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ABSTRACT

The reliable detection and classification of promoters in DNA remains a challenging task even
today. Recent advances in this field consist mainly, of the application of deep-learning techniques
to solve this problem. We propose some modifications to a state-of-the-art deep-learning-based
approach (by Amin et. al. [1]) used to identify and classify o-promoters in the genome of E. coli.
We use the large training set used by the original authors, and test our model on an independent
test set. We obtain a test accuracy of 89.84%. We furthermore do an analysis of our results
using a confusion matrix to find for which classes the model is not performing up to the mark

and how it can be improved.

INTRODUCTION

Promoters are short regions(~ 81 nucleotides in the E. coli Bacteria) in DNA. They are
responsible for initiating transcription. Promoters are a vital component of expression vectors
because they control the binding of RNA polymerase to DNA. Classifying these regions in DNA
is of great importance to biologists because the initiation of the transcription is responsible for
certain pathways and gene regulation. However, existing experimental methods that identify
promoters are expensive and time-consuming. Also, formulating this as a computational motif
finding problem does not yield good results since the instances of the promoters which occur,
often differ significantly from the consensus strings.

This paper aims to improve upon the work by Amin et. al. [!]| toward o-promoter identifi-
cation and classification (in E. coli) using convolutional neural network models and by applying
deep-learning techniques. This is viable since large amounts of data about the E. coli genome
and its o-promoters are publicly available.

Deep-learning has shown a lot of promise in the field of bioinformatics [2, 3] in applications
such as the prediction of protein targets and splicing sites in DNA, in analysis of clinical images,
and recently, in the protein folding problem [1]. Skip connections and ResNet architectures|’|
have been shown to improve performance in applications to bioinformatics. In this project, we

extend work by Amin et. al. [I| by introducing skip-connections to their models.

RELATED WORK

Given in Table 1 is a literature review for the subject with the corresponding accuracies.
Below we have briefly explained the methods used in these papers. Amin et. al. [1] used a novel
deep-learning-based approach for classification and achieved state of the art results from their
model iPromoter-BnCNN. We seek to improve upon their work using additional deep-learning
methods which have been shown to work well on other problems.

Bin Liu et. al.[] used a 2-layer predictor for classification in their iPromoter-2L paper. They
used a random forest for each layer. Meng Zhang et. al.[7] improved the accuracy using a

multi-layer classifier called Multiply. They used a vast feature set that includes local and global
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features. They followed up on this with a F-Score feature selection to select the best features
from their feature set. However, being a feature-engineering approach there is a chance that
their model has overfit.

The 070 promoter is one of the most important and abundant promoters. It serves as a gate-
keeping promoter. He et. al. used a feature engineering approach for classifying ¢’ promoters.
Qianzhong Li et. al.[3] used a novel position-correlation scoring matrix approach to classify o™
promoters. Lin et. al.[9] in their iPro54 classifier used an SVM classifier on the pseudo-k-tuple
nucleotide composition. Kai Song used a novel approach wherein a variable window Z-curve
was used to extract the features to get good accuracies on E. coli and on Bacillus subtilis| Silva
et. al. [10] gave the DNA duplex stability to a neural network for the purpose of 02® and o4
classification. However, they get a lower score on our test-set.

Shah et. al. [11] introduced the BTSS finder tool for the same five classes we work on for E.
coli, namely {0?*, 0%, 032 038 570}, they also worked on five other sigma factors in Cyanobac-
teria. They achieve a high accuracy although they operated on a different dataset. They used a
feature engineering approach as well, with 30 features out of which the best 20 were extracted.

However, feature engineering methods often lead to overfitting on the test set.

Method Sn Sp Acc MCC | Reference
iPromoter-BnCNN | 88.30% | 88.00% | 88.20% | 0.763 [1]
PCSF 78.90% | 70.70% | 74.80% | 0.498 [3]
VW Z-curve 77.80% | 82.80% | 80.30% 0.61 [12]
Stability 76.60% | 79.50% | 78.00% | 0.562 [10]
iPro54 77.80% | 83.20% 80.5 0.61 [9]
iPromoter-2L 79.20% | 84.20% | 81.70% | 0.634 [6]
MULTiPly 87.30% | 86.60% | 86.90% | 0.739 [7]

Table 1: Result Review][!]

RESULTS

TEST RESULTS

The test results are on the independent dataset described in Table 3. Using the above
mentioned methods above we get an accuracy of 89.84% on the independent test-set. Refer

Table 2 for detailed results.
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metric | iPromoter-BnCNN (original) | our results
accuracy 88.2% 89.84%
specificity 88.0% 89.84%
sensitivity 88.3% 84.35%
MCC 0.763 0.735

Table 2: Results

We were able to surpass the iPromoter-BnCNN paper in accuracy and specificity as per
Table 1, however, we are narrowly behind in the sensitivity and the MCC score. However the

test dataset is rather small and hence a thorough comparison is not possible without access to a

comparatively larger dataset is used.

DISCUSSION

CONFUSION MATRIX
Given below is the confusion matrix we obtained for the 5-class classification on the indepen-

dant test set described in Table 3.

Predicted Class
Q

True Class

As we can see above that the model performs very well on classifying 04, 032 and o7 classes,
achieving an accuracy greater than 90%, for each class. It however doesn’t perform so well for

the 02 and 038 classes. We attribute this to the huge class imbalance for these promoters. This

can be seen from Figures 1 and 2 and from Table 3.
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DATA

DESCRIPTION

The input data consists of a collection of sequential reads (each of length 81) obtained from
the genome of a representative E. coli organism such that these reads have been partitioned into

the following 7 classes:

{02, 0%,6%2 638,65, 6" non-promoter}

Associated with these reads, the datasets also contain data regarding certain structural attributes
of the dimers and trimers present in the reads. The reason for this, as stated by the original
authors is that both the sequence of nucleotides and the structure of the resultant strand are
important biological determiners for o-promoters.

Therefore, the task at hand is to determine whether a given 81-mer is a promoter in the E.

coli genome, and if it is, to further classify it into one of the 6 o classes.

In this project, we will be using the same datasets as the ones used by Amin et. al. [I]).
Given in Table 3 is a brief outline of the datasets we will be using. Since the independent bench-
mark dataset does not have any non-promoter or o classes, we will not be able to obtain a
test-accuracy for these classes. To ensure a fair comparison with other papers, we do not make

classifiers for these classes.

Classes Benchmark | Independent
Promoter 2860 256
Non Promoter 2860 0
o 484 30
o 134 4
032 291 13
038 163 10
o™ 94 0
o’ 1694 199

Table 3: DataSet

IMBALANCE IN THE DATASET

As can be seen from Table 3, both the benchmark and independent datasets suffer from
heavy class-imbalance. For example, the data contains 1694 instances of ¢'9 sequences but only
94 instances of ¢®* ones. This poses a problem as standard data augmentation techniques cannot
be used to produce realistic additional data. Various methods|!3, 14| have been proposed in the
past to handle imbalanced data. The authors of the original paper tackled this problem by

creating a series of binary classifiers that would refine the set of strings they classify positively

Page 4



into progressively smaller sets, when laid out in a stage-wise manner. We describe our similar

approach in the following section.
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Figure 1: class-dist of training set Figure 2: class-dist of independent test set

INPUT GENERATION

From each strand (of length 81), we generate 4 matrices that encode both the nucleotide

sequence and the given structural properties of the strand:

1. A representation of the nucleotide sequence using a one-hot encoding for each nucleotide.

The matrix formed will have a shape of (81,4).

2. A one-hot encoding representation for the sequence of trimers. Since there are 81 — 3 + 1
trimers in a given strand, and there are 43 possible trimers, this matrix will have a shape
of (79,64).

3. A matrix encoding the structural properties of the dimers in the strand. We are provided
with a set of 90 structural properties for each of the dimers. Since there are 81 — 2 + 1

dimers, we get a matrix of shape (80, 90).

4. A matrix encoding the structural properties of the trimers in the strand. We are provided
with a set of 12 structural properties for each of the trimers. Since there are 81 — 3 + 1

trimers, we get a matrix of shape (79,12).

For a given strand, these 4 matrices are what are passed as input to our model.

METHODS

CLASSIFICATION APPROACH

Both the independent dataset and the benchmark dataset was taken from the Supplementary
Data section of [1|. Because of the heavy imbalance in the dataset (described above), we use a
series of binary classifiers to discriminate between the o-promoters. We create 4 binary classifiers
which we train to partition the o-promoter 81-mers into the sets as listed below. The reason
for this precise choice of sets is that we are able to ensure that the sizes of the positive and
negative sets for each of these classifiers are roughly equal, helping us combat problems caused

by class-imbalance.
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We then create a classification pipeline by laying these binary classifiers out in a stage-wise

manner as depicted below.

N
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e

/

Figure 3: Classification Tree

The four corresponding binary classifiers are
1. 670 vs {0,028, 532, 538}

2. o2 vs {028,032, 038}

3. 032 vs {028, 0%}

4. 028 ys 038

THE NEURAL NETWORK

We seek to improve the model given by Amin et. al. [I]. Hence we propose the following

modifications. For a complete view of the conv-net see Figure 5, 6.

ADDING SKIP CONNECTIONS

We experimented with the addition of skip-connections to the 4 branches of the conv-net to
test the performance of a ResNet type approach. However, we found that the addition of skip-
connections were beneficial to the performance of the model only when they were added to the
2 branches of the model which take in dimer and trimer structural properties as their input. We
could not detect any improvement in our validation accuracy when we added skip connections

to the branches which took in the one-hot encodings as input.

ADDING MAXPooL LAYERS

1. At the start
We found that the addition of specific maxpool layers after the first convolution in each

branch helped improve performance. We found that our model worked best when we
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added maxpool layers of (size, stride) = (3,3) to the branches which took in trimer one-
hot-encoding and trimer structural properties as input. We also added a maxpool layer of

(size, stride) = (2,2) to the branch which takes in dimer structural properties as input.

2. At the end
We also added maxpool layers of (size, stride) = (3,3) at the end of each branch (just before
flattening and concatenation) to reduce the dimensionality of the data and the number of

parameters in the model. We also found that this helped combat overfitting.

REDUCING THE LAYERS

We also decreased the lengths of the branches that take in the one-hot encodings as input
by dropping one convolutional layer from each of them. They contained 3 convolutional layers
each in the model proposed by the original authors. We found that reducing the number of
convolutions in each of these layers to just 2, helped prevent overfitting. We also found that
reducing the number of fully-connected layers post-concatenation from 3 to 2 served the same

purpose.
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APPENDIX

CHANGING THE CLASSIFICATION TREE

The classification tree used by us in Figure 3, was based on providing balanced datasets to

each classifier. However, this approach completely ignored any relevant biological information.
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We tried to incorporate this in the model while keeping datasets as balanced as possible. We
tried to use the tree described in Figure 4. The reasoning behind this approach was that the o2*
and 032 are responsible for heat stress response and heat shock respectively. Hence we thought

that they may also be structurally similar.

N
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Figure 4: Classification Tree

However, this method reduced the accuracy. Some possible reasons:-

1. The o2* and 032 may not be structurally similar based on the dimer and trimer properties

we are providing.

2. The test dataset after the ¢’® promoters are classified involves only 57 samples. This

number is too less to conclude anything.

RANDOM FOREST OF ONE VS ALL CLASSIFIERS

Motivated by the idea of allowing for a mechanism to learn the structure of the optimal
classification tree by itself, rather than hardcode it like we had been doing, we experimented
with the possibility of training one-vs-all binary classifiers for each of the five o-factor classes.

Our plan was to pass a test strand (i.e. the 4 corresponding matrices that represent it)
through each of the 5 one-vs-all binary classifiers to get their predictions (and the respective
confidences) before feeding these 10 outputs to a random forest model which would act as the
final stage in the pipeline and make the final prediction. However, class imbalance posed a major
problem here as well. For the two smallest classes, namely 02® and 38, we could not prevent

the corresponding binary classifiers from either

1. always predicting false OR

2. overfitting the few training samples

FURTHER WORK

The results we have achieved were with a single validation set in the training data. To
get a more statistically sound model, we need to do a k-fold cross-validation to get the best

hyper-parameters. This may further improve the accuracy.
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The test dataset was a small dataset with only 256 samples. To further solidify the results, a
larger dataset is required. Furthermore, there is a significant imbalance in the dataset right now
as can be seen in Figure 2 and 1. A more balanced dataset is required for better results.

In our initial proposal, we had mentioned that we may try attention models in case ResNet

architectures do not give positive results. An approach in that direction can be attempted.

CODE AVAILABILITY

The code to run our models can be found on this link. The training code is available from

the authors upon reasonable request.
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Figure 5: Original Model Figure 6: Our Model
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