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Abstract — The identification of a protein fold type from its amino acid sequence provides important
insights about the protein 3D structure. In this paper, we propose a deep learning architecture that can process
protein residue-level features to address the protein fold recognition task. Our neural network model combines
1D-convolutional layers with gated recurrent unit (GRU) layers. The GRU cells, as recurrent layers, cope with
the processing issues associated to the highly variable protein sequence lengths and so extract a fold-related
embedding of fixed size for each protein domain. These embeddings are then used to perform the pairwise
fold recognition task, which is based on transferring the fold type of the most similar template structure.
We compare our model with several template-based and deep learning-based methods from the state-of-the-
art. The evaluation results over the well-known LINDAHL and SCOP_TEST sets, along with a proposed
LINDAHL test set updated to SCOP 1.75, show that our embeddings perform significantly better than these
methods, specially at the fold level. Supplementary material, source code and trained models are available at
http://sigmat.ugr.es/amelia/CNN-GRU-RF+/.

Index terms — Protein Fold Recognition, Deep Learning, Convolutional Neural Networks, Recurrent Neural
Networks, Embedding Learning, Random Forests

1 Introduction

The determination of the protein’s tri-dimensional structure from its amino acid sequence is one of the main
challenges in structural biology. Its importance is given by the close relationship between the protein’s 3D
structure and its biological function. Although structure prediction at atomic level is a hard problem, knowing
the fold type [1] [2] the protein belongs to may disclose relevant information about its structure and function
[3]. Protein fold prediction can be accomplished by comparison with related proteins from the Protein Data
Bank (PDB) database [4] that are already classified in different levels according to sequential and structural
similarities [5].

The Structural Classification of Proteins (SCOP) database [6] and its latest extended version SCOPe [7]
provide a hierarchical classification of protein domains in structural classes, folds, superfamilies, families, pro-
teins and species. According to SCOP, structural class and fold levels comprise domains that share structural
features and similar topology, and do not imply sequence homology as those in the same superfamily or family.
Moreover, it has been estimated that the number of possible folds is limited in nature [§].

State-of-the-art computational methods aim to identify protein folds following two main approaches, which
are known as protein fold classification and protein fold recognition. The taxonomy-based fold classification
approach [9] can be viewed as a typical multi-class classification problem, in which the protein sequences are
directly mapped into fold classes. The machine learning-based methods, such as [10], FP-Pred [11], ACCFold
[12], TAXFOLD [13], HMMFold [14] and ProFold [15], were designed to successfully classify into a predefined
group of SCOP fold classes. However, the selected folds comprise a small set including only those folds with a
higher amount of protein domains (27 folds in [10] [12] or 30 folds in [16]), in contrast to the more than one
thousand existing fold classes in the SCOP database.

On the other hand, the protein fold recognition approach is derived from the template-based structure predic-
tion problem (homology modelling and threading), where the fold type is inferred by comparing with template
proteins with known structure [17] [18]. In the fold recognition methods, the query protein is compared with
a set of templates and the fold class of the most similar template is transferred to the query [19]. Homology
modelling methods recognize template proteins which present a high sequence similarity with the query pro-
tein. This can be assessed by sequence-to-sequence alignment [20] or profile-to-profile alignment using hidden
Markov models (HHpred [21]) and Markov random fields (MRFAlign [22]). On its part, threading methods
are suitable for those proteins that have low similarity in sequence, and try to match the query sequence with
template structures using structural properties. Threading methods include RAPTOR [23], Boost Threader [24],



SPARKS-X [25], CNFpred [26] and [27], mostly based on conditional random fields, and CEthreader [28]. More
recently, the fold recognition task has been addressed as a binary classification problem for each query-template
protein pair by using machine learning tools such as support vector machines (FOLDpro [29]), random forests
(RF-Fold [30]) and deep neural networks (DN-Fold [31]). Furthermore, other ensemble methods that combine
multiple feature types (describing amino acid sequences, evolutionary changes or structure properties) and dif-
ferent prediction techniques have been proposed, such as the machine learning with template-based recognition
TA-Fold [32], the multi-view model MT-fold [33], and the learning to rank Fold-LTR-TCP [34] methods.

In the past few years, deep learning [35] approaches have been introduced to improve the existing protein
fold recognition methods. These methods rely on training a deep neural network to classify the whole set
of SCOP fold classes. Then, the outputs of the last hidden layer are extracted as a fold-related embedding
vector for each protein domain, which is used to perform pairwise protein fold recognition. Among the state-
of-the-art techniques we can find the deep learning methods DeepFR [36], DeepSF [37], DeepSVM-fold [38]
and MotifCNN-fold [39]. The proposed architectures are mainly based on applying convolution operations over
image-form features (predicted contact maps) and protein residue-level features (evolutionary and secondary
structure predictions). However, convolutional networks only exploit local relations within the protein sequence.
Another hurdle is that protein sequences cover a wide range of possible lengths (from 10 to 10000 amino acids),
but feed-forward neural network architectures require a fixed-size input. In order to tackle these issues, we
propose here a different architecture which introduces a recurrent layer after the CNN to obtain a fixed-size
representation from the variable-length input sequence.

Recurrent neural networks (RNN) with long short-term memory (LSTM) units [40] have been employed
in sequential problems such as speech recognition [41] and machine translation [42], as well as in the field of
proteomics, addressing the protein homology detection [43] and protein secondary /tertiary structure prediction
[44] [45] tasks. Moreover, architectures that combine deep CNN with LSTM have been proposed in proteomics
to improve the predictions of subcellular localizations of proteins [46], residue-residue contact maps [47], protein
secondary structure [48] and local backbone angles [49]. Thereby, the promising results achieved in these studies
suggest that neural networks including recurrent layers can also be suitable for addressing the protein fold
recognition task, as shown by the recent DeepSVM-fold [38] method. However, the neural network architecture
introduced in [38] imposes limitations on the length of the protein sequences to be processed. In this paper we
go one step further and propose a more straightforward architecture that can handle protein sequences of any
length.

Thus, the contributions of this work are several. First of all, we propose a neural network architecture that
combines convolutional and recurrent layers, which is able to process protein residue-level features of arbitrary
length, and classify them into all the SCOP fold classes. Secondly, we leverage the trained neural network
to extract a fold-related embedding suitable for performing pairwise fold recognition. Finally, we provide
evaluation results by combining our similarity scores with other pairwise measures in a random forest classifier,
which outperforms all state-of-the-art existing methods. A complete overview of our fold recognition approach
is depicted in Fig. 1.

2 Materials and Methods

2.1 Feature Extraction

In this work, we represent the protein domain with variable-length L as a sequence of L vectors, each one of
size 45 representing each amino acid residue in the domain sequence (Fig. la), as in [37]. These 45 residue-
level features include information about the amino acid, evolutionary profile, secondary structure and solvent
accessibility. Thus, the first 20 elements contain a one-hot vector representation of the amino acid. The
profile information is given by the position-specific scoring matrix (PSSM) that contains 20 elements for each
amino acid position, and is computed by PSI-BLAST [50] using the non-redundant database ‘nr90’ for sequence
homology searching. Secondary structure and solvent accessibility information are predicted, respectively, by
the SSpro and ACCpro methods from the SCRATCH suite [51]. This secondary structure is then encoded by
a one-hot vector of three elements which correspond to helix, strand and loop structural classes, whereas the
solvent accessibility is encoded by a one-hot vector of two elements corresponding to exposed and buried states.
The resulting L x 45 features for each protein domain are then used as input to the neural network model,
which is trained to map it into one of the SCOP fold classes.

2.2 Convolutional-Recurrent Neural Network Model

Our neural network model architecture (Fig. 1b) is formed by a concatenation of three different types of layers:
convolutional (CNN), recurrent (RNN) and fully-connected (FC). The details and purpose of each part of the
network are described in the following subsections. The number of layers, filters, units per layer, and the rest of
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Figure 1: The proposed fold recognition approach to obtain a fold similarity score for two protein domains.
(a) First, 45 input features are extracted for each amino acid in each of the two domain sequences. (b) The
resulting L x 45 residue-level features are passed through the CNN-BGRU model, previously trained to map
protein sequences into fold classes. The model architecture (bottom part) consists of two one-dimensional
convolutional layers, a bidirectional gated recurrent unit (GRU) layer and two fully-connected (FC) layers. The
CNN-GRU model is very similar but with a unidirectional GRU instead and hence an output of size 1024.
The two input protein domains are processed independently by the same network model (i.e. with identical
trained weights). This model is then used to extract a fold-related embedding vector for each one (from the
512-dimensional output of the first FC layer). (c¢) The cosine similarity distance is computed between the two
embeddings, which is concatenated to other similarity measures in a vector to obtain the final fold similarity
score using a random forest model.

hyperparameters which configure the network, were chosen after conducting a cross-validation study (described
in Section 2.4).

2.2.1 Convolutional neural network

The purpose of the convolutional neural network (CNN) part is to capture the local context of each amino acid
in the protein domain and discover patterns in the sequence. To this end, several 1D-CNN layers are used to
convolve the inputs across the sequence dimension.

In contrast to conventional 2D-CNN networks, frequently used in image processing, 1D-CNN are intended
for sequence processing. In these networks, a kernel of learned weights, or convolutional filter, slides across only
one dimension (instead of two). In our model, the sliding is done through the sequence dimension (from amino
acid I =1 to !l = L). Thus, a filter of length k& (and deep 45) is applied over the residue-level features of each
amino acid ! in the sequence along with those in its local context (that is, from I — % to l + %) As each
filter yields a value per amino acid and several filters are learned and applied to the same layer, the output of
the 1D-CNN layer is of size L x K, where K is the number of filters.

In our model, two 1D-CNN layers, using K; = 128 and Ko = 256 filters of length k1 = ko = 5, respectively,
are applied over the L x 45 residue-level input features (Fig. 1b). Note that the use of 1D convolutions allows
the model to be insensitive to the residue-level feature size. Thus, an arbitrary number of features per amino
acid could be used instead of 45 as this only implies a different deep (inner size) of the first-layer’s convolutional
filters. After each 1D-convolutional layer, ReLU activation and Batch-Normalization [52] are applied.



Table 1: Three levels SCOP_TEST, LINDAHL and LINDAHL 1.75 test sets for pairwise fold recognition.

Test set name SCOoP Full test set Family level Superfamily level Fold level
¢t nam version | Proteins Folds | Pairs Proteins Folds Pairs Proteins Folds Pairs Proteins Folds
SCOP_TEST [31] 1.75 124 14 614 106 13 336 56 6 300 36 4
LINDAHL [19] 1.37 976 330 1646 555 121 2130 434 79 3662 321 38
LINDAHL 1.75 1.75 976 323 1532 547 120 1988 431 75 4188 356 43

2.2.2 Recurrent neural network

Unlike feed-forward neural networks, where the information only flows from the input to the output, recurrent
neural networks (RNNs) introduce iteration loops that allow information to travel from the output to the input
of the network as well. Thus, a typical RNN uses its own output at a previous iteration, along with the input
at the current one, to compute the current output. For this reason, RNNs are frequently used for sequential
data processing, exploiting long-distance relations and summarizing the sequence.

In this case, RNNs are used to iteratively process the amino acid sequence. In each iteration (i.e. for
each amino acid ! in the sequence), the current output is computed using the RNN output at the previous
iteration (from the previous amino acid ! — 1) which, in turn, has been computed considering the output from
the previous amino acid (I —2) and so on. In our model, only the RNN output at the last iteration (from amino
acid [ = L) is retained as a summary of the whole domain sequence, while RNN outputs for intermediate amino
acids (I =1,...,L — 1) are discarded.

As vanilla RNN layers suffer from the vanishing/exploding gradient problem when the sequence length L
increases, gated recurrent unit (GRU) based layers, as those proposed in [53], are used in this work instead.
GRU-based layers solve the gradient problem by defining and updating a state vector at each network iteration
I which summarizes relevant information about the previous amino acids in the sequence (1,...,1 —1). More
information about how this state vector is updated can be found in the Supplementary Material. Thus, in each
iteration, the output of a GRU layer is a vector of size H, where H is the number of state units in the GRU
cell. Other authors propose retaining and post-processing the full sequence of state vectors along iterations
(i.e. a matrix of L x H outputs) [38], which makes the model architecture dependent on the sequence length
dimension. By contrast, as we mentioned above, in this work we only consider the last state vector (hy,), after
processing the entire sequence of length L. This fixed-size vector represents the whole variable-length protein
domain sequence. In this way, the proposed model can process domain sequences of any arbitrary length.

Therefore, in our neural network architecture, the L x 256 output from the previous 1D-CNN is fed into
a GRU-based recurrent layer with H = 1024 state units, yielding a fixed-size vector of size 1024 (Fig. 1b).
We refer to this approach as CNN-GRU model. As we do not want to make assumptions about directionality
relevance in protein sequence processing, the same sequence but in reverse order (i.e. from ! = L tol = 1), is also

fed into another same-size GRU-based recurrent layer [54]. The outputs from both forward (h—]j) and backward

<__
(hz) GRU layers are then concatenated into a vector of 2048 elements. We refer to the model resulting from
this bidirectional GRU as CNN-BGRU model.

2.2.3 Fully-connected layer

H
Finally, a fully-connected (FC) layer is used to learn a non-linear combination of the GRU output vector (hy,

of size 1024 in the CNN-GRU model or [hy, hz| of size 2048 in the CNN-BGRU one) and create a fold-related
embedding representing the protein domain. This FC layer consists of a dense layer with 512 units, after which
the sigmoid activation function is applied.

While fold-related embeddings are the actual outputs of our model and the ones used for the fold recognition
task during the test phase (Fig. 1c¢), model training requires some additional steps to be successfully accom-
plished. Thus, to train the network for learning suitable fold-related embeddings, a direct fold classification task
is employed. To this end, a second FC layer is added to the model (Fig. 1b, bottom right). This dense layer
contains N output units and performs a simple linear combination of the 512-dimensional embedding vector.
Here, N is the number of fold classes in which the input proteins are going to be classified during training. The
cross-entropy computed from model predictions and one-hot vectors encoding the true fold class is used as the
loss function which guides the optimization process.



2.3 Datasets

In our study, we use the same set of protein domains selected from the SCOPe version 2.06 database as in [36]
to train the models. This training set includes 16133 domains with less than 95% pairwise sequence identity
covering N = 1154 folds. In order to test the method, we considered the well-known SCOP _TEST [31] and
LINDAHL [19] sets, which have been widely used in previous studies for assessing the pairwise fold recognition
task. The SCOP_TEST set contains 124 protein domains from SCOP version 1.75, which cover 14 fold classes,
while the LINDAHL set has 976 domains from SCOP version 1.37 covering a total of 330 folds. The maximum
sequence identity inside both test sets and also regarding the training set is 40%. In order to test the performance
of the methods on the pairwise fold recognition problem, the protein domains within each test set are paired
and evaluated at family, superfamily and fold levels, as detailed in Section 2.5. The number of positive pairs
at each level and the resulting individual domains to be evaluated are reported in Table 1. As can be seen, in
the SCOP_TEST set, 106, 56 and 36 domains are evaluated at family, superfamily and fold levels respectively,
whereas in the LINDAHL set, we evaluate 555, 434 and 321 domains at each level respectively.

In addition, it should be mentioned that the original LINDAHL dataset is quite old (1999) and the SCOP
definition of folds has changed since then. Therefore, in this paper we also propose an update of the original
LINDAHL from SCOP version 1.37 to version 1.75, where the family, superfamily and fold classes are consistent
with the most recent versions of SCOPe. To do so, we searched for the original LINDAHL sequences in the
SCOP v1.75 database and then we updated the modified domain identifiers and class labels. In Table 1, we
show the total number of fold classes included in the new LINDAHL 1.75 set. As can be observed, the number
of pairs and protein domains at each level have changed, so the evaluation at fold level is now carried out over
more domains covering more fold classes.

2.4 Model Training and Validation

In order to decide the best hyperparameters for our CNN-GRU and CNN-BGRU models, we performed a 5-stage
cross-validation over the training set. To ensure independence between cross-validation subsets, we split the
family classes contained within each structural class into 5 groups. Next, we used 4 subsets to train the model
and the remaining one to validate it. Tested hyperparameter values included model architecture configuration,
learning rate and number of epochs. We selected those that achieved the highest average results to carry out a
final training procedure comprising the entire training dataset.

During the training phase, the variable-length sequence domains were grouped into mini-batches of 50
samples applying zero-padding to the maximum length within each mini-batch. In the GRU layer, we kept the
last state vector of each domain sample in the mini-batch (i.e. before zero-padding). We trained the network by
minimizing the cross-entropy loss function for a fixed number of epochs. We used the Adam optimizer [55] with
an initial learning rate of 10~2, which we reduced to 10~* in epoch number 40 as cross-validation suggested. The
whole optimization process was completed in 80 epochs. In order to prevent overfitting to the most populated
fold classes, we applied L2 penalty with a small weight decay of 5-10~%, and dropout [56] with a drop probability
of 0.2 in the CNN and the first FC layers.

Our neural network models were implemented using Pytorch [57] (version 1.0) and trained on a GPU card
(NVIDIA GTX Titan X, 12GB). The GPU memory required for training our CNN-GRU and CNN-BGRU
models was 4.0 and 6.6 GB, respectively. The network complexity was estimated in terms of MAC (multiply-
accumulator unit) counts, yielding 2.4 MMACs per processed amino acid for the CNN-GRU model and 3.5
MMACs for the CNN-BGRU model. Moreover, the CNN-GRU and CNN-BGRU models needed 75 and 109
seconds per epoch, completing the 80 training epochs in approximately 2 and 3 hours, respectively.

2.5 Evaluation and Similarity Measures

Evaluation is conducted in terms of pairwise fold recognition accuracy, using the fold-related embedding vectors.
In this task, all the test domains are paired and evaluated following the SCOP hierarchy at three levels with
increasing difficulty, as proposed by [19]: (i) family level, populated with pairs of test domains that share the
same family class, (i) superfamily level, with pairs of test domains that share the same superfamily class, but
not the same family, and (iii) fold level, with pairs of test domains that share the same fold class, but neither
share the same family nor superfamily.

At each level, the individual protein domains are considered as queries which are compared to a pool of
templates. We addressed this task in the same way as the DeepFR method [36]. To compare each pair of
query-template domains, we first use the extracted fold-related embeddings from each neural network model
(CNN-GRU or CNN-BGRU). This comparison is carried out by computing the cosine similarity distance between
the query and the template embedding vectors (Fig. 1c). Then, the templates for each query are ranked by
score value and, following the nearest neighbor condition, the fold class of the most similar template is assigned
to the query domain. We refer to these methods as CNN-GRU and CNN-BGRU.



This first fold similarity score was enhanced by training a random forest (RF) model using our cosine
similarity score along with the 84 similarity measures used by the DeepFRpro method [36]. These pairwise
measures contain sequence similarity information, sequence and profile alignment features, and structural re-
lations [30,31]. Thus, the RF input vectors are of size 85 and correspond to each pair of proteins. As before,
we used the RF output pairwise scores to perform template ranking for each query domain. We named these
methods CNN-GRU-RF and CNN-BGRU-RF, depending on the recurrent network used for extracting the
fold-related embeddings (unidirectional or bidirectional).

Finally, with the aim of including structural information from predicted contact maps, we also concatenated
the cosine similarity score from the DeepFR method to our vector of pairwise scores (total size of 86). This
extended score vector was then used to train a second random forest model and obtain an improved fold
similarity score (Fig. 1¢, CNN-GRU-RF+ and CNN-BGRU-RF+ methods).

The random forest classifiers were trained with 500 decision trees, using the Python Scikit-learn package [58]
implementation. As in [36], for the SCOP _TEST set the RF models were trained on the whole LINDAHL set,
while we performed a 10-stage cross-validation to evaluate the LINDAHL and LINDAHL 1.75 test sets.

The performance metric used in all approaches is the fold recognition accuracy, which computes the ratio
of samples that have been correctly classified (top 1 prediction). We also provide the ratio of finding the true
fold in one of the five classes with the highest score values (named as top 5 prediction).

3 Results and Discussion

The experimental accuracy results for the SCOP _TEST and LINDAHL test sets can be found in Table 2 and
Table 3, respectively. We provide pairwise fold recognition results at the family, superfamily and fold levels,
considering both the top 1 and top 5 predictions, as described in Section 2.5. In both test sets, we compare our
CNN-GRU (CNN-GRU-RF, CNN-GRU-RF+) and CNN-BGRU (CNN-BGRU-RF, CNN-BGRU-RF+) based
methods to several template-based and deep learning-based methods from the state-of-the-art that also address
the protein fold recognition problem.

For the SCOP_TEST set (Table 2), our CNN-BGRU method obtained the best results at fold level, with
accuracy values of 91.7% (33/36 hits) and 94.4% (34/36 hits) at top 1 and top 5 predictions, respectively. These
results were closely followed by our CNN-BGRU-RF and CNN-BGRU-RF+ methods, both achieving 88.9%
accuracy at the fold level (91.7% at top 5). The mentioned methods also provided good results at the family
and superfamily levels. Indeed, our CNN-BGRU-RF+ method yielded the best accuracy values at superfamily
level (92.9% and 96.4% at top 1 and top 5 predictions). Furthermore, as can be seen in Table 3, our CNN-
BGRU-RF+ method outperformed all state-of-the-art methods at the fold level considering the LINDAHL test
set. It achieves accuracy values of 76.3% (245/321 hits) and 85.7% (275/321 hits) at top 1 and top 5 predictions,
respectively. This method was closely followed by our CNN-GRU-RF+ method, which also yielded the best
results at the superfamily level (78.3% and 88.0% at top 1 and top 5 predictions).

In order to assess the raw performance of the fold-related embeddings extracted from our CNN-GRU and
CNN-BGRU models, we can compare our results with those obtained from the DeepFR method [36] (both
strategies 1 and 2). In this case, the metric used for embedding comparison is the cosine similarity distance.
A notable difference is that our models use protein residue-level features at input, while the DeepFR model
processes more informative structural features in the form of predicted contact maps. The evaluation results
showed that our models performed better than the best DeepFR method (strategy 2). Specifically, our CNN-
BGRU model stands out for its top 1 and top 5 predictions in both test sets (Tables 2 and 3). These results
imply that our fold-related embedding vectors are suitable for template ranking and fold matching. Our models
succeed in processing the input protein residue-level features (which include evolutionary and secondary struc-
ture information). The performance is comparable or even better to that obtained with image-form contact
map features by the DeepFR method. This can be attributed to the use of recurrent layers that properly cope
with the variable-length protein sequence, providing a well-suited fold-related embedding.

To further explore whether the extracted embeddings from our CNN-BGRU model are related to the fold
classes, we run bi-clustering over a subset of SCOP _TEST with 46 protein domains covering 6 folds. These fold
classes are a.3, 0.36, c.1, c.67, d.41, and f.4, which provided better classification results in the SCOP_TEST
dataset using the CNN-BGRU model. Fig. 2 shows the resulting dendroheatmap, where each row corresponds
to the 512-dimensional embedding extracted for each sample. As can be seen, protein domains in the same
fold class present similar blocks (in red and green colors) in their embedding vectors. Also, the hierarchical
clustering differentiates 6 clusters, each one grouping protein domains from the same fold together. We notice
that folds ¢.1 and ¢.67 (from structural class ¢) cluster together at a higher level, indicating that the clustering
is consistent with the SCOPe hierarchy. These findings suggest that the extracted embedding vectors are fold
related.

We then evaluated the pairwise score obtained from our random forest classifier (using the 85-dimensional
score vectors) in the fold recognition task. The results on the LINDAHL test set show an improvement of our



Table 2: Pairwise fold recognition accuracy results at the family, superfamily and fold levels within the
SCOP_TEST set.

Family Superfamily Fold
Method Top1 Top 5 Top1 Top 5 Top1 Top b
RF-Fold [31] 93.4 98.1 83.9 91.1 55.6 72.2
DN-Fold [31] 94.3 97.2 82.1 91.1 61.1 86.1
RFDN-Fold [31] 93.4 97.2 82.1 91.1 61.1 86.1
MRFalign [36] 91.5 98.1 85.7 94.6 63.9 72.2
CEthreader [28] 84.0 95.3 73.2 89.3 80.6 91.7
DeepFR (s1) [36] 74.5 91.5 76.8 87.5 77.8 80.6
DeepFR (s2) [36] 75.5 93.4 78.6 83.9 86.1 88.9

DeepFRpro (s1) [36] | 95.3 991  89.3 929 750  91.7
DeepFRpro (s2) [36] | 94.3 96.2 87.5 94.6 83.3 88.9

CNN-GRU 84.9 95.3 80.4 87.5 72.2 86.1
CNN-BGRU 84.9 96.2 87.5 91.1 91.7 94.4
CNN-GRU-RF 93.4 96.2 87.5 96.4 75.0 83.3
CNN-BGRU-RF 91.5 95.3 87.5 92.9 88.9 91.7
CNN-GRU-RF+ 93.4 96.2 89.3 94.6 83.3 88.9

CNN-BGRU-RF+ 92.5 95.3 92.9 96.4 88.9 91.7

Table 3: Pairwise fold recognition accuracy results at the family, superfamily and fold levels within the LINDAHL
test set.

Family Superfamily Fold
Method Top1 Top 5 Top1 Top 5 Top1 Top b5
PSI-BLAST [19] 71.2 72.3 274 27.9 4.0 4.7
HHpred [24] 82.9 87.1 58.0 70.0 25.2 394
RAPTOR [24] 86.6 89.3 56.3 69.0 38.2 58.7
BoostThreader [24] 86.5 90.5 66.1 76.4 42.6 57.4
SPARKS-X [25] 84.1 90.3 59.0 76.3 45.2 67.0
FOLDpro [31] 85.0 89.9 55.0 70.0 26.5 48.3
RF-Fold [31] 84.5 91.5 63.4 79.3 40.8 58.3
DN-Fold [31] 84.5 91.2 61.5 76.5 33.6 60.7
RFDN-Fold [31] 84.7 91.5 65.7 78.8 37.7 61.7
TA-fold [32] 85.2 — 74.2 — 53.9 —
MRFalign [36] 85.2 90.8 72.4 80.9 38.6 56.7
CEthreader [28] 76.6 87.2 69.4 81.8 52.3 70.4
DeepFR (s1) [36] 67.4 80.9 47.0 63.4 44.5 62.9
DeepFR (s2) [36] 65.4 83.4 51.4 67.1 56.1 70.1

DeepFRpro (s1) [36] | 85.6 91.9 66.6 82.0 57.6 73.8
DeepFRpro (s2) [36] | 83.1 92.3 69.6 82.5 66.0 78.8

MT-fold [33] — 51—
DeepSVM-fold [38] — — — — 67.3 —
MotifCNN-fold [39] | —  —  —  — 726
Fold LTR-TCP [34] | — — —  — 732  —
CNN-GRU 68.6 89.2 56.2 77.4 56.7 74.1
CNN-BGRU 71.0 87.7 60.1 77.2 58.3 78.8
CNN-GRU-RF 84.9 94.1 74.4 88.5 63.9 81.3
CNN-BGRU-RF 85.6 93.0 72.4 86.9 65.4 82.2
CNN-GRU-RF+ 84.5 95.0 78.3 88.0 73.2 86.3

CNN-BGRU-RF+ 85.4 93.5 73.3 87.8 76.3 85.7

advanced methods CNN-GRU-RF and CNN-BGRU-RF with respect to using our cosine similarity score alone.
Accuracy results are competitive when compared to other previous template-based methods (as RAPTOR [23]
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Figure 2: Dendroheatmap of the 512-dimensional fold-related embeddings extracted from the CNN-BGRU
model. The analysis has been done by running bi-clustering over 46 protein domains (covering 6 folds) in
the SCOP_TEST set. We computed the cosine distance between embedding vectors (rows) and embedding
components (columns) separately. We then applied hierarchical clustering with single linkage to group similar
vectors and components together. The embedding components are colored according to their values (lower
values in green and higher values in red).

and RF-Fold [30]) and ensemble methods (as TA-fold [32] and DeepFRpro [36]) at the three levels. Our
methods also provide good results if we consider the top 5 predictions, outperforming the most similar method
DeepFRpro (both sl and s2) at the three levels. When evaluating the smaller SCOP _TEST set, we noticed a
greater improvement from our CNN-GRU-RF method than the CNN-BGRU-RF version, likely due to its good
results before the integration of different scores.

Our CNN-GRU-RF+ and CNN-BGRU-RF+ methods led to a further performance in both test sets, specially
at the superfamily and fold levels. In this case, we integrate pairwise scores derived from both evolutionary
information and predicted contact maps, so that our LINDAHL results can be fairly compared with those
from the recent deep learning-based methods DeepSVM-fold [38] and MotifCNN-fold [39]. We can see that
our CNN-GRU-RF+ and CNN-BGRU-RF+ methods performed better than these methods at the fold level.
Moreover, our CNN-BGRU-RF+ method outperformed the best method from the state-of-the-art, Fold-LTR-
TCP [34]. These results suggest that our fold-related embeddings contain complementary information to those
of the DeepFR method (derived from predicted contact maps), confirming the importance of combining both
sequential and structural information for the protein fold recognition task.

The pairwise fold recognition was also assessed using the proposed LINDAHL 1.75, whose results are
shown in Table 4. In this case, the DeepFR and DeepFRpro methods (both strategies 1 and 2) were trained
and evaluated using the code and guidelines provided by the authors in [36]. We also extracted the 84 pairwise
similarity measures for the new LINDAHL 1.75 and trained the random forest models. As can be seen in
Table 4, the performance of the deep learning methods on the updated version of LINDAHL is similar to the
original one at the family, superfamily and fold levels. Our CNN-GRU-RF+ provided the best top 1 results at
the three levels, with accuracy values of 89.0% (487/547 hits), 77.3% (333/431 hits) and 73.6% (262/356 hits),
respectively. In addition to this, our CNN-BGRU-RF+ method performed the best at the fold level considering
the top 5 predictions, yielding an accuracy of 86.8% (309/356 hits). As can be seen, the updated LINDAHL 1.75
test set proposed in this work could be considered as a valid replacement of the original LINDAHL in future
protein fold recognition studies.

4 Conclusion

In this study, we have proposed a deep learning method to address the protein fold recognition problem. Our
neural network architecture combines convolutional and recurrent (unidirectional and bidirectional) layers in
order to seamlessly process arbitrary-length protein sequences. In addition to properly processing the input
residue-level features of proteins of any length, our method is able to learn fixed-size fold-related embeddings



Table 4: Pairwise fold recognition accuracy results at the family, superfamily and fold levels within the LIN-
DAHL 1.75 test set.

Family Superfamily Fold
Method Top1 Top 5 Top1 Top 5 Top 1 Top 5
DeepFR (s1) 69.7 82.3 43.4 60.6 40.2 59.0
DeepFR (s2) 72.2 85.6 46.6 64.3 50.8 67.1

DeepFRpro (s1) 88.3 94.3 71.9 82.8 56.5 74.2
DeepFRpro (s2) 87.0 93.8 71.9 82.6 63.5 7.2

CNN-GRU 70.2 88.7 95.7 77.0 97.9 77.0
CNN-BGRU 73.1 88.3 60.1 74.9 60.1 78.7
CNN-GRU-RF 87.9 93.6 74.9 87.7 69.1 80.6

CNN-BGRU-RF 87.9 93.1 T1.7 87.0 66.3 83.4
CNN-GRU-RF -+ 89.0 94.3 77.3 89.1 73.6 84.0
CNN-BGRU-RF+ | 88.5 94.3 74.0 86.3 71.1 86.8

to perform pairwise fold recognition through similarity distance between embedding vectors. The inclusion
of recurrent layers yielded very competitive results in comparison with the state-of-the-art methods, such as
DeepFR, DeepSVM-fold and MotifCNN-fold, which make use of more informative structural features through
predicted contact maps. In general, the learned embeddings from our CNN-BGRU model provide better re-
sults than those of our CNN-GRU model. Performance variability could be explained by the high number of
parameters to be trained in the bidirectional GRU layer, which almost doubles those of the unidirectional one.
Our study confirmed that the integration of both sequential and structural features is beneficial for protein
fold recognition. When combining our cosine similarity score with other pairwise similarity measures, including
the DeepFR score, we noticed a significant performance improvement with respect to other state-of-the-art
ensemble methods. Our CNN-BGRU-RF+ method yielded the best fold level result in the LINDAHL test set,
outperforming the best method Fold-LTR-TCP. We should also highlight our remarkable top 5 results in all
cases, meaning that the proposed method is suitable for fold matching and template ranking. Furthermore, we
provided a curated version of the well-known LINDAHL dataset updated to the SCOP version 1.75 database,
which can be used as a benchmark test set in future studies.

As future work, the fold-related embeddings could be used to efficiently find templates in the template-based
modeling of protein structures. Also, the proposed neural network architectures could be extended to integrate
and process other protein-level features along with the residue-level features used here. These models could be
further tested in the direct fold classification task, training and evaluating them in the complete set of SCOPe
folds.
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