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From MLOps to Al-augmented Engineering

2019 Al Engineering and MLOps: Building Production-Ready
Machine Learning Systems

2024 From MLOps to DataOps: Data Engineering for Al-based
Systems

2024 LLMOps: Engineering Trustworthy LLM Systems

2025 Software Engineering in the Al Era: from ML to LLMs and
Agentic Al

2026 Competences for the Al-Augmented Software Engineer
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DataOps

“an approach that accelerates the delivery
of high-quality results by automation and
orchestration of data life cycle stages.”

Data Science

Data

Software
Engineering

DataOps adopts the best practices, Development
processes, tools and technologies from
Agile software engineering and DevOps
thereby promoting the culture of
collaboration and continuous
improvement.

IT Operations

)\ Aiswarya Raj Munappy, David Issa Mattos, Jan Bosch, Helena Holmstrém Olsson, and Anas Dakkak. 2020.
QFontys From ad-hoc data analytics to dataops.
In Proceedings of the International Conference on Software and System Processes. 165-174.




DatadlLLMs: GenAl Tech Stack

Al-native tech stack

Cl-"ontys

Cloud-native tech stack

Application Layer
API & Integration Layer
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1. Retrieval Augmented Generation 2. Natural Language
Source: Market participant interviews
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From Apps to Agents: How the Al-Native Tech

Stack Is Transforming Software | BCGonTech
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LLMs4Data: Al-Augmented Data Engineer

Voorbetoekers v  Exposantworden v  Programma v  Exposantenlijst Blog & Kennis v  Contact

* Pro-active analysis with Al-agents
« “Governed semantic layer”
Mijn werk als journalist en tekstschrijver is door de komst van Al ingrijpend veranderd. Waar ik ° P ro m pt/Req u i re m e n tS e n g i n ee ri n g

ger vask lange rappnrtsn en andere documenten moest scannen in de hoop dat ene relevante

:c;kj of die opvallende conclusie te vinden, gebruik ik n bJ orbeeld Perplexity als ° CheCk Output

oekmachine. Op mijn v gkr\]g\'kbinnen nkele seconden een pu tgwu ntwoord, compleet

met bro nikd kehjkegg ns kan terugvinden. Daal th\ptChtGPT
e b e e Context/ translate output
70 7ijn eigen voorbeelden heeft van de impact van Al

e Ethics & Law

Q1'"011t)’s Augmented analytics verandert de rol van de businessanalist
Rutger Rienks: Van data voor Al naar Al voor data | BI-Platform
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GenAl for Self-Service Analvtics
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Self-Service Analytics In The Age Of Al Agents
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State of Data and Al Engineering 2025
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GenAl for Dashboards
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Agentic DataOps

Agentic DataOps

Proposal: Agentic data stack that can autonomously resolve data asset and
insight requests from a stakeholder (including Al itself).
Process creates a system that is comprised of all data stack stages:

Design and implement data infrastructure

Update and optimize existing data infrastructure & storage

Discover data sources and information (e.g. Search, Enrichment)
Create multi-modal data flow (e.g. Ingestion, Integration)
Monitor and remediate data flows across the data life-cycle

Ensure governance requirements are enforced

Uncover actionable insights (and potential for decision making)

Impact: Democratize value creation from data at speed and scale. Bring
time to value from weeks down to hours by decreasing task times and
reducing human touchpoints / bottlenecks.

A

Fontys | Keynote Lisa Amini-What's Next in Al for Data and Data Management--Pydata Global 2025

Example: Fund Performance Forecasting

Create financial product that forecasts performance across
Asian and European mutual funds.

Additional requirements include low latency, GDPR compliance, price-
performance, high data qualtty, restricted user access.

Storage Agent

Update =g Discovery Agent
Storage
Acquisition Agent
Output 1: Poor analytical

performance. Need better data
Curation Agent engineering.

Output 2: Better but not good
Life-Cycle Agent  enough. Try again.

Output 3: Perfect!

Qo Qo Jo [Do Qo 'Do

BI Agent

A
(0]
n

(¢»)
Q

[2512.07926] Can Al autonomously build, operate, and use the entire data stack?

<|||

= ||
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Human-Gated Agents
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Step 1: The Discovery Engine

The agent reads the source schema,

finds hygiene issues, and writes the
exact SQL to fix them.

Step 2: The Human Gate Step 3: The Execution Engine

The agent stops and files a Jira Once approved, the agent safely
ticket. It waits for the human to runs the SQL and logs exactly what
review the plain-language findings. it did.

The agent proposes. You approve. The agent applies.

Agents to Fix Data Quality Automatically With Control: A Design Pattern | DataKitchen
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Agentic Al for Data Lakehouse

XQDIG Applied & Gen Al Intelligent Automation  Cloud & Data  Digital Products & Platiorms

Webinar | Towards Data Lakehouse Architecture

05 GenAl for Data
Teams: Al-Assisted

Engineering in Data
Lakehouse

| E] January a7 2{)26 !

“‘how Agentic Al shifts data teams from hand-
built pipelines to outcome-driven data
products guided by clear intent and intelligent
assistants.

You'll learn how MCP integrations enable Al
assistants to tap your data catalogs,
databases and transformation tools like dbt -
dramatically accelerating development while
preserving governance and trust.

We’ll show how spec-driven
development turns business needs and
technical requirements into unambiguous,
testable data products - boosting delivery
speed and confidence.

Finally, we’ll explore conversational data
interfaces that allow both technical and
business users to interact with data products
using natural language.”

https://events.xebia.com/5-towards-data-lakehouse-

architecture-webinar-ai-assisted-engineering
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Other Examples GenAl for Data

Al Agents With Dataiku | Dataiku

* Introducing Genie Code | Databricks Blog

 Agent Bricks | Databricks

* Actian introduceert Data Observability Agents | Bl-Platform

« |BM Db2 Genius Hub voegt autonome mogelijkheden toe aan Db2 | Bl-Platform
* Qlik maakt agentic analytics beschikbaar in Qlik Cloud | Bl-Platform

« LLMs40OM: Matching Ontologies with Large Language Models

 Oracle introduceert zelfstandige Al-agents in Database 26ai

« MongoDB opent cloud-database Atlas voor Al-agents | Bl-Platform

 While You Slept, an Agent Fixed 14 Data Quality Failures | DataKitchen

Cl-"ontys
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Applied Research: Supply Chain Resilience

5500 [N

MKG ERP system LLM generator TU/e simulation

GEN

Expansion of internal Generation of large- model h I g h te C h

data for further scale synthetic data Transfer right data to

extraction TU/e simulation model

Goal
Development of a data pipeline between MKG (ERP) and TU/e simulation model

Synthetic data
Deployment of LLM models for data enrichment and synthesis prior to simulation.

Why?
Real ERP data is confidential; TU/e simulation requires much larger datasets than a
single real order can provide.
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Sources

(11 [ ] HOME NIEUWS AUTEURS PARTNERS DOSSIERS AGENDA  VACATURES
i:Bl-Platform.

 BiI-Platform | Business
Intelligence & Analytics

Datawarehousing & Business Oracle snijdt in kosten met Uber realiseert streaming-first data
Intelligence Summit 2026 ontslagronde lake

09/04 | Sjoerd Janssen DWBI Summit 2026: Ready-to-use data MEEST GELEZEN BLOGS | CASES

Op 24 maart 2026 vond in Utrecht de 13de editie van het Data Warehousing & 17/0% How Critical Manufacturing
Business Intelligence Summit plaats. Waar er in de voorgaande edities van dit

uses ClickHouse to bring real-time

event logischerwijze steeds meer aandacht uitging naar generatieve Al en de

. ) intelligence to the factory floor
governance hiervan, lag de focus van dit event ...

26/02 Van Al-hype naar Al-realisme:
08/04 ive il d L if en native Kafka-

service

organisaties verhogen

i - . . . Al-investeringen
#7 Stream De Amerikaanse scale-up StreamNative heeft een nieuwe architectuur ontwikkeld
=) Native om streaming en lakehouse-opslag op hetzelfde opslag- en catalogusniveau 04/02 Databricks State of Al Agents:

samen te brengen. Onder de naam Lakestream behandelt het bedrijf datastromen multi-agentsystemen nemen het over

als lakehouse-primitieven, naast tabellen. De eerste...

21/01 EPD-markt consolideert en
07/04 Inconsistentie van data remt Al in ziekenhuizen verschuiving naar datagedreven en Al-

Q1-"ontys
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CASE STUDY: F1 RACING SIMULATOR
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F1 setup

Students have access to
an F1 setup where "own”
data can be generated

* 4/¥ MotherDuck

Claude /0& Model Context Protocol




®)

T T

MotherDuck MCP Request Flow

Natural language

"Create a Dive for revenue"

Schema exploration
- list_tables
- list_columns

Tool: list_tables
returns schema metadata

> DuckDB engine
| metadata lookup

A

Query generation
writes DuckDB SQL

Tool: query
executes SQL (read-only)

> Live query
| returns results

A

Visualisation gen.
React components + SQL

Dive Viewer app
renders inline in chat

N Live data query
' response

A

Iterate
"add filter for region"

Conversational edit
incremental update

¥

ontys

A

save_dive
versioned + persistent

Tool: save_dive
stores in workspace

> Dive saqu
| shareable + live

T TN


Presenter-notities
Presentatienotities
[Copilot]
Wat is DuckDB?
Embedded analytical database engine.
DuckDB is een “database” die gespecialiseerd is in het snel analyseren van grote hoeveelheden data. Het bijzondere is dat je geen aparte database-server hoeft te installeren of beheren. De database draait gewoon binnen een applicatie, laptop of Python-script. DuckDB maakt het mogelijk om miljoenen records te analyseren op een gewone laptop, zonder dat er een zware databaseomgeving nodig is.
Traditioneel: Data -> Database -> Analyse
DuckDB: Datafiles -> Analyse
DuckDB is voor veel ontwikkelaars de snelste manier geworden om lokaal of embedded analytische queries uit te voeren op Parquet-bestanden* zonder afhankelijk te zijn van een centrale database.
Technisch gezien zit DuckDB precies op het kruispunt van: databases, data engineering, data science, AI
DuckDB is een serverless, embedded, column-oriented OLAP database met vectorized query execution, ontworpen om analytische workloads rechtstreeks op bestanden zoals Parquet uit te voeren zonder een aparte database-infrastructuur.
Of nog korter:
DuckDB is SQLite voor analytics: embedded, maar gebouwd voor columnar OLAP in plaats van row-based OLTP. 
Er is eigenlijk geen één-op-één vervanger die alle eigenschappen van DuckDB combineert (embedded, serverless, SQL, analytisch, snel op Parquet).
MotherDuck = DuckDB + cloud.

* Parquet is een kolomgebaseerd opslagformaat voor data. Doordat gegevens per kolom in plaats van per rij worden opgeslagen, kunnen analysetools zoals DuckDB, Databricks en Fabric veel sneller werken met grote datasets.







Querying in Natural Language

“What data is available in the F1
database?”

MotherDuck Query v

Request

{

"database": "f1",

"sql": "\nSELECT 'spanjeangelo' AS table_name, COUNT(*) AS rows, COUNT(DISTINCT carId) AS cars
COUNT(DISTINCT trackId) AS tracks, COUNT(DISTINCT lapNum) AS laps, MIN(trackLength) AS
track_length, string_agg(DISTINCT trackId, ', ') AS track_ids, string_agg(DISTINCT carId, ', ') AS
car_ids\nFROM main.spanjeangelo\nUNION ALL\nSELECT 'spanjejordi', COUNT(*), COUNT(DISTINCT carId),
COUNT(DISTINCT trackId), COUNT(DISTINCT lapNum), MIN(tracklLength), string_agg(DISTINCT trackId, ',
'), string_agg(DISTINCT carId, ', ')\nFROM main.spanjejordi;\n"

¥

ontys

The f1 database has two tables — spanjeangelo and spanjejordi (uploaded 3/3/2026 and
2/27/2026) — both with identical schemas: detailed per-frame telemetry, presumably F124/25
game UDP telemetry data.

Each table has:

.

27,900 rows, 6 laps, one car (Red Bull Racing), one track: Catalunya (track length 4650 m
— the Circuit de Barcelona-Catalunya, matching "Spanje"/Spain in the filenames)

193 columns covering: lap info (lap number, lap time, distance, validity flags), car
position/orientation (world position/forward/right vectors, yaw/pitch/roll), physics
(velocity, g-force, angular velocity/acceleration), driver inputs (throttle, brake, clutch,
steering, gear, DRS), engine data (RPM, fuel, engine temp), per-wheel data (suspension,
tyre temps/pressures/wear/damage, brake temps/damage, wheel speed/slip), car setup
(wings, camber, toe, springs, ARBs, ride height, brake bias/pressure, differential), assists
(traction control, ABS, ERS, racing line), damage model (wings, floor, sidepods, gearbox,
engine components), and session context (weather, track/air temp, safety car status, pit
status, race position, penalties).

So essentially it's raw telemetry from two separate sessions (by "angelo" and "jordi", likely two
drivers) run at Catalunya in Red Bull Racing — good for comparing driving lines, braking
points, throttle application, tyre/brake temps, or setup differences lap by lap. Want me to dig

into a specific comparison (e.g., lap times, throttle/brake traces, or setup diffs between the two
drivers)?



Creating Dashboards

Create a simple dashboard containing a bar chart which shows the lap times of both
drivers vertically so | can easily see which driver was the fastest.

Workingonit 1Tm10s v

MotherDuck Query v

Request

{

"database": "f1",

"sql": "\nSELECT 'angelo' AS driver, lapNum, MAX(lap_time) AS lap_time, MAX(lap_time_invalid) AS
invalid\nFROM main.spanjeangelo\nGROUP BY lapNum\nUNION ALL\nSELECT 'jordi', lapNum,
MAX(lap_time), MAX(lap_time_invalid)\nFROM main.spanjejordi\nGROUP BY lapNum\nORDER BY driver,
1apNum; \n"

}

Response

MotherDuck Query v

Request

"database": "f1",
"sql": "\nSELECT 'angelo' AS driver, lapNum, MAX(lap_distance) AS max_dist, COUNT(*) AS n\nFROM
main.spanjeangelo GROUP BY lapNum\nUNION ALL\nSELECT 'jordi', lapNum, MAX(lap_distance),
COUNT (*)\nFROM main.spanjejordi GROUP BY lapNum\nORDER BY driver, lapNum;\n"
}

Response

{"success":true."columns":["driver"."lapNum","max dist"."n"1."columnTvoes":

Used a skill dataviz >

Qﬁn tys
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CIRCUIT DE BARCELONA-CATALUNYA - 4.65 KM

Lap time comparison

Five timed laps each, same car and session. Bars are grouped by lap so you can
read who was quicker, lap for lap.

Fastest driver Fastest single lap Average lap
. Angelo 1:20.952 Angelo - Lap 4 1:22.453 512379
Quicker on 4 of 5 laps 1.453s clear of Jordi's best Angelo 1.343s faster on average
Lap time by lap (seconds) @ Angelo @ Jordi
87s
a4s
1:20.9)
a1s I
785
Lap1 Lap2 Lap3 Lap4 Lap5
Lap 0 (out lap) and the final partial lap are excluded — only complete timed laps shown. Axis starts at 785 to make the gap between laps readable.
Exact lap times View table



Open question

Do some general data analysis on the F1 database. Don't use pre

11 . vious promps or a
O some general data analysis on
1 saded tools, used MotherDuck integration

F1 Telemetry — Exploratory Data Analysis

Source: MotherDuck database f1, tables spanj eangelo and spanjejordi — two he

Racing car at Circuit de Barcelona-Catalunya, captured at one sample per metre of tra
tyres, inputs, and session state)

BEST LAP — ANGE|
1:20.952
op 3

The main findings, all worked out fresh from the raw data:

The data is distance-binned rather than time-sampled (4,650 rows per lap = the track length in metres),
and lap 5 in both tables turned out to be garage placeholder rows that need filtering out — a real gotcha if |
queried naively. Once cleaned to the four genuine timed laps, Angelo is both faster (best lap 1:20.952
vs 1:22.554) and much more consistent (lap-time std dev 0.44s vs 1.06s). The interesting twist is where |....
the gap comes from: the two drivers are essentially tied in sector 1, and Jordi is actually quicker in top
speed — the whole deficit shows up in sectors 2 and 3, plus a small detail where Jordi lifts off throttle
slightly in the last 150m of his best lap while Angelo holds full throttle to the line.

A
Q1-"ontys




Quality Matters

The seven deadly sins of

Al-generated data pipelines

@) Gluttony theretry loads twice
THE BOTTLENECK MOVED

© Pride it invented your semantics

m now free
© Greed 10x code, same 40 tests
o Envy the graph never moved

The golden rule
© sloth tests took longer to write

Never let an agent grade

" . " its own homework.
© Vainglory it graded its own homework

€ Lust 30 seconds to production

Code generation speed without automated data quality testing is high-speed technical debt.

The Seven Deadly Sins of Al-Generated Data Pipelines | DataKitchen

datakitchen.io
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What Could Go Wrong?

Students get used to Al tools quickly, but have a hard time understanding

architecture / know where to look for errors

Bugs | caught and corrected in Claude's drafts

These are the specific moments where Claude's first draft was wrong and I caught it before it
shipped. Each one is worth naming because it shows the editorial role I played as the prompter,
not just the prompts themselves.

The Success Rate substring bug

This is the most important one because it was caught g 5 valida with = Claude's first
version of the Success Rate SQL used a substring matcl (ILIKE '%success%') @vhich accidentally
counted Unsuccessful jobs as successful too, because the word ‘success’ is a substring of
'Unsuccessful'. At the 17/04 demo = pointed out that every system showed 100 percent success
which is obviously wrong. I went back, replaced the substring match with an exact match
(LOWER(TRIM(j.successful)) = 'successful') and the rate started reading realistic values. This
story is also documented in the master research document as one of the moments where the
Showroom strategy directly fed back into the build.




SE4DATA - PRODUCT QUALITY



Soft

ware Quality: Data, Models and Code

FUNCTIONAL
COMPLETENESS

FUNCTIONAL
CORRECTNESS

FUNCTIONAL
APPROPRIATENESS

is025000.com

TIME BEHAVIOUR

RESOURCE
UTILIZATION

CAPACITY

CO-EXISTENCE

INTEROPERABILITY

APPROPRIATENESS
RECOGNIZABILITY

LEARNABILITY
OPERABILITY

USER ERROR
PROTECTION

USER ENGAGEMENT
INCLUSIVITY
USER ASSISTANCE

SELF-
DESCRIPTIVENESS

FAULTLESSNESS

AVAILABILITY

FAULT TOLERANCE

RECOVERABILITY

CONFIDENTIALITY
INTEGRITY
NON-REPUDIATION
ACCOUNTABILITY
AUTHENTICITY

RESISTANCE

MODULARITY
REUSABILITY
ANALYSABILITY
MODIFIABILITY

TESTABILITY

ADAPTABILITY

SCALABILITY

INSTALLABILITY

REPLACEABILITY

OPERATIONAL
CONSTRAINT

RISK
IDENTIFICATION

FAIL SAFE
HAZARD WARNING

SAFE INTEGRATION

Qualityin use

Usability in use

[Flexibilily in use

) |

Safety ]

&

Operator health and safety

inuse

Efficiencyinuse

Satisfaction inuse

Contextextel

Accessibliity inuse %

ityinuse

Public health and safety

Quality of Data Product

Inherent Datg Quality

Completeness
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Consistency

i5025000.com
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| Precision |

| Availability |

| Traceability |

| Portability |
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Recoverability |
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ISO25000 Data Quality

https://fontysblogt.nl/a-quality-model-for-trustworthy-ai-systems/
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LLM-enabled Systems: Quality Model
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Model
Quality
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Transparency

Collaboration Effectiveness

Resistance
Reproducibility
Replaceability

Operational Constraint

Leon Schrijvers -

Quality Characteristic
-Fabricated facts presented as true
-Plausible butincorrect statements
Model C X -Invented references or citations
-Misinterpretation of userintent
- Partially correct responses that miss the goal
FL i LC X -lgnoring implicit constraints
Model X -Smallprompt changes leading to significantly different outputs
- Different answers to identical prompts
Reproducibility X -Variation in reasoning or conclusions across runs
-Generation of toxic, biased, or unsafe content
Op i Ll Constraint X - Harmful advice orinappropriate language
-Inability to trace why outputs are produced
-Hidden influence of training data
Transparency -Opague relation between prompt and output
- Behavior drift after model updates
-Regression in performance or style
Replaceabilty X - Loss of prior capabilities
Collaboration = Over-reliance on model output
Effectiveness - Goal-drift
-Promptinjection attacks
-Jailbreaks bypassing safety constraints
Resistance -Uni ded data leakag:

Fontys Hogeschool
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GENAI & DATA @ FONTYS ICT



Fontys ICT — New Professional Profiles

B GenAl Architect

Design Al strategies,
integrated systems, and
ethical frameworks that

align with business needs.

Cl-"ontys

£ GenAl Engineer

Build robust prototypes,
explore frameworks, and
create high-performance

Al solutions.

Study Guide Fontys ICT - Applied Generative Al

Experience
Designer

Craft intuitive interfaces
and smooth Al interactions
through empathetic user

journeys.
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Fontys ICT — Study Programmes

Study programme Software Engineering

[ 1st year ] [ 2nd year ] [ 3rd year ] [ 4th year
Software Applied Complex :
Start . Full Stack . . Enhanced Al Graduation
Design & Generative Internship Software i
Semester i ) Development Techniques Semester
ngineerin stems
Ei Al )

Study programme Business IT & Management

[ 1st year ] ( 2nd year ) [ 3rd year ) [ 4th year
stant Business IT Business IT Applied Business IT Graduati
i & Data & Data Generative Internship & Data Industry 5.0 raduation
Semester . . . Semester
Analysis Analysis Al Analysis

Qﬁn tys

Study Guide Fontys ICT - Programmes



https://studyguide.fontysict.nl/programmes/
https://studyguide.fontysict.nl/programmes/
https://studyguide.fontysict.nl/programmes/
https://studyguide.fontysict.nl/programmes/

GenAl Usage Policy

We view Generative Al as both a productivity tool and a learning tool. This means we
expect you to:

* Achieve more in the same timeframe: conduct deeper research, create higher-quality
professional products, and engage in more profound learning

* Understand that GenAl will not reduce your study time but will elevate the standards
we expect you to meet

e Recognize that your future employers will expect enhanced productivity with GenAl
availability, and our educational standards reflect this reality

FHICT Beleidswiki - Het Fontys ICT Al Manifesto
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Fontys ICT - Infrastructure

2. Gateway 3. Modelhosting

Cl-"ontys

https://chat.fontysict.nl/
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CONCLUSION



Lessons We Are Learning

« Al > Agentic Al > Agents > GenAl > LLMs
« Data engineering ~ Software engineering

« Al-augmented Data Engineer

— Human-in-the-lead Automation

— Verification-driven Engineering
« Start experimenting, prepare for flexibility
« Itis not just about technology

Let's learn together! p.heck@fontys.nl

A
Q1-"ontys
FontysBlogt



https://fontysblogt.nl/author/petraheck/

Questions?

A

Fontys| >FOR SOCIETY Petra Heck, auteur op Fontys, p.heck@fontys.nl, https://www.linkedin.com/in/petraheck/
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