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Month: February does worse than July

Average DailyQuantity: February Average DailyQuantity: July

HC o= M | 19331 23421 4 21.16% difference
—— T 2 7:|

Differences in DailyQuantity between Month is July and Month is February n
o —
— El &l Ol _, EI Do:| ol_l- M L ° —— Ft‘b"ﬂ"y W‘P"f°""‘5 Ju'y: 150 160 170 180 ?:_ myZD:Z 210 220 230 240

Promotion is Coupon: +13.42 because February performs better
here

Store is San Francisco and Discount is 0: +8.452 because this
group is an overperformer that occurs less often in this case.

Store is New Haven and Discount is 0: +5.456 because this group

— — $
is an overperformer that occurs less often in this case. 2
c
@ Cases where Sunglasses did worse than others:
A5t HEE s iscoi ;
—_— —_— .
|_| = O|_|' I_l' = 7 o) * Store: San Francisco is 394.8 lower. This result may have been

worsened by Promotion is Mail-in.

Store: Boston is 230.6 lower. This result may have been

worsened by Promotion is Mail-in.

O-I g [___-” 0 | E—I oL 2 St J |-h Store: Chicago is 117.3 lower. This result may have been
— =y o worsened by Promotion is Mail-in.

Store: New Haven is 53.95 lower. This result may have been
worsened by Promotion is Mail-in.

Al | 7 (]] | _I 2| | j — Store: Miami is 17.51 lower. This result may have been
= A I_l- E = EL’ E o 7 o worsened by Promotion is Mail-in.
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Age Area Capacity County NamqNumber of MPrice Range |State

Rocan os Angeles

Recent 15-20 os Angeles

Developed 70-90 os Angeles
3

ype Zip Code Cost

anquet 9000 169000
ull Service R 900 177000
alifornia afeteria 900 148000
alifornia anquet 900 84000
alifornia anquet 9024 163000
alifornia 902 114000
alifornia anquet 9022 145000
anquet 902 127000
ull Service R 902 104000
anquet 902 161000
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alifornia anquet 9025 142000
alifornia ull Service R 9026 160000
afeteria 9026 137000
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IIII
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eve Resturant_Profitability_Predictive_Model.py - [Volumes/GoogleDrive/My Drive/Works/Marketing/Datafest22/Resturant_Profitability_Predictive_Model/Resturant_Profitability_Predictive_Model.py (3.10.2)
PAPE = FAPCLINCL || fOYIE33U1  , NENUUHI Ul CYCRTYIEdSUT 17/
param_grid = "'
param = |

{'regressor’ : [RandomForestRegressor(}],
‘regressor__n_estimators' : [100,200,500],
‘regressor__max_depth' : list( range(5,25,5) ),
‘regressor__min_samples_split' : list( range(4,12,2) )
h

{‘regressor’ : [KNeighborsRegresser()],
‘regressor__n_neighbors' : [5,10,20,30],
‘regressor__p' : [1,2]

.

{

‘regressor’ : [Lasso(max_iter=500)],
)'legr:ssnr__alpha' : [0.001,0.01,0.1,1,10,100,1000]

1
param_grid = paranm
clf = GridSearchCV(pipe, param_grid = param_grid,
v = 5, n_jobs=-1,scoring = metric)
best_clf = clf.fit(X, y)

return(best_clf.best_params_['regressor’])

#Reading Data
urle ‘Restaurant_Profitability_Training_Data.csv'
df = pd.read_csvlurl)

Target = 'Profit’

categorical_features = ['Area’, 'Age’, 'Type','Price Range','Capacity’, 'Nusber of Menu Itess')
nuaerical_feature = []

target = 'Profit’

label=df[target]
data= df[categorical_featurese+nunerical_feature]

::::1::::;:::;:::2 = Pxpellne(steps:l(‘fnpuur:. SinplelInputer(strategy="'nedian')) wrapper. fUnC‘t]:.OD fOf ?reqution . o
ot Or LA RS oTReT AR RO e ey e e eatert D)1} def Profitability Predict ion(Areas, Ages, Types, Price_Ranges, Capacities, ;tems):
A T i i input_data = np.column_stack([Areas, Ages, Types, Price_Ranges, Capacities, Items])
e . i SRR AR AT HabARY, X = pd.DataFrame(input_data,columns=['Area', 'Age', 'Type','Price Range','Capacity', 'Number of Menu Items'])
(‘categorical’, categorical transformer, categorical features)]) result = model.predict(encoder.transform(X))
encoder. fit{data) return result.tolist()
#Model Building and Selection
clf = regressor_selection{encoder.transforn(data), label, metric = 'r2') wr

model = clf.fit(encoder.transforn(data), label)

#rapper function for prediction
de! Profitability Prediction(Areas, Ages, Types, Price_Ranges, Capacities, Items):
input_data = np.column_stack([Areas, Ages, Types, Price_Ranges, Capacities, Items])
X = pd.DataFrame(input_data,columns=["Area', ‘Age', 'Type','Price Range','Capacity’, 'Number of Menu Items'})
result = model.predict{encoder.transform(X))
return result.tolist()

#Model deployment
client = Client('http://localhost:9004/")
client.deploy( ‘Restaurant_Profitability’,

Profitability_Prediction,
‘Returns prediction of profitability for restaurant(s).'
, override = Truc)
R Ln:1 Col: 0
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