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Abstract 

This article presents a diverse typology of AI systems, 
highlighting the qualitative differences in their unique 
capabilities and material properties. We argue that 
different AI systems, such as rule-based, supervised 
learning, unsupervised learning, reinforcement 
learning, hybrid, and generative AI, play different roles 
in shaping AI assemblages and their social impacts. Our 
typology more effectively captures these varying roles 
and emphasizes the indispensable but varied roles of 
humans in enacting AI assemblages and the 
materialization activities required for AI 
implementation. This framework underscores the 
importance of recognizing the inherent design 
characteristics of AI systems, understanding the 
sociotechnical challenges and opportunities they 
present, and considering the different types of human 
expertise necessary for their effective integration into 
organizations. 

 
Keywords: AI systems, organizational implications, 
inherent design characteristics, system adaptability; 
human involvement.    

1. Introduction  

     AI systems have diverse implications across various 
social contexts. Research has situated AI systems’ 
affordances and constraints by investigating how these 
technologies connect to contextual dynamics. For 
instance, Kellogg et al. (2020) examined the impact of 
algorithmic technologies on organizational control. 
Similarly, Lebovitz et al. (2022) studied the challenges 
faced by medical professionals in integrating AI tools 
into their decision-making processes, focusing on the 
lack of explainability. Recent calls emphasize the 
unique capabilities of emerging AI systems, 
highlighting the partnership between humans and 
intelligent systems as more akin to equals (Anthony, 
Bechky, & Fayard, 2023; Faraj, Pachidi, & Sayegh, 
2018). Concepts like "conjoined agency" being 
introduced, highlighting AI's growing role in 

autonomous decision-making or augmenting human 
decisions as teammates (Murray, Rhymer, & Sirmon, 
2021).  
    Despite growing scholarship about AI’s social 
implications, research suffers from two major 
shortcomings. First, many studies may not fully 
problematize AI and its key material properties that set 
it apart from previous technologies, often treating it as a 
black box. Second, many theories and frameworks 
conceptualize AI as an agglomerated, uniform concept. 
For instance, Kellogg et al. (2020, p. 366) consider how 
“algorithmic technologies” are used to tighten control of 
labor through mechanisms of directing, evaluating, and 
disciplining workers; Curchod et al. (2020, p. 645) look 
at how “algorithmic evaluation apparatuses” shape 
organizational control; and Lebovitz et al. (2022, p. 126) 
look at how “AI tools” transform the knowledge work 
of professionals. As a result, in the interest of generating 
generalizable theory, scholars have tended to reduce AI 
technologies to one unitary abstract concept. 
      However, different AI technologies are entangled in 
distinct sociomaterial assemblages, which configure 
technologies and social interactions through significant 
“biographical moments” (Glaser, Pollock, & 
D’Adderio, 2021). This suggests that assuming different 
algorithmic technologies will have similar effects when 
put into use may be misleading. To illustrate this point, 
during a controversy at Stanford Medical Center over 
Covid-19 vaccine misallocation, blame was attributed to 
a "very complex algorithm." However, investigations 
revealed that the algorithm was not a complex deep 
learning model but rather a rule-based decision-tree 
algorithm developed by a committee (Lum & 
Chowdhury, 2021).  

2. Related Work 

2.1. Differences Among AI Systems 

Research distinguishes between older AI systems, 
such as expert systems, and more recent applications in 
organizations enabled by deep learning algorithms 
(Jarrahi, Lutz, & Newlands, 2022). These 
conceptualizations emphasize the self-learning nature of 
modern systems driven by advancements in algorithms, 
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computational power, and the prevalence of (user-
generated) data (Akter et al., 2021). Research also has 
examined the unique negative implications of these AI 
systems, such as algorithmic bias driven by social biases 
embedded in the data or the opacity of algorithms. For 
example, Faraj et al. (2018) argue that today’s learning 
algorithms present key elements of anticipatory 
quantification or opaque performance, inevitably 
bringing about a different regime of knowing (Pachidi, 
Berends, Faraj, & Huysman, 2021) by reshaping 
knowledge work (Brynjolfsson, Li, & Raymond, 2023). 

Beyond the simple distinction between "old" and 
"new" AI systems, emerging conceptualizations attempt 
to understand the heterogeneity of AI systems in terms 
of social impact. For example, Kemp (2023) categorizes 
AI algorithms based on their training paradigms and 
explainability levels (see Moser, Glaser, & Lindebaum, 
forthcoming, for a critique). Despite such efforts, there 
remains a pressing need for more effective typologies of 
AI systems and their varied consequences in practice. 
We argue that assigning the same level of agency to all 
AI systems is conceptually challenging due to key 
differences in their design, resulting in variations in 
material properties and performativity in practice 
(Glaser, 2017). Therefore, we present a typology of AI 
systems highlighting the significance of key qualitative 
differences in their material properties and design 
mindsets. 

2.2. AI Assemblages and Materialization Work 

AI systems are not independent of contextual 
influences. Although they play an increasingly 
important role in automating or augmenting activities  
(Raisch & Krakowski, 2021), meaningful impact results 
from collaboration between humans and AI in a 
coordinated sociotechnical system (Makarius, 
Mukherjee, Fox, & Fox, 2020). This broad system can 
be likened to the concept of human-machine centaurs as 
envisioned by chess grandmaster Garry Kasparov (De 
Cremer & Kasparov, 2021). This concept entails the 
seamless integration of human intelligence with that of 
intelligent machines (Lyytinen, Nickerson, & King, 
2021). The partnership between humans and AI has 
been shown to yield superior results compared to what 
either party could achieve individually (Jarrahi et al., 
2022). 

This broader system of partnership is often 
recognized through concepts such as human-AI hybrids 
(Rai, Constantinides, & Sarker, 2019), agency 
assemblage (Glaser, Sloan, & Gehman, 2024), or 
human-AI configurations (Grønsund & Aanestad, 

2020). Rai et al. (2019) emphasize human-AI 
interdependence in organizational work and describe 
'assemblage' as the system through which human and AI 
agents collaborate closely and extend human cognitive 
abilities.  

AI assemblages are primarily driven by the active 
involvement of humans, as sophisticated algorithms in 
organizations seldom operate as independent self-
driving forces. Humans remain central in activating the 
materialization process in AI assemblages (D’Adderio 
& Pollock, 2020). This interplay between humans and 
AI systems is a mutual shaping process continually 
transforming the characteristics and performativity of 
AI assemblages over time (Glaser et al., 2021).  

Materialization involves key activities such as 
preparing data, setting up or customizing the system, 
assessing outputs, and embedding these elements into 
organizational activities and institutional contexts. In 
this sense, materialization work is akin to essential 
‘configuration work,’ which aligns AI systems with the 
contextual contingencies of their implementation and 
use (Fleck, 1994). 

Given the limited attention to the inherent design 
differences between AI systems and the lack of a 
typology of AI systems in terms of their consequences, 
there is naturally less understanding of the different 
roles humans may play and their contributions to 
enacting AI assemblages. In our typology of AI systems, 
we also take stock of key materialization activities 
required for the adoption and implementation of various 
AI systems particularly in organizational contexts. 

3. A Typology of AI Systems 

Our typology categorizes AI systems according to 
their ability to learn and adapt to new information or 
environments, as well as the level of human 
involvement in their learning processes. This 
classification is based on the assumption that AI 
systems’ learning methods significantly influence their 
impact (Faraj et al., 2018; Jarrahi, Kenyon, & Brown, 
2023; Queiroz, Anand, & Baird, 2024; Ransbotham et 
al., 2020). 

It is important to note that this classification is not 
comprehensive. Other methods to categorize AI systems 
exist, and emerging genres of AI systems might not be 
captured here. Table 1 outlines key differences in design 
between, for example, rule-based systems and non-rule-
based machine learning systems. We argue that the 
performativity of algorithms in AI assemblages is 
significantly influenced by whether rules are inscribed 
by designers or evolved by the algorithm itself.

 
 

TABLE 1 — Different Types of AI Systems Requiring Different Types of Human Involvement 
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Type of AI 
Systems 

Definitions Learning and 
Adaptability 

Human 
Involvement 

Materialization 
Activities 

Application Domains 

Rule-Based 
Systems 

Systems that 
make decisions 
based on 
predefined rules 
and logical 
conditions. 

Static, non-
adaptive, 
predictable 
behavior 

High (custodians): 
Creation and 
maintenance of 
rules 

E.g., Developing 
rules and 
procedures for 
the algorithm to 
follow 

Ideal for consistent, rule-
based tasks. Limited in 
unpredictable 
environments. High 
transparency. E.g., Expert 
systems, decision trees 

Supervised 
Learning 
Systems 

Systems that learn 
from labeled data 
to make 
predictions or 
classifications. 

Adaptive, 
learns from 
labeled 
datasets 

High (trainers): 
Labeling and 
curating datasets 

E.g., Annotating 
data; developing 
ground truth 

Ranges from simple to 
complex models. Relies 
on quality data. E.g., 
Image recognition, spam 
filters 

Unsupervised 
Learning 
Systems 

Systems that 
identify patterns 
and relationships 
in unlabeled data 

Moderately 
adaptive, 
discovers 
patterns 
without labels 

Moderate 
(interpreters): 
Interpreting AI-
generated patterns 

E.g., Defining 
the problem and 
goals; 
overseeing the 
training process; 
interpreting the 
output 

Useful for exploratory 
data analysis and 
clustering. E.g., Market 
segmentation, anomaly 
detection 

Reinforcement 
Learning 
Systems 

Systems that learn 
optimal behaviors 
through trial-and-
error interactions 
with an 
environment to 
maximize 
cumulative 
reward. 

Highly 
adaptive, 
learns from 
environment 
interactions 

Moderate 
(strategists): 
Designing rewards 
and environments 

E.g., Defining 
the actions and 
the reward 
system; 
providing 
positive or 
negative 
feedback 

Suited for dynamic 
contexts. Low 
transparency. E.g., 
Autonomous vehicles, 
gaming AI 

Hybrid 
Systems 
(Composite 
AI) 

Systems that 
combine multiple 
techniques, such 
as rule-based 
reasoning, 
machine learning, 
and natural 
language 
processing, for 
enhanced 
performance. 

Adaptability 
varies, 
leverages 
multiple 
methodologies 

Combination of 
roles 

E.g., Bringing 
together the 
outputs of 
multiple AI into 
a cohesive 
hybrid system 

Flexible, can tackle 
complex tasks. 
Transparency varies. E.g., 
Recommendation 
engines, diagnostic tools 

Generative AI 
Systems 

Hybrid AI 
systems that 
create new 
content, such as 
text, images, or 
music, by learning 
patterns from 
existing data. 

Highly 
adaptive, uses 
multiple 
learning 
approaches 

Combination of 
roles, specifically 
assessing and 
ensuring the 
accuracy and 
quality of AI-
generated content 
(validator) 

E.g., Developing 
effective 
prompts to 
communicate 
with the system; 
verifying outputs 
to address issues 
like 
hallucination 

Capable of generating 
new solutions. E.g., 
ChatGPT, creative AI 
tools 

3.1. Rule-Based Systems 

Rule-based AI systems function with static and 
often non-adaptive logic, resulting in predictable 

behaviors. These systems are ideal for consistent, rule-
based tasks, but less capable of adapting to new or 
changing organizational situations. They offer high 
transparency, making them well-suited for regulatory 
compliance. Compared to other AI types outlined in 
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Table 1, rule-based systems are distinctive in their 
reliance on explicit pre-defined rules and their lack of 
adaptability to new data or decision situations (Grosan 
& Abraham, 2011).  

A classic example is the MYCIN expert system, 
developed in the 1970s to help doctors diagnose and 
treat blood infections (Davis, Buchanan, & Shortliffe, 
1977). The system used approximately 300 rules 
derived from the expertise of infectious disease 
specialists. Physicians would input patient data, and 
MYCIN would use its rule-based logic to provide 
diagnostic and treatment recommendations. While 
groundbreaking for its time, MYCIN's reliance on static 
rules limited its adaptability to new medical knowledge 
and individual patient contexts (Mainzer, 2020). More 
recent and pervasive examples include Robotic Process 
Automation (RPA), which is used to automate 
repetitive, rule-based tasks by mimicking human actions 
in interacting with digital systems.  
 
3.1.1. The Role of Humans as Custodians. Human 
custodial expertise is crucial for the creation and 
maintenance of the rules that govern the system 
(Grosan & Abraham, 2011). Experts typically develop 
comprehensive if-then rules to guide the AI’s decision-
making process. For example, in medical expert 
systems, professionals input diagnostic rules based on 
symptoms and medical knowledge (Berner & La 
Lande, 2016). Similarly, in legal compliance systems, 
legal experts encode regulations and compliance rules, 
which then assists in ensuring that business operations 
adhere to legal standards (Casellas, 2011). Continuous 
human involvement is necessary for updating and 
refining the rule set as new scenarios or knowledge 
emerge. 

3.2. Supervised Learning Systems 

Unlike rule-based systems, supervised learning 
systems can improve and adapt based on training data, 
making them more flexible for various tasks given high-
quality labeled data (Berry, Mohamed, & Yap, 2019).  

The materiality of these systems consists of the 
computational infrastructure, learning algorithms, and 
labeled datasets. The learning algorithms, such as 
decision trees or neural networks, are mathematical 
models that learn patterns from labeled data (Caruana & 
Niculescu-Mizil, 2006). The labeled datasets provide 
the ground truth for the models to learn from, directly 
impacting system performance (Jarrahi, Memariani, & 
Guha, 2023).  

Supervised learning systems can handle a range of 
tasks from simple to highly complex models, depending 
on the amount and quality of labeled data available. 
Common applications include image recognition and 

spam filters, where accurately labeled data is essential 
for the system to correctly identify patterns and make 
predictions. A specific example is a convolutional 
neural network (CNN) for image classification. CNNs 
can learn hierarchical features from images and classify 
them into predefined categories. For instance, a CNN 
could be trained on labeled chest X-ray images to detect 
pneumonia (Varshni, Thakral, Agarwal, Nijhawan, & 
Mittal, 2019). During training, the CNN learns to 
recognize patterns and features associated with 
pneumonia, such as lung opacities or consolidations. 
Once trained, the CNN algorithm can classify new, 
unseen X-ray images based on the learned features. 

3.2.1. The Role of Humans as Trainers. Supervised 
learning requires significant human expertise in labeling 
data and iterative model tuning. Humans are essential 
for labeling and curating training datasets (Jarrahi, 
Memariani, & Guha, 2023), as they can ensure that the 
data accurately represents the problem space and is free 
from different types of biases. For example, in radiology 
applications, domain experts participate in labeling 
images to train the system and ensure accuracy in 
system performance (Thrall et al., 2018).  

3.3. Unsupervised Learning Systems 

Unsupervised learning systems are adaptive and 
capable of discovering patterns without the need for 
labeled datasets. The materiality of these systems 
consists of the computational infrastructure, learning 
algorithms, and unlabeled datasets (Noroozi & Favaro, 
2016). Learning algorithms, such as clustering 
algorithms (e.g., k-means, hierarchical clustering) or 
dimensionality reduction techniques (e.g., principal 
component analysis, t-SNE), identify inherent patterns 
or groupings in the data without explicit labels. The k-
means clustering for customer segmentation (Kuo, Ho, 
& Hu, 2002) can classify customers in terms of purchase 
history such as products purchased, purchase 
frequencies, and total spend (Kansal, Bahuguna, Singh, 
& Choudhury, 2018) without any predefined labels. 
Marketing analysts can analyze the resulting clusters to 
understand the characteristics of each customer segment 
(e.g., clusters representing high-value customers who 
frequently purchase premium products vs. clusters 
representing price-sensitive customers who primarily 
buy discounted items) in order to develop targeted 
marketing strategies for each segment, such as 
personalized promotions or product recommendations. 

These systems are particularly useful for 
exploratory data analysis and clustering tasks such as 
market segmentation and anomaly detection, excelling 
at identifying hidden structures within data and 
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stimulating insights that might not be apparent through 
manual analysis (Ghahramani, 2004). 

3.3.1. The Role of Humans as Interpreters. After 
initial programming, these systems require less human 
involvement to adapt to new data. Human expertise 
primarily manifests as interpreters. Humans play a key 
role in interpreting the patterns and clusters identified 
by the AI, providing context, and making strategic 
decisions based on the insights generated (Denny & 
Spirling, 2018). For example, in market segmentation, 
human marketers interpret AI-identified clusters to 
develop targeted marketing strategies (Saxena, 
Agarwal, Pandey, & Pandey, 2024); in fraud detection 
systems, human analysts investigate AI-identified 
unusual patterns to confirm fraud and update system 
parameters. 

3.4. Reinforcement Learning Systems 

Reinforcement learning systems are algorithms that 
learn to make decisions by performing actions in an 
environment to achieve maximum cumulative reward 
(Wiering & van Otterlo, 2012). Unlike previous types, 
which require labeled or unlabeled data, reinforcement 
learning focuses on learning from interaction and 
feedback (Kaelbling, Littman, & Moore, 1996). They 
are highly adaptive and well-suited for dynamic 
contexts where the AI needs to continuously adapt and 
improve based on real-time feedback. Applications 
include autonomous vehicles, where the AI learns to 
navigate complex environments, and gaming AI, where 
the system learns to develop strategies to win games. 
Compared to other AI systems, reinforcement learning 
is unique in its ability to learn through trial and error, 
adapting its strategies based on the outcomes of its 
actions, which makes it particularly powerful in 
dynamic and uncertain environments (Silver et al., 
2018). 

A groundbreaking example of a reinforcement 
learning system is AlphaGo, developed by DeepMind, 
which made history by defeating a world champion (J. 
X. Chen, July-Aug 2016). AlphaGo was trained through 
a combination of supervised learning on human expert 
games and self-play reinforcement learning. The 
environment was the game of Go, with the rules and 
board states defining the state space, and possible moves 
defining the action space. The reward function 
encouraged winning the game, with positive rewards for 
winning moves and negative rewards for losing moves 
(Silver et al., 2018). The DeepMind researchers 
designed the neural network architectures, the training 
regime, and the reward function to enable AlphaGo to 
learn optimal playing strategies. Through iterative self-
play and learning from the rewards, AlphaGo 

discovered novel strategies and moves that surprised 
even human experts, demonstrating the unique 
affordances of reinforcement learning in complex 
domains.  

3.4.1. The Role of Humans as Strategists. Once set up, 
these systems learn and adapt strategies based on 
environmental interactions to maximize cumulative 
reward. The setup requires human involvement, but 
ongoing adaptability can be high with less human input 
(Wiering & van Otterlo, 2012). Human involvement 
primarily manifests itself as strategists: Humans are 
crucial in designing the reward system and the 
environment in which the AI operates (Huang, Wu, & 
Lv, 2023). They interpret the AI's learning progress and 
adjust strategies or reward mechanisms to guide 
learning. For example, in autonomous vehicle systems, 
engineers set goals and rewards for different driving 
scenarios, while safety experts oversee training to 
ensure adherence to safety standards.  

3.5. Hybrid AI Systems (Composite AI) 

Hybrid systems, or composite AI, combine multiple 
methodologies to leverage the strengths of different AI 
approaches (Dos Santos Melicio et al., 2023). 
Components can include rule-based systems, supervised 
learning models, unsupervised learning models, and 
reinforcement learning agents. Adaptability varies 
depending on the specific combination of AI techniques 
used, ranging from static rule-based components to 
highly adaptive learning-based components. Hybrid 
systems are highly flexible and can tackle complex tasks 
that single-method AI systems might struggle with. 

Hybrid AI systems are used in areas like 
neurosymbolic computing, combining the adaptability 
of neural networks with reasoning and explainability 
offered by rule-based systems (Garcez & Lamb, 2023). 
An example is medical diagnostic intelligent systems 
which combine rule-based reasoning, machine learning, 
and natural language processing to assist physicians in 
diagnoses. These systems combine a knowledge base of 
medical rules and guidelines, curated datasets of patient 
records and medical literature, and trained machine 
learning models for pattern recognition and prediction. 

The rule-based component encodes expert 
knowledge and clinical protocols to guide the diagnostic 
process. The supervised learning models can be trained 
on labeled patient data to recognize patterns and 
correlations between symptoms, test results, and 
diagnoses. The unsupervised learning component, such 
as clustering or topic modeling, analyzes unstructured 
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data from medical literature and patient narratives to 
identify relevant information and insights.  

3.5.1. The Combinational Role of Humans. These 
systems typically inherit the complexity of various 
designs they combine and embody. They often require 
substantial human involvement in design, training, and 
oversight to ensure appropriate learning and decision-
making, particularly in alignment with human values 
(Glaser, 2017). Human expertise manifests as a 
combination of previously-mentioned roles. For 
example, in advanced healthcare diagnostics, medical 
professionals provide labeled data for supervised 
learning and also interpret AI-generated insights in 
diagnosis and treatment planning. Human involvement 
may also be needed for coordinating the different AI 
components to ensure they work together effectively, 
addressing any conflicts or inconsistencies that arise. 

3.5.2. Generative AI as Hybrid Systems. Generative 
AI systems as one of the most prominent examples of 
hybrid systems are highly adaptive and use multiple 
learning approaches to generate new content, such as 
text, images, music, or code based on learned patterns 
and representations from training data (Riemer & Peter, 
2024). These systems often combine multiple learning 
approaches, such as supervised learning, unsupervised 
learning, and reinforcement learning, to capture the 
underlying structure and semantics of the data. Human 
involvement combines roles, specifically focusing on 
assessing and ensuring the accuracy and quality of AI-
generated content (Jarrahi, Monahan, & Leonardi, 
2023). This involves developing effective prompts to 
communicate with the AI system, verifying the outputs 
to address issues like hallucination, and ensuring the 
content meets the desired standards. Generative AI 
systems are capable of creating innovative solutions and 
are used in applications such as ChatGPT, which 
generates human-like text, and other creative AI tools 
that produce new music, art, or designs. These systems 
excel at tasks that require creativity and originality, but 
their outputs need careful validation to ensure they are 
accurate and appropriate for the intended use (Chen, 
Tallant, & Selig, 2024). Compared to other AI systems, 
generative AI is unique in its focus on content creation 
and innovation, pushing the boundaries of what AI can 
produce. 

4. Discussion and Implications 

Research has often studied AI systems, typically 
consolidating analyses into broad, abstract theoretical 
categories like "algorithmic tools." However, adopting 
an assemblage perspective, as suggested by Glaser et al. 
(2021), indicates that the mechanisms associated with 

one type of assemblage may not necessarily apply to 
other types of AI systems. In this paper, we introduce a 
typology of AI systems aimed at stimulating future 
research. The adoption, affordances, and potential risks 
of AI assemblages in organizations are partly shaped by 
the inherent design of the AI systems in question. It is 
important to consider whether these assemblages 
operate on predefined, clear algebraic formulas or make 
decisions using deep neural networks, which are 
frequently opaque, sometimes even to the developers of 
the algorithms themselves. That noted, we also highlight 
the key roles played by humans in enacting AI 
assemblages. It is a misunderstanding to believe that 
humans are only actively involved in supervised 
learning. The supervised or unsupervised nature of these 
systems does not necessarily remove humans from the 
AI assemblages; however, these approaches may 
involve different forms of materialization. Each type of 
system comes with unique material dynamics that may 
require different materialization activities by humans. 
These materialization activities demand a different set 
of expertise or AI literacy from human partners of the 
AI systems. Below, we discuss the implications of such 
a framing for future research. 

4.2. Capturing Inherent Design 
Characteristics: Not All Systems Are Created 
Equal 

The above framework helps to contextualize 
systems and understand their key differences in 
organizational and management practices. For instance, 
Lebovitz et al. (2021) highlight the risks of relying 
solely on ML models trained with ground truth labels. 
These tools often fail to meet expectations in practice, 
exposing a disconnect between AI's data-driven 
knowledge and experts' experiential know-how. It is 
important to remember that their discussion pertains to 
supervised learning AI systems, which rely on ground 
truth and data labeled by experts. Data is a crucial 
infrastructure for supervised learning, where one of the 
primary issues affecting these AI systems is the 
disagreement among domain experts about what 
constitutes the ground truth ( Jarrahi, Memariani, & 
Guha, 2023). 

We argue that problematizing such crucial 
differences among various AI systems is necessary in 
conceptualizing how 'conjoined agency' may emerge in 
AI assemblages (Murray et al., 2021). AI researchers 
should therefore pay more conceptual attention to the 
types of AI in question, as they are not created equal. 
The degree to which they operate independently of 
human involvement may be significant in how the 
systems' agency unfolds. For example, there is a notable 
difference between an AI assemblage formed around an 

Page 5454

https://paperpile.com/c/TEJbIz/whvR
https://paperpile.com/c/TEJbIz/whvR
https://paperpile.com/c/TEJbIz/0iRD
https://paperpile.com/c/TEJbIz/0iRD
https://paperpile.com/c/TEJbIz/KLVc
https://paperpile.com/c/TEJbIz/KLVc
https://paperpile.com/c/TEJbIz/w5OD/?noauthor=1
https://paperpile.com/c/TEJbIz/rtaL
https://paperpile.com/c/TEJbIz/rtaL
https://paperpile.com/c/TEJbIz/rtaL
https://paperpile.com/c/TEJbIz/rtaL
https://paperpile.com/c/TEJbIz/EeZ0


 

expert system that follows a fixed set of rules and 
AlphaZero, a reinforcement learning algorithm that 
acquired chess knowledge independently, learning from 
the game's rules and self-play without relying on pre-
existing human strategies. 

4.1. Capturing the Shaping Effects of Social 
Contexts  

AI systems are not discrete technological entities. 
While their unique material properties are 
consequential, their performance in organizational work 
is greatly influenced by the organizing context. 
Therefore, to fully understand this complex process, we 
need to analyze beyond just AI as computational 
systems and examine how they are “materialized in 
practice” (Orlikowski & Scott, 2015). Current concepts, 
such as 'human-AI hybrids,' 'algorithmic assemblages,' 
or 'human-AI configurations,' offer promising 
theoretical vocabulary for holistically capturing the 
contextual interactions between humans and AI (Glaser 
et al., 2021; Grønsund & Aanestad, 2020; Rai et al., 
2019). Future research should more mindfully examine 
the sociomaterial implications of diverse design 
characteristics by exploring how the agency of AI may 
intertwine with varying social, organizational, and 
political contexts. The inherent properties, while 
significant, are subject to change through human 
interactions and are shaped by organizational cultures, 
routines, regulatory frameworks, standards, and 
policies. 

Specifically, further research is needed to 
conceptualize the process of “materialization” within 
these different types of AI assemblages; how such 
chains of materialization or sociotechnical translations 
draw upon the materiality of various AI systems 
discussed here and also extend it in unintended, 
surprising ways based on different organizational 
contexts and organizing paradigms. For example, 
algorithmic control may present a different 
materialization process than those in more standard 
work settings where workers are full-time employees 
and important things like team dynamics come into play. 

4.2. Examining Different Divisions of Work 
Between Human and AI Systems 

Humans will remain integral to many processes 
across all types of AI systems in crucial ways. For 
example, knowledge workers continue to provide 
strategic perspectives and contextualize AI inferences 
by interfacing effectively with various stakeholders 
(Jarrahi et al., 2022). However, the different categories 
of AI systems may require varying divisions of work 
between humans and AI, necessitating researchers' 

attention to better engage with the inherent 
characteristics of each specific AI system. For instance, 
generative AI systems may create unique collaboration 
dynamics by offering powerful information synthesis 
capabilities. As observed by Lee et al. (2022), the roles 
and focus of certain workers in information production 
are increasingly shifting towards verifying and 
contextualizing data. Additionally, generative AI's 
tendency to generalize can reduce the precision and 
relevance of its outputs, underscoring the essential need 
for human oversight and customization. 

4.3. Highlighting Data Infrastructures and 
Data Work 

Data is a crucial element of AI assemblages and is 
essential for their sustainability (Alaimo & Kallinikos, 
2021). Most AI systems rely on data, which can be 
challenging to obtain and use for training and actual 
performance in organizations. Each system may require 
different engagements with data and consequently 
different types of infrastructure. Data work, often less 
visible labor within AI systems, is critical for curating 
and maintaining these data infrastructures (Jarrahi, 
Memariani & Guha, 2023). Researchers of AI in 
organizational contexts may need to pay closer attention 
to how data is involved in training these systems, 
addressing sociotechnical challenges such as bias, and 
identifying the different stakeholders that influence data 
work. For instance, crowdworkers train AI systems, 
while domain experts evaluate AI inferences in high-
stakes decision-making environments. Furthermore, 
understanding the interactions between these parties and 
the data can provide insights into improving AI system 
performance and reliability. 

4.4. Directing Attention to Different Ways 
Human Expertise is Materialized 

A critical question for AI researchers concerns how 
human expertise will be transformed or represented in 
the era of increasingly intelligent machines (Pakarinen 
& Huising, 2023). A key feature of AI assemblage 
concerns how AI enacts and transforms the roles and 
expertise of human actors (Glaser et al., 2021; Grønsund 
& Aanestad, 2020). The common narrative that frames 
a competition between knowledge workers and AI 
systems and the notion of replacement, often 
emphasized in concepts such as ‘AI exposure’ (Webb, 
2020), fails to capture human involvement. It also defies 
a deep understanding of technological feasibility and 
capabilities across different genres of AI systems. 

Moving forward, research may need to explore how 
human expertise collaborates with or functions 
independently from the various types of AI systems 
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described in this article, as well as the emerging ways in 
which experts' roles may shift, contributing to the 
materialization of AI assemblages. This requires better 
attention to be paid to different actors and stakeholders 
within and outside of the organizations involved in 
shaping these algorithmic outcomes (e.g., data 
scientists, machine learning professionals, domain 
experts, managers, and other decision-makers, and end-
users whose feedback may continuously shape some 
types of AI systems). 

5. Conclusions  

In this article, we have highlighted the importance 
of recognizing the inherent design characteristics of 
various AI systems and their distinct impacts on 
organizational work. By introducing a typology of AI 
systems, we provide a more comprehensive 
understanding of how different AI technologies interact 
with organizational contexts and influence work 
practices. By taking a sociotechnical approach, we not 
only emphasize different AI designs but also direct 
attention to the critical role of humans in enacting AI 
assemblages and materialization activities. These 
activities demand varying levels of AI literacy and 
expertise depending on the type of AI system in 
question. 

We emphasize that AI systems are not created 
equal; their material properties and design mindsets 
significantly influence their performativity and 
organizational impact. Researchers must pay closer 
attention to the sociomaterial interactions between AI 
technologies and human actors, as these interactions 
shape the effectiveness and outcomes of AI integration 
in organizational contexts. Future research should 
explore the diverse ways in which human expertise is 
materialized in conjunction with AI systems, moving 
beyond the simplistic narrative of human-AI 
competition. By examining the collaborative dynamics 
between humans and AI, we can better understand how 
different types of AI systems can augment and 
transform organizational work. 
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