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Abstract 

Artificial intelligence (AI) is rapidly transforming software development. At the same time, 
approaches that align with the intellectual tradition of agile, including code-first methods, 
rapid prototyping, and vibe coding, have become more prominent, due to their speed and 
flexibility. The role of conceptual modeling has become less clear in this emerging 
environment. However, danger exists in discarding modeling, as it has traditionally 
shielded software development from risks and vulnerabilities of developing a solution 
without careful and systematic deliberation. These risks are now dramatically amplified 
due to the speed and scale of AI. This manifesto finds a new place for conceptual modeling 
in software development with AI, and as a result, proposes a new way to conduct software 
development more broadly. The manifesto comprises core principles, termed SAFE-AI, 
and the process of implementing the principles, MADE with AI. Together, they pave the way 
for a synergistic collaboration between AI and human developers with the aim of producing 
effective and responsible software.  

Keywords:  Artificial intelligence, software development, agile development, conceptual 
modeling, SAFE-AI, MADE with AI, model-driven development, vibe coding 

Introduction 

Artificial intelligence (AI) has revolutionized the way we approach software development. 
Generative AI, based on large language models (e.g., ChatGPT, Claude, Gemini, 
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DeepSeek), excels at many content-interpreting and creating tasks, while Agentic AI (e.g., 
MakeAI, CrewAI) is increasingly capable of making decisions with minimal human 
supervision. Many AI systems, including general-purpose (e.g., ChatGPT, Claude) and 
more specialized tools (e.g., MakeAI, Bolt.new, Github Copilot, Microsoft AutoGen, 
Lovable) allow for the development and deployment of new code1–7. Tasks that used to 
take years of experience to master and days to complete, such as requirements 
specification, writing boilerplate code, debugging, refactoring, and even live deployment, 
can be done - at least in principle - within minutes with a few natural language prompts.  

With the on-going shift toward increased coding automation, new forms of development 
are emerging, such as prompt-driven engineering (where AI generates code from user 
prompts)8,9 or its specific approaches like vibe coding.7,10 New metaphors are springing up 
to rationalize the “new kid on the development block.” An emerging consensus treats AI as 
a coding hyper-assistant9, a sort of sous-chef, following the lead of a human executive chef 
7. 

The use of AI for developing software is further catalyzed by the trend toward agile 
development, which has risen to become the most popular development methodology 11. 
Agile methodologies such as Scrum, Kanban or eXtreme Programming prioritize speed of 
development and rapid iterations over longer planning and documentation12,13. With the 
pressure to deliver code faster, it is not a surprise that developers gravitate towards 
Generative and Agentic AI tools to keep up with the growing productivity expectations.  

Yet, for all of agile’s benefits, some have identified a new challenge - “Agile Burnout”14–16 - 
caused by aggressive release cycles. At the individual level, Agile Burnout puts physical 
and mental strain on developers15. At the societal level, it can lead to harm through failed 
systems17,18.  

The debates around the place for AI and the role of humans in the new software 
development world so far have focused on creating, deploying, and maintaining code. 
However, code is only a means to an end. It remains unclear how we should approach the 
overall software development process in the wake of AI, including understanding what 
problem the software system seeks to solve and verifying that the developed system 
provides an effective, safe and responsible solution for everyone.  

For problem-solution understanding and management, traditional development 
approaches, such as the Software Development Life Cycle (SDLC), emphasize the 
importance of humans engaging in conceptual modeling. Conceptual models are abstract 
representations that capture user requirements, provide blueprints of the problem at hand 
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and the pursued solution, and serve as documentation for the developed system and the 
process that led to it. Typical conceptual models used in software development are entity-
relationship diagrams that model data requirements and database design, as well as 
Business Process Model and Notation (BPMN) that represent system processes. Modeling 
has additional ways to contribute to problem-solution understanding by providing 
techniques and methods to represent ontologies, goals, values, enterprises, strategies, 
and other models.19 

The combination of agile development and capable AI seems to suggest that we should 
abandon conceptual modeling entirely. Indeed, traditional conceptual modeling is in 
decline across many contexts, especially those where agility takes priority18,20–24. Formal 
modeling is also not considered in the recent AI-human software development 
frameworks, such as vibe coding 7, and is relegated to an "afterthought" in related code-
first development frameworks25. Not surprisingly, then, many  ask18,20,21,26–28 why we still 
need to design entity relationship diagrams to build databases, use UML activity flows to 
understand existing system behavior, reason through BPMN models to ascertain the 
process-to-be, or to populate Business Model Canvases with strategic priorities. Should 
we still learn, teach, and practice how to develop conceptual models? 

In this Manifesto (following the spirit of the Agile Manifesto12, a proclamation that was 
foundational for agile development), we contend that conceptual modeling is 
indispensable. It is a process that makes our AI-driven software development reliable, 
resilient, and aligned with human values. To create a safer, better world with AI and other 
technologies, we must rethink the value of modeling in the fast-paced AI and agile-
powered world.29 To do so, we re-imagine the cooperative roles of AI and human modelers 
based on the decision-making paradigm known as System 1 vs. System 230. This new lens 
on modeling and AI permits us to rethink the benefits of modeling in the age of AI, 
advancing beyond the traditional and even more recent ideas about the benefits of 
modeling28,31–33. It further allows us to reconsider the entire process of software 
development and situate humans in a central place in the increasingly AI-dominated 
world. 

We lay out a Manifesto for Software Development and Modeling in the Age of Artificial 
Intelligence. The manifesto comprises the core principles, termed SAFE-AI (Strategic 
deliberation; Attention; Freedom; and Empowerment). The Manifesto then articulates the 
process of implementing the SAFE-AI principles, MADE with AI (Model, Agree, Develop and 
Evaluate). We envision our work as paving the way for a more fruitful collaboration 
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between AI and human developers and addressing the ongoing controversies regarding the 
role of conceptual modeling in the modern software development landscape. 

Modeling in the Age of AI: A Perfect Storm and Opportunity 

Conceptual modeling traditionally seeks to create systematic representations of domains, 
processes, and systems. Agile approaches, in contrast, prioritize minimal upfront design, 
rapid delivery, and adaptive responsiveness to change12,13. 

The conceptual modeling community has long investigated the benefits of modeling19,34,34–

46. Distilled into broad categories, modeling provides cognitive support, communication, 
automation, and knowledge preservation support. These underlie specific use cases 
identified over the more than half a century of active use of conceptual models.   

- Cognitive support. Conceptual models provide a foundation for reasoning, 
simulation, analysis, and design allowing stakeholders to evaluate alternatives, assess 
risks, and explore “what-if” scenarios before committing to costly implementations. 
They reduce mental overload by abstracting away the complexity of reality and 
focusing attention on the essential structures and relationships in a domain. This 
simplification allows both developers and stakeholders to reason effectively about 
complex socio-technical systems.  

- Communication support. Conceptual models act as boundary objects47 that bridge 
diverse perspectives among stakeholders, enabling communication across technical 
and non-technical communities. By providing a common language, they support 
negotiation, alignment, conflict resolution, and requirement completeness through an 
interactive elicitation process. Conceptual modeling enforces clarity in definitions, 
relationships, and constraints, reducing ambiguity in requirements and designs. It 
creates opportunities for conversations about the hidden assumptions underlying the 
structures and processes of a domain. By providing comprehensibility, models can 
thus be constructed and validated in a group setting. This rigor increases the likelihood 
that the resulting system will accurately reflect the stakeholder needs. The formality of 
models also drives an analyst to question-asking, thus increasing the likelihood of 
more complete requirements gathering.48  

- Automation support. Even without AI, basic automation permits models to be turned 
into the components of software. For example, conceptual data models can be 
scripted as database objects, such as tables and indices. This idea underpins model-
driven development, which emphasizes creating high-level visual or abstract models 
over traditional hand-coded implementations.49,50  
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- Knowledge preservation support. Models serve as durable documentation that 
records system design and domain knowledge in a structured form. This supports 
organizational and project memory and facilitates onboarding, auditing, and long-term 
maintenance.34,46 Explicitly modeling the problem and solution increases the overall 
transparency of the development process.  

 

As a result of these underlying benefits, conceptual modeling has seen a wide range of 
applications. Prominent use cases for conceptual modeling include 19,51–54 : 

● Structuring and capturing software requirements.  
● Developing and managing software in large organizations.  
● Integrating siloed organizational knowledge into a unified, “global” view. 
● Data modeling, for databases, integration, and interoperability.  
● Business process engineering, simulation and management. 
● Compliance, audit and governance. 

Empirical research in conceptual modeling has demonstrated these benefits in various 
scenarios and for different types of conceptual modeling grammars55–60. These benefits, in 
various forms, have been suggested as reasons for modeling in agile development20,26–28. 
For example, in the Symboleo project, running at the University of Ottawa since 2018, 
Amyot and colleagues 61,62 demonstrated that for domain-specific software (e.g., smart 
contracts), it pays in human effort saved to generate a conceptual model/specification of 
the smart contract and from that model generate code automatically (instead of, for 
reasons of agility, forget modeling and develop code directly). 

Nonetheless, even before Generative AI the role of conceptual modeling was contested as 
not being a value-added activity for software development, given the tension between the 
planning and up-front specifications and the iterative, adaptive ethos of agile development 
methods. Even practices such as model-driven development, remain relatively 
“uncommon”63 in software development due to the complexity of managing model-to-
code transformations and the lack of integration with agile and other adaptive 
methodologies.  

As a result of a seeming misalignment between the values and needs of modeling and 
development, modeling is either limited or is nearly entirely absent in agile development.1 

 
1 Most commonly, modeling appears as user stories - concise natural-language expressions of functionality 
from the user’s perspective 64. At the same time, while they capture some aspects of requirements, they lack 
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A cofounder of the Agile Manifesto, Ron Jeffries, summarized a popular view in the 
software development community as follows27:  

“Agile development, to me, is best done with as little specifications as 
possible. I teach and believe that the best results are obtained with a 
team of individuals who contribute whenever and however they can, 
without regard to who is architect, the modeler, the designer, the 
programmer, or the tester.[…] We should all come together and 
contribute as much of everything as we can.[…] Furthermore, software 
development (again, to me), is best done with as little modeling as 
possible. The point of software development is to develop software. Too 
much time is taken up in getting ready, leaving too little time for the 
important part – actually producing solid, well-designed, high-quality 
software.” 

Agile practitioners readily acknowledge the benefits of better communication, stronger 
specification, and increased understanding of the problem and solution space through 
modeling, but point to the inevitable overhead and rigidity in the face of change that heavy 
specification brings, for example, the infamous analysis paralysis13,27,65. Furthermore, often 
the best solutions come from free exploration and trial and error during development. With 
the rise of code-capable AI, this sentiment is unlikely to change in favor of modeling.  

Artificial Intelligence gives new impetus to the specification-agility tension as it introduces 
automation as a potential tool for a broad spectrum of development tasks. AI now can 
rapidly produce design artifacts, requirements specification, or even executable code, 
thereby challenging the perceived necessity of careful, human-driven conceptual 
modeling. Current AI tools can be given agency to extract information for constructing 
models from documents in the domain, and automatically develop code directly from this 
information18. Hence, the existence of AI may sway the argument even further away from 
conceptual modeling and more in favor of writing code and directly creating other 
components (e.g., database tables).  

One emerging example of software development in the age of AI is “vibe coding”. Vibe 
coding is a natural language-driven software development paradigm coined by Andrej 
Karpathy in 2025 7, where developers interact with large language models (LLMs) to 
generate code by describing desired functionality rather than writing the code. This 

 
the semantic precision leading to interpretive gaps. They are also not well-positioned to capture business 
rules (e.g., cardinality constraints on the relationships between relevant entities). 
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approach can evidently bypass traditional review and debugging processes 10. While vibe 
coding democratizes programming and accelerates prototyping, recent studies have 
raised concerns about its reliability and security. For instance, the Databricks Red Team 
demonstrated how vibe coding led to a critical remote code execution vulnerability due to 
unsafe use of Python’s pickle module, highlighting the risks of unvetted AI-generated code 
66. Further studies have demonstrated that AI-generated code samples often contain 
known vulnerabilities, such as SQL injection 67. These findings indicate the need for 
practices that support abstraction, communication, durable documentation and 
developer education – hallmarks of conceptual modeling based approaches.  

With the twin pressures of agile and AI, the practice of conceptual modeling faces a 
perfect storm. Its relevance has been too readily questioned by the proponents of agile 
development principles. Now the situation is even more dire, given the meteoric rise of 
Generative AI tools and the upcoming wave of Agentic AI. 

However, much danger exists in discarding modeling, as it has traditionally shielded 
software development from risks and vulnerabilities of developing a solution without 
careful and systematic deliberation. These risks are now dramatically amplified due to the 
speed and scale of AI. Hence, rather than saving modeling in the age of AI, a bigger 
imperative is to save software development from the risks of inflicting harm and damage 
due to overreliance on methods that produce speed and scale.   

This perfect storm around modeling is an opportunity to evaluate the role of conceptual 
modeling in the age of AI, and to reconsider the nature and goals of software development 
itself.  

Software Development and Modeling in the Age of AI 

To begin establishing new foundations of software development in the age of AI, we need 
to rethink some of the fundamental assumptions underlying modeling and offer a different 
value proposition for modeling in this brave new world. This new value proposition must 
complement agile and AI practices, acknowledging the relative strengths and weaknesses 
of agile and AI development versus human modeling. The key is finding the right balance 
that makes the overall combination stronger and more effective.  

To realize the right balance, we need to establish a realistic view of the strengths and 
weaknesses of modeling in the age of AI. 

Finding the new role of modeling 
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When speed of software creation is the priority, as is assumed in many modern 
development frameworks, modeling can be seen as consuming precious coding time. 
Furthermore, when developers immerse themselves in the act of coding, many  argue that 
they find less need for modeling, as both the cognitive and communication processes are 
enacted by deep and intimate immersion in the coding process. This approach makes 
sense when the tasks are well-understood, the development team is extremely 
experienced, and the developed software has minor and predictable impact on people, 
other systems, and the environment68. In contrast, many of today’s digital transformation 
initiatives are built on software that is integrally woven deeply into core organizational and 
personal processes, while also serving as  platforms for launching new strategic initiatives 
that support  profound and lasting change. Such complex situations call for a better 
integration of modeling into the development processes. 

Given what is already possible, AI is poised to write more code. One can reasonably 
foresee a scenario in which much of the code is written by AI, with limited human 
involvement or oversight. 

Ironically, AI promises to directly automate the core promise of agile – the code creation 
itself. This positions modeling as a natural complement to agile and AI. Since AI can speed 
up coding (or do the coding itself), the paradigm that “software development is to develop 
software” no longer holds because there is no software to develop (AI is doing that for us). 
However, what AI cannot do well right now is deep reasoning, domain understanding, and 
designing safe, sound solutions for everyone. Thus, in the age of AI, software development 
becomes a mix of domain understanding, some development and greater emphasis on 
solution verification. 

In the new world of even more powerful AI, conceptual modeling is positioned to become 
the quintessential human task amidst rampant automated software development. 
Modelling enables a new partnership between humans and AI, combining the strengths of 
both to create a powerful symbiosis. 

To gain a deeper insight into how AI-human partnerships can be accomplished, we turn to 
the System 1 vs. System 2 metaphor from cognitive psychology and decision-making 
theory.  

Inspiration: System 1 and System 2 cognition 

Modeling is a complex cognitive activity. It seeks to understand an existing situation and 
develop a novel solution. For humans, modeling involves the interpretation, abstraction, 
simplification, and representation of reality in a form that can be mentally understood, 
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communicated, and manipulated. This process engages imagination, analytical reasoning, 
and prior knowledge.  

The dynamics of human cognition can be understood through the System 1 vs. System 2 
metaphor, as developed by Daniel Kahneman with his colleague Amos Tversky and 
others30. It is based on a Nobel prize-winning research program into the nature of decision 
making30,69–71. System 1 is referred to as automatic cognition and System 2 as deliberate 
cognition. System 1 runs involuntarily and continuously; it “cannot be turned off”30. System 
1 can be thought of as your intuition. System 1 is fast and allows humans to quickly 
generate a response through pattern-matching information and heuristics in our memory 
that align with the current situation30. In contrast, System 2 is slower, rational, and 
effortful. System 2 is often invoked in unfamiliar, complex, or unusual situations. Similar to 
the distinction between fast intuition (System 1) and slow, effortful reasoning (System 2), 
the theoretical concepts in cognitive psychology distinguish between intrinsic load (the 
inherent complexity of the problem), extraneous load (unclear or fragmented information), 
and germane load (capturing the useful effort spent forming mental schemas). Studies 
show that high intrinsic or extraneous load strains working memory, whereas structured 
guidance that increases germane load improves the quality of complex analytical tasks.72 

Humans need both System 1 and System 2 to function; each has its own strengths and 
limitations. Often System 1 dominates as it allows humans to follow learned patterns of 
the world instead of exerting deep cognitive energy to process every stimulus around them. 
While useful, System 1 is especially susceptible to biases. It performs best when learned 
responses match the problem at hand, but falters in the face of new evidence. This is 
where System 2 comes in. To cope with situational novelty, System 2 often requires 
additional information and support (e.g., more data, and transformations of data into new 
forms73). This slow, deliberate, and logical thinking helps us deal with challenges and 
opportunities that require deep concentration and situational judgment, particularly in the 
face of surprises or errors. Notably, in humans, System 1 and System 2 operate in parallel 
by mutually reinforcing and supporting each other. 

The lesson of System 1 and System 2 for modeling and AI is that in many decision-making 
situations, there are going to be aspects that can be addressed rather quickly on the basis 
of recognizable patterns (consistent with System 1 processes), while others will require 
slower, logical, deliberate and careful determination (consistent with System 2 
processes). These insights have already seeped into software development, in the form of 
neurosymbolic systems, which can outperform both expert systems and neural networks 
on certain tasks 74,75. Further, the value of System 2 thinking for software development has 
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already been suggested as a way to improve the quality and trustworthiness of AI 
applications 72. We extend these ideas to develop a broad vision of software development 
and modeling in the age of AI76. We extend these ideas to develop a broad vision of 
software development and modeling in the age of AI. 

Speed is an unquestionable advantage of AI, even when System 1 in humans is involved. 
When used skillfully, AI can effectively streamline many of the System 1 processes in 
humans. For example, this may involve writing code when the code that needs to be 
written is easily described and performs familiar tasks.  

Our position on AI as a good substitute for human System 1 in development is reinforced 
by the way AI functions today. Generative AI, in particular, largely acts as a non-
deterministic pattern-matching engine that is trained on past data to present new output 
based on existing patterns77,78. However, it is generally not capable of considering the 
broader environment of the real world and what might actually be needed (e.g., a safe, 
ethical, transparent and responsible solution), even with good prompting techniques, 
especially when examples of solutions that meet these criteria are uncommon 79. While 
there is research focused on moving AI into System 2 thinking (e.g., deep reasoning), the 
results so far have not been achieved at scale80–82.  

For now, contextual deliberation grounded in human values and needs remains largely the 
purview of humans, even as AI technology continues to make progress in deep reasoning. 
This kind of decision-making is presently enacted through a human’s System 2 cognition. 

Adapting this to the problem of modeling in the age of AI, we suggest that AI can be an 
invaluable partner in software development, with the present-day focus on System 1 
processes. It also leaves humans with the luxury and the imperative to enact System 2. The 
luxury of using System 2 comes from dramatic scaling and acceleration via AI’s System 1-
like capabilities. When the development process allows, this permits humans to engage in 
deeper thinking without the traditional pressure to deliver code quickly. The imperative to 
enact System 2 in humans stems from the need to guide and control the dramatic speed 
and scale of AI, to ensure it delivers effective and safe results, and requires structuring 
development processes to provide room for this cognitive work. 

Commonly, System 2 uses additional support such as charts or tables that facilitate 
careful and deliberate analysis. In software development, such support traditionally 
comes from modeling and models. As our summary of modeling benefits shows, modeling 
promises cognitive, communication, and knowledge preservation support. All these are 
critical in helping humans as they endeavor to take advantage of fast and scalable AI. 
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Hence, the partnership with AI allows humans not only to develop better software but also 
to realize the benefits of conceptual modeling without the shortcomings traditionally 
associated with the modeling process (e.g., being excessively time consuming).  

Modeling and Software Development 

We view the human-AI relationship as a sociotechnical system, with AI and humans as 
components. The partnership is flexible: both humans and AI can take on coding and other 
roles, under general human supervision while remaining open to the potential future where 
AI supervision is safe to permit.  

To take advantage of differing capabilities, AI primarily realizes System 1 processes, giving 
humans the time to enact System 2 - conceptualize the domain and create models that 
guide and constrain the automated System 1 development. This ensures AI decisions are 
accurate and carefully attuned to the nuances of the complex socio-technical challenges 
and opportunities of modern life, while humans have the time and space to thrive in the AI-
powered world.  

The two components–humans and AI–work together to form a synergistic team 83. This 
synergy is not the same as a mere act of outsourcing work to AI. It is co-development, 
where conceptual modeling provides the structure for AI contributions, and AI-generated 
insights can refine and evolve those models, much the same way as the System 1 and 
System 2 cognitive processes in a human mind interlace and mutually reinforce each 
other. 

These ideas are captured in the four principles of our Manifesto, called SAFE-AI and in the 
process of realizing these principles, MADE with AI. These further elaborate on SAFE-AI, 
provide specific guidance on how to adhere to the spirit and intent of these principles and 
suggest some open questions for future research and development.  

SAFE-AI Principles 

The four SAFE-AI Principles are: Strategic deliberation over speed and scale; Attention to 
critical requirements and impact; Freedom to develop software components as AI 
capabilities and human preferences evolve; and Empowerment of everyone, AI included, 
to challenge and improve the solution, in both development and deployment. The SAFE-AI 
Principles are summarized in Figure 1. 
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Figure 1. SAFE-AI principles 

 

These principles embody our aspiration to create a symbiotic partnership between 
humans and smart machines, resulting in the development of safe for everyone, 
responsible, and effective software systems.  

Principle 1: Strategic deliberation over speed and scale 

There are multiple ways to solve a given problem. AI may suggest several solutions, but not 
all are equally effective, beneficial, or safe. Strategic deliberation involves practicing 
slower System 2 thinking before leveraging AI’s speed and scale. It safeguards against 
costly, if not catastrophic failures due to the careless use of the awesome powers of AI.  

Despite impressive progress, powerful AI algorithms, including Generative AI, often exhibit 
biases and can also provide unsafe recommendations 32,84, such as triggering suicidal 
thoughts and actions 85. Furthermore, Generative AI can hallucinate, that is, produce 
nonsensical or factually incorrect responses 3,86. Researchers have also shown how 
Generative AI can be convinced to provide information on topics that are undesirable for 
the greater good of society 87.  Furthermore, the quality of Generative and Agentic AI 
outputs varies, affected by the quality of prompts, parameter settings (e.g., results can be 
intentionally non-deterministic based on the temperature of large language models), 
difficulties in reasoning about uncommon or “long-tail” patterns, among other factors 
1,3,32,88. In contrast, developing software components commonly requires consistency, 
predictability and precision. For software development in particular, modern AI has been 
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trained extensively on low-level technical implementations (the final code of software 
systems) rather than on deliberation before the software was created, and requirements of 
those systems. As a result, AI struggles to generate reliable abstractions as humans 
understand them and tends to remain anchored to implementation decisions rather than 
conceptual design 89. 

Finally, Generative AIs lack inherent transparency, that is the ability to explain their 
decision logic 90. Transparency of the process and the outcomes (the software itself) is 
another desirable and often critical requirement in developing software 28,64,91. Although 
Generative AIs can now provide some post hoc rationalizations of their outputs (when 
prompted), this is a far cry from the true transparency and explainability as the underlying 
model (e.g., the large language model with its trillions of parameters along with the data 
used for training) remains inaccessible and opaque to the human user. 

Accepting and proceeding with whatever code is suggested by AI amounts to letting 
System 1 take control. As a result, seemingly minor errors could lead to large financial  
losses and compliance violations.92 What is worse, if allowed to scale uncontrolled, AI-
generated software has the capacity to cause great harm. This becomes even more 
problematic as we assign AI more agency, i.e., more freedom to make its own decisions 
and act directly with little or no supervision. 

Strategic deliberation over speed and scale were famously practiced by Sun Tzu, a Chinese 
general, the author of The Art of War. Sun Tzu proclaimed that “strategy without tactics is 
the slowest route to victory. Tactics without strategy is the noise before defeat.” These 
ideas remain all too relevant in the world of AI. 

In the age of powerful AI, human developers must understand the underlying problems 
that they are building software to solve. A simple modeling task may take a few extra 
minutes, but it forces a developer to think before acting. Unlike code that can cause real 
harm if incorrect, a model is a safe place to test ideas, identify flaws, and fix them before 
they become significant. 

Principle 2: Attention to critical requirements and critical impact  

With AI taking on many time-consuming tasks, human effort is theoretically freed to focus 
on what matters the most in terms of requirements. It also allows expanding the 
consideration of the system impact, including on the people, organizations, and the 
environment (e.g., markets, broader social and political institutions, plants and animals, 
natural resources), that might be less directly affected or impacted after some delay.  
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A new opportunity emerges to rebalance the workload between a human and AI, where AI 
can gather and structure requirements generally, leaving the human designer with the 
space and time to capture what really matters and to consider the bigger picture and 
broader impacts of the system-to-be. By ‘what really matters’ we mean those critical 
requirements that the system absolutely must get right. These are typically the 
requirements that deal with health, safety, legal, and ethical implications of the system, 
along with essential business rules that must be correctly executed by the system.  

We also suggest leveraging System 2 thinking in considering critical impact 84 - the degree 
to which a possible failure in system behavior could produce irreversible harm, cascading 
systemic consequences, or severe degradation of stakeholder trust and institutional 
legitimacy. In other words, a requirement is of critical impact if getting it wrong would 
materially compromise the system's purpose, undermine its core value proposition, or 
generate substantial negative outcomes for users, organizations, society or the 
environment. 

The human capture of mission-critical requirements contrasts with the traditional 
approach to modeling. In the past, conceptual models were built to “accurately and 
completely” and formally capture all the requirements for the systems to be built 28,93. 
Clearly such an approach runs into challenges as it requires much time and dedication 
(the problem pointed out by the proponents of agile development). The shift from all 
requirements to critical ones addresses this issue. In the AI era, the human-created 
“critical models” serve as abstractions that highlight what humans believe is essential for 
domain understanding to guide AI in automating details hidden beneath those 
abstractions. These mission-critical models can sometimes be informal, but clear and 
unambiguous, as long as they effectively address the mission-critical requirements. AI can 
then be unleashed to capture as many requirements as possible -  non-mission-critical 
and critical, the latter - to check against what humans deem essential. 

The reclaimed space and time to focus on the critical requirements further permits human 
developers to deliberate more carefully about identifying the relevant stakeholders who 
can articulate these requirements and impacts. Traditionally, requirements are elicited 
from the likely potential users of the system, their managers, as well as some constituents 
assumed to be affected by the system 94–96. However, given the typical time constraints, 
those affected less directly, or after some delay, are frequently missed or ignored 97–103. The 
resulting systems result in unforeseen, yet often significant, negative impacts on different 
people, communities, and the environment 98,104–110,110.  
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By rebalancing the work load between humans and AI in requirements gathering, greater 
consideration of the full impact of the system should result, paving the way to more 
effective and responsible systems.  

Principle 3: Freedom to develop software components as AI capabilities and human 
preferences evolve 

There are different considerations in how to prioritize the distribution of effort between 
humans and AI in the age of smart machines. The most obvious are related to cost, effort, 
and quality. Some have argued that certain work is inherently human, such as creative, 
compassionate, or caring activities 111,112. AI can thus focus on rote and repetitive 
tasks112,113. While such division of labor seems reasonable, it misses two important 
considerations. First, AI research is seeking to imbue AI with characteristics that humans 
may find compassionate and caring 114. This may be desirable as human care is scarce in 
many situations. Second, some programmers find joy and relaxation in doing tasks that 
appear dull and unexciting to others. Indeed, what is ‘rote’ is in the eye of the beholder – it 
varies not only from person to person, but a given human may change their attitude toward 
what is exciting over time. Humans should have the freedom to choose the development 
contribution. This underscores the need for AI systems to be ethical toward human 
developers, remaining aligned with their goals and mindful of associated risks. 

Freedom in development is not only a moral imperative or a matter of personal preference, 
but is necessary to ensure creativity and development of truly innovative solutions. 
Without freedom, we are risking stifling innovation and preserving the status quo. 

Principle 4: Empowerment of everyone, AI included, to challenge and improve the 
solution in development and deployment 

It is unlikely that the best design will emerge from a single code run. This is why it is 
important to empower everyone to challenge and evaluate an emerging solution. For 
humans, empowerment means having the authority and capabilities to question 
assumptions, review alternatives, reinforce AI learning and influence on decisions. For AI, 
empowerment refers to having the capability to propose diverse solutions, identify 
potential risks, and provide evidence-based recommendations rather than just executing 
instructions. The automation and scaling powers of AI, especially agentic AI based on 
multi-agent frameworks 6,115,116, permit AI to perform artifact sampling - developing and 
evaluating multiple possible solutions to help find the better one 117–120.  

Different contributors to the solution—human, AI, and broad stakeholders—should be 
encouraged, with AI’s facilitation, to challenge the emerging solution and its impact, 
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permitting further iterations and refinements. This means creating opportunities for AI to 
suggest alternatives and for humans and stakeholders to question and review the 
suggestions to ensure continued improvement.  

MADE with AI: Process of Realizing SAFE-AI 

The Principles of SAFE-AI are realized through the process MADE with AI, aimed at 
leveraging the advantages and mitigating the limitations of System 1 and System 2 in 
humans and AI. The four steps of the MADE with AI process are: Model to (re)Activate 
System 2 of the AI-Human partnership into motion; Agree on critical requirements and 
critical impact; Develop the solution; and Evaluate developed and deployed solutions. 

The MADE with AI process is general, allowing for a variety of scenarios, while 
simultaneously instantiating specific embodiments of the SAFE-AI principles. 

The MADE with AI steps are iterative and can be repeated as many times as needed until a 
definitive solution emerges that passes the validation checks of Step 4. These steps are 
shown in Figure 2. 

Figure 2. MADE with AI Steps 

 

We elaborate each step of MADE with AI below. 

Step 1: Model to (re)Activate System 2  

Enacting strategic deliberation would require starting software development System 2 
thinking. To take advantage of the power of System 2, it needs to be set in motion and be 
periodically re-activated when development hits roadblocks or when new contradictory 
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evidence (e.g., on critical requirements) emerges between iterations. Engaging in any 
modeling achieves this, as it requires externalizing thoughts.  

Presently, we assume it is a human who will be enacting System 2 via modeling, but we 
remain open to the possibility of this being done by AI, especially if deep machine 
reasoning capabilities of Generative AI become reliable. Even at current capability levels, 
AI can complement human modeling efforts by generating multiple alternative models, 
“seed” solutions that serve as starting points for human reflection which allows humans to 
identify gaps in their own models and consider perspectives they might have overlooked.121 
Still, danger exists in over-relying on AI models, as they can frame the problem prematurely 
and anchor the human into wrong solutions. Hence, we recommend humans to practice 
independent strategic deliberation, and always remain critical of their own as well as the 
AI-generated models.  

The mere act of modeling forces one to pause and think. Drawing diagrams on paper, a 
whiteboard, a napkin, or a computer, requires translating human mental models and ideas 
into another medium. This process is especially valuable when the individual does not 
know much about the domain, in which case they can engage in a back-and-forth 
conversation with AI to identify general patterns and incorporate suggestions from other 
models used in similar contexts. This would enable a baseline to build a model. 

Even if the initial models do not end up being implemented, the practice of slowing down 
and creating models at the very beginning or at the start of new iterations ensures that due 
deliberation is given to the problem and the solution. Dwight Eisenhower, the 34th 
President of the United States, captured this benefit of modeling when he famously 
proclaimed: “Plans are worthless, but planning is everything” 122. Perhaps Eisenhower was 
inspired by another famous American, Benjamin Franklin, who had made this warning: “If 
you fail to plan, you are planning to fail!”  

Strategically slowing down and forcing deliberation avoids costly mistakes. When AI can 
churn out working code on demand, the temptation to deploy quickly without pausing to 
reflect on the tradeoffs or other options in implementation can lead to suboptimal or 
outright problematic outcomes. Modeling before engaging AI to write code can help 
identify potential defects and enable humans to rein in the scaling powers of AI, ensuring 
they are used responsibly.  

Step 2: Agree on critical requirements and critical impact 

Once System 2 thinking is engaged, humans and AI can begin working closer together 
toward a solution. At this stage, an important human task is focusing on the critical 
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requirements and anticipating potential system impacts. Humans no longer need to 
completely and accurately capture all the requirements. Rather, they need to determine 
what is critical to get right as the system is being built. Artificial Intelligence, then, can be 
tasked with structuring and understanding requirements in general.  

With expanding AI capabilities to understand and model requirements, AI is becoming 
especially adept at extracting relevant information from documents or even engaging users 
in conversation to elicit their requirements. 

Although not without issues and challenges123, many general purpose and specialized 
tools automatically generate diagrams from prompts, external documents, and user 
stories. They can check model consistency and keep models updated as requirements 
change. As model creation capabilities of AI improve, AI will be better positioned to 
capture the non-mission critical requirements. For example, requirements dealing with 
user preferences for interface layout or adaptive content presentation can be structured 
and modeled by AI. These aspects can benefit from AI’s ability to learn from many sources 
without jeopardizing the system’s core integrity or compliance with critical constraints. 
Less critical requirements like these can then be then checked for compliance with 
mission-critical requirements.  

Critical requirements are impossible to specify if the expected impacts of the system are 
unknown. Therefore, humans should expect to spend more time deliberating on the 
system impacts, which requires developing skills in ethical thinking and speculation. This 
is especially challenging, as predicting all the possible ways a particular system will be 
used, be coupled with other systems, and have an impact on the broader environment, is 
nearly impossible 124. However, the cognitive and mental resources saved by AI can now be 
used to engage human System 2 thinking in trying to predict likely impacts (with some AI 
support). Guidance and support can come from the emerging areas of disciplined 
imagination and speculation about the future125,126 and foundations in human values and 
ethics.127,128 

Engaging broader stakeholders is one important avenue in foreseeing the possible human 
impacts, and AI and modeling can facilitate this process. In addition, long-horizon 
planning, emergent behavior modeling, feedback loops, multiple-dependency analysis, 
causal chains, and other complexity modeling approaches 43,129–134, along with the 
analytical and predictive capabilities of AI itself, can be used to better anticipate the direct, 
indirect, and delayed system impacts.  
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Building “critical conceptual models” - models of critical requirements and impact - can 
be done using simpler, lightweight modeling languages (see, e.g., 40,135–141). Such languages 
abstract from nuanced semantics, permitting the essential rules to be captured clearly 
and efficiently. Still, simple languages should also strive to be accessible to broadest 
audiences, while also being unambiguous and precise - motivating future research on 
modeling efficiency (e.g., return on modeling effort) 18,34,142, language accessibility and 
universality 40,53,101,109, and semantic clarity (e.g., via foundational ontologies) 39,143–156. 

Step 3: Develop the solution 

AI is increasingly useful for developing various components of software. As these 
capabilities evolve and improve, the future will witness a continuous shift in the work 
typically performed by human developers versus AI. 

The flexibility and increased versatility of modern AI tools facilitate the ability of humans to 
make independent and highly individual choices in what components of software to 
create. Models can further facilitate human development freedom by providing additional 
support to both humans and AI.  

First, modeling can support prompt-driven engineering (or specific frameworks like vibe 
coding) 157. Prompt-driven engineering permits humans to write code and create other 
components indirectly, via AI, using natural language prompts8,158. However, natural 
language is imprecise and ambiguous. Conceptual models can support prompt-driven 
engineering by increasing clarity and precision of natural language prompts159. 
Furthermore, formal conceptual models are typically superior to natural language for 
communicating spatial, sequential, and causal information160. Conceptual models drawn 
by humans can be sent to AI to provide greater precision of what a human wishes AI to do, 
leading to model-driven or model augmented prompt-driven engineering.  

Second, models can be converted into software components directly. This idea traces 
back to CASE tools that emerged in the 1980s and permitted the development of software 
code based on the semantics captured in conceptual modeling representations50,161–163. It 
is also the core aspect of model-driven development50,163 , underpinning component 
automation support, a key function of conceptual models. Modern AI is becoming even 
more capable of realizing the software component automation support function of 
conceptual modeling by building code and other components from conceptual models.  

Model-driven development with AI support has strong potential in promoting development 
freedom. Some humans may find it more enjoyable, natural, or expedient to produce 
models, rather than code or issue AI prompts. We see evidence of this in the practice of 
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model-driven development50,163, and even more evidence in the wide popularity of drag-
and-drop and no-code programming164,165. By holding development freedom as an 
immutable principle, we are open to any mode of development humans may choose to 
engage in. Given the value of modeling to humans, we especially call on  academia and 
industry  to continue improving model-driven development methods and tools. 

Finally, models can support AI and human development by increasing the transparency 
and traceability of development processes. Modern AI continues to struggle with the 
problem of explainability, i.e., explaining the logic of its outputs, to diverse 
stakeholders166,167. The explainability problem has worsened with the creation and 
application of trillions of parameters that make up advanced large language models3,168. 
While efforts to make the decision logic of AI understandable (e.g., explainable AI) 
continue, human developers can improve the explainability of AI by making AI-driven 
development more transparent through modeling. For example, an AI’s parameters and 
learned coefficients can be superimposed on or mapped to, an underlying enterprise 
model (e.g., entity-relationship diagram) to provide a visual representation of the data used 
in AI training and its impact on the AI model’s performance 169,170. This can reveal any gaps 
in the “AI developer” capabilities and world-view171 that may not be evident from traditional 
approaches to AI explainability166,172, and may precipitate fine-tuning or retraining the AI. 
Using modeling in this way would empower humans to work with AI on developing better, 
safer solutions.  

Step 4. Evaluate developed and deployed solutions with AI and stakeholders 

The efficiencies gained by working with AI permit continuous and comprehensive 
evaluation of the emerging solutions with broader stakeholders. First, AI can be used to 
continuously monitor development and evaluate emerging solutions. A new era of model-
driven evaluation has arrived, where evaluation is guided by modeling and performed by AI 
- a combination of symbolic AI (e.g., theorem proving, model checking), statistical and 
machine learning methods, and generative AI techniques. Conceptual models such as 
process, data, value, legal, and causal diagrams – previously constructed by humans and 
AI – can be consulted by AI agents to ensure the solution’s continued alignment with 
domain logic and intended outcome173,174. Here, the use of conceptual models, as opposed 
to natural language prompts, is especially important, as validation requires precision. By 
supporting these validity checks 173, models now act as both representational and 
evaluation tools. 

Second, the ability of AI to scale and communicate with humans gains new uses, since AI 
could directly consult diverse stakeholders for verifying the emerging solution. The natural 
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language protocols now perfected by Generative AI can turn the verification process into 
an engaging dialogue. These could be the same stakeholders from previous MADE steps or 
new ones, thereby increasing ecological and external validity 173 of the emerging software. 
This means the likelihood of the new solution performing well under a variety of 
circumstances increase976. The results of these verifications can be further structured into 
human-accessible models and be compared against the models in previous steps for 
inconsistencies. Automated assessment of models and solutions with traditional symbolic 
validation and verification techniques such as model-based testing 175 , model finding and 
simulation176, model checking177  can further improve the evaluation of critical MADE with 
AI systems. 

Third, the validation efficiencies permitted by AI enable humans to focus on ensuring that 
the emerging solution complies with the mission-critical requirements. These efficiencies 
also allow humans to continue considering the broader impacts of the system, hopefully 
better anticipating some of the more indirect and delayed outcomes. 

The co-developed software components may be deployed continuously as they pass 
validation or as one system after all validation checks have been passed. This choice 
depends on the nature of the project, such as its scale and time-to-market requirements. 
Additionally, post implementation evaluations are advisable to verify the system is 
behaving as expected. 

As initial human-AI-made solutions take shape, they can spark new ways of thinking about 
the original problem, precipitating novel solutions. Therefore, repeating the first three 
steps of MADE with AI will be advantageous. This will involve pondering on the outcomes of 
the evaluation, coming to consensus with the relevant stakeholders on updated 
requirements and expected impacts, and developing new components together with AI.  

Unleashing the Human-AI Symbiosis 

In a world of increasingly powerful AI, new thinking is needed on how to develop software 
in an effective, transparent, responsible, and safe way according to social values, norms, 
and goals.  

To build a better world with AI, we must fundamentally rethink the partnership between 
human modelers and AI. Following the inspiration from System 1 and System 2 thinking in 
humans, we present the Manifesto for Software Development and Modeling in the Age of 
Artificial Intelligence. At its heart are the guiding principles, SAFE, and a pathway for 
enacting them, MADE with AI.  
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Through SAFE-AI and MADE with AI, conceptual modeling emerges as a trusted bedrock of 
software development. It gives humans the space to reflect, a way to capture what 
matters, a tool for communication, and a method of supervising AI. AI can help us build 
models faster, but humans remain essential for interpreting them, grounding them in 
context, and ensuring they align with real-world needs. Far from being outdated, in the age 
of AI, modeling is not an agility obstacle – it is a safeguard. 

Although we provided a roadmap with SAFE-AI and MADE with AI, more needs to be done 
to make this vision central to software development. We thus close this Manifesto with a 
call for action. It is a call to everyone concerned with the risks and opportunities unleashed 
by AI and fast-paced software development approaches. We propose the following areas 
of attention for the educator, research and practitioner communities to unite towards 
further research and development. 

1. Education and Capacity Building 

To prepare the next generation of software engineers and information systems 
professionals, education must evolve to reflect the dual demands of speed and 
deliberation in AI-augmented development. The skillset of software engineers is becoming 
versatile and generalistic. Coding remains an essential foundation, but it is no longer 
sufficient on its own. Software engineers must learn new competencies such as 
augmented development, which involves using AI-assisted tools to improve efficiency and 
decision-making. Critical thinking and quality assurance skills remain vital to ensure 
reliability and maintainability. Modeling should remain central in computing curricula as a 
means of cultivating reflective, ethical, and systematic thinking (what the Manifesto calls 
System 2 cognition). Students should learn not only to create models but also to evaluate, 
critique, and refine AI-generated artifacts using modeling as a form of reasoning and 
oversight. Educational programs should also foster cognitive diversity and creativity, 
encouraging learners to choose development and modeling methods that best align with 
their individual styles and reinforce their capacity to engage in deliberation and impact 
assessment. 

In short: 

1. Integrate modeling into AI-age curricula: Next-generation programmers and 
software engineers should be trained to understand the value of modeling as a 
safeguard against AI-generated risks. 
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2. Teach model evaluation and critical reasoning: Curricula should emphasize 
evaluating, validating, and refining human - and AI-generated models, not only 
creating them. 

3. Embed modeling in AI-assisted workflows: Students should learn to incorporate 
conceptual modeling checkpoints within agile and AI-driven projects. 

4. Promote cognitive diversity in modeling education: Encourage creativity and 
individual freedom in how developers use modeling to express, reason, and design 
alongside AI. 

5. Train reflective practitioners: Develop courses that strengthen System 2 thinking, 
focusing on deliberation, ethical reflection, and impact critical assessment. 

2. Research and Innovation 

The research community must advance new theories, tools, and empirical evidence to 
guide human–AI collaboration in modeling and software development. Priority should be 
given to developing hybrid modeling frameworks that combine formal representations with 
natural-language prompting, and to supporting deliberate reasoning within AI-driven 
workflows. Conceptual modeling can also serve as the foundation for explainable AI, 
helping to visualize, trace, and justify AI decisions. Open and FAIR (Findable, Accessible, 
Interoperable, and Reusable) repositories of shared models 178, benchmarks, and case 
studies are needed to evaluate how modeling contributes to safety, transparency, and 
quality in AI-assisted software engineering. Moreover, the community should revive 
systems theory and complexity modeling to better anticipate indirect, delayed, and 
emergent consequences of software deployments. Finally, researchers should investigate 
how humans and AI can co-create and co-evaluate software, exploring the cognitive, 
social, and technical dynamics that underpin effective symbiosis between deliberate 
human reasoning and rapid AI generation. 

In short: 

1. Advance hybrid modeling frameworks: Researchers should explore AI-supported 
tools that activate System 2 thinking and allow formal models to guide natural-
language prompts and AI code generation. 

2. Develop model-driven explainable AI: Integrate conceptual models into AI pipelines 
to visualize, trace, and explain AI decision-making processes. 

3. Create open repositories and benchmarks: Build shared datasets and reference 
models to assess how modeling enhances safety, transparency, and quality in AI-
assisted software development. 
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4. Develop new and refine existing conceptual modeling languages, with particular 
attention to modeling efficiency, semantic clarity and accessibility. 

5. Reinvestigate complexity and impact modeling: Revive and modernize systems 
theory and complexity modeling to better predict indirect, delayed, and emergent 
effects of software systems. 

6. Study human-AI modeling collaboration: Examine how humans and AI can co-
create software effectively, balancing cognitive strengths and limitations of both. 

3. Professional and Industry Practice 

Practitioners and industry leaders are urged to reestablish modeling as a vital component 
of fast-paced software development in the age of AI. To do so, we urge developers to adopt 
the SAFE-AI philosophy and build safer software using the MADE with AI processes. 

Organizations should introduce conceptual model reviews alongside traditional code 
reviews to ensure deliberate reflection on system purpose, safety, and critical 
requirements. Participatory modeling approaches should be practiced more often, 
leveraging AI to facilitate the inclusion of diverse stakeholders in requirements elicitation 
and system design. Continuous, model-driven validation loops can be established where 
AI agents automatically assess emerging solutions against domain models and mission-
critical constraints. Models should also serve as enduring repositories of organizational 
knowledge, providing a transparent record of system rationale, design evolution, and AI–
human decision-making across development cycles. 

In short: 

1. Adopt the SAFE-AI philosophy and build safer software using the MADE with AI 
processes. 

2. Institutionalize conceptual model reviews: Introduce formal model reviews 
alongside code reviews in agile and AI-augmented workflows to ensure deliberate 
reflection and alignment with critical requirements. 

3. Adopt participatory modeling practices: Use AI as a facilitator to involve diverse 
stakeholders in modeling requirements and exploring potential system impacts. 

4. Implement model-driven validation loops: Encourage continuous evaluation of 
systems by AI agents referencing human-created domain models to ensure 
alignment with intended goals. 

5. Build integrated modeling environments: Develop seamless environments that 
combine modeling, prompting, simulation, and documentation to support iterative 
human-AI collaboration. 
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6. Preserve organizational knowledge through models: Promote models as living 
documentation that retain organizational memory in rapidly evolving AI-powered 
software ecosystems. 

Finally, the global community would benefit from forming a cross-disciplinary consortium 
on “SAFE AI Development”, uniting experts in software engineering, conceptual modeling, 
information systems, ethics, cognitive science and other related areas of sciences and 
humanities to continue refining the ideas laid out in this Manifesto for a safer and happier 
world for everyone! 
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