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DATA WE CHOSE AND WHY

Charlotte-Mecklenburg ‘ . » .
. . e Consumer Financial
@llty of Life c - Protetcl:tion Blureau
Explorer I

- Rich Dataset

- Comprises of all aspects that have direct impact

- (Gives an idea about causal relationships

- Focus is House Sale Prices and Housing Loan Policies




CONCENTRATED
REGIONS

- Neighborhood Segregation
from 2011 to 2017

- Highlighted Regions show
area of low economic
development.
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CORRELATION

Before Correlation Analysis
No of attributes : 91

After analysis :
No of attributes : 95

On applying stepwise reg:
No of attributes : 17
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OLS Regression Results

Dep. Variable: y
Model: oLS
Method: Least Squares
Date: Sat, 24 Mar 20618
Time: 89:15:44
No. Observations: 462
Df Residuals: 445
Df Model: 17

Covariance Type: nonrobust

R-squared:
Adj. R-squared:
F-statistic:

Prob (F-statistic):

Log-Likelihood:
AIC:
BIC:

338.¢
5.21e-249
-5749.6
1.153e+84
1.166e+84
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PARTIAL REGRESSION PLOT

R-SQUARE : 0.93

Omnibus:
Prob(Omnibus) :
Skew:

Kurtosis:

Durbin-Watson:
Jarque-Bera (JB):
Prob(JB):

Cond. No.
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LOGISTIC REGRESSION

Data Split: Train: 15% (3,89,922)  Test: 25% (1,29,915)

Accuracy: 60.49%

from sklearn.linear model import LogisticRegression
classifier = LogisticRegression(random state = 0)

classifier.fit(x, y)

LogisticRegression(C=1.0, class weight=None, dual=Fa

lse, fit_intercept=True,
intercept_scaling=1, max iter=100, multi c

lass="'ovr', n_jobs=1,
penalty='12', random state=0, solver='libl

inear', tol=0.0001,
verbose=0, warm start=False)

accuracy_score(np.array(y_test), np.array(y_pred))

0.60490863627620695

Seancr ohdn
ol u_?rﬂlmm de.
icant_race’
a2
G
a5 _of

—l
e B
pribs:

o8

2
application_date.
04

oo

WY
:
S

R
o FekzSn
n:aw‘efsoﬂ;g
ovprEg
ek
o i o4
=Sl

tud_medjan_fami lﬂ:& 3 i

ot [ it 5

e o

x 2 nits
mirity_bopufation

vact_to_meai-FESE0
e

Fact_to_msamd_income




LOAN DECISIONS PER COUNTY

County Name

Wake County
Mecklenburg County
Guilford County
Cumberland County
Johnston County
Durham County

New Hanover County

oK 10K 20K 30K 40K 50K 60K 70K

Count of Population

LOAN TYPES FAVOURED BY COUNTIES

County Name

Guilford County (NG

cumberland County [INENENERNNEGNEEE
Johnston County |G

burham County [ NENGGENGEE

New Hanover County [IIEEGEGEGTGTGNGNGEG

oK 10K 20K 30K 40K 50K 60K 70K

Count of Population

Action Taken Name

B Application approve..
I Application deniedb..
B Application withdra..
I File closed for incom..
B Loan originated

Loan purchased by t..
B Preapproval request ..
" Preapproval request ..

uaii IyPU mNainic

B conventional

I FHA-insured

B FSA/RHS-guaranteed
I VA-guaranteed



CONNECTING THE DOTS...

Thank you,
By Team49ers!




