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& GAlel A2 Relld WA ARE ATAoM, AT EEMRT F31

AR ATAY B QA Tabulan 0.2 A 35 A8 dolr) el o hs Leirial
E B2y Ade AEH maddML)o] 72 et B ATE T gAES dolE 5
TR T 303~212,69171, A5 U ol dis) s A9} Optuna 7]k Sfo] ¥ 9
2 e A8 #8313, XGBoost, LightGBM, CatBoost 3712 ML =23} ResNet, FT-Transformer,
TabNet, Tab-Transformer 4702 @&l Rdo] EF A3 AN &AL AAZ R Hrlsi
A% A, 15 EE vjnke] &3t R deld MEdAE ML Rdo] JHA & A%yt w
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Q0% ohellA ML Ed¥ gAY A 95 EHo feature 5 SV wE AN &
e FFOo2 F&A0] AA3F 210}51"*4 53] &77E dolHdA Held Rde 5842
0.002-1.15 H9IZ WEsAo] o, Eg 7|k XH(53] LightGBM, XGBoost) M4 08 =
S S FAEh AEH R, AT R AESA Tabular TA = 1YUAE F2H

3] <t BRI SRS AN Adde] FrE A9
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Transformer A|€ DL 20| AgHolyn} A5 o]5& AFT F IS A3
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LL a5 a7 2 54
oA aiel Hopo|A FRE = AFAE AT A BES gA-FAAL 2o nAY o
olE1E Ao ® A, AAl i JAAA Ao M= AR TV EEMR)- HA A e S
AR 5 AYHQ ¥ Y2 (tabular) HoJEI7} o] H3] 4] A AEE ALEETL o] HolHE
FAY MFY AFrt BgHor 98 e F2F 54 i, 2%0ke 22 xE 39y
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(Shwartz-Ziv, Armon, 2022; Grinsztajn et al., 2022). ¥+, o]n|=]-zp1o] Hzlol| A A& o] €Y
Jo] tabular F o2 AL HA TabNet, FT-Transformer 5 A2 EdEo] Aoty glon, ¢
A =3} tabular dloEH A 9] A% LS o2 Wol] ATEA X

O AES} dataset> EE T7F ) oA FARE A7HA] FEA
T ¥ vlE Eg A Gtk oYk o]F A oA “HY
o= A AT 7 de7hrrel gk AFA AV 53 Aotk webA A AAs ¢
Fol7t HlolEl FFE-5Ad Bro] HAo] mdg MeEd £ gk
a Ag7F Hasit

wEba 2 AgE 22 F7F oE oAl A= Tabular HiolEE O o®, (1) AEH H
Aeld gues T F2 Aes Holv THYdE F2" 7k ML 29 Al Z(XGBoost,
LightGBM, CatBoost)2} tabular @2 ©}7]€lA Y] 7J(ResNet, FT-Transformer,

o

B
)
u
2,
2
r

TabNet, Tab-Transformen)®] 25 4% Q% AAsl sfolvlsterle g4 zad4) 4740
2 vlmsh $AS $0. 7 R9E Opuna ZIW $A42 AN A4 el Al A W el
of Bit AFEE WESYL, T BHE AL 8% A sehiE FEE 7SS0,
o2 Fal ol Fusk A& W vialelde] AlFeh HYH SR HolHt FrE 2 o)
geidol Bud 5 i FAH 052 WFHoR et FIH02 BT tabular I
A dole 27542 1R 29 A9 A0 ANeng B

2 dAq e N 9A=T Tabular dataset THA 7HAIE A oo 2 ARETh dloly dA =
Ha NS dAF wep ettt i dolEolA ASA 7 x3E e AHAE oM (1%
HRh, Wy Hes dEe] A4 Qd3d flo] wAE dHE fX% A, EdE uyE 3y
(CatBoost®] %4 *]2]7], FT-Transformer®] EmbeddingEncoder 5)& 53l A&l 2 A HEE 3%

thool= A dAgedA BT ¢ = AR oy dads WIS Histstal, 7 mdo] i

1T 0= \=4
74 dolEE A4 AoR B5Y 5 URS AUtk FAY WEE EESewor) $lo] AR
& fAd, enE B ova A BRad Ve AcdUnh A% FANS Fuas) 99

Optuna 7|9+ o] sf}u]E] gHA(50 trials, TPE sampler)S 2 &
A Agog 33 Wb g F H A Z(accuracy)E 71SsITE HEW AE2 channels,
num_layers, batch_size, learning_rate, numerical_encoder_| 55, HA#Y AELS max_depth,
n_estimators, learning_rate(GBMT) &= B2 Heol X319

Gl

RUIA

2.

rd
Mo

Tabular Datat™ H#d R thi= XGBoost(Chen, Guestrin, 2016), CatBoost(Dorogush, Ershov, Gulin,
2018), LightGBM(Ke et al,, 2017) 52 A%E2¢l MLo] ZH& Hole Fofz delx ot apA e
H e Jeld 7k o] 6k 71EY] BEE vt = AlETF o]oj A AL Qlth

2.1. Tabular Data® 91+ Held 71 hE S &
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e Mgy Rde] tiQte =, Tabular WlolE 9] ifgt 54 shsFsbz] 8l oln Ay
2do] AeloA dEs AE Held 0}7]%‘?%3: LEYstede A7 el WaEa gl

Z7]9E= v HAAEZMLP)] @A A2 (residual connection)S %83+ ResNet 74t E“i_lo] Al
Stef Rt ol A Euje] g o] AAehsto] a4 7hs/Ade =<l TabNet(Arik, Pfister, 2021)
oLy, Aol AHEle] H|EE HE EdAYH oFHAE T ]f?} Tab-Transformer(Huang et al.,
2020) 2 FT-Transformer(Gorishniy et al., 2021)¢} 72 Z @S o]

ojelgt RAEL 717 thE H3tO = Tabular Ho|E 9] 33 *J %
o] Ry EAdd wE Ad% Ax7F By o] AAAR vl A o [ld] 8Ty
’33}o| th(Gorishniy et al., 2021; Shwartz-Ziv, Armon, 2022).

A E HAalEy 2 Held XYES Tabular to]E ¢} ﬁ%a‘}% ATEo] ESHA o] F
A3l YTHNam et al., 2017, Gong, Kim, 2023; Choi et al., 2023). 573 T
olf FRHE AT AolE e AT E 3% AtK(Yoon, Choi, Kim, 2022).

J:_
o
3

fol ;o*n
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22. oA Es F-ofol| A Tabular Deep Learning 2§

A7) SHAE HoA 2 H 7}7‘(113}(Ch1ng et al, 2018).

AAZ 24l Tabular ﬂaﬂ” 2as gAES Holgd 483 dAyso] e gy Ak
& 50, 47 AFolA= FFAAACU) A1) EMR H©JE|E TabNetoll #|-&ato] AlgaEoltt
E4 Av 24 AES dSsta, 229 A b Vles B8 dSel 9% v F8
AR5 AN E gy B3 Edayn 7k RS2 Az mEl 7|55 = $x1e] A[AD b
o]H(longitudinal data)E TAste] AWe] 28 HAFSs RAGAY, 54 o gk o] v
$S d =3 Aol FE5a tHRasmy et al., 2021).

SHARE o] gk AF Aol = E ek, o AESH ‘E‘Olwﬂ*i Held 2de 482 odd] oy
T A AEs] ok dlolge] Ry AAY S Edde] Algh A, Hejd 2de) A
ol Bt AY 24 overfitting) 2 13 ©] ELE‘r(Choy et al, 2018). =3k Rdlo] o= H}AS
Sds] Aialy] ol EYuy B2 A A s on dFdAY SRS UEE 8
9lo] ¥ Uh(Holzinger et al., 2019).

wheba] 2 At o], ket qrEeF EAS 7H AES datasetS tFoE HA Hed
R A5 wAyd 2d) s AAAeR Ha-ASehe AL vl st ol d%
of Aol Al 54 FA 7P Afe mds M ¢ e HASA SAE AlTTELe
24, A5 7= 44 &85 d97IE o 71T 7 S Aot

3.1. Gradient Boosting 7] WAl 29
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2 AFgA Fo v gitez AL AFH wal#yd EdE Gradient Boosting A€ <
XGBoost, LightGBM, CatBoost Al 7}xo]t}. o5& B5F Eg 7|uke] GAE 8¢ F2Z F73)
W, Zp7] v & HAsE B Atk dehs 3 X 3 2(Tabular) dlo]ElollA] HAF-S hsteta W
TRES A oR A¥dte T, 1‘431”011 H3) 2 a4 T A8E 2t Aol A0

T}, XGBoosti= Gradient Boosting 3

Asts JEFoEHN o5 s i)\ &5 BFE V)M
LightGBM-2 3|A~E 13 7]dk 23} 9

g a1 S5 ASLE S FAld @A, GPU Tt vt w

CatBoosti= =2} % (target) 9179 2 ordered Boosting 712 Sa HF3 WMol o

ol 3 A5S Ko, FYa By 2 uY WFE A 2k

oY ME thE 24 729 gt WAYUETE A Gradient Boosting 7|9 REES

ZleA Hrpgto g M, doly R 3 574 ®¥std & dE4 ML A49 A5 ~HE

AFstetal, ol AAE Hod AYG Rl AA e s A Ve SR

32. Tabular Glo|El S ¢J3 H&Y 7|4 ndd

<=9k Tabular o] S0 7]E UMEW) 71ﬂé.<>ﬂ Hls] Feigh A 99
2y H2dde FAETFY W 7}
5] 43t Tabular Hlo|E9] EAS Hu AW

71E9] AE FEs, 54 X714 Gradient Boosting Al¥ 29E& 5718k 7HsA
oh;].

h3EH <9l ul 7FA] E2Ql ResNet(Arik, Pfister, 2021), FT-Transformer(Gorishniy, 2021),
TabNet(Arik, Pfister, 2021), Tab-Transformer(Huang et al., 202002 A& tja oz Ato}l Asyt AAb
S&5 vassith

o L lov ya K
r]ﬂ:]{to k"éﬁlm
rlo
rer

3.2.1. ResNet

Arik et al.2021)ZF-E] |t ResNet<> Residual Blocks %=9)
A= slzo] QK o o] RAXEE it} 7t EF2 7|EA<Q MLP 29| Skip Connection-S-
F718 AR EHod 7lE7] A EAE
M3 & ReLUE X3 Dropoutd A4S
Azl flo] MEAAE ZAA %= 3S 7 0}74] 3]

_\.L rkg

o1r

3.2.2. FTI-Transformer

FT-Transformer+= Gorishniy(2021) Z -] #|¢t¥] 9] oW, feature 7+ & 2Hg-0] 2.3t Tabular 37
o E2 xdHI H5S Holx Rdo|th 7 featureS JHE A 0% Y HI S Feature Tokenizer
S A2 features ESAH Y A etal, I EZE°] Multi-Head Self-Attentions X M2 t}E
FHH ol A Attentions T O ZH feature o] FAE S5ty o] & Fd Edlo] RdAHE Y
%™ FT-Transformer+ Attention MapsE 83| &&4 02 feature importance’= 3717} 7153l 3
A 7FsAd SR S 7RI
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3.2.3. TabNet

TabNet-> Arik, Pfister(2021)°] #|¢Fith. F2vlt} F 23 feature”} @44 Tabular Hlo]E 37
oA 53] maHor Assiy, Bl Ay Sy 284 EFoA S Adth TabNet 7}
A7 AN A Sequential Attentions AFE3| feature 7Fe] HE 2SS WAHOZ WY S}al, sparse
feature selections F3l FL9 featureWt A ES}= vlAaE g3t} o]gld AF W HiE
end-to-end 3H5o] 7hsabH, MEH feature®] F ki

o=
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7hstet, T3, self-supervised learningS-
H
[e]

Jrog sk5dto 24 FEhd featureS W 0 E B S label HloJE7F AL wlo® ASS
=49 & g
3T PN .

3.2.4. Tab-Transformer

Huang et al.(2020)Z-E] #l|<tel Tab-Transformer= H58 o€ o] 53l¥ Transformer 7|%F &
dog 7} HEY featureS YH|Y3 T self-attentionS 283l feature 7+ TAS <53l &=
e WA} 2o, 7 feature®] IS FASHAME feature ZF V]S EESHA EE 4 Q)
gre] A ou e g wrdit) ol & Sall WFY feature 7] HAE Ao AE

zzelt), 3k 8hrH Attention WeightsE 53l feature T &%= 4 2 3§14 7bs
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4. A7 dlolH

4.1 Agel A& JAET dataset

g Zdso] Al o dolHoME F& a3E ®Bol=A HAS] fdl, dolE Al A

55 7o % Kaggleol| Al 5714]2] Open Dataset= ©]-8-3ith
4.1.1. Thyroid Cancer Risk dataset

Thyroid Cancer Risk dataset> % 212,691702] FE3} 17709] featureZ TAH t7FR A&
dataseto|T}. ©] dataset> 7S A 91E Q1S Wrhehy] A FHENCH, T8 Feature
gate] Q%5 A8 A H(Age, Gender, Country, Ethnicity), 9%} 7]5(Family History, Radiation
Exposure, Iodine Deficiency, Diabetes ), A& &3 291(Smoking, Obesity) H 34 T2 T3
(TSH_Level, T3_Level, T4 Leve)= o]Folx] At} Target(Y) Woe HE I A<
Diagnosis(Benign: %/, Malignant: 2}/d)olH, o]&= Aol &4 o7& HeRdTh



1506 S, o,

ol
i
e
2

Table 1. Summary of biomedical tabular datasets used in this study

Name of the dataset Number of samples Number of features
Thyroid Cancer Risk 212,691 17
Alzheimer’s Prediction 74,283 25
Breast Cancer 4,024 16
Heart Failure Prediction 918 12
Heart Disease(UCI) 303 14

4.1.2. Alzheimer’s Prediction dataset

Alzheimer’s Prediction dataset 74,283709] Z 23} 25719 feature® A EH o] oM, %}zé}ollﬂ
B HE 2ds EAsE] A8 vd e w7 ESFE R dolHo|th F8 Featuret
15 A8H4 W 4(Country, Age, Gender, Education Level), A& 3 W¥*(BMI, Physical Activity,
Smoking Status, Alcohol Consumption), 2] 5% ¥ <>(Diabetes, Hypertension, Cholesterol Level), 7174}

?)(Genetic Risk Factor) 5= X33t} Target(Y) Wi Alzheimer’s Diagnosis(&=3to]H et
oi—r)i golEH, 0xletE A ) 1 dEE FEET

4.1.3. Breast Cancer dataset

Breast Cancer dataset> "] SEER(Z @A 1-4) TEZ199] 2017d 11¥ QU OE Ho|HE 7]
Hho 2 &hm, 20061 5-E] 20101 A}e] Infiltrating duct carcinoma$} lobular carcinoma® ZTHE o4
32} 402482 ARE L3I T2 featureZT L}o](Age), $15(Race), 2E AlEl(Marital Status),
T4 WI7I(T Stage, N Stage, A Stage), =25t 53 (Grade, differentiate), 3% =7](Tumor Size), &
28 84 AEl(Bstrogen Status, Progesterone Status) 5©| XEZFHTUE Target(Y) W 3ol A&
’Fe(status: AEATHE AAsIA oH, ko] AE VN S(Survival Months) g F7FH 02 A

za
4.1.4. Heart Failure dataset

Heart Failure dataset> 4183 A 3HCVD)ol 9]'& AR BAS o 538H7] 98 datasetO®, T
9187112 EEF 12709 featre® FAE O] ATk T2 feature= 3HAFO] ol(Age), 43 (Sex), F&
3 (ChestPainType), <4 Al P (RestingBP), FF Zd~HE  F*|(Cholesterol), FEIT
(FastingBS), & % H4 5 (ExerciseAngina), U] A8t MaxHR) 5 AE# A7 FHE w3t
HTER 7739t Target(Y) W+ HeartDisease®, 1(31744 3 912, 0(8hH oz o]zl 7%

°

4.1.5. Heart Disease dataset

Heart Disease dataset> UCI Machine Learning Repository®llA] A|F3sls LA HQ0 A o=
datasetO. 2, & 303709 ZEI 14719 featureE AFE3TE FQ feature:= A2 l(age), HE
(sex), FF T3(cp), A Al ES(trestbps), 5 FU=HZE F=I(chol), +F
o] Aub(thalach) 522 T Target(Y) HTE targeto 2, AFA3Le] &4 AR5 o(FH
S FE 14 A7 Tk, & AFelAE ol 570 AW gl
A7 ot ARg-skd
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42, RAH dole] BA

42.1. 71 SAEA

dlole] F+xo] Wigh oJsl=E Fol7] fla] 2zt ol Fa W] w3k gk A zts)
Y,

Figure 1 ¥1%2] Thyroid Cancer GloJE{ollA] Xt Az} ¥ E W %A (Benign) $HA7F 74 <]
°F 75%E AAste]l thrgl o, Fd(Malignant) $Hab= oF 25% % UHERSETE o= dlo]E| 7} Ml
78 &8 dou, %A dx7t A4S AlALS Figure 1 Q. 2%¢] TSH X2 E¥2 AyE
A3}, 0~10 plUmL 3ol Ax m2A Bxsta glow, FEdh x9-Holy oA #EHA
orr}

5 - B
Figure 2 91%:9] Alzheimer’'s It o5 EXE BW, vt
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i ZekEl(Yes) S22} oF 42%5 AbA|ske, wjnA] Ses wtgo] Fadt AoR vehdt 9 2
LEe] A8 F2E AuE Ak, @AEL 50H15E 954 Atelel aEA EEsta glow, 1
(53] 704 °]d) &7 g AAehe S HAnh
Diagnosis Distribution TSH Level Distribution
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Figure 1. Thyroid Cancer Diagnosis (left) and TSH level (right) distribution
Alzheimer's Diagnosis Distribution Age Distribution
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Figure 2. Alzheimer’s Diagnosis (left) and Age (right) distribution
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Figure 3 ¥91%2] AE JH|(Status) X5 HHA, AL 3A7F ¢ 85%=2 dvh4-E AA 519, A}
b3k oF 15% = vEh dAA R FHjs Bl EAlche AoE ERldth Figure 3 2

5_,54 % ZA7|(Tumor Size)®] HEE wA1g 23, 20mm o|3te] 22> T4E 7k $A7F Wk
o, Y A7 EF5 84 5 9439 daste A4S B

Flgur %5—’?4 A7 A 3 o] B(Heart Disease) #-¥ 2 X, ZAWo] ¢l Sx0)Xt; Aol U+
S ()7F oFF o B ¥ &S Ak, HlwA iy 3l S BEE UERAT Figure 4 2
= o7 HAEEd 7te 3

|o l"lﬂl o
H-l

E59] ol(Age) TEE AHE ¥, A AFES QAR 5045 FA
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Figure 3. Breast Cancer Survival Status (left) andumor Size (right) distribution
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Figure 4. Heart Failure Presence (left) and Age (right) distribution

Heart Disease Target Distribution Maximum Heart Rate (thalach) Distribution
30

160 - []

N
w
L

140

120 d f

100 4

W
=1
L

oy
E 5
3 80 z 15 -
£ Bl
60 - 164
40

w
L

| = [MH By

T T T
0 1 lUU 120 140 160 180 200
Target (0: No Disease, 1: Disease) thalach

Figure 5. Heart Disease (left) and Maximum Heart Rate (right) distribution
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Figure 5 91%9] 443 o] Htarget) HES B, ZHo] gl dx0)Rtt dHo] & A
()7F 2% 9 B2 ¥E&S A e} Figure 5 S 2%9] ] Aul(thalach) X5 F4s A3}
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i
-
i
e
T
ox,

)

el
@

= FEHo]x
& FuststA
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NVIDIA Quadro RTX A6000 GPU(CUDA)$} CPUE EF A b=
H, 855 GAAE F2 GPUE AHgd] il
PyTorch $H7ellA 8= 0, maleld 7wk =g
, 9eld 718k 2dS Tabular ©lo]Eo] A 3td
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7bsetAl sty R R stolH et FdS 43] sk, 7F AA

3 seeds Z83f 43] vHE SFsto] A& G (accuracy) HTo] At

-

o

encoder_pa

<4
g=}

of
o
f

2% g ol
z
Kl

oo 1N
=)
o Ll
i

QL
32
T

o &
1w oxl
to ot |

fp

2
e

52. 78

i)

Bl

671419 waled R 47479 He
wof 9l

Table 3& stol¥|aer|y TS A&t B el 2+ =
BE REE NE U8 AEseeds AHESto] 43 whHg ddS
accuracy)®} ¥ X(standard deviation)E AtEste] Edlo] A5} <F

Heart Disease(303x14), Heart Failure(918x12), Breast Cancer(4024x16)%] st
to]E] M Eof| A= CatBoost, LightGBM, XGBoost®} 72 malely 7|uk ZdEo] dubgoz ¢
S-F3 AesS Bt dE E°], Breast Cancerdl4:  CatBoost(0.9012), LightGBM(0.8932),
XGBoost(0.8974) 7} ResNet(0.8822)°]1} FT-Transformer(0.8611)XE.t} =& AT EZ 7|EF ) o= d
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Table 2. Experimental setups

Categories Value / Metric
Split ratio Train : Validation : Test = 6 : 1 : 3
Seed 11, 22, 33, 42 (four runs)
Epochs / Repetitions 15 epochs / 4 rep

Search trials 50(Optuna, TPE sampler)

Batch size 128, 256, 512 (search space)
Channels 128, 256, 512 (search space)

Num layers 2 - 6 (search space)

Learning rate le-5 ~ le-3 (log-uniform, search space)
Numerical encoder linear, linearbucket, linearperiodic (search space)
Evaluation Metric Accuracy (on validation set)

Device NVIDIA Quadro RTX A6000 GPU

Table 3. Model performance before hyperparameter tuning

Dataset \ Models ~ ResNet FT-T TabNet Tab-T CatBoost ~ LightGBM  XGBoost
Thyroid _mean 0.8298 0.8255 0.8264 0.7672 0.8275 0.8270 0.8258
Cancer  sd 0.002 0.001 0.001 0.000 0.004 0.004 0.001
. mean 0.7139 0.7212 0.6730 0.5464 0.7266 0.7274 0.7143
Alzheimer
s.d 0.002 0.001 0.001 0.093 0.002 0.002 0.001
Breast _mean 0.8822 0.8611 0.8870 0.8609 0.9012 0.8932 0.8974
Cancer  sd 0.023 0.022 0.004 0.021 0.009 0.005 0.005
Heart mean 0.8370 0.8279 0.7799 0.8288 0.8658 0.8526 0.8514
Failure  s.d 0.014 0.021 0.014 0.022 0.026 0.023 0.020
Heart mean 0.5906 0.5714 0.5522 0.8050 0.7940 0.7720 0.7775
Disease  s.d 0.047 0.084 0.104 0.017 0.033 0.027 0.030

Table 4. Model performance after hyperparameter tuning

Dataset \ Model ~ ResNet FT-T TabNet Tab-T CatBoost  LightGBM  XGBoost
Thyroid mean  0.8271 0.8272 0.8271 0.8218 0.8257 0.8257 0.8273
cancer  sd 0.001 0.001 0.001 0.011 0.002 0.002 0.002
. mean  0.7150 0.7227 0.7126 0.6783 0.7291 0.7283 0.7285
Alzheimer
0.003 0.001 0.005 0.007 0.002 0.001 0.001
Breast mean  0.8942 0.8986 0.8914 0.8462 0.9122 0.9031 0.9080
cancer  sd 0.002 0.006 0.001 0.011 0.006 0.006 0.007
Heart mean  0.8460 0.8397 0.8397 0.8369 0.8746 0.8446 0.8707
Failure  sd 0.012 0.019 0.007 0.010 0.023 0.026 0.026
Heart mean  0.5769 0.5742 0.7885 0.7280 0.8440 0.8258 0.7895
Disease  s.d 0.029 0.113 0.040 0.093 0.018 0.026 0.039
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Table 5. Model efficiency (accuracy divided by execution time)

Dataset \ Model ResNet FI-T TabNet Tab-T CatBoost LightGBM  XGBoost
Thyroid _efficiency 0.0099 0.0046 0.0057 0.0023 0.0307 2.5900 0.8880
Cancer  time (sec) 84.08s 180.83s 143.52s 331.79s 26.95s 0.32s 0.93s

Alzheimer efficiency 0.0396 0.0134 0.0204 0.0021 0.0363 0.8880 0.9650
time (sec) 17.85s 54.06s 32.94s 260.46s 20.02s 0.82s 0.74s

Breast efficiency 0.1800 0.1960 0.1970 0.1390 0.0219 3.5700 1.2990
Cancer  time (sec) 4.93s 4.40s 4.50s 6.20s 41.42s 0.25s 0.69s

Heart efficiency 0.2530 0.5520 0.5780 0.5030 0.0362 14.5000 2.5000
Failure  time (sec) 3.33s 1.47s 1.35s 1.65s 23.92s 0.06s 0.34s

Heart efficiency 0.1900 1.0390 0.7360 1.1500 0.0429 12.9000 1.4700
Disease  time (sec) 3.13s 0.55s 0.75s 0.70s 18.52s 0.06s 0.53s
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Benchmarking Deep Learning vs. Traditional Machine Learning on
Biomedical Tabular Data”

Chaerin Song', Nahyun Le¢’, II-Youp Kwak’

Abstract

While deep learning has achieved revolutionary success in image and natural language
processing, traditional gradient boosting-based machine learning (ML) models still dominate
in the biomedical domain for tabular data. This study systematically evaluates the
performance and efficiency of three ML models (XGBoost, LightGBM, CatBoost) and four
deep learning (DL) models on five public biomedical datasets, applying identical
preprocessing and hyperparameter tuning. Experimental results show that for small to
medium-sized datasets (under 10,000 samples), ML models consistently demonstrated superior
performance and speed. On large-scale datasets (over 200,000 samples), DL models showed
comparable performance but with significantly decreased efficiency as the number of features
increased. In conclusion, gradient boosting-based ML models remain a robust choice for
most biomedical tabular problems, while Transformer-based DL models may offer limited
benefits only when applied to very large datasets with sufficient computational resources.

Keywords : Biomedical Data, Tabular Data, Deep Learning, Benchmarking.

"This work was supported by the National Research Foundation of Korea (NRF) grant funded by the
Ministry of Science and ICT (No.RS-2023-00208284). Chaerin Song and Nahyun Lee contributed equally
to this work.

'Undergraduate Student, Department of Applied Statistics, Chung-Ang University, Seoul 06974, Korea.
E-mail: cleo7987 @cau.ac.kr

*Master Student, Department of Smart Cities, Chung-Ang University, Seoul 06974, Korea.

E-mail: naa0l12@cau.ac.kr

*(Corresponding Author) Associate Professor, Department of Applied Statistics, Chung-Ang University,
Seoul 06974, Korea. E-mail: ikwak2 @cau.ac.kr

[Received 19 July 2025; Revised 28 August 2025; Accepted 2 September 2025]



	의생물학 Tabular 데이터에서 딥러닝과 전통적 머신러닝의 성능 비교
	요약
	1. 서론
	2. 관련 문헌 고찰
	3. 모델링 방법론
	4. 연구 데이터
	5. 실험
	6. 결론 및 논의
	References
	Abstract


