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EDA vs. Machine Learning




Data Mining
(Data Collection) [SEass

Reality

o

Models &

Data Product
(DevOps)

Reporting
(Bl part)

Algorithm
(automation)

Decision Making




EDA

Data Min Example. GIS + Data Science with EDA with Python (incl:-Pandas, Numpy,

(Data Colle Matplotlib, etc.)
dels &

orithm
mation)

Data Product & Reporting | ?
(DevOps) (Bl part) &> &' 53
e

Decision Making

—

Reality



Machine Learning
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Machine Learning
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Machine Learning
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MODELS for _ _
Machine Learning
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Or many more!



DATA MINING for _ _
Machine Learning
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FEATURE ENGINEERING for _ _
Machine Learning
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Machine Learning
N IMPORTANT !
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Hyperparameter Tuning is one of Solutions.
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Machine Learning
N IMPORTANT !
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# Setup the parameters and distributions to sample from: param dist

098 param dist = {"max depth": [ , None],

"min_samples leaf": randint( , ),

"criterion”: ["gini", "entropy"]}

Accuracy
(%)

nstantiate a Decision Tree classifier: tree
ree = DecisionTreeClassifier()

# Fit it to the data
tree cv.fit(X train, y train)

# Print the tuned parameters and score
print("Tuned Decision Tree Parameters: {}".format(tree cv.best params ))
.format(tree cv.best score ))

I
print("Best score is {}"
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Hyperparameter Tuning is one of Solutions.




Machine Learning
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Machine Learning

M based on HISTORICAL BUSINESS DESICIONS

(Decision Tree / Random Forest / XgBoost) l‘:ﬁ;i’ﬁﬁgﬁL

Deployed s
’m

Feature
Extraction

IIIIIIIII>

DATA MINING + .
WAREHUOSING

New Data

OISR S S S SISt b ol




Statistics + Machine Learning in Data Science

provides useful tools for perform Real Estate price level predictions.
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Statistics + Machine Learning in Data Science

facebook.
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provides useful tools for perform Real Estate price level predictions.

Prophet Forecast Implementation (Predicted vs. Real Values)
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Statistics + Machine Learning in Data Science
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Statistics in Data Science

Empirical cumulative distribution function for Statistical models in Real Estate
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ECDF function

: | # 81 Calculate ECOF for Vilnius, Kaungs and Klaipéda distribution model

def =cdf{data):
""Compute ECDF for a one-dimensional array of measurements.™™

.1_1_.

Number of data points: n
= len(data)

=

# x-daota for the ECDF: x
= np.sort(data)

.

# y-data for the ECDF: y
y = np.arange(l, len(x)+1) / n

return x, y

25
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Statistics in Data Science
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Real Project Processing Pipeline

[Flfor i in range(0, len(df), 1):

address = df.iat[i, 1]

print (i, address)

geocode result = gmaps 01.geocode (address)

GoogleMaps APIs | ...,

lat = gencnde result[ﬂ][“”=“"=-“ M1 ["location"] ["1lat"]

lon = geocode result[0] ["geometry"] ["location"] ["1lng™]
df.iat[i, df.columns. get_lnct""_“}] = lat
df.iat[i, df.columns.get loc("LCN"}] = lon
H except:
lat = 0
£ lon = 0O

{ 1 } ) S = print(lat, lon)
g - ( Google Maps APl |
Data sources _ 2 \4)
- commercialsearch savils.co.uk  |Scraper na. 01 —
- knightFrank |Scraper no. 02 Data Removing
- property.jil.co.uk |Scraper no. 03 Merging duplicates
- rightrmowve.co.uk |Scraper ng. 04

"'Calculatinn
module

/ Append data to
existing dataset (csv
file)

Bmld a map with
current and historical
data




Real Project Processing Pipeline

= if item < len(df)-1:

= for next items in range (item+l, len(df), 1):

= if min size = df.iat[mext items, 5]: # 777 what if difference between min.
= if max size = df.iat[mext_items, &]: # 7?77 what if difference between max.
= if price = df.iat[next items, 2]: # 777 what if price is the same?

= if differ(lat, df.iat[next items, 2]) < 0.025: $# 7?77 what is differ. between LAT i=s
= if differ(lon, df.iat[next items, 5]) < 0.0Z5 $# 7?77 what if differ. between LON is

df.iat[next items, df.columns.get loc("Duplicate”)] =

sizes is=s
sizes i=

le=ss than
le=s than

les= than 1 perc.?
les= than 1 perc.?

0.025 perc.?
0.036 perc.?

Y (o
Data sources - L2 ) -
- commercialsearch savils co.uk | Scraper no. 01 . .
- knightFrank |Scraper no. 02 Data Set Latitudes Removing
- property jil.co.uk |Scraper no. 03 Merging and Longitudes duplicates
- rightmove.co.uk |Scraper ng. 04

: "u.,_ﬁ < | Calculation

/ Append data to module

existing dataset (csv
file)

~ |

éuild a map with
current and historical
data
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Reporting by frameworks of Business Intelligent
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Reporting by frameworks of Business Intelligent

n Dusseldorf (Germany)
-

Codes of areas
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Tools and Libraries

@ python’

matpl - tlib pandas
: jupyter Al
_— Seaborn W StatSoft:

’ X - NumPy STATISTICA




Vytautas Bielinskas,
Ekistics Property Advisors LLP

Thank you for the attention!




