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from google. colab
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import drive

drive.mount " /content/drive’)

Drive already mounted at /content/drive; to attempt to forcibly remount, call drive.mount(”/content/drive”, force remount=True).

import os

print (os. listdir  /content/drive/MyDrive’))

U PR S E AU R DU

%pip install lime

Requirement already
Requirement already
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Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
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Requirement already
Requirement already

import numpy as
import pandas as

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

np

pd

import matplotlib.pyplot as

import seaborn as
import shap
import lime

sns

import lime.lime tabular

import warnings

import lightgbm as

lgb

from sklearn.model selection

from sklearn. linear model

from sklearn. tree

from sklearn. ensemble

SEEAXAL? HAMHAKE. gsheet’,  TARECAY. gdoc’, " Google Al Studio’, ’Colab Notebooks’, ’Animals’

lime in /usr/local/lib/python3. 12/dist-packages (0.2.0.1)

matplotlib in /usr/local/lib/python3. 12/dist-packages (from lime) (3.10.0)

numpy in /usr/local/lib/python3. 12/dist-packages (from lime) (2.0.2)

scipy in /usr/local/lib/python3. 12/dist-packages (from lime) (I.16.3)

tqdm in /usr/local/lib/python3. 12/dist-packages (from lime) (4.67.3)

scikit-learn>=0. 18 in /usr/local/lib/python3. 12/dist-packages (from lime) (1.6.1)

scikit-image>=0. 12 in /usr/local/lib/python3. 12/dist-packages (from lime) (0. 25.2)

networkx>=3.0 in /usr/local/lib/python3. 12/dist-packages (from scikit-image>=0.12->1ime) (3.6.1)
pillow>=10.1 in /usr/local/lib/python3. 12/dist-packages (from scikit-image>=0.12->1ime) (11.3.0)
imageio!=2.35.0,>=2.33 in /usr/local/lib/python3. 12/dist-packages (from scikit-image>=0.12->1lime) (2.37.¢
tifffile>=2022.8.12 in /usr/local/lib/python3. 12/dist-packages (from scikit-image>=0.12->1ime) (2026. 3. 3)
packaging>=21 in /usr/local/lib/python3. 12/dist-packages (from scikit—image>=0.12->1lime) (26.0)
lazy-loader>=0.4 in /usr/local/lib/python3. 12/dist-packages (from scikit-image>=0.12->1ime) (0.5)
joblib>=1.2.0 in /usr/local/lib/python3. 12/dist-packages (from scikit-learn>=0.18->lime) (1.5.3)
threadpoolct1>=3.1.0 in /usr/local/lib/python3. 12/dist-packages (from scikit—-learn>=0.18->1ime) (3.6.0)
contourpy>=1. 0.1 in /usr/local/1ib/python3. 12/dist-packages (from matplotlib->1ime) (1.3.3)

cycler>=0. 10 in /usr/local/lib/python3. 12/dist-packages (from matplotlib—>lime) (0. 12.1)
fonttools>=4.22.0 in /usr/local/lib/python3. 12/dist-packages (from matplotlib->lime) (4.62.1)
kiwisolver>=1.3.1 in /usr/local/lib/python3. 12/dist-packages (from matplotlib->lime) (1.5.0)
pyparsing>=2.3.1 in /usr/local/lib/python3. 12/dist-packages (from matplotlib->1ime) (3.3.2)
python-dateutil>=2.7 in /usr/local/lib/python3. 12/dist-packages (from matplotlib—>1lime) (2.9.0.post0)
six>=1.5 in /usr/local/lib/python3. 12/dist-packages (from python-dateutil>=2.7->matplotlib—>1ime) (1.17.(C

import train_ test split, GridSearchCV, KFold

import LinearRegression

import DecisionTreeRegressor

from sklearn.metrics import

from sklearn. inspection

from sklearn. preprocessing

# —— Matplotlib

import RandomForestRegressor, BaggingRegressor

mean_absolute_error, mean_squared error, r2 score

import PartialDependenceDisplay
import StandardScaler

Ml Seaborn FALE —
plt. rcParams[’ font. family’ ]

" sans—serif’

plt. style. use (" seaborn-v0 8-whitegrid’)
warnings. filterwarnings (“ignore”)

#

# L BB SYI R

#

print("—— 1. #HIMESYEEHRE —)
data = pd.read csv(’ /content/drive/MyDrive/2 A5 Pythonfl#%2% > ml-2025-7-26 % 4. csv’ )
pd. set_option(’ display. max_columns’, None)

print CH#EEE (data. info()):”)

data. info ()
print ("\nffiA Gt

print ("\n#dE 517
print (data. head())

A .

(data. describe()):”)
print (data. describe())
(data. head()) :”)

1ra

11 PO
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Yy Incomegrow
10 netprofitgrow 158 non—null
11 cashflowgrow 158 non—null
dtypes: float64(12)
memory usage: 14.9 KB

105 non—nurl

AL (data. describe()) :

T1r0ato4
float64
float64
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pe roe debt assetturnover rdgrow \
count 158.000000 158.000000 158.000000 158. 000000 158. 000000
mean 83.307215  10.075633  30. 121456 0. 557532 32.605506
std 90. 878100 6. 143545  15.653299 0.230418  54.377280
min 14. 600000 1. 130000 2.260000 0. 120000 —41.270000
25% 38. 730000 5.952500  18.200000 0. 410000 9. 215000
50% 62. 795000 9.545000  28.515000 0. 530000  20. 990000
75% 89.875000  12.427500  41. 987500 0.670000  39. 632500
max 851. 710000  36.970000  71.670000 1..330000  499. 270000
roic rop netincomeprofit quickratio incomegrow \
count 158.000000 158. 000000 158. 000000 158. 000000 158. 000000
mean 7.671835  68.638354 65. 176329 3.743797  21. 026646
std 4.695364  66.580491 61. 833241 5.299191  33.253435
min 0.270000  -3.340000 -277. 400000 0.410000 -46. 710000
25% 4. 887500  28. 605000 58. 642500 1. 310000 7. 765000
50% 6.910000  47. 730000 75. 415000 2.130000  17.510000
75% 9.672500  81.770000 86. 762500 3.707500  27.322500
max 27.670000 432. 530000 418.400000  42.940000 331.700000
netprofitgrow cashflowgrow
count 158. 000000 158. 000000
mean 44. 651139 95. 075127
std 136. 656692 530. 459536
min -94. 500000 -1340. 550000
25% -4. 975000 -39. 407500
50% 19. 195000 28. 875000
75% 43. 647500 124. 252500
max 1045. 390000  4669. 230000
HiHi547 (data. head()) :
pe roe debt assetturnover rdgrow roic rop \
0 851.71 36.97 24.31 0.91 84.37 22.71 35.01
1 437.93 32.77 22.84 0.90 69.15 21.72 79.62
2 387.54 30.60 59.05 0.94 59.88 1.81 10.93
3 337.62 27.28 23.80 0.37 52.33 22.50 116.83
4 328.84 24.49 41.46 0.53 51.39 27.67 72.40
netincomeprofit quickratio incomegrow netprofitgrow cashflowgrow
0 418. 40 2.28 69. 32 1045. 39 66. 19
1 312.92 3.75 62. 96 194. 31 723.18
2 143.97 1.17 59.49 10. 19 648. 22
3 98.70 3.33 49. 30 41. 60 130. 80
#
# 2. BRMEHIESHT (EDA)
#

print ("\n—— 2. REMEHAEHM T (EDA)

# - 2.1 HIFEESM —
plt. figure (figsize=(12, 5))
plt.subplot(1, 2, 1)

)

sns. histplot (data. iloc[:, 0], kde=True, bin
plt.title(f’ Distribution of Target Variable

plt. xlabel ("Value”)
plt. ylabel ("Frequency”)

plt.subplot(l, 2, 2)
sns. boxplot (y=data. iloc[:, 0])

plt.title(f’ Boxplot of Target Variable

plt. tight layout ()
plt. savefigC EDA_HARZEE 1. png’)
plt. show()

# - 2.2 FHES HARREIHAMERE —

plt. figure (figsize=(12, 10))
correlation matrix = data.corr()

sns. heatmap (correlation matrix, annot=True,

plt.title( Correlation Heatmap of Features

plt. savefig (" EDA A& II . png’)
plt. show()

s=30)
”{data. col

umns[0]}7")

”{data. columns[0]}"")

cmap="coolwarm’, fmt=".2f", linewidths=.5)

and Target

# - 2.3 HAEYHESZREEARNUMHENBEE

target corr = correlation matrix.iloc[l:,

top features = target corr.head(3). index

print (f"\n55 B bR B BN SR 3R «

plt. figure (figsize=(15, 5))

)

0].abs (). sort_values (ascending=False)

{list (top features)}”)

for i, feature in enumerate(top features):

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true
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plt.subplot(1, 3, i + 1)
sns. scatterplot (x=data[feature], y=data.iloc[:, 0])
plt. title(f”” {feature}” vs ”“{data.columns[0]}"")
plt. xlabel (feature)
plt. ylabel (data. columns[0])

plt. tight layout ()

plt. savefig (" EDA fmiAHICHFAESL 5 . png’ )

plt. show()

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true 317
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— 2. WEMEHIESHT (EDA) —

Distribution of Target Variahle "pe"

machine_learning.ipynb - Colab

Boxplot of Target Variable "pe"
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#
# 3. s
#
print ("\n— 3. HdEdEE —
X = data.iloc[:, 1:]
y = data.iloc[:, 0]
X train, X test, y train, y test = train test split(X, vy, test size=0.3, random state=42)
print (F"IMNZE KR/ (X train. shape}, WREE K/ {X test. shape}”)
002 012 023 043 005 050 010 019 017  -0.00
— 3. %Z?F/E%
IR AN (110, 10), HlRAER” N
debt 001 002 -.I!.I!- 0.43 000 004 010 000 mEvermE 007 001 0.10 —
#
# 4 JRLERUMELE (& LightGBWD
#
print ("\n—— 4. FELRAILLE —7
models = {
“Linear Regression”: LinearRegression(),
“Decision Tree”: DecisionTreeRegressor (random state=42),
“Random Forest”: RandomForestRegressor (random_state=42, n_estimators=100),
“LightGBM (Baseline)”: 1gb.LGBMRegressor (random state=42, verbose=-1)
}
results = {}
for name, model 1in models.items():
model. fit (X train, vy train)
y pred = model.predict (X test)
r2 = 12 score(y_test, y pred)
mse = mean squared error(y test, vy pred)
results[name] = {'R*’: r2, 'MSE’: mse}
print (f” {name} -> R*: {r2:.4f}, MSE: ({mse:.4f}”)
results df = pd.DataFrame (results).T
fig, (axl, ax2) = plt.subplots(l, 2, figsize=(15 6))
results df[’R?’].plot (kind="bar’, ax=axl, title='R*> Score Comparison of Different Models’)
axl.set ylabel CR* Score’)
axl. tick_params(axis= x’, rotation=45)
results df[’MSE’ ].plot(kind="bar’, ax=ax2, title="MSE Comparison of Different Models’, color="orange’)
ax2. set_ylabel C MSE’)
ax2. tick params(axis="x", rotation=45)
plt. tight layout ()
plt. savefig C HEAILLE: PEREXTEL. png’)
plt. show()
8 5 -z g
=
5 B B RS HI3ANRRE AL . [ roe’, "netincomeprofit’, 'roic’]
"roe" vs "pe" "netincomeprofit” vs "pe" "roic" vs "pe"
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o on2 SR 8.
R ol
Linear® Regrfessith —>R?: 0. 48%8, MSE: 2%507.9705 S
Decision Tree —> R*: 0.8513, MSE: 284.3449
Random Forest —> R*: 0.8677, MSE: 222.9395
LightGBM (Baseline) —> R?: 0.4308, MSE: 959.4920
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#
# 5. LightGBMHIZHA
#

print ("\n— 5. LightGBM@ES%AM —~

#  LightCBMZEM G

param grid = {
‘n_estimators’: [100, 200],
"max_depth’: [-1, 10],
"num_leaves’ : [31, 501,
learning rate’ : [0.05, 0.1],
" feature fraction’: [0.8, 0.9],
"bagging fraction’: [0.8, 0.9]

# WU LLightGBMAR A

lgb model = 1gb.LGBMRegressor (random state=42,
# PR R

grid search = GridSearchCV(
estimator=1gb model,
param_grid=param grid,

cv=5,
n_jobs=-1,
verbose=1,

s o
scoring= r2

print ("FF4AL1ghtGBMEE UMM, .. ")
grid search. fit(X train, y train)

# SRR R
final model = grid search.best estimator
print (F"\niHESHA A :
print (£ XIGAE H AR £555 :

-— 5. LightGBMEBZHIRM —
JFUAL1 ghtGBMAE Z HA . . .

{grid search. best params }”)
{grid_search. best_score_:.

verbose=-1)

4r}”)

Fitting 5 folds for each of 64 candidates, totalling 320 fits

ESHH G  bagging fraction’ :
28 X UAFFAER 1540 0. 4686

0.8, ’feature fraction :

0.8, ’learning rate’ :

s

roic

MSE Comparison of Different Models

0.1, 'max depth’: -1, ’n estimators’ :

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true
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IREREITAG

H O H"
(=2}

print ("\n-— 6. HZHERITA )
y pred = final model.predict (X test)

# - 6.1 fPEfitfRbs —

mae = mean absolute error(y test, y pred)
mse = mean squared error(y test, vy pred)
r2 = 12 score(y test, vy pred)

print (f”JHAEE MAE: {mae:.4f
print (F7MR4E MSE: {mse:.4f
print (f"IMNREE R*:  {r2:.4f}”

1)
1)
)

# — 6.2 FME vs FSMHAUSE —

plt. figure (figsize=(10, 8))

plt.scatter(y test, y pred, alpha=0.6, s=50)

plt.plot([y test.min(), vy test.max()], [y test.min(), vy test.max()], ’r—", 1w=2)
plt. xlabel ( Actual Values’)

plt.ylabel ( Predicted Values’)

plt.title(f’LightGBM Final Model: Actual vs Predicted ([R* = ({(r2:.4f})")
plt.axis( equal’)

plt. axis ( square’)

plt. text (0.05, 0.95, f MAE: {mae:.4f}\nMSE: {mse:.4f}\nR*>: {r2:.4f}",
transform=plt. gca(). transAxes, verticalalignment=" top ,
bbox=dict (boxstyle="round’, facecolor="wheat’, alpha=0.8))

plt. grid(True, alpha=0.3)

plt.savefig(’ LightGBM_FLSL{HvsTHM{H. png’, dpi=300)

plt. show()

- 6.3 FREST
residuals = y test — y pred
plt. figure(figsize=(15, 5))

plt.subplot(l, 3, 1)

sns. scatterplot (x=y pred, y=residuals)
plt.axhline (y=0, color="r’, linestyle= —")
plt. xlabel ( Predicted Values’)

plt. ylabel ( Residuals’)

plt. title( Residual Scatter Plot’)

plt.subplot(l, 3, 2)

sns. histplot (residuals, kde=True, bins=30)
plt.title( Residual Distribution’)

plt. xlabel ( Residual’)

plt.subplot(1, 3, 3)

from scipy import stats

stats. probplot (residuals, dist="norm”, plot=plt)
plt. title( Residual Q-Q Plot’)

plt. tight layout ()

plt. savefig (" LightGBM #%Z/3#r. png’, dpi=300)
plt. show()

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true 717
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- 6. AT —
JERAE MAE: 19.9176
MA4E MSE: 917.1313
MEREE R?: 0. 4559

LightGBM Final Model: Actual vs Predicted (R2 = 0.4559)

MAE: 19.9176 e
MSE: 917.1313
200
R2: 0.4559
L]
7/
4
s
,I
® ’
/b
Ve
150
4
[ Id ®
7
,l
[ ] 4
I ®
3 R4
o [ ]
£ ’
= ® o/
z ’
(=]
% 100 ® , ”
& ®
b I
’I
o, b
4 e
[ ] e,
50 o %97
’, [ X )
@ 4 3
[ ]
e ® )
® @
%
«°
o [ ]
50 100 150 200
Actual Values
Residual Scatter Plot Residual Distribution
50 50
]
. * . .
Sae. ° "
L) L] L] -
0 b . . L] 0
- LY L] . 6
o e ° . 8
@ . . =
2 o o = s
b=} 2 -3
B 38 2
g 50 5 50
. 4 <]
-100 -100
2
150 . 150 ®
0 50 100 150 200 0150 50 2
Predicted Values Residual
# — 7.1 IFSISHAPH —-
print ("1E£ETHESHAP/E. .. )
explainer = shap. TreeExplainer (final model)
shap values = explainer.shap values (X test)

print (f”SHAP{EIR:  {shap_values. shape}”)
print (f"JE#E{H (expected value): {explainer. expected value:.4f}”)

IETETHELSHAPAE. . .

SHAPMEJEAR : (48, 11)
FEEMH (expected value) : 90. 2898

# — 7.2 SHAPWZEEIRY] —
fig, axes = plt.subplots(2, 2, figsize=(20, 16))

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true
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# Beeswarm plot (HEEEE])
plt.subplot(2, 2, 1)

shap. summary plot (shap_values, X test, plot_type="dot”,
plt. title("SHAP Summary Plot (Beeswarm)”, fontsize=14)

# Bar plot (%K)
plt.subplot(2, 2, 2)

shap. summary_plot (shap_values, X test, plot_type="bar”,

machine_learning.ipynb - Colab

show=False)

show=False)

plt.title("SHAP Global Feature Importance”, fontsize=14)

# Violin plot (CNREEERE)
plt.subplot(2, 2, 3)

shap. summary plot (shap _values, X test, plot type="violin”, show=False)

plt.title ("SHAP Violin Plot”, fontsize=14)

# Heatmap for top samples (FJ71&])
plt.subplot (2, 2, 4)
shap. plots. heatmap (shap. Explanation (
values=shap values[:20],
base_values=explainer. expected_value,
data=X_test. values[:20],
feature names=X test.columns. tolist ()
), show=False)

plt. title ("SHAP Heatmap (Top 20 Samples)”, fontsize=14)

plt. tight layout ()

plt. savefig( SHAP_Zi&343#7. png’, dpi=300, bbox_inches="tight’)

plt. show()
SHAP Summary Plot {Beeilv;ﬁ.rm)
roe = | o
rdgrow -
netincomeprofit
incomegrow - - @
assetturnover oo [
roic o g
netprofitgrow g
rop =
cashflowgrow
debt
quickratio
0 Low

SHAP value (impact on model output) mean(|SHAP value|) (average impact on model outp

SHAP Violin Plot

High
roe —
rdgrow -
netincomeprofit -
incomegrow -
assetturnover -
roic -
netprofitgrow
rop
cashflowgrow
debt
quickratio
0 100 "

Feature value

SHAP value (impact on model output)

# — 7.3 SHAPKHE (ZHNAHT) ——
print (" 1IE7EAE RSHAPIR A, . . )
# R T S I AT M T

importances = np.abs(shap values).mean(0)
top features indices = np.argsort(importances)[—4:]
top_features = X test.columns[top_ features_indices]

for feature in top features:
plt. figure(figsize=(10, 6))

Sum of 2 8&%@%&5&@

SHAP Global Feature Importance

roe I
rdgrow [INEEG_G
netincomeprofit [N
incomegrow [N
assetturnover [l
roic Il
netprofitgrow [l
rop il
cashflowgrow ||
debt |
quickratio |

0 20

SHAP Heatmap (Top 20 Samsgl

’-\A‘-'/:’ ]
Jncomﬁgdrori = i

netprofitg f3l

ﬂl{goutput)

10
Instances

&,_
SHAP vaﬁle (impact on mo

shap. dependence plot (feature, shap values, X test, interaction index="auto”, show=False)

plt. title(f’SHAP Dependence Plot: ({feature}’)

plt. tight layout ()

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true
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plt. savefig (f’ SHAP_K#fi¥l {feature}.png’, dpi=300, bbox inches= tight’)
plt. show()

https://colab.research.google.com/drive/10TK_0d3gl4imafdC3v6ulilEZZgTQzSc#scrollTo=5ec40f79&printMode=true 10/17
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IEFEAE ASHAPR L. . .
<{Figure size 1000x600 with 0 Axes>

machine_learning.ipynb - Colab

SHAP Dependence Plot: incomegrow
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# —— 7.4 SHAPEAIE CERATRMVEAN 3 %) —
print ("IEAE A4 BSHAPYRAT . .. )
fig, axes = plt.subplots(l, 2, figsize=(24, 8))
for i, idx in enumerate([0, len(X test) // 2]):
plt.subplot(l, 2, i + 1)
shap. plots. waterfall (shap. Explanation (
values=shap values[idx],
base _values=explainer. expected value,
data=X test.iloc[idx]. values,
feature names=X_test.columns. tolist ()
), show=False)
plt. title(f" SHAP Waterfall Plot - Sample {idx if idx >= 0 else len(X test) + idx}’)

plt. tight layout ()
plt. savefig (" SHAP #Ail&. png’,
plt. show()

dpi=500,

v =
1A s,
SHAP Waterfall Plot - Sample 0
fix) =20.495

9.58 = roe =

1.01 = rdgrow 23.5

—12.6|
'ﬁ-9.48

68.52 = netincomeprofit

67.56 = netprofitgrow

20.05 = incomegrow -4.62
91.65 =rop —4.2'
9.47 = roic —3.65‘
0.22 = assetturnover —2.55‘
11.95 = debt —1.2'
2 other features | +).85
50 100
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# — 7.5 SHAPHIE —-
print ("IELEAERSHAP . .. 7)
shap. initjs()

t R INEREEIRA
sample indices = [0, len(X test) // 4, len(X test) // 2, 3 % len(X test) // 4, -1]

for i, 1idx in enumerate(sample indices):
force plot = shap. force plot(
explainer. expected value,
shap values[idx],
X test.iloc[idx],
matplotlib=True,
show=False
)
plt. title(f”SHAP Force Plot - Sample {idx if idx >= 0 else len(X test) + idx}”)
plt. savefig (f" SHAP_ /7 ¥EA {i}.png’, bbox inches="tight’, dpi=300)

plt. show()
L]
] 0
20, et 5
g. $ ?. by :-. ‘. L] *
25 5.0 7.5 10.0 12.5 15.0 17.5 20.0
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IEFEAE SHAP 7. . .

hicher 2 lnwer

# —— 7.6 SHAPEE/MKHIE —

print (" IE£EZE BSHAPER /MK AL .. 7)

# R I AR AT PDP Ay

# R XEAERMNEHZEE M top features

from sklearn. inspection import PartialDependenceDisplay

top pdp features = top features[:2]
for feature 1in top_pdp features:
plt. figure (figsize=(10, 6))
PartialDependenceDisplay. from estimator (
final model,
X_train,
features=[feature],
kind="average’,
grid _resolution=50,
ax=plt. gca()

plt. title(f’ Partial Dependence Plot: {feature}’)

plt. xlabel (feature)

plt.ylabel ( Partial Dependence’)

plt. grid(True, alpha=0.3)

plt. tight_layout ()

plt. savefig(f” SHAP PDP {feature}.png’, dpi=300, bbox inches=" tight’)
plt. show()

B[R] 22 R A L AT AN R AT
print (" IEAEL O B R 2 PR IEL L)
for feature in top pdp features:
fig, ax = plt.subplots(figsize=(10, 6))
PartialDependenceDisplay. from estimator (
final model,
X train,
features=[feature],
kind="both’,
grid resolution=50,
ax=ax

ax. set title(f’Partial Dependence and ICE Plot: {feature}’)

ax. set_xlabel (feature)

ax. set_ylabel ( Partial Dependence / ICE)

ax. grid(True, alpha=0.3)

plt. tight layout ()

plt. savefig(f’ SHAP_PDP_ICE {feature}.png’, dpi=300, bbox inches=" tight’)

plt. show()
L e
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IEFEAE BSHAPHE 73 (AL, . .
Partial Dependence Plot: incomegrow
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#
# 8. LIMEARREZM T

#

print (“\n—— 8. LIMEf#REMT —")

# — 8.1 WUALLIMERRZ —
print ("IE{EYIAAALLIMER#RERS. .. ")
lime explainer = lime.lime tabular.LimeTabularExplainer (
X train. values,
feature names=X_ train. columns,
class names=[’ target’ ],
mode="regression’,
discretize_continuous=True,
random_state=42

)
AR 22 il 0 53 MR BRI S PR R .
—— 8. LIMEf#RBES T —- Partial Dependence and ICE Plot: incomegrow
IEERIRALLIMEfRRE 2. . .
——-_average

00

# —— 8.2 LIMEEAFERSHT —
def analyze sample with lime(sample idx, title suffix=""):
7 Ag FLIME 3 BT SRS
exp = lime_explainer.explain_instance (
X test.iloc[sample idx].values,
final model. predict,
num_features=len(X test.columns)

)

& IRIURE AR

explanation = exp.as list()

features = [item[0] for item in explanation]
contributions = [item[1] for item in explanation]

# AL

fig, (axl, ax2) = plt.subplots(l, 2, figsize=(16, 6))
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