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RNA secondary structure prediction using an ensemble
of two-dimensional deep neural networks and transfer
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B Model

|Initia|3x300nvo|ution| c |RNAone hotencod|ng| -
s | 2 ¥ L prNA
: : £ [ Outer concatenation | data set
: [ Act./norm./dropout | | g § + +I LxLX8
1 |22 | : )
! [ 3x3 Convolution | <) £ || \iogel _— Model Model Model Data preprOCGS.SW]g. |
! 8rle o || One hot encoding and concatenation
: IAct./normJ’dropoutI @, PreT| | PreT PreT PreT PreT
1 1
! I 5x 5 Convolutionl ] o . . )
: 53 IRNAme_hmenmmﬂ — B Initial convolution layer:
. | EQ v L
I 'l 8= || Out tenati data set . . .
"""""""" e g [ Outer concatenation | {gaa e B Resnet blocks(CNN): extract the feature of image like matrix

I BlockAvx(NA-ﬂ | 2E\V ¥V V¥V ¥

- £ : : :

I Ty B Madel (Modef |viode (MBS IMTeI B BLSTM layer(RNN): learn the information in the context

[ 2pBLsTM |
ik i ; [t ] ¥
N arrws— Ensomble averaging m Full connected layer blocks: increase the robustness of model
I layer a‘c): +
I S, .
i [ Act./norm /dropout | m: Hla‘oi;i;in'/".‘_";/,.lnternal loop | Output |ayer:
___________ ! 3 ” Multiloop

I Block B x (NB-1) I o = Noncanonical

Y Pseudoknot” A P
Output | ith —
sigumpoLi‘d Zg?i\rf;ilon Stem 5 ,B,U/Igf}




. Preprocessing Seq and pairs
bpRNA format )

lines = file.r
b e ) lines[4]:
sequence = lines[4][:-1]
aucg = lines[3][:-1]
n (sequence)
stack = []
pairing matrix - [[@]

(filename,pseudo):

bpRNA_CRW_15871
: 121

CCCGEUGGCUAUCGCGGEAGRRGCCACACCCGUUCCCUUUCCGAAUACGOUCGUUAAGCCCUCCAGCGOUGAUGGUACUGCUUCGGEAGACGAGGUGGGAGAGUAGGACGUCGCCGEGUUALUL

S55555555MMMMMS 55555551 ITT15555555HHHHHHHHHHHHHS S 55BB5 551 11555555B55M5555555 115555555 5HHHHS 5555555 1155555 55MMMS 555555 5EEEEE
NINNNNMNNNNNSNNNNSNNNNNNNNNNNNNNNNNN NN NN NNN SN NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN NN NN N NN NNNSNN NN NNNNNNNNNNNNNNNNNNNNN
51 1..8 169..116

) __ i, char (sequence):

char
stack.appe
char
stack:
left_index = stack.pop()
pairing matrix[left index][i]
pairing matrix[i][left_index]

aucg = @
sequence = lines[5][:-1]
n (sequence)
pseudo.append{sequence)
pairing matrix - @

pseudo, aucg, pairing matrix

= One hot and transform

5 CCCGEUGE ! 116 UCGCCaGG (sequence):
segment2 1 32 GCGEAGGGGCCACACCCGU 46 ACGGUCGUUAAGCCCUCCAGC seq,feature,one_hot- get data(sequence)
segment3 84 CUGAUGGUACUGCUUCE 5 CEAGGUGEEAGAGUAGS seq, feature,one_hot

(seq):
RNN_seq

PDB format i ] i anses))

feat = np.c ({
[[(bases base.upper .3 pper .arra (BASES)])
RNM_seq])

feat

>1c@a-1-B (seq):

GEAGCEGEUAGUUCAGUCGEUUAGAAUACCUGCCUGUCACGCAGGEEEUCGCGEGTPCGAGUCCCGPCCGUUCCGOCA seq_len (seq)
one_hot_feat = one_hot(seq)

temp = one_hot_feat[ r Eo
temp np. {temp, (temp.shape[1], 1, 1))
feature = np.co ste([temp, np.t (temp, [1, @, 2])], 2)

seq_len, [i i (feature.a }).flatten()]., one_hot_feat.r




B Preprocessing

: bpRNA_CRW_15871

ICGCGEAGGRG

test x
train_y
test y

Data encoding
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c.npy’, allow pickle
, allow_pickle

» 8llow pickle
, allow pickle

Train_x: Sequence with AUCG
Train_y: LxL*8 pairing matrix
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. Model an
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B Train and evaluation

From UFold

def evaluate_exact_new(pred_a, true_a, eps=le-11): Label Pred|ct|on

A c G A Ml [A[C G A
O 0 O O 1 O

0 0

tp_map = torch.sign(torch.Tensor(pred_a)*torch.Tensor(true_a))
tp = tp_map.sum()

pred_p = torch.sign(torch.Tensor(pred_a)).sum()

true_p = true_a.sum()

fp
fn

pred_p - tp
true_p - tp
pred_a.shape[@]-(tp+fp+fn)

tn

recall = (tp + eps)/(tp+fn+eps)
precision = (tp + eps)/(tp+fp+eps)
fl_score = (2*tp + eps)/(2*tp + fp + fn + eps)

> O O r
> O O >

o 0 1 O O 0 0 O
o 1 0 O o 1 0 O
O 0 0 O o 0 0 1

mcc = @
return precision, recall, f1_score,mcc

TP=1,FP=2,FN=1TN =12

a8 = constraint_matrix_batch({one_hotl)

out = torch.mul{out, a)

ACCUI’acy = TN+TF / ALL = (4*4—4)/16 = 0.75 test_out = (out > 8.5).float()
Recall = TP/ TP+FN =1/2 =0.5

PreC|S|On — TP/TP + FP — ]/2 — 033 Evaluation Results:fil: @.3@ : B.8889,S5ensitivity:a@. Precision:@®.6d 1 Score:8. 6
Evaluation Results:fil: @.44 : B.8889,S5ensitivity:a@. Precision:@.6 1 Score:8.68
Evaluation Results:fil: @.5@ : B.8889,5ensitivity:a. Precision:@.6 1 Score:8.68

FII’St|y prediction_> O tp -> O E'-.faluatj:.nn Results: : .68 ] .E?E'::;‘,Sens%t%u?ty:_. F‘r‘ec?.s:}cm: : %CDFE:E- '
Evaluation Results: S - ] : B.8889,5ensitivity:a. Precision:@. Score:@.

PreCiSiOﬂ > > Reca” in the ﬁrSt epOChS Evaluation Results:fil: @.86 : 9.P889,5ensitivity:@. Precision:®.808, Fl1 Score:@.

Evaluation Results:fil: @.96 : ©.8889,5ensitivity:a. Precision:@. 1 Score:9.3




B Details

Important hyperparameters and settings

Dbl = 64
num_res_blocks = 28
num_epochs = 1080
Nfc = 1

bilstm = @

1. Blstm is expensive for 4080, use it instead of the Nfc layers

2. Nfc should be less than 2 for its expensive cost.

model = EnsembleModel(num_res_blocks)
criterion = nn.BCELoss()

3 Lr . O OOO]_ iS the beSt |r for thIS mOdel optimizer = optim.Adam(model.parameters(), lr=0.0001)

4. BCELoss is good enough, CrossEntropy also works well. You
should not use BCELogitLoss because of the sigmoid function. Supplementary Table 9. SPOT-RNA ensemble architectures.

Num. blocks/layers Depth of Layer Dilation Factor
5. Channels of the resnet are also flexible though it take some effort Noi Np  Np | Dres Dp Drc
o th J Model 0 | 16 - 2 a8 - 512 -
to customize the coade Model 1 | 20 - 1 64 , 512 n
Model 2 | 30 - 1 64 - 512 -
. Model 3 | 30 1 - 64 200 - -
6. Threshold for out may increase f1 score to some extent Model 4 | 30 - , & - 512 5i%3




B Details

Evaluation and transfer learning

transfer learning Evaluation

evaluate_model(model, criterion, data_loader, epoch):
train_model(model,num_res_blocks, criterion, optimizer, train_loader,test_loader, num_epochs=58):
device = torch.device("cuda:1" if torch.cuda.is_available() else "cpu") device = torch.device("cuda:1" if torch.cuda.is_available() else "cpu")
model .to(device) model.to(device)

model.load_state_dict(torch.load(f'models/model{MODEL}.pt"')) del 10
model.eva

running_loss = 8.8
scheduler = torch.optim.lr_scheduler.StepLR(optimizer, 5, gamma=0.9, last_epoch=-1) mrreEE o @

all_predictions = []
for epoch in range(num_epochs): all_targets = []
S{ A ".format(epoch + 1)) S =

with torch.no_grad():
model.train() for i, (sample, target) in enumerate(data_loader):
running_loss = ©.© outputs = []
correct = @ seq, mtx,one_hotl= create_files_bpRNA(sample[@])
total = @ mtx = np.array(mtx).reshape((seq,seq,8))
mtx = torch.from_numpy(mtx).to(torch.float).to(device)
one_hotl = torch.from_numpy(one_hotl).float().to(device)
target = torch.Tensor(target).to(device)

eval final =[]
tik = time.time()

for i, (sample, target) in enumerate(train_loader): for MODEL in range(NUM_MODELS):
model.load_state_dict(torch.load(f 'models/model{MODEL}.pt"))
out = model(mtx).squeeze(3)

seq, mtx,one_hotl= create_files_bpRNA(sample[@]) tputs [MODEL] & view(-1)
outputs| ™ = out.view(-

mtx = np.array(mtx).reshape((seq,seq,8))
mtx = torch.from_numpy(mtx).to(torch.float).to(device) input_flat = torch.mean(torch.stack(outputs), dim=8)
one_hotl = torch.from_numpy(one_hotl).float().to(device)

target = torch.Tensor(target).to(device)
target_flat = target.view(-1)




. Result

Supplementary Table 1. Performance of individual models and the ensemble on TS0 after initial training on TRO.

B Modell (models/0318 32 4.pt)

predictor | MCC“  Fl b Precision Sensitivity Accuracy
. Traini d lidati Model 0 | 0617 0618 0.642 0.596 0.998
raining and valligation Model 1 | 0.612 0612  0.657 0.573 0.998
Epoch [33/15@], lr: [5.314410e00000e02e-05], Loss: ©.8075,time:6766.838826417923 Model 2 0.593 0.591 0.654 0.537 0.998
Evaluation Results: Loss:©.8075, Sensitivity:@.56, Precision:@.76, F1 Score:@.60, MCC:©.e@ Model 3 0.569 0.568 0.618 0.526 0.998
Evaluation Results:Loss: ©.8090,Sensitivity:©.59, Precision:@.68, F1 Score:8.59, MCC:0.8@ Model 4 0.611 0.605 0.705 .531 0.0905
Ensemble | 0.629 0.626 0.709 0.550 0.999

B Test

. “ Matthews correlation coefficient. ¥ Harmonic mean of precision and sensitivity.
Evaluation Results:Loss :

: ©.9989,5ensitivity:0.68, Precision:@.67, F1 Score:8.68, MCC:9.61

B Transfer learning(model/0321_66_ghr2_PDB.pt

Supplementary Table 3. Performance on the independent test set TS| after transfer learning by individual models and their
ensemble during 5-fold cross-validation.

] ] ) ] predictor MCc F1? Precision Sensitivity Accuracy
M Transfer learning test with canonical constraint Model0 | 0.662 (0.01°) 0647 (0.019) 0.831(0.02°) 0530 (0.02) 0.994 (0.00°)
Model 1 | 0.668 (0.01) 0.655(0.01°) 0.832(0.03) 0.541 (0.01°)  0.994 (0.00°)
Evaluation Results:loss: @.8428,5ensitivity:8.54, Precision:@.84, F1 Score:0.64, MCC:0.65 Model 2 | 0.666 (0.015)  0.656 (0.019)  0.810(0.04°)  0.554 (0.029)  0.994 (0.00°)
) ) ) ) Model 3 | 0.655 (0.00¢) 0.641 (0.00°) 0.833 (0.02°) 0.520 (0.017)  0.994 (0.00°)
B Transfer Iearnlng test without canonical constraint Model 4 | 0.647 (0.00°)  0.636 (0.00°) 0.809 (0.04°) 0.531 (0.02°)  0.994 (0.00°)
Ensemble | 0.690 (0.02°) (0.687 (0.01°) 0.888 (0.02°) 0.562 (0.02°) 0.995 (0.00)

Evaluation Results:loss: @.8428,Sensitivity:0.59, Precision:@.81, F1 Score:0.65, MCC:@.67

# Matthews correlation coefficient. * Harmonic mean of precision and sensitivity. © Standard deviation based on five fold cross

validation.




All the datasets are in dl_example/datasets

The bpRNA_datasets is the large datasets for pre-training and PDB_datasets are for tranfer learning

The raw data are collected in the sub folders, TR is for training, VL for validation and TS for test

There are also some processed data like train_x,train_y are for training, test_x,test_y are for validation, ts_x,ts_y are for test,

repectively. They can be simply loaded into the model to simplify the pipeline.
s dl_example P Yy y ply P y pip

> datasets _ _
The outstanding model has been collected in dl_example/models as example.

> H1CKjE15 ©318_32_4.pt is the pre-trained model with f1 score ©.6 and mcc ©.61 in TS@
©321_66_ghr2_PDB.pt is the transfer learning model with fl1 score ©.65 and mcc ©.67 in TS1

bpRNA_test.py

bljF{PJﬁ%_trairj“ﬁE}ljy The bpRNA_training.py is for training model on bpRNA datasets.
The major hyperparameters are in the bottom of the code to be modified. Details are mentioned in slides.
data_prepr’ocess_py Usually, the model take 600@s to train a epoch and the model may converge at 3@ epoch.Then it may need 5@h to converge.

PDB_tl_training.py The test_res32.py is an example for model testing.
The code structure is similar to the previous file. The major difference is loading the trained model and shotdown the gradient as code do.
rEEldme.mardeWH Also, the hyperparamters should match the model.
Then it may take 1@-28mins to print the result for model test.
test_res32.py
The bpRNA_test.py is the formal testing code.
When you trained more than one model, you can use this file to test the model as an ensembl.

The PDB_tl_training.py is for transfer learning on PDB datasets
The pretrained model can be loaded and re-trained on PDB datasets. Remember to set a different save path.
It may take 5-1@mins to train a outstanding model.

https://github.com/jaswindersingh2/SPOT-RNA/blob/master/utils/utils.py
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B Introduction

Linear
jFZXW—I—b
Weights 1 Weights 2 1 & 1 — 7l 2
A — _ 1 (i) _1 Ly 1 @) ()
L(w,b) = — > 10(w,b) nzg(wx tby )
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. Ty~ T

Input data Qé i ><> Output

% "’// } Loss

Qé\ -~ Label Complicated
gradient descent
Input Layer Hidden Layer Qutput Layer T % Y 0l (w,b) = w — % Y xt (WTx{é} +h— ym),
icB icB
Task: Regression, Classification . etc b b % > %lO(w,b) =b— % 3 (wTx+5—y®).

icB =8



B Introduction

Parameters and hyperparameters Learning rate(lr)

W%—W——Z@wf W—EZX ( Tx@ 4 p— gl ) J(w)

il 1B

beb—EZBBE )(w,b) =b— E Z(w x® 45— y‘})

icB icB

_— Gradient

Parameters: w, b, updates when training
Hyperparameters: n, assign before training

Global cost minimum
Jmin(""\")
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