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7}. True Positive (TP): 2 A A
of| S35 A5

. True Negative (TN): A do] 54 Z27F ofyar, Bdo] 1 F2~7}
ofyetil Hgs] o3 A

t. False Positive (FP): AA Awe] 54 Fej=rh ofddl, 2do] I ZFeiz
A5 o =3 7

o,
it
o,
iy
)
[
o
H
kd
i
o
4
iy
ic)
[»
fr
ox,
J i
ol

45 (1€ 7).
Z}. False Negatlve (FN)I AA Aol EAR Fyxoly, wdo] ttE FyA=2 2

2 A} o] 'S A, ‘B, 'CL D' B 8 s Es RSt e Fdl&
TAAME 2 FYAER ol ANEES AXEa oE Hig oz A mdo
s Hrkgkoh
3.3.2 F8 FF A% AxX

TE PES Vvte R ggo A4 A ARES ALt
7F A8 % (Accuracy): AA oF T vl d =3 v&. 7P F#HHA R HA



gk, FEls Evrygo]l AT A4S mdo A Aes AT F vk
_ TP+ TN
TP+ TN+ FP+ FN

. A= (Precision): Edlo] 54 Z#xdtal AFF A TolA AdA= T =
el vl AR FHEP)O] FLF A(el: 2= v BF) FE&3heh

Procision — TP

recision TP+ FP

o Ad& (Recall T+ Sensitivity): 2A 54 FH = A FoA mdo]
SR AGSA dF3 & AR SAHEN)o] T8 F(o: o ) 783
=
TP
Recall = TP+ EN

2}, F1-A4 (Fl-score): AU =9t Aago %3 Ht. F AR/} EF F23 74
() B3 dolgA)d F&3H, 03 1 Alole] s 7FXIth

Precision X Recall
Precision + Recall

Fl-score =2 X

3.3.3 ©& EYg2 EFAAY AFE FA(Micro, Macro, Weighted
Average)

a %%(’5’7 ,A,) ’B” ,C,7 ,D,> %%6‘]—% T;‘I_‘%{_ =

5
S AAHoR HEgste] Hrlelr] 998 Micro, Macro,

7}, U}O]ELE Ht (Micro Average): B+ 129 TP, FP, FNS dA|4o= &
2k & sty ARE AdE, FI-A5E AAst. o= A dlolgAle] ujst
s UrE‘rlHU:] Fx B vy S AME ¢ B2 FYa9

3 0] A
ol A Hatel & dFS v

o

o
1=]] /\o
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Y 7P
Y rr+) FP
Y 7P
Y 1P+ ) FN

MicroPrecision =

MicroPecall =

(Micro Fl-scorex= Micro Precision® Micro Recalle] 5 Y322 Micro Recall®} #t})

. w22 Hi+ (Macro Average): 7 Fd2d®2 AYUE AdE, FI-AF-S /i
Moz ANE T, olF We Bawh ol 4 FAsg BEil Ausnz, 2
e EdPe 43S 4 wen F, &5 229 deol T2E o F&35H
1 &
MacroPrecision = Y ZPrecisionl—
i=1
1 &
MacroRecall = —ZRecalll-
Ni=
1 &
MacroF1-Score = N ZFI—Scorei
i=1
(N: Zeh=9 7<)
ot} 7t H (Weighted Average): ZF S~z AUE QA& Fl-H54E ALt
& 5, 7 FU2=e A F(H A%, Support)ell Hl#H st 7tE gt ol
s BFYe TASUAE AE b Be Fa 2dx) Aol WA Bt o
2 Qgge AR AT B ATAE B SH(RE) TRAT A we wF
< AAstER, o] A mrF AAA] AF AEAS ddstes dH FasiA 282
& sk,

L) Support
Weighted Average = ( Metric !
cighted Average iE:l fetric; < pial Samples

3.3.4 ROC =4 % AUC (Receiver Operating Characteristic
Curve and Area Under the Curve)
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7 ROC 341 ¥ mele] @ 598 NAHew nolFs a9zl
_ PP
FP+ TN

)elaL, Y=

>
iy
rlo
N
SN,
o2
ox
it
o]
=B
wn
(@)
o)
@)
«
=
<
D
=
Q
&
D
!
N3
=
I
Y

TP o _
= gpi gy 0 o AdE)eITh Hae] A% ke

0%
o,
M
=
=
)
-
o
@
=,
<
o)
=
=8
o
N
e
=

1}, (Area Under the Curve): ROC =4 o}gje] W
& 7Fdt AUC kol 19 7M7h&45 Rdo] »
FRetE AS YeEdoh 055 49 259 &
e BFAAME 7 Fd 2ol v ROC 43 AUCE
Micro/Macro i AUCE AH&3sto] A<l H45S H 7}

3.3.56 4% ¥t &3 % +&

2 AFeA AAE Haled BEl sk 2 Ad5 H 7= Google Colab 245
718t Jupyter Notebook 37 <& 7|wto =z & ATt Google Colab Python
Zow GPU 2 TPU A4e

o]: Python 3.x ¥ & (Google Colaboll A 7] A &3sl= HAl ¢k B A)
7 Google Colab

o F8 golB e

1 doly A 9 4] pandas (dle]lE 2z A4 2 A2]), numpy (52 AL
2 g =3

2) WYy R scikit-learn (A4 Edg, dY LH2E, g4 18, HolH
B3 A, stoly gebrE F4d(GridSearchCV), A5 A% ALt 5 HAldd

3}

=
ad 2= 4 e Al
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3) "lol¥l A Zt3}k: matplotlib.pyplot (FFgk 223 A A), seaborn (% s}l
n kARl FA 1HE AA)

4) 3= ZE A matplotlib.font_managerS AF-&3}] Matplotlibol| 4] 3+=
FZE(9: NanumBarunGothic -+ Malgun Gothic)7} &HlIE2A] A & =5

RS

9 78 9 Hrt dzak Google Colab 744 2dl & 2 7} AA+=
7 Zol A(Cell) G2 X3 = Ut

!

2.
=

oo

7hodleolH 2= g dA 2
1) B4% 7Hd dHolHAlZ pandas #ho]lH2]e] 9] pdread_excel() g5 ©]-83}o
dolgze oz 2

2) Job_Typed} & WF3 W4+ pandas.get_dummies() T2 AF-gsto] -3t
39S FAsHA

3) Task_Difficulty, Task_Duration, Experience 5 X8 W&
sklearn.preprocessing. MinMaxScaler() & AF&-3le] 03} 1 Alo]e] W9]Z Min-Max
2ALH S AEsto] Aqrstetdth o] A A g5 dolHol fit_transform() =
283t H2E dolEol transform()7HS A 83le] dHlolE F4(Data Leakage)<
WA 8k o

. dloly #3:
sklearn.model_selection.train_test_split() <= AF-83}e] A28 H dolHAS
St HolE(70%)9F HA~E "ol (30%) & F#9 Eaadrt. 23e AfaAdS

$18l random_state "I/l S 1A

R R CEE L
1)sklearn.tree.DecisionTreeClassifier, sklearn.neural_network.MLPClassifier,
sklearn.ensemble.RandomForestClassifier &3 =5 Al-g3te] 7z} mdlo] SJAgHAE

skt
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2) 7t mdda HA slo|u ey %3IE 37 Héﬁ sklearn.model_selection.
GridSearchCVE &85l g5 dlo]Hoa
RS 38t GridSearchCVE Abde] Aojw & 0]34343}‘3]‘51 i LH e

23e AAROZ Gaste] HH 2FL HolFt AW mroln, e o
el 45e AEA 9 Bl AATS WA 8w 4Fe A
Aol WAtk [49] WA AFAN K g(EEe] A5 AL A gn 4%
A7kl AFHAH(EA-BG Booluex) Aole] FHL mUTE B AFNAE
K=32 AHgged, ol vad e A4 Aozs mde 4% Wi 4%
@ & gt @UH Adoln, 53 gitw stolsstetry 1e=S FAGE %
7 @A E&A0l7] WET[5l] T K5 Ex K-100] ¥ £3 AlgH
F K goz 9ed 9ot /by dolEae] 271100007, Bde] Bg%, 1
g3 AN 4D A 5L FEHOE nePS u, ov=3 T FEF Hyow
A4H, o AN 27 BA Er 584S A% d4ow BedE A
[52].
% = 4% Bk

D sgol ¢tsd HH Edel dis] HAE HoHAE AHESte] d
359tk (model.predict(X_test)).

AN
o

2 ) sklearn.metrics 55 9] classification_report, confusion_matrix, roc_curve,
roc_auc_score FTES &8olo] 5 dE A AU AL Fl-HA4F &
e s ARE AAtsta 296ttt 59 E‘r% W2 EFY %A S micro

=
avg, macro avg, weighted avg A% & &8sl T34 oS H7MsAh

i

uh, ROC 243} AUC 7A4F 2 A zHgk:
matplotlib.pyplot®} seaborn gte]H.e]8] & A}83te] 7} mdle] ROC S
A Zvakslal, Micro-Avg AUC < A A 8FA T

oW FeE B4 (Y

5!

7 ~E):
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1) #dg ¥y 2E 29 (RandomForestClassifier)2] feature_importances_ 4 <
ol 7 ¥ ME(EA)Y ToE e FESIYT
2) =9 HE4 T Q% A H = pandas.DataFrameo. = A sk &

matplotlib.pyplot¥} seaborneS AF&-3te] W4 T Q% v g A Zb3kstd o

e =Y TA AW FH, B o }
ABA EEHAEA FASHA olsistn, BaA BAT BAANAN AoE
ARSAL 27 A7E 29T & 9 At
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K SO A T An i) 7 g & — Ay P P <
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4.2 29 % 2 stoldsteey F

b mAled Bl Ass Hstsy] sl HAE dolE el hEt dsol
= WEoR slelyyeny Fde sdsTh steld ey [l

o 5} ‘

a8 = AX(Grid Search) 7IH < &8&ste] 2t wi/iwies 23S 48

1. 24 E¥

7}, max_depth: Eg]¢] Hul Zol&E 52 AAFHAT ol HATS WAFAANE
dolg e 8 S staetr] 93 P ol

Y. min_samples_leaf: 2]3Z =27} 7] Qg H4& AEF 7+ 1022 AA A

t}. criterion: s 4 7152 'gini’ & AT

2. A7 (Artificial Neural Network, ANN):

7}. hidden layer sizes: 249 =< (100, b0)o. 2 FAEe, 2719 &Y= zZZ 100
Mk 50709 S A SATE o)== uolHe HAHdE #AAE TS TFFH
ol_d H;(LEE xﬂ.g_isl.;]_

L. activation: 43} &+ 'relu’ (Rectified Linear Unit)E A}-83FA .

o} solver: H A3} &iie]lH2 ‘adam’'S AFESF T

2}, learning_rate_init: 27| 55 0.0012 A A =T}
v}, max_iter: A ol £ = (Epoch) £+ 50002 AA3te] o] FH3 wES 3

g3t

3. WY ¥ 2~E (Random Forest):

7} n_estimators: A4 2 E 9 o= 30072 AR HAT. ST
217} GAE o] obA Aol NS duE 4 g gu)

. max_features: 7t =Z oA el AMEE 5 (A5 Hd NFE Csart’ (5
g Mo AR A A

. max_depth: 7| Eg 9] o] Zol& 1022 AAH AT

. min_samples_leaf: 2|32 =9 HA4 AME 7= 52 A

B ffell A A HA ] stold vt H R St low, ta Al A

o E

s

Lo
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1, 571 S =0S, A

]

s

o] 52 338lA
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=

=]
=

X

4.3 24 4% %7l
&

E

of
Nk
i)
(-

&KH

to] W= 2 (Macro) B3 Fl-

d|

7]

[e)

=

o] o] §1 A1 (3,00071)

~E

H]

AV AR
R R

A

2o

obe] £ 4-12 7} 2o HZE dolEAlo] g

o]t

-

[

4.3.1 AA A

gy
o
or
of
]
=)

A

T
Aoy

3

Fa

Macro F1-Score
0.54
0.994

Macro Recall
0.5
0.993

Macro Precision
0.735
0.995

0.602
0.994

HIL (Accuracy)

a4Y

0.693

0.634

0.846

0715

w
<

I
Juel
il

B

w
|

zt nde] g2~

Al

22

=

% 0.715, Macro

sk, o
3

[<

=

715

=

=

A x 06029 Macro Fl1-Score

5 0.994, Macro F1-Score 0.994

A ol o

[

s}

=

1 7

O__

=2

I
F1-Score 0.693& H.o|H

5

H]

A
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4 AdE AdE, Fl-dE S48 (oFd =5 3

Python := A3 Afol] 7]Hkgk A v o]Efo|t})

e
e
M
u
I
K
X

HE/EH H=A =B H=.c H=D 0=.S
HH A 324 285 0 13
2H.B 61 1045 36 0 0
HH_C 24 356 214 2 0
2H_D 4 104 42 160 0
HH_S 145 123 0 0 62

¥ 4-2. 24 Eg¢ HAE HolHA £% 4
2= A% (Decision Tree)
Class Percision Recall F1-Score Support(2 X8 E=+)

A 0.581 0.521 0.549 622

B 0.546 0.915 0.684 1142

C 0.733 0.359 0482 596

D 0.988 0516 0.678 310

S 0.827 0.188 0.306 330
Accuracy 0.602 3000
Macro Avg 0.735 0.500 0.540 3000
Weighted Avg 0.667 0.602 0.574 3000

=] .
A A

(0.188)°]
HAerH o7 ‘
AA A Swe) 285%e] 'B'E, A4 B 5w 619 'A'R, A4 'C 5
560l B'R AE BRHE 5, 2els 1 AAA E50 Adrh ot vy 2
4 Eg7t Bgsa nyd 58 53 AAS = 5

=
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330
622
1142
596
310
330
3000
3000
3000

Support{& M|

303

F1-Score
0.995
0,998
0.991
0.989
0.997
0.994
0.994
0.994

593

o

Recall
0.994
0.997
0.995
0.977
1.000
0.994
0.993
0.994

1139

=
=

R

o

> =
Percision
0.997
0.996
0.987
1.000
0.994
0.994
0.995
0.994

=

(ANN)
=
618
(ANN)

ks
/2 H
Hl_C
H_D
PR:a
Class
Accuracy
Macro Avg
Weighted Avg

=
i

Q18417
of

)

2

T

0
A

it

A
UO

T
Mo

—_—

o)

22

HAE oAl Ao o] 7h7he &7 Hdes Hol

p—

o
-

7|Egom,

oA A9l 1000 Sutste= A4

s
.

1

W

=

9]

, A& 4, Fl1-Score

o
Jo

] AAY 0=

3|

L
=

o

T
&

ol

ol
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3) 9 XY ~E (Random Forest) &% 3 &

o= /2| W= A o= B LE=Te 0=D =S

HE_A 356 256 4 0 6

HHE B 13 1126 2 0 1

2H_C 20 250 325 1 0

2H_D 4 84 32 190 0

HHS 67 113 1 0 149
E 4-6. WY XH2EQ HAE HoHA &F PE

Z 2" A E (Random Forest)

Class Percision Recall F1-Score Support(2 M=)
A 0.774 0.572 0.658 622
B 0.616 0.986 0.759 1142
C 0.893 0.545 0677 596
D 0.995 0.613 0.758 310
5 0.955 0.452 0.613 330
Accuracy 0715 0.715 0.715 3000
Macro Avg 0.846 0.634 0.693 3000
Weighted Avg 0.780 0.715 0.705 3000
£ 4-7. AR EH2ES] FYH2E FF H1A
2 Y mAAEE A4 Eduths $4% 4%S ndAw, AFAQ P
=20 AA B £ d@elA nkol, 44 A Sl 2560l B2, A
A B swel 13%e] AR, AA 'CT 59 250%e] 'B'® AR EFEHe 5
A3 5w e w7 WRsHA EAYY. 538 'S swel AdEE0452)3 A’
He AAE(0.572)0] WA yEtd, AAl ST R A S 22 T ANk ZbEgnt
Qaksl AP L HAFT ok tre A4 B8 FATRLE BT,
AdE 7H dolEAle Bae sids JleAAdwnts JudkA ek Xl
& AAa



4.3.3 ROC 4 2 AUC &4

Receiver Operating Characteristic (ROC) Curve Comparison

10
084
=
o
= 064
]
&
z
&
o
2
= 044
024
— A E2| (Micro-Avg AUC = 0.86)
—— QIZAIHY (ANN) (Micro-Avg AUC = 1.00)
2y THAE (Micro-Avg AUC = 0.95)
. - Random Guess (AUC = 0.5)
00+ T T T T

00 0.2 04 D6 08 10
False Positive Rate (FPR)

1¥ 4-1. ROCZA vw

od Micro-Avg AUC Macro-Avg AUC
273 Eg| 0.78 0.71
IZLEY 1.00 1.00
HE EYAE 0.88 0.80

¥ 4-8. 7t 2de] AUC % ¥

B4 7} mele] ROC 47 AUC 78 ¥41% 23, 847 HANN) Zdo|

RE Zg 204 Micro-Avg AUC 1.00, Macro-Avg AUC 1.00& 72319 7%
=2 AUC #S 2Asdt). ol dFal o] RE AA A FHAE Ao &
HaHA TR ¢ dE Hold 3 T¥HES A QeSS udith a9 4-19



al —
b | -
A vk WY T 2Ee AA Efe JSAFTEY W2 AUCE HAA

oAy E Y 2E(Micro-Avg AUC 0.88, Macro-Avg AUC 080)7} A4 Eg

(Micro-Avg AUC 0.78, Macro-Avg AUC 0.71)xEttE= o 43 A %S ey
o] Ay Rdle] HAREARQl R/ ATH g FHolA R 35‘ Aol 453 ¢

A% oAl I HAAA =)
4.4 34 2d A3 2 78 A5 JFE B4

4.4.1 HA 2d A% 2 7 2do] FEH v

FdH He HrF Ay AdFAAL(ANN) Bdo] Ad <22 58 55 &
ol 7F4 Aghsr ndg2 AAEQTh o] A%, Macro Precision, Macro Recall
Macro F1-Score, Z1&]1l AUC 5 EE 4 A FoA & eSS grss ¢
T3 ASS B "Wielth 53], 'S’ sud 22 M 58 7Y /7 AT
S B8 D s 22 d B8 Y 7 AS7A A9 sy, AA |
elA 08 #Ay R ws H3F Ao wg =2 AFREE ATE & Aok
Zk md o] AadS Aol 7|Rkete] HluetH vt 2Tt
7}, A% E] (Decision Tree)

D A3 mde] sfjio] 7p A2 olal golate], JALAA 1A S A AF R 4
Al olsd = Q) o= A A% 17‘4Z} P 2ele] g V&S FEsta dAl
Agste= o 2 ol Aled

2) @3 &d 22 A 3}AH g (Overfitting) 7 &Fo] ste], g5 dlolEol= 2 g
AR A2 "HolHoll tigh oS A (derst Ads)o] A ow 7 vt 5
3l 'S’ T AdEe] wlg 9A YeElUE 5 54 FHd2 R AGHE HAo
o R 55 AAE FESE d odHes AU

234174 (Artificial Neural Network, ANN):
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ABSTRACT

Application of Machine Leaming Techniques for Evaluating

Construction Workers’ Competency and Estimating Labor Costs

Ju, Jaeil
Computer Science
Graduate School of Education

Incheon National University

TThis study proposes a machine learning-based evaluation model that quantitatively
assesses the competency of construction workers and enables fair labor cost estimation
based on this assessment. Currently, labor cost estimation in construction sites often
relies on the subjective judgment of individual managers, leading to inconsistent wages
for the same work. To address this, we developed a predictive model capable of
evaluating worker competency and estimating labor costs using quantitative indicators
such as task difficulty and task duration. Three machine learning algorithms— Decision
Tree, Artificial Neural Network (ANN), and Random Forest—were applied for modeling.
Performance evaluation results showed that Artificial Neural Network (ANN) exhibited
the most superior accuracy and balanced performance. This research demonstrates the
potential for transitioning worker evaluation and compensation systems to a data-driven
approach, serving as foundational data for future practical application and expansion to

other industries.
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2 =(Appendix)

<RE 1> 2 A7e AR =20 A4H Python ZE

B Rz 49lE FZE Google Colab &7 cA el Al 7]Foz A(Cel)d

Bu5o] gt 7R diolE Al 3o F29 Aol £ H o] glomg ==
B 2 AT Ao A FA e vAg zpolrp HAE 4 Qlrh 17
AdAQ] A Ay A7 22 dAHA FAE Holth

# Cell 1 ###
# Usay EE AXA
lapt—get update —qq

lapt-get install -y fonts—nanum —qq

# ZE A A

lfc-cache —fv

import matplotlib.pyplot as plt

import matplotlib.font_manager as fm

#4748 UdEay £E 3d 4=

font_path = ’/usr/share/fonts/truetype/nanum/NanumGothic.ttf’
#EE 5=

fm.fontManager.addfont(font_path)

# EE oF FE

font_name = fm.FontProperties(fname=font_path).get_name()

# Matplotlib 7] ZEE Umiagozw A4

plt.rc('font’, family=font_name)
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§ 2% BB AN BES 47

plt.rcParams[’axes.unicode_minus’] = False

# Import necessary libraries

import pandas as pd

Import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import MinMaxScaler, LabelBinarizer, LabelEncoder
from sklearn.tree import DecisionTreeClassifier

from sklearn.neural_network import MLPClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score, classification_report,

confusion_matrix, roc_curve, auc

import seaborn as sns
import warnings

import os

# Suppress warnings for cleaner output (optional)

warnings.filterwarnings('ignore’)

# ——- 0. Virtual Data Generation Function ——-

# This function generates the 10,000 virtual records for the thesis.
# It ensures reproducibility by setting a random seed.

def generate_competency_data(num_samples=10000, random_seed=42):

np.random.seed(random_seed)

data = []

# Define competency levels and their approximate proportions
competency_levels = ['S’, 'A’, 'B’, 'C’, 'D’]
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# Base duration map for each task difficulty (minutes)

# This simulates a linear relationship where higher difficulty means longer
base time

difficulty_base_time = {i: i * 10 for i in range(1, 11)}

job_types = ['&H&', '"HA¥E 'SR/, 0, THEJE a#E, A7)

7, e 3]

for _ in range(num_samples):
task_difficulty = np.random.randint(1, 11) # Task Difficulty from 1 to 10
base_duration_for_task = difficulty_base_time[task_difficulty]

# Assign initial competency level based on predefined distribution (to
ensure roughly correct class balance)

competency_level_assigned = np.random.choice(competency_levels, p=[0.1,
0.2, 04, 0.2, 0.1])

# Define efficiency factor based on assigned competency level
# This factor determines how much the actual duration deviates from
the base duration
if competency_level_assigned == 'S’:
efficiency_factor = np.random.uniform(0.50, 0.60) # Highly efficient
elif competency_level_assigned == 'A’:
efficiency_factor = np.random.uniform(0.60, 0.80) # Efficient
elif competency_level_assigned == 'B’:
efficiency_factor = np.random.uniform(0.80, 1.10) # Average

elif competency_level_assigned == 'C’:
efficiency_factor = np.random.uniform(1.10, 1.40) # Slightly inefficient
else: # 'D’

efficiency_factor = np.random.uniform(1.40, 2.00) # Very inefficient
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# Calculate task duration with efficiency factor and add random noise

noise = np.random.normal(0, base_duration_for_task =* 0.05) # Add
(Gaussian noise, 5% of base duration

task_duration = base_duration_for_task * efficiency_factor + noise

task_duration = max(5, round(task_duration)) # Ensure duration is at

least 5 minutes and is an integer

# Generate experience (years), biased by competency level
experience = 0
if competency_level_assigned in ['S’, "A’]:
experience = nprandom.randint(3, 31) # S, A often have high
experience
if nprandom.rand() < 0.05: # But a small chance of "natural talent”
S/A with low experience
experience = np.random.randint(0, 3)
elif competency_level_assigned == 'B’:
experience = np.random.randint(1, 21) # Average experience
else: # C, D
experience = np.random.randint(0, 16) # Inefficient often have low
experience
if nprandom.rand() < 0.1: # Small chance of experienced but
inefficient C/D

experience = np.random.randint(15, 31)

# Ensure experience is within the valid range

experience = max(0, min(30, experience))

job_type = np.random.choice(job_types)

data.append([task_difficulty, task_duration, experience, job_type,
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competency_level_assigned])

df = pdDataFrame(data, columns=['Task_Difficulty’, 'Task_Duration’,
"Experience’, 'Job_Type’, 'Competency_Level’])

# Recalculate and assign Competency_Level based on the actual
Task_Duration relative to Task_Difficulty’s base time
# This step ensures the ’'Competency_Level’ column strictly follows the
defined rules for the generated data
def final assign_competency_level(row):
difficulty = rowl[' Task_Difficulty’]

duration = row[’ Task_Duration’]

base_time_for_difficulty = difficulty_base_timel[difficulty]

efficiency_ratio = duration / base_time_for_difficulty

if efficiency_ratio <= 0.6:
return 'S’

elif efficiency_ratio <= 0.8:
return "A’

elif efficiency_ratio <= 1.1:
return 'B’

elif efficiency_ratio <= 1.4:
return 'C’

else:

return 'D’

df[’Competency_Level'] = df.apply(final_assign_competency_level, axis=1)

return df
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2. Cell 2

### Cell 2 ###

# ——— Data Generation and Loading ——-

# This cell checks if the data file exists and generates it if not.

file_path = 'competency_data.csv’

if not os.path.exists(file_path):
print("competency_data.csv not found. Generating new data...”)
competency_df = generate_competency_data(num_samples=10000)
competency_df.to_csv(file_path, index=False)
print(f"Data generated and saved to '{file_path}’.”)

else:

print(f”’{file_path}’ already exists. Loading existing data.”)

df = pd.read_csv(file_path)

print("Data loaded successfully.”)

3. Cell 3

### Cell 3 ###

# ——— Data Preparation and Preprocessing (4.1 section) ——-

# Separate features (X) and target (y_original)

X = df.drop('Competency_Level’, axis=1)

y_original = df[’Competency_Level’'] # y_original holds original string labels

# One-hot encode categorical feature 'Job_Type’
X = pd.get_dummies(X, columns=[’'Job_Type’l, drop_first=True) # drop_first=True
to avoid multicollinearity

# Scale numerical features using MinMaxScaler

numerical_cols = ['Task_Difficulty’, 'Task_Duration’, 'Experience’]
scaler = MinMaxScaler()
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X[numerical_cols] = scaler.fit_transform(X[numerical_cols])

# Convert target labels to numerical values (0, 1, 2, 3, 4) for model training
label_encoder = LabelEncoder()

y_encoded_full = label_encoder.fit_transform(y_original) # Fit and transform on
the full original y

# Store the original class names for later use (e.g., classification report)
target_names_ordered = label_encoder.classes_

print(f"Original target classes: {target_names_ordered}”)

print(f"Encoded target values: {np.sort(np.unique(y_encoded_full))}")

# Split data into training and testing sets (70% train, 309 test)

# Use y_encoded_full for stratify to ensure consistent distribution in splits
X_train, X_test, y_train_original, y_test_original = train_test_split(X, y_original,
test_size=0.3, random_state=42, stratify=y_encoded_full)

# Encode the split target sets for model training
y_train_encoded = label_encoder.transform(y_train_original)
y_test_encoded = label_encoder.transform(y_test_original)

print(f"\nTraining dataset size: {X_train.shape[0]} samples”)
print(f"Test dataset size: {X_test.shape[0]} samples”)
print(f"Number of features (after encoding): {X_train.shape[1]}"”)

4. Cell 4

### Cell 4 ###

# ——— 4.2.1 Decision Tree Model Training ——-—

dt_model = DecisionTreeClassifier(max_depth=>5, min_samples_leaf=10,
criterion="gini’, random_state=42)

dt_model.fit(X_train, y_train_encoded) # Use encoded y_train

print("Decision Tree model trained.”)

5. Cell 5

# ——— 4.2.2 Artificial Neural Network (ANN) Model Training ——-
# Increased max_iter for better convergence on complex datasets
mlp_model = MLPClassifier(hidden_layer_sizes=(100, 50), activation='relu’,
solver="adam’,
learning_rate_init=0.001, max_iter=1000,
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random_state=42, early_stopping=True, n_iter_no_change=50, verbose=False)
mlp_model fit(X_train, y_train_encoded) # Use encoded y_train
print("ANN model trained.”)

6. Cell 6

# ——— 4.2.3 Random Forest Model Training ——-
rf_model = RandomForestClassifier(n_estimators=300, max_features="sqrt’,
max_depth=10,

min_samples_leaf=5, random_state=42)
rf_model.fit(X_train, y_train_encoded) # Use encoded y_train

print("Random Forest model trained.”)

7. Cell 7

### Cell 7 #i##
# ——— 4.3 Model Performance Evaluation and Comparison (Tables 4-1, 4-2, 4-3,
4-4, 4-5) ——-
models = {
"AA Eg" dt_model,
7ol FA A" (ANN)”: mlp_model,
2]

"AE EHAE" rf_model

results_summary = []
class_reports_data = {}
confusion_matrices_data = {}

roc_plot_data = {} # Data for ROC curve plotting

for name, model in models.items():

y_pred_encoded = model.predict(X_test)
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y_pred_original = label_encoder.inverse_transform(y_pred_encoded) # Convert

back to original labels for reporting

# 4.3.1 Overall Performance Summary (Table 4-1)
accuracy = accuracy_score(y_test_encoded, y_pred_encoded) # Use encoded

for accuracy_score

# Generate full classification report using original labels for target_names
report = classification_report(y_test_original, y_pred_original,

output_dict=True, zero_division=0, target_names=target_names_ordered)

# Extract macro—averaged metrics for overall summary table
macro_precision = report['macro avg'l['precision’]
macro_recall = report]'macro avg’']['recall’]

macro_fl = report[’macro avg’][’fl-score’]

results_summary.append ({
"2 dl” name
b
"8 % (Accuracy)”: accuracy,
"Macro Precision”: macro_precision,
"Macro Recall”: macro_recall,

"Macro F1-Score”: macro_f1

D

# Store full classification report for detailed class—-wise tables

class_reports_datalname] = report

# Calculate confusion matrix using original labels for consistent display
cm = confusion_matrix(y_test_original, y_pred_original,
labels=target_names_ordered)

confusion_matrices_datalname] = pd.DataFrame(cm, index=[f'2A]_{cls}’ for
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cls in target_names_ordered],
columns=[f" ¢l _{cls}’ for cls

in target_names_ordered])

# 4.3.3 ROC Curve and AUC Analysis — Data collection (plotting in next
cell)
y_pred_proba = model.predict_proba(X_test)

# Binarize the true labels for multi-class ROC (One-vs-Rest) using
y_test_encoded (numerical)

Ib = LabelBinarizer()

Ib.fit(np.sort(y_test_encoded)) # Fit on sorted unique encoded labels

y_test_binarized = lb.transform(y_test_encoded)

# Micro-average ROC

fpr_micro, tpr_micro, roc_curve(y_test_binarized.ravel(),

y_pred_proba.ravel())

roc_auc_micro = auc(fpr_micro, tpr_micro)

# Store individual class ROC data for potential plotting (and for macro AUC
calculation)
per_class_roc = []
per_class_aucs = []
for i, class_label_encoded in enumerate(lb.classes_): # Iterate through ordered
encoded classes
fpr, tpr, _ = roc_curve(y_test_binarizedl:, il, y_pred_probal:, il)
per_class_roc.append({'fpr’: fpr, 'tpr': tpr})

per_class_aucs.append(auc(fpr, tpr))

# Macro—average AUC is the average of individual class AUCs

roc_auc_macro = np.mean(per_class_aucs)
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roc_plot_datalname] = {
'micro_fpr': fpr_micro, 'micro_tpr’: tpr_micro, "micro_auc’:
roc_auc_micro,
'macro_auc’: roc_auc_macro,
"classes’: target_names_ordered, # Use original class names for legend
'per_class_roc’: per_class_roc,

'per_class_aucs’: per_class_aucs

# Print 4.3.1 Overall Performance Summary (Table 4-1)
print("\n——— 4.3.1 AA A% &2 (% 4-1) —")
summary_df = pd.DataFrame(results_summary)

print(summary_df.round(3)) # Round to 3 decimal places for presentation

# Print 4.3.2 Confusion Matrices and Class-wise Performance Reports (Tables
4-2 4-3, 4-4, 4-5)

print("\n--- 432 &% & 2D Iy A5 BA -
for name, cm_df in confusion_matrices_data.items():
print(f”\n——— {name} g% z‘sgeeﬂ_ %)

print(cm_df.to_string()) # .to_string() for full table display in console

print(f\n-—- {name} Fd2¥ F7F HiA —--")

# Convert report dictionary to DataFrame for better readability

report_df = pd.DataFrame(class_reports_datalname]).transpose()

report_df['support’] = report_df[’support’].astype(int) # Ensure support is
integer

print(report_df.round(3).to_string()) # .to_string() for full table display

8. Cell 8
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### Cell 8 ###
import matplotlib.pyplot as plt
import seaborn as sns

import numpy as np

# ——— Remove Korean font settings ———

# No special font settings for English

# Assuming 'models’ and ’‘roc_plot_data’ are available from previous cells.

# If running this cell independently, ensure the necessary variables are defined
or loaded.

# Example definition if running standalone (replace with your actual
data/models):

# models = {

# "Decision Tree”: None,

# "Artificial Neural Network (ANN)”: None,

# "Random Forest”: None

# )

# roc_plot_data = {

# "Decision Tree”: {'micro_fpr’: np.array([0, 0.2, 0.8, 1]), 'micro_tpr’:
np.array([0, 0.4, 0.9, 1]), 'micro_auc’: 0.78, 'classes’: ['A’, 'B’, 'C’, 'D’, 'S']},

# " Artificial Neural Network (ANN)”: {'micro_fpr’: np.array([0, 0.01, 0.02, 1]),

"micro_tpr’: np.array([0, 0.98, 0.99, 1]), 'micro_auc’: 1.00, 'classes’: ['A’, 'B’, 'C’,
'D’, 'S,

# "Random Forest”: {'micro_fpr’: np.array([0, 0.1, 0.5, 11), ’'micro_tpr’:
np.array ([0, 0.7, 0.95, 1]), 'micro_auc’: 0.88, 'classes’: ['A’, 'B’, 'C’, 'D’, 'S']}

# )

# ——— Plotting ROC Curves (Figure 4-1) ———
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plt.figure(figsize=(12, 8))
colors = sns.color_palette('tabl0’, n_colors=len(models)) # Using a standard color

palette

for 1, (name, data) in enumerate(roc_plot_data.items()):
plt.plot(datal 'micro_fpr’], datal’micro_tpr’], color=colors[il], lw=2,
label=f'{name} (Micro-Avg AUC = {datal["micro_auc”]:.2f})’)
plt.plot([0, 11, [0, 1], color='gray’, lw=1, linestyle="--', label='"Random Guess
(AUC = 05)")
plt.xlim([0.0, 1.0])
plt.ylim([0.0, 1.05])
plt.xlabel('False Positive Rate (FPR)’)
plt.ylabel(’ True Positive Rate (TPR)’)
plt.title('Receiver Operating Characteristic (ROC) Curve Comparison’)
plt.legend(loc="lower right”)
plt.grid(True)
plt.show()

9. Cell 9

#H# Cell 9 ###

# ——— 45.2 Feature Importance Analysis (Random Forest) (Table 4-7 & Figure
4-2) ——-
print("\n-——— 452 & W JdF= 4 (A9 2H=E) —-)

# Extract feature importances from the Random Forest model
feature_importances = rf _model.feature_importances_

feature_names = X_train.columns
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# Create a DataFrame for better presentation
importance_df = pd.DataFrame({'Feature’: feature_names, 'Importance’:

feature_importances})

# Sort features by importance in descending order

importance_df = importance_df.sort_values(by="Importance’, ascending=False)

# Calculate importance percentage

importance_df['Importance_Percentage’] = importance_df['Importance’] * 100
print(importance_df[['Feature’, 'Importance_Percentage’]].round(1).to_string()) #
to_string() for full table display

# Plotting Feature Importance (Figure 4-2 Concept)

plt.figure(figsize=(12, 7))

sns.barplot(x='Importance_Percentage’, yv='Feature’, data=importance_df,
palette="viridis’) # Using a vibrant color palette

plt.title(' Feature Importance from Random Forest Model’)

plt.xlabel('Importance (%)’)

plt.ylabel(’Features’)

plt.grid(axis='x’, linestyle='--', alpha=0.7)

plt.tight_layout()

plt.show()
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