KRIGING

For policy makers

Kriging, a geostatistical interpolation technique, predicts values across a surface, such as house
renting prices across a study area. It leverages known prices at specific points to estimate prices
in areas lacking data. By considering spatial autocorrelation, kriging identifies spatial patterns and
trends in house renting prices, aiding pricing strategies and investment decisions.

Prediction - BLUE
Prediction Rome BLUE

Variance - BLUE
Prediction Rome BLUE - Variance

This provides policymakers with empirical T e T o
evidence and spatial information about renting W ot I

price dynamics, enabling data-driven decisions x% x%«.‘,
concerning housing policies. By examining local fg&« ;3_& '- ;ﬁ‘i‘;&f}#
context and broader spatial trends, policymakers & Q%%Z;*Q %’iﬁg
can pinpoint areas with similar characteristics R T R

and develop strategies for fair and sustainable q&”» I o IR At
housing markets. W |
Mapping these patterns helps establish fair price Prediction i Variance —
benchmarks based on general characteristics, ‘ ) )
accessibility, and socio-economic factors. Eoy ':
Furthermore, monitoring spatial trends in house :‘é&
prices over time allows policymakers to evaluate ”%;;-,;:%g"’

regulatory measures and implement adjustments “?‘ %j
to maintain fairness and stability in the housing ST
market, potentially tackling speculative bubbles R

and promoting equitable access to housing
resources.

Variance - BLUE

uuuuuuuuu

BLUE - Varance

Prediction - BLUE

7.58

6.67

6.48

6.28

6.

-

5

5.62

Prediction Varigﬂgﬁ
N ”g 3 S Z\,;;
Kriging -Genoa
Local Moran’s Indexes
Bologna 0.5600
Genoa 0.4584
Milan 0.6723
Rome 0.6687

Turin

Lorenzo Angeloni 10923468
Luca De Rocchi 10933781
Diego Garcia 10934350
Mattia Longobardo 10616746
Agnese Zoffoli 10936988

MILANO 1863

lo.07

'l0.03

|0.03

]0.02

|0.02

|0.01

0.14

0.07

0.06

0.06

0.06

0.06

Kriging - Rome

GLS

For landlords

Generalized Least Squares (GLS) estimation is a generalization of the Ordinary Least Squares (OLS)
estimation technique, where the assumptions of constant variance and independence of errors are not
met. In housing renting prices datasets, it is common to encounter heteroskedasticity and correlation
between residuals, due to different factors such as location, size, neighborhood and other structural
characteristics.

GLS helps in finding the estimates for model parameters that minimize the overall error, considering
that some points might be more trustworthy than others. To do this, GLS assigns different weights to
each data point based on their amount of variability. It then adjusts the line to minimize the total
weighted error, giving more importance to the more reliable points and less to the less reliable ones.

Regarding the dataset of the project, GLS is a useful technique for analyzing relationships between
characteristics of houses and their renting prices. Indeed, it can help in understanding how changes in
certain features of a house might affect its final renting price.

For sellers or constructors, this knowledge can be valuable for pricing strategies, identifying which
features contribute the most to the value of a property rent, offering insights on how investments in
upgrades or renovations should be done to yield the highest returns.

From the gls, it emerges that relevant variables common to all cities are m2, total floors in the building,
status of the building, energy class, number of bathrooms, expenses. On the other hand, the various
cities present differences in terms of relevant characteristics significantly impacting house prices,
mainly related to geographical and social differences among cities.
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The aim of this analysis is to examine and
interpret dynamics behind the Italian real
estate rental market, particularly focusing

WHICH IS A FAIR PRICE FOR YOUR HOUSE?
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The data analyzed were collected from
Immobiliare.com and pertain to house prices for
both sales and rentals in Italy during the first

Large cities often experience disparities in rental
prices, typically disadvantaging buyers. This imbalance
can be rectified by establishing a fair price, which
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The Random Forest technique, rooted in decision trees, is widely employed for both classification and regression tasks. Essentially, it
comprises a "forest" of numerous decision trees, each trained on different subsets of data using bootstrap aggregating (bagging)
processes, effectively reducing variance and lowering the risk of overfitting. Among the models examined so far, it demonstrates the
least variability in estimating relevant features that impact house prices across different cities. Further enhancements are achieved by
incorporating local Moran's coefficients.
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For renters

B 1

This model proves to be particularly valuable for potential renters who are unfamiliar with local housing markets and pricing dynamics.
By highlighting the impact of different factors on the renting price, it empowers potential renters to make informed decisions regarding
the features they prioritize in a home, enabling them to find a balance between desired features and budget considerations. Moreover,
the model’s speed and greater accuracy offer many advantages to individuals engaged in the complex task of evaluating numerous 1

properties during their search for a new home.
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