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What does masking do?

Masking allows us to handle variable length inputs in RNNs. Although RNNs can handle
variable length inputs, they still need fixed length inputs. Therefore, what we do is to create a
mask per sample initialised with o with a length equal to the longest sequence in the dataset.

Then we fill the mask with 1s to all the position where the sample has values in.

For example,

The longest sequence in a dataset is 10, thus the masks will be initialised as follows:

mask = o., 0., 0., 0., 0., 0., 0., 0., 0., 0.]

we also have a sample:

a=[2.,0.,5.,6.]

now we fill the mask with ones to all the positions a has values in. Therefore we get the following

mask:

mask_a=]1.,1.,1.,1.,0.,0., 0., 0., 0., 0.]

After that, we feed the sample and the mask to a RNN. Under the hood, the RNNs is going to

add o to all the positions a doesn’t have values in so a will turn into

a_hood=] 2, 0. ,5.,6.,0., 0., 0., 0., 0., 0.]

However, if we leave it as it is, the RNN is going to think the sequence has length 10 and use all

the appended os.

mask a=[1.,1.,1.,1.,0.,0.0.,0., 0., 0.]



The mask_a is going to be used to skip any input with mask 0 by copying the previous hidden

state of the cell; it will proceed normally for any input with mask 1.
I hope the answer helps.

9.1k views - View Upvoters

https://www.quora.com/What-is-masking-in-a-recurrent-neural-network-RNN

Updated on June 22nd

Prof Zhang'’s idea. What happened if we remove all the peptides that are normal only targeting
on those potential tumor cells? If we only use that to train our model, will the result be better or

worse?

Updated: After about 2 days. AUC is still around 0.88 for classification and regression is

increased from 0.5 to 0.69 after one day training.

Meeting on June 21

1. Padding. Confirm with prof. And the value (* -4 -4 -4 -4 -4) for padding.
2. CNNLSTM
3. Statistics

What does LSTM return?


https://www.quora.com/What-is-masking-in-a-recurrent-neural-network-RNN#
https://www.quora.com/What-is-masking-in-a-recurrent-neural-network-RNN

you’re confusing cells with units. He describes a single cell. Units refers to the dimensionality of your

hidden state and thus the dimensionality of your weight matrices (roughly)

Think of a single normal fully connected layer. Your input matrix has the dimensions (n_samples x
n_features) and your weight matrix is then (n_features x n_units). So you if you have a sample with
2048 features and pass it through a fully connected layer with 512 “units”, then your output of that

layer will now have 512 features.
Same general idea for your weight matrices in an LSTM.

In more detail, there are 2 matrices for 3 gates + cell state (one with dimensions n_input_features x

n_units and one with n_units x n_units).

so 8 matrices altogether in a cell. # of weights (not including bias term) = 4(n_input_features x

n_units + n_units2 )
Now let’s talk about how the pipeline works at a high level:

Into the LSTM cell, we feed in timestep 1 by itself. The input is a vector with size n_input_features.

This is fed through all our fancy gates and stuff and we are left with a hidden state and cell state

Then we go into the next LSTM cell (which is actually just the same “cell”, we’re just looping back to
the entrance of it). This time though our input will be the last hidden state, cell state, and now

timestep 2.
This repeats for each time step. So now we have a hidden state vector for each time step.
We started with timesteps x n_input_features and finish with timesteps x n_units.

But commonly people will just take the hidden state vector of the final timestep as the output of their
LSTM instead of keeping all the hidden states. So that's how we go from timesteps x

n_input_features all the way to a single vector with size n_units

https://www.reddit.com/r/MachineLearning/comments/87din7/d what is meant by numb

er_of hidden units in_an/

When the return_sequences argument is set to False (default), the network will only output hn,

i.e. the hidden state at the final time step. Otherwise, the network will output the full sequence of


https://www.reddit.com/r/MachineLearning/comments/87djn7/d_what_is_meant_by_number_of_hidden_units_in_an/
https://www.reddit.com/r/MachineLearning/comments/87djn7/d_what_is_meant_by_number_of_hidden_units_in_an/

hidden states, [h1, h2, ..., hn]. The internal equations of the layer are unchanged. Refer to the

documentation.

Understand the Difference Between Return Sequences and Return States for LSTMs in Keras

https://machinelearningmastery.com/return-sequences—and-return-states—-for-lstms

—in-keras/

In xeras - while building a sequential model - usually the second dimension (one after
sample dimension) - is related to a time dimension. This means that if for example, your
data is 5-dimwith (sample, time, width, length, channel) you could apply a
convolutional layer using TimeDistributed (Which is applicable to 4-dim with (sampie,
width, length, channel)) along a time dimension (applying the same layer to each time

slice) in order to obtain 5-d output.

The case with pense is that in keras from version 2.0 pense is by default applied to only last
dimension (e.g. if you apply pense (10) to input with shape (n, m, o, p) you'll get output
with shape (n, m, o, 10)) S0 in your case Dense and TimeDistributed (Dense) are

equivalent.

Padding
https://machinelearningmastery.com/data-preparation-variable-length-input-seque

nces-sequence-prediction/


https://machinelearningmastery.com/return-sequences-and-return-states-for-lstms-in-keras/
https://machinelearningmastery.com/return-sequences-and-return-states-for-lstms-in-keras/

numpy . pad With constant mode does what you need, where we can pass a tuple as second
argument to tell how many zeros to pad on each size, a (2, 3) forinstance will pad 2 zeros

on the left side and 3 zeros on the right side:
Given 2 as:

https://stackoverflow.com/questions/38191855/zero-pad-numpy-array/38192105

1

As Keras documentation suggests TimeDistributed is a wrapper that applies a layer to every
temporal slice of an input.

Here is an example which might help:

Let's say that you have video samples of cats and your task is a simple video classification
problem, returning 0 if the cat is not moving or 1 if the cat is moving. Let's assume your
input dim is (None, 50, 25, 25, 3) which means you have 50 time steps or frames per
sample, and your frames are 25 by 25 and have 3 channels, rgb.

Well, one aporoach would be to extract some "features" from each frame using CNN, like
Conv2D, and then pass them to an LSTM layer. But the feature extraction would be the
same for each frame. Now TimeDistributed comes to the rescue. You can wrap your
Conv2D with it, then pass the output to a Flatten layer wrapped also by TimeDistributed. So
after applying TimeDistributed(Conv2D(...)), the output would be something of dim like
(None, 50, 5, 5, 16), and after TimeDistributed(Flatten()), the output would be of dim (None,
50, 400). (The actual dim would depend on Conv2D parameters.)

The output at this layer now can be passes through LSTM.

So obviously, LSTM itself does not need a TimeDistributed wrapper.


https://stackoverflow.com/questions/38191855/zero-pad-numpy-array/38192105

Now CNN+LSTM model

https://towardsdatascience.com/get-started-with-using-cnn-Istm-for-forecasting-6f0f4dde582
6

https://medium.com/@shivajbd/understanding-input-and-output-shape-in-Istm-keras-c501ee

95c65e

https://github.com/vanessajurtz/lasagne4bio/blob/master/subcellular_localization/notebook
%20tutorial/CNN-LSTM-Attention.ipynb

TimeDistributedDenseXt3D3k £ #IE B 8] 5 B FAfE R fDense (SE&1E 1) 1215,

https://machinelearningmastery.com/timedistributed-layer-for-long-short-term-memory-netw
orks-in-python/

Meeting June 7th

How padding?

Analysis on 9-aa and 10-aas. The most important positions seem on 2nd and the rightest.


https://towardsdatascience.com/get-started-with-using-cnn-lstm-for-forecasting-6f0f4dde5826
https://towardsdatascience.com/get-started-with-using-cnn-lstm-for-forecasting-6f0f4dde5826
https://medium.com/@shivajbd/understanding-input-and-output-shape-in-lstm-keras-c501ee95c65e
https://medium.com/@shivajbd/understanding-input-and-output-shape-in-lstm-keras-c501ee95c65e
https://github.com/vanessajurtz/lasagne4bio/blob/master/subcellular_localization/notebook%20tutorial/CNN-LSTM-Attention.ipynb
https://github.com/vanessajurtz/lasagne4bio/blob/master/subcellular_localization/notebook%20tutorial/CNN-LSTM-Attention.ipynb
https://machinelearningmastery.com/timedistributed-layer-for-long-short-term-memory-networks-in-python/
https://machinelearningmastery.com/timedistributed-layer-for-long-short-term-memory-networks-in-python/

Updated on June 7th

APBC 2020 : The 18th Asia Pacific Bioinformatics Conference.

https://blog.csdn.net/mitedu/article/details/8480111

https://blog.csdn.net/lydia2012924/article/details/77983749

APBC 2020 : The 18th Asia Pacific Bioinformatics Conference

http://www.wikicfp.com/cfp/servlet/event.showcfp?eventid=86176&copyownerid=89249

ICMLA 2019 : 18th IEEE International Conference on Machine Learning and Applications

http://www.wikicfp.com/cfp/serviet/event.showcfp?eventid=83617

Go to Waterloo company on Fri. May 31st

Qs:

Those parameters. Time-in-steps. Features. TimeDistributed. LSTM
How to optimize the parameters.

ROC-AUC calculation.

Combination with CNN

Attention model.

Blosum 62.

N o o k0 bdhd =


https://blog.csdn.net/mitedu/article/details/8480111
https://blog.csdn.net/lydia2012924/article/details/77983749
http://www.wikicfp.com/cfp/servlet/event.showcfp?eventid=86176&copyownerid=89249
http://www.wikicfp.com/cfp/servlet/event.showcfp?eventid=83617

The encoder-decoder recurrent neural network is an architecture where one set of LSTMs
learn to encode input sequences into a fixed-length internal representation, and second set

of LSTMs read the internal representation and decode it into an output sequence.

This architecture has shown state-of-the-art results on difficult sequence prediction

problems like text translation and quickly became the dominant approach.

The HLA sequence was encoded in terms of a pseudo-sequence consisting of amino acid residues in
contact with the peptide. The contact residues are defined as being within 4.0 A of the peptide in any of a
representative set of HLA-A and -B structures with nonamer peptides. Only polymorphic residues from A,
B, and C alleles were included giving rise to a pseudo-sequence consisting of 34 amino acid residues.
Notice that due to multiple possible conformations, the central peptide residues could choose to interact
with different subsets of residues in the binding groove. All such residues were included in the
pseudo-sequence. The interaction map between the peptide and HLA sequence is given in Figure 4.

. . . / 117726526/
Dataset

The MHC class I molecule was represented by a pseudo-sequence consisting of amino acid residues in
contact with the peptide. The contact residues are defined as being within 4.0 & of the peptide in any of a
representative set of HLA-A and HLA-B structures binding a

nonameric peptide. Of all contact residues, only those that were polymorphic in any known HLA-A, HLA-B,
and HLA-C protein sequence were included, giving rise to a pseudosequence consisting of 34 amino acid
residues (Nielsen et al. 2007). This pseudo-sequence

mapping was applied to all MHC molecules in this study. This could lead us to discard essential peptide-MHC
interactions for non-classical and non-human MHC molecules.

However, no quantitative peptide-binding data are available for non-classical HLA molecules, and only very
limited data are available for non-human primates. The panspecific approach relies on the ability of the
neural networks to capture general features of the relationship between peptides and HLA pseudo-sequences
and interpret these in terms of binding affinity. Only interactions that are polymorphic in the training data


https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0000796#pone-0000796-g004
https://www.ncbi.nlm.nih.gov/pubmed/17726526/

can aid the neural network learning. It would hence not be possible for the NetMHCpan method to learn
from such extended pseudo-sequence mappings due to the lack of polymorphism at the
extended MHC positions in the training data

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3319061/pdf/nihms-138465.pdf

Assay Information

Assay

The Assay Finder is used to select the Assay Type, Assay Type Group, and Assay Type Units.
The units available are EC50 nM, IC50 nM, t1/2 (min), Other (see comments)/None, KD nM, Koff
(s®-1), Tm (degree C), and Angstroms. Be sure to utilize the correct units for the assay you are
entering.

Qualitative Measurement The Qualitative Measurement field is a required field . Select the
appropriate response based upon the figures and text provided in the manuscript. All assay contexts
in the database must be labeled as either positive or negative. At times, this can be controversial.
The overriding rule is to follow what the author states, however, data may be present without
comment from the authors regarding the result. For truly confusing data, the author may be
contacted for clarification. For data that can be reasonably considered negative or positive based
upon other information provided in the manuscript, the curator may make a judgment. In most cases,
the presence of a precise numerical value for MHC binding contexts is curated as a positive
outcome.

It consist of a drop down menu of:
e Positive
e Positive-Low
e Positive-Intermediate
e Positive-High

e Negative

Rule 1: When authors specify a qualitative assessment in the reference as either positive or
negative, their assessment will be recorded in the database.

Rule 2: When a qualitative assessment can be inferred from the information in the manuscript
(threshold is provided), this assessment will be entered into the database.

Rule 3: When no qualitative assessment is provided by the authors, this data will not be entered into
the database.

Measurement Inequality These selections may be used in order to add additional information
regarding the quantitative value.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3319061/pdf/nihms-138465.pdf

Quantitative Measurement \Whenever quantitative data are available, they must be captured.
Always capture quantitative values, when provided, for MHC binding assays. Be sure to select the
appropriate units and check your math if conversions are required.

Always use author statements to determine which values are considered positive or negative.
Different assays and different authors use different criteria for positive or negative binding values.

e MHC Binding data for select authors:Alex, John Sidney, Buus, Lund.

Class |

IC50 < = 50nM - Positive-High

51 to <= 500nM- Positive -Intermediate
501 <= 5000nM - Positive-Low
>5000nM - Negative

Class Il

IC50 < =100nM - Positive-High

101 to <= 1000nM - Positive -Intermediate
1001 <= 10000nM - Positive-Low
>10000nM - Negative

MHC Binding Assay Fields

Experimental data characterizing the interaction between an epitope and an MHC molecule is
entered under the tab labeled MHC binding.

MHC Fields

The fields utilized to capture MHC binding contexts are as follows:

Location of Data This field is used to identify where the MHC binding data appears. All tables,
figures, or text where the actual binding data is provided should be entered. If bulking different
figures or tables, enter all of them here.

Assay Information

Assay


http://curationwiki.iedb.org/wiki/index.php/Curation_Manual2.0

The Assay Finder is used to select the Assay Type, Assay Type Group, and Assay Type Units.
The units available are EC50 nM, IC50 nM, t1/2 (min), Other (see comments)/None, KD nM, Koff
(s®-1), Tm (degree C), and Angstroms. Be sure to utilize the correct units for the assay you are
entering.

Qualitative Measurement The Qualitative Measurement field is a required field . Select the
appropriate response based upon the figures and text provided in the manuscript. All assay contexts
in the database must be labeled as either positive or negative.

It consist of a drop down menu of:
e Positive
e Positive-Low
e Positive-Intermediate
e Positive-High

e Negative

Measurement Inequality These selections may be used in order to add additional information
regarding the quantitative value.

Quantitative Measurement Whenever quantitative data are available, they must be captured.
Always capture quantitative values, when provided, for MHC binding assays. Be sure to select the
appropriate units and check your math if conversions are required.

Assay Comments This field is used to enter comments relevant to the binding assay such as
comparisons made between the binding of an analog or mutant epitope to the binding of the native
epitope. As with all comments fields, this field should only be used when necessary. The comments
should be a complete “stand alone” concept written in proper English and must provide information
of value that would otherwise be lost given the current IEDB fields.

MHC Allele Name

The Allele name is selected from the Allele Finder application. This table includes Allele Name,
Class, Organism, Restriction level, Haplotype, Locus, Serotype, and Molecule. Each of the table
headings can be used to order the table. The search window allows one to search by organism,
class, and allele. Synonyms will also be found so if you enter an allele name into the finder and a
different allele name is returned, be sure to note that they are synonyms.

http://curationwiki.iedb.org/wiki/index.php/Curation_Manual2.0

The assay types present within the IEDB reflect the assays being used in the literature. This list
includes all commonly used immunological methods such as ELISA, FACs, bioassays, etc. and
expands to accommodate new assays as they are developed. For all assay types, the IEDB uses


http://curationwiki.iedb.org/wiki/index.php/Curation_Manual2.0

an assay finder application that allows users to search on either the purpose of the assay (to
measure IL-2) or the method used (ELISA). All experimental data entered into the IEDB are
categorized as either positive or negative in the ‘Qualitative Measurement’ field. Additional
granularity is available for positive data with values of positive-high, positive-intermediate and
positive-low. For assay types with quantitative measurements, such as the KD between an
antibody and epitope, the numerical values are entered along with the units. When available, the
number of subjects tested, the number responding or the percent responding are also displayed.

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2808938/

Physicochemical encoding (PE): this encoding is particularly suited for peptides since it exploits the fixed
length of the sequence. In (Zhao et al. (2003) each amino acid of the peptide is encoded by F = 10 factors
concatenated (i.e. each amino acid is described by a vector a 2 RF , therefore the feature vector is
composed by F M features. These orthogonal factors (sa) ai, i = 1, ... , 20 were obtained from 188 physical
properties of 20 amino acids via multivariate statistical analyses (Kidera, Konishi, Oka, Ooi, & Scheraga,
1985). Several other encodings have been proposed based on a similar representation, but starting from a
different set of factors (derived from the physicochemical properties). In Maetschke, Towsey, and Bodén
(2005) the set of factors was obtained by reducing the BLOSUM62 matrix by Sammon projection (Henikoff &
Henikoff, 1992) to a 20 F (F = 5) matrix (bs). In Venkatarajan and Braun (2001) a multidimensional scaling
of 237 physicochemical properties is performed to derive F = 5 descriptors for all 20 amino acids (ms). In a
recent work (Tong, Liu, Zhou, Wu, & Li, 2008) a novel descriptor of F = 9 principal component scores is
derived from the principal component analysis of a matrix of 99 weighted holistic invariant molecular indices
of amino acids (sw).

HLA Naming rule:
http://hla.alleles.org/nomenclature/naming.html

The digits before the first colon describe the type, which often corresponds to the serological antigen carried
by an allotype. The next set of digits are used to list the subtypes, humbers being assigned in the order in
which DNA sequences have been determined. Alleles whose numbers differ in the two sets of digits must
differ in one or more nucleotide substitutions that change the amino acid sequence of the encoded protein.
Alleles that differ only by synonymous nucleotide substitutions (also called silent or non-coding
substitutions) within the coding sequence are distinguished by the use of the third set of digits. Alleles that
only differ by sequence polymorphisms in the introns, or in the 5' or 3' untranslated regions that flank the
exons and introns, are distinguished by the use of the fourth set of digits.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2808938/
http://hla.alleles.org/nomenclature/naming.html

Hyphen used to separate Suffix used to denote

gene name from HLA prefix changes in expression
Separator “* Field Separators
| -~
HLA-A*02:101:01:02N
‘ ‘ . ‘ [ ] ‘ » . ‘ L ] . ‘
HLA Prefix « Gene Field 4; used to show
Y differences in a
Field 1; allele group non-coding region

Fleld 2; specific HLA protein

Field 3; used to show a synonymous DNA
substitution within the coding region
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Meeting with the company, on May 24th:
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Fig. 1: Our proposed CNN-ENN model
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Samples - This is the len(dataX), or the amount of data points you have.

Time steps - This is equivalent to the amount of time steps you run your recurrent neural
network. If you want your network to have memory of 60 characters, this number should be
60.

Features - this is the amount of features in every time step. If you are processing pictures,
this is the amount of pixels. In this case you seem to have 1 feature per time step.

2
| also had this question before. On a higher level, in (samples, time steps, features)

1. samples are the number of data, or say how many rows are there in your data
set

2. time step is the number of times to feed in the model or LsTM

3. features is the number of columns of each sample



For me, | think a better example to understand it is that in NLP, suppose you have a
sentence to process, then here sample is 1, which means 1 sentence to read, time step is
the number of words in that sentence, you feed in the sentence word by word before the
model read all the words and get a whole context of that sentence, features here is the
dimension of each word, because in word embedding like word2vec or glove, each word is
interpreted by a vector with multiple dimensions.

The input shape parameter in Keras is only (time steps, num features), more you can
refer to this.

And the problem of yours is that when you reshape data, the multiplication of each
dimension should equal to the multiplication of dimensions of original data set, where 434
does not equal to 217*3*2.

When you implement 1sTy, you should be very clear of what are the features and what are
the element you want the model to read each time step. There is a very similar case here
surely can help you. For example, if you are trying to predict the value of time t using t-1
and t-2, you can either choose to feed in two values as one element to predict ¢, where
(time step, num features)=(1, 2), or you can feed each value in 2 time steps, where

(time step, num features)=(2, 1).

That's basically how | understand this, hope make it clear for you.


https://machinelearningmastery.com/reshape-input-data-long-short-term-memory-networks-keras/
https://machinelearningmastery.com/time-series-prediction-lstm-recurrent-neural-networks-python-keras/
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how recurrent neural networks work #deeplearning4j #dl4j
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Recurrent networks are distinguished from feedforward networks by that feedback loop
connected to their past decisions, ingesting their own outputs moment after moment as input. It
is often said that recurrent networks have memory.2 Adding memory to neural networks has a
purpose: There is information in the sequence itself, and recurrent nets use it to perform tasks
that feedforward networks can’t.

That sequential information is preserved in the recurrent network’s hidden state, which manages
to span many time steps as it cascades forward to affect the processing of each new example. It
is finding correlations between events separated by many moments, and these correlations are
called “long-term dependencies”, because an event downstream in time depends upon, and is a
function of, one or more events that came before. One way to think about RNNs is this: they are
a way to share weights over time.



Updates on May 20th.

Meeting Prof Zhang on May 20th.
BGI recently published a paper using Denovo to predict binding affinity of MHC. It is pre-printed

on: https://www.biorxiv.org/content/biorxiv/early/2019/04/26/620468.full.pdf . Briefly summary, it
used MS data directly trained on Deepnovo to predict binding of MHC.
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May 17th, 2019

Built up a CNN model with Keras by myself. Tested on
https://github.com/ditekunov/mhc-peptides-dataset/tree/master/data dataset, achieved ACC
80.4%

May 15th, 2019


https://github.com/ditekunov/mhc-peptides-dataset/tree/master/data

Thesis - Pan model to predict the binding affinity of MHC (or HLA).

Raw Data:

The input data is from several sources:

IEDB library: http://www.iedb.org/doc/mhc_ligand_full.zip
http://tools.iedb.org/mhci/download/  Kim et al (2014)

GitHub:
MHCflurry:  https://qithub.com/openvax/mhcflurry/tree/master/downloads-generation
mhc-peptides-dataset https://github.com/ditekunov/mhc-peptides-dataset/tree/master/data

Deep-Learning-MHCI: https://github.com/altayg/Deep-Learning-MHCI/tree/master/dataset1

Epic: https://qithub.com/BGI2016/EPIC

Model (Code):

The code original is from the article - Ching T et al. 2018 Opportunities and obstacles for deep
learning in biology and medicine. J.R.Soc. The github link:
https://github.com/vanessajurtz/lasagne4bio/tree/master/peptide MHCII/scripts

This article generally summary and discuss the current hot areas where machine learning could
be applied in biology. The article discussed a little bit about current popular software for MHC
prediction (in page 18, under 3.9. Major histocompatibility complex-peptide binding). The article
also provide a rough general model to predict the binding affinity for MHCII using Lasagne
library. The code gives a general picture for how to use Lasagne to do this. The parameters (like
hidden layers, filter sizes and so on) are not optimized and there are no performance evaluation
for it (more like a general guide for how to use Lasagne and ).

| currently modified the code to fit for my MHCI data.

CNN

Inputs: X: peptides, MHC (encoded as 34 AA pseudo sequences)
Y: binding or not binding. Or binding affinity


http://www.iedb.org/doc/mhc_ligand_full.zip
http://tools.iedb.org/mhci/download/
https://github.com/openvax/mhcflurry/tree/master/downloads-generation
https://github.com/ditekunov/mhc-peptides-dataset/tree/master/data
https://github.com/altayg/Deep-Learning-MHCI/tree/master/dataset1
https://github.com/BGI2016/EPIC
https://github.com/vanessajurtz/lasagne4bio/tree/master/peptide_MHCII/scripts

Model: Peptides, and MHC go through model. After each layer, eventually two inputs would
become the layers with the same dimensions. After that, two inputs combines into one layer for
final output.

# Building the network...
input layer for peptide (I_in_pep.shape): (None, 21, None)
input layer for MHC pseudo sequence (I_in_mhc): (None, 21, 34)

# DENSE
# elementwise sum instead of concat:

|_dense_conv_pep_9: (None, 60)

|_dense_mhc: (None, 60)

|_dense_all(combined): (None, 60)

# params: [W, b, W, b, W, b, beta, gamma, mean, inv_std, beta, gamma, mean, inv_std, W, b]
# weights: [0, 2, 4, 14]

# number of layers: 14

# number of parameters: 51001

X_pep_train.shape: (90849, 21, 15)
X_mhc_train.shape: (90849, 21, 34)
N_FEATURES: 21
MHC_SEQ_LEN: 34

LSTM:
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Backup

The first stage in neoantigen identification from a VCF file is the proper annotation of variants to
identify non-synonymous variants. To this end, NeoPredPipe employs the widely used and efficient
genomics tool, ANNOVAR ([12]). Specifically, ANNOVAR processes samples in a way that prioritizes
exonic variants, this step provides a useful means for quickly partitioning variant calls for
downstream applications. The user is able to specify the genome build that they would like to use,
provided it is compatible with ANNOVAR. Finally, using the coding_change function of ANNOVAR
and custom code, the mutated amino acid sequence is predicted from annotated nonsynonymous
variant calls, and the peptide sequence surrounding the newly introduced amino acid is extracted for
epitope prediction. From this step, mutations that give rise to a single amino acid change, and
mutations that mutate a larger peptide segment (e.g. indels and stop-losses) are handled separately
and reported in separate files to help further assessment.

Once the VCF files have been annotated and partitioned with ANNOVAR, the program determines if
HLA haplotypes have been provided by the user containing the HLA-A, -B, and -C haplotypes.
NeoPredPipe does not include HLA allele identification as this step in the pipeline is highly
dependent upon the source of the data (WES, WGS, targeted gene panels, transcriptome data, or
conducted via experimental methods), but the pipeline’s github page provides detailed advice on
haplotyping from WES/WGS data using the popular tool POLYSOLVER [13], and the output of
POLYSOLVER is automatically processed in NeoPredPipe. In cases where no HLA haplotype
information is available the most common alleles of each haplotype are assessed; while in cases
where the HLA haplotypes are homozygous only that HLA haplotype is used for prediction. HLA
haplotypes are cross-referenced with available HLA haplotypes prior to executing netMHCpan ([14])
for the primary neoantigen predictions. As with the primary tool, the user is able to specify the
epitope lengths to conduct predictions for (typically epitopes of 8-, 9-, or 10-mers). The output from
this process yields a single file containing either filtered or unfiltered (dependent on user options)
neoantigen predictions with information on the sample possessing the neoantigen and, in the case of
multi-region variant calling, a presence/absence indicator for each of the sequenced regions. These
predicted neoantigens are then, optionally, cross-referenced with normal peptides utilizing
PeptideMatch ([15]), whereby the candidate epitopes are assessed for novelty against a reference
proteome that can be supplied by the user as a fasta file (e.g. from Ensembl or UniProt). When
available, users may also provide expression data as a tsv file specific to each sample (or a single
reference file) to quickly assess expression levels of the gene carrying a predicted neoantigen. This
information is included in the final output table.



The steps outlined above deliver candidate information for neoantigens from provided variant calls
that may be presented to cytotoxic T-cells, however, this does not inform the likelihood of a
neoantigen eliciting an immune response (i.e. being recognised by a TCR). In order to predict the
recognition potential we employ the algorithms and process utilized by [16]. The recognition potential
is defined as the product of A and R, where A is the amplitude of the ratio of the relative probabilities
of binding for the wild-type and mutant epitopes to the MHC-class | molecules; and R is a measure
of similarity to pathogenic peptides, meant to represent the probability that the neoantigen in
question is recognised by a TCR clone already present in the tissue/blood. To define A it is
necessary to perform neoantigen predictions for the wildtype and mutant epitope: this is not
performed by default by NeoPredPipe, but is supplied as an option to employ as a contiguous
pipeline. To define R, NeoPredPipe utilizes the multistate thermodynamic model employed by [16],
which requires alignment scores for each epitope to a curated Immune Epitope Database list of
known epitopes (can be refined and updated by the user, but is provided).
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