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ABSTRACT

To date, most organizational and project management studies have focused on how to deploy artificial intelligence (AI) tools to improve outcomes. However, this
wrongly assumes the preexisting project and organizational context is already prepared to incorporate such Al tooling productively. To address this issue, this essay
proposes a provocation that we call CIPHER, a first-of-a-kind framework to increase organizational readiness for deploying Al in project work. CIPHER identifies six
key tensions that occur with the use of Al: Cognitive, Informational, Projection, Haptic, Exchange, and Resource. These tensions occur either when humans directly
interface with algorithms or indirectly where humans interface with an algorithmically driven robotic, immersive reality, and/or multi-agent system. For each
tension, we identify a key project lever to navigate these tensions: intergenerational teaming, problem scoping, delivery-validation scaffolding, task separability,
multi-agent governance, and model parsimony & transfer learning. Our aim is that through CIPHER, project leaders can harness the promise of Al while also more

carefully managing its perils.

1. Introduction

Artificial intelligence (AI) in project management is an emerging
area of interest. Studies thus far focus on where project managers
perceive Al is most useful (e.g., Holzmann et al., 2022), how to ethically
conduct project management research with Al (e.g., Miiller et al., 2024),
and how to use Al in specific processes such as project planning (e.g.,
Barcaui & Monat, 2023). Beyond project management, organizational
scholars are beginning to analyze how different Al-human interactions
influence task performance (Agarwal et al., 2023, 2018; Dell’Acqua
et al., 2025, 2023), and how to redesign work with such interactions in
mind (Choudhary et al., 2025; Iantisi et al., 2020; Puranam, 2021).
Overall, extensive experimentation is underway around how to use Al
(Mollick, 2024), and the prognosis of such efforts ranges from optimism
(e.g., Project Management Institute, 2024a, 2024b), to caution (e.g.,
Geraldi et al., 2024).

These task-specific studies assume the preexisting organization and
project is already prepared to effectively deploy Al So much so, the
prevailing preoccupation is how specific targeted AI deployments
advance project outcomes. For instance, prior studies have explored how
Al can improve project performance (Costantino et al., 2015; Wang
et al., 2012; Yang & Zhao, 2025), risk management (Diekmann, 1992;
Jin & Zhang, 2011; Mancini et al., 2023), and stakeholder identification
(Mariani et al., 2023; Miller, 2022). These studies recognize that orga-
nizational capabilities and agility around deploying Al are important
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(Mariani & Mancini, 2025; Mikalef & Gupta, 2021; Whyte et al., 2016).
However, where these skills come from and how organizations and
projects should build them to enhance their Al readiness, or what some
call absorptive capacity (Cohen & Levinthal, 1990), is largely absent.
Put another way, while frameworks for Al deployment do exist such as
SALIENT in healthcare (Van Der Vegt et al., 2023), these frameworks are
often “inside-out” (Al-leading) where they start with the algorithm and
extrapolate out into the implementation setting. Our approach is “out-
side-in” (project and organization-leading) where we start with the
organizational and project site setting and preparedness to guide the
most appropriate Al deployments. We see our approach as especially
important as current investigations around the outcomes from Al de-
ployments are mixed at best (Challapally et al., 2025; Dell’Acqua et al.,
2023; Korst et al., 2025). This suggests building project and organiza-
tional readiness for Al is not a trivial undertaking, and yet so far, we lack
a guiding framework for how best to enhance such preparedness for
deploying Al tools effectively.

In this essay, we propose a dialectical framework that we call CI-
PHER' to conceptually identify how projects and organizations enhance
their readiness to deploy Al tools. In particular, this framework proposes
six key tensions, and six key accompanying levers for effectively
deploying Al amidst such tensions. This complements work that de-
velops a set of organizing principles, which are derived from the distinct
features of Al and their potential to reshape organizational fundamen-
tals based on the behavioral theory of the firm (Armanios et al., 2025b).
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Together, they advance a more novel and coherent view of how to more
effectively deploy Al within projects and organizations.

2. A brief primer on Al

Before we can advance a framework for making Al projects relevant,
we need to first have a common understanding around what we mean by
the term. Simply put, Al is how machines learn, reason, and self-adapt
akin to human cognitive functioning (Nature Research Intelligence,
2025a). This is done through machine learning, which is a set of tech-
niques that help computational systems learn from data and improve
their performance that do not necessitate explicit, bespoke program-
ming (Nature Research Intelligence, 2025b).

These techniques are usually classified into supervised, unsuper-
vised, and reinforcement learning. Supervised learning is prediction
from labeled or tagged data. Regression models are one such classic
example that predicts outcomes based on modelled relationships be-
tween explicitly called or labelled variables. Unsupervised learning is
detection of groupings and sequences in unlabeled data in which the
relationship between variables is unknown. Clustering techniques, such
as k-means clustering, are one such classic example that seeks to in-
crease the internal coherence of a cluster while maximizing the distance
between clusters to identify distinguishable topics within a corpus of
natural text (Sinaga & Yang, 2020). Finally, there is reinforcement
learning, which is prediction done through agents in an environment.
These agents make decisions that are updated based upon feedback in
the form of rewards or penalties earned based on their observed per-
formance on a given task. Q-learning is one such classic example in
which agents try a particular action under a particular condition. The
agents evaluate two factors: the consequences of their action based on
received payoffs (rewards or penalties), as well as the benefits or risks of
the condition in which the action was taken (Watkins & Dayan, 1992).
These three forms of learning and their combinations are what inform
much of Al to date.

Large language models (LLMs, e.g., GPT-5 by OpenAl) is a form of Al
that is receiving much attention and combines all three forms of ma-
chine learning (e.g., Minaee et al., 2024). These algorithms are initial-
ized through unsupervised natural language processing (NLP)
techniques that translate natural language into numerical representa-
tions to help these models understand structures and patterns in natural
language. The downstream models are then fine-tuned using supervised
and reinforcement learning via prompts. For text output, past sequences
become “labels” for which future words are predicted—such automatic
labelling of preceding text is a form of self-supervised learning. If the
previous output is “The girl likes to play in the...”, “The girl likes to play
in the” is the label from which future word predictions are conditioned.
Using reinforcement learning, the model is trained to respond to
different kinds of prompt instructions and adaptatively improve its
content based on the user. Humans then rate the quality of the output,
and the model uses this performance feedback to update its weights and
probabilities.

3. CIPHER: A dialectical framework for informing project-based
use of Al

Given the wide application and potential of these models, we argue
for the need to spend less time deciding whether Al is good or bad and
spend more time accepting that both are possible and enhancing project
and organizational readiness to steer these tools toward promise instead
of peril. To do this, we employ a classic philosophical approach known
as the dialectical method. Dating back to Ancient Greece, the aim of this
approach is to advance knowledge by synthesizing across seemingly
opposing assertions (Busco & Quattrone, 2018). Given AI's simulta-
neous benefits and pitfalls, this is a useful approach for helping us
ascertain how to progress through these interlocked dualities.

Our approach then is to identify project levers that help uncover and
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decode these tensions akin to a metaphorical cipher, hence the naming
of our framework. More specifically, we take each dialectical tension
and couple it with a key project principle. From this, a project lever
emerges that can inform how project professionals can more tangibly
and simultaneously navigate the promise and perils of Al in their work.
The resulting CIPHER framework focuses on six tensions that promi-
nently appear in the use of AI — Cognitive, Informational, Projection,
Haptic, Exchange, and Resource. A summary of this framework is pre-
sented in Fig. 1.
Cognitive: Team Readiness

Dialectic #1: Al enhances creativity and cognitive offloading (reduced critical thinking)
Project Principle #1: Account for when to accept and deny Al outputs in projects

While project-based studies to date recognize the value of Al on
teams (Barbosa & Carvalho, 2025; Dell’Acqua et al., 2025), how to
improve team readiness to effectively onboard and use Al to begin with
is understudied. This is crucial because while AI enhances creativity,
users are shown to reduce their critical thinking around Al outputs. We
can see this through studies that compare individual vs. systemwide
creativity from Al Individual creativity is enhanced because Al reveals
novel output not previously considered or known to that user. However,
because Al only recombines what already exists in its training corpus,
overall creativity may actually decrease (Doshi & Hauser, 2024). This
occurs because humans are often not contributing novel discrepant in-
puts to Al models. In fact, several studies argue that when humans use
Al they engage in “cognitive offloading,” whereby instead of critically
interrogating the output, they accept its conclusions without scrutiny
(Gerlich, 2025; Lee et al., 2025). Given the humanlike ability that Al
exhibits to convince users of its veracity, these problems are only likely
to increase.

The key tension here is a cognitive one. To navigate this tension,
project managers need to situate Al in contexts where some are more
adept at using these tools to identify creative solutions, while others are
more equipped to critically interrogate its outputs. Project teams need to
have the means to both accept and deny Al outputs. How to do so is
hidden in plain sight. Of those studies that find greater cognitive off-
loading and therefore less critical thinking around Al, they find that
older individuals accept AI output less than younger individuals
(Gerlich, 2025).

The lever here then is to situate Al tools in intergenerational teams that
can allow deploying Al both creatively and critically. This is sometimes
referred to as balancing digital and legacy skills (Lanzolla et al., 2021).
Older individuals on the team are often seasoned project professionals
whose experience can help better interrogate the validity of the output.
Younger individuals are often experienced in the latest tools and tech-
nologies and so they can contribute more creative deployment of Al
tools toward project problems. This leads to the following testable
proposition:

Proposition 1 (Intergenerational teaming): Al deployment in projects will
have greater performance when deployed in intergenerational project teams
that vary in age, industry, and Al experience.

Informational: Individual Readiness

Dialectic #2: Al informs and deceives
Project Principle #2: Account for how Al searches and shapes knowledge

A growing set of studies on project management education show that
Al is enhancing learning (Ingason et al., 2025). However, other studies
highlight the lack of clear recommended education and training prac-
tice, and this lack of policy hampers individual readiness to effectively
deploy Al in projects (Smit et al., 2025; Vettori & Warm, 2025).

This is especially problematic because Al, such as LLMs, are “sto-
chastic parrots:” they generate language without knowing the meaning
of what they process and output; they simply predict novel content that
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Fig. 1. CIPHER dialectical framework for deploying Al in projects.

is most likely to follow preexisting content based on its training data
(Bender et al., 2021). This means while they can generate novel and
potentially even creative output, they also “hallucinate” (i.e., provide
realistic-sounding yet inaccurate information) and reflect the same
biases of their training data and of their human labelers and developers
(Buolamwini & Gebru, 2018). At best when humans mistakenly use such
inaccuracies to inform organizational and project decision-making, Al
can lead to misinformation, or unintentional processing errors / mis-
understandings (Hannigan et al., 2024). However, some of these fabri-
cations can rise to the level of disinformation, or purposive falsehoods
designed to deceive their targets (Petratos, 2021). Given Al, such as
GenAl, are designed to be humanlike in communications, distinguishing
between useful vs. fabricated misinformation/disinformation is
becoming increasingly difficult and consequential (Van Alstyne, 2023;
Vanneste & Puranam, 2024).

The key project implication is that while most have been focused on
how AI helps search for novel information, few have focused on how Al
can shape the very information landscape through which we search
(Gavetti et al., 2017). This is explored in arguably the most canonical
organizational theory on this topic: the Behavioral Theory of the Firm
(Cyert & March 1963). From this theoretical perspective, the funda-
mental starting point is that a problem emerges for which you are
seeking a solution. At the onset, you use your existing knowledge, often
stored in habit, standard operating procedures, and/or routines (Cyert &
March 1963; Simon, 1997). If you do not have such knowledge, you first
search proximately in more familiar “local” knowledge domains before
more widely searching into more unfamiliar and costly “distant” do-
mains until you find a “good enough” solution to the problem (Cyert &
March 1963; March & Simon, 1958; Simon, 1955).

Scaling this up, the landscape (the entire parameter space through
which these agents search) is considered more “rugged” as the di-
mensions along which one searches and the interdependencies between
these dimensions increase (Gavetti & Levinthal, 2000; Levinthal, 1997).
Performance improves either through improving search within a land-
scape or shaping the landscape itself by reframing problems more
tractably to generate a “smoother,” less complex information landscape
(Gavetti et al., 2017).

Let us now bring this back to the project space with a canonical
problem for which Al has long been applied: project planning. For
simplicity, let us think about project planning as simply the ordering of
tasks needed to complete a project, along with their interdependencies.
Studies considering Al in project planning have long argued that this is
most effective when possible conditions, initial and goal differences, and
possible actions are limited in scope (Levitt et al., 1988). In other words,
the information landscape is made “smoother” and more optimizable.
Naturally then, using Al for project planning becomes problematic when
these tools are used amidst highly complex and interdependent tasks (a
more “rugged” landscape).

The key tension here is an informational one. In complex information
environments where conditions, goals, and actions are more unbounded,
Al tools have more room to make inferences that are informed (and
skewed) by their own training data. A key lever then to address this
informational tension is scoping the problem into a tractable set of factors,
ensuring a more cognitively manageable and knowable landscape
(Armanios et al., 2025a). If the project planner does not scope the
problem, Al tools will tacitly do it for them, which is increasingly
troublesome with greater complexity. Exploratory studies of scheduling
with Al tools demonstrate that they tend to underestimate the time
needed compared to experienced managers (Barcaui & Monat, 2023).
Recent studies show that such inaccuracies and underperformance are
only likely to increase in projects within cultural contexts whose lan-
guages are outside LLM training data (Koo, 2025), which are largely
confined to English, Mandarin, and Western European languages
(Longpre et al., 2024). Thus, when using these Al tools, project planners
must scope the problem in ways that ensure alignment with the infor-
mation sources used to train the Al tool of interest.

Problem scoping as a lever necessitates deeper reflection on the
means-end chain, or the number of unmeasured assumptions made be-
tween desired Al-enabled project tasks and their intended outcomes.
With more unmeasured assumptions, greater discretion is allocated to
the algorithm’s causal inferences, and the accuracy and appropriateness
of those inferences depend on the algorithm’s training data. This leads to
the following testable proposition:

Proposition 2 (Problem Scoping): AI deployment in projects will have
greater performance when there are (a) fewer unmeasured causal links be-
tween project tasks and goals and (b) greater alignment between the algo-
rithm’s training data and the project’s operating context.

Projection: Translational (Across Time and Knowledge) Readiness

Dialectic #3: Al requires virtual and physical reality.
Project Principle #3: Account for when to increase task ambiguity and clarity

While AI can increase the clarity of how to complete future tasks by
simulating them virtually, this also can increase the ambiguity in how
and which physical interventions are needed. This is particularly chal-
lenging with Al-driven immersive reality (xR). For instance while de-
signers can leverage virtual reality to help enhance construction safety,
this assumes designers are familiar with construction site challenges
and/or have experienced construction professionals to help fill knowl-
edge and implementation gaps when that is not the case (Sacks et al.,
2015).

Within immersive reality (xR), let us explore the difference between
augmented reality (AR) and virtual reality (VR). Though the line be-
tween the two is increasingly blurred, VR aims to immerse the user in an
entirely separate and simulated environment such as those of Metaverse
applications. On the other hand, AR often overlays a digital world onto
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existing physical surroundings. In short, VR is anchored more in an
artificial setting, while AR overlays on a physical setting.

Why is this distinction relevant? On the one hand, algorithmically
driven VR can uncover new possibilities to one’s work and can be
updated based on user interaction and input. Interacting with algorith-
mically informed avatars presents an emerging example of this form of
learning and interaction (Hu et al., 2025; Park et al., 2023). VR increases
the possibility of thinking differently around a task, but how to translate
that into physical action becomes unclear. In short, VR increases task
ambiguity and reduces task clarity, except arguably in instances where
the virtual environment closely mirrors a common realistic scenario that
does not need physical anchoring (Wu et al., 2019).

On the other hand, algorithmically driven AR helps you see more
clearly how to do a specific task as the setting is mapped directly onto a
physical environment. This is especially useful in addressing project
work where 2D drawings must translate into 3D actions (Chalhoub &
Ayer, 2018). For example, designer Adam Pickard converted paper IKEA
manuals into an AR app (AssembleAR) precisely to address this issue
(Morby, 2018). The savings from such a conversion on productivity are
significant. The company Upskill, using the Skylight AR platform,
worked with GE Renewable Energy (now GE Vernova) to analogously
overlay instructions onto wind turbines and found a 34 % reduction in
assembly time (Kloberdanz, 2017; Upskill, 2017). However while this
improves task execution, AR has a constrained field of view, so the task
must be carefully narrowed to fit within this field of view (Ren et al.,
2016). So while AR increases task clarity, it reduces task ambiguity as it
reduces the ability to see creative alternatives within such a narrow
aperture.

The tension here is a projection one. Project managers must juggle
two forms of projection (i.e., virtual and physical) simultaneously and
do so across different time and knowledge gaps. The key lever here is
delivery-validation scaffolding, or the tools that help link delivery (i.e.,
doing the work) to assurance (i.e., checking the work).

Traversing time gaps, immersive reality can record the exact actions
of workers, so delivery and assurance can occur simultaneously. This is a
significant breakthrough given the usual way in which assurance is done
via a “scrutiny loop.” When checking work, project personnel need to
spend additional time answering follow-up requests to recall what
occurred while also continuing the next work task, often leading to
increased delays (Maylor et al., 2024). With actions recorded, the pre-
cise actions project personnel take when doing the work can be shared
directly to those checking the work, helping break this cycle. Lockheed
used this when deploying AR as part of the NASA Orion project (Winick,
2018). Besides reducing errors to zero and reducing labor by 90%
(Microsoft, 2021), the use of immersive reality allowed for worker
movements to be recorded as the work was delivered, allowing for
simultaneous process assurance. In this way, immersive reality serves as
useful scaffolding between delivery and assurance that reduces time
gaps between the two.

Traversing knowledge gaps, assurance can nonetheless suffer infor-
mation asymmetries between those doing the work and those checking
the work. Simply “seeing” the work may not overcome such knowledge
divides. The closest scaffolding to date for bridging this divide around
commonly used algorithmic tools are what is known as “model cards”
that seek to communicate key factors informing the deployment of al-
gorithms (Crisan et al., 2022; Mitchell et al., 2019). The challenge with
such scaffolding is they report variables that are useful for developers
but not necessarily comprehensible to other workers seeking to properly
implement these tools or to auditing personnel who need to confirm the
work. New guidance therefore argues for clearer scaffolding akin to
nutrition, prescription, or energy rating labels (Armanios et al., 2025b;
Luccioni et al., 2024a; Nsoesie & Ghassemi, 2024).

The overarching point is that with algorithms interfacing with
immersive reality, the labelling of the back-end algorithm or the
immersive reality interface itself can serve as crucial scaffolding. Such
scaffolding makes tasks easier to execute and attempts to reduce the
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time and knowledge gaps needed to confirm the work’s completion.
How much scaffolding is needed, and where it can be tuned, is based on
the nature and criticality of the project task at hand. Delivery-validation
scaffolding thus requires deeper reflection at the interface between de-
livery and assurance. This is amplified in settings where Al interfaces
with mixed reality, which juggles two forms of projection: one in the
artificial and one in the physical. This leads to the following testable
proposition:

Proposition 3 (Delivery-Validation Scaffolding): Al deployment in pro-
jects will have greater performance when deployed with appropriate scaf-
folding that bridges (a) time or (b) knowledge gaps.

Haptic: Workflow Readiness

Dialectic #4: Al requires automated and manual labor.
Project Principle #4: Account for when to increase process speed and precision

While many studies have focused on how automation enhances
productivity (or not) (Kromann et al., 2020), recent studies have only
started to recognize how context, such as industry, drives such effec-
tiveness (Anglani et al., 2023). This is particularly challenging in
Al-driven robotics, where decisions must be made around when manual
interventions are needed just as Al is increasing the ability to automate
processes.

To help crystallize this in a project setting, let us take two different
projects that use Al-controlled robotics to automate project work. The
first is automation in warehouses such as those in Amazon. While we
choose to focus on examples where automation is increasingly ubiqui-
tous, namely project logistics, such insights are transferable to other
project functions. For instance, studies in construction demonstrate
automation is also increasingly used in offsite manufacturing of pre-
fabricated components or in operations and cleanup in hazardous set-
tings too dangerous for humans (Trevelyan et al., 2016; Vaha et al.,
2013).

While automation has benefits, such as reduced walking required, it
has also resulted in greater human costs such as increased work in-
tensity, speed, and repetitive stress injuries (Gutelius & Theodore, 2019;
Vallas et al., 2022). For instance, one report of 1,484 frontline Amazon
warehouse workers across 451 facilities in 42 states shows that 41 % of
workers report being injured, 69 % take unpaid time off due to pain and
exhaustion, 41 % feel pressure to work faster always or most of the time,
and 60 % experience more workplace monitoring (Gutelius & Pinto,
2023). While robots can help move larger sets of packages at great
speeds, human workers are still needed to pick and fulfill individual
orders. Robots dictate speed, but humans are still required to ensure
precision.

The second is automation of the genomic process at the Francis Crick
Institute in London (Wynter, 2023). Recent advancements in genomics,
namely in high-throughput screening methods, have expedited the drug
discovery process through faster iteration across vast libraries of
possible gene sequences to identify promising candidates (Adams et al.,
1991; Barry III et al., 2000; Debouck & Metcalf, 2000). Sample prepa-
ration is a part of the process especially prone to human error and
contamination. With automation, a scientist can now prep samples in
half an hour rather than half a day and do so in a more reproducible
manner (Wynter, 2023).

The key tension here is a haptic (touch) one. While algorithmically
driven robotics allow for unprecedented automation and programma-
bility, especially around standardized tasks, their dexterity remains
limited (Schirmer et al., 2025). In the Amazon example, human dex-
terity is still needed, which increases the pressure on human workers. In
the genomics example, dexterity exigencies have been better considered
in the workflow to ensure a more standardizable and repeatable process
that exerts less pressure on human workers.

The lever then is task separability, or the degree to which tasks can be
partitioned so that some are algorithmically driven with only minimal or
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periodic human intervention or supervision. Task separability as a lever
requires deeper reflection on how one sequences project tasks between
humans and algorithmically driven machines such as robots, especially
around the haptic needs of the task. If the task needs more granular
touch and motion, the haptic requirements are high and automating
parts next to such work will put more strain and pressure on the human
part of that process. This will result in performance gains quickly pla-
teauing, if gains are seen at all. However, automation may be needed
even if the haptic requirements are high due to extreme operating
conditions. For such instances—as in the Crick Institute—project task
flow could perhaps be redesigned to ensure the tasks with high haptic
requirements “bookend” the workflow (i.e., human preparation of the
inputs followed by automation that is adequately spaced out, with
output handed off for more fine-tuned human post-processing). This
leads to following testable propositions:

Proposition 4 (Task Separability): AI deployment in projects will have
greater performance when deployed in (a) workflows with low haptic re-
quirements or (b) workflows that increasingly “bookend” the high haptic task
requirements at either the beginning or end of the workflow.

Exchange: Stakeholder Readiness

Dialectic #5: Al enables control and freedom.
Project Principle #5: Account for when to centralize and distribute oversight

Al can increase both control and freedom, and this dialectic is
particularly challenging when Al is the backend for multi-agent systems
(e.g., blockchain, marketplaces, or drone swarms). Such systems allow
agents to freely operate and yet can also restrict the agent’s range of
actions (Wooldridge, 2009). While multi-agent systems are increasingly
deployed in projects, especially to improve outcomes around globally
distributed project teams relying on scrum management (Lin et al.,
2015; Yan et al., 2000), how to build stakeholder readiness for such
deployment remains unclear.

Let’s take blockchain as an increasingly prevalent example of multi-
agent systems used in projects, especially in industrial manufacturing
contexts (Nguyen et al., 2022). Blockchain can link various sensors to
collect increased breadth and depth of data with little oversight, ranging
from factory conditions, screw sizes, all the way to managerial keyboard
strokes, to name only a few measurable project metrics. At the same
time, blockchain can be governed via smart contracts that are pro-
grammed with activation and termination conditions that can verify the
completion of agreed-upon tasks and restrict transactions if conditions
are not met (Lumineau et al., 2021a, 2021b). This is more generally akin
to restricting the range of actions that an agent can perform, similar to
establishing norms amongst agents (Wooldridge, 2009). With break-
throughs in the GenAl space that incorporate multi-agent systems, such
as Manus Al (https://manus.im/), this interface between AI and
multi-agent systems as seen in blockchain will only become more
ubiquitous in projects.

The key project question clearly becomes how to govern such re-
lationships: err on the side of greater control or freedom? To gain
insight, let us consider two blockchain projects. While these projects are
increasingly ubiquitous yet more operational in nature, such blockchain
activities have similarly been used to deploy more end-to-end project
work such as blockchain systems used for ensuring vaccine refrigeration
across a supply chain (i.e., cold chain) (Mendonca et al., 2021). Beyond
blockchain, such insights are transferrable into other settings such as
multi-drone (agent) systems that are increasingly deployed in con-
struction projects for surveying, safety, inspections, and even for de-
molition (Li & Liu, 2019).

The first blockchain project is Ant Group’s collaboration with Hel-
loBike (Yang, 2023). HelloBike’s challenge was convincing investors of
the promise of the e-bike sharing industry where several previous en-
trants had misled investors with fraudulent claims. In looking to prove
the credibility of their claims and data, HelloBike partnered with Ant
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Group to provide a reliable third-party certification of the data via
AntChain. HelloBike uploaded e-bike usage data to a blockchain system
via a sensor device on every bike that reported location and usage, along
with cross-checked payment data. Investors were then added as nodes
onto the system, so they could see the data in real time.

The second is a partnership between IBM and Maersk to create the
platform TradeLens. The challenge for Maersk was how to reliably track
and automate container shipping to improve efficiency (Lal & Johnson,
2018). The impetus for this was the sheer number of handoffs between
different entities that must occur for a shipping order to be completed,
and the fact that this was still a predominantly paper-based process that
was open to fraud. The solution developed was a more permission-based
blockchain where everyone knows who is on the system and their ac-
tivity but “firewalled” to prevent the spread of commercially sensitive
materials across competitors (Jovanovic et al., 2022).

What varies in these two examples is the use of more distributed
(providing more freedom) vs more centralized (providing more control)
governance (Hanisch et al., 2025). In the case of AntChain and Hello-
Bike, the approach was a more distributed form of governance whereby
every investor was added as nodes in the system and could access all
e-bike sensor data. AntChain simply served as a reputable third-party
certifier that authenticated the data provided from HelloBike. AntCh-
ain has no direct commercial interest in the sector other than collecting
transaction revenues. For TradeLens, the platform represented more
centralized governance. Maersk was directly tracking the transactions
and had a direct commercial interest in the data, perhaps leading to the
platform’s eventual discontinuation because there was not adequate
uptake of the platform by other market players (Cecere, 2022; Maersk,
2022). Presumably, market players were worried about allowing Maersk
to entrench and expand their market position by becoming the de facto
information standard for the industry.

Regardless of the result, the tension here is an exchange one. From the
two cases, we see the lever is how choices are made around multi-agent
governance. One can decide whether a third-party certifies the platform,
the project creates its own platform, or whether to use an entirely public
platform such as Ethereum. Depending on the strength of stakeholder
norms, one can decide whether the agents are given more or fewer
constraints. In the aggregate, these toggles help decide whether the
governance mechanisms across the agents are more distributed (free) or
more centralized (monitored) in their exchanges.

Multi-agent governance as a lever requires deeper reflection as to the
kind of system one wants to create to manage exchanges between project
stakeholders, which may be amplified in settings where AI backends
multi-agent systems. The ultimate decision will depend on overall
stakeholder trust, norms, and performance stakes. If stakeholders have
high trust or the stakes are high (i.e., little room for error and cata-
strophic consequences if things go wrong), one may want to operate
their own multi-agent platform. This may even depend on whether
stakeholders trust the agents themselves. Recent studies are alarmingly
showing that Al agents can act as autonomous stakeholders in and of
themselves. In so doing, these agents can act in their own interest, even
if against the interest of the deploying project or organization (Lynch
et al., 2025). If stakeholders have stronger norms, such as governments
who are tightly bound by stringent regulations and requirements, then
programming greater constraints on agents in the multi-agent system
may be more warranted. This leads to the following testable proposition:

Proposition 5a (Multi-Agent Governance — Trust & Performance Stakes):
If stakeholders have greater trust or performance stakes are high, self-
operated and managed multi-agent systems will perform better than third-
party certified or public multi-agent systems.

Proposition 5b (Multi-Agent Governance - Norms): If stakeholders have
stronger norms, more constraints on agents will improve multi-agent system
performance.
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Resource: Ecological Readiness

Dialectic #6: Al optimizes and overuses computational resources
Project Principle #6: Account for when to use “Big Data” and “Small Data”

We are increasingly seeking to ensure our projects are sustainable,
and the hope is that Al can help us achieve those outcomes more
effectively (Khan et al., 2025). However, whether data practices and
models are prepared for the increase in compute needed to operate the
algorithms promising greater project performance and sustainability
remains unclear.

This is becoming especially critical as Al paradoxically can both
optimize and overuse ecological resources. In 2021, the amount of en-
ergy to tune a single BERT model (one of Google’s key language models)
required the same energy as a trans-American flight (Bender et al.,
2021). As of 2024, generating a single image across the 8 most down-
loaded AI models accessible on Hugging Face averaged to about a 50%
smartphone charge (Luccioni et al., 2024b).? Scaling this up, the Inter-
national Energy Agency predicted energy from data centers in 2026
would be equivalent to the consumption of Japan (International Energy
Agency, 2024). Water demand is equally drastic. Training GPT-3, an
earlier ChatGPT model, was projected to withdraw over half the water
consumption of the entire UK (4.2 — 6.6 billion m3) and, from that,
consume (via evaporation) 0.38-0.60 billion m3 (Li et al., 2023). Yet at
the same time, Al can also improve our grid and energy efficiency to
better optimize our energy usage (Kaack et al., 2022; Wilson et al., 2024,
2025).

The key tension here is a resource one. To navigate this tension,
project managers need to focus not simply on how Al can help them
better plan their work, but also whether they have the ecological re-
sources for such tooling. How then can we harness the potential resource
benefits of Al in ways that work within increasingly constrained
resource budgets? To do this, we need to interrogate a tacit assumption
often made with Al—the need for “Big Data” (i.e., a large corpora of
data) to realize benefits from Al

Assume we are implementing a healthcare project focused on a rare
form of cancer. Perhaps we do not need to train on large corpora of more
generalist Internet-based data but fine-tune an existing model on nar-
rower specialist oncological data. This is the premise of transfer learning
models used to improve algorithmic accuracy, especially amongst
marginalized populations with limited “small” data (Gao & Cui, 2020).
This “piggybacking” can reduce computational resources.

In addition, do we really need billions of parameters to solve our
problem? Perhaps we are only interested in a few parameters. In this
case, we only need to focus on a limited set of criteria that can be done
with more parsimonious Al models that do not need the complexity and
largesse of typical GenAI models. Gandy et al. (2025) show how simple
bicriteria estimations can help more inclusively ascertain which bridges
to prioritize for rehabilitation or reconstruction. By focusing only on
bridge condition (state of bridge disrepair) and equity (minimizing
bridge condition between disadvantaged and advantaged communities),
the authors could solve, using a single laptop, much of the equity issues
for the entire U.S. bridge program, and do so with minimal differences in
overall bridge condition.

The more general takeaway is that project managers must now
navigate resource tensions when using AI through more thoughtful
exploration of how much data and how many parameters they really
need. Perhaps specialist data is adequate and trainable with existing
models, or perhaps the project needs only a select few parameters and
not billions. In scoping for small data or fewer criteria, the key lever is
model parsimony (fewer variables) and/or transfer learning (enhanced

2 Whether distilled models such as DeepSeek use substantially less energy to
train remains to be seen (Heaven, 2025).
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training of existing models on specialist “small” data) to more sustain-
ably harness the value of Al in projects. This leads to the following
testable proposition:

Proposition 6 (Model Parsimony & Transfer Learning): Al deployment in
projects will have greater performance when (a) fewer parameters are
prioritized (parsimony) or (b) specialist data is used (transfer learning).

4. Conclusion

This essay aims to be a provocation on where we place attention
when deploying Al within projects and organizations. The prevailing
preoccupation has been on evaluating the algorithms themselves and
how they enhance project outcomes. However, given the mixed per-
formance from Al deployments to date (Challapally et al., 2025; Del-
I’Acqua et al., 2023; Korst et al., 2025), we advocate focusing more
carefully and holistically around how to increase organizational and
project readiness to ensure more effective Al deployment. The result of
our efforts is CIPHER, a novel dialectical framework that focuses on six
key tensions: Cognitive, Informational, Projection, Haptic, Exchange,
and Resource. Each tension characterizes a different set of opposing
forces and is linked to a different key project principle and lever. We
distill this framework into testable propositions that we hope will
motivate future empirical research around how to enhance readiness for
effective Al project deployment.

Given the speed at which AI developments are occurring, literally on
a daily basis, updates to this CIPHER framework are all but certain. This
is precisely why this is not the last word, but only a beginning “postcard
from the edge” towards a more systematic and coherent conversation
around the deployment of Al in projects. Perhaps such incorporation of
Al could be the basis for a more general action-based perspective on
projects and organizing (Winch, 2025). Regardless of where this
collectively takes us, our sincere intent is that future empirical research
interrogates this agenda-setting exercise to identify boundary conditions
and to even add new tensions and levers to this framework.
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