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ABSTRACT:
[ )

This talk explores how data science and Al bring the impact of new data sources into
our modern world through technologies like LLMs, Al agents, data spaces, web
platforms, etc. Many professionals need new skills to automate, analyze, and optimize
complex systems. Adopting these technologies requires updated knowledge, better
methodologies, and improvements in quality, security, privacy, and legal frameworks. It
also demands a diverse skill set for data scientists and Al specialists. This talk introduces
a model integrating data science, data engineering, software development, Artificial
Intelligence, and essential technical and soft skills for data professionals.

OUTLINE:
 Data Science Lifecycle
* New Technologies

* Examples
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= [{log fu;(x) — log fm ()} fm () dx
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= H(8",0*)—H(6,8")

KL(6*,0) = Shanon Entropy — Cross Entropy
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MAXIMIZING THE CROSS ENTROPY BY USING
OBSERVED DATA

Cross Entropy = j log f.,, (x) . fyy (x)dx

X is a Random Variable ... We cannot use Riemann Integral ...

We should solve it Statistically ... In Statistics we have:
n

jxf(x)dx = E(X) = X = Average = 2 x;. p(x;)
i=1
and Strong law of Large numbers
X1, X9, X lld X —> U as n — oo
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Solution: calculate Average of observed data

CrossEntropy ~ Eg,(l0gfm()) = ) fm(0.logfu() 5 xi~fiy(0)
=1

Afshin Ashofteh (Nova IMS, Nova University of Lisbon) Data Science Lifecycle: From Data to Impact


https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2

[APORTO DATA SCIENCE AND MODELING DaSSWeb

rAcUDADE b scouoM IN COMPLETE LIFECYCLE pata Seilence and

=

(]

5 g

% ® S

Yy, = oo

Q, -

Neg S+ 5 S
C@ 7))

oc
L
o
P
L
—
ag]

K> K™

Afshin Ashofteh (Nova IMS, Nova University of Lisbon)


https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2

[APORTO DATA SCIENCE AND MODELING DaSSweb
e [ IN COMPLETE LIFECYCLE Data Science and

Class of suggested model

f .08 (x) Minimum Distance = Maximum}.i-, P; log P;
= Maximum Likelihood

If we have the same dimension
i.,e.M=m

Estimation error

Model error

fo;, (x)is projected on

Suppose a model with smaller Continuous
three parameters
m=3

Linear Space

K> K™

Afshin Ashofteh (Nova IMS, Nova University of Lisbon) Data Science Lifecycle: From Data to Impact #34


https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2

[APORTO DATA SCIENCE AND MODELING DaSSWeb

rAcUDADE b scouoM IN COMPLETE LIFECYCLE pata Seilence and
B v S
= g RS
oQ e N
Ly ® 5 g
“U, S 0o S
0/' ecé ~ S QT §
Ve, e, s &
/Ze, /6 / (= n «§
N &+ S8 &
Ce © S

oc
L
o
P
L
—
ag]

K> K™

Afshin Ashofteh (Nova IMS, Nova University of Lisbon)


https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2
https://www.researchgate.net/profile/Afshin-Ashofteh-2

[@MPORTO DATA SCIENCE AND MODELING DaSSWeb
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Maximum Cross Entropy = Maximum Likelihood

But we don’t have fy;(x) and it is unknown!

Again Statistics helps:

Central Limit theorem
2
_ o
X1, X2, Xp 1id ; 0 < Var(x) < oo; X~N(ux,7) as n — oo
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Statistics Webinar

Solution:

Use C.L.T. and estimate parameters of Normal
Distribution from observed data to calculate not only
Cross Entropy by Maximum Likelihood but also
Confidence Interval for Cross Entropy!

Even we can have a good Outliers Detection!

CrossEntropy
~2

~~ EQO (logfm(x)) = zfm(x)-logfm(x) , xi~N(ﬁx'%)
=1

Afshin Ashofteh (Nova IMS, Nova University of Lisbon)
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We used these theorems:

* Kullback-Leibler Divergence

* Min K.L.D. = Max Cross Entropy = Max Likelihood K'L'D'BEZ'lZZ‘EEZeib'”
e Strong Law of Large Numbers

* Central Limit Theorem

We need these assumptions:

* (lass of candidate models should be Absolutely Continuous
and Smooth to have second order derivative in all points

 For using average, we should remove outliers.

 To know about dimensions (m=M), we try to guess m by
looking at Histogram.

K> K™
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[BIPORTO TO SUM UP DaSSWeb

FACULDADE DE ECONOMIA Data Science and
E UNIVERSIDADE DO PORTO It is a very brief review of a personal concept, which shows how | usually attack the curve fitting or modeling Statistics Webinar
problems. First, we must know linear algebra. Why?

Because computer engines work only by COMPUTATIONAL LINEAR ALGEBRA. It is essential to make a function
linear and put machines to work. Software such as R and Python are using linear algebra packages such as
LAPACK and BLAS. They load these linear algebra packages for their computation. Even SAS does so. This is
why we prefer LINEAR SPACE in comparison with the NORM SPACE. Additionally, in linear space, we prefer
ADDITIVE MODELS:

y = Q)+ f2) + -+ fx),
why? Because simply they are easy to compute!

We can make multivariate analyses, Clustering, and Classification by using these additive univariate models
without the need to reinvent the wheel.

Then, in linear space, we can use the tools of vector space, and we have angle 6 as follows:
8 = argmaxlog L(8) = argmaxlog [T, f (x;|6).

Why these tools and angles are important?

Because it gives us the ability to define the norm, vector, and direction.

For instance, we can define an inner product. ||x||*||Y||*cos(@) and <X.Y>=} x;¥; ,which is important to
measure and minimize the errors and defining the DISTANCE MEASURES. In this vector space, we are able to
fit an approximate line, surface, or high dimension solution to our data! Isn’t that amazing? Most of the time
we need our outcome function to be smooth because simply we have many tools in mathematics for
optimizing SMOOTH FUNCTIONS! We will be able to take derivatives for optimization and use averages in our
theories. Therefore, smooth functions have good behavior in converging to an appropriate outcome in the
modeling stage. If we want to have a smooth function, then it is necessary to solve the problem of MISSING
VALUES, which make our function discrete in the middle of the distribution, and OUTLIERS, which make our

function discrete in extreme values. With a class Our Final Classification Model

of smooth functions and a huge amount of good @ '
1.8, .00 (X)
data, we are able to find the best model and the 5 '\_\ %%
R : 5 %,
best estimation of parameters, only by using the YOO\ & %, %Q
data. \ % , b,
E ‘9\ \ "/' 4‘%_
This is the methodology to solve the modeling =1° O’J.«,\»/
problems! First, we will define the problem, clean Class of ] L
the data set, use the data to make a suggested Candidate e | RealClass and Segment of l A ] ]_Jl]i"l]:(II
: ? Classtication’ | [8ivessaior oo N our Customers
class of smooth functions and finally use the Models (1)Model error fou ()
computational power to choose the best model SO, (%) s
with the best estimations of parameters. m fo5 (x)s projected on
smaller Continuous
Linear Space @ Afshin Ashofteh
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™. ¢

Pyt

TensorFlow
) P
databricks Power Bl SQL Server

Paperl: https://doi.org/10.1109/COMPSAC61105.2024.00101
Paper2: https://doi.org/10.1109/MITP.2025.3532129

K> K
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DATA PROVIDER

Data Consumer feedback: Impact on Data Literacy, Data Use for Decisions, Interest in Data Driven Policies.

Tourism Data Spaces Building Blocks and Technical Operationalization of the Tourism Data Space + Data Space Governance Authority

Data Sourca selection Data Quality & Validity Granting Access Level Report Production

c
Data Source Management Data Cleansing Indices Calculation g Dashboard Production
Data Collection & ETL Quantitative Analysis Dimensional Analysis a Data Minin Data Consumer
N v
Data Extraction Outlier Detection Ad hoc Reporting < € and End Users
Data Transformation Missing Follow up = Trend Ansbyels Management
Data Aggregation Value estimation g
Metrics calculation Scope: internal = Scope: External
\ 3-Data Space KPIs 4- Dissemination
‘ ©
8%
a2
Batch or @ g
5 T
Streaming s data 83
Data from : ) T | ccrotion Exchange product 3 =
y v - 4 Protocols contrac g <)
o
Data £ 3
: n =
Providers -
°
/ =
: Analytics e
Data & Intagration mlvsis& . Data & Reporting y 8_ g
Services + Big Data Integration Services Services 8 =
04

Services

Data Services, DBMS and integration Services
(Created By: Afshin Ashofteh, Nova IMS, Nova University Lisbon}

Master and Reference Data Base + Metadata catalogs
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Cases? -

Afshin Ashofteh (Nova IMS, Nova University of Lisbon)
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10.3233/SJ1-200674

Fique em casal

Data till 23:59,
May 7, 2020

- Death Selected How many Total
& Cases? \  Country? Countries? Total Death?
> 4 Confirmed? N
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BRPORTO

FACULDADE DE ECONOMIA
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BIG DATA STORY

Extraction of deep features are often

Pa e r' . 5 : % 5 Credit Scoring - . ot el 3
. expensive and reduce features dimensions dynamically fora |~ for Oocn L[ and online credit providers, the accuracy of
computationally efficient credit scoring is a concern. P | 9 algorithms is a concern.

https://doi.org/10.1016/j.eswa.2021.114835 ST eeennee \ N e
Video of presentation: 'y '
https://youtu.be/tWu3Hgz9TtA i, s s

With i il ts

of banked

matter, all that matters is less loss.

\
v

\ o " *
Data online data 44— Banking Data | » T Credit Data data.

MIMD: Multiple Instruction Stream Multiple Data Stream \mportant, Ll paraltel computi M bistibuted Comput Bank's Servers | rosms Network

! classes of Flynn's €~ Parallelization 4

like networked parallel computer clusters or multi-core PCs leumann

Taxonomy model
- Processor bounded
SIMD: Single Instruction Stream Eo
communication Multiple Data Stream like GPUs i HDFS Multicore processors
network to connect comiplexity, finite (2006) Bridging

inter- processor bandwidth, Serial Computing Model

memory and/or partial failure in Nutch
graphic processing Vector Super Distributed Limited RAM, Disks and net storage
units 5 < 4 ".'FC & d 2004 Bottlenecks: Internal links in
Hybrid Distributed-Shared Memory H Memory Architectures 4| Grid Computing ¢ M HPC:Parallel comp. (MIMD & SIMD) a compute node among
ap
Google Red: caches, RAM and HD or the
Hybrid Model: Solution: Compute File Soug link between the compute
Distributed Memory nodes for data System (¢ ) nodes and storage

(e.9. Message Passing

Model) + Shared (MPMD): Multiple Program

focality, Cloud
Computing and

(2003)

e

. <4 Parallel Programming SRS
Memory (e.g. Threads Multiple Data I :::;“:‘:'I:‘"”‘ Solutions like 1/0 model, Streaming model, Cache-Obvious model
Mol c ication is the issue if th =
2 ommunication is the issue if the
SPMD): Single P : e T
¢ M)ultim\z ;atr:gram o type of problem is not Basel Accords recommendations for Big Data & Opent softwsteas aservics (SaaS)
P embarrassingly parallel. using Advance Analytics and market Why? %—« 9 . P —»‘ How?
request for nimble new services o Banking - Sroceising large
. s 5 & 1 I infrastructure as a service (laa$)
teind peralilieing complletorpre. pricessonion —»  Synchronization and serialization amounts of core
converting Serial programs into Parallel pi | MapReduce(Batch iy data
— Why? Pr i [ I th MapRed
S — s Processing) wit apReduce
Scale “out”, not o - )
Domain Dec ition break the problem @ YARN(Res.Mag.) NN CLOUD qaws, azure} requires access to
into discrete "chunks" of work that > Debugging by Debuggers and How? HDFS (Storage) PRAM clusters with
. can be distributed to multiple using analyzing and tuning tools Move processing to the data )‘— i LogP | sufficient
Functional Decomposition ke o ‘ Platfornas d sérvice (Pass) Capanty.
Manage nodes failures across | Simple! DRttt
sche.duler“rtask pool HPPf03Ch and Load'Balancing! | {¢-—»! | Data Dependencies the cluster which are the = . 2 ~ utility computing: only pay for what is consumed.
using a "pool of tasks" scheme. Hadoop (CDH for VERY OpenMP,
- Cloudera's LARGE Message
Process data sequentially and avoid random access )4— Distribution) FILES write Passing | BigTable, HBase for Google and
once, read Interface Data storage =»  massively parallel processing
v manymes. (MPI) by API's r— (MPP) for Hadoop
‘ Hide system-level details from the application developer ‘ %— Rent a Cluster X o )
from a utility MapReduce
Seamless scalability by using cheap commodity hardware ]n— cloud provider S T I suinar oo
Ayanage workflow, Pig Scripting, Mahout
Machine L ing, R Ci t
Handling most of the details Bringing the compute to the huge core banking e "32 A hebiic .mm“ il
[~ R . 5 s Statistics, Impala/Hive SQL
behind the scenes in a scalable, data and new non-traditional data rather than A
1.Mapper &— T - 2 Query, Storm near-real-time
robust, and efficient manner data to the compute in a simple way 2
= = S New Data sources v e i) event stream processing and
lefe:ent freprocess:ng:ppruachis whl:h fr:sfnltt atid sthods are o Comblnes e e in-memory fast Spa‘v‘k
O O e e iy osCetcien ) emerged for smarter | o _Lnj—pﬁ i
credit scoring. It can Consi ilabili tioning Error and fault handling  Scheduling -—
the Big Data for credit scoring is suffering the rapid data distribution be seen as a e B [ e nay (Up-Time) (Scalability) T
= 5 = s — Datare ti
changes k of ch in reg and | p to the
behavior and models need to fit to new situation automatically. usual credit scoring L meronsl —‘— *SPARK (from 2009)
hniques and . " Data Recoverability &
A credit scoring technique is needed to be able to select pr f ditional data { '4 Reduter’ Compansnt Recousry

for accurate credit and efficientin i
to aggregate weighted big data with minimum loss for loan provider.
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Chapter in Statistical Modeling and Simulation for Experimental Design and Machine
Learning Applications (SimStat 2019): https://doi.org/10.1007/978-3-031-40055-1_14

databricks Sp Qrk.

databricks IR Y- Talon]

+ CrossValidation

import sklearn.metrics as metrics

import pandas as pd

from plotnine import =

from plotnine.data import meat

from mizani.breaks import date_breazks

from mizani.formatters import date_format

from pyspark.ml import Pipeline

from pyspark.ml.feature import StandardScaler, StringIndexer, OneHotEncoder, Imputer, VectorAssembler
from pyspark.ml.classification import LogisticRegression

from pyspark.ml.evaluation import BinaryClassificationEvaluator
from pyspark.ml.tuning import CrossValidator, ParamGridBuilder
import mlflow

import mlflow.spark

from pyspark.mllib.evaluation import BinaryClassificationMetrics
from pyspark.ml.linalg import Vectors

the parameters
maxTter = 18

ik in databricks

e start with mlflow.start_run()

y start tracking what we are deing in this no
with mlflow.start_run():
labelCol - "default_loan"
dndexers - list(map(lambda c: StringIndexer (inputCol-c, outputCol-c+"_idx", handleInvalid - "keep"), categoricals)) I
ohes - list(map(lambda c: OneHotEncoder (inputCol-c + "_idx", outputCol-ct"_class"), categoricals))
dimputers = Imputer (inputCols = numerics, outputCols = numerics)
featureCols - list(map{lambda c: c+"_class", categoricals)) + numerics
model_matrix_stages - dndexers + ohes + \
[imputers] + \
[VectorAssembler (inputCols-featureCols, outputCol-"features"), \
StringIndexer (inputCol- labelCol, outputCol-"label")]

scaler - StandardScaler(inputCol-"features",
outputCol-"scaledFeatures",
withStd-True,

wirhMoan=Trua’
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&« > - B codeocean.com/capsule/0503126/tree/v1 = o :
co Spark Code: A Novel Conservative Approach for Online Credit Scoring  ( Afshin Ashofteh & jarge Bravo ) I 2 Eanc l [ . l
dit Capsule - Sign Up
Capsule Fle Help Sign up or login to edit and run :
" ¥ READMEmd X &> Reproducible Run .
2 o
= e or launch a cloud workstation E
=%
» & metadata L] P £
. . . . " > 5
R — A Conservative Approach for Online Credit Scoring ] - s
E ¥ [ code (-] . =
> DI AADRILALL parquet ® Journal: Expert Systems with Application- 2021
» [ miruns o & Feb 28, 2021
W 4-paper-phi+CRI train and t.. ] A Published version 1.0
¥+ ool . o Afshin Ashofteh, Jorge Bravo
[ LICENSE 104K @
U READMErmd = | Table of contents O athor ron Fet 25 2091 ot
[™ requirements.txt E44KE @ » General info B T.lb\ished Result
 run E @ . [ 4-paper-phi+CRl tr.
¥ [ data B . 3 output
- .
[ LICENSE . O Afshin Ashofteh committed
paper_trainl.csv E . 202
paper_valid1.csv £1.53 ME General |nf0
T gitignors 7 Version 1.0
0 gitigno B ne This capsule is related to a novel method of machine learning for Big Data, which is discussed in a manuscript in Expert Systems with
e Applications. It is appropriate for the default prediction of high-risk branches or customers and online banking. This study uses the

> results 1019.18 KB Kruskal-wallis non-parametric statistic to form a conservative credit-scoring model and to study the impact of modeling performance TR 'd’ o |
Other Files & on the benefit of the credit provider. This is the first study that develops an online non-parametric credit scoring system, which is able Creatad capsule
to reselect effective features automatically for continued credit evaluation and weigh them out by their level of contribution with 2
good diagnostic ability. We have implemented this new methodology on Ridge, Lasso, Elastic-net Regressions, Random forest classifier,
and Linear support vector machine.
Data source
loan.csv - data is from Lending Club includes all funded loans from 2012 to 2017. Each loan includes applicant information provided by
the applicant as well as current loan status (Current, Late, Fully Paid, etc) and latest payment information.

Technologies

Project is created with:

s Python version: 3.8.1
* PySpark version: 3.0.2 -

Afshin Ashofteh, Jorge Bravo (2021) Spark Code: A Novel Conservative Approach for Online
Credit Scoring [Source Code]. https://doi.org/10.24433/C0O.1963899.v1
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[ PORTO LAYERED LEARNING AND ENSEMBLE DaSSWeb

o e LEARNING STRATEGY St b
DELMS for Time Series Modeling

Dynamic Ensemble Learning with an Intelligent Model Selection Strategy

* We use direct mapping from the time series of different
countries, combining the intractable time series algorithms
and predicting the ensemble model as the final output.

The marginal posterior
distribution across all models is

Holdout  Best holdout for Model The Ensemble model
Set(H) each model Selection K
M pUY) = ) p(Aly. Mp(Mily)
4 | 1{n,eH} I Ml{h eH) Forecast combination = « «
M, * of best forecasters,
2 | {h-€H} I each obtained by a . .
|I| | | model-specific The weight assigned to each
= Mk{hk e holdout period model M.k IS given by its posterior
| Megyeny | probability
M |y) = p(y|M)p(M;)
Figure | - Proposed strategy of ensemble learning. p(Mily) = fﬂ . P(}’|M;)IJ(M1).

Publication: https://doi.org/10.1016/j.as0c.2022.109422
Video of presentation: https://youtu.be/7xabpWH4aFs
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(1) Ensemble with fix holdout (2) Ensemble with Dynamic holdouts and model sclection (DELMS)

{hyha, o B }

' ' 1
E % S — § i % ~= - N § E
3 —_— ——— — —————— S " — —
! g WHO mortality Respiratory g ; g WHO mortality Respiratory 2 DE LMS ;
| 2 database infections Deaths | = S database infections Deaths | = X
18 2 8 & i
e kb i il s e i il el sl i e e R R et e e o e e e e s et et e s et S b e e e |
Tim;;ia:(sl courﬁesin;}:stly Time~s;ieTof 61 courﬂ?e?géstly Madel satishias \
from 2000 to 2016 from 2000 to 2016 SMAPE., < I
: gl < g
Data preprocessing " S {
Data preprocessing z |
v vssv‘
For Country g Extract the
e
(61 countries) For Countw g best Calculate Exclude \
{61 countries) holdout for model Model { [
e oo S - Tl 81 i . G i o 4 1 each model weight from
! ' ¥ in Country based on ensemble
: For holdout & Train Dataset I Recognize the first and g Formula (3) n ‘
. {hr Ry, e By } ' last year in time series |
: i
: v il [T e, iommaeii R e :
' ]
: Test Dataset For Model i ror holdoath Heterogeneous
! te{hb...l} )| orholcout Train Dataset Ensemble |
I
E ]

1
[
[
[
1
1
1
1
[
' Y
1
1
1
1
1
[
1
1

' 1 Merge Display
; Ensemble 1 Test Dataset le For Model (
: ® - Le{lyly..byy) - ‘
| : |
P
Extract one E E | B s e R L oy e N L T _--_a':el---_ftfr.e_-_,
best holdout | Merge panel 1 \
BB et e N . R .
il The Last
?
The Last Country? Country?
No \ . \
Y | Conclusion
v YES v . YES +

Showing the efficiency of the new
= approach, Algorithmic efficiency
analysis, and Excess mortality
analysis. m

Forecasts for Excess Mortality
(BMA with Fixed holdout)

Forecasts for Excess Mortality
(DELMS)

~ > K]
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Large Language Models (LLMs)
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