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Abstract. In this paper we present the concept of the "KI-Labor Siidbaden” to
support regional companies in the use of Al technologies. The approach is based
on the ”Periodic Table of AI” and is extended with both new dimensions for
sustainability, and the impact of Al on the working environment. It is illustrated
on the basis of three real-world use cases: 1. The detection of humans with low-
resolution infrared (IR) images for collaborative robotics; 2. The use of machine
data from specifically designed vehicles; 3. State-of-the-art Large Language Models
(LLMs) applied to internal company documents. We explain the use cases, thereby
demonstrating how to apply the Periodic Table of Al to structure AI applications.
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1 Introduction

Recent economic studies suggest that Al and related technologies have enormous po-
tential to add value to the German economy. [1]. It is expected, particularly through
advances in new technologies from generative Al, that an increasing number of tasks in
a variety of professions can be supported or automated by Al technologies. This will not
only lead to significant productivity gains, but also to the transformation of daily work
routines for many people.

However, this expected value contribution of Al-based systems, despite their advan-
tages, has not yet been currently seen in implementation. Especially small and medium
sized businesses face challenges in integrating Al systems within the current workforce,
internal processes, and business strategy. The lack of comprehension and expertise in im-
plementing best practices further complicates and hinders commencement of Al system
integration [2,3]. Publically funded programs, through facilitation services, are striving
to support SMEs with digitalization assistance as well as with access to Al expertise.

The ”KI-Labor Siidbaden”! is part of a network of 16 ” AI Labs” in the state of Baden-
Wiirttemberg and has a strong regional focus to support small and medium companies
in the Upper Rhine region. In this paper, we present the concept of the ”KI-Labor
Stidbaden” to support regional companies in the adoption and use of Al technologies. As
one part of our activities, we developed a concept based on the ”Periodic Table of AI”
[4,5]. The contribution is structured as follows: First we discuss the current state of the
concept of the Periodic Table of Al and provide background information on AI within
work systems. We then describe three real-world AI use cases from different domains

! https://ki-suedbaden.de/
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and using different AI technologies that were co-developed with local businesses through
the KI-Labor Siidbaden project. Next, we demonstrate how the Periodic Table of Al can
be applied and illustrate the various challenges companies are facing when they start to
use Al technologies. After that, we present the current state of our extended version of
the periodic table of AI, and apply it to the three use cases, before concluding with an
outlook on future work.

2 Background

2.1 Periodic Table of AI

In 2016, Kristian Hammond [4] published the idea of the ”Periodic Table of AI” (PTAI)
as a structural and conceptual framework for AI functionalities, independent of specific
technologies. An an analogy to the periodic system of elements, the PTAI consists of 28
basic elements that can be combined like LEGO® bricks for assembly into complex Al use
cases and applications. Examples of such elements are Speech Recognition (Sr), Predictive

Inference (Pi), or Decision Making (Dm) (scc Fig.1). The clements arc organized into

three groups: 1) Assess — Receiving and recognising information, 2) Infer — Processing,
inferencing and learning from that information, and 3) Respond — Taking actions. Fig. 1
shows the elements of group Assess in blue, elements of group Infer in green and orange,
and elements of group Respond in red.

— The group Assess is comprised of the following recognition and identification ele-
ments: Speech recognition (Sr), Audio recognition (Ar), Face recognition (Fr), Image
recognition (Ir), General recognition (Gr), Speech identification (Si), Audio identifi-
cation ( Ai), Face identification (Fi), Image identification (Ii), General identification
(Gi), Data analytics (Da), and Text extraction (Te).

— The group Infer includes: Predictive inference (Pi), Explanatory inference (Ei), Syn-
thetic reasoning (Sy), Planning (Pl), Problem solving (Ps), Decision making (Dm),
Language generation (Lg), Language understanding (Lu), Relationship learning (Lr),
Category learning (Lc), and Knowledge refinement (Lt).

— The group Respond consists of the elements: Mobility large (Ml), Mobility small
(Ms), Manipulation (Ma), Communication (Cm), and Control (Cn).

When selecting at least one element from each group, this results in an ” Al element
triple” that might inform an Al-driven use case or application [4]. In that way, the
PTALI facilitates the conceptual configuration of such use cases, resulting in a high-level
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Fig. 1. Periodic Table of AI [5,4]. Assess elements in blue, Infer in green and orange, and
Respond in red
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description of the use case or application; this description reflects the complexity and
technological requirements [6].

In addition, the PTAI can serve as an educational tool for both digital experts and
non-experts, providing fundamental knowledge of AI functionalities and thereby facilitat-
ing communication across varying levels of Al proficiency. Consequently, PTAI supports
the comprehension of Al by both technical experts and non-experts. For example, Mylo
et al. [7], applied the method within a project between machine learning experts and
military operators, and demonstrated that it fostered effective communication and col-
laboration between these two groups [5, 6, 8].

In 2018, Germany’s digital association ”Bitkom” echoed Hammond’s call for further
development, and elaborated on the description of the elements and their use in practice
[5]. However, as stated by both Hammond and Bitkom, there is still room for improve-
ment in the PTAIL For example, there are missing elements for speech or image generation
(while language generation is included) [5]. The user study by Mylo et al. [7] revealed
misconceptions arising from either broad element titles or confusion between ”recogni-
tion” and ”identification” in the Assess group of elements, suggesting that the PTAI
could be improved in terms of its comprehensibility.

Dietzmann and Alt [8] developed PTAI v2. They reduced the PTAI to 25 elements
and rearranged them: firstly, along the abilities of perception, processing, action, and
learning (based on Russell and Norvig’s [9] concept of the intelligent agent), and secondly,
by complexity. For this, they extended the PTAI by assigning types of human intelligence
defined by Gardner [10] to each element in order to express its complexity. The number
of assigned intelligence types gives each element its degree of complexity. Based on the
PTAI v2, Dietzmann [6] developed an additional AT application taxonomy, with a focus
on the configuration of Al applications detailing functionalities and characteristics while
using PTAI v2 for use case analysis. However, the approach by [6,8] does not include
the work system integration and it considers only aspects that affect processes when it
comes to organizational impact.

2.2 Al in Work Systems

The successful integration of AT applications within businesses necessitates a comprehen-
sive socio-technical system approach [11-15]. The importance of this is recently demon-
strated by the second edition of the DIN/DKE Al standardization roadmap [16, p. 153-
176], in which a separate chapter on socio-technical systems has been added. The socio-
technical system theory aims to ”describe and explain the behavior of organizations
and their members while providing critical insights into the relationships among people,
technology, and outcomes” [17, p. 66]. The socio-technical perspective suggests that the
social and technical subsystems are interdependent and inseparable within a work system
and thus determine its effectiveness. In that way, a socio-technical system approach for
AT takes into account the development of both social and technical subsystems of work
while in relation to a specific context / relevant external environment. The implementa-
tion of Al, as a technological change, can have either a positive or negative impact on the
overall work system, thereby ultimately affecting individuals [13]. Fig. 2 illustrates the
integration of Al technology within a larger socio-technical work system and its impact
on the overall system and individual interactions [12]. While some research started to
draw attention on the technology, tasks, and people components, the context — specifi-
cally the organization and environment components, as well as the interactions among
all components — are under-investigated [18, 11].
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Fig. 2. Al integrated work system adapted from [12].

The DIN/DKE AI standardization roadmap [16, p. 153-176] proposes considering the
socio-technical perspective along the complete Al life cycle; especially meeting sustain-
ability criteria would be required. The roadmap sheds a first light on the AT life cycle
with respect to the relevant socio-technical issues along the phases Initiation, Design
and Development, Verification and Validation, Transfer to the Operational Environment,
Operation and Monitoring, Reevaluation as well as Continuous Validation and Decommis-
stoning. In addition, the need for standardization with regard to socio-technical aspects
in the design of Al systems is identified.

von Garrel et al. [19] extend Hammond’s general idea of structuring Al use cases.
While the PTAI only focuses on the logical structuring of AI use cases from an Al-
centric-perspective, von Garrel et al. focus on structuring Al use cases based on a socio-
technical perspective, i.e. that the human perspective is taken into account. With this in
consideration, the morphological box includes 14 characteristic features that describe the
aspects of the Al use case, as well as how it affects the work system and its employees.
Similarly, von Garrel et al. also call for the expansion and further development of the
morphological box [19].

3 Use Cases

In this section, we explain the three real-world use cases, thereby demonstrating how to
apply the PTAI to structure Al applications.

3.1 The Detection of Humans with Low-resolution IR Images for
Collaborative Robotics

The first use case focuses on applying established methods from image processing and
object recognition in a new environment. In addition to solving technical issues, this
use case also has to address questions of labelled data acquisition, legal issues of data
protection and privacy, and employee safety.

In general, this use case is about improving human-machine interaction in the ongoing
production process and avoiding accidents between robots and humans in the production
environment. To that end, the following tasks are necessary:
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— Step I: Detecting humans in the working environment of a collaborative robot in a
production hall,

— Step II: Calculating the probability of when a person is in the vicinity and ap-
proaching the robot, and deciding on the appropriate behavior of the robot,

— Step III: Initiating slowing down or stopping the robot.

Based on the decomposition into specific task steps and their description, suitable Al
elements are mapped and put into context:

— Step I: In this specific case, low-resolution infrared images are used for cost-efficiency
and data privacy reasons. Having a look at the PTAI, we can find Assess-element
Image Recognition (Ir). The image recognition functionality enables ”the detection
of certain object types in images or video signals” [5]. In this case, the object type
sought is the human being.

— Step II: The results of the image recognition process are used to infer whether a de-
tected person will approach the machine, and to determine the appropriate behavior
of the robot. The Infer-element Predictive Inference (Pi) predicts events based on
the current state of the environment. The Decision Making (Dm) element chooses
a particular course of action or solution based on available information, alternative
options, and a set of objectives. These courses of action range from avoidance to
stop manoeuvres. While ensuring that employees are not put at risk is crucial, it is
also important to maintain high productivity, thereby necessitating the avoidance of
unnecessary stops or overly complicated evasive actions.

— Step III: Depending on the decision made beforehand, the autonomous control of
the robot’s movement would be enacted. The Respond-element deemed suitable for
this purpose is referred to as Mobility Small (Ms), and it effectively governs the
movement of robots that operate within indoor environments while performing tasks
and interacting with individuals.

3.2 The Use of Machine Data from Specifically Designed Vehicles

The second use case aims to make AI methods actionable for a regional manufacturer
of specifically designed vehicles. Time series data from the vehicles is currently collected
but not really used. The initial focus in this use case is on questions of data quality, data
preparation / exploratory data analysis, and predictive maintenance. In the predictive
maintenance use case, time series data such as engine speed and fuel consumption is used
to predict defects before they occur. This specific use case again can be broken down into
three separate steps:

— Step I: Analyze the data to extract the information it contains.

— Step II: Understand the relationship between the data and the presence of defects
based on past states, to be able to predict future defects based on the current state.

— Step III: Pass on the information to the responsible personnel.

Mapping the Al elements:

— Step I: In this use case, the data must be analyzed in detail in order to extract the
information it contains. The corresponding Assess-element is Data Analytics (Da),
which refers to the analysis of data for the identification of the current facts and
events represented by the data.
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— Step II: The second step uses time series data to build a predictive model. This
model learns statistical relationships between the given features and the presence
of defects. Therefore, the probability of a defect occurring in the near future could
be predicted. The corresponding Infer-element is Prediction Inference (Pi), which
predicts future events based on known data about the current state.

— Step III: Finally, the information has to be communicated to the appropriate per-
sonnel (for example, by triggering an alert). This task is described by the Respond -
element Communication (CM). It is generally defined as a mechanism that supports
communication between human and machine.

3.3 Chatting with Internal Company Documents Based on Current LLMs

Finally, the third use case deals with the use of current large language models (LLMs)
within companies. The intention is to make internal company knowledge accessible to
users via a Q&A chatbot. The main focus here is on reliability and accountability of the
answers. As in the previous examples, we explain this use case based on the elements of
the PTAI. The use case can be broken down into three separate steps:

— Step I: Extract information from the company’s documents and the question posed,
— Step II: Understand the meaning and the context of the question and the document,
and then answer the question in natural language based on the given information.

— Step III: Pass on the information to the user in natural language.

Mapping the Al elements:

— Step I: In this use case, it is necessary to accurately extract information from the
company’s documents and to extract the information from the user’s question. This
task is described by the Asses-element Text FExtraction (Te), which analyzes and
extracts the information of a given text.

— Step II: The second step is divided into two separate subtasks. Firstly, it is neces-
sary to understand both the question and the documents in order to be able to map
related elements within the documents, and also to match the document information
with the question’s requested information. The matching Infer-element is Language
Understanding (Lu), which is responsible for understanding the meaning and the
context of the texts by creating semantic representations. Secondly, the matching
information of the documents has to be converted into natural language. The re-
sponsible Infer-element for this task is Language Generation (Lg), which generates
natural text from a logical knowledge representation.

— Step III: Finally, the information has to be communicated to the user, e.g. visually
or acoustically. For this purpose, the Respond-element Communication (CM) is used.
It is generally defined as a mechanism that supports communication between human
and machine.

4 Extended Periodic Table of Al

After the original PTAI offered the possibility to logically structure Al use cases, and
von Garrel et al. [19] extended the general idea by focusing on the socio-technical as-
pects of Al use cases, we combine these aspects and further extend the system with a
sustainability perspective [16]. For this approach, the standard PTAI serves as a basis
and is extended by two additional independent dimensions focusing on the impact on
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the working environment and on sustainability. To represent the impact on the working
environment, the elements of von Garrel et al.’s morphological box are adopted. The
sustainability dimension is based on the UN’s 17 sustainability goals [20]. The specific
integration of the two added dimensions to form a cohesive framework is still a work in
progress. Nevertheless, some implications for the working environment and for sustain-
ability are illustrated below by reference to the three use cases previously introduced. For

%N

these examples we focus on the features, "nature of work”, ”level of autonomy”, "mode
of interaction”, ”social presence”, ”explainability /transparency”, ” change of the working
system” and "user” from von Garrel et al.’s morphological box to examine the impact
of the use cases on the working environment. To study the impact of these use cases on

sustainability, we individually focus on a subset of the UN’s 17 sustainability goals.

4.1 The Detection of Humans with Low-resolution IR Images for
Collaborative Robotics

Working Environment The Infrared human detection is intended for use in collabora-
tive robotics, i.e. the robot’s goal is to navigate independently around objects and people,
while assisting workers. Independent human avoidance makes the "nature of work” reac-
tive and the ”level of autonomy” ”automated” or even ”fully automated”. The "user” is
a worker and the "mode of interaction” can be classified as ”physical”, ”collaborative”
and ”"mobile”. As the use case is based on object detection, it is possible to mark the
object that is recognised as human, leading to at least a low level of ”explainability/
transparency”. Overall, the ”change of the work system” is moderate. This is mainly due
to the fact that collaborative robots are designed to be flexible [21, 22]. However, a major
challenge might be employee acceptence of Al and collaborative robots as a tool, seen as
something that supports them rather than something that replaces them.

Sustainability The Infrared human detection use case mainly relates to four of the 17
sustainability goals:

— Goal 5: Gender Equality
— Goal 8: Decent work and economic growth
— Goal 10: Reduced Inequalities

Gender equality and reduced inequalities: Gender equality concerns creating a
level playing field for people regardless of gender, particularly in social, legal, political
and economic spheres. The goal of 'reduced inequalities’, particularly in sub-goal 10.3, is
to ensure equal opportunities for all and to end discrimination. Injustice does not nec-
essarily have to be caused by humans. Artificial intelligence, for example, can also build
up prejudices and thus treat people unequally. For example, in the context of the given
use case, people of a certain gender, body type, height or skin colour might be better
recognised than others. In order to avoid such outcomes,countermeasures are appropri-
ate, such as the use of low-resolution infrared images in combination with optimization
methods to improve image quality.

Decent work and economic growth: This Sustainable Development Goal seeks
both economic growth, and safe and decent working conditions. For example, Goal 8.8
calls for the protection of labour rights and the promotion of safe working environments.
It should be mentioned that very monotonous work can also pose a health risk. For
example, findings by Farmer and Sundberg [23] or Sommers and Vodanovich 2000 [24]
suggest a link between perceived boredom at work and mental illnesses such as anxiety
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and depression. Robots along with collaborative robots, as in our use case, can take over
monotonous tasks and thus potentially contribute to reducing the perceived boredom of
workers. Object recognition is used to recognise and avoid people. Therefore, it also helps
to ensure safety in human-robot interaction.

4.2 The Use of Machine Data from Specifically Designed Vehicles

Working Environment In this use case, the data from the vehicles is used to predict
impending failures. The relevant personnel are alerted if the current data indicates future
failure. To do this, existing information is combined to draw logical conclusions, making
the "nature of work” ”combinative.” The ”level of autonomy” can be classified as ”deci-
sion support,” so that the ”user,” the relevant personnel, would be the final decider. This
person is informed by means of displayed output, which makes the ”mode of interaction”
”conventional software”. Especially in this use case, it is pertinent to also display the
original data, in order to help the relevant personnel to make the correct decision. This
leads to at least a low level of ”explainability/ transparency”. Overall, the ”change of
the work system” would be low, because the work in general would not change drasti-
cally. The conventional way of communication would also presumably facilitate employee
acceptance of Al as a tool for improving their decisions.

Sustainability The sustainability goals that are primarily affected by this use case are:

— Goal 8: Decent work and economic growth
— Goal 12: Responsible consumption and production

Higher Level of productivity: The aim of predictive maintenance is to predict
failures before they occur. This can increase productivity by reducing the downtime of
the machines, which is in line with sub-goal 8.2. It calls for productivity to be increased
through, among other things, the implementation of technological innovation.

Resource efficiency: Predictive maintenance not only increases productivity by
reducing downtime, but it can also extend the lifespan of the machine by keeping it
consistantly well maintained. This is in line with both sub-goal 8.2 and sub-goal 12.5.
While 8.2 calls for greater resource efficiency and more sustainable consumption and
production, 12.5 calls for the reduction of waste, including through prevention.

4.3 Chatting with Internal Company Documents Based on Current LLMs

Working Environment In this use case, a chatbot is used to inform clients about
complicated contract documents. To gather more reliable information, the clients still
need to consult an expert. The text generation from information in the documents can
be seen as a ”combinative” or even a ”creative” "nature of work”. Also, the chatbot
works completely independently, which makes the ”level of autonomy” fully automated.
As mentioned above, the "user” is a ”client”. The chatbot communicates with the user via
a user interface, which makes the "mode of interaction” conventional software. To enable
the user to check the information in the original document, the referenced sections of the
text are provided. This at least leads to a low level of ”explainability/ transparency”.
Overall, the ”change of the work system” is minor, because the work in general does
not radically change. The expert will still be consulted when necessary. Again, the main
challenge might be employee and client acceptance of the chatbot as a useful tool.
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Sustainability The sustainability goal that is primarily affected by this use case is:
— Goal 8: Decent work and economic growth

Higher Level of productivity: By implementing the chatbot, many simple ques-
tions can be answered without consulting an expert. This allows the experts to focus on
the cases where their expertise is actually needed. It is also likely to lower the inhibition
threshold for clients to inquire about the document details, as expert consultation be-
comes required less often. Taken together, these two effects have the potential to increase
productivity, which is in line with sub-goal 8.2.

5 Conclusions

The article explains the aforementioned use cases and demonstrates how the Periodic
Table of AI can be used to structure AI use cases and applications. It illustrates how
simple Al element triples can be created to configure a manageable, yet complex Al
use case and application from elusive problem settings such as employee protection from
accidents with collaborative robots. It also further facilitates the discussion between
domain experts and digital / AI experts [6]. Furthermore, an extension of the PTAI
is proposed that includes a dimension based on von Garrel et al.’s morphological box
[19] and a dimension based on the 17 UN sustainability goals [20]. This concept helps to
represent the whole impact of a specific Al use case, both inside and outside a business use
case. The application of the two added dimensions is demonstrated with three real-world
examples, providing a holistic view of each of the use cases. Further work focuses on the
implementation of the adaptations proposed by Dietzmann et al. [6] for the conception
and creation of a coherent extended PTAI framework.
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