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Abstract 

The goal of this thesis is to describe the current state of artificial intelligence, and how it can be applied to the industry. 

Artificial intelligence is considered as one of the major enablers of a movement towards the fourth industrial 

revolution. It has the potential to increase growth across our global economy, for instance, by automating work and 

enhancing the performance of humans. It can also be implemented to optimize decision making, and create 

interconnected supply chains, where the availability of real-time information from multiple facets enables a complete 

optimization and transparency, which would not be attainable using only currently established methods. 

 

While we are yet far from a point where AI could completely replace human workers on a larger scale, it can still be 

useful for automating certain work activities, which can be identified through an appropriate categorization. In 

addition to determining current technologies’ potential in automation of work, it is explained, how AI can be used to 

create a loop between the physical and digital worlds. In practice, this means creating optimized systems, in which 

continuous information flow and algorithmic decision making enable completely new levels of operational efficiency. 

When these optimized activity points have been created across a supply chain, they can be connected to create a 

digital supply network, collapsing the linear flow of a traditional supply chain to an interconnected entity, where real-

time flow of information can be leveraged to optimize the entire system, while automating a great deal of decision 

making between the connection points. 

 

This literature review is divided into two major chapters. In the first one, the current stage of technological evolution 

is covered by going through some of the most essential AI-based solutions and comparing them to a selection of 

human capabilities. In the latter part, it is discussed how AI can be combined with human workforce to automate 

various types of work activities. This chapter also includes the part where AI’s potential is covered in terms of 

optimization and supply chain improvement. After these two major chapters, there’s a discussion about some of the 

challenges we are going to face while creating these solutions and investing in them. Finally, everything is wrapped 

up by concluding how these things are seen from the author’s perspective based on insight gained during the writing 

of this thesis. 
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Tiivistelmä 

Työn tarkoitus on kuvailla tekoälyn nykytilannetta ja sitä, kuinka tekoälyä voidaan lähteä soveltamaan teollisuuteen. 

Tekoälyä pidetään yhtenä keskeisistä neljänteen teolliseen vallankumoukseen johtavan liikkeen mahdollistavista 

tekijöistä. Sillä on potentiaalia luoda talouskasvua muun muassa työn automatisoinnin ja ihmisten suorituskyvyn 

tehostamisen kautta. Sen käyttöönotolla voidaan myös optimoida päätöksentekoa ja luoda tilaus-toimitusketjuja, 

joissa useiden tahojen välinen ajantasainen tiedon kulku mahdollistaa järjestelmien täyden läpinäkyvyyden ja 

optimoinnin, jota ei kyettäisi saavuttamaan pelkästään tämänhetkisiä vakiintuneita menetelmiä käyttämällä. 

 

Vaikka olemme vielä kaukana pisteestä, jossa tekoäly voisi korvata ihmiset kokonaan laajassa mittakaavassa, sitä 

voidaan kuitenkin hyödyntää tiettyjen työtehtävien automatisoimiseen - nämä voidaan tunnistaa oikeanlaisen 

kategorisoinnin kautta. Työn automatisointipotentiaalin määrittämisen lisäksi käydään läpi, miten tekoälyä voidaan 

soveltaa fyysisen ja digitaalisen maailman välisen silmukan luomiseen. Käytännössä tällä tarkoitetaan sellaisten 

optimoitujen järjestelmien luomista, missä jatkuva tiedon kulku ja algoritminen päätöksenteko mahdollistavat täysin 

uudentasoisen operatiivisen tehokkuuden saavuttamisen. Sen jälkeen, kun näitä optimoituja yksiköitä on luotu ympäri 

tilaus-toimitusketjua, ne voidaan yhdistää yhdeksi digitaaliseksi verkoksi, jossa perinteinen lineaarisesti etenevä 

tilaus-toimitusketju hajotetaan siten, että sen kaikki pisteet ovat yhteydessä toisiinsa. Reaaliaikainen tiedon kulku 

yhteyspisteiden välillä mahdollistaa koko järjestelmän optimoimisen samalla, kun suuri osa päätöksenteosta 

automatisoidaan tekoälyn avulla. 

 

Tämä kirjallisuuskatsaus on jaettu kahteen pääkappaleeseen, joista ensimmäisessä käsitellään tekoälyn teknisen 

kehityksen nykytilannetta käymällä läpi olennaisia tekoälyyn pohjautuvia ratkaisuja ja vertaamalla niitä valikoituihin 

inhimillisiin kyvykkyyksiin. Toisessa osassa kerrotaan, kuinka tekoäly voidaan yhdistää työtä tekevien ihmisten 

kanssa monenlaisten tehtävien automatisoimiseen. Tässä kappaleessa käsitellään myös tekoälyn potentiaalia 

järjestelmien optimoinnin ja tilaus-toimitusketjun kehittämisen työkaluna. Näiden kahden pääkappaleen jälkeen 

käydään läpi haasteita, joita tulemme kohtaamaan tekoälyyn pohjautuvien ratkaisujen luomisen ja niihin 

investoimisen aikana. Työ päättyy yhteenvetoon, johon on tuotu mukaan kirjoittajan omaa näkemystä kirjoittamisen 

aikana aihepiiristä muodostuneen ymmärryksen pohjalta. 
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1 INTRODUCTION 

The idea of replicating human intelligence with technology is not new by any means. In fact, 

the term artificial intelligence was first brought up at a conference held at Dartmouth 

University in the summer of 1955 (Guszcza et al., 2017). However, due to the fact that 

evolution of technology takes time, especially one as complex as artificial intelligence, it 

hasn’t been until recently that the concept has been able to develop to the point where it is 

finally ready for widespread utilization. This technology and its modifications have the 

potential to fundamentally change the ways in which businesses operate in today’s economy; 

it is considered to be one of the key enablers of advancement towards the fourth industrial 

revolution, also known as Industry 4.0 (Cotteleer and Sniderman, 2017).  

According to Purdy and Daugherty (2017), AI has the potential to double annual economic 

growth rates by the year 2035 in 12 developed countries analyzed in their research. The 

selected countries produce more than half of the world’s total economic output. Top five of 

the selection includes Sweden, Finland, the US, Japan, and Austria, with the potential for 

increased labor productivity ranging from 30 to 37 percent. When comparing different 

industries to each other in terms of growth potential enabled by AI, the greatest opportunity 

lies in the sector of manufacturing with the potentially added growth of 45 percent by 2035. 

Significant increases to produced output could also be attained in many other industries such 

as professional services, wholesale and retail, public services, information and 

communication, as well as financial services. As we’re clearly on the brink of a major 

industrial movement, now is precisely the time for all of us to understand how the upcoming 

changes are going to affect the ways we live and work, and from the perspective of 

businesses, how they can be utilized to keep up with leaders of AI deployment.  

This literature review is divided into two major chapters. In the first one, the current stage of 

technological evolution is compared to human capabilities, while introducing some of the 

most essential cutting-edge technologies related to artificial intelligence. In the latter part, it 

is explained how current technologies can be implemented to enhance the work of humans, 

as well as the automation potential that can be attained by using today’s emerging 

technologies. There’s also an outlook on the operational implementation of AI-based 

solutions, including an explanation about how they can be used to achieve completely new 
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levels of efficiency as supply-chains start becoming more and more flexible thanks to the 

power of AI and other advanced technologies. After these two main chapters, there will be a 

discussion about some of the challenges involved in implementing these technologies. 

Finally, everything is wrapped up in the light of the author’s insight gained during the 

collection and processing of all the information presented on these pages. This part may be 

seen as a conclusion, as well as a reflection of the author’s personal understanding of 

everything included in this thesis. 
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2 THE CURRENT STATE OF AI 

2.1 Defining artificial intelligence and related technologies 

According to Schatsky et al. (2015), “A useful definition of artificial intelligence is the theory 

and development of computer systems able to perform tasks that normally require human 

intelligence.” Technologies are being developed to automate tasks that require human 

perceptual skills, such as handwriting recognition or face identification.  Also, tasks requiring 

cognitive skills, such as learning, planning, and reasoning from uncertain or partial 

information, can be automated using artificial intelligence. These AI applications performing 

tasks commonly assumed to require human intelligence, are also known as cognitive 

technologies (Schatsky et al., 2014). 

Some of the most important cognitive technologies include machine learning, which refers 

to AI’s ability to learn by detecting patterns from data sets and using that information to 

create forms for prediction of events (Schatsky et al., 2014). In their recent survey of more 

than 1,075 process professionals from large companies using cognitive technologies, 

Daugherty and Wilson (2018) confirmed that 88 percent of organizations implementing 

machine learning had achieved over 200 percent improvement in their operational key 

performance indicators. This was mostly achieved by automating processes and activities 

with machine learning, without even tapping into the full potential of artificial intelligence 

and other related technologies. 

Robotics takes advantage of cognitive technologies by integrating them along with sensors, 

actuators, and cleverly designed hardware to create systems that can flexibly perform a wide 

variety of tasks (Schatsky et al., 2014). Robotics can be divided into five subcategories: soft 

robotics, swarm robotics, tactile robotics, serpentine robots, and humanoid robots. Soft 

robotics includes robots made using soft and deformable materials - these can be used to 

manipulate objects such as soft foods without damaging them. Swarm robotics means 

coordinated systems including many robots, most of which are mainly physical in commonly 

used variations. Tactile robotics refers to robotic body parts capable of sensing, touching, as 

well as performing various tasks with dexterity. Serpentine robots are designed to be used in 

packed spaces with very little room for movement, and humanoid robots integrate various 
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technologies to perform tasks requiring many human capabilities such as mobility, object 

identification, speech recognition or emotion sensing (Manyika et al., 2017). 

AI-related technologies also include neural networks, which are replicating the interaction of 

neurons in the human brain. The term deep learning refers to the use of neural networks with 

many layers including millions of artificial neurons. A convolutional neural network is an 

artificial neural network modeling the organization of the animal visual cortex, which is the 

part of our brain responsible for image processing. Since the year 2012, convolutional neural 

networks have won every ImageNet visual recognition contest; in 2015 this technology 

exceeded the performance of humans over 90 percent. The third variation of artificial neural 

networks is the recurrent neural network. It uses loops between neural connections, which is 

especially suitable for processing sequences of information. In 2016, researchers of the 

Oxford University achieved 95 percent accuracy in lip reading with a system implementing 

recurrent and convolutional neural networks. Experienced human lip-readers only had an 

accuracy of 52 percent in the test (Manyika et al., 2017). 

2.2 Using human capabilities to assess performance 

To determine, how current technologies perform in a selection of human capabilities, 

Manyika et al. (2017) have defined five main categories: sensory perception, cognitive 

capabilities, natural language processing, social and emotional capabilities, as well as 

physical capabilities.  

Sensory perception covers visual perception, tactile sensing, and auditory sensing, as well as 

complex models for external perception through analyzing and integrating sensor data 

collected from the physical world (Manyika et al., 2017). An example of this is computer 

vision, referring to the machine’s ability to identify objects and activities by analyzing 

information collected from images. This can be accomplished, for example, by detecting 

edges and textures of the objects and comparing identified features to information that is 

already known to the system (Schatsky et al., 2014). 

Cognitive capabilities include recognizing known patterns and categories, as well as creating 

and recognizing novel patterns and categories, logical reasoning and problem solving with 
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the help of contextual data and complex input variables, planning and optimization 

considering various constraints and given objectives, creating and combining novel ideas, 

searching and retrieving information from a wide variety of sources, coordination with both 

humans and machines, and also delivering outputs such as pictures and diagrams (Manyika 

et al., 2017). 

The category for natural language processing includes two sides: generation and 

understanding of natural language, also involving human interaction and gestures along with 

spoken language (Manyika et al., 2017). According to Schatsky et al. (2014), creation and 

interpretation of texts includes creating language that is natural, readable and grammatically 

correct, as well as interpreting the meaning of used words and phrases. This technology 

doesn’t understand the meaning of natural language precisely as humans do, but it is capable 

of extracting specific information such as people and places mentioned in a text, identifying 

the main topic of a document or processing terms and conditions of contracts readable to 

humans. Dealing with similar challenges as text interpretation, speech recognition also needs 

to be able to keep up with the pace of the natural speech, while coping with different accents 

and homophones such as “buy” and “by”. This can be achieved, for example, by using 

acoustic models describing sounds and their probabilities in different sequences in a given 

language (Schatsky et al., 2014). 

Social and emotional capabilities consist of sensing and interpreting a person’s social and 

emotional state, as well as producing an appropriate response. Sensing means the ability to 

identify the state correctly, and interpreting is defined as drawing accurate conclusions based 

on the identified state. The produced response involves both words and body language 

(Manyika et al., 2017). 

Physical capabilities include motor skills, navigation, and mobility. These can be 

implemented by robots or other machines required to handle objects or move and navigate 

in different types of environments. (Manyika et al., 2017). 

In their study, Manyika et al. (2017) divided 18 capabilities into these five areas to determine, 

how current technologies rank against human performance. They are presenting the results 

in three categories: median level of human performance, below the median, and top quartile. 
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While seeing these results, it’s good to remember that they are simplifications for modeling 

purposes, synthesizing various sub capabilities and simplifying these entities so they can be 

fitted under these categories.  

 Below median  Median  Top quartile 

 

Sensory perception Sensory perception  

Cognitive 

capabilities 

Recognizing known patterns and categories  

Generating novel patterns and categories  

Solving problems through logical reasoning  

Optimization and planning  

Creativity  

Collecting information from various sources  

Coordination with multiple agents (including humans)  

Ability to deliver different types of outputs  

Natural language 

processing 

Generating natural language  

Understanding natural language  

Social and 

emotional 

capabilities 

Social and emotional sensing  

Social and emotional reasoning  

Ability to deliver social and emotional output  

Physical 

capabilities 

Fine motor skills  

Gross motor skills  

Navigation  

Ability to move within and across environments  

Figure 1. Current technologies’ performance compared to 18 human capabilities (Manyika 

et al., 2017). 
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When these capabilities are being applied in practice, a wide variety of combinations is 

required to achieve the performance needed for most work activities. Therefore, for practical 

purposes, these capabilities should always be considered as interconnected entities rather 

than isolated fragments. For further clarification about combining different capabilities so 

that they can actually be integrated into viable solutions, it is recommended to take a look at 

the text as well as the comprehensive diagram presented in the full report by Manyika et al. 

(2017. pp. 36-37). 
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3 IMPLEMENTING AI IN THE INDUSTRY 

3.1 Allocation of solutions 

In order to determine how organizations are using cognitive technologies, Schatsky et al. 

(2015) reviewed over 100 examples of recently implemented AI-based solutions. These were 

collected from 17 industry sectors, and the application areas included research and 

development, manufacturing, logistics, sales, marketing, and customer service. In their study, 

Schatsky et al. (2015) found that application of cognitive technologies could be divided into 

three main categories; AI was mostly applied to enhance products, improve processes or 

create insight. 

As for product applications, AI’s purpose has been mostly to enhance the product itself, 

therefore increasing its value to end-customers. This has led to the rise of completely new 

products like robotic vacuum cleaners and virtual personal assistants (Schatsky et al., 2015). 

These automation products can be divided into categories such as autonomous cars and 

trucks, unmanned aerial vehicles, chatbots, and robotic process automation (Manyika et al., 

2017). 

Process applications will be discussed in more detail in the following chapters; they’re 

intended to either replace, atomize and automate, relieve or empower the work of humans 

(Schatsky and Schwartz, 2015). When it comes to creating insight with the help of AI, its 

processing power is useful especially with large data sets; cognitive technologies can analyze 

big data to draw conclusions and help make predictions of high-quality. Currently, many 

companies are using AI to generate insights that can lead to reduced costs, improved 

efficiency, increased revenues, improved effectiveness or enhanced customer service 

(Schatsky et al., 2015). Both process automation and taking advantage of AI’s potential in 

information processing are two of the main topics for the rest of this thesis. 
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3.2 Automation of work 

3.2.1 Combining AI and people 

Schatsky and Schwartz (2015) define four categories for determining, how AI can be 

integrated to operate along with human workforce: it can either replace, atomize and 

automate, relieve or empower the work of humans. Replacing refers to a situation where AI 

can be used to replace humans performing the job completely. For example, call center 

workers may be replaced with an interactive voice response system.  

By atomizing a job into smaller fragments, AI can be applied to automate as many of these 

pieces as possible. While taking responsibility for the non-automatable parts, humans can 

also work as supervisors, making adjustments and corrections to work performed by 

cognitive technologies. An example of this is a translation process where human translators 

are checking AI’s work to detect and correct possible errors (Schatsky and Schwartz, 2015). 

Artificial intelligence can also be used to relieve people’s work by performing tasks of lower 

value so that trained professionals can apply their skills to more valuable and fulfilling parts 

of the job. For instance, AI can be used to write routine earnings reports, so journalists are 

allowed to make better use of their time by focusing on in-depth reporting (Schatsky and 

Schwartz, 2015). 

The empowering approach means using cognitive technologies to complement workers’ 

abilities, therefore making them more effective in what they do. For example, Verdande 

Technology has developed a case-based reasoning system to support the work of oil and gas 

drilling engineers; whenever a malfunction occurs, the system automatically identifies 

relevant cases happened in other wells, so engineers can better diagnose problems and 

recommend solutions (Schatsky and Schwartz, 2015). 

3.2.2 Automation potential of work activities 

Based on a detailed analysis of over 2,000 work activities collected from more than 800 

occupations across the economy of the US, Manyika et al. (2017) discovered that only a very 
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small proportion of occupations could be completely automated using currently available 

technologies. However, automation has the potential to change nearly every job in one way 

or another - only the degree to which their activities can be automated differs. About 60 

percent of all occupations have at least 30 percent of activities that can be automated, but 

less than 5 percent of them are fully automatable.  Therefore, over 95 percent of the potential 

automation can be used to either atomize and automate, relieve or empower the work of 

humans (Schatsky and Schwartz, 2015). 

In their analysis of work activities, Manyika et al. (2017) identified seven high-level 

categories, each of which has a different potential for automation. Three of them have a 

significantly higher percentage of automatable activities, including physical activities and 

operating machinery in predictable environments, as well as activities based on collecting 

and processing data. The other four categories with lower potential for automation include 

managing and developing people, applying expertise to decision making, planning, and 

creative tasks, interfacing with stakeholders, and performing physical activities in 

unpredictable environments. 

 

Figure 2. Seven categories of automatable work activities (Manyika et al., 2017).  
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Performing physical activities in predictable environments is the category with the highest 

potential for automation. The selection of activities here is collected from occupations in 

sectors, such as manufacturing, food services and accommodation, and retailing. In the sector 

of manufacturing, this category represents a third of the workers’ overall time. Almost 60 

percent of total activities in this sector could be automated, and therefore it is the second 

most ready sector for automation in the US economy. Accommodation and food services are 

holding the first place with 73 percent of automatable activities. In this sector, almost half of 

the workers’ labor time is spent on physical activities in predictable environments (Manyika 

et al., 2017). 

While physical activities have the highest overall potential for automation in predictable 

environments, this goes down from 81 percent to 26, when performed in unpredictable 

surroundings. Examples of this can be found in sectors, such as forestry and construction, 

where conditions can change in ways that aren’t always predictable - requiring a higher 

degree of flexibility, these activities are harder to automate (Manyika et al., 2017). 

Data processing and collection are the second and the third most readily automatable of the 

seven categories of activities. They spread across all sectors including jobs of different wage 

levels - people earning over $200,000 annually spend about 31 percent of their time on 

activities involving processing and collection of data. For example, in the sector of finance 

and insurance, about half of the workers’ time falls into these two categories, resulting in 43 

percent of their daily activities being automatable (Manyika et al., 2017). 

Applying expertise to decision making, planning, and creative tasks is one of the seven 

categories, where the potential for automation is still relatively low. Even though AI is being 

used to create insight through data analysis (Schatsky et al., 2015), humans still need to 

determine the goals, interpret the results, and use their common sense to make sure the 

solutions are appropriate to situations they’re being applied to (Manyika et al., 2017). 

One of the categories with lower potential for automation, interfacing with stakeholders, 

includes work activities based on various types of interactions between people. This requires 

social and emotional responsiveness combined with linguistic, as well as cognitive 

capabilities to solve problems and form logical conclusions. According to Manyika et al. 
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(2017), only 20 percent of these activities are automatable at this point in time. Finally, the 

lowest potential for automation is in managing and developing others, where only 9 percent 

of activities are automatable, and 7 only percent of labor time is spent on them. 

3.4 Using AI for industrial optimization 

3.4.1. Creating a loop between the physical and digital worlds 

The next industrial revolution is about to begin, and it’s going to fundamentally change the 

ways in which businesses operate as they’re starting to invest in the latest technologies. This 

change can be defined on a higher level as a movement from the traditional linear flow of 

data and communication towards systems with real-time access to data and intelligence. 

Cotteleer and Sniderman (2017) explain this as a continuous cycle between physical and 

digital components of a system, where data is first captured from the physical world, and 

then shared with used technologies to uncover insights. These insights are then applied back 

to relevant physical components through algorithms, which are used to translate decisions 

made in the digital world, so they can be applied to make changes in the physical world. 

                               

                                   

Figure 3. Physical-to-digital-to-physical loop (PDP loop) (Cotteleer and Sniderman, 2017). 

PHYSICAL DIGITAL 
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3. Generate movement 

by using algorithmic 

translation and 
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the decisions from their 

digital form to actions 

in the physical world. 
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Parrott and Warshaw (2017) describe this as a digital twin operating alongside its physical 

counterpart: “A digital twin can be defined, fundamentally, as an evolving digital profile of 

the historical and current behavior of a physical object or process that helps optimize business 

performance.” The digital twin’s ability to provide an almost real-time functioning 

comprehensive linkage between the physical and digital worlds may give rise to models 

yielding more realistic and holistic approximations of unpredictable events than any of our 

currently established methods. This combined with the analyzing power of our current and 

still evolving technologies can enable fundamental operational changes that we could 

probably never achieve relying solely on our old ways of doing things.  

Transition to predictive maintenance is a great example of the use of digital twins. According 

to Coleman et al. (2017), advanced analytics can be used to predict the occurrence of part 

failures. Potentially, this could lead to maximized lifetime of the used components, while 

minimizing the downtime caused by failures. This method has existed for quite some time 

already, but with the widened availability of data and the analyzing power of evolved 

technologies, it can be conducted in a more efficient way than ever before. Predictive 

maintenance will most likely have an important role as part of our future maintenance 

activities, and as part of increasing optimization of supply chains, which also are evolving 

considerably thanks to the steps we’re taking towards the next industrial revolution 

(Mussomeli et al., 2016). 

3.4.2 AI and supply-chain improvement  

As for supply chains, they’re transforming from linear chains to dynamic systems, where 

everything is interconnected, and processes are optimized according to the principles of the 

PDP loop and the digital twin. Mussomeli et al. (2016) are calling them digital supply 

networks (DSNs). They are always on, transmitting data to provide integrated real-time 

views of multiple parts of their network. The connected community allows multiple 

stakeholders such as customers, suppliers, products, assets, and partners to communicate and 

share data directly through the system. This enables a better synchronization; everyone can 

be sure they’re making decisions based on the same data, and also machines can make 

decisions without any latency issues. According to Gaus et al. (2018), artificial intelligence 

makes it possible for supply chain monitoring systems to learn complex patterns, collapsing 
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tactical planning and execution processes, therefore automating a great deal of routine 

operational decision-making. As for overall optimization, humans and machines are now 

able to work together using their capabilities to make decisions through shared data and its 

analysis (Mussomeli et al., 2016). 

According to Gaus et al. (2018), multialgorithmic forecasting is usually the first major step 

towards synchronous planning. In the world of DSNs, demand planning can no more be 

conducted as a separate business activity - constant inputs are needed to keep up with the 

automated decision-making. In the field of forecasting, data analysis can be used to optimize 

margins and gain insight on demand drivers. Predictive modeling makes it possible for 

organizations to improve the accuracy of both strategic and operational forecasting, enhance 

strategic pricing, optimize the DSN by shaping demand, and automatically respond to 

changing market conditions with the aid of machine learning. This combined with 

optimization of supply plans, transportation, and inventory, can lead to improved service 

with minimized procurement, storage and production costs. Also, the availability of real-time 

information from multiple facets enables complete transparency. Organizations can take 

leverage of this, for instance, by tracking material flow, synchronizing schedules, balancing 

supply and demand, and taking a holistic look at their financials by seeing how everything 

in the system interacts (Mussomeli et al., 2016).  
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4 CHALLENGES 

When it comes to cognitive technologies’ ability to perform tasks like humans do, they are 

not good at putting knowledge into context, let alone improvising. Without the common 

sense of humans, they take things more literally than people and therefore struggle to do tasks 

without a pre-defined methodology (Manyika et al., 2017). As a reminder from the seven 

categories of work activities (Manyika et al., 2017), 81 percent of physical activities 

performed in predictable environments are potentially automatable, but this goes down to 26 

percent when the environments are not predictable.  

David H. (2015) explains this through Polanyi's paradox, which suggests that we can’t 

explain all of our knowledge in words. For example, developing a hypothesis to explain 

something that isn’t yet clearly understood, requires this type of tacit intelligence. Another 

more concrete example would be a grade-school child easily able to distinguish between a 

small round table and a similarly designed stool, while cognitive technologies could still have 

a high chance of misclassification in this type of tasks (David H., 2015). 

The first option for overcoming the Polanyi's paradox is to regularize the environment so that 

machines are allowed to operate there semi-autonomously (David H., 2015). The significant 

difference in the automation potential of physical activities between predictable and 

unpredictable environments (Manyika et al., 2017) suggests that this will be the essential 

solution for applying AI at least for now. The second approach is to develop machine learning 

to the point where it is able to infer tacit rules from context, big data, and statistics, so we 

don’t need to teach it things we do not understand (David H., 2015). 

Manyika et al. (2017) also point out that even when individual capabilities of AI are ready 

for commercial use, the challenge lies in integrating these into seamlessly functioning holistic 

solutions. Being able to combine different technologies is essential for successful automation 

of various work activities, but engineering these solutions is not an easy process. The 

development of AI-based solutions will proceed gradually as separate technical challenges 

need to be first solved in the lab before a successful integration can be accomplished. 
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In addition to challenges with the technology itself, there are various other things to consider 

such as costs and timelines, availability of technical expertise, and organizational impact of 

applied solutions. Due to the rapid evolution of cognitive technologies, many of recently 

developed applications are closer to research projects than systems integration projects - 

applying these will involve unpredictable costs and timelines (Schatsky et al., 2015). 

According to Carrel-Billiard et al. (2016), vendor offerings are usually limited in business 

application, and implementing them can be costly. Also, in the rapidly evolving field of 

cognitive technologies, companies relying on a single vendor have to cope with the risk of 

technological obsolescence. 
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5 CONCLUSIONS 

In the second chapter, some of the most essential AI-based solutions were defined - these are 

going to be widely applied as we are transferring to the Industry 4.0. There was also a 

reference to a study where current technologies’ performance was compared to a selection 

of human capabilities (Manyika et al., 2017). These two parts combined lay a foundation for 

understanding what kind of technologies are being developed and how advanced they truly 

are. 

At this moment, we may see only the tip of an iceberg of what can be achieved in the future 

as these technologies and their implementation techniques evolve. Nevertheless, we are 

already getting great performance in cognitive capabilities such as recognizing known 

patterns from data, optimization and planning, and information retrieval from a large scale 

of sources. Also, on the physical side, capabilities such as gross motor skills and autonomous 

navigation can be performed well by using today’s technologies. 

The high performance levels in various cognitive capabilities explain why technologies like 

machine learning have emerged in such a spectacular way. Through various examples of 

successful implementations, businesses have started to see the potential of AI as a 

competitive advantage. Right now, a small snowball has just started rolling downhill, and 

it’s definitely growing in size while gaining more and more speed as new levels of 

effectiveness are being achieved, and more and more companies are being attracted to 

participate in this movement. 

While AI isn’t going to replace human workers on a larger scale anytime soon, various 

emerging technologies are going to help humans by empowering them and doing bits and 

pieces of work best suitable for them in terms of profitability and operational efficiency. The 

most promising automatable work activities involve either collecting and processing data or 

physical work that can be performed in predictable environments. Sectors such as 

manufacturing, and food services and accommodation are going to benefit from the latter 

with various routine tasks performed regularly in predictable environments. Businesses 

operating in these sectors are likely going to get a head start in large scale implementation of 

AI, but many others will benefit from smaller targeted solutions; the promising number of 
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automatable activities based on collecting and processing data expands the automation 

potential so that AI-based solutions can be applied to virtually any sector. However, it is 

likely that leaders of the movement are going to be found from sectors that can benefit the 

most from widespread use of AI, taking leverage of all the opportunities that vendors of these 

solutions are able to provide. 

While there’s tremendous potential in utilizing AI for automation of work, there are also 

other ways organizations can benefit from it; for instance, by implementing the PDP loop 

companies can optimize the performance of various activities. In theory, this is applicable to 

any system, from which data can be collected and then analyzed for optimized decision 

making. As companies start applying the PDP loop across their operations, the created digital 

twins start nurturing each of the implementation points, and theoretically, this network can 

be expanded to cover a wide range of activities across supply chains. 

When this expansion has spread wide enough, we can start using the term digital supply 

network, which in essence refers to the interconnectedness of the digital twins around the 

supply chain. This makes it possible to collapse traditional supply chains into flexible 

systems, where flows between connection points can be optimized while automating a great 

deal of decision making. The availability of real-time data from each of the connection points 

enables complete optimization, and transparency, which also provides valuable information 

to people making decisions. 

At the end of the day, while realizing the potential of artificial intelligence, and the impact it 

may potentially have on our global economy, we should still remember the amount of work 

and dedication required to make these things happen in reality. There will be loads of work 

to do, entirely new problems to solve, and many challenges to overcome. But as we’re 

beginning to see the takeoff, there will be more and more enthusiasm, and the momentum of 

change will grow exponentially from its original state. Eventually, that tiny snowball may 

grow into something larger than we can yet imagine. For now, we only need to start taking 

that leap. The bigger picture will reveal itself piece by piece as the movement goes on.  
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