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Abstract
Recent progress in fundamental biological sciences and medicine has considerably increased the quantity of

data that can be studied and processed. The main limitation now is not retrieving data, but rather extracting
useful biological insights from the large datasets accumulated. More recent advances have provided detailed
high-density data regarding metabolism (metabolomics) and protein expression (proteomics). Clearly, no sin-
gle analytic methods, can provide a comprehensive understanding. Rather, the ability to link available data
together in a coherent manner is required to obtain a complete view. The improving application of Machine
Learning (ML) techniques provides the means to make continuous progress in processing complex data sets.
A brief discussion is offered on the advantages of ML, the state-of-the-art in Deep Learning (DL) for protein
predictions and the importance of ML in biological data processing. Noise stemming from incorrect classi-
fication or arbitrary/ambiguous labelling of data may arise when ML techniques are applied to large data
sets. Furthermore, the stochasticity of biological systems needs to be considered for correctly evaluating the
outputs. Here we show the potential of a workflow to respond biological questions taking into consideration a
perturbation of the biological data.
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For controlling the applicability of models and maximizing the predictivity, in silico filtering schemes

can usefully be applied as an “Ockham’s razor” before using any ML technique. After reviewing different

DL approaches for protein prediction purposes, this work shows that a computational approach in filtering

steps is a valuable tool for proteins classification when biological features are not fully annotated or reviewed.

The in silico approach has identified putative proline transporters in fungi and plants as well as carotenoid

biosynthetic gene products in the plant family Brassicaceae. The proposed method is suitable for extracting

features of classification and then maximizing the use of a DL approach.
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3. Preface

In the first part of this work, we briefly examined different Machine Learning approaches as presen-
ted in “The 2021 World Congress in Computer Science, Computer Engineering & Applied Computing
(CSCE), July 26–29, 2021, Las Vegas, USA’’, focusing on the most recent Deep Learning techniques
applied to protein engineering and protein structure solution. In the second part, we reported the
main topic of our research: how to filter big datasets affected by different sources of noise.



4. Introduction

4.1 Aim of the present work

The main purpose of this work is the implementation and application of a deterministic filtering
on large sets of protein data coupled with different phylogenetic techniques. In many cases in which
specific classified proteins datasets are not available in the starting sampling to train algorithms, with
the risk to affect the results with noise, the use of a pipeline for filtering data has proved to be suitable
for classifying the data of interest.

In the first paper, we aimed to show that, when the biological features of proteins of interest are
not properly annotated, a suitable method for classification purposes is a computational approach
in filtering steps. We present a brief review of different types of ML approaches applied to protein
engineering and protein function prediction and we show the applications of ML techniques in the
analysis and classification of large quantity of data (Figure 5.1), eventually presenting the limits of
these approaches.

The progresses in this field are useful for processing large datasets, but the redundancy of data and
uncompleted information in protein databases do not allow to apply always and directly any Maximum
Likelihood (MxL) based approach [1]. A filtering process can be a tool for screening a combination of
multiple databases data sets to minimize the noise in various steps [2]. In the last part of the work, our
in silico approach is applied to identify candidate proline transporters which facilitate the transport
of proline – a proteinogenic amino acid – across the inner mitochondrial membrane.

In the second paper, we aim to validate the accuracy of our bio-informatics pipeline on proteomics
datasets available on public databases by means of a systematic analysis of proteins involved in
carotenoid biosynthesis in the B. rapa Pekinensis group. This type of study is particularly valuable
for validating a filtering approach suitably helpful for data classification when sampling bias cannot
be assessed.

4.2 Major progresses in biomedical data classification and analysis

4.2.1 The omics era

Medical and biological studies deal with identifying the causes and understanding the mechanisms
linked to a pathological process in order to make accurate diagnosis and develop successful treatments.
Thanks to recent technological advances, the inductive method commonly used for raising scientific
theories has been progressively overcome by the information given via untargeted high-throughput ap-
proaches which produce massive data sets, with significant savings in time and costs. Major progresses
in computational mathematics permit deep analyses of big data sets retrieved from high-throughput
methods.

With the term “omics” we indicate a wide-ranging characterization of a big number of molecules,
which are grouped for fundamental structural or functional biological similarities. The term includes
the following categories:
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a) Genomics, the first to appear and the most widely studied, involves studies that are all conducted
at the level of the genome. It deals with the analysis of groups of genes or all the genes of an
organism/multiple organisms [3]. The field of genomics is divided into various subfields which rely
severely on networks in order to model sundry aspects of the genome and following engender
new insights [4]. For instance, among other purposes, it can help to detect genetic variants that are
generally associated with an explicit disease, its prognosis and its specific treatment. Genome Wide
Association Studies (GWAS) consist in observational studies on subjects from multiple populations
for case-control investigations aimed to identify Single Nucleotide Polymorphisms (SNPs) that are
more frequently observed in the group of cases (i.e. group of ill-subjects) versus the control group
(i.e. healthy individuals). [5–7]. GWAS have been very useful at detecting genetic predisposition
for several multifactorial diseases as diabetes [8, 9], Alzheimer [10], bipolar disorders, some types
of cancer (e.g. breast cancer [11], ovarian cancer [12], prostate cancer [13]).

b) Epigenomics research the reversal modifications of DNA (e.g. DNA methylation) or DNA-related
proteins (histone modification), which affect the gene expression and transcription without altering
the DNA sequence. Genetic and environmental factors influence these modifications that can take
place whenever in a person’s lifetime, and can also be inherited [14, 15]: cardiovascular disease [16],
obesity [17], Type 2 Diabetes (T2D) cancer [18] and other diseases [19]. For estimating epige-
netic modifications histone modification assays such as CHromatin Immuno Precipitation with
DNA microarray (ChIP-chip) and CHromatin Immuno Precipitation sequencing (ChIP-seq) can
be implemented. Generally, these techniques couple chromatin immunoprecipitation with DNA
microarrays/next generation DNA-sequencing and DNA methylation.

c) Transcriptomics deal with the quantitation of all RNA transcripts in a biological sample by
analyzing either protein-coding and non-coding transcriptome (long non-coding RNA as well as
short RNAs such as microRNAs, small nuclear RNAs, piwi-interacting RNAs etc). Furthermore,
mechanisms involved in different diseases were identified by using protein-coding transcriptome
for better understanding protein-coding gene transcript compositions [20–22].The protein-coding
transcriptome coupled with genomics and proteomics (Proteogenomics) has been used to find out
new genes and their functional significance. Interestingly, the non-coding transcriptome have gained
more attention recently [23–26], since it can meaningfully affect foremost physiological processes
(i.e., major hormonal pathways [27, 28], brown adipose tissue development [29], cell proliferation
and differentiation [30, 31]). Numerous metabolic diseases, neurological disorders and different
types of cancer have been linked to specific non-coding RNAs [32].

d) Epitranscriptomics:

Almost all classes of eukaryotic RNAs are subjected to different post-transcriptional modifications
(e.g., direct chemical modification, editing, non-templated nucleotide additions) which changes the
metabolism of mRNA. The alteration of the transcriptome has been shown to dynamically regulate
the genomic output [33–35]. The studies on RNA regulation landscape have spawned over the past
decade a new field called epitranscriptomics that focus on the regulation of mRNA metabolism
through modifications [36, 37]. Interestingly, taken in consideration the recent updated progresses
in studies of RNA metabolism, more than 170 types of RNA modifications have been recognized
in bacteria, archaea and eukarya [38]. The regulation of the transcriptome plays pivotal roles in
alternative splicing, nuclear export, transcript stability, translation of RNAs and the RNA mo-
difications have been shown to be crucial for embryo development, stem cell fate determination
and stress response [39–41]. Interestingly, RNA modification pathways are deregulated in several
human disease. The epitranscriptomics modifications are shown to be of reversible nature and in-
volved in fine-tuning the expression of gene. Developments in the chemogenetic RNA-labelling and
high-throughput next-generation sequencing techniques permit functional analyses of the epitran-
scriptomic modifications to reveal their roles in mRNA biology. For instance, when the common
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mRNA modifications were mapped, e.g., N6-methyladenosine (m6A), and 5-methylcytidine (m5C),
they were able to identify other types of modifications (e.g., N1-methyladenosine). Various biolo-
gical processes are affected by the Methylation of bases in a transcript since it controls the mRNA
biology (processing, cellular export, translation, and stability of the mRNA) [34].

e) Proteomics deals with the quantification of proteins in biological samples or the study of their
post-translational modifications (protein phosphorylation, glycosylation, ubiquitination, nitrosyla-
tion and proteolysis). Protein function and transport, catalytic activity and signaling pathways can
be affected by post-translational modifications [42]. Mass-spectrometric methods provide proteo-
mics data. Noticeably, proteomics are used to identify possible biomarkers of a disease, to discover
potential therapeutic targets.

f) Metabolomics deal with the analysis of intermediate small molecules and products of metabo-
lism and it normally refers to molecules < 1kD. The analysis of metabolomics comprises gas or
liquid chromatography followed by mass spectrometry. Metabolomics is pivotal because their out-
comes are downstream processes of proteomics, transcriptomics or genomics (Figure 4.1), and thus
strictly related to the final phenotype [43]. Moreover, metabolomics profiling can identify new bio-
markers in several diseases [44–46], especially the ones with significant impact on cellular metabolic
functions (i.e, cancer [47], metabolic diseases [28, 48, 49] and neurological disorders [50]). Intere-
stingly, metabolomics profiling has shown significant effectiveness as a biomarker for diagnosing
assessing prognosis and predicting treatment in different types of breast cancer [51]. Finally, the
metabolomics has shown reliability at assessing drug toxicity [52].

Fig. 4.1: The omics Era. The flowchart shows the different levels of interdisciplinary fields of biology: genomics,
epigenomics, transcriptomics, epitranscriptomics, proteomics, epiproteomics, metabolomics, phemomics
(traits).

g) Phenomics, an emerging transdiscipline, deals with the changes seen in an organism resulting in
variations in the phenotypic characteristics, such as health, disease and evolutionary fitness.

Phenotypic variation happens through a complexity of interactions between genotype and environ-
ment. Therefore, our capability to describe phenomes - the full set of phenotypes of an individual
- is limited by our skill to characterize genomes.
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Phenomics necessitates the collection of a wide extensiveness of phenotypes with fine resolution
(deep phenotyping) and the phenomics analysis (constructed heat maps, cluster analysis, text
mining, and pathway analysis) [53].

4.2.2 The challenges of the omics

Multi-omics is a new integrated perspective where the datasets of different omics group are
combined during analysis to power up discoveries by applying multiple levels of biology [54].

The integration and interpretation of the diverse large-scale omics data is one of the major challen-
ges in the era of multi-omics. The development of statistical, mathematical and computational tools
allow the use of omics data to address new questions and identify potential biological mechanisms.
Here, we focus on how to best and utmost precisely process the wide, and increasing, data sets, while
minimizing the raising of false positive/negative results. This risk can be reduced by means of specific
strategies which are explained by providing various “example-cases”.

a) Improved sample size: the optimal sample size depends on effect size and the heterogeneity
of the background noise [55]. The availability of biobanks collecting either targeted or untargeted
anthropometric, demographic, biochemical and biospecimens to be used for further investigations
(i.e, biobank [56] the Million Veterans Program (MVP) [57], NonAlcoholic Fatty Liver Disea-
se (NAFLD) Adult Database and Biobank) permit the planning of research studies previously
considered unfeasible due to the high costs and time-consuming process.

b) Heterogeneity issues of the samples: in the context of clinical investigations, most omics
studies deal with a case-control study in which cases are ill individuals and controls consist of
healthy individuals [58]. To reduce heterogeneity, a proper strategy is to match groups with specific
associated factors (e.g. age, weight, sex). This approach can be affected by two main problems [59].
First, the uncertainty of all the possible associated factors. Second, the findings could be tailored for
the population selected and could have limited feasibility in larger populations. A more demanding
and accurate method consists on integrating all or almost all known factors into the models.
Advanced mathematical skills and statistical analysis are requested for this method along with the
implementation of large number of data [60].

c) Reduced heterogeneity associated to measuring methods: omics measurements can be
affected by laboratory errors, poor quality of samples, batch effects and instrument failures [54, 61].
Therefore, processing and analysis of samples must follow the same procedures. Technological
advances have assured the streamlining of processes increasing the reproducibility of the results. For
instance, a recent technology, the single-cell Nucleosome, Methylome and Transcriptome sequencing
(scNMT-seq) [62], allowed to combine gene-expression profiling with methylation and chromatin
accessibility in order to glean the relationship between the transcriptome and epigenome during
cell fate decisions in mouse embryos [63].

d) Reduced background noise of data: The complexity and large volume of data associated with
multi-omics studies lead to bias results, false positive (type I error) and false negative and it is
impossible to reduce false positive results only by increasing sample size [64]. A standard approach
is therefore to attempt to make a reduction of the feature space by grouping the different variables
according to their contribution to the variability observed and their functional proximity [65, 66].
Generally, the accuracy of the findings may be significantly improved using advanced mathematical
models like ML techniques.

e) Validation of the results by further analysis: a valid strategy to evaluate the reproducibility
of omics findings is to repeat the analysis in a second population with similar characteristics or to
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repeat the omics analysis in the same population in a later timepoint [67]. Validation of the results
can also be addressed by using in vitro and/or in vivo models and using an orthogonal approach.

4.3 A possible solution by means of a Machine Learning approach: a brief review

4.3.1 The concept of learning

ML is a fundamental branch of artificial intelligence that relies on computer algorithms for per-
forming a specific task through its skill to “learn” with a broad amount of data. Figure 4.2 sho-
ws an approximative timeline of ML and DL methods applied for protein structure modeling. ML
is a rapid computing system used in various fields including computer vision, speech recognition,
natural-language processing, bioinformatics and medical image analysis [68, 69]

CNN GCN + LSTM U-net

Methods only

Methods with
tools released

Structure Generator
Li et al. (2020)

Aanchor
Rozanov et al. (2018)

Ca atoms

Amino acid type / coordinates

DeepTracer
Pfab et al. (2021)

Deep
Learning

Amino acid types

Amino acid type / secondary structures

Xu et al.
(2019)

Machine
Learning

Low-resolution
structural modeling

High-resolution
structural modeling

a-helices

a-helices + b-sheet + coil/turn

a-helices + b-sheet

Emap2sec
Subamaniya et al. (2019)

Li et al.
(2019)

Ma et al. (2011)

Pathwalking 
Chen et el. (2016)

Si et al. (2012)

KNN SVM K-means

Fig. 4.2: Timeline of ML approaches in protein structural modeling. ML algorithms (k Nearest Neighbor
(kNN), Support Vector Machine (SVM), K-means) have been used from 2011, whereas DL methods
(Convolutional Neural Network (CNN), Graph Convolutional Nerwork (GCN) + Long Short-Term Me-
mory (LSTM), U-net) have become popular from 2016. DL has been used extensively in industry and in
the biomedical research, e.g., analysis of data derived from cryo-Electron Microscopy (cryo-EM), since
it can learn and extract features from protein sequences when prior knowledge is limited. Figure adapted
from [70].

ML is well suited to solve problems in data-rich disciplines such as biology or medicine, where
the data can be complex and often erroneously interpreted. Noticeably, ML can be used to analyze
the complex data which derive from multi-omics measurements leading to algorithms with predictive
value [71] (Figure 4.3).

ML typically comprises various tasks [73]: a) dimensionality reduction to diminish the input mass
by reducing the number of considered random variables, b) clustering classification to group different
variables of the input with common characteristics, c) density estimation to estimate distribution of
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Fig. 4.3: Flow of a computed ML analysis is shown to predict biomarkers. The raw data are processed into
target data as a first step. The target data are then converted into formatted data. Here, selected features
are applied to make a reduction of the formatted data of interest. The ML finally computes a predictive
model of biomarkers knowledge in the last three steps. Figure adapted from [72].

input variables in specific space, and d) regression to assess the relationships among variables in order
to develop a predictive model.

ML has been broadly applied to different biological studies for prediction and discovery [74].
Figure 4.4 shown an example of categorized/labeled input in a phenomics training. With the increa-
sing availability of many different categories of omics data, the application of ML methodologies,
particularly DL approaches, has turned out to be more frequent.

Looking to the future developments of ML, some aspects need to be mentioned:

1. ML is at the “criss-cross” of computer science and statistics through which computers can learn
without being explicitly programmed.

2. The supervised and unsupervised learning are two broad classes of ML problems [75].

3. A MxL algorithm can be straightforward as an Ordinary Least Squares (OLS) regression [76, 77].

4.3.2 Supervised and unsupervised learning

Supervised learning is aimed to design a system which can precisely predict the class membership
of new objects based on the available features [78].

In addition to predicting an “absolute” characteristic such as class label, (similar to conventional
discriminant analysis), supervised techniques can also be implemented to predict a continuous charac-
teristic of the objects (similar to regression analysis). It would be also appropriate for any application
of supervised learning, that the classification algorithm could return a value of “doubt” (denotating
that the assignation of a probable class to the object is not clear) or “outlier” (pointing out that any
decision on class membership is uncertain, due to the fact that the object is so different from any
previously observed one) [79].

The difference between the two paradigms may be synthetized as follows: in supervised learning,
the data present class labels, and the learning consists in associating the labeled data with classes.
In unsupervised learning, all the data are unlabeled, and the learning defines the labels and associate
objects with them.
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Fig. 4.4: Phenomics training applied to foxes. Step 1: it provides the ML algorithm categorized or “labeled”
input and output data to learn from. Step 2: it feeds the machine with new, unlabeled information to
see if it tags new data appropriately. If not, it continues with the algorithm.

The main methods of supervised and unsupervised learning are shown in Figure 4.5 [80]. Clustering
is a popular exploratory technique, especially with high dimensionality data such as microarray gene
expression [81, 82]. It aims at dividing objects into groups (clusters) using measures of similarity, such
as one minus correlation or Euclidean distance [83, 84]. Hierarchical clustering creates a hierarchical,
tree-like structure of the data. A hierarchical clustering can be constructed using either a bottom-up
or a top-down approach. In a bottom-up approach, each data point is initially considered a cluster
per se. Subsequently, the clusters are iteratively grouped based on their similarity [85]. In contrast,
the top-down approach starts with a unique cluster containing all data points. This initial cluster
is iteratively divided into smaller clusters until each cluster contains a single data point, [86]. The
k-means clustering algorithm starts with a predefined number of cluster centers (k) specified by the
user.

Classification Clustering

Supervised learning Unsupervised learning

Fig. 4.5: Supervised vs. Unsupervised Learning. In Supervised learning, the machine is trained using data which
is well “labeled.” It means some data is already tagged with the correct answer. It can be compared to
learning which takes place in the presence of a supervisor or a teacher. On the contrary, Unsupervised
learning is a ML technique, where you do not need to supervise the model. Instead, you need to allow
the model to work on its own to discover information. It mainly deals with the unlabeled data.
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4.3.3 Deep Learning algorithms

DL algorithms can be regarded both as a sophisticated and mathematically complex evolution of
ML algorithms. DL describes algorithms that analyze data with a logic structure similar to how a
human would draw conclusions. Note that this can happen both through supervised and unsupervised
learning [87].

DL applications use a layered structure of algorithms called an Artificial Neural Network (ANN).
The design of such an ANN is inspired by the biological neural network of the human brain and leads
to a process of learning that is far more capable than that of standard ML models.

Looking to the development of DL, some aspects need to be mentioned:

1. DL is a specific subfield of ML.

2. DL relies on the use of multiple layered structure called ANN.

3. DL generally requires massive quantity of data but its algorithm needs less ongoing human
intervention.

4.3.4 Deep Learning architectures

DL new techniques have demonstrated groundbreaking improvements over existing best-in-class
ML algorithms in several fields. Recently, DL methods, due to their flexibility and high accuracy,
have improved image classification and speech recognition [88, 89]. More recently, DL algorithms
have shown promises in several different fields – for example, high-energy physics [89], computational
chemistry [90], dermatology [91].

DL approaches derived from the research on artificial neurons, proposed in 1943 [92] as a model
similar to neurons in a biological brain process information. A neural network is composed of an input
layer in which input are fed, one or more inner layers and an output layer. Each layer is a set of nodes,
“features” or “units”, linked via edges to the previous and the sequent layers [88]. In some types of
architectures, nodes can link to themselves with a delay. The nodes of the input layer generally are
made of the variables measured in the dataset of interest.

Neural networks in DL possess multiple hidden layers: each hidden layer essentially performs feature
construction from the previous layer. DL has a goal to summarize, explain or identify interesting
patterns in a dataset – as a form of clustering. When sufficient data are “available and labeled”, these
methods make features linked to a specific problem and integrate those features into a predictor. If
the dataset is “marked” with binary classes, a basic neural network with no hidden layers and no
cycles between units is similar to logistic regression where the output layer is a sigmoid (logistic)
function of the input layer [92]. In the same way, linear regression can be considered as a single-
layer neural network for continuous outcomes. Supervised DL approaches can be considered as an
extension of regression models which permit larger flexibility and they are especially used in nonlinear
relationships models among the input features.

In the last years, hardware improvements and very large training datasets have made possible to
overcome other ML algorithms for many problems [93].

As examples of DL architectures we can quote neural network, Recurrent Neural Network (RNN),
Long Short-Term Memory (LSTM), Convolutional Neural Network (CNN), Autoencoder, Deep Belief
Network (DBN).

4.3.5 Differences between Machine Learning and Deep Learning

ML is a rapid computing system used in various fields including computer vision, speech reco-
gnition, natural-language processing, bioinformatics and medical image analysis [69]. DL is based on
artificial neural networks and it aims to mimic the behavior of human brain. DL and traditional ML
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algorithms, such as SVM and Random Forest (RF), can automatically learn features and patterns
from data without some feature engineering [94–96], which is particularly suited to predict scientific
domains in large and complex datasets.
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Engineering of 
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Machines and Programs

Machine
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Deep
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Deep Neural 

Network
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Fig. 4.6: Timeline evolution of Artificial Intelligence (AI). The figure explores the evolution of different fields
from AI from 1950 onward. Figure adapted from [97].

Additionally, ML and DL are particularly useful in analysis of gene expression data, DNA and
protein sequence data [98–100].

Here the differences between the two are summarized (Figure 4.6):

– ML uses algorithms to collect and distribute data, learn from that data, and take informed
decisions from what it has learned.

– DL designs algorithms in layers in order to lay down an “artificial neural network” that can
learn and take intelligent decisions on its own.

– DL is a subfield of ML: even if a part of the wide category of AI, DL resembles much more
human-like artificial intelligence.

4.4 The introduction of filtering processes to better retrieve structured data

4.4.1 Statistic bias

To extract meaningful knowledge from large amounts of data, combining advanced statistical ana-
lyses with the use state-of-the-art, ML methods can be necessary. Furthermore, combining statistical
data for ML can be a crucial step to perform [101]. A pivotal challenge is how to analyze big data
by using ML and mathematical models and avoid confusion. To notice, many statistical models are
capable of making predictions, but may suffer from low predictive accuracy. On the other hand, ML
models give several degrees of interpretability in order to maximize the predictive accuracy [102, 103].

As some methods of ML and statistics are common and either can be applied to prediction and
inference, the differences between these two domains are often feeble. One can believe, for the similarity
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of methods in statistical modeling and in ML, that they are roughly the same thing. As a matter of
fact, ML and statistics are focused on different purposes, prediction or inference [104].

Generally, classic statistical methods deal with assumptions about the data-generating systems
and can then elaborate specific inferences through designing a specified probability model by a set of
data retrieved from appropriate studies. ML, otherwise, deals with the implementation of algorithms
which can continuously be improved with the experience of the user. A number of ML methods can
derive models for pattern recognition, classification, and prediction from sets of existing data and can
not be strictly related to the data-generating systems. This characteristic can improve the efficiency of
the method for complex applications, but in some cases could not be so effective in designing explicit
biological models [105].

The most impressive cause of the misunderstanding on the similarity of the two domains is probably
the case of linear regression, a statistical method in which we can train a linear regressor and obtain
the same outcome as a statistical regression model with the aim to minimize the squared error between
data points.

In one case, we ’train’ the model, using a subset of our data, not knowing how well the model will
work until we ’test’ this data on additional data (not present during training), called the test set. ML,
in this case, is designed to obtain the best performance on the test set.

The statistical model finds a line that minimizes the mean squared error across all of the data,
which are assumed to be a linear regressor with some random noise added, which is typically Gaussian
in nature. No training and no test set are needed. The purpose of the model is to characterize the
relationship between data and outcome variable, not to make predictions about future data. This
procedure is called statistical inference, as opposed to prediction. The model could also be used to
make predictions, even when this may be the primary purpose, but in any case it will not involve a
test set and will instead involve evaluating the meaning and consistence of parameters.

On the other hand, the aim of (supervised) ML is designing a model that can make repeatable
predictions. Typically, it is not strictly important whether the model is interpretable, although it is
appropriate to ensure that model predictions do make sense. In a certain way, ML is characterized
solely by its performance, whereas statistical modeling deals more with the research of variables
relations and their meanings, and only secondary used for prediction.

Statistics versus Machine Learning

Data science consists essentially in computational and statistical methods applied to data, either
in small or large sets. It can also include exploratory data analysis, where the data is examined
and visualized for better understanding the data inferences from it, as well as data wrangling and
preprocessing, thus involving some level of computer science like coding, setting up connections and
pipelines between databases, web servers, etc. [106].

As clearly stated above, ML is built upon a statistical framework and this comes out obvious as it
deals with data, and data has to be described using a statistical framework. ML as well draws upon
a large number of other fields of mathematics and computer science, for example:

a) ML theory from disciplines like mathematics and statistics.

b) ML algorithms from subject areas like optimization, matrix algebra, calculus.

c) ML implementations from computer science and engineering concept approaches (e.g. kernel tricks,
feature hashing).

ML’s specific job is prediction by using general-purpose learning algorithms which find patterns in
a big set of data [107, 108], as ML methods are significantly useful when dealing with large data sets.
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4.4.2 Filtering data for classification purposes

Identifications of proteins, retrieved from single-organism proteomics extending from axenic bac-
terial cultures to human tissue samples, can be reliably provided by database that contain thousands
or tens of thousands of protein sequences. However, databases searching queries are a considerable
computational challenge, for instance as shown in [109, 110].

Generally, database search has been primarily applied for proteoform identification by top-down
tandem mass spectrometry, but if the target proteoform that generate the spectrum includes Post
Translational Modifications (PTMs) and/or mutations, a long time could be requested to align a query
spectrum against all protein sequences without any PTMs and mutations [111]. By consequence, a
principal need is to design efficient and sensitive filtering algorithms/processes in order to hasten
database search.

To point out, protein databases are an useful tool for identification of orthologs when new nucleotide
sequences have been identified. To select all the data of interest, a database query/queries must be
chosen to request information from the database. To improve the selection of proteins belonging to
a specific biological process, string-queries can be used as selected keywords which identifies all the
classified reviewed or unreviewed data present in the database sources.

Indeed, potential problems arising when ML techniques are applied to large data sets can be traced
to noise stemming from incorrect classification, input or arbitrary/ambiguous labeling of data. Fur-
thermore, the stochasticity and complexity of biological systems needs to be taken into consideration
for understanding the outputs. For controlling the flexibility of models and maximizing the predicti-
vity, in silico filtering schemes are likely to be useful as an Ockham’s razor (Figure 4.7) before using
any ML technique.

Raw Data

Data Filtering 
&

Preprocessing

Machine Learning
based Approaches

Deep Learning 
Aprroaches

Different 
Classification
 Algorithms

Fig. 4.7: Deep Learning: the most promising and on-going technology applied for protein modeling. Raw
data needs to be pre-process in order to apply ML based approaches or DL ones. ML and DL rely on the
use of different classification algorithms.

In general, we need to consider the various levels of proteins classification (Figure 4.8) when a string
query is used to retrieve large datasets of proteins belonging to specific families (domains, catalytic
activities conserved motifs), especially for evaluating potential orthologs.

A large number of Identities (IDs) can be retrieved that results in a large number of proteins
reported from the fusion of the Application Programming Interface (API) linked to the single database
in which some protein names are doubled under not univocal entry name. The existence of such
duplications leads to “database redundancy” and some entries are reported as unreviewed [112–114].

In Figure 4.8, we report different information classification levels that must be considered when
using query string searches to retrieve proteins from proteomics data collections [114]:

– Class provides information about the general “structural architecture” of the domain. The fol-
lowing major classes are recognized; mainly-α helix, mainly-β strands and α − β strands. Fur-
thermore, proteins with low secondary structure have been reported as an additional structural
class.
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Fig. 4.8: Levels of proteins classification. Proteins have four main classification levels: class, fold and superfamily
are structure-based (green arrow), superfamily and family are considered evolution-based (red arrow).

– The kernel of Structural Classification of Proteins (SCOP) is made by the two evolutionary
levels: family and superfamily; family groups strictly relate to proteins which share a common
evolutionary origin (for instance [115, 116]) while superfamily enhances more distantly related
protein domains [117] Domain limits for both categories are provided because sometimes the
relationships can span structural regions of different size.

– Superfamilies are grouped into folds according to the global structural features retrieved in the
majority of their members, which consist in the composition of the secondary structures in the
domain core, their architecture and topology. Although fold is an attribute of a superfamily, the
constituent families of some superfamilies which developed distinct structural features can belong
to a different fold. Superfamilies of proteins or protein regions that are not suitable to be included
in globular folded structure are grouped in Intrinsically Unstructured Protein Regions (IUPRs).
That because certain proteins lie in a state of different conformations or are unstructured in free
state but can show an ordered conformation when bound to other macromolecules.

– Folds and IUPRs with different secondary structural characteristic are classified into one of the
five structural classes, which are mainly-α and mainly-β proteins, (with predominant α-helices
and β-strands, respectively), and ’mixed’ α and β classes (α/β) and (α+β) (with respectively
alternating and segregated α-helices and β-strands), and a fifth class of small proteins, having
little or no secondary structures. Finally, on the basis of their protein types, folds and IUPRs
are grouped into four groups: soluble, membrane, fibrous and intrinsically disordered, each one
correlated with characteristic sequence and structural features.

4.5 Biological cases of study for data classification

4.5.1 Proline multi functions and mitochondrial transport

Proline can be considered unique among all amino acids due to its structure with an amino group
as a secondary amine: indeed, proline is the sole among the 20 amino acids where the amine nitrogen
is bound to two alkyl groups, making it a secondary amine. Moreover, it holds a distinctive cyclic
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structure which causes an exceptional conformational rigidity to the protein structure. Proline is
the most water soluble of the amino acids and it exists much of the time in a zwitterionic state:
both weak negative and positive charges at the carboxylic acid and nitrogen groups, respectively.
Proline can then adjust cellular osmolarity [118] in different kingdoms (prokaryotes, fungi, plant)
(Figure 4.9) and it is also considered as a functional amino acid for mammalian, avian, and aquatic
species [119]. It plays also important roles in protein synthesis and structure, metabolism (particularly
the synthesis of arginine, polyamines, and glutamate via pyrroline-5-carboxylate) and nutrition, as well
as wound healing, antioxidative reactions and immune responses. Of the two enantiomers (L and D)
cells metabolize principally the L-proline enantiomer [120].

Stress adaptation

Osmoprotection

Drought resistance

Salinity resistance

Pathogen resistance

N  remobilization2

Proline metabolism

Proline biosynthesis
via Arg degradation

Proline biosynthesis

Arg catabolism

Mitochondria
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Fig. 4.9: Proline as a key player. Proline plays a role in different kingdoms (prokaryotes, fungi, plants). Proline
can accumulate and has a defensive role under different stress conditions in different organels.

Furthermore, proline is considered a major nitrogenous substrate for the synthesis of polyamines, as
retrieved in the small intestine of neonatal pigs and in the placentae of gestating pigs and sheep [119].
This finding is significant since both tissues are distinguished by high rates of protein synthesis and
cell proliferation.

Proline and hydroxyproline together constitute 23% of the collagen molecule. Both proline and
hydroxyproline are important for collagen biosynthesis, structure, and strength (Figure 4.10) [121].
The cyclic structure of proline and hydroxproline restricts the rotation of the polypeptide collagen
chain and strengthens the helical characteristic of the molecule.

Different studies reported that the proline residue has lower configurational entropy than any other
amino acid residue due to pyrrolidine ring hindrance. It is the pyrrolidine ring that limits the rotation
of the N-Cα (conformational freedom) of the protein backbone in its unfolded form leading to better
protein stability [123].

In details, a proline substitution is proven to enhances the stability of a protein by reducing the
entropic difference between the unfolded and the folded form, thereabouts the free energy difference
increases ( [124, 125]). In order to attempt to stabilize several different proteins, including enzymes,
the strategy of inserting proline into regions of the protein where it does not perturb the structure
has been implemented [126].

For instance, the Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV)-2 S protein-based
vaccines include a dual-proline modification that was previosly used to stabilize the class I fusion
proteins [127, 128] (e.g., the I559P change was made to the HIV-1 Env trimer in 2002 [129]).

Theoretically, neutralizing AntiBodies (nAbs) target the S protein during the entry phase of the
virus to avoid viral infection at various levels [130, 131]. S-2P is antigenically ideal because it stimulates
more nAbs than the native S protein in mice. This strategy has been applied to some COVID-19
vaccines where mutant variations of 2P K986P and V987P are also used in SARS-CoV-2 S-2P mRNA
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Fig. 4.10: Proline stabilizes the fiber collagen helix. Collagen is formed by a triple helix made of the repetitious
amino acid sequence glycine-X-Y, where X and Y are commonly proline and Hydroxyproline (ProHyp-
Gly triplet).The steric repulsion caused by the pyrrolidine rings of proline and hydroxyproline residues
stabilise each of the three chains. Collagen triple helices are often bundled into fibrils which create
larger fibres (shown on the left). Figure adapted from [122].

vaccines by BioNTech/Pfizer, Moderna, Novavax, and Janssen Pharmaceutical Companies [132, 133].
For further information see [130, 131, 134].

Proline-rich structural proteins exist in the plant cell wall which plays pivotal role in plant de-
velopment and responses to environmental cues [135]. Hence, proline hydroxylation was shown to be
a major step for O-glycosylation of Cell Wall Proteinss (CWPs) and following the arrangement of
hydroxyprolines singular residues dictate the type of glycan [136].

Proline fulfils diverse functions in plants that are briefly reported in the following paragraphs and
shown in Figure 4.13.This proteogenic aminoacid acts as a signaling molecule to modulate mitochon-
drial functions, influence cell proliferation or cell death and trigger specific gene expression. Proline as
a source of nitrogen (N) is transported from roots to leaves and it serves as a metabolic signal [137–139]
tissues for plant development and tissues reproduction [140].

For coping up with various stress conditions by employing different mechanisms, e.g change in cell
osmotic pressure, Reactive Oxygen Species (ROS) detoxification, responses to pathogen attacks, many
plant species are proven to accumulate different type of osmolytes- especially L-proline ( [141]).

Existing literature indicates, proline is a key player in plant abiotic stress [141–143].
Previous studies in the well known plant Arapidopsis thaliana showed that proline accumulation

occurs in drought, salinity and freezing [144, 145]. The basic chemical properties may explain its large
accumulation during drought to adjust cellular osmolarity [144–148].

Proline can increase the growth of plants and enhance other physiological traits if exogenously
applied to stress exposed subjects [149].

The intracellular movement of proline and the related metabolites needs the synthesis of proline
in the chloroplast and cytosol and its catabolism in the mitochondria (Figure 4.14).

The flux of proline into and out of specific compartments is likely to be substantial due to the
high levels of proline accumulated under stress [144, 147, 150]. Proline provides a source of energy
for the call since the reduction of Flavin Adenine Dinucleotide (FADH)2 and Nicotinammide Ade-
nina Dinucleotide (NADH) produced in the catabolism go to the electron transport chains for the
Adenosine TriPhosphate (ATP) synthesis [144, 151] Futhermore, glutamate and ornithine has two
different pathways leading to proline synthesis.
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Fig. 4.11: The challenge of finding a putative mitochondrial proline transporter. How proline is transported
from the cytosol in and out of mitochondria remains an unsolved question in eucaryotes.

We have still not information on how proline is transported into the mitochondria and the chloro-
plast from the cytosol (Figure 4.11). We think that proline transporters are conserved in eukaryotes,
from plants to fungi.

Responses to environmental cues inducted by proline can be observed not only in plants but also
in yeasts. Indeed, cells of Saccharomyces cerevisiae, a budding yeast, can accumulate proline and
proline accumulation was shown to confer stress tolerance to freezing, desiccation, oxidation, and
ethanol on yeast cells [152, 153]. Many types of fungi live in and on the human body, including the
genus of fungi known as Candida. At normal levels, Candida growth is not problematic, but under
certain conditions with predisposing factors, such as treatment with antibiotics, diabetes, cancer,
extreme age, immunosuppression, Candida can grow uncontrollably, causing an infection known as
candidiasis. Among the Candida species, Candida albicans and Candida glabrata are responsible for
approximately 65% - 75% of all systemic candidiasis, followed by Candida parapsilosis and Candida
tropicalis [154].

It was recently shown that mitochondrial proline catabolism is required to induce hyphal growth
of C. albicans cells in phagosomes of macrophages, which is key to evade being killed by macrophages.
Unlike S. cerevisiae, which only uses proline as a nitrogen source, C. albicans can use proline as
a nitrogen source, a carbon source, or a source of both nitrogen and carbon [155]. These findings
underscore the critical role of mitochondria in C. albicans virulence, as supported by previous studies
reporting that filamentation is dependent on mitochondrial respiratory activity [156].

As previously mentioned, a mitochondrial proline transport system has not been identified in any
organism, and the identification of candidate transport protein would be a significant step forward in
understanding proline metabolism. Our study implemented a computer-assisted in silico data mining
and comparative algorithms resulting in a list of proteins. This list comprehends mitochondrial proteins
that have expected characteristics of metabolite transport proteins conserved during evolution but
with unknown function. The goal is to obtain a list of putative proline carrier proteins conserved in
plants and fungi.

4.5.2 Carotenoid biogenesis in Brassicacae

We developed a filtering bioinformatics pipeline to catalogue data from large dataset. This pipeline
has been tested on a class of Non-Photochemical Quenching (NPQ) isoprenoids, carotenoids, in two
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Fig. 4.12: conventional mRNA vaccine in use that encode the full S protein (BNT162b2 - Pfizer). BNT162b2
- Pfizer was engineered with the 2-proline (2-P) substitution of the spike protein to enhance its stability,
and make it more immunogenic. N - methalpseudouridine modified RNA is shown on the upper panel.
The stabilised 3D structure (2-P insertions) is shown in the right panel. Figure adapted from [157, 158].

well-studied plants that belong to Brassicaceae family. Carotenoids are divided in two major classes:
carotenes (hydrocarbons that can be cyclized at one or both ends of the molecule) and xanthophylls
(oxygenated derivatives of carotenes) (Figure 4.15 A,B) [161].

Carotenoids can usually be found in the chromoplasts which sequester large amounts of carotenoids
in plastoglobules or/and in storage structures of several shapes made of lipids and proteins. Carote-
noids can also be synthesized by all other plastid types, with levels of accumulation that broadly vary
among different plastid types (Figure 4.15 C) [163, 164]. Chloroplasts of photosynthetic tissues may
also host high carotenoid levels. Most chloroplast carotenoids are associated with chlorophylls, in func-
tional pigment-binding proteins embedded in photosynthetic (thylakoid) membranes [165]. Carotenes
(mainly β-carotene) are located in the photosystem reaction centers and the xanthophylls are mostly
positioned in the light-harvesting complexes (Figure 4.15 C,D) [166].

The protection of the photosynthetic apparatus via the quenching of chlorophyll triplets and sin-
glet oxygen followed by the dissipation of the excess light energy absorbed by the antenna pigmen-
ts (“nonphotochemical quenching of chlorophyll fluorescence”) is one of the most pivotal roles of
carotenoids [167].

These metabolites act as adaptive protective mechanisms to deal with light energy, essential for
plant survival fitness: they are involved in photosynthetic light energy capture, conversion, and reduc-
tion of ROS dissipation due to fast thermalization (Figure 4.15 B, D). In this work, we mainly focus on
the photoprotective function (Anti-Oxidant (AO)) of these metabolites in the oxygenic photosynthesis
for classifying the carotenoid elements.

Carotenoids are synthesized from the five carbon units IPP and their double-bond isomer DiMethylAllyl
DiPhosphate (DMAPP) [168] produced by the plastidial 2-C-methyl-Derythritol 4-phosphate
(MethylErythritol Phosphate (MEP)) pathway, as shown in Figure 4.15 A. Addition of three IPP
molecules to DMAPP makes geranylgeranyl diphosphate (GGPP), a precursor for several groups of
plastidial isoprenoids [169].

Following, the production of 40-carbon phytoene derives from the condensation of two GGPP mo-
lecules. Desaturation and isomerization of uncolored phytoene eventually comes out in the production
of lycopene. The cyclization of the ends of the lycopene polyene chain results in the production of
carotenes.

Xanthophylls, such as lutein (from α-carotene) and zeaxanthin (from β-carotene), are made by
the hydroxylation of carotene ring. Zeaxanthin is epoxidated twice to make violaxanthin, which can
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Fig. 4.13: Application of primary and secondary plant metabolites ameliorates the negative effects of a
biotic stress. The negative effect of a biotic stress are ameliorated by the application of primary and
secondary plant metabolism. The application of primary metabolites such as proline, TRP (tryptophan),
GSH (Glutathione) and CA (citric acid), or secondary metabolites like polyols, LA (Lipoic Acid), AA
(Ascorbic Acid), GB (Glycine Betaine), α-Toc (α-tocopherol) and melatonin increase the tolerance
of plants – especially crops – when dealing with different environmental challenges. Figure adapted
from [159].

be modified to generate neoxanthin [169].
Furthermore, carotenoids can be cleaved to apocarotenoids and plant apocarotenoids include

the hormones Abscisic acid (ABA) and strigolactones, as well as branch inhibiting hormone-like
compounds not yet identified [170].

In this work we study carotenoids by comparing protein data retrieved for Arabidopsis thaliana
and plants belonging to the Brassica genus.

A. thaliana, a well known plant in biological research, has been suitable as a reference to the study
of the core carotenoid biosynthetic pathway and its regulation, due to the wide-ranging information
regarding candidate A. thaliana genes and enzymes involved in the biosynthesis of isoprenoids [171].
Nowadays, we have an almost complete picture of the carotenoid biosynthetic pathways in A. thaliana.

The genus Brassica includes, among others, B. rapa, B. oleracea, B. napus, B. parachinensis, and
B. juncea. These are some of the most economically important species of the genus [172, 173]. B. rapa
subsp. pekinensis, also known as Chinese cabbage, evolved in China [174] and little is known about
the genes in the carotenoid biosynthetic pathway of this species [175, 176].

B. rapa subsp. pekinensis is also called B. rapa campestris L. (Field mustard). This mustard
family is also called Pekinensis group and it is widely cultivated in Southeast Asia. It has important
anti-oxidative features that are currently being developed to improve the nutritional quality of such
vegetables and hence human health [177–180].

We focused our analysis on the carotenoid elements of the Pekinensis group [181–185]. The first
reference genome study of B. rapa Pekinensis group was released in 2011 [186]. Since then, B. rapa
Pekinensis group has become an attractive model system for plant growth modeling because of its
close relationship with A. thaliana [187, 188].

To retrieve comprehensive information on the carotenoid biosynthetic pathway in Pekinensis group
and to examinate the effect of the whole genome triplications on these genes, a classification analysis
was performed at the protein level between A. thaliana and the Pekinensis group using the sequences
and annotation information of both species [189, 190].

We developed a bioinformatics pipeline which relies on commercial software and multiple databases
including the use of phylogeny, GOs) and Pfams at a protein level. Furthermore, the phylogeny was
coupled with a “population analysis” to evaluate the potential orthologs. Here and hereinafter the use
of the term “population” refers to “all related protein from a species”. All the steps taken together
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Pyrroline 5-Carboxylate (P5C) is synthesized in mitochondria during catabolism of proline by enzyme
Proline DeHydrogenase (ProDH1/2). This enzyme may reduce FAD+ to FADH and increases electron
flow in mitochondrial Electron Transport Chain (mETC). Arginase (ARG) enzyme converts arginine
into ornithine. Delta-ornithine amino transferase (Delta-Ornithine Amino Transferase (δOAT) converts
ornithine to P5C is converted in mitochondria and P5C is catabolized by Pyrroline 5-Carboxylate De-
hydrogenase (P5CDH) into glutamate in the mitochondria. Furthermore, P5C is synthesized in cytosol
and chloroplast, from glutamate by pyrroline 5-carboxylate synthase 1 and 2 (P5CS1, P5CS2) and
converted to proline by pyrroline 5-carboxylate reductase (P5CR). Transcript accumulation of ProDH1
increases virulent pathogen infection. Avirulent pathogen infection increases transcript accumulation of
P5CS2 and ProDH1. Non-host pathogen infection is able to increase transcript accumulation of δOAT,
ProDH1, P5CS2. ProT1, ProT2 and ProT3 are located on the plasma membrane. Arginine can be
imported into mitochondria directly or in exchange of ornithine by Basic Amino Acid Carrier (BAC).
Compounds shown in rectangle play an important role in the metabolism of P5C and line arrows points
out the direction of synthesis. Curved arrows highlight the transport of compounds. Transporters re-
presented by circle are present on membrane. Upregulation of genes is shown by block thick arrows:
white arrow points out virulent pathogen, dark arrows indicates a virulent pathogen and striped arrows
represent non-host pathogen. ROSs are also shown in the mitochondria. Figure adapted from [160].
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Fig. 4.15: Carotenoids play major roles in plants as antioxidants, accessory light-harvesting pigments. As a

consequence of increased ROS production, the activity and biosynthesis of different plant antioxidants
increase in response for thwarting oxidative damage. A novel function for carotenoids relates to the
response of plants to abiotic stress factors as shown (left). An in summa summarum version of the
carotenoid biosynthesis pathway is shown on the right: IsoPentenyl Diphosphate (IPP) - biosynthesis,
Phytoene biosynthesis, Lycopene biosynthesis, Lycopene cyclization, Sequestration and storage [A].
Carotenoid light metabolism of plastid types in plants and sequestration releted to these metabolites
accumulation are shown in [B]. The photoprotective role of these metabolites originates from their ability
to quench excited chlorophyll states, scavenge ROS and dissipate excess energy as heat during the light
adapted state (Fig. C). The electronic interactions between carotenoid dark states and chlorophylls
are shown on (Fig. D). If the energy levels of Car S1 and Chl aQy are similar, increased electronic
interactions cause to the formation of excitonic states which are delocalized [162].

gave a final table of potential orthologs which was compared with the results achieved in previous
findings (Figure 4.16) [191].
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5.1 Aims of the paper

One of the primary issue in training of biological or medical data consists on retrieving the infor-
mation that is interesting for a certain study since suitable rules need to be considered for identifying
missing data and removing errors (e.g., [192]). The main principle of “rule induction algorithms”
is the selection of basic conditions included in the rule premises, but these selected rules may not
always bring interesting and useful knowledge for the study. New and much useful knowledge can
be acquired by means of further analysis of such rules and their combination with other pathways.
The aim of this kind of work is to find the minimal low complexity subset of rules, which maximizes
the value of the specified research criterion (e.g., total classification accuracy [193]). Such integration
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network, gene family (prior knowledge). Figure adapted from [194].

of different amounts of data should lead to a more holistic and reliable understanding of complex
biological phenomena, but, because of the heterogeneity and the noisy nature of biological data, this
work could be very difficult and challenging (Figure 5.1). Noise that often affects data can obscure
interesting biological signals. Common sources of noise can derive from both endogenous biological
factors (stochastic expression, cell cycle asynchronicity etc.) and exogenous technical factors (reagent
and protocol variability, researcher technique, passage number effects etc.) which can lead to incorrect
measuring of cell state particularly when changing under different conditions e.g. in development [1, 2],
cancer progression [3] and adaptive drug resistance [4, 5]. Noise can also be involved in the presence
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of false signals and in the non-replicability of some studies [7]. Therefore, more accurate predictions
in systems biology may be improved by the identification and the correction of noisy measurements
before analysis [195]. In our study, we presented different types of ML applied to proteomics in order
to predict protein structures and functions. We also presented in details of the most recent method
applied to proteomics - AlphaFold. In the second part of the work, we show that a computational
approach in filtering steps can offer a suitable tool for classification purposes, when the biological
features of proteins of interest are not specific. In details, we aim for the selection of optimal features
for classification which may help to maximize the classification accuracy. As an example, our in silico
approach was applied to identify candidate mitochondrial transporters which facilitate the transport
of proline in fungi and plants. The results of pipeline consist on a list of putative orthologs and a
selection of features for further analysis based on ML approach.

5.2 Machine Learning for protein engineering

Important tasks in pharmaceutical research are protein redesign and engineering. Efficient protein
redesign by mimicking natural evolutionary mutation and selection has been achieved in research.
Recently, ML has assisted protein redesign, since prediction models enable to virtually screen a big
number of novel sequences [1, 196, 197].

Both Kimothi et al. [198] and Yang et al. [199] have worked on large protein sequence data: the
methods use language processing, treat the protein sequence as documents and consider fragments of
the sequences as words. A single ML method, Gaussian Process (GP) regression, was used in [199] as
predictive models with various input descriptors (including this type of embedding, one-hot encoding,
mismatch kernel, ProFET, AAIndex properties) and it compared the performances on four data sets.
Recently, high throughput in silico model found improved mutants with reduced experimental effort
for guided directed evolution [200].

In general, many supervised learning methods were demonstrated [1], but there was no discussion
of the input descriptors of the protein sequences. A review from Yang et al. [199] described some basic
concepts of ML applied to protein engineering.

Two major types of protein descriptors based on the amino acid sequence of the protein subject
are: protein-level global descriptors and amino acid level ones [199, 201]. The protein-level descriptors
are key features of the protein: the amino acid composition (the fraction of each amino acid type within
a protein sequence), or the autocorrelation descriptors which describes the distribution of amino acid
properties along the sequence.

In some works, they prioritized to explore alignment-based amino acid descriptors for better un-
derstanding the influence of mutations at specific locations. Many single amino acid descriptor sets
capturing different aspects of amino acids have been described in the literature [201].

5.2.1 Examples of protein descriptors

Protein descriptors can usefully be coupled with ML models in pharmaceutical industry’s researches
(e.g., for predicting drug binding sites [202]) since they can be involved in the generation of proteins
with improved properties. Furthermore, they can generate big data set for model training which
can experimentally target different kinds of mutations that can lead to structural changes affecting
protein function and resulting in disease occurrence. In same research the principal aim is to explore
alignment-based amino acid descriptors, in order to understand the influence of mutations at specific
locations, as described in several works which report single amino acid descriptor sets showing different
amino acids aspects [191]. To conclude, the in silico methods presented in [1] allowed to explore, rank
and select computationally the designed sequences for subsequent experimental evaluation. As an
extension, data sets of similar proteins can also be applied as different measurable variables in order
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to evaluate whether multitask ML models could be properly implemented to improve the overall
predictive performance.

5.3 Machine Learning applied to protein structure solution

ML gives a way for searching a high-dimensional parameter space for optimal solutions. It is
hard to identify the complex structure of a protein, which requires advanced tools (Nuclear Magnetic
Resonance (NMR), cryo-EM, or protein crystal samples) [203]. However, the ML technique gives an
opportunity to obtain the frequency spectra of a proteins without experimentally solving for its folded
3D structure [203, 204]. For example, a ML model was used to train a randomly selected portion [205]
(Figure 5.3): here, a full database of the first 70 normal modes of each of 110,511 natural protein
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structures composed of only standard amino acids out of Protein Data Bank. A bash script, that
integrated multiple open source, analyzed each of the protein molecular structure.

A Block Normal Mode (BNM) method in Chemistry at Harvard Macromolecular Mechanics
(CHARMM) [206] was performed for normal mode analysis on each of the protein structure and
the first 70 modes with lowest frequencies of each protein molecule. Following, the 80% of the Normal
Mode Analysis (NMA) calculation results as the first 64 natural frequencies of all the protein structu-
res [205] in the Protein Data Bank [207]. This training set was integrated with 10 structural features
of each protein molecule. A linear model for reducing the number of predictor variables and 5 varia-
bles (the largest and smallest diameter, the ratio of amino acid with α-helix, β strand and 3-10 helix
domains) were used for predicting the natural frequencies.

This method, together with recently evolved techniques [203, 205, 206, 208] may help to predict
the natural frequencies of all the known protein sequences and identify protein type according to its
frequency spectrum. Furthermore, it can help to categorize the dynamic function of unknown proteins
based on their structural features.

5.4 Machine Learning applied to protein function prediction

Many popular ML techniques have been applied in protein prediction: however, the feature selection
for protein function prediction is one of the major tasks since every protein has huge amounts of
features [209].

The proteins data have been grouped into six enzyme class where every protein has a set of features.
Several studies showed the following classification techniques for protein:

a) Classification and Regression Tree (CRT)
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The data are grouped by means of classification tree and the predictions rely on the regression
tree [210].

b) QUantile Estimation after Supervised Training (QUEST)

This tree based binary classification technique reduces the computation time in comparison with
other trees. Here, a statistical test enables to select an input field [211].

c) Chi-square Automatic Interaction Detection (CHAID)

The tree-based model for classification can predict variables and find the interaction among them
using a non-binary tree and multiple regression [212].

d) C5.0

As an extension of ID3 algorithm of decision tree, it produces a binary tree with multiple branches
and it uses all data including the missing features [213].

e) ANN

The learning process relies on adjustment of weight between connection of neurons and the output
values the performance of biological networks [69, 214].

f) SVM

It is a classification technique which relies on statistical learning for data prediction [215–217].
Additionally, it can deal with non-linearly high dimensional problem.

g) Bayesian

In this graph classification technique the node represents the variables and the edge between nodes
shows the dependency between nodes [218].

5.4.1 A popular method: Random Forest

To classify, ML methods can acquire which questions we need to ask about the features of interest.
Firstly, RF appeared in 2001 with Breiman [219] who was influenced by the method of Amit and
Geman [220].

RF uses decision trees to achieve better results by using of bagging on samples, random subsets
of variables, and a majority voting scheme [221, 222] (Figure 5.4). It can deal with missing values,
a variety of variables and (unlike classical decision trees), there are not prune trees in RF since the
ensemble and bootstrapping schemes can overcome overfitting issues.

A research topic in computational biology is to develop RF variants: for example, Zhang et al. [223]
developed a procedure that screens and select a number of trees and nodes from the top to the bottom
of the analysis. Here, nodes with perfect or near perfect classification precision are of particular
interests. Lastly, a deterministic forest is selected from fixed number of available trees, so that the
deterministic forest performs similar to RF, but with better higher reproducibility and interpretability.

Furthermore, Amaratunga et al. [224] developed “enriched Random Forest ” in case of huge number
of features and the percentage of truly informative features is small. To reduce the importance of non-
informative nodes, enriched RF reduces the weighs by using random sampling instead of simple random
sampling at each node.

Gini importance is the first importance measure [219]: the RF classifier implements a splitting
function called “Gini index” to decide which attribute to split on during the learning phase. Additio-
nally, recent measures based on extreme statistics in a forest have been proposed like the “maximal
conditional chi-square importance” [225]: the maximal chi-square statistic among all nodes’ splits in
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a forest is decided for a specific feature. This score showed to improve the performance of RF in
identifying feature interactions based on simulation studies [225].

RF is used to identify features that have marginal contributions individually, but gives an important
effect when combined together. For example, utilized RF permutation importance was attempted to
be applied as a screening procedure for identifying small numbers of risk-associated SNPs among a
broad number of unassociated SNPs in a total of 16 disease models [226].

To cope with RNA editing, Cummings et al. [227] used information from subregions’ flanking sites
of interest to predict if C-to-U editing takes place on mitochondrial RNA sequences. RF was used for
this prediction studies in three plant species: “A. thaliana”, “B. napus” and “Oryza sativa”.

To note, RF has been used to identify the PTMs, since PTMs – like glycosylation site and phospho-
rylation site – are important for the functional characterisation of proteins [228]. The RF algorithm
for predicting glycosylation sites was utilized by Hamby et al. [228]: they use the pairwise patterns
surrounding glycosylation sites for better prediction. In this work, a significant increase of accuracy
in the prediction of “Thr” and “Asn” glycosylation sites was noted by the researchers.

Furthermore, RF has been applied to many other biomedical fields. The glycoprotein “gp120” of
the HIV-1 Virus causing AIDS starts the invasion by getting in contact with the human receptor and
a co-receptor cellular protein: the aggressiveness of the virus and the treatment options depend on
the type of co-receptor. For computational diagnosis, a RF based method was developed to predict
co-receptor usage based on the viral genome sequences by Dybowski et al. [229].
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5.5 Recent methods applied to protein predictions

Neural network, CNN and LSTM based approaches have been properly used in recent times for the
prediction of properties such as solvent accessibility and secondary structure from its primary amino
acid sequence [230–232].

Furthermore, techniques belonging to the CNN family can be applied in expanding the throughput
of cryo-EM in order to characterize protein structures [233, 234]. In this spite, AlphaFold algorithm has
been recently developed and has proved to well optimize the prediction of possible folding arrangement
(3D structure) for a protein sequence [196, 197, 235].

Moreover, an increasingly application of ML has proved to successfully design in assessing and
modeling the ways by which viruses interact with human host proteins and so investigating their
ability to infect cells, a major threat to human health.

Recent applications of ML for protein modelling are:

a) Models for designing Protein-Protein Interactions (PPIs) between human and human-virus [236],

b) LSTM applied for training and dividing constructive, positive PPIs from destructive, negative
PPIs [237].

c) ML coupled with molecular dynamics simulations applied to model molecular interactions bet-
ween the SARS-CoV Receptor Binding Domain (RBD) of the viral spike protein and the human
Angiotensin-Converting Enzyme 2 (ACE2) receptor [238], an approach that revealed important
insights about most significant mutations of the spike protein in the SARS-CoV-2 RBD-ACE2
complex.

One of the most recent method applied for predicting protein function is AlphaFold. AlphaFold 1
(2018) was built on work developed by various teams in the 2010s, which considered the large data-
banks of related DNA sequences available from many different organisms (most without known 3D
structures), with the purpose to find changes at different residues apparently correlated, even though
the residues were not consecutive in the main chain [239].

Such residues were supposed to be close to each other physically, even though not close in the
sequence, permitting to estimate a contact map. AlphaFold 1 extended this in order to estimate a
probability distribution based on how close the residues could be, turning the contact map into a
likely distance map and using advanced learning methods to develop the inference.

AlphaFold [240] is a distance map predictor designed as a very deep residual neural networks with
220 residual blocks processing a representation of dimensionality 64 × 64 × 128 equivalent to input
features calculated from two 64 amino acid fragments. Each residual block contains three layers which
includes a 3×3 dilated convolutional layer. Overall, the model has 21 million parameters. The network
relies on a combination of 1D and 2D inputs, including evolutionary profiles from different sources and
co-evolution features. Combined with a distance map in the form of a very finely-grained histogram of
distances, AlphaFold predicts Φ and Ψ angles for each residue which are used to generate the initial
predicted 3D structure.

The depth of the model, its large crop size, the large training set of roughly 29,000 proteins,
modern DL techniques, and the richness of information from the predicted histogram of distances
allowed AlphaFold a high contact map prediction precision [196].

The 2020 version of the program (AlphaFold 2, 2020) presents significant differences from the
previous version, which, by combining local physics with a guide potential derived from pattern re-
cognition, had a tendency to over-account for interactions between residues that were nearby in the
sequence in comparison interactions between residues further apart along the chain. Hence, Alpha-
Fold 1 tended to prefer models with slightly more secondary structure (α helices and β sheets) than
in reality (a form of overfitting) [241].
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The software design used in AlphaFold 1 had a number of modules, each trained separately, that
were used to create the guide potential that was subsequently combined with the physics-based energy
potential. AlphaFold 2 substituted this with a system of sub-networks coupled together into a single
differentiable end-to-end model, based utterly on pattern recognition, which was trained as a single
integrated structure. Local physics, in the form of energy refinement based on the Assisted Model
Building with Energy Refinement (AMBER) model, is used as a final refinement step once the neural
network prediction has converged for adjusting the predicted structure to some extent [196].

A key part of the 2020 system are two modules, believed to be based on a transformer design,
which are used to progressively refine a vector of information for each relationship (or “edge” in
graph-theory terminology) between an amino acid residue of the protein and another amino acid
residue; and between each amino acid position and each different sequences in the input sequence
alignment [242]. The model features layers that bring relevant data together and filter out irrelevant
data (the “attention mechanism”) for these relationships. These transformations are iterated: the
updated information output is in one step becoming the input of the next with the residue/residue
information feeding into the update of the residue/sequence information, and following the improved
residue/sequence information which again feeds into the update of the residue/residue information
[243]. As the iteration advances, the algorithm is mimicking how a person can assemble a jigsaw
puzzle [244].

Following, the output of these iterations informs the final structure prediction module, which also
uses transformers, and is itself then iterated [196].

AlphaFold is suitable to be further developed, with large room for significant improvements in
accuracy. AlphaFold 2 scoring more than 90 in Critical Assessment of techniques for Protein struc-
ture prediction (CASP)’s Global Distance Test (GDT) is considered a great progress in the field of
computational biology.

Propelled by press releases from CASP and DeepMind [245, 246], AlphaFold 2’s success received
wide media attention. The reliable and accurate protein structures prediction based on the constituent
amino acid sequence can bring to important benefits in sciences from advanced drug discovery to
understanding of diseases [247, 248].

However, it is not yet clear to what extent structure predictions made by AlphaFold 2 will hold
up for proteins bound into complexes with other proteins and other molecules

AlphaFold 2’s predictions tended to be least refined and least reliable in some cases dealing with
proteins that had strong interactions either with other copies of themselves, or with other structures.
Since a large fraction of the most significant biological machines in a cell include such complexes, or
relate to how protein structures become modified when in contact with other molecules, this area need
further research attention.

Here, AlphaFold 2 was described as a huge technical step forward for helping in prediction of
protein folding processes [241].

In fact, the protein prediction problem still leaves questions about how the folding process actually
happens in nature (and how every so often they can also misfold).

AlphaFold has been used to predict structures of proteins of SARS-CoV-2, the causative agent
of COVID-19. The structures of these proteins were pending experimental detection in early 2020
[197, 247].

Accurate prediction were confirmed against the experimentally determined SARS-CoV-2 spike
protein that was shared in the international open access database Protein Data Bank, before releasing
the computationally determined structures of the under-studied protein molecules [249]. Specifically,
AlphaFold 2’s prediction of the structure of the ORF3a protein was very similar to the structure
determined by researchers at University of California, Berkeley using cryo-EM. This protein is alleged
to help the virus in breaking out of the host cell once it replicates. This protein is also believed to
have a role in triggering the inflammatory response to the infection, [248].
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Launched in mid-year 2021, the AlphaFold Protein Structure Database as a joint effort between
AlphaFold and EMBL-EBI, initially contains AlphaFold-predicted models of protein structures of
nearly the full UniProt proteome of humans and 20 model organisms, amounting to over 365,000
proteins, and it is planned to be increased with more sequences to the collection. As of July 2021,
UniProt-KB and InterPro [250] has been updated to show AlphaFold predictions when available [251].
The database does not include proteins with fewer than 16 or more than 2700 amino acid residues,
but for humans they are available in the whole batch file [252]. It could be progressively completed
with the structures of missing co-factors, metals, and co- and post-translational modifications, [253]
particularly as between 50% and 70% of the structures of the human proteome are incomplete without
covalently-attached glycans [254].

DeepMind has trained the program on over 170,000 proteins from a public repository of protein
sequences and structures. The program uses a form of attention network, a DL technique that focuses
on having the AI algorithm identified parts of a bigger problem, then puzzle it together to get the in
summa summarum solution. The overall training was made on processing power between 100 and 200
Graphics Processing Units (GPUs) [249].

A protein shape correlates closely to its function. To take one example, antibody proteins fold into
shapes that allow them to exactly identify and target specific foreign bodies, which makes essential
to understand the shape that proteins will fold. The number of different configurations that a protein
might fold into based on its amino acid sequence is enormous. Yet by some means, out of all of these
possible configurations, each protein spontaneously folds into one particular shape that determines its
biological purpose and behavior.

To mention, the major part of the information for protein structure prediction derives from the
inverse covariance matrix which is estimated using homologous sequences based on the principle of
coevolution. This information comes in a pairwise fashion (because it is a covariance matrix) and is
used to predict the relative distances and angles. Previously, AlphaFold 1 used the ResNet architecture
to map coevolution features to binned distance probabilities [255].

A protein can be represented as a graph where nodes are residues and edges are the connections
between them and these edges harbor the information about the relative distances and angles, but
the graph is not embedded in 3D space. This is the “trunk” which is part of the AlphaFold network.
To start representing this information in 3D space and obtain initial the coordinates (i.g, X,Y,Z), one
might use torsion angles [256], but this could be too coerced, thus AlphaFold 2 uses some network/al-
gorithm to map graph features to get the initial XYZ coordinates of CαCα + orientation [196]. Later,
their initial prediction is improved by running their structure model. This is called the refinement
step.

AlphaFold has significant limitations in some cases and its prediction could not always be as
accurate as other traditional experimental methods. [241]. It predicts stable protein conformation,
but the protein could change in its dynamical life; moreover, intrinsically disordered proteins and
unnatural amino acids can trip AlphaFold up.

AlphaFold generates accurate predictions when dealing with individual protein structures, but it
is less reliable in case of multiprotein complexes, protein-DNA interactions, protein-small molecule
interactions, and the like-dynamics that are essential to be understood for many biomedical use cases.

AlphaFold 1 and AlphaFold 2 steps are shown in Figure 5.5.

5.6 In silico approach for identifying putative proline transporters

5.6.1 Aims

A filtering pipeline has been computed with the aim to identify putative proline transporter pro-
teins, since an outstanding question regards how proline is transported from the cytosol into the
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Fig. 5.5: The new era of AlphaFold. The two diagrams present the different steps of AlphaFold and AlphaFold 2.

mitochondria during proline catabolism in eukaryotes.
The starting point to identify candidate mitochondrial proline transporters (Figure 5.6) was to

create a database with mitochondrial proteins (Figure 5.6, step 1); we selected integral and inner
membrane proteins by a continuous filtering process (Figure 5.6, steps 2, 3). Finally the protein
co-evolution analysis (Figure 5.6, step 4) selected 23 putative candidates with known protein fami-
lies especially involved in different plant stress responses (i.e., drought, heavy metals, and pathogen
attacks), in which proline has been shown to be pivotally significant.

The mitochondrial carrier proteins that facilitate proline transport have not yet been defined and
the identification of these transporter proteins would be a significant step forward in understanding
proline metabolism.

We sought an unbiased bioinformation approach to identify potential candidate mitochondrial
proline transporters. This approach was guided by the following assumptions:

– S. cerevisiae proteome; this yeast has been a popular eukaryal model and unique portrayals of
yeast mitochondria;

– mitochondrial proline transporters are conserved Integral Membrane Proteins (IMPs) locali-
zed in the Inner Mitochondrial Membrane (IMM); they are permanently embedded within
the plasma membrane; all transmembrane proteins are considered IMPs, but not all IMPs are
transmembrane proteins;

– conserved inner membrane and integral membrane in pathogenic fungi C. albicans, C. glabrata;

– conserved inner membrane and integral membrane in fungi and A. thaliana which shares some
mitochondrial metabolic pathways with different organisms, including yeasts (Figure 5.7).
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Fig. 5.7: A. thaliana is the model organism of choice for reasearch in plant biology. A: mature A. tha-
liana plant, Landsberg erecta (Ler) ACCESSION; B: mature wild-type Arabidopsis flower; C: homeotic
agamous-1 mutant flower; D: scanning electron microscopic images of C. albicans and C. glabrata strains
in human oral cavity. Images from [257] and [258].
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5.6.2 Methodology

Filtering steps using MATLAB algorithm

First of all, a database was created with all S. cerevisiae mitochondrial proteins, retrieved from the
databases (UniProtKB/TrEMBL, [259]) and identified based on the proteomic studies by using the
string-search mitochondrial proteome. 6397 proteins were identified: such large number occur because
the entries are not specifically classified: noticeably, some output are not organism specific, so that
we were forced to select the proteins organism specific for the yeasts of interest. Again, we examined
the Pfam classification database Panther [260], collection of protein families compiled using multiple
sequence alignments and Hidden Markov Models) and proteomic studies [261] to select integral and
inner mitochondrial membrane proteins. Then the GO annotations for all proteins with membrane
spanning domains were retrieved and Pfam, GO and spanning domain information were saved in
an excel file expanded to include available protein information in Uniprot and TrEMBL databases.
Integral and inner membrane proteins were selected by using MATLAB [262] (MATLAB inclusion
function): MATLAB processed the proteins by means of a continuous filtering process (Pfams, GOs,
spanning domains) in order to make a reduction of the proteome. The same analysis was repeated for
C. albicans, C. glabrata and A. thaliana (Figure 5.8).

Phylogenetic analysis

With the aim to identify orthologs in yeast integral and inner mitochondrial membrane proteins
(1118 in total for S. cerevisiae, C. albicans, C. glabrata), all the sequences were aligned in Molecular
Evolutionary Genetics Analysis (MEGA) in a multiple alignment and subsequently a phylogeny was
inferred. All the 1118 protein sequences were aligned in MEGA and a phylogenic tree was built with
the following parameters:

– the maximum likelihood [263, 264], determined by 100 bootstraps to define the probability of the
observed alignment occurring within 100 times, i.e., the likelihood for clusters with a probability
p for a series of 100 analysis. Such a relevant number of bootstraps was implemented because,
when dealing with sequences of different lengths, some noise can affect the lengths and positions
of the branches of the cladogram. The redundancy of bootstraps provides lower variance than
other methods.

– the variance of the distance d, i.e., the number of amino acid substitutions per site, is estimated by
bootstrapping using the distance matrix of the Jones-Taylor-Thornton model (JTT) F [263, 264]
consists of the observed proportions of amino acid pairs between a pair of sequences where their
divergence time t is given, and the gamma distribution, i.e. the number of substitutions at each
site, was inferred using parsimony on Bayesian estimates of the tree topologies [263].

Hence, a tree was obtained which showed the clusters and allowed the identification of the con-
served IMM proteins of the yeasts. The analysis was performed by MEGA based on 100 independent
alignments and the results were deemed highly significant if the alignment recapitulates more than
90 times. In case of big noise not estimated in % or numeric value, the cut off in bootstraps must
be reconsidered for selective putative othologs, as in recent theory values < 90 are not considered
“sufficiently reliable” orthologs [265, 266]. Following, different types of sampling coupled with filtering
should be applied [267]. MEGA considers the minimum relevant significance with alignments recapi-
tulating 50 times [263, 268], and by consequence all proteins with probabilistic results over 50 were
selected. The bootstrap is shown in the tree as the number of events in which that particular cluster
has been reached, which gives a probabilistic demonstration of high protein conservation. Eventually,
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Fig. 5.8: Flow diagram of the proposed pipeline. A computer-based analysis in steps was developed to classify
a broad number mitochondrial integral and inner membrane proteins in yeasts and plants. The method
includes different properties (GOs, Pfams) and different phylogenetic analyses to identify putative proline
transporters conserved in A. thaliana, S. cervisiae, C. albicans, C. glabrata.

a number of 37 orthologous proteins were identified as highly conserved sequences – orthologs – in the
three yeasts.

At this point, the conserved IMM proteins of S. cerevisiae were taken in consideration in order to
note the orthologs in yeasts and plants. To achieve that, we built a phylogenetic tree: the analysis was
performed with the previously described method in MEGA. Analogous phylogeny process has been
performed involving A. thaliana elements and from a total of 254 integral IMM proteins from yeast
and A. thaliana, a number of 24 were classified as being highly conserved. A total of four cladograms
were computed to confirm the phylogenetic analyses on this work with the parameters discussed above.

GO and Pfam terms

81 potential orthologs found in A. thaliana were screened for GO and Pfam terms. Again, we
eliminated proteins involved in ubiquitination, lipid metabolism, Endoplasmic Reticulum (ER) traffic,
DNA/RNA synthesis, ATP synthesis and respiratory chain components since they are unlikely to
facilitate proline transport. Heat maps were used.
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Forest computing and phylogeny

Localalign [269] finds the optimal local alignment between two sequences, SEQ1 and SEQ2 (fasta
sequences): localalign returns the highest-scoring local alignment and related information. To retrie-
ve multiple local alignments, we limited the number of alignments by using the option NUMALN,
MINSCORE. The sequences selected are those that have a score value greater than or equal to the
threshold defined as:

ScoreThreshold = ScoreMean+ 0.5(ScoreMax− ScoreMean)

a value that is halfway between the average and the maximum and can be compared with two reference
sequences. The statistic “score” reveals a bimodal Gaussian shape, with a first circumscribed region
where sequences potentially well correlated with the sample population are sought. Using 15 references
from A. thaliana-yeasts putative orthologs, a much more discriminated situation is obtained already
with the single samples. The sequences were aligned versus the 254 mitochondrial inner membrane
proteins from A. thaliana; many sequences with a very low score values were not considered and
sequences with high homology (score above 200) were used for the following analysis. The evolutionary
history was inferred by using the MxL method and JTT matrix-based. The same analysis was repeated
for S. cerevisiae. A summary table with 23 orthologs was created based on the described phylogeny
and localalign analysis. We deem these to be of interest as they correspond to genes over expressed in
A. thaliana during abiotic stresses [144–148].

To further confirm the A. thaliana stress response proteins as a string search in Uniprot, a total
of 1907 transporters were studied [147, 148] and a forest analysis was subsequently run with the 1907
over expressed with the 81 orthologs in the 3 yeasts of interest. The results were finally analyzed in a
phylogenetic tree adding 5 highly conserved yeast and plant transporters.

In this section a number of three phylogenetic trees were computed, leading the total number of
cladograms in the research to seven by using different IMM proteins, different characterized gene pro-
ducts in A. thaliana expressed in stress condition [154–156], and different S. cerevisiae mitochondrial
transporters (Figure 5.9).

5.6.3 Results

First of all, our intention has been to create a database with all S. cerevisiae mitochondrial proteins,
which were retrieved from the databases (UniProtKB/Swiss-Prot, UniProtKB/TrEMBL [270]) and
identified based on the proteomic studies.

A number of 6397 proteins was identified: such number in excess of proteins comes out from the
fusion of two databases (UniProtKB composed of Swiss-Prot and TrEMBL sections linked to UniParc
proteomics) in which some protein names are doubled under not univocal entry name – leading to
“database redundancy” – and some entry are not specifically classified. Furthermore, some outputs
are not organism specific, so that we were forced to select the proteins organism specific for the yeasts
of interest.

Again, we examined the Pfam classification database (Panther [260] collection of protein families
compiled using multiple sequence alignments and hidden Markov models) and proteomic studies [261]
to select integral and inner mitochondrial membrane proteins. We then retrieved the GO annotations
for all proteins with membrane spanning domains and saved Pfam, GO and spanning domain infor-
mation in an excel file expanded to include available protein information in Uniprot and TrEMBL
databases. Integral and inner membrane proteins were selected by using MATLAB [262] (MATLAB
inclusion function): MATLAB processed the proteins by a continuous filtering process (Pfams, GOs,
spanning domains) for making a reduction of the proteome. The same analysis was repeated for C.
albicans, C. glabrata and A. thaliana.
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For each species, the initial population is filtered according to various criteria in eight steps
Figure 5.10.

1. Retrieval of the mitochondrial proteomes from available databases:

– C. albicans was filtered discarding all the sequences that did not possess the C. albicans
attribute, resulting in 1226 sequences.

– A. thaliana was filtered discarding all the sequences that did not possess the A. thaliana
attribute, resulting in 2067 sequences.

– S. cerevisiae was filtered discarding all the sequences that did not possess the S. cerevisiae
attribute, resulting in 6397 sequences.

– C. glabrata was filtered discarding all the sequences that did not possess the C. glabrata
attribute, resulting in 1028 sequences.

2. Assessment of the initial population, removal of redundant entries. C. albicans was filtered
resulting in 707 sequences, and S. cerevisiae was filtered resulting in 4669 sequences; filtering of
A. thaliana (2067) and C. glabrata (1028) did not reduce the number of sequences. The numbers
are still unreasonable: they need to be filtered and tested for duplicates in the following steps.

3-7. Filtering according to the same criteria to obtain mitochondrial integral and inner membrane
proteins according to GOs, Pfams, hydrophobicity and membrane spanning domains, respective-
ly. Only the sequences containing the following strings are kept: mitochondrial inner membrane,
mitochondrial integral membrane as attributes of the property; GO, Pfam, membrane spanning
domains, or of the property, GOs cellular component, Pfam membrane spanning domains, and
hydrophobicity.

8. Hence, filtering for identifying further duplicates. Finally, the summary of filtering is: C. albicans:
181 sequences from 1226 (14.8%); A. thaliana: 254 sequences from 2067 (12.0%); S. cerevisiae:
758 sequences from 6397 (11.85%); and C. glabrata: 179 sequences from 1028 (17.41%).

Phylogenetic analysis of yeast mitochondrial integral and inner membrane proteins

Hereby we specifically focused on the IMM protein classification. As previously stated, the mito-
chondrial proline transporter should be an integral component of the inner mitochondrial membrane
and we assumed that it will be conserved in all yeasts and most likely in plants. Looking for orthologs
in S. cerevisiae, C. albicans, and C. glabrata, we chose to use MEGA for inferring phylogenetic rela-
tionships between the 1118 fungal proteins in our filtered database, being reasonably advantageous to
evaluate clusters among different proteins within specific species [271].

From the 1118 fungal proteins, we identified 81 putative orthologs and filtered them based on
GOs and Pfams; we eliminated proteins considered to be unlikely proline transporter candidates and,
for probabilistic demonstration of high protein conservation, we selected from the 81 the ones which
shared a bootstraps values above 30 [271].

Following the GOs and the bootstraps analysis, a number of 37 orthologous proteins were identified
as the most conserved sequences orthologs in the three yeast species. It should be noted that a number
of different transporters in C. albicans and C. glabrata have not been fully characterized for function.
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Orthologs in Arabidopsis and yeasts

We posit that putative proline transporters will be conserved in fungi and A. thaliana and accu-
rately annotate the mitochondrial proteome of A. thaliana. We looked at proteomics studies and we
retrieved from the databases (Uniprot, Trembl) a number of 254 mitochondrial inner/integral mem-
brane proteins in A. thaliana. At this point, we looked at the proteins conserved in the S. cerevisiae
IMM proteins to note down the putative orthologs in the two model organisms. To achieve that, we
built a phylogenetic tree: the analysis was performed with the previously described method in MEGA.

Arabidopsis orthologs + carriers (GOs)

We screened 81 potential orthologs found in A. thaliana from the phylogeny based on GOs terms
and Pfams and we eliminated proteins involved in biological processes which are unlikely to facilitate
proline transport. Eventually, a number of potential 23 highly conserved orthologs in the four species
were identified. We also noted the integral and IMM proteins that are considered to be important
carriers in plants; a number of 22 proteins were phylogenetically close to yeast carrier proteins and
highly expressed in A. thaliana oxidative stress [145–148].

Final orthologs forest

15 reference sequences from A. thaliana putative orthologs with high degree of conservation were
aligned versus the 254 mitochondrial inner membrane proteins from A. thaliana by using Barton
algorithm (see methodology).

Many sequences give very low score values: in this case, we have pruned to keep the mixFactor
values separate in order to have more degrees of freedom to obtain a much more “discriminated”
situation already with the single samples. A second zone follows, much more diluted, of various levels
of correlation and it is here that sequences potentially well correlated with the sample population are
sought (Figure 5.11).

A tree was computed with 55 sequences in A. thaliana highly expressed in stress condition
[154–156, 272] and as result of the forest analysis and they are analyzed with 4 sequences from highly
conserved among species S. cerevisiae transporters. DIC1 and ORT1 from S. cerevisiae are cluste-
ring close to ALNC14C198G8625, AXX17AT3G48540, ARALYDRAFT485808 and PUMP1 from A.
thaliana. AGC1 S. cerevisiae are clustering close to AT2G47490 from A. thaliana. Using 254 A. tha-
liana sequences local aligned with 51 S. cerevisiae elements, the previous analysis “was reversed”
to confirm the potential orthologs and 23 sequences were selected. The statistic “score” revealed a
bimodal Gaussian form (Figure 5.11), with a first circumscribed region, corresponding to the many
cases in which the sequences casually correlate with the samples. A second zone follows, with less
sequences, of various levels of correlation. This is where sequences potentially well correlated with the
sample population are sought. The sequences of interest which correlate more were isolated and used
to build a phylogenetic tree. A tree was computed with 23 A. thaliana sequences and 5 S. cerevisiae
elements. From A. thaliana, we have carriers highly expressed in stress condition. 31 total orthologs
were obtained.

Following, a tree was computed with 37 potential orthologs found in S. cerevisiae that showed a
bootstrap higher than 40 in “Phylogenetic analysis of yeast mitochondrial integral and inner membrane
proteins” and they were analyzed with 23 sequences from A. thaliana carriers highly expressed in stress
condition [147].

The first half of the tree clusters the proteins of S. cerevisiae closer to the A. thaliana car-
riers. K7AGC1 and AGC13C from S. cerevisiae are close to PUMP5, PUMP4 from A. thaliana;
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AAC3 A. thaliana clusters with CEMPK1137D5123 S. cerevisiae; YMC2 S. cerevisiae is close to
AWRI1631162880 A. thaliana; VIN77701 from S. cerevisiae clusters with DTC and BAC1 from A.
thaliana; DIC1 ORT1 from S. cerevisiae clusters with PUMP1 from A. thaliana; CEMPK1137D5057,
SCRG05185, YIA61 from S. cerevisiae clusters close to SAMC1 from A. thaliana. FLX1, SCRG5306,
K7FLX1 and VIN72334 from S. cerevisiae are close to ACC2 and ACC1 from A. thaliana.

As final result we combined all the results from the various phylogenetic and forest analysis and we
obtained 27 putative orthologs and 2 putative paralogs in fungi and plants. 23 putative orthologs were
selected since involved in arginine proline catabolism in yeast [143] and abiotic stress in A. thaliana
for further analysis, since they play a role in different plant stress responses [273, 274] (Table 5.1).
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Tab. 5.1: Putative orthologs in fungi and plants. The in summa summarum list of 29 putative orthologs derived
from the last two phylogenetic analyses is presented. 6 elements were discarded and they are highlighted
in yellow.

S. Cerevisiae A. thaliana extra orthologs in A. thaliana

B3LTD3 YEAS1 Q8LBZ7

FLX1 YEAST O04200

Arg7 Q94K85

Ymc2 Q8H1D3

GEP4 YEAST Q9LXR9

YIA6 YEAST O22261

MPC3 Q8LD38

Dgr2 Q94F20

Mir1 Q93ZE8

Sfc1 Q9M038

Hem25 F9FEA3

Agc1 Q9LTW5

C8Z6Z3 YEAS8 A0A7G2EEQ7

Odc2 Q9M038 Q93XM7

Ctp1 Q9ZRT1

Oac1 A0A097PP44

YFL5 YEAST A0A178WHA4

Dic1 Q9SJY5 PUMP1 ARATH

B3LRC9 YEAS1 A0A654E7R3

Sal1 Q42546

Ort1 A0A5S9YBY9

G2WK88 YEASK A0A7G2EGM3

B3LTA0 YEAS1 F9FIK2

Ymc1p BAC1 ARATH

Mpe1 A0A178WHA4

YEA6 YEAST O22261

F4J3T8 MTM1 YEAST

Ympc1 BAC2 ARATH

AAcp3 A0A384KYV2 ARATH
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81 potential orthologs

22  highly conserved orthologs in 4 species
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254 A. thaliana proteins 
integral 
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1118 fungal
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 4  well known 
yeast transporters

forest analysisforest analysis

15 yeast orthologs in A. thaliana     254 A. thaliana IMPs
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 37 putative transporters in yeasts
(bootstrap > 40 from first phylogeny)
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23  putative orthologs
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* retrieved also by means 
of the reverse analysis

Fig. 5.9: Synthesis of the results of each filtering steps. The diagram of flow presents the putative orthologs
resulted after the first deterministic “unbiased” filtering.
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Fig. 5.10: The seven filtering passes analyzing C. albicans, S. cerevisiae, C. glabrata and A. thaliana se-
quences. From the third to the seven steps, each species is filtered according to the same criteria to
obtain mitochondrial integral and inner membrane proteins based on GO and Pfam terms: different
entries were discarded.
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Fig. 5.11: Forest and Bimodal Gaussian: sequences correlate more or less within the full Arabidopsis po-
pulation. A first circumscribed region gives the sequences that correlate for a short duration with the
samples. A second zone is much more diluted.
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6.1 Aims of the paper

A systematic analysis of proteins involved in carotenoid biosynthesis in the Pekinensis group has
been reported. The analysis has identified 44 putative orthologs. Moreover, the accuracy of our bio-
informatics pipeline has been evaluated on proteomics datasets available on public databases. This
type of study is particularly valuable for validating a filtering approach suitably helpful for data
classification when sampling bias cannot be assessed.

6.2 Methodology

With the purpose of evaluating the efficiency and accuracy of a pipeline for protein classification
in A. thaliana and B. rapa Pekinensis group, a method of classification of raw data was implemented
to understand how different types of analysis can be applied for minimizing the noise which could
cause wrong bias and compromise the output results (false positive). The analysis has been compared
with previous studies on carotenoid biosynthetic genes in B. rapa where phylogenetic analysis was
computed and coupled with transcriptional profiles analysis [191].

The methodological procedure follows a similar pathway to one described for the previous summary,
relating to the pipeline for proline transporters: hereinafter, for the sake of clarity, we also describe in
detail this methodology applied to the case of carotenoids.

The process screens libraries in public databases and avoids alignment-based techniques (i.e.
Basic Local Alignment Search Tool (BLAST) [275], Multiple Alignment using Fast Fourier Tran-
sform (MAFFT) [276]) since sequences with low similarity among them are subjected to performance
degradation; moreover, these techniques could need a long processing time on large datasets. The com-
putational proceeding use a “deterministic filtering” step, GO terms and Pfams screening for function
and “population analysis” coupled with phylogenetic analysis and it has been applied to the amino
acid sequences which provide functional information (domain and motif) not straightforwardly visible
in the nucleotide sequence.

For inferring the phylogenetic analyses, we used a MxL method, since it can be implemented for
a broad variety of estimation situations, e.g., when we are not sure about the variety of estimation
we have. In our case of study, we can assume a parametric probability model for a data generating
mechanism, but the actual value of the parameter is unknown. The main problem is that MxL fails to
consider various factors of sequence evolution (e.g. reversals, convergence and homoplasy). This implies
that the deeper the divergence times, the more likely this method will lead to erroneous groupings.
Therefore, we added different “outliers” as controls to better test and estimate the divergence.

6.2.1 Flow of filters

The chloroplast and plastid proteomes of A. thaliana were retrieved from the databases (Uniprot-
Swiss/TrEMBL) where they were identified based on the proteomic studies and applying the string
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searches related to the “photosynthetic process”: “chloroplast proteomes”, “thylakoid proteomes”,
“carotenoids” until 5222 proteins were retrieved. Panther and Pfam-CrossReference were also used
as a collection of protein families compiled using multiple sequence alignments and Hidden Markov
Models [262]. Pfam and GO information were saved in an excel file expanded to include available
protein information in Uniprot - Swiss TrEMBL database and related API information linked. The
same string searches were used for B. rapa Pekinensis group as well. Afterward, a series of filtering steps
carried out with a commercial software (MATLAB [277, 278]) were computed. The final populations
retrieved from A. thaliana and B. rapa Pekinensis group consist on 813 and 386 proteins respectively.
The populations of the two species were fused and the redundancy of protein elements was checked
via script, with a result of 1089 total elements after the screening.

B. rapa Pekinensis group phylogeny and GO terms of putative carotenoid orthologs

All the sequences obtained from A. thaliana and B. rapa Pekinensis group were aligned via
Unweighted Pair Group Method with Arithmetic mean (UPGMA) method (hierarchical clustering)
using a commercial software (MEGA, [279]) and the phylogenetic analysis was subsequently inferred,
building a phylogenetic tree with the following parameters:

1. the maximum likelihood [280] showed for 100 bootstraps to define the probability of the observed
alignment occurring within 100 times.

2. the likelihood for clusters probability p for a series of 100 analysis which gives a lower va-
riance than other methods; in this case, the variance of the distance d (number of amino acid
substitutions per site) is estimated by the bootstrap method.

3. the distance matrix used the JTT matrix F [281] and consists of the observed proportions of
amino acid pairing between a pair of sequences where their divergence time t is given.

4. the gamma distribution in which the number of substitutions at each site were inferred using
parsimony on the Bayesian estimates of the tree topologies [282].

The resulting tree showed the clusters, allowing to identify the putative conserved carotenoids in
plants. The tree with the highest log likelihood (-376192.95) was shown and it was drawn to scale,
with branch lengths measured in the number of substitutions per site. This analysis involved 1089
amino acid sequences. All positions with gaps and missing data were discarded (complete deletion
option). A total of 34 positions resulted in the final dataset. The percentage of computed trees in
which the associated taxa clustered together is shown next to the branches. Initial tree(s) for the
heuristic search were obtained automatically by applying Neighbor-Join and BioNJ algorithms [283]
to a matrix of pairwise distances estimated using the JTT model, and then selecting the topology
with superior log likelihood value. A discrete Gamma distribution was used to model evolutionary
rate differences among sites (5 categories (+G, parameter = 0.0500)). The list of orthologs from the
phylogenetic analysis was studied for GO terms and Pfam terms (when available), screened based on
GO and Pfam terms and a heat map was used to visualize the GO-protein associations via scripts.

6.2.2 Forest analysis coupled with phylogeny

To further confirm the orthology relationships, a “population analysis” was computed with the aid
of a commercial software [277]. Following, the analysis was coupled by a phylogenetic tree. The popu-
lation of the total screened B. rapa Pekinensis group has been evaluated by means of the “MATLAB
function localalign”. The higher is the score, the more correlated are the sequences. To retrieve multiple
local alignments, we limited the number of alignments by using the option NUMALN, MINSCORE.
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The sequences selected are those that have a score value greater than or equal to the threshold defined
as:

ScoreThreshold = ScoreMean+ 0.5× (ScoreMax− ScoreMean) (6.1)

this value is halfway between the average and the maximum and it can be compared with two
reference sequences. The score threshold reveals a bimodal distribution shape with a first circumscribed
region where sequences potentially well correlated with the sample population can be sought. Here,
the reference sequences from A. thaliana were aligned versus the chloroplast proteins from B. rapa
Pekinensis group. Sequences with high homology (score above 200) were used for the following analysis.

The evolutionary history was inferred according to the same protocol discussed in the previous
section. The tree with the highest log likelihood (-38190.90) is shown in results. This tree, as well as
the trees in the following two figures, was elaborated with the commercial software iTOL [284] and the
bootstrap is reported in a scale 0 to 1. The nodes and the leaves of the tree are also shown, in order to
indicate the different clusters. The suffixes “RA” and “ARA” for each protein ID sequence refer to B.
rapa Pekinensis group and A. thaliana, respectively. For modeling evolutionary rate differences among
sites, a discrete Gamma distribution was used (5 categories (+G, parameter = 5.4078)). The analysis
involved 122 amino acid sequences. All positions with less than 80% site coverage were eliminated,
i.e., fewer than 20% alignment gaps, missing data, and ambiguous bases were allowed at any position
(partial deletion option). A total of 270 positions resulted in the final dataset. Furthermore, the
phylogenetic analysis coupled with alignment was computed to confirm putative orthologs in the
MEP pathways, GGPP gene pathway, and carotenoid biosynthesis.

6.2.3 MethylErythritol Phosphate pathway screening via phylogenetic analysis

To specifically retrieve all the potential syntenic and non-syntenic orthologs in B. rapa, A. thalia-
na reference carotenoids sequences and B. rapa Pekinensis group potential carotenoids elements were
retrieved by using string searches in Uniprot database, EnsemblPlants, Inparanoid, Prosite, InterPro,
Eukaryotic Orthologous Group (KOG), Superfamily and STRING API linked to Uniprot. The chec-
king of more databases was made to retrieve all the possible information about the datasets related
to the MEP pathways by combining two more selective phylogenetic analysis. In details, 35 elemen-
ts from B. rapa subsp. pekinensis were retrieved from STRING and KOG using the string queries
“oxidoreductase” and “reductase” and added to the 40 elements obtained from the forest coupled
with phylogeny. Subsequently, the B. rapa subsp. pekinensis elements were added to the 49 sequences
of A. thaliana putative carotenoids elements involved in the MEP pathway retrieved from Inpara-
noid, EnsemblPlants, InterPro, RefSeq databases via string queries “carotenoid” and “isoprenoids”.
Four outgroups were selected in different organisms to improve the branch length of the subsequent
phylogenetic analysis tree and the visualization of the clusters (see Results).

6.3 Results

6.3.1 Filtering steps

A schematic representation of the bioinformatics pipeline developed in the present study is descri-
bed in Figure 4.16.

In the first step of the pipeline, all the proteins of A. thaliana that are annotated as being related
to chloroplasts and/or plastids in public databases have been retrieved using the string searches “chlo-
roplast proteomes”, “thylakoid proteomes” and “carotenoids” in UniProtKB and UniParc. The main
focus was concentrated on these proteomes due to the role of carotenoids in the oxygenic photosynthesis
and in oxidative reactions involved in ROS/AO balance Figure 4.15.
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Fig. 6.1: Filtering steps in A. thaliana [in x-axis the steps of the filter, in y-axis the population corresponding
to each step]. The trend of the filter population in A. thaliana is shown in the plot. Starting from 5222,
the population is filtered in 8 steps till reaching 813 elements: 5222, 5137, 2793, 1558, 1478, 1031, 813.

This search resulted in 5222 proteins. Such large number depends on the massive amount of proteins
retrieved from the fusion of two databases (UniProtKB composed of Swiss-Prot and TrEMBL sections
linked to UniParc proteomics). That because some protein names are doubled under not univocal
entry name - leading to “database redundancy” - and some entries are not specifically classified. By
consequence, all the reported data (5222 elements) were submitted to several filtering steps, in order
to identify putative carotenoid elements.

The first step selected the organism specific proteins for the plant species of interest. In the second
one, the gene ontology terms were analyzed with regard to “gene ontology molecular function” and
“gene ontology biological process” with the purpose to identify the proteins involved in photosynthesis,
photoprotection, oxidative stress, plant coloration and cell signaling.

Next, further information were sought by means of Pfam classification databases, Protein Families
and Panther [285] to filter the 5222 elements identified above by a continuous filtering analysis of
code strings based on Pfams and GOs, in order to reduce the A. thaliana proteomes. Starting from a
number of 5222, we obtained 5137, 2793, 1558, 1478, 1031, 813 proteins in six steps (Figure 6.1). The
same analysis was repeated for B. rapa Pekinensis group: starting from 1046 proteins, we obtained
1017, 831, 386 in three steps (Figure 6.2).

6.3.2 Inferred phylogeny

A phylogenetic analysis was applied looking for putative potential orthologs with the aim to define
a link between the elements identified above and specific carotenoid biosynthetic pathways. The 1199
proteins obtained – 813 in A. thaliana and 386 in B. rapa Pekinensis Group – were again screened for
duplicates/redundancy and the resulting 1089 unique entries were used for the phylogenetic analysis.
The resulting tree showed the clusters and allowed to identify the putative conserved elements. Even-
tually, a number of 180 proteins in B. rapa Pekinensis group were collected in a table as potential
chloroplast carotenoid orthologs.
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Fig. 6.2: Filtering steps in B. rapa Pekinensis group. [in x-axis the steps of the filter, in y-axis the population
corresponding to each step]. This plot shows the trend of the filter population in B. rapa Pekinensis
group. From 1046, the population is filtered in three steps till reaching 386 elements. We obtained 1046,
1017, 831, 386 proteins.

6.3.3 GO terms of putative carotenoid orthologs

As some noise affected the deterministic filter, the 180 potential orthologs were then analyzed
for GO terms enriched groups catalogued for molecular function. Among the GO terms found to
be associated with the 180 putative orthologs, the following were related to oxygenic photosynthe-
sis: carotenoid dioxygenase activity [GO:0010436], oxidoreductase activity [GO:0016730], metal ion
binding [GO:0046872], deoxy-D-xylulose-5-phosphate synthase activity, [GO:0016744], transferase ac-
tivity, transferring aldehyde or ketonic group, GO:0102067- geranylgeranyl diphosphate reductase
activity, carotenoid isomerase activity [GO:0046608], oxidoreductase activity [GO:0052887], farnesyl-
diphosphate farnesyltransferase activity [GO:0004310]. The 180 elements were additionally analyzed
according to the Crossreference Pfam for checking the functional domains by means of Hidden Markov
Models, when available [286, 287].

The following Pfam domains were found: amino oxidase (PF01593) and carotenoid oxygenase
(PF03055), the two ones associated with many elements. Furthermore, Pyr redox 2 (PF07992) includes
families of oxyreductase and it was associated with one protein element. The orthologs not involved in
oxygenic photosynthesis were discarded, and eventually the analysis found out 44 potential orthologs
as final result. The association between each protein ID and GO term or Pfam term is represented
by the means of two heat maps, i.e. two color-coded matrices where yellow and blue represent the
presence or absence of a specific GO for a given protein ID, respectively (Figure 6.3).

6.3.4 Forest analysis coupled with phylogenetic analysis

Using the Uniprot database as a starting source, 44 proteins in B. rapa Pekinensis group were iden-
tified as highly conserved putative chloroplast protein orthologs involved in carotenoid biosynthesis.
A further research was conducted applying a population analysis on reviewed sequences information
about A. thaliana proteomics data obtained from TAIR [288].
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Fig. 6.3: GO terms and Pfam domains in the 44 identified orthologs. The metabolites involved in the oxygenic
photosynthesis are visualized in the presented heat maps. The 44 elements are showed in the y axis. GO
terms (A) and Pfam domains (B) are in the x axis. BRARP = Brassica rapa subsp. pekinensis, BRACM
= Brassica rapa campestris var. pekinensis. The association of a specific GO term or Pfam domain with
each of the proteins is indicated in yellow.

All the Pekinesis group chloroplast filtered population (see filtering steps) was used in order to
help the localization of all the pathways that produce isoprenoids.

47 characterized proteins were retrieved from the population analysis using “carotenoid biosyn-
thetic process” as a string query (reviewed on TAIR [288]). These 47 proteins play a role in the MEP
pathway and in the oxygenic photosynthesis. Therefore, we had a total of 47 potential A. thaliana
orthologs that can be used as reference sequences to obtain a much more “discriminated” situation
already with the single samples. The 47 sequences were aligned versus the chloroplast proteins and
carotenoid factors retrieved (see filtering steps).

The resulting values of each input population against the references are plotted in a 2D graph,
depicted in Figure 6.4 which shows each sequence whose score exceeds a prefixed value, 200 in this
case: this value is motivated by the following plot (Figure 6.4 A), where we showed the statistics
of the score distribution that reveals a “bimodal distribution” form (Figure 6.4 B,C), with a lower
circumscribed region, corresponding to the many cases in which the sequences correlate for a short
duration with the samples. 62 sequences were finally obtained with high correlation (Figure 6.4 C).

The comparison of the forest and the statistic is emphasized: the value around 200 is a good
compromise for the beginning of the area of strong correlation. The forest analysis results of 62 B.
rapa Pekinensis group elements and the 44 B. rapa Pekinensis group sequences obtained from the
first phylogenetic analysis coupled with the GO/Pfam heat map screening (see GO terms of putative
carotenoid orthologs) were added to the 47 reference sequences from A. thaliana retrieved from TAIR.

Next, a new phylogeny was inferred (Figure 6.5). The final phylogeny gave a result of 40 potential
orthologs. The elements of the MEP pathway and the GeranylGeranyl diPhosphate Synthase (GGPS)
isoforms have not been fully catalogued in the B. rapa Pekinensis group [289, 290].

Two phylogenetic trees were then computed with elements of the MEP pathway and the GGPS iso-
forms from the previous phylogenetic analysis, taking into account that different A. thaliana carotenoid
factors could have more than one syntenic ortholog in B. rapa species [191].
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Fig. 6.4: Forest histogram and bimodal distribution. Forest (A). Sequences that correlate more are shown
with circle. The circle pointed out the score which was selected for higher correlation between references
sequences and population. Sequences exceeding a prefixed value, fixed at 200 in this case, are highlighted.
Bimodal distribution (B). The statistics of the score distribution is shown to explain the score used.
Two zone are shown: a lower zone, highlighted in green, and an upper zone, highlighted in blue. Detail of
the upper zone of the bimodal distribution (C). In the upper zone, only the sequences which possess
a strong correlation with the references are present. Their distribution, highlighted in blue, is almost
uniform. Detail of the lower zone of the bimodal distribution (D). In the lower zone, the distribution
highlighted in green, resembles a Gaussian distribution. This is expected for a merely random correlation.



6. Summary of paper 2 54

B9VUW2|B9VUW2RA

M4D2P8|M4D2P8RA

Q07356|PDSARA

M4EVD7|M4EVD7RA

M9NL09|M9NL09RA

A0A397ZJ29|A0A397ZJ29RA

B9VUW3|B9VUW3RA

M4FH33|M4FH33RA

Q38893|ZDSARA

A0A397ZPI2|A0A397ZPI2RA

A0A6H1QTM8|A0A6H1QTM8RA

U5XIR4|U5XIR4RA

A0A397Y6U5|A0A397Y6U5RA

A0A6H1QTG6|A0A6H1QTG6RA

U5XIU3|U5XIU3RA

M4ERW2|M4ERW2RA

Q9M9Y8|CRTSOARA

Q9LTG0|CHY2ARA

M4CEY7|M4CEY7RA

M4DW24|M4DW24RA

A0A397XJZ8|A0A397XJZ8RA

A0A397XSH0|A0A397XSH0RA

Q38932|LUT2ARA

A0A398A1P1|A0A398A1P1RA

B9VUW5|B9VUW5RA

M4CRJ7|M4CRJ7RA

A0A397ZEK0|A0A397ZEK0RA

M4EM05|M4EM05RA

B9VUW4|B9VUW4RA

Q38933|LCY1ARA

M4DC12|M4DC12RA

Q9XF91|PSBSARA

M4CDT9|M4CDT9BRA

Q9FGC7|ZEPARA

Q38854|DXSARA

Q94B35|ISPHARA

Q9C826|ABA2ARA

M4DAZ3|M4DAZ3BRA

M4DS56|M4DS56BRA

M4C979|M4C979BRA

M4F116|M4F116BRA

Q39249|VDEARA

Q9CAK8|ISPFARA

M4ECY9|M4ECY9BRA

O81014|ISPEARA

Q8GWB2|NSY1ARA

M4E630|M4E630BRA

Q38929|IDI1ARA

Q42553|IDI2ARA

Q9LKJ1|CHY1ARA

M4CVA5|M4CVA5BRA

M4DHD1|M4DHD1BRA

Q9SAC0|ZCISARA

B3H725|B3H725ARA

F4K0E8|ISPGARA

P69834|ISPDARA

A0A398AS32|A0A398AS32RA

M4DYG2|M4DYG2RA

M4CBH2|M4CBH2RA

A0A398A7H9|A0A398A7H9RA

A0A397ZMI0|A0A397ZMI0RA

Q5URR0|Q5URR0RA

M4EEX4|M4EEX4RA

Q9LRR7|NCED3ARA

A0A398ABT4|A0A398ABT4RA

M4CVW1|M4CVW1RA

Q9M9F5|NCED9ARA

A0A397YSJ2|A0A397YSJ2RA

M4F1T6|M4F1T6RA

A0A398AMX0|A0A398AMX0RA

M4D9Y8|M4D9Y8RA

A0A397KXW7|A0A397KXW7RA

M4D7Z3|M4D7Z3RA

O49505|NCED2ARA

A0A397Y3B7|A0A397Y3B7RA

M4EU77|M4EU77RA

Q9C6Z1|NCED5ARA

A0A397YIA1|A0A397YIA1RA

M4DET0|M4DET0RA

Q9LRM7|NCED6ARA

A0A398AK97|A0A398AK97RA

A0T2N9|A0T2N9RA

M4DA68|M4DA68RA

A0A397YGY9|A0A397YGY9RA

M4DWS4|M4DWS4RA

O49675|NCED4ARA

A0A398AQJ4|A0A398AQJ4RA

M4D4I0|M4D4I0RA

Q8VY26|CCD8ARA

A0A397YB67|A0A397YB67RA

M4CUD2|M4CUD2RA

A0A397Y2U3|A0A397Y2U3RA

M4CUD1|M4CUD1RA

A0A397ZNW9|A0A397ZNW9RA

M4FH71|M4FH71RA

A0A397ZRM6|A0A397ZRM6RA

M4FGV2|M4FGV2RA

Q7XJM2|CCD7ARA

M4D380|M4D380BRA

O22043|GGPP6ARA

Q9LJY2|GGPS10ARA

O04046|GGPP2ARA

Q9SLG2|GGPP4ARA

P34802|GGPP1ARA

Q9ZU77|GGPP7ARA

Q9LUD9|GGPP3ARA

Q9LUE1|GGPP9ARA

Q9LRR0|GGPP8ARA

Q9LHR4|GGPS12ARA

Q9LIA0|GGPS11ARA

Q39108|GGRARA

M4ESW3|M4ESW3BRA

M4CWH2|M4CWH2RA

P37271|PSY1ARA

M4CQA2|M4CQA2RA

M4E4A0|M4E4A0RA

M4CZG2|M4CZG2BRA

O23365|CYP97B3ARA

Q93VK5|LUT5ARA

M4EY67|M4EY67BRA

Q7G9P4|AAO3ARA

Q6TBX7|LUT1ARA
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Fig. 6.5: Phylogeny of the MEP pathway elements. The tree with the highest log likelyhood (-71352.70) is
shown. The tree is drawn to scale, with branch lengths measured in the number of substitutions per
site. The bootstrap is highlighted by purple circles (normalized scale from 0 to 1). The internal nodes
are represented by rectangular shape in green and each protein ID is highlighted with dashed lines.
The leaf nodes are displayed with a rectangular shape in red. ARA = A. thaliana, RA = Brassica rapa
Chinese Cabbage Group are the labels to refer to the species. Four outgroups are also inclided in the tree:
Bkt from C. reinhardtii, Pds C. reinhardtii, FNOV0100002 - Brt/brk from H. psycrophilus, P45086A1 -
cytochrome P-450 from A. thaliana.
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Aiming to identify all the potential syntenic and non-syntenic orthologs in B. rapa Pekinensis
group, Arabidopsis “reference” carotenoid sequences and B. rapa Pekinensis group potential carotenoid
elements were retrieved by using string searches in Uniprot database, EsemblePlants, Inparanoid,
Prosite, InterPro, KOG, SUPFAM and STRING APIs linked to Uniprot [291–298].

A number of 35 elements from B. rapa subsp. pekinensis were retrieved from STRING, KOG,
Inparanoid, EggNOG, Pfam and SUPFAM using the string queries “oxidoreductase” and “reductase”.
These 35 were added to the 40 elements from B. rapa Pekinensis group resulted from the forest coupled
with phylogeny. The resulting 75 B. rapa Pekinensis group elements were added to the 49 A. thaliana
sequences of putative carotenoid elements involved in the MEP pathway retrieved from Inparanoid,
EsemblPlants, RefSeq [299], InterPro via string queries “carotenoid” and “isoprenoids”.

Additionally, the process included some outliers, selected in different organisms where carotenoids
play an important role in the protection of the photosynthetic apparatus, but there are variances in
the distribution or regulation of these metabolites [196, 259, 262, 277–280, 300].

In details, A. thaliana was used to check if the implemented method works. The outliers C. rei-
nhardtii and H. psychrophilus were used to improve the clustering method of the cladograms since
the presence of some noise, derived from different sequence lengths, can interfere with the clustering
method applied. Chlamydomonas reinhardtii is the closest phylogenetic organism to vascular plan-
ts for carotenoids biosynthetic genes in response to stress [301, 302]. Interestingly, carotenoids can
work as a protection mechanism in cryospheric environments for psychrophilic bacteria. Therefore,
we also introduced Hymenobacter psychrophiles, a cold-loving bacteria, as an outlier. This control has
been introduced because the evolution of carotenoids biosynthetic genes has been reported to have
occurred in a different way probably due to some type of adaptive mechanisms to the environment.
The aforementioned species had some different evolution events in relation to the carorenoids path-
way [296, 303] leading to a different regulation of carotenoid elements due to various adaptive fitness
of the species (see Results). C. reinhardtii element was selected as outlier since it is an essential plant
carotenoid biosynthetic enzyme. H. psychrophilus element was used as outlier by retrieving the few
information in literature databases [303–306]. Furthermore, the hemeprotein cytochrome P450 from
A. thaliana was used as an outgroup since it is working as monooxygenase for metabolizing various
xenobiotic substances. P450 was used as a negative control because it is not a carotenoid biosynthetic
gene product.

Finally, a phylogenetic analysis was inferred to a total of 128 elements to highlight the GGPS
elements conserved in B. rapa subsp. pekinensis (Figure not shown). Following, we inferred a further
phylogenetic analysis to better classify and confirm the GGPS biosynthetic enzymes conserved. In
details, carotenoid putative gene products were retrieved by using the string search of “isoprenoids”
for a total number of 37 B. rapa subsp. pekinensis KOG, InParanoid and EnsemblPlant elements and
27 B. rapa subsp. pekinensis elements via queries “carotenoid oxygenase” from InParanoid, InterPro
and European Molecular Biology Laboratory (EMBL) [281]. 17 carotenoid elements were retrieved
from Prosite, InParanoid, SUPFAM, EMBL and EggNOG by using the string search “GGPS” for A.
thaliana.

The four outgroups added in “the MEP pathway tree” were also included in the list above mentio-
ned for inferring a more precise phylogenetic clustering computational method. The final dataset of 85
elements was subjected to phylogenetic analysis and the evolutionary tree is presented in Figure 6.6.

Considering the results presented in the last phylogenetic analyses, we finally reported in summa
summarum our putative orthologs in Figure 6.7.

GGPS6, GGPS9, GGPS12 and LUT1 from A. thaliana were not found in B. rapa subsp. peki-
nensis and confirmed the results on carotenoids studies [191]. GGPS4 and GGPS7 from A. thaliana
correspond to Bra038544 in B. rapa subsp. pekinensis. Here, “putative synteny” is assumed as “high
homology” which is shown in the cluster at the level of phylogenetic branch length and node of the
tree (Figure 6.6). 43 putative orthologs were noted as a final result by combining the Forest analysis
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A0A397KXW7|RA
A0A398AMX0|RA
A0A397Y3B7|RA
A0A397ZMI0|RA
A0A398AS32|RA
A0A398A7H9|RA
A0A398ABT4|RA
A0A397YSJ2|RA
A0A397YIA1|RA
A0A397Y2U3|RA
A0A397YB67|RA
A0A397ZNW9|RA
A0A398AK97|RA
A0A397YGY9|RA
A0A398AQJ4|RA
A0A397ZRM6|RA
A0A397ZPI2|RA

M4D0X4|RA
A0A397Z6Y2|RA
A0A397XZF8|RA

M4F481|RA
M4EG57|RA

A0A397XTJ8|RA
M4EFV9|RA
A8CF47|RA

A0A397XJZ8|RA
A0A398A1P1|RA
A0A397XSH0|RA

A0T2N9|RA
O04046|GGPP2ARA
B6DVJ8|B6DVJ8ARA

A0A384LH49|A0A384LH49ARA
Q9SLG2|GGPP4ARA

A0A178VV89|A0A178VV89ARA
O22043|GGPP6ARA

A0A178W818|A0A178W818ARA
Q9LJY2|GGPPAARA
P34802|GGPP1ARA
Q9ZU77|GGPP7ARA
Q9LUD9|GGPP3ARA

A0A1I9LQ60|A0A1I9LQ60ARA
Q9LUE1|GGPP9ARA
Q9LRR0|GGPP8ARA
Q9LHR4|GGPPCARA
Q9LIA0|GGPPBARA

M4E7E6|RA
A0A397Y9A5|RA
A0A397ZJ29|RA
PDS|C.reinhardtii

M4F369|RA
A0A397Y8M1|RA

M4F6C1|RA
A0A397XQZ7|RA

M4DVP5|RA
A0A398AMS7|RA

M4DRZ0|RA
A0A397L0Q8|RA
A0A398ALL0|RA

M4DB60|RA
F4I1S7|ELP2ARA

M4CVL4|RA
A0A398ACJ3|RA

M4DGW3|RA
A0A397YW24|RA

M4CCX2|RA
A0A397YHP6|RA

M4DC89|RA
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Fig. 6.6: Phylogeny of the GGPS gene products The tree with the highest log likelihood (-41791.08) is presented.
The bootstrap is highlighted by purple triangles (normalized scale from 0 to 1). The internal nodes are
represented by rectangular shape in green and each protein ID is highlighted with dashed lines. The leaf
nodes are displayed with a circular shape in red. The four outgroups are included as in the previous
analysis. ARA = A. thaliana, RA = Brassica rapa Chinese Cabbage Group are the labels to refer to the
species.
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Fig. 6.7: Final findings of this work.
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coupled with phylogeny and the phylogenetic analysis of the MEP pathway enzymes. With reference
to Figure 6.7 the non syntenic ortholog shared by GGPS1, GGPS2, GGPS3, GGPS7, GGPS8 was
not found (highlighted in green in table), whereas we retrieved some potential orthologs for DXS
(Bra001832), GPS11 (cag7890226(Bra)) and BCH2 (Bra008358) (in bold and highlighted in blue
in Table 7) which need further verification (e.g. syntenic analysis [307–310]). Interestingly, at least
GPS11 showed to have an ortholog by doing a string on NCBI and Ensembl Plant (Blastp not shown).
Furthermore, we also identified a gene product probably related to carotenoid elements (highlighted
in orange in table): PSBS -like gene (Bra036950). In conclusion, we noted that the pipeline error was
around 5.6%. This error is computed as the number of the extra elements found (4) over the total
number of orthologs counted in the table (72).



7. Discussion

7.1 Limits of Machine Learning and the implementation of a filtering step approach

Many studies have demonstrated the ability of DL to convert protein big data into valuable know-
ledge, leading to practical solutions of analysis. Complex patterns of protein big data can be characte-
rized in the field of protein data mining. We analyzed different type of ML applied in proteomics and
we highlighted their results across a number of fields for the analysis and classification of extremely
large quantity of data. In our study, we presented different methods for learning biological properties
from sequence data in the fields of protein engineering and in the related subfield of protein structure
resolution. Beside the aforementioned advantages, one must notice some limitations that can arise
by using ML. In particular, many problem-specific optimizations described in literature reflect the
question to how control the flexibility of models and maximize predictivity [69, 105, 308]. Here we
summarized some of the main obstacles to be taken in consideration:

1. Among the many challenges in ML, data collection is the critical step to consider. Unfortunately,
uncertainty quantification techniques are underused or ignored in the research process because
of time consuming reason. Furthermore, data collection has become a challenge due to the wide
extension of the analysis and the complexity of the learning algorithm.

2. Another problem arises from unbalanced classification and labeling of the data: common features
of many datasets for making predictions must not contain an arbitrary or ambiguous labeling.
Ambiguously labeled examples can then be ignored during model training. As example, it is
possible to weight training sets when labeled data come from an experimental process with
known and unknown technical artifacts and error profiles [309, 310].

3. Understanding how to interpret the output in the context of DL output is particularly relevant
as different learning models can lead to output confidence scores that resemble pure noise [311].

4. Several methods assign importance to specific inputs that lead to specific outputs. The impact
on the outputs of the network can be observed if parts of the inputs are changed (perturbation
models).

To mention, Lundberg and Lee [312] noticed that some scoring methods including integrated
gradients and Lck-Interacting transMembrane Adapter (LIME) can be observed as approximations to
shapely values [313], which are widely applied in game theory. Another approach consists on artificial
inputs to produce similar hidden representations to a chosen example: Finnegan and Song [314] applied
a Markov chain Monte Carlo algorithm to the chosen input in genomics. High computational cost
(time, memory, energy and software) can limit different DL challenges [315]. Due do the partial
reduction of the aforementioned costs, ML methods have only recently found large application. In some
cases, perfect accuracy in ML is not completely required because the priority is to process experiments
and assist discoveries as in chemical screening for drug discovery [316]. For protein structure prediction,
improved contact residue-residue maps [317] had made important advancing in 3D structure prediction
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for some of the “most challenging proteins” like membrane proteins [318]. Considering the limits
of applying a DL approach,the concept of Data mining comes out for understanding data through
cleaning raw data since The challenge is not only to extract meaningful information from big data,
but to gain knowledge, to discover previously unknown insight, look for patterns, and to make sense of
the data. The grand challenge is to make data useful to and useable by the end user [25]. Filtering raw
data became a necessary step for maximizing the prediction model accuracy which is always affected by
noise [319]. Interestingly, pipeline methods have been implemented to pre-process label-free data with
statistical analysis in various researches [320–323] Noticeably, no deterministic filtering has never been
implemented for time consuming reasons. To pre-process data, when features of classification cannot
be implemented for statistics analyses, we aimed to develop a pipeline which process protein sequences
. Our analysis was performed as a “challenging quest” to develop an accurate computational methods
to infer orthologs [324]. The challenge consists on retrieving sequences via string-queries from data
bases and filter the noises in various steps (deterministic and phylogenetic approaches). The filtering
has been implemented in two biological cases:

– Finding a proline mitochondrial transporters.

– Validating the approach for finding carotenoidss biosynthetic genes orthologs.

Limit and advances of our filtering method relies on a deterministic approach which is time con-
suming and requires a good GPU power resource. However, we have to take in consideration that
databases are heavily contaminated with erroneous (mispredicted, abnormal and incomplete) sequen-
ces leading to false and false positive biased analysis results [325]. Thus, a time consuming manual
filtering with knowledge a priori can be an useful tool when feature selection of classification cannot
be implemented. The result not only gives a potential method for inferring orthologs, but it helps to
gain a posteriori knowledge as features of classification in order to further analyze the data.

7.2 Proline biological case

Proline, the only amino acid without a primary amino group, is a proteinogenic amino acid, but is
also metabolized in a unique pathway in the mitochondria leading to glutamate (Figures 4.14, 4.11).
There is growing evidence that several cancer-related phenotypes display various dependencies on
proline metabolic enzymes [145].

The tumor progression is influenced by the proline/epigenetics axis. Cell identity/behavior is im-
pacted at different levels by extracellular proline released from collagen degradation. Proline may
be used as (i) energy source ATP through mitochondria degradation and (ii) assembling block for
collagens synthesis. The hydroxylation of collagens takes place in the ER thanks to the activity
of Prolyl-4-hydroxylases (P4H) and it is released in the ExtraCellular Matrix (ECM). A compart-
mentalized (ER → nucleus) metabolic perturbation of the substrates (Vitamin C (VitC) and/or α-
Ketoglutaric (α-KG)) of DNA/Histone hydroxylases (Ten-eleven Translocation (Tet), Jumonji (JMJ))
is caused by a sudden increase of collagen synthesis/hydroxylation.

Interestingly, a novel mechanism of transcriptional regulation of the genes coding for these enzymes
has been untangled by recent studies on the role of proline biosynthetic enzymes in NeuroBlastoma
(NB) progression [326].

Cancer cell growth and behavior may be influenced by increased collagen synthesis and most studies
focus on the role of collagen in tumors. It was shown that the development/progression of cancer is
related on its downstream signaling as different signaling pathways control synthesis/accumulation
of collagens, including the Transforming Growth Factor (TGF)β. When the TGFβ activates the
fibroblasts, leading to production and secretion of matrix protein and wound healing, it also endorses
proline biosynthesis in a SMAD4-dependent manner, to sustain collagen production [327].
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Collagens interact with specific receptors, the Discoidin Domain Receptors (DDRs) and integrins,
and in turn activate downstream pathways including the kinases, Extracellular signal-Regulated Ki-
nase (ERK), Phosphoinositide-3-kinase (PI3K)/AKT, Nuclear Factor kappa-light-chain-enhancer of
activated B cells (NFkB) [328, 329], Focal Adhesion Kinase (FAK) [330], enhancing migration and
promotion of the Epithelial-to-Mesenchymal Transition (EMT). This role of collagen signaling in can-
cer development and progression has been widely studied and recently reviewed, [331] leading to the
clear evidence that signals from the microenvironment influence cancer cell behavior, and that tu-
mor microenvironment, including ECM composition, play a pivotal role on tumor progression [332]:
changings in the ECM mechanical properties, increasing collagen accumulation deposition and stiff-
ness influence, as well as cell plasticity, increasing cancer cells invasiveness, migration and metastatic
dissemination properties [333, 334].

Recently, epigenetic silencing of the tumor suppressor Ras-GTP binding protein (RASSF1A) in
lung cancer has been proved to induce Prolyl 4-Hydroxylase Subunit Alpha 2 (P4HA2) expression,
leading to increased collagen deposition, ECM stiffness and triggering metastatic dissemination [335].

Furthermore, the interaction of Pyrroline-5-Carboxylate Reductase 1 (PYCR1) in the mitochondria
with Kindlin-2, a protein critical for integrin-mediated cell-ECM adhesion, was reported. When ECM
stiffness rises, as in cancer, Kindlin-2 migrates in the mitochondria where it interacts with PYCR1,
heightening PYCR1 and proline levels. Kindlin-2 diminishes PYCR1 levels and ECM stiffening-
dependent increase of proline synthesis [336].

All the aforementioned mechanisms allow cancer cells to survive and adjust to rapid, transient
changes. It can now be reasonably assessed that the heterogeneity/plasticity of cancer cells can be
better explained by metabolic, epigenetic mechanisms rather than by the genetic mutations and with
this respect a novel mechanism underlying cancer cells plasticity has been proposed, by which collagen
maturation may act as an epigenetic signal [337].

Most researches and data retrieved from updated works enhance the evidence of a functional lin-
kage between proline metabolism and epigenetic remodeling [120, 338, 339] and prove that proline
availability influences mouse Embryonic Stem Cells (mESCs) identity and behavior through modula-
ting activating transcription factor AAR-ATF4 pathway [340]. A sudden increase of proline availability
in mESCs induces a embryonic-stem-cell-to-Mesenchymal-like Transition (esMT), which resembles the
EMT [341] that occurs at the invasive border of metastatic tumors [342, 343] and which is accompanied
with metabolic and epigenetic changes, similar to that observed in cancer cells.

A different mechanism has been recently proposed underlying proline’s epigenetic activity [337,
344].

According to this study, after a rapid increase of proline-dependent collagen synthesis, the activity
of P4H enzymes for collagen maturation, consumes VitC in the ER. As a result, the diminished
nuclear availability of VitC becomes limiting for the VitC/α-KG/Fe+2-dependent epigenetic enzymes
[338, 345], i.e. the JMJ C-domain containing histone dioxygenases and the Tet DNA demethylases,
and cause a genome-wide increase of histones and DNA methylation.

Hence, the existence of a proline metabolism-dependent cycle of collagen synthesis and degradation
in the same cell has been supposed (Figure 7.1), leading to the development of newly therapeutic
anticancer strategies, focused on different levels of proline metabolism. Selected agents that inhibit
proline metabolism are currently in preclinical development.

The way by which proline is transported from the cytosol into the mitochondria, where the catabolic
enzymes are localized, has not yet been clearly understood. Our opinion is that the proline transporter
would be localized to the IMM and evolutionarily conserved and that this putative transporter would
play important metabolic roles in yeast, human pathogenic fungi, several plants and humans.

Noticeably, we assumed that a computational clustering method like RF could not work for stu-
dying/classifying proline transporters, because the biological properties of the proteins are not exact
weights in terms of numeric values to develop a classifier and a neural network system [220].
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Fig. 7.1: Proline metabolism has a Janus-like function. The tumor progression is influenced by the proline/epi-
genetics axis. Cell identity/behavior is impacted at different levels by extracellular proline released from
collagen degradation. Proline may be used as (i) energy source (ATP) through mitochondria degradation
and (ii) assembling block for collagens synthesis. The hydroxylation of collagens takes place in the ER
thanks to the activity of P4H and it is released in the ECM. A compartmentalized (ER → nucleus)
metabolic perturbation of the substrates (VitC and/or α-KG) of DNA/Histone hydroxylases (Tet, JMJ)
is caused by a sudden increase of collagen synthesis/hydroxylation.

Initially, a database with mitochondrial proteins was created (step 1) with the aim to identify
candidate mitochondrial proline transporters (Figure 4.11, 5.6); then (steps 2 and 3) integral and
inner membrane proteins were selected by means of a continuous filtering process. Finally, the protein
co-evolution analysis (Figure 5.9) selected 23 putative candidates (Figure 7.2) with known protein
families especially involved in different plant stress responses (i.e., drought, heavy metals, and pathogen
attacks), in which proline proved to play a significant role [346].

The yeast S. cerevisiae and the vascular plant A. thaliana showed more conservation among the
gene products involved in arginine metabolism confirming that C. albicans is phylogenetically distant
from S. cerevisiae [154].

In a further develop of the analysis, each selected candidate can be investigated to examine coregu-
lation of expression under conditions in which proline affects tissue-specific parameters (Figure 7.2):

– Proteomics responses to drought enhancing leaf senescence - feature selected through our pipeline
results.

– Proteomics studies in liver fibrosis/liver affected by viral hepatitis [347], with particular attention
to the signal pathways (GO terms) of the TGFβ since TGFβ is widely studied in fibrogenesis
and it enhances proline biosynthesis [348].

– Proteomics studies of the Retinal Pigment Epithelium (RPE) - epithelial cells that separate
the retina and choroidal blood supply, as RPE cells utilize proline to fuel the mitochondrial
metabolism [349].

In conclusion, a filtering steps pipeline approach applied to biological database information is
relevant for extracting features of classification and then maximizing the use of DL techniques.
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Fig. 7.2: Final results of the pipeline flux diagram. The final 23 sequences can be queried with respect to tissue-
specific subgroups in plants and humans with the help of AlphaFold. Co-regulation of expression under
selective conditions (B), e.g., transcriptional profiling studies provide additional information to focus and
prioritize the candidate proline transporters. Once experimentally verified, further investigation may lead
to therapeutic strategies targeting mitochondrial proline transporters (final result of the flux diagram).

The accuracy and efficiency of our filtering steps were verified in our second work by the classifi-
cation of known specific plant pigments in B. rapa Pekinensis group [350].

7.3 Carotenoids

A filtering process is a helpful tool for screening and classifying information from proteomics
studies, thus we tested the use of the designed pipeline for the classification analysis of protein orthologs
in the study of carotenoid biosynthesis proteins in A. thaliana and B. rapa Pekinensis group, using
the protein sequences and annotation information of the two species [259].

The analysis has been focused only on protein level, and not on nucleotide sequences, aiming to
boost the higher degree of conservation that exists in the amino acid sequences. Within homology, the
ontology analysis of carotenoid biosynthetic gene products in B. rapa subsp. pekinensis was compared
with results achieved in a previous study in B. rapa and A. thaliana [191] and for this purpose,
we developed a system of classification in steps – pipeline – for cataloging putative elements in the
carotenoids pathways of A. thaliana and B. rapa Pekinensis group. As a consequence, a computer-
based analysis has been designed for classifying a number of elements retrieved as chloroplastic proteins
and reviewed enzymes of the carotenoid biosynthetic pathways. The proposed functional analysis
method makes use of GOs, Pfams, “population analysis” and phylogeny to identify the orthologs in
B. rapa subsp. pekinensis using reference sequences from the well characterized model of the vascular
plant A. thaliana. Our analysis has revealed the existence of 43 carotenoid biosynthesis proteins
in these species, generally confirming the results previously found in B. rapa [191], despite of some
“noise”, due to the unbalanced classification of the databases. All the steps are presented in Figure 7.3.

As mentioned above, a sort of error occurs, which can be estimated as the percentage of the
orthologs not found in the reference work [191] with respect to all the orthologs retrieved, and can be
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calculated as 5.6%. Finally, we found three putative conserved elements that need further investigation:
Bra001832, Bra036950 and Bra008358 gene products.
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Fig. 7.3: Model of bioinformatics pipeline method. (A) A method of filtering raw data could be applied to
retrieve information at the level of families and superfamilies (domains, catalytic activities conserved
motif). DL is not always a reasonable solution, because the signal-to-noise ratio must be high. Thus,
it is compulsory to preprocess the input data to minimize the noise, either selecting the best hits by
the means of Blastp or performing an AlphaFold 2 analysis. If neither of these processing is feasible
(mainly, due to the lack of univocal identification numbers reported in databases), we can preceded by
filtering functional annotations in various databases to avoiding false positive weights in sampling and
bias applied to the analysis. (B) In the latter case, the way to proceed is by the filtering pipeline shown
here, which summarizes the investigation carried out by this paper.
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A filtering process is a helpful tool for screening and classifying information from proteomics
studies. Here we report the use of a new designed pipeline for classification of gene products as
putative orthologs, whose application has been carried out in the following steps:

1. A pipeline was developed to attempt the identification of putative mitochondrial proline trans-
porters, due to the uncertainty about which factors are more relevant than others when classi-
fying data.

2. The filtering process was tested for the classification analysis of protein orthologs for the study
of carotenoid biosynthesis proteins in A. thaliana and B. rapa Pekinensis group.

When a system is perturbed by the means of irrelevant datasets included in the analysis, we
are tempted to apply wrong biased analysis which can lead to false-positive results (theory of chaos
model, [297, 298]).

To cause a perturbation of the system, we included proteins sequences which were not fully reviewed
(Uniprot-TrEMBL).

The proposed method could be suitably applied when we have enough information at a level of
family and superfamilies (domains, catalytic activities conserved motifs) about the proteins of interest
and can cope with different type of protein datasets.

As an alternative, when dealing with lack of information, we suggest, as shown in Figure 7.3,
to perform a Blastp with restricted E-value selection to underline possible characterized proteins in
the database or, if there is low similarity, we suggest the use of AlphaFold 2 algorithm [299] for a
structure-based homology search [196, 351].
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– Function for the renaming of the sequences (long name to short name)

function [outputS] = FastaMod(inputS, suffix)

L = length(inputS);

for idx = 1:L

S_header = inputS(idx,:).Header;

stridx_start = strfind(S_header, ’GN=’);

stridx_stop = strfind(S_header, ’PE=’);

outputS_header = [S_header(stridx_start+3: stridx_stop-2), suffix];

outputS(idx,:).Header = upper(outputS_header);

outputS(idx,:).Sequence = inputS(idx,:).Sequence;

end

end

– Function for the search and destroy of duplicates.

function [SeqOut, TableOut] = CopyKiller(SeqIn, TableIn)

L = length(SeqIn);

for idx = 1:L

SeqTemp = SeqIn(idx);

SeqHeader{idx} = SeqTemp.Header;

end

[~, ind] = unique(SeqHeader);

duplicate_ind = setdiff(1:length(SeqHeader), ind);

duplicate_value = SeqHeader(duplicate_ind);

SeqOut = SeqIn;

SeqOut(duplicate_ind) = [];

if nargin > 1

TableOut = TableIn;

TableOut(duplicate_ind,:) = [];

end

end

– Function selecting and include only the protein corresponding to a description, given as Inclu-
sionList located, to be found at the prefixed Column (e.g. GO, pfam, etc). The function operates
on the tables (excel files) and the sequences (fasta file) at the same time:
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function [TableOutput, SequenceOutput] = ...

InclusionFunction(TableInput, SequenceInput, InclusionList, Column)

TableOutput = TableInput;

SequenceOutput = SequenceInput;

L = length(InclusionList);

idx_Keep = 0;

for idx = 1:L

InclusionString = InclusionList(idx);

idx_string = strfind( cellstr(TableInput.(Column)), InclusionString);

idx_Keep = [idx_Keep; find(~cellfun(@isempty,idx_string))];

end

idx_Keep(1) = [];

TableOutput = TableInput(idx_Keep,:);

SequenceOutput = SequenceInput(idx_Keep);

end

– Function neglecting the protein corresponding to a description, given as ExclusionList located
at the prefixed Column (e.g. GO, pfam, etc). The function operates on the tables (excel files)
and the sequences (fasta file) at the same time:

function [TableOutput, SequenceOutput] = ...

ExclusionFunction(TableInput, SequenceInput, ExclusionList, Column)

TableOutput = TableInput;

SequenceOutput = SequenceInput;

L = length(ExclusionList);

idx_Delete = 0;

for idx = 1:L

ExclusionString = ExclusionList(idx);

idx_string = strfind( cellstr(TableInput.(Column)), ExclusionString);

idx_Delete = [idx_Delete; find(~cellfun(@isempty,idx_string))];

end

idx_Delete(1) = [];

TableOutput(idx_Delete,:) = [];

SequenceOutput(idx_Delete) = [];

end

– Function extracting a specific string from a column of a table – used to extract the GO descriptor
which always starts with a “GO” string, or a PFAM descriptor, staring with a “PF”:

function [output_string_unique, output_string_descriptor_unique] = ...

table_extract_categories(table, ColumnName, input_string, input_length)

L = height(table);
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idx_string = 0;

for idx = 1:L

T_column = table.(ColumnName);

T_temp = char(T_column(idx));

idx_string_temp = ( strfind(T_temp, input_string) );

T_temp_string = char(T_temp);

L_string_temp = length(idx_string_temp);

for jdx = 1:L_string_temp

idx_string = idx_string + 1;

temp_string = T_temp_string( idx_string_temp(jdx):...

idx_string_temp(jdx) + input_length );

output_string{idx_string} = temp_string;

if nargout == 2

if jdx == 1

output_string_descriptor_temp = T_temp_string( 1: idx_string_temp(1) - 3 );

else

output_string_descriptor_temp =...

T_temp_string( idx_string_temp(jdx-1) + ...

input_length + 4: idx_string_temp(jdx) - 3 );

end

output_string_descriptor{idx_string} = output_string_descriptor_temp;

end

end

end

[output_string_unique, ia, ic] = unique(output_string);

if nargout == 2

output_string_descriptor_unique = output_string_descriptor(ia);

end

end

– Function for the analysis of the GO and the PFAM: starting from a table, this function extract
the association between the GO label and the GO description as well as the associating between
the PGAM label and the PFAM description:

function [GOstruct, PFstruct] = GOPFAM_analysis(ThisTable)

CAT_ColumnName = ’GeneontologyGO’;

CAT_trigger = ’GO:’;

CAT_length = 9;

[GO_strings, GO_descriptor] = ...

table_extract_categories(ThisTable, CAT_ColumnName, CAT_trigger, CAT_length);

[GO_strings_Every] = table_arrange_categories(ThisTable, CAT_ColumnName, GO_strings);

GO_set = table(GO_strings’, GO_descriptor’);
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GOstruct.GO_strings = GO_strings;

GOstruct.GO_strings_Every = GO_strings_Every;

GOstruct.GO_descriptor = GO_descriptor;

GOstruct.GO_set = GO_set;

CAT_ColumnName = ’CrossreferencePfam’;

CAT_string = ’PF’;

CAT_length = 6;

[PF_strings]=...

table_extract_categories(ThisTable, CAT_ColumnName, CAT_string, CAT_length);

[PF_strings_Every] = ...

table_arrange_categories(ThisTable, CAT_ColumnName, PF_strings);

PFstruct.PF_strings = PF_strings;

PFstruct.PF_strings_Every = PF_strings_Every;

PFstruct.PF_descriptor = PF_descriptor;

PFstruct.PF_set = PF_set;

end

– Script for the generation of “forests” and “statistics”

Seq_reference = fastaread(’REFERENCE.fasta’);

Seq_input = fastaread(’SEQTOBETESTED.fasta’);

Ls = length(Seq_input);

Lr = length(Seq_reference);

Vr = [1:1:Lr];

% setting the mixing factors

MixFactor = [0.9, 0.6, 0.6, 0.5, 0.6, ...

0.9, 0.9, 0.8, 0.9, 0.6, ...

0.6, 0.9, 0.6, 0.6, 0.9];

% alternatively, setting the fixed Threshold

FixedThreshold = 200;

% elaboration of score

clearvars ScoreMean ScoreMax ScoreThreshold

clearvars ScoreVector SeqIndex ScoreThresholdVector

for idx_s = 1:Ls

Seq_temp = Seq_input(idx_s);

for idx_r = 1:Lr

AlignStruct_temp = localalign(Seq_campione(idx_r), Seq_temp);

ScoreVector(idx_s, idx_r) = AlignStruct_temp.Score;

end

end

% elaborating the criteria

for idx_r = 1:Lr
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ScoreMean(idx_r) = mean( (ScoreVector(:,idx_r)));

ScoreMax(idx_r) = max(ScoreVector(:,idx_r));

ScoreThreshold(idx_r) = ScoreMean(idx_r) +- ...

MixFactor(idx_r)*(ScoreMax(idx_r) - ScoreMean(idx_r));

ScoreThreshold(idx_r) = 200;

[RowNrs ] = find(ScoreVector(:,idx_r)> ScoreThreshold(idx_r));

SelectionVector{idx_r} = RowNrs;

size(RowNrs);

SeqIndex = 1*[1:1:length(ScoreVector(:,idx_r))];

ScoreMeanVector = ScoreMean(idx_r) + 0*SeqIndex;

ScoreMaxVector = ScoreMax(idx_r) + 0*SeqIndex;

ScoreThresholdVector = ScoreThreshold(idx_r) + 0*SeqIndex;

SeqHighlight = SeqIndex(RowNrs);

ScoreVectorHighlight = ScoreVector(RowNrs,idx_r);

end

%single statistics

if flag_statistics

for idx_r = 1:Lr

scoreHist = ScoreVector(:,idx_r);

LHist = length(scoreHist);

figure

histogram(scoreHist, LHist, ’FaceColor’,[0.5,0.5,0.5], ’EdgeColor’,[0.5,0.5,0.5]);

hold on

xlabel(’score’); ylabel(’occurrence’);

end

end

% cumulative statistics

if flag_statistics_cumulative

ScoreVectorCum = ScoreVector(:);

scoreHist = ScoreVectorCum;

LHist = length(scoreHist);

figure

histogram(scoreHist, LHist, ’FaceColor’,[0.5,0.5,0.5], ’EdgeColor’,[0.5,0.5,0.5]);

hold on; grid on;

xlabel(’score’) ; ylabel(’occurrence’);

end

% find intersection and union

[valIntersect, posIntersect] = intersect(SelectionVector);

[valUnion, posUnion] = union(SelectionVector)

% store the modified fasta
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if flag_write

Seq_output = Seq_input(posUnion);

fastawrite(’SelezioneUnion.fasta’, Seq_output);

Seq_output = Seq_input(posIntersect);

fastawrite(’SelezioneIntersect.fasta’, Seq_output);

end

% alternative: Fixed Threshold

SelectionVectorT = 0;

for idx_r = 1:Lr

[RowNrs] = find(ScoreVector(:,idx_r)> FixedThreshold);

SelectionVectorT = [SelectionVectorT; RowNrs];

size(RowNrs);

end

FinalSelection = unique(SelectionVectorT);

FinalSelection(1) = [];

Seq_output = Seq_input(FinalSelection);

fastawrite(’Selection.fasta’, Seq_output);
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[50] M. Jové, M. Portero-Ot́ın, A. Naud́ı, I. Ferrer, and R. Pamplona, “Metabolomics of human brain
aging and age-related neurodegenerative diseases,” Journal of Neuropathology & Experimental
Neurology, vol. 73, no. 7, pp. 640–657, 2014.

[51] A. McCartney, A. Vignoli, L. Biganzoli, R. Love, L. Tenori, C. Luchinat, and A. Di Leo, “Meta-
bolomics in breast cancer: A decade in review,” Cancer Treatment Reviews, vol. 67, pp. 88–96,
2018.
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[208] S. Ó Conchúir, K. A. Barlow, R. A. Pache, N. Ollikainen, K. Kundert, M. J. O’Meara, C. A.
Smith, and T. Kortemme, “A web resource for standardized benchmark datasets, metrics, and ro-
setta protocols for macromolecular modeling and design,” PLOS one, vol. 10, no. 9, p. e0130433,
2015.

[209] C. L. Gupta, A. Bihari, and S. Tripathi, “Protein classification using machine learning and
statistical techniques,” Recent Advances in Computer Science and Communications (Formerly:
Recent Patents on Computer Science), vol. 14, no. 5, pp. 1616–1632, 2021.



References 88

[210] C. Machuca, M. V. Vettore, M. Krasuska, S. R. Baker, and P. G. Robinson, “Using classification
and regression tree modelling to investigate response shift patterns in dentine hypersensitivity,”
BMC medical research methodology, vol. 17, no. 1, pp. 1–11, 2017.

[211] A. Zwartjes, P. J. Havinga, G. J. Smit, and J. L. Hurink, “Quest: Eliminating online supervised
learning for efficient classification algorithms,” Sensors, vol. 16, no. 10, p. 1629, 2016.
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Abstract    

Machine learning (ML) is well suited to solve problems in data-rich disci-

plines like biology and medicine, where the data can be complex and often 

erroneously interpreted. After reviewing different deep learning ap-

proaches applied to predict protein structures and functions, this work 

shows that, when the biological features of proteins of interest are not spe-

cific, a computational approach in filtering steps is a valuable tool for clas-

sification purposes. Our in silico approach was used to identify candidate 

proline transporters which facilitate the transport of proline- a proteino-

genic amino acid- across the inner mitochondrial membrane. The pro-

posed method is relevant for extracting features of classification and then 

maximizing the use of a deep learning approach. 
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Introduction 

Due to recent extensive progress in fundamental biological sciences and 

medicine, the quantity of information and data that can be studied and 

processed has increased enormously.  

Nowadays, the main problem is not obtaining data, but rather extracting 

useful biological insights from the large datasets accumulating. More re-

cent advances have provided detailed high-density data regarding metab-

olism (metabolomics) and levels of protein expression (proteomics). 
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Clearly, no single analytic method, regardless of how dense the data is, 

can provide a complete understanding. Rather, the ability to weave all 

available data together in a coherent manner is required to obtain a com-

plete holistic view. Due to extensive amount of data, machine learning 

(ML) techniques are beginning to provide the means to go productively 

forward to process the extended and complex data sets (Fig. 1).  

 

 

Fig. 1. Useful biological insights derived from large independent datasets can be used to create predictive mod-

els. Different sets of data are used as input. Training relies on prior knowledge, i.e., Gene ontology (GO), gene 

family, pathway and network analysis, discrete databases and overlaid with metadata. 

Generally, statistical methods deal with data-generating systems and can 

provide inferences using probability models when data are correctly col-

lected from experimental studies. By contrast, ML relies on the creation 

and application of algorithms designed to define, or learn, the relationship 

between data input and a designated dependent variable or labels from 

training instances, and subsequently can predict the outcome of new vari-

ables. ML methods produce models for processing and prediction based 

on existing data, e.g., pattern recognition and classification [1].   

The most common typologies of ML techniques applied in biological ele-

ments classification and analysis include:  Deep Learning, Neural Net-

work, Recurrent Neural Network (RNN), Long Short-Term Memory 

(LSTM), Graphics Processing Unit based algorithm (GPU), Convolutional 

Neural Network (CNN), Autoencoder, Deep Belief Network, Transfer 

Learning, and AlphaFold. Different studies have applied Autoencoder, 

Deep Belief Network, Transfer Learning and GPU methods to predict pro-

tein structures and to extract structural characteristics: characteristic vec-

tors are generally extracted from well-known structures of drugs and pro-

teins [2][3][4][5].  
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To answer more fundamental biological questions, we examined the deep 

learning techniques that showed the most promising results in several bi-

omedical applications. Among these techniques, RNNs have been applied 

to human messenger RNAs (mRNAs) and long noncoding RNA (lncRNA) 

sequence for assessing protein-coding potential [6]. Recently, Neural net-

work, CNN and LSTM based approaches have been successfully applied 

to predict properties such as solvent accessibility and secondary structure 

from its primary amino acid sequence [7][8][9]. Furthermore, CNN-based 

techniques are useful to expand the throughput of cryo-EM for determin-

ing protein structures. Recently, AlphaFold algorithm has become a popu-

lar optimization method to predict the possible folding arrangement (3D 

structure) for a protein sequence [10]. 

ML has been successfully applied to assess and model how viruses interact 

with human host proteins, a requisite for their ability to infect cells. This 

represents a significant step forward in that viruses are major threats to 

human health. Interestingly, to predict protein–protein interactions (PPIs) 

between human and human-virus [11], LSTM has been used for training 

and to distinguish constructive, positive PPIs from destructive, negative 

PPIs [11]. Recently, ML coupled with molecular dynamics simulations 

have been applied to modeling the molecular interactions between the 

SARS-CoV receptor-binding domain (RBD) of the viral spike protein and 

the human ACE2 receptor [12]. These approaches have provided insights 

regarding the consequences of the most significant mutations affecting the 

spike protein in the SARS-CoV-2 RBD-ACE2 complex. 

We reflected on the advantages of ML, the state-of-the-art in ML for pro-

tein predictions, the significance of ML in biological data processing. Po-

tential problems arising when ML techniques are applied to large data sets 

can be traced to noise stemming from incorrect classification, input or arbi-

trary/ambiguous labelling of data [13]. Furthermore, the stochasticity and 

complexity of biological systems needs to be taken into consideration for 

understanding the outputs. For controlling the flexibility of models and 

maximizing the predictivity, in silico filtering schemes are likely to be use-

ful as an Ockham's razor (Fig. 2) before using any ML technique. 

In silico approach to identify candidate proline transporters facilitating 

the transport of proline across the inner mitochondrial membrane 

Mitochondria are known as the powerhouse of cells and possess multiple 

families of transport proteins that transport a large variety of substrates. 

Proline, the only amino acid without a primary amino group, is a protein-

ogenic amino acid, but is also metabolized in a unique pathway in the mi-



Articles 100

4  

tochondria leading to glutamate. There is growing evidence that several 

cancer-related phenotypes display various dependencies on proline meta-

bolic enzymes [14]. These insights are being exploited for designing novel 

therapeutic intervention strategies; selected agents that inhibit proline me-

tabolism are currently in preclinical development [15]. 

 
Fig 2. Pipeline for the unbiased bioinformatic approach to identify candidate mitochondrial proline transport-

ers. The mitochondrial proteome in available databases (step 1) was sequentially filtered (steps 2-4) to generate 

a list of 23 candidate proteins (A). Each of the 23 sequences can be queried with respect to tissue-specific sub-

groups in plants and humans with the help of AlphaFold. Co-regulation of expression under selective condi-

tions (B), e.g., transcriptional profiling studies [18], provide additional information to focus and prioritize the 

candidate proline transporters. Once experimentally verified, further investigation may lead to therapeutic 

strategies targeting mitochondrial proline transport (final result of the flux diagram) 

 

An outstanding question regarding proline metabolism in eukaryotes is 

how proline is transported from the cytosol into the mitochondria where 

the catabolic enzymes are localized. Due to the established importance of 

proline for various physiological cell functions [16], we further posit that 

the proline transporter will be localized to the inner mitochondrial mem-

brane and evolutionarily conserved and play important metabolic roles in 

yeast, human pathogenic fungi, the vascular plant Arabidopsis thaliana and 

humans.  
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The starting point to identify candidate mitochondrial proline transporters 

(Fig. 2) was to create a database with mitochondrial proteins (step 1); we 

selected integral and inner membrane proteins by continuous filtering 

process (steps 2,3). 

Finally the protein co-evolution (step 4) analysis selected 23 putative can-

didates (Fig. 2A) with known protein families especially involved in dif-

ferent plant stress responses (i.e., drought, heavy metals, and pathogen at-

tacks), in which proline has been shown to be pivotally significant [17]. 

The accuracy and efficiency of our filtering steps was benchmarked by the 

classification of known specific plant pigments in Brassica rapa (data not 

shown). The analysis showed a minimal “noise” background. 

To move forward, each candidate can be queried and probed to examine 

coregulation of expression under conditions in which proline affects tis-

sue-specific parameters (Fig. 2B):  

• Proteomics responses to drought that enhance leaf senescence - feature 

selected through our pipeline results 

• Proteomics studies in liver fibrosis/liver affected by viral hepatitis [18]. 

In particular, we suggest looking at the signal pathways (GOs terms) of 

the transforming growth factor (TGF)-β since TGF-β is extensively ex-

amined in the context of fibrogenesis and it is shown to enhance proline 

biosynthesis [19]. 

• Proteomics studies of the retinal pigment epithelium (RPE)-epithelial 

cells that separate the retina and choroidal blood supply. Interestingly, 

RPE cells utilize proline to fuel the mitochondrial metabolism [20]. 

We conclude that a pipeline of filtering steps applied to biological data-

base information is relevant for extracting features of classification and 

then maximizing the use of a deep learning approach.  
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Developing a pipeline methodology for
comparative protein classification analysis
Benedetta Pelosi

Abstract

Background: Protein classification is a task of paramount importance in various fields of biology. Despite the
great momentum of modern implementation of protein classification, machine learning techniques such as
Random Forest and Neural Network could not always be used for several reasons: data collection, unbalanced
classification or labelling of the data.

As an alternative, we propose the use of a bioinformatics pipeline to search for and classify information from
protein databases. Hence, to evaluate the efficiency and accuracy of the pipeline, we focused on the carotenoid
biosynthetic genes and developed a filtering approach to retrieve orthologs clusters in two well-studied plants
that belong to the Brassicaceae family: Arabidopsis thaliana and Brassica rapa Pekinensis group. The result
obtained has been compared with previous studies on carotenoid biosynthetic genes in B. rapa where
phylogenetic analysis was computed.

Results: The developed bioinformatics pipeline relies on commercial software and multiple databeses
including the use of phylogeny, Gene Ontology terms (GOs) and Protein Families (Pfams) at a protein level.
Furthermore, the phylogeny is coupled with “population analysis” to evaluate the potential orthologs. All the
steps taken together give a final table of potential orthologs. The phylogenetic tree gives a result of 43
putative orthologs conserved in B. rapa Pekinensis group. Different A. thaliana proteins have more than one
syntenic ortholog as also shown in a previous finding [1].

Conclusions: This study demonstrates that, when the biological features of proteins of interest are not
specific, we can rely on a computational approach in filtering steps for classification purposes. The comparison
of the results obtained here for the carotenoid biosynthetic genes with previous research confirmed the
accuracy of the developed pipeline which can therefore can applied for filtering different types of datasets.

Keywords: Biosynthetic pathway; Carotenoid biosynthetic genes; Comparative genomics; Brassica rapa;
Brassica rapa Pekinensis group; Arabidopsis thaliana; bioinformatics pipeline

Background
Classifying protein sequences is widely used to predict
the structure and function of newly discovered pro-
teins.

However, many existing computational techniques
can give unreliable results due to a broad size of fea-
tures: especially with finite amounts of labeled source
data, these heuristic techniques can induce significant
estimation errors in settings with large sample selec-
tion bias [2].

Filtering libraries for classifying proteins is still an
open challenge in molecular biology: type of data col-
lection, unbalanced classification and labeling of the
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data are all parameters that a researcher needs to take
in consideration [3, 4, 5, 6, 7].

To address the above mentioned issues, we pro-
pose an “Occam’s razor” filtering method to achieve
a model biased to the simplest function that fits the
data. To understand the structural, functional, and
evolutionary relationships among the proteins of inter-
est, we developed a pipeline – a flow of computational
proceedings – which includes the use of Gene Ontology
(GO) terms [8], Protein families (Pfam) (functional/
structural features analysis) [9] and multiple phylo-
genetic analysis (deterministic filtering coupled with
different biases analysis).

We tested the filtering bioinformatics pipeline on a
class of isoprenoids, carotenoids, in two well-studied
plants that belong to Brassicaceae family: Arabidopsis
thaliana and Brassica rapa Pekinensis group.
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The two major classes of carotenoids are: carotenes
(hydrocarbons that can be cyclized at one or both ends
of the molecule) and xanthophylls (oxygenated deriva-
tives of carotenes) (Fig. 1A,B) [10]. Carotenoids
usually accumulate in the chromoplasts which se-
quester large amounts of carotenoids in plastoglob-
ules or/and in storage structures of several shapes
made of lipids and proteins. All other plastid types can
synthesize carotenoids, but the level of accumulation
varies broadly among different plastid types (Fig. 1C)
[11, 12].

Carotenoids are also found in the chloroplasts of pho-
tosynthetic tissues and mainly together with chloro-
phylls, in functional pigment-binding proteins embed-
ded in photosynthetic (thylakoid) membranes [13].
One of the primary roles of carotenoids is to protect
the photosynthetic apparatus by quenching of chloro-
phyll triplets and singlet oxygen, and dissipating the
excess light energy by nonphotochemical quenching of
chlorophyll fluorescence [14]. In details, these metabo-
lites play a role in photosynthetic light energy cap-
ture, conversion, and reduction of Reactive Oxygen
Species (ROS) dissipation, due to fast thermalization
(Fig. 1B,D). In this work, we mainly focus on the
photoprotective function (AntiOxidant(AO)) of these
metabolites in the oxygenic photosynthesis for classi-
fying the carotenoid elements.
A. thaliana has been useful for studying of the core

carotenoid biosynthetic pathway and its regulation
due to the extensive information about candidate A.
thaliana genes and enzymes involved in the biosynthe-
sis of isoprenoids [15]. Nowadays, we have an almost
complete picture of the carotenoid biosynthetic path-
ways in A. thaliana [15]. Here, carotenoids are syn-
thesized from the five carbon units isopentenyl diphos-
phate (IPP) and its double-bond isomer dimethylallyl
diphosphate (DMAPP) [16] produced by the plastidial
2-C-methyl-Derythritol 4-phosphate (MEP) pathway,
as shown in Fig. 1A.

The genus Brassica includes, among others, B. rapa,
B. oleracea, B. napus, B. parachinensis, and B. juncea.
These are some of the most economically impor-
tant species of the genus [17, 18]. B. rapa subsp.
pekinensis, also known as Chinese cabbage, evolved
in China [19] and little is known about the genes in
the carotenoid biosynthetic pathway of this species
[20, 21]. We decided to focus our analysis on the
carotenoid elements of the Pekinensis group (a mus-
tard family also called B. rapa subsp. pekinensis or B.
rapa campestris)[22, 23, 24, 25, 26] since it has impor-
tant anti-oxidative features that are currently being
developed to improve the quality of vegetables and
hence human health [27, 28, 29, 30]. The first refer-
ence genome study of B. rapa Pekinensis group was

released in 2011 [31]. Since then, B. rapa Pekinensis
group has become an attractive model system for plant
growth modeling because of its close relationship with
A. thaliana [32, 33].

To confirm the validity of our pipeline by obtaining
comprehensive information on the carotenoid biosyn-
thetic pathway in Pekinensis group, we performed a
protein classification analysis between A. thaliana and
the Pekinensis group using the sequences and annota-
tion information of the two species [34, 35].

Since carotenes and xanthophylls can be modified
to create the broad diversity of carotenoids found in
plants and other organisms, we included different “pu-
tative proteins-outliers” in the last part of phylogenetic
analysis in order to better define the homologous clus-
ters in the MEP pathway. Carotenoid diversity is much
significant for its biotechnological potential [36, 37]
and its “role play” in understanding the evolution of
secondary metabolism.

We also chose for our study two microorganisms
of interest that we used as outlier in phylogenetic
studies. One of them, the microalgae Chlamydomonas
reinhardtii [38, 39] has evolved different types of
carotenoids since this class of pigments are used as pre-
cursors of various other molecules with pivotal phys-
iological functions in the species [38, 40, 41]. Fur-
thermore, synthesis and regulation of the carotenoid
biosynthetic genes is shown to be triggered and reg-
ulated by different stress response [42, 43]. Remark-
ably, carotenoids can work as a protection mechanism
in cryospheric environments for psychrophilic bacteria
[44]. Therefore, as an outlier, we also introduced Hy-
menobacter psychrophilus, a cold-loving gram-negative
bacterium isolated from soil in an industrial site in
Bolzano (South Tyrol, Italy).

This species was chosen because of the unpredictable
distribution of carotenoids proposed for the genus Hy-
menobacteras [45] as consequence of various events of
gene gain, gene loss, or evolution of regulatory mech-
anisms in this genus. In particular, we chose to focus
on Brp/Blh, a putative β-carotene diooxygenase from
H. psychrophilus [46] that may be well conserved in
other species of Hymenobacter [47, 48]. Furthermore,
we included as an outgroup A. thaliana cytochrome
P450 since monooxygenases are known to play a role
in the biosynthesis of various compounds [49, 50].

Here, we report a systematic analysis of proteins
involved in carotenoid biosynthesis in the Pekinen-
sis group. The analysis has identified 43 putative or-
thologs. Moreover, we have evaluated the accuracy
of our bioinformatics pipeline on proteomics datasets
available on public databases. This type of study is
particularly valuable for validating a filtering approach
that is useful for data classification when sampling bias
cannot be assessed.
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Results
Filtering steps
A schematic representation of the bioinformatics
pipeline developed in the present study is presented
in Fig. 2. In the first step of the pipeline, and in or-
der to retrieve all the proteins of A. thaliana that are
annotated as being related to chloroplasts and/or plas-
tids in public databases, we used the string searches
“chloroplast proteome”, “thylakoid proteome” and
“carotenoids” in UniProtKB and UniParc. We mainly
focused on the aforementioned biomes in relation to
the role of carotenoids in the oxygenic photosynthesis
and in oxidative reactions involved in ROS/AO bal-
ance (Fig. 1). This search resulted in 5222 proteins.
This large number originates from the fact that a great
number of proteins is reported from the fusion of two
databases (UniProtKB composed of Swiss-Prot and
TrEMBL sections linked to UniParc proteomics) in
which some protein names are doubled under not uni-
vocal entry name – leading to “database redundancy”
– and some entry are not specifically classified.

All the data retrieved (5222 elements) were merged
and a number of filtering steps were devised to identify
putative carotenoid elements.

First, the organism specific proteins for the plant
species of interest were selected. Following, to nar-
rowly highlight the proteins involved in photosynthe-
sis, photo-protection, oxidative stress, plant coloration
and cell signaling, we examined the gene ontology
terms with a particular focus on “gene ontology molec-
ular function” and “gene ontology biological process”
(see Table 1 and see the MATLAB code in Addi-
tional file 9).

Next we retrieved further information by means of
Pfam classification databases, Protein Families and
Panther [51] to filter the 5222 elements identified
above. The code strings processed the proteins by
a continuous filtering analysis based on Pfam and
GOs for making a reduction of the A. thaliana pro-
teome. Starting from a number of 5222, we obtained
5137, 2793, 1558, 1478, 1031, 813 proteins in six
steps (Fig. 3A, see Table 1). The same analysis
was repeated for Pekinensis group: starting from 1046
proteins, we obtained 1017, 831, 386 in three steps
Fig. 3B, see Table 2).

Inferred phylogeny
To firmly establish a link between the elements iden-
tified above and the carotenoid biosynthetic pathway,
we carried out a phylogenetic analysis and looked for
putative potential orthologs. The 1199 proteins ob-
tained from the analysis above – 813 in A. thaliana
and 386 in Pekinensis Group – were screened for du-
plicates/redundancy, which resulted into 1089 unique
entries that were used for the phylogenetic analysis.

We chose to use the commercial software MEGAX
[52] (see Methods) for inferring phylogenetic relation-
ships since it is more accurate for evaluating clusters
among different input-proteins lengths [53, 54] within
specific species.

The tree showed the clusters and allowed to iden-
tify the putative conserved elements. The analysis was
performed 100 times: with reference to Additional
file 1, the bootstrap is shown in the tree as the num-
ber of events in which that particular cluster has been
reached. This gives a probabilistic demonstration of
high protein conservation and the results were highly
significant in a number of more than 50 times [52].

However, we considered bootstrap values between 11
and 50 as putative homologous since there could be
some “noise error” in the clustering due to the effect of
a broad sampling of different protein sequences lengths
– “weights”. Eventually, a number of 180 proteins in
B. rapa Pekinensis group were noted in a table as po-
tential chloroplast carotenoid orthologs (Table 3, see
also Additional file 2).

GO terms of putative carotenoid orthologs
The list of 180 potential orthologs resulted from
the phylogenetic analysis was studied for GO terms
enriched groups cataloged for molecular function,
since the previous deterministic filter was affected
by some noise. Among the GO terms found to
be associated with the 180 putative orthologs, the
following were related to oxygenic photosynthesis:
carotenoid dioxygenase activity [GO:0010436], oxi-
doreductase activity [GO:0016730], metal ion binding
[GO:0046872], deoxy-D-xylulose-5-phosphate synthase
activity, [GO:0016744], transferase activity, transfer-
ring aldehyde or ketonic group, GO:0102067- geranyl-
geranyl diphosphate reductase activity, carotenoid iso-
merase activity [GO:0046608], oxidoreductase activ-
ity [GO:0052887], farnesyl-diphosphate farnesyltrans-
ferase activity [GO:0004310]. The 180 elements were
additionally analyzed according to the Crossreference
Pfam for checking the functional domains by means
of Hidden Markov Models when available (Table 3)
[9, 55].

The following Pfam domains were found: amino oxidase
(PF01593) and carotenoid oxygenase (PF03055), the
two ones associated with many elements. Furthermore,
Pyr redox 2 (PF07992) includes families of oxyreduc-
tase and it was associated with one protein element.

Based on the GO and Pfam analysis described above,
the orthologs that did not play a role in oxygenic pho-
tosynthesis, labeled in Table 3 in yellow, were dis-
carded, which resulted in 44 potential orthologs as the
result of our analysis (see Table 4). The association
between each protein ID and GO term or Pfam term
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is represented by the means of two heatmaps, i.e. two
color-coded matrices where blue and yellow represent
the absence or presence of a specific GO for a given
protein ID, respectively (Fig. 4, see also Additional
file 2, in orange the removed elements; see also Ad-
ditional file 10 for the MATLAB code).

Forest analysis coupled with phylogenetic analysis
As mentioned above, when using the Uniprot database
as a starting source, 44 proteins in B. rapa Pekinen-
sis group were identified as highly conserved putative
chloroplast protein orthologs involved in carotenoid
biosynthesis. We next wanted to apply a population
analysis by using instead reviewed sequences obtained
from The Arabidopsis Information Resource (TAIR)
[56], which includes information about A. thaliana
proteomics data. For this purpose, we used the total
Pekinesis group chloroplast filtered population in or-
der to help the localization of all the pathways that
produce isoprenoids. 386 elements were used, as result
of the filtering steps section.

The population analysis retrieved a variety of 47
characterized proteins when using “carotenoid biosyn-
thetic process” as a string query (reviewed on TAIR
[56]). These 47 proteins play a role in the MEP path-
way and in the oxygenic photosynthesis. Therefore, we
had a total of 47 potential A. thaliana orthologs (see
Table 5) that we use as reference sequences to obtain
a much more “discriminated” situation already with
the single samples. The 47 sequences were aligned ver-
sus the chloroplast proteins and carotenoid factors re-
trieved from Table 2.

The resulting values of each input population against
the references are plotted in a 2D graph, depicted in
Fig. 5 (see Additional file 10 for the MATLAB
code). Each sequence whose score exceeds a prefixed
value, 200 in this case, is shown: this value is mo-
tivated by the following plot (Fig. 5A), where we
showed the statistics of the score distribution. The
statistic “score” reveals a “bimodal distribution” form
(Fig. 5B,C), with a lower circumscribed region, cor-
responding to the many cases in which the sequences
correlate for a short duration with the samples.

This zone, zoomed in Fig. 5D, resembles a Gaussian
distribution, as expected for a merely random corre-
lation. An upper zone follows, much more diluted, of
various levels of correlation, resembling a uniform dis-
tribution: 62 sequences were finally obtained with high
correlation (Fig. 5C).

Many sequences totalize a very low score, meaning
that it is reasonable that a low scoring value is due to
random match of many sub-sequences. The compari-
son of the forest and the statistic is emphasized: the
value around 200 is a good compromise for the begin-
ning of the area of strong correlation.

The forest analysis results of 62 B. rapa Pekinen-
sis group elements (Additional file 3) and the 44
B. rapa Pekinensis group sequences obtained from the
first phylogenetic analysis coupled with the GO/Pfam
heat map screening (Table 4) were added to the 47
reference sequences from A. thaliana retrieved from
TAIR (Table 5). Next, a new phylogeny (Fig. 6A)
was inferred. The final phylogeny gave a result of 40
potential orthologs between B. rapa Pekinensis group
and A. thaliana (Table 6).

The elements of the MEP pathway and the GGPS
isoforms have not been fully cataloged in the Pekinen-
sis group [57, 58]. To this end, we computed two phy-
logenetic trees by taking the elements belonging to the
MEP pathway and the GGPS isoforms from the previ-
ous phylogenetic analysis. Furthermore, we took into
account that different A. thaliana carotenoid factors
could have more than one syntenic ortholog in B. rapa
species [1].

To attempt to retrieve all the potential syntenic and
non-syntenic orthologs in B. rapa Pekinensis group, A.
thaliana “reference” carotenoid sequences and B. rapa
Pekinensis group potential carotenoid elements were
retrieved by using string-searches in Uniprot database,
EsemblePlants, Inparanoid, Prosite, InterPro, KOG,
SUPFAM and STRING APIs linked to Uniprot [59,
60, 61, 62, 63, 64, 65, 66].

35 elements from B. rapa subsp. pekinensis were re-
trieved from STRING, KOG, Inparanoid, EggNOG,
Pfam and SUPFAM using the string queries “oxidore-
ductase” and “reductase” (see Additional file 4).
These 35 were added to the 40 elements from B. rapa
Pekinensis group obtained from the forest coupled with
phylogeny. Following the 75 B. rapa Pekinensis group
elements were added to the 49 A. thaliana sequences
(see Additional file 5) of putative carotenoid ele-
ments involved in the MEP pathway retrieved from
Inparanoid, EsemblPlants, RefSeq [67], InterPro via
string queries “carotenoid” and “isoprenoids”.

Four outliers were included in the analysis. Outliers
were selected in different organisms where Carotenoids
have an important role in the protection of the pho-
tosynthetic apparatus, but there are differences in
the distribution or regulation of these metabolites
[68, 36, 69, 70, 39, 43, 71, 49].

The outliers C. reinhardtii and H. psychrophilus
were used to improve the clustering method of the
cladograms for better estimating the divergence [72,
54, 73]. C reinhardtii was used since various carotenoids
play important roles in response to abiotic stress con-
ditioons [42, 43, 41].

Additionally, H. psychrophilus, a psychrophilic bac-
terium, has been introduced as outlier since the evo-
lution of carotenoid biosynthetic genes have occurred
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in a different way, probably due to some adoptive
mechanisms in cryospheric environment [36, 44]. We fi-
nally selected the hemoprotein cytochrome P450 from
A. thaliana as an outgroup since it is not related to
carotenoids.

Finally, a phylogenetic analysis was inferred to a
total of 128 elements. This analysis (Fig. 6B) was
coupled with a phylogenetic analysis to highlight the
GGPS elements conserved in B. rapa subsp. pekinen-
sis.

Carotenoid putative gene products were retrieved by
using the string search of “isoprenoids” for a total
number of 37 B. Rapa subsp. pekinensis KOG , InPara-
noid and EnsemblPlant elements (Additional file 6)
and 27 B. Rapa subsp. pekinensis elements via queries
“carotenoid oxygenase” (Additional file 7) from In-
Paranoid, InterPro and EMBL [74]. 17 carotenoid
elements (Additional file 8) were retrieved from
Prosite, InParanoid, SUPFAM, EMBL and EggNOG
by using the string search “GGPS” for A. thaliana.

The four outgroups used in the MEP pathway tree
were also added to the list above in order to infer
a more specific phylogenetic clustering computational
method. The final dataset of 85 elements was subjected
to phylogenetic analysis and the evolutionary tree is
presented in Fig. 6A.

Taken together the results presented in Fig. 6B and
Fig. 6C, we finally reported our putative orthologs in
Table 7.
GGPS6, GGPS9, GGPS12 and LUT1 from A.

thaliana were not found in B. rapa subsp. pekinensis
and confirmed the results on carotenoids studies [1].
GGPS4 and GGPS7 from A. thaliana correspond to
Bra038544 in B. rapa subsp. pekinensis. Here, “puta-
tive synteny” is assumed as “high homology” which is
shown in the cluster at the level of phylogenetic branch
length and node of the tree (Fig. 6C). 43 putative or-
thologs were noted as a final result by combining the
Forest analysis coupled with phylogeny and the phy-
logenetic analysis of the MEP pathway enzymes.

With reference to Table 7 the non syntenic or-
tholog shared by GGPS1, GGPS2, GGPS3, GGPS7,
GGPS8 was not found (highlighted in green in ta-
ble), whereas we retrieved some potential orthologs
for DXS (Bra001832 ), GPS11 (cag7890226(Bra)) and
BCH2 (Bra008358) (in bold and highlighted in blue in
Table 7) which need further verification (e.g. syntenic
analysis [75, 76, 77, 78]). Interestingly, at least GPS11
showed to have an ortholog by doing a string on NCBI
and Ensembl Plant (Blastp not shown). Furthermore,
we also identified a gene product probably related to
carotenoid elements (highlighted in orange in table):
PSBS -like gene (Bra036950). In conclusion, we noted
that the pipeline error was around 5.6%. This error is

computed as the number of the extra elements found
(4) over the total number of orthologs counted in the
table (72).

Discussion
In this study, we performed a classification analysis be-
tween A. thaliana and B. rapa Pekinensis group (i.e.
the mustard family group called either B. rapa subsp.
pekinensis or B. rapa campestris L.) using the pro-
tein sequences and annotation information of the two
species [59]. We only focused on protein level, and not
on nucleotide sequences, to better exploit the higher
degree of conservation that exists in the amino acid
sequences.

Within homology, the ontology analysis of carotenoid
biosynthetic gene products in B. rapa subsp. pekinen-
sis was compared with results achieved in a previ-
ous study in B. rapa and A. thaliana [1]. With this
purpose, we developed a system of classification in
steps – pipeline – for cataloging putative elements in
the carotenoids pathways of A. thaliana and B. rapa
Pekinensis group.

Random Forest (RF) could not work for the purpose,
because the biological properties of the proteins are
not exact weights in terms of numeric values to develop
a classifier and a neural network system [79].

Instead, we developed a computer-based analysis
which classified a number of 1089 elements retrieved
as chloroplastic proteins and reviewed enzymes of the
carotenoid biosynthestic pathways.

The functional analysis method that we propose
makes use of GOs, Pfams, “population analysis” and
phylogeny to identify the orthologs in B. rapa subsp.
pekinensis using reference sequences from the well
characterized model of the vascular plant A. thaliana.
Previous studies showed that there are 67 carotenoid
biosynthesis genes in B. rapa and 42 out of them have
ambiguous orthologs (syntenic and not syntenic) in A.
thaliana [1].

To assess the performance of our pipeline, we applied
it to the well known carotenoid biosynthetic genes of
A. thaliana and B. rapa. As a first step, we retrieved
the chloroplast and thylakoids proteomes of the two
species and we filtered them by means of GO and Pfam
terms for specific carotenoid oxidative function or link-
age to the photosynthetic apparatus (“deterministic
filtering process”) (Fig. 3).

The high number of starting elements retrieved
is due to the redundancy resulting from the fusion
of Uniprot-Swiss/TrEMBL with UniParc proteomics
[80]; it happens that one protein is referred with dif-
ferent IDs which carries to a not univocal identification
of the same protein. This is a typical issue of not uni-
vocal annotations [81].
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Following, we looked for the carotenoids conserved
in the A. thaliana and B. rapa Pekinensis group. All
the proteins obtained from the analysis above – 813
in A. thaliana and 386 in B. rapa Pekinensis group
– were screened for redundancy via a script and, after
the screening, 1089 total non-redundant elements were
used for the next analysis. At this point, a phyloge-
netic analysis was inferred and the bootstrap method
gave a first probabilistic demonstration of the pro-
tein conservation (Additional file 1). To this end, to
compute the phylogeny, we chose to use a well estab-
lished commercial software that has given satisfactory
results in studies of inferred phylogeny [52]. The use
of this commercial software needs a preliminary align-
ment (MUSCLE-UPGMA or ClustalW [82]) of the se-
quences for estimating a preliminary covariance at the
level of the substitution sites [83].

Eventually, a number of 180 gene products in A.
thaliana had one ortholog in B. rapa Pekinensis group
because we considered also bootstrap results between
11 and 80 for this preliminary analysis (Table 3).
The list of 180 potential orthologs from the phylo-
genetic tree was studied for GO and Pfam terms re-
viewed carotenoid biosynthetic gene products (Table
4, Fig. 4). To further confirm the orthologs groups, a
forest analysis (Fig. 5) was exploited as a “population
analysis” using 47 well characterized A. thaliana ref-
erence sequences from TAIR (Table 5) and the total
B. rapa Pekinensis group population filtered (Table
2, 386 elements); the analysis was performed to have a
different and broader spectrum of sampling. In details,
the 62 sequences from the “forest analysis”, the 44 ele-
ments of B. rapa Pekinensis group potential orthologs
derived from the previous phylogeny and the 47 con-
served carotenoid gene products from A. thaliana were
subjected to a new phylogenetic analysis (Fig. 6A).
The phylogenetic tree gave a result of 40 orthologs (see
Table 6).

All the aforementioned biased analysis allowed to
specifically identify 40 not conserved carotenoid gene
products in B. rapa Pekinensis group, but we were not
sure about how many orthologs a single carotenoid el-
ement can have. Different A. thaliana proteins have
more than one syntenic ortholog as also shown in pre-
vious finding [1].

We did not perform a syntenic analysis since we were
not focused at the level of a pangenome architecture or
genome assemblies, as the main purpose of this work
has been a filtering of raw data. However, the high
conservation among different protein clusters gave pu-
tative information about a possible syntenic relation
(Fig. 6A). To verify the syntenic relationships we only
suggest to run a Multiple Sequence Alignments (MSA)
scanning algorithm if necessary [84, 85].

To look for putative syntenic clusters of proteins, two
phylogenetic analyses were inferred by taking the ele-
ments belonging to the MEP pathway and the GGPS
isoforms related (Fig. 6B, Fig. 6C).

Here, three outliers (Bkt - β carotene ketolase - from
C. reinhardtii, Pds from C. reinhardtii, - Brp/brk β-
carotene from H. psychrophilus), and one outgroup
(hemoprotein cytochrome P450 - from A. thaliana)
were included in the analysis in order to better es-
timate the divergence. The aforementioned species
had some different evolution events in relation to the
carorenoids pathway [86, 36] leading to a different reg-
ulation of carotenoid elements due to various adap-
tive fitness of the species (see Results). C. reinhardtii
element was selected as outlier since it is an essen-
tial plant carotenoid biosynthetic enzyme. H. psychro-
philus element was used as outlier by retrieving the
few information in literature databases [36, 87, 88, 48].
Furthermore, the hemeprotein cytochrome P450 from
A. thaliana was used as an outgroup since it is working
as monooxygenase for metabolizing various xenobiotic
substances. P450 was used as a negative control be-
cause it is not a carotenoid biosynthetic gene product
[89, 36].

First, we used various string searches queries via
API linked to Uniprot-Swiss to apply different type of
sampling and minimize the noise due to database re-
dundancy and not univocal ID. Via different API (see
Methods and Results) we retrieved different datasets
of proteins in KOG, EggNOG, InParanoid, InterPRO,
ProSite, EMBL, SUPFAM, RefSeq.

The results of the last two phylogenic analysis
(Fig. 6B, Fig. 6C) confirmed that a number of
carotenoid elements were not found in B. rapa subsp.
pekinensis and that some carotenoid biosynthetic gene
products of A. thaliana correspond to one gene prod-
uct in B. rapa Pekinensis group.

Interestingly, GGPS11 gene product was not found
in B. rapa subsp. pekinensis, but a further Blastp
query search (E-value around 80%) in NCBI coupled
with a string search in EnsemblPlant database could
get a putative correspondence unreviewed on Ensem-
blPlant.

Despite of the presence of some “noise” due to the
unbalanced classification of the databases, our pipeline
generally confirmed the results previously found in B.
rapa [1]. The final findings of the present work are
shown in Table 7. It is worthwhile to mention that
a sort of error occurs. This error, that we estimate as
the percentage of extra putative orthologs not found in
the reference work [1] with respect to all the orthologs
found here, can be calculated as 5.6%. No compar-
isons can be made with similar methodologies, as our
pipeline is a totally new method for applying deter-
ministic filtering coupled with different phylogenetic
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analyses, starting with manually filtering then com-
bining the filtered data and the more specific dataset
retreived and finally implementing biased analyses. On
the contrary, in previous findings, datasets are gen-
erally retrieved by using different type of sampling
which mainly relies more or less on biased approaches
[90, 91, 92, 93, 94]. Therefore, no previous similar
pipeline was applied and no comparative study can
be conducted with regard to error estimation, which
should be done in comparison of the findings of the
reference work that we took in consideration to evalu-
ate the validity of our pipeline.

In details, we found three putative conserved el-
ements (Bra001832, Bra036950 and Bra008358 gene
products) that need further investigation, via a syn-
tenic analysis.

Conclusions
A filtering process is a helpful tool for screening
and classifying information from proteomics studies
(Fig. 7).

Here we report the use of a pipeline for classification
of protein orthologs for the study of carotenoid biosyn-
thesis proteins in a group of species of commercial
interest, the cabbages of the Pekinensis Group. Our
analysis has revealed the existence of 43 carotenoid
biosynthesis proteins in these species. This number
correspond to the 45 proteins in Table 7 excluding the
carotenogenic element (PBS ) and the GPS11 retrieved
via Blast analysis and Ensambl Plant search. The error
of the analysis is estimated to be 5.6%.

The proposed tools are particularly useful when
there is uncertainty about which factors are more rel-
evant than others when classifying data (Fig. 7A).
When a system is perturbed by the means of irrele-
vant datasets included in the analysis, we are tempted
to apply wrong biased analysis which can lead to false-
positive results (theory of chaos model, [95, 96]).

The proposed method could be applied when we have
enough information at a level of family and superfam-
ilies (domains, catalytic activities conserved motifs)
about the proteins of interest and can be applied to
different type of protein datasets.

On the contrary, as shown in Fig. 7B, when deal-
ing with lack of information, we suggest to perform a
Blastp with restricted E-value selection to underline
possible characterized proteins in the database or, if
there is low similarity, we suggest to use Alpha Fold 2
algorithm [97] for a structure-based homology search
[98].

Availability of data and material
The datasets analysed during the current study are
available in the following repository:

UniProt repository [https://www.uniprot.org/help/api]
Pantherdb repository [http://www.pantherdb.org/]
Protein Fam [http://pfam.xfam.org/]
Arabidopsis repository [www.arabidopsis.org/]
InParanoid [https://inparanoid.sbc.su.se/]
Prosite [https://prosite.expasy.org/]
KOG [https://www.ncbi.nlm.nih.gov/research/cog]
KEGG [https://www.kegg.jp/kegg/kegg1.html]
Ensembl Plant [https://plants.ensembl.org/index.html]
EMBL-EBI [https://www.ebi.ac.uk/]
NCBI [https://www.ncbi.nlm.nih.gov/]
BRENDA [https://www.brenda-enzymes.org/]
The datasets used as input of the proposed classifica-
tion method are also available as supplementary files.

The resultant datasets, output of the proposed clas-
sification method, are available as excel file.

Methods
In this work we evaluated the efficiency and accuracy
of a pipeline for protein classification in the two well-
studied plants which belong to the Brassicaceae family:
A. thaliana and B. rapa Pekinensis group.

A method of classification of raw data was evaluated
to understand how different types of analysis can be
applied depending on the sampling of the data in or-
der to minimize the noise which can lead to a wrong
bias and compromise the output results (false posi-
tive). The analysis has been compared with previous
studies on carotenoid biosynthetic genes in B. rapa
where phylogenetic analysis was computed and cou-
pled with transcriptional profiles analysis [1].

We chose to screen libraries in public databases and
avoid alignment-based techniques (i.e. BLAST – Basic
Local Alignment Search Tool – [99], MAFFT – Mul-
tiple Alignment using Fast Fourier Transform – [100])
since sequences with low similarity among them are
subjected to performance degradation and moreover
this method could need a long processing time on large
datasets. The computational proceeding includes the
use of a “deterministic filtering” step, GO terms and
Pfams screening for function and “population analy-
sis” coupled with phylogenetic analysis.

We worked on the amino acid sequences which pro-
vide functional information (domain and motif) that
is not straightforwardly visible in the nucleotide se-
quence.

Flow of filters
The chloroplast and plastid biomes of A. thaliana were
retrieved from the databases (Uniprot-Swiss/TrEMBL)
where they were identified based on the proteomic
studies. Additionally, the string searches related to
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the “photosynthetic process”: “chloroplast proteome”,
“thylakoid proteome”, “carotenoids” were used.

Taken all the data together, 5222 proteins were re-
trieved. Panther and PFamCrossReference were also
used as a collection of protein families compiled us-
ing multiple sequence alignments and hidden Markov
models [101]. Pfam and GO information were saved
in an excel file expanded to include available protein
information in Uniprot - Swiss TrEMBL database and
related API information linked.

The same string searches were used for B. rapa
Pekinensis group as well.

Filtering steps carried out with a commercial soft-
ware (MATLAB [102, 103]) were computed afterward
(see Table 1, Table 2).

The final populations of A. thaliana and B. rapa
Pekinensis group consist on 813 and 386 proteins re-
spectively. The populations of the two species were
fused and the redundancy of protein elements was
checked via script with a result of 1089 total elements
after the screening.

B. rapa Pekinensis group phylogeny and GO terms of
putative carotenoid orthologs
All the sequences obtained from A. thaliana and B.
rapa Pekinensis group were aligned via Multiple Se-
quence Alignment Muscle-UPGMA method (hierar-
chical clustering) with the aid of a commercial software
(MEGAX, [52]) and the phylogenetic analysis was sub-
sequently inferred.

To build a phylogenetic tree we choose to apply a
Maximum Likelihood (ML) approach. since this we
believe that this method is a valid approach to pa-
rameter estimation problems and can be implemented
for a broad variety of estimation situations. On the
contrary, we decided to not use Neighbor Joining (NJ)
and UPGMA (although we used the latter only for a
prior alignment, as stated above) since this types of
clustering algorithms, even if they can rapidly design
cladrograms, have demonstrated a lack of reliability,
particularly in cases of great divergence times. In par-
ticular, NJ was not applied because it is generally con-
sidered a phenetic method rather than a phylogenetic
one. As a matter of fact, it uses the genetic distance (a
phenetic criteria) between sequences to establish rela-
tionships, without considering any evolutionary model
(ancestry) [104, 105, 106, 107].

A phylogenetic tree was built with the following pa-
rameters:
1 the maximum likelihood [108] showed for 100

bootstraps to define the probability of the ob-
served alignment occurring within 100 times.

2 the likelihood for clusters probability (p) for a se-
ries of 100 analysis which gives a lower variance

than other methods; in this case, the variance of
the distance (d – number of amino acid substi-
tutions per site) is estimated by the bootstrap
method.

3 the distance matrix used the JTT matrix (F ) [109]
and consists of the observed proportions of amino
acid pairing between a pair of sequences where
their divergence time (t) is given.

4 the gamma distribution in which the number of
substitutions at each site were inferred using par-
simony on the Bayesian estimates of the tree
topologies [110].

The tree showed the clusters and allowed us to iden-
tify the putative conserved carotenoids in plants.

The tree with the highest log likelihood (-376192.95)
was shown and it was drawn to scale, with branch
lengths measured in the number of substitutions per
site. This analysis involved 1089 amino acid sequences.
All positions containing gaps and missing data were
discarded (complete deletion option). A total of 34 po-
sitions resulted in the final dataset (Additional file
1). The percentage of trees in which the associated
taxa clustered together is shown next to the branches.
Initial tree(s) for the heuristic search were obtained
automatically by applying Neighbor-Join and BioNJ
algorithms [111] to a matrix of pairwise distances es-
timated using the JTT model, and then selecting the
topology with superior log likelihood value. A discrete
Gamma distribution was used to model evolutionary
rate differences among sites (5 categories (+G, param-
eter = 0.0500)).

The list of orthologs from the phylogenetic analysis
was studied for GO terms and Pfam terms (when avail-
able): we screened them based on GO and Pfam terms
and a heat map was used to visualize the GO-protein
associations via scripts (Fig. 4, Additional file 2).

Forest analysis coupled with phylogeny
To further confirm the orthology relationships, we
computed a “population analysis” with the aid of a
commercial software [102]. Following, the analysis was
coupled by a phylogenetic tree. The population of
the total screened B. rapa Pekinensis group (Table
2, final filtering step) is evaluated by the means of
the “MATLAB function localalign”. The higher is the
score, the more correlated are the sequences. Each
sequence of the population under test is evaluated
against each sequence of the reference population (A.
thaliana carotenoid sequenced retrieved from TAIR
[112], Table 5).

Given two sequences, the localalign algorithm devel-
oped by George Barton is efficient to locate all locally
optimal alignments between two sequences allowing for
gaps [103]. Localalign (SEQ1, SEQ2) [113] finds the
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optimal local alignment between two sequences, SEQ1
and SEQ2 (FASTA sequences) returning the highest-
scoring local alignment and related information. To re-
trieve multiple local alignments, we limited the number
of alignments by using the option NUMALN, MIN-
SCORE. The sequences selected are those that have
a score value greater than or equal to the threshold
defined as:

ScoreThreshold =

ScoreMean+0.5× (ScoreMax−ScoreMean);

this value is halfway between the average and the max-
imum and it can be compared with two reference se-
quences. The score threshold reveals a bimodal dis-
tribution form with a first circumscribed region cor-
responding to the many cases in which the sequences
correlate for a short duration with the samples. In a
second much more diluted region, the sequences po-
tentially well correlated with the sample population
can be sought. Here, the reference sequences from A.
thaliana were aligned versus the chloroplast proteins
from B. rapa Pekinensis group. The result (Fig. 5)
looks like a “forest” with some “trees” extending high
over the “vegetation of the undergrowth”. As many se-
quences give very low score values, we have pruned to
keep the mixFactor values separated in order to have
more degrees of freedom. Sequences with high homol-
ogy (score above 200) were used for the following anal-
ysis.

The evolutionary history was inferred according to
the same protocol discussed in the previous section.
The tree with the highest log likelihood (-38190.90) is
shown (Fig. 6A). It is worthwhile to mention that the
tree in this figure, as well as the trees in the following
two figures, was elaborated with the commercial soft-
ware iTOL [114] and the bootstrap is reported in a
scale 0 to 1. The nodes and the leaves of the tree are
also presented in the tree, in order to indicate the dif-
ferent clusters. The suffixes “RA” and “ARA” for each
protein ID sequence refer to B. rapa Pekinensis group
and A. thaliana, respectively. For modeling evolution-
ary rate differences among sites, a discrete Gamma
distribution was used (5 categories (+G, parameter =
5.4078)). The rate variation model allowed for some
sites to be evolutionarily invariable ([+I], 0.00 sites).
The analysis involved 122 amino acid sequences. All
positions with less than 80% site coverage were elim-
inated, i.e., fewer than 20% alignment gaps, missing
data, and ambiguous bases were allowed at any posi-
tion (partial deletion option). Total of 270 positions re-
sulted in the final dataset. Evolutionary analysis were
conducted in commercial software MEGA X.

Furthermore, the phylogenetic analysis coupled with
alignment was computed to confirm putative orthologs
in the MEP pathways, GGPP gene pathway, and
carotenoid biosynthesis.

MEP pathway screening via phylogenetic analysis
To specifically retrieve all the potential syntenic and
non-syntenic orthologs in B. rapa, A. thaliana refer-
ence carotenoids sequences and B. rapa Pekinensis
group potential carotenoids elements were retrieved
by using string searches in Uniprot database, Ensem-
blPlants, Inparanoid, Prosite, InterPro, KOG, Super-
family and STRING API linked to Uniprot. Here we
wanted to checked more databases to retrieve all the
possible information about the datasets related to the
MEP pathways by combining two more selective phy-
logenetic analysis. In details, 35 elements from B. rapa
subsp. pekinensis were retrieved from STRING and
KOG using the string queries “oxidoreductase” and
“reductase” and added to the 40 elements obtained
from the Forest coupled with phylogeny. Following, the
B. rapa subsp. pekinensis elements were added to the
49 sequences of A. thaliana putative carotenoids ele-
ments involved in the MEP pathway retrieved from In-
paranoid, EnsemblPlants, InterPro, RefSeq databases
via string queries “carotenoid” and “isoprenoids” (see
Additional file 5). This implies that the deeper the
divergence times, the more likely this method will lead
to erroneous groupings. Therefore, we added different
outliers as controls to better test and estimate the di-
vergence [115, 116, 117].

Indeed, four outliers were selected in different organ-
isms to improve the branch length of the subsequent
phylogenetic analysis tree and the visualization of the
clusters (see Results).

Finally, the tree with the highest log likelihood (-
71352.70) is presented in Fig. 6B. The topology of
the tree with superior log likelihood value is selected. A
discrete Gamma distribution was again applied like in
the previous analysts: the evolutionary rate differences
among sites (5 categories (+G, parameter = 2.0616))
and the rate variation model allowed for some sites to
be evolutionarily invariable ([+I], 0.00% sites). All po-
sitions with less than 50% site coverage were discarded,
i.e., fewer than 50% alignment gaps, missing data, and
ambiguous bases were allowed at any position (partial
deletion option).

For the GGPS elements another more detailed anal-
ysis was performed. Carotenoids elements from B.
rapa subsp. pekinensis were retrieved by using the
string search of “isoprenoids biosynthesis” for a to-
tal number of 37 KOG elements from EnsemblPlants,
KOG, EggNOG, InParanoid, InterPro and 27 elements
from EMBL and InterPro via the query “carotenoids
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oxygenase” from KOG, Inparanoid and Interpro. 17
carotenoids elements were retrieved from InParanoid,
Prosite, EggNOG, SUPFAM, KEGG [118, 119, 120]
and EMBL by using the string search “GGPS” for A.
thaliana.

The four outgroups used in the MEP pathway tree
analysis were added to the list above in order to obtain
a more specific phylogenetic clustering computational
method. The final dataset was subjected to phyloge-
netic analysis by using Maximum Likelihood method
and JTT matrix-based model and the resulting tree
with the highest log likelihood (-41791.08) is shown in
Fig. 6C.

Initial tree for the heuristic search was obtained
automatically by applying the Maximum Parsimony
method. A discrete Gamma distribution was used for
modeling evolutionary rate differences among sites (5
categories (+G, parameter = 2.1935)). The rate vari-
ation model permitted for some sites to be evolution-
arily invariable ([+I], 0.00% sites). All positions with
less than 50% site coverage were eliminated, i.e., fewer
than 50% alignment gaps, missing data, and ambigu-
ous bases were allowed at any position (partial deletion
option) with a result of a total of 410 positions in the
final dataset.
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Figure 1 Carotenoids play major roles in plants as antioxidants, accessory light-harvesting pigments. As an effect of increased
ROS production, the activity and biosynthesis of different plant antioxidants raise up in response for preventing oxidative damage. A
novel function for carotenoids relates to the response of plants to abiotic stress factors as shown (left). A compressed version of the
carotenoid biosynthesis pathway is shown on the right: Isopentenyl pyrophosphate (IPP) – biosynthesis, Phytoene biosynthesis,
Lycopene biosynthesis, Lycopene cyclization, Sequestration and storage [A]. Carotenoid metabolism in light of plastid types in plants
and sequestration in relation to these metabolites accumulation are shown in [B].The photoprotective role of these metabolites
derives from their ability to quench excited chlorophyll states, scavenge ROS and dissipate excess energy as heat during the light
adapted state (Fig.C). The electronic interactions between carotenoid dark states and chlorophylls are shown on the right. If the
energy levels of Car S1 and Chl aQy are similar,increased electronic interactions cause to the formation of excitonic states which are
delocalized [121]. Part of the figure is adapted from [11].



Articles 116

Pelosi Page 15 of 19

P
ro

te
o
m

e

Q 
K 

L
C

M

various
metabolic
analysis

mito-
chondrial
proteme

Heuristic filtering

2
A3

A4

Bias filtering

Protein coevolution analysis

A5

 - Gene ontology
 - Metabolic network
 - Pfam database 
       (functional domains)
 - COG & KEGG

A9

07

AA

A8

B

Carotenoid biosynthetic genes in 
Brassica rapa: comparative genomic 
analysis, analysis,and
 expression profiling

phylogenetic 

Potential orthologs in Brassica rapa 
and Arabidopsis thaliana

Gene 
duplication

Speciation

A. t
ha

lia
na

B. rapa

Gene A1

Gene A

Gene A

Gene B

Gene B1

Gene A2

Gene B2

P
a

ra
lo

g
P

a
ra

lo
g

O
rth

o
lo

g

Forest Analysis coupled with 
phylogeny

Protein coevolution analysis

A6

Final Phylogeny: orthologs in 
the plastid isoprenoid metabolism

Gene Ontology & Protein Families 
correlation: filtering

Functional annotation

Unorganized data

The orthologs which are found in A are 
succesfully compared with the orthologs found in B, 

validating the process leading to A

B

AA
InterPro, prosite, 

InParanoid,  EnsamblPlants, 
SUPFAM, KOG, KEGG

M
e
ta

b
o
lo

m
e

1 

A1

DATA 
BASES
DATA 

BASES

APIDB

request

data

Figure 2 Flow of filter of the bioinformatics pipeline. 1) Database extrapolation of data related to A. thaliana and B. rapa
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Figure 3 Filtering steps in A. thaliana and B. rapa Pekinensis group [in x-axis the steps of the filter, in y-axis the population
corresponding to each step]. The plot A shows the trend of the filter population in A. thaliana. Starting from 5222, the population is
filtered in 8 steps till reaching 813 elements: 5222, 5137, 2793, 1558, 1478, 1031, 813. The plot B shows the trend of the filter
population in B. rapa Pekinensis group. From 1046, the population is filtered in three steps till reaching 386 elements. We obtained
1046, 1017, 831, 386 proteins.
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Figure 4 GO terms and Pfam domains in the 44 identified orthologs. The heat maps visualize the metabolites involved in the
oxygenic photosynthesis. The 44 elements are indicated in the y axis. GO terms (A) and Pfam domains (B) are in the x axis. BRARP
= Brassica rapa subsp. pekinensis, BRACM = Brassica rapa campestris var. pekinensis. The association of a specific GO term or
Pfam domain with each of the proteins is indicated in yellow.

(A) (B) (C)

(D)

Figure 5 Forest histogram and bimodal distribution.
Forest (A). The forest is computed: here sequences that correlate more are shown with circle. The circle pointed out the score which
was selected for higher correlation between references sequences and population. Sequences exceeded a prefixed value, fixed at 200 in
this case, is highlighted.
Bimodal distribution (B). The statistics of the score distribution is shown to explain the score used. It is divided in two zone: a lower
zone, highlighted in green, and a upper zone, highlighted in blue.
Detail of the upper zone of the bimodal distribution (C): the blue zone of (B) is zoomed out in x. In the upper zone, only the
sequences which posses a strong correlation with the references are present. Their distribution, highlighted in blue, is almost uniform.
Detail of the lower zone of the bimodal distribution (D): the green zone of (B) is zoomed out in y and rotated. In the lower
zone, the distribution highlighted in green, resembles a Gaussian distribution. This is expected for a merely random correlation.
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Figure 6 Phylogenetic analysis derived from Forest Analysis and GO coupled with Pfam terms screening. A: The tree with the
highest log likelihood (-38190.90) is shown. The associated taxa clustered together next to the branches are defined by a normalized
scale. The bootstrap is highlighted by pink circles (normalized scale from 0 to 1). The internal nodes are represented by rectangular
shape in blue and each protein ID is highlighted with dashed lines. The leaf nodes are displayed with a circular shape. ARA = A.
thaliana, RA = Brassica rapa Chinese Cabbage Group are the labels to refer to the species. B The tree with the highest log
likelihood (-71352.70) is shown. The tree is drawn to scale, with branch lengths measured in the number of substitutions per site.
The bootstrap is highlighted by purple circles (normalized scale from 0 to 1). The internal nodes are represented by rectangular
shape in green and each protein ID is highlighted with dashed lines. The leaf nodes are displayed with a rectangular shape in red.
ARA = A. thaliana, RA = Brassica rapa Chinese Cabbage Group. Four outgroups are also inclided in the tree: Bkt from C.
reinhardtii, Pds C. reinhardtii, FNOV0100002 - Brt/brk from H. psycrophilus, P45086A1 - cytochrome P450 from A. thaliana. C The
tree with the highest log likelihood (-41791.08) is presented. The bootstrap is highlighted by purple triangles (normalized scale from
0 to 1). The internal nodes are represented by rectangular shape in green and each protein ID is highlighted with dashed lines. The
leaf nodes are displayed with a circular shape in red. The four outgroups are included as in the previous analysis. ARA = A. thaliana,
RA = Brassica rapa Chinese Cabbage Group are the labels to refer to the species.
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Figure 7 Model of bioinformatics pipeline method. (A) A method of filtering raw data could be applied to retrieve information at
the level of families and superfamilies (domains, catalytic activities conserved motif). Deep learning is not always a feasible solution,
because the signal-to-noise ratio must be high. Thus, it is necessary to preprocess the input data to minimize the noise, either
selecting the best hits by the means of Blastp or performing an Alpha Fold 2 analysis. If neither of these processing is possible
(mainly, due to the lack of univocal identification numbers reported in databases), we can preceded by filtering functional
annotations in various databases to avoiding false positive weights in sampling and bias applied to the analysis. (B) In the latter
case, the way to proceed is by the filtering pipeline shown here, which summarizes the investigation carried out by this paper.
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