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Model Interpretation through LIME and SHAP Model Sharing
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Abstract In the situation of increasing data at fast speed, we use all kinds of complex ensemble and deep
learning algorithms to get the highest accuracy. It's sometimes questionable how these models predict,
classify, recognize, and track unknown data. Accomplishing this technique and more has been and would
be the goal of intensive research and development in the data science community. A variety of reasons,
such as lack of data, imbalanced data, biased data can impact the decision rendered by the learning
models. Many models are gaining traction for such interpretations. Now, LIME and SHAP are commonly
used, in which are two state of the art open source explainable techniques. However, their outputs
represent some different results. In this context, this study introduces a coupling technique of LIME and
Shap, and demonstrates analysis possibilities on the decisions made by LightGBM and Keras models in

classifying a transaction for fraudulence on the IEEE CIS dataset.
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# Boston Housing Data 7}42.7]

X,y = shap.datasets.boston()

X_train,X_test, y_train,y_test = train_test_split(X, y,
test_size=0.2, random_state=0)

X,y = shap.datasets.boston()

X_train,X_test,y_train,y_test = train_test_split(X, y,
test_size=0.2, random_state=0)

# k-2 ol
knn = sklearn.neighbors.KNeighborsRegressor()
knn.fit(X_train, y_train)

# SHAP A+ A

# SHAP7} 2b= %A} deep, gradient, kernel,
# linear, tree, sampling

# knn o)A Kernel HIAEE ARg3fof gt
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# kmeans 2%F 7=

X_train_summary = shap.kmeans(X_train, 10)

# kmeans 29F ARZ-

t0 = time.time()

explainerKNN =
shap.KernelExplainer(knn.predict,X_train_summary)

shap_values_KNN_test =
explainerKNN.shap_values(X_test)
tl = time.time()

timeit=t1-tOtimeit

# without kmeansE AME5}A] o

# HZF 4000271 &84,

""t0 = time.time()

explainerKNN =

shap.KernelExplainer(knn.predict, X_train)
shap_values_KNN_test =

explainerKNN.shap_values(X_test)

i

tl = time.time() timeit=t1-t0 timeit

# SHAP A+ 7hAIst
shap.force_plot(explainerKNN.expected_value,
shap_values_KNN_testljl, X_test.ilocl[jl])
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explainerXGB = shap.TreeExplainer(xgb_model)
shap_values_XGB_test =
explainerXGB.shap_values(X_test)
shap.force_plot(explainerXGB.expected_value,
shap_values_XGB_testlj], X_test.iloc[[jl])
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#
xX_train, x_test, y_train, y_test =
train_test_split(x, y, test_size=0.30,
random_state=42)
# Hd 5
parameters = {
'application': 'binary', 'objective': 'binary’,
'metric: 'auc’, 'is_unbalance': 'true’,
'boosting': 'ghdt', 'num_leaves': 31,
'feature_fraction': 0.5, 'bagging_fraction': 0.5,
'bagging_freq': 20, 'learning_rate": 0.05,
'verbose': 0
}
model = lightgbm.train(parameters, train_data,
valid_sets=test_data, num_boost_round=5000,
early_stopping_rounds=100)
y_pred = model.predict(x_test)
from sklearn.metrics import classification_report

print(classification_report(y_test, y_pred_bool))

H 1. LightGBM 2% 25 Zu}
Table 1. LightGBM Model Classification Results

precision recall fl-score support

0 0.99 0.99 0.99 170821

1 0.67 0.84 0.75 6341

accuracy 0.98 177162
macro avg 0.83 0.91 0.87 177162
weighted avg 0.98 0.98 0.98 177162

29 257 23 92 9% 341491 LIME % SHAP
A 7hs7d 71 AwETll A, o] 54 &R
2 FEEES Sk 2074 8 5452 A4EHR
ojsid B87T AUt olE A%t ZE= oot ol 2
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SHA| she 91 20714 83 5AHE9] A4l

feature_imp= pd.DataFrame({
'Value":model.feature_importance(),
'Feature':X.columns})
plt.figure(figsize=(40, 20))
sns.set(font_scale = 5)
sns.barplot(x="Value", y="Feature",
data=feature_imp.sort_values(by="Value",
ascending=False)[0:20])
plt.title( LightGBM Features (avg over folds)')
plt.tight_layout()
plt.savefig('lgbm_importances-01.png')
plt.show()

LightGBM Features {avg over folds)

2000 2500

a3 1. 2071X] =2 EXSE9 Alzst
Fig. 1. Top 20 crucial features visualization
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def prob(data):
return np.array(list(zip(1-model.predict(data),
model.predict(data))))
import lime
import lime.lime_tabular
explainer = lime.lime_tabular.LimeTabularExplainer(
new_df[list(X.columns)].astype(int).values,
mode='"classification',training_labels=new_df['isFraud'],
feature_names=list(X.columns))
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ot

i=2
exp = explainer.explain_instance(
new_df.locli,list(X.columns)].astype(int).values,
prob, num_features=10)
#4837} 7HA| 5}

exp.show_in_notebook(show_table=True)

0

Prediction probabilities
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I 2. Yool AAHA B

AKi=2)
Fig. 2. Random instance output result(i=2)

Keras9 tensorflows AREol= 490 A4T 2d
3 mdo] B2 BuE 9% Fei oot g

classifier = Sequential()
A w2935
classifier.add(Dense(16, activation='sigmoid’,
kernel_initializer='"random_normal’,
input dim:242))
5 A 2493
clasaﬁer.add(Dense(& activation='sigmoid’,
kernel initializer='random_normal'))
# &893
classifier.add(Dense(1, activation='sigmoid',
kernel initializer='random_normal'))
from sklearn.metrics import classification_report
y_pred=classifier.predict(X_test, batch_size=64,
verbose=1)
y_pred =(y_pred>0.5)
y_pred_bool = np.argmax(y_pred, axis=1)
print(classification_report(Y_test, y_pred_bool))

o022 99 Keras =g
Frolch,

ZAuo| digt LIME 8%}

def prob(data):
print(data.shape)
y_pred=classifier.predict(data).reshape(-1, 1)
y_pred =(y_pred>0.5)

print(np.array(list(zip(1-y_pred.reshape(data.shape(0])
y_pred.reshape(data.shape[0])))))

return np.hstack((1-y_pred,y_pred))

import lime

import lime.lime_tabular

explainer = lime.lime_tabular.LimeTabularExplainer(
X[list(X.columns)].astype(int).values,
mode="classification’,
training_labels=new_df['isFraud'],

feature_names=list(X.columns))

91o] RS Aglel Yole] AxEA Y At
L ofgf 17 33 Zol 39 Foe YT 4 Uk

i=19
exp =
explainer.explain_instance(X.loc[i,X.columns].astype(i
nt).

values, prob, num_features=5)

esp.show_in_notebook(show_table=True)

Prediction probabilitics
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Fig. 3. Random instance output result(i=19)

SHAPS] 4
AAE Bt

oz B4 o) AE TR BE

Aol S}, SHAP: 7+ E4o] &

g ASol didt F8: ghe AT A= 4 84

ol 7+ =74

FAE 299 Aze FH2 A8 U
YA 5 WG 71 o] Fe2o] nj &=

deo]

AL HAFE ol At TgE A FAit

E3}sln], ZejA0] o 2 74z v

o7h9] 71& WHE 5

-182 -



The Journal of The Institute of Internet, Broadcasting and Communication (IIBC)
Vol. 24, No. 2, pp.177-184, Apr. 30, 2024. pISSN 2289-0238, elSSN 2289-0246

Holle AQke vitAst 440] glojA F53 wholtt.
o] B30l A2 BHYL 7o E o]H HT WAE
o FAE AL A B A7HES] ko] dTAS
Holf= A2 S AXRE ohg F=+= LightGBM
9] PE mdE A2 7B (LSt & dlojg Al
Eof| tigh W BE E)olA BE Eoz nd &Y
< go] ¥ b Ik EXS 4 HoE £ o

(a8 4 #F=).

import shap

# JS 7HAE ZE 7HA Q7|

shap.initjs()

# SHAP & AH8E 2dl o&9] 49

# O} I+ LightGBM, CatBoost, scikit-learn &
spark oA Z-53k

explainer = shap.TreeExplainer(model)
shap_values = explainer.shap_values(X)

# A 1A 59 A9 73 (matplotlib=True AH)
# shap.force_plot(explainer.expected_value,

1], X.ilocl0,:)
shap.dependence_plot("TransactionAmt",
X)

# DE EX a3} Q9F

shap.summary_plot(shap_values, X)

shap_values0,
shap_values,
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shap.summary_plot(shap_values, X, plot_type="bar")
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import shap

import tensorflow.keras.backend

background =

X_train[np.random.choice(X_train.shape(0],
100, replace=False)]

# 5% T " dole AEE A 1007 &4

explainer = shap.DeepExplainer(classifier,

o A&

background)

# shap.force_plot(explainer.expected_value,
# shap_values[0], X_test[0])

# LE EY ay g9F
sharp.summary_plot(shap_values, X)
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