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Abstract

The ability to correctly predict the functional role of proteins from their amino acid
sequences would significantly advance biological studies at the molecular level by
improving our ability to understand the biochemical capability of biological organisms
from their genomic sequence. Existing methods that are geared towards protein
function prediction or annotation mostly use alignment-based approaches and
probabilistic models such as Hidden-Markov Models. In this work we introduce a deep
learning architecture (Function Identification with Neural Descriptions or FIND)
which performs protein annotation from primary sequence. The accuracy of our
methods matches state of the art techniques, such as protein classifiers based on Hidden
Markov Models. Further, our approach allows for model introspection via a neural
attention mechanism, which weights parts of the amino acid sequence proportionally to
their relevance for functional assignment. In this way, the attention weights
automatically uncover structurally and functionally relevant features of the classified
protein and find novel functional motifs in previously uncharacterized proteins. While
this model is applicable to any database of proteins, we chose to apply this model to
superfamilies of homologous proteins, with the aim of extracting features inherent to
divergent protein families within a larger superfamily. This provided insight into the
functional diversification of an enzyme superfamily and its adaptation to different
physiological contexts. We tested our approach on three families (nitrogenases,
cytochrome bd-type oxygen reductases and heme-copper oxygen reductases) and present
a detailed analysis of the sequence characteristics identified in previously characterized
proteins in the heme-copper oxygen reductase (HCO) superfamily. These are correlated
with their catalytic relevance and evolutionary history. FIND was then applied to
discover features in previously uncharacterized members of the HCO superfamily,
providing insight into their unique sequence features. This modeling approach
demonstrates the power of neural networks to recognize patterns in large datasets and
can be utilized to discover biochemically and structurally important features in proteins
from their amino acid sequences.
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Author summary

Introduction

A central idea of molecular evolution is that homologous proteins in different biological
organisms possess similar structural and functional properties. Homology of proteins is
based on their amino acid sequences, which have some structural and functional
properties encoded into them. The extent of sequence similarity of proteins can be used
to classify proteins as belonging to different groups that each perform distinct functions
or possess a specific set of properties. The proteins which fall within previously
identified clusters are then annotated as having a specific function, which is usually
experimentally determined for one or more proteins within a cluster. Computational
tools such as sequence alignment based methods have been used to infer the biological
roles of proteins, based on their similarity to experimentally characterized proteins [1].
These methods can be effective when comparing sequences with a high degree of
similarity (60 percent or higher) but fail for more distantly related proteins [2].
Improvements were made to such methods by adding some position specific information
to make local alignments [3], or by measuring sequence similarity against databases such
as Pfam, with curated domain assignments [4]. Other methods include probabilistic
models such as HMMer which calculate a sequence profile indicating the frequency of
occurrence of a given amino acid in each position of a protein sequence [5], models
incorporating information from phylogenetic trees such as SIFTER [6] or neural network
based models where proteins are trained based on InterPro or GO classifications [2]. All
of the above methods are more accurate for certain functions and biological systems,
and they are evaluated regularly using the critical assessment of functional annotation
(CAFA) challenge [7]. There are different challenges for each of the previous methods,
some of which have been empirically demonstrated - BLAST alignments for example,
cannot easily distinguish between parts of the sequence that align to conserved domains
and some variable and less functionally relevant parts of sequences, and HMMs are
more useful for annotation when built off a large data set for each protein domain.
Neural networks offer some advantages over these methods.

Neural networks are computationally different from traditional methods, which are
based on sequence alignments. Sequence alignments are computationally limited, and
align sequences in a pair-wise manner and iterate over all possible pairs of sequences to
compute the extent of similarity between proteins in a given database. In contrast,
neural networks can process a larger set of sequences simultaneously to model the
similarity in their amino acid sequences. With such advantages, neural networks have
been shown to perform classification tasks with a high level of accuracy, even with
smaller training sets [8] [9] [10] [11]. Another strength of neural networks is their ability
to identify patterns or signals in large sets of data. Large protein superfamilies
constitute such a large data set, from which it is conceivable that a neural network can
identify “patterns” or functional features that correlate with functional characteristics,
provided we curate a database with such specific and useful labels. An often cited
disadvantage of neural networks is that they provide little information on the features
that were used for classification. We have overcome this disadvantage by making our
neural network model interpretable.

Our neural network model uses a neural attention mechanism to identify sequence
features that are correlated with protein annotation. We use as input, a database of
primary amino acid sequences that have been assigned “labels” that are defined based
on phylogenetically identified clusters. The network is then trained on these protein
sequences and labels to generate a classification model. This model is then used to
provide annotation to a test set of sequences. The neural attention mechanism forces
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the model to use small sets of a protein’s sequence to classify it, thus identifying small
functional or structural motifs that are inherent to a protein and correlated with the
label it is assigned. While traditional methods require rigorous analysis of sequence
alignments, extensive knowledge of prior biochemical literature and biochemical
intuition, use of interpretable neural network models such as ours offers a useful
time-saving tool. Direct extraction of sequence features unique to protein families will
aid in mechanistic understanding of proteins unique to different organisms and
pathways. Many attempts have been made to use certain characteristics such as %
conservation, solvent accessibility or information on neighboring residues to correlate
structural features with a protein’s function [12] [13] [14] but, our model is able to
identify conserved sequence features directly from primary sequence and without being
fed such curated information.

To evaluate our method, we built models to classify three different enzyme
superfamilies — cytochrome bd-type oxygen reductases, nitrogenases and heme-copper
oxygen reductases. We achieved a classification accuracy greater than 97 % for all of
these families ; comparable to a classification model we built based on Hidden-Markov
Models. In addition, our model extracts structurally and functionally important
sequence features. We compare the strengths and weaknesses of the above two
approaches and discuss different parameters that can be optimized to enhance
classification by the neural network. Further, we focused on and evaluated sequence
features identified in the model as belonging to each protein family of the heme-copper
oxygen reductase (HCO) superfamily. HCOs are a large superfamily of enzymes with
several biochemically well-characterized family members. By using the case of
experimentally characterized HCO enzymes, we validated our algorithm. Then, we
utilized the model to discover several new interesting features in previously
uncharacterized members of the HCO superfamily. The HCO superfamily classification
model can be used to investigate new HCO sequences — to automatically identify the
family they belong to, and extract novel features characteristic of that protein. Finally,
our neural network approach is applicable to many protein databases, either small or
large in dataset provided they are curated with appropriate labels to train on. When
used with different protein superfamilies, we gain additional insight into their
biochemical characteristics and into their evolutionary diversification. In order to make
our tool accessible, we have made FIND available as a Jupyter notebook, allowing
users to train any curated and labelled database of their choice for classification and
feature extraction. Given the abundance of genomic and metagenomic sequence data
that is currently available and the dearth of functional information, this tool will be
helpful in generating additional insight into the possible role of divergent protein
sequences as they are discovered.

Heme-copper Oxygen Reductase Superfamily
Background

The heme-copper oxygen reductase superfamily consists of families of respiratory
enzymes — Oxygen reductases (Og-reductases) which perform oxygen reduction to water,
or nitric oxide reductases (NOR) which perform nitric oxide reduction to nitrous

oxide [15] [16]. It was hypothesized that one family (NOD) performs nitric oxide
dismutation [17]. Briefly, these transmembrane enzymes receive electrons from a
periplasmic or membrane bound electron donor (cytochrome c or quinol respectively)
and use these electrons to perform oxygen or NO reduction. The core architecture of
this enzyme typically constitutes a 12-transmembrane helix subunit where the active
site is present (subunit I) and an electron-donor binding subunit where electrons are
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Phylogenetic tree of heme-copper oxygen reductase( HCO) families
D
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Fig 1. The heme-copper oxygen reductase superfamily is divided into 18 families based
on monophyletic clades recovered through phylogenetic clustering of HCO amino acid
sequences. The same clades were recovered using PhyML and MrBayes. The base
sequence alignment used for the generation of this tree, as well as the phylogenetic trees
are available on our Github database https://github.com/ybisk/FIND.

received from the physiological electron donor (subunit IT). However, in one of the 9
families (QNOR), these two subunits are fused into a single polypeptide. The central 100
subunit I consisting of 12 transmembrane helices includes several features, conserved 101
across the families that aid in catalyzing the reduction of O2 or NO. These features can 10
be categorized in terms of protein components needed for (1)electron transfer to the 103
active site, (2)proton transfer to the active site, (3)gas diffusion to the active site and 104
(4) stabilization of redox-active components during catalysis. Co-factors which aid 105
electron tranfer within HCOs include a high-spin heme that transfers electrons from 106
subunit II to the active site and, the active site constituting a low-spin heme and a 107
metal ion. Multiple sequence alignments (MSAs) and experimental studies have 108
identified the amino acids which bind the above mentioned hemes and metals [16]. 109

For proton transfer to the active site, there are conserved proton channels within 110
some of the families, which (i) uptake protons from the cytoplasm for oxygen reduction 1
to water and (ii) translocate protons from the cytoplasm to the periplasm (pumping 12
protons) for generation of proton-motive force(pmf) [18]. This latter mechanism for 13

generation of pmf is absent in cNOR and the proton channel leading from the periplasm 114
replaces the cytoplasmic channel [19]. A gas diffusion channel for diffusion of Oy or NO  us

to the active is present in all of the characterized HCO enzymes, with variations 116
depending on whether the substrate is Oz or NO and the substrate affinity of a given s
enzyme [20] [21]. 118

Finally, the two hemes involved in catalysis are stabilized by conserved arginines in 1o
the A and B-type O reductases, and by a Ca?+ in C-type Os reductases and cNOR. 120
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Table 1. Conserved features in subunit I of heme-copper oxygen reductases, which are
important for binding of heme or metal co-factors, transport of substrates to the active
site, or catalysis of oxygen reduction to water

Functional characteristic Location in polypeptide sequence
Low spin heme binding site Helix 2 and Helix 10
High spin heme binding site Helix 10
Cupg or Fepg binding site Helix 6 and Helix 7
O diffusion channel Helix 2
and periplasmic loop between Helix 3 and 4

D proton channel Helix 2, Helix 3, Helix 4,

(present only in the A-family) and cytoplasmic loop between Helix 2 and 3
K proton channel Helix 6 and Helix 8
Stabilization of hemes (in C, cNOR) Periplasmic loop between Helix 1 and Helix 2
Stabilization of hemes (in A, B) Periplasmic loop between Helix 11 and Helix 12

The latter Ca2+ is stabilized by interactions with two glutamic acid residues. These
glutamates are further stabilized by hydrogen bonding interactions with conserved
residues, including a conserved arginine in both families [22] [19]. A fundamental
difference in the active site of Oy reductases and NORs involves a unique co-factor - a
conserved histidine and a tyrosine, found in all Oy reductases make a crosslink to each
other and provide an electron to oxygen during catalysis [23]. The tyrosine from the
cross-link is absent in the NORs and is replaced by a glutamate or asparagine in the
experimentally characterized NORs [24] [25] [26]. All of the above mentioned features
are detailed in Figure 2 and Table 1.

To classify protein families within our model, only subunit I was used as was done
for their original assignment using phylogenetics [15] Figure 1. 11 Os-reductase
families and 7 NOR families were used to train the model for classification. NODs were
left out of the model because of the smaller set of sequences available for this family. 8
of the Oy-reductase families were previously described [15] while the I,J,K families have
not been previously reported. The cNOR, gNOR and bNOR!, eNOR and sNOR [15]
families have been previously described and so has the gNOR family [27]. The remaining
family, nNOR is being reported for the first time but will be described in detail in a
separate study?. A number of the conserved features mentioned above, as well as
variations unique to families within the superfamily were discovered by the model.

Materials and Methods

Data

Our model represents all proteins as a string of characters. Sequences from within the
heme-copper oxygen reductase superfamily were used as input, with their functional
annotation assigned by protein phylogenetics. The number of sequences within each
family/class are reported in Table 2.

Computational Model (FIND)

In this section we introduce our model for Function Identification with Neural
Descriptions or FIND for short. Our task is to predict the function of a protein based

Ipreviously referred to as the qCuaNOR
2Hemp, Murali publication in preparation
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Fig 2. Conserved features in subunit I of the heme-copper oxygen reductases. These
features, mentioned in Table 1 were mapped onto the crystal structre of the A-family
enzyme from Rhodobacter sphaeroides RCSB ID:2gsm.Panels A and B present identical
views of the enzyme locating structural features within the context of their
transmembrane helices. A. Structure of A-family enzyme color-coded according to the
location of transmembrane helices in the enzyme. B. Location of the active-site heme
and metal co-factors as well as conserved D- and K-proton channels within the HCO
enzyme. C.Conserved histidines binding the low-spin heme in HCO. D.Conserved
amino acids in the binuclear active site including the histidine-tyrosine crosslink that is
unique to HCO.
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Table 2. Database of protein sequences used in this study from the following
superfamilies - heme-copper oxygen reductase (HCO), nitrogenase, cytochrome bd.
These sequences were split into a training set (Tr), validation set(Val) and test set(Te)
for training the artificial neural network for protein classification, and for testing the
accuracy of the model, respectively.

heme-copper oxygen reductase cyt bd nitrogenases

Tr/Val/Te Tr/Val/Te Tr/Val/Te Tr/Val/Te
A 2569/384/729 bNOR 41/ 5/ 8 A 47/ 6/ 21 Anf 15/ /) 5
B 535/ 87/160 c¢cNOR 98/ 19/ 24 B 33/1/ 7 nifDI 164/ 28/ 61
C 819/126/229 eNOR 209/ 33/ 55 C 206/24/ 51 nifDII 107/ 15/ 21
D 66/ 9/ 15 gNOR 46/ 5/ 15 E1 373/58/118 nifD.ANME 4/ 1/ 4
E 41/ 11/ 11 nNOR 33/ 4/ 7 E2 123/17/ 33 VnfD 8 / 3
F 26/ 4/ 8 gNOR 284/ 32/ 74 E3 26/ 8/ 10
G 13/ 2/ 3 sNOR 140/ 23/ 40 E4 41/3/ 9
H 13/ 1/ 8
I 17/ 1/ 3
J 11/ 1/ 3
K 5/ 1/ 1

solely on its amino acid sequence. For this task, we use prior information in the form of
a database of protein sequences which are correlated with a functional label. We then
generate a computational model to identify parts of sequence features in the database
sequences that correlate with its functional label. Then, the model is used to apply one
of the previously curated functional labels to the query amino acid sequence by
identifying the predictive features inherent in them. In computational terms, we need to
find predictive regions of strings for a multi-class prediction which we train with
gradient descent and a standard cross-entropy loss. Our task presents two unique
challenges: long sequences and a comparatively small dataset.

The traditional approach to processing strings for categorization within Natural
Language Processing is to use a Recurrent Neural Network (RNN) [28] sequence model
to compress the input. Because our sequences range from 232 to 1095 characters,
averaging over 500, RNNs, even when used with an long short-term memory (LSTM)
cell [29], will suffer from vanishing gradients [30] and fail to learn. Secondly, as our goal
is the construction of a model which provides interpretable insights into functionally
predictive aspects of the input, we want to build an attention mechanism [31] which
does not dramatically increase our parameter space, given the limited data we have
access to. We are able to overcome both of these issues efficiently by using a weighted
sum of local predictors, each resulting from a shallow stack of convolutions, and
normalized confidence.

We present the basic structure of our model in Figure 3. A stack of
convolutions [32] are applied until we reach a kernel of width 16 (k = 16). The final
hidden vector is then passed through two feed-forward layers in order to produce both
an attention weight and a set of predictions. The attention weights are normalized
across the sequence and then multiplied by their corresponding prediction distributions
(logits). This provides a single reweighted logit for the whole sequence scaled by each
sub-predictor’s confidence. Finally, these values are summed and used for prediction at
inference time or updated via a cross-entropy loss during training.

More formally, each unique amino acid type is assigned a random vector in R,
represented simply as an embedding matrix £ € R®*™. An input sequence S is
therefore embedded as e = S - E, before passing e through 1-dimensional convolutions
with kernel widths 2, 4, 8, and 16. This produces a final representation of the sequence
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Fig 3. Our FIND model works by feeding Amino Acid sequences through increasingly
wide convolutions (1, 4, 8, 16) yielding a final receptive field of 26. h; is multiplied by
two fully connected layers to produce an attention weight and a prediction over the
labels. The solid and dashed lines indicate example receptive fields for ho7 and hgs.

s € R for a sequence of length [. Each element is then passed through a single linear
layer to produce an attention (a; = s; - A where A € R"*1) and prediction logits

(pi = si x P where P € R"™Z for L labels). « is then normalized via softmax to
produce a distribution over all [; so the global sequence logits are simply computed as
p=>,;0; ®p;, yielding a prediction vector p € R'™L which is again normalized to
form a distribution over the labels.

By normalizing attention across the entire sequence, the model is forced to choose a
small set of sequences from which to make its prediction. This provides us with
interpretable sequences to analyze. Finally, the convolution allows for efficient parallel
analysis of every subsequence. All models were implemented in PyTorch,? optimized
with Adam [33], BatchNorm [34], and using a hidden dimension of n = 256 which was
chosen based on the validation set performance. All code and data are available on
GitHub for reproducibility and extension at https://github.com/ybisk/FIND. The
code is also available in a Jupyter notebook for easy execution.

Building a database for each enzyme superfamily

Most of the families for heme-copper oxygen reductase superfamily were previously
defined in [15]. The previously undefined families of NOR were designated in the same
way, creating phylogenetic trees and separating out enzyme sequences belonging to
monophyletic clades within the tree. Once the families were defined,* a query sequence
for each of the families was used to search the NCBI non-redundant protein sequence
database using Biopython’s Entrez module and the BLAST tool to identify hits.
Accession numbers for the hits were retrieved using the SeqlO module and then protein
sequences were retrieved, again using Entrez to connect to the NCBI database. Bit
Score and e-value cut-offs could not be identified to entirely separate the sequences
according to families. Therefore, the sequences were then manually curated and labelled
as belonging to their respective families. When enough sequences were not identified in
the NCBI database, sequences were retrieved from metagenomes on JGI's IMG server.
All accession numbers are provided in Supplementary information. A similar method

3http://pytorch.org
4Hemp, Murali manuscript in preparation
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was used for building a database for cytochrome bd-type oxygen reductases and
nitrogenases. However, no metagenome sequences were included for nitrogenases. The
nitrogenases database also included unpublished sequences from a private database.’

Analysis of “predictor” sequence features learned by the model

The model was forced to choose small sections of a query sequence to classify a given
protein as belonging to one of the different HCO families. The extracted sequence
feature was then retrieved and represented using a reference crystal structure or model
in the following way. An (MSA) was generated using the query sequence that the model
has just classified, and a set of previously curated set of HCO sequences belonging to
the output class. The extracted feature was searched against the MSA to locate the
corresponding location in the sequence of the reference structure. The “predictor”
sequences were then mapped using different colors onto the reference structure using
Chimera. [35]

Generation of structural models

Crystal structures for previously characterized enzymes within the HCO superfamily
were used to display the sequence features predicted by the learning algorithm. When a
crystal structure was not available, models of the HCO family were generated using the
i-TASSER structural modelling server. [36] Reference sequences used for generating a
model and the quality of the model itself are found in Table S2. The models
themselves are available on Github https://github.com/ybisk/FIND.

A Hidden Markov Model classifier for heme-copper oxygen
reductases

Using the same test set as that defined for learning the classification model, we created
MSAs for each of the families identified within the HCO superfamily. These MSAs were
used to create a HMM profile for each protein family, using the HMMbuild function in
the HMMer module [5]. A file with a set of query sequences was then searched against
each of the HCO-family HMM profiles, using the hmmscan function. The family against
which the query sequence achieved the highest domain-based Bit Score was taken to be
its label. Classification accuracy was then determined using the standard parameters of
precision, recall and the harmonic mean, F1.

Results and Discussion

Our model was evaluated for its ability to classify a protein belonging to one of three
test superfamilies - cytochrome bd-type oxygen reductases, nitrogenases and
heme-copper oxygen reductases. Its accuracy at performing the above task was
compared to that of a Hidden-Markov based classification tool, using standard
evaluation paramaters. Thereafter, the sequence features used by a model for the HCO
family members were validated using prior biochemical literature on the subject. The
validated model was used to classify and characterize enzymes from the families that
have not been experimentally tested.

5communication from Victoria Orphan and Connor Skennerton

6Pr = tp/(tp + fp), Re = tp/(tp + fn), F1= 2.Pr.Re/(Pr + Re), where tp, tn, fp and fn are true
positives, true negatives, false positives and false negatives respectively.
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Table 3. Protein classification accuracy achieved using a convolution neural network in
comparison to a Hidden Markov Model-based classifier. Classification accuracy is
evaluated using — Precision (Pr), Recall (Re) and Harmonic mean (F1).°

(a) HCOs (b) Nitrogenases

CNN HMM CNN HMM
HCO Pr Re F1 Pr Re F1 Family Pr Re F1 Pr Re F1
A 1.00 1.00 1.00 1.00 1.00 1.00 nifDI 1.00 1.00 1.00 1.0 1.0 1.0
B 0.98 1.00 0.99 0.99 1.00 0.99 nifDII 0.96 1.00 0.98 1.0 1.0 1.0
C 1.00 1.00 1.00 1.00 1.00 1.00 Anf 1.00 1.00 1.00 1.0 1.0 1.0
D 0.95 1.00 0.97 1.00 1.00 1.00 nifD_.ANME  1.00 0.25 0.40 1.0 1.0 1.0
E 0.83 1.00 0.91 1.00 1.00 1.00 VnfD 0.60 1.00 0.75 1.0 1.0 1.0
Ff 0.80 1.00 0.89 1.00 1.00 1.00
Gt 0.67 1.00 080  1.00 1.00 1.00 2 96.8% 100%
Hf 1.00 1.00 1.00 0.89 1.00 0.94
It 100 0.71 0.83  0.75 1.00 0.86 (¢) Cytochrome bd-type oxygen
Jt 1.00 1.00 1.00  1.00 1.00 1.00 reductases
K' 0.00 0.00 0.00 1.00 1.00 1.00 CNN HMM
bNOR 1.00 1.00 1.00 100 1.00 100 gy Pr Re F1 Pr Re F1
c¢NOR 0.85 1.00 0.92 1.00 1.00 1.00
eNOR 0.96 1.00 0.98 1.00 1.00 1.00 A 1.00 1.00 1.00 1.0 1.0 1.0
gNOR 1.00 0.88 0.93 1.00 1.00 1.00 B 1.00 1.00 1.00 1.0 1.0 1.0
nNOR' 1.00 0.56 0.71 1.00 0.33 0.50 ©C 1.00 1.00 1.00 1.0 1.0 1.0
gNOR 0.99 0.95 0.97 1.00 1.00 1.00 El 0.99 1.00 1.00 1.0 1.0 1.0
sNOR 0.92 1.00 0.96 1.00 1.00 1.00 E2 1.00 1.00 1.00 1.0 1.0 1.0

E3 1.00 0.90 0.95 1.0 1.0 1.0

Acc 99.14% 99.96% E4 1.00 1.00 .00 1.0 1.0 1.0
TFamilies with <10 sequences. Acc 99.6% 100%

Comparison of classification accuracy - CNNs and Hidden
Markov Models

In all three test cases, the CNNs performed classification with an accuracy greater than
96%."(Table 3) This was comparable to the classification accuracy achieved by an
HMDM-based classifier that we designed. Impressively, the CNN achieves a high level of
classification accuracy for the relatively small data set of nitrogenases, though the
HMM classifier achieves perfect accuracy in that case. It is conceivable that
HMDM-based classifiers are more accurate for smaller, more homogenous data sets as
there is less variation across a domain in such datasets. This might present a case of
over-fitting the data, which is less likely in the case of CNNs which model all of the
HCO sequences at the same time. In the cytochrome bd-type oxygen reductases, both
the HMM and CNN perform classification with greater than 99% accuracy.
Interestingly, HMM and CNNs are more accurate for different families within the large
superfamilies. In HCO classification for example, the CNN predicts the H and nNOR
families more accurately than the HMM, while the HMM is more precise when
predicting several families, especially F and G. There are two fundamental difference
between these approaches - the CNN uses smaller sections of sequences to make a
prediction of function while the HMM uses whole domain similarity, and the CNN
models all sequences simultaneously while the HMM uses pairwise comparisons. It is
possible that our CNN model performs well where unique features, comparable to the
length of our receptive field are easy to identify, while the HMMSs may identify a more

"Models achieve >90% accuracy with in the first 10 epochs, but may not capture all families until
100. We stopped all runs at a 100 as the learning rate begins to converge to zero
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dispersed combination of sequence features. In the HCO superfamily, it is apparent that
unique features are formed through evolutionary diversification and are conserved.
Correspondingly, our model is able to easily classify members within the HCO family.

The performance of the model on the HCO superfamily, particularly with families
with small data sets is impressive. Previously, an HMM-based classifier was created for
the HCO superfamily but, it does not incorporate as much phylogenetic diversity of this
superfamily as we present here [37]. Therefore, we built an updated model for this task,
which performs the task with >99 % accuracy. It is interesting to note that
classification by both CNN and HMM is least accurate in the case of the I family of
Os-reductases and nNOR, which is consistent with these being a more complicated task
for both algorithms that we used. Further, it appears that the false positives for the
I-family is often the G-family, which is corroborated by their close phylogenetic
relationship (Figure 1). This is also true for nNOR and sNOR, which are closely
related. Sequence analysis of subunits II from these enzymes also suggest that they have
recently diverged, with respect to their evolutionary history. It is intriguing that even
when we force the model to make predictions using smaller regions of the amino acid
sequence, it is sensitive to close phylogenetic relationships. Our feature extraction
method allows us to get a tangible understanding to the physical nature of these close
evolutionary relationships, i.e what features are common to close evolutionary partners
and which features vary between distant ones.

Predictor sequences obtained using attention mechanism

One of the primary goals in this work is to identify inherent patterns within protein
sequences that may not be easy to identify without prior knowledge and biochemical
intuition. In accordance with that goal, we forced our classification algorithm to identify

parts of the protein sequence that are most conserved within a given family of enzymes.

The algorithm identifies these sections of protein sequences, or sequence features, by
preferentially weighting those that are correlated with the correct functional or
structural label. We validate these “predictor” sequence features against prior
knowledge of the known HCO families, and then characterize the novel sequence
features within the new families.

Validation of the model using extensively characterized HCO families

The classification model correctly identifies several features from the known HCO
families - A, B, C, ¢cNOR and qNOR (Figure 4, Table S1). From the A-family, the
most often extracted feature is in the active site (present in Helix 6), including either
the conserved glutamate or tyrosine and serine, which are the amino acids from which
protons are loaded onto the oxygen molecule as it is reduced at the active site (Figure
4). One of these two variants is always present in the A-family and only in this family.
The C-family “predictor” sequence most often identified is the tyrosine belonging to the
histidine-tyrosine crosslinked cofactor, which is located on a different helix (Helix 7),
than in the rest of the Oz-reductases where it is found in Helix 6(Figure 4). In the
B-family, the model derives motifs corresponding to its active site and a tyrosine that is
conserved in the proton channel (Figure 4). In the cNOR family, one often identified
feature is around Helix 10, including a conserved threonine residue suggested to line a
proton channel leading from the periplasm to the active site [19]. (Figure 4C.). In
both C and ¢NOR, a conserved arginine which is involved in stabilizing the active site
heme is present. cNOR has a glutamate in place of the tyrosine from the cross-linked
cofactor present in the Os-reductases. All the sequence features derived were consistent
with previous experimental results. In fact, the identified locations agree well with those
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A-family B-family

Conserved tyrosine
y—‘pmmn channel

Conserved active site

Qe

Helices [l 2 s '+ 5l HHE B @@

C-family cNOR h tIlNOR |
Conserved active site proton channelto periplasm
glutamate specific to cNOR and gNOR

( —~ /\
7
~ )
s o S ¢ ?
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/ © )
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ANY

Conserved arginines to
stabilize low spin heme

Fig 4. Sequence features revealed by classification algorithm. Sequence features were
mapped onto crystal structures of HCO enzymes that are well characterized. The PDB
codes for A, B, C, cNOR, gNOR family crystal structures used are 2gsm, 1xme, 3mk?7,
3wfb, 3ayf respectively

listed in Table 1, indicating that the model is extracting parts of a given enzyme’s
sequence that correlate with meaningful aspects of its function.

Identification of sequence characteristics unique to previously
uncharacterized HCO families

After validating the model, we used the model to extract sequence features from the
remaining families which have not been well characterized. Characteristics unique to
each family were uncovered, indicative of their adaptation to a unique environment and
role. Among the more striking sequence traits was recognized in the J family, which has
two tyrosines replacing histidines which are typically ligands to the active site heme and
high-spin heme. (Figure 5) This is likely to have an effect on the midpoint potential of
the heme; the anionic nature of tyrosine as a ligand is likely to lower the midpoint
potential of the heme. [38] Also interesting are residues corresponding to a proton
channel in the nNOR family in a structurally analogous location to that of the B family.
This would be physiologically significant, indicating that this enzyme could generate
proton motive force. A similar channel leading from the cytoplasm to the active site has
been shown in the electrogenic bNOR [26]. nNOR also appears to have a histidine to
methionine substitution for a ligand to the low-spin heme in the electron transfer
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Fig 5. Sequence features revealed by classification algorithm. Sequence features were
mapped onto homology models of HCO enzymes that are uncharacterized. The
structural model and quality parameters for each model used for each family is
identified in Table S2

pathway. A histidine to glutamate substitution as a heme ligand is uncovered in gNOR,
which would have a significant effect on the midpoint potential and spin state of the
heme. Finally, in K and eNOR, conserved residues around the O /NO diffusion channel
are found. The full set of features is listed in Table S1 with corresponding amino acid
numbering for previously characterized HCOs.

By using these extracted features, it has thus been possible to gain insight into some
functional and structural characteristics of biochemically uncharacterized proteins. It is
interesting that most of the features that have been identified are part of
transmembrane helices. This is consistent with a majority of the catalytically important
residues in HCO enzymes being present in the membrane.

A brief analysis of the sequences extracted by the CNN from nitrogenases’

classification indicates that active site features are used as the markers for classification.

This suggests that this method is as successful for smaller and cytoplasmic proteins.
Extraction of features from cytochrome bd identify locations near the electron donor
binding site, and certain periplasmic loops. A full description of features identified for
nitrogenases and cyt bd is beyond the scope of this work and will be presented
elsewhere.

A simplified model of functional diversification within the HCO
family members

Use of different model parameters to gain insight into different
protein features

The neural network model is built on several parameters - the size of the embedding
matrix, the number of convolutional layers and kernel size - that can be modified to
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Conserved Sequence features identified in different HCO families

Location of sequence features within subunit | of HCO
Transmembrane helices (I-XIV)
Lo e v v Ve viEvie X X XI

o

- x
.

bNOR

eNOR [ |

gqNOR l
aor [l

gNOR l

nNOR

i
SNOR |
i

il

Location of conserved residues and their known biochemical function within subunit | of HCO
Transmembrane helices (I-XIV)
Function Lonm v vV vIE i IX o X X
Arginines forming H-bonds to heme I
propionates in C-family, cNOR, gNOR
Gas diffusion channel I

Gas diffusion channel I
Conserved residues forming important I
H-bonds
Active site, heme ligands I
Heme ligands to Cu, or Fe, l
in the active site
K-proton channel I

Heme ligands to low-spin and II
high-spin hemes

proton channel to periplasm (QNOR) I

Fig 6. Correlation of evolutionary history with sequence features identified in different
HCO families. A heatmap of extracted features as they are located within the conserved
subunit I, is correlated with the phylogenetic relationships identified in Figure 1.
Features from five different training runs were combined and mapped onto subunit I.

improve classification accuracy as well as extract different features from protein
sequences. The embedding matrix is used to encode each amino acid in a protein
sequence with a unique vector that, in a sense, quantifies the characteristics associated
with that amino acid. Modification of the the size of the embedding matrix used to code
for an input sequence can modify the complexity available to the model. Intuitively, this
would vary the model’s ability to perceive relationships between different amino acids,
for e.g., between polar residues or between acidic amino acid residues. Further, the
number of convolutional layers and kernel sizes varies the length of the receptive field,
or essentially the maximum length of sequence the model is capable of attending to
when using the attention mechanism. The attention mechanism is used to extract
sequence features, and the model seems capable of using as small a receptive field as 15
amino acids to accurately predict classes of protein families. Use of dilation in the
neural networks can increase this receptive field further and the most striking contrast
in the features learned by the model is perceived when combining dilation with the
number of layers used to encode complexity. Significantly, using weighting parameters
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to increase the importance of the rarer classes to the learning of the model, improves
classification accuracy. A careful examination of model parameters used to build a
neural network indicates that there is significance to the modified use of these
parameters. (Data present in Github https://github.com/ybisk/FIND) However, the
consistency in the features learned for the different classes using a weighted,
convolutional network with 256 parameters in the embedding matrix is the highest and
we used these parameters to generate the final model for the HCO classification.
Using the classification model learned by the neural network, we extracted the top
“predictors” or weights assigned to various parts of the sequence within HCO family
members. Simply, this provides us with sequence patterns or motifs correlated with a
given label. These patterns were plotted using a heat map to demonstrate the location
of identified sequence features within subunit I of the enzyme. We find that several of
these patterns correlate with the evolutionary history of the HCO family, as shown in
Figure 6. Comparison of the distribution of identified features within different families
demonstrates the differential functional adaptation of some of the families. For instance,
the regions identified as predictive in cNOR, and qNOR, center around helices 8, 9 and
10 where residues lining a proton channel for protons to enter the active site from the
periplasm are found. Conversely, A, B and C families of Oy reductases have a proton
channel leading from the cytoplasm to the active site. Sequence motifs found in the
C-family oxygen reductase are centered around the region between helices 1 and 2,
where a periplasmic loop exists that stabilizes heme b3 in the C-family [22]. Conserved
features are identified in cNOR from the same region. The above identified correlations
are significant because they correspond to the phylogenetic relationship between the
C-family Os reductase, and cNOR and qNOR. The close evolutionary relationship
between the C-family, cNOR and qNOR has been observed before [39] [25] and the
common structural features associated with these families appear to corroborate that. A
similar relationship is observed between K and eNOR which cluster closely together in
our HCO phylogenetic tree. Conserved residues such as threonine and tyrosine (in the
K-family), and a tyrosine in eNOR in the loop between Helices 3 and 4, likely affect the

O, and NO diffusion pathway, which have been explored in the A, B and C-family [21].

These features are suggestive of adaptations specific to substrate concentrations [40].
Within the context of a multi-class classification model, we intuit that structural
differences between the families are weighted and extracted. This implies that the
model does not discover every feature conserved in a family but uncovers those
characteristics that are unique to each clade. A complete picture of each enzyme
family’s catalytic and structural characteristics may not be obtained from the model
but, it has the advantage of providing insight into the bigger picture of functional
diversification within the enzyme superfamily. This in turn is correlated with the nature
of catalytic machinery and structural features within a given family. In identifying
features that are significant enough to be conserved within a clade and yet, adaptable
within the larger superfamily, we discern what some of the constraints for evolution of
these proteins are and how they diverged through time.

Conclusion

Our FIND classification model has accurately classified members of three different
enzyme superfamilies - heme-copper oxygen reductases, nitrogenases and cytochrome
bd-type oxygen reductases. It performs this task with accuracy comparable to a
well-accepted classification technique based on Hidden Markov Models. In addition, our
model is able to automatically extract interesting, unique sequence features correlated
with the labels we imposed. This facet of our model allows us to infer biochemically and
structurally distinct features in protein sequences without extensive review of sequence
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alignments, which are typical of traditional methods. In this way, it is uniquely useful
for investigating large sets of uncharacterized proteins. Further, our model provides
insight into the evolutionary relationships of proteins within an enzyme superfamily, by
identifying some traits that are specific to each protein. The novel uncharacterized
members of heme-copper oxygen reductases that we have described and the unique
features we have identified in their protein sequences would be an interesting set of
targets for biochemical characterization. In our work, we have seen the promise of deep
learning methods; to classify proteins and to identify innate structural and functional
features associated with function, directly from primary sequence. In the future, these
methods can be used to tackle the heterogeneity in biological sequence data and
understand aspects of protein diversity and functional adaptation.
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Family Threading templates used C-score TM score
D 2yevA, loccA, 1fftA, 3ag3A, locrA 0.84 0.83+0.08
E 1mb6A, loccA, 2y69A, 2gsmA ;| 1fftA, 3ag3A 1.2 0.88+0.07
F 2yevA, loccA, 1fftA, 3ag3A 0.03 0.7240.11
G 1fftA, loccA, 2yevA, 3ag3A 0.49 0.7840.10
H 2yevA, loccA, 3fyiA, 2gsmA, 1fftA -0.91 0.60+0.14
I 2yevA, loccA, 1fftA; 3ag3A 0.11 0.734+0.11
J 1fftA, 3eh3A, 1mb6, 2y69A, 2yev, lehkA 0.44 0.774+0.10
K 2yevA, 3eh3A, 1fftA, 3ag3A, lehkA 0.26 0.754+0.10
ENOR  2yevA, 3¢h3A, 1fftA, 3ag3A 0.19 0.7440.11
BNOR  2yevA, 3eh3A, 1fftA, 3ag3A, 1lehkA 0.5 0.78+0.10
SNOR  1fftA, loccA, 3fyiA, 1mb56, 3ag3A 1.03 0.85+0.08
NNOR  2yevA, loccA, 2yevA, 1mb6, 3ag3A 0.98 0.85+0.08
GNOR  1fftA, loccA, locrA, 1m56, 3ag3A 0.53 0.78+0.09

Table S2. Homology models made for uncharacterized HCOs on i-TASSER with their
quality scores

Workflow for generating a labelled database of proteins from a superfamily for training a FIND classification model

Step 1. Select template sequence(s) from favorite protein superfamily
Favorite_protein_query AGAVQSTFIHDLVGLYVTPVAWGLMYYFVPVIMKKPMWSHGLSL

Step 2. Use Blastp from the NCBI Entrez server to collect
a database of relevant sequences

BLAST results

Description Max score Totalscore  Query Cover  E value Ident Accession
seq_1 cytochrome oxidase subunit | 1110 110 100% 00 Wi
seq_2 cytochrome oxidase subunit | 855 855 99% 00 75%
seq 3 cytochrome oxidase subunit | 736 736 99% 00 63%
seq 4 cytochrome oxidase subunit | 605 605 95% 00 58%

Step 3. Align the database of sequences, 200-500 at a time 4———

seq_2 AGAVQSTF | HDLI GLY VTPVAWGLMYY F VPV | MKKPMW|
seq_3 AGAVNSTF | HDLVGLY VTPVAWGLMYY F VPV | MKKPMWH!

seq_1 AGAVQSTF I HDLVGLY VTPVAWGLMYYF VPV | MKRPMWHG
seq_4 AGAVNSTF | HDLI GLW I TPVAWGLMYY FVPV | MKKPMW]

Step 4. Use the alignment to generate a phylogenetic tree using PhyML/ RaxML
and MrBayes

Same clusters recovered from different phylogenetic trees

seq_1 seq_1
Step 6. Repeat procedure for database to
seq_2 verify the validity of the clusters
above and the assignment

of unlablled sequences
seq_4 to the extracted clusters.

seq_2

seq_3

Maximum Likelihood | C seq_4 MrBayes seq3

Step 5. Extract the number of clusters from a phylogenetic tree and label
them. Clusters are considered supported if you get the same clusters from
ML and Bayesian trees.These are the labels your algorithm will train for.

DATABASE
Names Sequences Labels
seq_1 AGAVQSTFIHDLVGLY VTPVAWGLMYYFVPV | MKKPMWHG A

seq_2 AGAVQSTFIHDLI GLY VTPVAWGLMYY FVPV | MKKPMWHH A
seq_3 AGAVNSTFI HDLVGLY VTPVAWGLMYY FVPV | MKKPVWHI B
seq_4 AGAVNSTFI HDLI GLW ITPVAWGLMYYFVPV | MKKPMWHH [

\ 4

Training set for neural network model (FIND)

NOTE: The database to be used as input for FIND need not be extracted using phylogeny. You can modify step 4 by using
ANY clustering method if you are not seeking to extract evolutionary relationships. Further, you can use ANY curated
database, for e.g. using GO annotations or other functional assignments to train a FIND classification model.

Fig S1. Work flow for the generation of a curated database of protein sequences with
labels. This database is then split into training, validation and test set to generate a
classification model using FIND
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Fig S2. Phylogenetic clustering of nitrogenases using the nifD subunit. Tree was
generated using PhyML. Clusters corresponding to nifDI, nifDII, AnfD, VnfD and
nifD-ANME were extracted and used to train FIND. Groups III and IV were not used
in our training sets because of the smaller number of sequences in those clusters.

E2

Tree scale: 1 — / ﬂ E1

Fig S3. Phylogenetic clustering of cytochrome bd-type oxygen reductases using subunit
I. This phylogenetic tree was generated using PhyML. Clusters corresponding to
E1,E2,E3,E4,B,A and C were extracted and used to train FIND.
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