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Abstract 
MicroRNAs (miRNAs) are short (18–23 nt), non-coding RNAs that play central roles in 

cellular regulation by modulating the post-transcriptional expression of messenger 

RNA transcripts. It has been previously estimated that 60-90% of all mammalian 

mRNAs may be targeted by miRNAs. Due to their biological importance, the ability to 

accurately predict miRNA sequences is of great importance. Computational prediction 

of miRNA are either genomic sequence-based or analyze transcriptomic data arising 

from next generation sequencing (NGS) experiments. Unfortunately, existing 

methods of de novo miRNA prediction often fail when applied to non-model species, 

and are not well suited to genome-scale data sets. Furthermore, existing methods of 

NGS-based miRNA prediction do not incorporate all known lines of evidence for 

miRNA prediction, instead focussing on either sequence-based or expression-based 

features of putative miRNA.  

This thesis makes contributions to the state of the art of miRNA prediction which 

directly address the issues highlighted above. First, we develop a framework for the 

generation of species-specific training data sets. Three different forms of classifiers 

using diverse feature sets are trained and evaluated using the framework. Significant 

gains in precision and recall are achieved over existing methods, as measured using 

four diverse species from different phyla. Subsequently, the framework was applied 

to develop miRNA predictors in two successful genome-wide miRNA prediction 

studies, resulting in the discovery of 155 novel miRNA, thus verifying the real-world 

applicability of this work. Second, we introduce a genome-scanning miRNA prediction 

model which optimizes miRNA prediction for realistic experimental conditions. This 

model quantifies the performance of elements of the miRNA prediction pipeline, 
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including pre-filtering stages, whose impact was previously ignored. This 

comprehensive evaluation framework has enabled significant increases in prediction 

performance over the state of the art through the use of updated RNA secondary 

structure parameters. Finally, we develop a NGS-based miRNA prediction method 

which improves on state-of-the-art performance through the integration of all known 

lines of evidence which discriminate miRNA from non-miRNA. This prediction method 

substantially outperforms two existing leading methods on data sets from five NGS 

experiments across three species, and is shown to generalize to hold-out data sets. 
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1 Introduction 

1.1 Motivation 

MicroRNAs (miRNAs) are short (18–23 nt), non-coding RNAs that play central roles in 

cellular regulation by modulating the post-transcriptional expression of messenger RNA 

(mRNA) transcripts [1]. Most miRNAs are considered to share a similar biogenesis 

mechanism: they are derived from RNA transcripts (pri-microRNAs) that contain imperfect 

hairpin structures (pre-microRNAs, ∼80 nt in length) and are subsequently processed by 

one or more endonucleases (e.g. Drosha and Dicer in animals, DLC1 in plants) to form 

mature microRNA. After processing and formation, the mature microRNA is incorporated 

into the RNA-induced silencing complex (miRISC), where the microRNA guides the 

associated RISC proteins to the targeted mRNA strand, annealing to the target mRNA and 

promoting either degradation or reversible translational repression [2]. It has been 

previously estimated that 60-90% of all mammalian mRNAs may be targeted by miRNAs 

[3], and at this time over 2500 mature miRNAs have been identified in the human genome 

(miRBase v.21 released in June 2014 [4]). Through a myriad of comparative expression 

analyses and gain- and loss-of function experiments, miRNAs have been shown to be 

critically involved in regulating the expression of proteins involved in biological development 

[5], cell differentiation [6], apoptosis [7], cell cycle control [8], stress response [9], and 

disease pathogenesis [10]. Recent studies have also highlighted the role of miRNA in the 

cellular adaptation to severe environmental stresses (such as freezing, dehydration and 

anoxia) in tolerant animals [11]–[13]). Due to the biological importance of miRNA, the 

ability to accurately predict their sequences is of great significance. The discovery of novel 

miRNA sequences leads to new knowledge regarding biological pathways, through studying 

the target sequences and co-expression of these novel miRNA. Discovering a greater 

number of novel miRNA during miRNA prediction studies increases the amount of pathway 
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knowledge which can be gained as a result of these studies. Methods of computational 

prediction of miRNA fall into two categories: de novo miRNA prediction, wherein genomic 

sequence data sets are mined for miRNA, and next generation sequencing (NGS-based) 

miRNA prediction, wherein transcriptomic data sets are mined for miRNA. 

Within the past few years, the field of de novo miRNA prediction has largely been conducted 

within an artificial scenario which does not accurately represent real-world applications of 

the field. In this scenario, all data comes from one of a small set of model organisms 

(species which have been widely studied due to their relevance to human life, or because of 

their availability in laboratory settings, and for which there is a large amount of genomic 

annotation available including a large set of known miRNA), the prevalence of miRNA vs. 

pseudo-miRNA within genomes is on the order of 1:10, and all miRNA conform to very 

simple RNA secondary structure criteria. These assumptions are invalid for real-world 

applications of miRNA prediction, where one is often attempting to identify all miRNA within 

the unannotated genome of a species which may be phylogenetically distant from any 

model species, and class imbalance is on the order of 1:1000. 

In the field of de novo miRNA prediction, performance is measured by the ability of 

classifiers to differentiate pre-miRNA hairpin structures from pseudo-miRNA hairpin 

structures. However, prior to applying the classifier to a putative sequence, it is first tested 

by a pre-filtering stage. This often takes the form of a test for the presence of a stable 

hairpin within the secondary structure of the sequence. Training and test sets consisting of 

miRNA hairpin structures and pseudo-miRNA hairpin structures are extracted from larger 

genomic data sets during pre-filtering stages of a pipeline, and performance is measured 

only on the extracted hairpin data sets. The extraction of hairpin structures during data pre-

filtering affects the pipeline’s overall performance, but this effect is often not quantified, as 

performance is only measured on those data that pass the pre-filtering stage. In reality, the 

performance of de novo classification pipelines is dependent on pre-filtering performance as 
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much as it is dependent on classifier performance. If a real miRNA sequence was not 

considered for classification because it was rejected during pre-filtering, then this represents 

a failure of the miRNA prediction method to identify that miRNA. Conversely, the failure of 

the pre-filtering stage to remove negative sequences will exacerbate the class imbalance 

problem and may lead to a false positive prediction. Such failures were not previously 

measured, and their measurement is critical to improvement of de novo miRNA pipelines. 

Following the adage that “we cannot improve what we cannot measure”, by developing a 

comprehensive evaluation framework that assesses both pre-filtering and classification 

stages, opportunities for improving the overall system performance become clear. 

In the field of NGS-based miRNA prediction, state-of-the-art techniques fail to integrate all 

known lines of evidence which can be used to differentiate miRNA from non-miRNA and 

therefore limit achievable classification performance. These NGS-based methods have failed 

to leverage many advanced sequence-based features developed recently for de novo 

prediction methods. This represents a need and an opportunity to create a novel miRNA 

prediction method that integrates both expression-based and sequence-based features to 

improve classification performance. 

The purpose of this thesis is to increase number of miRNA which are recovered by miRNA 

prediction experiments, for fixed success rates of experimental validation procedures. 

1.2 Overview of Results 

We have introduced a species-specific data set generation framework (SMIRP) for de novo 

miRNA prediction which leads to significantly improved miRNA prediction systems relative to 

existing methods which use data sets from single model species, taxon-specific data sets, 

and pooled-species data sets. These increases are demonstrated on four test species 

representing the animal, plant, and virus kingdoms. 
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The SMIRP framework was applied to the unannotated B. glabrata genome, resulting in the 

discovery of 202 miRNA precursors which were subsequently experimentally validated by a 

collaborating group . Of these, 107 are novel. Out of the 223 species in miRBase v.21 [4], 

only 42 have more than 202 known miRNA precursors, making our efforts on the B. 

glabrata genome one of the most successful miRNA discoveries to date. 

Furthermore, the SMIRP framework was applied to the unannotated Physarum 

polycephalum genome, resulting in the discovery of 48 miRNA precursors, 46 of which are 

novel. All discovered miRNA were experimentally validated by a collaborating group [14]. 

By leveraging updated energy parameters in the RNA folding pre-filtering step of the miRNA 

prediction pipeline, the number of true miRNA passing the pre-filtering criteria increases 

from 79.47% to 94.17% for the H. sapiens genome. When including the performance of 

both pre-filtering and classification stages, overall system prediction performance increases 

by 64% for a typical miRNA prediction study. This increase in performance directly 

translates into an increase in the number of miRNA which would be recovered during a de 

novo miRNA prediction experiment. 

In this thesis we develop a novel method of NGS-based miRNA prediction that integrates 

both sequence- and expression-based features. This method, referred to as microRNA 

Prediction using Integrated Evidence (miPIE), is demonstrated to outperform the two 

leading NGS-based miRNA prediction methods on five data sets representing five NGS 

experiments across three species. On average, performance is increased by 30.1% relative 

to the leading NGS-based miRNA prediction method, miRDeep2 [15]. This increase in 

performance directly translates into an increase in the number of miRNA which would be 

recovered during a NGS-based miRNA prediction experiment. 
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1.3 Organization of Thesis Document 

This thesis consists of eight chapters. Chapter 2 provides the reader with an introduction to 

microRNA biology and a generic pattern classification pipeline. Chapter 3 reviews the state 

of the art of computational miRNA prediction, and highlights areas in which improvements 

should be made in order for miRNA prediction to produce higher-quality results in real-world 

scenarios. Chapter 4 states the specific problems in the state of the art of miRNA prediction 

that this thesis addresses. Chapter 5 describes the SMIRP framework for the development of 

species-specific training data sets which greatly improves classification performance for one 

of the most common de novo miRNA prediction use cases: the discovery of miRNA within 

unannotated, newly sequenced genomes. Chapter 6 introduces a comprehensive evaluation 

framework for miRNA predictors that considers the performance of both the pre-filtering and 

classification stages of the prediction pipeline. Application of this framework highlights 

several weaknesses in current miRNA prediction methods, particularly when applied in a 

genome-scanning experiment. This analysis leads to improvements in overall performance 

of miRNA prediction. Chapter 7 describes the miPIE algorithm, which integrates multiple 

lines of sequence- and expression-based evidence into a NGS-based miRNA prediction 

algorithm. Chapter 8 presents the main conclusions of this thesis, summarizes the 

contributions of the thesis, and provides recommendations for future work in miRNA 

prediction. 
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2 Technical Background 

2.1 MiRNA biology 

2.1.1 Overview 

MicroRNAs (abbreviated miRNAs) are non-coding RNA (ncRNA) of length ~21nt which are 

present within all animal and plant species as well as most virii. MiRNA regulate gene 

expression through post-transcriptional binding with 3’ untranslated regions of mRNA, 

silencing the bound RNA [1]. It is estimated that between 60% and 90% of all mammalian 

mRNAs are regulated by miRNAs [3]. Through the regulation of critical proteins, miRNA play 

a role in biological development [5], cell differentiation [6], apoptosis [7], cell cycle control 

[8], stress response [9], and disease pathogenesis [10], and cellular adaptation to severe 

environmental stresses in tolerant animals [11]–[13]. Deregulation of miRNA is related to 

the onset of leukemia [16]–[18], and disruption of miRNA regulation is linked to heart 

disease and heart failure [19], [20]. 

2.1.2 Biogenesis 

Most animal miRNA share the following biogenesis: miRNA-encoding genes are transcribed 

within the nucleus by RNA polymerase II [21]. The resulting RNA structure, known as the 

primary microRNA (pri-miRNA), is an imperfect hairpin with a length of several hundred 

nucleotides [22]. Within this pri-miRNA structure is a shorter hairpin structure known as the 

precursor miRNA (pre-miRNA). Animal pre-miRNAs are typically between 70 and 100 

nucleotides in length. Plant pre-miRNAs tend to be longer, reaching upwards of 250 

nucleotides. One or both arms of the pre-miRNA hairpin structure contains mature miRNA, 

sequences of approximately 18-23nt which bind to mRNA untranslated regions to perform 
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Plant miRNA biogenesis differs from animal miRNA biogenesis significantly. A dicer homolog 

known as Dicer-Like 1 is responsible for all cleaving action on plant miRNA. Cleaving of pre-

miRNA into miRNA:miRNA* duplexes is performed within the nucleus of plants, and the 

duplexes are transported into the cytoplasm [27]. 

2.1.3 Evolutionary rate 

Relative to most genetic sequences, miRNA are extremely highly conserved during evolution 

[28], [29]. In particular, the subsequences representing mature miRNA sequences are 

highly conserved across diverse species [30]. Because of their high level of conservation, 

miRNA are considered significant phylogenetic markers. It is believed that miRNA developed 

independently in plants and in animals due to the differences in biogenesis between these 

domains [31]. 

2.1.4 History 

The first miRNA, lin-4, was discovered in 1993 by Lee, Feinbaum, and Ambros [32]. Lin-4 

was found to regulate the LIN-14 protein in C. elegans by binding to a repeated sequence in 

the 3’ untranslated region of the lin-14 mRNA. Upon its discovery, it was not known that lin-

4 was a member of a larger class of regulatory ncRNA, and no further miRNA discoveries 

were made until 2000. The second miRNA to be discovered, let-7, was found to repress lin-

41 mRNA, also in C. elegans [33]. Following the discovery of both lin-4 and let-7, it was 

determined that these two ncRNA belong to a larger family of regulatory ncRNA [34], and 

the term microRNA was coined [35]. Within a year of the discovery of let-7, dozens of 

miRNA were discovered within many organisms including H. sapiens [35]–[37]. The number 

of known miRNA has grown dramatically since 2000, due partly to the development of 

computational tools which predict miRNA [38] and advancements in sequencing 

technologies [39]. Over 28,645 pre-miRNA and 35828 mature miRNA are registered in 

miRBase, the miRNA database [4], as of June 2014. These miRNA come from 223 species, 
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of which H. sapiens is the most highly represented; 2588 of the mature miRNA sequences 

are from H. sapiens. 

2.1.5 Experimental determination of miRNA through sequencing 

In the past decade, next-generation sequencing (NGS) experiments have become the 

primary tool by which experimental prediction and validation of miRNA is performed. NGS 

experiments examine the RNA transcripts present in a sample of tissue (the sample’s 

transcriptome), resulting in data sets which consist of a list of reads; each read corresponds 

to an RNA transcript which was present in the tissue sample at the time of the experiment. 

Expression of a given miRNA will vary between experiments, depending on the sample 

tissue type and the conditions under which the sample was collected. NGS data sets reflect 

expression levels; RNA transcripts which are highly expressed in the tissue sample will be 

recorded multiple times in a data set. When NGS data sets are analyzed, reads with very 

high similarity and overlap are grouped into read stacks; consensus sequences for these 

stacks and the number of reads in the stack are used to summarize large amounts of 

repeated sequence information.  

Small RNA (sRNA) NGS experiments are used as a basis for NGS-based miRNA discovery. 

sRNA NGS experiments select for RNA transcripts whose lengths coincide with mature 

miRNA sequence lengths (18-25nt). Within this read length range, a transcriptome will 

contain reads which correspond to the three Dicer products: mature miRNA, miRNA* 

passenger strands, and pre-miRNA hairpin loop segments. Along with these Dicer products, 

the transcriptome will also contain reads which derive from other ncRNA such as piwi-

interacting RNA and small nucleolar RNA, and from messenger RNA degradation products. 

If, for a given miRNA, read stacks are present in the transcriptome which align to the three 

Dicer products of the miRNA (mature miRNA, miRNA*, and loop) then this is considered 

experimental evidence that the miRNA exists within the genome and was expressed in the 

sample. Typically, the read stack which matches the mature miRNA will have the highest 
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read count, as the miRNA* and loop products are degraded after Dicer processing while the 

mature miRNA product is retained and incorporated into the miRISC complex.  

Figure 2 shows a modified output of the miRDeep2 miRNA prediction algorithm. This output 

contains a. the identity of the miRNA and the total read depth corresponding to the pre-

miRNA region; b. the predicted hairpin structure of the miRNA structure; and c. the 

normalized read depth at each nucleotide in the sequence. Note that most reads align well 

to the mature miRNA sequence or the miRNA* sequence, as is expected when reads are the 

result of Dicer processing. 

 

Figure 2 - NGS-based miRNA prediction information, as output by the miRDeep2 
pipeline. The following information is presented: a. the identity of the miRNA and 
the total read depth corresponding to the pre-miRNA region; b. the predicted 
hairpin structure of the miRNA structure; and c. the normalized read depth at each 
nucleotide in the sequence. Most reads align to either the mature miRNA or the 
miRNA*Dicer products. 
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2.2 Pattern classification 

Information presented in this section of the thesis is adapted from the text Pattern 

Classification, by Duda, Hart, and Stork [40]. 

2.2.1 Overview 

The goal of pattern classification is to build models which are capable of predicting the class 

of unlabelled data sets based on features of each datum which discriminate between classes 

of data. In the context of this thesis, pattern classification is used to classify an RNA 

sequence as either representing a pre-microRNA hairpin (“miRNA” = positive class) or not 

representing a pre-microRNA hairpin (“pseudo-miRNA” = negative class). Pattern 

classification is a form of supervised learning; classification models are trained on a set of 

labelled data (e.g. RNA sequences representing known miRNA and RNA sequences bearing 

resemblance to miRNA but which are known to perform other roles), then use information 

gained from the training data in order to classify future unlabelled data (e.g. unannotated 

RNA sequences). 

Pattern classification classifies data by means of features – numerical or categorical values 

which can be derived from each datum in training and testing data sets. A set of d features 

which are derived from a datum comprise a feature vector of length d. For example, an RNA 

sequence may be represented by a simple feature vector of length 5 containing the % of A, 

G, C, and U within the sequence, and the total sequence length. Feature vectors can be 

represented as a point in d-dimensional space; classification models place decision 

boundaries within this d-dimensional space which attempt to discriminate between feature 

vectors representing different classes. 
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2.2.2 Training Pipeline 

In pattern classification, training is the act of selecting appropriate labeled data representing 

positive and negative classes, and building a classification model from this data which is 

able to predict the class of future unlabelled data not found in the training data. Figure 3 

demonstrates a typical training pipeline. Careful attention must be paid to each step of the 

training pipeline, as small methodological errors in each step may alter classification results 

drastically. Furthermore, the quality of a classification model is affected by each step in the 

training pipeline. 

2.2.2.1 Performance estimation 

Performance estimation is central to the success of classification experiments because all 

decisions made within the training pipeline are made with the goal of maximizing classifier 

performance with regards to performance metrics. No single metric exists which can fully 

describe the performance of a classifier. As with other elements of a classification 

experiment, selection of appropriate metrics for performance estimation of a classifier is 

dependent on the data and goal of the classifier. 

The confusion matrix is the basis of all classification performance reporting. This matrix 

describes the number of test samples of each true class which fall into each predicted class. 

For a binary classification problem such as miRNA prediction, the confusion matrix is a 2x2 

matrix which describes the number of true positives, true negatives, false positives, and 

false negatives reported by a classifier for a given test set. Figure 4 shows the form of a 

binary confusion matrix. 
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Precision (Pr), or positive predictive value, is an alternative to specificity which is especially 

useful when class imbalance is large. Precision is the percentage of predicted positive 

samples which are truly positive. Practically, precision estimates the proportion of true 

positives among all samples predicted to be from the positive class. It is derived as follows: 

Pr =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

In the case of a test data set in which the class imbalance does not accurately reflect 

reality, prevalence-corrected precision may be used. This is the case in Chapters 5 and 6 of 

this thesis. In Chapter 7 of the thesis, test set class imbalance reflects real-world class 

imbalance, so prevalence correction is not required. Prevalence-corrected precision, when 

applied in the thesis, is derived from the performance over the positive samples in the test 

data (Sn), performance over the negative test samples (Sp), and the relative prevalence, ρ, 

of the negative class (e.g. for a ratio of 1000:1 negatives:positives, ρ=1000). Prevalence-

corrected precision is defined as: 

(prevalence-corrected)Pr =
𝑆𝑆𝑆𝑆

𝑆𝑆𝑆𝑆 + 𝜌𝜌(1 − 𝑆𝑆𝑆𝑆) 

In Chapters 5 and 6 of this thesis, any mention of ‘precision’ refers to ‘prevalence-corrected 

precision’. 

Accuracy, Acc, is the percentage of data which are correctly classified, regardless of class. It 

is derived as follows: 

𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝐹𝐹

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝐹𝐹 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝐹𝐹
  

Accuracy estimates the performance of the classifier across all data; however, it is not 

always useful as a summary metric. When class imbalance is present, accuracy is biased 

toward the majority class; in extreme cases, the accuracy and specificity of a classifier 

converge and Sn has little impact on Acc. 
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An alternative to accuracy which is prevalent in the field of miRNA prediction is the 

geometric mean of sensitivity and specificity (GM). GM is derived as follows: 

𝐺𝐺𝐺𝐺 = �𝑆𝑆𝑆𝑆 ∗ 𝑆𝑆𝑆𝑆 

GM is insensitive to class imbalance; classifier performance over the positive and negative 

classes are weighted equally regardless of the true size of each class. 

The above metrics describe the performance of classifiers at a single parameter set. By 

varying parameters, such as the decision threshold in the case of a classifier producing a 

continuous score or confidence for each sample, a classifier can move from permissive 

(identifying all data as positive) to restrictive (identifying all data as negative). ROC curves 

and precision/recall curves illustrate the performance of a classifier across all values for 

such a parameter. 

ROC curves plot Sn against (1-Sp). Moving from left to right, the classifier varies from 

maximally restrictive to maximally permissive. A classifier which randomly selects the class 

of each datum would trace a straight line from bottom left to top right of the plot. Increases 

in classification performance move the classifier’s ROC curve toward the upper left corner of 

the plot. Figure 5 shows the ROC plot of a classifier which performs better than random. 

Because both sensitivity and specificity are insensitive to class imbalance, the ROC curve 

shares the same property; a ROC curve describes classifier performance in a way that is 

agnostic to (or ignorant of) class imbalance. 
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Figure 5 - A typical ROC plot. Classifier sensitivity is measured against 1-
specificity.  Ideal classification performance occurs in the top left corner (high 
sensitivity and specificity). Random classification results in a curve along the 

diagonal. 

Precision-recall curves (PR-curves) plot Pr against Sn. Unlike ROC curves, PR-curves are 

sensitive to class imbalance; a single curve describes the performance of a classifier only at 

a specific class imbalance. For problem domains with high class imbalances, PR-curves 

better elucidate a classifier’s real-world performance. Moving from the top to the bottom of 

a PR-curve, the classifier varies from maximally restrictive to maximally permissive. As 

classification performance improves, the PR-curves for the classifier moves toward the top-

right corner of the plot. Typically, an acceptable precision threshold is chosen from a PR-

curve, and classifiers are measured based on the recall which they achieve at this precision 

threshold. Figure 6 shows a typical PR-curve. 
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Figure 6 – A typical precision-recall plot. Here, classifier recall is measured against 
prevalence-corrected precision at a class imbalance of 1:1000. Ideal classification 

performance occurs in the top right corner, where precision and recall are both 
high. 

2.2.2.2 Selecting training and testing data 

In order to train a classification model, labeled positive and negative data must be collected 

as input to the model. Data availability, reliability of data, reliability of labels, and class 

imbalance within the data (i.e., ratio of samples which belong to each class) are all data 

quality issues which may affect classification performance and must be addressed within the 

training pipeline. 

Within the context of miRNA prediction, training data consists of RNA sequences which are 

typical of miRNA with respect to length and secondary (hairpin) structure. Labelled positive 

data is retrieved from miRNA databases such as miRbase [4] or mirTarBase [41] containing 

sequences proven (by independent wet lab experiments) to be true miRNA sequences. 

Negative data samples are often extracted from genomic regions known to have functions 

other than coding for miRNA, such as protein-coding regions or other classes of non-coding 

RNA (ncRNA). 
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2.2.2.3 Feature extraction 

Selecting appropriate features with which to train a classifier is a crucial step of the training 

process, as the shape of the feature vector defines the space in which data are situated and 

decision boundaries are formed. Features are selected based on their ability to discriminate 

data from different classes either in isolation, or in combination with other features. An ideal 

feature would separate positive and negative data into two distinct groups, however real 

data rarely contains such features, and no such feature exists for miRNA prediction. 

Increasing the number of features in the feature vector typically increases the separation 

between classes but does so at the cost of model complexity (the number of free 

parameters used to define the classification model). In general, more complex models are 

more likely to overfit training data, resulting in overly complex decision boundaries which do 

not generalize well to future unlabelled data [40]. Additionally, as the number of features 

increases, data quality is reduced as per the curse of dimensionality [42]. Therefore, a 

trade-off must be made during feature selection – multiple features are required in order to 

discriminate between classes, but model complexity should be minimized when possible. 

Features typically used in miRNA prediction include RNA sequence composition, minimum 

free energy of RNA secondary structure, and robustness of observed RNA secondary 

structure. When miRNA prediction is performed on transcriptomic data, expression of Dicer 

products and mature miRNA duplex stability can also be used as features. 

2.2.2.4 Class imbalance correction 

In many classification problems, such as miRNA prediction, classification is performed in the 

presence of significant class imbalance: negative samples outnumber positive samples by a 

large margin. For example, in the human genome, there are approximately 11 million 

pseudo-miRNA sequences which have a length and secondary structure typical of miRNA, 

and only approximately 2,000 known miRNA precursors, leading to a class imbalance of 

>5000:1. Classifiers which are naively trained on imbalanced data sets are biased toward 
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the dominant (negative) class, affecting overall classification performance. This bias is 

detrimental when it is important to correctly classify samples from both the majority and 

minority classes; when class imbalance is extreme, a classifier which seeks to maximize 

accuracy may do so by correctly classifying all majority data at a severe cost to correct 

prediction rates on the minority class. Several techniques have been developed which 

correct the learning bias which occurs when training data contains a high class imbalance. 

Synthetic data can be added to the minority class in order to balance the number of 

samples in each class, the majority class can be undersampled in order to achieve the same 

balance, or classification models can be built to handle the imbalanced training data set as 

is, using differential weighting of errors made on each class for example. 

One example of a class correction algorithm which is applied in this thesis is the SMOTE 

synthetic minority oversampling technique [43]. The SMOTE technique oversamples the 

minority class by a factor b through the following algorithm: 

For each sample si in the minority data set S within a given feature space: 

 For each of the b nearest samples from S, nj (where i = 1 through b): 

Generate a new sample whose location in the feature space is a random point on the 
line between si and nj. 

 

Class imbalance must be taken into account not only during the training of classifiers, but 

also during the evaluation of trained classifiers, as discussed below. 

2.2.2.5 Splitting of training and testing data 

Because classification models are built in order to optimally separate their training data, 

performance on test data outside of the training data set will tend to decrease relative to 

performance observed on the training data. As mentioned previously, overly-complex 

models in particular will perform very well on training data but may generalize very poorly 

to other data sets. For this reason, in order to estimate the applicability of a classifier, it is 

necessary to train using only a portion of the available labeled data. A portion of the data 
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must be held out as testing data in order to estimate the generalizability of the model. 

Splitting of labeled data into training and testing can be performed several ways. A simple 

70% / 30% split is common. n-fold cross-validation is the most widely used method for 

generating training and testing data sets. During n-fold cross-validation, available labeled 

data is separated into n even partitions. n classifiers are trained, each on n-1 partitions, and 

each with a distinct partition as hold out test data. The total performance of the n classifiers 

on the hold-out partitions is then used to estimate real-world performance of a classifier 

trained on the training data set. 

2.2.2.6 Model selection 

At the core of each classifier is a model which places decision boundaries within a given 

feature space. Many such models exist, and these models employ vastly different algorithms 

for the determination of decision boundaries. The most common classification model type in 

miRNA prediction is the support vector machine, which draws a plane which optimally 

separates the classes within a feature space, maximizing the margin between the decision 

boundary and the nearest training points from each class (dubbed ‘support vectors’). Other 

common model types are decision trees, which perform classification based on a series of 

“20 questions” style decisions (“Is feature x larger or smaller than value y?”). Each question 

is modeled as a node in a tree graph. Leaf nodes of the tree each contain a class prediction. 

Random forests are made up of collections of tens or hundreds of simple decision trees 

trained on subsets of the training data which ultimately vote on the class prediction for an 

input test feature vector. Other less commonly used classifiers within miRNA prediction 

include artificial neural networks, K nearest-neighbor classifiers, hidden Markov models, and 

Bayesian models. Multiple classifiers of the same or different model types can also be 

grouped into ensemble models, in which each component classifier casts a vote regarding 

the class of input data. 

 21 



Model selection is a non-trivial decision within pattern classification because of the “no free 

lunch theorem”, which states that no classification model is inherently superior to any other 

model when all possible classification problems are considered [44]. The quality of a model 

for a given classification problem is most often a function of the degree of agreement 

between the characteristics of the data and the underlying assumptions of the model. 

2.2.2.7 Model training 

Following selection of the model type, the parameters of the classification model should be 

optimized in order to describe optimal decision boundaries. Many models, such as support 

vector machines, rely on a kernel function which determines the general shape of decision 

boundaries. Gaussian functions, radial basis functions, and linear functions are typical kernel 

functions. Selection of an appropriate kernel function can affect performance greatly. Some 

models require the optimization of model-specific hyper-parameters such as the number of 

trees in a random forest. Most models are trained using a cost function, which specifies the 

relative penalty of misclassification of positive and negative samples. Many models can be 

trained using different training algorithms which vary with regards to generated models and 

training speed. Finally, stopping criteria for training algorithms must be set in order to 

produce models which balance training set accuracy and generalizability. Each of these 

factors can affect the quality of a classification model. 

2.2.3 Prediction Pipeline 

Once a classification model has been built for a given training set, it is capable of predicting 

the classes of data in unlabelled sets. 

Relative to model training, prediction of unlabelled data using an existing model is a 

straightforward procedure. Each pattern in the unlabelled data set is converted into a 

feature vector, using the features selected during the model training procedure. Feature 

vectors are passed through the classification model, which outputs a classification. Some 
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3 Literature Review 

3.1 Overview of computational miRNA techniques 

Computational prediction of pre-miRNA sequences can be broadly categorized into three 

major areas – homology-based techniques, NGS-based techniques, and de novo machine 

learning techniques. 

Homology-based techniques represent the earliest efforts at prediction of miRNA [45]–[47]. 

These techniques discover miRNA based on similarity between these miRNA and existing 

miRNA. While not capable of discovering taxon- or species-specific miRNA with novel 

sequences, these techniques provide a means for discovering miRNA homologs across 

species. The earliest homology-based miRNA prediction techniques include MiRscan, which 

was used to successfully predict many miRNA in C. elegans and C. briggsae genomes [45]; 

srnaloop, which predicted additional miRNA within the C. elegans genome [47]; and 

miRseeker, which played a similar important role within D. melanogaster and D. 

pseudoobscura genomes [46]. The MIRcheck [48] and findMiRNA [49] algorithms were 

leveraged to discover 23 and 13 new miRNA within the A. thaliana genome, respectively. 

MicroHARVESTER [50], like MIRcheck and findMiRNA, specializes in plant miRNA homologs. 

Most improvements in the state of the art of homology-based miRNA prediction occurred 

between 2003 and 2006, including all of the above studies. These studies are summarized 

by Berezikov et al. [38]. Improvements in homology-based miRNA prediction techniques 

were still pursued as recently as 2013, when improvements on the state of the art were 

made by the miR-Explore algorithm [51]. 

NGS-based techniques focus on analysis of next generation sequencing data in order to 

identify miRNA at the transcriptome level. These techniques are relatively new, and have 

been growing in popularity since their inception in 2008. Of these techniques, miRDeep [52] 
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and the updated miRDeep2 [15] have emerged as de facto standards. Deep sequencing 

techniques provide higher confidence miRNA predictions, as the expression of RNA 

sequences which match the predicted miRNA constitutes experimental evidence in favour of 

the miRNA identification. Class imbalance within a transcriptome is less extreme than that 

of a genome, making identification easier since only expressed sequence regions need be 

explored. However, deep sequencing techniques are limited to identification of those miRNA 

which are expressed under the specific experimental conditions at the time of data 

collection, and these techniques are biased toward identification of highly expressed miRNA 

[53]. These techniques are reviewed in section 3.2 of this thesis. 

De novo machine learning techniques predict miRNA based only on information which can 

be derived from unannotated RNA sequence data. These techniques employ training data 

sets of known miRNA and pseudo-miRNA (miRNA-like hairpins which are not functional 

miRNA) in order to predict RNA sequences which correspond to functional miRNA. De novo 

miRNA prediction techniques require no annotation and can function on either genomes or 

transcriptomes. These techniques are reviewed in section 3.3 of this thesis. 

The three major branches of miRNA prediction are complementary when searching for 

miRNA within a given species of interest. Homology-based techniques provide a small set of 

high quality miRNA identifications. NGS-based prediction methods only consider RNA 

sequences which are expressed, leading to potentially lower overall recall but higher 

precision. De novo machine learning techniques examine an arbitrary sequence (up to the 

entire genome) for one or more putative miRNA. Therefore, they possess the highest 

potential recall, but suffer from low precision due to high class imbalance. When discovering 

novel miRNA within a species of interest, each of these three prediction techniques provides 

unique prediction information.  
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3.2 Examination of the state of the art of NGS-based miRNA 

prediction 

In this section we examine the state of the art of miRNA prediction techniques for 

transcriptomic data sets. We will examine 14 prediction methods spanning from 2008 to 

2015, as well as 9 RNA sequencing pipelines which incorporate miRNA prediction methods, 

and 4 experiments which apply miRNA prediction methods to transcriptome data in order to 

predict novel miRNA within a species of interest. 

3.2.1 NGS-based miRNA prediction methods 

NGS-based miRNA prediction methods can be broadly categorized using the following 

distinctions: 

• The method is specific to the animal or plant kingdoms, or is applicable to 

multiple kingdoms. 

• The method’s primary prediction is based on sequence homology, or miRNA 

characteristics, or both methods are used. Homology-based methods provide 

high confidence predictions of typical miRNA, while methods using miRNA 

characteristics may discovery additional novel miRNA. 

• The method maps ncRNA reads to a reference genome during its prediction 

pipeline, or performs analysis without a reference genome. Mapping to a 

reference genome removes many false positives from data sets, however 

genomic data is not available for all species. 

• The method employs a machine learning algorithm during its prediction pipeline, 

or does not.  

• The method requires that reads form a miRNA:miRNA* duplex, or does not. The 

discovery of a canonical miRNA:miRNA* duplex greatly increases miRNA 
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prediction confidence, however sensitivity is reduced as duplexes are not present 

for all miRNA, especially those which are not highly expressed. 

Table 1 provides a summary view of the 14 transcriptomic miRNA prediction methods with 

respect to the above criteria. 

 

MiRDeep [52], introduced by Friedlander et al. in 2008, was the first computational miRNA 

prediction method which made use of transcriptome data sets. MiRDeep scores stacks of 

RNA sequence reads based on the likelihood that these reads are the result of miRNA 

biogenesis. Once a putative pre-miRNA region is determined surrounding a read stack, RNA 

secondary structure is computed and the minimum free energy (MFE) is computed as a 

discriminating feature. The miRDeep study places a strong emphasis on the ability of 

miRDeep to estimate the quality of its results based on a statistical model of its outputs. 

MiRDeep was initially applied to a C. elegans data set, discovering four novel miRNA which 

were successfully validated. 
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Table 1 - Summary of methods for NGS-based miRNA prediction 

Method Year Kingdom(s) Homology / 
characteristics 
/ both 

Reference 
genome 
required 

Machine 
learning used 

MiRNA duplex 
required 

MiRDeep [52] 2008 Animal Characteristics Yes No No 

Mireap (no citation 
available) 

2008 Animal Characteristics Yes No? No? 

MiRMiner [54] 2008 Animal Both No Yes Yes 

miRExpress [55] 2009 Animal + Plant Homology No No No 

miRTRAP [56] 2010 Animal Characteristics Yes No No 

miRanalyzer [57] 2011 Animal + Plant Both Yes Yes No 

miRDeep-P [58] 2011 Plant Both Yes No No 

MiRDeep2 [15] 2012 Animal Both Yes No No 

McRUM for miRNA [59] 2013 Animal + Plant Characteristics No Yes No 

MiRPlex [60] 2013 Animal + Plant Characteristics No Yes Yes 

MiRDeep* [61] 2013 Animal Characteristics Yes No No 

MirPlant [62] 2014 Plant Characteristics Yes No No 

MIRPIPE [63] 2014 Animal + Plant Homology No No No 

miRdentify [64] 2014 Animal Characteristics No No Yes 

miRNA and piRNA [65] 2015 Animal Characteristics No Yes No 
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No citation for MIREAP is available, therefore knowledge of the method is limited, however it 

is used within larger pipelines [66] and has been employed to successfully discover novel 

miRNA [67]. From MIREAP’s description, it combines position and depth of small RNA reads 

with a microRNA biogenesis model. 

The basis of the MiRMiner [54] miRNA prediction method is the thermodynamic stability of 

miRNA:miRNA* duplexes recovered from transcriptomic data. A classifier is trained on a 

single feature, representing the MFE of the duplex. As a pre-filtering step, transcriptomic 

data is aligned against known miRBase miRNA sequences using the BLAST algorithm [68]. 

MirMiner was tested initially in a study involving 13 worm transcriptomes, finding 114 novel 

miRNA across these species. 

MiRExpress [55] focuses on quantifying the expression levels of miRNA within data sets. As 

a step toward this goal, it identifies likely miRNA sequences within transcriptomic data sets. 

The MiRExpress algorithm uses a customized implementation of the Smith-Waterman 

algorithm [69] in order to align sequence data with known miRNA. The MiRExpress 

alignment method identified 79 previously-unknown H. sapiens miRNA within two 

transcriptomic data sets. 

miRTRAP [56] detects miRNA within transcriptomic data sets using the characteristic read 

patterns of miRNA biogenesis as well as information retrieved from the larger genomic 

context of the miRNA. This larger context includes the number of miRNA in the region of the 

candidate miRNA, the number of non-miRNA ncRNA within this region, and anti-sense reads 

which match to the miRNA reads. miRTRAP was applied to a C. intestinalis data set, and 

recovered 36 miRNA which were homologous to known miRNA as well as 20 novel miRNA 

families. 

MiRanalyzer [57] uses an ensemble of five random forest classifiers in order to predict novel 

miRNA. As a pre-screening step, bowtie [70] is used to identify reads which match to known 

miRNA and known mRNA. MiRanalyzer uses a set of pre-processed genome files for 
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alignment during its prediction pipeline; 25 animal and 6 plant genomes are available. 

Feature sets used for classification differ for plant and animal species. No novel miRNA have 

been identified by MiRanalyzer. 

MiRDeep-P [58] is an extension of the miRDeep algorithm which targets plant sRNA data 

sets. This method is a straightforward extension, altering only the values of miRDeep’s 

decision rules, and adding additional prediction criteria based on Meyers’ observations of 

plant miRNA [71]. Meyers’ criteria represent a base set of criteria which all plant sequences 

must meet in order to be accepted for annotation as miRNAs. MiRDeep-P recovered 18 

novel miRNA from Arabidopsis sRNA data sets which were successfully validated. 

MiRDeep2 [15] moves forward from the original MiRDeep, implementing an updated 

prediction algorithm while maintaining the ability to estimate prediction quality. MiRDeep2 

increases the number of RNA secondary structure criteria used during pre-filtering of 

putative pre-miRNA regions. MiRDeep2 was originally applied to seven organisms within the 

animal kingdom, and discovered on average 14 novel miRNA within each data set. 

MiRDeep2 has since been applied to transcriptomic data sets from a wide range of species, 

resulting in many novel miRNA predictions. Currently, miRDeep2 is the de facto standard for 

NGS-based identification of miRNA. The miRDeep2 pipeline is analyzed further in section 

3.2.4 of this thesis. 

Menor, Baek and Poisson implemented a novel kernel-based learning algorithm, the “multi-

class relevance units machine” [59], with the goal of classifying several types of ncRNA 

from transcriptomic data sets. Reads are classified as miRNA, piRNA, or other ncRNA based 

on k-mer representations of the reads. This method was trained and tested on data sets of 

known ncRNA, but not applied to real-world transcriptomic data. 

MiRPlex [60] implements a SVM for classification of miRNA-miRNA* duplexes found in 

transcriptomic data; size, stability, and composition features distinguish miRNA duplexes 

from non-miRNA duplexes. The MiRPlex classifier was trained using positive data consisting 
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of known duplexes from animals in miRBase, and negative data consisting of duplexes from 

a D. melanogaster sRNA data set which do not match known miRNA. MiRPlex was applied to 

four animal sRNA data sets, and a separately trained model was applied to a single plant 

sRNA data set. No novel miRNA were reported from these experiments. 

Like miRDeep2, miRDeep* [61] extends the original miRDeep algorithm. Also like 

miRDeep2, focus is placed on improvements in the precursor extraction methodology and 

increases in RNA secondary structure criteria. Unlike miRDeep2, MiRDeep* also focuses 

strongly on usability; all elements of the miRDeep* pipeline are implemented within a Java 

graphical user interface. An analysis of the performance of miRDeep* against other popular 

methods was performed by the miRDeep* authors, wherein performance of miRDeep* and 

miRDeep2 were found to be comparable. In the initial study, four novel miRNA were 

discovered from prostate cancer data sets using the miRDeep* algorithm. 

The authors of miRDeep* also produced a plant-specific miRNA predictor, mirPlant [62]. 

MirPlant implements a very similar pipeline to miRDeep-P, however the precursor extraction 

technique used differs. MiRDeep-P presents the user with a graphical Java interface, much 

like miRDeep*. While no novel miRNA were recorded using mirPlant, the authors of 

mimPlant demonstrated that, using mirPlant, performance on three plant sRNA data sets is 

improved relative to miRDeep-P. 

MIRPIPE [63] aims to improve the viability of miRNA prediction within sRNA data sets 

originating from niche model organisms. Reads are aligned to each other, then read stacks 

are matched to known miRNA using simple matching criteria. In independent experiments, 

MIRPIPE performs similarly to methods which align sRNA reads to the genome for the 

identification of known miRNA, though the homology-based nature of MIRPIPE is not likely 

to generalize to novel predictions on niche species. 

MiRdentify [64] combines stringent miRNA:miRNA* duplex requirements with RNA 

secondary structure filters in order to generate sets of high-confidence miRNA predictions 
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without a reference genome. RNA sequences from transcriptomic data sets which form 

strongly paired duplexes are considered to be candidate miRNA duplexes; no requirement is 

made that the two sequences which form the duplex are co-located in a genome. The 

miRdentify method is designed to work with large sRNA data sets encompassing multiple 

experiments. MiRdentify compares favourably to miRDeep2, miRDeep* and miRanalyzer 

when applied to the study’s test data set, and identified two novel miRNA in H. sapiens 

ChrY. 

Menor, Baek, and Poisson again apply a machine learning approach to miRNA prediction in 

sRNA data sets in their 2015 study. The k-mer feature set used in the authors’ previous 

study was augmented with additional sequence features, and systematic feature selection 

was employed. Classification is performed using multi-class relevance units machines, as in 

the previous study, and a Gaussian kernel. Like the MiRPlex study, candidate miRNA are 

read stacks which form duplexes, and no mapping to the genome is performed. The authors 

compare their method to MiRPlex as these two methods share a common set of candidate 

miRNA, and conclude that their method increases the number of miRNA recovered from four 

animal data sets ten-fold relative to MiRPlex. 

3.2.2 sRNA data set pipelines 

Because NGS sRNA data sets contain reads pertaining to multiple types of biologically 

relevant ncRNAs (miRNA, piRNA, snoRNA, snRNA), several methods have been developed 

which incorporate multiple ncRNA prediction methods within larger pipelines. These 

pipelines aim to perform comprehensive analysis on sRNA data sets. With respect to miRNA, 

these pipelines have one or more of the following goals: 

1. Detection of known miRNA 

2. Prediction of novel miRNA 

3. Detection or prediction of miRNA targets 
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4. Quantification of expression levels of miRNA across multiple experiments 

Additionally, these pipelines contain GUIs which simplify the analysis of sRNA data and 

present visualizations of the data. We have identified the following major axes upon which 

ncRNA pipelines can be measured, with respect to miRNA prediction: 

• Which input file formats are supported by the pipeline? 

• Does the pipeline detect known miRNA? 

• If the pipeline detects known miRNA, what algorithm is used for the detection? 

• Does the pipeline predict novel miRNA? 

• If the pipeline predicts novel miRNA, what algorithm is used for this prediction? 

Table 2 examines 9 sRNA data set pipelines along these five axes. 

In 2008, Moxon et al. introduced the UEA sRNA Toolkit, a toolkit for analysing plant sRNA 

data sets [72]. This toolkit uses a custom algorithm, miRCat, for the prediction of miRNA 

precursors within sRNA data sets. MiRCat maps reads to the genome, then searches for 

pairs of reads which form miRNA:miRNA* duplexes, and finally analyzes the hairpin 

structure of the resulting precursor candidates using criteria defined in [73]. 

DSAP [74], the deep-sequencing small RNA pipeline, is a web service which performs pre-

processing of sRNA data sets, matches reads to known ncRNA including miRNA via the 

BLAST algorithm [68], and quantifies miRNA expression level differences across multiple 

experiments. Finally, for each miRNA in the data set, DSAP identifies all species which have 

miRNA from the same family. 

Moxon et al. advanced their toolkit in 2012, creating the UEA sRNA workbench [75]. This 

work extends the previous effort in the areas of visualization and the profiling of expression 

levels of miRNA across multiple experiments. MiRNA candidates which match known miRNA 

in miRBase are also highlighted as such by the toolkit. 
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Table 2 - Summary of sRNA pipelines for examination of NGS data sets 

Method Year 

Detects 

known 

miRNA 

Algorithm for 

miRNA detection 

Predicts 

novel miRNA 

Algorithm for 

miRNA prediction 

File formats 

accepted 

UEA sRNA Toolkit 

[72] 

2008 No N/A Yes miRCat FASTA 

DSAP [74] 2010 Yes BLAST [68] No N/A TSV 

UEA sRNA 

Workbench [75] 

2012 Yes Unknown Yes miRCat FASTA 

miREvo [76] 2012 Yes Novel Whole Genome 

Alignment algorithm 

Yes MiRDeep2 Unknown 

mirTools 2.0 [66] 2013 Yes SOAP [84] Yes MiRDeep, MIREAP FASTA, SAM, BAM 

MiRGator [77] 2013 Yes Bowtie  Yes MiRDeep2 Unknown 

miRspring [78] 2013 Yes SAMTOOLS [79] No N/A BAM 

CAP-miRSeq [80] 2014 Yes MiRDeep2 Yes MiRDeep2 FASTA, FASTQ 

ISRNA [81] 2014 Yes BLAST [68] No N/A FASTQ, txt 
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MiREvo [76] performs three major functions for sRNA data sets: Identification of novel 

miRNA, detection of homologs to known miRNA, and profiling of miRNA expression across 

multiple species or multiple experiments. Emphasis is placed on the analysis of miRNA 

homologs across species in order to estimate the evolutionary rate of these miRNA.  

MiRDeep2 is implemented within the MiREvo pipeline in order to predict novel miRNA, while 

the identification of homologs is performed using a novel whole genome alignment 

algorithm. 

MiRTools 2.0 [66] detects known miRNA, tRNA, snRNA, snoRNA, rRNA, and piRNA from 

within sRNA data sets and profiles these ncRNA across multiple experiments. MiRNA targets 

are also predicted, and functional annotation of targets is performed. Finally, novel miRNA 

and piRNA are predicted from within the data sets using miRDeep and MIREAP. 

MiRGator v3.0 [77] is a web portal which provides users access to sequence editing, 

counting, sorting and ordering tools, miRNA and miRNA target identification tools, and 

miRNA:target co-expression information. 73 human sRNA data sets have been curated by 

the MiRGator software, providing an existing library of miRNA data.  

MiRspring [78] implements an index-compression algorithm in order to store sRNA data sets 

in relatively small file sizes (approx. 3MB per data set), then leverages this efficient file 

format for miRNA analysis. MiRspring provides the user with information regarding the 

global Dicer processing of all miRNA within a data set, and the Dicer processing details of 

specific miRNA within the data set. Special attention is paid to the identification of isomiRs. 

CAP-miRSeq [80], the comprehensive analysis pipeline for miRNA sequencing data, is a tool 

which performs pre-processing, alignment, miRNA detection, miRNA quantification, 

visualization, differential expression analysis, and variant detection in miRNA coding 

regions. Particular emphasis is placed on the user-friendliness and practicality of the 

program. Here, miRDeep2 is used both for its detection of known miRNA and its prediction 

of novel miRNA. 
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ISRNA [81], the Integrative Short Reads Navigator, is an online toolkit which provides the 

user with data set-wide statistics including genomic location, length distribution, and 

nucleotide composition bias. It also provides expression data and genomic location for 

known miRNA and other known ncRNA identified within the data. Again, emphasis is placed 

on the user-friendliness of the toolkit. 

3.2.3 NGS experiments for miRNA discovery in species of interest 

Several studies exist in the literature which apply next-generation sequencing techniques 

along with NGS-based miRNA prediction methods in order to discover novel miRNA within 

tissue samples of species of interest. 

MiRDeep2 is the most commonly applied deep sequencing analysis pipeline for miRNA 

prediction studies. Yin et al. analyzed miRNA within differently aged rat brain samples using 

miRDeep2 for miRNA prediction [82]. Differential analysis of miRNA was performed using 

DESeq2 [83], while MiRNA target prediction was performed using Targetscan [84]. This 

experiment discovered 547 known miRNA within the tissue and predicted 171 candidate 

novel miRNA, though only three of these novel miRNA were experimentally validated. 

Cowled et al. applied the miRDeep2 prediction pipeline to the black flying fox [85]. Like the 

study of Yin et al., this study uncovered several hundred (222) known miRNA, and 

discovered 177 novel miRNA within the tissue, though none of these miRNA were 

experimentally validated.  

Gu et al. applied the MIREAP algorithm to the prediction of miRNA in a maize endosperm 

deep sequencing data set [67]. MiRNA were mapped to the maize genome using SOAP [86], 

while known miRNA were identified using BLAST [68]. Target prediction was performed 

using the WMD3 software. This effort resulted in the recovery of 95 known miRNA, and the 

discovery of 18 novel miRNA which were validated through RT-PCR. 
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For the identification of miRNA within hexaploid wheat data sets, Agharboui et al. have 

developed a pipeline which combines the HMMIR [87] and MiPred [88] sequence-based 

miRNA prediction algorithm with the miRdup* [89] mature miRNA prediction algorithm. 

Further analysis includes expression profile filtering using Meyers’ criteria [71], and target 

gene prediction using the TAPIR software [90]. 199 candidate miRNA were discovered in 

this study, demonstrating that sequence-based miRNA prediction methods are applicable to 

deep sequencing data sets. 

3.2.4 Analysis of the miRDeep2 miRNA classification pipeline 

Within the field of NGS-based miRNA prediction, miRDeep2 has emerged as the de facto 

standard prediction method. As described previously, the majority of miRNA prediction on 

NGS data sets is performed using the miRDeep2 pipeline. A recent independent review of 

the field also recommended that miRDeep2 be used for NGS-based miRNA prediction [91]. 

Considering its wide adoption, in this section, we briefly described the miRDeep2 algorithm 

for prediction of miRNA. 

The miRDeep algorithm can be dissected into two primary steps: a pre-processing step 

wherein NGS read data are mapped to a genome and candidate pre-miRNA sequences are 

extracted from the genome at read loci; and a scoring step wherein candidate pre-miRNA 

are given a numerical score based on the structural stability of the pre-miRNA sequence, 

and expression profile within the miRNA sequence (as described below). 

The pre-processing step of the miRDeep algorithm first identifies candidate mature miRNA 

by identifying local read depth maxima in the genome which match the expected sequence 

length of a mature miRNA (18 to 25nt). By default, only the 50,000 deepest read stacks are 

considered during the selection of candidate mature miRNA. The mature miRNA sequence is 

then extended in each direction twice: once by 70nt in the 5’ direction and 10nt in the 3’ 

direction; and once by 10nt in the 5’ direction and 70nt in the 3’ direction. The two resulting 
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sequences represent candidate pre-miRNA for which the mature miRNA rests on the 3’ and 

the 5’ arm of the hairpin, respectively. 

Candidate pre-miRNA sequences are then filtered based on the following criteria: 

1. RNAfold must predict a hairpin structure for the candidate pre-miRNA sequence 

which contains no bifurcations. 

2. The miRDeep2 pre-processing algorithm attempts to identify a mature miRNA, 

miRNA*, and loop product within the candidate pre-miRNA sequence. If this attempt 

fails, the candidate pre-miRNA is rejected. The miRNA* sequence is defined as the 

sequence which pairs to the candidate mature miRNA sequence in the predicted 

RNAfold [92] structure, taking into consideration a 2nt overhang on the 3’ end of 

each sequence in the duplex. The loop product is defined as the subsequence of the 

candidate pre-miRNA which is between the mature miRNA and miRNA* products.  

3. At least 60% of the bases in the stem region of the candidate pre-miRNA must be 

paired. 

4. At least 90% of the NGS reads in the pre-miRNA sequence region must match a 

Dicer product. A match to a dicer product is defined as a read which aligns to the 

miRNA sequence with a starting 5’ position within +/-2 nt of the candidate mature 

miRNA, miRNA*, or loop region, and a terminating 3’ position within +/-5 nt of the 

same region.  

5. The length of the mature miRNA and miRNA* sequences must match to within 6nt. 

Candidate pre-miRNA sequences which do not meet these criteria are discarded prior to 

scoring. 

One weakness of the miRDeep pre-processing algorithm is its inability to predict large or 

small miRNA. The minimum length of a pre-miRNA sequence as determined by miRDeep is 

98nt, and the maximum length of a pre-miRNA sequence is 105nt. Only 10.7% of miRNA 
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within miRBase v21.0 fall within this length range; in this respect, the miRDeep pre-

processing algorithm does not accurately reflect the biogenesis of miRNA. 

The numerical score given to a candidate miRNA is a simple rules-based algorithm. No 

mention of rigorous training or testing is presented in the miRDeep manuscript; therefore it 

can be assumed that the rules were developed and tuned by hand, with the goal of 

optimizing performance across training data sets. Details of the miRDeep scoring algorithm 

are not described in the miRDeep manuscript; only the features used are described [52]. 

The score assigned to a candidate miRNA is the sum of the following five terms: 

1. The candidate miRNA is given a starting score of -6. 

2. The candidate miRNA’s score is increased by 0.5 for each read which matches one of 

the candidate miRNA’s Dicer products, using the matching rules described previously 

in pre-processing filter 2. If no reads match to the miRNA* region, the contribution 

for this score is limited to 6.  

3. The candidate miRNA’s score is adjusted by the log odds of the following probability 

distributions: P(MFE of the candidate miRNA structure is derived from a distribution 

of known miRNA MFEs) and P(MFE of the candidate miRNA is derived from a 

distribution of background training sample MFEs).  

4. If any reads within the miRNA region match to the star region as per miRDeep2’s 

Dicer processing rules, +3.9 is added to the score. If not, 1.3 is subtracted from the 

score. 

5. If the randfold algorithm [93], using default parameters, finds the MFE of the miRNA 

structure to be significant (p≤0.05), +1.6 is added to the score. If not, 2.2 is 

subtracted from the score. 

Optional scoring parameters are as follows: 

6. If the seed sequence of the candidate mature miRNA (defined by miRDeep2 as the 

six nucleotides at the 5’ end of the mature miRNA sequence) matches a known 

 39 



mature miRNA exactly, +3 is added to the score. If not, 0.6 is subtracted from the 

score. 

7. The number of paired bases in the lower stem portion of the miRNA is counted, and 

the score is adjusted based on the number of pairs present. The lower stem portion 

of the miRNA is defined as the 10nt-length duplex which is directly adjacent to the 

mature miRNA duplex, opposite the loop region. Figure 3 in section 2.1.5 of this 

thesis provides a visual representation of the lower stem portion of the miRNA. 

Any candidate miRNA with a final score ≥ 0 is highlighted by the miRDeep2 algorithm as a 

true (predicted) miRNA. 

The primary weakness of the miRDeep scoring algorithm, in our estimation, is the unbound 

contribution of term 2, reflecting the read depth of the miRNA sequence. In a modern NGS 

experiment, tens of thousands of reads map to single miRNA. As a result, term 2 of this 

scoring algorithm solely dictates the classification of many high-abundance candidate 

miRNA. Furthermore, as NGS technology improves and read depth continues to increase, 

the contribution of this term will increase accordingly. For a given decision threshold, the 

decision boundaries of the miRDeep scoring algorithm will shift relative to the average read 

depth of the experiment. In turn, increasing average read depth increases the false positive 

rate of the algorithm. 

3.3 Examination of the state of the art of de novo miRNA prediction 

In this section we examine 24 published methods for de novo miRNA prediction. These 

methods were published between 2005 and 2014. The major elements of the classification 

pipeline – data set generation, feature set generation, classifier selection, training 

methodology, and reporting of results – are studied in order to represent the state of the art 

of miRNA prediction from the perspective of pattern classification, and to highlight elements 

of the state of the art which require improvement. 

 40 



Previous reviews of the field of de novo miRNA prediction [53], [94]–[97] have defined the 

major challenges of the field as: data set generation, specifically the generation of negative 

data sets; classifier selection and training, with an emphasis on class imbalance correction; 

and feature set selection. Improvement in these areas is defined as the path toward 

improved prediction performance. In this review, we examine the state of the art of miRNA 

prediction methods with respect to each of these areas. We also examine the reporting of 

results in miRNA prediction studies, as we feel that improvements in, and standardization 

of, performance reporting would result in miRNA prediction methods which are more 

appropriate for real-world applications. 

3.3.1 Data set generation 

In general, positive training data set generation is not a major focus of miRNA prediction 

methods. Positive training data sets throughout nearly all studies consist of pre-miRNA 

sequences which are drawn from the miRBase database. One exception is the mirnaDetect 

method, whose major novel contribution is an improvement to training set selection [98]. 

This method demonstrates a substantial improvement in performance through training set 

selection. 

Conversely, de novo miRNA prediction studies employ a variety of methods and standards 

for generating negative training and test data. In general, this negative training and test 

data consists of sequences which form miRNA-like hairpin structures, as predicted by an 

RNA folding package such as RNAfold [92], Mfold [99], or UNAfold [100]. Negative data are 

extracted from annotated functional genomic regions, commonly coding regions, as these 

regions likely do not produce miRNA. ncRNA which share structural similarity to miRNA are 

also commonly used as negative training and test data.  

Nam et al. [101] generated negative training data from chromosomes 16 through 19 of the 

human genome, based on RNAfold structure prediction and the following criteria: sequence 
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length between 64 and 90 nt, stem length (number of pairs of bases in the miRNA hairpin 

stem; see Figure 1) above 22 nt, bulge size (number of unpaired bases in the miRNA hairpin  

stem; see Figure 1) under 15 nt, loop size between 3 and 20 nt, and a minimum free 

energy of folding (MFE) of at most -25 kcal/mol. These strict criteria were not widely 

adopted. 

The negative data set of Sewer et al. [102] in their 2005 study consisted of random 

subsequences of tRNA, rRNA, and mRNA. The size of their data set and length of the RNA 

subsequences were not specified. 

Xue et al. [103] in their 2005 study generated negative training data from within known 

human coding regions. Sequences were considered to be miRNA-like if they formed single-

loop hairpin structures with a MFE of at most -15.0 kcal/mol, and at least 18 paired bases in 

the hairpin stem. These MFE and paired base criteria were chosen because all known human 

miRNA at the time fell within these criteria. The resulting data set, consisting of 8494 

hairpins, has become a standard data set on which miRNA prediction methods are trained 

and tested to this day. The MFE and bp criteria introduced by Xue et al. have similarly 

become a de facto standard for validation of miRNA-like hairpins. The data set introduced 

by Xue et al., or subsets thereof, was used in 11 of 21 studies published afterward. The 

hairpin criteria introduced by Xue et al. were the basis of hairpin extraction in a further 

three studies. 

In 2009, Batuwita et al. [104] extended the 8494 coding region data set with 754 ncRNA 

sequences. These ncRNA sequences were used by seven of the 13 studies published after 

2009. 

Yousef et al., in studies from 2006 and 2008 [105], [106], predict hairpins from within 3’-

UTR regions of genes as annotated by UTRdb [107] as opposed to predicting hairpins from 

within coding regions or ncRNA. This practice was only adopted by two studies since 2006 

[108], [109], and one of these studies used 3’-UTR in addition to coding region data [109]. 
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Gudys et al. [110] in 2012 introduced an alternative to hairpin prediction for negative data 

set generation, wherein sequences are randomly selected from genomes and mRNA. 

Sequences are selected such that the length distribution matches that of known miRNA. This 

method produces data sets which contain some sequences which do not resemble miRNA 

structurally, and as a result, has not been adopted by any other miRNA prediction studies. 

The majority of miRNA prediction studies use data sets which are specific to a species. 21 

out of the 24 examined studies use data sets which are specific to human. Six of the 24 

studies use data sets which are specific to other model species of interest. Multi-species 

positive data sets are common, appearing in 14 studies. Multi-species negative data sets 

are far less common, appearing in 6 studies [98], [105], [110]–[113]. 

Class imbalance is present in all data sets, favoring the negative class. This is consistent 

with real-world miRNA prediction, where pseudo-hairpins outnumber miRNA. However, 

while actual real-world class imbalances are expected to be as high as 5000:1, typical class 

imbalances used in miRNA prediction studies are on the order of 1:10, with some data sets 

approaching even (1:1) artificially “balanced” class ratios [87], [88], while the most 

extreme observed class imbalances are between 1:100 and 1:200 [105], [110]. 

3.3.2 Classifier selection and training 

De novo miRNA prediction has been performed using a variety of classification methods 

including support vector machines, hidden Markov models, naïve Bayes methods, random 

forests, random walk rankings, one-class clustering methods, K nearest-neighbor 

classification, and linear dimensionality reduction. Table 3 lists the classifier types used by 

each of the studies. Support vector machines are the most commonly used classifier, and 

are present in 13 of the 24 studies. Random forests and hidden Markov models are the 

second and third most popular classifiers, with four and three appearances respectively. K 

nearest-neighbor is used in two studies, once as a member of a multi-classifier ensemble 
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method [113] and once as a proposed one-class clustering alternative to standard miRNA 

prediction [105]. No other classification model is used by more than a single study. Notably, 

no miRNA prediction study has employed artificial neural network classifiers. 

Cross-validation is the dominant method of training for miRNA predictors. 16 of the 24 

studies employ cross-validation in order to train classifiers. Five- and ten-fold cross-

validation are both common, being used by 8 and 6 studies respectively. The second most 

common training methodology is a simple hold-out test using one training data set and one 

testing data set. This method is used by five studies. Five-fold boosting and out-of-bounds 

estimation are each used by one study ([108] and [88], respectively). Additionally, four 

studies use the LibSVM parameter grid search in order to optimize support vector machine 

hyper-parameters. This grid search uses cross-validation over training sets in order to 

estimate parameter performance for a range of hyper-parameter values. 

As previously stated, miRNA prediction is performed on data sets which contain significant 

class imbalance. Several methods are employed in order to train classifiers on these 

imbalanced data sets, including asymmetrical misclassification penalties, undersampling of 

negatives, synthetic minority oversampling technique (SMOTE) [43], bagging, and one-class 

prediction. Simple undersampling is the most common technique, and is used by 11 of the 

24 studies. SMOTE is used to balance classes in two studies, and one-class prediction is 

used in two studies. Outside of these, no class correction technique is used by more than 

one study. Six studies do not describe any kind of explicit class correction. 

3.3.3 Feature Selection 

Features for de novo miRNA prediction can be broadly classified as sequence features, 

structure and thermodynamic features, and global or intrinsic features. The sequence 

category of features contains sequence motifs and k-grams (words of k consecutive 

nucleotides). The structure category of features contains metrics related to the predicted 
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RNA hairpin structure of a miRNA sequence, such as minimum free energy (MFE). Global or 

intrinsic features are sequence-wide features such as GC-content. 

Early feature sets consisted largely of sequence and structure motifs (see below), global 

features, and stem and loop metrics such as number of unmatched nucleotides in the stem 

or size of the terminal hairpin loop. A commonly used sequence/structure motif feature set 

is the triplet feature set, which contains 32 features, each representing the prevalence of a 

nucleotide along with the pairing pattern of the nucleotide alongside its two flanking 

nucleotides. For example, the triplet A.(( represents the nucleotide A, whose 5’ neighbour is 

unpaired, who itself is paired, and whose 3’ neighbour is paired. This feature set was 

introduced by Xue et al. [103]. 

Minimum free energy (MFE) was introduced as a feature by Jiang et al in 2007, and has 

since gained prominence as a defining feature of miRNA. Since 2007, the majority of studies 

have used MFE prominently in their miRNA prediction methods.  Recently, Lertampaiporn et 

al. have debated the usefulness of MFE features [113], promoting alternative features based 

on genetic robustness. MFE still plays a role in their prediction method, however.  

 45 



 

Table 3 - Classifier selection and training experiments for 24 miRNA prediction methods 

Year Lead Author Classifier Type(s) Training Experiment(s) Class Correction 

2005 Nam paired HMM 5-CV None 

2005 Sewer SVM Single training set asymmetrical misclassification penalties 

2005 Xue SVM Single training set Undersampling of negatives 

2006 Yousef Naïve Bayes Single training set, 5-CV Undersampling of negatives 

2007 Ng SVM LibSVM grid parameter search, 5-CV None 

2007 Jiang RF OOB estimation Undersampling of negatives 

2008 Yousef SVM, Naïve Bayes, One class (K-
means, Gaussian, PCA, KNN) 

10% holdout repeated 20 times Undersampling of negatives 

2008 Xu Random Walk ranking One-class systems built using 1 - 50 positive training samples None 

2009 Kadri HHMM 10-CV None 

2009 Oulas Profile HMM Boosting (5-fold) on positive only Trained positive-only 

2009 Batuwita SVM outer 5-CV SMOTE to correct training imbalance 

2010 Mathelier Simple filters Manual optimization None 

2010 Ding Ensemble SVM Outer 3-CV Ensemble trained on partitioned negatives 

2010 Zhao SVM Parameter testing from LibSVM Undersampling of negatives 

2011 Han SVM 5-CV Undersampling of negatives 

2011 Wang SVM 5-CV Undersampling of negatives 

2011 Xiao RF 10-CV Undersampling of negatives 

2011 Xuan SVM 5-CV Undersampling of negatives 

2012 Liu SVM Single training set Undersampling of negatives 

2013 Gudys SVM stratified 10-CV ROC-select 

2013 Lertampaiporn Ensemble (4x SVM, 4x RF, 4x KNN) 10 x 5-CV SMOTE 

2013 Shakiba Linear dimensionality reduction Parameter grid searches, 10-CV LDR 

2013 Wei SVM LibSVM grid parameter search, 10-CV Undersampling of negatives 

2014 Zou hierarchical RF 10-CV Bagging through RF 

 

 46 



 

Early miRNA prediction studies make little use of systematic feature selection methods. 

Between 2005 and 2008, no systematic feature selection methods were used, outside of 

testing the inclusion of MFE in a feature set by Jiang et al. [88]. Over time, systematic 

feature selection methods became more popular. This is largely due to the inclusion of many 

MFE-based features and Z-features. The high number of sequence and structure motifs used 

in studies also necessitates systematic feature selection methods. Since 2009, 11 of 16 

studies made use of systematic feature selection methods, including F-score [109], 

clustering [114], information gain [114], genetic algorithms [113], [115], [116], SVM 

weight measurement [117], floating forward search [118], and correlation feature selection 

[113]. No single feature selection method dominates in the field of miRNA prediction. 

Out of the 24 studies, Batuwita et al. [104] were the first to employ a systematic feature 

selection method. Their initial feature set contains 29 global and intrinsic features as 

introduced by Xue et al. [103], and 19 new features which contain several thermodynamic 

metrics. After feature selection, a set of 21 features remains. Much like the data sets 

generated by Batuwita et al., this set of features appears commonly in future studies, with 

five studies using these 21 features in their feature sets. 

Feature sets for miRNA prediction typically contain between 20 and 40 features. 14 out of 

23 feature sets lie within this range. Three studies contain very large feature sets which 

include at least 1000 sequence or structure motifs [105], [106], [117]. Two studies use 

feature sets which contain fewer than 10 features [112], [118]. One study employs a 

feature set containing 98 features [98]. Finally, three studies do not report feature set size 

[87], [108], [119]. 
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Table 4 - Feature set size and selection methods for 24 miRNA prediction methods 

Year Author Total # 
features 

Final # 
features 

Feature selection method 

2005 Nam N/A N/A N/A (HMM) 

2005 Sewer 40 40 None 

2005 Xue 32 32 None 

2006 Yousef > 1000 > 1000 None 

2007 Ng 29 29 None 

2007 Jiang 32+2 32+2 Tested addition of MFEs 

2008 Yousef > 1000 > 1000 None 

2008 Xu 36 36 None 

2009 Kadri NA NA Two alphabets tested 

2009 Batuwita 48 21 Subset selection methods 

2009 Oulas Unknown Unknown Unknown 

2010 Mathelier 5 5 None 

2010 Ding 65 32 F-score 

2010 Zhao 36 36 None 

2011 Han 48 27 Clustering, Info gain 

2011 Wang 124 20 GA 

2011 Xiao 24 24 None 

2011 Xuan 48 22 GA 

2012 Liu 29734 1300 Highest SVM weight 

2013 Gudys 28 28 None 

2013 Lertampaiporn 103 20 3-CV test on many methods. 
Correlation feature selection + 
GA chosen. 

2013 Shakiba 48 7 floating forward search 

2013 Wei 98 98 Subset testing. Deciding on 
full set 

2014 Zou Unknown Unknown RF random feature selection 
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3.3.4 Reporting of Results 

As with many pattern classification problems, the most highly reported results in the field of 

miRNA prediction are those of sensitivity (Sn) and specificity (Sp). These two metrics are 

reported almost universally among miRNA prediction studies, appearing directly in 21 of 24 

studies. The second most commonly used performance metric within the field is accuracy 

(Acc). Acc appears in 11 studies [88], [98], [103], [108], [109], [111], [112], [117], 

[119]–[121], and in two of the studies which do not report Sn and/or Sp directly [103], 

[119]. 

One study makes use of the information retrieval metrics of precision and recall [122] in 

place of the binary classification metrics Sn and Sp. 

Beginning with the microPred study by Batuwita et al. [104], a shift occurred toward 

reporting the geometric mean (GM) of sensitivity and specificity as the primary performance 

result of a miRNA prediction technique. GM is insensitive to class imbalance, which, as 

discussed above, is substantial in miRNA prediction. Therefore it was argued that GM is a 

superior performance metric to the previously used Accuracy metric which is highly sensitive 

to class imbalance. Since its introduction into the miRNA prediction field, GM has seen 

common usage, appearing in 7 of 13 studies in this period [98], [109], [110], [113], [114], 

[116], [118]. In the same period, 7 out of 13 studies reported Acc [98], [109], [112], 

[117], [119]–[121]. Neither Acc nor GM represents a definitive performance metric for 

miRNA prediction, as both are reported equally in recent studies. 

  

 49 



Table 5 - Performance metrics reported by 24 miRNA prediction methods 

Year Author Performance metrics reported 

2005 Nam Sn, Sp of 5-cv; # miRNA predicted and recovered from 
chromosomes 

2005 Sewer Viral pre-miRNA prediction results; Sn, Sp on test set 

2005 Xue Accuracy on test sets 

2006 Yousef Sn, Sp on test sets and hold-out from training sets 

2007 Kwang Sn, Sp, Acc on hold-out human and pooled 

2007 Jian Acc, Sn, Sp, MCC 

2008 Yousef Sn, Sp, MCC 

2008 Xu Precision and Recall (in ~1:2 class imbalance test data) 

2009 Kadri Sn, Sp, MCC, FDR 

2009 Oulas Sn, Sp, Average of Sn/Sp (Acc @ 1:1) 

2009 Batuwita Sn, Sp, GM 

2010 Mathelier ROC curves. AUC, Acc, MCC 

2010 Ding Se, Sp, GM, Acc 

2010 Zhao Acc, Se, Sp 

2011 Han GM, Se, Sp 

2011 Wang Se 

2011 Xiao Se, Sp, Acc 

2011 Xuan Se, Sp, GM 

2012 Liu Se, Sp, Acc, AUC 

2013 Gudys Se, Sp, GM 

2013 Lertampaiporn Se, Sp, GM 

2013 Shakiba Se, Sp, GM, Std 

2013 Wei Se, Sp, GM, Acc 

2014 Zou Acc 

 

3.4 Previous assessments of the state of the art 

Since 2009, a number of review articles have captured the ongoing state of the art of 

computational methods for miRNA, including de novo miRNA prediction. One of the common 
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themes among reviews in this period is a suggestion to improve negative set generation 

methodology. Mendes et al. [53] in 2009 recommend that miRNA prediction models 

consider more strongly “what is not miRNA”. Yousef et al. [96] state that "defining the 

negative class is a major challenge in developing ML [machine learning] algorithms for 

miRNA identification." Li et al. [97] emphasize the negative class, stating "it is usually 

straightforward to select positive examples (e.g., taking the known miRNAs), whereas it is 

harder to construct negative examples." Gomes et al. [95] emphasize data set generation in 

general, saying "a careful choice of positive and negative data sets is crucial". Kleftogiannis 

et al. [94] state that negative set selection is one of the problems that needs solving in 

order to improve accuracy of miRNA prediction, however they feel that "the selection of 

pseudo hairpins is also simple as they can be downloaded from RefSeq genes".  

Outside of negative set generation, there is very little agreement on future directions for 

miRNA prediction. Standardization of data sets, and public availability of data sets, is 

highlighted in two studies [94], [95]. Mendes et al. [53] suggest that a better 

understanding of miRNA biogenesis is needed for improved prediction performance. 

Kleftogiannis et al. [94] suggest that miRNA prediction should be integrated into larger 

pipelines which have web interfaces. Several studies suggest improvements to feature 

selection [94], [97] 

3.5 Discussion of the miRNA prediction state of the art 

In this section we examine several outstanding issues with the state of the art of miRNA 

prediction, which have been reached through our independent assessment of the field. Many 

of these issues stem from the pattern classification approaches chosen by miRNA prediction 

studies, as described above. 
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3.5.1 Redundancy in feature sets 

Feature sets for miRNA prediction are often built using a scattershot approach wherein 

many similar features are proposed and feature selection methods are used to reduce the 

length of the final feature vector. For example, feature sets often contain many features 

which relate to hairpin structure MFE. This technique has produced highly redundant feature 

sets such as the commonly used 21-feature set which formed the basis of the microPred 

classifier. This feature set contains many features which are highly correlated; Figure 8, for 

example, demonstrates the correlation between microPred MFE features 1 and 2. 

 

Figure 8 - Correlation between features MFE1 and MFE2 in widely used microPred 
feature set. Data from microPred positive training set. 

We believe that the dominance of SVM and RF for miRNA prediction is partly due to the 

presence of highly correlated features such as the widely-used MFE features. At the same 

time, standard feature sets are likely suboptimal due to the presence of redundant features. 

We recommend that future miRNA prediction studies take into account feature redundancy 

when choosing feature sets, as this may open the door for more accurate classification using 

methods which underperformed previously. Explicitly handling redundant features may also 
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lead to improved performance using existing methods, as redundant features reduce 

classification performance in the general sense regardless of classifier used [40]. 

3.5.2 Lack of prevalence-corrected reporting 

The estimated real-world class imbalance when predicting miRNA within eukaryote genomes 

is on the order of at least 1:1000. For example, 2588 H. sapiens miRNA have been 

discovered, while the number of hairpins in the H. sapiens genome which meet common 

miRNA criteria is approximately 11 million. Because of this extremely high class imbalance, 

false positive rates of classifiers have a high impact on real-world performance. At 1:1000 

real-world class imbalance, a classifier which operates at 90% specificity can achieve at 

most a 1 in 101 success rate on its predictions (i.e. Pr < .01). Realistically, any miRNA 

prediction experiment must be performed at very high (>99.9%) specificity in order for 

experimental validation of predictions to be feasible. 

The most commonly reported performance metrics among miRNA prediction studies – 

sensitivity, specificity, test-set accuracy, and geometric mean – do not account for real-

world class imbalance. Sensitivity and specificity ignore class imbalance. Test-set accuracy 

reflects performance at the class imbalance of the test set, and not the real-world class 

imbalance. Because test set class imbalance for all miRNA predictors is several orders of 

magnitude lower than real-world class imbalance, optimal accuracy occurs at an operating 

point which is not optimal for experimental validation. 

In regards to real-world applicability, geometric mean – which was introduced as an 

improvement on accuracy for miRNA prediction performance reporting – is much worse than 

test set accuracy. Geometric mean disregards class imbalance completely, and assigns 

essentially equal importance to Sn and Sp even though Sp clearly has a greater impact on 

overall system performance, given the prevalence of the negative class. When optimizing 

for geometric mean, the ideal classifier performance occurs when sensitivity and specificity 
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are equal. For miRNA prediction, harmony between sensitivity and specificity is not a 

reasonable operating point. Small (1%) changes in specificity have a large impact on 

success rates of experimental validation techniques (i.e. precision). Conversely, high 

sensitivity is not a strict requirement for the successful prediction of miRNA: recovering 

even 50% of all miRNA within a genome would be a hugely successful result for a miRNA 

prediction study. For these reasons, current performance metrics for miRNA prediction are 

inadequate. 

In order to encourage the production of classifiers which are tuned for the prediction of 

miRNA in real-world scenarios, we believe that the field of miRNA prediction must shift 

toward prevalence-corrected performance reporting, i.e. the reporting of results at the 

expected class imbalance of real-world data sets. Prevalence-corrected reporting is not 

currently used to report performance in any miRNA prediction study.  

In particular, prevalence-corrected precision and recall curves - common in the field of 

information retrieval where large class imbalances are often seen [123] – are well suited to 

miRNA prediction. These curves plot the recall of a classifier (synonymous with sensitivity) 

against the (prevalence-corrected) precision. Unlike specificity, which measures the chance 

of reporting a pseudo-miRNA as negative, precision measures the chance of a positive 

classification being truly positive. Precision therefore informs a user of miRNA prediction 

software of the success rate one can expect when conducting experimental validation of 

miRNA predictions. The combination of recall and precision allows the user to weigh the cost 

of validation against the number of expected miRNA predictions made. None of specificity, 

accuracy, or geometric mean provides a measure of performance of classification on 

pseudo-miRNA which is directly useful to a user of miRNA prediction software. 

As summary statistics, recall at a precision of 50% (Re@Pr50) describes the performance of 

a classifier at an experimental success rate which is acceptable for validation experiments. 

Recall at 90% precision (Re@Pr90) provides a more conservative estimate of classifier 
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performance which includes only miRNA which are predicted with extremely high 

confidence.  

The use of prevalence-corrected performance metrics is necessary for the development of 

optimal miRNA predictors. Currently, classifiers underperform at real-world class imbalances 

because they are tuned for unrealistic performance metrics. 

3.5.3 Independent analysis of the effectiveness of SMOTE class imbalance 

correction 

Recent publications have shown conflicting results regarding the effectiveness of the SMOTE 

class imbalance correction method for miRNA prediction. Batuwita and Palade demonstrate 

an increase in performance when SMOTE is used to correct class imbalance during the 

training of the microPred classifier [104]. However, Gudys et al. found that the optimal 

training pipeline for their ROC-select meta-classifier does not include SMOTE [110]. We 

believe that class imbalance correction increases performance of miRNA classifiers; however 

the metric of geometric mean does not elucidate this increase in performance because of its 

narrow focus. Figure 9 and Figure 10 detail the performance of two miRNA predictors which 

are trained identically except for the inclusion or exclusion of SMOTE for class imbalance 

correction. These classifiers were trained using the microPred data set and feature set and 

the libsvm classification library [124], then applied to a hold-out data set consisting of 282 

A. carolinensis miRNA from miRbase 19 and 500 A. carolinensis coding region pseudo-

miRNA hairpin loops. 
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Figure 9 - ROC curve demonstrating classifier performance when SMOTE is used 
and when SMOTE is not used for class imbalance correction 

 

Figure 10 - PR-curve corrected for 1:1000 class imbalance demonstrating classifier 
performance when SMOTE is used and when SMOTE is not used for class imbalance 
correction 

In general, performance is increased with the addition of SMOTE. At acceptable real-world 

precision levels, Re@Pr50 is increased by 11.4% and recall at high precision is increased 7-
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fold. However, the peak geometric mean for the classifier – the metric employed by Gudys' 

ROC-select classifier – shows almost no improvement when SMOTE is used. Peak GM is 

0.938 when SMOTE is used, and 0.937 when SMOTE is not used. In spite of increasing 

overall performance of the classifier, SMOTE would be disregarded in this case by a study 

which uses peak GM as a metric, as it increases classifier complexity without improving the 

primary performance metric. 

This experiment demonstrates the narrow applicability of geometric mean as a miRNA 

prediction metric, while also providing evidence in favour of the use of SMOTE for class 

imbalance correction in the field. It is therefore used in all experiments in chapters 5 

through 7 of this thesis. 

3.5.4 Failure of miRNA predictors to generalize to cross-species negative data  

The most commonly used metric for performance of miRNA prediction methods in recent 

years is classifier GM as reported on 10-CV test data. As shown in the previous section, 

optimizing for GM could potentially produce classifiers which perform sub-optimally in the 

general sense. 10-CV experiments use a single data set for training and testing, therefore 

iteratively optimizing one’s 10-CV results is a potential source of overfitting. At the same 

time, emphasis is placed within miRNA prediction on the ability of predictors to achieve high 

cross-species recall – with no regard for cross-species specificity [104], [110]. Because of 

the narrow focus of miRNA prediction performance metrics, miRNA predictors often fail to 

generalize to negative data sets outside of those on which they are trained. 

Figure 11 shows the results of the microPred classifier on independent data sets which 

represent a range of species across taxons. While sensitivity is maintained across all 

species, sensitivity is low, especially on non-human species. Specificity on four of the seven 

test sets is below random, demonstrating a complete failure of the classifier to generalize. 
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Figure 11 - microPred classification results on independent hold-out data sets 
representing multiple species 

3.5.5 Moving to genome-scanning data sets for genome-scale experiments 

Within the field of de novo miRNA prediction, many studies have emphasized the 

development of high-quality negative sets and classification performance within the field has 

benefitted from this increase in data set quality. Data set selection has proven to be a 

crucial step in the miRNA prediction pipeline. However, little attention has been paid to the 

methodology for selecting positive data. MiRNA prediction studies use as positive training 

data known miRNA from databases such as miRBase or miRTarBase, which contain 

experimentally validated miRNA sequences. Negative training data are miRNA-like hairpin 

structures which were extracted from larger genomic regions such as annotated coding 

regions. In other words, the pre-miRNA structures of positive data were created in vivo by 

Drosha, while the pre-miRNA structures of negative data were created in silico by an RNA 

folding algorithm. As illustrated in Figure 12, in silico RNA folding algorithms and in vivo 

RNA cleaving can produce different pre-miRNA sequences which each contain the mature 

miRNA. 
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       ...CUGACUGCCAGGGCACUUGGGAAUGGCAAGGAAACCGUUACCAUUACUGAGUUUAGUAAUGGUAAUGGUUCUCUUGCUAUACCCAGAAAACGUGCCAGGAAGAGAA...

ACUGCCAGGGCACUUGGGAAUGGCAAGGAAACCGUUACCAUUACUGAGUUUAGUAAUGGUAAUGGUUCUCUUGCUAUACCCAGAAAACGUGCCAGGAAGA

CUUGGGAAUGGCAAGGAAACCGUUACCAUUACUGAGUUUAGUAAUGGUAAUGGUUCUCUUGCUAUACCCAGA

AAACCGUUACCAUUACUGAGUU

RNAfold predicted hairpin sequence
Genomic sequence
Mature miRNA sequence
Drosha-cleaved sequence  

Figure 12 - RNA sequences representing miRNA has-mir-451a. The sequence 
which was cleaved by Drosha and the sequence which was predicted by RNAfold 
differ in their start and end positions, however both contain the mature miRNA. 

No real-world experiments use a combination of positive data which are cleaved by Drosha 

and negative data which are computationally generated. For the prediction of unannotated 

genomic data, which we feel is the most pertinent use case of de novo miRNA prediction, all 

test data (i.e. both miRNA hairpins and pseudo-miRNA hairpins) are extracted in a single in 

silico genomic scan which produces candidate regions corresponding to computationally 

predicted hairpin structures. Similarly, in the realm of NGS-based miRNA prediction, both 

miRNA hairpins and pseudo-miRNA hairpins (other types of transcribed RNA which form 

miRNA-like hairpins) are cleaved in vivo and the resulting expressed reads are examined.  

MiRNA prediction models have been trained to differentiate between miRNA which are 

cleaved in vivo by Drosha and pseudo-miRNA which are cleaved in silico by RNAfold. The 

predictive power of these models is in part based on the difference between miRNA 

biogenesis and computational RNA secondary structure prediction. For reasons stated 

above, this predictive power does not apply to real-world data sets.  

In combination with the previously described issues regarding class imbalance and lack of 

generalization, the lack of genome- or transcriptome-specific data sets should be addressed 

in order to provide useful, realistic de novo miRNA prediction pipelines. In particular, the 

need for de novo analysis of unannotated genomes is an important use case because these 
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studies are complementary to deep sequence specific studies using methods such as 

miRDeep. Some recent studies have focused on the development of miRNA prediction in 

genomic data sets [125]–[127], however these studies do not address any of what we feel 

are the most important aspects of genome-wide miRNA prediction. Training data sets 

contain a mixture of Drosha-derived positives and computationally derived negatives; 

performance is measured at unrealistic class imbalances; and performance on negative sets 

outside of training species is not examined. An important step in the advancement of the 

state of the art of miRNa prediction is the development of genome-scanning miRNA 

prediction methods which properly address these issues. A major step toward this goal is to 

observe performance across the complete genomic miRNA prediction pipeline. As shown in 

Figure 13, both extraction of miRNA-like hairpins and classification of these hairpins occur 

within the prediction of a genomic data set, and therefore both of these processes directly 

affect miRNA prediction performance. 
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4 Problem statement 

The purpose of this thesis is to increase number of miRNA which are recovered by miRNA 

prediction experiments, for fixed success rates of experimental validation procedures. The 

following issues with current miRNA prediction techniques are addressed in order to achieve 

this goal: 

1. De novo miRNA prediction methods fail to generalize to hold-out data sets which are 

derived from non-model species. Recent attempts, such as taxon-wide data set 

generation, fail to properly address this issue. Given that a large number of miRNA 

prediction studies are performed on non-model and often unannotated species, the 

generalization of miRNA prediction methods to non-model species is an important 

facet of miRNA prediction performance. This is addressed in Chapter 5 of the thesis. 

2. Current de novo miRNA prediction models are optimized for unrealistic class 

imbalances, resulting in high false discovery rates for genome-wide miRNA studies. 

At the stated specificity levels of existing miRNA prediction methods, false discovery 

rates in genome-wide studies are on the order of 95% or higher. The application of 

metrics which are appropriate to genome-wide experiments stand to improve 

classifier performance on real data sets. Furthermore, these performance metrics 

state classifier performance in terms which are applicable to users of miRNA 

prediction methods. This is addressed in Chapter 5 of the thesis. 

3. Current de novo miRNA prediction studies only analyze a portion of the de novo 

miRNA prediction pipeline. Performance of these methods is measured in classifier 

sensitivity, specificity, and associated metrics. No regard is paid to the performance 

of pre-filtering methods paired to these classification models, whose sensitivity and 

specificity equally inform the performance of a miRNA prediction study. Models which 

analyze the performance of the entire miRNA prediction pipeline could identify 
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additional sources of specificity and sensitivity loss in miRNA prediction, relative to 

current models. This is addressed in Chapter 6 of the thesis. 

4. NGS-based miRNA prediction methods do not incorporate the full range of evidence 

which is available for the classification of miRNA. Current models incorporate small 

numbers of sequence- or expression-based features, apply outdated vectors of 

sequence-based features, or focus solely on single lines of evidence for the prediction 

of miRNA.  Incorporation of all lines of evidence provides the opportunity for optimal 

feature vectors for the prediction of miRNA, and as a result, prediction performance 

can be improved relative to state-of-the-art methods. This is addressed in Chapter 7 

of the thesis. 
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5 A framework for improving microRNA prediction in non-

human genomes 

5.1 Abstract 

In this chapter, we introduce a framework (SMIRP) for creating species-specific miRNA 

prediction systems, leveraging sequence conservation and phylogenetic distance 

information. This framework improves the quality of training data sets for miRNA prediction, 

and addresses the lack of generalization of miRNA predictors during cross-species 

prediction. Prevalence-corrected performance metrics are used to elucidate classifier 

performance at real-world class imbalances. Substantial improvements in recall and 

precision are obtained for four non-human test species when our framework is applied to 

three different prediction systems representing two types of classifiers (SVM and Random 

Forest), based on three different feature sets, with both human-specific and taxon-wide 

training data. The SMIRP framework is potentially applicable to all miRNA prediction 

systems and we expect substantial improvement in precision and specificity, while 

sustaining sensitivity, independent of the machine learning technique chosen. 

This chapter has been adapted from a journal publication which has been published in the 

journal Nucleic Acids Research. 

5.2 Introduction 

As described in section 3.4.4 of this thesis, a major weakness in the field of miRNA 

prediction is that prediction models often fail to generalize to hold-out negative test data 

(see Figure 11). In particular, cross-species hold-out negative sets are absent from many 

studies in the field. Some previous studies have highlighted the need for training data which 

is appropriate for non-human species [110], [112], [113], [125], and attempts have been 
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made to provide models for non-human miRNA prediction. Gudys et al. proposed a 

methodology (HuntMi) for creating taxon-specific training data wherein sequences are 

pooled from many genomes within a broad taxon [110]. They also examined a range of 

pattern classification approaches, concluding that random forests were most effective for 

the feature set proposed in their study [110]. Wu et al. propose the use of similarly multi-

species pooled positive data sets, however they note that this methodology does not 

perform well for all taxa, noting Mycetozoa as a taxon for which insufficient data are 

available for a pooled data set generation approach [125]. Lertampaiporn et al. utilize a 

positive training set which contains pre-miRNA sequences pooled from the genomes of 

Homo sapiens, Arabidopsis thaliana, and Oryza sativa in order to broaden the usefulness of 

their classifier beyond strictly human miRNA studies [113]. While the above measures 

represent important steps toward increasing the accuracy of miRNA prediction in diverse 

species, we here demonstrate that a more advanced framework for species-specific training 

data selection has the potential to vastly improve miRNA prediction accuracy across a range 

of species. This approach is particularly useful for niche species that are of great scientific 

interest due to their genetic uniqueness, but are phylogenetically distant from model 

organisms such as H sapiens which are typically used to create single-species or multi-

species pooled training data. 

While the issue of class imbalance (i.e. the large number of negative sequences vs. true 

miRNAs in a genome) is widely acknowledged [104], [110], [113], [128], and has been 

addressed during training using techniques such as SMOTE [104], [113], [129], it remains 

largely unaddressed in the testing and evaluation of miRNA prediction methods. Therefore, 

as adopted in [122], we introduce in this study precision-recall curves using real-world class 

imbalance levels as a means for comparing performance of miRNA prediction methods. 

Relative to the widely used metrics of geometric mean and Acc, precision-recall curves 

account for the large class imbalance observed in actual genomes (estimated at 1000:1 for 
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most genomes; see below). This performance metric has been adopted in other relevant 

fields, e.g. protein-protein interaction prediction [130], as it quantifies the performance of a 

classifier in terms that are of direct interest to actual users of the method – those who will 

perform follow-up experimental validation of predictors. 

In this study, we present a framework for the dynamic generation of species-specific 

training data, suitable for the creation of highly accurate species-specific miRNA predictors. 

Such a method is particularly needed for newly sequenced species of biological interest and 

for species for which high-quality miRNA data is not already available. This framework can 

be applied to generate training data for any miRNA classification method, including current 

leading methods. Our framework leverages sequence clustering techniques in order to 

produce positive training data representing diverse miRNAs. Selection techniques are 

applied to these clusters to tailor the data set toward any species, with an emphasis on 

those miRNA that appear to be highly conserved. Negative data sets are built using miRNA-

like hairpins from species that are closely related to the target species, providing negative 

training data more likely to resemble those found in the target species. We demonstrate a 

positive correlation between the use of training data from species which are closely related 

to a species of interest and classification performance on a hold-out species, providing clear 

evidence that our species-specific methods successfully leverage phylogenetic information 

for classification. We further demonstrate improved performance of two SVM-based 

classifiers and one random forest-based classifier for miRNA studies on reptile, insect, plant, 

and virus genomes. Trained species-specific miRNA prediction systems and all training and 

test data are freely available at http://bioinf.sce.carleton.ca/SMIRP. As previously 

mentioned, this approach is particularly useful for niche species that are important model 

organisms of study, but suffer from being phylogenetically distant from the model 

organisms that are typically used to create single-species or multi-species pooled training 

data. 
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5.3 Methods 

5.3.1 Framework Overview 

Figure 14 illustrates our proposed framework for constructing species-specific positive and 

negative data sets for training and evaluating miRNA prediction systems. Known miRNA 

sequences are first gathered from multiple species. These sequences are then clustered by 

identity or similarity such that redundant training data are grouped together. A single 

representative sequence is selected from each of the p largest clusters, such that the 

representative sequence derives from the species considered to be most closely related to 

the target species. For example, if studying D. melanogaster, one would prefer training data 

from other insect species to data from human. The resulting sequences are used as the 

positive training data. Negative data are similarly taken from one or more species deemed 

to be closely related to the target species, for which annotated coding regions and ncRNA 

are available.  

Selection of source species for negative training data is performed manually based on 

phylogenetic information from resources such as the NCBI taxonomy browser [131] or that 

provided by miRBase [4]. The SMIRP framework is robust with respect to this selection in 

that performance is generally consistent where negative training data are selected from 

various species within the same family. For example, when a D. melanogaster-specific 

classifier is retrained using negative data from D. simulans instead of D. pseudoobscura, no 

significant or consistent increase in performance is observed (see Figure 15). For all 

experiments performed in this study, species selection for negative training data sets was 

performed manually based on the phylogenetic grouping of the miRBase database. Within 

the lowest ranking taxon containing the target species, the species with the highest number 

of known miRNA was chosen as the training species. 
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Figure 14 - Overview depiction of species-specific training data set generation 
framework. 
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Figure 15 - Comparison of HeteroMirPred-like SMIRP classifier trained using 
negative training data from two different species and tested using D. 
melanogaster. In the precision-recall curve above, the dashed blue curve 
corresponds to D. simulans and the solid red line corresponds to D. 
pseudoobscura. 

5.3.2 Generating Species-specific positive training sets 

Species-specific positive training data sets were built using the miRBase v.19 database [4]. 

This database contains 20982 miRNA sequences across 193 species. Redundant sequences 

and sequences containing non-AGCU characters were removed from the data set, resulting 

in an initial training data set containing 19161 sequences. CD-hit [132] was then used to 

generate clusters of sequences within our initial data set, using a threshold of 80% 

sequence identity. Default CD-hit parameters were used for clustering. 

Using the miRBase sequence data set and the clusters described above, we then developed 

positive training data sets for miRNA classification that were targeted toward the species of 

interest (referred to here as our target species). These data sets were developed as follows:  

1. For a given positive integer p, the largest p clusters were chosen from the CD-hit 

clustering results. Larger values of p provide a larger number of positive data, 

however smaller values of p provide higher-quality data, representing larger families 
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of well-conserved miRNA. Figure 16 demonstrates that our method is largely 

insensitive to this trade-off. Therefore, optimization of the parameter p is not a 

required step in the generation of positive training sets. For the experiments below, 

p was set to match the number of training data used to train either microPred 

(p=692) or HeteroMirPred (p=1000), however larger values of p may be used in 

general. 

2. A representative sequence was chosen from each of the p clusters. For each cluster, 

the representative sequence of the cluster is the sequence which is found in the 

species nearest to the representative species in terms of phylogenetic classification. 

The phylogenetic classifications given within the miRBase database were used to 

classify species for the purpose of representative sequence selection. 

3. In the event of multiple candidate representative sequences within a cluster whose 

species are equally close (phylogenetically) to our target species, the candidate 

sequence whose length is closest to the mean length of sequences within the cluster 

is chosen as the representative sequence for the cluster. 

The resulting positive training data set contains miRNA sequences that are highly conserved 

across species. Because homologs of these sequences have been verified in many species, 

the positive training data set also represents miRNA whose functional annotation is well 

studied. Importantly, no two miRNA sequences are alike with more than 80% identity; 

therefore the data set does not contain redundant sequences. In addition, miRNA sequences 

within the data set are phylogenetically similar to the target species, increasing the 

likelihood of conservation between training data and miRNA to be predicted in unannotated 

target species.  
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Figure 16 - SMIRP classification performance is insensitive to changes in 
parameter p, the number of positive samples used during training data set 
generation. Classification experiments were performed using a HeteroMirPred-like 
classifier and measured on Arabidopsis thaliana hold out test data, using negative 
training data from Arabidopsis lyrata. 

5.3.3 Generating Species-specific Negative Training Data sets 

Negative training data sets for a target species were generated from coding region (exonic) 

sequences and ncRNA sequences of species that are closely related to the target species, 

based on phylogenetic distance. Coding region and ncRNA sequences were retrieved from 

the European Nucleotide Archive [133]. Once data was retrieved, the following steps were 

carried out:  

1. Coding and ncRNA sequence data were combined and formatted into a FASTA format 

which is compatible with the ViennaRNA package [134] 

2. Pseudo-miRNA sequences were extracted from the coding and ncRNA sequence data.  

Pseudo-miRNA sequences are defined as those that fold into a hairpin structure 

containing at least 18 stem pairs and a minimum free energy of at most -15 
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kCal/mol. These folding criteria are commonly used for the determination of miRNA 

hairpin candidates, and are the criteria with which the microPred negative training 

data set was built [103], [104]. The ViennaRNA package is used to predict the 

secondary structure of RNA sequences. 

3. Redundant pseudo-miRNA sequences were removed from the negative training set. A 

pseudo-miRNA sequence was considered redundant if it was a substring of another 

pseudo-miRNA sequence in the negative training set. The user can optionally specify 

that clustering should be also applied to the negative training data, as is done to the 

positive training data. Applying this optional step may affect prediction performance 

depending on the test species; all results below correspond to data sets built without 

using this option. A subset of candidate hairpin sequences of size n was chosen at 

random from the full list of sequences. 

The resulting negative training sets contain n pseudo-miRNA sequences, which are derived 

from coding regions and ncRNA of a close relative to the target species. 

5.4 Results 

5.4.1 Demonstrating effectiveness of framework 

To demonstrate the effectiveness of our proposed species-specific data set generation 

framework, it was applied to four diverse target species representing four distinct phyla: 

Anolis carolinensis, Drosophila melanogaster, Arabidopsis thaliana, and Rhesus 

lymphocryptovirus. We refer to these four target species as ‘hold-out test species’. For each 

hold-out test species, we first generated species-specific positive and negative training sets 

for which data from the hold-out test species is withheld (i.e. we pretend that no sequence 

annotation is available for the target species). Testing data sets for each of the hold-out test 

species were extracted based on the withheld (known) annotations (i.e. true miRNA & 

exonic hairpin regions). In order to demonstrate the broad applicability of our framework, 
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we have applied it to both the widely cited microPred classification pipeline [104] and the 

newer HeteroMirPred classification pipeline [113]. Training sets generated by our framework 

are compared against equivalent data sets using human-only data (as used in [104]), and 

multi-species pooled data (as used in [110], [113], [125]). In all cases, the species-specific 

training data generated by our framework leads to substantial and consistent performance 

gains. Each step of this evaluation procedure is described in detail in the following sections. 

5.4.2 Hold-out Test Species Data sets 

 
Table 6 - Hold-out data sets used for testing of species-specific data set 
generation 

Species Size of positive  
hold-out data set 

Size of negative  
hold-out data set 

Anolis carolinensis 282 500 
Drosophila melanogaster 237 443 
Arabidopsis thaliana 298 500 
Rhesus lymphocryptovirus 35 86 

 

Positive and negative hold-out species data sets were generated for each of our four hold-

out test species. The four positive test sets consist of all pre-microRNA sequences present in 

miRBase v.19 for the given hold-out test species. Corresponding negative test sets were 

built using the negative set generation method described in the methods section; data was 

retrieved from the hold-out species genome. For species where an abundance of negative 

test data was present, the data set size parameter n was set to 500. The number of 

sequences in each of the positive and negative hold-out sets can be seen in Table 6. 

5.4.3 Reference Training Data sets 

We compared our species-specific training data sets with the training data sets used in the 

microPred and HeteroMirPred studies. These two data sets represent human-only training 

data and pooled multi-species training data, respectively. 
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MicroPred Training Data set. The microPred training data set, available at 

http://www.cs.ox.ac.uk/people/manohara.rukshan.batuwita/microPred.htm, has become a 

de-facto standard for the training of microRNA prediction methods, having been used in 

numerous studies since it was introduced in 2009 [104], [110], [113], [114], [116], [121]. 

This data set contains 691 human pre-miRNA sequences, as well as 9248 pseudo-miRNA 

hairpin candidates that appear in human coding regions and human ncRNA regions. 

HeteroMirPred Training Data set. The HeteroMirPred training data set was not made 

publicly available, therefore we have re-created the data set using the parameters described 

by Lertampaiporn et al. [113]. The original positive training data set consists of 1000 

randomly selected non-redundant pre-miRNA – 600 from the H. sapiens genome, 200 from 

the O. sativa genome, and 200 from the A. thaliana genome. Because A. thaliana is one of 

the species used in our hold-out test sets, our re-creation of the HeteroMirPred data set 

uses Glycine max pre-miRNA in place of A. thaliana pre-miRNA. 

While not explicitly stated in the study by Lertampaiporn et al., the negative set used to 

train the HeteroMirPred classifier is likely to be the same negative set used to train the 

microPred classifier. We believe this to be true since the two data sets have the same 

number of coding region sequences and ncRNA sequences, and the negative set generation 

methodology described by the two studies implies that this is the case. Therefore, we have 

used the microPred negative training set in our recreation of the HeteroMirPred training data 

set. 

5.4.4 Species-specific Training Data sets 

For each hold-out test species, the framework described above was applied to create 

species-specific training data sets. Positive data were selected with preference to samples 

from species which are phylogenetically similar to each of the hold-out species. Negative 

data were selected from species that were closely related to the hold-out test species, as 
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follows: Xenopus tropicalis for the hold-out species Anolis carolinensis, Drosophila 

pseudoobscura for Drosophila melanogaster, Arabidopsis lyrata for Arabidopsis thaliana, and 

Epstein Barr virus for Rhesus lymphocryptovirus. In order to ensure a fair comparison 

between existing training data sets and species-specific training data sets, the numbers of 

positive and negative patterns used in the species-specific data sets (p and n, respectively) 

match the number of positive and negative patterns used in the respective existing training 

set. Species-specific training sets based on the microPred classifier use p=692 and 

n=10000, while species-specific training sets based on the HeteroMirPred classifier use 

p=1000 and n=10000. Minority class data sets were oversampled using SMOTE [43] such 

that positive and negative training data sets contained the same number of samples. 

5.4.5 Model Classifiers 

We demonstrate the applicability of our data set generation method using local 

implementations of the microPred and HeteroMirPred classifiers as published in [104] and 

[113], respectively. The microPred and HeteroMirPred classifiers had to be implemented 

locally since the original implementations were unsuitable for our experiments because they 

do not produce prediction confidence results (only binary predictions), and therefore cannot 

be analyzed using precision-recall or ROC curves. We have therefore generated SVM 

classifiers, following the feature set and training protocol used in the original reports, using 

the LibSVM library [124]. SVM hyperparameters found to be optimal over the reference data 

sets (microPred and HeteroMirPred) were used for all species-specific classifiers. 

5.4.6 Classifier test protocol 

For each hold-out test species, species-specific training data sets were compared with their 

respective human-specific and pooled training data sets on microPred and HeteroMirPred-

like classifiers using the following protocol: 
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 Training data sets were stratified into 10 equal subsets, as in an outer 10-fold cross-

validation experiment. A classifier was then produced for each training set, such that each 

classifier was trained on 90% of the total training data. Normalization of features was 

performed on each training data set independently, using the LibSVM feature scaling 

algorithm [124]. Each classifier was then used to predict the complete hold-out species test 

data set, thereby providing ten estimates of classification performance. The total 

performance of the 10 classifiers on the hold-out data set was used as a measure of the 

effectiveness of the training set on which the 10 classifiers were trained. The same test 

procedure was used for both species-specific training data sets and reference training data 

sets. 

5.4.6.1 Measuring performance of targeted species-specific models on hold-

out data sets 

We compare the performance of our species-specific training data generation approach with 

the approaches of the microPred and HeteroMirPred classification studies using the metrics 

of precision and recall. Since the class imbalance in our test data is not necessarily reflective 

of the actual degree of imbalance expected when the classifier is applied to a complete 

genome, we use the prevalence-corrected precision and recall as our primary metrics. 

Relative to the geometric mean and Acc metrics commonly used in the field of microRNA 

prediction, precision and recall better elucidate real-world performance for de novo miRNA 

experiments, where large class imbalances are expected, as these metrics operate at the 

expected class imbalance for a given classification problem.  

Actual class imbalance in genome-wide miRNA prediction experiments varies based on the 

genome used. Within eukaryotic genomes we estimate the real-world class imbalance in 

microRNA prediction experiments to be approximately 1000:1 in favour of the negative 

class. This is considered to be a conservative estimate, as the relatively compact D. 

melanogaster genome contains approximately 800,000 non-redundant hairpin structures 
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which satisfy conditions for miRNA candidacy, while the number of microRNA in this genome 

is only 466 as of miRBase v.20 [4] resulting in a ratio of 1716:1. Similarly, the H. sapiens 

genome contains approximately 11,000,000 hairpin structures [135] and 2578 miRNA as of 

miRBase v.20 (ratio of 4267:1). Therefore, in the calculation of precision and recall within 

eukaryotic genomes, we set r to 1000, representing a 1:1000 class imbalance. Similarly, we 

estimate the class imbalance of de novo miRNA prediction within smaller viral genomes to 

be 1:100, and set the r value to 100 in accordance with this estimate. 

5.4.7 Experimental results 

Figure 17  presents the precision-recall curves for microPred-like classifiers trained on 

species-specific training data and human-specific training data as the classifier decision 

threshold varies from permissive to conservative. Figure 18 presents equivalent precision-

recall curves for HeteroMirPred-like classifiers trained on species-specific training data and 

multi-species pooled training data. In all precision-recall curves, the dashed red curve 

indicates prediction using a reference training set, while the solid blue curve indicates the 

tailored species-specific approach developed in this study. MiRNA predictions were carried 

out for Anolis carolinensis, Arabidopsis thaliana, Drosophila melanogaster and Rhesus 

lymphocryptovirus. As can clearly be seen in these figures, our species-specific approach 

provides a consistent and substantial boost in recall for a wide range of precision values for 

all four test species. 
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Figure 17 - Comparison of species-specific training data with human-specific data 
on microPred-like models. 
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Figure 18 - Comparison of species-specific training data with human-specific data 
on HeteroMirPred-like model. 

In order to provide useful summary metrics for miRNA classification, we also report recall 

rates at the 90% and 50% precision levels, representing the number of near-guaranteed 

predictions made by the classifier (90% precision), and the portion of true miRNA expected 

to be recovered when operating at a typical acceptable experimental validation rate (50% 

precision). Table 7 and Table 8 summarize the recall rates of microPred-like classifiers 

trained on species-specific training data and the default microPred human training data, at 
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training sets increases the recall rate at 90% precision by 152.3% and the recall rate at 

50% precision by 199.9%. 

Table 7 - Recall at 90% precision, human-specific and our tailored species-specific 
training data using the microPred-like classifier. 

Hold-out test species Human-specific 
training data 

Species-specific  
training data 

Increase  
in recall (%) 

Anolis carolinensis 0.254 0.583 130 
Drosophila melanogaster 0.094 0.311 231 
Arabidopsis thaliana 0.360 0.583 61.9 
Rhesus lymphocryptovirus 0.158 0.453 187 

 
Table 8 - Recall at 50% precision, human-specific and our tailored species-specific 
training data using the microPred-like classifier. 

Hold-out test species Human-specific 
training data 

Species-specific  
training data 

Increase  
in recall (%) 

Anolis carolinensis 0.262 0.695 165 
Drosophila melanogaster 0.094 0.497 429 
Arabidopsis thaliana 0.370 0.588 58.9 
Rhesus lymphocryptovirus 0.208 0.514 147 

 
Table 9 and Table 10 summarize analogous data using a HeteroMirPred-like classifier. 
Consistent with the results for the microPred-like classifier, substantial increases are 
observed for our proposed species-specific approach; on average, the recall rate at 90% 
precision is increased by 533.2% and recall rate at 50% precision is increased by 396.1%. 

Table 9 - Recall at 90% precision, pooled training data and our tailored species-
specific training data using the HeteroMirPred-like classifier 

Hold-out test species Pooled 
training data 

Species-specific  
training data 

Increase  
in recall (%) 

Anolis carolinensis 0.215 0.611 184 
Drosophila melanogaster 0.036 0.634 1660 
Arabidopsis thaliana 0.260 0.767 195 
Rhesus lymphocryptovirus 0.325 0.625 92.3 
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Table 10 - Recall at 50% precision, pooled training data and our tailored species-
specific training data using the HeteroMirPred-like classifier 

Hold-out test species Pooled 
training data 

Species-specific 
training data 

Increase  
in recall (%) 

Anolis carolinensis 0.232 0.620 167 
Drosophila melanogaster 0.051 0.639 1150 
Arabidopsis thaliana 0.285 0.781 174 
Rhesus lymphocryptovirus 0.325 0.629 93.5 

 

A test of significance was applied to each “Increase in recall” result in Table 7, Table 8, 

Table 9, and Table 10. For each pair of SMIRP and reference classifiers, a distribution of 

increases in recall expected under the null hypothesis (H0: there is no significant difference 

in achievable recall between the two methods) was computed at both the 50% and 90% 

precision levels. These distributions were formed by repeatedly (N=10,000) pooling the 

prediction scores from the two methods and drawing pseudo-samples labelled as SMIRP and 

reference. The null hypothesis was enforced by randomly permuting the SMIRP and 

reference classifier score within each row/sequence. Row ordering was preserved resulting 

in a paired (matched) experiment design. For each pair of pseudosamples, the increase in 

recall was recorded. P-values were then computed for the actually observed increases in 

recall. All results in all four tables were found to be significant at the p<0.01 level except for 

the Re@Pr50 results for Rhesus lymphocryptovirus in Table 8 and Table 10. 

Table 11 and Table 12 present the number of miRNA recovered using our pipeline which do 

and do not share sequence similarity (80% or greater) with training data. Of the hold-out 

miRNA recovered by our microPred-like and HeteroMirPred-like classifiers, 60.6% and 

59.6% do not share significant similarity with any of the training data. Therefore, SMIRP is 

capable of predicting miRNA which are not homologous to existing miRNA. 
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Table 11 - Average number of miRNA recovered at 50% precision which are and 
are not, homologous to training data (MicroPred-like classifier). Here, homology is 
defined as 80% sequence identity or higher. 

Hold-out test species Number of 
miRNA 

recovered 

Homologous to 
training data 

Not 
homologous 
to training 

data 
Anolis carolinensis 196 87 109 
Drosophila melanogaster 118 73 45 
Arabidopsis thaliana 175 39 136 
Rhesus lymphocryptovirus 16 0 16 

 
 
Table 12 - Average number of miRNA recovered at 50% precision which are, and 
are not, homologous to training data (HeteroMirPred-like classifier). 

Hold-out test species Number of 
miRNA 

recovered 

Homologous to 
training data 

Not 
homologous 
to training 

data 
Anolis carolinensis 175 94 81 
Drosophila melanogaster 152 76 76 
Arabidopsis thaliana 232 65 167 
Rhesus lymphocryptovirus 22 0 22 

 

5.4.8 Effect of phylogenetic distance on classification performance 

In order to elucidate the effect of phylogenetic similarity within positive and negative data 

sets, we have performed additional classification experiments on the A. thaliana hold-out 

set. In each of these experiments, we varied the phylogenetic similarity between the hold-

out species and our positive and negative training sets. Seven training data sets were 

generated, for which the following phylogenetic groups (clades) were removed: genus A 

thaliana, family Arabidopsis, order Brassicaceae, clade Eurosids II, clade Rosids, clade 

Eudicots, kingdom Plantae. Negative training data sets were built using the following 

representative species, respectively: A. lyrata, B. napus, T. cacao, C. melo, O. sativa, P. 

patens and H. sapiens. Figure 19 demonstrates a clear inverse correlation between 
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classification performance and phylogenetic distance between training data and hold-out 

test data.  

 

Figure 19 - Recall at 50% Precision on A. thaliana hold-out test set, as 
phylogenetic distance between training data and A. thaliana is systematically 
increased.  X-axis labels describe the phylogenetic group which was withheld 
during training data set generation. 

This result serves to validate SMIRP’s underpinning hypothesis, in that training data should 

be taken preferentially from species as closely related to the target species as possible. 

5.4.9 Application of SMIRP to random forest classifiers 

In order to demonstrate the applicability of SMIRP across multiple classifier types, we have 

compared the SMIRP data set generation technique with the taxon-specific data set 

generation approach of HuntMi [110] for the training of random forest classifiers. The 

HuntMi feature set, which contains the 21 microPred features and 7 additional features, was 
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used for this experiment. Random (decision) forest classifiers were trained using the scikit-

learn [136] python library. Classifier hyperparameters were set to default values, with the 

exception of the number of trees which was set to n=500. This high number of trees allows 

for more fine-grained classification confidence results relative to the lower default value of 

n=10 since confidence is derived from the voting results among n individual trees. 

Classifiers were trained using the SMIRP species-specific data sets described above, and 

also using taxon-specific data sets representing animals, plants, and viruses (as appropriate 

to each test hold-out species). Taxon-specific positive data sets contain all experimentally 

validated miRNA from miRBase version 19 for the respective taxon, excluding that of the 

hold-out species. Taxon-specific negative data sets are those provided by HuntMi [110]. 

Each of these classifiers was then tested on the hold-out species test sets described above. 

As demonstrated in Figure 20, species-specific data sets outperform the taxon-specific data 

sets by a large margin for all four hold-out species across all three major taxa. Importantly, 

since these experiments involve random forests, as opposed to SVMs used elsewhere in this 

manuscript, these results also demonstrate the applicability of the SMIRP framework to 

microRNA prediction studies, regardless of machine learning approach. Performance of the 

HuntMi data set generation methodology is lower than other existing methods, microPred 

and HeteroMirPred, on all four hold-out species data sets. This is likely due to the negative 

set generation methodology used in the training of the HuntMi method, wherein less 

stringent conditions were placed on pseudo-miRNA sequences.  
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Figure 20 - Comparison of species-specific training data with taxon-specific data 
on HuntMi-like models. In all precision-recall curves, the dashed red curve 
indicates HuntMi-like prediction using a taxon-wide-trained model, while the solid 
blue curve indicates the SMIRP species-specific approach developed in this study. 
In panels C and D, the dashed-red curve appears to follow the x-axis due to 
scaling; the precision of these classifiers is in fact non-zero. MiRNA predictions 
were carried out for Anolis carolinensis, Arabidopsis thaliana, Drosophila 
melanogaster and Rhesus lymphocryptovirus. 

5.4.10 Results of genome-wide B. glabrata miRNA prediction 

We applied the SMIRP data set generation framework along with the HeteroMirPred-like 

classifier to the unannotated B. glabrata (snail) genome with the goal of predicting novel 
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miRNA. SMIRP was used as described above, using p=600 and n=10000. L. gigantean was 

used as the negative reference species. Classification was performed using the libsvm 

library and the HeteroMirPred feature set. Using the SMIRP framework, 202 miRNA were 

discovered within the B. glabrata genome. Of these, 107 miRNA are novel, and a significant 

portion of these novel miRNA were found to target genes involved in cellular processes 

specific to snail, such as secretory mucal proteins and shell formation. These results 

demonstrate the ability of SMIRP to predict a large number of novel miRNA within the 

unannotated genome of a non-model species. 

5.4.11 Results of genome-wide P. polycephalum miRNA prediction 

Using the SMIRP framework, we created a miRNA prediction tool specific to P. polycephalum 

which was able to successfully identify 48 pre-miRNA (2 conserved and 46 novel) and 

associated mature miRNA from P. polycephalum.  SMIRP was used as described in this 

thesis, using p=600 and n=10000.  Dictyostelium discoideum was used as the negative 

reference species. Classification was performed using the libsvm library and the 

HeteroMirPred feature set. Of the 17 currently annotated precursor miRNA for Dictyostelium 

discoideum, no homology was found with any miRNA annotated from the P. polycephalum 

genome. 

5.5 Conclusions 

Currently, state-of-the-art methods for microRNA prediction do not provide adequate 

specificity for the efficient discovery of novel miRNA during genome-scale experiments on 

unannotated genomes. These novel miRNA discovery experiments are performed in the 

presence of very high-class imbalance (typically on the order of 1000 negative hairpin 

regions per one true positive miRNA), and experimental validation of positives is costly and 

time-consuming. As a result, very high precision and specificity are demanded of classifiers, 

and current efforts that are often tuned to maximize the geometric mean of sensitivity and 
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specificity do not meet this demand. Furthermore, we have demonstrated that specificity of 

microRNA prediction decreases substantially when classifiers are asked to make miRNA 

predictions on species dissimilar to the species on which they were trained. 

In order to provide precise classification of microRNA in unannotated genomes potentially 

distant from model species, we have introduced a framework for species-specific miRNA 

classification, which increases prediction performance for arbitrary species. This framework 

dynamically produces classification models for the test species under study. Positive training 

sets are produced through a two-step filtering process on the set of all available microRNA 

sequences from multiple species: 

1. Generate clusters of miRNA based on sequence identity or similarity. The largest 

such clusters are representative of a large number of highly confident miRNA that 

are conserved across species. 

2. Select a representative miRNA from the largest clusters. Selection is based on 

phylogenetic similarity to the target species, increasing likelihood of conservation 

between representative miRNA and target species. In addition, selection of a single 

miRNA from each cluster ensures that the positive training set contains no redundant 

miRNA. 

Negative training sets are built using coding regions and ncRNAs from annotated genomes 

of species that are closely related to the target species. As with the positive training sets, 

selection of closely related species here increases the likelihood of sequence conservation 

between the negative training set and the target genome. 

We have demonstrated that SMIRP, our species-specific data set generation framework, 

provides a dramatic increase in classifier performance relative to the human-specific data 

set generation method of the microPred study [104], as well as the multi-species pooled 

data set generation method of the HeteroMirPred study [113] and the taxon-specific method 

of HuntMi [110]. This increase in performance holds across four distinct hold-out species 
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representing four distinct phyla. By reporting precision at realistic class imbalance levels, 

our tests reflect the high-specificity operating points which are required during genome-

wide microRNA prediction studies. Relative to pooled (HeteroMirPred) or human-specific 

(microPred) data set generation methods, SMIRP results in a 4x increase in recall when 

demanding a precision of 90% (i.e. 4x more true miRNA are identified while expecting 90% 

of predicted miRNA to be true). Consistent increases in classification performance were 

observed when using both SVM and random forest classifiers indicating the broad 

applicability of the SMIRP framework. We have demonstrated that SMIRP-based classifiers 

are able to predict novel miRNA, without homology to training data. Applying this method to 

the unannotated genome of B. glabrata (snail), 202 miRNA were discovered, of which 107 

were novel and many of these are snail-specific. Within the unannotated P. polycephalum 

(slime mold) genome, 48 miRNA were discovered, 46 of which were novel. SMIRP can be 

applied to any existing or future microRNA prediction method, providing increased 

classification performance for all experiments on unannotated genomes. 

The four pre-trained microPred-like and HeteroMirPred-like species-specific miRNA 

prediction systems evaluated in this study are available as Species-specific MIRna Predictors 

(SMIRP), at http://bioinf.sce.carleton.ca/SMIRP. We expect that these four classifiers will be 

useful for other closely related species. For example, the A. thaliana classifier is likely to be 

more effective for predicting miRNA in other plant species than would be the default human-

only or multi-species pooled classifiers. Furthermore, all software for preparing species-

specific data sets is available in open source at http://bioinf.sce.carleton.ca/SMIRP, as well 

as the training and testing data used in this study. 
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6 A comprehensive evaluation framework for de novo 

miRNA prediction reveals that updated free energy 

parameters increase microRNA prediction performance 

6.1 Abstract 

In this chapter, we introduce a novel comprehensive evaluation framework for the analysis 

of de novo miRNA prediction methods. This framework considers the performance of both 

pre-filtering and classification stages of miRNA prediction pipelines. This framework is highly 

applicable to genome-wide miRNA discovery experiments, wherein large genomic sequences 

must be scanned using a pre-filtering algorithm prior to classification of candidate miRNA, 

and any miRNA which fail to be retrieved during pre-filtering are excluded from further 

analysis. Using this framework, we demonstrate that current de novo miRNA prediction 

methods, which use outdated RNA folding free energy parameters during pre-filtering, often 

fail to retrieve true miRNA from larger genomic sequences. By updating free energy 

parameters for RNA folding, de novo miRNA prediction is improved substantially, a result 

which is only measurable using the comprehensive evaluation framework described in this 

chapter. 

This chapter has been adapted from a conference publication which was presented under 

the same title at IUPESM 2015 World Congress on Medical Physics & Biomedical 

Engineering. 

6.2 Introduction 

The computational prediction of RNA structure is the main method by which genomic 

sequences are determined to be suitable candidates for miRNA prediction [98], [103], 

[104], [113]. In particular, sequences which fold into stable hairpin structures of 
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approximately 70-120nt in length are considered for miRNA prediction. Sequences which do 

not conform to typical miRNA-like hairpin structures are discarded from further 

consideration before evaluation by the primary miRNA prediction module. This pre-filtering 

step is widely used in both de novo miRNA prediction methods [104] and NGS-based miRNA 

prediction methods [15].  

Such pre-filtering is necessary to partially address the rarity of miRNA among all genomic 

sequence (roughly estimated to account for only 0.01% of the genome by length). Often, 

highly conservative pre-screening steps are required in order to limit the false discovery 

rate among predicted miRNA. Currently, miRNA prediction performance is typically 

measured only on those positive and negative sequences passing the pre-filtering criteria. 

In this way, the impact of the pre-filtering stage itself is completely ignored. An overly 

conservative pre-filtering stage will limit overall system recall, while an overly permissive 

pre-filtering stage will lead to high class imbalance and increased false positive predictions. 

The pre-filtering stage also has an impact on the training of miRNA classifiers, since training 

data include only those sequences passing the pre-filtering stage. Improving the quality of 

pre-filtering will lead to an increase in the number of genomic regions correctly identified as 

miRNA-like hairpin structures, increasing in turn the sensitivity of miRNA prediction 

methods. In this chapter, a comprehensive evaluation framework is developed that 

examines the overall classification performance of the system, including the pre-screening 

stage. This framework addresses a weakness in the methodology of current miRNA 

prediction studies which employ such pre-filtering steps but fail to include the effect of pre-

filtering on overall system performance, instead only reporting classification performance 

over those putative miRNA that pass the pre-filtering stage. 

While there is no universally accepted standard among miRNA pre-filtering algorithms as to 

what constitutes a miRNA-like hairpin structure [110], [113], one commonly used definition 

is a sequence which, when folded by the ViennaRNA RNAfold package [134], produces a 
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hairpin structure with at least 18 paired bases, and a minimum free energy (MFE) of at 

most -15.0. This definition was introduced by Xue et al. in 2005 [103] and continues to be 

used in many modern miRNA prediction studies (e.g. [113]). For example, the microPred 

data set, which is the most widely used data set for training and testing of miRNA prediction 

methods, uses this definition of miRNA-like hairpin [104]. 

During implementation of the above pre-filtering criteria for miRNA-like hairpin structures, 

the RNAfold algorithm, as packaged in ViennaRNA version 1.8.5 (here referred to as 

RNAfold185), is used to identify hairpin structures and determine their MFE. ViennaRNA 

1.8.5 uses the Turner 99 energy parameters in order to calculate MFE [134]. ViennaRNA 2.0 

and onward use the newer Turner 2004 energy parameters, which more accurately model 

RNA folding [92]. Although the use of accurate RNA folding energy parameters has been 

shown to improve the overall effectiveness of RNA studies [137], ViennaRNA 2.0 has yet to 

be used in the context of miRNA prediction and the resulting effect of the updated energy 

parameters is unknown. 

In this chapter, we leverage the novel comprehensive evaluation framework described 

previously in order to demonstrate that the use of RNAfold, as implemented in ViennaRNA 

version 2.1.8 (RNAfold218), in the identification of candidate miRNA-like hairpin structures 

is superior to the widely used RNAFold185. We show that RNAfold218 identifies more 

experimentally verifiable miRNA relative to RNAfold185, increasing the maximum possible 

sensitivity of miRNA classification. Furthermore, we demonstrate that the resulting miRNA 

prediction performance is substantially improved overall. We expect that all machine 

learning methods which rely on RNA structure prediction will benefit from updating to 

RNAfold218, however retraining of the classification models will be required. 
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6.3 Methods 

6.3.1 Overview of the comprehensive evaluation framework for de novo miRNA 

prediction 

In order to quantify the effect of both the pre-filtering and classification stages of de novo 

miRNA prediction pipelines, we have developed the following comprehensive evaluation 

framework which models miRNA prediction performance within an unannotated genome. 

Figure 21 shows an overview of the test framework pipeline; details of each step within the 

pipeline are described in the following sections. 

6.3.1.1 RNA sequence data sets 

Our test framework makes use of the following RNA sequence data sets within its pipeline. 

Details on the collection and curation of these data sets can be found in section 6.3.2. 

• All experimentally validated pre-miRNA sequences for a given species 

• All experimentally validated mature miRNA sequences for the given species 

• Sequence data retrieved from the genome of the given species, representing all 

experimentally validated pre-miRNA sequences, with the addition of 30bp of 

upstream and downstream flanking sequence surrounding each pre-miRNA 

• A set of complete protein coding region sequences for the given species 

• Sample genomic data for the given species, consisting of one contiguous genomic 

sequence chosen at random from one of the given species’ chromosomes 
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6.3.1.2 Extraction of miRNA-like hairpin sequences 

MiRNA-like hairpin sequences are extracted from the pre-miRNA genome region sequences, 

coding region sequences, and the genomic data sample using the RNALfold algorithm [92] 

as implemented in either the ViennaRNA 1.8.5 or the ViennaRNA 2.1.8 package. A single set 

of hairpin extraction parameters (e.g. maximum distance between paired bases, number of 

paired bases required in hairpin structure, maximum allowed secondary structure free 

energy) are used for hairpin extraction within all three data sets. This step of the framework 

simulates the pre-filtering step of a de novo miRNA prediction pipeline using the hairpin 

extraction parameters supplied to the framework. Extraction of hairpins from pre-miRNA 

genome region sequences provides positive training and test data for the classification stage 

of the pipeline; extraction of hairpins from coding region sequences provides negative 

training and test data for the classification stage of the pipeline; and extraction of hairpins 

from the sample genome region is used to estimate the number of hairpins which would be 

extracted from the genome using the input hairpin extraction parameters.  

Note that multiple hairpin structures can be extracted from a single pre-miRNA, and a single 

pre-miRNA region may contain multiple mature miRNA (one on each arm of the 

stem/duplex). 

6.3.1.3 Development of positive training data (comparison of extracted 

hairpins to known miRNA) 

In the previous stage, hairpin extraction was performed on genomic regions surrounding 

known miRNA hairpins. The hairpin extraction step resulted in a set of hairpin structure 

sequences which, ideally, coincide perfectly with the known pre-miRNA hairpins within each 

region. In this stage of the framework, the recall of this pre-filtering hairpin extraction 

method is evaluated. The extracted hairpins are compared to the actual hairpin sequences 

associated with the known miRNA in order to determine what proportion of known miRNA 
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are successfully captured by the hairpin extraction method. We define this metric as the 

Pre-filtering Recall, which is calculated using the following formula: 

𝑇𝑇𝑃𝑃𝑃𝑃-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑃𝑃𝑃𝑃𝑓𝑓𝑆𝑆𝑓𝑓 𝑅𝑅𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 =  
# 𝑘𝑘𝑆𝑆𝑘𝑘𝑘𝑘𝑆𝑆 𝑚𝑚𝑓𝑓𝑅𝑅𝐹𝐹𝐴𝐴 𝑃𝑃𝑃𝑃𝐴𝐴𝑘𝑘𝑟𝑟𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟 𝑏𝑏𝑏𝑏 𝑆𝑆𝑃𝑃𝑃𝑃-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑃𝑃𝑃𝑃𝑓𝑓𝑆𝑆𝑓𝑓
# 𝑚𝑚𝑓𝑓𝑅𝑅𝐹𝐹𝐴𝐴 𝑃𝑃𝑃𝑃𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆𝑟𝑟 𝑃𝑃𝑒𝑒𝑅𝑅𝑚𝑚𝑓𝑓𝑆𝑆𝑃𝑃𝑟𝑟 𝑏𝑏𝑏𝑏 𝑆𝑆𝑃𝑃𝑃𝑃-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑃𝑃𝑃𝑃𝑓𝑓𝑆𝑆𝑓𝑓

 

The Pre-filtering Recall estimates the upper bound on recall which is achievable by the full 

de novo miRNA prediction pipeline, assuming perfect recall within the classification stage of 

the pipeline. 

In order to determine the success of an extracted hairpin in capturing a corresponding 

known pre-miRNA, we check each extracted hairpin for the presence the complete known 

mature miRNA in the pre-miRNA sequence. This is justified since the presence of full mature 

miRNA is a necessary condition for the experimental validation of a miRNA prediction. In the 

case of multiple mature miRNA within a pre-miRNA region, both mature regions must 

present within the extracted hairpin region. 

In addition to the determination of pre-filtering recall, the set of positive training and test 

data for use during the classification stage of the de novo miRNA prediction pipeline is built 

during this step of the framework. The set of positive data is taken as the subset of 

extracted hairpin regions which coincided with their corresponding known miRNA. In the 

event that multiple hairpin structures from a single pre-miRNA genome region contain all 

mature miRNA for a given pre-miRNA, the hairpin with the lowest minimum free energy is 

selected for use in the positive training and test data set. 

6.3.1.4 Development of negative training data set 

The negative training and test data for use during the classification stage of our framework 

consist of hairpins extracted from the coding region data set using the pre-filtering method 

described in section 6.3.1.2. Redundant hairpin sequences (those which share 100% 

identity with other negative hairpins which are at least as many base pairs) were removed 
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from the negative training and test data set. In the event that more than 10,000 non-

redundant hairpins are extracted from the coding region data set, 10,000 hairpins are 

chosen at random to form the negative training data set. If 10,000 or fewer hairpins are 

extracted, the negative training data set consists of all hairpins extracted from the coding 

region data set. The value 10,000 was arbitrary, but found to be reasonable in Chapter 5. 

6.3.1.5  Estimation of the number of hairpins in genome and class imbalance 

In order to estimate the total number of hairpins which would be extracted from a genome 

during the pre-filtering stage of a de novo miRNA prediction pipeline, we apply the pre-

filtering stage to a subsample of the genome (described in section 6.3.1.1). These results 

are then extrapolated to the full genome. The number of hairpins extracted from the 

subsample is multiplied by the ratio of the number of nucleotides in the genome to the 

number of nucleotides in the sample region. This subsampling heuristic is employed to limit 

the computational requirements of hairpin extraction over large genomic data sets. 

Once the number of hairpins extracted from the genome is estimated, the class imbalance 

resulting from the positive and negative data passing the pre-filtering stage is estimated 

using the following formula: 

𝐶𝐶𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟 𝑓𝑓𝑚𝑚𝑏𝑏𝑅𝑅𝑓𝑓𝑅𝑅𝑆𝑆𝐴𝐴𝑃𝑃 =  
𝑃𝑃𝑟𝑟𝑓𝑓𝑓𝑓𝑚𝑚𝑅𝑅𝑓𝑓𝑃𝑃𝑟𝑟 # 𝑘𝑘𝑓𝑓 ℎ𝑅𝑅𝑓𝑓𝑃𝑃𝑆𝑆𝑓𝑓𝑆𝑆𝑟𝑟 𝑓𝑓𝑆𝑆 𝑓𝑓𝑃𝑃𝑆𝑆𝑘𝑘𝑚𝑚𝑃𝑃 − 𝑃𝑃𝑟𝑟𝑓𝑓𝑓𝑓𝑚𝑚𝑅𝑅𝑓𝑓𝑃𝑃𝑟𝑟 # 𝑘𝑘𝑓𝑓 𝑆𝑆𝑘𝑘𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑃𝑃𝑟𝑟 

𝑃𝑃𝑟𝑟𝑓𝑓𝑓𝑓𝑚𝑚𝑅𝑅𝑓𝑓𝑃𝑃𝑟𝑟 # 𝑘𝑘𝑓𝑓 𝑆𝑆𝑘𝑘𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑃𝑃𝑟𝑟
 

To obtain an estimate of the total number of miRNA expected within any eukaryotic 

genome, a value of twice the total number of currently known miRNA for the most well-

studied eukaryote (H. sapiens). This results in an estimate of 3762 miRNA. Similarly the 

number of positives expected within a prokaryotic genome is estimated to be twice the 

number of currently known miRNA for the most well-studied prokaryote (Rhesus 

lymphocryptovirus). This results in an estimate of 72 miRNA. 
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6.3.1.6 10-fold cross-validation experiment 

Once positive and negative data sets are developed, performance of a miRNA classification 

algorithm is estimated using a 10-fold cross-validation experiment, as described in section 

2.2.2 of this thesis. No hold-out data is used during the experiment. 

Classification test results are ordered by confidence of positive classification. The recall of 

the full miRNA prediction system is estimated using the following formula: 

𝑆𝑆𝑏𝑏𝑟𝑟𝑓𝑓𝑃𝑃𝑚𝑚 𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 = 𝐶𝐶𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆 𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 ∗ 𝑇𝑇𝑃𝑃𝑃𝑃-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑃𝑃𝑃𝑃 𝑃𝑃𝑒𝑒𝑓𝑓𝑃𝑃𝑅𝑅𝐴𝐴𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆 𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 

The precision of the miRNA prediction system is estimated using the following formula: 

𝑆𝑆𝑏𝑏𝑟𝑟𝑓𝑓𝑃𝑃𝑚𝑚 𝑆𝑆𝑃𝑃𝑃𝑃𝐴𝐴𝑓𝑓𝑟𝑟𝑓𝑓𝑘𝑘𝑆𝑆

=
𝐶𝐶𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆 𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓

𝐶𝐶𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆 𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 + (1 − 𝐶𝐶𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟𝑓𝑓𝑓𝑓𝑓𝑓𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓𝑘𝑘𝑆𝑆 𝑟𝑟𝑆𝑆𝑃𝑃𝐴𝐴𝑓𝑓𝑓𝑓𝑓𝑓𝐴𝐴𝑓𝑓𝑓𝑓𝑏𝑏 ∗  𝑃𝑃𝑟𝑟𝑓𝑓𝑓𝑓𝑚𝑚𝑅𝑅𝑓𝑓𝑃𝑃𝑟𝑟 𝐴𝐴𝑓𝑓𝑅𝑅𝑟𝑟𝑟𝑟 𝑓𝑓𝑚𝑚𝑏𝑏𝑅𝑅𝑓𝑓𝑅𝑅𝑆𝑆𝐴𝐴𝑃𝑃)
  

The system recall and system precision incorporate both the pre-filtering and classification 

steps of the de novo miRNA prediction pipeline. By computing a PR-curve, one can obtain an 

estimate of the number of miRNA that a prediction system will identify at a given level of 

precision. As with previous studies in this thesis, Re@Pr90 and Re@Pr50 are used to provide 

summary performance evaluation of miRNA prediction pipelines. 

6.3.2 Data set generation for performance analysis of RNAfold185 and 

RNAfold218 

The previous section of this thesis presents a comprehensive evaluation framework for 

miRNA prediction. This utility of this framework is demonstrated through the analysis of a 

specific aspect of the pre-filtering stage: the energy parameters used during RNA structure 

prediction.  

In order to analyze the performance of RNAfold185 and RNAfold218, input data sets were 

generated using the following methodologies: 
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MiRNA and mature miRNA sequences were downloaded from miRBase 20.0 [4] to form the 

basis of the positive data sets. Genomic locations for miRNA were retrieved from miRBase 

20.0, while genomic region sequences were retrieved from the Entrez database [138]. 30nt 

of upstream and downstream flanking sequence were retrieved for each miRNA sequence. 

For experimental purposes, all H. sapiens miRNA were used as our positive data set. 

Flanking sequences were retrieved from H. sapiens genome assembly GRCh38.  

Negative data sets consist of pseudo-miRNA sequences which were extracted from coding 

region data retrieved from the ENA database [133]. During our experiments, 5000 H. 

sapiens coding region sequences were selected at random as the basis for this data set. 

After pre-filtering was performed on this data set, the resulting hairpin data set contained 

approximately 30,000 hairpin sequences. 

The sample genomic data set used in our experiments consists of a segment of the H. 

sapiens chromosome 11 of length 3052740nt – approximately 1/10000 of the length of the 

full genome. This data set was retrieved from the ENA database. 

6.4 Results 

In order to demonstrate the relative effectiveness of RNAfold185 and RNAfold218 for miRNA 

prediction studies, we first analyzed the ability of the two algorithms to correctly extract 

hairpin structures from genomic regions surrounding actual pre-miRNA sequences (Pre-

filtering recall). The corresponding effect on regions presumed to contain only pseudo-

miRNA is then examined. Finally, we evaluated both versions of the RNAfold algorithm using 

system precision and recall. 

6.4.1 Pre-filtering recall of miRNA-like hairpin structure identification 

Table 13 lists pre-filtering recall values for the RNAfold185 and RNAfold218 algorithms. 

RNAfold218 is demonstrably better than RNAfold185 in the task of identifying miRNA hairpin 
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structures for real miRNA; sensitivity is increased by 14.7% when the updated version of 

RNAfold is used. Considering that the classification stage of a de novo miRNA prediction 

pipeline will only examine regions containing a miRNA-like hairpin structure, this represents 

a significant increase in the maximum attainable system recall. 

Table 13 – Pre-filtering recall of a de novo miRNA prediction system when 
different versions of RNAfold are employed for the determination of RNA folding 

free energy during hairpin extracted. 

Method 

Pre-filtering 

recall 

RNAfold185 79.47% 

RNAfold218 94.17% 

 

6.4.2 Discovery of miRNA-like hairpins within Pseudo-miRNA regions 

Table 14 lists estimates of the number of hairpins which would be extracted from the H. 

sapiens genome if de novo miRNA pre-filtering were applied to the entire genome, using 

both RNAfold185 and RNAfold218 for RNA folding free energy prediction. RNAfold218-based 

hairpin extraction is substantially more permissive than hairpin extraction based on 

RNAfold185, resulting in an estimated 53% increase in the number of miRNA-like hairpins 

found within a genome. Considering the rarity of true miRNA in the genome, we expect the 

vast majority of these newly identified hairpin structures to correspond to pseudo-miRNA. 

This translates into a higher real-world class imbalance for miRNA prediction methods using 

RNAfold218, which may adversely affect performance. This is explored in the following 

section. 

Table 14 - Estimated numbers of hairpins extracted from the H. sapiens genome 

Method 

Hairpins extracted 

(1/10,000th of genome) 

Estimated hairpins 

(whole genome) 

RNAfold185 2065 20,650,000 

RNAfold218 3168 31,680,000 
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6.4.3 Classification performance of full de novo miRNA prediction pipelines 

using RNAfold185 and RNAfold218 

RNAfold218 provides the advantage of increased pre-filtering recall, which may translate 

into increased system recall in a full de novo miRNA prediction pipeline. However, 

RNAfold218 is also more permissive when used in a pre-filtering step, thereby resulting in 

higher class imbalance for the classification stage of the de novo miRNA prediction pipeline. 

This increase in class imbalance negatively impacts prediction precision. To determine the 

effect of this trade-off in a miRNA prediction study, we have tested the classification 

performance of miRNA prediction models based on data resulting from pre-filtering using 

either RNAfold218 or RNAfold185. Classification experiments were performed using the 

popular microPred feature set [104], the LibSVM support vector machine library [124], and 

SMOTE for class imbalance correction [43]. SVM hyperparameter values are identical to 

those used in the original microPred manuscript [104]. Feature set normalization was 

performed using the LibSVM feature scaling algorithm [124]. 

Figure 22 illustrates the system precision and recall of predictors based on RNAfold218 and 

RNAfold185. Pipelines based on RNAfold218 outperform otherwise-identical pipelines based 

on RNAfold185, achieving increased recall at all levels of precision. Most notably, at 50% 

precision (a reasonable operating threshold for experimental validation of miRNA 

predictions), RNAfold218 produces a recall of 0.277 compared to only 0.169 for RNAfold185. 

This represents a 64% increase (p=0.0007) in miRNA discovered at this precision threshold. 

It is also worth noting that the maximum achievable rates of recall for the two methods 

were 79.47% and 94.17% for RNAfold218 and RNAfold185 respectively, due to the 

imperfect recall of the pre-screening steps (see Table 13). 
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Figure 22 - Precision-recall curves demonstrating relative classification 
performance of RNAfold218- and RNAfold185-based data sets 

6.5 Conclusions 

In recent years, MicroRNA prediction studies have focused largely on improvements of 

classification performance on existing data sets consisting of miRNA and miRNA-like hairpin 

sequences. The generation of miRNA-like hairpin sequences – the inputs to these classifiers 

– has remained largely unchanged for several years. Through the use of the novel 

comprehensive evaluation framework developed here, we have for the first time quantified 

the effect of pre-filtering on the performance of de novo miRNA prediction pipelines. The 

evaluation framework was subsequently used to guide the improvement of a miRNA 

prediction pipeline. In particular, we have demonstrated that updating from the current 

standard of RNAfold v1.8.5 to the newer RNAfold v2.1.8 increases the sensitivity of the pre-

filtering stage of the de novo miRNA prediction pipeline and results in significant increases 

in classification performance for the full pipeline. The evaluation framework described in this 

chapter is broadly applicable to other miRNA prediction methods, and can be used to 

evaluate all aspects of a de novo miRNA prediction pipeline.  
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7 miPIE: Predicting miRNA from NGS experiments using 

integrated lines of evidence 

7.1 Abstract 

In this chapter, we introduce a NGS-based miRNA prediction method (miPIE) which 

leverages many categories of sequence- and expression-based features in order to improve 

miRNA prediction performance. Prevalence-corrected performance metrics are used to 

elucidate classifier performance at real-world class imbalances. Relative to two state-of-the-

art NGS-based miRNA prediction methods, substantial improvements in recall and precision 

are obtained within five data sets, representing NGS experiments performed on three 

different species and two different instruments. Performance of the prediction method 

generalizes well across instrument, species, and experiment. Results demonstrate that the 

integration of sequence- and expression-based features improves performance relative to 

any single category of features. 

 This chapter has been adapted from a journal publication which is currently under review 

with the journal Oxford Bioinformatics. 

7.2 Introduction 

Within the field of de novo miRNA prediction, as described in section 3.3 of this thesis, 

putative pre-miRNA sequences which form miRNA-like hairpins are extracted from genomic 

data sets, and these sequences are classified based on the presence or absence of qualities 

such as structural stability, sequence motifs typical of miRNA, and structural robustness 

[95]. The advantage of de novo miRNA prediction is that only genomic sequence is required 

as input, not transcriptomic data. A disadvantage of such techniques is that they are 

ignorant of the actual expression of the candidate pre-miRNA region and must therefore 
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consider a far greater number of putative miRNA which may never be expressed. Recent 

advances in de novo sequence-based miRNA prediction have been derived primarily through 

the application of new pattern classification techniques to the miRNA prediction problem 

[110], and the introduction of new classes of classification features [113]. However, high 

class imbalance (1:1000 or higher) within genomic data sets limits the effectiveness of de 

novo classifiers on actual data sets, in spite of high performance often reported on small 

test data sets with artificially balanced frequencies of positive and negative exemplars 

[139]. 

Within the field of NGS-based miRNA prediction, as described in section 3.2 of this thesis, 

data are collected from next-generation sequencing (NGS) experiments. These data 

represent the sequence and relative abundance of all expressed RNA in a sample, including 

RNA arising from microRNA (true positives) and other sources including mRNA degradation 

products and other ncRNA. Predictions of novel miRNA are made from NGS data by seeking 

patterns of read depth (proxy for transcript abundance in the cell) indicative of processing 

by Drosha and Dicer endonuclease activity [52]. These techniques also often examine the 

strength of the miRNA:miRNA* duplex corresponding to the mature miRNA and miRNA* 

regions within a putative pre-miRNA region [60]. Expression-based techniques for miRNA 

prediction have seen success in recent years [82], [85], [140], which can be explained in 

part by the lower class imbalance present in NGS data sets. The number of false positives in 

a typical NGS experiment is on the order of tens of thousands [52], [141], whereas one 

expects tens of millions of miRNA-like structures in a typical genome [139]. Expression-

based methods need only evaluate expressed regions, whereas de novo methods must 

evaluate all putative regions capable of forming hairpin structures. Furthermore, methods 

such as miRDeep2 [15] often filter by transcript abundance, considering only the most 

highly expressed regions as a means to reduce their computational runtime. 
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Considering both de novo and expression-based miRNA prediction techniques, multiple 

categories of sequence- and expression-based features have been explored, where each 

may provide independent support for the prediction of miRNA within NGS data sets. State-

of-the-art expression-based miRNA prediction techniques, however, only leverage a limited 

set of these lines of evidence. MiRDeep2 [15] predicts miRNA based on the match between 

expression levels of NGS read data and expected Dicer processing, the stability of the 

miRNA:miRNA* duplex, and the significance of the minimum free energy of the pre-miRNA 

hairpin. MiRanalyzer [57] predicts miRNA based on secondary structure features, total read 

depth within the pre-miRNA region, expression of expected Dicer products, and minimum 

free energy features. These two methods have emerged as standards within the field of 

expression-based miRNA prediction. No existent miRNA prediction method employs the full 

range of features available from NGS data sets, which include both sequence-based and 

expression-based features. We hypothesize that through the combination of all previously 

described independent lines of evidence, miRNA prediction performance can be improved. 

We here improve on the state-of-the-art performance of expression-based miRNA prediction 

by integrating the full range of sequence-based and expression-based features to create a 

novel miRNA predictor. We refer to this new method as miPIE (miRNA Prediction using 

Integrated Evidence). Our predictor is built using rigorous machine learning techniques, and 

tested using the metrics of recall and precision, which are directly applicable to real-world 

miRNA prediction. Additionally, unlike previous methods for expression-based miRNA 

prediction [15], [57], all features used in our experiment are invariant to experiment size 

(total read depth). As NGS technology improves and read depths continue to increase, it is 

important that all features have this property in order for predictors to be effective on future 

data sets. 
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7.3 Methods 

7.3.1 Data set selection 

Sample data were selected from the NCBI GEO database, using a query consisting of the 

keywords “small RNA” and an organism name. Samples were selected for the following 

criteria: Extracted molecule is “total RNA”, no infections or knockouts present in the cell, 

and size fractionation selection is for “small RNA”. Though no specific selection was 

performed for instrument type, all samples were collected using the Illumina HiSeq 2000 

instrument, with the exception of sample GSM1901968 which was collected using the 

Illumina HiSeq 1000 instrument. Table 15 describes the data sets which were retrieved for 

this experiment. 

Table 15 - NGS data sets examined in this article 

Data set Organism Accession # Reads Cell type 

hsa1 H. sapiens GSM1555749 21196809 Mature erythrocyte [142] 

hsa2 H. sapiens GSM1820470 38210937 Monocyte-derived 

macrophage [143] 

mmu1 M. musculus GSM1528810 54947527 Adult testes  

mmu2 M. musculus GSM1901968 25881937 Whole blood 

dme D. melanogaster GSM1123781 18723989 Ovaries [144] 

 

For each of the five samples collected, the following procedure was performed in order to 

develop positive and negative training sets: The miRDeep [15] pre-processing algorithm (as 

implemented in “mapper.pl”) was applied to all data sets. This tool maps each read stack 

with at least 4 reads to the reference genome. Putative pre-miRNA regions are extracted 

(-10/+70nt and -70/+10nt windows based on locally maximal read stacks) and the 

secondary structure was computed to check for hairpin structures. This process resulted in a 
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set of candidate pre-miRNAs, each represented by a pre-miRNA sequence, pre-miRNA 

structure, and the set of reads which map to the sequence (mature, miRNA*, and loop 

regions). For each sample, all candidate pre-miRNA which were matched to known miRNA 

from miRBase 21.0 [4] using the miRDeep “quantifier.pl” algorithm were selected as true 

positive samples for training and test.  

Each candidate mature miRNA not identified as miRNA in the previous step was then aligned 

to the respective species’ coding region data. Alignment was performed using bowtie [70]. 

All candidate mature miRNAs which aligned to a coding region with at most two mismatches 

(“-v 2” bowtie parameter) were selected as negative samples for training and test. Coding 

region data was retrieved from the Ensembl sequence FTP database [145]. Table 16 lists 

the sizes of the final data sets used for this experiment. 

Table 16 - Number of samples in positive and negative classification data sets 
derived from each NGS experiment data set 

Data set Number of positive samples Number of negative samples 

hsa1 562 868 

hsa2 168 816 

mmu1 384 1492 

mmu2 498 3283 

dme 110 148 

 

7.3.2 Feature set selection 

In this study, we examine a set of 223 sequence- and expression-based features. These 

features incorporate several distinct lines of evidence which have been shown to have 

predictive power for the classification of miRNA. Of these features, 215 are derived from the 

feature vector of the sequence-based method HeteroMiRPred [113], which in turn gathered 

these features from a number of methods dating back to 2005. These features all pertain to 
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pre-miRNA sequence and structure and include minimum free energy (MFE)-derived 

features, sequence/structure triplet features, z-features which encapsulate the significance 

of the RNA structure relative to those of permuted sequences, and structural robustness 

features which reflect the ability of the precursor structure to maintain its stability through 

addition or removal of nucleotides.  

Eight expression-based features are added to these sequence-based features. These 

features are:  

1. Percentage of mature miRNA nts which are paired 

2. Number of pairs in lower stem (outside of mature and miRNA* regions) 

3. Percentage of RNA-seq reads in region which are inconsistent with Dicer processing 

4. Percentage of RNA-seq reads from the loop region which match Dicer processing 

5. Percentage of RNA-seq reads from the mature miRNA which match Dicer processing 

6. Percentage of RNA-seq reads from the miRNA* region which match Dicer processing 

7. Percentage of RNA-seq reads which match Dicer processing 

8. Total number of reads in the precursor region, normalized to experiment size 

Here, a match between a read and expected Dicer processing is identical to the definition 

used by the miRDeep2 study [15]. A match occurs when a read which maps to a miRNA 

sequence overlaps the mature, miRNA*, or loop portions of a miRNA with at most 2-nt 

difference between starting positions on the 5’ ends of the sequences, and at most 5-nt 

difference between terminating positions on the 3’ ends of the sequences. 

These expression-based features provide miRNA classification methods with additional 

independent lines of evidence for miRNA prediction which are not available from strictly 

sequence-based feature vectors. Features 1 and 2 provide information on the mature and 

lower stem regions of the miRNA, while features 3 through 8 provide information regarding 

the expression pattern within the miRNA region. While the number of expression-based 

features examined in this study is far less than the number of sequence-based features, it is 

greater than the number of expression-based features used by the miRDeep scoring 

algorithm (3: read count within mature region, miRNA* or loop regions; presence of 
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miRNA* reads matching dicer processing; ratio of reads in the pre-miRNA region which are 

consistent with Dicer processing) [15] and the miRanalyzer scoring algorithm (2: total read 

count; and expression of miRNA*) [57]. The remaining features used in these two methods 

actually pertain to the sequence and/or secondary structure of the putative pre-miRNA or 

homology to known miRNA. 

The final feature set was determined using the correlation-based feature subset selection 

method [146] as implemented in the Weka package [147]. This algorithm determines an 

optimal feature set based on correlation between each feature and the class assignment 

(miRNA vs. pseudo-miRNA), and lack of inter-correlation between features within the 

feature set. The final feature vector is presented in section 7.4.1 of this thesis. Feature 

selection was performed on the mmu1 data set, and the resulting feature vector was 

subsequently employed across all data sets. As a result, performance results for the mmu1 

data set represent some optimization using the test set data. This potential source of bias is 

not evident in the performance results across the mmu2, hsa1, hsa2, and dme data sets 

where sustained performance is observed. 

7.3.3 Classification pipeline 

All miRNA classification in this experiment was performed using a random forest classifier of 

500 trees. Trees were built according to the default parameters of the SKLearn random 

forest library [136]. Previous studies have demonstrated that random forest classification 

outperforms competing classifier types for the prediction of miRNA [110], [137]. The 

miRanalyzer method (see comparison in section 7.4.2 below) also employs a random forest 

classifier. Within individual data sets, 10-fold cross validation (10CV) was used to estimate 

classification performance. Within each fold, the SMOTE algorithm [43] was used to 

oversample the minority class of each training data set to parity with the majority class. 

Oversampling was performed only on training data sets; class imbalance within each test 

set was unchanged. When determining performance across data sets, a single classifier was 
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trained using the training data set, and this classifier was used to predict all samples from 

the hold-out data set. 

7.4 Results 

7.4.1 Final feature set 

The final feature set selected by the correlation feature subset algorithm contains 20 

features, which represent seven different classes of evidence for the prediction of miRNA. 

Sequence-based features relating to secondary structure {MFE3, dH, Tm, Tm/loop}, 

robustness {SC*absZG, SC/1dp}, base pairing {Probpair 2, 3, 7, 9, 19, and 94}, 

sequence/structure motifs {“C((.”, “T.((”, “T..(”}, and sequence motifs {“CG”, “GA”} were 

selected. Expression-based features pertaining to miRNA:miRNA* duplex structure (% of 

paired bases in mature sequence) and Dicer matching of NGS reads (% of reads matching 

mature, % of reads matching miRNA*) were also selected. The fact that automated feature 

selection arrived at a heterogeneous feature set including both sequence- and expression-

based feature supports our hypothesis that an integration of multiple lines of evidence will 

lead to increased classification performance. Table 17 further describes all features which 

were selected for the final feature vector. 
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Table 17 - Features selected for the miPIE method 

Feature Description 

MFE3 Ratio of normalized minimum free energy value and the number of loops 
in the pre-miRNA secondary structure. 

dH Enthalpy of the pre-miRNA secondary structure 

Tm Melting energy of the pre-miRNA secondary structure, and melting energy 
normalized by the loop length of the structure Tm/loop 

SC x zG 

 

SC is a measurement of change in normalized structural stability when a 
pre-miRNA sequence is extended or reduced by equal amounts on the 5’ 
and 3’ arms. zG is the z-score of the normalized minimum free energy of 
the pre-miRNA secondary structure. dP is the number of paired bases 
normalized to the sequence length. 

SC/(1 – dP) 

Probpair2 

Sum of pairing probabilities of short nucleotide motifs 

Probpair3 

Probpair7 

Probpair9 

Probpair19 

Probpair94 

C((. 
Triplet motifs, representing a nucleotide identity and pairing of the 5’ 
neighbor, the nucleotide itself, and the 3’ neighbor of the nucleotide 

T.(( 

T..( 

CG 
Percentage of nucleotide dimers which contain the given nucleotide motif 

GA 

% pb mature Percentage of paired bases in mature miRNA sequence 

% reads 
mature Percentage of reads within pre-miRNA sequence which align to mature 

and miRNA* regions % reads 
miRNA* 

 

7.4.2 Performance increase over existing method(s) 

Here we demonstrate the performance increase which our methods achieve over existing 

state-of-the-art methods for expression-based miRNA prediction. MiPIE is compared against 
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the miRDeep and miRanalyzer methods, over the five data sets described previously. For 

each data set, the miRDeep and miRanalyzer prediction algorithms were run with default 

parameters over the positive and negative data sets. Performance for all methods is 

measured using a precision-recall curve. Test set class imbalance is unaltered and 

represents that of real-world data, as each test set represents the total amount of positive 

and negative data recovered and processed from an actual NGS experiment. Precision and 

recall are defined as follows: 

𝑇𝑇𝑃𝑃𝑃𝑃𝐴𝐴𝑓𝑓𝑟𝑟𝑓𝑓𝑘𝑘𝑆𝑆 (𝑇𝑇𝑃𝑃) =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

𝑅𝑅𝑃𝑃𝐴𝐴𝑅𝑅𝑓𝑓𝑓𝑓 (𝑅𝑅𝑃𝑃) =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

Achievable recall at 50% precision (Re@Pr50) and recall at 90% precision (Re@Pr90) are 

used as summary statistics. These statistics represent the recall rate achievable at an 

acceptable degree of precision for experimental validation (50%), and the percentage of 

miRNA which are correctly classified with very high confidence (90%), respectively. Figure 

23 shows the performance of miPIE, miRDeep, and miRanalyzer over the five data sets. 

While it was possible to create a continuous PR-curve for miRDeep by measuring the Pr and 

Re at various decision thresholds, this was not possible for miRanalyzer since it produces 

binary predictions without associated probability scores. Therefore, miRanalyzer’s 

performance is illustrated as a single point in the P-R space, reflecting its performance at 

the default decision threshold. As can be seen in these figures, miPIE outperforms both 

existing methods, particularly for decision thresholds corresponding to high precision 

(Pr=90%). 
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mmu1

 

mmu2 

 

hsa1 

 

hsa2 

 

dme 

  

Figure 23 - Performance of miPIE, miRDeep2, and miRanalyzer across five data 
sets. miPIE performance is estimated through 10-fold cross validation. 
miRanalyzer produced binary prediction values, so only a single precision level is 
represented. miPIE outperforms miRDeep and miRanalyzer on all five data sets. In 
all plots, the y-axis represents precision while the x-axis is recall. 
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Table 18 summarizes the performance increase of miPIE over the miRDeep method. On 

average, our methods increase the number of high-confidence miRNA detected by 36.3%, 

while recall rates at Pr=50% are increased by 2.3%. The observed increase in Re@Pr50 is 

limited by a saturation effect, as both methods are approaching perfect recall at this level of 

precision. 

To compute the statistical significance of the observed differences in Re@Pr90 and Re@Pr50 

scores between miPIE and miRDeep a randomization test was conducted. For the set of 

ranked results from each miPIE and miRDeep for a given data set, pseudo samples miPIE* 

and miRDeep* were repeatedly developed in the following manner: At each rank, the 

identities of the patterns at this rank from the miPIE and miRDeep result sets were assigned 

randomly, one to the miPIE* ranked result set and one to the miRDeep* ranked result set. 

The difference in Re@Pr50/90 scores between the two pseudo samples was then computed. 

In doing so, we enforced the null hypothesis that there is no difference in the way that 

ranks are assigned by each method. This test was repeated 100,000 times to build a 

distribution of differences of Re@Pr50 and Re@Pr90 scores. The percentage of differences 

which were observed to be equal to or higher than the differences in score between miPIE 

and miRDeep provides the p-value for the observed difference in miPIE and miRDeep 

scores. When applied to the five data sets, all of the Re@Pr90 differences were found to be 

statistically significant (p<0.01) with the exception of the hsa1 data set. As expected from 

Figure 24, none of the Re@Pr50 differences were found to be significant at this level, due to 

the saturation effect discussed above.  

It is possible that the discrepancy in performance between hsa1 and other data sets could 

result from higher presence of the original miRDeep training data within the hsa1 data set, 

relative to other data sets; this hypothesis cannot be confirmed due to ambiguity in both 

miRDeep manuscripts pertaining to the precise training data. 
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Table 18 - Summary of results comparing miPIE with the state of the art miRDeep 
method, on five NGS data sets. miPIE outperforms miRDeep by 36.3% at the 90% 
precision threshold, and at the 50% precision threshold, miPIE outperforms 
miRDeep by 2.3%. miPIE results are drawn from cross validation experiments, 
and the standard error of these results is listed. miRDeep results are drawn from a 
single experiment therefore no error information is available. 

Data set 

Re@Pr50 Re@Pr90 

miRDeep miPIE miRDeep miPIE 

mmu1 
.982 

.997 +/- .003 
(+1.6%) 

.857 
.945 +/- .008 

(+10.2%) 

mmu2 
.781 

.805 +/- .015 
(+3.1%) 

.345 
.438 +/- .028 

(+27.0%) 

hsa1 
.961 

.964 +/- .008 
(+0.1%) 

.458 
.545 +/- .051 

(+19.0%) 

hsa2 
.905 

.952 +/- .015 
(+5.3%) 

.631 
.845 +/- .034 

(+33.9%) 

dme 
.972 

.991 +/- .009 
(+1.8%) 

.464 
.909 +/- .038 

(+96.0%) 

Average .920 .942 (+2.3%) .551 .736 (+36.3%) 

  

In order to compare our method with the miRanalyzer method, which provides only binary 

classification results at a single decision threshold value, Table 19 describes the relative 

recall rates of miRanalyzer and miPIE at the precision level achieved by the miRanalyzer 

classifier on each data set. On average, our method increases recall rate by 9.5% relative to 

miRanalyzer predictions at the stated precision levels. The only data set on which 

miRanalyzer outperforms miPIE is mmu1. The high performance of the miRanalyzer method 

on this data set may be explained by apparent similarities between this data set and a data 

set which was used to train miRanalyzer (NGS series GSE20384). Both mmu1 and the 

miRanalyzer training set data are derived from mouse testes samples. 
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Table 19 - Summary of results comparing miPIE with miRanalyzer using five NGS 
data sets. When operating at miRanalyzer’s precision threshold, the recall of 
miPIE outperforms miRanalyzer by 9.5% on average. miPIE results are drawn 
from cross validation experiments, and the standard error of these results is 
listed. miRanalzyer results are drawn from a single experiment therefore no error 
information is available. 

Data set Precision level miRanalyzer recall rate miPIE recall rate 

mmu1 .988 .862 .807 +/- .019 (-6.4%) 

mmu2 .516 .727 .787 +/- .026 (+8.3%) 

hsa1 .800 .639 .756 +/- .024 (+18.3%) 

hsa2 .709 .768 .911 +/- .028 (+18.6%) 

dme .830 .845 .945 +/- .023 (+11.8%) 

Average .767 .768 .841 (+9.5%) 

  

7.4.3 Combining sequence- and expression-based features 

In order to demonstrate our hypothesis that the predictive power of our method is a result 

of combining multiple lines of evidence for miRNA prediction, we have repeated our 10CV 

classification pipeline using two subsets of features present in our full original feature set: i) 

the sequence feature subset which contains a subset of 20 optimal features selected from 

the set of the 223 sequence-based features available to our classifier; ii) the expression 

feature subset, which contains the eight expression-based features examined in our study. 

These feature sets were used to train and test predictors for each of the five data sets 

described previously. Results of these experiments are shown in Figure 24 along with the 

performance of the miPIE classifier built using the integrated set (i.e. both sequence- and 

expression-based features). As demonstrated in the figure, performance is improved across 

all data sets when sequence and structure features are combined, relative to the use of only 

one category of features. 
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Figure 24 - Comparison of performance of the integrated miPIE feature set, 
relative to the performance of similarly trained classifiers trained using only 
sequence- and only expression-based features  

7.4.4 Generalization across experiments 

Here we demonstrate the ability of our methods to generalize across NGS data sets within 

and across species. For each of our five data sets, we compare the results of a 10CV 

experiment (where training and testing data arise from the same experiment) with 

classification of the same data set using models trained on each of the other data sets 

independently, as described in section 7.3.3 above. Finally, for each hold-out data set, a 

training set was built using the combination of all other data sets (labeled all). Figure 25 

shows the PR-curves for this experiment over two of the five data sets (hsa1 & dme) and 

Table 20 summarizes this performance for all five data sets. MiRDeep performance on the 

data sets is also shown for comparison.  While some decrease in performance is observed 

when training data arises from a different experiment than the test data, the performance 
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of classifiers trained using all experiments except the test experiment is consistently strong 

(curve labelled all in Figure 25). 

hsa2 

 

dme 

 

 

Figure 25 - Generalization performance of miPIE on the hsa2 and dme data sets. 
Regardless of the training set used, miPIE outperforms the state of the art method 
miRDeep on all data sets. 

Table 20 lists the Re@Pr90 for each combined training and test set, in order of decreasing 

performance for each training set. From these results, we see that miPIE generalizes well to 

hold-out experimental data sets when training data sets from multiple NGS experiments are 

combined. Our method, when trained using all available data sets, outperforms miRDeep on 

four of five data sets. Average increase in Re@Pr90 between our method when trained in 

this manner and the miRDeep method is 20.3%. This combined all data sets perform as well 

or better than single experiment data sets in four of five experiments. Interestingly, 

experiments within the same species are not necessarily preferred here (e.g. the top-

performing training set for human data set hsa1 is the mouse mmu2 data set). This result 

demonstrates that the miPIE method generalizes well to hold-out data sets across 

experiments and across species when training data is pooled from multiple training 

experiments.  
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Table 20 - Recall achievable at a precision of at least 90% (Re@Pr90) for 5 test 
data sets using our method trained over the following data sets: ALL=combination 
of 4 data sets, excluding test set; 10CV=10-fold cross-validation over test data 
set; hsa1 = human data set 1; hsa2 = human data set 2; mmu1 = mouse data set 
1; mmu2 = mouse data set 2; dme = fruit fly data set. Additionally, miRDeep’s 
performance over each test set is included as MD. The sampling errors of the 10CV 
experiments listed in this table are available in Table 18. 

Test 
Set 

Re@Pr90 

1st 2nd 3rd 4th 5th 6th 7th 

mmu1 10CV 
(.945) 

All 
(.934) 

Hsa2 
(.919) 

Hsa1 
(.888) 

Mmu2 
(.875) 

Dme 
(.867) 

MD 
(.857) 

mmu2 10CV 
(.438) 

MD 
(.345) 

All 
(.341) 

Mmu1 
(.284) 

Hsa1 
(.254) 

Hsa2 
(.121) 

Dme 
(.063) 

hsa1 10CV 
(.545) 

All 
(.488) 

MD 
(.458) 

Mmu2 
(.383) 

Mmu1 
(.353) 

Dme 
(.273) 

Hsa2 
(.214) 

hsa2 10CV 
(.845) 

Dme 
(.780) 

All 
(.679) 

MD 
(.631) 

Hsa1 
(.565) 

Mmu1 
(.482) 

Mmu2 
(.429) 

dme 10CV 
(.909) 

Hsa2 
(.900) 

All 
(.872) 

Mmu1 
(.800) 

Hsa1 
(.736) 

Mmu2 
(.672) 

MD 
(.464) 

 

7.5 Conclusions 

In this chapter, we introduce miPIE, a classification method for NGS-based miRNA prediction 

which integrates both sequence- and expression-based features and which employs best 

practices of pattern classification. All features used by miPIE are independent of the read 

count of the NGS experiment, such that the performance of this method will remain 

consistent as NGS technology continues to develop. miPIE is compared with two existing 

state-of-the-art methods using the metrics of precision and recall. At high precision levels 

(90%), miPIE increases recall by 36.3% relative to the popular miRDeep method. 

Furthermore, miPIE increases recall by 9.5% relative to the miRanalyzer algorithm, at the 

precision levels reported by miRanalyzer. 
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8 Summary and Future Recommendations 

8.1 Conclusions 

1. The integration of state-of-the-art sequence- and expression-based features, 

representing all known lines of evidence for the classification of miRNA, leads to 

improved miRNA prediction performance on NGS data sets. This performance 

generalizes across data sets and, through the use of these features, improvements 

can be made on the state of the art of NGS-based miRNA prediction. 

2. The loss in specificity by state-of-the-art de novo miRNA prediction methods when 

applied to non-model species can be alleviated through the use of species-specific 

training data sets which employ phylogenetic and clustering information. Data sets 

which are built to resemble a non-model hold-out species based on this information 

outperform general taxon-wide data sets and data sets from model species. This 

increase in performance extends to the prediction of miRNA on previously 

unannotated species. 

3. De novo miRNA prediction is performed at extremely high class imbalances (1:1000 

or higher). The application of prevalence-corrected precision, alongside the analysis 

of genome-scanning miRNA prediction pipelines as a whole, provides a more 

accurate assessment of the performance of de novo miRNA prediction systems 

relative to metrics which are agnostic to class imbalance (i.e. geometric mean of 

sensitivity and specificity) applied only to model data sets. 

4. The use of up-to-date RNA energy folding parameters increases the performance of 

de novo miRNA prediction pipelines, relative to the RNA energy folding parameters 

employed by state-of-the-art de novo miRNA prediction methods. This effect was 

observable using the genome-scanning model described in this thesis, but was not 
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observable using the metrics employed by previous state-of-the-art miRNA 

prediction studies. 

8.2 Summary of contributions 

1. A species-specific miRNA prediction training set generation procedure was developed 

for use with miRNA classification. This procedure increases performance of miRNA 

prediction studies on non-model organisms by generating data sets which capture 

the breadth of available miRNA training samples and which are optimized for the 

target species of a given miRNA prediction study. 

2. 155 novel miRNA were discovered within two previously unannotated genomes, 

using the species-specific miRNA prediction training set generation framework which 

was introduced in this thesis. 

3. The metrics of prevalence-corrected precision and recall, and the summary statistics 

Re@Pr50 and Re@Pr90 were introduced for the evaluation of miRNA classification. 

Models which are tuned for these metrics increase success rates of experimental 

validation of predictions, relative to models which are tuned to existing metrics in the 

field of miRNA prediction. These metrics also operate at the real-world class 

imbalance of miRNA prediction studies, providing more relevant measures of success 

for these studies. 

4. A model was developed for the analysis of de novo miRNA prediction in the context 

of a genome-scanning miRNA prediction experiment. This model provides estimates 

of performance of a full miRNA prediction pipeline on genomic-scale data sets, which 

address a limitation of the current state of the art of de novo miRNA prediction, the 

optimization of methods for standard data sets which are not indicative of real-world 

miRNA prediction experiments.   

5. A classification model for NGS-based miRNA prediction was developed which 

incorporates multiple lines of sequence- and expression-based evidence, 
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representing the state of the art of both de novo and NGS-based techniques. This 

model vastly improves on the performance of NGS-based miRNA prediction relative 

to current state-of-the-art models. 

8.3 Recommendations for future work 

The dissection of the miRNA prediction pipeline into pre-filtering and classification steps, as 

described in chapter 6 of this thesis, has proven successful for increasing performance in 

the area of de novo miRNA prediction. We believe that improvements to NGS-based miRNA 

prediction can also be made through similar analysis. We have identified, in chapter 3 of 

this thesis, that state-of-the-art methods of NGS-based miRNA prediction employ precursor 

selection techniques which systematically produce false negatives by limiting pre-miRNA 

sequence length ranges. Through the application of a model similar to that in chapter 5, the 

performance of these precursor selection techniques can be better characterized. 

Subsequently, improvements can be made to existing precursor selection techniques. Given 

that the primary piece of evidence which drives the selection of precursors is the presence 

of a mature miRNA, it is possible that precursor selection should be driven by determining 

the most likely mature miRNA:miRNA* duplex in the region surrounding the candidate 

mature miRNA. The pre-miRNA structure surrounding this duplex would then be optimized 

around the existing duplex. This method is in contrast to existing methods which do not 

take into account the mature miRNA evidence while building precursor structures. 

An avenue for future improvement of miPIE, and of expression-based miRNA prediction as a 

whole, is the development of strong training data sets which combine data from multiple 

NGS experiments. As evidenced in section 7.4.3 of this thesis, miPIE’s generalization 

performance increases with the incorporation of multiple training data sets, a result which is 

consistent with that of the miRanalyzer experiment [57]. Additionally, increasing the quality 

of training data has proven successful in the field of de novo miRNA prediction. With the 
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ever-increasing availability of NGS data across myriad species, it will be feasible to create 

larger training data sets incorporating more species. Once training data has been curated 

from many species, approaches such as the SMIRP framework can be applied to NGS-based 

miRNA prediction data sets, thereby increasing prediction performance on non-model 

species.  

When investigating the integration of NGS and sequence based features, the present study 

optimized feature selection using a single data set from a single species. Future studies 

should investigate whether a single feature set is optimal for miRNA prediction experiments 

across multiple species, or whether species-specific feature set selection would improve 

miRNA prediction performance. 
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