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1-2. Research Internship for Engineering and
Computer Science (EGG 499)

EGG 499 2 4% Soto| 5 of5s 83t g7 =2 Hgof 2ast MY 535S 7|9= 20|
Ch Zo|E S¢ff SHIE 20t ARY, 2% 9 27| 12|10 Google ScholarE B1tXHO2 &2
o= S S Hi2th T2 & Shd2 2R} 2yt A7 =23 D[S 4% Xof 2

Hoh= AORM EGG 499 HHE 25 O

e 20| A

Syllabus day and introduction

=X
1A Review paragraph structure and commas

Thesis statements and topic sentences
2 Xt | How to format an essay with a thesis statement based on the body
paragraphs

How to do academic research
3 &X} | How to integrate sources
Literature reviews and research gaps.

Abstracts: what is an abstract and how do you write one?

=YY
AFX | presentation Day

UNLV Summer Research Program

1-3. Big Data & Al

Big Data & Al Z2l= Hil2 A FH7EK| Z A CHEQUCE THo|4M HojE # X 2E
A|ZI5H04 KNN, SVM, AZ2ar b2 Crefot 2n2|E2 0lsfistn, Me 3|72t Hrets Saf o]
HE DSt A Motst= WS iRICH £ Map Reduce®t SparkE A&t CHE 2 H[O]

or
10
~
Pt
1
m

B X2|2f Evaluation %! Classification =XIE Sol 22 LIIQt 27 AT HANMOE S&RUCt.

o0

74

5 z2 g

|0|E1 Ef 17t CO[E] Ofol'd 9l 2|90 E ot&dtal, H{Al2{d ol JHgat Tf

Introduction to ML S E SIS

Data Structuresin | OFO|M H|O|E #ZQ1 =X} EXIE, 2|AE, BF, 22|, Gmto| by

Python &, A HiE0f| Chall SHEStTt.
Mil2d ofg IFYS ofeldta, Xk ot&ol 2Fet 9|7, 2|1 MY/
Classification HIMed 250l Chet 728 CHEITh 28 Eot apb& et 2hAX{5ho)| thst
Of SF& STt

KNN 212[59] 7igat £, 22|t ofof| e FEHEE steot, &

KNN H 2ot H2) X 1K AH[Qzof chh ofehBict.
cvauaton | ESEE,ROC a+u S Do ML HU T EC0I DAHE BE

A | MH o7 E the 29 2440t
Linear Regression | CIE 2|7 2418 &0t AN S HEH HaEQ 2F0M2 2

Regularization on | CHE 2|72 CtEeaMY BXE Ao6HH, 81X 24 7HES olsista &

Linear Model g YHS S50}
C 2 glo EO&JDHEEﬁ_o_JIIRM—l 712 JHH< 0|8l
Map Reduce DﬂﬁlEle 17“11 = -r|E = brguffo f;t |2 7HE 2 OlsH5HH
H2|FAS M oA E Sl 28 WHE S50ttt
Spark Spark2| 7|2 71t AE 2|9l Ofslistn, RDDL et 7|52 &5
P sict.
Mo 2 Hotet X[ £ XM3to| Xt0|E O[sHdtal, Convex &2t
Numerical gradiente| St Tofotrt, £ X3} g 21 WOE EfMiSH= 2SS
Optimization S50, St&5E, step size@t 22 SIO|HI2t0[E{0f| CHSH O[SHE =
QICt.
SUM EHH O & SVME| R0t JWHSS StEettt. SVMe| §E2|E 0|8
St A1 H|O|BQF H|M CI|O|E{of| HEY ZRE AT{ELC}

HMEZ AlZglto| 7|2 Jidal AR ofsl{sn AFI & TE|= HA
Neural Networks 1;'u4 _ IA_I;D:I; JML ,:lfc'l_rjlffl Ol HErA’,:_L‘— FEIEIS, BA
Ol'o H S oo 9|EJ—|' I:IE-|0—| A 'L‘Ialﬁ E;on_H:l'
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1-4. Field Trip

1) 2tAH|0][7A Strip and Downtown

2tAH|0| AL = T A M AEE(strip) 2t CH2ERZ (downtown) 22 L EILY,

of 6km Z0|0f| Z5h= 2rAHO|AA AERER MA0M 712 2t2{stn OtECH HHE[Z E

2| 2N UCH MAMCE RS =8, 7IX| L, AR, 4, AEEQHE A|EZ 7I5

Kb RUO{ EtAH|O[HAL| @ 2t HA F SHLOICE

HEIX| 2 (Bellagio) 2| RE= 2tAH|O|AA AEZMME 3] HEHS0| YZ0| FO|X| &4

= ROZ 2fAH|0|AA ALY SHE | AHOiS D THESE @4 NTAO|HME ST 2o

D&0| =2kX| 42 4= 8lCh 3.28EIZ #22| Q820 BMX|= 24 &=
A

I =E7|E Soll 43 LS MAfsiT.

UNLV Summer Research Program

2EH K92 SEE20] H'_ S2l= X2 2tAH|0[AHAL] &7| JHH
g 2 h Z2[2E AEE|EV LHR2EHRS

SteqsHA| BMX|= Chefet DC|0{otE
29, 2AH[0[X|2F ZAH2 IOM TMX|= Chefet SAUS, M| fI2 ot

= HefIX| 2242|7t = FS0IT.

1o

£ £ gl 2722 TH2|2E AEZ|E LIt QIO 450m 20

= X 16 008t 7Ho| EI&CIO| R ET} ZHAILY OfA|ZE HH2t5H
2 4 QI} S8 DT2|2E AEEE ML= LGOI 2
LEDZ BFSO{RCE

fid

weiboid RCS

Y i1 &Eivie Blolkia



UNLV Summer Research Program

3) National Park Tour

= X}0|2 FHL|¥1(Zion Canyon)

ME REHUtah) &, AZHY(Springdale)
= Student Library K0l 2IX[$H Xto[ot &SR (Zion National

Ayisieniun [puonpN Bupsbuoaio

SAEE 0fQ Hoixo|D =83 297|224 Park)Oll= 021 30 %2 &=0] A HEH
o, stlof ZIEt7|0f O|AMel ZAO|C}, & oI HOZ Xto[A FHLIAS &= == UCE 19 5H
3t EAjTe| XL Xt2et PRl =7t S oF 0l AKX el E|XE0] HEIZ(Virgin River)
o7 & TS SISt 2B BAS BT el =50] efst H4=0f, Xzl xolel ZHH
7|0 R8It E3| HLtE Mol XHsoZ M| O ULt Xtoled ZHL{ 12 JZHE FHL|RH (Grand

g|= A|AEIO| OlAFEO|C}. Canyon), E2t0|A FHL|AH(Bryce Canyon)t &
H O|= A& 30 @502 HE3IC
Xo|A ZEZ e tHEXNQ! Eefd TARE [
LHZR=(The Narrows)2t AH-A 2HE(Angel's

Landing)O| QUICt CILIZRX FA = Z 6m, %=0|
= Student Union 600m9—| E'IIT AI’N% §§E H-lxl_l %F% [[I'El' Ha=

SHHE0| ROJA| CIOLSE SH=S =2 2 9l= 3 HE 26kmMt2] ZAO|CE 248 oMM 22t
OF ATt JiH MO|H S Cibet A|MS ZtED = S5t 2ol S MSeTt
UL} SHYSO|A| CHSt 2SS MSEYCEM o

» EA % HiE (Horeseshoe Bend)
CISoz YRst AL Hic = 2221E 20| 270 S0 S2H 242 Q| 0| Opk| LetZat
SQUCIL 610 2A+2H= 0|50| 20 FCH, A MES| MHE = O e 20| YHS Z
22t 20| ME F21 U= Yelet 5to] Aotz & Zo|Ct,

= School Gym

>3%, 7%, AO|E Egfo|d S CIYet 28

A3t Z2Ogs S50 SME0| LTt ot

Mets SXjotl £4 = JYEE 510 ULt

UNLV ZiHA F0{= ot BE Ha Hot2 0 ofS9| dett stg etHE S ofshist= o| i 7
8¢ 7|2/ACH, 0|2 Solf of& XU Rt OfL|2t oMU S2| HO|E QI8 M = Crfet A|dat MH|AS

fid

welbold RT=

By slhiE&ivie Rlolkim
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OHEIZ T FHL |2 (Antelope Canyon)

HAZ I IHL A2 CHE ZHL A0t EE| D=2 =€
SHO| ot Lidts §X0[ 2t2|ot= XHX| 7o
£olT. [t 2HE240] OFEUE ELES 4 812
O 2t&S o = QIC|A #X| 710|=2 S&sHof
SiA ARE FHLI10 LiHle 852 3 2 gl= AL
OlO|Ct HHZ I FHLA2 Litte ME AE0[2H=
B LeXIR g2 MY HdE &1 A2 ¥x
OF, Elor 8l, MZ0| 22} o2 5%t ot5
ChES HddE & U= F20I0h, HH=Z FHL|A
2 AIYLR O|F0H QU0 o2 KA A E9)
MS = oHH, 5 L0 2ol 228 S0i2t 2F
2 Y2 SEot 29| At B|F0f OEHR &
Z2 U=0f it

= JE HL|(Grand Canyon)
9| GrandE 22/ IME FHL|A2 0|SCHZ0|LE ST AHChoh ¢=0[CH IHE FHL|
oA SOt S22t 29| FAEE0| Qs HHEACH, AlZ2| Z0]= 1,600mof 0|21
2 52 20| 30kmoi| O|ECt THAZ F2MS WX X|F L= XSZ0MEs S50t A
|= it O] A|50| RES 0|R= PELE 722t OFFCHS0|7| = SFX|2H CHFet He|Eat
2| SO| MZ CHE A|7|9] XIAH HtE HO{FO2M X712 IALE LeiFE HA0(7]

oo
ozt
rot
bali

mn x rQ

ot
1]
%

HO oY mjo ki rlo
i=]

oy

H
o

[l
-

1-5. American Buddy Program

UNLV Summer Research Program

1) 22427} H|o| YJE{I3 (Cowabunga Bay Water Park)

2fAHO|HA

#70| YEITIR2M 1960LICHS HIKR 3t 27} Hlol= oA 71 2 213
IHE (22m)2 UE MIT} 9l0f O RYBICS E8t BE Al WRAS0| 5L 4 U Ciefs

-

|-OI=

O =

£0[7[750| HeH e T F Z2IE I (Point Panic)2 & Ef2tOf 5t= 7|t & SHLIO|C.

2) NBA Summer League

2004 2IAH|O|AHA MM 2[37t S22 ThE|
E[eH wxl= 3719l MO 2[a7t FHE =1 QU
=0, 7t E2| 2T A2 3071 7Eol & &
7ot BHAHIO|IHA MM 2[10 M 2|0= %
HAEHSO0| £HotE 2[171 oL F2 ¢l

L fAFS0[ F710] Hofett

[Realll=!

2tAH|O|HA MM 2|2 (Las Vegas Summer

League)= Oitd OF UlIHICt 3= TH2{CHO| A0M JHE|=[=C| sie] HFZ= 0] Eojet stlS2

EMHA & 9 ME{(Thomas & Mack Center) s7&0|A Thunder vs

Mavericks d7|S 225t NBAS| =AH2 E7|E ZULCH.

|

fid

welbold RT=

L
A

B=lola
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1-6. Industry Visit

1) £H H(Hoover Dam)
OF2| =L} F:ef HIHIC) = ZA|0f (XISt YoM 2ZMHS0| BO| BHE 6= FAED OfL|2F FAN
OR L JHK|7| =& 20|t

19314 O|= ZX| g i FNESS 2o Mo UstoZ ARE ZH & AM AP
1935, 414 THoj| 2t2El HOZ =£0] 221m, 20| 41Mm| &3ICt SHHE2 245 THEstD U4
7|0l MYt 22 2H5H| 2[5t0] 49| 918 ZHY TZHEQ| LR MO| M|7|=[HA SHHS A

H517| AZfSHALE.

el SHEHe| HAE2 ZH Ho| ot S HOIA=H|, 1947'F 0= H|31CH CHEF ZH CHEF2|
0|22 it = o= HAS HIRICEL SO Jo(2tl S8 YAl -iS ¢145h| 2o SR QIfS0|

AH B FHZ0f| A= = AIE|(Boulder City)dl| 8,000H2| HA = SXIS0| AHAM 30 CHet A

EAE Tz 0| =2 0tA 1 2 T2 Sh= Z0|RULE o|2{et =g X|AHEH Otm|ofSat 2

XHS0| o] TA|E BHE0| EXI2h= M2 7HX|A| &[0 X|IF2| 2tAH|0[HAT MALE Zi0|Ct,

UNLV Summer Research Program

R 720 1 0] oISt oA e1g a4t ke, Of BB ol 0IR0IM A1 2 728
X2foi1 2100 0152 0| S4(Lake Mead)OITh, 20] o 185kmel OfBfoiDfet o Q1B S =
TEot A HER 2 7OES KRBITHEYAS T 20| £ ORAD 2 T2 3= Z{0[R(C} O

=
2fet ”%% X[AHEH OHI|orS 1t £X1S0| EE| EAIS 2HE0| EXj2t=s M2s JHA &[0 XI5

AYH O] SH B0l 2o WAL QlZ =Tt QUd, O] QI3= 4 FA| O|=0lIM 7HY 2 #EE
Xi2istn QIO 0|22 0|E S+ (Lake Mead)O|Ct. Z10] 2F 185km2| O{ofo{Ofst 0] QlES 4=
OE7L A ME2 2 722 K2
2) 7I4:(Ka Show)

SIAH[O|HA 30 SH & Sl 7t = L2012 '2'0|2h= 522l KaE Q18510 ThE A-0[Ct T2
MRIX| &= SLHC i’é!% 7|0 TIHEICH
S0l Hofel Zes SXQl ojof7|2 T Ftae 47HK] Ao O|F0X|=0| &, 37|, XIF,
=9 2} tlof M 217kel S| ZO0HEfE FX Q= LIEFLAO Afahf S FHHO| D S AV |2 B
oI5t P S0| ZEHS KtopHTt
i ESHAE g ROt MHZER HIRE2| =0, SYEQl @47t G| B0 O, EHE
oF EHE|= 2 A=A 27| = &0|CH B MAA =29 ZHO0| ofL|2t CHAL g0 = B
EfSt OO |2t 7| & X AR =1L &H &2 + U= 3HO|Ct

fid

weiboid RCS

1y o2&k Elolbim
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“Viva Las Vegas turnin' day into nighttime. Turnin' night into daytime If you

see it once You'll never be the same again”

_Viva Las Vegas, Elvis Presley
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How to reduce the number of features

1. COX model 2. Lasso+ Cox Model

—-> Reduce feature to —> Reduce feature to
about 2200 about 1200

Calculate Loss & C_Index

hyper_group=[ ]
train_group=[]
val_group=[]
cindex_group=[ ]
for act in Activation: ### s/gweid, tanh
for Ir in learning_rate: ### fe-d, Je—<4
for dr in dropout_rate: ### 0.7, 0.8
train_loss_list, val_loss_list, test_cindex = trainCoxmodel(x_train, ytime_train, yevent_train, #
x_valid, ytime_valid, yevent_valid,#
x_test, ytime_test, yevent_test, #
In_Nodes, Hidden_Nodes, Out_Nodes, #
Ir, Num_EPOCHS,act, dr)

hyper_group.append([act, IT,dr])
train_group.append(train_loss_list)
val_group.append(val_loss_l ist)
cindex_group.append(test_cindex)
print(act, Ir,dr)
# plot_learning curve(train_loss_list, val_loss iist,Num EPOCHS)

Training Loss & Validation Loss plot

from Dataloader import load_data
from Train import trainCoxmodel

import torch
import numpy as np

import matplotlib.pyplot as plt

def plot_learning_curve(train_loss, val_loss,epoc):
epochs = range(epoc)

plt.plot{epochs, train_loss, 'r’', label="Training loss)
plt.plot{epochs, val_loss, 'b', label="Validation loss’)
plt.title('Training and Yalidation Loss’)

plt.xlabel( Epochs’)

plt.ylabel('Loss’)

plt.legend()

plt.show()

First Case (36 ways)

Sigmoid, tanh, relu = Activation

0.001, 0.0001, 0.00001 = Learning Rate

0.5, 0.6, 0.7, 0.8 = Drop out Rate

600, 300 => number of nodes for each hidden layer
epochs = 20000

Cindex = About 83.3%

Select Activation Function & Dropout_rate & Learning_rate

dtype = torch.FloatTensor

= iNet Sebbingsst e

INn_Nodes = 1202 ###number of genes

Hidden_Nodes = [600,300,150] ###number of hidden nodes
Out_Nodes = 1 ###number of hidden nodes irn the last hiddern /ayer

Initialize """
Activation=['sigmoid', ‘'tanh','relu']
dropout_rate = [0.5,0.6,0.7, 0.8]
learning_rate = [0.001, 0.0001,0.0001,0.00001]

Num_EPOCHS = 20000 ###7for training

load data and pathway *'*

%_train, ytime_train, yevent_train = load data("train_df0.csv", dtype)
x_valid, vtime_valid, yevent_valid = load_data("val_df0.csv", dtype)
x_test, ytime_test, vevent_test = load_data("test_df0.csv", dtype)
opt_loss = torch.Tensor{([float("Inf")])

HEH T gou /s being used
if torch.cuda.is_available():
opt_loss = opt_loss.cuda()

Second Case (48 ways)

Sigmoid, tanh, relu= Activation

0.001, 0.0001, 0.00001 = Learning Rate

0.5, 0.6, 0.7. 0.8 = Drop out Rate

600, 300, 150 => number of nodes for each hidden layer
epochs = 20000

Cindex = About 81.7%
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Third Case (24 ways)

Sigmoid, tanh = Activation
0.001, 0.0001, 0.0001 = Learning Rate
0.5, 0.6, 0.7, 0.8 = Drop out Rate

300, 150, 50 => number of nodes for each hidden layer
epochs = 20000

Training and Validation Loss9 tanh 0.001 0.7 Training and Validation Loss7 sigmoid 1e-05 0.7 Training and Validation Loss11 tanh 0.0001 0.7

5.5 — Training loss —— Training loss 81 — Training loss
— Validation loss 5o — Validation loss — Veldation loss

60 40 60 40
Epochs Epochs Epochs

Epochs =40000 Epochs = 80000

Training and Validation Loss0 tanh 0.001 0.7

— Taining loss
554 — Validation loss

Training and Validation Loss0 tanh 0.001 0.7

6.0 —— Training loss.
— validation loss

55
50
50
0 45 2
4 8
g 45
40 40
35
35

0 S0 100 150 200 250 300 350 400
0 25 50 75 100 125 150 175 200 Epochs

7
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Summer Big Data
Project

Jae Eun Lee
Do Hyun Kim
Seong Yeong Ham

UNLV Summer Research Program
O

Summer Big Data
Project

Dark Mode
Jae Eun Lee, Do Hyun Kim, Seong Yeong Ham

Contents

00 Team Introduce
= |ntroduce Team’s Name
= Member’s dolist

01 Subject
= Team's Subject Title
= Objective

10 Algorithm
= Using model

= Difference other model

11 Result

= Project Result

= Discussion

By slhiE&ivie Blolkim
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00 Team Introduce

Introduce Team’s Name / Member’s do list

Jea Eun Lee

Coding
Code Analysis

Seong Yeong Ham

Error detection & Modify
Making PPT

Do Hyun Kim
Coding
Last Coding Organize

m 00 Team Introduce
Until Middle Presentation

Take a Data from Sai

- All preprocessing Data
- Patches done

01
Subject

UNLV Summer Research Program

01 Subject
Team’s Subject

3. Pathological Image Analysis for Cancer
Classification

01 Subject
Team'’s Objective

Team’s Objective Failed!! ®

Development of a Data Integration and
Computer Vision-Based Deep Learning
Model for Cancer Prognosis Prediction
& Recurrence.
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10 Model
Using Model

First Try

CNN
- Sequential Model
- The Sequential model is a linear stack of layers,
where you add layers one by one to build the neural network

ReLU(Rectified Linear Unit)

Conv2D

10 Model
Using Model

>> Simply CNN

UNLV Summer Research Program

Failed!!

# Define the model architecture

model = Sequential()

model.add(Conv2D(32, (3, 3), activation='relu', input_shape=(IMAGE_SIZE, IMAGE_SIZE, 3)))
model.add(Conv2D(32, (3, 3), activati. elu'))

model.add(Conv2D(32, (3, 3), activation='relu'))

model. add(MaxPooling2D(pool_size=(2, 2)))

model. add(Dropout(0.3))

model.add(Conv2D(64, (3, 3), activation='relu'))
model.add(Conv2D(64, (3, 3), activationz'relu’))
model. add(Conv2D(64, (3, 3), activation='relu’))
model. add(MaxPooling2D(pool_size=(2, 2)))

model. add(Dropout (0-3))

model.add(Conv2D(128, (3, 3), activations'relu’))
model.add(Conv2D(128, (3, 3), activation='relu’))
model.add(Conv2D(128, (3, 3), activation='relu'))
model. add(MaxPooling2D(pool_size=(2, 2)))

model. add(Dropout(@.3))

model. add(Flatten())

model. add(Dense(256, activation='relu’))
model. add(Dropout (0.3))

model. add(Dense(2, activation='softmax'))

10 Model
Using Model

# Get the metric names
metric_names = model.metrics_names

# Evaluate the model on the validation set

val_loss, val_acc = model.evaluate_generator(val_gen, steps=len(val_gen))

print("val_lo: val_loss)
print(*val_acc: ", val_acc)

# Get the Labels of the test images
test_labels = test_gen.classes

# Make predictions on the test set

= model.predict_ge (test_gen,

# Get the predicted labels as probabilities
y_pred = predictions.argnax(axis=1)

# Generate the confusion matrix
cn = confusion matrix(test labels, y_pred)

# Plot the confusion matrix
plt.figure(figsize=(8, 6))

sns.heatmap(cm, annot=True, fmt='d", cmap='Blues')
plt.title(Confusion Matrix')
plt.xlabel(*Predicted Labels')

plt.ylabel('True Labels')

plt. show()

# Calculate the ROC AUC score
roc_auc = roc_auc_score(test_labels, y_pred)
print(*ROC AUC: ", roc_auc)

10 Model
Difference other model

_gen), verbose=1)

Adam(Adaptive Moment Estimation)
- Optimize Function

# Compile the model

model.compile(tf.keras.optimizers.Adam(learning_rate=0.0001), loss='binary_crossentropy’, metrics=['accuracy'])

Pytorch...!

It can be used for transfer learning with pretrained weights, making it
suitable as initial weights for image segmentation tasks.

Sigmoid Activation Function Selection
Binary Cross-Entropy (BCE) Loss

widely used for binary classification tasks.

BCELoss computes the cross-entropy between the true labels and the predicted values.

10 Model
Difference other model

Adam (again)

Set Hyper Parameters

BATCH_SIZE = 16
NUM_EPOCH = 10

These values represent the batch size used during training and
the number of epochs, respectively.
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01 10 Model 11 Result
Difference other model Project Result

UNLV Summer Research Program

class SegmentationModel(pl.LightningModule): .
def _ init_ (self): All failed...
super(SegmentationModel, self)._init_ ()
self.resnet = torch.hub.load( 'pytorch/vision:v8.9.8', 'resnet50', pretrained=True) But it has a meaning
# 0|8 222 S5 FH LS +5 12 FHS signoid B4E ZE
self.fc = nn.Sequential(
nn.Llinear(2048, 1),
nn.Sigmoid()
)
self.lr = le-5 # learning ratesS le-5%
self.criterion = nn.BCELoss()

The fc layer is added to adjust the output node count to 1 and applies a Sigmoid function to convert the
problem into binary classification.

01 10 Model

Difference other model

# TrainerE & &5/ 7 ZEE 5= (Gradient Accumulation &E)
trainer = pl.Trainer(max_epochs=NUM_EPOCH, accumulate_grad_batches=2)
trainer.fit(model, train_loader, val_loader)

Use gradient accumulation

The parameter accumulate_grad_batches=2 is set to perform gradient accumulation of 2, which helps
effectively train the model with smaller batch sizes due to memory constraints.

Error

For debugging consider passing CUDA_LAUNCH_BLOCKING=1.
Compile with "TORCH_USE_CUDA_DSA to enable device-side assertions.

11
Result
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Deep Learning Based

1 1 Deep Learning Based Survival Analysis
Su!‘v'val AnaIYSIS Usinpg Genom?c Data !
Using Genomic Data

Inho Lee

Seobin Shin
Inho Lee Inyeong Jeong
Seobin Shin

Inyeong Jeong

A Project Process

\1) Data Collection & Preprocessing
Model Learning

3) Evaluation

Data Collection

[a=® cBioPortal

15 FOR CANCER GENOMICS

Use data from the cbio
homepage efficiency and accuracy

e [Elolbim
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Feature Selection

® Use the Cox-PH model to select the appropriate feature for survival analysis

e Cox-PH

h(t|X) = hO(t) * exp(b1X1 + b2X2 + ... + bp*Xp) (t = time)
Use to evaluate the association between the survival time of patients and one or
more predictor variables.

® Reduce the number of features 19761-> 3436

Model Learning

Neural Network
e Feedforward Networks or Multilayer Perceptrons

oY%
DD

Input layer Hidden layer Output layer

Model Learning

Design of Neural Network

e Activation function: to compute the hidden layer values
= RelLu, Sigmoid, Softmax

e Cost function: to optimize the model
= Negative Log-likelihood Cost

Model Training

UNLV Summer Research Program

Op e ow to op ode

= Adjusting Hyperparameter Values

® K-FoldCV=k=5

® Run model training according to the set hyperparameter value
e Calculation of Loss values according to iterations

Model Training

Model Training

HYPERPARAMETERS:

dropout_prob =0.9
activation = 'ReLU’
learning_rate = 0.001
epochs = 5000
batch_size = 64

(ReLU)

C-index = 0.5

23

0.

s

10
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Model Training (Sigmoid)

HYPERPARAMETERS:

dropout_prob =0.9
activation = 'Sigmoid'
learning_rate = 0.001
epochs = 1000
batch_size = 64

KFold =5

C-index = 0.7562466859817505

Model Training (Softmax)

HYPERPARAMETERS:

dropout_prob =0.9
activation = 'Softmax'
learning_rate = 0.001
epochs = 1000
batch_size = 64

KFold =5

C-index = 0.692832350730896

Loss over terations

Model Training (Sigmoid)

HYPERPARAMETERS:

dropout_prob = 0.9
activation = 'Sigmoid'
learning_rate = 0.001
epochs = 5000
batch_size = 64

KFold =5

C-index = 0.822630763053894

Loss over teratons

N

Mol g Ay, Y Y

N/ Vet

Model Training (Sigmoid)

HYPERPARAMETERS:

dropout_prob =0.9
activation = 'Sigmoid'
learning_rate = 0.0007
epochs = 10000
batch_size = 64

KFold =5

C-index = 0.7505518794059753

terations

UNLV Summer Research Program

§

0\ Au M \‘
,wa.wu)«.\A}nwwu\mwl_w‘ W \N»"V"”%\J\ N\A‘l W”MN

Vol toss.

Model Training (Sigmoid)

HYPERPARAMETERS:

dropout_prob =0.9
activation = 'Sigmoid'
learning_rate = 0.0007
epochs = 7000
batch_size = 64

KFold =5

Evaluation

C-index = 0.810590386390686

Loss over terations

a4

e Use c-index to evaluate models

e C-Index

Survival data usually includes censored data
= Use c-index instead of general indices

C-Index &< model's accuracy

s110dai 108(0id wes |
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Segmenting Road Traffic
S Mean Validation Loss: 2.887149990218026 0 bj ects U Si n g C N N a n d

Standard Deviation of Validation Loss: 0.1787564699351698

learning_rate = 0.007 & RN N ArChiteCtu res

epochs = 7000

best result during trial

Gyuijin Choi
Gahyoun Gim
Donghyeon Kang

Conclusion

References

https://www.graphpad.com/guides/prism/latest/statistics/stat_censored_data.html

[3] https://www.nature.com/articles/s41598-019-43372-7

[4] https://ieeexplore.ieee.org/abstract/document/9794670
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Segmenting Road Traffic
Objects Using CNN and
RNN Architectures

Gyujin Choi
Gahyoun Gim
Donghyeon Kang

Table of Contents
I. Topic
IT.Pros and cons of the model
ITI.Data introduction
IV.Team members’ work
I. Supervised learning model
II.Semi-Supervised learning model

ITI.Unsupervised learning model

l. Topic

Road Traffic Segmentation Using CNN and RNN

QOOOOO
QQOOOO0OO
QQOOOOO0O

300000

UNLV Summer Research Program

Il. Pros and cons of the model

Supervised Learning

* Pros
« Accuracy
+ Since the model learns from labeled data,
it's highly likely to produce accurate predictions.
« Interpretable Results
» The interpretation of the results predicted by the model is relatively clear,
which aids in analyzing the relationship between predictors and outcomes.

« Cons
- Data Requirement
+ Making model needs a large amount of labeled data,
and labeling requires considerable time and effort.
- Overfitting
« Complex models may learn too well from the training data, reducing their
ability to generalize to new data.

Il. Pros and cons of the model

Unsupervised Learning

* Pros
» No need for data labeling
« can find hidden patterns or structures in unlabeled data.
« Useful with large datasets
« It is effective in extracting useful information from a vast amount of data.

« Cons
« Interpretation of results
« It is challenging to interpret and understand the results.
« Predictive power
« Without labels, it may have lower predictive power compared to supervised
learning.

Il. Pros and cons of the model

Semi-Supervised Learning

« Pros
- Efficient label usage
» Only a fraction of the large amount of data needs to be labeled,
saving time and effort.
- Improved Accuracy
« It can achieve higher performance than using only supervised learning by
utilizing unlabeled data.
« Cons
« Labeling errors
« Errors in labeling a portion of the data can affect the overall model
performance.
« Increased Complexity
« The algorithm can be more complex and harder to implement compared to
supervised learning.

s1i0dal 108(oid wea |

—
o
N

iR 8ivEe laloll

Y

|37



Ayis1eniun [puonpN Bupsbuoaio

108

[ll. Data introduction

kaggle

lll. Data introduction

CITYSCAPES
P paTaseT

= kaggle Q search
@ oans - uroateo s vears A
<+ Create
The Cityscapes Dataset
@ Home C_t I h high quality anfotations
Ityscapes
©@  Competitions y p
Semantic Segmentation for |
f@ Datasets
Models ur raw
A Source of raw data
&5 1Eoda DataCard Code (89) Discussion (6)
B Discussions
About Dataset
& Learn
oS Context

Cityscapes data (dataset home page) contains labeled videos taken from vehicles driven in Germany. This version is a processed
subsample created as part of the Pix2Pix paper. The dataset has still images from the original videos, and the semantic segmentation
labels are shown in images alongside the original image. This is one of the best datasets around for semantic segmentation tasks.

‘Semantic ndrstading ot tet s

[Il. Data introduction

Q Ssearch

Cityscapes Image Pairs

Semantic Segmentation for Improving Automated Driving

DataCard Code (89) Discussion (6)

About Dataset

Context

Cityscapes data (dataset home page) contains labeled videos taken from vehicles
subsample created as part of the Pix2Pix paper. The dataset has still images from
labels are shown in images alongside the original image. This is one of the best da

» dataset
« 2975 training images files
+ 500 validation images files

» image file

« 256x512 pixels

« original photo on the left half of the
image

lI1l. Team members’ work

Gyujin Cho Donghyeon Kang
Semi-supervised Unsupervised
learning learning

I11I-1. Supervised learning mo

UNLV Summer Research Program

Gahyoun Gim

Supervised
learning

del

Guo, Y., Cao, X., Liu, B., & Gao, M. (2020). Cloud Detection for Satellite Imagery Using

Attention-Based U-Net Convolutional Neural Network. Symmetry, 12
https://doi.org/10.3390/sym12061056

(6), 1056.

A - -
9 Conv &
> uaam
@ {(wa, bg) o - .
v £ Con & attention @ o
o v — 5, = s =l rient
f & “ Vwou asen 1
- I I
(o) P i
; HH—=— T o
S T i
77 ! —  atp comme
44 output l.- ool . . 1 maxpoal2x2
{ ———— t womaxz
= = conv1x1,Sigmod
| = -
output
roge ] Segmentaton
map
H g R
) ¥ s e |
f s,

—_— 66 -

1 =

| =]

i
‘ I7 I7I LA‘J» [l7I7. w Attention Module
: Teeeal

skip connection
max pool 2 X 2

up conv 2 X 2

conv 1 X 1,Sigmod
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I11I-1. Supervised learning model

Introduction to model training methods

« # Contraction path x 3 times
« Configuring a neural network
» Convolution Layer
« FILTERS = 32, KERNEL = 3,
activation="relu', padding='same’
» Pooling Layer
» pool_size=(2, 2)

I11I-1. Supervised learning model

Introduction to model training methods

« # Expansion path x 2 times
» Concatenate
» Conv2DTranspose
* FILTERS*2, (2, 2), strides=(2, 2), padding='same’
» Convolution Layer & Pooling Layer
« output
+ activation="softmax’

« Epoch: 100

[11I-1. Supervised learning model

Results of the trained model

Accuracy over epochs Loss over epochs
3.0
— train loss
0.8 —— validation loss
25
0.7
> 2.0
g - accuracy: 0.8397 g loss: 0.5444
3
g val_accuracy: 0.7999 15 val_loss: 0.7298
Val loss: 07298
05
10
—— train accuracy
0.4 ~—— validation accuracy 05
o 20 40 60 80 100 o 20 40 60 80 100
Epochs Epochs

UNLV Summer Research Program

l111-2. Semi-Supervised learning

Jonathan Long, Evan Shelhamer, Trevor Darrell, FCN, CVPR 2015

« Fully Convolutional Network

forward /inference

backward/learning

I111-2. Semi-Supervised learning

Model Introduction(FCN)

« Fully Convolutional Network

» Using FCNs structure
« Convolution layer: kernel size(3,3), activation function(relu), padding(same)
pooling layer: kernel size(2,2)
Upsampling layer

32x upsampled  2xupsampled  16x upsampled  2x upsampled  8x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s)  prediction  prediction (FCN-8s)

image

\ A %
/ \ g
l 3 3
pool3d poold pool5 i poold *3——,——." pool3 *v e
/ prediction 4™ prediction 4~
J /4 A
/

I111-2. Semi-Supervised learning

Introduction to model training method(Semi-Supervised learning)
Dali Chen, Yingying Ao, Shixin Liu, MDPI 2020 / Dong-Hyun Lee, research gate 2013

Algorithm : Semi-supervised learning method for image segmentation

» Epoch = 10
n=1:N,m=1: M},
symin=1:N, m=1:M}, « Batch size = 32
» Learning rate = 0.001

Input: Training dataset D = {z,4
Updated dataset D* = {z,
Test dataset {z"}

Output: The mask image y*

STEP 1: Initialization

« Learning method: epoch, batch size, learning rate . StOp criterion: repeat a certain
 Divide train data into labeled and unlabeled datd
« Initial training set D. number of time

* Initial FCN model.
STEP 2: Update the FCN model parameters 0
STEP 3: Predict the pseudo-label Yy
STEP 4: Update training dataset D*
STEP 5
 While a stopping criterion is not met do
> Update the FCN model parameters 6 using the updated training dataset D*
© Retum to STEP 3
* end while

STEP 6: Take 2" as input and compute y/*

s110dai 108(0id wes |

[y
—
—

2RIY &Nk Blokim



Ayisianlun [puoipN BupsBuoaiy

112

I111-2. Semi-Supervised learning

Result of trained model

Image 3

Mean IOU: 0.16

I111-3. Unsupervised learning

Advantages

* No labeling

Disadvantage

* low accuracy

l111-3. Unsupervised learning

» BSDS 500 dataset

UNLV Summer Research Program

[111-3. Unsupervised learning

Vargr + Varg + Varg
3
minlabels = (Var//10) + 3

Var =

l111-3. Unsupervised learning

miou= [0.173, 0.024, 0.06]

infer = False

I111-3. Unsupervised learning

miou= [0.043, 0.193, 0.015]

infer = Ture
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Deep Learning Based
N T Survival Analysis Using

0o 2% S o o o 9 5o
B B o
p——

13 % oo y 250 250 00 0 13 P W o me e xe 3o Py
B B
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T
% % % B w0 @0 % @ a0 E 00 s00

Jisang Lee
Taehun Lee
Hyeonseo Jung
Geonyung Park
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Deep learning based survival

analysis using genomic data

Final Presentation

Team ESC
Statistics Jisang Lee
Statistics Taehun Lee

ISE Hyeonseo Jung
ISE Geonyung Park

UNLV Summer Research Program

01. Data Preprocessing

-Feature Selection

exp(coef) upper 95% cmp to ) -log2(p)

covariate

ZNHIT1

ZNHIT2

ZNHIT3

ZNHIT6

ZNRD1

Calculated each p-value by grouping
the genes of merged_df into 100 expressions.

Only chose P-value <0.05
Reduce from about 190,000 features to about 3,000.

Index

01. Data Preprocessing

02. Model Structure 05. Result

04. Model Training

03. Hyperparameter Tuning 06. Limitation

01. Data Preprocessing

-Feature Selection

1 cph.print_summary()
Concordance
Partial AIC
log-likelihood ratio test 413.06 on 62 df

-log2(p) of ll-ratio test 174.74

REASON FOR OUR FEATURE SELECTION

""MODEL" is statistically significant : P-Value < 0.05
"Features" is statistically significant : P-Value < 0.05

01. Data Preprocessing

Remove Merge
NaN data All Data

Merged_df

Row (Sample Patient) , Col (Gene,Label)

'0S_STATUS' and
'OS_MONTHS'
for the label.

02. Model Structure

Deep Neural
Network

def forward(self, x):

x = self.fcl(x)
x = self.activation(x)
x = self.dropout(x)

x = self.fc2(x)
x = self.activation(x)
x = self.dropout(x)

x = self.fc3(x)
x = self.activation(x)
x = self.dropout(x)

x = self.fc4(x)
return x
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UNLV Summer Research Program

03. Hyperparameter Tuning

EPOCHS = 20,000

20000.0.8139 sigmoid 0,005 0.7 json

050 0.60 Sigmoid 5e3 le3
065 0.70 Hyperbolic-Tanh Se-d le-d 0]
075 0.80 ReLU 5e-5 le-5
20
085 0.90 5e-6 le-6
H
epochs Dropout sl
20,000 0.70
>> Hyperparameter *
Tuning
26
Activation Learning 7 E = 3 oo == P = o
Rate et
sigmoid 5e-3 Total number of tuning: 192

The learning curve is selected as the best learned hyperparameter.

05. Result

® 5 Fold - Cross Validation
1st Cross Validation

Loss over lterations

03. Hyperparameter Tuning

- Trial and Error

Ay ] .

Best Epoch: 20310
Best Valid Loss: 3.242199420928955
C-index: 8.8008250594139099
05. Result
e 5 Fold - Cross Validation
2nd Cross Validation

3 5000 10000 15600 20600
Rerations

Best Epoch: 3768
Best Valid Loss: 3.0449931621551514
C-index: 0.843069314956665

25500 30800

EPOCHS 20000 EPOCHS 20000
\ Activation Sigmoid Activation Tanh
Learning_rate|  0.0001 Learning_rate|  0.0001
s T = s s Dropout 060 s = s o Dropout 010
| f ik WA W
Mﬂ‘\wﬁ’*w \
- W.v
' |
EPOCHS 20000 - EPOCHS 20000
L.. Activation Tanh = Activation Sigmoid
Learning_rate 0.0001 o Learning_rate 0.001
= s T == = == Dropout 060 moEr s omooEmeomes Dropout 085
del Traini
04. Model Training
=
==
.
.
Ean
.

Epoch 29301/30000, Train Loss: 2.8656743998990373, Valid Loss: 3.324179172515869
Epoch 29401/30000, Train Loss: 2.8601923613193074, Valid Loss: 3.329929828643799
Epoch 29501/30000, Train Loss: 2.9184954709985185, Valid Loss: 3.307443857192993
Epoch 29601/30000, Train Loss: 2.790267427672651, Valid Loss: 3.318582534790039
Epoch 29701/30000, Train Loss: 2.814209087707657, Valid Loss: 3.3177595138549805
Epoch 29801/30000, Train Loss: 2.75428127865759, Valid Loss: 3.316178321838379
Epoch 29901/30000, Train Loss: 2.79339024390916, Valid Loss: 3.3413915634155273
Best Epoch: 6701

Best Valid Loss: 3.1973493099212646

C-index: 0.791540801525116

05. Result

e 5 Fold - Cross Validation
3rd Cross Validation

Loss over Iterations

13 5000 10600 15000 20000
Rerations

Best Epoch: 15453
Best Valid Loss: 3.04701828956604
C-index: ©.8442243933677673

25000 0600
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05. Result

® 5Fold - Cross Validation
4th Cross Validation

Loss over Iterations

] 5000 10000 15600 20000 25000 30000
Kerations

Best Epoch: 7449
Best Valid Loss: 3.087181568145752
C-index: ©.8496699929237366

UNLV Summer Research Program

05. Limitation

¢ Small Data Scale : Small dataset weakens the model's reliability and
generalization.

e Biological Interpretation Difficulty : Interpreting deep learning in
biological terms is very challenging.

e Time Constraints : If there had been more time, we could have
increased the number of iterations.

05. Result

® 5Fold - Cross Validation
5th Cross Validation

Loss over lterations

] 000 10500

Best Epoch: 2356
Best Valid Loss: 2.8956408500671387
C-index: 0.8872937560081482

15600 20000 25000 30000
kerations

<WANKYo,,

05. Result

Model Evaluation

Final C-Index : 0.845 % 0.027
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Cancer Classification

Nayeong Kim
Mihyun Kim
Sehyun Park

UNLV Summer Research Program

PROJECT 3
Cancer Classification

NAYEONG KIM
MIHYUN KIM
SEHYUN PARK

INTRODUCTION

Deep-Hipo: Multi-scale receptive field deep
learning for histopathological image analysis

Sai Chandra Kosaraju * ! &, Jie Hao ® 2 =, Hyun Min Koh % 9 =, Mingon Kang®* 2 =

=) histopathological image £t21 O|0O| X]|
- Bn

machine learning 45~ ® image retrieval  _ " i

INTRODUCTION

» DATA SETS

- Training sets : about 70 thousands

- Validation sets : about 25 thousands
- Train sets : about 22 thousands

->We wouldn't train them all..
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F1_SCORE & MATPLOT

from sklearn.metrics import f1_score inport matplotlib.pyplot as plt
# Predictions for Validation Datasets history = model. history. history
val_pred_probs = model.predict(validation_generator) : :
val_predictions = np.round(val_pred_probs) 4 10ss
plt.plot(history['loss'], labelz'Train Loss', colar='blue')

# F1 Score calculation (for Validation dataset)
val_true_labels = validation_generator.classes

plt

f1_val = f1_score(val_true_labels, val_predictions) plt
plt
print("F1 Score on Validation Data:", fl1_val) plt
plt
# Predictions for Test Datasets
test_pred_probs = model.predict(test_generator) # Al
test_predictions = np.round(test_pred_probs) plt
plt
# F1 Score calculation (for Test dataset) plt
test_true_labels = test_generator.classes plt
1_test = f1_score(test_true_labels, test_predictions) 4
plt

print("F1 Score on Test Data:", fl_test)

GoogleNet

LLLUIOuS £ racenoae / _uss1s
Epoch 1/15
72167/72167
EBUG INFO) Executor start aborting (this does not indicate an err
h dtype int32

[[{{node Placeholder/_0}}1]

- 59620s 825ms/step

72167/72167 [=
- 50040s 633ms/step

ResNet50

Epoch 1/15

2256/2256 [ ] - ETA: 0s - loss

.plot(history['val_loss'], label='Validation Loss', color='orange')
.xlabel( Epochs")

.ylabel('Loss")

legend()

.show()

CCURACY

.plot(history['accuracy’], label='Train Accuracy’, color='blue')
.plot(history['val_accuracy'], label='Validation Accuracy’, color='orange')
.xlabel('Epochs")

.ylabel(*Accuracy")

legend()

.show()

— ETA: Os - loss: 0.4728 - accuracy: 0,77832023-07-18 06:51:42.289271: | tensorf|ow/core/common_runt ime/execu

or and you can ignore this message): INVALID_ARGLMENT: You nust feed a value for placehol

— loss: 0.4728 - accuracy: 0.7783 - val_loss: 0.3528 - val_accuracy: 0.8588

- loss: 0.4430 - accuracy: 0.7938 - val_loss: 0.4083 - val_accuracy! 0.8567

0.5787 - accuracy: 0.71882023-07-17 21:36:52.731135: | tensorf low/core/common_runtim

UG INFO) Executor start abarting (this coes not indicate an error and you can ignore this message): INVALID_ARGLMENT: You must feed a value for p

dtype int32

[[{{node Placeholder/_0}11]
2256/2256 [
Epoch 2/15
2256/2256 [
Epoch 3/15
2256/2256 [
Epoch 4/15
2256/2256 [
Epoch 5/15
2256/2256 [

] - 17951s 8s/step

] - ETA: Os - loss

] - 15681s Ts/step

2256/2256 [

Epoch 6/15

2256/2256 [ ] - 13233s Bs/step
Epoch 7/15

2256/2256 [ ] - 10396s 5s/step
Epoch 8/15

2256/2256 [ ] - 12667s Bs/step

Epoch 8/15

2256/2256 [ ] - 13117s Bs/step

] - 192725 9s/step - loss: 0.5787 - accuracy: 0.7188 - val_loss: 0.4802 - val_accuracy: 0.8241
] - 165705 Ts/step - loss: 0.5617 - accuracy: 0.7260 - val_loss: 0.4206 - val_accuracy: 0.8313

] - 147915 Ts/step - loss: 0.5571 - accuracy: 0.7270 - val_loss: 0.4701 - val_accuracy: 0.8220

= loss! 0.5525 - accuracy: 0.7296 - val_loss: 0.4184 - val_accuracy: 0.8321

0.5486 - accuracy: 0.7314

= loss! 0.5486 - accuracy: 0.7314 - val_loss: 0.4140 - val_accuracy: 0.8331
= loss! 0.5448 - accuracy: 0.7345 - val_loss: 0.4396 - val_accuracy: 0.8271
= loss! 0.5445 - accuracy: 0.7345 - val_loss: 0.3983 - val_accuracy: 0.8333
= loss! 0.5421 - accuracy: 0.738° - val_loss: 0.4050 - val_accuracy: 0.8332

= loss! 0.5414 - accuracy: 0.7358 - val_loss: 0.4083 - val_accuracy: 0.8327

UNLV Summer Research Program

AlexNet

h dtype int32
i
-~ 193875 8s/step — loss: 0.6013 ~ accuracy: 0.7189 ~ val_loss: 0.4870 - val_accuracy: 0.8279

2056/2256
ch 2,
2256/2256 18008s Bs/step — loss: 0.5347 — accuracy: 0.7191 = val_loss: 0.4302 — val_accuracy: 0.8279
Epoch 3/15
2256/2256 10850 5s/step ~ loss: 0.5346 - accuracy: 0.7181 - val_loss: 0.4964 - val_accuracy: 0.8279
Epoch 4/15
2256/2256 8713s 4s/step ~ loss: 0.5844 — accuracy: 0.7181 - val_loss: 0.4784 ~ val_accuracy: 0.8273
Epoch 5/15
184/2258 [=> 1 - ETA: 1:56:37 - loss: 0.5950 - accuracy: 0.7184
204/2258 [=>............................] = ETA 1:55:53 — loss: 0.5842 — accuracy: 0.7184
1 - ETA: 1:55:55 — loss: 0.5947 — accuracy: 0.7189

112755 5s/step — loss: 0.5344 - accuracy: 0.7191 — val_loss: 0.4323 - val_accuracy: 0.8279

- ETA: Os - loss: 0.5844 - accuracy: 0.7181
11048s 5s/step ~ loss: 0.5844 ~ accuracy: 0.7181 - val_loss: 0.5056 ~ val_accuracy: 0.8279

86265 4s/step — loss: 0.5344 - accuracy: 0.7191 - val_loss: 0.4354 — val_accuracy: 0.8279

86785 4s/step ~ loss: 0.5842 — accuracy: 0.7181 - val_loss: 0.5062 - val_accuracy: 0.8279

- 7908s 4s/step — loss: 0.5342 - accuracy: 0.7191 - val_loss: 0.4315 — val_accuracy: 0.8279
- 7679s 3s/step ~ lossi 0.5341 - accuracy: 0.7191 - val_loss: 0.4869 - val_accuracy: 0.8273
- 7908s ds/step ~ losst 0.5341 ~ accuracy: 0.7181 - val_loss: 0.4826 - val_accuracy: 0.8278
- B01Bs 4s/steo — loss: 0.5341 - accuracy: 0.7191 = val_loss: 0.4308 - val_accuracy: 0.8279

- 79325 ds/step - losst 0.5842 - accuracy: 0.7181 - val_loss: 0.4838 - val_accuracy: 0.8278

2256/2256 - 7821s 3s/step — loss: 0.5941 - accuracy: 0.7191 - val_loss: 0.4881 - val_accuracy: 0.8279

COMPARSION(TOP)

. validation
Architecture
Loss Accuracy
GoogleNet 0.3528 0.8588
ResNet50 0.3969 0.8339
Alexnet 0.4881 0.8279

* Accuracy : Googlenet > Resnet50 > Alexnet

AlexNet VS GoogleNet, ResNet50

Filter Size

« The number of Layer
« Gradient Vanishing

+ 1X1 Convolution Layer
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AlexNet VS GoogleNet, ResNet50

3

== . Filter Size
;1:"{;&. +Alexnet >> Googlenet, Resnet50
";____._-_..'-']} (,;,,T;.. ! m . '
Ll E#@ - Advantages of small filter size
T *Reduce the number of parameters
and computational complexity
i - -> Computational efficiency
gi - é ? «Effective in detecting local pattern
| 3

AlexNet VS GoogleNet, ResNet50

* The number of Layer : Alexnet(11) << GoogleNet(24),
ResNet50(51)
» More layer
» Advantage : Precision, Acurracy
« Disadvantage : Overfitting, Training time, gradient vanishing

* Gradient Vanishing
« AlexNet < Googlenet, Resnet50

* Googlenet : Utilization of various filter sizes, Inception module
+ Resnet50 : Residual Learning

AlexNet VS GoogleNet, ResNet50

* 1X1 Convolutinal layer
* Used in GoogleNet, ResNet50
» GoogleNet : used to adjust the number of channels.

* ResNet50 : employed within the Residual Block to perform dimensio
nality reduction and expansion.

UNLV Summer Research Program

GoogleNet VS ResNet50

» Network Structure
* Number of Parameters

* Task-Specific Performance

Inception Module

* Parallel usage of convolutional
layers at multiple scales.
- The network can effectively
capture features at different levels
\ of detail.

~\
I Channel
20X 28X 120 Q.
ey Concat
i

e
/ 18X18X256

Pevious
Activation |§

28x28x192

s

- Reduce dimensionality and
thereby decreasing computational

228X 192 complexity.
32 filters, 1 x 1x 192
GoogleNet
1 141 1iq 04
1 1 1 ligluillﬂ=giﬂ=gig:il'
spaned 2 fnad il TS
R TEEL Baas

* Memory efficiency

« Width (22 layers)

wanxn » Usage of 1x1 convolutional layers.

s110dai 108(0id wes |
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ResNet50

Tt bage

el Com, 64
33 Com,
1l Com, 256

Sl
Saelll

¢

 capture more complex and abstract features

» Depth (50 layers)

PARAMETERS

» GoogleNet

- The parallel convolutional operations within the Inception
module.

* ResNet50
- A large number of parameters due to its numerous layers.

PERFORMANCE

* Task-Specific Performance

- Both models have been successful in various computer vision.

- Vary depending on the specific task or dataset.

- Recommend to evaluate and compare the performance of
both models on the specific task of interest to determine
which one performs better.

UNLV Summer Research Program

CONCLUSION

+ Difference with ResNet50,GoogleNet VS AlexNet
> 1X1 con layer

 Difference of ResNet50 VS GoogleNet

> Inception Model

* Acurracy : Googlenet > Resnet50 > Alexnet

Thank you

For Listening
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Survival Analysis Survial Analysis

Jihyeon Kwon
Hyojin Yeon
Soyeon Bae
Yonghwan Lee

CONTENTS %

3

JBNU

Dept of Statistic  Jihyeon-Kwon
Dept of Molecular Biology ~ Hyojin-Yeon

Dept of Mechanical Engineering System  Soyeon-Bae
Dept of Computer Science and Artificial Intelligence  Yonghwan-Lee

Survival Analysis Using Genomic Data o1

02
03
04
05

130

Introduction
Process

Experiment & Result
Conclusion

Q&A

UNLV ™~

Introduction
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UNLV

Survival Analysis

Predicting | Evaluating Widentification§] Develope

patient treatment survival prediction
prognis effictiveness @ predictor model

Support decision-making in cancer management and treatment
Aid in the development of personalized treatment strategies

UNLV

Data
3

Develop a survival prediction model

using gene expression data from LGG and GBM patients.

® | GG (Low Grade Glioma)
o GBM(Glioblastoma Multiforme)

UNLV

Main Obstcles of Cox-PH

1) HDLSS : High Dimensional, Low Sample Size
Data(p>>n)
2) handling the highly nonlinear relationship between

covariates

the conventional Cox-PH model assumes the linear
contributions of covariates

UNLV Summer Research Program

UNLV

Solution

%

feature Identify the most relevant and informative features
(= (e o)s that have significant impact on the survival outcome

UNLV

capturing nonlinear relationships

Cox-nnet

between predictors and survival outcomes

Project Aim

Comparing Feature Selection Method

Similarity
Score

Modeling

Cox -
nnet

UNLV

Process

Preprocessing Steps

Feature Selection

Modeling

s110dai 108(0id wes |
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UNLV

Preprocessing Steps

1. Data Cleaning
2. Data Integration
3. Data Transformation
4. Data Encoding
5. Feature Selection
6. Data Splitting

7.Nomalization

— Feature Selection
UNLV

Feature selection in bioinformatics

%

® pecome an apparent need in many
bioinformatics applications

e contain a large number of features or
variables

e focus on the most relevant biological
variables and extract meaningful insights

== Feature Selection
UNLV

advantages

1. to reduce dimentionality
2. to improve interpretability
3. to provide faster and more cost-effective models

4. to avoid overfitting and improve model performance

—_— Feature Selection
UNLV

UNLV Summer Research Program

Variance

Low variance
W High variance

Feature number

Variance

%

removes the low variance features

from the dataset

that are of no great use in modeling

_\Feature Selection
UNLV

Variance

In comparison to the considered mutual information filters, for both

the variance and the carss filter, no categorization of the survival

outcome and features, resulting in a loss of information, is required.

An advantage of the variance filter over the carss filter is that it

allows unbiased testing in a subsequent unregularized model, if the

proportion of features to select is prespecified. This is because the
variance filter does not take into account the survival outcome for

feature selection, see also

%

variation filter primarily focus on
the variability within each feature
and does not directly consider
its relationship with the target variable
such as event or time.

Andrea Bommert and others, Benchmark of filter methods for feature selection in high-dimensional gene expression survival data,
Briefings in Bioinformatics, Volume 23, Issue 1, January 2022, bbab354, https://doi.org/10.1093/bib/bbab354

= Feature Selection
UNLV

e |tis applicable only on Numeric features

Variance

%

We don't need to change the values because they are all numeric.
e \We sorted each column in descending order for variance

e extracted only the top 25% of columns

Claortiss PRND DUSPI3 ROR2 STGD1 GC36 ABCC GRIN1 Tugsps TCTEd .. SRRMZ EHMIL opeips cisoms semasd Tl
DD ) D) e T e ED) WD) I T = G e iy e O]
D e T (D T i (o) e o [ = ) i ) e 1o
D T T i T I O I (D O T - G ) T T o
w0 omw azs ams o 093 FOWS X 4940 COIUMNS « 260 ame 12w o3

-1.9837
08073

02560
04160

00717 0

05507 -05881 02493 05010 07193 10921

07234

02650

06304

55
0.3587

26205
26205

0337 02505 086

10717 10076 -1.06
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—_— Feature Selection
UNLV

Why select columns with high variance?

® they exhibit a wide range of values and
indicate greater diversity

e more likely to contain more information
and provide useful features

Variability of 1 helps improve the performance of the model
Variability of 2 —ﬁ and captures important features that contribute
Variability of 3 to the variability in the dataset.

m\ Feature Selection
Cox-EN

elasticnet is a linear regression algorithm

that combines Lasso and Ridge.

n ) .
performs variable selection
L1 Penalty: R(w) = % Z|w,| emphasizing the weight of important variables

i=1

L2 Penalty: R(w) 2 ,wZ reduces multicollinearity

7 limiting the weights of variables

Elastic-Net Penalty:
n n
R(w) =% leiz +(1-9) Ellwl

1= =
A convex combination of L1 and L2 Penalty.

m\Feature Selection
Cox-EN

o |f Coefficient = O (Remove Features )
coefficient is the weight
e |f Coefficient I= 0 (Select Features )

ETV4 NUDT11  ERK LAMP2 UBE?R2 DCAF8 UQCRB FBXO21 VPS33B CD798 .. LINC01050 PARM1 BMPER Clorf18 PTER EXO1

0 04221 01505 04421 0059 04707 06780 -09751 10006 -05226 13109 10578 04246 06376 01435 07348 -0.167¢

1 01572 -03288 08236 13019 -0.0554 -0.4728 13939 -1.9952 -0.1080 -0.0937 00519 09772 -0.1022 -18032 07630 -0.298¢

2 01191 12676 12065 17294 22173 -13839 21369 07450 03227 -0.1015 07642 11538 -08520 -16975 -04469 1614¢

3 07370 02026 18875 -1.0678 08670 -0.4508 -0.9267 12153 -0.6022 -0.5898 04318 07051 -06806 -15808 -02504 -0.115¢

4 01260 -18580 -0.0307 12720 00899 03444 10613 -13447 08643 02130 01174 00765 -03796 -0.3473 02209 -2871¢
689 -1.0058 00227 -0.4501 -0.5039 06577 01700 04749 -0.9099 0.8085 -1.6267 06313 00649 07330 03259 -0.1539 -0.887€
690 -12236 10234 -00357 -07977 21647 07220 07548 -02833 07866 -0.0310 10278 05783 -0.8419 -04279 -08935 0574C
691 03786 07146 -0.6880 -0.4221 693 rows x 351 4 CO|UmnS 03212 14954 0.1182 07991 -0.366¢
692 -05748 08482 05122 00187 06663 -1.5466 -0.2799 -1.1087 -1.047¢
693 -09858 11262 02722 15747 10528 03273 09979 -00751 12017 -1.1981 05769 00425 16541 -08072 07371 0050

UNLV Summer Research Program

— Feature Selection
UNLV

Similarity Score
Similar Vectors Orthogonal Vectors Opposite Vectors
et Poceit-icel o

® Cosine-Similarity

e method for measuring the similarity between vectors
e measured by caculating the angle between two given vectors

_\Feature Selection
UNLV

Similarity Score

e Why is cosine similarity used?

ISLCEM WNT11 SLCI5F3 MYH15 SCARNA2 5CRT1I > Gene

0 13724 13602 10665 1.5561  -1.0059 07365
103311 12562 -00234 -04776  -10641 -0.1162 e Relationship between features is not linear

e To capture the non-linear relationship between features, cosine similarity is used.
e To consider related or dependet feature together, select high similarity score feature

1. Calculate cosine similarity between features
2. Leave rows with at least 80% of similarity scores greater than O for each column
3. The number of feature after feature selection : 4,749

m\ Modeling

Cox-nnet

%

High dimensional
gene expression input

Hidden Layer

CoxRegression
e Cox-nnet
Artificial neural network (ANN) framework
that has been specifically developed for
prediciting patient prognosis using high
-3 (”‘ ’;f*”“) throughput transcriptomics data.

Prognostic Index

TG xen) f o Why Cox-nnet?

® provides equivalent or better predictions
compared to other methods.

o takes advantage of ANNs to provide better

cxpretaon v insight by modeling complex non-linear

e o ot st et relationships.

Ching T, Zhu X, Garmire LX (2018) Cox-nnet: An artfical newral high
Biology 14(4): e1006076. hitps’/ 1006076
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UNT Modeling
Model Design

%

Hidde:\stayeM Hidden&liayerz ° Layer Architecture

Output Layer 1. Input Layer : Layer with features matching the
! dimension of input data

2. Hidden Layer 1: Linear layer with 128 nodes
3. Hidden Layer 2 : Linear layer with 64 nodes

4. Ouput Layer : Linear layer with 1 node

m\Modeling
Model Design

e Activation Function

RelLU(Recified Liniear Unit)
To learn complex patterns by introducing non-linearity to the model

® Optimization Algorithm

Adam(Adaptive Moment Estimation)
To achieve fast and stable convergence to adjust the learning rate automatically

m\Modeling

Model Training

® | oss Function

Negative partial log likelihood

e Used in the Cox proportional hazards model to train the model

e Calculated for each sample considering the event occurrence and the
predicted hazard ratio of each sample

® Decreses as the model predicts the actual event occurence time and
event occurrence

UNLV Summer Research Program

UNT Modeling
Model Training

® Hyperparameter Tuning

e Dropout Rate : 0.8
o set dropout ratio high to prevent overfitting because of HDLSS data.
® |earning rate
o Perform hyperparameter tuning using Trainer in PyTorch Lightning.
o Use Ir_finderto explore a range of learning rates and set a recommded
learning rate.
e Activation Function : ReLU

UNLV

Experimeﬁt & Result

3

UNLV -

Hyperparameter Table

%

Hyperparameter

Learning Rate PyTorch Lightning Ir_find Function
Dropout Rate 0.8
Activation Function RelLU
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UNLV

Result

test_c_index

UNLV
Learning Curve

%

val_loss train_loss
2,similarity,lr=tune, drop=0.8, relu @

r=2,high-var,lr=tune, drop=0.8, relu

2,similarity,lr=tune, drop=0.8, relu ®
) ,high-var,1r=tune, drop=0.8, relu
= layer=2,cox-en-0.05,1r=tune, drop=0.8, relu = layer=2,cox-en-0.05,1r=tune, drop=0.8, relu

3.65
36 3
3.55

29
35
3.45 28
34

27

-~ — - epoch

0 500 1k 1.5k
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Similarity Score based Feature Selection

%

Simiarty Matn -

0 0

00 0

oo =
. . e The best c-index in 3 Feature Selections
3 | e Don't use 2 labels(Only 1)

w0 | | 250 e Over 0 Score Threshold = 80%

15000 B s00

1500 i e

-0
R R T T T T ]
o

UNLV

UNLV Summer Research Program

UNLV

Conclusion

Conclusion

Adventage
Similarity score shows slight more improvement in the c-index
compare to variance and cox-en, stable running curve

Limitation
The Similarity Score does not consider both labels
(Month and Event)

Future Research
Consider both labels (Month and Event)
cross-validation

Significance
Confirm that the similarity score is a meaningful approach,
compared to the conventional methods

UNLV

Conclusion

Capture the intrinsic structure of gene data,
Enabling the identification of meaningful features in the model
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Scalable Data Processing :
By applying MapReduce in Spark

#Big-data #MapReduce #ML
Dayoung Kang

Jaehyeon Kim
Subin Seo

Background Resear

What is Big-data ?

: Any data set contains large volumes of information and complex data is called Big Data
(BD). It has 4 characteristics. (4V’s) (1

* Volume which is the quantity of data.

* Velocity is the speed of the data that during handling and generating.

* Variety refers to the range of data types and sources.

* Veracity is related to the truth of data which is important for precision in
analysis.

* +Value is the importance of the data importance and this is a very significant
feature in BD6.

’ BD is unlike traditional data, so it requires special processing to
manage it.

Background Research

How to process Big-data ?
: apply for MapReduce to process Big Data in parallel on multiple node.

Map
\
Input X Output

Data
Cadarset) .

« Split input data to number of slices

* Apply specific function to each to generate intermediate results

« Combine the intermediate results to make the final result.

UNLV Summer Research Program

About Data

: Customer information to predict who possible Defaulters are for Loans Product

train .head(10) m AV
lomm @ © e p— D € T — : o ¢
3 4 eseast 41 2 single rented yes  Software_Developer Bhubaneswar Odisha 2 12 1
7 8 3 2 single rented no Economist Jamnagar Gujarat 2 14 )
¢ e 2 v s e o At ot st W B
\ J
Y
Train_Data_shape : (252000, 13)  'ndependent variables (X) Dependent variables (Y )

It has 252,000 samples and 11 features.
Independent variables are used to predict of Risk_Flag which is dependent variables.
Risk_Flag(Y) is binary clas (Oor1).

We try 2 way to Implement MapReduce !

ﬂ (=) PySpark

Multiprocessing

Python

Multiprocessing

Using Python Muti processing library
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Modules for parallelism in Python: Multiprocessing

process
CPU

multiprocessing

process

Pool Object

which offers a convenient means of parallelizing the execution of a function across multiple
input values, distributing the input data across processes (data parallelism).

Multiprocessing: Pool Object

startmap( ) or map()

to stop further jobs

- execute tasks in parallel
- split data into multiple partitions
- each partitions processing in parallel

to wait for all jobs complete

Map

- Goal: Binary Classification with Linear Regression
- Calculate gradient by Ordinary Least Squares (OLS) for each partition

process gradient

CPU

_— — gradient param
multiprocessing [<— LB .
\\\w gradient gradient * learning rate
process gradient

UNLV Summer Research Program

Reduce

- Combines the intermediate results and updates the model parameters
- Sum the gradients then multiplied by learning rate to return the updated parameters

gradient

process

gradient —_ "\

param
gradient * learning rate

multiprocessing

process gradient —

gradient

process

REDUCE

MapReduce with multiprocessing

Pycharm(M1) JupyterLab(DIONE)
Pool Worker(CPU cores) 8 48
Processing Time 4min 2.028sec 1min 3.902sec

* Since multiprocessing performs parallel processing based on the number of cores in the CPU,
we were able to get faster results on the DIONE server with 48 CPU cores.

PySpoﬁgZ

Using Pyspark ( RDDs)

s1i0dal 108(oid wea |

,_.
S
N




Ayis1anlun |puoipN BupsBuoaio

148

Apache Spark™ is a multi-language engine for executing data engineering,
data science, and machine learning on single-node machines or clusters.

Batch/streaming

data SQL analytics

Data science
at scale

Machine learning

How does Spark do distributed and parallel processing?

¥

Clustering RDD & DAG

< Clustering >

Driver Program /,—‘;

SparkContext »| Cluster M.

Worker Node

Executor | cache

Worker Node

Executor | Cache

/

Spark is capable of in-memory operation and distributed processing, which speeds up.
= Because, Cluster Manager allocates Worker nodes to CPUs on its own and performs distributed processing.

Spark RDD & DAG

< RDD >

‘Spark RDD (Unstructured) Operations

Parent ROD

Lineage

o Transformations

(mapl), filter(), ..)

l (collect), count), )

[ |

\

* RDD is Spark's fundamental data abstraction concept,

which is a distributed collection of data elements

divided into multiple partitions.
= |mmutable & Read-only system!

ark Process

Data

Partitioning(), convertToRDD()

UNLV Summer Research

E: join

Stage 2 union ’ Stage 3

DAG is a Directed Acyclic Graph
that expresses dependencies between tasks.
= All transformation is recorded as a DAG.

%ﬁ;%
66 =
g

map(), reduce()

* The data is split into multiple partitions (num_partitions = 4).

* The map function calculates the

radients for each partition in parallel (worker = 8).

* The reduce function combines the gradients and updates the model parameters using a learning rate.
« This process is repeated for a certain number of iterations (num_iterations = 100).

Flowchart

Data
pre-processing | o

Start

l

Create Spark session

x

Specify the num of
partition ( n=4)

Data input
(data partitions,

Label Encoding
Down sampling

i

initial params = 0 )

Def Partition ()

set Broadcast params | combine |

Map function

compute each Gradient
with OLS

Data input
( Gradient, learning rate )

dient with lReduce function
gradient wi

Data split

Feuture

set
learning rate = 0.1
iteration = 100

get Optimal parameter

v

standard scaling

’ Convert to RDD ‘

L |

get End
a prediction score

Pr()f_{rm n
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r locatio

Start

v

‘ Create Spark session

Specify the num of
partition ( n=4)

Def Partition ()
Label Encoding

)

Data input
( data partitions,
initial params = 0 )

set Broadcast params

Data
pre-processing | 4

Data split

set
learning rate = 0.1
Feuture iteration = 100
2

Data Pre-Process;

bel Encod

Categorical data to number ClassO

features

- "married_single”

- "profession”

- "house_ownership”
- "car_ownership”

- Mcity”

- 'state”

\

Convert to RDD
standard scaling
| —

- 221,004 samples
Classl
-30,996 samples

!

Each class 30,996 samples
Total 61,992 samples

compute each Gradient
with OLS
P

Data input
( Gradient, learning rate )

~ combine ‘ Reduce function
gradient with

get Optimal parameter

get End
"

One Dataset file
- Train 64%
- Validation 16%

- Test20% )

Standard Scaling

Calibrate scale differences

Features ex.

rrent location

Create Spark session

/ \ / : IAngc:(T:)(lo,OOO,OOO)
Start APACHE
l Spor‘l'g
— 1
Data input

Specify the num of
partition ( n=4)

~
Label Encoding

Down sampling

¥

Def Partition ()

set Broadcast params

Data
pre-processing | |

Feuture

Data split

set
learning rate = 0.1
iteration = 100

( data partitions,
initial params =0 )

Map function
compute each Gradient
with OLS

Data input
( Gradient, learning rate )

combine
gradient with

get Optimal parameter

‘ Reduce function

17

Convert to RDD
standard scaling

= | | I

get
a prediction score > End

UNLV Summer Research Program

Data Partitioning &
Covert to RDD

Data

def split_data_into_partitions(X, y, num_partitions):

data_partitions =[]

chunk_size = len(X) // num_partitions

fori in range(num_partitions):
start_idx = i * chunk_size
(i+1) * chunk_size
Xistart_id
ylstart

n

nd_icx]
end_idx]

data_partitions.append((X_partition, y_partition))

return data_partitions

urrent location

Start

l

{ Rdd = spark.sparkcantext.paraIIeIize(daba_partitions)}

Create Spark session

ﬁ‘

Specify the num of |

Data input

partition ( n=4) ( data partitions,

~
Label Encoding
Down sampling

initial params =0 )

i

Def Partition () ‘

compute each Gradient
with OLS

set

Data input
( Gradient, learning rate )

Map function

Feuture

Data split

Broadcast i
roadcast params ~_combine ‘ Reduce function
gradient with
set get Optimal parameter
learning rate = 0.1
iteration = 100
End

standard scaling

Convert to RDD

get
a prediction score

MapReduce
functional programming

Input
Data

Output
Data

'
]

]

def map_function(data_partition, params):

X, y = data_partition

gradients = np.dot(X.T, np.dot(X, params) - y)

return gradients

-/

def reduce_function(intermediate_results, learning_rate):
total_gradients = np.sum(intermediate_results, axis=0)
updated_params = learning_rate * total_gradients

return updated_params
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Current location

Data
pre-processing | |

Spark Result

Start

l

. Specify the num of Data input
Create Spark session partition ( n=4) (data partitions,
¢ initial params = 0 )

Label Encoding
Down sampling

’ Def Partition ()

compute each Gradient
with OLS

set Broadcast params

Data split

Feuture

set
learning rate = 0.1

Data input
( Gradient, learning rate )

Map functi

combine
gradient with

‘ Reduce function

get Optimal parameter

iteration = 100

2

standard scaling

get
a prediction score

Convert to RDD

Spark
Elapsed Time
Val-ACC 50.193
Test-ACC 50.191

0.0 min 41.307 sec

* Scalable data can be distributed and processed in parallel through spark.
* And this method is effective for processing big data.

* In this project,

Our data set can be storage and processed with in a local storage, which has about

60,000 samples.

=> Therefore, we are going to test the model of this paper with a lot bigger data sets.
( Use large amounts of data that are not even stored on the local storage)

UNLV Summer Research Program
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