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Comparison of Prediction Accuracy Between Regression Analysis and Deep Learning, and
Empirical Analysis of The Importance of Techniques for Optimizing Deep Learning Models

Min-Ho Cho’

ABSTRACT

Among artificial intelligence techniques, deep learning is a model that has been used in many places and has proven
its effectiveness. However, deep learning models are not used effectively in everywhere. In this paper, we will show the
limitations of deep learning models through comparison of regression analysis and deep learning models, and present a
guide for effective use of deep learning models. In addition, among various techniques used for optimization of deep
learning models, data normalization and data shuffling techniques, which are widely used, are compared and evaluated
based on actual data to provide guidelines for increasing the accuracy and value of deep learning models.
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MSE(Mean Squared Error)

MSE = ~ T, (fi — »)?
(n : data number,
fi : forecasting value of i th,
v; : actual value of i th)

MAE(Mean Absolute Error)

MAE = 31 Ifi — il

a2l 1. MSE2} MAES| 2|o]
Fig. 1 The mean of MSE and MAE

ol AFelME dSatd AAge] Hgds £
o] A3stA BelF= MAEES AMgahaith
IAEA 71 FAA dsEAE AR
BostonHousing @l o]Elol] gt 2dls- 7fjtsla, A
Al &S 27 29 2t 9 204 HolFE F
= o2 x¥EsiH o9 37
2ot a3 204 dE 2dE pvalueZF 005 R
Ao frojst mdels #RlE
T At 28lar Adjust R-square’} 0.73480]| 2=
2 &}

e 7w,

> summary (reduced)

Call:
Im({formula = MEDV ~ TRERIM + ZN + CHAS + NOX + RM + DIS + RAD +
TAX + PIRATIO + B + LSTAT, data = Regdata)

Residuals:
Min 10 Median 3Q Max
-15.5984 -2.7386 -0.504¢ 1.7273 26.2373

Coefficients:
Estimate Std., Error t© wvalue Br(>|c|)
(Intercept) 36.341145  5.087482 7

BiERIM -0.108413 0.032779

N 0.045845 0.013%523

CHAS 2. T1€ 0.854240 3.

HOX -17.376023 3.535243 -4.915 l.2le-0€ w=v
RM 3.801579 0.406316 9.356 < 2e-16 *%w
DIis -1.4982711 0.185731L -8.037 €.83e-15 v
RAD 0.255608 0.0€3402 4.726 3.00e-06 ***
Tax -0.011778 2.003372 -3.49%3 0.000821 =+
PTRATIC -0.946525 0.129066 -7.334 9.24e-13 **+
B 0.008281 0.002674 3.475 0.000557 w=w
LSTAT -0.522553 0.,0497424 -11.01% < 2e-lg **¢
Signif. codes: 0 Yrwesr 0.001 '**f Q0,01 '* 0.05 '." 0.1 * " 1

Residual standard error: 4.73€ on 494 degrees of fresdom
Multiple R-squared: 0.7406, Adjusted R-squared: 0.7348
F-statistic: 128.2 eon 11 and 494 DF, p-vealue: < 2.3e-16

a2 2. RAIAM CHESH ols 22 MM 5tH
Fig. 2 Multiple regression prediction model creation
screen in R



371243 g el 5 Aol digh vl 2 ged 22 FA8E 9% 7 ES] T4 dis A5E £4
y = 36.341145 Actual \l'alu;2 Forecasting ?GBZQS?;S;I Forecasting by Neural Netwn:l:
- 0.10841 B:CRIM 188 20.84918806 18
+0.045845*ZN 19 21.29365481 23
+2.718716"CHAS 27 3250713747 32
-17.376023*NOX 222 25.9468762 24
+3.801579*RM 245 2072410252 23
-1.492711*DIS 31.2 28.60739964 30
+0.299608*RAD 229 25.07379006 25
-0.011778*TAX 20.5 20.23145155 22
-0.946525*PTRATIO 23.2 2240086556 16|
+6.009291 *B Difference between Difference between
actual and regression  |actual and neural network
-0.522553*LSTAT values valllues
— _ 2402556157 3.8
% 3 ctE3ET o F 22 2.04918306 08
X . . . 2.293654813 4
Fig. 3 Multiple regression analysis model o 597137474 p
3.746876205 18
- 3775897482 15
EEEREIRER e FERICE EREE
_ ~ . 2.173790062 2.1
Y 2d F g2 A4ES AFE-Sal BostonHousing 0.268548455 15
=) o 0.799134443 7.2
H] O]E1—§- 01%0}04 E‘%i:']_"é“ ?_%9\}13]' Z‘ﬂl}'%]_ E—‘%—L‘% Regression’s MAE Neural Network's MAE
GAER 200 AssE Agoz Ayt w
Ao A 3y AAS mdse A 2 st B 5RO dE 2ds Had ula
9aL, olalo] ELo] HA eri=th A x| Fig. 5 Comparison of accuracy of 2 prediction
oE e sgel WE $ERe e gsel 1 models
% 40 AAEAE, B
a9 59 e del FEE 10709 gtel dist
‘ of 39 EdloA o3 gt Held=ts148)
2 # Model generation
nodel = Seauential () NA o =3 kS AYsta, ZF grol AAl kel
model . add(Dense(64, activation='relu’, input_shape=(13,))) = ’
G b Aolg AR the, 24 Rasl MAES s
a9 5004 BIE 4 Qe el o] 7 welel
(53] # Model Compile — N 1__
nodel . conpi lel |oss="nse’, optimizer=Adam(1r=0.001), metrics=['nae']) MAE'E_‘ 2569901—1, ]j]jai% F—Ej:’]_ ] 9]?’1} MAET__‘
e o e e efssm o 2.89% VFEY
Jeo Ang tew FAF & e Fe
[54] # EarlyStopping Prepare
early_ston = EarlyStopping(monitor="val_loss', patience=30) BOStOl’lHOUSingﬂ]' @-O] 0-5‘ —6]1/]'7'” ﬂ?(] {’J'»f—_)_- Eﬂ O]E1
(55 # Learning EE"\_:‘ Oé}ﬂ';ﬂ?_]_ @'7301]/\1 Oé% _}l: 9\)\"1_:‘ H]O]Ei—%— EH
history = model . fit(train_data, train_labels, he=500, - - __
1 o012 e = ikl Ao g s dZoly Auel Ao IS ¥
a2l 4 SEu(CEAAT ofE B e B slkel AWEo] Helyd 7wl skl
X . - 3 B Z= =] )= = E =]
Fig. 4 Deep learning prediction model Ay} BE5H] gl Aol & EF Fold
A AR B dolE HolHE de A9 H9dY
olAl, BAEA e mdy} Hejyge] mdo] Auty W Edo] F T U2 AREE B Zom U
Qomw ol5e Ao thak AZS Fas A b "Hrh SHARL ARl A St As
Holtk, AFel FaqS 95k, mde] e ALg T AT HOIHE IWoR sz B SA 7]k
3999 BostonHousing Hlo]E] FolA d9 F&5% 2ds Fgstd wex 7hdsta, Zgd A3ds
10749 dolEle oz a=e sgste] wae QoA ARe] Bgd & vk AW BAY HAR
o= A dis] Fristgict. ool g ae A Airke AAEAN, AHEGAE, MEZE
dj el Fejz 19 50 ATk e e VS-S AEstelE s,
e dSYFET AL F Ack
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[12] # Package import
from tensorflow keras. datasets imoort boston_housing
from tensorflow.keras. lavers inport Activation, Dense, Dropout
from tensorflow. keras. nodels inport Seauential
from tensorflow.keras. cal Ibacks import EarlyStopping
fron tensorflow.keras.optinizers inport Adan
inport pandas as pd
inport numpy as np
inport matplot|ib.pyplot as plt
smatplot|ib inline

[13] # Prepare data set
(train_data, train_labels), (test_data, test_labels) = boston_housing. oad_datal)

[14] # Check data set’s shape
orint(train_data. shaoe)
print (train_labels.shape)
print(test_data, shape)
print(test_labels. shape)

(404, 13)

© #Check data set’
column_nanes = [‘CRIN', ‘N, “INDUS', 'CHAS', 'NOX', 'RM', AGE', DI
df = pd.DataFrane( train_data, coluins=colunn_nanes)
df .head()

S, CRAD, CTAX, CPTRATION, (B, CLSTAT')

C CRIM  ZN INDUS CHAS  NOX RH AGE DIS RAD  TAX PTRATIO B LSTAT ZI'

0 12347 00 814 00 058 612 97 39769 40 3070 210 3990 1872
1002177 825 203 00 0415 7610 157 62700 20 3480 147 39538 311
2 48%22 00 1810 00 0631 4970 1000 13325 240 6660 202 37552 326
3 003%! 00 519 00 0515 6037 345 59853 SO 2240 202 39%90 801
4 369311 00 1810 00 0713 6376 884 25671 240 6660 202 39143 1465
{161 # Check data sets label

print(train_labels(0:10] )

[15.2 42.350. 21,1 17,7 18,5 11.3 15.6 15.6 14,4]

7 *# Model generation
nodel = Sequent ial ()
model .add(Dense(6d, activation="relu’, input_shape=(13,)))
nodel .add(Dense(64, activat ien="relu
nodel ,add(Dense(1))

[18) # compile of model
nodel .coup Ie(loss="nse", optinizer=hdan(1r=0.001), netr ics=['nae'])

/usr/\oca\/nb/nytnona 7/:4\ t1 mckaaes/keras/cbtm\ze\ v2/adan.oy:105: Userdarning: The "Ir' arouent is deorecate
swer(Adan, self).__init__(nane,

[21) # prepare of earlystopping
early._stop = EarlyStoppina{menitor="val_loss', pat lence=30)

[z2) # Leaming of model
history = nodel .fit(train_data, train_labels, epochs=500,
validationsplit-0.2, callbacks=[early._stos] )

° # Evaluation
test_loss, test_mae = nodel.evaluate(test_data, test_labels)
print(*loss:{:.3fMnnae: {:.3f}" . fornat(test_loss, test_nae))

==============] - s Sns/step - loss: 34.7837 - nae: 4 4085

nag: 4 a07

a8 6 Held Jle sun yas

Fig. 6 Deep learning basic model and accuracy
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# Normalization of data
wean = ‘r?\ﬂ,ﬁ(u.?:?:i?zl?‘u]
O —— S
train_data - train_datalorder] (23] # data check after shuffling and normalization
train_labels = train_|abels(order] coluan_names = ['CRIN', '2N', 'INDLS', 'CHAS', 'NOX', 'RM', 'AGE', 'DIS', 'RAD', 'TAX", 'PTRATIO", 'B', 'LSTAT']
# Normalization of data df = pd.DataFrame(train_data, columns=colunn_names)
vean = train_data.mean(axis=0) i feecl)
std = train_data.st d(axis=0)
] 6 O o IR T e
e e — m ; print {:.3f nmae: {:.3f}" . fornat(test_loss, test_mae))
= m\uir:jv;;:-s[:‘r\:,u .’:ng a\"NU;DrmCaHLZ:t,mZOA . RN, AGE DIS', "RAD' TAX', 'PTRATIO", 'B', 'LSTAT') 4f4 [mmemmemmmmemmemm e meemeemees] - (5 das/step - losst 24,420 - mae: 2,9820
df = pd.DataFrane(train_data, colunns=colunn_names) loss:24.420
df . head() mae: 2,982
T ——————— a2l 9 st Hes gy pun MEE
3 dar ,OZ;NS og oarse o Fig. 9 Deep learning model and accuracy with only
4 -0401703 2885469 1408380 0256833 -1.309080 1420378 -1.100501 1759983 -0.856463 0462774 -2673752 | norma“za“on
O 7. MEYR Met FotE Hefd 2t
Hlolee] =& o] £ w9l zlole AfHor =x] grobr
Fig. 7 Deep learning model with shuffling and deyg mde] 97 oy HAFE 93 1 =
normalization, and what the data looks like o| A Al Fio] & ¢3S w x|, HolEHe] A
2 ddHew A2 dF%s v ds &
T 7oA e 2ES o] gate] ERIF A= A g 4 9k
st e 200901t), Al WIS 17 8l Aol vk wey welo)d AAS BASe AXH Re W
o] o FAH G 44070109 He e, o
] 1 % 5 KN 2
el :’;tﬁizfligﬁ,na&=mcde\.sva\uatelles\,mtm test_labels) Ei]/ol E_E‘EO]]/\i OHQ Eﬂ O]Eip/] }V]Zj]ﬁ- 1}‘;@3 7%X]
orint(*loss:{: 3f}nmae: {:.3f}' .fornat(test_loss. test_nae)) 7 l_,‘: Z—lol %‘_.O_L?:!"’% @1_?_1?:5?!_ Z,: S':)\E]'
4/4 !::::: ===========] - 05 3usfstep - loss: 21.8017 - nae: 2.92687 _ _ _
e 542 Aedor B2 HA5 7Y Tl fd™EH=
O% 8 JHME Hefd 2R MEE ol e A3l g o oFHFFEE Eo
Fig. 8 Revised deep learning model and accuracy o Fa3%k 7IHAS gRlsAnh 4E tlolH
At 71W T Arst S8k, AEEE At
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