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[Abstract]

This study proposes a multimodal system that integrates subjective symptom text with structured data
to recommend the most appropriate medical department. 2.89 million medical records provided by the
National Health Insurance Service, was used to determine key diagnosis codes and medical department
data. During data preprocessing, irrelevant departments were excluded, and data augmentation was
performed using a large language model (LLM) to enhance data quality. The proposed model was
designed with a dual-track architecture combining KM-BERT for text data processing and XGBoost for
structured data analysis, with a CatBoost-based Stack-Ensemble model for final prediction. Experimental
results showed that the proposed model achieved an accuracy of 0.748 and an Fl-score of 0.732

compared to existing single models.
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I. Introduction

QR 59| 1}, EA ojg7]|o] 1ol o)L, At
S QeuUeto] ogAulA HaA T A Asto]
Ké‘] K]Kqﬂ_]__l_ O]LHH o]oﬂ II,}E} _:‘_K}
) °P7ﬂ ﬂ‘ﬂ iﬂuﬂ} q

ux
T
o

Heloz

o 4>
|n

=

fu
Mo 2 ro rlo 4» >

o oX o

10 of
O W)
=2
e ke
ro rg
SL
=]
;:O
J,‘l
AJm
o
o 1o
fu
~
L
)
j
o

= r{m rio

d 27 zg%
o, EH%‘%JTJJJ @ £ i) 454
HUF =18 7o) AR Al
g ol A4 Al BRI 21

232 oloq 2qlo] o7 AT AR
! =

2 A
in

£

S 0

e [o

=

(@)

oz 1o p ot =
o
SE
k1
xS,
an)
o
e
T

m

we ok o b omy fuorZ
YNNI T
rok > fru
0% Lo
oope 12
- i
Fo
4 s
SL
rr
o,
o%
rlo
1o
fru
>
R
1o
e

Az s12s17] gll SR} ol
Juol FHICE o Fot,
M5t e A o]% 9
7]9ke] NLP 2@ol BERTQ} Tree
XGBoostE ZAgsto], v]PE tlojg
2 9l fysion 2E
L A2 O o]
el £ 543 2, Lold
2ANAS AT
=5igio4). & ¢
b SRFEOA 79.

&
Mo

re
re
op
rr
i)

oz

12

’>

m
NP U

2
P o
Fru
i)
il

| ;lﬁ
A

L
ol
-~
&

:oxg

|m
R

[ >

|

la =

N

rE

,

oz

e

ro ku
_lTL

e o

o
o
o o
i)
o
o
i
|t
i)
12
Lﬁi
i)
OPO
ol
o
>.
O,
r

)
31:
8,
o
e
il
fm
:Oé
—n
O opy M
=il
_L

ol i

f
o) ux

I
o mju T-l;
I
"
g

J
ox

N
N
5 ol

m
S,

P
A
—-
p

iﬁ‘ d
1o
l‘l[‘
3‘—‘4
e
_E_[L
i
2}
ri
rulo

ol
ol
rlr

ko
e
rlo
1o

fru
D)
> C
o
e
P —
rol

olr
——
2
N

ro i

+
N
—_
=

W

J=
=2

e
o 2,

R
2
ok

9 o2 AMY B8] AHetE Tl 4 9ok
o] 242 28014 o2 S AR
3 g e Aol Akt glgo] 1
7T Rl AF8E HlolelAiat Rt
TE] QAN ABT 4ol B U
1A misgste}

T2 v Oouw

e
ERR=l -
sy g
=='E39

e

L po
rroox o

i)
i)
u
=
>,
31'4
Kl
)
=
)
ﬂ&
ol

II. Preliminaries

1. Related works
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III. The Proposed Scheme
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1. Building structured and unstructured datasets
1.1 Data Collection
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Table 1. The description of medical history Data

Data count 2.891,197
User serial number
Gender
Age range
Variables Department

Main illness code

Number of nursing days

Number of hospital days

Total prescription days
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1.3 Data preprocessing
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2. Multimodal data processing
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Table 2. Frequency of medical department visits in
the dataset

Department 2020 2021 2022 2023
Internal Medicine 17,757 17,374 21,320 22,320
Otolaryngology 14,077 | 12,465 | 19,519 | 20,331
Ophthalmology 12,505 | 13,080 | 13,214 | 13,721
Orthopedics 10,739 11,406 12,371 12,677
Pediatrics 5,571 5,270 8,924 7,545
Dermatology 7,206 7,208 7,160 7,400
Obs and Gynae 3,930 4,022 4,138 4,064
Urology 3,796 3,765 3,744 3,817
Family Medicine 2,565 2,393 3,365 3,278
Anesthesiology | , /0 | 5913 | 3162 | 3219
and Pain

Surgery 2,703 2,792 3,104 3,092
Neurosurgery 1,876 2,013 2,148 2,143
Psychiatry 1,481 1,694 1,913 2,063
Rehabilitation | | 55 | 1358 | 1404 | 1,472
Medicine

Neurology 736 827 935 968
Radiology 689 725 771 755
Plastic Surgery 128 155 190 216
Thoracic Surgery 102 112 129 126
Others 4 4 6 5
Laboratory 4 4 8 3
Tuberculosis 5 2 2 2

Table 3. Final dataset

Final dataset
Data count | 48,000
\?aefizzldeent Department
Gender
Age range
Predictor Table data Main_illness cod.e
Variable Number of nursing days
Number of hospital days
Total prescription days
Text data Patient symptom text
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3. Model design

PHASE 1: PHASE 2:
DATA COLLECTION [ PREPROCESSING & ||
& PREPARATION AUGMENTATION

PHASE 3:
MULTI-MODAL |
MODELING

PHASE 4
LATE FUSION &
STACKING

NHIS Raw Data Aurl;:‘teggtgm Text Modeling La(t\e} Fusion
Collection H 1 (KM-BERT) & H ector

(2.89M Records) S(Lxl;\h;éo?npgér(\)) Vectorization Concatenation)

: 1
Structured Stacking Ensemble
Datal Structured Data Modeling (Meta Model:

Lreproceseingéc Preparation || (XGBoost) & | CatBoost)

Separation Vectorization l

FINAL
RECOMMENDATION
(Medical
Department)

Fig. 1. The overall workflow for department prediction
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3.1 Model architecture overview
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[ Final Result

1

Vector Concat

Vruston = [VperT, Vx6R]

Feature Vector Feature Vector

Uprar = [V1,V2, 3, ., V] Vxcp = [X1, X2, X3, 1 Xn]

! Output Embedding
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Feed
Forward

— =

[ Result 1] [ Result2 | [ Result 3]

Add & Norm
Multi-Head
Attention S S S
L\—’) ] o el
. I \_ Tree-1 Tree-2 Tree 3
Positional N
Encoding I I

Input
Embedding

Full
‘ Dat

(smoran o) Il'

= Age, Severity, etc...

Fig. 2. Model architecture
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3.2 Experimental setting
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IV. Performance Evaluation

1. Performance evaluation and cross-validation
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2. Performance comparison
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Table 4. Model performance comparison

Stack
XGBoost KM-BERT Ensemble
Model
Precision 0.31 0.43 0.74
Recall 0.23 0.36 0.71
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