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Data
Science I e Some questions to understand

the earthquake event:

SEISMIC
ACTIVITY _

~-What is an earthquake and
how does it work?

~-Why does it happen?
~-Why Insurance Companies

are interested in study the
event?

Wave Fronts
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A really short introduction of Quantile Regression

Quantile regression is a statistical method that estimates the relationship between a response
variable and one or more predictor variables at different quantiles of the response
distribution. Unlike mean regression, which estimates the conditional mean of the response
variable given the predictor variables, quantile regression estimates the conditional quantiles
of the response variable.

Mean regression

Median regression

Quantile regression
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Data
Sci-:nce I prOjeCt workflow

~
Modelling
EDA and withmean | COSCUS
Collecting Data Time Data Pre- regression qu:ntile Build a
Data Cleaning Series Processing and. calibration web app
Analysis q"““tfle assesment
regression
J
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Data

Science Use case: Predict Magnitude Philippine Earthquakes

Earthquake Magnitude Geographical Distribution

Map tiles by Stamen Design under CC BY 3.0
Data by OpenStreetMap contributors under ODbL
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Data Set Structure

Columns
Latitude
Longitude
Depth

Mag

MagType
Place

Type
LocationSource
MagS$ource

Distribution Magnitude observations per place

IMindanao, P hili i e -
Philippine Islands region s——
Luzon, Ph]|jpp!n85'_
Samar, Philippines
Mindoro, Philippines m——

Leyte, Philippines s

Kepulauan Talaud, Indonesia
Catanduanes, Philippines =
, Celebes Sea mm
Moro Gulf, Mindanao, Philippines ==
Panay, Philippines ==
Negros, Philippines =
Masbate region, Philippines =
Kepulauan Sangihe, Indonesia =
Bohol, Philippines =
Negros - Cebu region, Philippines
Babuyan Islands region, Philippines
Sulu Archipelago, Philippines1
Sibuyan Séa, Philippines1
Sulu Sea
Sabah, Malaysia1
east of the Philippine Islands
Visayan Sea, Philippines!
north of Halmahera, Indonesia-
Palawan, Philippines-

count mag

Dtype
num
num
num
num
cat
cat
cat
cat
cat

Count
10188
10188
10188
10188
10188
10188
10188
10188
10188
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Min Magnitude per place

place _ depth maonth
Samar, Philippines 3. 33.0

o Philippine Isiands region 3. 10.0
Max Magnitude per place ¢

Luzon, Philippines : 10.0

Mindanaa, Philippines ; 33.0
pis Segh month Mindanao, Philippines 3 858
Mindanao, Philippines ! 104.0 = B
Celebes Sea : 3903
Mindanao, Philippines . 63.0 o
Panay, Philippines ; 119.0
Mindanao, Philippines ' 33.0
= _ Luzen, Philippines ; 73.4
Ehilippine Isiands reglon ; 145.0
S = Philippine Islands region ; 33.0
Bohol, Philippines ! 644.5
zon, Philippines ; 5.
Moro Gulf, Mindanao, Philippines 5.9 5835 Luzon, Phikppings 540
Catanduanes, Philippines ’ 33.0
Mindanao, Philippines £ 49.0

Mindanao, Philippines £ 178.0
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Mindanao, Philippines ; 114.0
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Time Series Analysis

Autocorrelation Function Plot on Magnitude
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Data Projection Results

Science

KNN Regression Results RF Regression Results
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|I1 urance DL Regression Results
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Science

NN Regression Results
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Evaluation Results

Train RMSE Metric for ML

=s = KNN
—— RF
=+ GBM
NN
* DL

o o5 | test RMSE Metric for ML

0.00- , ‘ .
Train Lower Train Mean Train Median Train Upper
Metric
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Quantile Calibration Assesment

Prediction Interval Coverage by ML
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Feature Importance

mean prediction lower prediction median prediction upper prediction

.
SCIenCe KNN mean prediction Features Permutation Importance KNN lower prediction Features Permutation Importance KNN median prediction Features Permutation Importance KNN upper prediction Features Permutation Importance
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mean prediction lower prediction median prediction upper prediction
Science

NN mean prediction Features Permutation Importance NN lower prediction Features Permutation Importance NN median prediction Features Permutation Importance NN upper prediction Features Permutation Importance
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Sci-:nce I What | learned

-For extreme events, more data, better quality data and more
features are required to perform better predictions and to better
comprehend the phenomenon.

-Quantile regression is able to handle the uncertainty associated
with the prediction of the event.

=There is no single model that performs well at every quantile point.
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Go to the Web App
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