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1 INTRODUCTION

x

mS S WSK qur
. m
s[]rxms

fl s

fin sw

SS ®

X

=1

us W
g W™z O]
»

T
o« ug

RS 1S

» s

pr  ss s [11

eSS W

S
S
]

x

s

Example 1.1. Anna is a data scientist hired by the municipality
of Barcelona to analyze the skyrocketing rental prices in the city.
Tasked with uncovering the underlying factors contributing to these
increases, she decides to develop a robust predictive model to ac-
curately forecast rental prices, segmented by neighborhood. Her
goal is to obtain a model that can accurately predict future values
based on the characteristics of the population. She is provided with
a reference dataset (depicted in Table 1), which contains the average
rental price for each neighborhood, along with other characteristics.
After deploying an initial model, she considers that by increasing
the number of features, the problem could be better characterized.
Hence, she now turns to the government’s data lake to extend the
available information and perform more nuanced analyses. She
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plans to do so by finding datasets that she can join with through
the neighborhood column, employing the newly added columns as
model features.

Neighborhood | Avg. Rental (€)
4

4

Avg. Age
4
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Table 1: Rental prices of Barcelona’s neighborhoods (D, )
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Example 1.2. Figure 1 showcases a subset of the tables found in
the data lake explored by Anna. Her goal is to find attributes that
represent good candidates to join with column D, s .Neighborhood
to extend the available data. To do so, she opts for a straightforward
approach: rank the quality of a join based on the degree of overlap-
ping (i.e. containment) between the columns. In doing so, the pairs
(Dye f.Neighborhood, D1 .Neighborhood), (Dref.Neighborhood, D .
Neigh.) and (D f.Neighborhood, D .Product) are considered as
relevant joins. Note, however, that the latter is a false positive.
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D; - Inequality metrics

D - Population statistics

D - List of products

Neighborhood | 80/20 rate | Gini index Neigh. | Population | % Male Product Author Type
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Figure 1: Subset of datasets in a data lake
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Figure 2: FREYJA system architecture

2.2 Joinability rankings
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dl_profiles = freyja.profiles_for_dl(dl_path)

ranking = freyja.ranking(dref_profile, )
dl_profiles, 3)

# 4th parameter indicates the top-k positions to show

Candidate dataset | Candidate attribute | Predicted metric
D s 4
Dy 4 x 4
D Pr w 11

Figure 4: Code snippet to obtain the top-3 joins

2.3 Data augmentation
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dref = read_csv(dref_path)
run_model (d_ref,

dref_profile = freyja.compute_profile(dref)
dl_profiles = freyja.profiles_for_dl(dl_path)

ranking = freyja.ranking(dref_profile, ,

dl_profiles, 20)
dref_d2 = freyja.da(dref, , ranking, 1)
run_model (dref_d2, )
dref_d1 = freyja.da(dref, , ranking, 2)
run_model (d_ref_d_1, )
Data used to generate the model: d_ref
- Root Mean Squared Error: 76.44
- R-squared: 0.7188
Data used to generate the model: d_ref joined with d_2
- Root Mean Squared Error: 39.1857
- R-squared: 0.9029
Data used to generate the model: d_ref joined with d_1
- Root Mean Squared Error: 47.59

- R-squared: 0.8568

Figure 5: Data augmentation with FREyja

3 DEMONSTRATION OVERVIEW
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