
5 Steps to Better 
Data Quality
For Generative AI & Beyond



85% of AI decision-makers believed that internal 
data is high quality and ready for use in AI 
applications.

don’t actually trust the information 
provided by Generative AI.2

of organizations still rely on error-
prone spreadsheets as their primary 
tool for data manipulation.1

of organizations have faced serious 
issues due to spreadsheet errors.1
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However...

Of those who cited data quality and usability as 
their main data infrastructure challenge, nearly 
half — 48% — said a lack of clean data was the 
greatest data quality and usability hurdle.

45% of senior analytics and IT leaders cite data 
quality and usability as their main challenge with 
data infrastructure.1
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Data Quality 
Struggles? 
You’re Not Alone.
You already know how data quality can impact 
analytics and so-called “traditional” machine learning 
(ML) pipelines by causing flawed business decisions 
or missed opportunities. For example, out-of-date 
customer information resulting in the wrong products 
featured for upsell or cross sell, or a spreadsheet with 
low-quality data leading to erroneous conclusions.

But, as many organizations are currently finding out, 
data quality also plays a critical role in the success of 
Generative AI initiatives. 

1	 https://pages.dataiku.com/cio-guide-to-modern-analytics
2	 Forrester Artificial Intelligence Pulse Survey, September 2023 



Poor data quality can result in large language models (LLMs) learning 
from incorrect, biased, or incomplete information, which subsequently 
generates flawed or biased outputs. This can undermine the credibility and 
effectiveness of Generative AI applications, affecting their adoption and 
trust among users.

And that’s not all: In a world of increasingly stringent AI regulations, data 
quality matters even more. For example, organizations might need to be 
able to locate an individual’s information quickly — without missing any of 
the collected data due to inaccuracies or inconsistencies.

Bottom line? The stakes have never been higher.
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Data Quality Done Right: 
A Competitive Advantage

If you’re struggling with data quality, you’re not alone. But it doesn’t make 
data quality less important. In fact, those who are getting it right are 
getting ahead. 

Before we dive into best practices, it’s important to make the distinction 
between data quality work that happens when ingesting data into, for 
example, a data warehouse and the work that happens to prepare data for 
consumption by end users, whether for analytics, ML, or AI. 

This compact flipbook will focus on the latter. In particular, we’ll look at 
how to address data quality in a way that allows analytics, data science, 
ML, AI — whatever the final “product” might be — to flourish. 

“A lack of quality data is probably the single biggest reason 
that organizations fail in their data efforts.”

— Jeff McMillan, Chief Data & Analytics Officer, Morgan Stanley Wealth Management

Jeff McMillan shared that the data quality efforts at Morgan Stanley Wealth Management 
(a Dataiku customer) took about five years to implement in a meaningful way and today 

make up one of the company’s competitive advantages.



1. Don’t Fall Into the Catch-22 of 
“Solving” Data Quality 

3	 McKinsey “Moving past gen AI’s honeymoon phase: Seven hard truths for CIOs to get from pilot to scale”

Go for the right data, 
not the perfect data.3

There is a massive corner of the data and AI software and services world 
dedicated to data quality. Hundreds of tools and companies promise to 
address it, and organizations are spending millions to “fix” it. 

The problem is these solutions are only capable of addressing part of the 
problem. 

The usual approach is to consider that quality of data must be solved 
before exposing it to domain owners. But only domain owners have the 
intricate knowledge of the data required to establish that quality — and 
they can only address quality by using the data. 

Data quality is actually both a requisite and an output of use cases 
(whether it’s analytics, ML, or AI) and, as a consequence, data quality 
must be integrated in the use case processes themselves and within the 
interactions with domain experts.

That means companies must start to address data quality first and 
foremost by accepting it not as a problem that can be solved in and of 
itself. 



Traditionally, IT owns data quality. The problem is, as previously 
mentioned, they probably don’t know the business data deeply. So as 
tempting as it may be for IT to wholly own data quality, centralization 
without a larger goal or purpose won't actually generate business value 
and, ultimately, will result in data quality efforts falling flat.

That means the problem of data quality isn’t always a technological 
one, but an organizational one that requires synergy across all people 
and teams. When it comes down to it, many organizations don't have a 
repository of high-quality and trusted datasets. And, when they do, they 
may not be accessible in any simple way and available for constant reuse 
and are, instead, commonly siloed or fragmented.

So to avoid the aforementioned Catch-22, organizations must democratize 
data quality by giving, for example, analysts and business people similar 
access to data quality understanding as data engineers. In addition to 
access, there must be a clear and defined process for issue management 
control. In other words, when people find data quality issues, how do they 
practically (and quickly) solve them? 

2. Democratize Data Quality
Role That Owns the Data Quality Responsibility Within the Organization
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3. Embed Data Quality 
Across Operations

Giving access to data quality understanding and having a process for 
issues is the first step, but it doesn’t stop there. To improve data quality, 
you also need to give builders the tools to proactively address data quality 
in the context of building real use cases. 
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For example, Dataiku — the Universal AI Platform — offers embedded, 
as-you-go data quality infrastructure that allows everyone within an 
organization to have a hand in data quality, ultimately more effectively 
operationalizing it across the analytics and AI lifecycle. This includes:

•	 Increased data literacy via shared understanding of data quality status 
across all stages of the project lifecycle. Everyone working with data — 
whether for analytics, AI, or Generative AI projects — has an accurate and 
trusted view.

•	 Greater control over data quality and the ability to quickly identify and fix 
issues proactively.

•	 A unified view of data quality contextualized in data flows, in project 
dashboards, and alongside universal MLOps views to make data quality a 
standard view of project health. 



4. Understand How Addressing 
Data Quality Differs for 
Generative AI Use Cases

When it comes to Generative AI, data quality still matters — potentially 
more than ever. Biases or errors present in your real data will inevitably be 
reflected in Generative AI outputs. Imagine feeding a Generative AI model 
customer data riddled with inconsistencies. The output might look realistic 
on the surface, but it wouldn't accurately represent your real customer 
base.

That said, addressing data quality in Generative AI doesn’t look exactly the 
same as addressing it in a more traditional data pipeline. For example, it 
might look like this: 

•	 Creating a Retrieval Augmented Generation (RAG) system and training on 
high-quality inputs.

•	 Model fine-tuning to supplement models and reduce hallucinations.
•	 Prompt engineering to identify the best-performing prompt/model 

combinations that result in the highest level of data quality and accuracy.

The advantage of using a platform like Dataiku is that you don’t have to 
buy another tool, or switch tools, to address low-quality Generative AI 
responses. Builders still have the power to take data quality issues into 
their own hands and address them as they’re shaping those use cases.



5. Make Data Quality Part of 
Larger Governance Efforts
The final step to getting ahead with data quality is widening the thinking 
around data quality from a narrow problem to part of larger governance 
efforts around data and AI projects.

This might include aligning on a clear definition of what “quality” means. 
For example, different lines of businesses using the same data (e.g., 
marketing and finance both use customer data) may have different 
standards and, therefore, different requirements and expectations for data 
quality initiatives.

It might also include establishing a process for the ongoing monitoring 
of data quality metrics and implementing continuous improvement 
initiatives to address emerging issues and maintain high standards. 
For example, if data shifts over time and is causing an ML or Generative 
AI model in production to behave poorly, how does this problem get 
identified and who addresses it? AI governance, operations (whether 
MLOps or LLMOps), and data quality are — at the end of the day — all 
intertwined. 



Dataiku customer Bankers’ Bank uses Dataiku to ensure data quality 
across an array of financial analytics. As a result, the team has been able to 
reduce the time to prepare analyses and deploy insights by 87%. 

They do transactional reporting on the different volumes of transactions 
they process, which was previously very manual. Data was pulled in from 
various sources (including a CRM) and validation included extensive 
backtracking to pinpoint where any errors occurred without visibility to the 
entire data flow, which was — at times — nearly impossible. 

Thanks to their use of Dataiku, the Universal AI Platform, the team 
has been able to reduce time associated with pulling that data while 
simultaneously improving the data quality and reliability.

Bonus: 
Data Quality in Action With Dataiku



Final Thoughts
Effective data quality management is key for delivering accurate, reliable 
insights that drive strategic decision-making. By thinking of data quality as 
ongoing work as part of building use cases, organizations can unlock the 
full potential of their data assets and gain a competitive edge in today's AI-
driven landscape.

That means data quality management is not a turnkey initiative that is 
handled all at once. Rather, it’s an ongoing process that needs to involve 
the business from the beginning in order to be successful. 



Improve Your Data Quality 
With Dataiku

With data quality features in Dataiku, have confidence that your insights are built on a solid 
foundation. Track, verify, and fix data quality so that you can deliver powerful (and trusted) insights.

LET’S GO

https://www.dataiku.com/product/key-capabilities/data-quality-in-dataiku/
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