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IA & Big Data A

Networks and Cybersecurity

Technological literacy A

Creative thinking

Resilience and agility

0.

Future of Jobs
A\ Data: Key Enabler

Curiosity and lifelong learning

Leadership and social influence

Talent management

£ Analytical thinking VN

10. (8%  Systems thinking

*Source: The Fulure of Jobs Report 2025, Forum Economique Mondial



Business
Profit

Internal / Supply

High-performing companies generate more
profit through a unique positioning, made
possible by differentiated processes and NovATION —>
presenting the highest economic value.

External / Demand



Enterprise Value
From Tangibles to Intangibles
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Digital Value Chain
+50% World Wealth

World GDP 2024: 100 T€ (1T=1000 B)

Service Providers
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Add Value to Data
Scale: Big & Broad

Decision

Sales > 300B$%

People
Profiles
Presence

an|e/ aJo|\

BROAD (diversity)
BIG (number) Data



Data

Information

Knowledge

Decision

17

17 degrees
Celsius

Cold for
summertime

My coat

From Data to Value
Example



Add Value to Data

Modelization: Digital Twin

Archive the Past Understand the Present Predict the Future




Data Analytics

Detective: Split Signal from Noise

% signal

Error / Residual
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Power Law
80-20: Wealth

\

istribuiien
80/20 Curve

/ Bell Curve

Maths : XXI century science

Data are Numbers
Predictive Probability Models

Normal distribution

Bell Curve: Humans Height



Add Value to Data

More Data = More Knowledge

i Numberof Marginof  Numberof Margin of
Responses  Error Responses  Error
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Data Analytics

Limits

The future cannot be predicted ; it must be prepared for.

Transforming uncertainty into competitive advantage requires a robust framework.
Mathematical rationality has its limits: it is imbued with values and remains imperfect.

Human cannot be mathematized, it creates novelty, identifies problems and chooses solutions.
Prediction tools rest on three pillars: data mining, technical expertise, computing power/energy.

The best use cases rely on reliable data, clear processes, measurable results, and controlled risk.
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Manager Role
Enabler

People
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Clean and structure
project records into
usable variables.

(2]

Analysis

@

Link project parameters
to outcomes such as
delivery, budget
deviation, and delays.

Predictive Analytics

-

(3

Synthesis

Simulate trade-offs across
scope, resources, timeline,
and uncertainty.

&

Translate results into
recommendations: launch,
rescope, delay, abandon,
or prioritize.

4 o N
Decision
—ala—
(iRl i 7 Rrescope
i —— (®© peLay
S
—

o )

Workflow



Predictive Analytics
Process

g T




Team: Project Management

Objective: Predictive Model

Process: Apply the Framework

Data Source: “Project_IN”

Deliverable: “Project OUT”

Size: 4 people

Business Case
Your Project

™




Problematic

You are a consultant for a business Development company.
Propose a solution to improve project portfolio decision-making using predictive tools.

Objective:
Predict the projects Time To Market using the provided data and a predictive model to be constructed.



Business Case
Project Management

Problem: Avernyxa Group faces recurring project delays, budget overruns, and missed strategic opportunities due to reliance on
managerial judgment, static checklists, and fragmented files. Despite extensive historical data (e.g., delivery dates, budgets,
complexity ratings), early project decisions lack quantitative rigor, leading to late discovery of risks and costly mitigations.

Solution: Reduce Time-to-Market (TTM) and improve project portfolio decision-making by leveraging historical project data to
predict success probabilities, risks, and resource impacts.

Tool: PLUTO turns Avernyxa'’s historical data into actionable insights, enabling evidence-based governance while preserving
human accountability. The workflow is designed to be disciplined, explainable, and measurable, addressing the gap between
data availability and decision-making rigor.

Learning Steps (Diagnostic Process): A 4-stage DA+AI workflow is implemented :

Mining: Observation — Clean history project data

Analysis: Symptoms — Predictive models + best-fit selection
Synthesis: Diagnostic — Evidence-based prioritization
Decision: Treatment — Portfolio optimization

o G0 =

Deliverable: A reusable Excel analytical plan documenting the full decision process, from data mining to predictive model
outputs with a transparent, auditable workflow that improves debate quality, exposes assumptions, and supports better project
choices without replacing managerial judgment.



Problem: Too Many Projects go Wrong
Late Projects, High Costs, Lost Sales

Above Targets

120%

100%

80%

0%

78% of projects go over budget or experience delays

‘ 8%
I I I Not reducing

Industry Average Construction  Megaprojects

Project management only an operational task in past becomes critical for competitiveness Source: Gartner



Failure Root-Cause
Over-Commitment

f/ Profit

: B { Time 2
Failures | Market

[

Over-
Optimistic
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Answer: Plan Better
Data Statistics

Anticipate Plan

Model Indicators

Precision

Number Innovation

Centering

Average - Median Duration
Distribution
Stdev Effort
Process Capability
Cpk Cost
Optimal Stat Model 1 I I| |I||_ Revisions

Khi-Deux (x°)_Test




Innovation
Complexity Assessment

1stin family Innovative
(new Architecture / Complex IPs) (new IPs / Experiment)

Follower
(less IPs, Cost Reduction, Scale-Up)
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Statistics Extraction
Process Quality

Actual vs Gaussian Distribution p -~ a1

120% 47 37 26
100% 14 12 15

87 69 72
80%

31 15 5
60% 45 35 21

95% 94% 84%
40% ) )

Process Analysis (Audit)
20% 0.69 0.74 0.76
& _ 0.41 0.60 0.46
0 5 10 15 20 25 30 35 40 45 S0 55 60 65 70 75 80 8 90 Correlation Test (Model extraction)
100% 100% 100%
o A\Ct|ja] 15t = o e Gauss 15t emmm— Actua] Inn = e e Gauss N es—Actyal Fol = = = Gauss Fol
> 5%, hypothesis accepted: Normal Distribution applicable
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Benefit :Stakeholders Alignment

Less Uncertainty, Less Silos, More Trust

F

o, | m
TR T

] T
Sales Marketing Management Team Finance
Feasibility Priority Right Right Execution Control
Project Decision (AGILE)
Management =)
Planning

Development
Innovation
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Data Analytics

Process

By structuring the analysis in successive steps, from data exploration to the overall evaluation of a project :

» History (database)

» Clean-up (outliers)

+ Segmentation (criteria)
 Distribution (statistical)

* Modeling (first statistical model)

» Optimization (error minimization)
» Exploration (testing other models)
* Prediction (best model)

Hypothesis

* A good model is a trade-off between accuracy and simplicity

» Project complexity defines duration, effort and number of redesigns

» Process assuming all resources interchangeable (no split by job, skills)



Data Analytics

Execution

Effectiveness / Right Thing Efficiency / Thing Right
WHY HOW

Analysis Method Implementation

HEH

24-Mar-20 15
25-Mar-20 22
26-Mar-20 47
27-Mar-201 130

=COUNT(F4:F15} ﬁ: J ,

Conditional |
Formatting ~

Going too fast induces Delay

ThnkiS:lv
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Action 1 : Historical Database
e | r | 6 | H | Data Mining

© Copyright 2026, ThinknSolv - Laurent Perier
All Rights Reserved laurentperier@thinknsolv.com

EULA | Glossary |BEMICUCHMGIBCIMIN | Duration Cleaning Duration_Distribution Duration_G
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Data only indicative

Fill the yellow cells

=COUNT (D44 :D696)

=COUNTIFS(C44:C696,"<>"&"",D44:D696,"")

=MIN(D44:D696)
=MAX(D44:D696)

=MEDTAN(D44:D696)

=SUBTOTAL(1,D44:D696)

=SUBTOTAL(7,D44:D696)

=1/SQRT(D21)

Action 2 : Database clean-Up

PLUTO : Predictive Project Management (Deal with Facts, not Ho

Statistical model
Initial history database

graphical outlayers detection

EULA | Glossary

1400.0
- .
1000.0
2000
6000
4000
2000
i °
! - e R R e R AR ey
* 0 50 100 150
b -780.0 .
-400.0
Nb 180
Nb Empty °
Min 237
Max 1203
median 32
average 38
std dev 91
std dev/average 240%
error margin [+/-) 36%
process capability
Max limit (High Control Limit) 48.0
Min limit (Low Control Limit) 12.0
min 1.33, goal 1.67): centering |@® 0.07
cpk (min 1.33, goal 1.67): dispersior@ 0.04
I - . - "

Duration_History_IN

200

Duration_Cleaning

Define Outliers Limits



Action 3 : Database Clean-Up

Data only indicative
| Removal Outliers

Database excluding outliers

History distribution (w/o outliers)

200
y = 0.0404x + 28.429
- R¥=0.0177
L ]

200
Nb 175
Nb Empty 5
Min 5
Max 72
median 32
average 33
std dev 15
std dewaverage 4624

error margin [+-) 77

6872 [av+1"stdev)] 481
9524 (av+2™stdev) B83.2
78.3

992Z [ av+3™stdev)
‘ Sulier Tt K 25

=MIN((D27-D38)/(3*D28), (D37-D27)/(3*D28))

] Follower
3 Follower I
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Dota onlyndiate Action 4 : Analysis per KPI

Split per criteria

A
1 PLUTO : Predictive Project Management (Deal with Facts, not
2
3 Database per criterium including regression trends
4 identification of possible complexity requalification
o
6
7 @ 1stinfamily ® Innovative
8 «» follower w— Linear (1st in family)
) =0 == inear (Innovative) s | inear (follower)
10 70 ‘
11
60
12
E] 50
14 40
15 § 30
16 J§
17 M
18 ( 10
19 0
20 2
21
22 Nb 26 70 79
23 Nb Empty o 2 2
24 Min 308 15.2 52
25 Max 722 cs7 22N
26 median 43.1 346 233
27 average 458 36.7 25.6
28 median/average 94% 94% 83%
29 std dev 11.2 12.0 148
30 std dev/average 24% 33% 58%
31 error margin (+/-) 10% 8% 13%
32 68% (av+1*stdev) 56.9 48.7 40.3
33 95% (av+2*stdev) 68.1 60.7 55.1
34 99% (av+3stdev) 79.2 72.7 9.8
35
36
37
38
=IF($C44=Q%43,$M44,NA()) 39
40
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Data only indicative Action 5 : KPI Distribution

Statistical Distribution

Statistical Distribution per criterium

Duration (months) / Distribution

120%
—— 1stin family nnovath f
100%
80%
50%
0%
20%
months
%
QQQﬂQQQ'Q:ﬂh"'*gQQQn'I'!'t
CTrFOIAARRSRRISAARBERRR
Histogram
- :
30
25
20
15
10
- W
o = =
(11.0,22.0] (33.0,44.0) (55.0,66.0)
[0.0,11.0) (22.0,33.0) (44.0,55.0] (66.0,77.0]

=COUNTIF(Q$43:Q$412, "<"&W44)
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The more diverse the process, the more data are required. N u m be r Of d ata Sa m p I eS
Rule 1: Total number of observations : N 2 20xk FeW g u |d el | nes

N = total number of observations;
k = number of relevant categories

Here: 20xk=20x3=60 et :348260 OK
Rule 2: Critical or rare category : N x pmin 2 30 )
Categories  Number of data Part
The category of interest should contain at least 30 observations.
Where p_{\min} is the minimum frequency of the category under analysis. Low 250 71,8%
H 0,
Here: 348x0,069=24 <30 NOOK It 74 2%
. . ) ) ) . High 24 6,9%
To obtain 30 cases in the “high” category while keeping the same proportion of 6.9%: n=30/0,069 = 435
Therefore, approximately 87 additional calls are required. Total 348 100%

Rule 3: Stability of diversity : H(X) = - > pi * log 2 (pi)

Shannon Entropy H(X) measures the average number of bits required to represent or transmit the values of a signal.
The distribution is considered stable if entropy varies by less than 0.05 bit across three successive checkpoints.

Example 1: two equally frequent categories If there are two categories, each representing 50% of observations: H = -[0.5\log_2(0.5) + 0.5\log_2(0.5)] = 1
Example 2: two uneven categories If there are two categories, representing 90% and 10%: H = -[0.9\log_2(0.9) + 0.1\log_2(0.1)] = 0.47

Application: three categories

* H max =log 2 (3)=1,585 bit

» H 348 =1,08 bit = Hnorm=1,084/1,585 = 0,68 (moderate diversity)
+ H200=1.18, H250 1.145, H300=1.12

» The successive changes are below 0.05 bit: OK

Therefore, the diversity of the distribution can be considered stable.

Interpretation

The overall sample size of 348 observations is sufficient for analysing the three predefined categories. The distribution of categories also appears stable.
However, the rare “high” category has only about 24 observations. It is therefore too small for a robust standalone analysis under the chosen 30-observation rule.
Reaching approximately 435 total observations would provide the minimum of 30 “high” cases, assuming its observed share remains close to 6.9%.



et only ndetive Action 6 : 1st Model Analysis
Parameters Selection (Gaussian)

PLUTO : Predictive Project Management (Deal with Facts, not Hopes)

Adapted Model: Gauss ?

Duration: Statistical Model vs History

1st in family Adual = = = 1st in family Gauss Innov ative Actual

folower Adual = =cs=e- folower Gauss

------ Innovative Gauss

-

45.8 38.7 256
nz 2.0 14.8
99 1002 954
1002 1002 1002

=NORM.DIST($AE44,AG$24,AG$25, TRUE)

=IFERROR( (AG44-AF44)72,"")

Copyright 2026, ThinknSolv.net
Thnk S lv Data Driven Decisions - From Raw Data to Executive Plan — Sep 2026 : i : : 37
All Rights Reserved- laurentperier@thinknsolv.com




Optimization
Solver

File Home |Insert Page Layout Formula: Data Review View Automate Developer Help Acrobat

From Text/CSV E2 From Picture v [T Queries & Connections : A ? N4 Clear (? #4 Ha E;P @
& e it @ | :
Get [a Eromm Web [(% Hegerspces Refresh -] properties Stocks Gilltentics z| Sort Filter & Reapply Textto EX JE What-If Forecast | Outline
Data v Ef From Table/Range [ Existing Connections All~ [ Workbook Links & & Advanced | Columns & « [&f Analysis ¥ Sheet v
Get & Transform Data Queries & Connections Data Types Sort & Filter Data Tools Forecast Analyze

approxim

Excel Options

Genetal EI View and manage Microsoft Office Add-ins.

Formulas

Data Add-ins

Proofing Name ~ Location Type

'} Copilot Active Application Add-ins

Save PDFMaker.OfficeAddin C:\Program Files\Adobe\Acrobat DO\PDF COM Add-in
Solver Add-in C\Program Files\Microsoft Office\root\Offi  Excel Add-in

Language
N Accessibility
Inactive Application Add-ins
Advanced Analysis ToolPak C\Program Files\Microsoft Office\root\Offi  Excel Add-in
Customize Ribbon Analysis ToolPak - VBA C\Program Files\Microsoft Office\root\Offi  Excel Add-in
Date (XML) C:\Program Files\Common Files\Microsoft Action

Quick Access Toolbar
I~ Euro Currency Tools C\Program Files\Microsoft Office\root\Offi  Excel Add-in

Microsoft Actions Pane 3 XML Expansion Pack
Trust Center Microsoft Data Streamer for Excel C:\Program Files\Microsoft Office\root\Offi COM Add-in

Micresoft Power Map for Excel C\Program Files\Microsoft Office\root\Offi
Microsoft Power Pivot for Excel C:\Program Files\Microsoft Office\root\Offi

Add-in: Solver Add-in

Publisher:

Compatibility: No compatibility informaticn available

Location: C\Program Files\Microsoft Office\root\Office16\Library\SOLVER\SOLVER XLAM

Description: Tool for optimization and equation solving

[NELE [ Excel Add-ins ™ E




Action 7 : 1st Model Optimization

Error Minimization (solver)

Solver Parameters b
Set Objective: | sansa3 |
To: O Max O wmin O value of: 0 |
By Changing Variable Cells:
| sams2a5aMs25 2] months | Actual 4.3% | Actual 1.0% Actual 5.7%
Subject to the Constraints: 0.0 0% 0.0% 0.0% 0% 0.1% 0.0% 0% .
i i i 4.0 o 00% | o00% 0% 0.3% 0.0% 0% 7.2% 0.5%
$BBS43 >= 0 : : 19.9 0% 1.0% 0.0% 6% 8.1% 0.1% 445 35.0% 0.9%
Change 238 0% 2.5% 0.1% 17% 14.25% 0.1% S7% 45.45% 1.3%
1 27.8 0% 5.4% 0.3% 24% 23.0% 0.0% 68% 56.1% 1.5%
; Delete 218 "% 10.5% 0.4% 20% 24.2% 0.2% 72% 66.2% 0.2%
Reset All
v Load/Save
"B Make Unconstrained Variables Non-Negative
Select a Solving GRG Nonlinear ?I Options
Method:
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Data orly indiosive Action 8 : Model Optimisation
Gap Minimisation Model vs History

PLUTO : Predictive Project Management (Deal with Facts, not Hopes) ThinknSolv

Adapted Model: Gauss ?

Duration: Statistical Model vs History

w151 in family Actual = = = 1stinfamily Gauss == Innovative Actual

00 40 79 119159 19923827831835839.743.747.7516556596636675715755794

45.8 36.7 25.6
11.2 12.0 148
99% 100% 99%
100% 100% 100%
I
months Actual 4.3% Actual 1.0% Actual 5.7% th
0.0 0% 0.0%¢ 0.0% 0% 0.1% 0.0% 0% 4.2% 0.2% 0.0
4.0 0% 0.0% 0.0% 0% 0.3% 0.0% 0% 7.2% 0.5% 4.0
19.9 0% 1.0% 0.0% 6% 8.1% 0.1% 44% 35.0% 0.9% i
238 0% 2.5% 0.1% 17% 14.2% 0.1% 57% 45.4% 1.3% 238
27.8 0% 5.4% 0.3% 24% 23.0% 0.0% 68% 56.1% 1.5% 27.8
218 A% 10.5% 0.4% 295 24.2% 0.2% 72% 66.3% 0.2% 218
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Action 9 : 1st Predictive Model

Gaussian

% Estimate duration vs parameter

Volume duration (days)
moyen 2.0
Probability 78%
relative error margin (+/-) 12%

=IF ($AQ$6=043 ,NORM.DIST($AR6,AG24,AG25, TRUE) , IF ($AQ$6=R43,NORM.DIST(AR6,AJ24,A125,TRUE), IF ($AQ$6=543,NORM.DIST (AR6,AM24,AM25,TRUE))))

=IF ($AQ$6=Q43,Q28, IF ($AQ$6=R43,R28,528))




Statistical Models

Tools Box

. N

Al y Al

Gauss Gamma Poisson Log Normale
) N -
Exponential Weibull Power Law-Pareto




Statistical Models

Excel Formulas

=IF (EXPON.DIST(N36,R$27, TRUE)<>@, EXPON.DIST(N36,R$27,TRUE),"")
=IFERROR (IF (LOGNORM.DIST(N36,V$27,V$28, TRUE)<>@, LOGNORM.DIST(N36,V$27,V$28, TRUE),""),"")

=IFERROR(IF(1-(X$30/N36)~X$29<>0,1-(X$30/N36)~X$29,""),"")

=IF(WEIBULL(N36,Z$29,7$30, TRUE)<>8,WEIBULL(N36,2$29,2$30, TRUE),"")

=IF (GAMMA.DIST(N36,AB$29,AB$31,TRUE)<>0,GAMMA.DIST(N36,AB$29,AB$31,TRUE)," ")




PR P Action 10 : Exploration of other Models
Parameters Optimization

Selection of the closest statistical model (1st in family)
Solver: Optimization stat model

Optimal parameters to minimize the error

1200%
100.0%
B0.0%
600%
400%

200%

00%
00 40 79 119 159 199 238 278 318 358 397 437 477 516 556 596 636 675 715 755

actual ———Gauss =——\Weibull =—Gamma

Selection of the closest statistical model (1st in family)

average 451 01 47.3 3.8
stdev 135 0.3
shape ¥ 0N 4. 11036 13.29
scale ¥ 0.07 50.2843 0.23

months actual Poisson| 12.2% [xponentid 641.9% | Gauss | 7.5% Nl:::al 3.0~ i;‘-::e_r 274.3% |Weibull| 5.5% |Gam 3.4 ’
U0 U0%Z U007 | 0.0% 1§73 007% [ 00% | 00% [ 00%Z | 00% [ -B.0% X7 007 | 00% [ 007 <05

| 40 004 00x 0.0 [ 328« 1074 [ 014 0.0 [F 0.0 004 [ 36.8% 1B6x [ 00% 0.0 [ 0.0x% 0.0

A 0% 0% 0.0 54.8% 30174 02% | 00« [ 004 | 0.0% 416% 17.3% (1§74 00x [ 0.0 | 00%

19 00% 004 0.0x [ 6364 485 [ 0.4 TUU% | 00 [ 4d.2x 195~ [ 034 00x [ 0.0x 0.0%

LY UU% UU% | pox P o(9b% 633, F 1U% U0t oo P 959% 1 P UusZ | oo F Uzt | oov

13.9 00x 00 0.0~ : 86.3% T4.4% : 217 00« " 0.24 0.0% : 47.3%4 224 : 2.2%4 0.0 : 0.4 0.0~

- U, y .U = = 4 N 22 5. 13 4 ). 1 =) 1
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Data nly ndcatve Optimal Model Selection
Khi-2 (x?) test

=

hypothesis: same data between dataset and model hypothesis: different data between dataset and model
Model A B total model A B total
1 68 35 103 1 68 35 103
2 70 50 120 2 70 50 120
Total 138 85 223 total 138 85 223
dataset A B total dataset A B total
1.0 68.0 35.0 103 1.0 25 70 95
2.0 70.0 50.0 120 2.0 113 7 120
total 138 85 223 total 138 77 223
. Dependency hypothesis OK . Dependency hypothesis NOT OK
0 0,
Test Xi2 100% (link between variables > 95%) TestXi2 0% (link between variables < 95%)

=CHISQ.TEST(U3:V5,U7:V9)

adequation dataset vs reference model : x? test # 100%




Data only indicative Action 11 : Optimal Model Selection
Khi-2 (x?) test

Power L
v

Darat Gamn| v
are.

actual v | Poiss¢ v Exponer v

0.0% 37.7%

1.2% 37.7%
6.6% 37.7%
31.5% 37.7%
58.9% 37.7%
78.8% 74.4%
90.5% 74.4%
94.6% 74.4%
94.6% 74.4%
95.4% 74.4%
95.4% 92.4%
96.7% 92.4%
97.9% 92.4%
98.3% 92.4%
99.2% 98.2%
99.6% 98.2%
99.6% 98.2%
100.0% 98.2%
100.0% 98.2%
100.0%

21.2%
37.9%
51.1%
61.4%
69.6%
76.1%
81.1%
85.1%
88.3%
90.8%
92.7%
94.3%
95.5%
96.4%
97.2%
97.8%
98.3%
98.6%
98.9%

3

-16.9%
41.0%
60.4%
70.2%
76.1%
80.0%
82.8%
85.0%
86.6%
87.9%
89.0%
89.9%
90.7%
91.3%
91.9%
92.4%
92.8%
93.2%
93.6%

0.5%
8.9%
31.4%
57.9%
78.1%
90.0%
95.9%
98.4%
99.4%
99.8%
99.9%
100.0%
100.0%
100.0%
100.0%
100.0%
100.0%
100.0%
100.0%

. . . . e e . . . . . . . [ . . s |
B T T o i s T s o s, T o o, s i, T P o o
LT T . . . . . . . T . T T T T T TR
S TR T, T T, s, T, T, T, T, T, . T, 1 T [T . T, T
N s s, o, s, T, T, e, s, s, TS, s, 10, [Ty, T, T, s, s, |
N U U T T T T TN T YN Y Y Y Y YY Y Y Y

test correlation o0% T o7% 7 7 |T S —
TestXi2 _100.00% | |_100. __100.00% | 100.00%

=CORREL ($AV44: $AV63 ,AWA4 : AW63)

=CHISQ.TEST($AV44:$AV63,AWA4 : AW63)




Processus Capability Control
6 Sigma Method

A process needs to be both precise and centered to be truly capable.

¢ Cp (Process Capability Index): Measures potential capability. It assumes the process is centered
between specification limits. It compares the spread of the process to the tolerance (USL - LSL).
Formula: Cp = (USL - LSL) / (6 x Standard Deviation)

& Cpk (Process Capability Index adjusted for centering): Measures actual capability. It considers
whether the process is centered. It takes into account how close the process is to the USL or LSL.

Formula: Cpk= Min (Cpl, Cpu)

where :

Cpl = (Process Mean — LSL)/(3*Standard Deviation)
Cpu = (USL — Process Mean)/(3*Standard Deviation)

Cp=0.7 Cp=1.0 Cp=2.0
Cpk = 0.7 Cpk=1.0
Js] L] O ]
LSL USL

LSL USL LSL USL




Data only inccative Action 11: Processus Capability Control
6 Sigma Method

e e | o o
v v y -

;
2TOLESS U . |.i||\.

 Bemes lamtea L0k - - { e Y
via) _"l__l__lly_|_*, HIEN Con _*_F,;f,.|_4__|_|_'_a; !

T —

Vin limit (Low Control Limit)
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Monte-Carlo Simulation

A Monte Carlo simulation is a statistical technique used to model the probability of different outcomes in a process that is uncertain and
complex. It involves running a large number of simulations (random experiments) to predict the range of possible results based on a
set of input variables and their probability distributions. This method allows us to understand the impact of risk and uncertainty in
models and is often applied in fields like finance, engineering, project management, and science.

How It Works

1.Define the Model: Set up a model that represents the system or process you want to analyze. This model should include key
variables that affect the outcome.

2.Assign Probabilities: For each variable, assign a probability distribution (like normal, uniform, or exponential) that represents the
uncertainty around that variable.

3.Simulate Outcomes: Using a random number generator, "sample" values for each variable according to their assigned distributions,
and then calculate the result. This is repeated thousands or even millions of times.

4.Analyze Results: The simulations produce a range of possible outcomes, and you can calculate statistics, like the mean, variance,
and confidence intervals, to understand the likelihood of various results.

Benefits: It captures a range of possible outcomes, is flexible, and allows for complex modeling.
Limitations: It can be computationally intensive, and accuracy is only as good as the model and input data.



Data only indiative Action 12: Monte-Carlo Simulation
KPI Forecast Example

Prediction: Monte-Carlo Simulation (Duration)

. . Dumation (months)  1stin family Innovative Follower
For project management KPIs, Monte Carlo is often used to forecast:

average 45.8 36.7 25.6
std dev 112 12.0 14.8
» Schedule completion probability.
* Budget overrun probability. ol 1000 1000 1000
* Resource utilization risk. — 77.7 711 67.8
* Delay risk for individual milestones. confidence 80% 54.5 46.1 37.1
confidence 50% 45.1 35.9 24.6
A project manager can use the simulation to decide: confidence 20% 36.5 26.7 13.3
*  Whether the current deadline is realistic. min 10.3 -1.5 -21.4
* How much contingency budget to reserve. error margin (+/-) 2% 2% 4%
*  Whether to add resources or reduce scope. std dev 10.9 11.7 14.4
*  Which milestone is most likely to slip.
trial random nb 1st in family Innovative Follower
Monte-Carlo simulation uses the optimal model defined step 11 “comparison”. 1 65% 49.9 41.2 31.1
It is more precise than the history database due to the higher number of trials. 2 70% 51.5 42.9 33.2
3 19% 36.0 26.2 12.7
4 3% 25.0 14.3 -1.9



Action 13 — Prediction
Selected Statistical Model

Target Project
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Action 14 - |IA Prompt
Explicit Workflow

the objective is to extract a predictive statistical model from the attached history database.

Process step by step

OOk, WDN -~
S N N N N N

7)

8)

remove outliers (explain criteria),

extract key parameters (number, min, max, median, average, standard deviation, margin of error)

define limits min and max for the data to keep to generate the model,

split the table by complexity (1st in family, innovative, follower)

extract the same key parameters for each category

propose a gaussian/normal statistical model , indicate average and standard dev for each complexity minimizing the error vs the
extracted history database (within min/max limits)

propose another statistical model which could better fit, objective minimum error between the history distribution and the proposed
model, for each complexity.

suggested models: Poisson, Exponential, Gauss Normal, Log-Normal, Power Law-Pareto, Weibull, Gamma. Other models OK too.

Use Python for the calculations.

Report:
Follow the process. Provide a preliminary report at each step.
Generate a graph comparing the historical distribution for each class and the optimized statistical model.

is it clear ?



Data only indicative

Al report

extract

Duration distribution (ist in family)

Sautcer history database | Empiical v fitted models
W bisiory, — Gausalan it — Lognarmal f1

Powered by £y perplexity

Duration distribution (Innovative)

‘Source: history
W Hestory —— Gousstan 1 —— Gamma fit

rausreaty ) perplexity

Duration distribution (Follower)

Soutea: hiatory database | Empirical vs fitted models
W History —— Gaussian fit — Gamma M

Powerd by P} perplexity

b ) ) D'"(m:':“mm ) . : - Duration (:umh-) - - : : : - bumtml:onwsl N - N
Complexity Distribution :::'::1 1 S:II:: 1 :::'::1 2 Param 2 value ::::‘ & 5:;:;“ Y Notes
1stin family ~ Gaussian Mean (p) 4576301242 Std (o) 11.15152924 Use NORM.DIST with mean, sd
Follower Gaussian Mean (p) 25.55414017 Std (o) 14.75273646 Use NORM.DIST with mean, sd
Innovative Gaussian Mean (p) 36.67155426 Std (o) 12.00361443 Use NORM.DIST with mean, sd
1stin family Log-normal  Shape 0.22904017 Loc 0 Scale 44.54815055 lognorm(shape, loc, scale)
Follower Gamma Shape (a) 3.2189102 Loc 0 Scale 7.93875522 gamma(a, loc, scale)
Innovative Gamma Shape (a) 9.1505742 Loc 0 Scale 4.00756864 gamma(a, loc, scale)
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Data only indicative

Al model

Excel Gaussian

Action 14: Comparison Al vs DA

|A a bit more precise and much faster (if precise prompt)

Complexity Distribution AL 1 LD 1 L 2 Param 2 value
name value name
1stin family ~ Gaussian Mean (u) 45.8 Std (o) 11.2
Follower Gaussian Mean (u) 25.6 Std (o) 14.8
Innovative = Gaussian Mean (u) 36.7 Std (o) 12.0
1st in family Innovative follower
average 47.38 36.3 23.8
stdev 13.5 13.0 13.4




Data Only indicative Pluto research summary

Document - PDF

RLUTO..,

1. HISTORICAL DATASET

181 completed RAD; projects — 3 complexity classes, duration in months, Two exireme oulliors removed (1,203 mo and =237
mo) via IGR=k deaning, leaving 149 clean records. The IQR cosfficient k Is user-selectable (defaul 2.5) in the HTML tool.

mraw  nclesn Mean(mo) StdDev CV Pearsonr
139 2%
128 %
149

2. DATA CLEANING — IQR x k METHOD

Outtiar detection uses the IQR x k method (default k=2.5, user-salectable 1.0-5.0). Projects outside [Q1—kxIQR, Q3+cxIQR] are
excluded, as are negalive values and nulls. At k2.5 Q= mo, Q3=43.2 mo, IQR=23.4 mo, upper limit=101.8 mo. The
standard k=1.5 (Tukay) Is more aggressive; k=2 5 preserves more valid high-duration projects.

3. STATISTICAL MODEL COMPARISON — 6 MODELS
Six distributions are fitted par complexity class. Error metric: CDF mean squared error (lowsr = batter fit). Parameters estmated
via method of moments. Excel reference uses Solver optimisstion (exact MLE/LSQ). Gaussian is retained as primary model for
intarpretabiity
Modal 19t In Family Innevative Foowsr
Gaussan 027328 0.09852
Log-Nommal * 017245 012392
Weibul 023405 * 0.00154
Gamma 0,18280 0.10131
Polsscn 0.34634 043918
Exponential 253954 1.99880

Gaussian model vaiidation siatstios (from Excel):

Complaxity Pearson r
18 in family
Inrvrvaties

Folowar

4, KPl SUCCESS PROBABILITIES — PLUTO PROJECT (INNOVATIVE)
P(success) = @{(target ~ i) / o). Overall probablity = min of all four KPis — sach Is a binding constraint. Duration Is the binding
factor: 2.5 yr target is 18% below DB average 3.1 yr.
KP1 Pluto Target DB Avarage DESWDev  Pleuccess)
Duration 25 ye (30 mo) 367 ma 31 yr 120 mo
Eftort & mxy 7.2 my 6.3 may
3 31 11
2,500 k€ 2,469 e 959 k€

5. RESOURCE LOADING & HIRING PLAN — 110% HARD CAP

Six active projects (A, B, C ongaing + Pluto, D, E new). Ullisation capped at <110% per quarter. Values corrected from Excel
(exciusive layers A+B+C / Puto / D+E — previous version double-counted Pluto). Extra hires computed s Iload = HC*1.10) /
1.90m

6. START DATE RECOMMENDATION

Paramaeter Target
Stant of Design (500)
Start of Production (SoP) 4Qz8
Duration 285y 31 yr (D8 avg)
Efiort & my 7.2 moxy (DB avg)
Tech Platform Test Vehicies Sampies (stage 10)
Loading cap £110% With hiring plan

KPI suocess probabiity % 29% (ourrent targets)

7. MONTE CARLO SIMULATION
1,000 trials per complexity via Box-Muler transform on N(u.0). P2O/PSO/PB0 provide conservalive, median and oplimistic
planning ranges.
Complexity DB Mean P20 — conservative P50 — median P80 — optimistic
1stin Family 482mo -36 mo -18mo -60mo
Inncvatve %7 mo ~26mo ~37 mo
Folowsr 255mo =12mo ~28 mo ~30mo

8. MODEL LIMITATIONS
W KP1 indepandence: min() operalor may understate joint probabilly — duration & efiorl are correisied.
M Double-counting bug (corrected): ariginal HTML had Piuto in both LOAD_ONGOING and LOAD_PLUTO layers. Fixed to
exclusive A+B+C / Pluto / D+E lsyers metching Excel exactly.
1 Stationarity: historical distribution assumed statile — organisaional o market shifts not captured
B Right-skaw: Followsr CV=58% — Log-NormalWaedull ikely outparform Gaussian; confirmed by Exosl erors.
B Poisson/Exponential: poor s for RAD; duration (emrors 0.35-2.53 vs Gaussian 0.08-0.27). Included for completenees.
W Sample sixs: 18t in Family n~20 gives +19% oor margin. DB reference uses full Excel dataset (n=27/70/79) but HTML RAW
arey has 27 lewst records — I be reconciled

Action 15: Al Report

Thinknsolv.net



Dataonlyindicaiive  pussse e ACtiON 16: Al Web Page

Overview

~ Dashboard KPls Tech Platform Loading Recommendation

Database Overview

21 t ] 57 bl

48.16 mo _ 36.35 mo ver 24.65 mo
13.88 mo 12.58 mo 15.11 mo
45.06 mo Med: 33.32 mo 20.58 mo
32.0/87.2 mo 15.2 / 68.7 mo r 52 /72.2 mo
28.8% 3 34.6% € 61.3%

12.3% r 9.0% r Mar 14.3%

62.0 mo 48.9 mo B 39.8 mo

75.9 mo 61.5 mo 54.9 mo




Data only indicative Action 16: Al Web Page
History

» Dashboard KPIs Tech Platform Loading Recommendation

Project History & Outlier Cleaning

19.77 mo
43.20 mo

2343
101.78 mo

0.00 mo

# Complexity Duration (mo) Status

3210
29.52
19.03
21.61
18.90
832

39.87
51.52

W N U W N -




Data only indicative

= Dashboard KPIs Tech Platform Loading Recommendation

Statistical Distributions 8 Model Comparison

e

MODEL FIT COMPARISON — CDF MSE (LOWER = BETTER

Log-Normal Gamma Gaussian
0.00256 0.00296 0.00492

% Best fit (Excel

Action 15: Al Web Page

Distributions

0.03541

Log-Normal

Log-Normal




Data only indicative

» Dashboard KPls Tech Platform Loading

Optimal Start Date — Dashboard

1Q29

4024 ke

1Q26 A Hiring required

1026 + 12Q = 1Q29

4Q28

Action 15: Al Web Page

25yr DBavg: 3iyr
6 mxy DB avg: 7.2 mxy

3

Dashboard



Data only indicative

Project KPIs & Success Probability

Innovative

Duration (mo)
Effort (mxy)
Revisions

Cost (k€)

47.30 = 1353

1464 £ 798

3.85 £1.06

4078.00 = 1038.00

36.67 + 12.00

7.21 £ 632

3.06 £ 1.09

2469.00 + 959.00

Action 15: Al Web Page

25.52 = 14.88

1.80 + 2.08

214+ 1.26

1309.00 £ 270.00

KPIs



Data only indicative Action 15: Al Web Page
Loading

Resource Loading & Pipeline

+2 —-HC4
+2 -HC4
+4 - HC6
+2-HC4
+1 - HC3
+1 - HC3
+2 - HC4
+2 - HC4
+1-HC3
+3 -HCH
+1—-HC4

+1 - HC4




Data only indicative Action 15: Al Web Page

Recommendations

Start Date Recommendation

A Recommended SoD: 1026 — with mandatory hiring
Hiring needed: 1Q26: +1]2Q26: +1| 1Q27: +2 | 2Q27: +2 | 4Q27: +1

Test Vehicle (4)
Samples (10) A 3 L A BC
v Already met A Binding Extend targets

4024 5 pir 1Q26 on fi ~3.9 years

2Q30
19
4029
3029
NN 8

Negotiate or accelerate
LS (REcoTmesiia) Revise duration to 3.9 yr

Hire plan critical
1Q26
1029 amp v No constraint

+1Q late

Yes — 1Q26, 2Q26, 1Q27, 2Q27, 4Q27



Data only indicative

Project KPIs & Success Probability

Innovative

Duration (mo)
Effort (mxy)
Revisions

Cost (k€)

47.30 = 1353

1464 £ 798

3.85 £1.06

4078.00 = 1038.00

36.67 + 12.00

7.21 £ 632

3.06 £ 1.09

2469.00 + 959.00

Action 15: Al Web Page

25.52 = 14.88

1.80 + 2.08

214+ 1.26

1309.00 £ 270.00

KPIs



Processus DA+AI
Detailed

1. Representation (historical database)

2. Selection (removal of outliers)

3. Conversion (based on criteria)

4. Distribution (statistical)

5. Modeling (initial statistical model)

6. Optimization (error minimization)

7. Exploration (testing other models)

8. Prediction (forecasting based on the best model)
9. DA vs. Al comparison (dedicated prompt)

10. Verification (prediction testing against distribution)
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Data-Driven Decisions with Excel & Al
Summary

Structure the data

Formalize an explicit analysis process

Derive a predictive model for data-driven decision

Deploy the process using a structured Al prompt
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Artificial Intelligence or Human Stupidity?

« Al: Naive, positive and tireless personal collaborator
« Communication: Precise question => Good answer

» Best Use case: Clean data, measurable gains, explicit steps




Grazie mille

Muchas gracias




Thnk:S-lv

Term

Predictive planning
Probability of success
Delay risk

Budget deviation
Revision intensity
Complexity

1st in family
Innovative
Follower

Outlier

IQR

Gaussian model
Log-Normal model
Poisson model
Exponential model
Weibull model
Gamma model
Pareto / Power Law
Histogram fit error
Margin of error
Scenario analysis

Risk-adjusted attractiveness

Glossary

Definition

Use of historical data and models to estimate future project outcomes and support project selection.
Estimated likelihood that a project will meet its objectives under defined conditions.

The probability that a project will finish later than planned.

Difference between planned budget and actual or expected cost outcome.

Frequency or magnitude of changes made to a project during execution.

Project class used in the case to segment the history database into 1st in family, innovative, and follower projects.
A project type with the highest novelty and typically the greatest uncertainty.

A project type with moderate novelty and moderate uncertainty.

A project type that reuses known approaches and usually has lower novelty.

An observation that is unusually high or low and may distort statistical modeling.

Interquartile range; used here as a robust method for defining outlier limits.

Normal distribution model used as a transparent baseline for forecasting duration.

Distribution model that fits right-skewed duration data better than a normal distribution in this case.
Distribution sometimes used for count or event data; one of the candidate alternative models.
Candidate statistical model often used for waiting times or decay processes.

Flexible distribution often used for reliability and duration modeling.

Flexible right-skewed distribution often used for time and cost data.

Heavy-tailed distribution sometimes used when extreme values dominate the shape of the data.
Measure of how far a proposed model is from the observed history distribution.

Statistical range around an estimate showing the likely precision of the average.

Comparison of multiple possible project outcomes under different assumptions.

Project desirability after accounting for uncertainty, delay, cost, and other risks.
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