate groups 6 0.07%
EC:2.3.3.- Acyltransferases, acyl groups converted into alkyl groupson 6 0.07%
transfer
EC:4.2.1.- Hydro-lyases 5 0.06%
EC:3.1.21.-  Endodeoxyribonucleases producing 5’-phosphomonoesters 5 0.06%
EC:4.99.1.-  Other lyases 5 0.06%
EC:3.5.5.- Hydrolases, acting on carbon-nitrogen bonds, in nitriles 5 0.06%
EC:1.3.8.- Oxidoreductases, acting on the CH-CH group of donors, 4 0.05%
with a flavin as acceptor
EC:5.4.99.- Intramolecular transferases, transferring other groups 4 0.05%
EC:4.4.1.- Carbon-sulfur lyases 4 0.05%
EC:4.3.1.- Ammonia-lyases 4 0.05%
EC:1.11.1.-  Peroxidases 4 0.05%

Continued on next page
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Table S2.1 — Continued from previous page

EC number Description No. %

EC:1.8.4.- Oxidoreductases, acting on a sulfur group of donors, witha 4 0.05%
disulfide as acceptor

EC:3.3.2.- Ether hydrolases 4 0.05%

EC:1.13.11.- Oxidoreductases, acting on single donors with incorporation 4 0.05%
of molecular oxygen (oxygenases). The oxygen incorpo-
rated need not be derived from O(2), with incorporation of
two atoms of oxygen

EC:5.3.1.- Intramolecular oxidoreductases, interconverting aldoses and 3 0.04%
ketoses

EC:3.5.1.- Hydrolases, acting on carbon-nitrogen bonds, in linear 3 0.04%
amides

EC:4.1.2.- Aldehyde-lyases 3 0.04%

EC:4.2.2.- Carbon-oxygen lyases, acting on polysaccharides 3 0.04%

EC:3.6.1.- Hydrolases, acting on acid anhydrides, in phosphorus- 3 0.04%
containing anhydrides

EC:4.6.1.- Phosphorus-oxygen lyases 3 0.04%

EC:3.4.14.-  Dipeptidyl-peptidases and tripeptidyl-peptidases 3 0.04%

EC:3.1.4.- Phosphoric diester hydrolases 3 0.04%

EC:1.3.1.- Oxidoreductases, acting on the CH-CH group of donors, 2 0.02%
with NAD(+) or NADP(+) as acceptor

EC:3.5.3.- Hydrolases, acting on carbon-nitrogen bonds, in linear 2 0.02%
amidines

EC:3.5.2.- Hydrolases, acting on carbon-nitrogen bonds, in cyclic 2 0.02%
amides

EC:1.2.4.- Oxidoreductases, acting on the aldehyde or oxo group of 2 0.02%
donors, with a disulfide as acceptor

EC:3.4.24.- Metalloendopeptidases 2 0.02%

EC:1.8.1.- Oxidoreductases, acting on a sulfur group of donors, with 2 0.02%

NAD(+) or NADP(+) as acceptor
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Table S2.1 — Continued from previous page

EC number Description No. %
EC:2.4.2.- Pentosyltransferases 2 0.02%
EC:2.7.10.-  Protein-tyrosine kinases 2 0.02%
EC:6.3.5.- Carbon—nitrogen ligases with glutamine as amido-N-donor 1 0.01%
EC:6.1.1.- Ligases forming aminoacyl-tRNA and related compounds 1 0.01%
EC:5.99.1.-  Other isomerases 1 0.01%
EC:3.1.26.-  Endoribonucleases producing 5’-phosphomonoesters 1 0.01%
EC:4.1.99.-  Other carbon-carbon lyases 1 0.01%
EC:4.1.1.- Carboxy-lyases 1 0.01%
EC:2.8.3.- CoA-transferases 1 0.01%
EC:2.4.99.-  Glycosyltransferases, transferring other glycosyl groups 1 0.01%
EC:2.3.2.- Aminoacyltransferases 1 0.01%
EC:2.2.1.- Transketolases and transaldolases 1 0.01%
EC:14.3.- Oxidoreductases, acting on the CH-NH(2) group of donors, 1 0.01%
with oxygen as acceptor
EC:1.3.5.- Oxidoreductases, acting on the CH-CH group of donors, 1 0.01%
with a quinone or related compound as acceptor
EC:1.2.7.- Oxidoreductases, acting on the aldehyde or oxo group of 1 0.01%
donors, with an iron-sulfur protein as acceptor
EC:6.4.1.- Ligases, forming carbon-carbon bonds 1 0.01%

Table S2.2: Number of protein sequences with multiple EC annotations sharing the 2nd-digit EC. “No.”:

“%": percentage of the total number of proteins in this table.

number of proteins;

EC number Description No. %
EC:2.7.-.- Transferases, transferring phosphorus-containing groups 344 94.25%
EC:4.1.-.- Carbon-carbon lyases 9 2.47%
EC:34.-.- Hydrolases, acting on peptide bonds (peptidases) 4 1.1%
EC:3.1.-.- Hydrolases, acting on ester bonds 3 0.82%
EC:3.6.-.- Hydrolases, acting on acid anhydrides 3 0.82%
EC:3.2.-.- Glycosylases 2 0.55%
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Table S2.3: Number of protein sequences with multiple EC annotations sharing the 1st-digit EC. “No.”: number of proteins;
“%": percentage of the total number of proteins in this table.

EC number Description No. %
EC:2.-.-.- Transferases 61 50.41%
EC:3.-.-.- Hydrolases 53  43.8%
EC:1.-.-.- Oxidoreductases 6 4.96%
EC:4.-.-.- Lyases 1 0.83%

Table S2.4: Number of protein sequences with multiple EC annotations that do not share an EC digit. “No.”: number of
proteins; “%’: percentage of the total number of proteins in this table.

EC number Description No. %
EC:3.-.-.- + EC:4.-.-.- Hydrolases + Lyases 207  27.64%
EC:2.-.-.- + EC:3.-.-.- Transferases + Hydrolases 174  23.23%
EC:1.-.-.- + EC:3.-.-.- Oxidoreductases + Hydrolases 123 16.42%
EC:4.-.-.- + EC:5.-.-.- Lyases + Isomerases 76 10.15%
EC:2.-.-.- + EC:4.-.-.- Transferases + Lyases 36 4.81%
EC:2.-.-.- + EC:6.-.-.- Transferases + Ligases 30 4.01%
EC:1.-.-.- + EC:4.-.-.- Oxidoreductases + Lyases 27  3.6%
EC:3.-.-.- + EC:6.-.-.- Hydrolases + Ligases 22 2.94%
EC:2.-.-.- + EC:5.-.-.- Transferases + Isomerases 13 1.74%
EC:1.-.-.- + EC:2.-.-.- Oxidoreductases + Transferases 11 147%
EC:1.-.-.- + EC:2.-.-.- + Oxidoreductases + Transferases + Lyases 9 1.2%
EC4.-.-.-

EC:1.-.--+ EC4.-.-.- + Oxidoreductases + Lyases + [somerases 8 1.07%
EC:5.-.-.-

EC:1.-.-.- + EC:5.-.-.- Oxidoreductases + Isomerases 7 0.93%
EC:3.-.-.- + EC:5.-.-.- Hydrolases + Isomerases 4 0.53%
EC:4.-.-.- + EC:6.-.-.- Lyases + Ligases 1 0.13%
EC:5.-.-.- + EC:6.-.-.- Isomerases + Ligases 1 0.13%

108



REFERENCES

References

[1]

[5]

[6]

[10]

Stephens ZD, Lee SY, Faghri F, Campbell RH, Zhai C, Efron MJ, et al. Big Data: Astro-
nomical or Genomical? PLoS Biol. 2015;13(7):e1002195.

Piao H, Froula J, Du C, Kim TW, Hawley ER, Bauer S, et al. Identification of novel
biomass-degrading enzymes from genomic dark matter: Populating genomic sequence

space with functional annotation. Biotechnol Bioeng. 2014;111(8):1550-1565.

Hu P, Janga SC, Babu M, Diaz-Mejia JJ, Butland G, Yang W, et al. Global functional
atlas of Escherichia coli encompassing previously uncharacterized proteins. PLoS Biol.

2009;7(4):e96.

Hutchison CA 3rd, Chuang RY, Noskov VN, Assad-Garcia N, Deerinck TJ, Ellis-
man MH, et al. Design and synthesis of a minimal bacterial genome. Science.

2016;351(6280):aad6253.

Al-Shahib A, Breitling R, Gilbert DR. Predicting protein function by machine learning on

amino acid sequences — a critical evaluation. BMC Genomics. 2007;8(1):78.

McLean JS, Lombardo MJ, Badger JH, Edlund A, Novotny M, Yee-Greenbaum J, et al.
Candidate phylum TM6 genome recovered from a hospital sink biofilm provides genomic

insights into this uncultivated phylum. Proc Natl Acad Sci U S A. 2013;110(26):E2390-9.

Marcy Y, Ouverney C, Bik EM, Losekann T, Ivanova N, Martin HG, et al. Dissecting
biological “dark matter” with single-cell genetic analysis of rare and uncultivated TM7

microbes from the human mouth. Proc Natl Acad Sci U S A. 2007;104(29):11889-11894.

Garza DR, Dutilh BE. From cultured to uncultured genome sequences: metagenomics

and modeling microbial ecosystems. Cell Mol Life Sci. 2015;72(22):4287-4308.

Becraft ED, Dodsworth JA, Murugapiran SK, Ohlsson JI, Briggs BR, Kanbar J, et al.
Single-Cell-Genomics-Facilitated Read Binning of Candidate Phylum EM19 Genomes
from Geothermal Spring Metagenomes. Appl Environ Microbiol. 2015;82(4):992—-1003.

Bernard G, Pathmanathan JS, Lannes R, Lopez P, Bapteste E. Microbial dark matter inves-
tigations: how microbial studies transform biological knowledge and empirically sketch a

logic of scientific discovery. Genome Biol Evol. 2018;.

109



CHAPTER 2

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Lobb B, Kurtz DA, Moreno-Hagelsieb G, Doxey AC. Remote homology and the functions

of metagenomic dark matter. Front Genet. 2015;6:234.

Mokili JL, Rohwer F, Dutilh BE. Metagenomics and future perspectives in virus discovery.

Curr Opin Virol. 2012;2(1):63-77.

Dutilh BE.  Metagenomic ventures into outer sequence space.  Bacteriophage.

2014;4(4):979664.

Erdin S, Lisewski AM, Lichtarge O. Protein function prediction: towards integration of

similarity metrics. Curr Opin Struct Biol. 2011;21(2):180-188.

Rashid M, Stingl U. Contemporary molecular tools in microbial ecology and their appli-

cation to advancing biotechnology. Biotechnol Adv. 2015;33(8):1755-1773.

O’Leary NA, Wright MW, Brister JR, Ciufo S, Haddad D, McVeigh R, et al. Reference
sequence (RefSeq) database at NCBI: current status, taxonomic expansion, and functional

annotation. Nucleic Acids Res. 2016;44(D1):D733-45.

Clark K, Karsch-Mizrachi I, Lipman DJ, Ostell J, Sayers EW. GenBank. Nucleic Acids
Res. 2016;44(D1):D67-72.

Wattam AR, Davis JJ, Assaf R, Boisvert S, Brettin T, Bun C, et al. Improvements to

PATRIC, the all-bacterial Bioinformatics Database and Analysis Resource Center. Nucleic

Acids Res. 2017;45(D1):D535-D542.

Markowitz VM, Chen IMA, Palaniappan K, Chu K, Szeto E, Grechkin Y, et al. The inte-
grated microbial genomes system: an expanding comparative analysis resource. Nucleic

Acids Res. 2010;38(Database issue):D382-90.

Boeckmann B, Bairoch A, Apweiler R, Blatter MC, Estreicher A, Gasteiger E, et al.
The SWISS-PROT protein knowledgebase and its supplement TrEMBL in 2003. Nucleic
Acids Res. 2003;31(1):365-370.

Fu L, Niu B, Zhu Z, Wu S, Li W. CD-HIT: accelerated for clustering the next-generation
sequencing data. Bioinformatics. 2012;28(23):3150-3152.

Suzek BE, Huang H, McGarvey P, Mazumder R, Wu CH. UniRef: comprehensive and

non-redundant UniProt reference clusters. Bioinformatics. 2007;23(10):1282—1288.

110



REFERENCES

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A, et al. Biopython: freely
available Python tools for computational molecular biology and bioinformatics. Bioinfor-

matics. 2009;25(11):1422-1423.

Kyte J, Doolittle RF. A simple method for displaying the hydropathic character of a
protein. J Mol Biol. 1982;157(1):105-132.

Lobry JR, Gautier C. Hydrophobicity, expressivity and aromaticity are the major trends
of amino-acid usage in 999 Escherichia coli chromosome-encoded genes. Nucleic Acids

Res. 1994;22(15):3174-3180.

Guruprasad K, Reddy BV, Pandit MW. Correlation between stability of a protein and its
dipeptide composition: a novel approach for predicting in vivo stability of a protein from

its primary sequence. Protein Eng. 1990;4(2):155-161.

Kulmanov M, Khan MA, Hoehndorf R, Wren J. DeepGO: predicting protein functions
from sequence and interactions using a deep ontology-aware classifier. Bioinformatics.

2018;34(4):660-668.

Ryu JY, Kim HU, Lee SY. Deep learning enables high-quality and high-throughput pre-
diction of enzyme commission numbers. Proc Natl Acad Sci U S A. 2019;116(28):13996—
14001.

Altschul SF, Madden TL, Schéffer AA, Zhang J, Zhang Z, Miller W, et al. Gapped BLAST
and PSI-BLAST: a new generation of protein database search programs. Nucleic Acids

Res. 1997;25(17):3389-3402.

Marchler-Bauer A, Bo Y, Han L, He J, Lanczycki CJ, Lu S, et al. CDD/SPARCLE: func-
tional classification of proteins via subfamily domain architectures. Nucleic Acids Res.

2017;45(D1):D200-D203.

Marchler-Bauer A, Bryant SH. CD-Search: protein domain annotations on the fly. Nucleic

Acids Res. 2004;32(Web Server issue):W327-31.

Fassler J, Cooper P. BLAST Glossary. In: BLAST®) Help [Internet]. National Center for
Biotechnology Information (US); 2011.

111



CHAPTER 2

[33] Pearson WR. An introduction to sequence similarity (“homology”) searching. Curr Protoc

Bioinformatics. 2013;Chapter 3:Unit3.1.

[34] Rivals I, Personnaz L, Taing L, Potier MC. Enrichment or depletion of a GO category

within a class of genes: which test?; 2007.

[35] Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical and Powerful
Approach to Multiple Testing; 1995.

[36] Li W, Wooley JC, Godzik A. Probing metagenomics by rapid cluster analysis of very large
datasets. PLoS One. 2008;3(10):e3375.

[37] Li W. Analysis and comparison of very large metagenomes with fast clustering and func-

tional annotation. BMC Bioinformatics. 2009;10:359.

[38] Jeffery CJ. Protein moonlighting: what is it, and why is it important? Philos Trans R Soc
Lond B Biol Sci. 2018;373(1738).

[39] Schwartz R, Ting CS, King J. Whole proteome pl values correlate with subcellular lo-
calizations of proteins for organisms within the three domains of life. Genome Res.

2001;11(5):703-709.

[40] Ondov BD, Bergman NH, Phillippy AM. Interactive metagenomic visualization in a Web
browser. BMC Bioinformatics. 2011;12:385.

112



Chapter 3

An Information-Theoretic Approach to

Systemize Functional Dark Matter

This chapter partially transcribes the contents of the following manuscript:

Escudeiro P, Couto FM, Henry CS & Dias R (2022). An Information-Theoretic Ap-

proach to Systemize Biological Sequence Data Annotation (in preparation).

113



114



Abstract

Most sequence databases contain large amounts of data requiring further analysis. The
gene products imputed from those data are often left unannotated, and their putative molecular
functions undisclosed. The ever-increasing growth in genomic data acquisition has magnified

this predicament, leaving a massive amount of sequences of unknown function in its wake.

The sheer magnitude of these sequences has prevented their experimental characterization.
This situation has left no alternative but to predict the function of these sequences through com-
putational methods. However, the informational value conveyed by these annotations varies
substantially. In part, this is due to the very nature of the ontologies that comprise the annotation
terms, like the Gene Ontology (GO). Therefore we posit that organizing these uncharacterized
sequences according to the extent to which they are annotated should be imperative. A consid-
erable amount of work can be averted if we manage to identify which protein sequences were

pliant to effective in silico annotation.

In this work we develop a new ensemble of metrics that allow to compute the information
content of an annotated protein. The measures we present allow to numerically qualify a pro-
tein according to its annotations. We take into account three distinct Classification Systems:
GO, Enzyme Commission (EC) numbers, and Conserved Domains (CD). We also show that a
sequence dataset can be represented as a collection of distributions depicting spectra of protein
annotation. Our results show that these distributions provide insight into the informational con-
tent of each individual protein according to the annotations it possesses. We also created an
index that illustrates the extent to which a protein was annotated in relation to all three Classifi-
cation Systems. To our knowledge, this metric is the first attempt at creating a unifying measure

for protein annotation content and quality.
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3.1 Introduction

Public sequence databases possess a tremendous amount of uncharacterized sequence data.
Most gene products predicted from these sequences are usually classified as “uncharacterized”,
“putative”, “predicted”, “hypothetical”, or “unknown” [1]. These sequences are often referred
to as “genomic dark matter” or “functional dark matter”. The rate at which these sequences are
accumulating is distressing. In addition, constraints such as time and resources preclude their

experimental characterization. The foregoing reasons leave no choice but to annotate these

sequences via computational methods.

Among the core contributions to molecular biology, bioinformatics has introduced ontolo-
gies as a means to annotate gene products [2]. Ontologies are useful because they bypass the
shortcomings of natural language descriptions [2]. By doing so, ontologies allow to automate

not only the annotation process, but the reasoning over these annotations as well [3].

Perhaps the most widely known ontology within the biological sciences is the Gene On-
tology (GO). The GO allows researchers to describe the function of a gene product through
annotations (named GO terms) in the form of a controlled vocabulary [4]. Moreover, the use of
ontologies like GO also allow to compare gene products based on their annotation [2]. These

features allow for both detailed and large-scale sequence annotation to be conducted [4].

Nonetheless, there are numerous sources of molecular function annotations (i.e., Classi-
fication Systems) besides GO [4]. These include Enzyme Commission (EC) numbers, and
Conserved Domains (CD), among many others. Additional Classification Systems provide en-

hanced molecular function descriptions when used in combination with GO [4].

Adding to this complexity, some annotations might be more specific than others. For in-
stance, a protein whose sole annotation is “hydrolase” conveys less information regarding its
molecular function than a second protein whose annotation is “amylase”. In order to quantify
the amount of information conveyed by a given term, one needs to calculate its Information

Content (IC) [5, 6].

Shannon’s definition states that the /C of a term is inversely proportional to the likelihood
of its occurrence within a corpus [5, 6]. In this work, we define a corpus as a collection of
sequences—i.e., a dataset. In a Classification System structured like a graph (e.g. GO, Fig-
ure 3.1.A), we have to consider the relations between terms to calculate the /C for each term

[7]. An example of these relations are subsumption relations, like is-a or part-of [8].
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We calculate the probability of a term occurring in a dataset by dividing its frequency by
the frequency of the root term—i.e., the number of times any term occurs in the dataset [6].
Moreover, a term occurs if itself, or any of its descendants occur [6]. The IC of a term is
given by the negative log likelihood of this probability [6], it is therefore a dataset-dependent
measure [7]. By calculating the /C of a term we arrive at two observations. First, the greater the
probability of a term occurring, the broader its representation, and the lower its /C value [6].
And conversely, the lower the probability of a term occurring, the greater its specificity, and the
greater its /C value [6]. This probability increases as one moves towards the root of a graph,

where the probability of the root term occurring is 1 [7].

IC-based metrics have been extensively used for biological ontologies ever since the work
of Lord et al. [7]. Yet, to our knowledge, these types of metrics have not been applied to EC
numbers, nor CD identifiers. Despite being a numerical classification scheme for enzymes,
we posit that EC numbers are also a k-ary tree. A k-ary tree is a rooted tree where each node
has at most k children. Where k is the number of descendents of the parent node with the
most offspring. All of its leaf nodes are at the same depth of the graph—i.e. the 4th-digit EC
(Figure 3.1.B). This k-ary tree consists of four levels. The first level has seven nodes, where
each node describes the enzyme class (e.g., EC:1.-.-.-, “Oxidoreductases”). The second and
third levels include the enzyme subclass and sub-subclass. These levels represent the reaction
a particular enzyme catalyzes in terms of several factors. These factors relate to the reactive
species, the type of bond being acted upon, and group or product involved (e.g., EC:1.1.-.-
, “Acting on the CH-OH group of donors”; and EC:1.1.1.-, “With NAD(+) or NADP(+) as
acceptor”). The fourth level represents the overall reaction of that sub-subclass (e.g., EC:1.1.1.1,
“Alcohol dehydrogenase™). Therefore, even though these subsumption relations are not strict
is-a relations, the occurrence of a 4th-digit EC implies the occurrence of every digit it contains.
Thus, we argue that these relations should be considered when calculating the /C for an EC

number.

Classification systems might have different types of relations among its terms [8], or even
the absence thereof. Such is the case of CD identifiers. These identifiers, like other Classifi-
cation Systems, do not conform to a controlled vocabulary [4, 7]. We can calculate the IC for
these terms nonetheless. By lacking relations they behave as sets of keywords, and may be con-
sidered “orphan” terms [7]. This way, every identifier has a single inheritance relation, directly

and only, from a conceptual root term [7](Figure 3.1.C).
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A

Figure 3.1: Graph structure example of each Classification System: GO (A), EC (B) and CD (C). The dark-color-fill nodes
represent the root of each graph. The light-color-fill nodes represent leaves. A: The graph depicts a sub-DAG. The root term
is the “molecular function” (MF) category of GO. Each solid line represents an is-a subsumption relation. The dotted lines
represent a part-of subsumption relation. This sub-DAG structure example was adapted from [9]. B: EC is shown as a k-ary
tree. The dots denote collapsed nodes. The dashed lines represent collapsed subsumption relationships. The dashed nodes
represent the “k-most” nodes of that level, where k is the number of descendents of the parent node with the most offspring.
These were collapsed in the graph for simplification purposes. C: The conjectural graph structure of CD PSSM identifiers.
These are represented as a set of keywords. Every node is only related to a conceptual roor term. The dots denote collapsed
nodes, and the dashed node represents the “.k-most” node of the only level that exists.
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The calculation of /C for CD identifiers raises three implications. First, this reasoning im-
plies that all CD identifiers share a single ancestor, the conceptual root term (Figure 3.1.C).
Second, all identifiers are at the same level, which is the first and only one. Third, they have
no descendants—i.e. they are all leaf nodes. Therefore, when calculating the probability of
occurrence of an identifier, we cannot consider the number of times its descendants occurred,

because there are none.

The IC of a term does not represent the full extent of information in an annotated protein.
There are two main reasons for this. First, a protein might have multiple annotations. Second,

these annotations might issue from multiple Classification Systems.

In this work we present a new family of /C-based measures, tailored for the computation
of the informational value within an annotated protein. Our computations take into account a
set of multiple terms from a given Classification System, as well as whether the Classification
System in question conforms to a controlled vocabulary or not. This way, each metric can be

calculated for the three Classification Systems used in the present work (i.e., EC, GO, and CD).

Ultimately we combine each measure calculated for a Classification System into an index.
This index illustrates the extent to which a protein was annotated in relation to all three Classifi-
cation Systems. To our knowledge, this metric is the first attempt at creating a unifying measure

for protein annotation content and quality.
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3.2 Methods

3.2.1 Datasets

The “Hypotheticals” dataset refers to 12,651,618 protein sequences. The “SwissProt” dataset
refers to 235,543 protein sequences. Both datasets comprise sequences that were annotated
with at least a GO term, an EC number, or a CD. These annotations issue from DeepGO [10],
DeepEC [11], and RPS-BLAST [12], respectively. The sources from which these sequences
were obtained, the selection criteria, all (pre-)processing steps that ensued, as well as the anno-

tation processes, are described in section 2.2.

3.2.2 Rationale for the Development of Information-Theoretic Equations

We define a Classification System (C) as a Semantic-Base [8]:

C=(T,R)|R={(t;,t;) :Vt;,t; €T} (3.1)

Where T is the set containing all terms ¢ that belong to C, and R is the set of relations
between these terms. A relation in R consists of a pair of terms (;,7;) that belong to 7. This
definition of C ignores the type of relations between the terms [8]. R might contain subsumption
relations (e.g. is-a), other types of relations, or even the absence thereof (i.e. R = &). Assuming

that R contains subsumption relations, we define the ancestors (Anc) of a term ¢ in T [8], as:

Anc(t)={a: (t,a) ER" Nt €T} (3.2)

And the descendants (Desc) of aterm ¢ in T [8], as:

Desc(t) ={d: (d,t) ERT ANt €T} (3.3)

Where R™ is the transitive closure of R on the set 7 [8, 13]. Consider a corpus X to be a
collection of protein sequences. Each protein sequence x in X can be annotated with a finite
number of distinct terms ¢ in 7. Let ref be a predicate that evaluates to true when a protein x
in a corpus X refers a term ¢ in T [8]. This way, the frequency (f) of a term ¢ in a corpus X is

defined as:
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fx(@) =|{xeX :ref(x,t') At €{t}UDesc(t)}| 3.4

Where ¢’ comprises the term ¢ and all of its descendants. Thus, the probability function of a

term ¢ occurring in a corpus X, can be written as:
Jx (1)
)= ——"— 3.5

p() fx(root) (3:5)

Where root is the root term of a C—i.e. the single common ancestor to all terms ¢ in 7.

We calculate the information content (/C) of a term ¢ in 7" according to Shannon [5]. Thus,

the informational value of a term ¢ is given by the negative log likelihood of its probability of

occurrence within a given corpus [6]:

IC(1) = —log, p(1) (3.6)

Where b is the base of the logarithm. In this work, all calculations involving the logarithm
were made with b = 10. We can uniformize Equation 3.6 by dividing the value of IC by the

maximum value in the scale—i.e. the frequency (f) of the root term in X [2]:

IC(1)

IC(1) = log, fx (root)

(3.7)

Consider that a term ¢ results from a computational prediction. Likewise, note that the
prediction tools we used assign a score to every prediction. Therefore, assume that for every

term ¢ there is a corresponding prediction score s.

Let annot be a function that represents the input-output logic for a prediction tool. Given a

protein x from a corpus X as input, annot outputs a set that contains pairs (z,s), as follows:
annot : x — {(t1,51), ..., (ta,sn) } |t €T A (s €]0,1] Vs € Rxp) (3.8)

Where ¢ is a term that belongs to 7 in a C, and s is the prediction score for that z. In this
work, the value of s might range from O to 1 (in the case of DeepEC or DeepGO), or belong to
R~ (in case of bit scores from RPS-BLAST).
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The semantic representation of a protein x is defined as the subset of T that characterizes a

one-to-many mapping between a protein x in X, and terms ¢ that belong to 7" in a C [8]:

T ={t:(t,s) €annot(x)} | T, C T 3.9

For each pair (¢,s), T, only contains the term ¢ returned by annot, and not the prediction
score s. Assume that 7, can represent the sub-graph associated with protein x. This might occur

if 7 is the subset of a T in a C where R contains subsumption relations.

Let depth be a function that, given a set of terms 7', outputs the depth value of each term ¢

belonging to 7" in a C, provided that R contains subsumption relations:

depth: T — N (3.10)

Thus, we determine M, as the subset of T, containing the terms for which the value of depth

in the sub-graph is maximized:

My = {t € T, : argmaxdepth(t)} | My C T (3.11)

Notice that in the case of GO, specificity has been reported to be poorly related with depth
in the graph [2]. The reason for this is that leaf nodes in the DAG differ substantially in their
distance from the root [7]. However, we still chose the value of depth associated with a given

term as a selection criterion. We do so in detriment of choosing the leaf nodes, for three reasons.

Firstly, the leaves in a sub-DAG might not correspond to leaf nodes in the complete GO
DAG. Thus, they could lead to misinterpretation of downstream results. As an example, if a
protein is annotated with the terms “binding” and “protein binding”, the only leaf node of the
sub-DAG characterizing this protein is the term “protein binding”. Yet, this term is far from

being a leaf node in the complete GO DAG.

Secondly, a leaf node in a sub-DAG might not be the most informative term characterizing
a protein. We make this assumption minding that there might be other terms, at a greater depth,

that even though not being leaves, might nonetheless possess greater informational value.

Thirdly, even if poorly related with specificity, the depth of a term is still a valid indicator

of informational value. From an intrinsic graph perspective, the greater the distance from the
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root of the graph, the more specific the terms [7]. In the present work we made use of the
graph’s structure in order to calculate the frequency of a term in a corpus (Equation 3.4), and
consequently all equations branching from the latter. We regard our choice of depth over leaf

nodes as reasonable.

Elaborating on the definition of ancestors (Equation 3.2), we establish the common ancestors

(CA,) of the terms m in M,, as:

CAy= () Anc(m) (3.12)
meM,
And the most informative common ancestors (MICA,) as the subset of CA, containing the

common ancestors for which IC,, is maximized:
MICA, = {a € CA, : argmaxIC,(a)} | MICA, C CA, (3.13)

According to the notation known as Iverson brackets [14], assume that a logical proposition

L enclosed in square brackets is converted into 1 if satisfied, and O otherwise:

1 if Lis true;
L] = (3.14)

0 otherwise.

We define the Protein Information Content (PIC), of a set of terms 7 as the following

equation:

PIC(Ty) = IC,(m) — IC,(MICA)[|M| > 1] (3.15)

meM,

Where T is the semantic representation of a protein x in a corpus X; M, is the subset of T}
that contains the terms at maximum depth of the sub-graph; MICA, is the set containing the
common ancestor(s) with the maximum /C,; and the square brackets denote Iverson brackets

(Equation 3.14). Notice that, by definition, all ancestors in MICA, have the same IC,, value [8].

Considering the cardinality of M,, and whether a MICA, exists, there can be 3 outcomes for
Equation 3.15. First, if the MICA is the root term, the PIC is equal to the sum of the /C,, values

of the terms in M,, given that IC,(root) = 0. Second, if M, contains a single term, the Iverson
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brackets evaluate to 0, and the PIC is equal to the IC, of that term alone, given that the sum
over a set with a single element equals this element itself. Third, if M, contains several terms,

the PIC is equal to the sum of the I/C,, values of these terms, minus the IC,, of the MICA,.

Equation 3.15 can only be solved for a 7 from a C whose R contains subsumption rela-
tions—e.g., GO terms or EC numbers. The absence of semantic relations among CD PSSM
identifiers preclude the use of Equation 3.15 to calculate PIC. This is due to the fact that, for
a T, containing CD PSSM identifiers, one cannot calculate M, nor MICA,. The reason for
this is that in this C there is no concept of depth, nor that of ancestors. For these reasons, we

alternatively define the PIC for a T, in a C, whose R = &, as:

PIC(T,) = max{IC,(t):t € T,} | R=O (3.16)

Where the PIC for a semantic representation 7, of a protein x in a corpus X, containing CD

PSSM identifiers, is equal to the highest IC,,.

Elaborating on the output of Equation 3.8, we define a retrieval function S. This function

returns the prediction score s calculated by annot (Equation 3.8), given a term ¢ in 7 as input:

Sit—s|teTN(s€]0,1]VseRx) (3.17)

Where 7, is the semantic representation of a protein x in a corpus X. Using the retrieval
function S, we can include the prediction scores s provided by annot into the calculation of
PIC. This way, we are able to associate the IC, of a given term ¢ in 7, with the degree of
confidence for that prediction. Thus, given a semantic representation 7y, of a protein x in a
corpus X, belonging to a C whose R contains subsumption relations, we can define a prediction-

score-weighted version of PIC, named PICj, as:

PICS(T.) = ) (IC,-S)(m) = (IC, - S)(MICA)[|M| > 1] (3.18)

Where S is the retrieval function defined in Equation 3.17. The product of /C, and S follows
the algebraic function multiplication, such that given the product of two arbitrary functions f
and g, we write f(x)-g(x) = (f-g)(x). Akin to Equation 3.15, the square brackets denote
Iverson brackets (Equation 3.14). The same 3 outcomes apply when considering the cardinality

of M, and the existence of a MICA,.
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The semantic representation 7, of a protein x in a corpus X, might issue from a C whose
R contains subsumption relations. Such is the case with GO terms or EC numbers. In this
work, EC numbers were predicted by DeepEC. DeepEC uses 3 convolutional neural networks
(CNNss) to predict the enzymatic function of a protein sequence. The first CNN predicts whether
the protein is an enzyme or not. The second CNN predicts the 3rd-digit EC number. And the
third CNN predicts the 4th-digit EC number.

To mitigate false-positives, DeepEC only provides results for proteins that were predicted
to be enzymes by the first CNN, and whose predicted 3rd-digit EC number is a prefix of the
predicted 4th-digit one. DeepEC also performs homology analysis if one of the CNNs fails
to predict an EC number. It also outputs to the user the log files corresponding to each CNN
prediction, and its prediction scores. The predictions from homology analysis lack prediction

scores. For that reason they were excluded from all analyses.

Conversely to DeepGO, all results from DeepEC contain EC numbers that are at the maxi-
mum depth of the graph—i.e., the 4th-digit. In accordance with DeepGO, DeepEC can assign a
protein sequence with more than one term at the maximum depth. To calculate the CA, and the
MICA, for the protein sequences with multiple EC assignments, we decomposed each 3rd-digit

EC number prediction and retrieved its 2nd and 1st-digit.

However, DeepEC does not provide prediction scores for the 2nd and 1st-digit EC. This is
due to the fact that there are no CNNs liable to do so. To overcome this, we assumed that each

2nd and 1st-digit EC had the same prediction score s as that of the 3rd-digit EC prediction.

Next, we sought to develop the prediction-score-weighted version of Equation 3.16. To do
so, we had to consider several factors. First, a semantic representation 7, of a protein x in a
corpus X, issuing from this C, represents a set of CD PSSM identifiers. Second, the prediction
tool that assigns these terms is RPS-BLAST, and the prediction scores s returned by this tool
are bit scores. Third, the bit score distributions for the datasets used in this work are heavily

influenced by outliers. Fourth, the bit score scale does not range from 0O to 1.

To solve these issues we had to normalize the bit scores, and then rescale them. By doing
this we ensured that the resulting bit score distributions were not as influenced by outliers, and

that their values ranged from O to 1.

To this end, we first performed a quantile transformation on the bit score cumulative dis-

tribution function (generalized as Fy for the random variable Y). We achieved this by using
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the quantile function of the standard normal distribution (d ). Afterwards we rescaled the
resulting distribution with min-max feature scaling. We named the equation that includes both

of these steps Q, and define it as:

/ /
Y — Vmi _
O(y) = ——="— |y € (27 o F)() (3.19)
Ymax = Ymin
Where the circle denotes the function composition operation, such that given two arbitrary
functions f and g, we write g(f(x)) = (go f)(x). After these transformations we only consid-

ered the transformed bit scores whose original value was > 80 for downstream processing.

As a result of this normalization procedure, we are able to define the prediction-score-

weighted version of Equation 3.16, as:
PICs(T,) = max{IC,(t)- (QoS)(t):t € T,} | R=O (3.20)

Where, S is the retrieval function defined in Equation 3.17; Q represents the normalization

procedure defined in Equation 3.19; and the circle denotes the function composition operation.

We decided that further equations built upon the concept of Protein Information Content,
should use the prediction-score-weighted versions (Equation 3.18 and 3.20), and not the un-
weighted ones (Equation 3.15 and 3.16). We made this choice for the following reason. If a
protein sequence has a predicted term ¢t whose IC,, value is high, but whose prediction score s is

low, then the resulting Protein Information Content should reflect that balance.

Ultimately, we intended to devise a global equation. This equation should include the three
PICy values, one for each C used in this work—i.e., GO terms, EC numbers, and CDs. To do
so, we first define the total number of distinct terms annotated to proteins x in a corpus X, for a
given C, as the cardinality resulting from the union of all semantic representations 7, provided

all terms ¢ in the union set are distinct:

Nx(C) = ‘ {\ﬁ,-,z,- e |J T #tj}) (3.21)

xeX

Secondly, we define a triple named Z that contains each C used in this work, where C

represents any of the three Classification Systems:
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Z=(EC,GO,CD) |CeZ (3.22)

Thirdly, we define a weight measure, so that we are able to highlight the contributions of
each C in comparison to the remainder. We formulate the weight of a C (w(), as the total number
of distinct terms, for that C, annotated to proteins x in a corpus X, divided by the sum of the

total number of distinct terms annotated to proteins x in a corpus X for each C in Z, as follows:

we = x(©)
> Nx(C)

cez

(3.23)

Fourthly, assume that for a protein x in a corpus X, there is a superset (7} z), that comprises

a semantic representation 7, for each C in Z, such that:
I,z = {E}c :CeZ} (3.24)

We then applied the normalization procedure described in Equation 3.19, to each PICy dis-
tribution (one for each C in Z). These distributions required normalization before being used in
the global equation for two reasons. First, the PICg calculation differs when taking into account
the presence (Equation 3.18), or absence (Equation 3.20) of subsumption relations among the
terms in that C. Second, the PICg distributions presented different scales. By normalizing the
PICyg distributions, we ensure that they were fit to a standard normal distribution, and that they

scale from O to 1.

Thus, for a protein x in a corpus X, with an associated superset 7, z comprising a semantic
representation 7 for each C in Z, and assuming a weight w¢ that highlights the contributions
of each C in Z; we define the global equation, named Protein Annotation Index (PAI), as a

weighted arithmetic mean:

PAI(T;z) = » (Qo PICs)(Tyc) - we (3.25)
ceZ

Where, Q represents the normalization procedure defined in Equation 3.19, and the circle
denotes the function composition operation. In Figure 3.2 we show a diagram that illustrates

the logic behind this rationale, as well as the workflow undertaken for each dataset.
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Calculate PJ('g (Ta:)

max{/C,(t) - (Qo S)(t) : t € T, }

(ICy - S)(m) | My = {m}

> (IC, - S)(m)

meMy

> (IC, - S)(m) — (IC, - S)(MICA,)

meMy

Figure 3.2: Flowchart representation of the rationale behind the information-theoretic equations, and the workflow undertaken
for each dataset. The oval shapes represent the beginning and the end of the workflow for each dataset. The parallelograms
represent inputs and outputs. The rectangles without top corners represent a for loop, and the dashed rectangles enclose the
processes that take place inside that loop. The diamonds represent conditional choices. The rectangles with sharp corners
represent the outcomes of each choice. The rectangles with rounded corners represent functions.
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3.2.3 Minimum Method Thresholding Algorithm

We calculated the value of PAI (Equation 3.25) for each protein x in a corpus X—i.e., each
protein in each dataset. The collection of PAI values for a dataset constitutes a PAI distribution.

A PAI distribution will be simply denoted as PAI henceforth.

Histogram-based thresholding algorithms are nonparametric, unsupervised procedures that
automatically select a critical value (i.e., threshold) from an intensity histogram [15]. These
algorithms allow to partition a grayscale image into two classes. The pixels whose value exceeds
the threshold are assigned to one class, and the remainder to the other. This process is known

as image thresholding [15].

Grayscale images are usually represented as an intensity histogram. Each histogram bin
depicts a gray-level. The intensity of each bin corresponds to the number of pixels in that level.
The number of gray-levels, and consequently that of histogram bins, for 8-bit grayscale images
is 256 [16]. Programming toolboxes that offer collections of thresholding algorithms—e.g.,

Python’s Scikit-Image [17]—default to 256 histogram bins.

Given that we are using PA! as input, we needed to calculate the number of histogram bins a
priori. We did this by using NumPy’s [18] “histogram bin_edges” function, with the “bins”
parameter set to “auto”. The “auto” setting defines the optimal number of histogram bins
as the maximum between the output of Sturges formula [19], and that of the number of bins
calculated by the Freedman-Diaconis (FD) rule [20]. Following the notation set in the previous

section, we rewrite Sturges formula as:

kSturges = flng |X|-| +1 (3.26)

Where X represents a corpus, consisting of a collection of protein sequences x, and kszyrges

is the number of histogram bins. We also rewrite the FD rule as:

IQR(PAI)

VIX]

hpp =2 (3.27)

Where IQR(PAI) is the interquartile range of the data, and hpp is the bin-width. To estimate
the number of bins for PAI using the FD rule, we must calculate the difference between the

maximum and the minimum value of PA/ and divide it by hrp. This is due to the fact that
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the FD rule is not used to calculate the number of bins, but rather their width. The number of

histogram bins krp, using the bin-width hrp, for PAI, is given by:

PAImax - PA[min
krp = [ —‘ (3.28)
hrp
Thus, the optimal number of histogram bins k¥, is determined by:
k* = max {kSturgeS7 kFD} (3.29)

Adapting the notation used by Glasbey [15], we define a histogram B as a collection of bins b:
B = (by,....,by) (3.30)

Where b; is the number of data-values from PAI that belong to index i, and k* is the opti-
mal number of bins (Equation 3.29). The Minimum Method algorithm [21] proposes that, the
threshold for segmenting a histogram, is the value i at which the bin counts b; are minimized,
in a valley between maxima [15]. This definition assumes that the histogram B is bimodal.

Bimodality can be achieved by smoothing each bin b in B:

b bi—1+bi+biy
e 3

i€ [1,k] A by = by =0 (3.31)

Where b’ is the smoothed bin. This process is repeated for all b in B until only two local

maxima are found. The final smoothed histogram B’ can be written as:
k*
B = (b, ....bp) | > [Vl <bj> bl ] =2 (3.32)

i=1

Where the square brackets are Iverson brackets (Equation 3.14). Assuming a smoothed
bimodal histogram B’ containing bins &', of which only two are local maxima, the threshold (7)

is equal to the value of i for which b; 18 minimized, such that:

T=argmin{ b : Bj € [L,K] (b} <b})} (3.33)
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In Figure 3.3 we show a diagram that illustrates the logic behind this method, and the work-
flow undertaken for each dataset, after being subjected to the steps described in subsection 3.2.2

(see Figure 3.2).

(&)
[ ra /

k* = maX{kSturgesv kFD}

l
B = (by, ..., b)

T =argmin{ b; : Bj € [1,k] (b < b)) }

7

JY
{ N
/PAI<T/ /PAI>T/
L )
(s )

Figure 3.3: Flowchart representation of the Minimum Method Thresholding Algorithm, and the workflow undertaken for each
dataset. The oval shapes represent the beginning and the end of the workflow for each dataset. The parallelograms represent
inputs and outputs. The rectangles without top corners represent a for loop, and the dashed rectangles enclose the processes
that take place inside that loop. The diamonds represent conditional choices. The rectangles with sharp corners represent
variable declarations. B < B’ denotes variable reassignment. PAI refers to the distribution of values gathered by calculating
Equation 3.25 for each protein within a dataset.
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3.3 Results and Discussion

3.3.1 The IC, distributions

Continuing the work of chapter 2, our next objective was to validate the protein sequence
annotations of the Hypotheticals dataset. We also wanted to know if these annotations allowed
for the molecular function representation of the proteins enclosed therein. To do so, we had to
quantify, and qualify, the information conveyed by the annotation terms in each Classification

System—i.e., GO, EC, and CD.

We calculated the IC for every distinct term assigned to the proteins in each dataset. We did
this for each Classification System. We also uniformized the /C values (IC,) so that these would
range from O to 1 (Equation 3.7). This step yielded six distributions—one for each Classification

System, per dataset (Figure 3.4).

The Hypotheticals dataset has a lower diversity of EC numbers (1,964), than SwissProt
(2,044)(Figure 3.4.A). However, relative to SwissProt, the Hypotheticals dataset shows an in-
creased representation of ECs with an IC, value between ~0.62 and ~0.86, and from ~0.96
to 1. These distributions differ significantly (two-sample K-S p-value = 0.0, Mann—Whitney
U p-value = 0.0001). They are also heteroscedastic (Levene p-value = 0.0001). The EC IC,
distribution of the Hypotheticals dataset has a heavy tail (kurtosis = 0.7978), whereas the EC
IC,, distribution of SwissProt has a thinner one (kurtosis = —0.0829). In both datasets the
EC IC, distribution is leaning towards higher values. This skewness is more prominent in the

Hypotheticals dataset (skewness = —0.828), than in SwissProt (skewness = —0.648).

In the case of the GO DAG, specificity is known to be poorly related with depth [2]. The
reason for this is that, in the GO DAG, leaf nodes differ substantially in their distance from the

root [7]. We posit that this is not the case for EC numbers for three reasons.

First, every protein with an EC, has this number obligatorily at a 4th-digit resolution—i.e.
the maximum depth of the graph. Second, in the EC Classification System all leaves are at the
same level of depth in the graph. Third, this level is that of maximum depth, and in this case,

specificity (Figure 3.1.B).

Conversely, DeepGO annotates proteins with GO terms at different levels of depth (see Fig-
ure 3.1.A). This implies a greater representation of shallower—and arguably less specific—terms

in the GO IC,, distribution (Figure 3.4.B), in comparison to that of EC (Figure 3.4.A). The GO
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IC, distribution of the Hypotheticals dataset shows steady density values between the IC, of
0.4 and 0.9. This implies similar representation of both unspecific and specific GO terms. It is
also a recurring observation. We saw that only a small fraction of proteins possess a GO term
annotation deeper than the 3rd level of the DAG (see Figure 2.8). We also reported that the two
most populous over-represented terms were located at the depth levels of 1, and 2 of the GO

DAG (see Figure 2.14.A).

This might be explained by the fact that, in the GO IC, distribution of the Hypotheticals
dataset, even if a protein is annotated with a specific GO, its ancestors also occur via is-a
relationship. Thus increasing the probability of occurrence of unspecific terms. This differs
from the context of the EC /C,, distribution. In the GO IC,, distribution the ancestors that occur
by subsumption increase the representation of the already existing, unspecific sole annotations.

Whereas the ancestors in the EC IC, distribution occur exclusively by subsumption.

The GO IC, distribution of SwissProt leans towards higher IC, values (skewness = —0.7686)
than that of the Hypotheticals dataset (skewness = —0.2112). It also shows greater density be-
tween the IC, of ~0.63 and 0.9, and lower density between ~0.27 and 0.55. This contrasts
with the GO IC, distribution of the Hypotheticals dataset. It also suggests that there is a greater
representation of specific terms annotated to proteins from SwissProt, in comparison to the

Hypotheticals dataset.
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Figure 3.4. (Continued on next page.)
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B

density

density

Figure 3.4: IC, distribution of each Classification System: EC (A), GO (B), and CD (C); and for each dataset: Hypotheticals
(darker color), and SwissProt (lighter color). Each plot is colored according to its annotation type: EC (red), GO (green), CD
(blue). Each plot contains a KDE, an histogram outline and a top boxplot, for each dataset. The boxplots share the same x-axis
as the main plot. A table of summary statistics and tests is shown to the right of each plot. The cardinality refers to the number
of distinct terms annotated to proteins from each dataset. t: a given term; S-W: Shapiro-Wilk test of normality; two-sample
K-S: two-sample Kolmogorov-Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U

test.

(two-sample K-S p-value = 0.0022, Mann—Whitney U p-value = 0.02). Additionally, the GO

IC, distribution of the Hypotheticals dataset has a thinner tail (kurtosis = —0.785), than that
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The two GO IC,, distributions are homoscedastic (Levene p-value = 0.0811), and dissimilar
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of SwissProt (kurtosis = 0.0076). This result also emphasizes the increased representation of

unspecific annotations for the Hypotheticals dataset.

The CD IC, distribution of the Hypotheticals dataset partially resembles a Normal distribu-
tion (Figure 3.4.C). Albeit for an increase in density from the /C, of 0.9 upward. This is shown
by both datasets. This density at IC, > 0.9 suggests an increased representation of highly
specific terms. The almost-Normal appearance might be due to two factors. First, this Classifi-
cation System has the greatest number of distinct terms annotated to the Hypotheticals dataset
(33,967). Second, this Classification System is non-hierarchical. Therefore, in the absence of
inheritance relations, the IC of a term only relies on the probability of its occurrence. Which

might explain why this probability density function seems to approach a normal distribution.

On the other hand, SwissProt is leaning towards higher IC, values (skewness = —0.0008),
than the Hypotheticals dataset (skewness = 0.2081). It also has a thinner tail (kurtosis =
—0.9069), than the Hypotheticals dataset (kurtosis = —0.507), and almost half the number of
distinct terms (19,706). Both distributions differ significantly (two-sample K-S p-value = 0.0,

Mann—Whitney U p-value = 0.0), and are homoscedastic (Levene p-value = 0.0691).

3.3.2 Protein Information Content (PIC)

The IC, cannot represent the entire informational value of an annotated protein. It also lacks
the possibility to include multiple terms into its calculation. Therefore, the cardinality of IC,
is oriented towards the term, and not the protein. An equation that calculates the overall infor-
mation content from multiple terms could be useful for proteins annotated with more than one
term. It could also be of use if one wants to consider multiple terms to compute the informa-
tion content; yet does not want to dilute the specificity of the result. This might happen if one
were to apply the arithmetic mean. For these reasons, we conceived two metrics that could be
useful towards the solution of these hindrances. We will explain these metrics in the following

paragraphs.

We define the semantic representation [8] of a protein sequence, as a set of terms that de-
scribe its molecular function. In this work, the semantic representation of a protein might be
one of three types of sets. It might contain: (i) terms that are at the deepest level of the graph
(i.e., 4th-digit ECs); (ii) terms at different depths of the graph (i.e., GO terms); or (iii) terms

that behave like keywords (i.e., CD PSSM identifiers). We can assort these types of semantic
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representation into two main groups: those whose terms belong to a Classification System with

subsumption relations (i.e., EC and GO); and that which does not (i.e., CDs).

We could not come up with a single equation for both groups, due to their different nature.
Therefore, we developed two equations instead, one for each group. Note that these two equa-
tions are different means to achieve the same goal. This goal is to calculate the information
content of a protein via its semantic representation. Each equation is specific to the nature of
the group it was developed for. Yet they are the same metric. Therefore we named both as

Protein Information Content (PIC, Equation 3.15 and 3.16).

For the semantic representations that belong to a Classification System with subsumption
relations, the PIC is equal to the sum of the IC, of the deepest terms in the subgraph, minus
the IC,, of the most informative common ancestor (MICA, Equation 3.15). Whereas for the
semantic representations that belong to a Classification System without subsumption relations,

the PIC is equal to the maximum /C,, (Equation 3.16).

Each computational method we used assigns a score for every term it predicts. These scores
range from O to 1, in the case of DeepEC and DeepGO; or are bit scores in the case of RPS-
BLAST. If we incorporate these prediction scores into the calculation of PIC, we can establish
a prediction-score-weighted version of these equations. We named these equations PICs (Equa-
tion 3.18 and 3.20). Just as PIC, PICg also comprises two equations. Each attending to the
presence or absence of subsumption relations in a Classification System. Contrasting with PIC
however, the PICs associates the /C, of a predicted term with the degree of confidence of that

prediction. We achieve this by multiplying the IC, of a term with its respective prediction score.

For the semantic representations that belong to a Classification System with subsumption
relations, the PICy is equal to the sum of the paired products between the IC, of the deepest
terms in the subgraph, and their prediction scores, minus the product of the IC, of the MICA
with its prediction score (Equation 3.18). Whereas for the semantic representations that belong
to a Classification System without subsumption relations, the PICs is equal to the maximum

among the products of the /C, of a term and the prediction score for that term (Equation 3.20).

For the last case of PICs, the prediction scores come in the form of bit scores. Given that
these do not fit in a scale from O to 1, we needed to normalize them first (Equation 3.19). By
normalizing them, we ensure that they share the same scale of the prediction scores provided

by DeepEC and DeepGO.
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3.3.3 The PIC and PICg distributions

We calculated the PIC and the PICs for all proteins from both datasets. We did this for each
Classification System. This generated twelve distributions (Figure 3.5, 3.6, and 3.7). In this
section we will address the PIC and PICs distributions while comparing them to one another.

We will do as such for each Classification System.

The semantic representations for the EC Classification System (Figure 3.5), show PIC (Fig-
ure 3.5.A) and PICs (Figure 3.5.B) maxima that exceed 1. Indeed, if a protein has multiple
4th-digit EC assignments, PIC (Equation 3.15) may be greater than 1. This outcome depends
on three factors: (i) the number of 4th-digit ECs; (ii) their /C,; and (iii) the IC, of MICA. This

scenario can also be envisioned for PICg (Equation 3.18).

In the case of PICg the same outcome will depend on two additional factors: the prediction
scores of the 4th-digit ECs, and the prediction score of MICA. Consequently, we posit that these
values relate to proteins with more than one 4th-digit EC, possibly representing proteins with
multiple molecular functions. This might explain why these proteins were left uncharacterized
in the first place, given the added difficulty in classifying a protein with multiple molecular

functions.

We theorize that for the proteins with multiple 4th-digit EC assignments there might be four
distinct scenarios taking place. These scenarios depend on whether a MICA exists, its IC,,, and
whether PIC or PICs is calculated. These scenarios also apply to proteins with multiple GOs at

the maximum depth of the sub-DAG. Albeit with some differences, as disclosed later on.

As a first scenario, suppose that a protein has multiple EC assignments. Assume that these
assignments share a MICA with a high IC, (e.g., a common 3rd-digit EC). The outcome of PIC
being greater than 1 will depend on the number, and /C,,, of the ECs—provided that their sum
exceeds 1 after subtracting the IC,, of MICA (see Equation 3.15).

In a second scenario, consider the same setting as the first. Suppose that besides having
a high IC, the MICA also has a high prediction score. Yet, assume that we calculate PICs
instead. If the prediction scores of the ECs are low, the resulting PICs may be less than 1 after

subtracting the product of MICA’s IC, with its prediction score (see Equation 3.18).

Consider a third scenario, where a protein has multiple assignments, as in the previous
examples. However, in the present case the MICA is unspecific (e.g., shares the 1st-digit EC),

or is absent altogether (e.g., the 4th-digit EC numbers have no ancestry in common). In this
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context, even two ECs with an average IC, (e.g., IC,, = 0.51), will equate to a PIC that exceeds
the value of 1. The magnitude of this PIC will be mainly constrained by the number of ECs.
This scenario differs from the first in the sense that, in the presence of an unspecific MICA—or
absence thereof—the outcome of PIC is dictated by the number of EC assignments, even if not

specific.

As the fourth and last scenario, assume the same setting as in the third, but we calculate
PICs instead. In this case, we are able to coerce the sum of the /C, for these terms, by striking
a balance with their prediction scores. Thus, by calculating PICs instead of PIC we ensure
that if this value exceeds 1, then it must be due to the presence of high prediction scores. This

translates to high confidence in these predictions, even if bearing median informational value.

The PICs distribution (Figure 3.5.B) for the Hypotheticals dataset shows a lower minimum
(0.0907) than that of PIC (0.1813, Figure 3.5.A), but an identical 25% percentile (0.1813).
This suggests that upon considering the prediction scores, there were some values that shifted
towards the left. Arguably this is due to the fact that the prediction scores for these terms were

low.

The PIC distribution has a skewness = 0.8441, while that of PICg is 1.0702. Both distri-
butions show positive kurtosis. PICs has a heavier tail (kurtosis = 2.0542), than PIC (kurtosis
= 1.3814). For both PIC and a PICs, these values of skewness and kurtosis might be due to
the outliers whose values exceed 1. Thus creating right-skewed distributions, with heavy tails

to the right.

Most proteins from the SwissProt dataset have PIC (Figure 3.5.A) and PICs (Figure 3.5.B)
values centered between 0.5 and 0.6. Each distribution shows a density maximum around 0.51.
They also have higher minima than those of the Hypotheticals dataset (PIC min = 0.4438,
PICs min = 0.2242). Both SwissProt distributions are skewed towards the right (PIC skewness
= 4.4315, PICs skewness = 4.4373), and present the heaviest tails out of both datasets (PIC
kurtosis = 34.2537, PICy kurtosis = 35.138).

The PIC and PICs distributions for SwissProt appear nearly identical. Both graphically and
statistically. This might be due to the fact that DeepEC included proteins from SwissProt in its
training set [11]. Meaning that the prediction scores for the SwissProt proteins will be equal to,
or nearing 1. Thus having no significant weight upon the “raw” informational content provided

by PIC.
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Figure 3.5: PIC (A) and PICs (B) distributions for the EC Classification System; and for each dataset: Hypotheticals (darker
color), and SwissProt (lighter color). Each plot contains a KDE, an histogram outline and a top marginal boxplot, for each
dataset. The boxplots share the same x-axis as the main plot. A table of summary statistics and tests is shown to the right
of each plot. The cardinality refers to the number of proteins annotated with at least one 4th-digit EC and belonging to each
dataset. 7y: Semantic representation of a given protein x; S-W: Shapiro-Wilk test of normality; two-sample K-S: two-sample
Kolmogorov-Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U test.

The PIC distributions for GO (Figure 3.6.A) also show maxima that exceed 1. This suggests
the existence of proteins with multiple molecular functions, as posited for EC before. Mind that
DeepGO might annotate a protein with multiple GOs at different levels of depth. Even if only

considering the terms at maximum depth of a sub-DAG, these might not be at the maximum
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depth of the entire GO DAG. Therefore, the IC, for these terms might not add up to a PIC
greater than 1. Furthermore, the PICy distribution values for GO (Figure 3.6.B) do not exceed
nor equate 1, showing lower maxima instead (Hypotheticals dataset max = 0.7952, SwissProt
max = 0.8844). This implies that the prediction scores for these annotations are lower than
those for the ECs. Thus driving the maxima leftwards below the value of 1, by weighing down

specific terms whose confidence is low.

The majority of proteins from the Hypotheticals dataset have a PIC below that of 0.2 (Fig-
ure 3.6.A). Whereas for SwissProt this value is below that of 0.3 (Figure 3.6.A). This may
relate to the fact that DeepGO can provide a protein with a term at a deeper or shallower level
as its only annotation. This translates to a greater representation of unspecific terms in the PIC

distribution. These values are lower in the PICy distribution (Figure 3.6.B).

Most proteins from the Hypotheticals dataset have PICg values lower than 0.07. The ma-
jority of proteins from SwissProt have PICg values lower than 0.11. This outlines the fact that
the prediction scores for these annotations are low. Thus, they drive the already low PIC values

further down.

Overall, the PIC and PICy distributions from GO have lower values than those of EC. How-
ever, in the Hypotheticals dataset, the number of proteins with GO annotation (12,644,075)
surpasses that of proteins with EC annotation (336,584). Few of these proteins possess a GO
annotation deeper than the 3rd level of the DAG (see Figure 2.8). Consequently these low values

of PIC and PICg for GO are expected.

The PIC and PICjg distributions for the CD Classification System from the Hypotheticals
dataset (Figure 3.7) resemble Normal distributions. However, the Shapiro-Wilk test for both
PIC and PICs indicates otherwise (p-value = 0.0). This resemblance might share the expla-
nation we proposed for the I/C, distribution of CD (Figure 3.4.C). That is, with no concept of
depth, nor that of ancestors, the PIC and PICg equations used for CD (see Equation 3.16 and

3.20) produce distributions that approach Normality.

Akin to the IC, distribution of CD (Figure 3.4.C), in Figure 3.7.A each PIC value corre-
sponds to the maximum /C,, among those calculated for the semantic representation of a protein
(Equation 3.16). And in Figure 3.7.B, each PICs value equals the product of this maximum /C,
with its transformed bit score (Equation 3.20). In all of these scenarios the values shown rely

exclusively on the probability of occurrence of a CD PSSM identifier.
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Figure 3.6: PIC (A) and PICg (B) distributions for the GO Classification System; and for each dataset: Hypotheticals (darker
color), and SwissProt (lighter color). Each plot contains a KDE, an histogram outline and a top marginal boxplot, for each
dataset. The boxplots share the same x-axis as the main plot. A table of summary statistics and tests is shown to the right
of each plot. The cardinality refers to the number of proteins annotated with at least one GO term and belonging to each
dataset. 7y: Semantic representation of a given protein x; S-W: Shapiro-Wilk test of normality; two-sample K-S: two-sample
Kolmogorov-Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U test.

In Figure 3.7.A the PIC distributions of both datasets follow a different trend than those
shown for EC (Figure 3.5.A), and GO (Figure 3.6.A). This might be because PIC is being cal-
culated differently for CD. By considering only the maximum /C,, we attain the highest mini-

mum values for both PIC and PICs, among all the Classification Systems, and for both datasets
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(Hypotheticals: PIC min = 0.333, PICs min = 0.2053; SwissProt: PIC min = 0.4625, PICs
min = 0.265). This inflation of both PIC and PICs distributions might also be due to the fact
that we only considered CD PSSM identifiers whose bit score was > 80 prior to transformation

(see subsection 3.2.2). Thus selecting the most significant domain annotation(s) per protein.
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Figure 3.7: PIC (A) and PICg (B) distributions for the CD Classification System; and for each dataset: Hypotheticals (darker
color), and SwissProt (lighter color). Each plot contains a KDE, an histogram outline and a top marginal boxplot, for each
dataset. The boxplots share the same x-axis as the main plot. A table of summary statistics and tests is shown to the right of
each plot. The cardinality refers to the number of proteins annotated with at least one CD and belonging to each dataset. T:
Semantic representation of a given protein x; S-W: Shapiro-Wilk test of normality; two-sample K-S: two-sample Kolmogorov-
Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U test.
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Similarly to EC and GO, upon introducing the transformed bitscores (Equation 3.20), the
PICys distributions for both datasets shift to the left, in comparison to PIC. The two PICs dis-
tributions have similar interquartile ranges, and near identical standard deviations (Hypotheti-
cals std = 0.0673, SwissProt std = 0.0671), in spite of differing significantly (two-sample K-S
p-value = 0.0, Mann—Whitney U p-value = 0.0), and being heteroscedastic (Levene p-value
=0.0).

The maximum value of PIC for either dataset is 1; whereas the maximum value of PICg
for the Hypotheticals dataset is also 1, but that of SwissProt is 0.8624. This indicates that, in
the Hypotheticals dataset, there are proteins whose product between the maximum /C,, and the
transformed bit score is greater than that of the protein with the highest scoring attributes from

SwissProt.

3.3.4 Protein Annotation Index (PAI)

We sought to create a global equation that enclosed the PICgs from each Classification Sys-
tem. We also decided that this equation should enclose PICs instead of PIC. We chose to do so
because the prediction scores ascribe each annotation with its degree of confidence. If a protein
has a term whose IC,, value is high, but whose prediction score is low, then the end product

should reflect that balance.

To this end, we first created a weight measure that highlighted the contribution of each Clas-
sification System to the global equation. We reckon that this measure is necessary, given that
one Classification System might provide more information than the remainder. We define the
weight of a Classification System (w(¢), as the number of distinct terms from that Classification
System, that were annotated to the proteins of a dataset (Equation 3.21); divided by the total
number of distinct terms in all Classification Systems that were annotated to the proteins of
a dataset (Equation 3.23). This is therefore a dataset-dependent metric. Using the Hypothet-
icals dataset as an example, the weights of the Classification Systems EC, GO, and CD are,

respectively:

1,964

- ’ ~ 0.0541 3.34

WEC = 1 964 1 358 + 33,967 (3-34)
358

Weo ~ 0.0098 (3.35)

~ 1,964 + 358+ 33,967
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B 33,967
"~ 1,964 + 358+ 33,967

wep ~ 0.9360 (3.36)

The lowest w¢ for the Hypotheticals dataset is that of GO (wgg). It accounts for 0.98% of
total term diversity. This is due to the fact that there are only 358 distinct terms represented
in the Hypotheticals dataset (see Figure 3.4.B). On the other hand, wgc accounts for 5.41%
of total term diversity, amounting to 1,964 distinct terms (see Figure 3.4.A). Although most
proteins from the Hypotheticals dataset are presumably non-enzymes (see Figure 2.7), those
that have EC annotation do so at the deepest level of the graph—i.e., the 4th-digit EC. This
allows for wge to account for five times more term diversity than that of wgp, given that the
deeper the ontology level, the greater the number of distinct annotations, and thus the greater
the probability of distinct term representation. The heftiest Classification System is CD, with
wcep accounting for 93.60% of the total term diversity. This was expected minding that the
number of distinct CDs in the Hypotheticals dataset is 33,967 (see Figure 3.4.C). This is also a
favorable result, because the existence of CD annotation might act as a “limiting factor’—i.e.,
it might dictate whether an amino-acid sequence is a protein or not. We make this assumption

based on the premise that the sequences without CD annotation might not be proteins at all.

Afterwards, we normalized each PICj distribution using the Q function (Equation 3.19). We
did this for both datasets. The PICs distributions had to be normalized before we could proceed
for two reasons. First, the calculation of PICs differs when taking the presence (Equation 3.18),
or absence (Equation 3.20) of subsumption relations in a Classification System into account.
Second, the PICg distributions show different scales (see Figure 3.5.B, 3.6.B, and 3.7.B). By
normalizing them, we ensure that they have been fit to a standard normal distribution, and that
their scale ranges between 0 and 1. Thus being apt to undergo further processing. We named

these normalized distributions Q o PICs (Figure 3.8).

Both Q o PICy distributions for EC (Figure 3.8.A) show a median value ~0.5 (median
= 0.4999 for the Hypotheticals dataset, and median = 0.5001 for SwissProt). The Hypotheti-
cals distribution shows a local maxima near Q o PICs = 0.44. This might have lead to higher
skewness (0.0108), in comparison to SwissProt (0.0091). This local maxima might be related to
the one near the value of PICs = 0.18 (Figure 3.5.B) after normalization. The Hypotheticals and
SwissProt distributions are dissimilar according to the two-sample K-S p-value = 0. However,

the Mann-Whitney U p-value = 0.4751 indicates otherwise.
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The Q o PICs distributions for GO (Figure 3.8.B) have values of skewness and kurtosis
close to O (Hypotheticals dataset skewness = —0.0098, kurtosis = —0.007; SwissProt dataset
skewness = —0.0075, kurtosis = —0.0093). The SwissProt distribution shows a S-W p-value
= 0.6339. This does not allow us to reject the null hypothesis for any significance level, thus
suggesting Normality for this distribution. The Mann-Whitney U test p-value = 0.151 does
not allow us to reject the null hypothesis, for any significance level. This indicates that both
distributions are similar. Yet, the two-sample K-S p-value = 0 implies otherwise. Both distri-
butions share the same standard deviation (0.0961). This is also shown by the Levene p-value
= 0.9253, which does not allow us to reject the null hypothesis, for any significance level. Thus

suggesting that these distributions are homoscedastic.

Both Qo PICs distributions for CD (Figure 3.8.C) show mean and median values close to
0.5, and similar quantiles. The values of skewness and kurtosis are close to 0 for both dis-
tributions (Hypotheticals dataset skewness = —0.01, kurtosis = —0.0532; SwissProt dataset
skewness = —0.0076, kurtosis = —0.016). These distributions are also dissimilar (two-sample
K-S p-value = 0.0247, Mann-Whitney U test p-value = 0.0113). They show similar standard
deviations (Hypotheticals std = 0.0962, SwissProt std = 0.0963). This is also supported by Lev-
ene p-value = 0.5916, which does not allow us to reject the null hypothesis, for any significance

level. Hence hinting at homoscedasticity.
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Figure 3.8. (Continued on next page.)
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Figure 3.8: Qo PICs distribution for each Classification System: EC (A), GO (B), and CD (C); and for each dataset: Hy-
potheticals (darker color), and SwissProt (lighter color). Each plot is colored according to its annotation type: EC (red), GO
(green), CD (blue). Each plot contains a KDE, an histogram outline and a top marginal boxplot, for each dataset. The boxplots
share the same x-axis as the main plot. A table of summary statistics and tests is shown to the right of each plot. The cardi-
nality refers to the number of proteins with at least one annotated term for a given Classification System and belonging to each
dataset. Ty: Semantic representation of a given protein x; S-W: Shapiro-Wilk test of normality; two-sample K-S: two-sample
Kolmogorov-Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U test.

We define the global equation as the weighted arithmetic mean of the products between the
Q o PICys for each Classification System, and its we (Equation 3.25). We named this equation

Protein Annotation Index (PAI). PAI should allow to arrange the proteins from the Hypotheti-
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cals dataset according to their global informational value. This way, the PAI distribution should

portray a spectrum for different degrees of protein annotation.

We calculated PAI for all proteins from both datasets. This generated two distributions, one
for each dataset (Figure 3.9). The PAI distribution for the Hypotheticals dataset shows a local
maxima near 0. The boxplot at the top also suggests that at least 50% of the proteins from
this dataset have a PAI value between 0 and 0.0066—i.e., those spanning from the left whisker
(Q1 — 1.5 X IQR) to the median (Q;). This corresponds to ~6 million proteins with extremely
low values of PAI. The distribution also shows a Normal density curve between 0.2 and 0.8.
These observations indicate that the distribution is skewed to the right (skewness = 0.2514).
The value of kurtosis is very low (kurtosis = —1.7024), which suggests a distribution with very
light tails—i.e., without outliers. Indeed, there appear to be no outliers for this distribution,

which can be confirmed by the boxplot at the top.

The PAI distribution for SwissProt shows minor density near 0. This density has a value
lower than 1, whereas the one shown by the Hypotheticals dataset is greater than 10. The
minimum value of PAI for SwissProt is 0.0018. This entails that, in contrast to the Hypotheti-
cals dataset, the lowest value of global informational content in SwissProt does not equate the

absence of information.
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Figure 3.9: PAI distribution for each dataset: Hypotheticals (darker color), and SwissProt (lighter color). Each plot contains
a KDE, an histogram outline and a top marginal boxplot, for each dataset. The boxplots share the same x-axis as the main
plot. A table of summary statistics and tests is shown to the right of each plot. The cardinality refers to the number of proteins
with at least one annotated term, for at least one Classification System, belonging to each dataset. Ty z: Superset containing the
semantic representations of a given protein x, for each Classification System; S-W: Shapiro-Wilk test of normality; two-sample
K-S: two-sample Kolmogorov-Smirnov test; Levene: Levene’s test of homoscedasticity; Mann-Whitney U: Mann-Whitney U
test.
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Moreover, 50% of the proteins from the SwissProt dataset have a value of PAI between
0.0018 and 0.4832—i.e., from the minimum to Q>—and 25% of these range from 0.4233 to
0.4832—i.e., from Qg to Q,. The remaining 50% range from 0.4832 to 0.9625—i.e., from Q;

to the maximum.

Curiously, the PAI maximum for SwissProt is lower than that of the Hypotheticals dataset
(0.9625 versus 0.9813, respectively). This implies that the global informational content of
the highest scoring protein(s) in the Hypotheticals dataset surpasses that of SwissProt. The
SwissProt distribution also depicts a Normal density curve between the value of 0.2 and 0.8. In
contrast to the PAI distribution for the Hypotheticals dataset, that of SwissProt is skewed to the
left (skewness = —1.3139), and has heavy tails (kurtosis = 4.4605). These two distributions
differ from one another (two-sample K-S p-value = 0.0, Mann—Whitney U p-value = 0.0), and

are heteroscedastic (Levene p-value = 0.0).

3.3.5 Subsection and Analysis of the PAI distributions

The PAI distribution for both datasets appeared to be bi-modal. We speculated that the
local maxima near O correspond to proteins with unspecific annotations. We also wondered to
what extent did the Classification System weights influence the differentiation of values in each

distribution. This directed us to further investigate these distributions.

To do so, we first needed to calculate a partition threshold. This threshold would allow us
to separate each distribution into two, so that these could be studied individually. To calcu-
late this threshold we used a histogram-based thresholding algorithm known as the Minimum
method [15, 21] (see subsection 3.2.3). The resulting threshold value (7) was 0.1529 for the
PAI distribution of the Hypotheticals dataset (Figure 3.10.A), and 0.1271 for that of SwissProt
(Figure 3.10.B). Both values of 7 are located in a valley between local maxima (Figure 3.10.A
and 3.10.B). By using the Minimum method on the PA/ distributions we created two individual
partitions, per dataset. One partition contains the values of PAI that are lesser or equal to 7.
The other partition contains the values of PAI that are greater than 7. These partitions will be
henceforth referred to as the “left” and “right” partitions, respectively. In the following sections
we will analyze each partition individually; compare it between datasets; and then compare the
“left” and the “right” partition against one another, for the same dataset. We will also briefly

overview some annotations from these proteins.
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3.3.5.1 The “left” PAI partition

The left partition of the Hypotheticals dataset (Figure 3.10.A) encloses 51.46% (6,509,908)
of its total number of proteins (12,651,618). On the other hand, the left partition of Swis-
sProt (Figure 3.10.B) encloses only ~1.67% (3,928) of its total number of proteins (235,543).
Thus, the proportion of proteins from SwissProt that failed to be effectively annotated is lower
than that of the Hypotheticals dataset. The Q o PICs(Tycp) distribution on the left panel
of Figure 3.10.A ranges from ~0.09 to ~0.19. It also shows an histogram bin whose Q o
PICs(T,cp) = 0. We also observe that only 673 proteins are annotated with CD, accounting
for 0.01% of the proteins present on the left partition. There are only 3 most-informative CD
annotations among these 673 proteins: “Signal transduction histidine kinase” (CDD:223715):
671 proteins; “ATPase components of ABC transporters with duplicated ATPase domains”
(CDD:223562): 1 protein; and “ABC-type glutathione transport system ATPase component,

contains duplicated ATPase domain” (CDD:224048): 1 protein.
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Figure 3.10. (Continued on next page.)
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Figure 3.10: Subsection analysis portraits of the PA/ distributions. Top: PAI distribution of the Hypotheticals dataset (A); and
PAI distribution of SwissProt (B). The vertical line subsetting each PAI distribution depicts the Minimum Method threshold
(7). Left panel: data relating to proteins whose PAI is lesser than or equal to 7. Right panel: data relating to proteins whose PAI
is greater than 7. Middle: Q o PICs(T, ) distributions for EC (red), GO (green), and CD (blue) respective to each partition.
Bottom: Venn diagram depicting the protein counts for each Classification System, and intersections thereof, respective to each
partition.

Attending to their Q o PICs(T, cp) values, we posit that these CDs are ubiquitous among
the Hypotheticals dataset. Therefore they provide little to no information about the proteins
they are annotated to. Moreover, CD is the Classification System that contributes the most to
the final value of PAI (see Equation 3.36). For this reason a low value of Q o PICs(T, cp) will
dictate a low PAI. Thus it is expected for the proteins with the lowest values of Q o PICs(T; cp)

to be allocated to the left partition.

The SwissProt Qo PICS(Tx,CD) distribution on the left (Figure 3.10.B) shows a similar sce-
nario. This distribution contains a single histogram bin, ranging from 0 to ~0.18. This bin

contains only 12 proteins, none of which have CD as their sole annotation.
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The Qo PICs(T, o) values for the left partition of the Hypotheticals dataset are spread
throughout most of the axis. The presence of high values of Q o PICs(Ty o) on the left is
due to the fact that this Classification System contributes less than 1% to the final value of
PAI (see Equation 3.35). The Venn diagram shows that 99.33% (6,466,046) of these proteins
are only annotated with GO. These proteins share 453 deepest GO assignments. Each assign-
ment may include more than one GO at the maximum depth. From 453 assignments, the top
5 most represented are: “protein binding” (GO:0005515): 2,300,145 proteins; “DNA binding”
(GO:0003677): 1,071,879 proteins; “binding” (GO:0005488): 992,332 proteins; both “cat-
alytic activity” (GO:0003824) and “binding” (GO:0005488): 797,943 proteins; and “hydrolase
activity” (GO:0016787): 317,523 proteins. These top 5 assignments represent 84,74% out of

99.33%, yet they carry very little information.

Nonetheless, the presence of proteins only annotated with GO, by itself, justifies the exis-
tence of high scoring Q oPICS(Tx,GO) values on the left. This is for the reason that: even if
a protein was annotated with the most informative GO term in the Hypotheticals dataset, with
a perfect prediction score (i.e., Q o PICs(T, o) = 1); if it lacked any annotation from the two

remainder Classification Systems, its PAI value would not be greater than:

(Q o PICs)(T:.0) - wGo = 1 X 0.0098 = 0.0098 (3.37)

Indeed, these proteins solely annotated with GO might explain the local maximum near 0
on the PAI distribution. We consider this to be reasonable. Mainly due to the fact that DeepGO
appears to be the most permissive out of the 3 Classification Systems used. Thus its contribution
for the final value of PAI should be minor. This also allows to group the proteins possessing
only GO as their source of annotation on the left side of the PAI distribution. Enabling us to

discriminate the proteins that were not pliant to annotation.

The left partition of SwissProt shows a similar assortment of Q o PIC S(Tx7GO) values and
respective density. The respective Venn diagram depicts the same scenario as that of the Hypo-

theticals dataset, where 93.05% of proteins have GO as their sole source of annotation.

The remaining proteins on the left partition of the Hypotheticals dataset amount to 0.67%.
The majority of which (0.66%) have both GO and EC annotations, and only 629 (0.01%) have
both CD and GO. Note that in this partition there are more proteins with EC annotation, than
with CD.
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There are 39 (~0.0%) proteins annotated by all three Classification Systems. These 39
proteins share the same 4th-digit EC—*“Histidine kinase” (EC:2.7.13.3). They also share the
same most informative CD—*Signal transduction histidine kinase” (CDD:223715). Both as-
signments appear semantically consensual. However, these 39 proteins share 8 different deep-
est GO assignments: “binding” (GO:0005488): 18 proteins; “protein binding” (GO:0005515):
9 proteins; both “catalytic activity” (GO:0003824) and “binding” (GO:0005488): 4 proteins;
“protein kinase activity” (GO:0004672): 3 proteins; “phosphotransferase activity, nitrogenous
group as acceptor” (GO:0016775): 2 proteins; “ATPase activity” (GO:0016887): 1 protein;
“organic cyclic compound binding” (GO:0097159): 1 protein; and “transmembrane receptor
protein tyrosine kinase activity” (GO:0004714): 1 protein. From these assignments only “pro-
tein kinase activity” (GO:0004672) appears to be in agreement with the foregoing EC and CD

annotations.

On the left partition from SwissProt (Figure 3.10.B), the percentage of proteins annotated
with other Classification Systems besides GO is tenfold (6.95%) that of the Hypotheticals

dataset. The majority of these proteins are also annotated with both GO and EC (6.64%).

Most Qo PICs(T, gc) values for the left partition of the Hypotheticals dataset (Figure 3.10.A)
are located between ~0.45 and ~0.61. SwissProt (Figure 3.10.B) has a greater density of Qo
PICs(T, gc) values between ~0.58 and ~0.68. The presence of these average Q o PICs(Ty kc)
values might relate to a similar scenario to that which was observed for GO above. Akin to GO,
the Classification System contribution of EC (i.e., wgc) only accounts for ~5% of the value of
PAI (see Equation 3.34). The majority of proteins on the left that are annotated with EC also
have GO annotation but lack CD. This is the case for both datasets (Figure 3.10.A and 3.10.B).
Thus, using the Hypotheticals dataset as an example: even if they were annotated with the most
informative terms from their Classification System, paired with perfect prediction scores, the

value of PAI would not be greater than:

(QoPICs)(Ty.6o) - wGo + (Qo PICs) (T kc) - Wec

= (1 x0.0098) + (1 x 0.0541) = 0.0639

(3.38)

Which is still lower than 7, and thus belonging to the left. Conversely to what was observed
for the proteins annotated with GO, those solely annotated with EC are just 42 (~0.0%). There

are no proteins with both EC and CD annotation—with the exception of the 39 (~0.0%) that
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were annotated by all three Classification Systems (as discussed above). On the other hand,
the left distribution of the SwissProt dataset (Figure 3.10.B) does not enclose proteins solely
annotated with EC, CD, nor the intersection thereof—except for 5 (0.13%) that were annotated

by all 3 Classification Systems.

3.3.5.2 The “right” PAI partition

The right PAI partition depicts a different scenario from the left. In both datasets (Fig-
ure 3.10.A and 3.10.B), all three Q o PICs(T ¢) distributions are akin to those in Figure 3.8. In
the Hypotheticals dataset (Figure 3.10.A), the right partition has less than half (~48,54%) of
the total number of proteins. In contrast, that of SwissProt (Figure 3.10.B) has 98% of the total
number of proteins. Analogously to what was reported for the left partition, this result implies
that the proportion of effectively annotated proteins belonging to SwissProt is far greater than

its counterpart from the Hypotheticals dataset.

The Qo PICs(T; cp) distributions are distinct from those on the left. They also show greater
values. This is the case for both datasets (Figure 3.10.A and 3.10.B). The presence of a protein
on the right seems to require the presence of a CD annotation with a greater informational
value—i.e., annotation specificity. This is due to the fact that CD contributes the most to the

value of PAI (see Equation 3.36).

The Qo PIC S(Tx,Go) distributions for both datasets appear to span the same range, and the
same densities, as their counterparts on the left. This is to be expected given that the contribution
of GO to the value of PAI is negligible (~1%). It also suggests that the proteins on the right are
selected based on their values of Q o PICs(T, cp) and Q o PICs(Ty gc)-

The QO oPICS(Tngc) distributions of both datasets show dissimilar spread and density be-
tween the left and right partitions. On the left partition of the Hypotheticals dataset (Fig-
ure 3.10.A) the bulk of the Q o PICs(T g¢) distribution density is limited to the values between
0.45 and 0.61. The same is true for SwissProt (Figure 3.10.B), but for the range of 0.58 to 0.68
instead. On the right partition there is a greater representation of lower Q o PICs(T gc) values
in both datasets. This might be a consequence of the fact that the proteins with EC annotation
were also annotated by CD—as shown by the Venn diagrams of both datasets (Figure 3.10.A
and 3.10.B).

Therefore, these proteins would be allocated to this partition nonetheless, on the account of
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their Q o PICs(T cp) value alone. Meaning that, if a protein has a Q o PICs(Ty cp) value whose
product with wep is greater than 7, it will be allocated to the right partition. Using the wcp

calculated for the Hypotheticals dataset as an example, this condition may be written as:

(Qo PICs)(Txcp) - wep > T (Qo PICs)(Tycp) -0.9360 > 0.1529 (3.39)

A protein whose product of Q o PICs(Ty cp) with wcp is less than T might also be allocated
to the right, provided it has an annotation from one of the remainder Classification Systems.
This last condition is required so that either the value of Q o PICs(Ty gc) or Q o PICs(Ty.Go)

bridges the gap between the value of Q o PIC, S(TLCD) and that of 7.

Both datasets have no proteins on the right partition solely annotated with EC, GO, or the in-
tersection thereof. This result is due to what was explained above for Equation 3.38. Therefore
the lack of proteins with only EC and/or GO annotations on this partition was to be expected.
However, there are 7,255 (0.12%) proteins on the right partition of the Hypotheticals dataset
solely annotated with CD, whereas its counterpart count on the left was just 5 (~0.0%). These
7,255 proteins share 1,255 unique most-informative CD assignments. We posit that these as-
signments are rare CDs. For instance, the most represented CD in this group is “Uncharacterized

membrane protein” (CDD:227665), which is shared by only 202 proteins.

SwissProt on the other hand has no proteins solely annotated with CD on the left, while on
the right it has 55 (0.02%). Being exclusively annotated by CD does not seem to be the rule,
but rather the exception. On the right partition of the Hypotheticals dataset, nearly all proteins
have both CD and GO annotation, totalling 5,841,099 (95.11%). These proteins share 215,582
distinct GO-CD assignment combinations. In the equivalent subset of the left partition, this

number of proteins was just 629 (0.01%).

Although it suffices to satisfy Equation 3.39 to be on the right, there are 0.12% of proteins
where this might be the case. Suggesting that past 7 the proteins are more likely to be annotated
by at least two Classification Systems. This assumption is substantiated by 99.88% of proteins
on the right, versus their left counterpart of 0.67%. A similar result is also observed on the right
partition of SwissProt, where the proteins annotated by at least two Classification Systems total

99.97%, whereas on the left they are 0.31%.

On the Hypotheticals dataset, the majority of proteins annotated by all three Classification

Systems are on the right partition, with the exception of 39 (~0.0%) that are on the left. The
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number of proteins on the right that match these criteria is 293,115 (4.77%). The fact that these
proteins only comprise 4.77% of the total can be explained by supposing that most proteins
from this dataset might not be enzymes at all, as postulated before. In contrast, the majority of
proteins annotated by all Classification Systems on the right partition of SwissProt amount to
65.45%. Those only annotated by both GO and CD comprise 34.51%. This result implies that

most proteins from the SwissProt dataset appear to be enzymes.

On the right partition of the Hypotheticals dataset, there are 241 ( 0.0%) proteins annotated
just by EC and CD. There is no counterpart of this subset on the left. The same pattern is
observed for SwissProt, but with a count of 24 (0.01%) proteins on the right instead. These
241 proteins from the Hypotheticals dataset share 126 combinations of 4th-digit ECs with most
informative CDs. From these, the combination of “Histidine kinase” (EC:2.7.13.3) with “PAS

fold” (CDD:315525) is the most represented, being shared by 23 proteins.
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3.4 Conclusions

In this work we developed a family of metrics that allow to numerically qualify the anno-
tations within a protein sequence dataset. These metrics classify the semantic representation
of a given sequence according to its informational value and quality. To test and validate these
metrics, we used both a gold-standard dataset as well as ~12 million proteins that had been

unyielding to annotation by their databases of origin.

By calculating PIC and/or PICs for all proteins annotated by each Classification System,
we have shown that it is possible to represent an entire dataset as a collection of distributions.
By calculating PIC we tap into the “raw” informational value enclosed by a semantic represen-
tation, whereas by calculating PICs, we assess the balance between the overall specificity of a
semantic representation, and the extent to which we ought to trust it. These distributions depict
spectra of protein annotation, and their values provide insight into the informational content of
these annotations. Moreover, PIC and PICy also allow to disclose whether these annotations

relate to multiple molecular functions.

Combining the PICs measures calculated for each Classification System enabled the cre-
ation of an index, which we named Protein Annotation Index (PAI). The PAI allows to system-
atize protein annotations according to the full extent of their informational value. Consequently,
the PAI enables the creation of a global distribution that characterizes different degrees of pro-
tein annotation within a given dataset. Additionally, the PAI is both scalable and modular. It can

be extended to include other Classification Systems, and modified according to specific needs.

We have also shown that by calculating the value of PAI for all proteins in a dataset, one can
unravel distinct sub-distributions relating to proteins with differing levels of annotation. This
development allowed us to distinguish which proteins had been more thoroughly annotated in

each of the datasets we used.

After applying a thresholding algorithm, we were further able to select a value of PAI that
allowed for the subsection of each dataset among two major groups of annotated proteins. We
posit that these groups tentatively portray proteins that were effectively annotated, versus those
that were not. By creating this dichotomy we hope to expedite the targeting of protein sequences
that were the most pliant to in silico annotation. In addition, we aspire to facilitate the selec-
tion of the most promising protein sequences for further analyses, and ensuing experimental

validation.
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Abstract

Prokaryotic gene products of unknown molecular function represent an astounding amount
of uncharted sequence space. These elusive elements might comprise as much as 50% of total
gene content in newly sequenced genomes. Efforts to annotate these sequences are often limited
by their dependence on sequence similarity searches against reference genomes. This has led to

a continuous agglomeration of uncharacterized genomic elements among public databases.

Increasing evidence indicates that these genes of unknown function might be a treasure
trove of biotechnological potential. Previous reports have already unearthed several enzymes of
industrial interest from within this functional “dark matter”. Our previous work has suggested

that a substantial amount of these sequences do code for putative enzymes.

In the present work we identified which sequences from a ~12 million de novo-annotated
protein sequence dataset belonged to enzyme classes with known biotechnological or industrial
potential. We report 13,734 protein sequence representatives issuing from 64 enzyme sub-

classes; 34 of which belonged to the Hydrolase class (EC:3.-.-.-).

We focus our efforts in characterizing a subset of 48 putative Cutinases (EC:3.1.1.74). We
compare these cutinases with a dataset of polyethylene terephthalate (PET)-hydrolases. We
report that the characteristic motifs are highly conserved. The foregoing 48 cutinases share the
greatest amino-acid identity with two fungal PET hydrolases: the Fusarium solani pisi cutinase
(FsC), and the Humicola insolens cutinase (HiC). To conclude, we posit that these 48 novel
cutinases might withstand harsh industrial conditions as estimated from their imputed physico-
chemical characteristics. We put forward that these 48 cutinases might be promising candidates

for ensuing PET-degradation assays.
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CHAPTER 4

4.1 Introduction

Despite the advances in both sequencing technologies and in our understanding of microbial
genomes, the biological function of ~35% of microbial gene products remain a mystery [1]. In
some cases the fraction of genes of unknown function can amount to as much as 50%, such
as in newly sequenced genomes [2] and uncultured microbial candidate taxa [3—7]. In more
extreme cases (e.g., metagenomic studies), these percentages can span from 85% [8] to 99% of
total gene content [9, 10]. This has led to the coinage of the term microbial dark matter (MDM,
[4]); alluding to the unexploited fraction of microbial diversity, along with its uncharacterized
functional and metabolic potential. We will refer to this uncharacterized functional potential as

“functional dark matter” (FDM).

These genomic elements of unknown function are a concealed treasure trove of biotechno-
logical potential [7, 11-13]. Previous studies have already unearthed enzymes of biotechnolog-
ical relevance from the MDM. These include, but are not limited to, cellulases [1], lipases [14],
alcohol dehydrogenases [15, 16], enzymes that catalyze organophosphorus compounds [17],
and others displaying enhanced stability under industrial conditions, as recently reviewed [12].
Therefore we posit that the sequences encased in the FDM may lead to escalating innovative

biotechnological solutions in a world of ever-increasing societal demands.

Science has profited tremendously from enzymes of microbial origin, as substantiated by
the work of numerous Nobel Prize laureates [7]. Examples of this are restriction enzymes
[18], DNA polymerases [19] coupled to the advent of the polymerase chain reaction [20], and
more recently the CRISPR-cas9 system [21]. Enzymes are also the backbone of numerous
industries [14, 22-29]. Reactions catalyzed by enzymes are thought to follow the rules of
green chemistry—they are safer, faster, and generate less waste than chemical catalysts [12].
The unmatched eco-friendly potential of enzymes is of vital use in the industry to mitigate the
rampant overconsumption of our planet’s resources [12]. In addition, the discovery of novel
enzymes of biotechnological or industrial interest is critical for the growth of the industrial
enzymes market [7]. This market amounted to 9.9 billion USD in 2019, and it is projected
to reach 14.9 billion USD by 2027 [12]. Hence, microbial gene discovery can greatly push

progress and development of new mechanisms and compounds of societal relevance.

Our previous work has shown that a substantial amount of uncharacterized protein se-

quences of prokaryotic origin code for putative enzymes (see chapter 2). In addition, we have
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also indicated that the majority of these putative enzymes are pliant to in silico annotation, and
that their potential functions can already be subject to further scrutiny (see chapter 3). For all the
aforementioned reasons, in this work we sought to identify which proteins from the Hypotheti-
cals dataset (see section 2.2 and 3.2.1) belonged to enzyme classes with known biotechnological
or industrial potential. Besides showcasing the potential of putative enzymes from our dataset,
we additionally direct our efforts towards the characterization of a specific group of enzymes:

that of Cutinases.

Cutinases (EC:3.1.1.74) are serine esterases [30]. Their active site is characterized by a
catalytic triad composed of serine (S), aspartate (D), and histidine (H) residues [30, 31]. They
share this catalytic triad with several lipases and serine proteases [30]. Cutinases were first
reported in phytopathogenic fungi that grow on cutin—a biopolyester that acts as a structural
component of the cuticular layer in leaves [32, 33]. Besides biopolyesters, they are able to
hydrolyse lipids, waxes and synthetic esters, among other substrates [30]. These enzymes are
highly promiscuous, being able to hydrolyse roughly 78 substrates [34]. This versatility allows
for their application in numerous industries, namely: agricultural, bioremediation, cosmetics,
detergents, fine chemicals, foodstuffs, textile, and polymer chemistry [32]. The most pressing
feature of cutinases is tied to the hydrolysis of high molecular weight polyesters, like polyethy-
lene terephthalate (PET) [31].

PET is reported to be the most abundant polyester plastic [35]. It is mainly used in the textile
and packaging industries [34, 35]. Nearly 70 million tons of PET are manufactured worldwide
per year [35]. PET is commonly recycled through thermomechanical means, resulting in its
loss of mechanical properties [36]. As such, PET is preferentially synthesized de novo, and its
waste continues to accumulate in ecosystems throughout the globe [35, 37]. Therefore, PET
hydrolases are in the spotlight of biotechnological applications. These applications include

biorecycling, biocatalysis, waste treatment, and sustainable polymer chemistry [31].

In this chapter we report 48 novel putative cutinases issuing from the Hypotheticals dataset
of previously unnanotated protein sequences. We compare these 48 cutinases with 30 bona
fide PET hydrolases. We perform in silico analyses such as hierarchical clustering, Multi-
ple Sequence Alignment (MSA), and the imputation of physico-chemical characteristics. We
conclude that these putative cutinases might be promising candidates for ensuing biochemical
characterization. Overall, the case study presented herein provides a proof-of-concept for the

entire workflow developed throughout this thesis.
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4.2 Methods

4.2.1 Datasets
4.2.1.1 Hypotheticals dataset and SwissProt

The Hypotheticals and SwissProt datasets refer to the same datasets as those described in
section 2.2 and subsection 3.2.1. Both datasets comprise sequences that were annotated with at
least a GO term, an EC number, or a CD. These annotations issue from DeepGO [38], DeepEC
[39], and RPS-BLAST [40], respectively. The sources from which these sequences were ob-
tained, the selection criteria, all (pre-)processing steps that ensued, as well as the annotation

processes, are described in section 2.2.

In order to gather potential enzymes of biotechnological interest from each dataset, and
ensure stringency, we selected the protein sequences that met the following criteria: (1) with EC,
GO, and CD annotations; (ii) whose value of PAI was greater than the partitioning threshold
(i.e., PAI > 1, see chapter 3); (iii) annotated by a single 4th-digit EC assignment; and (iv)
whose 4th-digit EC number was represented on Table 1.1. We selected proteins with a single
EC assignment in order to exclude potential promiscuous enzymes, fusions and moonlighting
proteins, which could convolute the interpretation of the results. We will refer to the group
of proteins from each dataset that met the criteria above as that dataset’s “biotechnological
potential subset” (BPS). The Hypotheticals dataset BPS refers to 13,734 protein sequences.

The SwissProt dataset BPS refers to 4,955 protein sequences.

4.2.1.2 PET hydrolase dataset

We gathered the 21 accession numbers from Table 1 in Carr et al. [31]. For each
accession number, and depending on its datasource, we retrieved the protein sequence in
FASTA format by performing API requests to either the NCBI protein database via the
Efetch utility (eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch.fcgi?db=protein&
id=<ID>&rettype=fasta&retmode=text); the Protein Data Bank (PDB) (rcsb.org/
fasta/entry/<ID>/display); UniProt (uniprot.org/uniprot/<ID>.fasta); or UniParc

(uniprot.org/uniparc/<ID>.fasta).

Most PET hydrolases described in Table 1 from Kawai et al. [33] were already present in

Carr et al. [31]. Thus, we only retrieved the accession numbers for 9 proteins that were not:
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Tfu_0882; Tfu_0883; Estl; Est119; TFAXE; Cutl; Cut2; Cbotu_EstA; and Cbotu_EstB. Each
associated accession number either issued from the NCBI nucleotide database, or the NCBI
protein database. In case an accession number issued from the nucleotide database, we first per-
formed an API request to NCBI via the Elink utility (eutils.ncbi.nlm.nih.gov/entrez/
eutils/elink.fcgi?dbfrom=nuccore&db=protein&id=<ID>&idtype=acc), in order to
retrieve the accession number for the corresponding protein. Once all NCBI nucleotide ac-
cession numbers had been mapped to the NCBI protein database we retrieved the protein se-
quences in FASTA format by performing API requests to the NCBI protein database via the
Efetch utility (eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch.fcgi?db=protein&

id=<ID>&rettype=fasta&retmode=text).

4.2.2 Multiple Sequence Alignment Analysis

We used Clustal Omega [41] (version 1.2.1), to generate a pairwise distance matrix of
amino-acid identity among 48 putative cutinases from the Hypotheticals dataset, along with the

30 reported PET hydrolases described in subsubsection 4.2.1.2.

We performed the Multiple Sequence Alignment between the two chosen PET hydrolases
(HiC and FsC), and the 48 putative cutinases from the Hypotheticals dataset, using T-COFFEE
[42] (version 13.45.47.aba98c5), in “regular” mode. The Multiple Sequence Alignment

visualization was created with TEXshade [43].

4.2.3 Physico-Chemical Metadata

We used BioPython’s [44] ProtParam module to calculate the physico-chemical proper-
ties for each of the two chosen PET hydrolases (HiC and FsC), and the 48 putative cutinases
from the Hypotheticals dataset, using a FASTA file containing their protein sequences as input.
The physico-chemical properties calculated were: sequence length; molecular weight; grand

average of hydropathicity [45]; aromaticity [46]; isoelectric point, and instability index [47].
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4.3 Results and Discussion

4.3.1 Enzymes of biotechnological relevance

The biotechnological potential subset (BPS) of each dataset is shown in Figure 4.1, com-
prising a total of 64 4th-digit ECs. We arranged the proteins from the BPS into two figures, A
and B. Figure 4.1.A shows the proteins whose 4th-digit EC belongs to the hydrolase class (i.e.,
EC:3.-.-.-), amounting to 34 ECs. Figure 4.1.B shows all other enzyme classes, comprising 30
ECs. We chose to show the hydrolases in a separate figure for two reasons. First, given that
most enzymes of industrial relevance are of hydrolytic nature [14]. Second, because this class

had the greatest number of 4th-digit ECs within each BPS.

The PAI values from the Hypotheticals BPS show both greater variance and greater maxima
than those from SwissProt, for 50 out of 64 4th-digit ECs (Figure 4.1.A and B). The SwissProt
BPS on the other hand shows greater median values of PAI for 36 EC classes (Figure 4.1.A and
B). The Hypotheticals BPS has eight-fold more hydrolases for the selected EC numbers than
the SwissProt BPS (Figure 4.1.A). However, when addressing each hydrolase class individually,
this is only true for 27 out of 34 ECs (Figure 4.1.A). This was expected given the difference
in size between datasets. Curiously, the SwissProt BPS has a greater representation of proteins
from the remainder enzyme classes than the Hypotheticals BPS (Figure 4.1.B). However, this

increased representation by SwissProt is only shown by 15 out of 30 ECs (Figure 4.1.B).

There are 6 EC numbers with proteins from the Hypotheticals BPS, that lack SwissProt
counterparts (Figure 4.1.A and B). These ECs are: Cutinase (EC:3.1.1.74); Mannanase (EC:3.2-
.1.25); Microbial collagenase (EC:3.4.24.3); Lactic acid dehydrogenase (EC:1.1.2.4); Protein
disulfide-isomerase (EC:5.3.4.1); and Tyrosinase (EC:1.14.18.1).

Intrigued by this, we queried our data and found that there were 5 protein representatives
for Tyrosinase (EC:1.14.18.1); 9 for Cutinase (EC:3.1.1.74); and 4 for Microbial collagenase
(EC:3.4.24.3) present in the SwissProt dataset (data not shown). Despite having both EC and
GO annotations, these proteins lacked CD annotation. Therefore they were unable to meet the
first and the second filtering criteria enunciated above, and were thus left out from the BPS
as a consequence. The remainder 3 EC numbers—i.e., Mannanase (EC:3.2.1.25); Lactic acid
dehydrogenase (EC:1.1.2.4); and Protein disulfide-isomerase (EC:5.3.4.1)—do not possess any

SwissProt counterparts whatsoever.
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A @ Hypotheticals (N = 11,757) @ SwissProt (N = 1,465)

Collulase (EC:3.2.1.4 RTINS . 2013(24.78%)
clilase (3219 L+ 71 (4.85%
| w : 2,247 (19.11%)
Maltase (EC:3.2.1.20) 15 (1.029%)
. 1,846 (15.7%)
Amyloglucosidase (EC:3.2.1.3) 2 (0.14%)
. 1,213 (10.32%)
Beta-glucosidase (EC:3.2.1.21) 22 (1.5%)
. 824 (7.01%)
Amidase (EC:3.5.1.4) 48 (3.28%)
. 594 (5.05%)
Lipase (EC:3.1.1.3) 36 (2.46%)
481 (4.09%)

Alpha-galactosidase (EC:3.2.1.22)
13 (0.89%)
351 (2.99%)

Alpha-amylase (EC:3.2.1.1)
33 (2.25%)
218 (1.85%)

Sialidase (EC:3.2.1.18)
7 (0.48%)

153 (1.3%)
123 (8.4%)
148 (1.26%)

Beta-lactamase (EC:3.5.2.6)

Lysozyme (EC:3.2.1.17)

6 (0.41%)
. 100 (0.85%)
Trypsin (EC:3.4.21.4) 4 (0.27%)
86 (0.73%)
Pectinase (EC:3.2.1.15) 5 (0.34%)
84 (0.71%)
Serralysin (EC:3.4.24.40) 14 (0.96%)
60 (0.51%)
Neopullulanase (EC:3.2.1.135) 4 (0.27%)
56 (0.48%)
Cutinase (EC:3.1.1.74) 0 (0.0%)
53 (0.45%)
Subtilisin (EC:3.4.21.62) 17 (1.16%)
48 (0.41%)
Alkaline phosphatase (EC:3.1.3.1) 16 (1.09%)
46 (0.39%)
N-acyl-aliphatic-L-amino acid amidohydrolase (EC:3.5.1.14) 5 (0.34%)
40 (0.34%)
Exoribonuclease Il (EC:3.1.13.1) 112 (7.65%)
32 (0.27%)
Isoamylase (EC:3.2.1.68) 3(0.2%)
28 (0.24%)
L-asparaginase (EC:3.5.1.1) 20 (1.37%)
28 (0.24%)
Pullulanase (EC:3.2.1.41) 2 (0.14%)
26 (0.22%)
Glutaminase (EC:3.5.1.2) .I. 176 (12.01%)
1 24 022
Uracil-DNA glycosylase (EC:3.2.2.27) EI]._ 384 (26.21%)
— 12 (01%)
Mannanase (EC:3.2.1.25) 0 (0.0%)
. . El: 10 (0.09%)
Microbial collagenase (EC:3.4.24.3) 0 (0.0%)
10 (0.09%)
Epoxide hydratase (EC:3.3.2.10) 2 (0.14%)
T e (005%
Penicillin acylase (EC:3.5.1.11) _|:|]_ 7 (0.48%)
» . D] 6 (0.05%)
Vibriolysin (EC:3.4.24.25) {D 4(0.27%)
e — > 000
Beta-amylase (EC:3.2.1.2) |]| 4 (0.27%)
D 5 (0.04%)
Urease (EC:3.5.1.5) 4 280 (19.11%)
m 3(0.03%)
S-formylglutathione hydrolase (EC:3.1.2.12) | 28 (1.91%)
| 1(0.01%)
Exodeoxyribonuclease | (EC:3.1.11.1) | 2 (0.14%)
T T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0
PAI(Ty, 7)

Figure 4.1. (Continued on next page.)
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B @ Hypotheticals (N = 1,977) SwissProt (N = 3,490)

533 (26.96%)
DNA-directed DNA polymerase (EC:2.7.7.7)

311 (8.91%)
270 (13.66%)
DNA ligase (ATP) (EC:6.5.1.1) 120 (3.44%)
.44%
180 (9.1%)
Pectate lyase (EC:4.2.2.2) 22 (0.63%)
.63%
136 (6.88%)
Fructose-bisphosphate aldolase (EC:4.1.2.13) 97 (2.78%)
.78%
122 (6.17%)
Carbonic anhydrase (EC:4.2.1.1) 16 (0.46%)
.46%
116 (5.87%)
Sedoheptulose-7-phosphate isomerase (EC:5.3.1.28) 17 (0.49%)
.49%
104 (5.26%)
Adenylate kinase (EC:2.7.4.3)
544 (15.59%)
101 (5.11%)
Alcohol dehydrogenase (EC:1.1.1.1) 35 (1.0%)
0%
65 (3.29%)
Rhodanese (EC:2.8.1.1)
22 (0.63%)
56 (2.83%)
Superoxide dismutase (EC:1.15.1.1) 97 (2.78%)
.78%
40 (2.02%)
Laccase (EC:1.10.3.2)
1(0.03%)
39 (1.97%)
Malate dehydrogenase (EC:1.1.1.37) 506 (14.5%)
5%
38 (1.92%)
Lactic acid dehydrogenase (EC:1.1.2.4) 0(0.0%)
.0%.
25 (1.26%)
Protein disulfide-isomerase (EC:5.3.4.1) 0 (0.0%)
20 (1.01%)
Glutathione reductase (EC:1.8.1.7) 9 (0.26%)
.26%
19 (0.96%)
Peroxidase (EC:1.11.1.7) 1(0.03%)
.03%
19 (0.96%)

Serine hydroxymethyltransferase (EC:2.1.2.1) 750 (21.49%)
.49%,

19 (0.96%)
20 (0.57%)
19 (0.96%)
571 (16.36%)

Transglutaminase (EC:2.3.2.13)

Triosephosphate isomerase (EC:5.3.1.1)

16 (0.81%)
Catalase (EC:1.11.1.6) 62 (1.78%)
.78%
12 (0.61%)
Tyrosinase (EC:1.14.18.1) 0 (0.0%)
10 (0.51%)
Leucine dehydrogenase (EC:1.4.1.9) 10 (0.29%)
229%
8 (0.4%)
Nitrile hydratase (EC:4.2.1.84) 11 (0.32%)
.32%
4(0.2%)
Aspartase (EC:4.3.1.1) 12 (0.34%)
.34%
2 (0.1%)
Formate dehydrogenase (EC:1.17.1.9) 15 (0.43%)
.43%
2 (0.1%)
Uricase (EC:1.7.3.3) 4(0.11%)
11%
1(0.05%)
Acetolactate decarboxylase (EC:4.1.1.5) 10 (0.29%)
29%
1(0.05%)
Alanine dehydrogenase (EC:1.4.1.1) |:|_ 33 (0.95%)
.95%
0 (0.0%)
Glutathione peroxidase (EC:1.11.1.9) | 1(0.03%)
.03%
0 (0.0%)
Xylose isomerase (EC:5.3.1.5) .l 193 (5.53%)
.53%
T T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0
PAI(T, z)

Figure 4.1: Subset of enzymes with known biotechnological potential; from each dataset; with EC, GO, and CD annotation;
whose value of PAI > 7; and whose 4th-digit EC is represented in Table 1.1. Only the proteins with a single EC assignment
were considered. These proteins are grouped by their 4th-digit EC number. Each row refers to a distinct EC number. The
number of proteins from each dataset is shown to the right of each boxplot. The number “0” is shown in red if a dataset lacks
protein representatives for an EC number. N: total number of proteins from each dataset shown in each figure that met the
selection criteria. The percentages were calculated in relation to each N. (A) Hydrolases; (B) other enzyme classes.
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The latter is due to the fact that SwissProt lacks protein representatives for these EC numbers

issuing from the Archaea or the Bacteria domains '+%+3.

Conversely, there are 2 EC numbers with proteins from the SwissProt BPS, but with no rep-
resentation from the Hypotheticals BPS (Figure 4.1.B). These ECs are Glutathione peroxidase
(EC:1.11.1.9), and Xylose isomerase (EC:5.3.1.5). We further queried the full extent of proteins

with EC annotation from the Hypotheticals dataset and found no representatives for either EC.

The antioxidant activity of some glutathione peroxidases depends on the presence of a se-
lenocysteine (SeCys) residue at the catalytic site [48, 49]. Upon retrieving protein sequences
from our data sources, we selected for those absent of ambiguous or rare amino-acid codes,
including SeCys (see section 2.2). This might explain the lack of glutathione peroxidases in the
Hypotheticals dataset. Yet, it does not explain the presence of a glutathione peroxidase from
SwissProt—which was also subject to our filtering criteria (see section 2.2). We posited that
this glutathione peroxidase must be an isozyme without a SeCys residue. Upon inspecting its

sequence we observed that it does not contain SeCys *.

Xylose isomerase (also known as Glucose isomerase [50]), is ubiquitous among prokaryotes
[51]. Additionally, this enzyme is extensively used in the industry to produce high fructose corn
syrup [24]. We speculate that this enzyme is absent from the Hypotheticals dataset because it
has been comprehensively studied. Therefore, orthologs of this enzyme are unlikely to elude

annotation by public databases.

4.3.2 Cutinases: a case study

We have set to study the 56 putative cutinases issuing from the BPS of the Hypotheticals
dataset (Figure 4.1.A). We wanted to know what was the most-informative CD for each of these

proteins—i.e., that upon which the Q o PIC, S(TX,CD) value was calculated.

We queried this BPS and grouped the 56 putative cutinases by their most-informative CD
(Table 4.1). For 48 out of 56 putative cutinases the most-informative CD was indeed “Cutinase”.
This suggests a consensus between the predicted 4th-digit EC number (i.e., EC:3.1.1.74) and

the most-informative CD. The remaining proteins had different most-informative CDs. Even

'https://www.uniprot.org/uniprot/?query=EC%3A3.2.1.25+AND+reviewed}3Ayes&sort=score
https://www.uniprot.org/uniprot/?query=EC%3A1.1.2.4+AND+reviewed3Ayesksort=score
Shttps://www.uniprot.org/uniprot/?query=EC%3A5.3.4.1+AND+reviewed3Ayesksort=score
“https://www.uniprot.org/uniprot/008368.fasta
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s0, 5 out of the remaining 8 assignments are related to cutinase-like activity.

Some authors characterize cutinases as intermediates between lipases and esterases, given
their activity towards soluble esters and lipids [30]. Therefore, we posit that the 3 assignments
for “Triacylglycerol esterase/lipase EstA, alpha/beta hydrolase fold” are reasonable. Addition-
ally, cutinases belong to the family of o/f hydrolases [30]; explaining the assignment for the

protein whose most-informative CD is “Alpha/beta hydrolase family”.

Moreover, thioesterase domains are homologous to ¢/f3 hydrolases [52], and they also share
the same catalytic triad consisting of S-H-D residues [52]. Thus justifying the presence of the
“Surfactin synthase thioesterase subunit” CD assignment within this subset of putative cuti-

nases.

As a next step, we wanted to understand whether these putative cutinases were related to
bona fide PET hydrolases. To do so, we gathered 30 reported PET hydrolase protein sequences
by their access numbers in Carr et al. [31], and Kawai et al. [33]. We then selected the
48 putative cutinases that had the “Cutinase” (CDD:307296) most-informative CD assignment
(Table 4.1). We only considered these 48 sequences to ensure stringency in the downstream
results. Afterwards we generated a pairwise distance matrix of amino-acid identity (AAI) for

all 78 proteins, in order to see how they related to one another (Figure 4.2).

By subsetting the dendrograms in Figure 4.2 at the third hierarchical level—in a top to
bottom direction—we can distinguish 3 clusters and 1 singleton. We reckon that subsetting the
dendrograms at this level is reasonable. Our choice appears to be supported by the clustering
patterns in the heatmap. From left to right, we can notice that the first cluster is composed by
two Clostridium botulinum esterases Cbotu_EstA and Cbotu_EstB. These two esterases share >
40% AAI. The singleton consists of Bacillus subtilis esterase BsEstB. This esterase shows <

20% AALI to every other protein sequence in the heatmap.

Table 4.1: Most-informative Conserved Domains for 56 putative Cutinases from the Hypotheticals dataset BPS.

CD description counts
CDD:307296 Cutinase 48
CDD:224001 Triacylglycerol esterase/lipase EstA, alpha/beta hydrolase fold 3
CDD:215128 methyl indole-3-acetate methyltransferase 2
CDD:225749 Surfactin synthase thioesterase subunit 1
CDD:227020 Microcystin-dependent protein (function unknown) 1
CDD:315383 Alpha/beta hydrolase family 1
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The second cluster contains the majority of reported PET hydrolases. These PET hydro-
lases all share > 40% AAI among themselves. Of particular interest is the subcluster of PET
hydrolases issuing from the Thermobifida genus, within which all share > 60% AAI. A similar

result has been reported by Carniel et al. [53].

The third and last cluster encloses the 48 putative cutinases. This major cluster consists
of remotely-related sequences (< 50% AAI). Within this cluster there appear to be 8 sub-
clustering patterns. Some of these patterns seem to correlate with the taxa from which these
proteins originate—e.g., the Gordonia genus sub-cluster, and the sub-clusters containing both
Mycobacterium and Mycolicibacterium, minding their recent demarcation as different genera
(see [54]). Moreover, all 48 putative cutinases issue from the phylum Actinobacteria. This re-
sult is congruent with previous reports. These reports state that to date most bacterial isolates

with PET hydrolytic potential are found within this phylum [31, 34, 55, 56].

To our surprise, both the Fusarium solani pisi cutinase (FsC), and the Humicola insolens
cutinase (HiC) appear to be clustered together with the 48 putative cutinases. Albeit sharing

low amino-acid identity (20% < AAI < 40%) with the rest of this cohort.

To date, FsC and HiC are the only known PET hydrolases issuing from the domain Eukarya
[53]. Furthermore, FsC and HiC seem to share greater AAI with the 48 putative cutinases,
than with the remaining members of the reported PET hydrolases. This is an interesting result
because Carniel et al. previously reported that both FsC and HiC also stood out in their analyses
[53]. According to the authors, this was due to the fact that these cutinases were more similar

to one another than to the remainder PET hydrolases of bacterial origin [53].

The PET hydrolytic activities of both FsC and HiC have been formerly assessed by Ronkvist
etal. [57]. HiC showed the ability to completely degrade low crystallinity PET, with near 100%
weight loss within 96h [57]. Whereas FsC achieved 5% weight loss on the same substrate
[57]. In addition, HiC was also reported as being capable of hydrolysing crystalline PET ([57],
reviewed in [31, 33]).

Intrigued by the fact that these functionally-verified PET hydrolases clustered together with
the 48 putative cutinases, we chose to select both HiC and FsC as references for further in-
quiries. We were specially interested in knowing whether the 48 putative cutinases shared the
same motifs as these two cutinases. To this end we performed a Multiple Sequence Alignment

(MSA) among HiC, FsC, and the 48 putative cutinases (Figure 4.3).
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CHAPTER 4

The S-D-H catalytic triad is conserved in all 48 putative cutinases (Figure 4.3). There is a
single sequence (fig|1773.6446.peg.1907) whose catalytic Histidine residue did not align
with the remaining sequences in the MSA. The GXSXG pentapeptide motif enclosing the nu-
cleophilic serine is fully conserved in all sequences. This motif contains the same five residues
as both HiC and FsC (GYSQG) for 36 (75%) out of 48 putative cutinases. There are also four
cysteine residues that are fully conserved in all sequences. These cysteine residues are thought
to form disulfide bonds in cutinases [58], and disulfide bonds are known to enhance protein
thermostability [59]. Carr et al. outline that functionally-verified PET hydrolases of bacterial
origin have a C-terminal disulfide bond, reported to confer thermal and kinetic stability to these
enzymes [31]. Moreover, FsC is reported to achieve optimal performance at 50°C [57]. On
the upside, HiC maintains maximum initial activity between 70°C and 80°C [57]. Given the
conservation of these cysteine residues likely involved in disulfide bond formation, across all
48 putative cutinases, we argue that it is reasonable to hypothesize that the latter might show
some degree of thermostability akin to that of FsC or HiC. Likewise, minding the conservation
of key residues such as those of the catalytic triad and the pentapeptide motif, we also posit that

the tertiary structure of these 48 putative cutinases might resemble that of FsC and/or HiC.

Next we surveyed the physico-chemical properties of the 48 putative cutinases, together with
HiC and FsC. For each of these protein sequences, we computed the (i) aromaticity coefficient;
(i1) grand average of hydropathicity (GRAVY); (iii) instability index; (iv) isoelectric point (pl);
(v) molecular weight (MW); and (vi) sequence length. The values for each of these properties,

and for each protein sequence are shown in Figure 4.4.

Most (~75%) putative cutinases have a sequence length of < 250 a.a, although the maxi-
mum is near 350 a.a. This contrasts with the sequence length of HiC (194 a.a.)—which is the
minimum value—but not as much with the length of FsC (214 a.a.); given that there are puta-
tive cutinases whose sequence length is < 214 a.a. Analogously, most putative cutinases have
a MW of < 26 kDa; with the maximum reaching near 35 kDa. The minimum value for MW is
that of HiC (20 kDa); and there are putative cutinases whose MW is equal or less than that of
FsC (22 kDa).

Increased positive values of GRAVY suggest increased hydrophobicity [45]. In this re-
gard, both FsC and HiC are on the hydrophilic end of the distribution, with a GRAVY score
of —0.1196 and —0.0335, respectively. On the other hand, 47 putative cutinases are more hy-
drophobic than FsC, and 46 are more hydrophobic than HiC. The minimum GRAVY score is
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4.3. RESULTS AND DISCUSSION

shown by a putative cutinase with a value of —0.2182, being more hydrophilic than both FsC
and HiC. It should be emphasized that GRAVY estimates the global hydrophobicity of a protein
from its entire amino-acid sequence [60]. It does not take into account the tertiary structure of

the protein, nor the amount of residues in its hydrophobic core [60].

Therefore, the increased hydrophobicity portrayed by most putative cutinases, in compari-
son to FsC and HiC, might be implicated with the existence of a larger hydrophobic core, which
skewes the GRAVY score towards more positive values. Alternatively, it might be due to the
fact that most putative cutinases have a sequence length that is greater than that of HiC or FsC,
coupled with the observation that whereas the cutinase domain of HiC starts at residue number
16 and spans up to residue number 192 (see Figure 4.3); some putative cutinases have the same
cutinase domain starting at residue number 30 or even 119. This entails a greater number of
amino-acids that do not belong to the cutinase domain to be used as input for the GRAVY score

calculation for these proteins, and thus possibly generating less accurate predictions.

The pl corresponds to the pH at which a given protein has a net charge of zero [61]. While
FsC shows a pl ~ 6.79, and HiC a pl = 8.43, most putative cutinases show either a pl < 6,
or pl > 8.5; with the maximum and minimum values being pI ~ 4 and pl ~ 10, respectively.
Even though protein stability at a given pH depends not only on its net charge, but also on the
difference in pKs (i.e., the negative logarithm of the dissociation constant K) of the ionizable
groups among the folded and the unfolded protein [62]; this result hints at the fact that these
putative cutinases might have either a more acidic, or a more basic optimal pH than those of
the two chosen references. In theory, these putative cutinases could be promising candidates for
biotechnological applications, minding that they might withstand harsher industrial conditions

(see [12]), than those allowed for FsC or HiC.

As a rule of thumb, proteins with an instability index below 40 are probably stable in vitro
[63]. Most (79%) putative cutinases have an instability index < 40, together with FsC and HiC.
Thus suggesting that theoretically they would be stable in vitro. Moreover, while FsC and HiC
have an aromaticity ratio of ~6%, the putative cutinases have wider-spread values, ranging from
4.6% to 9.2%. This greater spread of aromaticity ratios, as portrayed by the putative cutinases,
might also be related with the hypothetical situation proposed above, where lengthier sequences
might show different ratios of aromatic residues that might not obligatorily fall within the range

of the cutinase domain.
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Figure 4.4: In silico-generated physico-chemical properties for the putative cutinases. There are 48 putative cutinases from the
Hypotheticals dataset BPS (purple), and two PET hydrolases (yellow). The data-points referring to HiC and FsC are explicitly
labeled for each property shown.

Reminiscing on the work developed throughout chapter 2, one might recall that these pu-
tative cutinases are in fact cluster representative sequences at a 60% global identity resolution.
Thus, for these 48 cluster representatives, there are a total of 254 cluster members (data not
shown) that share > 60% sequence identity with their respective cluster representative. We
tentatively suggest that it is reasonable for these cluster members to inherit the same annota-
tions—and consequently the same predicted molecular function—as their representatives. Thus,
in this work we report 254 candidate proteins that might be at a prime for further data analysis

and scrutiny, and possibly future in vitro assays in the search for novel PET hydrolases.
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4.4 Conclusions

Starting with a dataset comprising de novo-annotated (see chapter 2) protein sequences of
prokaryotic origin, we first created a subset enclosing the most extensively annotated ones. We
ensured that their Protein Annotation Index (PAI) value was greater than the partitioning thresh-
old (see chapter 3), and that they had been annotated by all three Classification Systems—i.e.,
EC, GO and CD.

We then selected the sequences whose predicted enzyme subclass (i.e., 4th-digit EC) was of
known biotechnological and/or industrial interest (see Table 1.1). This enabled us to disclose
64 enzyme subclasses, amounting to a total of 13,734 protein cluster representatives. The PAI
values for the sequences issuing from 50 out of 64 enzyme subclasses exhibited greater variance

and greater maxima than their counterparts issuing from SwissProt.

From the foregoing 64 enzyme subclasses, 34 belonged to the Hydrolase class (i.e., EC:3.-
.-.-), totaling 11,757 protein cluster representatives. We report that for 27 out of these 34 Hy-
drolase subclasses, our dataset contains eight times more potential Hydrolases than the gold-
standard cohort. Additionally, we report 3 Hydrolase subclasses with prokaryotic protein se-
quence representatives—Mannanase (EC:3.2.1.25); Lactic acid dehydrogenase (EC:1.1.2.4);
and Protein disulfide-isomerase (EC:5.3.4.1)—that to our knowledge, do not have representa-
tives in SwissProt issuing from either Archaea or Bacteria domains. These 13,734 putative
enzymes represent prime candidates of recognized industrial interest. These putative enzymes

might be of interest to prospective researchers aiming to characterize them to a greater extent.

Among 34 Hydrolase subclasses, we chose that of Cutinases (EC:3.1.1.74) as a case study.
We chose to investigate the Cutinase subclass based on the catalytic versatility of its members
[34], industrial pluripotentiality [32], and reported ability to hydrolize high molecular weight
polyesters, like polyethylene terephthalate (PET) [31]. We report 48 novel putative cutinases
that possessed the characteristic cutinase CD. These held the most promise as their annotation
depicted a consensus between the EC and CD classification systems. We also account that all
48 putative cutinases issue from the phylum Actinobacteria. This result is in agreement with

previous reports.

Afterwards, we compared the foregoing 48 putative cutinases with 30 bona fide PET hy-
drolases. Surprisingly, we found that the PET hydrolases that shared the greatest amino-acid

identity to these 48 putative cutinases were of fungal origin. These were the Fusarium solani
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pisi cutinase (FsC), and the Humicola insolens cutinase (HiC). Upon performing a Multiple
Sequence Alignment (MSA) among HiC, FsC, and the 48 putative cutinases, we were able to
confirm that the S-D-H active site is present throughout all sequences. The characteristic pen-
tapeptide motif was highly conserved, and 36 (75%) out of 48 putative cutinases contained the
same five residues in this motif as both HiC and FsC. Four cysteine residues involved in disul-
fide bond formation were also highly conserved. The conservation of these motifs suggested
three things. First, that these 48 putative cutinases are possibly functional. Second, that they
might be thermostable to some extent. Third, that the tertiary structure of these 48 putative

cutinases might resemble that of FsC or HiC.

Lastly, upon calculating several physico-chemical properties for these 48 putative cutinases,
we suggest that these might withstand harsher industrial conditions than those allowed for FsC
or HiC. We conclude that these putative cutinases might be promising candidates for biotech-
nological applications, and further disclose that these 48 cluster representative sequences relate
to a total of 254 cluster members. These 254 protein sequences might be at a prime for further
analysis in the search for novel PET hydrolases. Moreover, the workflow we presented in this
chapter might be used to further characterize any of the putative enzyme subclasses disclosed

herein.

178



REFERENCES

References

[1]

[3]

[9]

[10]

[11]

Piao H, Froula J, Du C, Kim TW, Hawley ER, Bauer S, et al. Identification of novel
biomass-degrading enzymes from genomic dark matter: Populating genomic sequence

space with functional annotation. Biotechnol Bioeng. 2014;111(8):1550-1565.

Al-Shahib A, Breitling R, Gilbert DR. Predicting protein function by machine learning on

amino acid sequences — a critical evaluation. BMC Genomics. 2007;8(1):78.

McLean JS, Lombardo MJ, Badger JH, Edlund A, Novotny M, Yee-Greenbaum J, et al.
Candidate phylum TM6 genome recovered from a hospital sink biofilm provides genomic

insights into this uncultivated phylum. Proc Natl Acad Sci U S A. 2013;110(26):E2390-9.

Marcy Y, Ouverney C, Bik EM, Losekann T, Ivanova N, Martin HG, et al. Dissecting
biological “dark matter” with single-cell genetic analysis of rare and uncultivated TM7

microbes from the human mouth. Proc Natl Acad Sci U S A. 2007;104(29):11889-11894.

Garza DR, Dutilh BE. From cultured to uncultured genome sequences: metagenomics

and modeling microbial ecosystems. Cell Mol Life Sci. 2015;72(22):4287-4308.

Becraft ED, Dodsworth JA, Murugapiran SK, Ohlsson JI, Briggs BR, Kanbar J, et al.
Single-Cell-Genomics-Facilitated Read Binning of Candidate Phylum EM19 Genomes
from Geothermal Spring Metagenomes. Appl Environ Microbiol. 2015;82(4):992—-1003.

Bernard G, Pathmanathan JS, Lannes R, Lopez P, Bapteste E. Microbial dark matter inves-
tigations: how microbial studies transform biological knowledge and empirically sketch a

logic of scientific discovery. Genome Biol Evol. 2018;.

Lobb B, Kurtz DA, Moreno-Hagelsieb G, Doxey AC. Remote homology and the functions

of metagenomic dark matter. Front Genet. 2015;6:234.

Mokili JL, Rohwer F, Dutilh BE. Metagenomics and future perspectives in virus discovery.

Curr Opin Virol. 2012;2(1):63-77.

Dutilh BE.  Metagenomic ventures into outer sequence space.  Bacteriophage.

2014;4(4):e979664.

Rashid M, Stingl U. Contemporary molecular tools in microbial ecology and their appli-
cation to advancing biotechnology. Biotechnol Adv. 2015;33(8):1755-1773.

179



CHAPTER 4

[12] Sysoev M, Grotzinger SW, Renn D, Eppinger J, Rueping M, Karan R. Bioprospecting
of Novel Extremozymes From Prokaryotes-The Advent of Culture-Independent Methods.
Front Microbiol. 2021;12:630013.

[13] Chen R, Wong HL, Burns BP. New Approaches to Detect Biosynthetic Gene Clusters in
the Environment. Medicines (Basel). 2019;6(1).

[14] Verma S, Meghwanshi GK, Kumar R. Current perspectives for microbial lipases from

extremophiles and metagenomics. Biochimie. 2021;182:23-36.

[15] Akal AL, Karan R, Hohl A, Alam I, Vogler M, Grotzinger SW, et al. A polyextremophilic
alcohol dehydrogenase from the Atlantis II Deep Red Sea brine pool. FEBS Open Bio.
2019;9(2):194-205.

[16] Groétzinger SW, Karan R, Strillinger E, Bader S, Frank A, Al Rowaihi IS, et al. Identifi-
cation and Experimental Characterization of an Extremophilic Brine Pool Alcohol Dehy-

drogenase from Single Amplified Genomes. ACS Chem Biol. 2018;13(1):161-170.

[17] Singh BK. Organophosphorus-degrading bacteria: ecology and industrial applications.
Nat Rev Microbiol. 2009;7(2):156-164.

[18] Smith HO, Wilcox KW. A restriction enzyme from Hemophilus influenzae. I. Purification

and general properties. J Mol Biol. 1970;51(2):379-391.

[19] Brock TD, Freeze H. Thermus aquaticus gen. n. and sp. n., a nonsporulating extreme

thermophile. J Bacteriol. 1969;98(1):289-297.

[20] Saiki RK, Gelfand DH, Stoffel S, Scharf SJ, Higuchi R, Horn GT, et al. Primer-
directed enzymatic amplification of DNA with a thermostable DNA polymerase. Science.

1988;239(4839):487-491.

[21] Jinek M, Chylinski K, Fonfara I, Hauer M, Doudna JA, Charpentier E. A pro-
grammable dual-RNA-guided DNA endonuclease in adaptive bacterial immunity. Science.

2012;337(6096):816—-821.

[22] Li S, Yang X, Yang S, Zhu M, Wang X. Technology prospecting on enzymes: application,
marketing and engineering. Comput Struct Biotechnol J. 2012;2:¢201209017.

180



REFERENCES

[23] Bruno S, Coppola D, di Prisco G, Giordano D, Verde C. Enzymes from Marine Polar
Regions and Their Biotechnological Applications. Mar Drugs. 2019;17(10).

[24] Singh R, Kumar M, Mittal A, Mehta PK. Microbial enzymes: industrial progress in 21st
century. 3 Biotech. 2016;6(2):174.

[25] Gurung N, Ray S, Bose S, Rai V. A broader view: microbial enzymes and their relevance

in industries, medicine, and beyond. Biomed Res Int. 2013;2013:329121.

[26] Robinson PK. Enzymes: principles and biotechnological applications. Essays Biochem.

2015;59:1-41.

[27] Cabrera MA, Blamey JM. Biotechnological applications of archaeal enzymes from ex-

treme environments. Biol Res. 2018;51(1):37.

[28] Ramesh A, Harani Devi P, Chattopadhyay S, Kavitha M. Commercial Applications of Mi-
crobial Enzymes. In: Microorganisms for Sustainability. Singapore: Springer Singapore;

2020. p. 137-184.

[29] Meghwanshi GK, Kaur N, Verma S, Dabi NK, Vashishtha A, Charan PD, et al. En-
zymes for pharmaceutical and therapeutic applications. Biotechnol Appl Biochem.

2020;67(4):586—-601.

[30] Nyyssold A. Which properties of cutinases are important for applications? Appl Microbiol
Biotechnol. 2015;99(12):4931-4942.

[31] Carr CM, Clarke DJ, Dobson ADW. Microbial Polyethylene Terephthalate Hydrolases:
Current and Future Perspectives. Front Microbiol. 2020;11:571265.

[32] Pio TF, Macedo GA. Cutinases: properties and industrial applications. Adv Appl Micro-
biol. 2009;66:77-95.

[33] Kawai F, Kawabata T, Oda M. Current knowledge on enzymatic PET degradation and
its possible application to waste stream management and other fields. Appl Microbiol

Biotechnol. 2019;103(11):4253-4268.

[34] Danso D, Chow J, Streit WR. Plastics: Environmental and Biotechnological Perspectives

on Microbial Degradation. Appl Environ Microbiol. 2019;85(19).

181



CHAPTER 4

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Tournier V, Topham CM, Gilles A, David B, Folgoas C, Moya-Leclair E, et al. An
engineered PET depolymerase to break down and recycle plastic bottles. Nature.

2020;580(7802):216-219.

Ragaert K, Delva L, Van Geem K. Mechanical and chemical recycling of solid plastic
waste. Waste Manag. 2017;69:24-58.

Yoshida S, Hiraga K, Takehana T, Taniguchi I, Yamaji H, Maeda Y, et al. A bacterium that
degrades and assimilates poly(ethylene terephthalate). Science. 2016;351(6278):1196—
1199.

Kulmanov M, Khan MA, Hoehndorf R, Wren J. DeepGO: predicting protein functions
from sequence and interactions using a deep ontology-aware classifier. Bioinformatics.

2018;34(4):660-668.

Ryu JY, Kim HU, Lee SY. Deep learning enables high-quality and high-throughput pre-
diction of enzyme commission numbers. Proc Natl Acad Sci U S A. 2019;116(28):13996—
14001.

Altschul SF, Madden TL, Schiffer AA, Zhang J, Zhang Z, Miller W, et al. Gapped BLAST
and PSI-BLAST: a new generation of protein database search programs. Nucleic Acids

Res. 1997;25(17):3389-3402.

Sievers F, Wilm A, Dineen D, Gibson TJ, Karplus K, Li W, et al. Fast, scalable generation

of high-quality protein multiple sequence alignments using Clustal Omega. Mol Syst Biol.
2011;7:539.

Notredame C, Higgins DG, Heringa J. T-Coffee: A novel method for fast and accurate
multiple sequence alignment. J Mol Biol. 2000;302(1):205-217.

Beitz E. TEXshade: shading and labeling of multiple sequence alignments using LATEX?2
epsilon. Bioinformatics. 2000;16(2):135-139.

Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A, et al. Biopython: freely
available Python tools for computational molecular biology and bioinformatics. Bioinfor-

matics. 2009;25(11):1422-1423.

182



REFERENCES

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

Kyte J, Doolittle RF. A simple method for displaying the hydropathic character of a
protein. J Mol Biol. 1982;157(1):105-132.

Lobry JR, Gautier C. Hydrophobicity, expressivity and aromaticity are the major trends
of amino-acid usage in 999 Escherichia coli chromosome-encoded genes. Nucleic Acids

Res. 1994;22(15):3174-3180.

Guruprasad K, Reddy BV, Pandit MW. Correlation between stability of a protein and its
dipeptide composition: a novel approach for predicting in vivo stability of a protein from

its primary sequence. Protein Eng. 1990;4(2):155-161.

Margis R, Dunand C, Teixeira FK, Margis-Pinheiro M. Glutathione peroxidase family -
an evolutionary overview. FEBS J. 2008;275(15):3959-3970.

Herbette S, Roeckel-Drevet P, Drevet JR. Seleno-independent glutathione peroxidases.

More than simple antioxidant scavengers. FEBS J. 2007;274(9):2163-2180.

Saha BC, Jordan DB, Bothast RJ. Enzymes, Industrial (overview). In: Encyclopedia of
Microbiology. Elsevier; 2009. p. 281-294.

Bhosale SH, Rao MB, Deshpande VV. Molecular and industrial aspects of glucose iso-
merase. Microbiol Rev. 1996;60(2):280-300.

Montavon TJ, Bruner SD. Nonribosomal Peptide Synthetases. In: Comprehensive Natural

Products II. Elsevier; 2010. p. 619-655.

Carniel A, Waldow VdA, Castro AMd. A comprehensive and critical review on key ele-
ments to implement enzymatic PET depolymerization for recycling purposes. Biotechnol

Adv. 2021;52:107811.

Gupta RS, Lo B, Son J. Phylogenomics and Comparative Genomic Studies Robustly
Support Division of the Genus into an Emended Genus and Four Novel Genera. Front

Microbiol. 2018;9:67.

Danso D, Schmeisser C, Chow J, Zimmermann W, Wei R, Leggewie C, et al. New Insights
into the Function and Global Distribution of Polyethylene Terephthalate (PET)-Degrading

Bacteria and Enzymes in Marine and Terrestrial Metagenomes. Appl Environ Microbiol.

2018;84(8).

183



CHAPTER 4

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

Herrero Acero E, Ribitsch D, Steinkellner G, Gruber K, Greimel K, Eiteljoerg I, et al.
Enzymatic surface hydrolysis of PET: Effect of structural diversity on kinetic properties

of cutinases from Thermobifida. Macromolecules. 2011;44(12):4632-4640.

Ronkvist AM, Xie W, Lu W, Gross RA. Cutinase-catalyzed hydrolysis of poly(ethylene
terephthalate). Macromolecules. 2009;42(14):5128-5138.

Masaki K, Kamini NR, Ikeda H, Iefuji H. Cutinase-like enzyme from the yeast Crypto-
coccus sp. strain S-2 hydrolyzes polylactic acid and other biodegradable plastics. Appl
Environ Microbiol. 2005;71(11):7548-7550.

Roth C, Wei R, Oeser T, Then J, Follner C, Zimmermann W, et al. Structural and functional
studies on a thermostable polyethylene terephthalate degrading hydrolase from Thermob-
ifida fusca. Appl Microbiol Biotechnol. 2014;98(18):7815-7823.

Dyson MR, Shadbolt SP, Vincent KJ, Perera RL, McCafferty J. Production of soluble
mammalian proteins in Escherichia coli: identification of protein features that correlate

with successful expression. BMC Biotechnol. 2004;4:32.

Kirkwood J, Hargreaves D, O’Keefe S, Wilson J. Using isoelectric point to determine the

pH for initial protein crystallization trials. Bioinformatics. 2015;31(9):1444-1451.

Shaw KL, Grimsley GR, Yakovlev GI, Makarov AA, Pace CN. The effect of net charge
on the solubility, activity, and stability of ribonuclease Sa. Protein Sci. 2001;10(6):1206—
1215.

Gamage DG, Gunaratne A, Periyannan GR, Russell TG. Applicability of Instability Index
for In vitro Protein Stability Prediction. Protein Pept Lett. 2019;26(5):339-347.

184



Chapter 5

General Discussion and Prospective Work

185



186



5.1. “WHAT DID WE CREATE?”

5.1 “What did we create?”

This thesis was composed of three core objectives. The first was to quantify the protein
sequences of prokaryotic origin with unknown molecular function from public databases, and
create a repository populated with this data. The second objective was to classify these protein
sequences, using both well established, as well as state-of-the-art function prediction tools. The
third objective, although manifold, was primarily concerned with validating the classification

that had taken place.

5.1.1 Quantification

Apart from quantifying the amount of protein sequences of unknown function, we also
sought to store all data in a in-house repository. This step was necessary so that the data shared
an unified format and stood under a common architecture. On a technical note, we opted for
a NoSQL data-framework (i.e., Apache Solr) in order to store, and later retrieve, our data. We
chose to do so in order to expedite the creation of our repository. This way we needed to invest
less time than that required for the design of a relational data model. In hindsight however,
we reckon that a future version of this repository should be stored in a relational database
(e.g., MySQL). By creating a relational model a priori, one would be facilitating downstream

querying, sample-data retrieval, and thus scientific hypothesis testing.

Upon creating this repository, we had gathered 134,894,520 protein sequences whose molec-
ular function could not be inferred by public databases. As a preliminary step, we had also
considered including sequence data from publicly-available metagenomes. However, the space
and computation time needed in order to store and process such an amount of sequence data
promptly led us to discard this possibility. Nevertheless, with decreasing computation and data
storage costs, we envision that a future version of this repository might be able to encompass
metagenomic sequence data as well. Additionally, it would be interesting to expand the forego-

ing repository to include uncharacterized protein sequences of fungal and viral origin.

To our knowledge, the repository we created constitutes the first worldwide centralized col-
lection of prokaryotic protein sequences of unknown molecular function. This repository is
therefore the first contribution of this thesis. We regard it as a contribution in its own right for
the reasons that follow. By creating this repository we curtailed the need for a forthcoming re-

searcher to go through the same obstacles and pitfalls as those we experienced while gathering
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this data. Likewise, the sequences comprised therein can be further scrutinized by the scientific

community, even if via bulk retrieval of the entire dataset.

On the same note, one should severely emphasize that many so-called “routine” tasks are
extremely labor-intensive, and time-consuming. These tasks include, but are not limited to:
(1) dissecting unconventional APIs and FTP server directories; (ii) relation-mapping between
data-sources; (iil) managing access policies; (iv) troubleshooting broken server connections;
(v) creating special rules for data with missing fields; (vi) writing custom scripts to manage
downloads programmatically; or to (vii) parse a myriad data formats; among countless others.

Practical examples of these tasks are hinted at in the Methods section of Chapters 2 and 4.

Not only are these tasks cumbersome, but the inconsistencies between (and within) data-
sources hinder large-scale, cross-platform, computational analyses. Similar predicaments were
reported by Schwartz et al [1], back in 2001. In agreement with what these authors proposed, we
also urge for the adoption of ubiquitous standards and formats—especially for sequence meta-
data—by whomever oughts to provide open sequence data to the public. Reaching a consensus

in this matter would greatly expedite future endeavours worldwide.

The last goal concerning this objective was to reduce the dimension of our repository.
Choosing the appropriate clustering algorithm was critical, as it would dictate the time spent
processing these sequences thereafter. Creating a pairwise distance matrix for >134 million
protein sequences was unfeasible. Thus, several clustering algorithms had to be disregarded
(e.g., distance-based, centroid-based, hierarchical). Our best options lied with “greedy” incre-
mental clustering algorithms. After pondering on a few options (see [2—6]), we chose CD-HIT

because it was fairly fast, and because it had become well-established by that time.

A prospective, larger repository might greatly benefit from a two-step clustering approach.
In the first step, a very fast clustering algorithm (e.g., Linclust [6]) might be used to partition
the data into clusters at a predefined sequence identity threshold. As a second step, a MSA
might ensue for each cluster in order to assess the conservation of the sequences within. A MSA
reliability measure—e.g., transitive consistency score (TCS)[7]—might also be calculated. This
score should suggest whether the clusters are conserved at the given sequence identity threshold.
Additionally it might also indicate whether it is reasonable to extend the annotation of the

representative to be inferred downstream, to the remaining cluster members.

Following the steps of previous authors [8—10], we clustered our sequences throughout 8
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global sequence identity thresholds. This proved useful for four reasons. It allowed us to: (i)
create a non-redundant version of the sequence data (i.e., at 95% identity); (ii) assess the diver-
sity of these sequences; (iii) create clusters of putative protein families at 7 different resolutions;

and (iv) reduce the size of our repository, without forgoing the relations among these sequences.

The first clustering step enabled us to reduce the size of our repository in 79.51%—i.e.,
from >134 million protein sequences to ~27 million cluster representatives at 95% minimum
identity. This result showed two things. First, that it is possible to render our repository by a
smaller, non-redundant set of proteins. Second, that there might be a high level of redundancy

among (or within) independent data-sources, for protein sequences of unknown function.

The last clustering step allowed us to achieve an additional 54.2% size reduction from the
non-redundant set—i.e., from ~27 million cluster representatives at 95% minimum identity, to
~12 million cluster representatives at 60% minimum identity. This implies a ~90.62% size
reduction relative to the initial number of >134 million sequences. This was an encouraging
result. Assuming that the proportion of representative sequences remains at a steady ~10% for
larger dataset sizes, together with ever-improving clustering algorithms that provide speedier
computation times, future endeavors aiming at the annotation of billions of sequences might be

feasible.

One can argue that a size reduction of this magnitude comes at the cost of cluster conser-
vation. However, given that throughout all thresholds there are more singleton representatives
than cluster representatives per se; this decrease in conservation only affects the representative
sequences issuing from clusters—e.g., 29.28% of representative sequences at 60% minimum
identity. Nevertheless, this potential decrease in conservation might be mitigated in the future

by implementing the MSA-based clustering routine proposed above.

By meeting this dimension reduction goal we showed that high percentages of dataset size
reduction can be achieved. Thus, the computational load required for downstream tasks can
be greatly mitigated as a consequence. In addition, all metadata regarding the cluster member-
ship for each sequence throughout all thresholds was appended to our repository. This output
might be useful for future researchers aiming to create a sequence similarity network for these

unfunctionalized proteins throughout the aforementioned thresholds.
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5.1.2 C(lassification

The second objective of this thesis was to classify the protein sequences in our reposi-
tory. Classification was done on the dataset clustered at 60% minimum identity, containing
12,654,843 protein sequences of unknown function. We estimated several physico-chemical
properties in silico. The absence of distinctive patterns among the distributions for the these
properties precluded the grouping of proteins according to these attributes. The underlying
cause for this occurrence might have been the sheer size of the dataset. Such a large sample size

might have contributed to the cluttering of data and the exacerbation of noise from outliers.

In the future, one might benefit from using a different approach. Instead of using physico-
chemical properties predicted in silico to discriminate between different groups of proteins
within the entire dataset; an alternative approach would be to use these properties to differenti-
ate among distinct protein groups within a given molecular function annotation (e.g., a 4th-digit

EC). This could be achieved for instance via Principal Component Analysis (PCA).

Nonetheless, the pl appeared to be an exception to this patternless norm. Indeed, our se-
quences were arranged into two major density curves in relation to their pl, for the pH of 5 and
10, respectively. Even though this is not a original result (see [1]), it nevertheless indicates two
things. First, that a forthcoming dataset might be partitioned into two main groups at a very
early stage—e.g., upstream from the molecular function imputation step. This dataset might
be partitioned according to the theoretical pl of its sequences, property which is likely associ-
ated with different protein subcellular locations; namely cytosolic (pI ~ 5) and that of integral
membrane proteins (pl =~ 9) [1]. Secondly, the information regarding predicted subcellular lo-
cations, by itself, allows one to target each of these main groups with distinct classification
approaches accordingly. Therefore, we posit that the computational load and time required to
identify enzymes of biotechnological and/or industrial interest can be drastically shortened if
one prioritizes the classification of sequences whose theoretical pl is associated with subcellular

locations of interest (e.g., cytosolic).

To ascertain the molecular function of these ~12 million proteins, we chose to use both a
gold-standard (i.e., RPS-BLAST [11]) as well as state-of-the-art function prediction tools (i.e.,
DeepGO [12], and DeepEC [13]). We decided to use these three tools, and thus three Classifi-
cation Systems (i.e., EC, GO and CD). Our reasoning was that they provided non-overlapping

and highly complementary annotations to one another.
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We were unaware of how would DeepGO and DeepEC perform (or if they would perform
at all). Our concerns were threefold. The first concern lied with the fact that these were cutting-
edge tools at the time, with the article for DeepGO being published in 2018, and that of DeepEC
in 2019. This meant that they had not been benchmarked nor validated by third parties yet.

Thus, their reliability lied solely with the account of the authors in each publication.

Secondly, DeepGO was trained on manually-curated protein sequence data [12] from Swis-
sProt [14]. DeepEC was also partially trained using SwissProt (see [13], Supplementary Infor-
mation). Hence, if the sequences in our dataset were too dissimilar from those in the training

sets, there was a chance that these classifiers would not be able to predict their function.

Thirdly, to our knowledge, this work was the first attempt at classifying a large-scale dataset
of proteins, whose databases of origin were not able to characterize in the first place. Therefore
there was a chance this exploratory endeavor would not bear any fruit. We reasoned that if
DeepGO and/or DeepEC were to fail at annotating these proteins, our fallback strategy lied
with RPS-BLAST; from which we could gather the CDs for these proteins.

Notwithstanding, we managed to annotate 99.97% (12,651,624) of the dataset with at least
one term, from at least one of the Classification Systems used. This was a significant devel-
opment, given that we started off with unannotated sequence data to begin with. Moreover,

99.91% (12,644,075) of the dataset was annotated with at least one GO term.

This portrayed an extensive annotation coverage by DeepGO. However, the deepest GO
term annotation for most of these proteins is either at the first, or second level of the DAG.
Only a small fraction of proteins annotated with GO possessed an annotation term whose depth
was greater than the third level of the DAG. These results hinted at the vagueness of these GO
annotations, as it also suggests permissiveness from DeepGO. Therefore, we might conclude
that the annotation coverage provided by DeepGO came at the expense of decreased annotation

specificity.

Moreover, we found proteins that had more than one GO term annotation at the first level of
the DAG. This result suggests one of two possible scenarios. Either that these proteins perform
distinct molecular functions; or alternatively, that DeepGO’s predictions are prone to ambiguity.
The fact that the proteins with a single GO assignment appear to have higher prediction scores

than those with multiple assignments suggests that the second scenario might be taking place.

Furthermore, nearly all proteins annotated with GO (99.39%) possessed the GO term “bind-
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ing” (41.86%), “catalytic activity” (4.7%), or both (52.82%). These results imply that 57.52%
of these proteins might be enzymes. Interestingly, the group of proteins with the highest predic-
tion scores are those with “catalytic activity” as their sole GO term at the first level of the DAG.
This was a curious result. It suggested that DeepGO’s predictions for putative enzymes ranked
best. Yet, this account contrasts with the number of proteins annotated by DeepEC—from
12,654,843 representatives, only 2.78% were annotated as possible enzymes. The disparity
between the results of both function prediction tools might be explained by DeepEC’s conser-
vativeness. Therefore, protein sequences that were too dissimilar from those in its training set
might have been disregarded as false negatives. Nonetheless, additional work would be neces-
sary to confirm whether these DeepGO assignments actually relate to highly divergent enzymes,

or if they are merely false positives.

Since we gathered these results, the authors of DeepGO have commented on its limitations
[15]. These limitations include: (i) the inability to predict the full extent of molecular functions
in the GO ontology; (ii) the use of interaction network features, which are absent from unchar-
acterized proteins; and (ii1) the potential overfitting to specific features in the training set, which
might lead to inadequate results in real prediction scenarios [15]. Thus, a prospective version
of our ensemble framework might benefit from using GO prediction tools that were published
since DeepGO (e.g., [15-18]), and that achieved better predictive performance than the latter
[15].

RPS-BLAST assigned at least one CD to 48.53% (6,142,383) of these sequences. This an-
notation coverage fell short of our expectations. We posit that this unexpected coverage might
have been the product of a bit-score cutoff that was too stringent. A stringent bit-score cutoff
was necessary to mitigate false positives, and ensure the quality of CD annotations. Nonethe-

less, it might have come at the price of reduced annotation coverage.

It is also possible that the sequences lacking CD annotation might not be proteins at all.
Upon gathering our sequence data we only kept sequences from 200 to 10,000 amino-acids in
length. Therefore it is unlikely for these sequences to be peptide signaling molecules like auto-
inducing peptides (AIPs); or ribosomally synthesized and post-translationally modified peptides
(RiPPs), as these are typically < 35 amino-acids [19], and 20 to 110 amino-acids [20] in length,

respectively.

As a prospective outlook, we would like to emphasize that there is evidence that small un-

characterized proteins perform a multitude of significant physiological roles yet to be uncharted
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[21]. Likewise, small peptides, such as RiPPs, have attracted increasing interest from academic
and industrial sectors alike [20, 22]. These natural products can be unearthed with the aid of
ever-improving deep learning algorithms, like DeepRiPP [23]. Therefore, we propose that upon
gathering novel protein sequences from data-sources aiming at the creation of a new version of

this repository, one should disregard any lower or upper limits for protein sequence length.

Another hypothesis concerning the sequences lacking CD annotation is that these might
correspond to false positives from the open reading frame (ORF)-calling step, presumably un-
dertaken upstream from our work. If none of these possibilities are verified, we speculate that
these sequences with no CD might be at a prime for discovering new molecular functions al-
together. RPS-BLAST results (or absence thereof) should also be cross-validated with more
sensitive procedures in the future, like querying hidden Markov model (HMM) profiles of pro-

tein domains.

DeepEC assigned at least one 4th-digit EC to 2.78% (351,917) of proteins, thus suggesting
that these are potentially enzymes. Conversely, this result indicates that 97.22% (12,302,926) of
these uncharacterized proteins lack catalytic activity—or at least one recognizable by DeepEC.
One should emphasize that 304,293 (86%) of these putative enzymes also have GO and CD
annotation. Once again, this suggests that DeepEC might be the most conservative prediction

tool out of the three we used.

DeepEC outputs a score for each prediction. DeepEC results without prediction scores is-
sue from an homology analysis sub-routine. We required the prediction scores for downstream
work. This meant excluding 15,333 putative enzymes that were product of homology analysis.
By doing so, a new total of 336,584 putative enzymes was gathered. From these 336,584 puta-
tive enzymes, 326,962 had a single EC annotation. We found that the most abundant enzymatic
classes were Transferases (182,797) and Hydrolases (100,475). This was a promising result, as

the majority of enzymes of biotechnological interest are of hydrolytic nature [24].

We also found 9,622 putative enzymes that had more than one predicted 4th-digit EC. Most
of these enzymes have EC numbers that share the first 3 digits (8,387); or the first 2 (365). We
hypothesize that these enzymes are catalytically promiscuous. Potential catalytic promiscuity,
as suggested by multiple EC assignments, might be assessed in the future by quantitatively
comparing the multiple potential reactions presumably catalyzed by a given enzyme—e.g., as

achieved by the late EC-BLAST [25].
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The remaining putative enzymes had multiple ECs that either share the 1st-digit (121), or
span multiple enzymatic groups altogether (749). These might be enzymes that perform multi-
ple functions. In theory, these might have attained multiple active sites via gene fusion events.
Prospective endeavors might determine multifunctionality by analyzing the domains of these
enzymes for the presence of active sites commonly associated with those catalytic activities.
Nonetheless, additional work is necessary to determine the promiscuity, or multifunctionality,

of these enzymes.

Addressing this particular subset of enzymes is of great significance for future biotechnolog-
ical developments, as it might offer innovative solutions for the enzymes industry. For instance,
by using an enzyme capable of catalysing several key reactions in a given industrial process, the
need for multiple enzymes, and thus multiple physico-chemical requirements (e.g., temperature,

pH, solvent) might, in theory, be disregarded altogether.

The metadata enrichment process described in this section represents the second set of con-
tributions from this thesis. The molecular function annotations we have gathered from our
ensemble framework provide a valuable accretion to the repository created in the first objective,
and offer a glimpse into the potential functions of these elusive proteins. In a future version of
this ensemble framework, one should also strive to include more classifiers and predicted fea-
tures, such as genomic context, protein-protein interactions, subcellular location, and tertiary

structure.

5.1.3 Validation

The third and last objective of this thesis was manifold. First, we sought to validate the
annotations gathered for our ~12 million representative protein dataset. Afterwards, we wanted
to determine whether this dataset enclosed any putative enzymes of known biotechnological or
industrial interest. Lastly, we aimed to select a putative enzyme subclass of pressing societal
significance, and provided a proof-of-concept for the possible real-world usefulness of the work

developed hitherto.

The first step towards this validation, was to develop a method that would allow us to numer-
ically qualify each protein according to its annotation. This was required so that the annotations
became quantitatively comparable to one another. Minding that some annotation terms are more

specific than others, this meant that our method needed to tap into the amount of information
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conveyed by a given term—i.e., its Information Content (/C).

IC-based metrics have been extensively used for biological ontologies ever since the work
of Lord et al. [26]. Yet, to our knowledge, these types of metrics had never been applied to
EC numbers, nor CD PSSM identifiers. Moreover, the IC of a term does not represent the full
extent of information in an annotated protein. There are two main reasons for this. First, a
protein might have multiple annotations. Second, these annotations might issue from multiple

Classification Systems.

To accommodate these circumstances, we developed a new family of /C-based measures,
tailored for the computation of the informational value within an annotated protein. This com-
putation takes into account a set of multiple terms from a given Classification System. These
measures were the Protein Information Content (PIC), and its prediction-score-weighted ver-
sion (PICy). Given that the Classification Systems used in this work belong to one of two main
categories—with and without subsumption relations—we developed two equations for each

measure. This way, each measure could be calculated for all Classification Systems we used.

By calculating the PIC/PICs for all proteins annotated with each Classification System, we
have shown that it is possible to represent our entire dataset as a collection of distributions.
These distributions depict spectra of protein annotation, and their values provide insight into
the extent of these annotations; and even whether these annotations relate to multiple molecular

functions.

We ultimately sought to combine the PICs measures calculated for each Classification Sys-
tem into an index. This index would illustrate the extent to which a protein was annotated in
relation to the three Classification Systems we used. We named it Protein Annotation Index
(PAI). To our knowledge, this metric is the first attempt at creating a unifying measure for

protein annotation content and quality.

The PAI allows to systematize protein annotations according to the full extent of their infor-
mational value. Consequently, it enables the creation of a global distribution that characterizes
different degrees of protein annotation within a given dataset. Moreover, the PAI is both scal-
able and modular. It can be extended to include other Classification Systems, provided the
predicted terms have an associated confidence score. The weights it comprises (i.e., w¢) might
also be replaced by other constants, according to specific needs. We propose that the PAI mea-

sure should be improved in order to include modular weight constants according to different
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objectives. For instance, including the p-value of the hypergeometric test in order to ascertain
how overrepresented a term is in comparison to a gold-standard dataset. This might also be

used to assess the rarity of a given molecular function.

We found that by calculating the value of PAI for all proteins in a dataset, we can unravel
distinct sub-distributions under the guise of density peaks. These conformed to proteins with
differing levels of annotation. This development allowed us to distinguish which proteins had
been more thoroughly annotated. After applying a thresholding algorithm, we were further able
to select a value of PAI that allowed for the subsection of our dataset among two major protein
groups—i.e., those that were effectively annotated, and those that were not. By creating this
dichotomy we expedite the targeting of protein sequences that were the most pliant to in silico
annotation. In addition, we facilitate the selection of the most promising protein sequences for
further analyses. Additionally, by building upon the family of measures that was created, we
envision that a novel metric aimed at quantifying the consensus of semantic term annotations

throughout different ontologies should take place.

Likewise, we also propose the creation of a unified measure of societal and economic poten-
tial for the enzymes whose biotechnological interest has been established a priori. This could
be achieved by developing cost evaluation models to dynamically estimate market value. These
models should be updatable through time, allowing for the recalculation of an enzyme’s value,
according to internal factors such as their annotation quality (i.e., PAI); and external ones like
market fluctuations. This measure should also allow to predict potential domains of applica-
tion—e.g., those established by the United Nations 2030 Agenda for Sustainable Development
[27]. In doing so, it should allow to assign a tangible value for the most promising enzyme

candidates, and establish a priority hierarchy for future biochemical characterization endeavors.

From a subset containing the most extensively annotated proteins, we selected the enzyme
subclasses that were of known biotechnological and/or industrial interest (see Table 1.1). This
amounted to 64 enzyme subclasses, totaling on 13,734 protein cluster representatives. From
these 64 enzyme subclasses, 34 belonged to the Hydrolase class (i.e., EC:3.-.-.-), amounting to
11,757 protein cluster representatives. Overall, these 13,734 protein sequences represent prime

candidates of industrial interest for biochemical characterization.

Among 34 Hydrolase subclasses, we chose that of Cutinases (EC:3.1.1.74) as a case study.
We chose to investigate the Cutinase subclass based on the catalytic versatility of its members

[28], industrial pluripotentiality [29], and reported ability to hydrolize high molecular weight
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polyesters, like polyethylene terephthalate (PET) [30]. This case study provided a proof-of-

concept for the entire workflow developed throughout this thesis.

We have identified 48 novel putative cutinases that possessed the characteristic cutinase
CD. These held the most promise as their annotation depicted a consensus between the EC and
CD Classification Systems. Afterwards, we compared the foregoing 48 putative cutinases with
30 bona fide PET hydrolases. Surprisingly, we found that the PET hydrolases that shared the
greatest amino-acid identity to these 48 putative cutinases were of fungal origin. These were the
Fusarium solani pisi cutinase (FsC), and the Humicola insolens cutinase (HiC). Additional work
is needed in order to understand how do these putative cutinases relate to a broader spectrum of

serine esterases across the three domains of life.

Upon performing a Multiple Sequence Alignment (MSA) among HiC, FsC, and the 48 pu-
tative cutinases, we were able to confirm that the active site is present throughout all sequences.
Moreover, a characteristic pentapeptide motif, and four cysteine residues involved in disulfide
bond formation, were also highly conserved. The conservation of these motifs suggested three
things. First, that these 48 putative cutinases are likely functional. Second, that they might be
thermostable to some extent. Third, that the tertiary structure of these 48 putative cutinases

might resemble that of FsC and/or HiC.

After calculating several physico-chemical properties for these 48 cutinases, we tentatively
suggest that these might withstanding harsher industrial conditions than those allowed for FsC
or HiC. However, subsequent analyses are needed in order to confirm these assumptions. This
process might start by predicting the tertiary structure for these enzymes, and by comparing it
against thermostable PET hydrolases (e.g., HiC) whose structure has already been resolved. If
the results from the previous procedure are promising, heterologous expression within a com-
patible host might ensue, followed by protein purification along with thermostability and pH

stability assays.

We conclude that these putative cutinases might be promising candidates for biotechnolog-
ical applications, and further disclose that these cluster representatives relate to a total of 254
cluster members. These 254 protein sequences might be at a prime for further analysis in the

search for novel PET hydrolases.
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Protein function imputation has stood as one of the most challenging tasks in computational
biology to date. This challenge has been tackled by numerous research groups worldwide, and
substantial progress has been made in the past years. Apart from identifying the molecular
function of a protein sequence, another challenge is that of unearthing its potential use for

mankind.

Notwithstanding, gene products from the FDM keep accumulating throughout public se-
quence databases and repositories. One can envision this predicament leading to several nefari-
ous consequences in due time (if not already). For instance, the ever-expanding volume of FDM
might give rise to a deluge of intangible and disorganized information in a near future. This sce-
nario might make data prospection an exceedingly laborious task, as the volume of unannotated
data to be mined rises exponentially. One can also foresee database queries taking increasingly
longer to comply with a given request, due to a cumulative magnification of sequence search

space.

Additionally, if left unaddressed, FDM renders an incomplete portrait of knowledge re-
garding prokaryotic genomes, and therefore biological systems as a whole. This circumstance
in turn perpetuates the existence of unanswered questions, and thus unmet explanations. By
neglecting the potential for groundbreaking advances in biotechnological solutions for current
(and future) society, we risk being kept in the dark, while the solutions to a fair amount of
our problems might very well lay hidden right in front of us. We also take great risk in trying
to reinvent “biological wheels”. As an example, one might try to synthetically engineer new
enzymes with enhanced catalytic performance, or chemically synthesize new compounds of
pharmacological interest; when even better extremozymes lay unnoticed, and BGCs coding for

the very compounds one is striving to create lay unseen.

This thesis took the first small steps towards the identification of biotechnological potential
within the prokaryotic FDM. We present evidence corroborating the outstanding source of nov-
elty among these uncharacterized gene products. In doing so, we have laid the foundations for a
prospective systematic interrogation of the FDM, possibly allowing to extricate new biotechno-
logical solutions from these elusive elements in the near future. The work developed throughout
this dissertation might be automated hereafter, paving the way for the functional inference of
FDM from “Big-Sequence-Data”. It is our opinion that true, accurate, in silico protein function
imputation is presently attainable. The attainment of this goal might very well be a matter of

exhaustiveness, stringency, and connecting the information provided by a multitude of differing
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sources, and distinct annotations issuing from orthogonal molecular function imputation tools.
It is of utmost importance to bring this uncharted knowledge to light, as these gene products

can provide remarkable contributions to overcome contemporary societal issues.

Garcia de Orta, a XVI-century Portuguese naturalist and physician, triggered a paradigm
shift in medicine and science during the Portuguese Age of Discovery. Among his many writ-
ings he states that “we now learn more in one day by the Portuguese than what has been known
for a hundred years with the Romans”. This quote could not resonate more with the current
circumstances provided by the wealth and breadth of information in this post-genomic era. Un-
doubtedly the horizon goes far and wide, and the potential treasures that can be unearthed by
prospecting this information are hidden in plain sight. It is incumbent upon the current, and the
following, generation of microbiologists and bioinformaticians alike to relentlessly seek light
amidst the microbial dark matter. A call to arms beckons from the abyss, and as Garcia de Orta

once declared: “What we do not know today, we shall know tomorrow”.
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