NB:2S SCiLy%Lab

Deep Learning for Life Sciences:

Bayesian Deep Learning

Nikolay Oskolkov, NBIS SciLifeLab
11.12.2020




3 Chellenges of Applying Deep Learning SCI Lab

* Apply to real Life Science projects (NGS: tabular data)

* Apply only if Deep Learning better than simpler methods

Why deep learning

Occam’s Razor: No more things should be
presumed to exist than are absolutely necessary,
i.e., the fewer assumptions an explanation of a
phenomenon depends on, the better the
explanation.

Deep learning
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(William of Occam)

Amount of data
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izquotes.com (M iow do data science techniques scale with amount of data?

Why don’t neural networks always work?



K Statistics vs. Machine Learning SCI Lab

Rodriguez et al compared Al with 101
radiologists — Al was as good as radiologists
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Radiologists @

Alejandro Rodriguez-Ruiz, Kristina Lang, Albert Gubern-Merida,
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Author Notes AUC = 0.840 (0.820-0.860)
JINCI: Journal of the National Cancer Institute, Volume 111, Issue 9, r T T T 1
September 2019, Pages 916-922, i 0.4 0.6 0.8 1.0

https://doi.org/10.1093/jnci/djy222 1 - Spe i it
Published: 05March 2019  Article history v - speciiicily

Thomas H Helbich, Margarita Chevalier, Tao Tan,

Thomas Mertelmeier ... Show more

Why do you compare Al against radiologists?
You should compare it against simpler models




NB;S Deep Learning is not The Only Tool SCiL,if{iLab

Bayesianism Frequentism

Deep Learning
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Comparison is important:
If you do not compare, your
neural network is the best

Deep Learning is
a yet another tool



NB;S Various Types of Data

Tabular
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Editing Wikipedia articles on

Engage with editors
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& Do we have Big Data in Life Sciences? S¢i

Growth of DNA Sequencing
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Possible Big Data in Life Sciences:
* Microscopy Imaging

* Single Cell Omics

* Metagenomics (possibly)

* Genomics (sequence is an observation)

Year

| have 500 TB of data on my disk, this is big.

| have Big Data, | want to run Deep Learning
on my Big Data
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X&. Deep Learning on Microscopy Imaging S(j Lab

Object detection
Mask-RCNN

A

Nuclei
segmentation

COMPARING DIFFERENT NUCLEI SEGMENTATION STRATEGIES FOR BBBC039 CELLS: IOU = 0.9
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Principal Component Analysis (PCA)
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20 A

_20 .

—40

SCiLy%Lab

Autoencoder: 8 Layers
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Deep

_earning for Data Integration

.

input_44: InputLayer

input_45: InputLayer

input_46: InputLayer

input_47: InputLayer

A

i

dropout_41: Dropout

dropout_42: Dropout

dropout_43: Dropout

dropout_44: Dropout

\

l

l

)

dense_130: Dense

dense_131: Dense

dense_132: Dense

dense_133: Dense

N 7

concatenate_1 1: Concatenate

A

dense_134: Dense

y

dense_135: Dense

SCiLy%Lab

— scRNAseq: InputLayer

scBSseq: InputLayer

scATACseq: InputLayer

A A

4

4

Dropout_scRNAseq: Dropout
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Dropout_scBSseq: Dropout

Dropout_scATACseq: Dropout

l

4

)

Encoder_scRNAseq: Dense

Encoder_scBSseq: Dense

Encoder_scATACseq: Dense

Sequencing and
mapping

Sequencing,
mapping and
splitting

T

/

Nature Communications 9, 781

concatenate_1: Concatenale

y

Bottleneck: Dense

/

Concatenate_Inverse: Dense

—

y
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Decoder_scRNAseq: Dense

Decoder_scBSseq: Dense

Decoder_scATACseq: Dense

scProteomics
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tSNE2

w Membership  Publications  Resources Data Outreach
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tSNE on PCA: All K-mers
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tSNE1
input: | (Non, 1380) input: | (None, 1380) input: | (Nonc, 1380)
input_1: InputLayer input_2: InputLayer input_3: InputLayer
output: | (None, 1380) output: | (None, 1380) output: | (None, 1380)
e \mpu\:| (None, 1380) ] ) |inpul:| (None, 1380) | A |inpul:| (None, 1380)
emt ing_1: : beddi i i
= [ output: | (None, 1380, 100) | [ ouput: | None, 1380, 100) | [ output: | None, 1380, 100) |

le—1

I

input: | (None, 1380, 100) input: | (None, 1380, 100) input: | (None, 1380, 100)
convld_I: ConviD convld_2: ConviD conv1d_3: ConviD
output: | (None, 1377, 32) output: | (None, 1375, 32) output: | (None, 1373, 32)
input: | (None, 1377,32) input: | (None, 1375, 32) input: | (None, 1373,32)
dropout_I: Dropout dropout_2: Dropout dropout_3: Dropout
output: | (None, 1377,32) output: | (None, 1375, 32) output: | (None, 1373,32)
- [ input: | (None, 1377,32) | j | input: ] (None, 1375, 32) | i | input: ] (None, 1373,32) |
max_poolingld_1: 1D max_poolingld_2: D max_poolingld_3: 1
[ output: | (None, 688,32) | [ ouput: | (None, 687,32) | [ output: | (None, 686,32) |

i

4

input: | (None, 688, 32)

(None, 22016)

input: | (None, 687,32)

(None, 21984)

flatten_1: Flatten flatten_2: Flatten

output: output:

input: | (None, 686,32)
(None, 21952)

flatten_3: Flatten
output:

| input: ] [(None, 22016), (None, 21984), (None, 21952)] ’

concatenate_1: Concatenate

[‘output: | (None, 65952)

|

input: | (None, 65952)

(None, 10)

dense_1: Dense

output:

Deep Learning for Genomics

Sequence

SCiLﬁLab

GATCGTAC

Neanderthal introgressed vs depleted

NLP: Bag of Words
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GATCGTAC
GATCGTAC
GATICGTAC

Sentence / Text

GATCG ATCGT TCGTA CGTAC

word word

Normalized confusion matrix

Predicted label
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4 Curate data b Select architecture, train < Evaluate d  interpret
Sequence  Label CNN
accTa| [1] Predicted ”
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ACCTA = T
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Tt Feature importance
0] | @ Interal unit @ Output

Zou et al., 2018, Nature Genetics 51, 12-18

One sequence / read is one statistical observation

One genome (N=1) is a Big Data

Modern contamination is a big problem for aDNA
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NB;S eep Learning for Epidemiology

COVID Symptom Study

COVID Symptom Study

TV4:s Nyhetsmorgon

Idag den 23 juni deliog professor

MR AVERNTET 1 SAMARBETE MED KNGS COLLEGE LOWOON 0GHZ08 GLOOAL LTD LUNDS
Uppskattning nationellt Uppskattning per lin
NYHETER 6% : -
COVID Symptom Study oV Den streckade linjen markerar 4 november, I
e . 4 vir symtomrapportering férdndrades. 1 emml
COVID Symptom Study Lagg 1 minut om :
live - Istillet for d
agen pa att hjdlpa 1
Almedalen P! Sen
‘When ciizens engage in public oss bekémpa :
Kartor med uppskattad férekomst health research: pitalls and COVID-19. :
av symtomatisk covid-19 i Sverige e 1
2 g S——— ] i soc
202006-23 I
Aktuella kartor COVID Symptom Study i 20% :
1
1

Macia Gomex | ihatamonoe pa Las mer pa https://www.covid19app.lu.se/
TV4 fo att prata om COVID

Symptom Study och den aktuella
Kartisggningen av smittspridningen

av den uppskattade forekomsten av
symiomatisk covid-19[..]

l d
Ladda ned appen

App Stor
1 den senaste uppdateringen av

S SO . appen tom Study har forskningsprojekt vid Lunds universitet i samarbete med
. 4n COVID & Sindy Sverise ppen COVID Symptom Study h Ett gsproj
Google Play enaste nytt frin COVID Symptom Study Sverige RAER Sl King's College London och ZOE Global Ltd

ska hjaipa oss forsth covid-19 bttre

20200621

App store Google Play

Nya fragori appen:
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Levnadsvanor och diabetes

Antal deltagare som bidrar till dagliga berakningen
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Deltagare i Sverige o o o LUNDS
© Jull K 9:00) COVID Symptom Study — UNIVERSITET
 the UK

Andel deltagare med symtom 6verensstammande med covid-19
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Datum

2.2 min data points from 200 k individuals

Predicting Covid19 Infection in Sweden: Receiver Operation Curve (ROC)
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B Decision Tree, AUC=0.67
I Random Forest, AUC=0.826
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)= Deep Learning is not Good Enough  §cj Lab

Intelligence is to know how much you do not know

Stock Price Prediction: Standard vs Bayesian Approach 1000
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Frequentist Statistics Failure

RaukR 2018 . 4/



Why Frequentist Statistics is Brain Damaging
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Pvalue is not good for ranking features R:::R

X_mean <- 5; x_sd <- 1

PR —— N _vector<-seq(from=100,to=10000,by=100)
Scientists rise up against statistical significance x1 <- rnorm(N_vector, x_mean, x_sd)
O A S oot 000 DA il s S lantas Al s x2 <- rnorm(N_vector, x_mean*FC, x_sd)

end 1o byped claimn @nd the divmivsal of povsibly crucial effocts
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NB;S What is Bayesian Deep Learning? SCiLi]%Lab

B
Input Hidden Output Inputs Weighted Activation Qutput
layer layer layer sum function
1%0.6+
S 0x0.4+ max(0, 0.8)
0.6 1%0.2=0.8
i T - ReLU
) —oa— [ 00 ..

L(w)

PREDICTED TRUE
label label

FORWARD PROPAGATION f(x)=0.7 —?— y=0.8 ; :
m‘yﬂn PROPAGATION L(w)=(0.7-0.8)2 Loss s i

optimum  optimum

L J

-w , (Bayesian)
-b , (Bayesian)

—0 W, (conventional)

—_—f D ’ (conventional)

0.8 3.1
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How Deep Learning Does Fitting
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2 hidden neurons

16 hidd e)r$ neurons

variational distribution
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Bayesian Deep Learning
Superior for predictions on unseen data

SCiLy(eLab

tSNE on PCA
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Bartoschek et al. 2018, Nature Communications, 9, 5150

Uncertainties are crucial for Clinical Diagnostics



Frequentist Image Recognition cilifeLab

In [20]: | #

pole], L 38, 28) astype( floataz’)
10 28."28 asivpel: foassz )

Model Accuracy

1231 -
. — Train
s Validation /—/j
i ' g
034 {_/
n In [27]: | # Creat
5 (it
I il
& ﬂ 1l !‘x 08z
U normi)1)
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aAmMm
1411
= nodel SR e "
] i e
]‘ I i > o8
Cayer Ciypel Gutput Shape Paran 9
2 o
1Y) Frovene T e Tione, 5% 28, 787 0 o
4 <
l . g comizd 9 (Comvad) (None, 32, 28, 28) 9248 o
max pooting2d 4 (Raxbosling? (Nene, 32, 18, 14) 0
il flatten 4 (Flatten) (Nene, 6272) 8
Fa dense_7 (Dense) (None, 512) 3211776
dropout 8 (@ropout) thone, 312) 0 o8
dense 8 (oensel (one, 107 5138
Tomal parans: 323,478
prrarss 3 20,74
Non-trainarts po
om |
aﬁma‘&ﬂ_ea‘md“«!‘ﬂcf:}&{“dl il i i BB B n [28: | # /
et ol ol e Bt
080 /
) - 11585 Zoms/step - loss: 8.5762 - acc: 9.7917 - val loss: 8.38
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o 3 o 13 ) =
- 1158 26ms/step - loss: 8.3120 - acc: 0.8853 - val loss: 8.28 Epoch
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In (8]:
In (9]:
In [19]:
In [11]:
In (1z]:
In [12]:
In j1#]:
In (15]:

B:S

PyMC3, Edward, TensorFlow Probability

®_train = x_train.reshape((x_train.shape(a].D))
x_test = x_test.reshape{{x_test.shape(8].0))
print{x_train.shape)

printix_test.chape)

{52989, T34)
{12283, TB4)

from keras.wtils import to categorical
y_train = to categorical{y train)
y_test = bo_categoricaliy test)
print{y_train_chape)
printiy_test.shape)

(&8989, 14)
{1@asa, 1a)

ed.set_seed{314159)

N = 158 of images 1n a minibatch.

D=D of features.

K =18 of classes.

2 he dsta {in minihatches) in 3 TensorFlow graph.

x isone, D))

# Mormal(g,1) priors far the wariables. Mote that the syntax assumes Tensarfioe 1.1.
o= Liloc<tf_ zeras{lD. K]). scale=tf. ones{D. K]11)

b = Mormal{loc<tf. zeros(K). scale=tf ones(K])

# Categarica ood for classication.

e
y = Categorical{ef matmulix. w) + b}

# Contruct the giw) and gib). in t case we assume Mormal di
g = Mormal{loc=tf Variabbe{tf.random normal{(D. K1)).
scale=tf nn_softplus{tf Variable(tf. random normal{D. K]1111)
gb = Mormal{loc=tf.variable({tf. random normal(K])1).
scale=tf nn_softplusitf_Variable{tf.random normal

13000

def gencratoriarrays, batch size = M1:
starts = [8] * Lenjarrays) # pointers to whers we ans i
while True:
hatches = []
for 1. array in emmerate{arrays):
start = starts(i]
stop = start + batch size
diff = stop - array.shape(a]
if dif a:
batch = array{start:stap]
startsfi] += batch_size

wlse
batch = np.concatenate{iarrayistart:], array{:diff]))
startsfi] = diff
. _matches append(batch)
yield batches
cifarld = generator{[x train, ¥ train]. M)

2 e use a placeholder for the
placehalder(tf.int3z,

1 he nferance technigue, ie. minimise the KL divergence betwsen g and p.
inference = od Kign{{w: qu. b: qnl. data={y: y_phl})

the traning data.

inference_initialize{n 1tcr~s}}33 n_printeld8. scales{y: float{x_train. shape(8]) r
2 e use an interactive session.

sess = tf.InteractiveSession|)

les in the session.
varishles_initislizer{).run{}

£ ning begin. We load the data in minihatches and undate the VI
in range(inference.n_iter):

R e T

=X _batch = h_ resh
& TensorFlow method gives ..‘!c ._mc: data in & one hot wetor fors
¥_hatch = npoarguas|Y_hatch, sciz<l)

info dict = inference update|feed dict={x: X batch, y_ph: ¥ batch})
inference.print_progress{infa dict)

58000,50008 (1o I . cncod: Z21s | Loss: B5453. 266

Aar. e comwert

# Gencrate samples the posterior and store them.
n_samples « 199
prob_Lst = []

for in range{n_samples):
W_SImp = g Samplei)
b_samp = gb.sample()
w_samples_append(w_samp)
o_samples.append(b_samp)
# Also compute the probahi of sach class for aach {w,b) sample.
prob = tf.nn.softmax{tf matmulix_test. w_samp) + b_samp)
prob_Lst.append{prob.eval{])
sample = tf concat{{tf.reshape(w camp,[-1]).b_samp].8)
samples append{sample_cval{1]

£ Comy he accuracy of
# For each samnl
s
=

he model.
we compute the predictsd clacs and compare w
defined as the one which as maximum probab. ¥-
e perform st for each (w.b) 1n the posterior giving us a sef of accuracies
Finally we make a histogram of accuracies for the test data.
accy west = ]
for prob in prob_Lst:
y_trn_prd = np_argmaxiprob, axis-1) . astype{np.flaat3z)
acc = {y_trn prd == np.argmax{y test, axis=1)). mean{)<189
accy best.append{acc)

th the tect lahels.

Predicted class

"

.hist{accy_test)
tithe{"Histogram of prediction accuracies in the CIFAR1S best data”)
xLabel| "Accuracy® )

.ylabel | “Frequenc

b 3

afernce using each new batch.

Frequency

=
=
i

0.0

Frequency

=
[=1]
i

Bayesian Image Recognition

Prediction

SciLfiLab

T T T T T T T T
— [ Wi — = — e

™ = (=]
= H il H: m o — E Il E
] = = = ﬁ =] == o
= E = [} ¥l w
= = IS —
=18 S
=
<

Accuracy of the prediction of the test image

&

hJ
=]
L

=1

Tshi

Trouser

Bag

i
o

Pullover
Coat
Landal 4
Sneaker

Accuracy of the prediction of the test image

Ankle Boot




( National Bioinformatics
™ Infrastructure Sweden (NBIS)

%@ngﬁfy@
C)j‘(ﬁ e Vetenskapsradet

Scil ifelab

UNIVERSITET



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23

