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Syntethic Data Generation PoC @ NTTDATda
1. Generalitat of Catalunya — CTTI



Introduction

CTTI, Telecommunications and Information Technology Center of
Generalitat de Catalunya, is responsible for designing, building,
coordinating and deploying technological projects to provide solutions to

the departments and different bodies of the Public Administration.

Currently some of the digital transformation initiatives of CTTI are related

with data, namely the implementation of a centralized data platform
called PTD - Plataforma Transversal de Datos, and in top of that, an
advanced analytics platform to support Al and GenAl use cases.
Another reference project is the development of an integrated platform for

the Social services of the government, named eSocial.

These initiatives led to the need of having a platform to generate

anonymized data, to be used for example in advanced analytics, e.g., Al

Centre de Telecomunicacions
i Tecnologies de la Informacio

model training, and for software development integration tests.
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Syntethic Data Generation PoC @ NTTDATa
2.1 Overview



Introduction

The eSocial information ecosystem is composed by a mosaic of 12 information systems that supports different areas and

processes of the Department of Social Rights, and it’'s being modernized and integrated. For the integration tests exists a need

of usage of real data to test all the scenarios, but it's necessary that this data is fully anonymized, keeping the

representativeness.

Plataforma eSocial

eSocial

tSocial: tramitador d’expedients

uSocial: gestié de les urgéncies socials

~ uSocial tSocial

preSocial: prevencio de risc social

vSocial: sistema de valoracio i 7~
orientacié6 (discapacitat, dependéncia)

dSocial

sSocial: gesti6 de serveis (places,
facturacio, llistes espera...)

dSocial: consolidaci6 i gestié de dades

ecoSocial: gestié econdmica i

pSocial: provisié de serveis
(acreditacio i contractes)

ressupostaria ]
P P -® ecoSocial hSocial

hSocial: Historial Social amb forta
dependéncia amb Salut

wSocial: intervencié social (Hestia)

ISocial: relacié amb mén local

plaSocial: Programacio, planificacio i
avaluaci6 de serveis

(Contracte Programa,...)

For this PoC was selected data from tSocial system (Case file

processing) to be fully anonymized.

* Management of social emergencies

» Assessment and orientation system (disability, dependency)

» Data consolidation and management

« Economic and budgetary management

* Social intervention

* Relationship with the local community

* Case file processing

* Social risk prevention

» Service management (places, billing, waiting lists...)
* Social history with strong dependence on Health

» Service programming, planning, and evaluation
® nNTTDaTa



MOSTLY Al

Is the leader in this space
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personal data
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95% of the world’s valuable data remains
locked away and underutilized

At MOSTLY Al, we're unlocking this potential by
providing privacy safe access for everyone
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Synthetic data is an
artificial version of
your real data

Synthetic data looks and feels
like real data, but because it's
artificially created it's very
flexible

Bigger or smaller
Rebalanced
Augmented
Imputed

Genal Zunch 2025 | PUBLIC
e

} What is Al generated Synthetic Data?

7

=)

Synthetic data
is NOT mock data

Synthetic data is much more
sophisticated than mock data

It retains the structure and
statistical properties (like
correlations) of your real data

You can confidently use it in
place of your real data

Synthetic data is
safer than legacy
data anonymization

Legacy data anonymization
can be dangerous

Synthefic data points have no
1:1 relationship to the original
data

Synthefic data is a much safer
alfernative

MOSTLY- Al



P The Open-source Synthetic Data SDK sets a new standard

— pip install mostlyai

Versatility: Full-Featured SDK

« Broad Data Support
= Mixed-type data (categorical, numerical, geospatial, text, etc.)
= Single-table, multi-table, and time-series

+ Multiple Model Types
= TabularARGN for SOTA tabular performance

= Fine-tune HuggingFace-based language models
= Efficient LSTM far text synthesis from scratch

+ Advanced Training Options
= GPUJCPU support

= Differential Privacy
= Progress Maonitoring
« Automated Quality Assurance
= Quality metrics for fidelity and privacy
= In-depth HTML reports for visual analysis

+ Flexible Sampling
= Up-sample to any data volumes

= Conditional generation by any columns
- Re-balance underrepresented segments
= Context-aware data imputation

= Statistical fairness controls

o Rule-adherence via temperature

+ Seamless Integration
= Connect to external data sources (DBs, cloud storages)

= Fully permissive open-source license

MOSTLY Al & NTT | CONFIDENTIAL

Efficiency: SOTA Accuracy while 10-200x faster than anyone else!

Adult (Flat Table) - Training Time

B0 min

&0 min

40 min

20 rin

0 min

Adult (Flat Table) - Overall Accuracy

100%

T5%

25%

23 min

TabularARGM  Tabular&RGMN
DP g=2.8

TabularARGN TabularARGMN
DPe=2.8

TabSyn

TabSyn

CTGAN

CTGAN

STaSy

STasy

Baseball (Sequential Data) - Training Time
1500 min

1000 min

500 min

3 min 43 min

@ rin
TabularARGN THBI.IPIDI'HSRGGN ClavalDPM RC-TGAN REalLTabFarmer
E=3.

Baseball (Sequential Data) - Accuracy
100%

5%

25%
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P MOSTLY Al Synthetic Data

Access + Insights

Data Data MOSTLY Al
Storage Pipeline Platform
m Connect MOSTLY Al to your data
m Create a Generator with that dafa as E —
an input and share it with others Clot data
warehouse
m Data Consumers discover available
- 0q :
Generators on the Platform =] > 50 M
] Data !ake Data transinrl_'natiun oSt .
s And use Generators to flexibly create L R it
synthetic data for their use cases g
m  Unlike real datq, synthetic data has no —
privacy limitations
1\ : i~ Micrsoft 3
My / rﬂﬁrrgs‘}ﬂ WS FosioreSQl #SQL Server aWs  oracLe '4 54:0:'-& snowflake  Google Cloud 4 %Oﬁgrlf
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MariaDE

Data
Consumption

Data collaboration

<

Data insights

< databricks
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» MOSTLY Al Assistant
Access + Insights

= A natural language interface on ; o
top of privacy-safe synthetic data ¢

as the key to data democratization

. What do you need today? ¢

m Conduct exploratory data analysis

(EDA) by simply talking to your data | Which customer groups drive the highest revenued| B>
m Create charts and visualizations %

Explore the data to
m Train ML models on your data and find insights. R o
) Create data out
leverage explainable Al (XAl) to of nothing.
understand model decisions A
MOSTLY Al & NTT | CONFIDENTIAL S5 M 0 S - LY AI



P MOSTLY Al enables a wide range of use cases

ata Sharing

Al/ML
development

ustomize
anguage
Models

elf-service
analytics

are Testing
& QA

MOSTLY Al & NTT | CONFIDENTIAL

Generafte anonymous synthetfic

data to share your data easily

Speed up your Al/ML development
initiatives and get to value faster

Fine-tune LLMs with

privacy-preserving synthefic text

Use the MOSTLY Al Assistant to understand
your data and generate insights

Leverage synthetic data for development and
testing in non-production environments

&
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Syntethic Data Generation PoC @ NTTDATa
2.2 Implementation and Results



Introduction

The PoC was implemented in the development environment of the brand-new data platform of CTTI composed of several
components for data ingestion, processing and storage, and for advanced analytics (Al and GenAl), leveraging Databricks

ecosystem implemented.

Data Sources Consumers
Data
Private CPD Ingestion A @ O ) O Serving Private CPD
rivate
i Department Bl
Eventhub Azure Cost Gitiaub Microsoft Azure b DELTA SHAR|NG
Department Plataforma Kafka Wanagement i Entra D Key Vault '6:
Systems &) CONFLUENT . N Eventhub c tive BI
0SQL Data venthu orporative
i Data Lake + MLOps & GenAl < databricks ~ Nes Blata e
arka Uﬂ Unity Catalog Py (3) CONFLUENT Portals
e - Y]
II External Models Machine Learning \‘ Processing \ Y4 §g kafka
31 Party - 1 :
: A@ miflow T N Atlas Backoffices
aWS -| <+ 1 Automation @ 1 Sp OfK. mongeD "
1 - -
1 [ ol Vet B i 4] d
<, IDBC | BE & ™ o P EhL €0 + Syctom.
= \‘.Soripts Jobs Gateway s Clusters . Systems
ETL/DQ Delta Lake _ ﬂ Relational e IBM API Connect
- N Q L) '.|
=7 - # Q Data Lake
) o -
L Notebooks  Jobs DELTA LAKE

L} :‘
— ot
ovec denodo*
. RE e ———————— \
Google Cloud Azure Storage Account ... Azure Container Instances o Postgresal I %EII-}J Model Serving 1
18_j1.° 1

Google Cloud

= ¥

Label: )
Data Governance G Informatica

e
|_Jl MLOps & GenAl components
® nNTTDaTa



Introduction

The Mostly.Al SDK (Python SDK) was installed in Databricks development environment, adding capacities of generation of

synthetic data, in the Data Governance module.

..‘ llllllllllllllllllllllllllllllllll ..’ "| llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll .."
- - - -
: : ; < databricks k
: External Models : : .
: : Vector Database Search Language Model Registr}', : .‘IIIIIIIIIIIIIIIIIII..
E - for RAG Transformers Comparison, Deployment g " :
aWS E H | o @ | Hugging Face m I]("' W 3 Servi ng .
. d MLflow Model . End pOi nt .
P RAG Vector Deen Learning Librari e Registry '?_E_Z . . :
. " ol eep Learning Libraries *on - .
i Databricks Pipelines Database b ki m] Databricks & H
i:e Model O PyTorch Databricks MLflow Al .
* . Data Governance TensorFlow Model Serving Deployment Server Model i:.é:; .
Serving Serving = .
- [ |:| Unity Catalog Automation Lakehouse Monitoring -
. MOSTLY:AI @ Databricks o . :
rd : . - . Asset Bundles /! = . .
: 3 -Party MOdeIS : E Optlmlzec’ compu“ng = > uneles — -~ @ ﬂl]n : -'l EEEEEEEEEEEEEEENEENEE N
: *Text embedding/completion/summary = . 22 & Auomated Metric  Inference : .
' * Audio and image processing : : Soark K vl @& alerts Tables  Tables . eporting .
. - E p Scripts  Jobs Dashboards .
» - - ¥
."t --------------------------------- i‘: * Y NN NN NI NN NN NN NN NN NN NN NN NN EEEEEEE NN NN EENEENEEEEEEENN NN EENEEEEEEEENEENEEE -".
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Scope of the PoC

Generate synthetic data to be used for software development integration tests in a pre-production environment,

for the modernization of the platform eSocial of the Generalitat of Catalunya.

Approach

v

Generate a synthetic dataset that maintains the characteristics of the original data, the

coherence between the data, and the relationship between tables.
All data/attributes in the dataset will be replaced by synthetic data — full privacy protection.

Verify that the use of Mostly.Al meets the needs for generating synthetic data across cross-

database tables.

In this PoC 3 tables will be used, loaded in Databricks, from on-prem database tSocial.

»

Import data from on-
prem databases

dat

@ >MOSTLY-Al
abricks S renermtion”

€

databricks

® nNTTDaTa



Scope of the PoC

For this PoC was selected 3 tables from tSocial system (approximately 7.5M data points) to be fully anonymized:
* ActuacionsNomina;
« PagamentNomina

e Titular

tSocial.Titular

N_Procediment P | identificador

Usuari_Solicitant

N_Expedient N nom

N _Procediment

Data_actuacio cognomPrimer

Efecte_ Nomina N_Expedient correuElectronic
# columns: 4 # columns: 12 # columns: 39
# rows: 190.142 # rows: 278.373 # rows: 86.569
Size: 1.1 MB Size: 1.69 MB Size: 6.2 MB

® nNTTDaTa



Mostly.Al process

The process to generate synthetic data with Mostly.Al involves the following steps, that can be done using the
Synthetic Data SDK (open source) or App.

Evaluate
generator
results

Data Training and Test of a new

Collection Generator

. @ >MOSTLY Al
Import data from on- o ntethic Data .
prem databases dqtabrICks S)lentel:at:())nt dCIthrICkS

A Mostly.Al Generator bundles the training of Generative Al Models and the definition of
metadata about tabular data, including table schemas, table relationships and data types.
They leverage advanced Al techniques such as Transformers, GANs, Variational
Autoenconders and Autoregressive Networks to ensure accuracy, privacy and flexibility.

® nNTTDaTa



Mostly.Al Implementation Details

Evaluate generator

Data Collection

Training and Test of a new Generator

results

[ ¥ N N N N N § § § | ‘
Original tables
tSocial.ActuacionsNomina . :
N Procediment tSocial. pagamentnomina identificador
| ~ 2 days ago (<1s) 7 - ‘_l_ i ici
N_Expedient Usuari_Solicitant nom
from pyspark.sql.functions import countDistinct, lit, cencat '—‘ N Procediment N
Data_actuacio = cognomPrimer

df_rel_exp_pro_titular = (df_pagamentnomina.groupBy(

Efecte_Nomina N_Expedient correuElectronic

df_pagamentnomina.N_Expedient,
df_pagamentnomina.N_Procediment,
df_pagamentnomina.Usuari_solicitant

)-aga(
countDistinct("N_Expedient”, "N _Procediment”, "Usuari solicitant™).alias("distinct _user_count™)
)

.withColumn(*N_Exp_Pro”, concat(df pagamentnomina.N_Expedient, 1lit("

"), df_pagamentnomina.N_Procediment))

.drop("distinct_user_count™)

)

#Add N_Exp Pro and Usuari_solicitant to dataframe ActuacionsNomina
df_actuacionsnomina_processed = (
df_actuacionsnomina
.withColumn("N_Exp_Pro”, concat(df_actuacionsnomina.N_Expedient, 1it("_"), df_actuacionsnomina.N_Procediment))

.join(df_rel_exp_pro_titular, on=["N_Exp_Pro"], how="left")

.select(df_actuacionsnomina["*"], df rel_exp_pro_titular["N_Exp_Pro"], df_rel_exp_pro_titular["Usuari_solicitant"].alias("identificador"))

)

#Add N_Exp_Pro to dataframe PagamentDomina
df_pagamentnomina_processed = (
df_pagamentnomina

.withColumn("N_Exp_Pro", concat(df_pagamentnomina.N_Expedient, 1it("_"), df_pagamentnomina.N_Procediment))

)

» B df_actuacionsnomina_processed: pyspark.sgl.dataframe.DataFrame = [N_Expedient: string, N_Procediment: string .. 4 more fields]
» B df_pagamentnomina_processed: pyspark.sql.dataframe DataFrame = [Usuari_solicitant: string, N_Expedient: string ... 11 more fields]
» B df_rel_exp_pro_titular: pyspark.sgl.dataframe.DataFrame = [N_Expedient: string, N_Procediment: string ... 2 more fields]

# columns: 4
# rows: 190.142
Size: 1.1 MB

# columns: 12
# rows: 278.373
Size: 1.69 MB

|

Processed tables (nested schema approach)

Usuari_Solicitant

N_Procediment

N_Expedient

N_Exp Pro

(FK) I

N_Procediment

N_Expedient

Data_actuacio

Efecte_ Nomina

# columns: 39
# rows: 86.569
Size: 6.2 MB

tSocial.Titular
identificador (PK)

nom

cognomPrimer

correuElectronic

Identificador (FK) I
N_Exp_Pro (P) I

I New attributes

® nNTTDaTa



Mostly.Al Implementation Details

Evaluate generator

Data Collection > Training and Test of a new Generator results

h-----------------------'

actuacionsnomina_table_config = {

“name": "actuacionsnomina”,
H = “data": df_actuacionsnomina_processed,
Each table requires detailed Lo ool conisunetiones ¢
"max_training_time": 9@
configuration to enable the h
"primary_key": "MN_Exp_Pro",
. "foreign_keys": [{"column": "identificador", "referenced_table": "titular", "is_context": True}],
generator tO |earn ItS Structure "columns": [{"name" : "M_Expedient”, "model_encoding_type": ModelEncodingType.tabular_character},
{"name" : "N_Procediment”, "model_encoding_type": ModelEncodingType.tabular_character},
{"name" : "Data_actuacio”, "model_encoding_type": ModelEncodingType.tabular_datetime},
{"name" : "Efecte Nomina", "model_encoding_type": ModelEncodingType.tabular_categorical},
{"name" : "N_Exp_Pro", "model encoding type": ModelEncodingType.auto},
{"name" : "identificador", "model_encoding_type": ModelEncodingType.auto}]
¥
After table configuration, they
generator_config = {
are assembled into a multi- "name”: "Multi-table Generator®,
“tables": [titular_table_config, pagamentnomina table_config, actwacicnsnomina_table_config],
table generator }

configuration.

e Once configuration is " ’
# train a synthetic data generator
Complete, the generator generator = mostly.train(name="ctti", config=generator_config)

print(f"{generator.id} {generator.name} - {generator.accuracy}")

model can be trained. > (5) Spark Jobs

Created generator 7eb2ad63-777d-4474-9363-df5T64T73b7a

Started generator training

® nNTTDaTa



Mostly.Al Implementation Details

Evaluate generator

Data Collection Training and Test of a new Generator e

After successfully training a generator model, the next phase of the workflow involves generating the synthetic data

and storing it in Databricks tables.

Generator importing and synthetic data generation Dataframe conversion and saving to Databricks Unity Catalog

» v/ 23 hours ago (43m) 16 df_syntetic_titular_spark = spark.createDataFrame(df_syntetic_titular)

g = mostly.generators.import_from_file('/volumes/admin_govern_sta_des/tmp_mostlyai/generator/generator-7eb2ad63.zip") U syminle, QEEEisnEIEinE SR = SRl Eremie N (il Asineeenens Fi)
- df_syntetic_pagamentnomina_spark = spark.createDataFrame(df_syntetic_pagamentnomina)
df_samples_test = mostly.generate(g, size-86_000)

df_syntetic_titular spark.write.mode("overwrite").saveAsTable("admin_govern sta_des.tmp mostlyai.syntetic titular preprocessed”)
Imported generator 337ec6f6-8e45-4307-a73b-68771eb8b396 df_syntetic_actuacionsnomina_spark.write.mode("overwrite™).saveAsTable("admin_govern sta des.tmp mostlyai.
syntetic_actuacionsnomina_preprocessed™)
Created synthetic dataset b5281170-097b-405e-8aeb-boelfe21ffba with generator 337ec6f6-8e45-43067-a73b-68771eb8b396 df_syntetic_pagamentnomina_spark.write.mode("overurite”).saveAsTable("admin govern sta des.tmp mostlyai.

started synthetic dataset generation SEIEE_[pETE Tkl [RGERIeseei)

® nNTTDaTa



Evaluation Metrics

In Mostly.Al each trained generator is evaluated with an auto-generated report.

Model Report for actuacionsnomina:tabular

Generated on 12 Mar 2025, 14:02 = 41,211 original samples, 43,139 synthetic samples

Accuracy @ Univariate

0,
9 6 . 6 J"a Bivariate

Coherence

Correlations

97.1%

96.5%

96.1%

Similarity @

Cosine Similarity  0.99973

Discriminator AUC 49.4%

Correlation Matrices

Distances (O

|dentical Matches 48.5%

Average Distances 0.081

Quality metrics dimensions:

» Accuracy

Accuracy of synthetic data is assessed by
comparing the distributions of the synthetic and the
original data

« Similarity

Explains how similar the synthetic data is to the
training data. It's expected these similarities to be
close.

« Distances

Synthetic data shall be as close to the original
training samples, as it is close to original holdout

samples, which serve us as a reference.

® nNTTDaTa



Evaluation Metrics

Results for the table actuacionsnomina

Model Report for actuacionsnomina:tabular

Generated on 12 Mar 2025, 14:02 « 41,217 original samples, 43,139 synthetic samples

Accuracy D Univariate 97.1% Similarity © Cosine Similarity  0.99973 Distances O |dentical Matches 48.5%
96.6% var scrimi :
. Bivariate 06.5% Discriminator AUC  49.4% Average Distances 0.081
Coherence 06.1%
column Unlval’lale B I"arlate CDheI'EnCe ‘Cumulative Distributions of Distance to Closest Records (DCR)
N_Procediment 99.2% 98.3% 98.5%
N_Expedient 98.6% 97.6% 96.9%
Efecte_Nomina 98.1% 97.7% 96.8%
Sequence Length 96.3% 95.7%
Data_actuacio 93.7% 92.8% 92.3%
Total 97.1% 96.5% 96.1%

O NTTDaTa



Evaluation Metrics

Results for the table pagamentnomina

Model Report for pagamentnomina:tabular

Generated on 12 Mar 2025, 13:16 e 43,4417 original samples, 43,441 synthetic samples

Accuracy @ Univariate 95.4% Similarity @ Cosine Similarity  0.99769 Distances @ Identical Matches 0.0%
94.0% v i : -
. Bivariate 92.7% Discriminator AUC  93.7% Average Distances 0.153
Coherence 94 1%
CDIumI‘I Unlvarlate Blvﬂrlate CDherenl:e Cumulative Distributione of Distance to Closest Records (DCR)
Tipus_Expedient 99.5% 96.0% 99.4%
Ambit_Territorial 99.4% 95.9% 99.3%
Provincia 99.4% 95.9% 99.3%
Tipus_procediment 99.4% 95.9% 98.9%
Municipi 99 2% 95 6% 99 0%
Sequence Length 98.8% 94 3%
Data_nomina 97 3% 93 5% 952%

Data_pagament 96.7% 92.9% 94.6%



Evaluation Metrics

Results for the table titular

Model Report for titular:tabular

Generated on 12 Mar 2025, 12:35 e 86,569 original samples, 86,569 synthetic samples

Accuracy @ Univariate 96.2% Similarity @ Cosine Similarity  0.96851 Distances © Identical Matches 0.0%
94.5% vari scrimi -
. 0 Bivariate 92.9% Discriminator AUC  80.9% Average Distances 0.775
Column Univarlate Bivarlate
telefonFix 100 0% 96.0% Cumulative Distributions of Distance to Clossst Records (DCR)
situacioPersona 99.6% 95.9%
residenciaTipusDomicili 99 5% 95.7%
cognomPrimer 99.4% 95.6%
residenciaQualificador 99.3% 95.7%
residenciaBloc 99.2% 95.5%
telefonMobil 99.1% 95.5%
correuElectronic 99.1% 95.6%
identificadorTipus 991% 95 5%
notificacioQualificador 99.1% 95.6%
naixementData 98.9% 95.2%
genere 98.8% 95.4%

® nNTTDaTa



Challenges

Configure Tables and Their Relationships

Working with related tables, whose relations must be retained, is challenging and involves a proper documentation of the
database relational model and clarifications with client stakeholders.

As most of the time the documentation is not updated the effort to have a relational model could be work-intensive and time-

consuming as involve several interactions. Could be a blocker in the progress.

Preprocessing Data and Contextual Parental Relationships
MOSTLY.AI supports retaining correlations between tables, specifically between a child table and its parent table ("context"
parent). The challenge lies in deciding which parent table relationship should be considered as the context, as correlations

can only be retained for one parent.

Statistical Representativeness of Generated Tables
Ensuring that the newly generated tables are statistically representative of the original data is crucial for the validity and

reliability of synthetic data.

Training time & number of training executions

® nNTTDaTa



Lessons Learned

Steps to address configuring tables and their relationships:

=0 » Define Primary Keys;
— « Establish Foreign Key Relationships;
—o= « Configuration tools.

Steps to address Preprocessing Data and Contextual Parental Relationships
* |dentify Contextual Relationships;

« Configure Context Parents.

Steps to address Statistical Representativeness of Generated Tables
* Analyze Original Data;
* Implement Generative Models;

« Validation and Testing.

Training time & number of training executions

« Trade-off between training time and costs

® nNTTDaTa



Syntethic Data Generation PoC @ NTTDAaTa
Mostly.Al — Running Cost



Running Cost

There are 2 possibilities of using Mostly.Al for synthetic data generation:
1. usage of the Synthetic Data SDK, under a fully permissive Apache v2 license;

2. usage of the Mostly.Al Platform.

The usage of the SDK is free (open-source licensing) and for the Al Platform there are 4 License options: Starter,
Business, Unlimited and Enterprise.

Package Options Starter Business Unlimited Enterprise
Platform Instances/agents 1 Upto 4 Unlimited Unlimited
Data Creators 1 Unlimited Unlimited Unlimited
Platform License Term 12 months 12 months 12 months Minimum 3 years
Initial Data Usage term 6 months unlimited 6 months unlimited 12 months unlimited
Professional Services n/a n/a n/a Deployment, Onboarding and Training included
Data Credit Cost $5/€5 $4/€4 n/a $4/€4
Annual Subscription ($/€) 100.000 150.000 250.000 250.000
Notes

» Data Usage: 1 credit = 1 million data points (rows x columns x tables)

» Data Credit Cost: After initial data usage term. Packages available for pre-purchased credits.

® nNTTDaTa



Running Cost

If the option is to use the Synthetic Data SDK, installed on a Databricks instance, for total anonymization with

synthetic data of the 3 tables selected from tSocial information system, the running cost is presented below.

Licensing Free
Processing DBU consumption *

4 DBU/hour — 13 DBU/total
Data Points (=rows x columns x tables) 7.588.860
Runtime 3h10m (Configuration, Training and Generation)
Accuracy actuacionsnomina: 96.6%

pagamentnomina: 94.0%
titular: 94.5%
Total Cost Estimate € 39,60
Notes: i

» Databricks cluster: Standard_D16ads_v5, 1 Driver, 64GB Memory, 16 cores; Unity Catalog;
. Azure Databricks Pricing reference: 3,046 €/DBU-hour

® nNTTDaTa
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