In [1]:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import warnings
warnings.filterwarnings("ignore")
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In [2]:

def map target(row):
if row["L risk"]==1:
return 0
elif row["M risk"]==1:
return 1
else:
return 2

data=pd.read excel("Binary Classification.xlsx")

data["Risk Level"]=data.apply(map target,axis=1)
data.drop(["L _risk","M risk","H risk"],axis=1,inplace=True)
data.head()

Out[2]:
Open Traffic Residential Commercial POI POI Population Distance to Covid-19 Breakout Risk
Area Area Area Area Entropy  Richness Density Location Level
0 71645258  4.294096 13.019560 11.041090 5.091138 9 5.580306 14.631968 2
1 69.738119 6.621425 13.815199 9.825255  6.259978 11 8.039338 13.652223 1
2 52448830 10.773829 5.802397 30.974951 5.895796 8 24.438971 12.583265 1
3 81.918734 1.370870 4.296954 12.413444  4.434488 7 7.604859 13.001396 1
4 75649980 10.455473 4.733141 9.161406  3.371602 5 10.101772 12.489688 1
In [3]:

HHET Tl ZEIR &R

data["Risk Level"].value counts()

Out[3]:

1 349
0 184
2 86

Name: Risk Level, dtype: int64



In [4]:
# ZFIRBRIKTF FEEIFEFHIIGELEFLEEZF, PERTN YR & —EHIRAIGE

risk level mean=data.groupby("Risk Level").mean().T
risk_level mean.columns=["L risk","M risk","H risk"]
risk level mean.plot(kind="bar",figsize=(8,5))
plt.show()

# risk level std=data.groupby("Risk Level").std().T
# risk level std.columns=["L risk","M risk","H risk"]
# risk level std.plot(kind="bar",figsize=(10,6))

# plt.show()
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In [5]:

from sklearn.model_selection import train test split

from imblearn.over_sampling import SMOTE

from imblearn.pipeline import Pipeline

from sklearn.ensemble import RandomForestClassifier

from sklearn.svm import SVC

from sklearn.preprocessing import StandardScaler,MinMaxScaler

from sklearn.model_selection import GridSearchCV,cross val score,KFold

from sklearn.metrics import confusion matrix,classification report,roc_curve,roc auc_score,auc

def plotConfusionMaxtrix(confmat data=None,xlabel='"',6ylabel="'",6title="'"',cmap=plt.cm.Blues,plt ax=None):

FATER - JEEHELE
plt ax.matshow(confmat data, cmap=cmap, alpha=0.9)
for i in range(confmat data.shape[0]):

for j in range(confmat data.shape[l]):

plt ax.text(x=j, y=i,s=confmat data[i, j],va='center', ha='center')

plt ax.set xlabel(xlabel, fontsize=12)
plt ax.set ylabel(ylabel, fontsize=12)
plt ax.set title(title,fontsize=12)
return

def plotRocMutiClass(y=None, proba array=None,labels=None,title=

ATFERE - ROC

,plot _ax=None):

yCat=pd.get dummies(y)
plot ax.plot([0, 1], [0, 1], 'k--',label='Random Prediction')
cm = [plt.cm.rainbow(i) for i in np.linspace(0, 1, proba array.shape[1]+1)]
for i in range(proba array.shape[1]):
p = proba array[:, il

fpr, tpr, _ = roc curve(yCat.iloc[:,i], p)
auc_score = roc_auc_score(yCat.iloc[:,i], p)
plot ax.plot(fpr, tpr, label=str(labels[i])+" : "+str(round(auc_score, 3)), c=cm[i + 1])

plot ax.set xlim([0.0, 1.0])

plot ax.set ylim([0.0, 1.0])

plot ax.set xlabel('l - Specifity',fontsize=12)

plot ax.set ylabel('Sensitivity', fontsize=12)

plot ax.set title(title,fontsize=12)

for key in ["left","right", "top","bottom"]:
plot ax.spines[key].set alpha(0.3)

plot ax.legend(loc="lower right")

return

#EN— O REIUEHIEREL T8 — MR E 1
def get cross val score(model,dfx,dfy):
# use a 5-fold cross validation to estimate a model's robustness
kfold = KFold(n splits=5)
#use r2 score
results = cross val score(model, dfx, dfy, cv=kfold,scoring="accuracy")
return results.mean()

In [6]:
#BEEVGHGE AR

X=data.drop("Risk Level",axis=1)
y=data["Risk Level"]

X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=0)

random forest



In [7]:
# &/ pipeline MEEWERAE, F—HHK SMOTE FHE—1FEH BTG

model = Pipeline([('sampling', SMOTE(random state=0)),('clf', RandomForestClassifier(random state=0))])
parameters = {'clf max depth': [5,6,7,8,9,10], 'clf criterion': ['gini', 'entropy'],'clf n estimators': [100,2
00,300]}

grid = GridSearchCV(model, parameters,cv=5, scoring='accuracy', n jobs=-1)
grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train)) # XEH score FI#£ accuracy
print("Test Data Score: ",grid.score(X test, y test))

#X—HAEFLONTERIGUE 11T H—NRATEEHIRTITFS, (B10HFRAFENT FRLE/FRET, 258RIR test@gjscore Z1 %
# print("Cross Validation Score:",get cross val score(model=grid,dfx=X,dfy=y))
print("Best Parameters By GridSearch: ",grid.best params )

B FHNE T BT MHIERM R ERHFEE
feature importance df=pd.DataFrame(zip(X train.columns,grid.best estimator .steps[1][1].feature importances ),col

umns=["feature","importance"])
display(feature importance df.sort values(by="importance",ascending=False))

print("-"+100)

# (EAVIGATHRTY TS a5 HEE, A5 TITE B F1 roc
y train pred=grid.predict(X train)

y test pred=grid.predict(X test)

y train proba=grid.predict proba(X train)

y test proba=grid.predict proba(X test)

#AEIRE, FELUREIHIERERAER 115 precision recall 1l Z3FA755

print("Train Data Classification Report: \n",classification report(y train,y train pred))
print("Test Data Classification Report: \n",classification report(y test,y test pred))
print("-"*100)

#iTERBAEIE
confmat _train = confusion matrix(y true=y train, y pred=y train pred)
confmat test = confusion matrix(y true=y test, y pred=y test pred)

# Plot Confusion Matrix

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

#plot for train data

plotConfusionMaxtrix(confmat data=confmat train,xlabel='Predicted Label',ylabel='True Label',title='Train Data Co
nfusion Matrix',cmap=plt.cm.Blues,plt ax=axl)

#plot for test data

plotConfusionMaxtrix(confmat data=confmat test,xlabel='Predicted Label',ylabel='True Label',title='Test Data Conf
usion Matrix',cmap=plt.cm.Greens,plt ax=ax2)

plt.show()

print("")

# Plot ROC

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

# Plot ROC curve - train data

plotRocMutiClass(y=y train, proba array=y train proba,labels=[0,1,2,3,4],title='R0OC: Train Data',plot ax=axl)
# Plot ROC curve - test data

plotRocMutiClass(y=y test, proba array=y test proba,labels=[0,1,2,3,4],title='R0OC: Test Data',plot ax=ax2)
plt.show()

Train Data Score: 0.9414141414141414

Test Data Score: 0.5887096774193549

Best Parameters By GridSearch: {'clf criterion': 'entropy', 'clf max depth': 8, 'clf n estimator
s': 200}

feature importance

7 Distance to Covid-19 Breakout Location 0.281692
Population Density 0.191709
Open Area 0.102006
Residential Area 0.100654

POl Entropy ~ 0.099508

w &~ N O o

Commercial Area 0.093943

-

Traffic Area 0.086505
5 POI Richness 0.043982



Train Data Classification Report:
precision recall

0 0.86 0.99

1 0.99 0.90

2 0.96 0.99

accuracy

macro avg 0.94 0.96
weighted avg 0.95 0.94

Test Data Classification Report:
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In [8]:
# svc HIEERRR, FEGELE AL AridfEsmote 2 [FHEM—1N 4 StandardScaler

model = Pipeline([('sampling', SMOTE(random state=0)),('scaler',StandardScaler()),('clf', SVC(probability=True,ra
ndom state=0))])
parameters = {'clf C': [1le0,1lel,le2,1le3,1le4,1e5], 'clf gamma': np.logspace(-4, 0, 5)}

grid = GridSearchCV(model, parameters,cv=5, scoring='accuracy', n jobs=-1)
grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train))

print("Test Data Score: ",grid.score(X test, y test))

# print("Cross Validation Score:",get cross val score(model=grid,dfx=X,dfy=y))
print("Best Parameters By GridSearch: ",grid.best params )

print("-"*100)

y train pred=grid.predict(X train)

y test pred=grid.predict(X test)

y train proba=grid.predict proba(X train)

y test proba=grid.predict proba(X test)

print("Train Data Classification Report: \n",classification report(y train,y train pred))
print("Test Data Classification Report: \n",classification report(y test,y test pred))
print("-"*100)

confmat train = confusion matrix(y true=y train, y pred=y train pred)
confmat test = confusion matrix(y true=y test, y pred=y test pred)

# Plot Confusion Matrix

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

#plot for train data

plotConfusionMaxtrix(confmat data=confmat train,xlabel='Predicted Label',ylabel='True Label',title='Train Data Co
nfusion Matrix',cmap=plt.cm.Blues,plt ax=axl)

#plot for test data

plotConfusionMaxtrix(confmat data=confmat test,xlabel='Predicted Label',ylabel='True Label',title='Test Data Conf
usion Matrix',cmap=plt.cm.Greens,plt ax=ax2)

plt.show()

print("")

# Plot ROC

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

# Plot ROC curve - train data

plotRocMutiClass(y=y train, proba array=y train proba,labels=[0,1,2,3,4],title='ROC: Train Data',plot ax=axl)

# Plot ROC curve - test data

plotRocMutiClass(y=y test, proba array=y test proba,labels=[0,1,2,3,4],title="'R0OC: Test Data',plot ax=ax2)
plt.show()



Train Data Score: 0.9313131313131313
Test Data Score: 0.5564516129032258
Best Parameters By GridSearch: {'clf C': 1.0, 'clf gamma': 1.0}

Train Data Classification Report:

precision recall fl-score support
0 0.91 0.94 0.92 155
1 0.97 0.92 0.94 273
2 0.87 0.97 0.92 67
accuracy 0.93 495
macro avg 0.91 0.94 0.93 495
weighted avg 0.93 0.93 0.93 495
Test Data Classification Report:
precision recall fl-score support
0 0.38 0.38 0.38 29
1 0.65 0.68 0.67 76
2 0.40 0.32 0.35 19
accuracy 0.56 124
macro avg 0.48 0.46 0.47 124
weighted avg 0.55 0.56 0.55 124
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In [9]:

from tensorflow.keras.optimizers import Adam,SGD,RMSprop
from tensorflow.python.keras.models import Sequential

from tensorflow.python.keras.layers import Activation, Dense
from tensorflow.python.keras import initializers

from keras import utils

def plot metric(hist, metric):
train metrics = hist[metric]
val metrics = hist['val '+metric]
epochs = range(1l, len(train metrics) + 1)

plt.figure(figsize=(8,5))

plt.plot(epochs, train metrics, label='Train')
plt.plot(epochs, val metrics, label='Validation')
plt.title('Training and validation '+ metric,fontsize=16)
plt.xlabel("Epochs", fontsize=12)
plt.ylabel(metric,fontsize=12)

plt.legend(["train "+metric, 'val '+metric])

plt.show()

In [10]:

# X=data.drop("Risk Level",axis=1)
# y=data["Risk Level"]
# X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=0)

# ann)ZkFpipeline ZEFGZRIT, XELIME/HSMOTE THEEVIGHIE MEFEHE, RIS —LRFERENGEZE, WTETFE
X train resampled, y train resampled = SMOTE(random state=0).fit resample(X train,y train)

print("before resample:")

print(X train.shape)

print(y train.value counts())
print("after resample:")

print(X train resampled.shape)

print(y train resampled.value counts())

scale=StandardScaler() #XERL 1 /HE) StandardScaler, YR EEIT—1 FfAHLH MinMaxScaler

X train Scale model=scale.fit transform(X train resampled)

y train model = utils.to categorical(y train resampled, 3) #XLIEKZER ALptEErisk leve | X HHHEE 144 0 0
1 XN =TT E

X test Scale model=scale.transform(X test)
y test model = utils.to categorical(y test, 3)

before resample:

(495, 8)
1 273
0 155
2 67

Name: Risk Level, dtype: int64
after resample:

(819, 8)
2 273
1 273
0 273

Name: Risk Level, dtype: int64



In [11]:
# HEIEMERT - 1

model 1 = Sequential()

model 1.add(Dense(units=32,input_shape=(8,),kernel initializer=initializers.Zeros(),activation="'sigmoid')) ##mAE
model 1.add(Dense(units=3,kernel initializer=initializers.Zeros(),activation="'softmax"'))

model 1.compile(loss='categorical crossentropy',metrics=["'accuracy'], optimizer=Adam(0.001)) # {7 RMSprop Adam
SGD, RA AdamsgfRiFLL

model 1.summary()

hist =model 1.fit(x=X train Scale model, y=y train model, validation data=(X test Scale model,y test model),epoch
s=200,batch size=30, verbose=0)

train_result=pd.DataFrame(hist.history) #&&— &M HII425R 1£77 A pandas dataframe
display(train_result.tail()) #&ERNJZFLFHREEF G TERFAE train_result X-/dataframe Z@

#1EHRETN

y_train _proba=model 1.predict(X train_ Scale model) #predict 7ZZI5RE =FEEKEZF [ 0.1, 0.2, 0.7] ZFnhighsd
HERRA HfA7tEhigh

y test proba=model 1.predict(X test Scale model)

y train pred=np.argmax(model 1.predict(X train Scale model),axis=1) #argmax [ 0.1, 0.2, 0.7] KZEHE 2
y test pred=np.argmax(model 1.predict(X test Scale model),axis=1)

#ITEREHENE
confmat train = confusion matrix(y true=y train resampled, y pred=y train pred)
confmat test = confusion matrix(y true=y test, y pred=y test pred)

# Plot Confusion Matrix

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

#plot for train data

plotConfusionMaxtrix(confmat data=confmat train,xlabel='Predicted Label',ylabel='True Label',title='Train Data Co
nfusion Matrix',cmap=plt.cm.Blues,plt ax=axl)

#plot for test data

plotConfusionMaxtrix(confmat data=confmat test,xlabel='Predicted Label',ylabel='True Label',6 title='Test Data Conf
usion Matrix',cmap=plt.cm.Greens,plt ax=ax2)

plt.show()

print("")

# Plot ROC

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

# Plot ROC curve - train data

plotRocMutiClass(y=y train resampled, proba array=y train proba,labels=[0,1,2,3,4],title='ROC: Train Data',plot a
x=ax1)

# Plot ROC curve - test data

plotRocMutiClass(y=y test, proba array=y test proba,labels=[0,1,2,3,4],title='R0OC: Test Data',plot ax=ax2)
plt.show()

plot metric(train result,"loss")
plot metric(train result,"accuracy")

Model: "sequential"

Layer (type) Output Shape Param #
dense (Dense) (None, 32) 288
dense 1 (Dense) (None, 3) 99

Total params: 387
Trainable params: 387
Non-trainable params: 0

loss accuracy val_loss val_accuracy

195 0.934124 0.554335 0.996831 0.379032
196 0.933553 0.554335 1.007788 0.379032
197 0.932579 0.553114 0.995667 0.379032
198 0.932673 0.553114 1.012879 0.387097

199 0.933133 0.556777 0.998306 0.379032
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In [12]:
# HEIPEPERTY - 2

model 2 = Sequential()

model 2.add(Dense(units=32,input_shape=(8,),kernel initializer=initializers.Zeros(),activation='sigmoid')) ##HmAE
model 2.add(Dense(units=64,kernel initializer=initializers.Zeros(),activation="'sigmoid')) #&m—NEw#/=

model 2.add(Dense(units=3,kernel initializer=initializers.Zeros(),activation="'softmax"'))

model 2.compile(loss='categorical crossentropy',metrics=['accuracy'], optimizer=Adam(0.001))

model 2.summary ()

hist =model 2.fit(x=X train Scale model, y=y train model, validation data=(X test Scale model,y test model),epoch
s=200,batch size=30, verbose=0)

train_result=pd.DataFrame(hist.history)
display(train result.tail())

#1E SRR TN
y train proba=model 2.predict(X train Scale model)
y test proba=model 2.predict(X test Scale model)

y train pred=np.argmax(model 2.predict(X train Scale model),axis=1)
y test pred=np.argmax(model 2.predict(X test Scale model),axis=1)

#i1H IR EHEIE
confmat train = confusion matrix(y true=y train resampled, y pred=y train pred)
confmat_test = confusion matrix(y true=y test, y pred=y test pred)

# Plot Confusion Matrix

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))
plotConfusionMaxtrix(confmat data=confmat train,xlabel='Predicted Label',ylabel='True Label',title='Train Data Co
nfusion Matrix',cmap=plt.cm.Blues,plt ax=axl)

plotConfusionMaxtrix(confmat data=confmat test,xlabel='Predicted Label',ylabel='True Label',title='Test Data Conf
usion Matrix',cmap=plt.cm.Greens,plt ax=ax2)

plt.show()

print("")

# Plot ROC

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

plotRocMutiClass(y=y train resampled, proba array=y train proba,labels=[0,1,2,3,4],title='ROC: Train Data',plot a
x=ax1)

plotRocMutiClass(y=y test, proba array=y test proba,labels=[0,1,2,3,4],title='ROC: Test Data',plot ax=ax2)
plt.show()

plot metric(train result,"loss")
plot metric(train result,"accuracy")

Model: "sequential 1"

Layer (type) Output Shape Param #
dense 2 (Dense) (None, 32) 288
dense 3 (Dense) (None, 64) 2112
dense 4 (Dense) (None, 3) 195

Total params: 2,595
Trainable params: 2,595
Non-trainable params: 0

loss accuracy val_loss val_accuracy

195 0.896454 0.549451 0.967497 0.419355
196 0.896899 0.550672 0.958468 0.419355
197 0.896567 0.549451 0.965899 0.419355
198 0.896980 0.555556 0.967338 0.419355

199 0.896636 0.555556 0.959714 0.435484
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In [13]:
# HEIREEREY - 3

model 3 = Sequential()

model 3.add(Dense(units=32,input_shape=(8,),kernel initializer=initializers.Zeros(),activation='sigmoid')) #mAE
model 3.add(Dense(units=64,kernel initializer=initializers.Zeros(),activation='sigmoid'))

model 3.add(Dense(units=128,kernel initializer=initializers.Zeros(),activation='sigmoid'))

model 3.add(Dense(units=3,kernel initializer=initializers.Zeros(),activation="'softmax"'))

model 3.compile(loss='categorical crossentropy',metrics=['accuracy'], optimizer=Adam(0.001))

model 3.summary ()

hist =model 3.fit(x=X train Scale model, y=y train model, validation data=(X test Scale model,y test model),epoch
s=200,batch size=30, verbose=0)

train result=pd.DataFrame(hist.history)
display(train result.tail())

# (&SRR TN
y train proba=model 3.predict(X train Scale model)
y test proba=model 3.predict(X test Scale model)

y train pred=np.argmax(model 3.predict(X train Scale model),axis=1)
y test pred=np.argmax(model 3.predict(X test Scale model),axis=1)

#i1H R EHEIE
confmat_train = confusion matrix(y_true=y train resampled, y pred=y train pred)
confmat test = confusion matrix(y true=y test, y pred=y test pred)

# Plot Confusion Matrix

fig, (ax1l, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))
plotConfusionMaxtrix(confmat data=confmat train,xlabel='Predicted Label',ylabel='True Label',title='Train Data Co
nfusion Matrix',cmap=plt.cm.Blues,plt ax=axl)

plotConfusionMaxtrix(confmat data=confmat test,xlabel='Predicted Label',ylabel='True Label',6title='Test Data Conf
usion Matrix',cmap=plt.cm.Greens,plt ax=ax2)

plt.show()

print("")

# Plot ROC

fig, (axl, ax2) = plt.subplots(nrows=1,ncols=2,figsize=(10, 4))

plotRocMutiClass(y=y train resampled, proba array=y train proba,labels=[0,1,2,3,4],title='ROC: Train Data',plot a
x=ax1)

plotRocMutiClass(y=y test, proba array=y test proba,labels=[0,1,2,3,4],title="'ROC: Test Data',plot ax=ax2)
plt.show()

plot metric(train result, "loss")
plot metric(train_ result,"accuracy")

Model: "sequential 2"

Layer (type) Output Shape Param #
dense 5 (Dense) (None, 32) 288
dense 6 (Dense) (None, 64) 2112
dense 7 (Dense) (None, 128) 8320
dense 8 (Dense) (None, 3) 387

Total params: 11,107
Trainable params: 11,107
Non-trainable params: 0

loss accuracy val_loss val_accuracy

195 0.898933 0.533578 0.973987 0.387097
196 0.898238 0.545788 0.977263 0.395161
197 0.898810 0.544567 0.971177 0.387097
198 0.898375 0.540904 0.968482 0.411290

199 0.898333 0.544567 0.977936 0.379032
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In [ ]:



In [ ]:

In [ ]:

In [ ]:

In [ ]:

PART 2: [o] |92 EY

SRR

In [2]:

data=pd.read excel("POI.xlsx")
data.head()

Out[2]:

FID Accommg:i!\tliic;z S:ir‘\lliir(l:g Shso(:)rg\nliir;g Sports&Entertainment Medical Company Residence Education Transportation Att-nl-:
0 0 0.000000 13.144538 36.695168 1.643067 1.095378 21.907563  0.547689  2.738445 2.738445  0.00
1 1 0.379982 25.838767 36.098277 0.379982 7.219655 33.438404  3.799819  4.559782 6.079710 0.37
2 2 0.000000 8.402732 20.406636 0.000000 3.601171 14.404684  1.200390  2.400781 8.402732  0.00
3 3 0.000000 5.849062 6.684642 0.000000 0.000000 17.964977  0.000000  0.835580 3.760111  0.41
‘4 4 0.000000  4.104987  1.368329 0.000000 0.000000 0.000000 0.000000  0.000000 10.946633 1.116'
In [3]:
data2=pd.read excel("correlation analysis input.xlsx")
data2.head()
Out[3]:

FID POI ) POI ) POI PO'I (:5ini RO'ad Populatif)n Distance to Covid-19 Break9ut Risk Level

Entropy Richness Simpson Coefficient Density Density Location

0 0 5.091138 9 4.198463 0.639767 9.735901 5.580306 14.631968 206.338461
1 1 6.259978 11 5.198540 0.560863  10.755058 8.039338 13.652223 200.000000
2 2 5.895796 8 4.880866 0.583916  25.677644 24.438971 12.583265 200.000000
3 3 4.434488 7 3.417664 0.687313 2.469991 7.604859 13.001396 200.000000
4 4 3.371602 5 2.578947 0.753247  11.680421 10.101772 12.489688 200.000000
In [4]:

print(data.shape)
print(data2.shape)

(619, 13)

(619, 9)

¥IESI 5 EDA

In [5]:

model data=pd.merge(data,data2,on=["FID","Risk Level"])
model data.set index("FID",inplace=True)

model data.head()
print(model data.shape)

(619, 19)



In [6]:

num_cols=model data.columns.tolist()
num cols

Out[6]:

[ "Accommodation Service',
'Living Service',
'Shopping Service',
'Sports&Entertainment’',
'Medical',

'Company ',

'Residence’,
'Education’,
'Transportation',
'Tourist Attraction',
'Dining',

'Risk Level',

'POI Entropy',

'POI Richness',

'POI Simpson',

'POI Gini Coefficient',
'Road Density',
'Population Density',
'Distance to Covid-19 Breakout Location']

In [7]:
# BB T ERI

fig,ax=plt.subplots(7,3,figsize=(15,20))

plt.subplots adjust(wspace =0.2, hspace =0.3)

axs=ax.flatten()

for col in num cols:
_=axs[num cols.index(col)].hist(model data[col],rwidth=0.5)
axs[num _cols.index(col)].set xlabel(col,fontsize=12)

plt.show()
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In [8]:

# HXIYA L

# for col in num _cols[1:]: #MBZMFEFIEHXTIEAHE FAF—E FID
# model data[col]=model data[col].apply(lambda x:np.loglp(x))
# #IEA

# fig,ax=plt.subplots(7,3,figsize=(15,20))

# plt.subplots adjust(wspace =0.2, hspace =0.3)

# axs=ax.flatten()

# for col in num cols:

# ~=axs[num cols.index(col)].hist(model data[col],rwidth=0.5)
# axs[num cols.index(col)].set xlabel(col, fontsize=12)

# plt.show()



In [ ]:

PlesFSI R
In [9]:

from sklearn.model_selection import train test split

from sklearn.preprocessing import MinMaxScaler,StandardScaler

from sklearn.pipeline import Pipeline

from sklearn.linear_model import LinearRegression,LlLasso

from sklearn.ensemble import RandomForestRegressor

from sklearn.svm import SVR

from sklearn.neural_network import MLPRegressor

from sklearn.model_selection import GridSearchCV,cross val score,KFold
from sklearn.metrics import r2 score

In [10]:

#EN—T R B3R RISK 5 il RISK A9&=E
def plot actual predict(model,X,y,model name=""):
predicted g3=model.predict(X)
plt.figure(figsize=(8,5))
plt.scatter(y,predicted g3,s=2,c="blue")
plt.xlabel("Actual Risk")
plt.ylabel("Predicted Risk")
plt.title("Scatter Plot of Actual Risk vs Predicted Risk: Model - %s"%model_name)
plt.show()

plt.figure(figsize=(8,5))

plt.scatter(y,y-predicted g3,s=2,c="red")

plt.axhline(y=0)

plt.xlabel("Actual Risk")

plt.ylabel("Predicte Error")

plt.title("Scatter Plot of Actual Risk vs Error: Model - %s"%model_name)
plt.show()

In [11]:
from sklearn.model_selection import train test split

X=model data.drop("Risk Level",axis=1)
y=model data["Risk Level"]

X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=0)

print(X train.shape)
print(X test.shape)

(495, 18)
(124, 18)
In [12]:

# B - ZMEEIH
model = Pipeline([("processor",StandardScaler()),('model', LinearRegression())1) ###pipeline
parameters = {'model fit intercept': [Truel}

grid = GridSearchCV(model, parameters,cv=5, n jobs=-1)
grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train)) #&xZEgjscore HIGLZ75 R2
print("Test Data Score: ",grid.score(X test, y test)) #&F&ERH AL L7
print("Best Parameters By GridSearch: ",grid.best params )

#X BRI, ENTERFY, TUARAETEZEEMN

feature importance df=pd.DataFrame(zip(model data.columns,grid.best estimator .steps[1][1].coef ),columns=["featu
re","importance"])

feature importance df["abs importance"]=np.abs(feature importance df["importance"])

feature importance df.sort values(by="abs importance",ascending=False,inplace=True)

display(feature importance df)

plot actual predict(model=grid,X=X,y=y,model name="LinearRegression")



Train Data Score: 0.2244537978761908
Test Data Score: 0.15896567428767017
Best Parameters By GridSearch: {'model fit intercept': True}

feature importance abs importance

14 POI Simpson  -18.561272 18.561272
1 Risk Level -17.025866 17.025866
17 Population Density  -16.006450 16.006450
9 Tourist Attraction -6.844309 6.844309
13 POl Richness  -6.843249 6.843249
2 Shopping Service -6.464694 6.464694
8 Transportation -4.680393 4.680393
16 Road Density -4.388851 4.388851
7 Education 3.022478 3.022478
1 Living Service 1.953050 1.953050
3 Sports&Entertainment 1.539685 1.539685
0 Accommodation Service -1.457248 1.457248
4 Medical 1.218936 1.218936
5 Company 1.119698 1.119698
12 POI Entropy ~ -1.090608 1.090608
15 POI Gini Coefficient 0.945503 0.945503
10 Dining 0.856685 0.856685
6 Residence  -0.798682 0.798682

Scatter Plot of Actual Risk vs Predicted Risk: Model - LinearRegression
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In [13]:
#ZMEH ;. lasso HYFRE L1 IERIE, FLERTLIIEIRANA N R EZRMFER] FETE A0
model = Pipeline([("processor",StandardScaler()), ('model', Lasso())])

parameters = {'model alpha': [0.01,0.1,1]} #IFLIFRI 2% alpha
grid = GridSearchCV(model, parameters,cv=5, n jobs=-1)
grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train))
print("Test Data Score: ",grid.score(X test, y test))
print("Best Parameters By GridSearch: ",grid.best params )

feature importance df=pd.DataFrame(zip(model data.columns,grid.best estimator .steps[1][1].coef ),columns=["featu
re","importance"])

feature importance df["abs importance"]=np.abs(feature importance df["importance"])

feature importance df.sort values(by="abs importance",ascending=False,inplace=True)

display(feature importance df)

#plot
plot actual predict(model=grid,X=X,y=y,model name="Lasso")



Train Data Score:
Test Data Score:

0.21557224670232122
0.1563733283351132
{'model alpha': 1}

GridSearch:

importance abs importance

Best Parameters By

feature

17 Population Density
9 Tourist Attraction
1 Risk Level
16 Road Density
2 Shopping Service
12 POI Entropy
8 Transportation
13 POI Richness
3 Sports&Entertainment
4 Medical
5 Company
6 Residence
7 Education
1 Living Service
10 Dining
14 POI Simpson
15 POI Gini Coefficient

0 Accommodation Service

-14.383522
-6.053248
-3.931566
-3.906276
-2.745624
-0.829008
-0.728189
-0.077584

0.000000
-0.000000
0.000000
-0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

-0.000000

14.383522
6.053248
3.931566
3.906276
2.745624
0.829008
0.728189
0.077584
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

0.000000

Scatter Plot of Actual Risk vs Predicted Risk: Model - Lasso
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In [14]:

#EEPL IR

model = Pipeline([("processor",StandardScaler()),('model', RandomForestRegressor(random state=0))])
parameters = {'model max depth': [6,7,8], 'model n estimators': [100,200,300]}

grid = GridSearchCV(model, parameters,cv=5, n jobs=-1)
grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train))
print("Test Data Score: ",grid.score(X test, y test))
print("Best Parameters By GridSearch: ",grid.best params )

feature importance df=pd.DataFrame(zip(model data.columns,grid.best estimator .steps[1][1].feature importances ),
columns=["feature", "importance"])

feature importance df["abs importance"]=np.abs(feature importance df["importance"])

feature importance df.sort values(by="abs importance",ascending=False,inplace=True)

display(feature importance df)

plot actual predict(model=grid,X=X,y=y,model name="RandomForestRegressor")



Train Data Score:
Test Data Score:

0.7746556175972366
0.40280641475397483

Best Parameters By
feature
17 Population Density
16 Road Density
9 Tourist Attraction
8 Transportation
1 Living Service

4 Medical
6 Residence
3 Sports&Entertainment
2

Shopping Service

10 Dining
15 POI Gini Coefficient
7 Education
5 Company
14 POI Simpson

0 Accommodation Service

13 POI Richness
11 Risk Level
12 POI Entropy

GridSearch:
importance abs importance
0.481019 0.481019
0.136610 0.136610
0.057760 0.057760
0.038022 0.038022
0.035761 0.035761
0.029484 0.029484
0.026789 0.026789
0.025350 0.025350
0.022964 0.022964
0.022819 0.022819
0.022083 0.022083
0.021739 0.021739
0.019611 0.019611
0.016640 0.016640
0.014566 0.014566
0.013743 0.013743
0.010233 0.010233
0.004807 0.004807

{'model max depth': 7,

‘model n estimators': 100}

Scatter Plot of Actual Risk vs Predicted Risk: Model - RandomForestRegressor
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In [15]:
#3112 1]

model = Pipeline([("processor",StandardScaler()), ('model', SVR())])

parameters = {'model C': [1,10,100,1000], 'model gamma': ["scale"], 'model kernel':['rbf'l} #'model kernel':[
rbf', 'poly', 'sigmoid']

grid = GridSearchCV(model, parameters,cv=5, n jobs=-1)

grid.fit(X train, y train)

print("Train Data Score: ",grid.score(X train, y train))
print("Test Data Score: ",grid.score(X test, y test))
print("Best Parameters By GridSearch: ",grid.best params )

plot actual predict(model=grid,X=X,y=y,model name="SVR")

Train Data Score: 0.46671319522825694
Test Data Score: 0.11355172899067745

Best Parameters By GridSearch: {'model C': 100, 'model gamma': 'scale', 'model kernel': 'rbf'}
Scatter Plot of Actual Risk vs Predicted Risk: Model - SWR
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In [16]:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
np.random.seed(0)

from tensorflow.keras.optimizers import Adam,SGD,RMSprop

from tensorflow.python.keras.models import Sequential

from tensorflow.python.keras.layers import Activation, Dense
from tensorflow.python.keras import initializers

from sklearn.preprocessing import StandardScaler,MinMaxScaler
from sklearn.metrics import r2 score

from sklearn.model_selection import train test split

# TN BRI RARE,
def plot train result(train_result):
#plot loss
plt.figure(figsize=(8,5))
plt.plot(train result.index,train_result["loss"],label="Train")
plt.plot(train result.index,train result["val loss"],label="Validation")
plt.xlabel("Train Epochs")
plt.ylabel("Loss - mse")
plt.title("Loss Per Epochs")
plt.legend()
plt.show()

#plot metric

plt.figure(figsize=(8,5))

plt.plot(train result.index,train_result["mae"],label="Train")
plt.plot(train result.index,train_result["val mae"],label="Validation")
plt.xlabel("Train Epochs")

plt.ylabel("Metric - mae") #r _square 2{A mae

plt.title("MAE Per Epochs")

plt.legend()

plt.show()

#EN—TER# B35 RISK 5 M) RISK A9atm A
def plot actual predict2(ytrue,ypred,model name=""):
plt.figure(figsize=(8,5))
plt.scatter(ytrue,ypred,s=2,c="blue")
plt.xlabel("Actual Risk")
plt.ylabel("Predicted Risk")
plt.title("Scatter Plot of Actual Risk vs Predicted Risk: Model - %s"%model_name)
plt.show()

plt.figure(figsize=(8,5))

plt.scatter(ytrue,ytrue-ypred,s=2,c="red")

plt.axhline(y=0)

plt.xlabel("Actual Risk")

plt.ylabel("Predicte Error")

plt.title("Scatter Plot of Actual Risk vs Error: Model - %s"%model_name)
plt.show()

def get predict(model,x):
pred=model.predict(x)
pred=np.array([x[0] for x in pred])
return pred

In [17]:
# display(model data.head())
X=model data.drop(["Risk Level"],axis=1)

# X["intercept"]=1
y=model data["Risk Level"].values

X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=0)
scale=StandardScaler() #XEHLL 1 /FR) StandardScaler, AR EEIT—1# HAFLH MinMaxScaler
X train Scale=scale.fit transform(X train)

X test Scale=scale.transform(X test)
X Scale=scale.transform(X)

LR R L



In [18]:

# FEE MR - 1

model 1 = Sequential()

model 1.add(Dense(units=32,input shape=(18,),kernel initializer=initializers.Zeros(),activation="'sigmoid')) ##iA
=

model 1.add(Dense(units=1,kernel initializer=initializers.Zeros())) ##t/=Z

model 1.compile(loss='mse',metrics=['mae'], optimizer=RMSprop(0.01)) # i 7 RMSprop Adam SGD, LIRA[EHG lr, HEIE
RMSprop #Z=it

model 1.summary()

hist =model 1.fit(x=X train Scale, y=y train, validation split=0.1,epochs=200,batch size=30, verbose=0)

train_result=pd.DataFrame(hist.history) #&F&— & CHill42a2R (Ri7Apandas dataframe
display(train result.tail())

# RUGITE

plot train result(train_result)

#1EHERTTN

y train pred=get predict(model 1,X train Scale)

y test pred=get predict(model 1,X test Scale)

y pred=get predict(model 1,X Scale)

print("Train Data R2:",r2 score(y train,y train pred)) #xXZfscore jiZ R2
print("Test Data R2:",r2 score(y test,y test pred))

plot actual predict2(ytrue=y,ypred=y pred,model name="tf model 1")

Model: "sequential"

Layer (type) Output Shape Param #
dense (Dense) (None, 32) 608
dense 1 (Dense) (None, 1) 33

Total params: 641
Trainable params: 641
Non-trainable params: 0

loss mae val_loss val_mae

195 1951.674561 26.761597 1515.644043 27.197456
196 1958.903320 26.614325 1575.522461 27.962536
197 1957.489014 26.710430 1491.681885 26.821444
198 1951.952759 26.568121 1538.016602 27.665874
199 1955.818970 26.687920 1521.357910 27.468533

Loss Per Epochs
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Data R2: 0.14051596840632508
Data R2: 0.0730864162803666

Scatter Plot of Actual Risk vs Predicted Risk: Model - tf model 1
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In [19]:
# HEIPEPEREY - 2

model 2 = Sequential()

model 2.add(Dense(units=32,input_shape=(18,),kernel initializer=initializers.Zeros(),activation="'sigmoid')) ##A
=

model 2.add(Dense(units=64,kernel initializer=initializers.Zeros(),activation='sigmoid'))

model 2.add(Dense(units=1,kernel initializer=initializers.Zeros())) ##t =

model 2.compile(loss='mse',metrics=['mae'],optimizer=RMSprop(0.01))

model 2.summary ()

hist =model 2.fit(x=X train Scale, y=y train, validation split=0.1,epochs=200,batch size=30, verbose=0)

train result=pd.DataFrame(hist.history) #@F&— L& HNIZLER (Ri7zApandas dataframe
display(train result.tail())

# RGITE

plot train result(train_result)

#1ESTRREZLTN

y train pred=get predict(model 2,X train Scale)

y test pred=get predict(model 2,X test Scale)

y pred=get predict(model 2,X Scale)

print("Train Data R2:",r2 score(y train,y train pred))
print("Test Data R2:",r2 score(y test,y test pred))

plot actual predict2(ytrue=y,ypred=y pred,model name="tf model 2")

Model: "sequential 1"

Layer (type) Output Shape Param #
dense 2 (Dense) (None, 32) 608
dense 3 (Dense) (None, 64) 2112
dense 4 (Dense) (None, 1) 65

Total params: 2,785
Trainable params: 2,785
Non-trainable params: 0

loss mae val_loss  val_mae

195 1320.291016 26.165495 1136.837036 25.004593
196 1334.032104 25.860064 1170.630737 24.889416
197 1323.476929 26.155931 1191.755737 25.165909
198 1328.019043 26.245119 1173.706299 24.783718
199 1327.563599 26.291685 1157.720581 24.748482
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Train Data R2: 0.42396152442684165
Test Data R2: 0.33711103838527245

Scatter Plot of Actual Risk vs Predicted Risk: Model - tf model 2
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In [20]:

# HEE AR - 3
model 3 = Sequential()

model 3.add(Dense(units=32,input shape=(18,),kernel initializer=initializers.Zeros(),activation="'sigmoid'))

=

model 3.add(Dense(units=64,kernel initializer=initializers.Zeros(),activation='sigmoid'))
model 3.add(Dense(units=128,kernel initializer=initializers.Zeros(),activation="'sigmoid"'))
model 3.add(Dense(units=1,kernel initializer=initializers.Zeros())) ###E

model 3.compile(loss='mse’, metrics=['mae'], optimizer=RMSprop(0.01))

model 3.summary ()

hist =model 3.fit(x=X train Scale, y=y train, validation split=0.1,epochs=200,batch size=30, verbose=0)

train_result=pd.DataFrame(hist.history) #&&— L& CHIIGZER (Ri7Apandas dataframe
dlsplay(tralnfresult tail())

# RIGITE

plot_train result(train_result)

#1ESTRRZLTN

y train pred=get predict(model 3,X train Scale)

y test pred=get predict(model 3,X test Scale)

y pred=get predict(model 3,X Scale)

print("Train Data R2:",r2 score(y train,y train pred))
print("Test Data R2:",r2 score(y test,y test pred))

plot actual predict2(ytrue=y,ypred=y pred,model name="tf model 3")

Model: "sequential 2"

Layer (type) Output Shape Param #
dense 5 (Dense) (None, 32) 608
dense 6 (Dense) (None, 64) 2112
dense 7 (Dense) (None, 128) 8320
dense 8 (Dense) (None, 1) 129

Total params: 11,169
Trainable params: 11,169
Non-trainable params: 0

loss mae val_loss  val_mae

195 1482.590820 27.955532 1301.391113 26.651474
196 1386.994995 26.516256 1641.062866 30.437412
197 1468.731323 27.301056 1288.465210 26.375151
198 1433.301880 27.552074 1166.044067 25.739622

199 1416.618164 27.141811 1157.308716 25.860107
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Train Data R2: 0.39297548799691107
Test Data R2: 0.30067843479398493

Scatter Plot of Actual Risk vs Predicted Risk: Model - tf model 3
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In [21]:

# PRI NEIRTY - 4

model 4 = Sequential()

model 4.add(Dense(units=32,input shape=(18,),kernel initializer=initializers.Zeros(),activation="'sigmoid')) ##A
=

model 4.add(Dense(units=64,kernel initializer=initializers.Zeros(),activation='sigmoid'))

model 4.add(Dense(units=128,kernel initializer=initializers.Zeros(),activation="'sigmoid'))

model 4.add(Dense(units=256,kernel initializer=initializers.Zeros(),activation="'sigmoid'))

model 4.add(Dense(units=1,kernel initializer=initializers.Zeros())) ##t=

model 4.compile(loss='mse', metrics=['mae'],optimizer=RMSprop(0.01))

model 4.summary ()

hist =model 4.fit(x=X train Scale, y=y train, validation split=0.1,epochs=200,batch size=30, verbose=0)

train result=pd.DataFrame(hist.history) #F&— L& CHll4457 iz 4pandas dataframe
display(train result.tail())

# JIGHE

plot train result(train result)

#1ESTRRZLTN

y train pred=get predict(model 4,X train Scale)

y test pred=get predict(model 4,X test Scale)

y pred=get predict(model 4,X Scale)

print("Train Data R2:",r2 score(y train,y train pred))
print("Test Data R2:",r2 score(y test,y test pred))

plot actual predict2(ytrue=y,ypred=y pred,model name="tf model 4")

Model: "sequential 3"

Layer (type) Output Shape Param #
dense 9 (Dense) (None, 32) 608
dense 10 (Dense) (None, 64) 2112
dense 11 (Dense) (None, 128) 8320
dense 12 (Dense) (None, 256) 33024
dense 13 (Dense) (None, 1) 257

Total params: 44,321
Trainable params: 44,321
Non-trainable params: 0

loss mae val_loss  val_mae

195 1742.957764 30.028049 1452.106934 30.391348
196 1752.367920 29.966562 1383.880493 29.725681
197 1695.323730 29.306768 1384.809570 29.678228
198 1708.229370 29.493385 1407.259888 29.784592
199 1717.864624 29.629906 1443.941528 30.105083
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In [23]:
# &/ model 2 FlsHdL

y pred=get predict(model 2,X Scale)
model data["Risk Level Predict"]=y pred
model data.to csv("predicted.csv")

In[ ]:

In [ ]:



In [ ]:




