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Abstract 
The new wave of intelligent information systems 

(IIS) showed signs of artificial consciousness, and there 
has been an open deliberation about the level of 
consciousness of these artificially conscious 
information systems (ACIS). AI acquires artificial 
consciousness through attention mechanisms to find the 
relationship between pieces of information. These 
systems are used extensively in many business areas 
through replacement and augmentation. However, the 
extent to which businesses could depend on AI as 
conscious beings is widely debatable. Assessing the 
level of consciousness in these intelligent systems is 
crucial to establishing reliability, morality and 
maintaining competitive advantage. In this research, 
we're introducing a new method for evaluating the 
artificial consciousness of ACIS from a business 
perspective. This research is a primitive step towards 
building a comprehensive model that evaluates the level 
of consciousness in artificially conscious information 
systems.  
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intelligence; strategic alignment; artificially conscious 
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1. Introduction  

The concept of human consciousness is complex 
and multifaceted. However, there is a clear distinction 
between human consciousness, which is intertwined 
with the physical and neurological features of the brain, 
and the consciousness observed in other animals or 
artificial entities (Tononi, 2008) (Oizumi, Albantakis, & 
Tononi, 2014). It is recognized that while there are 
common dimensions of consciousness across humans, 
animals, and machines, there are distinct dimensions of 
consciousness that are specific to human being. 
Research conducted over the past few decades has 
explored the concept of artificial consciousness, with 
numerous studies validating the presence of certain 
indicators of consciousness (Chella, 2023). Notably, the 
recent advancements in information systems utilizing 

large language models (LLM) have demonstrated 
compelling evidence of consciousness (Lemoine, 2022). 
Furthermore, an example of artificial dimensions of 
consciousness in animals and machines are self-
awareness or The capacity of an entity to identify itself 
as a unique being, separate from both other beings and 
its surrounding environment. (Farisco, 2024).  Another 
example is perception or the ability to understand 
sensory data from the surroundings and shape a 
consistent understanding of the world. Over time, 
various models of consciousness have been developed 
(Baars, 2005), but finding the model that assesses 
artificial consciousness is still under research.  

Businesses are increasingly implementing 
artificially conscious information systems (ACIS) to 
improve efficiency (cost reduction) and service quality 
(responsiveness), yet the strategic alignment and 
reliability of these systems have not been thoroughly 
investigated (Kak, 2022). The main research question is 
whether businesses could trust the level of 
consciousness of ACIS. This study aims to develop a 
method that evaluates the level of consciousness of 
ACIS with reference to human consciousness. The study 
also emphasizes the importance of evaluating artificial 
consciousness in business settings and validating its 
alignment with organizational long-term strategic plans.  

The research offers valuable insights for both 
theory and practice.  The study offers evaluation metrics 
to gauge the degree of artificial consciousness present in 
ACIS, providing businesses with valuable insights for 
making informed decisions about investing in these 
systems. By enhancing our understanding of the role of 
artificial consciousness in business applications, this 
research contributes to the advancement of theory in the 
IS field and offers practical guidance for organizations 
seeking to leverage ACIS effectively.  
The following sections offer a summary of previous 
research on artificial consciousness. This is followed by 
an explanation of the proposed system and its approach, 
followed by a discussion of metrics used to measure 
artificial consciousness. The paper concludes with a 
discussion on limitations and potential future research 
directions. 
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2. Are Machines Conscious? What is 
Artificial Consciousness? 

Consciousness encompasses various dimensions, 
including sensory experience, affective experience, 
cognitive experience, and agentive experience, that are 
associated with actions such as making decisions. Being 
conscious fundamentally entails being cognizant of 
one's surroundings, internal thoughts, and emotions, 
while also possessing the ability to perceive and 
comprehend the external world through sensory 
faculties (LaBerge & Gackenbach, 2000). Different 
theories are trying to explain consciousness, some of 
which expand consciousness to non-sentient beings. 
These theories are discussed in detail in the next section. 
However, these theories align with the general tendency 
to focus on functional, rather than phenomenal, aspects 
of consciousness (Koch & Tononi, 2008). The 
Integrated Information Theory (IIT) asserts that a 
system demonstrating a non-zero level of (irreducible) 
integrated information is conscious to some extent. This 
implies the intriguing possibility of non-biological 
systems possessing consciousness, as suggested by IIT 
(Gaiseanu, 2019). Certain aspects of consciousness can 
be identified, such as subjective experience, learning, 
self-awareness, perception, and ethical reasoning, but 
none of them alone constitutes the entirety of 
consciousness (Chalmers, 2023). 

Through aggregating different delineations of 
artificial consciousness, it could be defined as the 
theoretical conception of infusing artificial systems, like 
machines or computer programs, with consciousness 
akin to that observed in sentient beings. While artificial 
intelligence (AI) aims to construct systems capable of 
performing tasks that usually necessitate human 
intelligence, artificial consciousness takes this objective 
further by encompassing aspects of subjective 
experience and awareness (Dehaene, Lau, & Kouider, 
2021; Gamez, 2008; Reggia, Katz, & Davis, 2020). 

2.1. Artificial Consciousness and Human 
Consciousness 

Human consciousness represents a product of both 
evolutionary processes and the capacity for training, 
illustrating a sophisticated interaction between 
biological evolution and personal growth through 
learning and experiential factors (A. Seth, 2009). 
Although artificial consciousness is often referred to as 
trained consciousness, the ability of AI to evolve 
consciousness traits is still under research (Reggia, 
2013) . Moreover, in the absence of human agency and 
intervention, AI remains inherently neutral. It is 
humanity that has developed this technology, and it can 

be employed for either constructive or harmful ends.  
Consciousness traits are so broad. So, the focus of this 
research is on the traits that are commonly measured in 
business context, including awareness (self, emotional), 
adaptability, and metacognition. 

2.2. How Artificial Intelligence Develops 
Consciousness 

AI develops those traits differently from humans. For 
example, metacognition plays a crucial role in 
enhancing individuals' learning and problem-solving 
capabilities by allowing them to select suitable 
strategies and assess their advancement. Additionally, 
these skills are vital for effective self-regulation. 
Metacognition in humans plays a crucial role in 
fostering adaptive learning, allowing individuals to 
recognize areas where their knowledge is lacking, to 
seek out new information, and to alter their learning 
strategies as needed. This phenomenon is fundamentally 
associated with human experiences, emotional contexts, 
and motivational influences.  

AI metacognition is derived from the analysis of data 
patterns and the implementation of feedback loops. 
Unlike humans, AI does not possess the capacity for 
self-reflection regarding its learning processes, nor can 
it articulate the rationale behind the effectiveness of its 
strategies. While AI can be designed to adhere to ethical 
principles or to make decisions informed by ethical 
frameworks, it fundamentally lacks the ability to 
comprehend or reason about ethical considerations in a 
manner comparable to human cognition. 

3. Previous Literature 

Previous literature on artificial consciousness has 
been taken two directions: examination and assessment 
as shown in Figure 1. The examination direction is 
oriented towards verifying and exploring the presence 
of artificial consciousness in machines. So, this 
direction is keen about developing theories that 
delineate artificial consciousness and testing the 
constructs of artificial consciousness on the machine. 
While the assessment direction is trying to evaluate the 
level of consciousness of machines. These assessments 
could be absolute or non-contextual, relative (compared 
to human) consciousness in certain settings. Next, we 
are discussing the literature under each direction. 

3.1. Examining Artificial Consciousness 

Lots of theories have explored the phenomenon of 
artificial consciousness. The Integrated Information 
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Theory (IIT) is considered the mother of artificial 
consciousness (Gaiseanu, 2019). The theory 
commences by postulating axioms that outline the 
fundamental nature of conscious experiences. These 
axioms are regarded as self-evident truths that are 
universally applicable to all conceivable forms of 
consciousness. From these axioms, the theory deduces 
claims about the properties that any physical substrate 
of consciousness must fulfill. Another theory is the 
global workspace theories (GWTs) (Baars, 2005) which 
depend on the notion of ignition and broadcast within a 
neuronal global workspace. Also, the information 
closure theory  (A. K. Seth & Bayne, 2022) states that 
consciousness depends on non-trivial information 
closure with respect to an environment at particular 
coarse-grained scales. 

 
In the verification direction, Blum (Blum & Blum, 

2022) introduced the concept of the Conscious Turing 
Machine (CTM) to explore a theoretical computer 
science (TCS) perspective on consciousness. In doing 
so, we have adhered to the TCS principle of simplicity 
and comprehensibility. The CTM is deliberately 
designed as a straightforward machine, not as a replica 
of the human brain. However, its development has been 
significantly influenced by insights from neuroscience 
and psychology. 

 

 
Figure 1: Studies that Examine and Assess 

Artificial Consciousness. 

3.2. Assessing Artificial Consciousness 

Following the extensive exploration of models and 
theories elucidating artificial consciousness, the focus 
has shifted towards assessing Artificially Conscious 
Information Systems (ACIS), particularly Large 
Language Models (LLMs) like GPT, Davinci, and 
LaMada (Farisco, 2024). These assessments could be 
absolute, devoid of specific context, and without 

comparison against human consciousness. An 
alternative approach involves relative evaluation, 
wherein a study gauges the consciousness level of ACIS 
against that of human consciousness within a particular 
context (Butlin et al., 2023). 
Huang et al. (2023) proposed a framework, 
PsychoBench, to assess various psychological aspects of 
LLMs. PsychoBench comprises thirteen scales 
commonly employed in clinical psychology. These 
scales are further divided into four specific categories: 
personality traits, interpersonal relationships, 
motivational assessments, and emotional capabilities. 
Overall, individuals with LLMs tend to display higher 
levels of openness and extraversion when compared to 
the general population (Li et al., 2024) presented 
AWAREBENCH, a benchmark that delineates, 
classifies, and assesses awareness in LLMs through 
psychological, sociological, and philosophical lenses. 
Findings indicate that GPT-3 outperformed typical 
humans on CI assessments that predominantly 
necessitate the application and display of learned 
information. Conversely, its abilities in logical 
reasoning and emotional intelligence are on par with 
those of an average human (Bojic, Stojković, & Jolić 
Marjanović, 2023; Huang et al., 2023). 
Another line of research was oriented towards 
controlling ACIS based on user requirement.   Kaur, 
Uslu, and Durresi (2023) introduced the "Artificial 
Conscience - Control Module" framework to manage AI 
systems and tailor them to meet user specifications. This 
framework provides users with the ability to assign 
weights to various evaluation metrics of the AI system. 
Then, AI metrics-agents engage in negotiations with 
each other utilizing the authors trust engine, resulting in 
the generation of a solution that optimizes "Artificial 
Feeling".  
Bodroza, Dinic, and Bojic (2023) explored the levels of 
self-awareness exhibited by chatbots, both in private 
and public settings, to evaluate their responsiveness to 
their own internal states and external expectations. The 
analysis of the chatbot's behavior revealed a personality 
profile characterized by socially desirable traits and a 
remarkable capacity for adaptation, especially in the 
context of human interaction.  
 
As concluded from previous literature that the primary 
focus of research on artificial consciousness is on 
confirming the phenomena and assessing consciousness 
traits in AI systems or exploring its existence. However, 
research on how the assessment of Artificial 
Consciousness as a phenomenon would benefit 
businesses is not yet investigated.  Nevertheless, in an 
information systems context where there are myriad of 
AI applications in business, Artificial Consciousness 
could be a potential benefit or risk to businesses. So, the 
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assessment should be geared towards attaining a 
strategic advantage and within the alignment of artificial 
consciousness with business strategy. Consequently, a 
novel approach to the assessment of Artificial 
Consciousness that is business-focused is required. 

4. The Significance of Assessing Artificial 
Consciousness 

Businesses utilize artificially conscious information 
systems (ACISs) for various objectives. The application 
of ACISs can be categorized into two directions: 
replacement and augmentation (Raisch & Krakowski, 
2021). In order to attain the desired objectives, it is 
imperative to evaluate the conscious machines to ensure 
their ability to replicate and sustain certain aspects of the 
human conscious (Kaur et al., 2023). Consequently, the 
assessment of artificial consciousness holds significant 
importance for businesses, particularly in the context of 
replacement. ACISs are extensively employed in 
customer relationship management (CRM) and 
Knowledge Management Systems, which give rise to 
the following implications: 
 
Gaining Competitive Advantage: The development 
and implementation of artificially conscious systems 
can provide businesses with a notable edge over their 
competitors within their specific industries. By 
evaluating the presence of artificial consciousness, 
businesses can effectively recognize prospects for 
innovation and distinctiveness, enabling them to exploit 
emerging trends in the field of AI technology (Elnagar 
& Osei-Bryson, 2023) . 
 
Continuing Strategic Planning: Companies anticipate 
that ACISs will continue to advance in consciousness. 
Consequently, in the foreseeable future, ACISs could 
revolutionize business processes and redefine business 
strategies. Evaluating artificial consciousness allows 
businesses to forecast potential future effects and 
develop appropriate strategic approaches. Keeping 
abreast of the latest advancements in artificial 
consciousness enables companies to incorporate 
emerging trends into their strategies. (Elnagar & 
Thomas, 2022). 
 
Ethical Behavior:  Businesses are required to evaluate 
the ethical consequences of implementing artificially 
intelligent systems, taking into consideration aspects 
such as accountability and transparency. It is crucial to 
comprehend these consequences in order to promote 
responsible AI advancement and guarantee that AI 
technologies contribute positively to both the business 
and the broader society (Bayne et al., 2024). 
 

Trust and Reliability: As a strategic investment, 
understanding the way in which users perceive and 
engage with artificially intelligent systems plays a 
crucial role in fostering trust and acceptance among 
users, ultimately resulting in increased adoption rates 
and a return on investment (ROI) (Floridi & Cowls, 
2022). 
 
Adapting Business Change: in today's dynamic 
business landscape, information systems face a 
significant drawback in the form of rapid obsolescence 
and the expenses incurred in terms of upgrades, training, 
and deployment (Elnagar, Weistroffer, & Thomas, 
2019). However, when it comes to ACIS, it is 
imperative to ensure its adaptability to evolving 
business requirements and its ability to align with 
organizational transformations. Therefore, evaluating 
the consciousness of ACIS becomes crucial in order to 
effectively cope with the ongoing changes in the 
business environment.  

5. Conceptual Framework 

Previous research has primarily concentrated on 
revealing the consciousness of machines and assessing 
the integration of various information components to 
achieve a conscious state. In contrast, our perspective 
stems from the realm of information systems, wherein 
we evaluate consciousness in terms of business strategic 
alignment to maintain a relative advantage.  
Consciousness includes many traits. However, what 
constitute the important traits of consciousness in a 
business context is not yet examined. There is no 
agreement on ranking the significance of  consciousness 
traits (Haun & Tononi, 2019). So, our starting point will 
be the common verified consciousness traits between 
humans and ACIS within the business context (Agbane 
Godwin). Below are the details about each trait. 
 
Adaptive Learning (AL): According to the IIT theory, 
consciousness is defined as the ability of a system to 
combine and process information. This assertion is 
supported by two fundamental characteristics of 
consciousness: differentiation, which refers to the vast 
array of conscious experiences available; and 
integration, which pertains to the cohesive nature of 
each individual experience (Tononi, 2017). Humans are 
adaptive learners by nature. However, employees’ 
resistance to change along with business needs is a 
common problem (DeRue, Ashford, & Myers, 2012). 
ACIS Adaptive learning assessment will ensure 
continuous improvement. Adaptive learning is one of 
the consciousness traits that could be assessed both 
quantitatively and qualitatively. 
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Emotional-Awareness (EA): this trait is critical in CRM 
applications. An ACIS would exhibit self-awareness, 
indicating that they would possess an understanding of 
their own presence, identity, and cognitive processes 
(Ekman, 1992). This encompasses the capacity for 
introspection, contemplation of one's thoughts and 
perceptions, and acknowledgment of one's individuality 
separate from the surroundings and other entities 
(Metzinger, 2004). An ACIS should also show 
emotional empathy towards people’s feelings and 
concerns (Batson, 2009). 
 
Metacognition (MC): an ACIS would exhibit 
metacognitive capabilities, enabling them to oversee 
and control their own cognitive functions. This includes 
the ability for self-assessment and self-management of 
mental processes such as thinking, remembering, and 
focusing (Flavell, 1979). 
 
Mindfulness (MF): an ACIS should exhibit non-
Judgmental attitude, transparency, and emotion 
regulation similar to those in humans (Jobin, Ienca, & 
Vayena, 2019). It was verified by literature that ACIS 
elevated negative emotional responses compared to 
average humans (Huang et al., 2023). So, mindfulness 
is a key measure to assess, especially in applications 
where ACIS is dealing with customers. 
 

 
Figure 2: the goals, applications, and traits of 
artificially conscious information systems in 

business. 

6. Methodology 

In this research, we are adopting a design science 
methodology (Offermann, Blom, Schönherr, & Bub, 
2010) to develop an artifact of type method for 
evaluating the conscious level of ACISs based on the 
theoretical framework discussed in the previous section 
(Peffers, Tuunanen, Rothenberger, & Chatterjee, 2007). 
The evaluation of consciousness is largely subjective 
and requires a thorough qualitative analysis, 
necessitating the development of tailored questionnaires 
and assessment tools. 
 Consequently, our proposed methodology entails 
evaluating the consciousness level of ACIS within a 
particular business context and comparing it to the 
average state of human consciousness.  However, the 
focus of research is on the relative quantitative 
assessment aspect of Adaptive Learning (AL), since AL 
assessment is giving a strategic advantage if the ACIS is 
having a comparable AL skill to humans. Nevertheless, 
the assessment of the other traits will be part of our 
future work. There is no unified measure for assessing 
Adaptive Learning. Rather, there is a collection of 
metrics that are commonly used in assessing AL. For 
simplicity, we are using the two popular measures of: 
Adaptive Learning Index (ALI) and Change Adaptability 
Score (CAS). 

6.1. Adaptive Learning (AL) 

An Adaptive Learning could be developed by 
combining different measures of adaptive learning 
index and Change Adaptability Score. Adaptive 
learning index can be calculated using weighted sums 
of its sub-indexes, as in equation 1.  
 
𝐴𝐿 = 𝑤1 × 𝑆𝐿 + 𝑤2 × 𝑇𝐴 +⋯+𝑤𝑛 × 𝐶𝐹								(1)				 
 
Where  𝑤1… 	𝑤𝑛 are the weights assigned to each of 
the Adaptive Learning metric. 
 
Adaptive learning has many sub-indexes such as 
Learning Agility, Cognitive Flexibility (Martin & Rubin, 
1995), Self-Directed Learning (SL)(Garrison, 1997) , 
Technological Adaptability (TA), and more. Also, each 
index is given an importance weight based on the 
business context. For example, in a technology-based 
firm, Technological Adaptability (TA) might be given 
the highest weight, but in financial firm, Cognitive 
Flexibility (CF) might be the most critical. Moreover, 
each index has a mixed quantitative and/or qualitative 
measure. For example, Change Adaptability Score (van 
der Beek & Schraagen, 2015)  is actually the percentage 
of change in performance before and after a learning 
experience. The summary of measures used in AL 
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assessment is presented in table 1 and represented in 
equation 2. 
 
 

𝐶𝐴𝑆 =
𝑃𝑎𝑓𝑡𝑒𝑟 − 𝑃𝑏𝑒𝑓𝑜𝑟𝑒

𝑃𝑏𝑒𝑓𝑜𝑟𝑒 × 100%.																					(2) 

Where 𝑃𝑎𝑓𝑡𝑒𝑟 is the performance metric after the 
change and 𝑃𝑏𝑒𝑓𝑜𝑟𝑒  is the performance metric before 
the change.  

Table 1: Adaptive Learning Measures and their Indexes 

Measure Indexes 
Adaptive Learning Index Cognitive Flexibility 

Technological Adaptability 
Learning Agility 
Self-Directed Learning 

Change Adaptability 
Score 

Adaptive Performance 

 
 
6.2. Level of Adaptive Learning Assessment 
 
Level of consciousness assessment represented in the 
Adaptive Learning (AL) assessment involves obtaining 
the AL metrics scores for both human participants and 
the ACIS. After obtaining the scores, we will measure 
the deviation of the ACIS scores from human scores. 
Firstly, the machine or ACIS level Adaptive Learning 
(ALm) should be measured on different tasks over a 
period of time 𝑡. Also, it is imperative not to solely 
depend on a single participant to represent human 𝐴𝐿 in 
comparison to machine 𝐴𝐿, rather we should use ALvh, 
which signifies the average 𝐴𝐿 of multiple participants 
performing the same tasks over a period of time.  
Secondly, we calculate the probability density function 
(PDF) since the 𝐴𝐿 is considered continuous data using 
the formula below. 

𝑓(𝐴𝐿) =
1

𝜎√2𝜋
𝑒
("#$%)!
'(! 																		(4)	

where (𝜇)is the mean and (𝜎) is the standard deviation.  
And 𝑓(𝐴𝐿) has the same size of 𝑋. 
 
Subsequently, the Kullback-Leibler Divergence (KL 
Divergence) measure is used to assess the divergence 
between the two probability distributions of ALvh and 
ALm. KL Divergence is the extent to which one 
probability distribution deviates from an anticipated 
second probability distribution, as displayed in equation 
3 (Kullback, 1951).  
 
𝐷𝐾𝐿(𝐴𝐿𝑚 ∥ 𝐴𝐿𝑣ℎ) =,ALm(𝑥) 𝑙𝑜𝑔

ALm(𝑥)
ALvh(𝑥)										(3)

!∈#

	

 
1 Calculations code 

 
This formula sums over all tasks 𝑥 in the set 𝑋 =
{𝑥1,…𝑥𝑛}:, calculating the divergence for each task 
and summing them up. 
 
A low KL Divergence value suggests a high degree of 
similarity between the two distributions. As the value 
approaches 0, the distributions become more alike. 
Essentially, this implies that distribution 𝐴𝐿𝑚 closely 
resembles reference distribution 𝐴𝐿𝑣ℎ in the 
information they convey. The business specifies what is 
considered an accepted level of KL Divergence. 
Algorithm 1 below provides further elaboration on the 
steps for evaluating AL as a relative measure. 
  

 

7. Evaluation 

In this section, we aim to demonstrate the means by 
which we can evaluate the consciousness of machines/ 
ACIS with respect to humans. The evaluation is in the 
form of illustrative examples with fabricated data. We 
developed a Python code 1used in the calculation of KL 
Divergence. 
 
7.1. Illustrative Example 
 
Company W is offering cyber security consultancy 
services. They built their knowledge management 
system (KMS) on a GPT4.0 model. GPT4.0 is a LLM, 

Algorithm 1 Calculating KL Divergence

1: Let S be the list of tasks with elements from 1 ) s

2: Let W be the list of performance metrics weights weights of from 1 ) n

3: Let H be the list of humans from 1 ) j

4: return DKL

5: for each task s in S do

ALm =
nX

i=1

Wi ·Xi (1)

for each element h in H do

ALh =
jX

h=1

nX

i=1

Wi,h ·Xi,h (2)

6:7: end for

ALvh =
1

j
ALh (3)

8: end for

pdfm =
1

�
p
2⇡

e
� (ALm�µ)2

2�2

pdfh =
1

�
p
2⇡

e
� (ALvh�µ)2

2�2

DKL(pdfmkpdfh) =
X

s2S
pdfm(s) log

pdfm(s)

pdfh(s)

1
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and it is considered an ACIS (Colombatto & Fleming, 
2024). The KMS is trained with thousands of the firms’ 
projects to allow employees to retrieve old data and help 
with the forensics of new incidents. To evaluate the 
Adaptive Learning of the KMS in comparison with ℎ =
3 employees working in the forensics team, the firm 
designed 𝑆 = 10	tasks to be performed by both humans 
and KMS, and they spotted the probability of adaptive 
learning index.  The firm chose Technological 
Adaptability (𝑇𝐴,) with weight 0.5  (𝑤1), and Learning 
Agility (𝐿𝐴), with weight 0.5(𝑤2), as adaptive learning 
index measures.  

7.2. Implementation 

The example for the AL assessment of the first task for 
the KMS and the three employees is calculated as 
follows: 
 

Step 1 : calculating AL for 
machine and the three 
employees on task 1 using 
equation 1 

Step 2 : repeating 
the process for all 
tasks  𝑥 = 10 

𝐴𝐿)* = 0.5 × 	𝑇𝐴 + 0.5	 × 	𝐿𝐴  
𝐴𝐿𝑚)* = 0.5 × 	5 + 0.5	 × 	6

= 5.5 
	𝐴𝐿𝑣ℎ)* = 6.5 + 6 + 5.5

3O
= 6 

𝐴𝐿𝑚
= {𝐴𝐿𝑚)*, 𝐴𝐿𝑚)', …𝐴𝐿𝑚)*+}
= 
{5.5,6,…6.5} 
𝐴𝐿ℎ
= {𝐴𝐿𝑣ℎ)*, 𝐴𝐿𝑣ℎ)'…𝐴𝐿𝑣ℎ)*+}
= 
{6 ,6,…5} 

Step 3 : calculating the pdf of 
each machine  AL and AL  

Step 4 : 
calculating KL 
Divergence of 
machine in 
comparison with 
humans 

µ, = 5.6is and  σ, =
0.9165		, pdf, =
{0.432, 0.395,… } 
µ- = 5.65is and  σ- =
		, pdf- ={0.211, 0.268,… } 

KL Divergence: 
0.061677612964
74943 

 
The KL divergence of the KMs built on GPT 4.0 with 
respect to human employees is 0.016; which is a low 
value that implies that the adaptative learning of the 
KMS is very similar to the average adaptative learning 
of the three employees involved in the study. 

8. Discussion and Future Work 

The emergence of AI-based information systems has 
brought about a shift in the way we assess them, moving 
beyond conventional measures(Collins, Dennehy, 

Conboy, & Mikalef, 2021). These systems display 
compelling signs of consciousness. (Wallach & Allen, 
2008). Various metrics are utilized to gauge each trait of 
artificial consciousness. We have identified key traits 
commonly found in business literature and shared by 
ACISs, including Adaptive Learning, Emotional 
Awareness, Metacognition, and Mindfulness. To begin 
with, we have proposed a methodology for evaluating 
the Adaptive Learning of ACIS in comparison to that of 
the average human. 
The future research agenda encompasses the 
development of concrete assessments, such as practical 
tasks and questionnaires, to evaluate the level of ACIS 
consciousness in comparison to human consciousness. 
Additionally, it is crucial to gain insights into the 
significance of assessing each characteristic across 
various business sectors. This will enable businesses to 
focus on the most effective traits, thereby establishing a 
unified framework that directs strategic investments in 
ACIS. Furthermore, determining an acceptable score of 
KL Divergence for businesses to establish long-term 
reliability and trust in ACIS necessitates extensive 
evaluation of diverse systems over prolonged durations. 

9. Conclusion 

Businesses face an insistent requirement to evaluate the 
consciousness of the latest AI-based information 
systems that exhibit conscious-like behavior. This 
evaluation is strategically important for establishing 
trust, ethical standards, reliability, and gaining a 
competitive edge. The research introduces a 
methodology for assessing artificially conscious 
information systems (ACIS) that is both relative and 
context-specific, focusing on the assessment of ACIS as 
perceived by humans within a business framework. The 
evaluation included four traits: Adaptive learning, 
Emotional-Awareness, Metacognition and Mindfulness.  

 The research study primarily concentrated on the 
evaluation of Adaptive Learning (AL) by proposing a 
technique to measure the KL divergence between the 
Adaptive Learning of ACIS and that of humans. This 
evaluation was based on various metrics, which were 
assigned weights according to the specific requirements 
of the business. By utilizing this framework, numerous 
businesses will be able to select the appropriate ACIS 
that is in line with their organizational objectives and 
long-term strategy. The research is a preliminary step 
towards building a comprehensive model for assessing 
ACISs. 
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