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[Abstract]

This study aims to assess the effectiveness of machine learning models in predicting the pass rates of
physical therapy students in national exams. Traditional grade prediction methods primarily rely on past
academic performance or demographic data. However, this study employed machine learning and deep
learning techniques to analyze mock test scores with the goal of improving prediction accuracy. Data from
1,242 students across five Korean universities were collected and preprocessed, followed by analysis using
various models. Models, including those generated and fine-tuned with the assistance of ChatGPT-4, were
applied to the dataset. The results showed that H2OAutoML (GBM2) performed the best with an accuracy
of 98.4%, while TabNet, LightGBM, and RandomForest also demonstrated high performance. This study
demonstrates the exceptional effectiveness of H2OAutoML (GBM2) in predicting national exam pass rates

and suggests that these Al-assisted models can significantly contribute to medical education and policy.

» Key words: Machine Learning, Predictive Analysis, H20AutoML(GBM2), Deep Learning,
Educational Policy, ChatGPT
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I. Introduction
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II. Methods
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1. Data Collection
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Collecting Data
Student's test data Pre-processing

Prediction Test set

Fig. 1.The Workflow of the Prediction Model

(sl. s2, s3)5 7|Zsl9int. o= 27} 1uA|, 21A], 3u
w@q 7} ap=o] High 5439

A19) 42 ojujsio,
HFES v,
dolels 2} dhste] e S5 2RHUOH, 47
oA sPESe] e Rt ned 4 Yus
A9l A e wr AARSC Hlolel Bot USB
cefolug $a) AYEolc AT0] YA BE SMol
AP0 ST} AL 22n AP Azl WAl s
F25] A9% 5 AR $o12 Wokoo], SIS b

o @70 Aojstgict. ofaigt Wt AT 82 F3L

ARs] 243 JElold FIsgEIglon], shise] g
Ze 2 FEE yeld JHiE A2]Edh
Table 1. Passing standards for physical therapist
national exams(2023)
Minimum
score for | Minimum
. Number .
Subject passing score for
Class of :
Name Lestions the final pass
q written (60%)
test(40%)
PT basics 60 24
1 PTlelagrlios:c 45 18
€ a;? ° 114(writt
. . 65 26 en test)
intervention
2 Medical
related laws 20 8
3 Practical test 70 42(practi
cal test)
Sum 260 156

Table 12 =7} E2jAlgAF Alg9] UE-S Eo&E.
27} 22)R]BAL A|FL 57)0] wk2o g LAE|o] 9lon,
AL QoA £ 60% oS EEsfof it} SIS
> 109} 20 A]0f A ZH2F 40% o] 3] A4E 55,
1WA} 28A19] FAF A7t 60% o]Afolojof Fich &
&t A7)0l A 60% ©0]AFS wrolout dFASH & olr} mhet

O

A, §2sP7] YsiHE &% A4 156/260 0]4S ook
et

2. Data Pre-processing
tlole} oo]d(Data Mining)oflA] HloJE] RA2]= &
8 A58 A9sRe R Bl £ AlNs

n}

=
2708 9] dolEg BAo) A dej2 wEsh] 9
s coet AR Alele Sastor

WA, AEA] X7t olFoiRt. AAl 1,242719] Ho]
B 907N} 7.2%) ASAIS 3L glgion], B4
of Agsta etk wowel AREi. A5H0R
1,1527]9] Hlo]&j7} Alof] ARE|lon, AEA] H|-go]
ot gloly el 7t d Ul Johal HHES

2oz EA AAYH(Feature Scaling) Ago] 4~
JElQich vileld 2o A3t FEiz HojElE wgk
5171 95l & AALY(Standard Scaling)g -85t
7 wiso) HRg 0, BF WAE 12 ABsk olx
£5] DNN(Deep Neural Network), TabNet 2@9] A=
2 A1) sl FR3 AIoIgIe. ol=iat A4 7]
v} pElSo olad W 7ho] A &jolo] UIZHE & 9]
7] tgo], wE a0 B2 SUA el Uz E}

_E

gozu s 582 £olT 2 o5 Y52 AN
51

EZ] 7]¥F 2E(RandomForest, XGBoost, LightGBM,
CatBoost)2] 49 AA|A 0] Q] 7] wizof], A7
U= A& ol U HolHE 102 ARSI
ol R Ho|§o] AU TSR] ¢i7] wiEoltt.

2Ol RS AR Y e Aoz sy
S0] A3 A oj2= AlgA 97 WIS & 9lo] =
Qe Wigz MEEolct A L]0 A, 52, $3)2 B
gatgion], 7k wale] ot AA Aldo] B2 Wt
viogstol, melo] SRSl A2 TKs AL oSS o 28
H 9Jct. SHAP(Shapley Additive Explanations) 242
Al 719] Wia(sl, s2, s3)7F B 20 o & Adso u]x]
M3t AT, 7 AL 8 olvg oaste
e ol Zo2 HelHgt

ko

3. Dataset Partitioning Strategy
23 8% 2 71 9 AR delepe ol AlEs)
EAE HE2 REoQich 2 A7dliE 80:20 v]g]
ASA F&(Stratified Split) HAS =S, Sl Al
o 80%, HIAE NEo] 20%2] Hlo|Eg L5t

A Bae s AES} EJAE MEON TRl 2

m‘;l'é |m

o



116  Journal of The Korea Society of Computer and Information

ZAre] ulgo] MA| Hlojeple] £12 rje vieels
]_

£ 3}, o) F4) 20| UA| Clofe] RES T 359
7, YHTL YASRAE Bl 5 3R 4 s
£ ook

1 AlEL BHlo] slgo] AlgE|glon], Brlo] Zof
Xl HolEjollA] TElS suat

AEs19ich BIAE HEX sl4ER] ke HojEz ud
o] o5 45S Wit o ALREHT. o
@dlo] 22 glo]g o] EH6H dopt & o5

£ AsksHA grter 4 Q= 7|ure 015ty

=2 %S

T

4. Model Development
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III. Results

1. Performance Evaluation of Models
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2. Comparison of Model’'s Performance
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Table 3. Performance comparison of deep learning
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