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Abstract

Data science plays a transformative role in the semiconduc-
tor industry by optimizing manufacturing processes, enhanc-
ing chip design, and strengthening global supply chains. It
enables predictive maintenance, increases production yields,
and accelerates R&D, helping the industry innovate to meet
the demands of AI, IoT, and high-performance computing.
While data science is accelerating scientific discovery and en-
gineering design, the current data-centric approach is subop-
timal, leading to many failed projects in this complex envi-
ronment.
This paper challenges that prevailing data-centric approach,
introducing a new paradigm that focuses on the understand-
ing of the business challenges and research problems over
the data itself. This shift, while seemingly subtle, demands
a fundamental change in mindset, requiring data scientists
to develop strong subject matter expertise and a deep under-
standing of the business needs. By effectively identifying and
defining the business and research problems, data scientists
can collaborate with their teams to develop solutions that cre-
ate value, thereby unlocking the true transformative power of
data science.

Introduction
Data science projects are unique due to their data-driven,
interdisciplinary, collaborative, and exploratory nature, with
a strong focus on innovation and iterative experimentation,
especially in the semiconductor industry and other complex
domains. Unlike software engineering projects, data science
emphasizes exploration over engineering, involving a com-
plex data lifecycle, specialized skills for model training and
deployment, and management challenges due to uncertainty
and unpredictable dependencies. The initial phase, involving
business understanding and requirements gathering, is par-
ticularly challenging and requires multiple iterations, spe-
cialized expertise, and even feasibility studies to refine the
project goals and success criteria, which may evolve over
time.

Despite this complexity, data science projects are highly
valuable for the semiconductor industry, in different areas,
ranging from predictive maintenance, yield prediction and
optimization, equipment health monitoring, fault detection
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and classification, and process control and optimization,
among others. Currently, 42% of IT professionals at large
organizations report that they have already deployed data-
driven solutions, while an additional 40% are in the process
to do it in the near future(Benchaita, Sarah 2024).

Background and Related Work
The strategic value of data science projects is recognized
but many organizations struggle to scale these projects be-
yond the pilot phase, with McKinsey reporting that only
15% have successfully automated processes across multi-
ple areas and only 36% have moved projects beyond pi-
lot deployment(Panikkar, Rohit and Saleh, Tamim and Szy-
bowski, Maxime and Whiteman, Rob 2021). These failures
are often not due to technical limitations but to organiza-
tional challenges like lack of management understanding,
resistance to change, and poor alignment with business strat-
egy. Gartner estimates an 85% failure rate in data science
projects, largely due to cultural misalignment and lack of
clear strategic vision (Asay, Matt 2017), while Boston Con-
sulting Group (BCG) indicate that 74% of organizations fail
to achieve full data science potential due to a fragmented
strategy, lack of organizational alignment, weak integra-
tion with the business needs and lack of a data-driven cul-
ture(Gregoire, Eric 2024). Even for the latest technologies,
Gartner predicts that by 2025, 30% of Generative AI projects
will not go beyond the proof of concept phase due to poor
data quality, inadequate risk controls, escalating costs or un-
clear business value(Keen, Emma 2024). Despite high fail-
ure rates, organizations continue investing heavily in data
science due to its transformative potential, competitive pres-
sures, and the expectation of future advancements.

There are several structured methodologies to address
some of these challenges and increase the success rate of
data science projects, with the Cross-Industry Standard Pro-
cess for Data Mining (CRISP-DM)1 being one of the most
widely used for guiding data science projects. However,
CRISP-DM has several limitations, particularly in high-
stakes projects with significant uncertainty and risk, such
as those in the semiconductor industry. These challenges
include complex data (high-dimensional and evolving) and
context (changing environment, dynamic production pro-
cesses, per-batch needs), and scarcity of subject matter ex-
pertise and a effective feedback loop(Lijffijt et al. 2022),



Figure 1: Original CRISP-DM diagram

challenges that require a closer, constant and frequent col-
laboration between data scientists and Subject Matter Ex-
perts (SMEs), while having all the time the business chal-
lenges and research problems as the primary project driver.

Argumentation for the Position
While data is an important element for success in data sci-
ence projects, it’s only an incentive, the most crucial fac-
tor is the understanding of the business challenges and the
research problems. This understanding shapes the projects
by enabling accurate problem framing, defining relevant re-
search questions, deciding the expected outcome, selecting
the most suitable success metrics, and describing necessary
data characteristics, especially in the semiconductor indus-
try and other complex domains where there is a high degree
of uncertainty and business needs may evolve based on new
findings and insights.

Recognizing the importance of business understanding
and the limitations of CRISP-DM, we propose a new, en-
hanced framework that emphasizes placing the formulation
of business challenges and research problems as the core
of the process (2). This shift acknowledges that understand-
ing and continuously refining these challenges and problems
throughout the project lifecycle is critical for success. By
integrating the problem formulation with each phase, this
upgraded framework aims to increase the project’s success
rate and improve project outcomes, creating greater value.
It facilitates a dynamic connection between evolving busi-
ness needs and the corresponding data science efforts, ensur-
ing that research questions adapt alongside changing project
goals and objectives.

The problem formulation is central to the data science
process and influences every phase through a bidirectional
flow. Additionally, an essential aspect of this framework is
the integration of ethics, morality, and legal considerations,

which guide the responsible development of data-driven so-
lutions by ensuring fairness, protecting personal data pri-
vacy, and promoting transparency and accountability. While
the benefits of data science are often highlighted, the poten-
tial harm that models can inflict is frequently neglected. As
data-driven solutions gain wider adoption across industries
and domains, the importance of ethical considerations will
increase, together with the compliance needs with new reg-
ulations.

This concept is not new. For example, ”The Golden Cir-
cle”, introduced by Simon Sinek in Start With Why, high-
lights a common issue in organizations: the tendency to pri-
oritize ”What” and ”How” over ”Why.” Sinek argues that
starting with ”Why” fosters stronger connections by em-
phasizing purpose and meaning. Although not originally in-
tended for data science, this concept is equally relevant, as
it helps clarify the core purpose of a project. By focusing on
the underlying reason for a data science initiative, such as
improving yield prediction to enhance production efficiency
and reduce waste, teams can ensure alignment with business
objectives and avoid treating the project as merely a techni-
cal exercise. Our experience in the semiconductor industry
shows that considering the project purpose while navigat-
ing through complexity helps improve the decision making
process, and that establishing stretch goals can drive inno-
vation and productivity, especially when broken down into
concrete, clear and specific SMART goals(Doran 1981).

By applying this principle in data science, we acknowl-
edge the importance of asking the right questions, espe-
cially “why?”, to discover the real user needs. Data scien-
tists should invest time and have longer planning phases as
they prove being essential to build business understanding,
learn domain-specific knowledge, and collaboratively proto-
type with stakeholders. To carry this process effectively, the
importance of requirements elicitation and gathering should
be emphasized, highlighting a range of methods to use, in-



Figure 2: CRISP-DM 2.0: A new paradigm in data science projects

cluding but not limited to interviews, surveys, and observa-
tional methods with process mining and design thinking, en-
suring clear and accurate captured needs.

Data scientists add value by clarifying the core business
challenges and user needs, a task that often reveals that users
and stakeholders, though familiar with data-driven tools,
might lack a deep understanding of data science possibil-
ities and limitations, which is why having a bidirectional
knowledge sharing process (from stakeholders to data sci-
entists and vice versa) within data science projects is very
important. The latter, in addition to detailed and structured
documentation, is crucial to guide project development, sup-
port knowledge sharing, and serve as a foundation for fu-
ture work by recording technical details and facilitating
compliance. Proper documentation encourages collabora-
tion, aligns the team on project goals, and promotes account-
ability.

On the other side, although the key driver of success is the
business understanding, having quality data can play an im-
portant role. Overall speaking, the more quality data the bet-
ter, but challenges like small datasets can now be addressed
with techniques such as few-shot learning and data augmen-
tation.

It is essential for data scientists to establish a clear con-
nection between the data and the problem being addressed.
This involves critical assessments about data quality, avail-
ability, and the specific characteristics necessary for achiev-
ing the project goals and objectives. For example, sometimes
data scientists start cleaning sensor data by removing out-
liers, assuming that they are errors or they are not relevant,
this can lead to loss of critical data points, such as tempera-
ture spikes, which actually signaled early equipment mal-
functions. This information can only be obtained through
close collaboration with maintenance experts to understand
the domain and map it to the project’s needs.

Within the realm of data science, we believe that the
project success should extend beyond simply achieving per-
formance metrics. While metrics are useful, they are merely
proxies and can risk misalignment with business goals if not
continually aligned with the problem’s real-world context.
Data scientists must balance meeting current project goals
with discovering new insights and findings that may lead
to additional opportunities. This involves redefining success
iteratively, as project goals and research questions evolve.
This is why the relationship between model performance
and business metrics needs to be validated and monitored
over time to ensure the model’s impact remains relevant and
valuable.

Implications and Impact
This new framework requires a different mindset and skill
set. To unlock data science’s full value, data scientists must
play a key role by developing new skills that connect techni-
cal expertise with business understanding, framing projects
around actual business problems, and keeping adapting them
throughout the entire project. Developing domain knowl-
edge and refining problem-definition skills are essential, as
highlighted by Foster Provost and Tom Fawcett in Data Sci-
ence for Business, to create effective, strategically aligned
solutions.

As stated before, the success of a data science project de-
pends on understanding business challenges and research
problems rather than merely focusing on data or machine
learning models. Key elements include effectively framing
problems with appropriate research questions, clear out-
comes, and suitable success metrics while defining data re-
quirements. To enable and professionalize this process, a
new role has been introduced in some organizations: the an-
alytics translator, with McKinsey predicting a demand for
two to four million of these professionals in the U.S. by



2026(Henke, Nicolaus and Levine, Jordan and McInerney,
Paul 2018). Although not yet widespread in data science
teams, data scientists should develop essential skills of this
role, which acts as a bridge between business goals and tech-
nical requirements.

To illustrate this concept with an example, imagine work-
ing in a predictive maintenance project that is focused on es-
timating the remaining useful life (RUL) of a chemical vapor
deposition (CVD) chamber to proactively schedule mainte-
nance. However, by understanding the business needs, the
real business challenge may not be the timing of component
failure but rather contamination in the chamber, which led to
reduced product yield and wafer rejections. Shifting the fo-
cus from RUL prediction to real-time fault diagnosis can al-
low to identify contamination early, pinpoint its causes, and
take corrective actions to maintain process stability.

The successful implementation of this framework requires
effective and efficient knowledge sharing, strong collabora-
tion between data scientists and all stakeholders, and a flex-
ible, adaptive way of working.

The interdisciplinary nature of data science demands ro-
bust bidirectional knowledge-sharing, communication and
collaboration processes to create impactful solutions. For-
mal and informal educational efforts help bridge knowl-
edge gaps, allowing data scientists to communicate complex
ideas in simple terms. Effective collaboration is central to
data science projects, enhancing work quality by leverag-
ing diverse expertise and maintaining alignment on evolving
project goals, as outlined in CRISP-DM 2.0.

Successful data science projects rely not only on struc-
tured phases but also on effective working methods. Best
practices suggest that combining a flexible project lifecycle
with an agile approach yields optimal results. Agile method-
ologies enable teams to iterate quickly and adapt to shift-
ing requirements, evolving business challenges, and new in-
sights discovered during the project. Additionally, employ-
ing the scientific method is crucial, as it provides a sys-
tematic framework guiding data scientists from hypothesis
formulation to conclusion based on rigorous data analysis.
While there are general guidelines, they should be adapted,
as each team, organization, and industry has its unique work-
ing dynamics shaped by culture, values, and leadership.

SMEs are essential to the success of data science projects,
especially in the initial phases of business understanding
and requirements gathering. SMEs define key research ques-
tions, which data scientists then translate into data science
terms. Because data science projects are often exploratory,
SMEs’ adaptability is valuable as project goals evolve with
new insights. Their involvement fosters trust, adoption, and
stronger solutions by aligning models with practical needs
and embedding expert feedback into model development.
Furthermore, they bring critical domain insights for data la-
beling, bias detection, and model fairness.

Conclusions
The iterative, exploratory, and experimental nature of data
science projects introduces significant complexity and un-
certainty, particularly in domains like the semiconductor in-
dustry. Major challenges, such as inadequate translation be-

tween business needs and technical solutions and a lack of
adaptability to evolving requirements or insights, often lead
to project failures. To address these issues, we propose an
updated CRISP-DM framework that places business chal-
lenges and research problems at its core, rather than data,
to enhance project success rates and unlock the true trans-
formative power of data science. Achieving this requires
a mindset change, the development of new skills, and a
stronger collaboration with all stakeholders, especially with
SMEs. This new paradigm not only redefines the approach
to data science projects but also fosters the creation of more
impactful and sustainable solutions in an evolving and in-
creasingly complex environment driven by the growing de-
mand for smaller microchips.
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