MACHINE LEARNING ALGORITHMS FOR CHARACTERIZATION AND
PREDICTION OF PROTEIN STRUCTURAL PROPERTIES

A Dissertation
Submitted to
the Temple University Graduate Board

In Partial Fulfillment
of the Requirements for the Degree
DOCTOR OFPHILOSOPHY

by
Maxim V. Shapovalov
December, 2019

Examining Committee Members:

Slobodan Vucetic, Advisory Chair, Dept. of Computer and Information Science
Zoran Obradovic, Dept. of Computer and Information Sciences

Kai Zhang, Dept. o€omputer and Information Sciences

Roland L. Dunbrack, Jr., Dept. of Medical Genetics and Molecular Biochemistry
Vincenzo Carnevale, External Member, Dept. of Biology, Temple University



ABSTRACT

Proteins are large biomolecules which are functional mgldlocks of living
organismsThere are about 22,000 protaiading genes in the human genoisach gene
encodes anique protein sequencé a typical 1001000 length which isuilt using a 20
letter alphabet of amino acids. Each protein folds up intwigue 3D shape that enables it
to perform its function. Each protein structure consists of some number of helical segments,
extended segments called sheets, and loops that connect these elements.

In the last two decades, machine learning methods cowytedexponentially
expanding biological knowledge databases and computational poweenatding
significant progress ithe field of computational biology. In this dissertatibcarry out
machine learning research for three major interconnected prolbteadvance protein
structural biology as a fieldA\ separate chapter in this dissertatisrdevoted to each
problem After the three chaptetsconclude this doctoral research with a summary and
direction of our future work.

Chapter 1 describes desigmaihing and application of a convolutional neural
network SecNet to achieve 84% accuracy for the-g€arold problem of predicting
protein secondary structure given a protein sequence. Our accureé@ypibétter than any
previous result, which had ontisen 5% in last 20 years. We identified the key factors for
successful prediction in a detailed ablation study. A paper submitted for publication
includes our secondasstructure prediction software, data set generation, and training and

testing protocd[1].



Chapter 2 characterizéise design and development of a protocol for clustering of
beta turns, i.e. short structural motifs responsible ftuids in protein loops. We identified
18 turn types, 11 of which are newly descrilfgld We also developed a turn library and
crossplatform software for turn assignment in new structures.

In Chapter 31 build upon the results from these two problems and predict
geometries in loops of unknown structure with custom Residual Neural NetWRasis €t
| demonstrate solid results on (a) locating turns and predicting 18 types and (b) prediction
of backbone torsion angles in loops. Given the recent progress in machine learning, these
two results provide a strong foundation for successful loop modeling and encourage us to
developa newloop structure prediction program, a critical step in proteincsire

prediction and modeling.
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CHAPTER 1

MULTIFACETED ANALYSIS OF TRAINING AND
TESTING CONVOLUTIONAL NEURALNETWORKS
FOR PROTEIN SECONDARY STRUCTURE PREDICTION

1.1 Introduction

The prediction of secondary struct@ralpha helices, beta sheet strands, and coil
region® is a longstanding problem in computational biolod¢]. Linguistically, the
secondary structure prediction problem is a translation of a wamtetbfrom a 2@etter
amincacid alphabet to a word of the same length that designates the secondary structure.
The commonly useDSSPprogram[4] designates the secondary structure of experimental
structures with an-&tter alphabetH, B, E, G, I, T, §), which can be reduced to a smaller
alphabet (commonlif, E, C) according to defined rules. The results of secondary structure
prediction have often been used as inputs to tertiary structure prediction métiddis
estimation of folding rateld 2], prediction of solvent exposure of amiacid residuefl3-

15], prediction of betdurn locations and typed 6-18], discrimination ofintrinsically
disordered regiond 9, 20] accurate multiple sequence alignm@dt24], protein function
prediction[25, 26] and prediction of missense mutation phenotypég

The problem of predicting secondary structure from sequence has a long history,
starting in 196928]. Over a period of more than 50 years, the accuracy has gradually
increasedlue to an increase in the number of experimentally determined structures in the

Protein Data Bank (PDB), the amount of sequence information available for the

1



determination of features derived from multiple sequence alignments, computational
power, and thevolution of machine learning algorithms. Structures in the PDB provide
information for deriving the grounttuth secondary structure labels used for training and
testing of predictive models. It currently contains more than 150 thousand experimental
strudures and about 15 thousand fredundant proteins (at 25% sequence ideni&9).

The number of available protein sequen@essequence databases has dramatically
increased from 5 million in 1999 when the widelyedPSIPREDwas published30] to

168 million today.

Secomlary structure prediction methods and our ability to benchmark them have
been evolving and improving to&everalreviews[3, 21, 3135] provide an excellent
source of the history of improvements in prediction methods. These methods have been
divided into a set of fougenerations of methodovering the 5§/ear time period from
1960to 2010[3, 32, 36] wealso suggest a new fifth generation from the 2Qts today
and describe it in more detalil

Thefirst generationof method® such asC+F [37], Lim [38], andGORI[39]d
from the 1960s and 70s relied on single araom preferences for the, E, and C
secondey structure types. In 1983 the original accuracy 676% reported by the first
generation methods was revised downwards 16688[40]. Dickerson et al. were the first
to demonstrate #i evolutionary information was helpful for secondary structure prediction
[41]. However,the evolutionary approach during this period was limited by the small

number of homologous protein sequences available for any target.



The secoml-generation methods from e 1980s and early 199such as
Schneidef42], ALB [43], GORIII [44], COMBINE[45], andS83[46]d utilized statistical
analysis of a stretch of adjacent residues to predict secondary structure of a central residue
[32, 36] These were based on statistical information, sequence patterns, physiochemical
properties, neural networks (NN), graph theory, multivariate statistics, expert rules, and
nearesneighbor algorithm$36]. The secongjeneration methods benefited from larger
sequence databases and usage of evolutionary information.skamade, Zvelebil et al.
incorporated evolutionary information in their method by predicting secondary structure
for each protein in an alignment and then reporting an average predéctjorlowever,
the second generation methods saturated at a3Wabel accuracy of 583% and
experienced two problems: 1) beta strands were predicted at very low accuracy levels of
28-48%, marginally better than random; 2) predicted helices and strands were too short to
be practica[36].

The method of thethird generationfrom the mid-1990% such asPHD [48],
LPAG[49], NSSH50]8 achieved a 10% improvement in théaBel accuracy over second
generation methods, leading to- 3% accuracy. Methods from ttege 1990s to the early
2000s, includind®SIPRED51], JPred2[52], SSprd53], andPROF[54], further reached
75-77%. The success came from three fad@2s 36} 1) use of evolutionary information
encoded in a multiplsequence alignment (MSA) profile or position specsgcoring
matrix (PSSM) as direct inputs to a prediction program; 2) larger databases than for the
secondgeneration methods; and 3) more advanced algorithms. The algorithms based on

neural network$32, 48, 51, 55, 56Jemonstrated the greatest improvement.



Inspired with evolutionary information features as input in past apmitstithe
fourth-generationmethods from midate 2000s further utilized a variety of additional
input featureg35] including pentapeptide statistic§57, 58] conserved domain profie
[59], frequent amineacidpatterng60], predicted torsion angl¢8l, 62] predictedesidue
contact map$53], predicted residue solvent accessibi[é¢], predicted tertiary structure
[64, 65] andpredictedpseudeenergy parameters for heligrimation[66]. Most ofthese
individually led to small improvements. For example, Meiler et al. suggested seven
representative aminacid properties as input and showed their tenfold evabdated
accuracy increased only by 0.5% from 77%/]. The predicted residue solvent
accessibility improve the 3label accuracy by 3%68]. The predicted dihedral angles
helped by 29469]. However, these features together did not imptbee3label accuracy
beyond 80%[70]. Some of the fourtgeneration methodssuch asHYPROSP[71],
PROTEUS72], MUpred[73], andDISTILL[74]0 took advantage of structural fragments
or templates of homologous sequences to attempt a breakthrough. It only brought a modest
3% improvement and did not raise théaBel accuracy beyond 80% withn without the
additional input features.

With greatly increased computing capabilities (cost, memory, CPU, and GPU) and
exploding popularity of deep neural networks, fifita-generationmethods from 2010 up
to the present: Ievisited the templatbase approacH75, 76} 2) included sequence
alignment parametefsom hidden Markov models (HMM) as input featufég-80]; 3)
were designed with more advanced neural network architectures (convolutional neural

networks (CNN) bidirectional recurrent N&lsuch as long sheterm memory and



residual NN and their combinations)76-84]; 4) more painstakingly employed an
ensemble of models with an average @& 78, 80, 83, 85, 86]and 5)in some cases,
trained onpredictedresidue contactsresidue surface accessibilitylJ@om exposure,
backbone torsion angles, andaBel secondary structupgedictionsfrom other programs
[86]. The templatdree [75, 77-85] methods reported accuracies fr@8 to 87%, a
substantial improvesnt over the fourtgeneration accuracy of 80%. The theoretical 3
label accuracy limit is 995% [3, 32, 74, 8638], based on the rate at which different
programs such a®>SSP and Stride [89] assign the same secondary structure to
experimental coordinates.

In 2015, the fifthgeneration metho&PIDER2[84, 90] utilized three iteratively
connected CNNSs, each consisting of three hidden layers, achieviapal Ziccuracy of
82%.Jpred4[78] had the same 82% accuracy in the same year by combining several CNNs
trainedon the sme multiple sequence alignmemiesented to the networks in different
ways One year later in 2016eepCNH81] achieved 2% accuracy improvement to 84%
by combinirg a 57 layerCNN with conditional andom field as an additionkyer. The
CNN was constructed in a funnel style by enforcing the same weights in neighboring input
and hidden nodes and thus limiting the total number of parameters to train and allowing
for longerrange sequence information. The final conditional ran@lelu layer was used
to account for correlation of adjacent residues. In 2017, the authSRDBER upgraded
their previous method to a new NN architectur&RIDER3J3[77], relying on four hidden
layers with the first two bidirectionaécurrentNN (BRNN) layers followed by two fully

connected layers, and reporting an 84%al$| accuracy, an improvement of 2% over



SPIDER2 Also in 2017,FSVM[75] wasreported with an 8% templatefree accuracy
achieved with a fuzzy support vector machine. In 208FOLD-SS[79] reporteda 3-
label accuracyf 84%with a neurahetwork relying on nested iaption models which are
nested networks of several parallel CNNs that proved to bedtdte-art in image
recognition. At the same timé&ORTERS5[80] achieved the same 84% accuracy by
employing an ensemble of BRNNs. In 2018, another metR8&RSM[85] reported an
improvement of 12% to 8586% accuracy; however, in an independent study the reported
accuracy was revised downward to 8[86]. ThePSRSMublication does not mention a
sequence similarity exclusion between training and test setsh wbidd be a cause for
this overestimation. The 2018 methadNNH_FSS (a Slayer multiscale CNN with
highways between neighboring layers), was only trained for 8 labels and reported 70%
accuracy[82]. Another 2018 methockCRRNN an ensemble of 10 networks based on a
combination of convolutional, residual, and bidirectional recurrent NNs), claimed the
highest 8label and dabel accuracies tdate of 74% and 87% respectivgda].

The fifth-generation method35-86] all depend on multiple sequendegaments
of the target sequences, while several of these methods also rely on tefiplaté}i.e.,
real protein structures from a training set consisting of experimental coordinates of protein
fragment s. Tohaesseed O tneemiphloadtse can achieve higl
86-93%, than templatree methodsHowever, homologous structures are not available
for many proteins that would be targets of secondary structure prediction, and such
methods are not solutions to the general secondary structure prediction probeem. T

accuracy of the templatbased methis drops from 8®3%to 80-83% withait templates



and further down to 7Z7% without homologous sequend@&s, 76, 86] Similarly, the
accuracies of the templateee MSAbased methods drdmm 8284% to 7375% without
the use of homologous sequenf&y.

The templatebasedSSprorom 2014[76] utilizes aBLAST[91] search of the PDB
to find similar sequence fragments of at least length 10 to a target sequence and reports the
most commorDSSRassigned class in the set of proteins selected for a given position.
When no similar sequences or no domir@86Pclass in the similar sequences are found,
secondary structure prediction is based on an ensemble of 100 BRNNSs trained on the data
set. With templateSSprofachieves 93%-Bbel accuracy; without templat&Sprotas
only 7980% accuracyFSVM[75] describedabove can also run in a templit@sed mode
by using the same sequerzzsed structural similarity concept asSifpro5In this mode,

FSVM s-lab@l accuracy increases from 83% to 93%.

One common issue that has recurred repeatedly during the historgootdaey
structure prediction is that reported accuracies have not always been upheld when methods
were applied to new benchmark test $8% 36, 40, 48, 86, 92[There are a number of
reasons for this. The quality and size of test sets for benchmarking have sometimes proven
inadequate and often the test sets are not distinct enough from the training sets so the
methods are overained [36, 48, 92, 93] In some cases,dining was performed on
sequence sets representing the entire sequence space of the PDB leading to very similar
proteins in training and testing sg@$], or a test set was inadvertently used multiple times
for development decisions. It is challenging to compare programs on common benchmark

sets becase the programs are trained on different sets of structures, some of which may be



in any particular benchmark. For example, iB513 data set[93] has been used
repeatedlyf75, 79, 8183], even though related peahs may be used in the training data
for a new prograni76, 77, 8086].

In this paper, we investigate factors that contribute to the accuracy of tefngéate
proteinsecondary structure with (1) an ensemble of 10 simple traditiclzgled CNNs
and (2) rigorously defined and independent training, validation, and test sets. Our test set,
Test2018¢onsists of proteins whose structures were determined in 2018 thatstarmt
more than 25% sequence identity with any structure of any resolution or experiment type
deposited before January 1, 2018. This enables us to compare our pisgcalgtwith
methods that were trained prior to the beginning of 2018. While theteelasonly ~5%
improvement from thiregeneration methods of the early 2000s, we demonstrate an
accuracy increase 0f3% in both the 3and 8label accuracies compared to two recently
developed deep learning models which had reported the highest accutheypmpular
CB513data set available since 1999. We demonstrate that one of these ms@&isN
with the best reported-Bbel accuracy of 74% andl8bel accuracy of 87% to date,
achieves accuracies of 70.8% and 81.8% respectively for the 8 and 3 label3 est201 8
test set while our program achieves 73.0% and 84.0% respectivelgescribe he to
benchmark existing or future methods against the new test set (or similarly constructed test
sets in the future) and what mistakes to avoid during training and testing.

Through an ablation study that follow&kcNetdevelopment, we investigated
factors that are important for higiicaracy prediction such as method complexity, types

of input features, window size, databasmurce andsize alignment parametergnd



training hypefparameterd=or example, our results shaomatCNNsdo not benefit in ters
of overall accuracybeyond15 residues away from a prediction labéle discuss the
prediction practicality of secondary structure labelgpfatein tertiary structure prediction,
andproposenew4 and>5 prediction labeschemeshatshould bemore usalil for structural

biology.

1.2 Results

1.2.1 Data Sets for Training, Validation, and Testing Secondary Structure
Prediction Methods

We produced separate sets of structures from the PDB for our training, validation,
and test data sets with tpeotocol shown in Figre 1.1 and fully described iMethods
Our aim was to make the protocol reproducibtethat it can be reused for creation of new
test sets in the future. Because we wanted to compare our secondary structure prediction
program with e results in earlier publications, we developed a test set that would not have
proteins in theérainingand testing data of earlier programs. Similar approaches for deriving
test sets have been used by otfi@é

To develop the test set, we placed all 9,810 unique protein chains in PDB entries of
any resolution or experimental type releabetiveen Januardy and November 12, 2018
into a starting set. We filtered the test proteins to satisfy a 2.2 A resolution threshold, a 0.25
R-factor cutoff consistent with this resolutig®4], and a minimal chain length of 40
residues. From this reduced set, we additionally removed any sequence with more than

25% sequence identity to any of 9% 853 unique sequences in structures released before
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Protein
Data Bank
Split by date & Select unique '—

A
______ Train: before jan-1-2018 Test: from jan-1 to nov-12 of 2018
95,853 unique seq. 9,810 unique seq.

»| Select Test different from Train |

A4

Test: 7,222 seq.
v

Select: X-ray, full-atom, resol < 2.2 A Select: X-ray, full-atom, resol < 2.2 A
length = 40, R-factor < 0.25 length = 40, R-factor < 0.25
Train: 45,149 r:gh-quality seq. Test: 2,766 high-quality seq.
e e »| Select Test with HHints‘seq ident < 25% to Train |
Test: 2%4 seq.
|_Select within itself: RHbiits seqident<25% | | Select within itself: thlits seq ident < 25% |
- Train: 9,+043 seq. Test: 1‘77 seq.
| Select :within itself: Cluitalo-n seq ident<25% | | Select within itself: Cluttalo-n seq ident < 25% |
Train: 8,850 seq. " Test: 177 s%q. (no loss)

--------------------------------------------- +| Select Test with Clustalo-Q seq ident < 25% to Train |

A\ 4
[ Select Train with seq ident < 25% to CB513 J«—{ CB513: 513 seq. |
v

A

" Train: 8,563 seq. " Test: 149 seq. .~

v v
Extract from X-ray crystals with the Extract from X-ray crystals with the
best resol., R-factor, more known coord. best resol., R-factor, more known coord.
v
Train: 8,563 proteins with Test: 149 proteins with
2,036,681 aa with coordinates 37,620 aa with coordinates

Figure 1.1: Protocol flowchart for preparation of 2018 unbiased test and training sets (Set2018
dataset).

Protocol input and output are shown with gray rounded rectangles. All action processédumedctangles.

Green parallelograms represent intermediate input and output data. The split &&®2@d&raining and

test sets is Jan 1, 2018. By using two sequence alignment programs, the protocol removes from the test set
any proteins with morgéhan 25% sequence identity to any previously published PDB structure of any
experimental type, resolution, or quality. The test set guarantees unbiased accuracy estimation for our
prediction methodSecNetand any previous software trained and validategroteins released before Jan

1, 2018.
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January 1, 2018 of any resolution, any experiment type, and any epaliryl
characteristics. This similarity exclusion took place if either of two progrdiblits [95]

or ClustatOmega[96], calculated a pairwise sequence similarity above the 25% cutoff.
Finally, we applied the same pairwise sequence aiityilcutoff of 25% according to the
same two alignment programs within the test set itself. In the last step, when several similar
proteins had to be removed, the algorithm kept proteins with a higher resolution or better
R-factor or more residues with &wn coordinates in that ordg9].

For the training/validation set, the same resoluticfad®or, length, and sequence
idertity criteria were applied to the sequences and structures that were released by the PDB
prior to 2018. Chains with sequend85183denti
data set were also removed from the set so@B&tl3could also be used in testing (see
below). The resulting set was split with a 9:1 ratio to produce the training and validation
sets. We applie®SSPto the chains in each data set, producing training, validation, and
test sets respectively that have 77896, and 149 protein chains ang30, 207, and 38
thousand amino acids of labeled secondary structure (TdbémdAppendix A). We refer
to the three data sets collectively@et2018and the testing set individually &est2018

We providethe Set2018data set qunbrack.fccc.edu/sand github.com/skmaxim/s3

including the PDB entry and chain, the fldhgth original and unmodified sequences gsin

a standard 2letter notation (with modified amino acids represented with single letters of

their unmodified counterparts where possible; other-standard amino acids are
represented DgSPiiXdgs @inmclttheei ng the symbol

missing backboe coordinates).
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Table 1.1: Statistics for the Set2018&raining, validation, and testing data sets.

Perc. of No of
Set2018 Proteins amino amino
acids acids
All = Train + Valid + Test 8,712 - -
whole sequence - 100.0 2,217,707
with coordinates - 935 2,074,301
w/o coordinates - 6.5 143,406
All with coordinates 8,712 100.0 2,074,301
H U-helix - 34.1 707,050
E strand - 22.3 463,310
C coll - 19.4 401,922
T turn - 111 229,566
S bend - 8.2 169,326
G 310 helix or helix3 - 3.9 80,536
B b-bridge - 1.1 22,245
I “-helix or helix5 - 0.017 346
Training set 90% split of (All T Test) by proteins
Any 7,707 100.0 1,830,092
C coll - 38.6 706,364
H helix Rule #1 - 38.0 695,750
E sheet - 23.4 427,978
Validation set 10% split of (All T Test) by proteins
Any 856 100.0 206,589
C coll - 38.7 79,985
H helix Rule #1 - 37.9 78,261
E sheet - 23.4 48,343
Test set Fixed, 2% of All
Any 149 100.0 37,620
C coll - 38.5 14,465
H helix Rule #1 - 37.0 13,921
E sheet - 24.5 9,234

Protein chain, aminacid, 8label, andRule #13-label statistics foSet2018&lataset with resolution of up to

2.2 A. Training and validation sets were randomly divided with a 9:1 ratio fronTE8it) as full sequences

for 10 crossvalidation splits. The validation set statistics are shown for the second random seed split; it was
used for design decisions, hygearameter tuning, and selection of the best model.
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1.2.2 SecNet: a 4layer convolutional neural network for protein secondary
structure prediction

We describe a traditional CNINith only 4 hidden layers (Fige 1.2), trained on
our pre2018 training set fron$et2018 The validation set wassedmultiple times to try
different neural networlarchitecturesto select features having positiveimpact on
prediction,and to optimize feature and trainipgrametersAfter thebest model based on
the highest validatin accuracy during training was saved, the program was only once
benchmarked on our unbiasgest2018est set. The 92 input features of our tempfete
method consist of oreot encoding of an amiracid sguence, twdSFBLASTprofiles
(after 1 and 3 rounds of search on Uniprot90), and HMM parameters derived from a
multiple sequence alignment of a target sequence and hits from the Uniprot20 sequence
databas¢95]. We underline that our predictive model is a simple, traditional CNN, which
is in contrast to the recent trend of using more and more complex methddsN
architecture$76-84]. It employs an input window of only 29 amino acids. The number of
input parameters from the 2018 training sel, 830092 amino acids x 92 features per
amino acid =168368464. Our NN has2,397,960 of trained parameters with a ratio of
input to trainegarameters equal to 70.2168368464/ 2,397,960. A detailed description
of our CNN and input features is providedviethods

We first tested the accuracy of predicting all 8 labels ff®sP(H, E, C, G, I, S,
T, B); the 8label accuracy is 73.04n Test2018 Todevelop a program that is trained and
tested on three labelsi( E, C), we need a rule to convert thdeiter alphabet tdéhe 3

letters.The most commorrule, which we refer to aRule #1is(H, G,1) A H, (E, B) A

E, (T,S,QA C[97].
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input: | (None, 29, 92)

output: | (None, 29, 92)

dropout_input_1: InputLayer

l

input: | (None, 29, 92)

output: | (None, 29, 92)

l

convolutionld_I: Convolution 1D

l

input: | (None, 23, 128)

dropout_1: Dropout

nput: | (None, 29, 92)

output: | (None, 23, 128)

dropout_2: Dropout

output: | (None, 23, 128)

l

convolutionld_2: Convolution D

l

input: | (None, 17, 256)

input: | (None, 23, 128)

output: | (None, 17, 256)

dropout_3: Dropout

output: | (None, 17, 256)

l

convolutionld_3: Convolution1D

l

input: | (None, 11, 384)

input: | (None, 17, 256)
output: | (None, 11, 384)

dropoul_4: Dropout

output: | (None, 11, 384)

l

convolutionld_4: Convolution D

l

input: (None, 5,512)

input: | (None, 11, 384)

output: | (None, 5, 512)

flatten_1: Flatten

output: | (None, 2560)

l

input: | (None, 2560)
output: | (None, 2560)

l

input: (None, 2560)

dropout_5: Dropout

dense_l: Dense
output: (None, 3)

l

activation_l: Activation

input: | (None, 3)

output: | (None, 3)

Figure 1.2: Architecture of SecNet.

SecNeis a traditional CNN with an input layer, 4 hidden convolutional layers, and a dense layer with dropout
regularization layers in between. The input layer reads a 29 x 92 matrix representing a sequence window of
29 amino acids centered on the one subjegtd¢diction and 92 input features for all 29 positions. 92 features

= onehot encoding of 22 aminacid types + 2 rounds x ZBsiBlastprofile values + 30 HMM alignment
parameters. Each box encloses a linear dimensionality and number of feaffirasd(3® values in
parentheses) in input and output of each layer. The total number of parameters to train is about 2 million. The
activation layer returns 3 probabilities for the 3 labélsE, andC of the central amino acid which are
calculated with @oftma activation function. The label with the highest estimated probability is the predicted
label.
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A less common rule, which we refer toRsle #2 has a simpledefinition: (H) A H, (E)
A E, (G,I,B,T,S,§ A C has been used in some progrgdbts, 78, 83, 98101]. Several
published methods did not clearly define whictaBel rulewas used75, 79, 80, 84]If
we useRule #1on the training, validation, and testing data, we achievahe accuracy
of 84.0% onTest2018 The confusion matrices, true positive rates (recalls), positive
predictivevalues (precisions), false negative rates, and false discovery rates fdaliet 8
and 3label Rule #1 predictions are presented in Talfleand Table1.3 respectively.
WhenSecNets trained, validatecand tested on data derived uditige #2whichis easier
to predict[30, 93] it hasa higheraccuracy of 86.0%.

We also teste@ecNetvith the populalCB513test set derived by Cuff and Barton
in 1999 for benchmarking of competing secondary structure prediction sof@@@nd
adopted for accuracy assessment many tifiés 79, 8183]. CB513 has several
deficiencies. Firstdisordered residues that have no atoms present in the coordinates are
deleted fom the sequences and the DSSP strings altogether. This means that sequence
profiles and HMMs will be distorted since proteins in the sequence database will seem to
have insertions relative to the query protein even when they do not. Seébasdgelatiely
poor averagand maximakesolutiors (2.11 A and 3.5A) compared to sets that can be
derived from the PDB todaye.g., theTesR018 test set has average and maximal
resolutions of 1.83 A and 2.2 Ayhe CB513data set protocol initially require@2.5 A
resolution; however, 5% of its entries have resolution between 2.5 and 3.5 A resolution.
Moreover, 32% ofCB513entries have free 4Ractor in the worst 25 percentile for the

resolutionof the deposited structures in the PDB.
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Table 1.2: Confusion matrices for 8-label alphabet: H, E, C, T, S, G, B, and I. (1) Confusion matrix,
(2) true positive rates (recalls) and false negative rates and (3) positive predictive values (precisions)
and false discovery rates of SecNet on Test2018 test set.

Confusion matrix of 37,620 test labels
Accuracy  Pred. True label
73.0% freq. H E C T S G B |
True freq. 100% 33.26 23.31 19.27 10.94 8.24 3.70 1.24 0.05

H 36.88 31.33 040 134 215 051 1.03 0.09 0.03
_ E 2500 0.28 1995 285 052 083 0.26 031 0.00
% C 23.18 0.86 238 13.07 188 359 081 0.60 0.00
% T 952 050 031 107 571 126 054 0.13 0.00
% S 340 004 022 074 037 192 0.07 0.04 0.00
51_’ G 194 024 004 020 032 013 099 0.02 0.00
B 0.06 000 001 001 0.00 0.00 0.00 0.03 0.00
I 0.01 000 000 000 000 0.00 0.00 0.00 o0.01
Column normalized True label
Ll H E c T s G B |
100 100 100 100 100 100 100 100
H 9421 172 695 19.61 6.20 27.87 7.53 66.67
_ E 0.86 8557 14.77 4.76 10.04 6.97 25.38 0.00
% C 259 10.22 67.80 17.15 43.58 21.77 48.60 0.00
% T 1.50 1.35 553 52.16 15.27 14.73 10.32 5.56
.% S 011 095 385 3.38 2330 194 344 0.00
g G 0.73 0.16 106 292 158 26.65 194 0.00
B 0.01 003 004 002 003 0.07 280 0.00
I 0.00 000 000 0.00 0.00 0.00 0.00 27.78
Diagonal has True positive rates (Recalls) Elsewhere False Negative Rates
Row normalized True label
table H E c T S G B |
H 100 8494 109 363 582 138 280 025 0.09
_ E 100 1.14 7980 1139 2,08 331 1.03 125 0.00
% C 100 3.72 10.27 56.37 8.10 1548 3.47 259 0.00
% T 100 525 330 11.20 5995 1321 572 1.34 0.03
% S 100 1.09 6.49 2180 10.86 56.40 2.11 1.25 0.00
CGT.) G 100 12.44 1.92 10.53 16.41 6.70 50.75 1.23 0.00
B 100 436 13.00 1296 431 432 437 56.68 0.00
I

100 0.00 0.00 0.00 0.00 0.00 0.00 0.00 100.0
Diagonal has positive predictive values (Precisions)Elsewhere False Discovery Rate!
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Such models raise doubts about the quality of the refined struf@dte$hird, CB513has
sequencesf PDB chains thaarefragmentednto domains which results in sequences 2.2
times shorter on average than their full PDB cha@B513has sequences as short as 20
amino-acid residues; 5% and 20% of chain€€iB513are shorter than 40 and 80 residues
respectively. Finally, secondary structure labels were generated with an obsolete version

of DSSPthat was available ih998

Table 1.3: Rule #1 of the popular 3label (H, C, and E) alphabet: (1) confusion matrix, (2) true positive
rates (recalls) and false negative rates and (3) positive predictive values (precisions) and false discovery
rates of SecNet.

Confusion matrix of 37,620test labels

Accuracy? Pred. True label
84.0% freq. C H E
True freq. 100% 38.5 37.0 245
3 _ C 41.0 321 3.9 5.1
S E H 36.8 35 328 04
a E 22.2 2.8 0.3 19.1
Column normalized table True label
C H E
100 100 100
3 _ C 83.4 104 20.6
§ %; H 9.2 88.7 1.8
a E 7.4 0.9 77.6

Diagonal has TPRs Elsewhere FNRs

Row normalized table True label
C H E
3 _ C 100 78.3 94 123
S E H 100 9.6 892 12
a E 100 12.8 1.5 85.8

Diagonal has PPVs Elsewhere FDRs

The most common and hardetfabel H, C, E) Rule #1is defined asG, 1) A H,(B)A Eand B, 9 A C.
Depending on different studies, it is32b lower in accuracy than easkRule #2
The overall accuracy is summation of the main diagonal of the confusion matrix.
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Nevertheless, because we eliminated proteins from our training and validation sets
with more than 25% sequence identity wathy chain irCB513(Figure1.1), we can fairly
compareSecNetwvith numerous previous reports @B513 We benchmarke8ecNebn
CB513and calculate®-label, Rule #13-label, andRule #23-label accuracies of 72.3%,
84.3%, and 86.3% respectively (Tathld), which are close to thieest201&ccuraciesvith
-0.7%, +0.3% and +0.3% differences; a lower value fB\SEPlabels may be related to

the CB513deficiencies described above.

Table 1.4: Prediction accuracy of ourSecNetsoftware in 3 categories of labels on 3 test sets.

Sets SecNet Accuracy in 3 categories
8 labels 3 labels
Training Test harder Rule #1| easier Rule #2
2.2 ATest2018| 73.0 84.0 86.0

2.2A Test201

est2018  gsi3 72.3 84.3 86.3

. 1.8 AHighRes | 73.0 83.5 -
L8AHigherRes o, o 72.0 84.0 :

The3 categoriesre8 DSSHabels; the most common and harddal3elRule#1: (H, G,1) A H, (E,B) A E,

(rest 4 labelsp, C; and easier-BabelRule#2: (H) A H, (E) A E, (rest 6 labels)y C. The 2.2 Aand 1.8 A
training sets have about 2 and 1 million residues respectively. The Z&st2018 CB513 and 1.8 A
HigherRedest sets respectivehave 37,620, 84,091, and 14,791 residues; their accuracy precision is at least
0.1%. The training and test sets share < 25% identity in all casesSé&@Memodels were independently
trained for 3 categories of labels x 2 training sets (1RBufe #2wasnot performed).

Concerned with discrepancies iar¥y crystal structures with resolution up to .2
in Set2018and up to 3.5 A inCB513 we explored more stringent structural quality
parameters that result in smaller training and test sets, butemay in higher prediction
accuracy since secondary structures may be more accurately determined especially for 8
labels. To test this, we followed the same protocol to produce training, validation, and test
sets with a 1.8\ cutoff (6 Hi g hée r sReetisthen retramed thBecNeneural network.

We then benchmarkeSlecNebn the 1.8 AHigherResand CB513test setsThe 3label
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accuracies are lower by 0085% for both test sets:l8bel accuracy is the same for the
new test set compared to the 2.2 A sedt it is lower by 0.3% foEB513(rows 12 vs. 34
in Tablel4). The modest decreases are likely due to (1) the snddlerset size i
1,224,479 vs. 2,074,301 amino acids in theAlahd 2.2 A data sets respectively and (2)
a small impact from the gundtruth secondargtructure assignment at the higher
resolution of 1.8 A. Sinc&ecNethas approximately the same accuracy on the 2.2 A
Test2018s it has on the 1.8 BigherResand since the 2.2 A training and testing sets are
much largerall furtherresultsare reported offest201&t 2.2A resolution.

Next, we compare®ecNetwith 12 fifth-generation templatee methods with
reportedCB513accuracies in recent publications (Tab/®). OurSecNetccuracies are-2
9% higher than 1but of 12 previous methods with oneCRRNNreporting a higher
accuracy by 1.7% on-Rbel predictions and 1.1% higher ofieBel predictions. We chose
to testeCRRNNdirectly as well aPeepCNF both having the highestported accuracies
on CB513 DeepCNFusesa CNN with 5 layers and conditional andom field as an
additional layer and as input includes 42 features for each residue: 21 from a PSSM profile
and 21 from onéot encodingDeepCNFhas an effective window sizd 51 amino acids.
The eCRRNNarchitecture combines 6 blocks as a mixture of convolutional, residual and
bidirectional recurrent NNs. The inpute€RRNNconsists of 50 features for each residue
T 20 values from a PSSM profile, 7 physical properties,rs&wation score, and a set of
twenty-two 22dimensional orthogonal vectors. The secbiatk BRNNSs process the full
amincacid sequence by reading all residues on the left and right from the residue subject

to prediction, making the window width effectlyainlimited.
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SinceDeepCNFandeCRRNNwere submitted for publication prior to the end of

2018, oufTest201&et is independent of their training sets (at 25% sequence identity). We

applied both methods to thest2018est sequences, and determined thatSaaNehas

higher accuracies thadeepCNFby 3.33.4% (Tablel6 ) .

2.0-2.2% higher thamCRRNNon Test2018 Next, we ran both of these methods on the
original CB513test set The DeepCNFaccuracies that we calculated GB513closely

reproduce those of the authors with slightly highdal&l and slightly lower -3abel

accuraciesTablel.5).

Our

Table 1.6: Benchmarking of SecNet, DeepCNF, and eCRRNN on Test2018.

met hodds

Test set Method 8 labels 3 labels
harder Rule #1] easieRule #2
accur diff | accur diff | accur diff
SecNet 73.0 0.0 84.0 0.0/ 86.0 0.0
Test2018 eCRRNN 70.8 -2.2| 81.8 -2.2| 84.0 -2.0
DeepCNF 69.6 -3.4| 80.7 -3.3 - -

When the authors test@kepCNFon CB513 they excluded 31 shorter entries, and
this may account for these small observed differences. In contrast, our recalC@afieli
accuracies foeCRRNNindicated that the authors overestimated their accuracy by 3.0
3.8% (Tablel.6). Weexcluded the possiliy that we incorrectly executed treCRRNN
software by reproducing their results for the three tests sets included with their software.
With these findings we updated t#513accuracy foeCRRNNnN Tablel.5 with our
calculated values. With these araty revisionsSecNeis more accurate thaalCRRNN
by 2.02.2% onTest2018&nd 2.03.1% onCB513 depending on the label set.

Several programs (includingCRRNN in Tablel.5 do not specify a similarity

cut of f

(Aunspeco)

b e t meemly a highea valo@4,M@2]tham d
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the commonly used 25%, and one progr&ERSM[85], did not mentiorany similarity
excluson technique between these sets in their publication. When training set proteins
similar to the testing set are not excluded properly, it is likely that such methods
overestimate their accuracy by overtraining. Accuracy may also be overestimated when a
single data set is used as both validation set and testing set. To demonstrate this, we
compared the accuracy on our testing set and our validation set achieved during training
As expected, the accuracy on the validation set is higher than the accuraeytest set
by 2.5% (75.5% vs. 73.0%) for-18bels and 2.1% (86.1% vs. 84.0%) fRule #1
(Tablel1.7). The accuracy on the training set is 6.8% higher (79.8% vs. 73.0%) for 8 labels
and 4.3% higher (88.3% vs. 84.0%) fRule #13-label predictions. The sking over
estimation for the validation and training sets demonstrates the importance of separate
training, validation, and testing data sets. As another test, if we randomly permute
validation and training splits many times with the 1:9 ratio, indiviguafin each, and
select the best model based on the highest validation accuracy, we gain additional 2.3%
and 2.06 improvements in the-Bibel andRule #13-label validation accuracy with no
improvement in the test accuracy (Tablé). In this case, thealidation accuracy is
boosted due to a favorable randonrdigtribution of proteins in the training and validation
sets.

Finally, the accuracy of secondary structure prediction methods for 3 labels
depends on the helix, sheet, and coil fractions in the test set. If we overg&aonpie we
can vary the accuracy from 78% to 89% accuracy respectivelyrédi@). As it turnsout,

our training and test sets a@®#513are very similar to each other in terms of tHal3el
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Table 1.7: Evidence of prediction accuracy overestimation of SecNet on Set2018 validation and
training sets relative to the test set.

Set2018 Accuracy
Diff. from
SecNet Test

Test 84.0 0.0

3 labels, Validation 86.1 +21
Rule #1  Favorable Validation 88.0 +4.1
Training 88.3 +4.3

Test 73.0 0.0

8 labels Validation 75.5 425
Favorable Validation 77.8 +4.8

Training 79.8 +6.8

The test accuracy was probed only once for reporting accuracy results. Accuracy probes on the validation set

were done multiple times for design decisions (~10s of times), {pgrameter tuning (~100s), saving the

best model during training (~100 probear praining x ~1,000s trainings = ~10,000s), and rejecting more
complexSecRes e s i du al NN (~10s). The nAfavorable validati ol
training set with a 1:9 ratio into validation and reduced training sets more thiamesQ~100s). The models

were individually trained, and the validation set with the best accuracy was chosen. The training set accuracy

was probed few million times per training (~1,000,000s) during gradestent optimization. It is

considerably belowl00% owing to the regularization technique with 30% dropout. The overestimated
numbers underline the importance of having separate test, validation, and training sets and probing the test

set only once for reporting unbiased results.

fractions of bottRule #1with 37%, 24%, and 39% arRRule #2with 34%, 23%, and 43%
for helix, sheet, and coil respectively (ki@ 1.3 and Tablel.3). This should be kept in

mind when deriving new test sets.

1.2.3 Choices thatAffect the Accuracy of Secondary Structure Prediction

We explored many different ideas and optidnsing the development &ecNet
We can divide these choices into three categoriemddjal network type, architecture,
and complexity; (2) input features; and [®w to perform training of the neural network.
After optimizing SecNetand using th@est2018et only once (Tablg.4), we performed

an ablation study of the effect of these factors on ilad@l accuracy.
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Figure 1.3: Variation of 3-label Rule #1accuracy as a function of proportions of helix (H%), sheet

(E%) and coil (C% = 100% 1 H% 1 E%) in Test2018 test set.

TheRule #laccuracy oSecNebn Test2018est set is 84.0% and shown with a black plus. The contour plot
demonstrates ho®ecNepredicton accuracy is skewed when a test set is enriched with helix. For example,

if the underlying test set has 100% helices, the accuracy is 88.7% (bottom right). If it is 100% sheet, the
accuracy is 77.6% (top left). If it is 100% coil, it is 83.4% (bottort) |&fhheSecNetccuracies are shown for

the label proportions dEB513test set (black star), training + validation sets (black cross) and 10 validation
sets, one from each round of cross validation (10 black dots).

24



Some of thenecessary CNNs were produtcduring the development 8BcNetand some
needed to be generated for the ablation study. The results are shownr@1HEigThe first
line of the figure lists the three accuracy measures achieved by making various choices
shown in the rest of thedfire: 86.0% for the -Babel accuracy frorRule #2(HA H; EA E;
all othersA C), 84.0% forthe 3label accuracy fronRule #1(G, H, IA H; B, EA E; all
othersC), and 73.0% for the-Babel accuracy. Starting from the middle of the second line,
usingail arger HMM DBO0, fi4 days of training in:
raise the accuracy from 72.0% to 73.0% in increments of 0.1%, 0.3%, 0.6% respectively.
A majority of individual accuracy improvements in the figure are a fraction of a peitcent;
is the cumulative effect of many choices that makes a significant improvement in accuracy.
Each line below the second line ablates one of the factors, such as a feature,
algorithmic, or training choices described in a blue rectangular box; the hagloesacy
of 72.0% is achieved with a set of the optimal parameters shown in the middle of the figure.
Non-optimal parameters are ordered on the left and right with lower and higher values
compared to the optimal values respectively.
The first category ofhoices involves the architecture of the neural network and its
complexity. For example, secondary structure formation is influenced by short, middle,
and longrange interresidue interactions. We were interested to see how the accuracy
relates to thesizef t he sequence di npreld) centeredlanwao (| i
residue subject to prediction. To investigate this, we varied the input windeyasid
observed increasing accuracy from 69.5 to 71.9% for a window of 9 to 27 (left), the highest

72.0%for the optimal window of 29 (middle) and subsequent degradation to 71.9% for a
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Figure 1.4: Ablation study of Test2018 accuracy of SecNet.

Accuracy is presented as a function of factors (blue boxes in the middle) from 3 groups: 1) NN architecture
and complexity (top); 2) input features and databases (center); and 3)payaereters of the training
pipeline (bottom). The test accuracies digigld in black uncover unbiased estimates for publication purposes
afterall choices of the final model parameters were made; the validation set was used to make these choices.

Lines 12:

Acti onsdawcthr aisnifindg 0

or -viidated mdlell s 0ofl et Ot or d s

improvementLine 1 The accuracy increases with switch @& 8 labels by replacing a hardRule #1to
easieRule #2and with a weaker 258p50% maximal sequence identity between the test and training sets.
Each arrow indicates a ditgan of favorable parameter change and embeds associated accuracy gain.
Parameter values are in blue. The optimal parameter values are highlighted in yellow and shown in the middle
with smaller and larger values on the left and right. The cumulative é&fé@ctmultiple actions is a sum of

i ndividual accuracy

ncrements
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window of 31 to 39 (right). The severe degradation of the accuracy2®@%) was
observed for 93 amineacid windows,moderate reduction (0-1.1%) was for 1727
windows and very minor decrease (0.1%) was feB3indows.

Another important factor in secondary structure prediction accuracy is the kind of
neural network and the number of layers. THay®er NN is more aegate by 1.7% and
1.1% than dayer and Aayer NNs and by 0.1% and 0.3% thafa@er and @ayer NNs
(line 4). Wang et al. made a similar observation of accuracy saturatien latyrs[81].

We also tested a more complex residual neural network wi#02@yers and a 231
amincacid window size, and obesed the same or worse accuracy ti@ecNed s
traditional CNN with 4 layersAppendix B. Coupled with the results from Taldé, we
conclude that a CNN is adequate for secondary structure prediction, despite availability of
newer and more complex neuaathitectures.

The second category of choices consists of the features used as NN inputs. The use
of sequence profiles, as demonstrated by many programs over the last 30 years, has a strong
positive impact on accuracy (line 5). If both fsiBlastandHMM features are disabled,
the accuracy drops from 72.0% to only 56. 2
the largest observed impact of all factors we explored in the ablation study. When either
HMM or PsiBlastare individually enabled, the accuracymjps to 66.6% and 71.6%
respectively.

A choice of database for thsiBlastsearches is not that criticaIniref90is only
0.3% better than thER nonredundant sequence database from NCBI (line 7), probably

because for some targdtR produces too many nearly identical hits, and subsequently
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skews thePsiBlast profile too much in their favor. There isRsiBlastcommaneéline
argument that determines how many of the top hits are included in a;pfdhke profile
is limited to the tp 15 hits, the accuracy suffers by a hefty 2.7%NB( A NR; parti al
NRbs Acompl eted i n Unrefd(ingB).PaiBladtpraducesyprofiles 6 % f o
both in logodds form and aminacid percentages. Thelagd ds f or m (fiscor eo
than the percentage values by 2.5% (line 9). It is common to use a sigmoid function to
transform a feature into a 0 to 1 range. Theddds score is also better than their sigmoid
funct i o sigmoid |sw ed& by (.6

PsiBlastprofiles generated aftercertain number of rounds have a significant effect
(line 6). Profiles obtainettom the third, fourth, and fifth rounds contain homologues that
are very distant from a target sequence and therefore may contain significant differences
in secondary structa, which seem to adversely affect the accuracy. The accuracy of neural
networks trained on profiles after the third, fourth, and fifth rounds alone drgpsctively
by 1.7%, 2.2%and 2.7%relativeto the best option which includes both profiles after t
first and second rounds. This best optiohigher by0.5%and0.7%thanusingthefirst
or secondroundprofiles alone. We observe a steady but modest degradation of accuracy
by 0.0% or 0.2% or 0.4%when a combination ofounds 13, 1-4, or 15 areused. A
possibleexplanation is that the additional rounds decrease the data/parameter ratio. The
round 23 combination is worse by 0.9% than the rourizidombination.

The third category of choices involves the training options. A difference in training
data set size of 1 or 2 million amirercids has no effect, but a-1dld training data set

reduction to 100 thousand amino acids pushes accuracy down by 3% (line 10). For
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regularization, we chose the dropout approach by randomly forgetting 30% of the model
paameters during each training iteration (line 11). This approach results in 1.6% higher
accuracy compared to training without any dropout. The 30% dropout is optimal; the
accuracy drops when dropout is either decreased or increased from 30%. CNN ayelativ
insensitive to smalchanges in learning rate from 0.01 and momentum from 0.900.
However, larger deviations from these values result in significant accuracy losses; for
example, heaccuracy loses 0-B.8% and 0.4L.2% when the learning rate is 0.00.005

and 0.080.1 respectively (liné2). A momentum of 0.500 instead of 0.900 results in a
1.4% drop while a value of 0.990 reduces accuracy by 10.8% (line 13).

Each weight update in training our network involves calculating derivatives of the
lossfunct on f or a bat ch-baft cda toa-Hattlvisittolemadn thani i mi n |
the calculated derivatives will be too noisy; rMaitch sizes of 164 instead of 256 amino
acids produced losses of #11% in accuracy. A mirbatch size that is toailge may
produce too stable loss function gradient and may result in premature convergence of the
model to a less optimal set of parameters; +haich sizes from 1,024 to 16,384 resulted
in a loss of 0.81.6%. (line 14).

In order to find a better optimmuduring the training ahespecially toward its end,
it is critical to reduceéhe size of gradientlescent stepdy decreasing the current learning
rat e (.Atbenolabyaos)ed decay of fibealoai whgi chtes/ e
®> with the optimal learningate of 0.01 and 650 epochs for 4 days, is better by 0.6% than
no decay (0.0) or smaller decay of®.@ is also better by 0.6, 2.8 and 6.7% than a larger

decay of 16 or 102 or 0.01 respectively (line 15). Finally, if we paute the data set and
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split into the training and validation satsanytimes, the validation accuracy becomes
overestimated by 2.3% due to easier targets in the favorable random validation set;
however, we observe no improvement (0.0%) in the testing aocytine 16). Other
training options were described earlier (line8)lresulting in a final accuracy of 73.0%.

We conclude that the best uéts areachieved wittgoodchoices for input features,
sequence databases and argumantstheraining pipelne aml regularization techniques
It appears that thBIN type, architectur@and complexity, and the associated number of

training parameters are not as critical as lon¢gha\NN is not too simple.

1.2.4 Practicality of SecondaryStructure Prediction: Which andHow Many L abels

Most existing secondary structure prediction programs have been trained and tested
on either 8abel or 3label data sets. In most cases, tH@SSPlabels are reduced to 3 by
treating3och el i ¢ e HSIPaENGIO e’'| hhc e DSIPiadHGand singleresidue beta
strands ( bet aDSShrasklthee $ her HBbeis (ACO or <co
or bends) are reduced @ We wondered how label sets with more than 3 but fewer than
8 labels would behave amdw these might be developed.

To investigate this, we calculated the confusion matrix fdab& SecNet
(Tablel1.2) and both the column and ravermalized versions of the confusion matrix. The
columnnormalized table (Tabl&.2, middle) providestrueqps i t i ve r ates (ire
the main diagonal (TPR=TP/(TP+FN)) and false negative rates (FNR=FN/(TP+FN)) off

the diagonal; the rowmormalized table (Tabl&.2, bottom) reports positive predictive
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val ues (fiprecisionso) al pangfalse Hiscovery raes ofin a | (
the diagonal (FDR=FP/(TP+FP)).

The columnnormalized confusion matrix shows that only lakg|sE, C, andT
have true positive rates ovep) 50%. omhg 2
ExperimentalG andl are predictecdsHmor e often than their true
predicted asC almost twice as often as they are predictedsashe rownormalized
confusion matrix shows that all 8 labels have positive predictltees over 50%, but they
are more than 60% for nH (85%),E (80%), and (100%).1 labels, however, are only
0.05% of the true labels and 0.01% of the predictions (TaB)¢op).

From a practical point of view, predicted secondary structure labels are useful if
they are accurate (high PPV and TR&)nmonlyobserved, and lead to effective sampling
strategies in tertiary structure prediction, which might be performed though the use of
fragments or from dihedral angle distributions. From this point of views &relB labels
arenotveryuseful. Trel abel indicates ali-@)b@doi+&)hen t h
is less than 110° and residues notH, B, E, G, I, or T [4]. TheB label indicates a beta
bridge, which is simply a oreesidue backbonbackbone hydrogen bond, resembling a
oneamincacid betasheet strand. Sinc@andB have low TPR values and are impractical
to sample effectively, it makes sense to converntt@the catctall label,C, and sample
them from Ramachandran distributions generated from residues not in loelslesets
[103]. Similarly, thel label is so rare that it may be convertetiisince about 75% of the
time it ocars as the first or last turn in an alpha helix. Thus, after these conversions, we

are left withH, E, C, T, andG.
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We trained and tested ad&bel version oSecNe(H, E, C, G, T), and achieved an
accuracy rate of 78.3% (Taklle8), compared to 84.0% for tiRule #13-label predictions,
86.0% for theRule#2 3-label predictions, and 73.0% forl@el predictions. The TPR
values for the 8abel rules forH, C, E, T, andG are 94%, 78%, 84%, 52%, and 34%
respectively. The PPV valuese 89%, 73%, 84%, 69%, and 55%.

The labelG (310 helices) remains problematic in theabel scheme with false
negative rate of 28%, 22%, and 12% @M, andT compared to a 34% true positive rate
for G. In a recent study on beta tufi2$, we divided 3o helicesinto three categoriesi3
helices bhat abut alpha helices (20%@®¥, isolated Jesidue 3 helices (the most common
length by far) in loop regions and not abutting alpha helices (55%),&nd isolated 3
helices of length 4 or more (25%@j. 310 helices that abut alpha helices migktviewed
as a distortion of the alpha helix and therefore might be more simitataioels Isolated
310 helices of length 3 strongly resemble the succession of two Type | beta turns (with
distorted backbone dihedral angles for the first turn compareithéo Type | turnsf2].

We analyzed the TPBnd FNR values for these three categories of residuas in 3
helices from the Babel predictions (bottom of Table8). With SecRedrained on a 5
letter schemeG residue stretches that abut alpha helices have a 35% true positive rate and
false negativeates of 42%, 13%, and 10% fbi; C, andT respectively. Isolate6GG
segments in loops have a 35% true positive rate and false negative rates of 12&nd34%,
15% forH, C, andT respectively. Finally, isolatedghelices of length 4 or longer produce
aTPR of 31% and FNR values of 28%, 27%, and 10%1{dC, andT respectively. With

these results in hand we derive-ketter schemeH, E, C, T) by converting allG to C,
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Table 1.8: 5-label practical alphabet: H, C, E, T, and G: (1) true positiverates (recalls) and false
negative rates and (2) positive predictive values (precisions) and false discovery rates of SecNet, (3)

TPRs and FNRs for three subclasses of G: (a) G abut
GGGG+ in loops.

Accuracy True label
78.3% H I E T any
Column normalized G
table 100 100 100 100 100
o] H 94.0 4.9 12 149 222
Q
= C 3.0 781 142 26.7 279
ie]
% E 0.6 10.7 83.6 2.3 3.4
3 T 14 53 08 523 124
o

G 0.9 1.0 0.2 3.7 342
Diagonal has TPRs Elsewhere FNRs

Row normalized True label
table
H c E T | &
3 H 100 886 39 07 45 23
S c 100 33 734 103 96 3.4
T E 100 09 138 836 11 06
ST 100 57 182 21 685 55
o G 100 133 125 1.9 176 547

Diagonal has PPVs Elsewhere FDRs

Column normalized True label
table GabutH GGG  GGGG+
20% any G 55% any G 25% any G
100 100 100
© H 41.8 12.4 27.6
& C 12.7 33.7 27.4
g E 0.6 4.1 4.0
2 T 9.9 14.5 10.0
o G 34.9 35.3 31.0
1 TPR + 4 FNRsfor subclasses of G

The 5 practical labels are defined &&8:8) A (C) and () A (H). Bottom: Same Habel alphabet. Th&

recalls and FNRs are shown for 3 subclasses of G vamgreue G6 G cdlumn in theMiddle section) are

assigned into: (a G € GbutH H é H(b) isolated stretchofGés i n | oops and (c) isol
moreG6s in | oops as wel | . TChnethe grevailingG&@ subclishl &t 5566fand3 3 . 7 %
almost equal FNRs fdd andC of 27.6% and 27.4% in the 25@&GGG+ subclas outweigh the dominant

FNRfor H of 41.8% in the minorityG-abutH subclass of only 20%.
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since 80% ofG residues are isolatedohelices of length 3 or longer. Since the majority
of residues in @ helices come from isolated lengBtelices which are very similar to beta
turns, retaining the prediction of turns (labemay enable the sampling of these structures
in loop regionsAs before B andSare converted t€, andl is converted td.

The accuracy for this 4abel practical scheme is 79.5%; the columamd row
normalized confusion matrices for this scheme are provided in T&bl# achieves very
high TPRs of 94%, 79%, and 83% and PPVs of 90%, 75%, and 85kk @landE; it
achieves satisfactory TPR of 50% and PPV of 71%Ifdf simpler, practical labels are
required, T may be replaced witl as the best candidate both stasatly and in terms of
the highest false negative rate of 33% and highest false discovery rate of 22%. The final
accuracy for this Babel prediction scheme is 86.0%; its TPR (recall), FNR, PPV
(precision) and FNR are in Tall€l0.

To summarize, we sugges, 4-, and 3label schemes as follows:

1 5Slabels:E)A E,(H,1)A H,(C,SB)A C,(G)A G, (T)A T(Table1.8)
1 4labels:E)A E,(H,1)A H,(C,SB,G) A C,(T)A T(Tablel.9)

1 3labels:E)A E, (H,1)A H, (C,S B, G, T)A C(Table1.10)

This last 3label alphabet is neith&ule #1nor Rule #23-label alphabets found in
the literature. It closely resemblBsile #2of the 3label alphabet except for conversion of
| (0.02% of all Set2018residues); due tahe negligible frequency ol, thee is no

observable difference in the overall accuracy (86.0%) between this ruRuéag2
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Table 1.9: 4-label practical alphabet: H, C, E, and T: (1) true positive rates (recalls) and false negative
rates and (2)positive predictive valueg(precisions) and false discovery rates of SecNet.

Accuracy True label

79.5% H C E T

Column normalizec

. 100 100 100 100
- H 93.7 6.5 1.3 14.4
3 C 4.4 79.3 15.6 33.3
3 E 0.5 9 82.5 2.1
& T 1.4 5.2 0.6 50.2

Diagonal has TPRs Elsewhere FNRs

Row normalized True label

table H C E T
5 H 100 88.9 5.9 0.8 4.4
8 C 100 4.4 749 101 106
8 E 100 0.8 135 847 1.1
“ T 100 6.1 21.6 17 706

Diagonal has PPVs Elsewhere FDRs

The 4label alphabet is defined a8 8, G) A (C) and () A (H).

In Table1.11 we summarize existing and new definitions and compare accuracy of all six

alphabets.

12.5 Usage ofOur Secondary-structure Prediction Software

Our secondary structure prediction softwabecNet is free, opersource, and
crossplatform. It is written inPython3 and is downloadable as a single package from

dunbrack.fccc.edu/sand github.com/skmaxim/sswith all required thireparty software

and databases included. Wh&ecNetlaunches for thdirst time, it selfconfigures,
detecting missingPythonlibraries such asiumpy keras theanoor missing thirdparty

databases, which it then automatically downloads and installs. The prediction mode of our
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application requires an average desktop with@PU cores and-8 GB of RAM; during
execution, it consumes -2LGB of RAM. For faster mukihreadedxecutionthe software
detects how many CPU cores are available and uses all of them unless fewer cores are

assigned with an optional argument.

Table 1.10: Final 3-label alphabet: H, C, and E: (1) confusion matrix, (2) TPR and TNR and (3) PPV
and FDR of SecNet.

Confusion matrix of 37,620 test labels

Accuracy Pred. True label
86.0% freq. C H E
True freq. 100% 43.4 333 233
3 _ C 443 37.1 2.8 4.4
s & H 34.0 35 303 03
a E 21.7 2.9 0.1 18.7
Column normalized table True label
C H E
100 100 100
3 _ C 85.3 8.6 189
O o
5 9 H 8.0 91.1 1.1
o =
a E 6.7 0.3 80.0

Diagonal has TPRs Elsewhere FNRs

Row normalized table True label
C H E
3 _ C 100 83.6 6.4 9.9
S E H 100 10.2 89.0 08
a E 100 13.4 0.5 86.1

Diagonal has PPVs Elsewhere FDRs

The final 3label rule is defined as5(B, G, T) A (C) and () A (H). TheRule #2required A C, in contrast
to this rule, which convertsA H; otherwise they are identical. Since thieequency within the test set is
negligible 0.05%, there is no difference in the final accuracies of the two alphabets.

36



Table 1.11: Label definitions for 3 classical and 3 new alphabets and associated SecNeaturacies on
Test2018 test set.

Alphabet Definition Labels Accur.  Diff.
8 original DSSP labels unchange

8 labels (C.SB,T.I.G,H,E) H ECTG,SB,I 73.0 0.0
(C,SB)A C,(H,1)A H,

5 labels B)A EMAT GA G H,E,CTG 78.3 +5.3
(C,SB,GA C,(H,)A H,

4 labels BAEMA T H ECT 79.5 +6.5

Rule#1 (C,ST)A C,(H,I,G)A H,
3labels (E,B)A E

Rule#2 (C,SB,T,I,G) A C, (HA H,
3labels (E)A E

Final  (C,SB,GT)A C,(H,)A H,
3labels (E)A E H,EC 86.0 +12.0

H,EC 84.0 +11.0

HEC 86.0 +12.0

A user does not need to generate any input features margetlypautomatically
prepares all required input features for a target protein sequence by running included third
party software with preprocessed sequence databases. For an average proteB06f 200
residues it takes about 10 minutes to prepare input featseesral seconds to load
predictive models from a storage device into memory, and a few seconds to run an
ensemble of 10 NN models to perform secondary structure prediction. The usage is very
simple with intuitive commantine arguments such algbel [3 o 4 or 5 or 8] andrulel
or -rule2; the full instructions and options are available at the above online resources and
also included in a readme file:

secnethelp
secneti example.seglabel 8-0 example.ss8
secnetinput example.fastaulel -label 3-output example.rulelss3

secneti example.seglabel 4-0 example.ss4pu 3
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1.3 Discussion

We have develope8ecNeta simple traditional foulayer convolutional neural
network for predicting protein secondary structure purely from sequence. We constructed
new training, validation, and testing sets such that the test set consists of protein structures
determined in 208 that had no more than 25% sequence identity with any structure
released in the PDB prior to January 1, 2018. This enabled fair and unbiased comparison
of our method with two programBeepCNFandeCRRNN which were trained on data
released prior to 2018nd which had the highest reported accuracieSBH13 a widely
used test set in secondary structure prediction stusigefetichieved accuracy Gf3.0%
on &label predictions, 84.0%, dRule #13-label predictions, and 86% &tule #23-label
predictions onTest2018 It outperformsDeepCNFand eCRRNNby 2.03.4% on our
Test201&et andCB513 and other methods by 187/8% on theéCB513test set. While this
is a small improvement in accuracy, it is significant in light of progress over the last 20
year® the accuracy oPSIPRED published in 1999, o€B513was 79.2% for 3abel
Rule #1predictions.

In the development ddecNetwe tried a variety of options for feature calculation,
network structure, and training hypasirameters. After selecting the best options with the
validation set, we used the test set only once to estimate the accuracy. We then performed
a retrospectiveablation study, using the test set to calculate accuracy on the various
networks produced during the earlier training and validation studies. The results not
surprisingly indicate that the most accurate model is the result of many decisions each of

which mntributes toward the accuracy. The most interesting results of the ablation study
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were that window sizes larger than 29 residues did not increase the accuracy, R8¢ that
BLASTprofiles are more useful than HMMs in predicting secondary structure, rewagit
the information in HMMs is inherently richer.

From our experience in developing the training, validation, and test set, we
developed a short list of recommendations that might be considered in future efforts to

avoid overtraining and to enable compan of different programs:

1.3.1 Generating alList of Chains for Training, Validation, and TestSets

A majority of prediction methods enforce a maximal pairwise sequence similarity
of 25% between training, validation, and/or test sets as well withitegheset. But how
the sequence identities are calculated can matter, and this is not always described in
sufficient detail to ensure reproducibility. A few methods either do not list a thrg38old
83] or use a lgher valug84, 102] which may lead to a higher accuracy that would not be
sustained on proteins unridd to the training and testing s¢8&6]. For example, we
observed that if our model isained and tested on data sets with 50% sequence identity
instead of 25%, it has 1.3% higher accuracy (top aiiféidj.4). This issue has been raised
several times by different grouf36, 48, 92, 93]In this work, we developed a rigorous
protocol that relies on two passes of two different sequence alignment software programs
(HHblits andClustatOmega to enforce 25% identity within our data sets.

An unforeseen violation of a sequendentity threshold may occur when a method
relies on prdictions from thirdparty software as input features when the tpiady
software was trained on protein structures that are more than 25% identical to sequences
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in the test set of the new method. This may occur for instance, if a method uses features
sud as predicted contacts or solvent exposure from other programs trained on sequences
related to those in the test set. This can be avoided if the test set for the secondary structure
prediction method contains sequences of structures determined thassatbale 25%
identical to the training sets of all predicted input features. This can be hard to determine,
since not all training sets are defined by authors of feature prediction programs or there is
a set of nested programs with each trained on its @imng set. To avoid such a situation,
we should enforce the pairwise similarity threshold between every new structure published
after the thirdparty software release and those before it. It is necessary to compare all
sequences before and aftdre requred date, regardless of resolution, experimental
method, or structure quality. These filters can be applied to the training, validation, and test
data later.

Another consideration on which chains to include in the training, validation, and
test sets is their secondary structure content. Alpha helices are egsetithand a test
set enriched with them is biased to have higher accuracyréFAi@g); therefoe, data sets

should have secondary structure labels representative of the general RIEipop

1.3.2 Sequences andl abels for theTraining, Validation, and TestSets

Secondary structure cannot be assigned to amino acids with missing coordinates
causedy unresolved electron density, and such amino acids are igno283#/y A test
set should consist of full sequences, and the labels therefore need to include a designation
for residues missing from the coordinates. By contrast, the pdpBEi3test sedoes not
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include residues with missing coordinates. Information on disordered residues mapped to
the sequence is provided in thenCIFformat of files from the PDB, or from the file

fiss distd@ avail abl ewwwnrcebmrgfpdyes/ddviidad/hitpfss

Previously secondary structure prediction methods are mostly trained to predict
three labels: helixH), sheet E), and coil C). In the early days, grourtduth labels came
from secondarystructure assigned by authors of deposited PDB structures. With
emergence of a widelgdoptedDSSPprogram in 1983, the 8 secondatyucture labels
(H,B,E, G, I, T, S C) assigned by this software have beenverted into 3 labeld( E,
C); the sets of 8 and 3 labels are used separately for development of prediction methods.
With a lack of standardization, methods report accuracies based orReitbéfl (H, G,
) A H, (E, B) A E, (other 4 labels® C or Rule #2 (H)A H, (E) A E, (other6
labels)A C. The 3label Rule #2is easier for prediction thaRule #1by 2.0% (top of
Figurel4). Some authorglid not report which rule was us¢d5, 79, 80, 84] some
continue to use the easiRule #2and compare their results to previous methods that used
the hardeRule#1 [83, 104] Which rule is used should be clearly stated in a publication
to awid ambiguity.

Label sets greater in size than 3 but less than 8 may be useful in some contexts. We
demonstrated that tH#(beta bridge) an& (bend) labels have very little sequence signal,
and since they may be difficult to sampleyway,they can prodctively be converted to
the genericC label. Thel label (pi helices) is very rare, and may be converteHi,to
producing a Habel rule: H, I) A H; (B,S C) A C; E; T; G. Residues in i3 helices are

also difficult to predict. We showed that those I®lix residues immediately adjacent to
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alpha helices have similar amhagid preferences to alpha helices. Those isolated within
coil regions, which are commonly of length 3, are mostly ptedias coil. However, these
residues outnumber those adjacent to alpha helices; @aah therefore be productively
converted taC. Thereforewe define a 4abel rule as:H, 1) A H, (B,S C, G A C; E;

T. Finally, we define a slightly modified versiafiRule #2 (H, 1) A H; (B,S C, T) A

C; E

1.3.3 Separation of Training, Validation, and TestSets

Some methods do not designate a separate validation set, and make design decisions
based on repeated use of either the training set or a singsetelta training set is used
for these purposes, the produced model is-tragmed and training accuracy will not
propagate to the test set accuracy. For example, the accuracy on our validation set is 2.0%
and 2.5% higher than that on the test set84abel and 8abel predictions respectively.
A validation set should be split from the training set and used for model selection, with the

test set only used at the end to produce final accuracy estimdifjs

134 Distributing the Data Sets,Including Sequences and.abels

The availability of reliable data sets is critical for reproducibility and fair
benchmarking. For many publications, these sets are not readily available; contacting
authors is timeonsuming and often unproductive, and the needed information is not
alwaysstill available. Data sets that can be reused by other groups to test new methods

need to contain not only the PDB codes and chain identifiers but also the full sequences
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and label strings. The PDB can occasionally change a sequence and coordinaeisyf an

is updated. If the Babel DSSPcodes are converted to a smaller set, then providing the
transformed labels is valuable to retain consistency. Complete data sets should be uploaded
to at least two publicly available data sharing systems, for exatopleurnal or
institutional websites o&GitHub or DropBoxor SourceForgeA journal may not always

provide adequate storage for bulky data sets.

14 Methods

14.1 Protocol for Preparation of 2018Data Sets

A complete list of PDBentries was obtained from PISCH39] server on
November 12, 2018. The entry list was divided iB&forel8 which consists foentries
released prior to January 1, 2018, &iftbr18which consists of those released on or after
the same date (Fige 1.1). Chain sequences were obtained from PISCES. Identical
sequences were removed frddeforel8and Afterl§ and sequences identica any
sequence Beforel8wvere removed fromfterl8 Each identical sequence was linked with
a complete list of its protein structures of varying quality.

We used the output of two sequeradignment programdg:Hblits and Clustal
Omega to calculate pairwise sequence similarities within and between the sequences in
the Beforel8and After18sets. TheHHblits pairwise sequence identities were calculated
for use in the PISCES server. Any itemAfierl8was removed if it had more than 25%

sequence identity to any itemBeforel8alculated with eithaHblits or ClustatOmega
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We underline thaBeforel8includes PDB sequences of any experiment or resolution to
eliminate any test sequence too similar even to agoality pre2018 sequendhat could

have been included in training of previous methods. Usage of two programs helps if either
one fails to detect similarity.

We applied several filters to the structures and sequencBgfore2018and
After2018before applying a pairwise sequemgentity filter within each set. We removed
structures having resolution worse than 2.2 A, or fréad®r greater than 0.25 (if frée
factor was not available, we used thdaRtor+0.05)[94]. We excluded chains of length
less than 40 residues antF@tomonly modelsNext, we enforced 25% pairwise identity
in each set based on the sequence identbtained fromiHblits andClustatOmegaWe
removed any sequences frdBefore2018that was more than 25% identical with any
sequence IrtB513so that we could usBet2018o0 train SecNetand useCB513as an
additional test seflest201&lready cannot have sequences more than 25% identical to the
structures irCB513that were determined before the year 2000). For identical sequences,
we selected a protein chain from a crystal structure having the highest resolution, followed
by the besR-factor, and then the PDB chain having the largest number of coordinates.

This procedure produced thHesR018test set After2018after the quality and
sequence identity filters were applied), which contains sequences that are not more than
25% similar b anychain in a PDB entry released before 1ap018. Similarly, th&et2018
training and validation sets were created from a 9 to 1 random split of the chains in
Before2018after the quality and sequence identity filters were applied. We note that

compkte chain sequences are stored (not just the ones with coordinates) in our sets. We
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store original ondetter sequences using the standard representation wherestandard
amino acid has a singletter code of the closest analog among 20 standard avidt® if

it exi sts; ot herwise X0 is used.

142 Input Labels and Features

The 8 secondargtructure labels wermbtained from the file ssiidis.tbx@which has
records for the entire PDB and is available for download from PDB. This file also contains
strings that indicate the ordered and disordered residues in the sequenBxXSPend
disorder strings were combined, with spaces inOB&Ps t r i ng r epl aced wit
the disorder string i-mdiamadedXa@anwhdngetlkd ¢
indicated a disordered residue (fAX0). For

contains:

>1A64:A:sequence
RDSGTVWGALGHGINLNIPNFQMTDDIDEVRWERGSTLVAEFKRKPFLKSGAFEILANGDLKIKNLTRDDS
GTYNVTVYSTNGTRILDKALDLRILE
>1A64:A:secstr

EEEEETT EEE TT TTEEEEEEEETTEEEEEEESS EESSTTEEE TTS EEESS GGG
EEEEEEEEETTS EEEEEEEEEEEE
>1A64:A:disorder
XXX

which results in the combinddSSRdisorder string:

XXXCEEEEETTCEEECCITCCCCTEEEEEEEETTEEEEEEE®EESSTTEEETTSCEEESETGGGE
EEEEEEEEETTSEEEEEEEEEEEE

Training was performed and test accuracy was reported on all residues with known

coordinates for whickbSSPwas abl e t o assign | abed sf,l ag e.
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and not wiX& hf lddg.orEHeah éami no acidudesafblj ect t
amincacid sequence around it including disordered residues.

In addition to the labelshe input to our CNN includes a 9%-29 feature matrix
where the columns represent 14 residues to the left from the central residue, the central
residuewhich is subject to secondary structure prediction, and 14 residues to the right; the
rows consist of 92 features for each position of 29 residues. Among the features are 1) one
hot encoding of 22 residue typsadadreside 20 st
without a standard amiracid analog), andi?d0 which denotes a neexisting residue
outside the sequence when the central residue of an input window is too close to the
beginning and end of the sequence; 2) two sesifflast sequence prdés generated
againstUniref90sequence database at the end of the first and second rounds, each 20 long
T the number of standard amino acids; 3) 30 parameters of Hidden Markov Model of the
target generated by a search againstuhi@rot20 sequence databa computed with
hhsuite Thus, the number of rows in the input matrix is 22 + 2 * 20 + 30 = 92.

PsiBlastversion 2.6.0 was obtained from NCBI, and used to searctrinef90
database of 58284765 sequencesdownloaded on Aug 2, 2017 from

www.uniprot.org/downloadsUniref90 was converted to &siBlastdatabase with the

command;:

makeblastdbin uniref90.fastaparse_seqidsdbtype prot

ThePsiBlastsearches werperformed with the command:
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psiblast-db uniref90.binaryqueryexample.fastainclusion_ethresh 0.00kvalue
10-save_pssm_after_last_rourmlit_ascii_pssm example.mbum_iterations 2

num_threads 16save_each_pssm

The last flag forcePsiBlastto output each PSSM with a different file namk (2, etc.).
The input toSecNetconsists of the output legcale score instead of rounded weighted
percentages. For naxisting residues outside the complete sequence, log score values of
-19 were used at each of the 20 standard asadmnb positions.

The HMM of a target vsuniprot20 sequence database was created withl@.0

hhsuite uniprot20is located at

wwwuser.gwdg.de/~compbiol/data/hhsuite/databases/hhsuite dbd&ddes

It is datedasFeb, 2016. All 30 parameters of each residue in a target sequence are used

from the HMM file generated with a set of two commands:

hhblits-i example.fastad uniprot20-oa3m example.a3repu 16

hhmakei example.a3mo example.hhm

The 30 parameterswithé v al ues representing +bB values
the nonrexisting residues outside theandC termini, the first 27 variableAf6 ,C6 ®0 0

&6 ,Fo .66 0 #0 K60 66 B0 N6 6 QO &R0 ,80 , 00 ,H0 HVO 6 ,MA BI6

GMA 1§ MADO JAMD JAI® DAKIO DABP6) of 99999. 0 value and
( Mef6 Neffoldb Neffobdb) of 0. 0 value were used for HM

all HMM parameters were divided by a normalization factor of 99,999.0.
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1.4.3 Training and Testing a CNN forSecondary Structure Prediction

Our neural network is a traditional CNN (kg 1.2) consisting of an input layer
which reads a 9Py-29 matrix centeredn a residue subject to secondary structure label
prediction, 4 convolutinal hidden layers, densetpnnected NN layer with an output
dimensionality of the number of secondary structure labels, aoffraaxactivation layer
returning a vector of probabilities for each label. The total numbENM parameters is
2,397,960 The 4 convolutional hidden layers have the same filter length of 7 with valid
border treatment and a rectifier activation function; the number of filters at each hidden
layer increases by 128 starting from 128 at the first hidden layer: 128, 256, 384 and 512
As a training regularization technique, a dropout layer with 0.30 value is implemented in
front of each of the 4 hidden layers and the dense layer. This CNN was implemented and
trained using 1.2.Reras an opersource NNPythonlibrary with 0.8.2Theanadbackend.

We independently trained 10 CNN models byfdld crossvalidation on the
training set. To gain additional accuracy improvement, we used a popular technique where
a final predictive model is an ensemble of 10 CNNSs returning a majorityMateebased
on 10 outputs of a predicted label. The final accuracy was reported based the independent
test set that had never been used during training, validation, or making design decisions.
The test set was used only once to report the final resulisasube final overall accuracy,
confusion matrix, and accuracy improvement for each component of the predictive model
during the retrospective ablation study to update these overestimated values based on the
original validation set with the unbiased oresed on the testing set. However, during
algorithm development all decisions on how to train, what input features to use, what third
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party software arguments to use, which sequence databases to employ and what CNN
architecture to use were only based am\hlidation set to avoid overestimated accuracy
at the very end with the testing set.

A stochastic gradient descent was used for optimization. We tried many different
combinations of parameters and empirically selected the following optimization
parametes leading to the best validation accuracy during many training trials:

loss function = categorical cross entrgpy

number of epochs = 650

batch size = 256

learning rate = 0.01

momentum = 0.9

Nesterov accelerated gradient = off

decay = learning rate humber of epochs = 0.01 / 650 -5%e-5 and

dropout = 0.3

We computed validation accuracy at the end of each epoch and saved a model if the
validation accuracy was higher than at any previous epoch disregarding a value of the
training set accuracy.

A single training requires about 4 days on acbBe CPU workstation; within the
first 12-24 hours the validation accuracy was typically-0.8% below the final best
accuracy. The training was stable if different starting random seed states were used leading

to a spread of final validation accuracies of only up to 0.1%.
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Training and testing were based on overall accuracy which includes all residues
with assigned secondaiy (st socdereddirfese demnm
coordinates). The accuraayas calculated as a number of correctly predicted labels /

number of all assigned labels.

1.4.4 Benchmarking of Competitor Software

We ranDeepCNFandeCRRNNwvith default arguments. An ensemble of 10 models
was enabled foeCRRNN We made sure that we veeexecuting these thiplarty
programs properly by benchmarking them on data sets included in their respective
published studies and reproducing the same results within 0.1% accuracy for each included
set. As withSecNetDeepCNFand eCRRNNwere benchmarkeon complete original

sequences and accuracy was reported on residues of known secondary structure.

50



CHAPTER 2

A NEW CLUSTERING AND NOMENCLATURE FOR
BETA TURNS DERIVED FROM HIGH -RESOLUTION
PROTEIN STRUCTURES

2.1 Introduction

Ordered protein structures consist of elements of regular secondary structure, such
as alpha helices and betheet strands, and irregular elements of structure referred to as
loops or coil regions. Loops comprise half of residues in protein structurestothe
globular nature of folded proteins, the direction of the peptide chain witestchange
radically within a few short residues within loops. These changes in direction are often
accomplished by turns, which can occur multiple times in loop regiamrss consist of
segments between 2 and 6 amino acids (delta, gamma, beta, alpha and pi turns
respectively), and are identified by the
residues and sometimes by the existence of specific hydrogen Withoisthe segment
[106-111] These turn fragments are often hydrophilic, since loops are usually on the
protein surfac¢l12-114]

Fourresidue beta turns are by far the most common turn[fyjf, constituting
25-30% of all protein residuefll1l5]. The first examination of beta turns way
Venkatachalam in 196BL06]. He identified a key hydrogen bond formed between the
backbone carbonyl oxygen atom of the first residue and the backbone amide hydrogen

atom of the fourth residue ofteetaturn. Venkatachalam devised a system of three turn
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types: 1, I, and Ill, and their mirror images I', II', and IlI'. He predicted that the mirror
images would be disfavored due to steric clashes.

In 1973, Lewis et al. observed that the backboedewdrogen bond is not present
in a large number of peptide fragments that might still be considered/1u®is Instead
of the older hydrogen bond criterion, they established the definition of a beta turn requiring
a distance between the 1 and 4 aiphebon atoms of less than 7 A, while the central
residues 2 and 3 are not part of a helix. This-hatadefinition expansion blyewis et al.
l ed to the adoption of ten different turn 1
new types IV, V, VI, and VI I ."afdBpresidiéds t ur ns
around {80°,+80°) and (+80°;80°) respectively. Typ¥I turns contained ais proline at
the 3%r esi due. TypeoW! [L88dnads Théitards ngt fitting the
established definitions, because two or more of the dihedrals of residues 2 and 3 were not
within 40° of the defined values, werkaped in a miscellaneous category, type IV by Lewis
etal.

Richardson et a[107] kept the same 7 A criterion used by Lewis ef#&16] and
from analysis of a larger data set, reduced the number ofuretéypes to six categories
with designated «,y | imits of the second a
seventh miscellaneoustegory, Type IV. They divided the type VI turns of Lewis et al.
with a b conformation at residue 3 and a ci
Via with an U copfolmaei an atestteecBs and
conformation atthe cispr ol i ne. They mer ged -60°y3p°efor | | | t

residues 2 and 3) . wF-60n-3 @ A& p & ryd-9080a formesidué wi t h
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3) because they occupy similar regions of the Ramachandran map at positions 2 and 3, and
many type Ill turns that could be identified at that time were partefh@lices. The
similarity of 310 helices of length 3 to two consecutive Type | turns has been analyzed by

Pal et al[117]. They found that the first two residues of these sheth3® | i ces have
values close te60°-30°, while residues 2 and 3 resemble a classical Type | beta turn with

4 , %-30°-60° and-90°,0° respectively.

In 1988 Wilmot and Thornto[l108] scanned a dataset of 58 protein structures for
turns, and expanded Richardsonodésgcafedonnd:
b conf or ma tand & sesiduds respeotive[jp08]. To match each turn to its
type, for each residue one of two backbone dihedrals had to be within 30° while the other
onecould be within 45° of the canonical values for that turn category. In 1990, the same
researchers assigned and named &ldbbturns b
a, and U) of t h@09} They found bbttypea that weee ®hisetuedas least
once in the total of 910 turns of 58 protein structures. Howevet, tgjgts were observed
less than 10 times (1%) and three types only once. The turn type definitions of Richardson
et al.[107] and Wilmot et al[108] have also guidethe design of many turn prediction
algorithmg[118-124]. For example, in Kountourst al., the prediction includes types |, Il,

IV, VIIl, and "nons p e c [AZ0]i c O

More recently, de Brevern performed clustering of the miscadlas betdaurn type
IV representing one third of all beta tufi25],thas e not f i tting the cri
1, 116, VI al,|10A Thes2additiovd dusterimgmedulted in placing about

half of the type IV turns in four groups of turns adjacent to the existing TypeTyguedl|
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turn boundaries. However, they do not appear to represent peaks in the density of beta turn
conformations, but rather occur at the periphery of Type | and Type Il turns after the
residues in a 30° x 30° box around the Type | and Type |l definiisemoved.

The residue preferences for the most common turn types have been described in
previous report§107, 122, 126, 127]Hutchinson and Thorntom 1994 analyzed the
residue preferences in 2,233 examples of the common turn types in a set of 205 protein
chaing[122]. They notedtheprf er ence f or proline at positi
of approximately-60°, such as position 2 of Type |, Type Il, and Ty turns, and the
preference for Gly, Asn, Asp and Ser when
Type rinisGg tamd position 2 and 3 of Type 106 t
the preference for Asp, Asn and Ser at positions that require a residue in the bridge region
of the Ramac h& 0 709, yorimstanee at position 3 of Type | andogy
Il 16 turns. Some residues are preferred bec:
within the turn or even to the residue before or after the turn. Some hydrophobic residues
are preferred when the turn is a tight beta turn connecting twoesbedh strands,
particularly for positions 1 and 4 of Type
part of hydrophobic cores of proteins. They also noted that preference for Pro at position 4
of Type VIII turns, which prevents residue 3 from beingthe alpha region of the
Ramachandran mafd03]. Type VIl turns have a beta conformation residue at this
position, while a Type | turn contains an alpha conformation at position 3.

Although many analyses of beta turns have lpszformed, there are a number of

guestions that remain outstanding. First, what is the nature of the Type IV beta turns, and
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can the existing nomenclature be extended to reduce their number? Second, what are the
true modes of the density in dihedral angpace for each beta turn? For highly skewed
populations, the most common conformation (i.e. modes in the density) for each beta turn
would be useful in protein structure determination, refinement, and prediction. Third, what
are the amino acid distributisrof each betéurn type and can they be rationalized? These
have not been reported in dc€tJdistancesuioficd e t he
7 A justified? And finally, what is the frequency of beta turns in loops of various lengths?
This information would be useful in the modeling of longer protein loops, which remains
a challenging problerfi128].

With a much larger number of ulttagh resolution structures now available, we
have undertaken a fresh analysis of the nature of beta turns in protetarsgsuWe have
classified all of the beta turn conformations in a data set of 1,074edoamdant protein
chains from higkguality crystal structures of 1.2 A resolution or higher. In keeping with
previous analysed 07, 116] we define betaturnsasfeure si due segments w
atoms of residues 1 and 4 having a @&istanc
and ¥ residues different from shegtE ) ,  h e-helix ) agdByhelix (G) according
to DSSH115]. Our clustering is performed with a distance measure based on the seven
di hedral angles thagi cdwen el i doyd) wAG:GUYda tYo ms ¢
similar to what we used for the clustering of antibody C[IR9)].

To identify clusters that truly represent peaks in the density of data points in the
space spanned by these dihedral angles, we have utilized a -tessty clustering

algorithm, DBSCAN[130]. Franklin and Slusky have recently used a similar method to
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cluster 4 and 8esidue turns in outamembrane beta barrgls31]. After optimizing the
clustering parameters of DBSCAN, we obtained a set of 11 clustersiedimop residues

in our data set of 1,074 proteins. From kernel density estimates of the Ramachandran maps
of residues 2 and 3, we identified multiple peaks in the density consistent with the existence
of multiple clusters in some of the DBSCAN clustéf& were able to subdivide several

of these turn types witkkmedoids based on the number of peaks in the density, resulting
in a set of 18 distinct turn types. We apply a refined division of the Ramachandran map
into distinct populated regions developgdHollingsworth and Karplugl32] to derive a
simple nomenclature for our 18 turn types. For our turn types we provide modal
conformations and residue preferenaeshe first, second, third and fourth positions. We
anal yze t he di-€Wdistabce in ouobetum types, hnd fin@ that some
turn types hQudestances dighdynlargerlhan 7 A, if the 7 A cutoff is
relaxed. We also devgled a crosplatform Python script for determining the bégan

types in an input PDB structure.

2.2 Results

2.2.1 Clustering of aHigh-ResolutionData Set of Beta Turns

With the PISCES serve29, 133] we compiled a set of 1,074 protein chains with
a resolution equal to or better tha@ A and pairwise sequence identity less than 5086 (

data set available atdoi.org/10.1371/journal.pcbi.1006844.sp0Tomprising protein

sequences with 232,197 resas (Table2.1). For clusteringpurposesa total of 16% of all
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residues were excluded due to missing back

breaks, presence of alternative conformations, or missing secondary structure information.
The resultingdata set is nameRefinedSetvith 195,322 residues suitable for turn type
analysis. If we define beta turns as four consecutive residues where the central residues 2
and 3 are not in regular secondary structure (alpha hedik, 8 1 i x , " heds)i x or
and t4€ &distahke is less than or equal to 7 A, we can locate 13,030 beta turns in
this data set built on 43,162 residues. This is less than 13,030 x 4 or 52,110 residues because

49% of beta turns iRefinedSeshare residues with one or motber beta turns.

Table 2.1: Data sets

Count No of Residue
residues perc.

Sequences 1,074 232,197 -
CompleteSet

Residues - 224,250 100.0

Loops 17,176 102,357 455

b turns 21,454 64,632 28.7

| s ol autne 7,708 30,832 13.7

RefinedSet

Residues - 195,322 87.1

b turns 13,030 43,162 19.2

| s ol autne 6,649 26,596 11.8

Loop, betaturn, and residue statistics @ompleteSeand RefinedSetSequences contain residues with or
without coordinatesRefinedSeis a subset o€CompleteSetwhich contains all residues with coordinates.
RefinedSet¢xcludes residues with multiple conformations (e.g., those with A and B conformations) and those
resiies with missing backbone, t@f,n tdrmsnotmshating any ¢f itsat o ms .
residues with rtwens.i dues from other b

Betaturn conformations form overlapping clusters of varying density. Application
of a single clustering metll such ag&-meansk-medoids, or DBSCAN failed to identify
all known turn types and created merged clusters with multiple modes in the density. It

would either(1) detect most known turn types but fail to separate turns of Type | and Type
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VIII or (2) sepaate these two types as two clusters but in addition produce too many small
clusters and noispoints. Ultimately, a procedure consisting of applying DBSCAN with
optimized parameters followed lyymedoids to divide the initial DBSCAN clusters that
clearlycontained multiple peaks in the dihedaalgle space density proved fruitful.

A single application of DBSCAN on all available 13,030 turns produced 11 clusters
with optimized clustering parameters, eps and minPts (Methods). Kernel density estimates
(KDEs) of residues 2 and 3 indicated that four of these clusters could productively be
subdivided into more than one cluster (Kig2.1). The most populous DBSCAN cluster
contains 8,455 turns of the classical Type | and VIl turns but in fact exhibits five ipeaks
the KDE of residue 3 (Fige2.1, panelA). Repeated application kfmedoids to subdivide
this cluster, produced 5 clusters that correspond to-kmelvn features in the
Ramachandran map of most residue types, including the-aidital region, the gamma
prime or inver se g-8M68Y[134]uhe preProeaia conformation y =
( G, y37%576°)[135], and two conformations in the beta region, roughly equivalent to
par al | elk0°128°),agndanp ar al | el b e134°,15 hregions. Hadh, y =
of these 5 sulslusters exhibited different amino acid distributions indicating that they are
indeed distinct turn types.

The classical Type Il turn cluster from the DBSCAN run contained two peaks,
which could easily be subdivided kBymedads at opposite ends of the Kifanded alpha
helical region in the Ramachandran map for residue 3u{€R1, panelB). The upper

peak of these conformations preferred glycine at residue 3, while the other was dominated
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Figure 2.1: Two-dimensional i, y) kernel density estimates (KDE)

(bottom row) for four multi -modal clusters returned by DBSCAN (of 11 total).

These 4 clusters have multiple peaks in their densities and were further individually divided into ggbcluste
with one or more rounds &tmedoids. Their final medoids and modes are marked with gray dots and black
crosses respectively. The populations of the four clusters are shown in pidduésdr for classical Type |

and VIII turns exhibit 5 peaks. Typehbhs the strongest peak and account for 76% of the data points in the
cluster. (B) Classical Type Il turns can be subdivided into two new clusters; (C) Classical VIb turns with a
cis peptide bond at residue 3 can be divided into two types. (D) A DBSCAcith residue 2 in the left
handed helical region and residue 3 adjacent to the-mayded helical region. The data have 3 obvious
density peaks b utsy99°20° didandt hawesatdistipot ankno gcid profile and had a
very small number of points. We divide this cluster into two {eta types.

by nonglycine residues at position 3 (see Wg2.2, Figure 2.3 and Fyure 2.4 for
comparison of amino acid profiles in all clusters). The cluster from DBSCAddriel C

of Figure2.1, consisting of some of the structureRiefinedSetvith a cis peptide bond at
residue 3, exhibited two peaks in residue 2 that produced an equivaleatgeeviously
defined TypeVIb turn and a new turn type. Finally, DBSCAN produced a new turn type
cluster with lefthanded helical residues at position 2 and flggrided helical residues at
position 3. This cluster contained two dominant peaks in theitgefus residue 3

(Figure2.1, panelD).
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Figure22: Two-d i me nsi on al 2 KD Easmdfs)gnd arhidio-acid sequence profiles for 5 out

18 turn types, all turns, and Other turns.

First row: All data pointsQtherd at a poi nts (uncl assified), AD (cl assi
data points KDE is shown on a | og scale. Second row
mode and medoid of each cluster are shown with a black cross andarrespectively. The fodetter

profiles are shown for the four amiaeid residues composing a beta turn.
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Figure 23: Two-d i mensi on al 2 K Easmnd jpand agmiho-acid sequence profiles for the
next 8 out of 18 turn types.

First row:AB1, AB2, AZ, and AG turns (all formerly Type VIII). Second row: new turn types dD and dN
and their approximate inverse, Dd, and new turn type pG. The formatting is the same aseif.Eig
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Figure 24.Two-d i mensi onal 2 KR Easmnd pfnd aminoc-acid sequence profiles for the

last 5 out of 18 turn types.

First row: cis3 turn types, BcisP (Type VIb), PcisP (new), and PcisD (Type Vlal). Second row: new cis2
turns, cisDA and cisDP. The formatting is the same as mwr&R)2.
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We subdividedt into 2 separate clusters wikkmedoidsk-medoids is a similar algorithm
to k-means but instead selects actual data points as the elxstaplars instead of a vector
of average values in each dimension. In principle, one of these clusters coulthbe f
subdivided but we did not find distinct amino acid profiles, and the smaller peak contained
a small number of points.

Our clustering procedure results in a set of 18 turn types (2dbénd Figire2.2,
Figure2.3, Figure2.4) among the 13,030 beta turns detectelefinedSetWe define the
noi se points identifiedt begvwidh8ddBEBNI3IBDuNE gr ol
or 2.4%. Table2.2 contains the populations among our 13,030 beta turns and the modal
valueanaofy ldf or residues 2 and Qtherghompobng our
types are new; 8 types are created by splitting existing Type Il turns (2 types), Type VI
turns (4 types), and Type VIb turns (2 types); and the remaining 4 types are updated
vers ons of the remaining classical turn type
the classical VIia2 type wi tr,hy=812@,120° gnee pt i d e
Uz, y=[-60°,0°]. Instead, a small number of points near these values ioctheOther
group, but they are too spread out in dihedral angle space and not numerous enough to
produce a cluster. By contrast, we -idleo fi nd
conformation at residue 3. One of these is close to theada$4b turn; the other is new.

Rather than the Roman numeral system in use since 1973 with abandoned numerals
(e.g., lll, V, and VII) and a set of intricate prime symbols and alphanumericahdiges
(e. g., | 6, I 1 6, V1 al) ,usingehe lpatincalplalseewittatype e w  n ¢

names assigned according to the-tatter region codes of Ramachandran map for the 2
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and ¥ residues of each betarn type (Figire2.5). The figure shows our designations and

the positions of the medoids of residues 2 and 3 (orange dots).
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Figure 2.5: Singleletter region codes for theRamachandran map.

Greek letter designations were converted to Roman letter counterparts. The left side of the map with negative

G is encodedei heuppes, while the right-caselatars. of t he
Regions related byymmetry through the origin are denoted with the same letter (e.g., A and a; P and p). The
original gamma and gamma prime regions are labeled g and G respectively. The new label N is used for the
region below the AD axis. All cluster medoids of residugsand 3 are marked with orange ddtse black

dots represent data from all amino acids inRlefinedSetincluding regular secondary structures and loops.
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Our scheme is based on a detailed analysis of the distribution of residues from very
high-resolution structures by Hollingsworth and Karp[d82]. Most of the ondetter
Ramachandran codes are familiar to structural biologists. For convenience both in
computer code and for people, we converted their Greek designations to the Latin alphabet,
for example U to A, b to Baselotterfoothe@ftsidad so
of Ramachandran map wiatshe negateirvwe upjera npd sli d
and lowercaseletters have a point symmetry relative to the map center (0, 0). This is
similar to nomenclatures developed by Dasgupta Et26] and Hollingsworth et a[137]

Anmonst andard designation in this sch8°me i s t
y= 68A as fAGO in upper case. Or-pgimal [ G0 ©
g) and the corresponding region with G > 0/
a new region, N, to the left and below théAdensity axis, which occurs in the dN cluster.

This Aplateaud region was hitealiébymivelletdhl. t o be
[138]. In only one case (AB1 and AB2) we need a third character to distinguish the two

turn types. AB1 is the upper one the Ramachandmap and AB2 is the lower one
(Figure2.1, panelA and Figire2.3), which is an easy way to remember them. In Talde

we also provide a correspondence between the proposed and classical turn type
nomenclatures.

Figure2.2, Figure2.3 and Figire2.4 contan the amino acid distributions at all four
positions of each betarn type, including théther group. As expected, glycine and
proline play important roles in many turn types. Proline is required for the two cis2 turn

types, cisDA and cisDP, and thedhrcis3 turn types, BcisP, PcisP, and PcisD. It is also
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important in position 4 of the AZ turn where it is responsible for the zeta conformation at
position 3, which occurs for residues immediately before prdii32]. Proline also
prevents the alpha conformation at the residue bef¢t@3f, and is therefore significant

in the AB1 and AB2 turns at position 4 and completely absent frontuAi® at positions

3 and 4.

Gl ycine allows amino acids to occupy t he
map, as exhibited by the ad, Pd, dD, dN, and pG type turns. As noted above, the former
Type Il turns have been divided into Pa and Pd; glycinensimint at position 3 in the Pd
cluster but not in the Pa cluster, which is instead dominated by Asn and Asp at position 3.
Asp and Asn are also dominant at position
of the AG and AZ turns.

There are sometias subtle but statistically significant differences in the sequence
profiles of very similar clusters. For instance, residue 3 of AB1 and AB2 has slightly
different positions in the Ramachandran map. The upper peak (AB1) prefers Gly, Ala, Ser,
and Thr at psition 3, while the lower peak (AB2) prefers Asn and Asp. The dD and dN
clusters are different at position 3, with dD preferring Asn and Asp, which are almost
absent from position 3 of the dN turns. The latter contain hydrophobiebizetahed
residues aposition 3 (Val and lle).

The new turn types, PDB entry, chain, and residue identifiers, dihedral angles of
medoids and modes, and secondary structure context are proviglet TrurnLib18at:

doi.org/10.1371/journal.pchi.1006844.s063he text format,

doi.org/10.1371/journal.pchi.1006844.s004he Excel format.
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2.2.2 Validation and Structural Properties of theNew Beta-Turn Types

We validated the new turn types by examining their electron density both visually
and quantitatively. To analyze the electron density of atoms in beta turns, we utilized the
EDIA program (Electron Density Support for Individual Atonjs39], which integrates
electron density in a sphereoand each heavy atom and penalizes both positive and
negative density in electron density difference maps. EDIA demonstrates that turns in each
cluster contain only a few structuresZ@%) with substantial inconsistencies (fig2.6).

The Othergroup tas a higher rate of substantial inconsistencies with 6.1% of these turns
having poor electron density. Nevertheless, the majorit@tber group turns are valid
conformations, but sufficiently spreadt that they do not form a new cluster with at least

25 points (0.2% ofRefinedSégt The mean EDIA scores for each cluster are provided in

Table 2.3, where the EDIA score for each turn is defined asrimmumvalue for the
backbone atoms definingt ¢ h étludiog tme,carbonyle . at
oxygens.

The electron densities of representative structures near the modes in the seven
dimensional probability distribution are shown for all 18 Heta types in Figre2.7. In
addition, the figure shows two structures from @ther group that have good electron
density, demonstrating that turns in tghergroup are valid conformations. These were
chosen to be far away from any of our cluster modes. Both of these @suctive a cis
proline at residue 4, but different Ramachandran regions for residues 2 and 3 from each
other. There are 21 turns with a cis proline at residue 4 i@tiner category. They do not
cluster well with our sevedimensional dihedral angle metri
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Figure 2.6: Structure quality of Other turns and 18 turn types based on agreement between atom
positions and electrondensity maps measured by EDIA software with the minimum oEDIA values
for all 13 backbone atoms g( C,UlICW,0 @CU40) in a turn

The results of clustering procedures can be validated with a number of measures
[140]. Most such measures compare the distances of points within clusterslistéimces
between points in different clusters in some way. Defimsed clustering presents some
challenges for standard validation measures, since clusters may be shaped irregularly and
have different densities and variances about their medoids cednfmdistancéased
clustering algorithms such asteand141]. Nevertheless, we utilized the silhouette score
[142] which compares the average distances of points to other points in the same cluster to
the average distance of points to the nearest neighboring cluster for each point.

For each point, we calculate the average distance to the points in each cluster (one
value for each cluster including the clustéelongs to). Ifa(i) is the average distance to

points in the same cluster as paianhdb(i) is the distance to the nearest clusteredédht
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Table 2.3: Validation of beta turn clusters.

No. New EDIA Orig. Lost to Lost Gained = Gained New TPR PPV Median

name = mean Size | another to from from Count cucy
cluster = Other other Other distance

group = clusters = group in A

(no

cutoff)

1 AD 0.854 6,413 -149 -195 +0 +0 =6069 946 100.0 B
2 Pd 0.845 1,556 -1 -0 +0 +6 =1561  99.9 99.6 5.61
3 Pa 0.848 802 -5 -30 +0 +2 =769 95.6 99.7 6.12
4 ad 0.839 748 -0 -3 +0 +3 =748 99.6 99.6 5.45
5 AB1 0.851 648 -1 -12 +0 +0 =635 98.0 100.0 7.52
6 AZ 0.845 625 -47 -1 +128 +0 =705 92.3 81.8 5.90
7 AB2 0.855 603 -11 -7 +56 +0 =641 97.0 91.3 7.95
8 pD 0.836 402 -9 -4 +0 +5 =394 96.8 98.7 5.66
9 AG 0.855 166 -14 -1 +38 +0 =189 91.0 79.9 7.24
10 BcisP 0.832 135 -0 -0 +0 +2 =137 1000 985 6.07
11 dD 0.821 131 =5 -2 +5 +10 =139 94.7 89.2 7.79
12 PcisD 0.858 125 -0 -0 +0 +8 =133 1000 94.0 5.76
13 dN 0.873 102 -4 -0 +5 +1 =104 96.1 94.2 7.83
14 Dd 0.856 87 -0 -0 +6 +7 =100 100.0 87.0 7.60
15 PcisP 0.861 59 -0 -0 +0 +2 =61 100.0 96.7 6.74
16 = cisDA 0.827 52 -0 -0 +0 +4 =56 100.0 929 5.36
17 pG 0.806 32 -0 -0 +8 +4 =44 1000 727 8.16
18 cisDP 0.884 25 -0 -0 +0 +11 =36 100.0 69.4 6.52
Other Other 0.802 319 -65 - +255 - =509 79.6 49.9 9.03
Total 13,030 -311 -255 +501 +65 | =13,030 95.7 95.7 -

Column 3: Mean EDIA scores for the minimum EDIA score for all backbone atoms of each beta turn in each
cluster. Beta turns ifRefinedSetvere reassigned with thBetaTurnTooll8program with the standard

dihedral angle cutoff and the 7@ -C Wcutoff. Columns 411: Reassignments based on these criteria are
provided, consisting of counts of AOrigind8), cluste
number lost tddther, number reassigned from another regular cluster and numbeignegsfromOther.

The total number of reassigned turns in each cluster is given in column 9. The TPR (true positive rate) is
defined as the percent of the assignments that are present in the reassignments, which is equal to
100*[(Column 4) + (Column 5) +Golumn 6) ]/ (Column 4); PPV (positive predictive value) is defined as

the percent of the reassignments that were present in the original assignments, which is equal to
100*[(Column 4) + (Column 5) + (Column 6) ]/ (Column 9). It is the percent of turtiseimeassigned set

that come from the same cl| ust en-CWdistaricéfer eamh clugierin al set
the BetaTurnTooll® r ogram is applied with the stand@QUW d di heq
distance cutoff. Segmentgth dihedral angle distance larger than the cutoff are assignethes; most of

which are not turdike structures.
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Figure 2.7: 2Fo-Fc electron density distributions for each of the 18 new betarn types, plus two
examples from the Othercategory.

The PDB entries and other data for each turn are givrelBetaTurnLibl8ibrary. Contours are shown at
20. T Otherexanmples (bottom row,Band 4" images) are: (1) PDB entry 2EAB, chain A, residues
7597 6 2, sequence YHAP, »cyp nyor[-82289°076°165% ¢2) BDB,entry

4RJZ, chain A, residues 3&6 9, sequence PRGP, , go;n o[781,420% 8% Bbci

127°]. Residue 4 is a cis proline in both cases.
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from that of pointi, then the silhouette score is defined %Q @®©Q ®Q7T

I A @ Ohd"Q. If pointi is near other points in its own cluster, but very far away from

the nearest other cluster, tH&Q) is dose to 1.0. If pointis equally close to its own cluster

and another cluste§(i) is close to 0, and if poinmts closer to points in another cluster than

its own clusters(i) is negative. This can occur if poinis misplaced orifpointd s al ust e
has a high variance.

A graph of silhouette scores for our 18 clusters andOter group is shown in
AppendixD. Each of our clusters has an average positive silhouette score ranging from
0.27 to 0.93. Eleven clusters have values of 0.6 or higher. Some of the clusters that arose
from subclustering of the original DBSCAN clusters wittmedoids have relatively low
values of the average silhouette score, including Pa (0.27), AB2 (0.29), and AZ (0.32). This
is not surprising, since they are very close to other clusters (Pd, AB1/AZ, and AB2/AD/AZ
respectively), but as shown in kig 2.1, these clusters represent peikthe density of
the Ramachandran maps of residues 2 and/or 3, and they have distinct sequence profiles.
The silhouette score has difficulty in scoring slibsters that are close together but far
from other clusterfl40]. We repeated the silhouette analysis by merging AB1 with AB2,

AZ with AG, Pd with Pa, and dD with dN to see whether the subclusters are distinct from
the rest of our clusters even if they are near relstbdlustersAppendixE). The ABL

AB2, AZ/AG, Pd/Pa, and dD/dN merged clusters now have higher average silhouette
scores of 0.49, 0.48, 0.80, and 0.70 respectively.

The robustness of our clusters may also be assessed by reassigning points in our

data setd the cluster with the closest medoid to that point. If we define a distance cutoff
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for assigning points to a cluster or @¢hercategory, and if points are mostly assigned to
the correct cluster, then our cluster medoids can be used successfullgntobasaiturns
in structures not in our data set, including new structures deposited in the PDB. To detect
beta turns, we developed a Python script that either assigns one of 18 turn types based on
the closest cluster medoid or flags itGtherif the disance between the input turn and the
closest medoid is above a preselected distance threshold. This maximum distance is equal
to the mean plus 3 standard deviations of 12,711 distances between turns of one of 18 types
(Otherexcluded) to their cluster medisi, which is equal to 0.2359 in units of our distance
metric or 28.1° in units of the average angle equivalent of our metric. We tried different
statistics, target thresholds and individual thresholds for each of 18 turn types; a simple
single threshold a8 standard deviations works as well as cluspecific means and
standard deviations in terms of reclassifying beta turns in our set of structures. The results
are presented in TabS3.

To understand how the assignment tool performs, we need to adoobotv the
original assignments of turn types of 13,030 beta turns are transformed by reassignment.
Most turns are reassigned to the same turn type: (13,880- 255) / 13,030 = 95.7%.
Some turns will be reassigned to one of the other 18 clustery €itiie assigned turns
will be reassigned t@ther (255); some turns will be reassigned from one of the other 18
clusters (256); and some turns will be reassigned fror@thercategory (65). All of these
numbers are presented in TaBl2 for each clusteand theOther category.

We can assess the assignment tool with for each cluster in the way that binary

predictors are evaluated. We calculated true positive rate (TPR) as the fraction of the
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original clustering that is preserved in the reassignments.iFlequal to 100.0*(Col4 +
Col5 + Col6) / (Col4). The TPR values range from 91% to 100% for the regular clusters,
and 79.6% for th©thercategory. We calculated the positive predictive value (PPV) as the
percentage of turns in the reassigned set timaé ¢eom the original assignments. From the
table, this is equal to 100.0*(Col4 + Col5 + Col6) / (Col9). For 12 of our 18 clusters, this
value is well over 90%. It is lower for clusters that are close to other clusters, widely
dispersed, or very small cless, including AZ (81.8%), AG (79.9%), pG (72.7%), and
cisDP (69.4%). The value is 49.9% for ththercategory because of the number of points
moved from regular clusters into ti@ther group (255). These points are far from the
medoids of norsphericallyshaped clustemndrepresent only 2% of all the data points.
Finally, as a part of validation of the clusters, since a high threshold of 1.2 A crystal
structure resolution was applied RefinedSein order to produce more reliable data, we
used the todlo determine whether there is a distribution bias in the established turn types
as a function of resolution. The frequencies for the most turn types remained the same when
proteins at 1.41.2A and 2.62.2 A (Figure 2.8) are compared. The relative frequiers of
some turn types do change with resolution: Pd (9.7% to 8%), ad (5.0% to 4.0%), AG (1.3%

to 2%), andOtherturns (3.2% to 4.5%)

223 Anal ysi s -@U bistahce in fadDéfinition of BetaTurns

We used a val uei-Cdflistahce @ definefbetarturns tithin aui
data set. This value has been used in almost all previous studies on befOyrio9,

116, 122, 125, 143]
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Figure 2.8: Frequency of betaturn types at different resolutions.
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Beta turns were identified in structure sets at different resolution rébge® A, 1.11.3 A, etc.) produced
by the PISCES webserver. Theyis on each plot covers 2 percentage points in total frequency of each beta

turn type.

It is slightly larger than the minimum at about 6.5 A betweenpeaks on the distribution

we
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1-CWJ distances in all fouresidue segments in loops in our data setufig.9,

bottom right). In Tabl@.2 , provi a-€ Wdistarce foreath odaur clasters



when beta turns are de fC outdff. Hoivdvdr, we Wweee c | as
curious if some beta turns might have a wider distribution of this distance if a larger cutoff
or no distance cutoff is used, while maintaining a-ika conformation. We assigned all
four-residue segments in our data set ofpdgthose residues not in regular secondary
structures) to one of our clustér$o the one with the closest medoid, if the distance to the
closest medoid was less than or equal to the cutoff distance described above (0.2359 in
units of our distance metjidf the distance was greater than this value, we put the segment
intotheOtherc at egory. Kernel di€iWdi syaesei-@Bersnof
cutoff is applied are shown in kige 2.9 for all of our 18 clusters, th@thergroup (four
residuesegments not near one of our cluster medoids in dihedral angle space), as well as
All four-residue segments in the loop data set (the union of all 18 clusters adthéne
group).

The maxi mumi-@lbdsissitbalneceCU s about -Cl. 4
di stance across a single pepiCiJdisanceis ovdr) . I n
10 A. After examining many structures, we observed that-esidue segments with
distance of about 9 A are-¢haped with three extended residues and the foesiiue
hooking left or right. Structures at 8 A are shaped like turns but wider and shallower than
turns -@Utdhi CtUanchks | ess than 7

All of our 18 cl| uGUdstanse oh8DAer leas, buteseverel n C U
of them have significant demgiabove the canonical distance cutoff of 7 A, especially
AB2, dD, dN, and pG. By contrast, the majority of segments irOther category have

C W-C Wdistances of 9 A or more and are not turns at all but rather extended structures.
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Figure29:Ker nel densi t yC @distaricesavher o 4alitandutoff is applied.
Plots are shown for each of 18 beta turn clustersOtier group, and all fouresidue segments in loop
regions of theRefinedSetbottom right).

The medianv al ues -Gl distafce for@ath of our clusters are provided in
Table2.3. We produced Ramachandran plots for all 18 clusters an@tties category
wi t h o u-C Udistai@é& cutoff. An example is provided in fig2.10 for AD turns.

The rest a providedat doi.org/10.1371/journal.pcbi.1006844.s004 these plots, we

show the Ramachandran distribution of residues 2 and 3rfoe4 i due s eg-ment s
Cldistancdd 7.0 § in blue and > 7.0 j in red,
each group separately and togetheruFe@.10 indicates that for AD turns, the distance

rises above 7.0 5;O-9i0nA taded ryegi on where
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Figure210 Ramachandran distributions for reQGUdtaress 2 and
cutoff.

In the left column, all p€ilYydtstanee pOof?ta@a&ywinhbioh
di stance > 7.0 | in red. Mean (06G,y) values are denct
di stance histogram is provided in the bot-€@dm row.
distance O 7.0 | arleumn odrnley, i-Cagdistancemi 7tOHA ar€ flotes.t ¢ o

Figures for tle other clusters are provideddati.org/10.1371/journal.pcbi.1006844.s002

Giventheseresultsye deci ded to perform DBSWLAN cl
distance cutoff to check whether that there are additionalikgrclusters hiding in our
data set. We found several common Ramachandran combinations for residues 2 and 3, such
asBB,aB,andBAbut none of t he€d)distahcedlesatian @ A gnel CU
none of them had density below 7 A. At different values of DBSCAN parameters eps and

minPts, we could find all of our 18 clusters (sometimes merged as umekdd). We
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conclude that ouclustering with the 7 A cutoff located all significant bétian types in
our data set, and that running our beta turn assignmenBtgall urnTool18with different

cutoffs up to 8.5 A may be useful in some circumstances (see below).

22.4 Analysis of th e @UiBistance in theDefinition of Beta Turns

With a highresolution data set and a new set of tieta types, we were interested
in the frequency and distribution of beta turns in protein loops of various lengths. This kind
of information may be useful in loop structure prediction. For this purpesesannot
exclude beta turns based on poor electron density or multiple conformations. For residues
in our set of 1,074 proteins with alternative conformations, we selected a primary
conformation with the highest occupancy. This dataset is n&uoetpleteSt containing
224,250 residues with reported coordinates (T2aldlg

To identify loops, we needed to consider how to tregltdices since threeesidue
310 helices occur frequently within longer loops and might be considered part of the loop
rather tha significant elements of regular secondary structures. To investigate this, we
examined kernel density estimates of the Ramachandran maps of residyé®iicas of
different lengthgFigure2.11). A large majority of @ helices are very shoit81% ae
length 3 and 12% are lengd{Table2.4). 310 helices of length 1 or 2 are impossible in
DSSP. The kernel density estimates demonstrate an interesting phenomenon. At positions
1,2, and 3 of thelengtB3ochel i ces, t hg dendei trggreshitelge i p
upwards and 4d[-8/FBAa[t6¢47°], add {93°,0°]. This is roughly
equivalent to two consecutive AD turns with the middle residue in an intermediate position
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between A and D. The same is true of lergjtBio helices. For théonger 3o helices, the

last residue is always clearly in a delta positi€90{,0°] and the first residue is clearly

alpha [60°-30°], while the intervening residues are in between, sometimes with points

spanning both populations. This is consistentwhe early analysis of beta turns by Lewis

et al . that def, ye60°-3T0yAp; es ¥it90°,0°hanchTypelhterns [

as 2, [¥€i-60°-3 0 Ags; y=d60°-30°][116], which were later identified by Richardson

as mostly restricted to:@ helices [107]. The pattern we observe is slightly more

complicated with the modal value shifgg from A to D along the:3helix. The exact modal

d, y v a lidhelises df varying3dength are reported in Tabie Similar distributions

of d,y were foundhelicgs[IlFal et al . for short
We were interested in whether including Belices would alter our clusters of beta

turns, so we ran our clustering protocol for 3 cases: 1) without GGG (as defined by DSSP)

(as already presented above); 2) with GGG; and 3) with both GGG and GGGG. There are

no major changes in the clusters exdéepthe AD clusterAppendix §. With the inclusion

of GGG and/or GGGG, there are significantly more beta turns in the AD cluster overall.

The di st raijinthe AD cluster Ehanges with the inclusion of GGG; a second

peak f orms[-70%207. However, we refrained from forming an AA cluster,

since there is no significant variation in the amawid profiles of the AD and AD/AA

clusters in the three casesppendix G and the differences in dihedral angles are only

about z2a0hA. iyn
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Figure 2.11: Ramachandran maps for 3o helices of increasing length, n from 3 (DSSP code GGG, top

row) to 7 (GGGGGGG, bottom row).

Optimized kernel density estimates over I3ahelix with (
residue starting from the first left position, 1 (first column) to the last right position, 7 (last column). Modes

(peaks) for each 2D distribution ashown with a large black cross. The first (1) and la¥trésidue

conformations of @ helices aré (-64°,-23°) andD (-92°,-1°) conformations respectively. The intervening

residues are in between, sometimes with conformations spanning both populatiom he exact val ues
modes of % helices are reported in Tal2el.

Table 2.4: Modal values for backbone dihedral angles of 3 helices of lengths from 3 to 7.

Length Count Perc. G1, 42, G(3, 44, G5, G6, 47,
3 2,313 80.7 -57-37 -67;17 -93, O

347 12.1 -57:37 -60-27 -63;20 -93, O

90 3.1 -57-33 -63-23 -63;23 -63;20 -103,3

78 2.7 -60-30 -67-17 -63;23 -60;30 -63;20 -97, O

27 0.9 -57-30 -60-23 -67;17 -63,23 -60/27 -67-17 -100,3
08 12 04 - - - - - - -

Total 2,867 100.0

~N o o b

81



Given these data, we established two critexgmrding310 helices for our definition
of protein loops. First, shorti@helices often directly abut alpha helices in DSSP, and
represent distortions detected in the+4 hydrogen bonding pattern of the alpha helix
[144]; therefore we exclude suchodelices immediately adjacent to alpha helices from
loops. For example, a continuous fragment with DSSP code (H=helixp BeliX; T=turn;
C=cail (other)), HHHHGGGGCTTCCCGGGHHHH, has onyCCTTCCC as a loop
while the flanking Gs are still a continuation of an alpha helix region before and after the
loop. Second, we treatghelices of length 3 not adjacent to alpha helices as loop residues,
since they are identified byESP with a single internali+3 hydrogen bond within the
loop between the residue that precedes thédix and the last residue of they Bielix.
These short:3 helices are common in long loops and may productively be considered part
of the loop ratkr than an intervening element of regular secondary structure. They are not
likely to contribute more than one amino acid to the hydrophobic core, and in many cases
not even that. Indeed, in some definitions of secondary structureheli& requires two
or more hydrogen bond$11] and these threeesidue 3 helices would not be identified
as such. For exampl§GG in HHHHCCCGGGGCCCCHHHH is still considered a part
of the loop with DSSP designation CCGGGCCCC. We define longendh el i ces ( O4
as elements of secondary structure, which therefore separate their neighboring segments
into two loop regions. For instanc§GGGG in HHHHCCCGGGGGGCTTCHHHH
produces two loops, CCCC and CTTC. To contain a beta turn, a loop must be at least two
residues long.

With this loop definition, inCompleteSeive detected 21,454 turns with the
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canoni c a-C Wcdutoffi(65% bthore than iRefinedS@tand assigned them to the
closest turn type in Tab@2 with the distance measure in the sedenensioml dihedral

angle space and the distance cutoff for @ber category. Beta turns comprise 29% of
residues in th€ompleteSeand 63% of the residues in loops between regular secondary
structures (Tablé.1). InCompleteSetve located 17,176 loops of [gih from 1 to 81. The
frequency of a loop exponentially decreases with loop length; approximately there is a 10
fold reduction every time a loop becomes 10 residues longerré2d 2). 95% of all loops

are 1 to 16 residues long. Very long loops are ram&; 0.59% of loops are 30 or more
residueslong (the8l esi due Al oopo is the snow flea an
(chain A) which has no regular secondary structure as defined by DSSP). The distribution
of loop lengths with all 3 helices coridered to be regular secondary structure (and not a
part of loops) is shown iAppendixH.

We calculated an average number of beta turns identified in each loop of a particular
length and estimated * one standard deviation confidence rangee(ZiB). There is an
average one beta turn per 4.8 residues. If we consider longer loops with 9 or more residues,
there are 11,270 beta turns among 49,299 loop residues, leading to approximately the same
value of one beta turn per 4.4 loop residues. The resuliBwitelices considered regular
secondary structure are shown Appendix | If 310 helices are considered regular
secondary structure and not part of loops, there is an average of one beta turn per 5.5 loop

residues for all loops.
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Length distribution in 17,176 loops (partial range shown) Log plot for the complete [1, 81] observed range
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Figure 2.12 Frequency of loop length in CompleteSet of 17,176 loops.

Short 3o helices (DSSP of GGG) are considered parts of loops. The frequency of a loop decreases
exponentially after the length of 5 with approximately afdl@l reduction every time a loop adds 1@n&
residues. Between loop lengths 2 and 5, there is a frequency fluctuation with two peaks at length 2 and 4
observed due primarily to beta turns between two-ble¢eet strands. 95% of loops are 1 to 16 residues long.

A similar figure for traditional (GG@xcluded) loops is provided #ppendixH.

We calculated an average number of beta turns identified in each loop of a particular
length and estimated + one standard deviation confidence rangeeZtR). There is an
average one beta turn per 4.8 rassl If we consider longer loops with 9 or more residues,
there are 11,270 beta turns among 49,299 loop residues, leading to approximately the same
value of one beta turn per 4.4 loop residues. The results witlel&es considered regular
secondary sticture are shown imAppendix | If 310 helices are considered regular
secondary structure and not part of loops, there is an average of one beta turn per 5.5 loop
residues for all loops.

A total of 64% (Table2.1) of beta turns overlap other beta turnsobg or more
residues. @ helices of length 3 plus the preceding residue usually comprise two

overlapping beta turns.
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Average number of beta turns vs. Loop length
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Figure 2.13: An average number of beta turns in a loop (isolated GGG included in the loops) as a
function of loop length.

Betaturns are impossible (0 beta turns) in loops with a length of 1 residue becaus& hath @ residues

of a beta turmustbe in a loop region. For every 4.8 loop residues, there is on average a single beta turn. A
similar figure for traditional loopsGGG excluded) is provided Wppendixl.

In addition, other betturn types can also combine to produce immediately overlapping,
consecutive beta turns. We define double turns as a set of 5 residues with regi®és 1
and 23-4-5 forming individual bed turns. These double turns occur most frequently; we
found 5,372 double turns having 82 combinations of our 18 turn types (Z&lpléhe
most common double turn (62%) is AAD made of two consecutive AD turns, which are
the most prevalent turn type ihe data set (49%, Takk?). The 10 most frequent turn

type combinations account for 90% of all double turns.
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Table 2.5: Statistics for 10 most common double turn type combinations in CompleteSet.

Rank Double turn type Count Perc.

1 AD-AD 3,307 61.6

2 AD-AZ 470 8.7

3 AD-AB2 223 4.2

4 Paad 199 3.7

5 AD-AB1 137 2.6

6 AD-AG 121 2.3

7 pD-AD 119 2.2

8 Pd_dD 103 1.9

9 Pd_dN 84 1.6

10 PcisD_cisDA 76 14
other 533 9.9
All 5,372  100%

Double turns overlap by three residues (i.€2;34 and 23-4-5).

Cumulative Perc.
61.6
70.3
74.5
78.2
80.7
82.9
85.2
87.1
88.7
90.1
100.0
100%

For 1,000 triple turns (Tabl2.6) defined as a stretch of 6 residues with turns at

positions 12-3-4, 2-3-4-5, and 24-5-6, the 7 most frequent combinations outtloé

observed 65 comprise 82% of triple turns. As for single and double turrgDABD is

again the most common triple turn, representing half of all c&fesourse,turns can

overlap by one or two residues (eleR-3-4 and 24-5-6) but we did not studyhis

separately.

Table 2.6: Seven most common triple turn types in CompleteSet among 1,000 observed in total.

Rank | Triple turn type Count Perc.

1 AD-AD-AD 486 48.6

2 AD-AD-AZ 143 14.3

3 AD-AD-AB2 68 6.8

4 AD-AD-AG 37 3.7

5 Pd_dN_AD 34 3.4

6 AD_AD_AB1 29 2.9

7 PcisD_cisDA_AD 20 2.0
other 183 18.3
All 1,000 100%

Cumulative Perc.
48.6

62.9

69.7

73.4

76.8

79.7

81.7

100.0

100%

A triple turn is formed by 6 residues with2i3-4, 2-3-4-5, and 34-5-6 positions.
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2.2.5 Turn library and software

We have compile8etaTurnLib18iles that contain data on all 18 established-beta
turn typesand are stored in thab-delimited textandExcel formas. For each turn type we
provide the following information: the absolute number dbdat points and percentage
for each type cluster, the older nomenclature for existing types, our new nomenclature,
medi an a m Wdistaaces (th with and without the 7 A cutoff), medoids and
modes for dihedral angles pulled from RefinedSetvi t h t he f ol |l owi ng i n
Uz, 2, Y3, ¥3, U3, Y4>¥<aa, aa, aa, aa>, <seg, see, seg, sea>, res_id(1), chain_id and
pdb_id Our library,BetaTurnLib18s freely available to be incorporated into any third
party software for detection, type prediction, and modeling of beta turns in proteins.

In addition, we provide Python softwamBetaTurnTooll8supported on Linux,

Mac, and Whdows platforms coded with badompatible Python 2. It reads a PDB
formatted or mmCIHormatted coordinate file of a protein structure, automatically runs
DSSP to assign secondary structure in the input file, and parses our turn library file. With
this information available, the Python script detects {heta positions and types. Beta

turn location is determined by verifying chain connectivity of each-fesidue stretch,
satisfying t heCudistanaeucorstraift calculated f@i the Csice
coordinates and checking the secondary structure of'tla@ 2 residues assigned by the
DSSP programil15]. The program al so al | oGugdistanbee us er
cutoff, which may be useful for some bétan types that possess a broader distribution of

C W-C Wdistances (Figre2.9). In additionBetaTurnTool18as two options to search for
beta turns within loops either with or without inclusion of isolatgcdalices.
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Since some beta turns are similar to more than one of outurattypes, the first
and second most probable turn types are reported based on the distance to the first and
second closest medoids calculated with the same distance metric as usedtusteneg,
unless the closest medoid is greater than 0.2359 units in our distance metric, in which case
the turn is reported &ther. We estimate confidence levels for the first and second most
probable types, which sum up to 1, as follows:

Owa ¢ (0Giicdnn Q
[ioEon QO ¢¢ @ a ¢ (0@iicao N Q

6 € &£ QAN D @D Qp COLE oG

0 ¢t Da ¢ 0Diidkon Q
@iicdon GO ¢ Qo a € (0Gildaon Q

6 £ & "QQO L)) Qp GG e

Our script prints these confidence levals integers in the [0, 9] range. 0 and 9
correspond to the [@,0) %and [90,100] % confidence intervals respectively. A border
case flag (A+dhei $sntegernedonwheence | evel
is returned when it 7 or higher. In border cases we recommend considering both turn types
for modeling. Our tool accounts for chain breaks in coordinates when it prints a single
character alignng of the complete amino acid sequence, its DSSP secondary structure,
turn types, integer confidence levels, and boadese flags. Downloads and complete

documentation of our tool or library are availabledainbrack.fccc.edu/betaturand

github.com/skmaxim/BetaTurnl18

2.3 Discussion

From a set of 13,030 beta turns identified in 1,074 proteins of resolutiondr.2 A
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better, we have identified 18 betan types, compared to the 8 bé&tan types in common
use (1, | 6, I 1 6, VIal, VIaz2, VI b, and
Ramachandran map of residues 2 and 3. Six of the turn types are essentially new: dD, dN,
Dd, pG, cisDA, ad cisDP. Two new types of turns with ksidnded residue 2 and right
handed residue 3 (AdDo0o and #AdNoO) , and the
handed residue2 andkéftanded resi due 3 (ADdo). There i
newturntypeswt h a ci s peptide bond at position

Four of the existing turn tygeremain essentially unchanged but have been
renamed: Type | is now AADO and its compl e
ApDoO6; and Type \l alonwi tat a ecsiisd upee p3t iids now
are subtypes of the classical turn types: Type VIl turns have been replaced with 4 subtypes
(AAB1lo, AAB2O, AAZO, and AAGO) with distin
map of residue 3 and diisct residue preferences at one or more of the 4 turn positions.
Type 11 turns now consi st of two subtypes.
absence of Gly at residue 3 respectively. Type VIb turn types have been split into two:
BcisP (closetoite or i gi nal defini ti oxnTurnsohTgpe Pla2i s P wii
with a cis peptieflbonAl, la2te Afp6sddtdwere t8o, (i
spreadout and contained fewer than 25 pointsRiefinedSe{0.2%), too few to form a
cluster they were left in th©thergroup.

Our decisions in clustering were based on two criteria: keeping the total number of
turn types at a minimal practical level for existing and future applications; and justifying

new cluster formation either by a signdt distance from other formed clusters or
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uniqueness of a fotresidue turn profile. Thus, we abandoned formation of a new cluster
if its amino acid turn profile was not unique enough or its conformation spread could be
justified by continuous, lovenergytorsion angle variation. After running DBSCAN and
subdividing some clusters, 2.4% of the turns were le@tagr. We conclude that the 18
types cover 98% of turn conformations and that we have not overlooked any major turn
conformations. We have also taken a census of beta turns in loops in our data set and
determined that there is one turn per 4.8 residues, regardf loop length. Many turns
overlap other turns, such that 63% of residues in loops are in beta turns.

We provide a talolelimited library file,BetaTurnLib18of the new 18 turn types.
For each type, we list proposed and existing names, percentagegeantetrical
conformation expressed with torsion angles of a real dataset sample. For each cluster, two
verified sample conformations with good electron density are given: closest to a mode and
closest to a medoid. This library may be used in thady sdtware for modeling and
prediction of beta turns. In addition, we prepared an -tasge Python tool,
BetaTurnTooll8supported on Linux, Mac and Windows platforms) that reads a-PDB
formatted or mmCIF formatted coordinate file of a protein structure @g.iffhe tool
assigns secondary structure with included redistributable DSSP program, uploads our turn
library, and finally locates turns and identifies their types. The output includes the first and
second most probable types with assigned confidencks li@reeach detected beta turn.

Beta turns in proteins have been studied for 50 years and many classification
schemes have been presented. Ultimately a consensus has arisen consisting of 8 turn types:

l, 16, 11, 116, Vdatehd | OtViHdeurddgypeW. We hawe fond , and
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that some of these turn types represent more than one mode in the density and should be
subdivided into further turn types. One of the more interesting results of the new clustering

are the turn types that regsent combinations of rigitanded helical and leftanded

helical conformations of residues 2 and 3. We find both combinationsigkft(types dN

and dD) and righteft (Dd). These areott he same as the type V an
Lewis et al.[116], which had dihedrals of&0°,+80°) and (+80<80°) for type V and
(+80°:80°)and{8 0 A, +80A) f or tapgeanodésdior tufi tyges dNj dbe d r a |
and Dd are substantially diffe&Rent from th

Pal and Chakrabarti performed an extensive analysis of cis peptide bonds in
proteins, and in particular they classified turns with cis pefafels at position BL45].

They divided the turns based on the presence of hydrogen bonds rather than the dihedral
angl e val ues oifanadaatils astwe g dindighesGlted in a set

of seven turn types, with different dihedral angle values provided depending on whether
residues 2 and 3 were both proline @), both not proline (XnXnp) or the more
common XnpPro type. Because their data set was very small pidteins), only 4 of the

types had more than 10 examples: Vlal, Via2, VIb1, and VIb2. The others are VIb3, Vic,
and Vid.

Their Vial and Vlia2 types are distinguished by the presence or absence
respectively of a hydrogen bond between the carbonyl oxygessidiue 1 and the NH of
residue 4. The VI a2 tur nthanValtens érbotoXrp nega
Pro and XnpXnp cases. We have 125 PcisD turns which are equivalent to Vlal turns, two

of which are XnpXnp and 15 of which are P#ero turnsOur Xnp-Xnp and PrePro PcisD
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turns are closer to the medoid of PcisD than they are to the values quoted by Pal and

Chakrabarti. As described above, even in our much larger data set, we only have 15 beta
turns within £ 30° of the Vla2 type (as defined bytehinson and Thorntoi22]), all of

which are of the XmPro type. They are distributed within a 50° by 560& g i o2hy i n
These are chsified agOtherin our set of turn types.

The VIb1 and VIb2 beta turns defined by Pal and Chakrabarti are distinguished by
the absence or presence of a hydrogen bond of the residues immediately before and after
the beta turn. The VIb3turnhasa@hydo gen bond bet ween 2 esi du
near 180°. We find the Xnpro VIbl and VIb2 turns of Pal and Chakrabarti are well
represented in our data. Turns near their VIb1l values are a mix of our BcisP and PcisP
clusters; turns near their VIb2 values atkeBcisP. We have six PsBro turns in PcisP,
three closer to their VIb1 and three closer to their VIb2 but all closer to our PcisP medoid.
We find only five XnpPro turns close to the dihedral values of VIb3 turns, but they are
also closer to our medottdan VIb3. We find no Vic or VId turns in our data set.

Our new clustering will be useful in determining and refining structures wityX
crystallography, NMR, and cryBM methods. Structure determination, especially at low
resolution, is dependent oremiplates of common conformations and statistical
distributions of backbone and sidkain distributions[146]. Loops are particularly
difficult to model at low resolutiofil47] and our clear definitions of beta turns may be
useful in refining these elements of protein structures. Long loops are also difficult to
model during the process of structure prediction by coatpva modelind148, 149] and

better sampling and modedjrof beta turns may prove useful. Finally, the interpretation of
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missense mutations, either inherited or those that arise somatically in cancer, remains
challenging[150]. Structural approaches have contributed to solving this problem, and
mutations in beta turns may be particularly disruptive to loop conformdfiéag Given

the ubiquitous nature of beta turns, the clustering, nomenclature, and identification script
we have developed should provide useful tools for protein structure determination,
refinement, and predictioprograms as well as useful tools for protein structure, function,

and evolutionary analysis.

24 Methods

24.1 Data Set

A dataset of highresolution 1,074 protein chains was compiled with PIS{ZRS
133]. It consists of PDB chains of length 40 or more amino acids, frenay>6tructures
with resolution 1.2 A or better,-Rictor of 0.2 or better, and 50% or lower intésain
sequence identity, which is now determined by local HMMM alignment with
HHSearcH152]. Their 8label DSSP secondary structure was established from a large file
holding DSSP secondary structure for the entire PDB which was downloaded from the
RCSB website. This raw dataset had2, 297 residues in amino acid sequences, and
224,250 residues with known backbone coordinates. From this raw dataset we compiled
two datasetsCompleteSetindRefinedSetFor CompleteSetve extracted residues with at
|l east backbone ¢ adcradmsmrdictose aprionary ddnform@tion fora n

each residue. For a singtenformational residue, there is only one conformation available
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and it was pulled intocCompleteSetFor a multiconformational residue, a primary
conformation was pulled int€ompléeSet The primary residue conformation has the
hi ghest occupancies for I t s at Adlernatven PDB
conformation but not alwaysCompleteSetvas used for betrn statistical analysis
which is representative of therggral protein population.

Next, we generatedRefinedSetwhich is a subset o€ompleteSetRefinedSet
contains a set of highguality residues to generate a set of higigality beta turns for
clustering to identify reliable betarrn types. The followig steps were taken to generate
RefinedSet (1) We skipped all residues with an)
atoms; (2) we skipped residues with more than one conformation and required the atom
occupancy to be 1.0 for the backbone atoms; (3) webrwd the DSSP secondary
structure information with a set of PDB coordinates and skipped any residues with
undefined DSSP secondary structure. These actions protRefetedSedf a total of
195,332 residues.

We detected beta turns iRefinedSetaccordingto the following betgurn
definition. For the clustering procedure, a contiguous-fesidue segment is a beta turn if
the CU atSamdd'refi dieslhave a di-Rldelsecondaryof O
structure of the™and 3 residues is different from besheet(E), alphah e | i x-he{ixH) ,
() and 3¢-helix (G) according to DSSR.15].

For the census of beta turns within loopsCiompleteSet(1) we countedhree
residue 3o-helices within loops (CCCGGGCCCC) as part of the loop and the residues

were allowed to be labeled beta turns; (2) we excludebdices immediately adjacent to
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alpha helices (HHHHGGG, GGGHHHH, etc.).

24.2 Clustering

For betaturn corformation clustering, we have to define a distance métric
adiscriminative measure of how different two batan conformations are. Our beta turn
definition is -@&f4)nedi sbtyar chee. Ct(arti ng fr on
be builtfromsandar d bond | engths and bond angl es
y(2), (3), 4(3), y(3), ¥(4). Inclusion of
too many sukrlusters with no distinct amino acid signatures.

Since torsion angles aperiodic, we used a metric from directional statiqtl&s3],
which is equal toite squared chord length between a pair of torsion angle values placed on
the unit circle:

O—-h— c¢p ATl & —

The factor of 2 is unnecessary but we have included it as we did in earlier work on
the clustering of conformations of complementadgtermining regions of antibodies

[129]. For two beta turns, the distance between them is

0 oy OY% OV oV OY% OV (03]

> |0

where the differences in angles are taken between the dihedral angles in the two turns.
Clustering of theRefinedSetvas performed with the DBSCAN algorithm. We

manually optimized thepsandminPtsin order to minimize the number Gither points
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and to produce clusters with [-&nownyegiong ( 2) ]
of the Ramachandran map for eatster. This was possible for all the clusters returned
by DBSCAN with parametersps= 14° andninPts= 25, with the exception of Type | and
Type VIl turns. These turns could not readily be separated by DBSCAN since the density
for residue 3 is more ore$s continuous from the alpha to the beta regions of the
Ramachandran map. Kernel density estimates of this cluster showed 5 peaks in the density.
Three other clusters also showed more than one peak in the density of residué-3. The
medoids algorithm waapplied sequentially to these four clusters in order to find clusters
associated with each peak in the [G(3), y(
For each of resulting 18 clusters, we identified and report both medoid and mode
of a cluster density in the seveni me n s i-Ue-yp-ad-lz-y¥-¥4 dihedral space. The
medoid and mode serve as representative conformations for each turn type. Wée@dcan
distance matrix of each cluster to find a sample whih greateshumber of neighbors
within the smallest radius covering at led686 of cluster members and at least 20 data
points. We approximate a mode with such a turn sample closest to it. The medoid
conformation is more sensitive for turn type detection while the mode conformation is more

useful in modeling of an unknown protestructure.

24.3 Kernel Density Estimates

We calculated 1D and 2D kernel density estimates (KDE) for a single circular
variable (asingle torsion angle) and two circular variables (two torsion angles) respectively
with a von Mises kernel which is suitabfor circular statistics. For example, for the
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Ramachandran map distribution, we use admoensional kernel density estimate that we

developed for the backbowependent rotamer libraf$54]:

” .I,.N

VDBC)/E°/ED/4E(/E

p p
0 ol

Qol Ged o DN T

We utilized a 16old maximumlikelihood crossvalidation to stablish the

concentration parameter a8 for each kernel

24.4 SelectingCluster Representatives for theBeta-Turn AssignmentT ool

For 36 medoid / mode representatives, we report beta turns satisfying these
conditions: 1) close to medoid / mode by our distance metric, 2) atomic EDIA backbone
and sidechain atom electron density better than the median electron density in each cluster,
3) passing a visual inspection of protein geometry andRtFand FeFc electron density
maps for any inconsistencies in the placement of backbone anchsitleatoms of thel

toi+4 residues. We manually selected turns that satisfy these criteria.

24.5 Software and Libraries Used

Our Python tool for betturn type assignment depends on widespread python2
language, numppl55]and biopython156] libraries and DSSP softwafEl5, 157] These
are free rdistributable software and are easy to download and instadiddition to

biopython and numpy libraries we used skldd&b] and scipy[158] libraries for dataset
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preparation, residue pruning, and clustering. These libraries allowed &BBg) bond
and torsion angle calculation, clustering, and scatter plotting. We downloaded electron

density maps from European Bioinformatics Institutevatw.ebi.ac.ukand ran EDIA

software to aalyze agreement between turn conformations and their electron

density[139].
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CHAPTER 3

RESIDUAL NEURAL NETWORK SFOR PREDICTION OF
LOOP GEOMETR IES FOR LOOP MODELING

3.1 Introduction

As it was noted in the previous two chaptersteirs haveconstrainealements of
secondarystructure, such as alpha helidestasheet strandand conformationatlements
which are more loosely defineshdreferred to as loops or coil regions. Loaparked as
a continuous string OFSSPRJoor $TRIDE89]esbfsvare( A CCé C
comprie half of residues in protein structurégop modeling is atructure prediction
problemin which the conformations ddop regionsare predicted witlor withoutusingof
a structural templatef a loop Loop modeling isoften requiredin homology modeling
softwaresuch a8AM [159] andMODELLER[160] wherethe threedimensionabtructure
of atarget proteirsequence isrpdictedbased oralignmentof the target and template
sequences and known structure of the laftbere is a high variability in loop sequences
and loop lengthgven within a specific protein fold; as a result, they often result in
unaligned portions ithe targetemplate sequence alignment and their structures cannot
be solved with homology modelin$61, 162]

Loop modeling requires 3D positions of the left and right loop anchors, aamnido
sequence of the loop and coordinates of theofe$ie protein. Short loops of length up to
3 residues cabe solved from geometry alone. Structures of longer loojength3-8 may

be determinedby searching a library of loop structurestbé samdength and subsequent
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fitting into the loop anchors with limited loop perturbat®{iL63]. Nontemplate(also
known asab initio) loop modeling methodsuch as Loopy164], ModLoop [165] and
RAPPERJ[166], use a statistical model to sample the confoonat space of a loop and
different minimization techniques to close a sampled loop between the two anchors.

In this chapter, we aim to predict differ&mmponents dbop geometries by means
of neural networks. There are several uses for them in looglmgd(1) The predicted
loop geometries of high confidence may serve as constraints to reduce the conformational
space sampled with statistical modelghe ab initio methods. (2) Irthe case of a larger
set of predicted geometries miwer confidence wh multiple options, these could be
incorporated into the statistical model itself for a more efficient space search. And lastly,
(3) the ab initio methodsreturn ensembles of possible lo®pvhich can bescoredand
filtered by means of the predicted geonnet[167].

Further, for these purposes we consider predicting two types of loop geometries:
beta turns and backbone torsion angBeta turns were predictday previousmachine
learning method$17, 168, 169] However, b our knowledge it is the first time when
predicted beta tms are considered for loop modeliugd is the first attempt to prediztta
turnsaccording to the 18 newly expanded types from BetaTurnLib18[2]. Previous
studies extensively explored prediction of backbone torsion angles in complete proteins
[84, 170174]. In contrast, w predicttorsion angle®nly in loops and analyze oangle

prediction results from a perspective of incorporating thealdop modelingnethod
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3.2 Prediction of Beta Turns in Loops

3.2.1 Predicting with Native Unbalanced Data Sets

In order tofind betaturns in loopswe face two problems: 1) prediction of their
locations given the regions of loops in proteins, 2) prediction of their types among a total
of 18 (as defined in ouBetaTurnLib18turn library described in Chapter 2) given the
locations. Depetting on a protein structure problem, the regions of loops and locations of
turns may be known or unknown. I f these
structure label are unknown, we first need to predict them with our neural neBecitet
from Chapterdl, in the 3label application mode (H, E and C). If the turn locations, which
are required for the second problem, are also unknown, we should predict theviidirst.
define these two problems when the true loop regions and the true turn locaiomnsven.

For training, validation and testing purposes we use the same d&at2étl8&s
in Chapter 1. For each of its 8,712 proteins of known structuraymeair BetaTurnTool18
tool (Chapter 2) to assign the true locations and types of turns which must occur in loops

according to their definition. We spegithe locations of turns by marking the first of 4

0

residues of a beta turrmmbwilt e [tGrsdndylealap| Ban &

and share some of t hit-i0r conesiedpeosdsf dro & xwam

of 1-2-3-4 and 34-5-6 residues and sharing two residuet @efer to Chapter 2).

ePEMWGLLLVYDI ARHAARSYARESE-YddséyggeAde)Eé ( Ami no

€ EEEEECCCCCCCCCCCCCCE BEcBraaEstuctitd) é

€ cccccecceccececceccecccce € (Loop region)
€ et e - € (Locations of beta turns)
é b a d c € (Types of bet
é 7 8 9 3 onfidence level in typé asgigBment)
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TheSet20l8&1 at a set is highly unbalance® amd hcon
a 1:3 ratio (Table 3.1).

For the turn type problem, we exceld ncer t ain types having
confidence level (6 and bel) according toBetaTurnTooll8 such turns demonstrate
chimeric conformation of 2 or more types.

very unbal anced wiitht 68. 88n0o8 %086 f3ehqgdasd (

Table 3.1: Amino-acid datistics of training, validation, and testing setsfor the turn location problem.

Category Aa countwith sec.str. | % of all aa | % of loop aa
Protein 2,074,301 100% =
Loops 877,349 42% 100%

Training 773,780 - 88%
Validation 87,550 - 10%
Testing 16,019 - 2%

For the two problems we optin@hyperparameters in neural networks from our
two classes, CNN and Residual NN (Chapter 1) and selectddy@r4CNN (similar to
CNN in Figure 1.2) and tByer ResNet (Figure 3.1) as the best in each class. For
comparison we also use the simplest basetmodel which predicts all labels withe
maj ority-6l &dwoel ,t hie. d.océati ons and 6adé for t}
and 63.8% respectively which are proportional to the graund frequency of each. We
observe ResNet accuracies of 86. and 83.4% for the location and type problems

respectively which are-80% higher than thieCNN and baselineounterpart¢Table 3.3).
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Table 3.2 Statistics of training, validation, and testing setsfor the turn type problem and frequencies
of confident turn types.

. Turn % of all
Turn location problem

count turns
Training 93,355 88
Validation 10,346 10
Testing 1,979 2
Whole data set 105,680 100%

Turn type problem Type % of all

#id | Letterid| Name count types
any any any| 105680 100%
1 a AD | 67,695 64.1
2 b Pd| 11,649 11.0
4 d ad 8,768 8.3
8 h pD 6,115 5.8
3 c Pa 2,113 2.0
5 e AB1 1,843 1.7
6 f AZ 1,420 13
12 I PcisD 1,203 1.1
13 m dN 733 0.7
7 g AB2 665 0.6
14 n Dd 662 0.6
10 i BcisP 651 0.6
16 p cisDA 588 0.6
9 i AG 434 0.4
11 k dD 432 0.4
15 0 PcisP 427 0.4
17 q pG 282 0.3
18 r cisDP 0 0.0

Turns detected bBetaTurnTool18n protein structures have confidence levels in assignment of their types

For

t he

turn

|l ocati on

probl em,

turns

of

any

type

turns which are distorted versions of 2 or more types were exclodiedthe data set for the turn type

problem.
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Figure 3.1: Architecture of a residual neural network used to predict betaurn types among a total of

18 in BetaTurnTool18.

An architecture diagram of ResNet with 13 hidden convolutional layesho8tcut connections each
bypassing 2 hidden layers and an input window of 25 amino acids and output of the most probable turn type.
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Table 3.3 Prediction accuracy of ResNet, CNN and simplest baseline model for the turn location
problem on the unbalancel Set2018.

Predictor Validation accuracy, unbalanced data set
Turn | oc aibi| Turntype of 18 labels
ResNet with 13 layers 85.4 83.4
CNN with 4 layers 80.6 -4.8 78.3 -5.1
Baseline, majority label 75.0 -10.4 63.8 -19.6

In the Table 3.4 we repod confusion matrix and associated colunamd row
normalized matrices for thelabel location problem. The colummormalized confusion
matrix containing TPRs and FNRs is reported for the type problem with 18 categories

(Table 35).

Table 3.4: (1) confusion matrix, (2) TPR and TNR and (3) PPV and FDR oRed\et predicting turn
| ocationgd) (6 6t laeSktR@iBdatd setn c e d

Confusion matrix of 87,550validation labels

Accuracy Pred. True label
85.4% freq. T +
True freq. 100% 75.0 25.0
Predicted i 82.2 713 109
label + 17.8 37 141
Column normalized table True label
T +
100 100
i 95.1 436

Predicted label
49 56.4

Diagonal has TPRs Elsewhere FNRs

Row normalized table True label
) +
Predicted ) 100 86.7 13.3
label + 100 20.7 79.3

Diagonal has PPVs Elsewhere FDRs
The addd® | sadsignates presenaedabsence of thérst residue of a fouresidue beta tutn
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Table 3.5: TPR and TNR predicting confident types in the unbalancedset2018data set

Column-normalized confusion matrix of 10,346validation labels

Accuracy
834% a b d h ¢

a 96 13 16 22 60
b 2 8 9 1 13
d 1 6 71 10
h 1 0 3 66 1
c 0 0 0 0 22
e 0 0 0 0 1
g f 0 0 0 0 2
s o 0 0 0 0
g g 0 0 0 0 0
S m 0 0 0 0 O
S 0 0 0 0 0
p 0 0 0 0 0
h 0 0 0 0 0
i o 0 0 0 0
k 0 0 0 1 0
o 0 0 0 0 0
g 0 0 0 0 0

e f

w
R O Rk Rk R

O P O OO O O o o N

1

a b B N -

N
\l

O O O O o o o o o

0

True label
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(o)}
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O B O O O O 0w O O

g

59
0
0
0
4

20

H
S

O O O O O o o N O

0

m j p  n i

Diagonal has TPRs Elsewhere FNRs

k 0
True freq 63.811.3 85 58 19 18 1.3 10 0.7 06 0.6 06 05 05 04 04 0.3

100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
59 40

30 9 81 5 94 44
0 2 5 46 0 3
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o0 o0 o o 3 o
6 0 O O 0 19
o 7 0 0 O O
0 0o O o o0 O

type

This is a 17 x 17 columnormalized confusion matrix since the raresti8u r n
observed in thealidationdata set of the confident types.

3.2.2 Training on BalancedData Ses

The nati ve
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timesto produce théalanced data set. In Table 3.6 we compare the confusion matrices of

the predictor trained on the balanced data set and benchmarked on both balanced and
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unbalanced ata sets. The new predictor has 73.2% TPR for turn presence which is
significantly higher than 56.4% TPR of the previous predictor. The overall accuracy of the
new predictor decreas@nly by 1.9% from 85.4% to 83.5% caused d¥igher false

discovery ratdor turn presence (65.1% vs. 79.3%). We conclude that the turn presence is

harder to predict than its absence.

Table 3.6. Confusion matrices for a turn location predictor trained on the balanced set and
benchmarked against the same set and original unbahced set

Balanced set Unbalanced set

Accuracy Pred. True label Accuracy Pred. True label
80.1% freq. + 83.5% freq. +
True freq. 100% 50.0 50.0 True freq. 100% 75.0 25.0

Predicted | 56.9 43.5 13.4 Predicted | 82.0 652 6.7
label + 431 6.5 36.6 label + 180 9.8 183
Column normalized True label Column normalized True label

table® . tablée .
I + i +
100 100 100 100
Predicted i 86.9 26.8 Predicted i 86.9 26.8
label + 13.1 73.2 label + 13.1 73.2

Diagonal has TPR Elsewhere FNRs

Diagonal has TPRS Elsewhere FNRs

Row normalized True label Row normalized True label
table . table .

! s | +

Predicted | 100 76.4 23.6 Predicted 100 90.7 9.3

label + 100 15.1 84.9 label 100 349 65.1

Diagonal has PPVs Elsewhere FDRs

Diagonal has PPVs Elsewhere FDRs

AThe columnnormalized confusion matrices are identifmal the balanced and unbalanced validation data

sets First, the predictor was traineahd validatedn the balanced trainirgnd validationsetswhich were

created from the original unbalancaaesby oversamplingi + 8incetheoriginalfi + 0 -0t or iafit:3j two

extracopie® f iete@added or e a c h to Bringithe raBododl riSécond, wealidated the balanced
predictor on the wnheaelcordesd fdat & ad eatn.c eTdheanid unbal an
f0 TPR and FDR are the same. Since 2 out of 3 iden
validation set t@yenerate the original unbalanced sett TPRand FDR remain exactly the same because

the fractions of correctly and incorrectly predicggdundtruth i +labelsdo not change
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The oversampling of the turn presence in the training data setisg knob which
i ncreases both TPR and FDR of 0+06 and k
(Figure3.2). Prediction of beta turns can be incorporated in loop modeling in two ways as
geometry constraints during (1) active loop building from startimtjosending positions
or (2) selecting the best modeled candidate from an ensemble of possible loop closures
generated by other means. Depending®archcomplexity ofthe conformatiomal space
of the first applicationand abundance of loops in tlsecondone, we candial the

oversamplinggf6 + 6 t o predict fewer true turns witdt

or more turns with a larger proportion of false discoveries.

EFNR=FN/P ETPR=TP/P EFP/P=FDRxTPR/PPV

unbalanced

. missed 44% caught 56% turns 15%
training

balanced | missed

0,
training — caught 73% true turns 39% false turns

0 25 50 75 100 125

Figure 3.2: False and true positive rates and false discovery rates of predics trained on unbalanced

and balanced turn location data sets.

While the two predictors are individually trained on the unbalanced and balanced sets, their performance
values are reported on the original unbalanced datdlsetunbalanced set has a 1a8ia of the presence

and absence of turns; the balanced set has a 1:1 ratio of them.

3.2.3 Prediction Accuracy vs BetaTurn Width and Protein Resolution

The betaurn definition includes a maximal distance’d® Abetweenth€ U at o ms

of residues 1 and.4his distance limit may be relaxed (as shown in Chapter 2) to allow
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wider turns. In order to investigate whether wider turns can be predicted based on
underlying feature data with neural networks, we prepared additional turn data sets based
on Set2018y running BetaTurnTool18vith the C {1)-C () limit relaxed up to 7.4,

8.0 A and 8.5A. We observe that the accuracy for turn location and type gradually
decreases from 85.4% to 76.Mhenthe C [(1)-C () threshold increas from 7.0 to

8.5A and the numér of availableturnsdoubles(Table 3.7). We concludan underlying
sequence and evolutionary featiege capable to predict wider turns at a comparable
accuracy, howevesuch prediction signal iseaker. It is an expected result given that fewer
specifc interatom interactions are required to adopt a wider turn. If a loop modeling
application requires larger number ofeometry constrata (even if less accuratep

wider-turn predictor may be usex well

Table 3.7: Location prediction accuracy andbeta-turn frequency vs a turn width.

Turn width O .0A O 5A 08.0A 08.5A

ResNet location accuracy 85.4 81.9 78.5 76.1
ResNeti Baseline 10.4 14.0 19.0 22.9
Baseline accuracy, majority labe 75.0 67.9 59.5 53.2
Turns % of aa loopositions 25.0 321 40.5 53.2
Nu of turns (06- 219,395 281,287 355224 | 467,005

% rel. to 7.08 - +28 +62 +113
Total aa positions in loops 877,349

We also reused thdigherResdata set with resolution up 08 A to see whether
there is any accuracy gain from using training @ataigherquality protein structures. As
with the secondargtructure prediction problem, there is almost no accuracy change for
the turn location problem with 85.4% and 85.0% accuraoigsrbteins up to 2.2 arid8 A

resolution (Table.8). The small drop is likely associated with a smaiiee of thel.8 A
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training set. There is a very modest accuracy increase from 83.4 to 83.9% for the turn type
problem; the higheresolution proteirstructures may contain fewer inconsistencies with

groundtruth turn assignment and be more important for the type than location prediction.

Table 3.8 Turn location and type accuracy vs. protein resolution.

Data set resolution Set2018 HigherRes
02.2A 01.8A
Turn location accuracy 85.4 85.0
Turn type accuracy 834 83.9
Turns % of aa loop positions 25.0 24.9
Nu of turns (6H+ 219,395 132,765
Total aa positions in loops 877,349 532362

3.3 Prediction of Backbone Torsion Angles in_oops

Theshape of a protein backbone is uniquely defined with three torsion and)es,
d i), andy () for each aminecid residuei. Thus, a loop backbone ofresidues can be
modeled withn triplets ofy , aridy. A successful direct prediction abackboneshape
of a loopis challenging; however, it has richer geometry information than the information
on locations and types of beta turns. Therefore, it is the most rewarding for loop modeling.
99.7% of ¥ values are planar within a few degrees from°18terefore, they can be set to
180 to focus on a more effortful task dfandy prediction[175, 176]

Such prédictors of the backbor@rsionangles were previously developatith a
goal of predicting m entire proteibackboneand havevarying result$84, 176174]. Since
we have a narrower probleaf loop modeling, we trained torsion predictors for loops
based on conformational data coming from either entire proteins or loop regions only in
order to compare which approach is better.

110



We reuse the sanget2018data set and calculate G andy for entire protein
chains withour developed tool. In order to lbect reliable data, the tool ensarthe
presence of all backbone atoms in the precediiy Current () and next it 1) residues
required for calculation of () , i), @nfly (). Even thoughy {) wasexcluded from our
model, we require it to be definealhave a complete and reliable conformation of a stretch
of the three residues. The tool also Isfik polypeptide chain breaks with missing residues
by calculatingC ({-1)-C ) andC {)-C {+1) distancesand checking ithey arebelow
4.5A. If either of the two chain breaks was discovered or eittrer{(pf, i), @dy () could
not be defined, angular data for the current residiseexcluded from the data set.

The existing methods predicting backbone torsions for an entire proteimiaké o
two approaches. 1) Some predict them as a regression ofateati(i andy [84, 170,

171]. 2) Others split a 2M-y space into bins, assign a label to each bin and pré&dict

y as labelg172-174]. The label prediction is either multilabel or multiclass classification.

In the casef a singlelabel output, a(, y) bin representative is returned (such as mode or
medoid). In the case of multiple predicted labels with assigned probabilities output

some statistical model is applied to mix representat¥esach predicted biaccording to

the probabilitiedo makerealvalued(i andy predictions The methods from the first and
second group compare their performance against each other using the mean absolute error
(MAE) between the grounttuth G andy from an experimental prate structure and
predicted reavaluedld andy. Recent studies demonstrate that the second approach with

multiclass classification haskeetterMAE accuracy than the direct regress[@i3, 174]
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The methods based of neural networks also proved to be superior thamatiene
learningapproaches.

Our focus in this studyliffers from the aims of these methodge search for
geometry descriptors anbuild effective predictors specifically developddr loop
modeling. Before being concerned with the most accupageliction approach and
elaborate torsion angle representagifmm prediction, we want to answer several important
guestions pertaining loop modeling. 1) What prediction accuracy of baekbamndy is
achievable with their most basic but biologically relevéiny( representation? 2) Should
training be performed on entire proteins or loop regions only? 3) How accutiad@ ity
prediction for loops of varying length? 4) Is training orgeof a specific length or specific
length interval more beneficial for the prediction of the sgnoeipof loops? 5) If {1, y)
prediction levels are satisfactory for a practical application, how does torsion prediction
accuracy vary inside a loop of at@@n length?

To answer these questions, we specified 4 bésig)(bins covering the enting-y
space and corresponding to 4 basic structural conformations (A, B, L and E). This ABLE
representation (Figure 3.is a reduction of more elaborate set of #seRamachandran
regions (Figur.5) defined in Chapter However, these labels accurately separate the
four major population modes in the Ramachandran rkap.the (i, y) prediction
performance metriove used a simple label accuracy which is a percentdgorrectly

predicted labels relative to a total number of true labels.
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3.3.1 Training on Entire Proteins vs Training on Loops Only

We generated two data subsets fr@at2018supplemented with calculated
backbone torsion angles: @joteinsand (2)Loops.TheProteinsset includes angular data
on all residues coming from entire protein chains of any secondary structure (helix, sheet
or coil) and is identicatio Set201&xcept for exclusion of the residues with missing G ,
ory. TheLoopsset only includes coil residues with defimed aridy (Table 3.9). The

torsion labels (A, B, L and E) are highly unbalancetdoth set¢Table 3.10).

-180 0 180
180 == 180

A

-100 E

-180 - -180
-180 0 180

N

Figure 3.3: Division of the 2D ( (i, Ramachandran map into 4 bins with designated labels
(A, B, L and E) according to the 4 basic structural elements adopted by amiracid residues.
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Table 3.9 Residue satistics in Proteins and Loops torsion angle data sets.

Data set Aa# with ¥ , G| % of allaa | % of data set
Proteins 2,005950 100% -
Training 1,769715 - 88%
Validation 199927 - 10%
Testing 36,308 - 2%
Loops 846,346 42% 100%
Training 746,865 - 88%
Validation 84,250 - 10%
Testing 15,231 - 2%

Table 3.1Q Torsion angle label $atistics for Proteins and Loops data sets.

(ad, y) Proteins data set Loopsdata set
Count Frequency Count Frequency|
any 2,005950 100% 846,346 100%
A 1,033961 51.5 315352 37.3
B 854,751 42.6 424236 50.1
L 85,209 4.3 82,738 9.8
E 32,029 1.6 24,020 2.8

We optimized our neural networks on each unbalanced data set and achieved a
(G, y) accuracy of 87.1% and 76.8% when they are both traineberchmarked othe
ProteinsandLoopsdata sets respectively. It is an expected result since the helical and sheet
regions are known to have more limited and spetifiady values than the loop residues,
and therefore, are easier for torsion predictibaib{e 3.11).

While 87.1%benchmarkingaccuracyof entire proteins is very high, our focus is
onloopsin this study In contrastthe predictor trained oRroteinshasthelLoopsaccuracy
of only 74.8% which is 2.0% lower thahe Loopsaccuracy of the predictor trained on
Loopsonly (76.8%) Sincethe Proteinsdata set is 2.4 times larger thanopsset(Table
3.9), we looked for reasonsxplainingwhy the loop residues do not gain in prediction
accuracy from transferring knowledge lead onthe helical and sheet residues.
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Table 3.11 Column and row normalized confusion matricesof (4 , ) ngural networks trained and
validated on Proteins and Loops sets

Proteins data set Loops data set
199,927 validation labels 84,250validation labels
Accuracy True label Accuracy True label
87.1% A B L E 76.8% A B L E

True freq 51 43 42 1.6 True freq 37 50 10 2.9
Column normal 100100100100 @ Column norm. 100100100100
A 89 10 17 10 A 74 15 15 9.4
B 10 89 17 29 B 23 83 14 23
L 0808 63 21 L 2415 67 24
E 0.20.63.8 40 E 051039 43

Diagonal has TPRs Elsewhere FNRs

Predicted
label
Predicted
label

Row normalizec  True label Row normalizec  True label

table A B L E table A B L E

100 90 8.3 1.4 0.3 A 100 75 20 4.1 0.7
100 11 86 1.6 1.0 B 100 16 80 2.6 1.3
100 11 92 71 9.0 L 100 10 8.5 73 8.0
100 8.8 22 14 55 E 100 80 22 16 54

Diagonal has PPVs Elsewhere FDRs

Predicted
label
Predicted
label

mr- @ >

The distributions of A, B, L and E labetggnificantly differ in the Proteinsand
Loopsdata sets (Tablg.10); forexamplethe®blabel is more abundant Rroteins(52%)
than inLoops(37%). We hypothesized that sinitee Proteinspredictor is biased toward
the prevailingbAdlabel with therarerB, L and Elabelsmakinga smaller impact on the
loss functionduring the training, idlemonstratea lower accuracin loops havingheé B 6
label asthe most frequent (50%) aride more common L and E label$o check this
hypothesis, during the training we oversamplezProteinsdata set withouanydata loss
1) to adjustthe label proportions in the training ¢etthe ones in theoopsdaa setand
named such predictor &oteinAdjusted oLoopsand 2) to balance A, B, L and E to-25

25-25-25% ratios and referred to such modelPastein®25Balanced Interestingly,the
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ProteinAdjusted oLoopsaccuracy validated on theopsfurtherreducedo 74.3% which

is 20% and 2.5% lower than fothe Proteins and Loops predictors respectivejythe

Protein25Balancedmodel has even worse accuracy of 68.3% on the loop residues.
Based on these resulige reject the above hypothesasd instead conclude that

the performance ofhe Proteins predictor is worse thathe Loops predictor onloop

residuesbecausda) the learned rules for prediction of A, B, L and E differ in helices,

sheets and loops arfd) the Loopsdata sets large enouglfior the training and accurate

learningof the specifigoredictionrules intheloop residuesin the further analysis, @do

nat considerProteins ProteinsAdjustedToLoond Proteins25Balancegredictors and

select thd_oopspredictordue to its higher accuracy

3.3.2 Training Loops Predictor on Balanced Data Set

For the applications whetBe A, B, L and E torsion labels argeally important,
we balanced the labels to the 1:1:tioin theLoopstraining set by oversampling without
any data loss and trained th@ops25Balancegdredictor.ln Table 3.12we observeimilar
unbalanced72.6%)and balanced72.3%)validation accuraesof the Loops25Balanced
predictorwhich are lower by 4-:2.5% than the unbalanced accuracy of uhbalanced
Loopspredictor (Table 3.11)While the unbalancetoopspredictor stillhasthe highest
prediction accuracyof backbone comirmations of the general population of lopps
incorporation of the torsion labetgedictedwith balanced accuracies into the statistical

modelmay lead to a better neaative sampling of loops in a loop modeling algorithm.
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Only an empirical study can pre whether the unbalanced or balanced approach is more

beneficialfor loop modeling

Table 3.12 Confusion matricesof Loops predictor trained on balanced A, B, L and E torsion labels
and validated on unbalanced and balanced labels

Balanced training in Loops Balanced training in Loops
Unbalancedvalidation in Loops Balancedvalidation in Loops
Accuracy True label Accuracy True label

72.6% A B L E 72.3% A B L E

True freq 37 50 10 2.9 True freq 25 25 25 25
Columnnormal. 100 100 100 100 Column normal 100 100 100 100
A 72 17 9.0 54 A 72 18 9.1 5.0
B 17 73 5.8 55 B 18 73 6.4 4.6
L 78 52 74 23 L 71 42 69 15
E 29 42 12 67 E 3551 16 76

Diagonal has TPRs Elsewhere FNRs

Predicted
label
Predicted
label

Row normalizec True label Row normalizec  True label
table A B L E table A B L E

100 73 24 24 04 A 100 69 17 8.8 4.8

100 15 84 1.3 04 B 100 17 72 6.2 45

100 22 20 54 4.9 L 100 75 44 73 15

100 17 34 18 31 E 100 3551 16 76
Diagonal has PPVs Elsewhere FDRs

Predicted
label
mr @ >
Predicted
label

TPRs of the unbalanced @&3%) and balanced (686%) Loopspredictors are
relatively high and FNRs demonstrate that an expected resuk #mat B as well as L and
E are more likely tdoe confusel with each otherWe can produce a balancédops

predictor with completely equal balanced accuracies by additiamgdlgrg of some labels

during the training or adjusting their weights in the loss function.
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3.33 Torsion Prediction Accuracy vs Loop Length

The distributions of loop lengths of proteins of up & 2 Set2018Figure 34)
and up to 1.2 of ultra-high resolution CompleteSetlata set (Figure 2.12, betiarn
clustering study) are very similar. They both peak at the length of 2 with close frequencies

atlength 1, 3, 4 and 5.

4
10 T — — T T T
—e—proteins of up 2.2 A resolution in Set2018

103,

Num of loops

101 I I I I I L I I I I I
1234567 8 91011121314151617181920
Loop length, L

Figure 3.4: Distribution of loop lengths of proteins of up 2.2 A inthe Set2018validation set
The loop length distribution for the entire Set2018 is similar to the above plot except thatxikesglues
are 10timeslarger.

Since we werenterested in accuracies BfoteinsandLoopspredictors on loops
of a specific legth, we benchmarked them for each individual length from 1 to 20 (top of
Figure3.5). We truncated the plot above a length of 26 it becomes statistically
unreliable and chaotic due to too small size of a validation set with less than 200 residues
or nodata at all for certain lengths (bottom of Fig8r®). For every loop length we observe

a better accuracy dhe Loops predictor again which is mostly higher by3% than
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Proteinspredictor. Therefore, we only consider predictors trained on loops ireshef
this study. At loop lengths the 16 range the predictor has bettaccuracieshanfor the
accuracyfor all loops The accuracy graduallyecreasefrom 82% with increasing loop

length,but surprisinglyremains above 71%6r long loops of up &ngth of 20.

-850 ——trained on any loops, validated on length L |
8 — @ ~trained on helix+sheet+loop, validated on length L
5 A trained and validated on any loops
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o ‘ \
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Figure 3.5: Benchmarking of Proteins and Loops § , ) pyedictors on loops of a certain lengthtop)
and Validation set size vsloop length (bottom).

We checked whether the prediction accuracy of torsion angles can be further
improved by training individual predictors specifically on training subsets of loops of a
certain length. We did not observer any benefit from such specialized predictors; the
predictor trained on all loops is not worse thawy specialized predictor at ghoop length
(Figure 36). The accuracy of the specialized predictors is the same at length of 1 and only

marginally worse at-5 lengths. The gap between the general and specialized predictors
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steadily increases up to 8% at a length of 20. We concladéhé specialized predictors

lack enough training data for longer loops. The shorter loops have an adequate amount of
training data for the specialized predictors. The second factor is that the start fowpend
anchorpositions are spatially close inetlshorter loops, and thus are easier for prediction
with less training data. Our results also indicate that the general neural network predictor
benefits from transferring learned knowledge from loops of lengths different from the
length of a loop subjedb prediction. We can also conclude that when plenty of training
data for a loop of a certain length is available, the learned knowledge from other loop

lengths do not worsen the general predictor performance.

84 r ——trained on any loops, validated on length L .
--e--trained on length L, validated on length L
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12345678 91011121314151617181920

Loop length, L

Figure 3.6: (4 , ) agcuracy vs. loogdength for the general predictor trained on all loops and specialized
predictors trained on loops of certain lengths.
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3.34 Torsion Prediction Accuracy in Loops of Certain Length Intervals

We studied our best predictor in more practical scenarios anthagsti its
performance on loops within certain length intervals such as [3, 12], [6, 12] d&d {8e
validated thd_oopspredictor on these intervals (Figure 3.7); accuracies of 77.0, 74.5 and
74.1% are achieved on [3, 12], [6, 12] andp respectivel which are high enough for
practical applications. These interval accuracies are averaged sums of individual length

accuracies weighted by individual length frequencies within each interval.

Trained on any loops with 746,865 aa

——validated on length L
82 [ validated on any loops (100%, 84250 aa) |]
validated on [3,12] loops (79%,66198 aa)
Ilvalidated on [6,0c) loops (52%, 43827 aa)
[lvalidated on [6,12] loops (42%, 35370 aa)
80r 1
)
® 781 i
5
3]
S X
c
S 76} 1
©
S
®©
=
R
74| \ |
72| :
70 Il Il 1 1

1234567 8 91011121314151617181920
Loop length, L

Figure 3.7: (G, ) agcuracy of Loops predictortrained on all loops but validated on different loop
length intervals.
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Since the above intervals accumulate plenty of loop data, we wanted to check
whether more training data within each interval could produce more accurate interval
specific predictor. Werained three intervadpecialized predictors on [3, 12], [6, 12] and
[6, P) loops and didhot observe any significant accuracy difference from the general
predictor (Figure 8). So,we again concludénait usinghe general predictor trained on all

loopsis a better choice.

84 |- trained and validated on any loops

trained on any loops, validated on [3,12] loops

8ol Etrained on any loops, validated on [6,00) loops

[ ltrained on any loops, validated on [6,12] loops
trained and validated on [3,12] loops

-——trained and validated on [6,~c) loops
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Figure 3.8: ((i , ) agcuracycomparison of the predictor trained on all loops with several predictors
trained on different loop length intervals.
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3.35 Variability of Torsion Prediction Ac curacy inside a Loop

For loop modeling it is importarid knowhow reliable oul( G , pregigtiors are
at different positions inside a loop. We need to know whether there is an accuracy pattern
inside a loop and whether itlengthdependent. Using the best predictor, we estimated the
validation accuracy for each residue position, 1 , ni@sideta lop of lengthn. The
i-th position accuracy inside a loop is calculated based on as many torsion predictions as a
number of availabla-longloops in the validation set (Figured®. Thenumber of available
loops of a certain lengtmE 1 € 2 0 ) iation setvariesvfranh 18 tb 3,662. To have
statistically enough data points for positional accuracy, we included only loops up to a
length of 18 in this analysi$here are few 1,000s of fixddngth loops whethelength is
fixed to a number between 1 ab@d only few 100sof loops when it is fixed teither1l or
12 or 13and below 10®ut with at least of 3¥ops for each of (14, 15, 16, 17, 18) lengths
A heatmap and contour plots of positional prediction accuracies are shown in Fyure 3.
and Figure3.10.

The results show that predictions of backbone torsion angles are more reliable on
the edges of the loops next to the regular secondary structuleopleenter is the hardest
to predict; the accuracy reduction correlates with a number of residagdram the loop
edges on both sides. There is no accuracy pattern which is spec#iloégr of a certain
length. The loops up to length of 10 have statistically large samples (400 or more) and
demonstrate gradual accuradgcreasd¢oward the loop cert. Due to limited data, the
11-18 long loops show noisy patterns and at most demonstrate that these loops are easier
to predict at the loop edges and the positional accuracy overall reduces with longer loops.
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Figure 3.9: Heatmap of (i , ) pgsitional prediction accuracy in loops.
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Figure 3.10: Contour plot of ((i , ) pgsitional prediction accuracy in loops.
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CHAPTER 4

SUMMARY AND FUTURE WORK

In recent years, machine learning and artificial intelligdraa progressed rapidly
and hae been gaining in popularity. Robotics, automation, affordable pricing and
improving technologiesavemadea huge impact on informational biological projects such
as genome sequencing and are quickly expanding biological knowledge databases. These
two factors coupled with affordable computational power with cluster and cloud
computing significantly advanced computational biology. Taking advantage ofaine
techrologies, wehave made three contributioimsthe field of protein structural biologs
follows.

Protein secondary structure prediction remains a vital topic with improving
accuracy and broad applications. By using deep learning algorithms, predictiadsneth
not relying on structure templates were recently reported to reach as high as 87% accuracy
on 3 labels (helix, sheet or coil). Due to lack of a widely accepted standard in secondary
structure predictor development and evaluation, a fair comparisorredicrs is
challenging. A detailed examination of factors that contribute to higher accuracy is also
lacking.We presergd (1) a new test set,est2018consisting of proteins from structures
released in 2018 with less than 25% similar to any protein published before 2018: (2) a 4
layer convolutional neural networgecNet with an input window of +14 amino acids
which was trained on proteins less th&%®identical to proteins iTest2018and the

commonly used CB513 test set; (3) a detailed ablation study where we reverse one
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algorithmic choice at a time iB8ecNetand evaluate the effect on the prediction accuracy;

(4) new 4 and 5label prediction alpHazets that may be more practical for tertiary structure
prediction methods. Theldbel accuracy of the leading predictors on bo#kt2018nd
CB513is 81-82%, whileSecNei s accuracy 1is 84% for both
different factors (evolutieary information, neural network architecture, and training
hyperparameters) suggedtsatthe best accuracy results are achieved with good choices

for each of them while the neural network architecture is not as critical as long as it is not

too simple.Protocols for generating and using unbiased test, validation, and training sets

are provided. Our data sets, including input features and assigned labeSecihet

software including thirgparty dependencies and databases, are downloadable from

dunbrack.fccc.edu/smdhttp://github.com/stmaxim/ss

Protein loops connect regular secondary structures and cofresidde beta turns
which represent 63% of the residuadoops. The commonly used classification of beta
turns (Type 1|, | 6, I 16, Vlial, VlIaz2, VI
from analysis of a small number of proteins of average resolution, and represents only two
thirds of beta turns @erved in proteins (with a generic class Type IV representing the
rest). We preseatia new clustering of betturn conformations from a set of 13,030 turns
from 1074 ultrehighr es ol ut i on protein structures (O1.
applying theDBSCANand kmedoids algorithms to this data set with a metric commonly
used in directional statistics applied to the set of dihedral angles from the second and third
residues of each turn. We defth&8 turn types compared to the 8 classical tupgsyin

common use. We propas@ new 2letter nomenclature for all 18 betiarn types using
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Ramachandran region names for the two <cen
regions on the I eft side of the Rgonaoohandr
therighthand side; cl assical Type | turns are
identified 11 new types of beta turn, 5 of which are-sytes of classical betarn types.

Up-to-date statistics, probability densities of conformatj@ml sequence profiles of beta

turns in loops were collected and analyzed. A library of turn typesTurnLib18 and
crossplatform software,BetaTurnTool18 which identifies turns in an input protein

structure, are freely available and redistributafioten dunbrack.fccc.edu/betaturand

github.com/skhmaxim/BetaTurn18 Given the ubiquitous nature of beta turns, this

comprehensive study updatesr understanding of beta turns and should also provide
useful tools for protein structure determination, refinement, and prediction programs.
Recently, there has also been much progress in protein structure predittion
advanced machine learning algorithwisich can exploit the exploding amount of protein
sequence information. Nevertheless, prot&iructure predictioremains incompletely
solved and prediction of irregularly shaped loops between helices or sheets is still
particularly challengingWe devebped and applied neural networks to predict different
loop geometries with the following usdsr loop modeling. (1) The predicted loop
geometries of high confidence are constraamis reducehe conformationasearchspace
sampled byab initio loop modeihg methods. (2) The statistical model can incorporate a
larger number of the predicted geometries with multiple leveafidencealternativedor
a more efficient space sampling closer to the true solution. (3) Théengiate loop

modeling methods retnrensembles of possible loop closures which are to be screened
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with a score based on the predicted geometfes.these purposesve successfully
predicted two types of loop geometries: beta turns and backbone torsion angles. The 18
predicted betdurn types are the ondsom our newBetaTurnLibl8ibrary. The predicted
backbone torsion angles in loops were analyzed from a perspective of incorporating them
in loop modeling.

Our future workwill involve developing a new loop modeling method which
incorpordes the predicted loop geometries from the third problem into its framework. We
will also develop a new unbiased benchmarking data set and testing prioto&air

measurment ofthetrue performance of loop modeling softwareluding our own
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APPENDIX A

AMINO -ACID FREQUENCIES IN
8,712 PROTEINS OF SET2018

Amino acid
Freq.
L Leucine 9.2
A Alanine 8.1
G Glycine 7.1
E Glutamic acid 6.8
\% Valine 6.7
S Serine 6.3
D Aspartic acid 5.9
K Lysine 5.7
I Isoleucine 5.6
T Tyrosine 5.4
R Arginine 51
P Proline 4.6
N Asparagine 4.3
F Phenylalanine 4.0
Q Glutamine 3.8
Y Tyrosine 3.5
H Histidine 2.9
M Methionine 2.3
W Tryptophan 1.4
C Cysteine 1.2
X ' Nonstandard 0.0
Any Any 100.0

Full sequences

Count
204,270
179,432
157,876
149,862
149,316
140,014
131,346
127,072
123,593
120,470
112,709
101,358

96,212
89,175
84,470
78,064
63,656
51,485
31,152
26,034
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Amino acids with

coordinates

Freq.
9.5
8.1
7.0
6.7
6.9
6.0
5.9
5.7
5.8
5.5
5.1
4.5
4.3
4.2
3.8
3.7
2.4
2.2
15
1.2
0.0

2,217,707 100.0

Count
196,241
168,536
144,414
139,734
143,543
125,369
123,358
118,597
119,761
113,215
106,255

94,171
89,708
86,342
78,832
75,866
49,127
45,346
30,453
25,306
127
2,074,301

Freq
diff

-0.3
0.0
0.1
0.1

-0.2
0.3
0.0
0.0

-0.2

-0.1
0.0
0.1
0.0

-0.2
0.0

-0.2
0.5
0.1

-0.1
0.0
0.0
0.0

Amino-acid type distributions with or without inclusion of disordered residues are almost identical. Protein
sequences are represented with 21 letters of the standaletten@otation where modified amino acids are

encoded

with single

|l etters
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APPENDIX B

ARCHITECTURE OF SECRES, OUR ABANDONED
RESIDUAL NEURAL NETWORK

A sample architecture diagram of our residual neural netv@g&Re$rom a family of networks with input

of 21 to 51 amino acids and 20 to 40 layers. The sample has 13 hidden convolutional layers, 6 shortcut
connections each bypassing 2 hidden layers and input window of 25 amino acids. Output from the blocks of
2 bypassethidden layers is concatenated with the input to these blocks. Maxpooling of size 2 is applied for
linear dimensionality reduction. Other details about the networkhasame as in Figre 1.2 about our
traditional 4layer CNNSecNetWe varied network aoplexity with the number of layersnput size, and
number of training parameters from 600 thousand to 20 miMémobservedhesame or worse accuracy as

for SecNetand as a result abandoned this more complex network.
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