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Data Scientist D Sofrecom Tumisia (part of
Orange Group)

PDF Info Extraction with LI.M

We developed a PDF Audit Information Extraction System using G P'T'-4 that automatically processes multi-
page audit reports. The system converts PDFs to images rather than text because some information are
already on logos and graphics, it also search a specific items in a pre-defined reference dictionary.

Built with a modular Python architecture, it features custom Pydantic validation models, optimized
image conversion, and Base6y encoding for LLILIVI compatibility.

The solution generates structured JSON outputs while maintaining data integrity through comprehensive
validation mechanisms, significantly reducing manual processing time for audit professionals.

Processing PDF: —= =<« ugy. .= o33 39§ il v = . pdf

Successfully converted /home/jupyter/python-code/resources/audit/fugis; 53
Results saved to: /home/jupyter/python-code/resources/audit/Xads =2 =
Processing PDF: AGuZz 3%ER ICWIW 3C2CTITOL REFELE @ AR pdf

Successfully converted /home/jupyter/python-code/resources/audit musi

Results saved to: /home/jupyter/python-code/resources/audit/

Time Series Forecasting for Business Demand

The goal is to generate 12-month & 53-week demand predictions at multiple business levels (department &
offer). The system addresses the challenge of limited historical data through advanced feature engineering,
incorporating holiday calendars, weekend patterns, and seasonal decomposition techniques.

My implementation leverages R's specialized forecasting packages (feasts, fable) to create an ensemble
of models including ARIMA, ETS, Holt-Winters, TBATS, Prophet and Deep learning. The solution achieves
approximately 5% of error.

Key technical components include time series decomposition (STL, AutoSTR) to separate trend and
seasonality patterns.
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CoFinancing Prediction for FTTH Deployment

The goal is to predict co-financing rates for FTTH. The project involved migrating Python scripts to
production-grade Datailku workflows, prioritizing SQL and native components for performance
optimization, and designing an efficient Analytics Base Table creation process.

For model enhancement, we validated ML LLEFForecast function effectiveness, tested additional predictive
variables, and evaluated alternative modeling approaches including other time series models and
transforming the problem into a regression task.

The part of feature engineering did improved the model, including creating interactions terms and doing the
necessary transformations to have similar distributions across different period time.
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Data Sciewtist D Kiota Iutelligence

My main work was to create the desired output for our endpoints with plumber, all type of task in data
science with R included. All data were investment and funding rounds related.

Shiny App
The goal was to provide a tool that allow clients to have statistics and graphs about their data-entry based on
many filters.

@ C:/Users/mahmoud trigui/Desktop/Kiota/Shiny/App/dustering - Shiny - b
http://127.0.0.1:3275 | 2 | Open in Browser | | “Er Publish =

DIy APP PIUjecl -

Plot Table Stats Manufact Pairs Services Pairs Core Pairs
Select Country

N Correlation Coeff: 0.372
India - 6000 -

Select Questionnaire

Manufacturing -

Select Sector 4000 -

Food -

Size

Select Age

0,1,2,3,4,56,7,8,9,10, 11, 1=~ 2000

Select Year

Coy o — . :
:

2,006 2,008 2010 2,012 2,014 2016 2018 2020 0-

Select x-axis

Age -

Salart Tranafarmatinn -

R Markdown Report

Generate a complete psychometric report about entrepreneurs and teams

Executive Summary

According to our analysis of your questionnaire, We found that you
have average scores in several of the factors evaluated. This is
Consider it convenient for your entrepreneurship, because: Escrupulosidad L4

Asuncion de riesgos Liderazgo

* You generate ideas through knowledge integration belonging

to different social and cultural domains, facilitating the Flexibilidad cognitiea Tolerancia a la frustracion
development of flexible reasoning and the creation of
creative and constructive ideas. Creatividad Pasion

* You experience positive feelings throughout the
entrepreneurial process and you make your purposes make
you feel identified and motivated, allowing you to keep Proactividad Optimismo
constant your interest and effort to achieve what you you
propose.

« You are willing to create ideas until you find the most
suitable without rush to take one to avoid the discomfort of
experiencing ambiguous situations, favoring more decision- Apertura a la experiencia Aspiracion de crecimiento
making planned and reasonable.

Autoeficacia Bricolaje

Motivacién de logro Persistencia
Locus de control interno
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Psychometric details:
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Evaluation certificate

Copyright Kiota 2022 all rights reserved

@ Intelligence Artificial deductive z.
iNui nta!

WHAT DO WE DO?
0.4 %

We analyze five qualities that entrepreneurs tend to have more

successful through this novel model of artificial intelligence

deductive.

Based on the lexical analysis of your description, we calculate the
level that you present in each of the qualities.

INTERPRETATION

According to the results, we can estimate that the qualities that the
more they describe to you are those of being a Persistent and

Strategic.

It is worth mentioning that these qualities are closely related to
traits. entrepreneurs such as (factors that will be detailed later).

@ﬂ Scrupulousness

Evaluation certificate

Copyright Kiota 2022 all rights reserved

-@ 16 | MEDIO

WHAT DOES IT MEASURE?
Conscientiousness is the ability of a
individual for being organized,
responsible and meticulous with all
Matters related to documentation and
establishment of objectives of the
entrepreneurship. Conscientiousness
has a positive relationship with the locus
control, openness to experience and
these, in turn, were associated positively
with entrepreneurial intent and success.
Are positive effects on the creation of a
business by the Responsibility and self-
control of the entrepreneur.

A Assumption of risks

INTERPRETATION: You have obtained
an average score in scrupulousness.
These results indicate that you are
characterized by levels means of
responsibility, self-control and
entrepreneurial discipline. So regular, you
are detail-oriented and organized with the
related matters of your entrepreneurship,
reflected in the fact that you assume
commitments and propose objectives of
your business in the medium or long
term, although sometimes you It makes it
difficult to plan ahead for your tasks.

WHAT DOES IT MEASURE? Risk
taking is capacity inherent in an
individual making risky decisions and
taking on risks in uncertain or

INTERPRETATION: You have obtained
an average score in risk-taking. These
results suggest that you are a person.
that maintains an analytical profile in the



EDA

The goal is to have a descriptive statistics and a test hypotheses between different stages in proportion.

1
"stages": {
"applications received": [
1
"stage": "applications received",
"id": "62aaed798e05ed3aB8066889%e",
"title": 1§
"en": "In which vertical of the program your startup fits better?”,
"es": ";En qué vertical crees que encaja tu startup?"
5,
"type": "categorical",
"result": [
]
“factor": ""
"amount": 2,
"percentage”: 40
5,
1
"factor": "Nuevas proteinas",
"amount": 1,
"percentage": 20
"amount": 1,
"percentage": 50
5,
1
"factor": "Sostenibilidad",
“amount": 1,
"percentage": 50
I3
]
5,
"interpretation": "There is a significant difference in proportion between the

two datasets over the applications received stage and the interview stage",
"test": "Chi-Squaze",
"significant_variable": [[

"variable": "Nuevas proteinas",
"deviation": "Has changed from 20% in applications received to 0% in
interview. \n !
}J
"variable": "Salud y bienestar",



Matching Script

The goal of this project was to connect the right investors to the right entrepreneurs based on many filters.

[
1
"investors name": "100x.VC",
"investors id": "6",
"investors_nlg": "We propose this investor because according to his investment
thesis, he invests in companies at early stage,pre-seed stage"
5
1
"investors name": "25madison",
"investors_did": "27",
"investors_nlg": "We propose this investor because accoxrding to his investment
thesis, he invests in companies at early stage,pre-seed stage"
5,
1

Nymismmdtman mamalle TEAO cimmdiia

Clustering Relationship

The goal of this project was to find any potential relation between different variables and to connect their
centroids to see the evolution over time.

Company's Age Pattern

Country = Mexico
Company size = large
Correlation Coefficient = 0.5 & R? Adjusted =0
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Source - World Bank



Data Scientist/Avnalyst D Tuwisia Telecom
Gronp

I had the opportunity to work with big amount of data, millions of rows including hundreds of variables
describing clients through different source and tables.

A large amount of time for the data-mining project was dedicated to the ABT construction via:

v' Data reliability-check
v' Data gathering
v' Data cleaning

So, in order to accomplish these tasks, | need to have a provident coding in SQL for Oracle (Toad), in addition
to the basic programming of SAS and its functionalities in SAS Guide.

SELECT DISTINCT
NUMERO APPEL, var, 0.23 * war3d + 0.25 * var2 A3 score
FROM (SELECT DISTINCT
NUMERO_AFFEL,
CASE
WHEN (var5 = 1 COR Feorwarding = 1 CR varfé = 1)
THEN 1 ELSE 0 END AS war3,
FROM table 1 3
WHEERE imei IN
{ SELECT DISTINCT IMEI
FROM table 1 3
INNER JOIN
{SELECT DISTINCI wvar
FROM table 4
WHERE wvar7 IN ('Z', 'S')) d
ON d.var = SUBSIR (s.id, 4, 8)
GROUFP BY IMET
HAVING COUNT (IMEI) > 1 AND IMEI IS NOT NULL) 40
ON s.NUMERO APPEL = SUBSTR (d0.id, 4, 8)
LEFT JOIN
{SELECT DISTINCT APPELANT, ward
FROM table 2

WHERE [ mois IN ('01', '02')AND annee = '2018') OR (mois = '12' IND annee = '2017'))
ON 3.NUMERO APPEL = 10.APPELANT
LEFT JOIN

(SELECT DISTINCT id, var 4
FROM table_3) 1
O s.NUMERO_APPEL = 1.id
WHEEE (3.MOIS IN ('01', '02') AND 3.ANNEE = '201a8')
IND SUBSTR (s.NUMERO AFFEL, 1, 2) <> '91'
GROUE BY 3.NUMERO LFEEL);

SAS Enterprise Guide
Fichier Edition Affichage Taches Favoris Programme  Outils  Aide |2~ 5+ | & * O (8 X | ¥ & |- |Beg Flux de pro

Programme -

=-feg Flux de processus [#] Programme"
=- Programmes
g]ﬁgﬁugmmme Enregistrer ~ | Exécuter ~ 1 Arrét | Serveur sélectionné: CLAApp ~ "% | Analyser programme - | Exporter ~ E
Ebroc sql;

create table flag0 as select * from origin
where varl = 0;
[=lproc sort data=flag0 cut=flagl : by var2:

run;
$let var_Seg =
var_1
var_2
wvar_3;
— Elproc standard data=varl cut=DATA S{keep=var? svar_35eg.) ® ®
|@m@@m

mean=0 std=1;
var svar Seg.; run;

3

LY )Actua\is&r| Déconnecter Data DATA S M :
®- [ Serveurs set DATA 5:
OLAF Servers array col svar Seg.:
(- [y OLAP Servers privés de over col:
col=max (min{3,col),-3);
end; run;

Elproc fastclus data = DATA 5 _M maxclusters=10 maxiter=40 cut = clusters mean=m Jummary ;
var svar_Seg. ;
run ;

ElData RET DATA:
Merge flag0 (in-a Keep—var2 svar Seg.)
CLUSIERS (in=b Keep=var2 CLUSIER):
By var2;
if & and b:
run;
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Client Segmentation

The business needed a new segmentation for our biggest part, the prepaid client base, to use it in theirs

targeting campaigns, in the CVIM and in various reports requests.

The initial phase was the data preparation along with the schedule and the specification & mapping

document.

Taches du projet

- Compréhension de la problématique et fouille de données
- Cahier de spec

- Mapping

- Creation de la table cible et les varables dimension

- Création des tables usages trafic

- Traitement et analyse des variables trafic

- Création des tables facturation

- Traitement et analyse des variables facturation

- Création des variables pour mieux expliqué le modéle

- Création de I'ABT final

- Etude prédictif de I'ABT

- Mise en ceuvre des algorithmes de scoring OU segmentation
- Elaboration du modéle ou segmentation

- Amélioration du modéle ou segmentation

- Validation du modele

- Traitement et analyse du resultat

- Présentation des résultats
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Phase 2 was the important one: trying different segmentation methods, different methodologies
(one client per row or one client per period). Work done with SAS E-MINER.

ﬁ ABT_
£:25 SEGMENTATL...

exclusion offre

_)_:Bﬁ Elassiﬁq_:ation ]
=3 . I | ‘% des variables
L Critere - | &
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Primordial step to validate our clustering result is the detailed profiling, which will be affected by the
business strategies and goals of the department.
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Phase 3 was for the supervised task: once the clusters are finally reviewed and validated, we build a model to
assign every customer of each new month to its segment.

Here we took a different approach in order to make it easier for the non-technical audience and for the

directors, not by applying simply a classification model but to try to set easy decision rules extracted
from the previous decision tree-based one, and then with the help of Tableau or Excel, we fit the final groups.
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Statistique Apprentissage Validation Statisticue Apprentissage Validation

1: 0.2% 1: 0.0%

23 0.3% i 0.2%

3: £.3% 3: 2.3%

a: 13.9% 4: 2.2%

(H 63.6% B 50.9%

&t 0.0% 6: 19.5%

7: 1.8% 7z 1.3%

B: 13.9% B: 23.5%

Effectif: 227557 . Effectif: 11112 .

Transformed. Replacement: Imputed DUREE_ ...
.|U334 < 4.9482 Ou Valeurs manquantes >= 4.|9482

| neeud: 39 ID du neeud: 4z ID du neeud: a3
sage Validation Statisticue Apprentissage Validation Statistique Apprentissage Validation
2.8% 1: 0.0% 1: 0.0%
0.9% 2: 0.2% 2: 0.0%
49.1% 3: 3.3% 3: 0.1%
0.3% 4: 3.1% a: 0.0%
4.9% 5: £4.4% 5: 15.3%
20.2% &: 4.8% E: 54.0%



A B C D E F G H | J K L M N
1 |Cluster Priorité Var_1 |Var_2 |Var_3 Var_ 4 Var 5 Var_b Var_7 Var 8 |Var9 |Var 10 |Var_11 Var_12
2 |C1:Segment_1 2|>=0.335 335|>=15.9208 |>= 81.6007 |>=21.0371 | »= 23.9323
3 [C2:Segment_2 5/<0.01 |<0.03 >=9.6748 >=11.9688 <3515 >=177.3908
4 C3:5egment_3 3 >=0.395 <24.7854
5 |C4:Segment_4 1 <0.005 <3407.182 [>=12.0078 >=8.2737>=3.5792
6 |C5:Segment_5 4(>=0.735 <17.194 <567.72
7 |C6:Segment_6 8/<0.015 |<0.225 <13.5088 >=13229 >=1.3229
8 |C7:Segment_7 6/<0.035 |<0.365 <1.0278 >=46.165
9 |C8:Segment_8 7|<0.015 <0.4458 <12.8315 <1.0093 <46.165

Multi-Sim Detection

We had to do several analytics to build initial hypothesis for our model since we do not have any record
of multi-sim users in our databases, the idea was to proceed with clustering but with different approach (the
goal to identify even small groups or who had a very practical behavior).

With a detailed profiling, we were able to distinguish the most suspicious group, validate this by doing a call-

center campaign, then build a predictive model on top of that data (with sampling techniques).
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CRISP-DM

Business

\Goal

G —

Identify

\Data

Present

\Data

| was integrated partially in the chuirn project among other ones, but every data-mining processis

like:
Identification of the target and
variable of interest eTotal parc with some conditions
v
Definition of inclusion and exclusion usion and
. . nc usmr.\ an sInclusion: some clients
\_ criteria e::iltl::r:gn *Exclusion: some clients
v
ABT construction Information sCollecting data from the
collection different source tables
v
( #Statistical study of variables
H H Analyze data sTransformation of extreme values and
Data processing and analySIS correlation analysis between variables
) !
e sCreation of the diagram containing the
Modeling different stages of the project under
. . Miner leading to the creation and
creatlon @ nd compa rison Of mOdEIS comparison of the predictive models
J
-~ v Scorin *Churn Score Calculation and Test
2 on All Subscribers
Score calculation and Validate
.
M TEE KK 7
Segment_1 Segment_2 Segment_3 Segment_4 Segment_5 Segment_6 Segment_7 Segment_8
VIR
LR
0ld churn score |MR
HR
VHR
VIR 91% 94%
LR 3% 3%
New churn score |MR 2% 2%
HR 1% 1%
VHR 2% 1%




Family Communities o e

:ﬁ.'.j

Our Community Link Analysis system provides us with only the groups and their roles, but with no further
information about the relations between clients of each community, thus the idea to find which community
are representing one family and living under the same roof, the key data here was the Cell_ID tables, along

with a hard work on Toad for feature engineering (used the ones generated by the CLA such as:
betweenness, hub score ..), to finally use the appropriate network analysis package from R for the
final touch.

Ad-hoc Analysis / Reports

Various demand from different department came to us to solve, to investigate and to find a patterns from our
sources in the final goal to make the data storytelling.

Understand the business behind the demand, create the right SQL request, organize the extracted data
with Excel, and at some points go further with PowerPoint for presentations.

8000 8.000
~_|7.000}—{7.000 /
~— 6.000 6.000
T i EWT) =
{1300 — '
1.200
—>}—11.007}—{1.009}—1.028 1.016 1.020

Jun-17 Jul-17 Aug-17 Sep-17 Oct-17 Nov-17



46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62

F=t]

1,135 1,145
1,106 g 14,342
' 13,809 14,110 4 6,780 6,664 6,755 1,956 1,980
353 3% 447
4,222 4,779 5,359 2,334 2417 2T 1,535 co8 8
515
559 563
545 7,362 7,290 7,187 3,503 3,416 = 1,027 A
813
195 182 154 2,226 2,041 1,836 943 831 724 207 232 199
Aug-17 Sep-17 Oct-17 Aug-17 Sep-17 Oct-17 Aug-17 Sep-17 Oct-17 Aug-17 Sep-17 Oct-17
49%
12.5 124 125 * 47% 47%
91% 117% 117%
175 120 123 120 EE 6.2 6.0
15 18 17
13.2 129 151 63
Zi2 el &1 15 18 18
114 L2 12 48 4.6 47 11 13 13
Aug-17 Sep-17 Oct-17 Aug-17 Sep-17 Oct-17
A B C D E [ G H | |
==30 31533 51947 39 289 65338 F7731 104715 113038 16836 500427
Total général I
] - ¥

split_actv_mensuel

(Plusieurs éléments) [T

somme del Ftiquettes de colonnes |~

Etiquettes de lignes | ~ I =8 [8,10] [10,22] [12,23[ [13,A5] ==15 Total général
inactif 108 835 1369 201 212 113 185 7349  HEEEE

<2 51543 629 26 106 51 28 7614 60517

[2.3[ 12 719 182 10 28 14 14 2010 14977

[3.4] 9 248 175 21 2 2 11 1534 11049

[4,5] 7641 153 14 12 5 12 1266 9103

[5,71 12521 206 33 16 7 13 2116 14912

[7.9] 10915 139 30 25 16 26 1785 12960

==0 289 108 1832 292 319 175 305 A3 648 HEHHEM
Total général I

Evio | Lt i I




VBA

Impact des Campagnes
Supplémentaires fin Octobre

Un apport supplémentaire total de xx K TND durant les 4 derniers jours
d'Octobre (impact sur 7 jours)

7 jours aprés la

FF 28/10 29/10 30/10 31/10
fin du campagne

juil17 oct-17

Dispersion des revenus sur la base

xx% des clients = xx% des revenus

aolt-17 =—sept-17

<D1 et D2<
xx% des clients
20% des revenus

ARPU moyen: xx DT

D9<>D10

xx% des clients
20% des revenus
ARPU moyen: »xx DT

D5<>D6
xx% des clients
20% des revenus

ARPU moyen: xx DT

D7<>D8

xx% des clients
20% des revenus
ARPU moyen: xx DT

7 xx% des clients
20% des revenus
ARPU moyen: xx DT

isés par xx% a
% des clients

Concentration des revenus sur la base

425 Microsoft Excel Objel
B Feul1 (Stat) End Sub
B Fewil2 (Données)
@ ThisWorkboak
B3 Modules Sub AJR_SI_.IDE? ()
‘5{ Modulel 'Copiage ARPU Total
[_]& VBAProject (FUNCRES For i = 19 To 24
+ (7] Microsoft Excel Objet Nomfshape = "RRPU " & C5tr(i)
B3 Modules v RectiveSheet.Shapes.Range (Array (Nom shape)) .5elect
DAk —aa Lo Selection.ShapeRange (1) .TextFrame2.TextRange.Characters.Text = Format (Range ("F" & i) .Value,
d o Hext
'ropriétés - Modulel & 'Copiage ARPU et volume Data des user data
For i = 15 To 24
Modulel Module _vI Nom shape2 = "ARPUSER " & CS5tri)

ActiveSheet.Shapes. Ra;ge (Array (Nom shape2)).Select
Selection.ShapeRange (1) .TextFrame2.TextRange.

Alphabétique | par Ghégoriel
(Name) Module1

Hext
' Copiage % User DATR

For i = 1% To 24

Nom_shape3 = "USER " & CStr(i)

RctiveSheet.Shapes.Range (Array (Nom shape3)) .Select
Selection.ShapeRange (1) .TextFrame2.TextRange. _
Characters.Text = Format (Range ("D" & 1i).Value, "0.0,%™)

Hext
' Copiage Nombre des clients
For i = 1% To 24

Nom_shape4 = "CLIENT_" & C5tr(i)

ActiveSheet.Shapes.Range (Array (Nom shaped) ) .Select
Selection.ShapeRange (1) .TextFrame2.TextRange. _
Characters.Text = Format (Range ("B" & i).Value, "#,$#$#0.0") & "k clients"

Hext
' Copiage nombre, wvaleur et volume par split Revenu

"#,#%0.0") & "DI"

Characters.Text = Format (Range ("G" & i).Value, "#,$##0.0") & "DT" & Chr(l3) & Format (Range ("H" & i).Value, "#,%



Data Science Projects D Freelance

I had the opportunity to work on various topics and connect to different teams with the agile methodology.

Facebook Page Analysis f e

The main idea was to do an overall analysis for one particular page which we have its credentials, to look at its
numbers insights and to do some text mining in order to get sentiment analysis.

Connection between R and Facebook

f + ( « Creation of the authorization application
= Getting access to Facebook via “Rfacebook” Package

» Getting all posts
= Creating new variables
+ Enriching the dataset with date and time

[ ] Creation of the database for the page

Post's Statistics

« General Statistics
I I I «Heat Map and Frequency

= Aggregation of Metric by Time

Sentiment Analysis

« Getting the comments

+ Text mining

« Calculating scores of sentiment

Page Insights

« About the Fans
= About the Page

Vehicle Weight Estimation

To optimize its logistic line, a company want to predict the mass of vehicles on a connected weighing system
with a maximum error less or equal to 5%.



e

Relation analysis

a8

an

1000

Data TutorTutor

—)

T [
AT M2 M2 16 1T R 19 e

-280 288

aes

I had my chance to be a tuitor and introduce a course about Machine Learning: algorithms and examples for

a class of 5 persons.

Polynomial Regression o

-4 -2 o 2 4

1 Polynomial of degree = 3

The error (RMSE) continue to decrease

To avoid high degree that leads to x _ 100 |

overfitting

——- degree=1
—-- degree=2
—— degree=3
« training set

——- degree=3
—— degree=20
e training set

—4 —2 o 2 4




Decision Tree

Steps with example

Chest Pain

L
Heart Disease
‘ Yes No ’

105 39
em——

Gini is calculated as follow :

Heart Disease
Yes No

34 125

Heart Disease Heart Disease
Yes L\ [6) Yes No

o 39 34 125

Gini impurity 5/0.395

= weighted ayérage of Gini impuritj€s for the leaf nodes

144 159
—( 24 0305 199 y0.336
Q47750 *427 150’

=1 - (the probability of “yes”)? - (the probability of “no”)?

Good Blood Circ has the LOWEST Gini

0 o (impurity) = Selected
True False
Heart Disease Heart Disease < m. N
e 0 Yes No True > <_False
105 39 34 125

Yes No Yes

Gini impurity = 0.395 0.336

Different Types of Clustering Algorithm

Centroid based method:
-sensitive to initial conditions and
outliers

-determine all clusters at once

Density based method: Hierarchical method:
-connects areas of high example -creates a tree of clusters
density into clusters -cutting the tree at the right level

-outliers are out of scoop

Customer Dendograms

DBSCAN K-MEANS



Good Modeling High Bias o Toooo High Bias )

LAY

Bias Variance Trade-off ) ) o, @00 L0
S S ' o
: s "“n' i
Let’s test now our two models on the test data : p : H
. Ji et
 Variance : prediction over one training set : n
differs from the expected predicted value » »

over all the training sets The sum of squares

are very similar to
differents datasets

» Our goal is to minimize the variance

*. g

.
’ L
B
‘
I %

The squiggly line
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| variability " 'q
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| also had another training session where | animated about the use of machine learning with I BIVI
Watson foraclass of 20 persons.

[

Connecting fo CLI -

Go fo the folder of downloaded A atio 7 Watson-Chat-Bot
application, right-click anywhere in order ‘

Catalog  Docs  Support  Managa Mahmoud Trigui's Account

. N Resource group: Default  Location: London  Add Tags

to launch your shell in that location o

Type «ibmcloud login » and enter your

email and pQSSWOT'd ; Get started by launching the tool. Plan: Lite Upgrade

Then when asked to select aregion, it's : Getting started wtorial AP]reference

preferable fo choose the same region as

the service was created with (London is

in Grecf—BriTOin] Credentials Download 2V, Show Credentials &

APLKey:  sesessssssssasssssscssasssentatasstastssaies fj

[Eonce Sl a/loc & Select a resource group: ‘@
joepioy - https://gateway-lon.watsonplatform.net/assistant/api ™

London Default

C:\Users\nt 75907\Dounloads\llatson-Seruice-Name-nodejsyibmcloud app push m'”mu’mahmom’mgu“eu’gb'mybluem‘x‘”et

Appel de "cf push'...

Pushing from manifest to org trigui.mahmoud7@gmail.com / space dev as trigui.mah
noud7@gmail.com. ..

Using manifest file C:\Users\nt75907\Dounloads\liatson-Service-Nane-nodejs\nanife Sentiment | [ Emotion | [ Keywords || Entites Goncept | [ syntax

:t":liw'l inf Semantic Roles
etting app info...
Creating app with these attributes... ) !
Classify content into a hierarchy that's five levels deep with a score. JSON v
path: C:\Users\mt 7590 7\Dounloads\latson-Service-Name-nodejs
Hierarchy Score

— (.99

— (.85

— 0.77

Mapping routes. ..
Binding services...




Research Statistician D LAAS-CNRS

Alarm Automatic management

The idea is to develop an automatic model to know from the owner's habits, if it's the owner who tries to
enter orit's an intrusion based on the owner behavior, and then decide to launch the alarm or to deactivate it

automatically.

ialisat
LAAS-CNRS.
nt plus intelligen
systéme

elle s'est rapproché du
sy en le rendant
de

Récupération des données de

I"'URL API (30 jours)

Y

Mise en forme dans la Base de

978-3-639-52907-4

20 jours pour la eréation 10 jours pour le suivi en
de I'Historique k temps réel et validation
* Continuation {le 'apprentissage l
Classification et .
Caleul en temps réel des
Groupement par oo )
indicateurs et données
tranches horaires

.
>

Calcul Statistiques des
mdicateurs et des

intervalles

> Comparaison des

données du jour actuel

Changement du comportement avee Ihistorique appris

Gestion automatique d'un
systéeme de sécurisation
des biens a domicile



i'l pjava - [C:\Users\LAAS\Desktop\Recupjaval - [Recupjaval - -.\src\mainyjava\mahmoud\Connexbd java - Intelli IDEA 1414
File Edit View Navigate Code Analyze Refactor Build Run Tools VCS Window Help

I

& ?

M EH D ¢4 XO 0 QR ¢ D [ Connebd~| P ¥ ¥ | F [
i Recupjava [ src I main [ java - mahmoud - ¢ Connexbd

| Blpojet v © & %1~ | Mroot x | @ Connexbdjove x | ¢ sqlinsertjava X |  testjava x | Imporbdjava x |

21 v 3 Recupjava (C:\Users\LAAS\Desh
o L = private static final int BUFFER SIZE = 4096:
» [ AprésRéunion private static String baseOutputFolder = "C:\\Users\\LAAS\\Desktop\\Recupjava\\AprésRéunion";
. > DAprésRéunion-Copie pt%vace static String baseUrl = "https://bo-api : e
5 > i private static List<String> clientsIds = Arrays.asList("6C0B84 ):
S e private static LocalDate startDate = LocalDate.of(2015, 10, 01);
il v Osic private static LocalDate =ndDate = LocalDate.of(2015, 10, 21);:
7 v [ main
u 4 Cljava public static void main(String(] args) throws IOException
v [ mahmoud {
€ & Connexbd ) .
< for (String clientld : clientsIds)
€ b Imporbd {
o 3
€4 sqlinsert System.out.println("CLIENT " + clientld):;
G’ b test String clientUrl = baseUrl + "/" + clientld + "/";
[*3 resources File outputFolder = new File(baseOutputFolder, clientld):;
L= outputFolder.mkdirs () ;
> [target LocalDate currentDate = startDate;
9 while (!currentDate.isAfter(endDate))
» [ Testl0sept [
M nom vmi URL url = new URL(clientUrl + currentDate.toString()):
Run Connexbd
’ 4+ "C:\Program ...
CLIENT 6C0B841022DB
IR 4 Recup de la ressource : https://bo-api. {2015-10~
n Eg Recup de la ressource : attps://bo-api. (2015-10-02
Recup de la ressource : https://bo-api. /2015-10-03
(O] [3 Recup de la ressource : attps://bo-api. /2015-10-04
La fin moyenne de 1a 1 ére classe est 8 : 18 h
avec un écart-type de 2 minutes
L'intervalle pour 1a 1 ere classe est [ 8 :16 ; 8 : 20 ]
La fin de 1Ta 1 ere tranche horaire est 8 : 30 h
La fin moyenne de 1a 2 éme classe est 17 : 43 h
avec un écart-type de 16 minutes
L'intervalle pour la 2 ere classe est [ 17 = 27 ; 17 : 59 ]
La fin de 1Ta 2 eéme tranche horaire est 18 : 0 h
Figure 10. Exemple de début et fin des tranches horaires
Date_Heure Deviype Numero Fonction Fonction_nom Sensib_Angle Etat_porte Ouv_fer Ang_deb Ang_fin
40 2015-09-03 07:39:55 IntelliTag 4 0 Presence -52 416 -2188 1743 149
41 2015-00-03 08:10:37 IntelliTag 3 32 AlarmeAce 4 4 2 1 10
42 2015-00-02 08:11:15  IntelliTag 3 32 AlarmeAcc 5 4 1 5 0
43 2015-00-03 08:17:44 Remote 2 armed.userRemote Activ -::::
44 2015-09-03 08:17:51 IntelliTag 5 32 AlarmeAcc 8 1 2 0 26
45 2015-09-03 08:17:52 IntelliTag 5 30 AlarmeMag 29 9 820 -709 -253
46 2015-09-0308:17:56 IntelliTag 5 32 AlarmeAcc 10 4 1 15 2
47 2015-09-03 08:17:58 IntelliTag 5 30 AlarmeMag 3 4 506 -254 -333
48 2015-09-03 08:18:09 IntelliTag 5 30 AlarmeMag 0 4 403 -276 -321
49 2015-00-03 08:19:58 Remote 2 Check-out 5 0 0 1] 0 0
50 2015-09-03 08:19:59 Remote 2 IsLost=1 v} 0 Q 0 0

Figure 14. Activation de 'alarme avec information préalable



WMachine Learving Competitor

| have been competing for over 18 months & over 14 challenges and I'm not intending to stop any way for a
simple reason: | just keep learning new things every day, new algorithm, new way of thinking, new approach,
new trick, new package, new optimization.

| gained so much knowledge through this period, because you need to be always up to date to latest news for
the data science community or you will find yourself left behind and just repeating what you have gained!

Points &

Spatial Data

Polygons

OSM & Roads

node=as.data.frame(read.csv("movement-junctions-to-osm-nodes-nairobi-2019.csv"
node$junction_id=NULL
uber=as.data.frame(read.csv("movement-speeds-quarterly-by-hod-nairobi-2019-Q2.csv"

% select(-c(1,2,4:6

node$lat=0
for (i in 1:nrow(node
trycCatch
node$lon[i] <- get_osm(node(node$osm_node_id[i]), source src) $nodes$attrs$lon
node$lat[i] <- get_osm(node(nodefosm_node_id[i]), source src)$nodesSattrs$lat
, error=function(e

for (i in 1:nrow(df

trycCatch
coordinates <- list(c(as.numeric(df[i,25]), as.numeric(df[i,24 , clas.numeric(df[i,27
ors_directions(coordinates, profile = "cycling-regular",elevation = TRUE,extra_info

$features[[1]]$properties$summary3$distance
eatures[[1]]$propertiesSsummary$duration

$features[[1]]SpropertiesSsegments[[1]]%ascent

escent[i]=x$features[[1]]$propertiesSsegments[[1]]3descent

df$step[i]=x$features[[1]]Spropertiesiextrasisteepnessisummary[[1]]%amount

T1[[1]1]=x

, error=function(e




B! Viewer Zoom
+

Limuru

Shape & Raster files, Projections

cr

train_sp <- st_as_sf(train, coords = c crs = cr

train_sp_ <- as(t
coor <- train[,c(2
proj4string(coor) <- crs(lakes_shp
coor <- spTransform(coor, CRS(cr

ain_sp, "spatial"”

d2 <- data.frame(lon=df$X,lat
rast raster: :rasterFromxyz
raster::crs(rast cr

d3 <- data.frame(lon=dfiX, lat
rast_m = rasterFromxYZ(d3

bl «<- brick(rast, rast_m

dfiy,elevation

d2

dfiy, target

terr <- raster::terrain

rast,opt = c('slope’, "aspect’, "tpi’,
unit = 'degrees’',neighbors

"+proj=longlat +datum=wWGS84 +no_defs

= O

raster::crs(rast_m C

utmstr <- "+proj=utm +zone=%d +datum=NAD83 +units=m +no_defs
crs <- CRS(sprintf(utmstr,
ptsUTM <- spTransform(coor, crs
n <- length(ptsuTMm

ptsUTM_data ptsuTM

water_sf <- :read_sf("MWI_water_are
water_shp <- readoGR(".","MWI_water_areas
pUTM <- spTransform(water_shp, crs

a <- apply(gDistance(ptsUTM, pUTM,byid=

L

,2,min

water_dist <- as.vector(a
ptsUTM_data$water_dist = water_dist

Geospace Analysis
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dffelevation

dfftarget_2015

"tri

"+proj=longlat +datum=wGsS84 +no_defs +ellps=WGS84 +towgs84=0,0,0"

, roughness', 'flowdir'

+e11ps=wGS84 +towgs84=0,0,0"

+e11ps=GRS80 +towgs84=0,0,0"
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Dimensionality Reduction
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ANOVA Analysis

abs_CAT ; mixture : CS-orgSs
P(ANOVA) = 0.047 ; P(Kruskal) = 0.072
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co C1 c2 C3 C4
Tukey post hoe test
diff Iwr upr p adj
C1-CO  -0.0275833 -0.0575680  0.0024013  0.0853935
C2-C0 -0.0207500 -0.0507347  0.0092347  0.3031383
C3-C0  -0.0231667 -0.0531513  0.0068180  0.2029738
C4-C0 -0.0307500 -0.0607347 -0.0007653  0.0417953
C2-C1  0.0068333 -0.0231513  0.0368180 0.9672798
C3-C1 0.0044167 -0.0255680  0.0344013  0.9935809
C4-C1 -0.0031667 -0.0331513  0.0268180  0.9982319
C3-C2  -0.0024167 -0.0324013  0.0275680  0.9993801
C4-C2  -0.0100000 -0.0300847  0.0199847 0.8707444
C4-C3  -0.0075833  -0.0375680  0.0224013  0.9525019
Pairwise t-test as post hoc test
Co C1 c2 C3
C1  0.0606008 NA NA NA
C2  0.1401763  0.7472360 NA NA
C3 0.1121024 0.8210262 0.8210262 NA
C4  0.0546853 0.8210262 0.7020563 0.7472369
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Df Sum Sq  Mean Sq F value Pr(>F)
v_days 1 0.2440093  0.2449093  4.957332 0.0269371
v_conc_ 1 4 05722125  0.1430531  2.805610  0.0228805
v_soil _type 2 2.0323626  1.0161813  20.569035  0.0000000
Residuals 233 11.5110040  0.0494035 NA NA
Df Sum Sq  Mean Sq F wvalue Pr(>F)
lays 1 0.2440093  0.2440003  6.1501007 0.0138545
one_1 4 0.5722125 0.1430531  3.5075706  0.0073390
oil type 2 20323626 1.0161813  25.5554304  0.0000000
lays:v_cone 1 4 0.8333934  0.2084734 5.2427012  0.0004800
lays:v_soil_type 2 0.0430311 0.0215156  0.5410830  0.5820225
one_l:v_soil type 8 12535646 0.1566956  3.9406381  0.0002300
lays:v_cone 1:v_soil type & 0.9903500  0.1237939  3.1132203  0.0024073
iduals 211 83901640 0.0397638 NA NA




Pluralsight

M  Mahmoud Trigui

Implementing the Data
Science Workflow in...

Q PROFICIENT 186

73rd percentile

VERIFIED 2.11.2021

Bringing Data Science into
the Business

Q EXPERT 223

89th percentile

VERIFIED

R as a Language

Q EXPERT 232

92nd percentile

VERIFIED 101

LinkedIn

3

Business Communications
with Data

Q PROFICIENT 195

78th percentile

VERIFIED 2.11.2021

Feature Engineering

Q EXPERT 202

81st percentile

VERIFIED 2.9

Data Science Literacy

Q EXPERT 230

91st percentile

VERIFIED 10.1.2

Microsoft Excel Data
Insights

QEXPERT 214

86th percentile

VERIFIED 2.

Programming R for Data
Analysis

Q EXPERT 207

pei e

VERIFIED 2

Creating and Using R
Functions

QEXPERT 227

VERIFIED 9.30.2

Data Wrangling with R

QEXPERT 246

95th percentile

VERIFIED 2.10.2021

Interpreting Data with R

QEXPERT 203
d percentile

VERIFIED 1C

Machine Leamning Literacy

QEXPERT 216

87th percentile

VERIFIED 9.30

Skill Assessments

Badges (3)

To retake (1)

mming Language)

£- U014

Transact-SQL (T-SQL)

Badge earned 3/26/2C

Cleaning Data with R

QEXPERT 227

91st percentile

VERIFIED 2.9.2021

Programming Data
Structures in R

Q EXPERT 221
89th percentile

VERIFIED 10.2.2020

Data Analytics Literacy

QEXPERT 244

95th percentile

VERIFIED 4.7.2020



Acclaim

DataCamp

56)

Understanding and Interpreting

Data

_ Score: 156 | Percentlle: 97%

View Results

©

R Programming

_ Score: 138 | Percentlle: 90%

View Results

Q @
ADVANCED ANALYTICS

Data Science
Orientation

Coursera

SAS Programming 1:

Essentials
SAS

Statistics 101
1BM

Statistics 1:
Introduction to
ANOVA, Regression,
and Logistic...

SAS

Exploratory Data
Analysis
SAS

Decision Making
with Data
SAS

IBM Watson
Machine Learning
Essentials

IBM

©

Statistics Fundamentals with R

z.@

[BBVANGED) scorc: 163 | Percentiie: 98%

View Results

©

Importing & Cleaning Data with
R

[BBVANGED) score: 144 | Fercentiie: 93%

View Results

Data Science
Foundations - Level
1

BM

Data Science
Foundations - Level
2(V2)

BM

EXPIRED

Watson Assistant
Foundations
BM

Machine Learning
with R - Level 1
BM

Introduction to
Statistical Concepts
SAS

Correlation and
Regression
SAS

Data Refinery
Essentials
EM

©

inR

| gmm—

LEARN

R, Essentais

%, <
ATson Ko

D,

SAS Programming 1:
Essentials

SAS

Build Your Own
Chatbot - Level 1

IBM

Node-RED: basics to
bots

IBM

Watson Studio

Essentials
IBM

Quality Methods

SAS

Predictive Modeling
and Text Mining

SAS

Applied Data
Science with R -
Level 2

Machine Learning Fundamentals

_ Score: 164 | Percentlle: 98%

View Results

o

Data Manipulation with R

[BBVANGED) score: 144 | Percentlie: 93%

View Results




Coursera

My Courses

Machine Learning for Data Analysis

Wesleyan University
Grade Achieved: 100%

Text Mining and Analytics

University of lllinois at Urbana-Champaign
Grade Achieved: 88%

Add to LinkedIn ~

Add to Linkedin ~

Inferential and Predictive Statistics for Business

University of lllincis at Urbana-Champaign
Grade Achieved: 88%

Machine Learning

stanford University
Grade Achieved: 94%

edX

Add to LinkedIn ~

Add to Linkedin «

My Certificates

@ Everyone on edX

Verified Certificate

Introduction to Python for
Data Science

From
Microsoft

Completed on 4/26/2016

View Certificate &

Verified Certificate
Analyzing and Visualizing
Data with Excel

From

Microsoft

Completed on 5/17/2016

View Certificate &

Duke University
Grade Achieved: 93%

What is Data Science?

IBM

Grade Achieved: 92%

Grade Achieved: 85%

Regression Models

Johns Hopkins University

Grade Achieved: 100%

Verified Certificate

Managing Big Data with MySQL

Cluster Analysis in Data Mining

University of lllincis at Urbana-Champaign

Querying with Transact-SQL

From
Microsoft

Completed on 5/4/2016

View Certificate &

Certificate
Data Science: Data to
Insights

From
MITProfessionalX

Completed on 11/22/2016

View Certificate &



Stanford Online

Stanford | onLINE October 27, 2018

STATEMENT OF ACCOMPLISHMENT

Mahmoud Trigui

has successfully completed a free online offering of

Mining Massive Datasets b e

Founding Partner
Rocketship.ve

This course covers "big-data" algorithms, including locality-sensitive

hashing, PageRank, stream algorithms, clustering, social-network graph M MWQ
analysis, large-scale machine learning, recommendation systems, Rasocisia ,,(,{,,CSSO, o g’;‘:,guﬁgf::;ﬁ:
computational advertising, and dimensionality reduction. The SoA is Stanford University
awarded to those scoring at least 50% of the marks, half of which are

based on homeworks and half on a timed final exam. .

Jeffrey D. Ullman

S. W. Ascherman Professor of Engineering
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John A Overdeck Professor of Statistics
Stanford University
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Stanford University
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EF S ET English
75 Reading
C2 Proficient

M h d T o e You can read virtually any kind of text (factual, literary, technical) and accurately
a mou rlg u I recognize and categorize style and tone. You can understand complex technical

writing on unfamiliar subjects on a wide range of topics.

has successfully completed the EF SET Certificate * Can read with ease virtually all forms of written language, including abstract,
and has earned level: structurally or linguistically complex texts such as manuals, specialized articles and
literary works

* Can understand a wide range of long and complex texts, appreciating subtle
distinctions of style, and implicit meaning

* Can understand in detail complex texts likely to be encountered in social,
professional or academic life, identifying finer points of detail including attitudes and
implied opinions
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C2 Proficient Erlglish .
\ 7 74 Listening
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all live theatrical presentations, films or broadcast presentations.
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° Reading ° Listening regional or other accent

* Can understand lectures and presentations with a high degree of colloquialism,

regional usage and unfamiliar terminology

Awarded on: i . i i
* Can follow complex interactions in group discussions and debates, even on abstract,

09 Feb 2023 complex and unfamiliar topics
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