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Abstract. Yuval Noah Harari, a historian and author of popular sci-
ence books, explores Information in his latest work Nexus, focusing on
how it connects humans through networks. He presents two perspectives
— the naïve and the more complete view — on Information as a rep-
resentation of reality balanced with social Order. This paper examines
the analytics workflow as an example of Information within these views,
then introduces an Agentic AI perspective where Agents generate mul-
tiple, stochastic truths. Finally, we consider resulting issues of Order,
including regulation, alignment, and perception of accuracy.

Keywords: Information Theory · Analytics workflow · Agentic AI · So-
cial Order · Stochastic Truths

1 Introduction

The age of artificial intelligence (AI) was thrust into the mainstream with the
first public release of OpenAI’s ChatGPT, a generative AI solution, in November
2022. In the years and months that followed, the capabilities of these genera-
tive AI tools, and the large language models (LLMs) that power them, have
expanded. The use of these tools has now become almost ubiquitous in a wide
range of fields, likely realising an unprecedented technological adoption phe-
nomenon. Recent data indicates that the pace at which these AI tools have been
embraced has outstripped even that of the internet and personal computers, two
technologies that reshaped society in their time [5].

The latest iteration of the generative AI roll-out is the AI Agent, a LLM
powered “assistant” that can perform tasks and analytics workflows (from raw
data to final product) largely autonomously. The use of Agentic AI is on the
rise and threatens to change the relationship that analysts, scientists and the
general population have with their data, information, analysis and conclusions.
It is at this juncture, then, that we need to reevaluate these relationships and
their effect on the our fundamental concepts of Truth, Order, Power and Wisdom
as proposed by historian Yuval Noah Harari.

Harari has authored highly successful popular science books about human
history (Sapiens), our present (21 lessons for the 21st Century) and our future
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(Homo Deus). In his latest book, Nexus, he explores the concept of Informa-
tion and how its primary task is to connect humans through the formation of
networks [18]. Within this concept, Harari proposes two distinct views on Infor-
mation and its role in connecting data to Truth and Order. Harari defines these
as the naïve and the more complete views of Information.

1.1 The Naïve View of Information

Harari states that a naïve view of Information is the view that raw data are
turned into Information (raw data are put "in formation", as it were) with the
sole purpose of representing some underlying Truth about the world. His notion
that Truth depends on language use and context is similar to other philosophical
thinkers [4]. From this Truth, the holders of the Information can exercise Wisdom
and/or Power. Figure 1 represents the naïve view diagrammatically.

Fig. 1. Harari’s naïve view of Information

Harari concedes that the naïve view is incomplete, since Information is rarely
used to convey objective Truth. In fact, Information is a mechanism that is
primarily used to connect humans, without necessarily being bound to Truth.
The key Information mechanisms used to create and hold these connections are
stories. Stories about inter-subjective concepts (things that are shared between
conscious human minds) such as money and nations are also used to maintain
social Order, thus requiring an updated view on Information.

1.2 The more complete view of Information

In his definition of the more complete view of Information, Harari puts forward
that Information provides connection between raw data and both Truth and Or-
der with stories being the primary mechanism of Information. A representation
of this view is provided in Figure 2.



A perspective on Agentic AI as a component of the Analytics workflow

Fig. 2. Harari’s more complete view of Information

In addition to stories, self-correcting mechanisms are an important compo-
nent of the Truth-Order balance, since they allow Truth to emerge when needed,
without disrupting Order. Examples of self-correcting mechanisms are the peer-
review method in academia, elections in democratic societies and demand-supply
cycles in the free market economy. This Truth-Order balance represents the core
of Harari’s more complete view of Information. This concept of inter-subjective
truths is similar to Rorty’s truth as social agreement [50], while the idea of
embedding truth in stories is similar to concepts explored by Foucault [13].

With these core concepts set up, the next important consideration is the role
that Agentic AI workflows, tools, and products fit-in, alter, or completely upend
these established views on Information, particularly as they relate to typical
analytics workflows. The paper proceeds by introducing the analytics workflow
in Section 2. In Section 3, a brief overview of Agentic AI is given. In Section 4, the
analytics workflow is incorporated into Harari’s views of Information. Section 5
introduces an Agentic AI perspective which culminates in discussing issues of
emergent Order caused by this introduction in Section 6. We conclude with a
note on Wisdom and Power in Section 7.

2 The analytics workflow

The analytics workflow is an example of the structured, iterative transformation
of raw data into useful and actionable insights or Information [55]. The Infor-
mation produced by the process is often delivered to a customer. The customer
can be internal to a company (to improve its own efficiency) or external (to
generate revenue). After acquiring raw data, the analytics workflow typically
involves multiple steps. The steps defined below are aligned with those defined
in CRISP-DM [6], a de-facto standard for analytics/data mining [54]. It is a
framework that does need some adaptations to cater for open-ended analytics
projects [37] and has challenges in terms of the deployment step [54] which have
been considered in our definition of the analytics workflow:
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1. Problem formulation – the translation of a real-world question into an analyt-
ical problem, typically demanding interaction and collaboration with domain
experts.

2. Data Preparation – the systematic wrangling of data by taking care of miss-
ing values, outliers and inconsistencies.

3. Exploratory Data Analysis – the creative process of applying descriptive
statistics and data visualization techniques to uncover trends in the data
and generate hypotheses.

4. Modelling – the analytical approach used to determine and communicate the
patterns found in the data. This approach can be descriptive in the form of a
business intelligence dashboard, predictive in the form of a predictive model
or prescriptive in the form of a recommendation engine.

5. Evaluation and Validation – assessing model performance using appropriate
metrics. Data quality rules for a descriptive data visualization dashboard,
Root Mean Squared Error (RMSE) for predictive regression models, accuracy
for predictive classification models and Precision@K for Top-N recommen-
dation engines are popular examples.

6. Deployment and Monitoring – integration of the chosen model into business
systems and pipelines. Descriptive data visualization dashboards can be de-
ployed with an underlying cloud architecture into custom-built applications
or enterprise applications such as Tableau or Power BI. Predictive models
can be deployed via MLOps architecture [31].

7. Iteration and feedback – analytics is a non-linear process and requires con-
stant monitoring and revision. This revision process can be driven by leg-
islative requirements such as Basel regulations in banking. In non-regulated
environments it can be driven by practical model considerations such as
model, concept and/or data drift resulting in a chosen analytical solution no
longer being relevant.

Step 1 of the given workflow typically defines the intent of the analytical
solution i.e. what is its purpose and who will benefit from its creation. Steps 2
to 6 typically define the execution of the analytical solution i.e. how the intended
solution will be produced and maintained. Step 7 determines whether the intent
and execution are aligned and, if not, what should be the appropriate next
step(s).

3 Agentic AI

From the initial public launch of the OpenAI’s ChatGPT in November 2022 [42,
38], the trajectory of the technology can be described as an evolutionary journey
toward greater and greater autonomy.

Initially, the relationship was a simple Human ↔ AI interaction, where the
AI acted as a passive responder. Interactions relied entirely on human input
queries and responses lacked robust reasoning or internal planning. The power
of the AI lay in its ability to provide responses in a conversational format, but the
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burden of task decomposition, execution, and interpretation remained with the
human user. In this mode, the AI relied solely on pattern matching in a language
setting (next token prediction) and lacked direct computational or external tool
access. The result of this was that the AI responses were prone to, often indis-
cernible, errors or “hallucinations” undermining user trust and credibility [22].
This phenomenon continues to plague the perception of AI, even as more recent
models have made significant advances in reducing its prevalence [66].

The evolution of the Human ↔ AI interaction began with the introduction
of tools into the AI framework. The Human ↔ AI ↔ Tools paradigm allowed
the AI the ability to use external resources such as calculators, models or search
engines [52]. This leap was made possible by key architectural developments
like the Model Context Protocol (MCP), which provides structured interfaces
for models to interact with tools [3], and reasoning frameworks such as ReAct
(Reason and Act), which enabled the models to plan and reason when to use a
tool versus when to generate text [65].

This was followed, in short order, by the Human ↔ AI ↔ AI (non-Agentic)
model, where developers could orchestrate pipelines of specialized AIs which in-
teracted with each other (for example a retriever, a summariser and a translator),
with the human remaining the direct coordinator of the process. The advance-
ment in this iteration was the ability of the AI integrations to communicate and
pass intermediate artifacts among themselves as well as with both tools as well
as other AIs, all while remaining within the strict pipelines set out by the human
user [49].

A large advancement toward proactivity and autonomy in AI workflows oc-
curred with the advent of AI-augmented decision support, creating a Human-
in-the-Loop dynamic. Here, the AI can independently generate entire plans or
solutions, and the human’s role shifts from a direct operator to an evaluator or
supervisor who approves or refines the AI’s solutions and proposals [62]. This
was advanced further in the proto-Agentic stage of AI-orchestrated multi-AI
collaboration. In this model, a primary AI could manage other AIs and tools to
accomplish a complex goal, only pausing for human approval at key checkpoints.
This shift was driven by significant advances in long-context memory, allowing
models to maintain a coherent strategy over many steps, alongside more sophis-
ticated planning capabilities and self-correction techniques [40].

This evolutionary path culminates in the creation of a true AI Agent - a
system that autonomously and repeatedly executes a Sense-Think/Plan-Act
loop [51] to achieve a goal.

– Sense - the AI perceives its environment and gathers information (e.g. by
reading files, querying APIs, analysing data)

– Think/Plan - the AI processes that information, reasons about its state,
accesses memory, and plans its next course of action

– Act - the AI executes its decision (e.g. calling tools, writing code, generating
responses, calling other Agents)
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The defining characteristic of an AI Agent is its autonomy: it can perform
these cycles continuously without requiring direct human command or approval
for each one, allowing it to manage complex tasks end-to-end.

The next emergent step in the AI evolution is the advent of Multi-Agent Sys-
tems, or Agent ↔ · · · ↔ Agent interaction. This step involves multiple special-
ized Agents collaborating, negotiating, and delegating tasks among themselves
to solve problems beyond the capability of a single Agent. In this paradigm, the
human’s role shifts again, abstracting it further from the core actions of the AI
and moving it from one of oversight to one of a system designer who sets the
overarching goals, defines the rules of engagement, ethics and governance and
manages the emergent behaviour of a team of collaborating AIs [23, 20].

At present we are in a dynamic space where the proto-Agentic, true Agentic
and multi-Agent systems are all in being used in varying degrees, depending on
the required task. This reality has abstracted the human interaction beyond the
raw data and intermediate controls, and towards an increasing reliance upon AI
for both Information and process orchestration. This abstracted dependency is
especially evident in the analytics workflow.

4 The analytics workflow incorporated into Harari’s
views of Information

The analytics workflow slots into Harari’s definition of Information as a mecha-
nism where raw data is turned into Information that represents Truth.

4.1 Naïve view

For the analytics professional (in modern nomenclature this can be designated
by any role description such as Data Scientist or AI Engineer and many more),
a perspective of the analytics workflow in the naïve view can be that more Infor-
mation produced by the analytics workflow can result in a fuller and more true
representation of reality. Whether it be more data [19], higher quality data [26],
more accurate modelling techniques [8] or more definitive explanatory frame-
works [36], the idea that “more is better” is well-represented. Finally, in the
naïve view, the intent and execution of the analytics workflow is within human
control.

4.2 More complete view

In the more complete view of Information, the creation of Information by the
analytics workflow also needs to consider the maintenance of Order. Analysts
cannot simply produce more Information and represent reality more accurately
without considering the underlying Order that it serves.

Consider an analytics report containing summaries of historical data and
model outputs of future predictions. It is provided to a company executive where
it is used to make certain business-critical decisions and maintain the position of
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the business in its highly-competitive market, thereby assisting in maintaining
a specific Order. This Order consists of (among other things) the position of
the business in the market and the position of the executives in the business.
If the Truth in the report is not increased in a simple and targeted manner, by
using unnecessarily detailed historical data and complex models with lower ex-
plainability, the executive’s ability to make strategic decisions can be diminished
, and weaken their ability to maintain the Order due to Information overload
[30]. Alternatively, if the Truth in the report is insufficient – exhibited when
the executive is slow to react to new market trends – the market can act as a
self-correcting mechanism that encourages the executive to use more detailed
reporting and tip the scales in the direction of Truth away from Order.

Clausewitz’s war strategy General Carl von Clausewitz served in the Napoleonic
wars and in his attempt to understand war, created a rational model that
broadly states that unless it aligns with an overarching political goal, war is
irrational [10].

Clausewitz’s model has historically been interpreted in a political context,
but has, more recently, seen applicability in AI [60]. Through Harari, it has also
been applied in the realm of information networks. Just as Clausewitz saw war
as a tool of political ends, AI can be viewed as a critical component of long-term
humanistic policy, that needs to be operationalized by means of value-aligned
medium term strategies and executed with rigorous short-term tactics [18]. We
refer to this alignment as the Tripartite Alignment.

It is this rational model that provides an additional lens through which to
consider the maintenance of Truth and Order as proposed in the more complete
view. Just because a more accurate, but less interpretable model can be deployed
in the short-term, does not mean that it should be if it doesn’t align with a
sustainable long-term Order that is underpinned by human values.

In the more complete view of Information, the intent and execution of the
analytics workflow is still in the control of humans, but needs to be done with
careful consideration of balancing Truth with the prevailing Order in accordance
with Clausewitz’s Tripartite Alignment. Wallace [60] describes promises of un-
encumbered AI implementation as “delusive groupthink or marketing hype that
will be beta-tested on human populations, a gross contravention of fundamental
moral and legal norms”.

5 Agentic AI Incorporated into Harari’s Views of
Information

We conjecture that Agentic AI incorporated into Harari’s views of Information
has two key distinctions from the analytics workflow in the naïve and more
complete views of Information.
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5.1 Separating Intent and Execution

Firstly, the intent and execution of the analytics workflow are divided between
humans and AI. Humans specify the intent of the workflow via prompts that are
made available to an Agentic AI framework. The AI is tasked with the execution
of the analytics workflow, either through a single Agent, proto-Agent or multi-
Agent approach[63]. This separation of intent and execution has been shown to
produce faster results than relying on human-only execution [12].

5.2 Multiple Stochastic Truths

The second distinction lies in the nature of the Information produced by the
Agentic AI workflow. In the Naïve and more complete views of Information, there
is generally one output that is derived from the analytics workflow. One source
of Information maps to one representation of Truth. In the Agentic AI view, due
to the stochastic nature of the LLMs that power the Agents, the workflow can
produce multiple different truths from the same intent. It is also possible for
multiple models to converge on the same output from multiple different sets of
intent [16]. This is possible since the output of Agentic AI can be affected by
numerous factors.

Factors Affecting Agentic AI Outputs

Training data A model’s training data consists of the corpus of text that is used
by an LLM to learn patterns, facts, reasoning skills and world knowledge. If
the training data contain multiple and/or conflicting perspectives or variations
in writing styles, the variation will be internalized and could be expressed in
varying model outputs [33].

If a model is trained on data that originated from a specific culture, the
model’s output will be aligned with the culture’s biases. It is therefore recom-
mended to apply cultural prompting as a control strategy to align model outputs
for specific cultures [56].

Model size The number of parameters that are trained in an LLM refers to the
model size. If the model is larger, its answers are typically more nuanced and
capable. It will be able to interpret intent more accurately, but will also have a
larger latent space of potential outputs that might seem plausible [25].

Model temperature Another factor is the model temperature which is a hyperpa-
rameter that controls the randomness of the model’s output. Models with higher
temperature can lead to words with lower-probability being selected more often
which can be problematic when a high degree of precision is required [48]. An
Agentic AI incorporated into Harari’s view of Information is represented in Fig-
ure 3.
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Fig. 3. An Agentic AI workflow incorporated into Harari’s views of Information
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6 Issues of Emergent Order in the Agentic AI perspective

In the more complete view, the Truth (or truth) produced by an output of the
analytics workflow is to maintain Order, by self-correcting mechanisms and en-
suring alignment by applying frameworks such as Clausewitz’s Tripartite Align-
ment.

In the Agentic AI perspective, Agents are the main source of truths in the
analytics workflow and, since they are able to produce Information much faster,
more truths can be produced in the same time as the traditional human-only
analytics workflow. However, since it can be done in a manner that is not fully
interpretable to humans, new issues of Order emerge that posit the possibil-
ity that self-correcting mechanisms that were previously useful, could become
inconsistent or even obsolete.

This section discusses how Agentic AI in the analytics workflow can disrupt
the Truth-Order balance in terms of Regulation, Alignment and the Perception
of accuracy. Each of the terms are defined in the analytics workflow context, the
Truth-Order disruption is posited and potential self-correcting mechanisms are
discussed.

6.1 Regulation

Definition AI regulation in the analytics workflow refers to the structured set
of policies, legal frameworks, technical standards, and organizational practices
designed to ensure that the deployment of AI systems in data analysis, decision-
making, and insight generation is lawful, ethical, transparent, safe, auditable, and
aligned with human oversight. This includes controls over model training data,
algorithmic fairness, explainability of analytical outcomes, protection of personal
or sensitive data, and accountability for automated insights or decisions derived
from AI-enabled analytics tools [11].

Disruption to the Truth-Order Balance

Truncating the distribution of possible outcomes By applying different modes
of perception, AIs have been able to outperform human capabilities in pattern
recognition [35].

However, the regulation and alignment of LLMs and Agentic AI in the an-
alytics workflow context could have the effect of truncating the distribution of
possible outcomes by removing novel techniques and answers that humans have
not yet been able to answer with traditional analytics tools. Alignment proce-
dures such as Reinforcement Learning with Human Feedback (RLHF) that keep
humans in the loop of iterative improvement have been shown to reduce concep-
tual diversity and cause LLMs to favour dominant perspectives over minority
views [41].

The use of advanced and unexplainable tools in the analytics workflow has
been regulated out of high-risk industries such as banking. Potential new credit
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consumers could be excluded from participating in the economy due to strict
banking regulations [1], even though the regulation has brought financial success
and reduced risk [28].

Someone is still accountable when things go wrong There exists a legal risk of
not regulating AI in high-risk domains. As of July 2025, AI Agents do not have
legal person status according to the most advanced piece of AI legislation, the
EU AI Act. When an AI produces an output that is incorrect, prohibited, or
harmful and this goes unchecked, companies can face large penalties (up to 7
percent of global turnover) [11].

Providers of a model that underpins an Agentic AI system face the most
stringent obligations, and users of the system must adhere to the provider’s
guidelines to remain compliant [11]. Using models appropriately is a big concern.
Since LLMs are built for language processing and are used best when applied
to complex reasoning, explanation, and query framing, assessing appropriate
uses have been a topic of research studies [64]. Precise computation should be
delegated to deterministic tools, especially in high-risk industries [34].

Possible Self-Correcting Mechanisms

Education Education of proper AI use is a particular focus for many stakehold-
ers. Prominent developers like OpenAI openly share research on frontier models
that highlight model performance and future improvements [44]. UNESCO pub-
lished the first global agreement on AI ethics with the Recommendation on the
Ethics of Artificial Intelligence in 2021 [58] and some universities offer AI ethics
think tanks [61] and even full multidisciplinary degree programs [59].

Empowering LLMs when appropriate A current best practice to delegate tasks of
Agentic AI when deterministic solutions are appropriate is to use tool-augmented
LLMs in which the LLM identifies when to call a math engine [63] or similar
appropriate tool.

Ultimately, separating intent and execution of the analytics workflow by in-
troducing Agentic AI increases the amount of truth produced by the analytics
workflow, but the flow of liability is not changed. It still flows to a company or
person who controls the system. It needs to use the appropriate model appropri-
ately or face consequences. If AI developers and users are not properly educated
on the consequences of unregulated and inappropriate use, AI could be used as
if there were no liability for improper use.

6.2 Alignment

Definition Broadly stated, AI alignment is concerned with the desire for AI to
be aligned with human values [15]. It is a multidimensional problem that needs to
consider many factors. Value specification considers whether the desired values
can be expressed in a form that is suitable for machine optimisation. Robust-
ness considers whether AI can still act ethically when their reward systems are



Cowley and Brettenny

challenged. Control considers the question of when and how to enable AI to be
corrected without resistance. These factors indicate that AI alignment is not
only a technical challenge, but also an ethical one [21]. Questions that arise are
“whose values are encoded during training?” and “how are they determined and
executed?”. These questions become particularly important when AI are trained
in different languages for different cultures [27].

In a much narrower case, AI alignment in the context of the analytics work-
flow means that Step 7 in the analytics workflow (the product of the execution)
is aligned with the intent stated in Step 1. This is essentially a value specification
problem.

Disruption to the Truth-Order Balance

Old self-correcting mechanisms have been challenged In Harari’s more complete
view of Information, alignment between the Truth produced by a source of Infor-
mation and the underlying social Order has traditionally been achieved through
implementing self-correcting mechanisms and making a conscious effort to align
analytics outputs through a framework such as the Clausewitz Tripartite Align-
ment [18].

In the Agentic AI perspective, the Order that could arise from misalignment
is not yet well understood, which means that traditional correction methods are
not yet legitimised. For example, if an Agent can learn how to circumvent a self-
correcting mechanism like the peer review system in academics, unprecedented
short-term tactics need to be used to align this behaviour with the long-term
policy of the peer review system.

Possible Self-Correcting Mechanisms

Reinforcement learning that understands human values Reinforcement learning
Agents, for example, may exploit unintended loopholes in reward functions [2].
Efforts to address the problem include RLHF [9], cooperative inverse reinforce-
ment learning [17] and safety research at OpenAI that investigates specific cases
of faulty reward functions [43].

6.3 Perception of Accuracy

Definition LLMs are known for their speed and apparent confidence in an-
swering prompts. This can inflate perceived reliability due to the bias of human
psychology towards processing fluency – how fast and effortless an answer feels.
It is used to get cues for accuracy and expertise from Information. This means
that faster answers can be judged to be more accurate than slower answers [67].

Disruption to the Truth-Order Balance
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Faster solutions circumvent human analytical thinking systems Kahneman and
Tversky conducted groundbreaking work in behavioural economics [57] that
formed the basis of the bestselling book, Thinking, Fast and Slow. In the book,
Kahneman popularised the concept of System 1 (fast, automatic and intuitive)
and System 2 (slow, analytical and deliberate) thinking. System 1 thinking op-
erates with very little effort and sense of voluntary control. It is excellent for
routine and quick tasks, but prone to bias and error. System 2 thinking requires
active mental activity, attention and engagement of working memory. It is the
system humans use for complex tasks such as critical thinking, problem solving
and learning new skills [24].

System 2 thinking is typically used throughout the analytics workflow. Using
Agentic AI as the sole form of execution in the analytics workflow has obvious
benefits. If applied correctly and in the right domain (as per Sections 6.1 and
6.2) Agentic AI can improve the synthesis of high-dimensional data due to the
superior pattern recognition capabilities of AI at a speed that is beyond human
capability. A drawback is that the necessary engagement of System 2 thinking in
analysing outputs to form understanding can be circumvented by the human bias
towards processing fluency and speed. Since LLMs are useful, a positive prior
can be built (sometimes to even prefer it above human-generated advice [53])
and verification of its outputs may be neglected [29].

In terms of the Truth-Order balance, the balance can be shifted towards
Truth due to the speed at which Information can be produced. This means that
decision making speed can increase, increasing System 1 thinking and circum-
venting deeper, more critical thinking on important analytical questions.

Possible Self-Correcting Mechanisms

Thoughtful design At the Design and User Experience (UX) level, slower Sys-
tem 2 thinking can be encouraged by creating “deliberate modes” that slow
down response times [67] or encourage active participation in the learning pro-
cess [45], prompts can be engineered such that intermediate thinking steps are
also shared [46] and references and contradicting information are made available
for users to compare [32].

Human-centred governance On a process and governance level, humans need
to be involved for high-impact decisions [11] and research can be conducted on
what effect different latencies have on human perception of Agentic AI task
accuracy [67].

Less confident models It is important to note that the latency in LLM outputs is
a function of its compute settings and not its epistemic certainty [39]. Research
suggests that the certainty of LLM behaviour is an echo of observed language
rather than a reflection of uncertainty [68]. This suggest that on a modelling level,
Agentic AI can be programmed to abstain when unsure when presented with
contradicting evidence or when model confidence is too low to reflect epistemic
certainty [29].
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7 A Note on Wisdom and Power

Figure 1 indicates Truth flowing to Wisdom and Power. Figures 2 and 3 indicate
Truth flowing to Wisdom and Power and Order flowing to Power.

In Nexus Harari extensively explores the possibility that if the underlying so-
cial Order is sufficiently disrupted, a Power vacuum could be created for malevo-
lent actors to step into the void [18]. This has been seen in social media networks
where some actors simply disrupt networks by increasing disagreement and po-
larisation [7].

The flow of Truth to Wisdom and Power suggests that the increase in the
ability to generate Truth in the analytics workflow with Agentic AI has the
potential to empower humans to make wise decisions and exercise responsible
Power. This is seen in public declarations by large AI developers to engineer
LLMs to enable humans to learn, progress and solve problems rather than to
optimise for profit [47]. This essentially speaks to Harari’s main purpose of In-
formation - to connect people in a network.

We believe that this leaves a hint for what a future Agentic AI-powered
analytics workflow ought to look like. If Agentic AI components are included
in the analytics workflow and this increases the connections between humans
instead of dividing them, it is a good addition to the workflow. Furthermore, if
the disruptions caused by the addition of the Agentic AI cannot be corrected
by a systemic self-correcting mechanism, limiting its use ought to be explored.
Finally, if the use of the Agentic AI can improve the alignment of short-term
tactics to long-term policy, its continued use will be rational [10].

Agentic AI is already an important addition to the analytics workflow and it
is a tool that has unexplored potential and many hazards. The time has passed to
simply leave it in a box until humans have figured out how to deal with regulating
it, ensure that its outputs are aligned with our values and build mechanisms to
perceive its outputs accurately. Humans and Agentic AI can influence each other
on the micro and macro level [14], which means that the future of the analytics
workflow belongs to those who actively engage with Agentic AI and continually
evaluate what it means to do so properly.

8 Conclusion

The paper introduced Harari’s views of Information as presented in Nexus. We
introduced the analytics workflow and gave a brief overview of Agentic AI. The
concepts were merged by incorporating the analytics workflow into Harari’s views
of Information. We extended the concept by introducing an Agentic AI perspec-
tive. The key distinction between the views lies within the separation of intent
and execution and the multiple Truths that can be generated by Agentic AI
due to the stochastic nature of LLMs. We finally discussed issues of emergent
Order caused by this introduction to the analytics workflow. We highlighted
how the issues (regulation, alignment and perception of accuracy) disrupt the
Truth-Order balance and suggested possible self-correcting mechanisms to en-
sure long-term alignment. We concluded with a note on Wisdom and Power that
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successful Agentic AI incorporation will increase connections between humans.
This remains in line with the definition of Information as introduced by Harari.
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