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INTELLITECH = IDAGRAI LABS i
Unique Expertise in Fuzzy Mathematics & Key points

Augmented Fuzzy Cognitive Al Independent Al
French invention (ITAR free)

Timeline
Specialist Team
1993-1998 . « ~15R&D and Consumer Support
Theory of Fuzzy Relations of order N (Expert, Senior Engineers, Assistant Engineers)
Spin-off of UTC (Université de Technologie de Compiegne) « 1,700+ XTRACTIS robots solving complex modeling
problems 24/7, 100% CPU speed, 100% of the time
1998-2002 « ~20 Senior Consultants for prospection
Development of many ADAS with classical Fuzzy (North America, Europe, Middle East, Asia)
Cognitive Al
Strategic Decisional Al
2003

« Mature technology (TRL 9 in Industry): many commercially
successful products invented by our Al

« Sovereign: independent from open-source codes

2018 « Virtual Scientists: quick development & deployment of

Strategic partnership with ATOS/EVIDEN/BULL high-risk critical decision systems

for the development of critical systems
(Defense / Cyber / Security / Transportation)

XTRACTIS v1 and Tsttier client
Clients and applications in different sectors

Rising Recognition Worldwide
« Very well evaluated by DARPA, NSIN, ODNI & US AIRLAB

2025 « DARPA is qualifying XTRACTIS after it failed to develop
XTRACTIS global deployment plan a competing Al (9 years, 1,000+ scientists, $2.5+B)
entrusted to IDAGRAI LABS Company » Big Consultancy & Digital Service companies to

< idagrai become integrators from T4 2026
Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved.
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Modeling Complex Processes — Data Driven Modeling Schools

COGNITIVE MODELING

MACHINE LEARNING MODELING

(logics, relations, semantic, nonlinear math)

(connectionism, graph theory,
statistics, linear algebra)

=» Knowledge Discovery

Automatic Modeling Human Modeling Automatic Modeling
Binary Binary  Continuous i Fuzzy Relations
Math Logic Logics aliaiic o CO.rderLN.
using Continuous Logics
Opaque and Robust Intelligible and Non-Robust Intelligible and Robust
Models Models Models
Robust = high predictive performance

Intelligible = transparent model, revealing all its internal decision-logic

< idagrai
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Complex Modeling Techniques — Intelligibility x Performance Map
MACHINE LEARNING MODELING COGNITIVE MODELING

Z. Zalila & al. | 2002-2025 Automatic Inductive Reasoning  EILEEG

XTRACTIS > Automatic Deductive Reasoning
. ) Automatic Abductive Reasoning
G. Hinton, Y. LeCun, Y. Bengio with an infinity of Continuous Logics

1990-2010

CONVOLUTIONAL
NEURAL NETWORK

Ivakhnenko & Lapa | 1965

MULTILAYER X J. Berkson | 1950
PERCEPTRON

Machine Learning LOGISTIC
with Binary Math REGRESSION
J. Friedman | 1999-2001  Automatic Induction
with Binary Math
(' BOOSTEDTREE )
Machine Learning ;
with Binary Math Lo BEIED | ALY
(" RANDOM FOREST )
Q : : L. Zadeh | 1965
gcp Miglgnnealr_e%gltrl;g J. tukasiewicz | 1920
LA Human Inductive Reasoning
© FUZZY EXPERT > Automatic Deductive Reasoning
g SYSTEMS with a Continuous Logic
(o] Shortliffe & Buchanan | 1975
= Aristotle | -4th c. BC
(V] Human Inductive Reasoning
(a1 BINARY EXPERT > Human or Automatic Deductive Reasoning
SYSTEMS with Binary Logic
R. Bacon | 13th c.
al-H. ibn al-Haytham | 11th c.
EXPERIMENTAL Human Inductive & Deductive Reasoning
SCIENTIFIC METHOD with Binary Math
- -d = ;
- o o L] LJ ~
-¥idagral Intelligibility . <
XTRACTIS

Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved.



12 Als & Data-Driven Modeling Techniques
for Complex Processes and Phenomena

INTELLIGIBLE

Boosted Trees

Bayesian Networks

Kernel Support Vector Machine

Deep Learning / Neural Networks

slide 39

RUBUST

® Support Vector Machine
Logistic Regression

Random Forests

o CART Decision Trees
XTRACTIS’ Binary Expert Systems
Fuzzy Expert Systems

Augmented
o . Fuzzy

Self improving Reasoning @& ILOT-RY
for Knowledge Discovery

Polynomial Regression

2
|

® Partial Least Squares

Theory of Fuzzy Relations of order N
+ Collective, Evolutionary, Corrective & Adaptive
Inductive Reasoning

Robust = high predictive performance
Intelligible = transparent model, revealing all its internal decision-logic o
= idagrai ; 2
XTRACTIS
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XTRACTIS Al Technology — General Reasoning Al for Trusted Decisions, by design

General Al

« MULTI-PURPOSE for any business/scientific field

« Suitable for HIGH-RISK CRITICAL APPLICATIONS
when Al-driven decisions impact human lives or the
environment or cause economic losses.

Reasoning Al

Exobrain augmenting the 3 human reasoning modes with
an infinite plasticity (learns to reason better)

1. INDUCTION: automatically extracts knowledge-based
models from data, as do scientists applying
the Experimental Scientific Method

2. DEDUCTION: instantly predicts the outputs for a new case

3. ABDUCTION: discovers the most optimal solutions
satisfying a fuzzy multi-objective request

= idagrai
Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved.
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-

Trusted Decisions

~

» Produces the most ROBUST and
INTELLIGIBLE models = Al-driven

decision systems having the highest

predictive capacity AND
understandable by humans

» Auditable by experts and can be
certified by the requlator before
deployment to end-users

» Decisions are instantly computed

RATIONALLY & DETERMINISTICALLY

/

by design

All specificities are natively derived

from the scientific foundation of our

algorithms

XTRACTIS’
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Trusted Al for High-Risk Critical Applications when Al-driven Decisions Impact Human Lives or the
Environment or Cause Economic Losses

HEALTH / PHARMA INDUSTRY / R&D

Product Design & Ergonomics, Sensory Marketing

& Engineering, Smart Industry, Product Design,
Process & Quality Control, Maintenance & Diagnosis,
Logistics, Risk Analysis, Environment, Geomatics,
Optimization, ADAS, Autonomous Vehicles.

FINANCE / BUSINESS

Automated diagnoses for Personalized Medicine

(from metabolic, epigenetic, physiological & anatomopathological data),
Optimal Formulations & Drug Discovery, Monitoring,
Virtual Screening, Protein Homology, Toxicity.

DEFENSE / CYBER / SECURITY

Scoring & Risk Analysis, Econometrics, Malicious
Activities, Venture Capital, Behavioral Finance, Wealth
Management, Real Estate Finance, Strategy, Marketing &
CRM, Legal, HR & Administration, Operational Research.

Command & Control, Autonomous Systems & Devices,
Malicious Activities, Crime & Surveillance, Cybersecurity,
Operational Research.

’
- *x
Ethics & Governance EU Al Act

of Al for Health (February 2025)
(June 2021) New principles to rule
31 guiding the use of Al systems

principle

71731

XTRACTIS®



Trusted Al — Intelligibility & Explainability, mandatory for critical decisions

The best Model we induced from your data is:

(x, is ~A,) and (x, is ~A,) - yis ~B,

(x5 is ~A;) or (x4 s ~A4)—) yis ~B; J“

& &

INTELLIGIBILITY of the internal logic
of the decision system

For case #257, my decision is:
{B4l0.9,...,B,(0.2} &
and | explain my reasoning... a «

Example of an
XTRACTIS Model

XTRACTIS’

REVEAL XTRACTIS’

PREDICT

EXPLAINABILITY of each decision made  Audit & Certification of Al systems

(transparent models) (using the model already induced) (for Trusted Al-driven Decisions)
‘ j Increase of expert knowledge Reduction of ethical and moral biases {:\2}
Quick generation of IP assets (Responsible Al'by design)
@ (models belong to licensee) Compliance with the new regulations Q
@ Consolidation of decision-making processes for high-risk Al applications =

(automated, transparent and reliable decisions) (EU Al Act, WHO guiding principles)

< idagrai
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XTRACTIS Software Robots — Extending by design the 3 Human Reasoning Modes

INDUCTION

DEDUCTION

ABDUCTION

#,

XTRACTIS’

REVEAL

o

XTRACTIS®

PREDICT

XTRACTIS®
OPTIMIZE

slide 35

Inductive Robots automatically
discover robust knowledge-based
models from data

(Collective and Evolutionary)

Deductive Robots predict the
outputs for a new case in real-time

(Collective and Deterministic)

Abductive Robots discover the
most optimal solutions satisfying
a fuzzy multi-objective request

(Collective and Evolutionary)

XTRACTIS®
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XTRACTlS® workflow — From data to validated models to trusted decisions & solutions

Evolutionary + new cases ® DEDUCTION Robots
Induction Predict in real-time & very high
Loop frequency

P = . XTRACTIS® PREDICT / PREDICT API
=—=—" © INDUCTION Robots Validated
t’§y Discover rule-based knowledge Decision

: from data Models
Reference Reveal & Validate Predictive Models
Dataset

a XTRACTIS®

| REVEAL 5 © ABDUCTION Robots

+ new requests Compute the most optimal solutions

| Update Adaptive lnduw XTRACTIS® OPTIMIZE / OPTIMIZE API
it :
new data
G SUPERVISION Engine
S Oversee quality of deployed models i,
= Detect changes in process behavior :
Monitor models” maintenance @ XTRACTIS®
eeeeeeenneeeeernnneeeernnneeerennaeeernnnaeeeernnseeeernnns MONITOR
= idagrai
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XTRACTIS — General Reasoning Al for Trusted Decisions via Predictive Modeling

. 270+ scientist-years of high-level R&D in
Fuzzy Mathematics & Automatic Reasoning

TRUSTED q
5. Robust Models:"High Predictive Performance, Intensive Validation
REASONING Al ’ 6. Intelligible & Explainable Models
7. Models with Proven Stability
) _ @ 8. Decremental Holistic Modeling, Detecting and Handling Weak Signals
2. Nonlinear Rule-Based Models with
Continuous Logics
3. Collective, Evolutionary, Corrective & STRATEGIC @
4 ??uzgll\zﬂsmg evenly small @ 9. General Purpose Behavioral Al .
or big data | Augmented 10. Sovereign, 100% Proprietary Fuzzy Algorithms
Fuzzy 11. Compliant with International Regulations
- 12. Transparent Reverse-Engineering of
Cognitive Al Opaque/Old Models
13. Globally Unique

READY-TO-USE

14. No-Code, No Framework,
All-in-One Solution
15. Scalable Induction Power, No GPU

HUMAN-CENTRIC (%)

19. Extends the 3 Human Reasoning Modes

16. Private PaaS & Secure Access or Client Premises 20. Highlighting Biases & Producing Ethical Decision Systems
17. Prediction in real-time at a very high frequency 21. Enhancing Knowledge & Augmenting Experts
18. Easy Deployment 22. Audit & Certification before Deployment of Decision Systems

< idagrai
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Examples of XTRACTIS Use Cases — benchmarks vs. LoR, RFo, BT & NN
INDUSTRY / R&D

N £
A g
® ; ‘ .‘

HEALTH / PHARMA

Anatomopathological
Diagnosis of Breast Cancer
(2011-2025)

Genetic Diagnosis of
Prostate Cancer
(2018-2025)

< idagrai
Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved.

Cardiotocographic
Identification of Fetal
Heart Conditions
(2022-2026)

Spectrometric Diagnosis
of Ovarian Cancer
(2018-2025)

Serological Diagnosis of
Chronic Kidney Disease
(2022-2025)

Genetic Identification of
Lung Cancer
(2022-2025)

BUSINESS / FINANCE
/

Chemical Identification of
Wines’ Origin (2025)

Discovery of Discriminatory
Biases in the Professional
Evaluation of Employees
(2024-2025)

Nonlinear Multi-Objective
Optimization of a Supply
Chain Under Flexible
Constraints (2023-2024)

Detection of Fraudulent
Credit Card Transactions
(2023-2025)

Prediction of Telecom
Customer Churning
(2023-2025)

@ xtractis.ai/use-cases

Prediction of the
Degradation of a Naval

Propulsion Unit (2015-2025) £

Emergency Detection for
an Automatic Braking
System (2016-2025)

Prediction of the Toxicity
of Chemical Molecule
Residues & Discovery of
New Nontoxic Herbicides
(2011-2024)

Prediction of the

Compressive Strength of
Concrete (2012-2025)

Identification of the

Longitudinal Action Required ;

when Approaching Traffic
Lights (2021-2025)

Prediction of the Rupture
of Flexible Underwater Pipe
(2015-2025)

DEFENSE / CYBER / SECURITY

Log-based Detection &
Identification of Cyber
Intrusions (2014-2025)

Acoustic Detection of
Underwater Mines
(2015-2026)

Detection & Identification of
an UAV Intrusion Based on
Wi-Fi Analysis (2022-2025)

Temporal Detection &
Identification of Criminal
Profiles and Action Phases
from Communications
Metadata (2019-2025)

Passive Magnetic
Dectection & Identification
of Land Mines (2023-2025)

Prediction of Robbery
Crimes in American Cities
(2023)

%

XTRACTIS’
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https://xtractis.ai/use-cases

UC#08: Genetic Diagnosis of Prostate Cancer

Design an Al-based decision system which accurately and instantly makes a rational
medical diagnosis of prostate cancer from genetic sequencing of prostate tissue.

@ Variable to Predict among 2 classes: Normal | Tumor

12,600 Potential Predictors, which are the level of expression of genes characterizing each
patient, normalized to the median: gene_39939_at, gene_33792_at, gene_35178_at...

Source:

D. Singh & al., . .

vepamentoraqt 12,600 numeric variables

Oncology, Brigham and

Women's Hospital, 75.00% o e 25.00%

Harvard Medical School

Training 80%
Validation 20%

External Test

102 genetic sequencing of prostate tissue

34 genetic sequencing of prostate tissue

Refere //

from patients

Normal Tumor
52150.98% 501 49.02% 9126.47% 25]73.53%

from patients
Normal Tumor

< idagrai =
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Set up the Induction phase In 6 steps

1. Select the Learning Dataset

Dataset previously structured and
imported:

- in rows, the data points

- in columns, the potential predictors
and the variables to predict

2. Select the set of Potential
Predictors

Let XTRACTIS explore a subset of the
variables or all the dimensions.

3. Select the Predicted Variable

Could be a model for regression,
multinomial / binomial classification,
or scoring.

4. Induction Settings

Number of strategies to explore, max
number of rules to discover, max % of
refusals allowed, performance criterion...

< Flr Lo 2 Induction Algorithm
F Zaia Classiication
2 Pt uzzy Deductive Reasoring
* Selectior T-Norm Frank « 000
3 Predicted Vartab Detuzafication by hesght <t with refusal
«  Selection
= Competitve Loaming
4. wduction Settings Nurber of nductive Reasoning Strateges 2 01 @ Unimted
Seed for Random Number Generator *
X4 Pattion Settngs
5. 2 Initiakzaton
Intiakzaton Method
6. Hadware Settngs
v 10
v i
v 2
v 13
v Ica
Number of Rules between 2 $led 0 B

2 Fuzzy Classes Optmaaton
Pedormance Evaluation
F-Score
8 1 v
Induction with
Woeighted Emor

Mov Dudnmmenna Nen ot we U (100 484 4

5. Partition Settings

Split of the dataset into 3 subsets:

Training, Validation and Test.

EF) induction Reasoning Strategy Wizard for IVE - step 5 out of 6

Dataset ity
q, Leamrg Partitioning of the Learming Datasct

2 Potential Predictors Parttionng Settngs
+ Selackior Seed for Random Number Generator. 4305750

3, Pedcod Varatie 2,000 1R Strategees wit be pedommed by spitting the 569 ports of the Leaming Dataset weh the folowng ratio
+ Selection

Trawwg Detaset % 352 Ports (619%)
| 4, nduction Settngs Vabdation Dataset: 15 [3] % 86 Ports (15.1%) ‘
B Tost Dataset 23 |34 % 131 Ponts 22.0%)
5 XA Partition |
| Setings 1] Urused Ports 0 Ports 00%)
16, Hardware Settngs Parttioning Global Settings

The ports of Tranng, Vakdation and Test Datasets are drawn
Randsomh

© Respecting the Output Distrbution of Modalties
) Increase the Rate of “Malignant™ in the Traning Datasetto: 5000 3| %

Learring Dataset Trmrung Dataset Vahdation Dataset Tost Dataset

0% N N N4
7% 628% 628% 626%

v the ports wth underrepreserted modalties wil be overwesghted)

6. Hardware Settings

Number of robots to launch, allocation

of computing power.

= idagrai
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Launch and End the Induction Process

1. Each robot starts with its specific reasoning
inductive strategy

3. Reaching a performance plateau = the entire

information included in the dataset has been exploited, after
hours, days, or weeks of induction, depending on complexity
of the process to model and the computing power available.

p— TTWcaen nduction
inducton S
: B o - v [ E
a o - K B Stop Stop Cuament | Add stracta® robict Remove stractis® robot Cusrent Best | Robets State
Stop Stop Current Remove xtractis® robot Cument Best | Robots State |
Best Performance Evaluation ) Best Performance Evaluation
101.00%
101.00% >
00% 100.00%
93.00% 98 46%
® 99.00% ; 98.00% 98 41%
§ sso0%  §5 | 97 64%
2 9r00% 9 aroo%
& N " " sso0%
9 00% \ yi
95.00% 95.00%
a400% ¥ -+ a4 00% 4 "
0 10 2 0 P 0 500 1.000 1500 2000
Inductive Reasoning Strategies Inductive Reasoning Strategies
— Training70% = Validation 15% = Test 15% — TN 70% = Vilidation 15% —— Test 15%
Highest Refusal by Modality Highest Refusal by Modality
350% 3150%
300% 3% 300%
- 250% - 250%
5 200% s 200%
& 15w 150%
z 3
100% & 100%
b a00% oson o
0.00% 0.00% # “
0 * 2 % 4@ 0 500 000 1500 21000
Inductive Reasoning Strategies Inductive Reasoning Strategies
— —— Vaudation 15% — Test15% Refusal Amissitie Threshold on Trainng T 708 Viadason 15 Test15% RefussiAdmissithe Threshokd 6n Trairing
Detaoin Progress. Detols Pogme
R Stategy 432,00 1A Sregy 20002000 0%
Rbots State updated every 30
= Flobots Sate upsated every. 30
. [ T
Red curve = Descriptive performance T o o BT S o o
19 Fides 14 Fides 20 Fudes 16 Rukea 15 Rdkes 2 Rudes Fdes
Ine. K2 e K4 e 1C2 - IC1 - 1Ck . 1C4 - 12
Fombnd Frmbod Pt Fmbed Fembd Frnshd Fvabvd
« Tovmn « Tovutn Trvnuer € 1 ownte « 1 moute 7 munute wnee
"

Blue curve = Predictive performance

2. Collective Al: robots start in competition, assess the
performances of the models, share the parameters of their
strategies, to launch more efficient new strategies.

4. End of the process: when the requested number of
different strategies has been launched or when the
performance plateau is reached.

= idagrai
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Reports from the Induction Phase
Automated reports available

1. Table with all the induced models: characteristics of
their structure and performance

- Models ranked by performance and intelligibility

- Highest intelligibility = least complex structure = lower
number of rules, predictors, and predictors per rule

'EO0R-¢-0 -

m "4 7 2 "4 g 8 I 5 b 4 O
Structure Performance Predict Comment  Peformance Model Model Combine  Union  Recall Induction t { Model P Generate Model Setup
a, @ v ® & 3 . -B-
Selectall Invert Selector | Report | Mask Unmask ~ Trash | ot ke: Validation 15% ]
Average
R previous Avesge  Classes Rues Mt ¥n Qassfication 705
" G . Complexty C . ¢ . C 2 mcn Predicton Serstivty Senstivty Specficty Eoer S F1 Score F2 Score Refusal

98.02% ©
a 5 7 &

% 98.03% 2Ny 97 46% 10.18%)

% 98.39% s8R0 97.30% 1025%)

% 98.15% 213 96.88% 00.00%)

% 96.30% 2R3 98.77% 0@©.00%)

97.64% 9764 98 03% 2@y 1% 97.18% 97467 10.18%)

) 5% » 2 3 28 97.30% 97.30% 98 39% sRow 97.30% 97.30% 97.30% 10.25%)
9 887 96 887 98.15% 2Q13%) 96 88~ 96 88% 96.88% 0©00%)

96.30% | 10000% | 96.30% 2@ 9524 9%6.97% 9877 0(0.00%)

96 64% 98|11 96 64% 1wReN 9524 96.30% 97.38% 0(000%)

™ 54 % 2 5 3 96.39% S757% 96.39% 123.02%) 9490 96.03% 97.18% 0(0.00%)
96 88% 96 88% 98.15% 231 96.887 96 88% 96 88% 0(0.00%)

96.30% | 10000% | 96.30% 2Q33m) 524 96.97% 98.77% 0000%)

96.64% 811 96 64% 16281 95.24% 96.30% 97.38% 00.00%)

54 54 % 2 5 3 96.39% 797 96 397 12G3.02%) 94 50% 96.03% 97.18% 00.00%)
96.88% 96 88% 98 15% 2@ 96.88% 96 881 96 88 0000%)

2. Model's Performance Report
Details of performance, Contribution of predictors and rules.

Performance

Datasets
’

Learming - WDBC 2014-02_LD 569 9 (1.58%) 98.11% 98.11% 98.60% 97.88% | 0(0.00%)
Training 70% 397 7 (1.76%) 97.97% 97.97% 98.39% 97.64% | 0(0.00%)
Vakdation 15% 86 1(1.16%) 56.88% 96.88% 100.00% “.‘:[* 0 (0.00%)
Test 15% 86 1(1.16%) 98.15% 100.00% 98.15% 98.=1= 0 (0.00%)

’
3. Model’s Structure Report
List of predictors and definition of IF / THEN rules =
transparent and auditable knowledge.
Rules
f concave points Cell - mean is t SGF1 (0.046 : 0.002) £
And | radius Cell - mean 3 largest | SGFI (156 ; 62) ]
And | texture Cell - mean_3 largest | i SGFI (23.1:45) | (predicory | MR
And | concavity Cell - mean_3_largest [022;125) =
f texture Cell - mean 1S SGFI (17.0; 1.1) -
& And smoothness Cell - mean s [0.053 ; 0.093) i
' And | fractal dimension Cell - std error | [0.0009 ; 0.0031) 4 predictors) | |
And area Cell - mean_3 largest s sbout 84 SGFI (849 ; 157) =
Then | Diagnosis | s | M 0| (malignant) |

= idagrai
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XTRACTIS top-model: Intelligible Decision System

100 + 2,000 inductive reasoning strategies explored, Induction optimization on F,-Score,
Top-model selection on validation F,-Score

IS=4.98 F,-Score (on ETD) = 100.00%

PREDICTORS

» 7 predictors selected by XTRACTIS out of 12,600
(12,600 numeric variables)

» Ranked by impact significance:
(2 strong signals, 3 medium signals & 2 weak signals)

» Labeled by fuzzy classes
Example:

fuzzy interval  “inferior to about 5”

58

39939_at

< idagrai
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RULES

» 4 connective fuzzy rules without chaining
(aggregated into 2 disjunctive rules)

» 2 to 4 predictors per rule (on average, 3.0 per rule)

R1
L R2
_| R3
—1 R4
IF gene 39939_at IS infto~5
AND gene 35178_at IS infto ~-2
AND gene 36883_at IS infto ~87
AND gene 40282_s_at IS infto ~77
THEN Diagnosis IS TUMOR

XTRACTIS®
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Explained Prediction for a Case from the External Test Set

Patient #1

gene 39939_at
gene 33792_at *
gene 3517/8_at
gene 36883_at

gene 40282_s_at
actual value = TUMOR

26

J

*Predictor value outside the variation range of the model but inside the
allowed extrapolation range. XTRACTIS will refuse to give a result for

an extrapolation far from the allowed extrapolation range.

Real Time Deductive Inference of the model’s rules

R2

{ TUMOR | 0.940,

Number of triggered rules: 3/ 4
NORMAL 10.117 }

Firing Degree of the Rule

00 0.1 02 03 04 05 06 0.7 08 09 1.0 FINAL PREDICTION
{ TUMOR}
— NORMAL
— NORMAL
— TUMOR
— TUMOR

The system delivers a correct diagnosis of cancer compared to that given by the genetic oncologist:

= idagrai
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UC#08: Benchmark XTRACTIS vs. its Challengers

7 predictors | 4 gradual rules without chaining
1 aggregated into 2 disjunctive rules | Each unitary
XTRACTIS rule uses only 3.0 predictors on average | A few
rules triggered at a time
120 predictors | 1 linear equation
Random 19 predictors | 15 trees without chaining | 50
2 binary rules | Each rule uses only 1.8 predictors on
Forest average
24 predictors | 1 chain of 14 trees | 48 binary rules
Boosted | Each rule uses only 1.9 predictors on average |
Tree? Tree #N corrects the error of the N-1 previous
trees
12,600 predictors | 1 hidden layer | 14 equations |
Neural 13 hidden nodes | Each equation uses 11,700.9
Network? predictors on average | Unintelligible synthetic
variables

ucos

PERFORMANCE Score

> A N o

-10
-12

14
16

F1-Score calculated on all unknown cases (CVE & IVE).
Leader performance is 100.00%

INTELLIGIBILITY Score

0 1 2 3 4
XTRACTIS €5+

RFo @

5

T Results from XTRACTIS® REVEAL v11.2.38531 (2021/06)

= idagrai
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2 Results from XTRACTIS® BENCHMARK module embedding Python 3.6 package (2021/04): Scikit-Learn 1.0.2 | LightGBM 2.2.2 | TensorFlow 2.6.2 | Keras 2.6.0
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XTRACTIS for Healthcare — value Proposition:

Personalized Multi-Pathologies Diagnosis Services

Dk

XTRACTIS computing centers located in each country to model as many
diseases as needed

Automatic Personalized Diagnosis of Pathologies (epigenetic, metabolic, 24/7)

Discovery of transparent predictive models by local medical teams, based
on local patients’ data

Audit & Certification of the diagnosis systems before deployment

Enrichment of the medical knowledge, New IP assets, Coaching of medical
students

Very high speed of diagnoses: millions of predictions per sec.
Trusted Al: Explanation of each diagnosis delivered (prediction reports)
Early diagnoses to prevent the onset of pathologies

Public Health savings: costly chemotherapy treatments vs a few euro cents
per annual diagnosis (XTRACTIS cost)

Reduction of medical deserts




XTRACTIS vs. its 4 challengers in HEALTH/PHARMA
Scores from 9 Public Use Cases
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XTRACTIS vs. its 4 challengers in all sectors 1/2
Scores from 27 Public Use Cases

Logistic Regression excluded: inapplicable for 5 UC, unavailable for 1 UC

INTELLIGIBILITY x PERFORMANCE

Low INTELLIGIBILITY Score High
0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50 5.00
( h High - [
A bubble on the top-right '
is the Holy Grail for critical
Al-based decision systems: .00 svnaome
an Al Technique which @
produces predictive models S 40 REURGAL
with g NETWORK
the highest Performance E 6.00
o RANDOM
and Q FOREST
e 500
the highest Intelligibility Q- BOOSTED
- Y TREE
-10.00
Low -12.00

Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved. XTRACTIS

27/ 31



XTRACTIS vs. its 4 challengers in all sectors

Scores from 23 Public Use Cases* out of 27
*for which Logistic Regression is applicable
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General Reasoning Al — Synthesis 1/3

BENEFITS OF XTRACTIS Al
Since 2003, the only one robust and intelligible decision-making Al

< capable of detecting biases and errors in data and decisions
» capable of auditing human or virtual experts to detect fraud and errors (cf. Aristotle’s Organon)

» capable of revealing, in an intelligible manner, the unconscious decision-making strategies
of an animal, human or artificial brain

» capable of producing trusted critical high-risk decision-making systems

< capable of discovering new robust explicit scientific knowledge

< sovereign & ITAR-free that does not use any open-source Al code

< using only full CPU, at 100% of its FP64 speed, 100% of the time, without any GPU

< that consumes 15 to 40,000 times less energy in model training and 4 million to 15 million
times less in deductive inference than LLMs.

< that successfully passes new robot intelligence test, proposed by [Zalila 2017]

= idagrai
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General Reasoning Al — Synthesis 2/3

IMPACTS OF USE OF TRUSTED PREDICTIVE MODELS

< Autonomous development of trusted models, for personalized decisions, from
authorized and controlled data

< Industry. Greater production of IP assets, discovery of new products adapted to
each (group of) consumer(s)

< Healthcare. More accurate and informed medical decisions:
Y deaths, N medical costs, N medical deserts

» Education. 24/7/365 accelerated and informed training of students thanks to
virtual coaches, justifying their decision in a deterministic and rational manner

< Governance. More fair and informed political decisions: optimization of state
budgets,N social movements, 2 social welfare

= idagrai
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General Reasoning Al — Synthesis 3/3

< Defense. Deterrent weapon (swarms of intelligent drones): ™ conflicts,
Y collateral damage, no destruction of infrastructure. Al vs. Al battle.

< Security. Accelerated and informed fight against malicious acts: » fraud,
“ money laundering, N terrorist actions, N cyberattacks, “ repeat offenses,
Y femicides

< Social Justice. Accelerated and informed fight against discrimination
(hiring, promotion, education admissions algorithms, credit, insurance): 2 inclusion,
Y unemployment, ™ unnecessary training expenses

< Sustainability. ™ energy and hydraulic consumption, ™ carbon emissions
(frugal Al without GPU, small CPUs for very high frequency deduction)

7 Intelligence of Humanity

The luminous Al of explicit knowledge vs the obscure Al of belief

= idagrai
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XTRACTIS model — Making explicit an implicit unconscious decision e 3¢

- - . slide 8
Sweet perception of a fresh tomato: 2 variables, 6 classes, 4 rules (complexity 33.0)
slide 10
>> Classes >> Rules >> Inference
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Binary rule-based model — Intelligible model, but not efficient

Sweet perception of a fresh tomato: 2 variables, 6 classes, 4 rules

>> Classes >> Rules >> [nference £
Mapping @
rather low ; high RUIG o ) §
1 If Total Acidity is rather low ' 7
y 09 And Sum of Sugars is rather low ' £
Lus Then Sweet equals 3.39 . s
E N :ng 339 9 %
Rule ®
" o % Ko woue ¥o =0 If Total Acidity is rather low 299 g
G Total Acidity (mEq/100g) And Sum of Sugars is medium 279 (1) §
Then Sweet equals 7.719 259 2
pred i Ctor #1 : TO tal ACidity = 6.8 7.8 8.8 9.8 10.8 11.8 128 \;J
Total acidity 5
Rule © s
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rather low ; ; very high And Sum of Sugars is above average ecision §§
Then Sweet equals 3.30 - Surface :=
Rule © ¢ is
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T Y R I And Sum OfSUgarS IS Very hlgh 822 E‘
 Sumof Sugars Then Sweet equals 7.49 3L

predictor #2: Sum of Sugars
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Reasoning modes — Human or Robotic

INDUCTION (11t c.)

DEDUCTION (-4t c.) A

ABDUCTION (20t c.) A"?

< idagrai
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Intelligibility Score — 06/2025 Release [zalila & Leroux 2023-2025]

IS(T.) = max(0.00, 5.00 + (Pen1 + Pen2 + Pen3 + Pen4 + Pen5))

where T, is the Al Technique #i

* Penalty 1 (logarithmic penalty regarding the number of predictors):

Pen1(T,) =min(0, 1 — log,,number of predictors)

 Penalty 2 (linear penalty regarding the average number of rules or equations per variable or modality to predict):

] 1 — average number of rules or equations per variable or modality to predict
Pen2(T) = min (0 ) J ! 1 m P yor

* Penalty 3 (linear penalty regarding the average number of predictors per rule or equation):

. 9 — 3 X average number of predictors per rule or equation
Pen3(T,) = min (O , J I D - P 1 )

 Penalty 4 (linear penalty regarding the number of trees per chain, here for BT only):

Pen4(T.) =min(0, 1— number of trees per chain)

 Penalty 5 (maximum penalty due to unintelligibility of synthetic variables, here for NN only):

= idagrai
Copyright © Z. ZALILA & IDAGRAI LABS. 2002-2026. All rights reserved.

)

XTRACTIS’

36/ 31



Screenshots — Induction Convergence: Popper’s refutability

Eﬂ Models Induction
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Screenshots — The most optimal solutions: abduction
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Structure of a Neural Network — Bank Marketing use case
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