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Abstract

Artificial intelligence (Al) is playing an increasingly central role in drug discovery and the pharmaceutical
industry more broadly. However, despite some high-profile success stories, many technically successful
pilots do not translate into sustained business value. In this study, we analyze the determinants of
successful Al adoption in the life sciences through three complementary approaches: (i) brainstorming
workshops with senior industry professionals, (ii) a global executive survey, and (iii) a statistical analysis
of a collection of Al/ML use cases collected by the Pistoia Alliance. Across all methods, a consistent
pattern emerges: high strategic importance and demand for Al contrast with low organizational maturity,
resulting in limited success rates for production deployments. Statistical analysis reveals that business
success correlates strongly with project maturity, business support, and developer support, i.e.,
dimensions of organizational capability maturity, while factors such as data sources or model types are
not predictive on their own. The findings reinforce that Al projects follow the same success drivers as
other complex engineering initiatives and that organizational readiness, change management, and
alignment between stakeholders are critical. Furthermore, trustworthiness encompassing reproducibility,
explainability, and governance, is identified as a limiting factor for adoption, particularly in high-risk
domains. We synthesize these observations into a set of recommended practices that emphasize
fitness-for-purpose method selection, integration of Al into human workflows, and development of
shared standards.

Introduction

Conventional drug discovery and development is a lengthy, costly, and complex process, underscoring
the need for more efficient approaches. Recent advances in artificial intelligence (Al), machine learning
(ML) and natural language processing (NLP), e.g., Al-aided compound design using protein [1] or
chemical language models [2] and ML-based methods for evaluating key molecular properties [3, 4],
have the potential to accelerate and improve solutions to complex drug development challenges. These
potential benefits extend beyond the core stages of drug design and development to virtually every step
of the drug development pipeline, as well as to a wide range of applications across pharmaceutical and
healthcare industries in general. For example, Al may support clinical trial design by improving patient
cohort selection and recruitment strategies [5] and may also enhance public communication by
accelerating the generation of plain-language summaries of scientific findings [6]. Alongside
applications focused on a single task or problem setting, a recent trend has been the emergence of
multi-purpose Al systems, exemplified by recent “Al co-scientist” systems [7-10] and specialized life
science large language models developed by Amazon BioDiscovery [11] and OpenAl GPT Rosalind [12].

Despite the enormous potential of these applications, integrating Al- and ML-based approaches into real-
world business processes remains challenging because of technical, organizational, regulatory, and
operational barriers. Practitioners often face a broad range of challenges, including (but not limited to)
data accessibility and quality issues, regulatory and compliance complexity, trust in and explainability of
the applied models, integration of new approaches into existing workflows, and change management
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and workforce readiness. Hence, implementing Al in pharmaceutical business processes is not merely a
matter of model performance, but often requires broader enterprise transformation. Due to their high
complexity and the vast number of factors involved, Al engineering projects are often risky undertakings
and frequently fail to achieve their intended objectives and business value. This raises the question of
which factors are most dominant and influential in determining the success of Al engineering projects.
Indeed, several industry trends can be identified that may provide a basis for improving the governance
of Al and ML deployments, increasing the likelihood of successful application in drug discovery, and
enhancing the return on investment in Al and ML.

This study aims to contribute to this question by drawing on insights from a multi-year Pistoia Alliance
initiative. The Pistoia Alliance is a global, not-for-profit life sciences collaboration that brings together
pharmaceutical companies, biotech, vendors, academics, and other stakeholders to solve shared R&D
data and technology challenges through pre-competitive collaboration, standards, and innovation. It runs
multiple sub-initiatives and working groups focused on different aspects of pharma and biotechnology,
such as data and annotation standards, real world data mining, laboratory workflows, and scientific
collaboration. This paper builds on the work and findings of the LLM and NLP Use Case Database project,
which focuses on documenting successes and failures in Al, ML and NLP systems development across
the pharmaceutical industry. Since 2022, we have collected 67 use cases spanning the full business
landscape, including R&D, pharmacovigilance, manufacturing, and HR management. To our knowledge,
this represents the largest collection of its kind in the industry. Moreover, we conducted i) community
brainstorming workshops and ii) executive surveys interviews focusing on recent advances and
challenges in engineering and production-level application of Al- and ML-based systems in
pharmaceutical use cases. The information gathered provides unique and valuable insights for Al
practitioners and decision-makers on key success factors. Our findings, particularly from the use case
analysis, suggest that the success of Al/ML initiatives depends less on technical design and
performance than on organizational maturity and execution capability. Future progress will therefore
require stronger governance, business alignment, and workforce readiness to enable scalable and
sustained impact.

In the following, we describe our three complementary approaches used to gather evidence from real-
world pharmaceutical Al applications and senior experts, and then present the resulting findings. On this
basis, we formulate ten best-practice recommendations derived from the analysis that we strongly
believe support the successful implementation of Al projects in the pharmaceutical industry.

Methods

To gather information on the opportunities, challenges and risk factors associated with Al engineering
projects in the pharmaceutical industry, we applied three distinct initiatives to collect diverse inputs and
broaden the coverage of use cases and perspectives: i) collective brainstorming workshops, ii) collection
of Al / ML / NLP use cases in a structured way and iii) executive surveys and interviews. Table 1 provides
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an overview of the applied approaches and their base characteristics and time spans. The applied
initiatives are presented in greater detail in the following sections.

Table 1

Overview of the information collection methods applied. For each method we report
the time span covered in the data and type c)>f information (structured, free form or
mixed).

Information Collection Method Time Span Information Type
Collective Brainstorming Workshops 2017-2026  Free Form
Collection and Analysis of Al / NLP Use Cases  2018-2025  Structured Format

Executive Surveys and Interviews 2025 Mixed

Collective Brainstorming Workshops

Collective brainstorming workshops in teams composed of senior professionals ranging from senior
scientist to executive senior directors from biotech and pharmaceutical industries. We conducted such
events both in-person and online multiple times during each year since 2017 and accumulated a large
body of knowledge. It was in part formalized in the 2021 and 2024 papers on Good Machine Learning
Practices [13, 14]. This paper builds on top of these earlier findings. Here we report the most up-to-date
results of the community brainstorming events in 2025 and the first half of 2026. Our typical event
aggregates the inputs from 80 or more individuals.

Collection and Analysis of Al / NLP Use Cases

Since 2022, the Pistoia Alliance LLM and NLP Use Case Database project has been collecting Al and ML
use cases from participating organizations. Initially, the project focused on documenting the workflows
and protocols used in complex NLP system development initiatives. However, recent advances in large
language models, generative Al, agentic Al, and the integration of text-based and multimodal data have
led to a significant expansion of the project’s scope. It now covers a broad range of Al use cases,
spanning everything from molecular property modeling and scientific literature mining to HR
applications. As of now, the database consists of 67 use cases in total. Initially we gathered 47
properties for each use case across the following dimensions:

e the use case name, description, and domain context

¢ the target audience together with the business objectives

e success or failure for business

e success or failure for developers

» project completeness (e.g., finished or not, and proof-of-concept (POC) or production stage)
» deployment type (e.g., on-premises vs. cloud-based)

 organizational capability maturity dimensions (e.g., project maturity, business support, and
developer support)
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e the training data and taxonomies used, along with associated data quality issues and metrics
¢ the Al, ML, and NLP methods applied

» the evaluation data and performance metrics used

The complete list of properties is provided in the Supplementary Material. The structured schema for
collecting use cases was defined at the start of the project by all participating organizations and
iteratively refined throughout its execution to reflect changes in the Al technology landscape. Except for
the use case name and description, controlled vocabularies were used to capture the information,
enabling better integration, consistency, and analysis across use cases. To protect the reputation and
the intellectual property of the organizations that submitted use cases to the collection only an
anonymized and restricted version of the gathered use case information could be made available. The
restricted use case collection is provided in Section B of the Supplementary Material.

Each use case was classified as a success or failure based on the business perception of the
organization conducting it. In other words, the assessment was made not on technical criteria, e.g.,
whether a predefined performance threshold was achieved or not, but on whether the use case delivered
the desired business value. Projects and pilots that were successful technically but did not deliver
business value were classified as failures (if complete) or excluded from analysis (if unfinished). To the
best of our knowledge, this use case analysis represents the largest and most methodologically rigorous
study of its kind to-date.

Executive Surveys and Interviews

In 2025 the Pistoia Alliance in collaboration with the consulting company Zuhlke Engineering AG
organized a global survey of 54 senior leaders across pharmaceutical, biotech, CRO, and technology
organizations, followed by in-depth interviews with 9 executives [15]. (Zuhlke Engineering AG is a
member company of the Pistoia Alliance). The Pistoia Alliance / Zuhlke survey reported on the
quantitative landscape: where demand is highest, where maturity lags, and where collaboration potential
is strongest. The difference between this survey research method and community brainstorming works
in the prior paragraph is in the autonomy of the participants: surveys are designed and guided, and leave
less room for creativity of the participants, whereas brainstorming puts an emphasis on generation and
discussion of new provocative ideas.

Results and Discussion

In the following section, we present the results obtained through the three information-gathering and
analysis methods. The results are presented in the same order as the methods described in the previous
section. These findings serve as the empirical foundation for the recommendations outlined in the final
subsection of this section.

Brainstorming and Pistoia Alliance Surveys
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Former results of the expert panels and community meetups have been documented in two publications
in 2021 and 2024 [13, 14]. Here in total 23 common work challenges for four different business
personas, i.e., data scientists, architects, model users and executives. Common challenges across
personas included the ethical use of Al (e.g., with respect to privacy protection) and the compliant
implementation and deployment of Al systems within governmental and regulatory frameworks.

In the most recent rounds of community brainstorming conducted in 2025 and early 2026, we identified
the following findings:

e Leading organizations across the industry report a shift from incremental to transformative Al
adoption. Rather than merely accelerating existing business processes and improving efficiency,
increasing attention is being directed toward redesigning processes and workflows around Al
capabilities. This magnifies the potential benefits of the technology and the return on investment,
while increasing the risks of losses in case of failure at the same time.

o Self-reported maturity of Al governance is low: over half of the respondents describe it as “ad-hoc”
or “inconsistent”. Further, the observed low level of organizational maturity appears to correlate with
the low success rates of Al production deployments relative to pilot projects, as reported in
independent studies [16].

e Self-reported Al literacy among R&D staff also appears to be low, with fewer than 50% of
respondents reporting having received any Al training. At the same time, specialists demonstrate
awareness of emerging technology trends, including agentic Al and Al “co-scientist” systems.

e Al interoperability standards are regarded as highly important by the majority of participants, with
more than 60% identifying them as a priority.

Overall, the findings suggest that while organizations are increasingly pursuing transformative Al
adoption and recognize the strategic importance of Al interoperability, this ambition is constrained by
low governance maturity and limited Al literacy, both of which may hinder successful large-scale
deployment.

Analysis of the Pistoia Alliance NLP, Al, and ML use case collection
Figure 1 illustrates the distribution of key properties captured in the dataset.

We conducted a statistical analysis of project characteristics that may correlate with, and therefore
potentially predict, project success. We used the Chi-square test (at 0.05 significance level) to establish
the relationships between the project success and the properties listed in the project description. The
project properties that statistically correlate with the business success of Al deployments were project
maturity, business support, and developer support. On the other hand, we did not find a statistically
significant dependence between project success and any other properties including data preparation
methods, encountered data quality issues, training data category, customer size, deployment type or
usage of standardized taxonomies. Although these aspects intuitively influence projects, they did not
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statistically predict successful outcomes within this dataset, suggesting that their impact might be
mitigated by other compensating project factors.

The three project properties that statistically correlate with the business success of Al deployments, i.e.,
project maturity, business support, and developer support, are collectively dimensions of organizational
capability maturity [17]. These are the same properties that are known in the general management
literature to correlate with the successes or failures of other complex engineering projects [18].
Therefore, established best practices for the planning and execution of IT projects are also applicable to
Al projects. In this respect, Al projects do not appear to differ fundamentally from other IT initiatives.

Another observation that we made in this study is that certain specialized NLP algorithms had higher
success rates when aligned with specific tasks. For example, multitask BERT excelled in Information
Extraction task (100% success) while Lingo4G performed not perfectly, but well in the Text Classification
and Topic Modeling task (~ 67% success). This observation correlates with the established Good
Machine Learning Practice that calls for the educated selection of the technologies to meet the business
goals (method selection and fitness-for-purpose) [13], that in turn demands tight collaboration between
the Al professionals and the subject matter experts [14]. Other practical examples in this area are
exploitation of the generative capabilities of Large Language Models in tasks such as generation of
novel molecular structures or protein sequences, while limiting their use in tasks where hallucinations
are critically undesirable or where a deterministic API query is sufficient [14, 19]. Use of multi-agentic Al
systems that allow Al agents to perform quality control on each other’s outputs (“LLM-as-a-judge”) and
thus drive the complex processes that require feedback and error correction is another example of the
same principle [14]. In relation to this, other authors observe that agentic and autonomous Al systems
may need tight control with minimal necessary agency and zero-trust design to contain business risks
associated with these non-deterministic systems [20—23].

The Pistoia Alliance / Zuhlke Survey

A particularly notable finding is the consistent pattern observed across the survey responses: although
internal demand for Al and machine learning (ML) is high, and their perceived strategic importance is
likewise substantial, organizational maturity remains comparatively low. This pattern is consistent with
the broader findings reported above and may indicate a gap between strategic intent and organizational
preparedness. Such a gap may, at least in part, contribute to the relatively low success rates of
production-grade Al and ML projects. The Pistoia Alliance / Zuhlke survey observed an emergent pattern
of successful pilots failing to translate into production systems with ongoing impact. These cases
illustrate business failure against the background of formal technical success. This is consistent with
other reports of the troubling high failure rates of Al projects [16].

In contrast to the dimensions of project maturity, business support, and developer support identified in
our analysis of NLP, Al, and ML use cases, respondents in the Ziihlke study placed greater emphasis on
the other three components of organizational maturity, namely organizational fragmentation, misaligned
incentives, and insufficient change management, as underlying contributors to project failure. This
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divergence suggests that the barriers to successful Al implementation extend beyond project-level
execution and technical support, encompassing broader organizational conditions that shape adoption
and scale-up. Notably, these challenges are not unique to Al, but are well documented in earlier waves of
digital transformation; however, the present findings suggest that they have yet to be adequately
addressed in contemporary Al initiatives [18, 24].

This suggests that improving the success rate of Al projects requires sustained attention to the
foundational best practices that strengthen organizational capability maturity. At a high level, these
include business process analysis, measurement of improvement, and change management.
Accordingly, the focus of Al professionals should extend beyond marginal gains in model accuracy to the
broader organizational and operational factors that enable successful implementation and scaling.

Any improvements in business performance should be evaluated at the level of the human team
executing a given process with the support of Al tools. In contrast to the frequently invoked notion of the
“human in the loop,” which can imply a subordinate role for human judgment, we advocate an “Al in the
loop” perspective in which Al functions in support of human decision-making and action. From this
perspective, responsibility for the outcomes of Al-supported processes remains with the relevant human
operators and organizations, rather than being displaced onto the technology itself. No kind of legal
sophistry can be used to avoid such responsibility. This principle is particularly important for high-risk Al
systems, especially those used in clinical settings [23, 25]. Taken together, these considerations suggest
that trust, rather than benchmark performance alone, may now constitute a principal limiting factor in the
adoption of Al [21, 26, 27].

The second most significant observation concerns the well-established finding that most failures in Al
and ML system performance originate in the data rather than in the model architecture [14, 28—-32].
Robust modelling therefore depends on the availability of minimal metadata standards, consistent
experimental annotation, and harmonized data engineering pipelines. In this context, Al-ready data
should be understood as related to, but not synonymous with, FAIR (Findable, Accessible, Interoperable,
and Reusable) data. Whereas FAIR data primarily emphasizes federated human and machine discovery
and access, Al-ready data additionally requires standardized, high-throughput engineering pipelines,
structurally normalized inputs, and contextual metadata that explicitly describe dataset limitations.
Relevant enabling artifacts may include interoperable schemas, experimental documentation standards,
imaging ingestion patterns, and dataset cards.

The final observation arising from the survey is that the current pace of technological change may
exceed the ability of organizations to adequately assess fitness for purpose. This not only complicates
the method selection discussed in the previous section but also highlights important opportunities for
the development of shared evaluation benchmarks, model comparison frameworks, and guidance for
technology lifecycle management. More broadly, the findings point to a need for common practices
supporting reproducibility, explainability, traceability, and bias assessment. In this context, close
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collaboration between Al professionals and domain experts in the relevant application areas appears to
be essential for achieving business success [33].

Common artifacts in this area may include validation protocols, bias assessment methods, audit
checklists [34], and model documentation templates. Organizations may build on existing standards and
guidance relating to Al governance [21-23], validation and external testing [35], and reporting [35-37]. In
addition, we note that the implementation of FAIR principles and good documentation practices in Al
requires dedicated model management systems capable of tracking all relevant components, including
training and testing data, inputs, model architecture, and model parameters, in order to support backup,
restoration, disaster recovery, business continuity, and the archival and retention of Al models [14]. The
key common artifacts identified in our study are summarized in Table 2.

Table 2

The most significant focus areas and key common artifacts.

Strategic Pillar

l. Organizational Maturity

[l. Human-Centric
Architecture

Ill. Trust, Governance &
Lifecycle

Core Focus Areas

* Managing Al initiatives with IT
engineering rigor

* Broad upskilling and baseline Al
literacy

« Aligning cross-functional
stakeholder incentives

+ Shifting from "Human-in-the-loop"
to "Al-in-the-loop”

« End-to-end business workflow
redesign

+ Definite human accountability for
outputs

* Fitness-for-purpose method and
algorithm selection

« Shared benchmarks & lifecycle
management

* Rigorous data stewardship and
validation

Key Common Artifacts

+ Capability Maturity
Frameworks

- Standardized Change
Management Playbooks

« Shared Resource Allocation
Models

* Redesigned Workflow
Schemas

« Human Team Performance
Trackers

* Human Responsibility
Protocols

* Validation Protocols &
Checklists

« Dataset Data Cards

* Model Management Systems

Recommendation of Best Practices

This study indicates that the success of Al and ML projects in drug discovery is shaped less by
algorithmic sophistication than by organizational capability and execution discipline. Across

brainstorming exercises, survey data, and the empirical analysis of use cases, a consistent set of
recommended best practices emerges:
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10.

. Prioritize organizational capability maturity: The strongest predictors of business success—project

maturity, business support, and developer support—reflect the broader concept of organizational
readiness. Al initiatives should be managed with the same rigor as other complex IT and
engineering projects, incorporating structured governance, clear ownership, and sustained
resourcing.

. Focus on business process redesign rather than isolated models: Transformative value arises when

workflows are redesigned around Al capabilities, not when Al is incrementally inserted into existing
processes. Success should be measured at the level of end-to-end business outcomes delivered by
human teams augmented with Al.

. Adopt “Al-in-the-loop” rather than “human-in-the-loop”: Al systems should support human

decision-making, with accountability and responsibility remaining firmly with human operators. This
principle is essential for maintaining trust and for managing risk in high-impact applications.

. Ensure strong alignment between stakeholders: Close collaboration between Al practitioners,

domain experts, and business leaders is critical for selecting fit-for-purpose methods and ensuring
that solutions address real needs. Misalignment, organizational fragmentation, and weak change
management are major causes of failure.

. Select methods based on fitness-for-purpose: The choice of algorithms must be driven by the

specific task and business objective. Matching methods to use cases—while understanding their
strengths, limitations, and failure modes—is more important than pursuing state-of-the-art
performance in isolation.

. Invest in trustworthiness and governance: Trust, rather than raw model performance, is the primary

limiting factor for adoption. Organizations should implement practices for reproducibility,
explainability, traceability, bias evaluation, and auditability, supported by standardized
documentation and validation protocols.

. Strengthen evaluation and lifecycle management: Rapid technological change necessitates robust

frameworks for benchmarking, model comparison, and lifecycle management. Shared evaluation
standards and external validation practices are key enablers of reliable deployment.

. Improve Al literacy and organizational readiness: Broad-based training and upskilling are required

to bridge the gap between high strategic ambition and low operational maturity. Enhancing Al
literacy across R&D organizations supports more effective adoption and reduces resistance to
change.

. Adopt disciplined data and model management practices: Although not statistically predictive of

project success in isolation, data quality, metadata standards, and FAIR principles remain
foundational. Proper data stewardship and model management systems are essential to ensure
reproducibility, maintainability, and long-term value.

Embrace iterative development with early validation: Rapid experimentation, including early
identification of unviable approaches, reduces risk and prevents the persistence of misleading
models. Baseline comparisons and realistic performance assessment should be standard practice.
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In summary, Al does not appear to differ fundamentally from other enterprise technologies with respect
to the factors that determine implementation success. Organizations that prioritize capability maturity,
human-centered deployment, and trustworthy practices are likely to be best positioned to realize the
transformative potential of Al in drug discovery.

Conclusion

This study examined why Al projects in drug discovery and the broader pharmaceutical context fail to
translate from technical promise into sustained business value. Drawing on a multi-year Pistoia Alliance
initiative, we combined evidence from community brainstorming workshops, a global executive survey
and interviews, and a statistical analysis of 67 Al/ML use cases. Across these complementary sources, a
consistent picture emerged.

The principal finding is that the success of Al and ML initiatives depends less on algorithmic
sophistication than on organizational capability maturity and execution discipline. In the use case
analysis, project maturity, business support, and developer support were the factors most strongly
associated with business success, whereas technical characteristics such as model type, deployment
type, and data category were not independently predictive. Survey and workshop findings reinforced this
pattern, showing high strategic ambition and demand for Al alongside comparatively low maturity in
governance, change management, and workforce readiness, which may help explain why many
technically successful pilots fail to scale.

Overall, the findings indicate that Al should be treated not as an exceptional technology, but as a form of
enterprise innovation whose success depends on organizational readiness, stakeholder alignment, and
disciplined implementation. Organizations that invest in capability maturity, human-centered deployment,
and trustworthy governance will be best positioned to realize the transformative potential of Al in drug
discovery and pharma.
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Figure 1

Insights into the 67 use cases included in the public, anonymized version of the database: a) a word
cloud based on project titles and descriptions, highlighting key concepts that recur across use cases; b)
an overview of the number of projects initiated each year; c) the distribution of use cases across
different business contexts and application areas; and d) the maturity levels of the use cases, as
reported by the conducting organizations. On average, a maturity level of 6.4 was reported.
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