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Abstract  
 

During the last years, ethics has gained greater attention in the field of Artificial Intelligence (AI). Stakeholders 
engage in debates on how to apply ethical principles in various AI organisations with many differing viewpoints. 
The importance of ethics in AI continuously increases as this area grows rapidly, with a considerable amount of 
small organisations appearing every day. At the same time, AI solutions enter all the spheres of human activities. 
Algorithmic accountability can be seen as one of the ways to achieve AI ethics. This thesis will, therefore, explore 
how small AI organisations can ensure algorithmic accountability. The thesis is based on qualitative data collected 
from semi-structured interviews in four Swedish small AI organisations. Findings reveal that small AI 
organisations in Sweden do not apply or consider applying ethical principles when developing their products. The 
reasons for such decisions are mainly a lack of policies and regulations. The lack of legislation makes ethics of 
less priority. This thesis proposes governmental bodies facilitate the AI industry by establishing clear policies, 
standards, and certifications. Such initiatives can assist AI organisations, especially small ones, to address ethical 
implications and push them towards a high level of AI. 

Keywords: Artificial Intelligence, Algorithmic accountability, Small organisations, AI governance   

 
 
 
 
 
 
 
 
 



 
 

2 

1. Introduction  
 

Imagine a scenario where a single person applies for a job. Instead of being interviewed by HR 

manager, he/she talks to a robot based on AI (Artificial Intelligence) algorithms. This robot 

recognizes the voice and face and raises questions about personal data, career paths, and a 

motivation for a job application. The interview is completed, and the result is there – the AI 

robot rejects the applicant. After the applicant’s dissatisfaction, is that reasonable to contest 

this decision? Will candidates question the outcome of such interview and the principles of AI 

algorithms used by the robot? Will it be permissible to inquire about the technology that 

produced this decision, including computer codes and algorithms? Finally, who is responsible 

for this decision –the HR manager, the organisation, the developer or the AI algorithm? The 

scenario is not hypothetical anymore, but it is a recent application of AI in a social context. 

 

Authors such as Xu , et al. (2003); Kumar (2019); Munakata (1998) may describe AI as the 

capacity of a machine to mimic intelligent human behavior. AI technology has provided a great 

deal of assistance in many spheres of life (Urs & Almeida, 2017). However, AI its revolutionary 

technologies pose significant threats to society (McGregor et al., 2019). Academy and industry 

are engaged in debates regarding the degree to which AI can be integrated to the everyday life 

and be relied on (Amodei et al., 2016). 

 

This debate emerged mainly based on concerns regarding ethical risks and implications of full 

integration of AI in decision-making systems (Urs & Almeida, 2017). These systems range 

from physical systems such as autonomous driving, military-use drones, industrial robotics, 

and autonomous weapons, or technological systems such as recruitment automations using 

chatbot, criminal enforcement, or medical diagnostic systems (Urs & Almeida, 2017). 

Scientific, non-profit, and corporate committees consider creating frameworks to handle AI 

ethics (Tagiou, et al., 2019; Urs & Almeida, 2017; AI4People, 2018). Some suggestions are to 

enforce and increase algorithmic accountability to ensure AI ethics (Buhmann et al., 2019; 

Tagiou et al., 2019), which is considered the central and foundational aspect of AI governance 

(Urs & Almeida, 2017). AI decisions can be justified through algorithmic accountability by 

providing practical explanations (Vedder & Naudts, 2017; Fink, 2017). 
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Sweden is one of the examples of a highly digitalized country with considerable AI potential 

and a well-developed IT infrastructure (Vinnova, 2018, p.13). According to the Swedish 

innovation agency Vinnova (2018), the adoption of AI calls for the empowerment of 

corporation’s access to data. Data access involves raising ethical and security requirements for 

data production and access. There are also two main problems in the study: data control relating 

to safety, ethics, and trust —and business monopolies for a small number of technology-based 

organisations. 

 

Therefore, the aim of this study is to examine how small AI organisations can ensure 

algorithmic accountability. To determine algorithmic accountability across AI organisations, 

the Layered model from Urs & Almeida (2017) is applied. In light of the substantial growth of 

AI in Sweden and mentioned bottlenecks for further AI development, this study builds on 

empirical data gained from small Swedish AI-based organisations. The following research 

questions are formulated: 

 

RQ1: Do small AI organisations implement ethics in their product/services during the 

product development phase?  

 
RQ2: What are the challenges that small AI organisations face to ensure algorithmic 

accountability? 

 

The thesis is set up as follows. Section two is a literature review that focuses on understanding 

the theoretical framework used—the layers of AI governance and the definition of its terms 

and relationship to the empirical and academic contexts. Terms such as algorithm, algorithmic 

accountability and data governance. The third section focuses on the theoretical framework of 

the study. The fourth section introduces methodology of the thesis. Analysis and results are the 

fifth and sixth sections respectively, followed by discussion and implications in section seven. 

The conclusion is the final section. 

 

2. Literature Review  
 

This literature review is devoted to deeper understanding of AI algorithmic systems and the 

way they function. It also describes the steps taken to generate AI algorithmic systems: the 

process of data collection, model construction, and model use. The literature review also 
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identifies the nature of the algorithmic systems that use AI. In addition, the motivation for 

holding those algorithmic decision-making systems accountable. As it appears, these AI 

systems' output could produce undesired outcomes. The review shows that positive outputs can 

be overstated, and negative outputs can be downplayed. Further, the literature review also 

explores algorithmic accountability concepts that could help to deal with undesired outcomes 

of AI algorithmic systems, such as auditability, explainability, and responsibility. Also, how to 

deal with dataset in the context of AI system, the concept of data governance is introduced 

which is part of AI governance ecosystem along with algorithmic accountability. Finally, it 

illustrates how AI organisations in the private and public sectors employ algorithmic 

accountability. 

 
2.1 AI Algorithmic Systems 

 

Artificial Intelligence is hard to distinguish from a technical perspective because it utilizes 

various technologies and techniques (Urs & Almeida, 2017). Algorithms are intended to 

accomplish a specific task based on certain given data (Vedder & Naudts, 2017). AI systems 

are categorized as either weak or strong based on the output they produce. Strong AI performs 

human-like mental operations and proposes a solution closest to the objective (de Swarte et al., 

2019). Weak AI performs a specific narrow high-efficiency task (de Swarte et al., 2019). It is 

difficult to track, predict or explain weak AI actions and decision-making logic (Mittelstadt et 

al., 2016). As weak AI applications are currently quite mature and well-adapted, it deserves a 

series of attention. To achieve real governance and overcome any problems that might arise 

(Urs & Almeida, 2017, p.59). Thus, the thesis will primarily discuss weak AI. 

Before the involvement of AI technologies, algorithms and input data were used directly to 

produce outputs such as answers or decisions (Martin, 2019). When algorithmic systems use 

AI technology, the algorithms are called machine learning (ML) algorithms. In this case, the 

AI algorithmic system then requires another type of data called "training data," which best suits 

the algorithms' goals and the specific problems to be solved (Figure1). 

 
Fig.1 Algorithm as producing an “answer” (Martin, 2018, p.840) 
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When training data is run and ML algorithms are trained, ML models are then produced 

(Kemper & Kolkman, 2019). These new ML models use the key "source data" as input data 

and evolve step by step, decreasing their mistakes over time (de Swarte et al., 2019). There are 

many ML models to threat the algorithms, such as algorithm classification, decision trees, 

support vector machines (SVMs), ensemble methods, and neural networks. Weak AI, for 

example, can be interpreted by the logical decision tree (de Swarte et al., 2019). It is one of the 

simplest models that can be created, processed, easily monitored, and understood for 

performance. Therefore, for every ML algorithmic system there are three steps - data 

collection, model construction, and model use (de Swarte et al., 2019). The initial stages of the 

development of algorithmic systems are correlated with all these steps. Data collection also 

reflects data usage and control by AI algorithms and validates them against any bias and 

prejudice. Model construction covers the development of algorithms and the support of AI 

technologies and training data for them. Finally, the model use often links to other stakeholders, 

such as consumers and auditors from third parties. Therefore, most of the debates about 

algorithmic accountability lie within these steps as well. 

 

2.2 AI algorithmic accountability & ethics 
 
This section examines the relationship between AI ethics, AI governance, and algorithmic 

accountability. According to Amodei et al. (2016, p.2), accountability is defined as "the ability 

to determine whether a decision was made under procedural and substantive standards and hold 

someone responsible if they do not meet those standards". From the definition, two elements 

are essential to achieve accountability. These are the recognition and availability of substantive 

standards and the ability to hold a specific body responsible if those standards are not met. 

These two elements are related and cannot be adequately assessed without both of them taken 

into account. As for the algorithmic accountability case, this will have an impact on AI ethics 

as a whole. According to the Layerd Model by Urs & Almeida (2017), the technical layer, 

which is currently the foundation of the AI governance ecosystem, focuses on data and 

algorithms. The technical layer is recognized through data governance, algorithmic 

accountability, and standards. Therefore, all three factors must be met to reach the desired level 

of AI governance and ethics. On one hand, Urs & Almeida (2017) defines algorithmic 

accountability within a social context by acquiring several proposed principles; responsibility, 

explainability, and auditability where algorithmic accountability and its principles are an 
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integral part of ensuring AI ethics (Buhmann et al., 2019; Tagiou et al., 2019). On the other 

hand, data governance is defined as collecting, using, and managing data by AI algorithms that 

promote fairness (Urs & Almeida, 2017). Also, it can be defined according to Tagiou, et al. 

(2019), as one of the essential components of ML algorithms and consists of data quality, which 

involves data accuracy, completeness, representativeness of the sample, and certainty. It also 

consists of data handling, which includes data definition and data collection.  

 

As a result, to achieve AI ethics, AI governance is a prerequisite. AI governance means 

achieving the technical layer, which considers being the first and foundation layer in the 

Layered Model (Urs & Almeida, 2017), which means by default algorithmic accountability 

and its principles, data governance, and standards. 

 

Since the first step of ML algorithmic systems, according to Swarte et al. (2019), is data 

collection, then according to Urs & Almeida (2017), data collection should promote fairness to 

achieve data governance. The other two steps of ML algorithmic systems by Swarte et al. 

(2019), should also be followed by algorithmic accountability principles such as explainability 

and auditability when constructing or using AI models. In view of the above, the successful 

implementation and application of AI ethics require algorithmic accountability, including 

responsibility, explainability and auditability, and the establishment of procedural and 

substantive standards. Moreover, a complete AI governance ecosystem is required to 

encompass data governance too. According to de Swarte et al. (2019), there are three ML 

systems stages: Data collection, model construction, and model use. The literature reviews a 

particular approach for each ML system stage to reach AI ethics in the following sections. For 

data collection, the approach is data governance. Auditability for model construction and 

explainability approach relates to model use. 

 

2.3 Data governance and auditability  
 
Data governance implies that data (training and source data) are collected effectively, 

consistent with objectives, and promote fairness when free from human bias. One of the most 

critical issues in AI systems is the outcomes of bias. According to de laat (2018, pp.526-526): 

" biased outcomes against specific groups are possible (based on gender, race, and the like); in 

the models used and datasets," which results in discriminatory practices. But according to 



 
 

7 

Schraube (2019), human subjectivity is what produces bias. It reflects our world's practices 

(Shah, 2018) that are being transferred to both datasets and algorithmic models. Therefore, both 

data and algorithms need to be addressed to avoid bias in decision-making. Auditability, one 

of the algorithmic accountability principles, can tackle bias in algorithms and models. And 

unless they are trained to do so, those biased algorithms cannot produce discriminatory 

practices, which pushes us first to understand the bias that comes from datasets. However, 

biases from datasets are difficult to detect. Datasets are sold by brokers of data who purchase 

and resell data. Such datasets need high scrutiny to ensure that the information is unbiased (de 

Laat, 2018). Suppose AI algorithms use biased training data as a part of the input. In that case, 

machine learning models will inherit this same bias. These models will therefore execute biased 

source data and codes into another algorithm. Fortunately, there are certain suggest methods to 

prevent this from happening. One is to improve the diversity of datasets (Shah, 2018).   

 

For AI algorithms and ML models construction, the concern of bias can be addressed through 

auditability. According to Tagiou et al. (2019, p.3), auditability allows "enabling interested 

third parties to probe, understand, and review the behavior of the algorithm through disclosure 

of information that enables monitoring, checking, and criticism, including through the 

provision of detailed documentation, technically suitable APIs, and permissive terms of use." 

Transparency can be one method to auditability, which according to Mittelstadt et al. (2016) 

includes availability and accessibility of information and how it can epistemically support the 

user's decision-making process. However, the transparency method is not always proactive and 

practical (Ananny & Crawford 2016). It is hard to ensure that all the information requested 

from the transparent system is clear, reliable, and accessible when used within the AI 

application. This is described with the term "fuzzy transparency", which means unreliable data 

that does not reveal in practice how institutions behave. Kemper & Kolkman (2019) noted that 

transparent and open-source systems could increase the trust of users. However, if they fall 

within the scope of fuzzy transparency, these systems will not necessarily create a better 

product. From a regulatory point of view, de Laat (2018) proposes governmental body, which 

will have full authority to audit algorithmic systems to promote auditability. Therefore, the 

main point of auditability is to provide better systems, not just to make them open. Some 

researchers also argue that seeing the code (AI-ML algorithms and ML models) is insufficient 

to achieve auditability (Ananny & Crawford, 2016). Having full transparency of the source 
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code, dataset, training, or test data would only give a specific "snapshot of its functionality" 

(Ananny & Crawford, 2018). 

 

2.4 Explainability 
 
The previous sections covered the data collection and model construction stages and addressed 

them through data governance and auditability. For the last stage, "model use," a possible 

approach can be explainability. According to Amodei et al. (2016), explainability is intended 

to ensure that a specific model has been correctly used. Also, increase trustworthiness by 

minimizing errors. As discussed earlier, the use of the model is often linked to end-users and 

auditors. Tagiou et al. (2019, p.3) define explainability for model use as when "the algorithm 

and the data that drive it are readily understandable to end-users and others in non-technical 

terms." Algorithms may be considered explainable when humans can "articulate a trained 

model or rationale for a particular decision" (Mittelstadt et al. 2016, p.6). Promoting 

algorithmic accountability is, therefore, the primary reason for being explainable. 

 

In view of the above, the model's main objectives and the approach to explainability are 

to allow and empower end-users to understand the AI system. As a result, society and end-

user’s role and potential to develop AI systems cannot be neglected. It is essential to mention 

that there are two possible situations to explainability approach. Explainability can be requested 

and demanded before and after the model is launched. For pre-launching, society can help 

prioritize and demand that AI developers consider a significant feature. For post-launch, 

society, end-users have the right to request an explanation if the AI system's output is not 

desirable. As a rule, "the more significant the effect of a decision is, the more likely society is 

to demand an explanation" (Amodei et al., 2016, p.6). Explainability is less about 'when' and 

more about 'how.' There are other circumstances that the significant effect is not just the reason 

for asking for the model to be explained after launch. Amodei et al. (2016) believe that black 

box decisions on health issues are no longer acceptable in a medical setting, even if they 

produce positive outcomes. Since we understand transparency as a method of auditability and 

what challenges might arise from the previous discussion, explainability is not an exception 

too. 
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According to Amodei et al. (2016) the explainability of AI systems could stifle innovation. It 

would also come at the price of system accuracy or other performance targets. Because 

Bostrom & Yudkowsky (2014) and Mittelstadt et al. (2016) observe that the type of ML models 

chosen may affect the ability to explain them. For example, the results are easier to explain 

when using specific analytical models such as decision trees or Bayesian networks, but 

accuracy of results might be affected. It is also challenging to ensure ML models' explainability 

since most AI applications are developed through private AI organisations. As a result, the 

public and the scientific community will have to choose between accuracy and 

explainability.  Eventually, the balance will lean toward the ability to explain (Blacklaws, 

2018). 

 

2.5 Algorithmic accountability applied in practice 
 

In designing and developing algorithmic systems, the private sector plays a vital role because 

it owns large datasets (Shah, 2018). Private organisations are also producing AI systems with 

exclusive codes (de Laat, 2018; Fink, 2017; Shah, 2018). Even if the public sector purchases 

these systems for high-risk, sensitive use, private organisations will refuse to explain how these 

systems work for them. They argue that the competitive advantage and the protection of trade 

secrets are the driving forces behind their refusal to disclose functional codes (Mittelstadt et 

al., 2016). It is not surprising that organisations protect their intellectual property by using 

closed-source algorithms (de Laat, 2018, pp. 525-526). Exceptionally, few algorithmic agents 

make their code fully available for public review to a closed group of experts (Fink, 2018). As 

a result, ensuring auditability and explainability seem challenging. Suppose also that private 

sectors do not ensure proper data governance; in that case, their systems can produce unwanted 

outputs; due to the inherited human bias, which prevents both sectors from sharing 

responsibility when systems do not function as intended. As people often point fingers at 

machines (de Laat, 2018). Therefore, AI organisations should be responsible for accepting 

remaining on the market and profit as part of any business risk (Martin, 2019). According to 

Martin (2019) responses from AI organisations towards their systems’ unwanted outcomes like  

"It complicated" or "we do not know how it works" are insufficient arguments for both the 

private and public sectors. 
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In the case of legal systems and regulators' role our example is GDPR. For them, their role as 

regulators is to set the conditions for a predictable environment in which subjects (consumers, 

end users, beneficiaries, etc.) can optimize their possibilities (Bostrom & Yudkowsky, 2014). 

Regulators could therefore accept open-source transparency methods when developing AI 

applications to facilitate a predictable environment for the auditability approach. The aim of 

the GDPR is also to avoid any form of discrimination. They prohibit the processing of certain 

categories of personal data (Blacklaws, 2018, p.4). Which implies pushing forward the 

approach of data governance when it comes to collecting and handling datasets. In the light of 

the foregoing, AI ethics should be applied at an early stage in product development and not 

only in development and production (de Laat, 2018). AI developers in AI organisations need 

to realize that AI ethics research is not just the developers' domain. Social, regulators and 

governmental initiatives have a significant impact on the emergence of AI ethics.  It would also 

establish an ethical framework by establishing standards, norms and regulations. The two 

sectors can stimulate change. It seems as Shah (2018) promotes, that the public sector should 

not develop exclusive contracts with private providers to outsource systems from the private 

sector. They should press for the highest possible standards of auditability, data governance, 

and algorithmic accountability in general as GDPR theoretically proposed. 

 

3 Theoretical framework  
 
The Layered Model proposed by Urs & Almeida (2017) provides a framework for investigating 

AI ethics, AI governance and bridging the gap between AI system and society by assessing the 

most critical AI organisational aspects. The Layered Model was chosen due to its versatility as 

a model to analyze different aspects of AI systems also and provide a holistic approach to AI 

system development in general. When dealing with AI governance, it also takes account of the 

societal perspective. There are other models, such as 'Organisations Responsibility for 

Algorithms' by Martin (2019), which has a narrower view that links algorithms' roles and 

decisions to a certain level of responsibility. Another model supported by Tagiou et al. (2019) 

is a tool-supported framework for assessing algorithmic accountability within organisations. 

The Layered model has some drawbacks in further explaining and defining some of the key 

concepts mentioned in the model. But it also has the flexibility to be adjusted to a specific case, 

which corresponds with this study's needs. 
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3.1 The Layered Model 
 
The Layered Model seeks to capture the complex nature of AI governance through three 

interacting layers (Urs & Almeida, 2017). The following are interactive layers: social and legal, 

ethical, and technical layers. The technical layer is the foundation layer that supports the ethical 

and social layers (Urs & Almeida, 2017). It moves from bottom to top from a purely low AI 

system level in the near term to a high AI system level, which can be integrated into society in 

the long term (see Figure 2). 

 

  
Figure 2: The Layered Model (Urs & Almeida, 2017) 

 

 

3.1.1 The Technical Layer 
 

The technical layer that supports the ethical and social layers is the foundation of the AI 

governance ecosystem – targeting both algorithms and data. The Technical layer consists of 

the following elements (see Figure 2): 

 

• Data governance. 

• Algorithmic accountability: is defined through set of principles including 

responsibility, accuracy and auditability (Urs & Almeida, 2017) which are also included 

in Figure 3.  

• Standards. 
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Figure 3: Algorithmic Systems Accountability from an Organisational as well as 

Algorithmic perspective (Tagiou, et al., 2019) 

 
 

3.1.2 The Ethical Layer  
 

After accomplishing the technical layer, the ethical layer comes next. Which deals with high 

level of AI that proportionally corresponds to applications with ethical implications. 

Developing such applications require other elements mainly ethical principles. Human rights 

standards are an essential basis for the ethical principles. Algorithms should be created 

according to legal standards and values. For instance, when an AI application analyzes an 

insurance provider's data and charges a specific category of individuals higher rates, a judgment 

centered on factors such as ethnicity or age will be breaching the ethics standard of equitable 

or reasonable care (Urs & Almeida, 2017). 

 

3.1.3 The Social and Legal Layer 
 
The social and legal layer deals with creating institutions and allocating responsibilities for 

regulating AI and autonomous systems (Urs & Almeida 2017). It also identifies a policy body 

with the power to regulate AI and establishes an AI certification procedure. The principles and 

criteria that emerge from the ethical and technical layers can be a starting point for specific 

standards for regulating AI. Also, the pre-existing and more general national and international 

legal frameworks, including human rights (Urs & Almeida 2017). 
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4 Methodology 
 
This study utilizes qualitative research strategy and a case study research design. Sampling is 

purposive, and the data collection method is semi-structured interviews. The empirical data 

analysis method is thematic analysis. Four small AI organisations were sampled, where AI 

technologies have been a primary component of their business activities. They all see 

themselves as small AI organisation in AI sector/industry that use AI to solve complex 

problems for consumers. Based on the study aim, the research questions, and the theoretical 

framework of the model, an interview guide has been developed. The interview guide (see 

Appendix 1) has three key blocks: (1) general questions to gain demographic data; (2) questions 

regarding AI small Swedish AI organisations and their operations; and (3) algorithmic 

accountability inside small AI organisations. 

 

4.1 Data collection 
 
Four telephone interviews were conducted in April 2020. They were all undertaken by one 

interviewer (the author) and each lasted between 60 and 90 minutes. The respondents are all 

men and are based in Stockholm (Sweden's capital) and Uppsala, near Stockholm. Further 

details regarding the interviewees are presented in Table 1. 

 

Table 1: Details on interviewee’s profiles 

Organisation 1 Founder (CEO) – [X1] 

Organisation 2 Founder (CEO) - [X2] 

Organisation 3 Co-Founder CEO - [X3] 

Organisation 4  Developer - [X4] 

 

Since empirical data was acquired through semi-structured interviews, this allowed the 

respondents to speak as openly about their experiences and thoughts as they desire. The 

interview guide was used to assure all the topics are covered and the questions are posed 

similarly through all the four interviews. Due to the limited timing, there was no room to ask 

questions about the organisational culture and style of management in these organisations in 

details. However, since all interviewees are small AI organisation representatives, it was 

assumed that they share similar culture and management style, which makes empirical data 

more comparable. While the interviews were intensive, the time saved in warm-up questions 
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was invested in asking follow-up questions to gain more in-depth understanding on some 

critical issues regarding AI ethics. Interviews were transcribed and coded, and then analyzed.  

 

To assure high quality and ethical standards of this study, two primary sources were used as a 

guidance. First is the Swedish Research Council (Vetenskapsrådet, 2018), and second is The 

Code of Honor of Swedish Engineers (Sveriges Ingenjorer, 2019). Although some interviewees 

didn't ask for anonymity, it was decided not to disclose the names publicly to support the 

reliability of research. Complying with the 7th Sveriges Ingenjorer (2019)’s Code of Honor, 

“engineers ought to respect the privacy of others and protect the confidentiality of information 

given to them." At the beginning of each interview, interviewees were briefed on the aim of 

the interview before questions were asked. Informing interviewees about the study is a good 

and ethical practice. The quality of the research reflected in the design, method, analysis, and 

use of resources shall be discussed next. 

 

4.2 Quality of research   
 
This section reflects on reliability and validity of this study. There are two types or reliability 

which is external and internal (Bryman & Bell 2007). External reliability measures the study's 

ability to be replicated. Applying external reliability to this research is challenging, as it is 

impossible to re-create the same social setting and context. Suppose, however, that the 

researcher would like to repeat the equivalent study. In that case, he or she should adhere to 

the interview guide and the social role of the original researcher. It may then be possible to 

replicate this study. As there is only one observer, internal reliability does not apply to this 

research. With regard to validity, Bryman & Bell (2007) classify validity as internal and 

external. Internal validity represents a strong correlation between the researcher's observations 

and the theoretical ideas previously developed that determine the strength of the research. This 

thesis study satisfied internal validity in later chapters and addressed a match between empirics 

and theoretical ideas. External validity is the extent to which results may be generalizable to 

other situations in a specific environment. Because it is a qualitative research study that is based 

on a limited number of interviews, we do not expect any generalizations to be achieved. 
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4.3 Thematic Analysis 
 
The analysis is organized around three main themes: AI Technical Infrastructure, AI Ethics, 

and AI Social & Legal Integration. The technical infrastructure theme consists of three codes: 

Data Governance, Algorithmic Accountability, and Standards. For AI ethics, ethical 

principles are the code. Finally, AI's social and legal integration has two codes, namely 

regulations, and collaboration. 

 

 
 

Figure 4: Themes and codes inspired from (Urs & Almeida, 2017)’ Layered Model for 
empirical data analysis 

 

 

4.4 Limitations 
 

Despite the short timeframe, four semi-structured interviews were conducted. The results 

answered the research questions and suggested some new insights. The interviewees were 

initially selected and approached by e-mail. The interviewees have a very positive attitude 

towards the study, which has made it possible to have an in-depth understanding of the subject 

from different angles since the topic was crucial and essential to them, and they wanted to 

express their opinions. Although body language and non-verbal observations could not be 

observed due to telephonic interview nature as a method. However, this did not prevent the 
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telephone interview from producing adequate data. One interviewee requested that neither the 

employer nor the interviewee's name is publicly disclosed. These requirements have been met 

from a distance and by telephone interview. 

 

5 Analysis  
 
 

 
Figure 5. Themes and codes to analyze empirical findings 

 

According to the model in Fig.4, the AI technical infrastructure acts as a tollgate; whenever the 

current level is fulfilled, the AI level will increase and move to another "layer," which is the 

mid-level where AI applications become mature to deal with ethics.  
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The analysis shows that both data quality and handling are essential to the achievement of data 

governance and that AI ethics cannot be implemented if data governance is not in place. It is a 

challenging and massive task for AI organisations to maintain and control data handling and 
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organisations to develop their models ‘from scratch’ to run their business. Even if these small 

organisations recognize that these datasets are not the best too meet the data governance 

requirements which they would otherwise like to pursue, they still need datasets to develop 

models. As one of the interviewees reflects on the quality of their datasets:  

 

"We knew they were not perfect, but we needed something" [X4]. 

 

Outsourced or produced internally, data collection for small AI organisation is a very 

challenging task; in fact, as [X4] said, "It is the hardest thing" [X4]. It also appears that a high 

level of investigation and more human involvement are needed to ensure that the data set is 

free from bias. According to [X1], 

 

"Cleaning and modifying these data is 70 percent or 50 percent of our work, keeping in mind 

that each organisation process data differently than others, which makes it biased by default." 

 

Moreover, according to [X2], when asked whether AI organisation are inspecting those 

outsourced datasets to ensure ethics and data governance, he replied,  

"There is much pressure; we need to get money to satisfy shareholders first" [X2].  

 

Thus, small AI organisations can either secure their existing to build and sell their systems with 

the available resources. Or concentrate on data quality and data handling issues themselves to 

produce "unbiased" data, which will consume many resources. It was found that it is not 

optimal to rely only on outsourced data to assure a high level of ethics. However, developing 

and producing systems and at the same time handing data quality issues is an enormous task 

for small AI organisation to handle. Things become more difficult and complicated when these 

datasets are outsourced outside their territory, making it difficult to detect and track these data.  

In addition, it is generally agreed that small AI organisations with limited resources cannot 

detect suspicious AI applications that use and operate bias data unless consumers or end users 

can suspect themselves those undesired outcomes. Therefore, in the light of the findings, 

regulations to support small AI organisations in their datasets and operational challenges 

should be overturned to reach acceptable level of data governance. 
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Algorithmic accountability: As discussed in the literature, algorithmic accountability 

principles can address AI ethics in model construction and model use. Principles are 

auditability during model construction and explainability for model use. However, given the 

findings, small AI organisations do not consider them. For example, auditability is not applied 

since there are no obligations to reveal any source codes. 

 

According to [X4], "In Sweden, there is no obligation to open codes and explain how the 

parameters are decided. "  

 

He also adds, "as long the system will generate safer answers, we never explain the things 

behind the scene works." [X4]  

 

It can be assumed that if [X4] can detect and distinguish "safe answers" and no need for 

explanation, then it is possible that those AI systems are simple and use simple ML models as 

discussed in the literature. Which means that those applications do not use high level of AI. As 

a result, the current AI ethics situation could result that developers, deployers/customers (who 

purchase system from AI organisation for end users) are shaping AI applications based on their 

principles and perception as long the end users is satisfied with the results or outcomes. 

 

One of the interviewees [X2] reflected on this issue shortly: "We try to do what customers want 

and do what they ask accordingly; if customers want a more simple and straightforward 

system, then we build it."  

 

Suppose we want to examine another principle of algorithmic accountability, such as 

responsibility. Then based on the above assumptions and evidence, a strong undesired outcome 

with a societal impact on end-users and society is needed to hold AI organizations' 

responsibility. However, this may not be the dominant view on responsibility issues. Another 

interviewee [X3] argues that AI oganisation are responsible for system outcomes. When asked 

who should take responsibility when AI applications produce undesired outcomes, he replied, 

 

"The deployer, the one who buys AI systems, should have the responsibility to make sure that 

developers follow standards." [X3]. 
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Standards can then be a solution to the issues of responsibility, primarily to enable algorithmic 

accountability. [X3] indicates that it is the buyer's responsibility to ensure that developers and 

AI organisations comply with standards. As far as auditability is concerned, it must also be 

achieved to enable algorithmic accountability. Auditability investigates the level of data 

governance codes and model construction and does not wait for the model to be used and 

negatively affect consumers. However, it is evident from the data that there are no clear 

standards or "certifications" issued that guarantee that algorithmic accountability can be fully 

achieved. The following can be drawn from the reflection of the interviewee [X1] on how the 

lack of standards and the lack of a specific authority can hinder algorithmic accountability: 

 

"Ethical certification needs to be established to let authority only look into the source codes." 

 

As a result, the only way for AI small organisations to disclose their source codes is through 

the authority, which can simultaneously ensure that they comply with the standards. In 

conclusion, responsibility needs standards to be followed by both developers and customers. 

Auditability needs an oversight body that is authorised to establish ethical certification to look 

at models and source codes. Suppose oversight bodies and standards are assigned and enforced. 

In this case, algorithmic accountability can be achieved, and data governance guarantees a well-

organized technical infrastructure. It could then be argued that the Layered Model needs further 

investigation. The model suggests that in the long term, an oversight and policymaker body 

should be assigned. While the findings show, it is demanded in the near term instead, along 

with establishing standards and certification. At present, there is no policymaker body in the 

Swedish case to carry out this task. The Data Protection Authority "Datainspektionen" may be 

the only potential candidate to become a policymaker. However, according to [X1],  

 

Datainspektionen is "mostly for security and data protection, not to ensure unbiased data." 

 

Also, even if local standards are established, there is a possibility that AI organisation will 

operate outside their local markets. Therefore, it is important that regulators are present not 

only on the local level but also on the regional. Local and regional regulators should work 

together to ensure accurate and efficient deployment of AI technical infrastructure. In the 

Swedish case, for example, Datainspektionen and GDPR for EU legislation. Since 

Datainspektionen does not issue data ethics certification, GDPR should regulate that 
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certification instead. However, from a legal point of view, GDPR is not taken into account by 

companies seriously. 

 

Interviewee [X2] refers to it as "GDPR is not a law yet." 

 

 

5.2 AI systems between ethics, social and legal Integration 
 
It was found that the last two themes (AI Ethics and Social & Legal Integration) come 

together closely while conducting thematic analysis and are hard to separate without losing 

the context. That is why I decided to merge and analyze them together. 

 

Ethical principle:  

 

Given the above analysis, it is believed that unless standardized rules are adopted, AI 

technical infrastructure will have adverse effects due to its challenges with algorithmic 

accountability and data governance. 

 

In light of the above, those findings assume that AI ethics is merely applied in Sweden. 

As [X1] put it "we need much work to produce excellent and unbiased models." 

 

Also interviewee [X3] support [X1] by saying,  

"We, as an AI organisation, never discuss the negative implications, rather than the potential 

positive ones." 

 

It can be assumed that small organisations avoid risk assessment and potential undesired 

outcomes when developing their AI systems. It could also mean that it is also avoided to deal 

with high-level AI systems that can negatively impact or need to apply an ethical principle. 
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Regulations: Nevertheless, respondents agreed that AI ethics is significant; they realize that 

they need to overcome existing bias data challenges. However, AI organisations "still" not 

exposed to ethical issues. The main reason is not because they lack AI strategies or 

knowledge, but because there is a lack of regulation. 

 

Interviewee [X1] refers to the following: 

 

"If you are in an industry that does not yet face charges or regulations, then ethics will not be 

on their agenda."  

 

As a result, the development of AI ethics at least in small AI organisation still in the early 

stages. Supporting the claim mentioned above, [X1] stated, 

 

"AI ethics is not mature enough in Sweden and does not attract the attention it deserves." 

 

Collaborations:  

Given the lack of resources for managing algorithmic accountability and data governance 

within small ogranisation and the lack of standards for AI ethics is general then 

collaborations should exist.   

 

According to [X1]: 

"We cannot place the burden on AI small organisations; governing organisations should be 

more interested in small AI organisation and help them." 

 

Interviewees saw that mainstream press can act as a bridge to society to raise ethics 

discussions and understand what society demand for those system. 

 

"I think it is going to be a good idea to open a discussion with the public. However, I never 

heard someone had done it before. At least not from AI organisations" [X3]. 

 

Therefore, organisations, despite they don’t have capacity and need to aim for higher AI 

ethics, are open to a dialogue.  
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For example, allow the press and society to help raise the ethical implications that in the first 

place concern them. Academy and research efforts provide valuable assets that small AI 

organisations can use to develop innovative ideas. 

 

 

In conclusion, the lack of regulations in AI industry in terms of standards, certifications and 

generally algorithmic accountability can affect the development of AI systems and its level. 

It has resulted that those small AI organisation representatives tend to develop only low-level 

AI systems or applications with no ethics involved. In other words, for small organisations with 

limited resources and high commitment to shareholders, as well as the need to maintain their 

businesses, AI ethics become a topic of less priority. 

 

According to [X1], 

 

"as an AI organisation, there is no time to do anything but the essentials, social media deploy 

things and think about these [ethical] issues later." 

 

It also was found from the above that those AI organisations representatives in Sweden are 

deploying AI systems that already exist and are successful; those that focused on profitability 

are the most suitable options. 

 

6 Results 
 
This section summarizes the findings of the study analysis by addressing the research 
questions. 
 
 
6.1 Do small AI organisations implement ethics in their 

product/services during the product development phase? 
 
I found that representatives of Swedish small AI organisations do not apply ethics to their 

products/services. As the results of the empirical data analysis show, AI organisations are not 

eager to disclose their source codes or provide systems that can be explained. This is why some 

representatives are reluctant to work on AI solution in which ethics are a cornerstone 

throughout the development phase.  
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6.2 What are the challenges that face small AI organisations to 
ensure algorithmic accountability? 

 
The literature notes how algorithmic accountability is essential to AI and that this is the core 

of its technical infrastructure. It has several principles, including responsibility, explainability, 

and audibility. Based on the findings, some principles are not effectively applied, and others 

are not applied at all. Furthermore, the failure to implement algorithmic accountability is due 

to the lack of standardized rules and regulations. Besides, there is no authorised oversight body 

in Sweden able to disclose or control source code and issue ethics certifications. As a result, 

small AI organisations tend to build a low level of AI which corresponds to low level of ethics 

involved or no AI ethics at all.  

 

7 Discussions and Implications 
 
The findings show that the successful implementation of AI ethics in the AI industry depends 

on three main components: legislative, judicial, and executive power. The legislation is where 

the rules and laws are written in order to produce a standardized rule. The judicial system 

ensures that related parties endorse the laws and regulations and must be followed. Otherwise, 

those parties will be held accountable if they do not follow those laws. The last element is the 

executive power, which is the controlling body to ensure that laws are enforced and 

implemented in practice. In order to examine AI ethics, three elements; algorithmic 

accountability, data governance, and standard, were studied in light of the empirics and 

previous studies. When it comes to data governance and data collection for instance, findings 

confirm to what was stated in the study by de Laat (2018), that many datasets of questionable 

quality come from data brokers. Small organisations spend more than 50% of their resources 

and time on effective data cleaning and monitoring.  

The goal is to decrease this percentage to leave room for other equally important AI ethics 

tasks. From the results, the potential challenge concerning data governance might raise an 

opportunity for new initiatives and specialized organisations. Those new organisations can 

support data collection and tackle dataset’s sources and validate its quality and degree of human 

bias.  But to what extent can these new organizations support, and who can decide what is the 

acceptable level in order to consider these datasets as quality datasets? Therefore, to decide on 

those tolerance levels, this opportunity still depends on legislation and standards. 
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It is also evident from the data that auditability, which is one of the main principles of 

algorithmic accountability, is not applied unless an approved third party or an authority can 

issue ethical certifications based on the specific standards and procedures. This finding 

supports the suggestion of De Laat (2018) that an oversight body needs to review an algorithm's 

source code and assist AI organisations with regards to ethical principles and potential concerns 

around their systems. However, this study shows that the oversight body has to follow specific 

standardized rules to investigate and hold AI organisations accountable. Oversight bodies 

ought to ensure a precise method and structure to apply to AI organisations. Otherwise, there 

is a risk that any request for information from AI organisations might encourage them to 

provide fuzzy information according to Ananny & Crawford (2016). It is beyond the scope of 

this study to examine how these standards and rules can be developed, however, a collaboration 

between academia, local regulators, and governmental initiatives seems to be essential 

(Amodei et al. 2016). 

 

Empirical data also provides new insights into the responsibility that disagrees with what 

Martin (2019) suggests. The literature suggests that AI organisations should take responsibility 

if the outcomes are undesirable. However, the finding indicated that if AI organisations inform 

their users about their systems' nature beforehand and that their systems are a recommendation 

and assisted system, then no responsibility should be assumed. But Amodei et al. (2016) 

suggest that outcomes should be publicly disclosed and explained despite if the outcomes 

are desirable or not. I can relate to this since it appears that if the recommendations are made 

from suspicious or biased data. The end-user may be misled, affected, and disrupted even if 

he/she has the final decision to make. Therefore, it is important for developers to critically 

evaluate the results in order to keep their estimates in check. If small AI organisations hold the 

responsibility even for low-level AI, policies should be drawn clearly and on what sceneries 

responsibility is applied then. From the findings, the deployer or data controller should be 

responsible if dealing with AI organisations that are not fulfilling standards.  But how those 

deployers can be aware if those AI organisation are actually following standards if for example 

there are none? Therefore, the situation of AI industry without clear standards is like a complex 

loop because there is a chain of responsibility on dataset providers, data processors/developers, 

and deployers. Responsibility as a principle to algorithmic accountability is surely an important 

topic to focus on especially in the case of autonomous systems and fully automated decision-

making products.  
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Again, on the basis of the above-mentioned discussions and implications, representatives of 

small AI organisations in Sweden are not subject to ethics, mainly due to lack of standards 

which can be consider the loophole overcome and reach acceptable levels of AI ethics. It can 

be suggested that standards are also an integral part of the technical infrastructure, which 

consisting actually from algorithmic accountability, data governance and standards. It appears, 

therefore, that there is a need a reconsideration for the model chosen by Urs & Almeida (2017). 

The findings indicate that the Layered model might not fully reflect the way how AI systems 

are developed. The Layer Model developed by Urs & Almeida (2017) consist of three layers, 

the suggestion shows that those layers should be followed in order, one after the other not 

simultaneously tackled. Also, to change the order between the second and the third layers 

which are the ethical layer and the social & legal layer. Moreover, respecting the time scale as 

follows; starting with the completion of the technical layer in the near term, the social and legal 

layer in the med term, and finally reaching the ethical layer in the long term. In other words, 

the proposal pushes for the technical layer to be satisfied first and met by achieving algorithmic 

accountability, data governance, and standards which is already consistent what Amodei et al. 

(2016) discussed. Amodei et al. (2016) described accountability as "the ability to determine 

whether procedural and substantive standards have taken decisions." Therefore, standardized 

rules can be understood then as an integral part of algorithmic accountability and its principles. 

Amodei et al. (2016) may also justify and support this reconsiderations and adjustment of the 

model, especially the switching layers proposal. Because as the findings show, standards and 

certification are needed in the near future not the long term in order to assist AI small 

organisation to develop high-level AI ethics. However, the Layered model suggested a policy-

making body that has the power to set up an AI certification process on the long-term horizon 

instead. When Amodei et al. (2016) refers to society as a critical player who plays a vital role 

in deciding which factors to consider and constrain whenever a high level of AI is applied. 

Then it could be understood that after the technical layer, it has to be the social & legal layer 

next. As a result, the ethical layer in that case is achieved after achieving the previous two 

layers (Technical and Social & Legal layers). In other words, the social and legal layer should 

be an advanced layer right after the technical layer and not at the last stage, as suggested in the 

model (Urs & Almeida, 2017). 
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Based on the suggestions and implications of the research findings, there will be better 

opportunities for government-supported AI organisations in Sweden to establish AI ethical 

rules and regulations. It will encourage AI organisations to cooperate and to benefit from each 

other. Otherwise, ethics will remain a luxury item rather than a key element to be taken 

seriously. In addition, based on the findings, if small organisations do not receive the necessary 

support, some will eventually operate outside their territory and the local market. In conclusion, 

the lack of ethical standards and legislation can discourage small AI organisations from 

developing high-level AI applications and exploring innovative ideas, particularly during the 

development phase. 

 

8 Conclusion  
 

AI technology has a significant impact on our lives today. Thus, a qualitative study to 

understand what are challenges that small organisations might face when deploying AI ethics 

in their systems was conducted. With a semi-structured interview were used as a data collection 

method to collect empirical data from small AI organisations (CEOs and developers). The 

thesis answered whether AI ethics and algorithmic accountability are implemented within small 

AI organisations. It concludes that small AI organisations do not consider ethics in the early 

stages of development. The results indicate the need for standardized rules and an oversight 

body to ensure that ethics and accountability are implemented. Practitioners should, therefore, 

consider establishing local or regional standards and certification for the ethics of AI, such as 

other certifications as ISO, OSHA. Practitioners should also collaborate with academia, 

governments, and society. Building bridges and communication channels are essential, 

especially for small organisations, to compensate for their lack of resources. The study also 

suggests a theoretical contribution. After applying and projecting the Layered Model to study 

the actual situation, the findings and implications suggested that an adjustment and 

improvement of the model is needed. This thesis underlines the need to study further the issue 

of developing AI ethics. Also, it can help small organisations to think outside the box and 

address other issues rather than just seeking profitability by dealing with low-level AI. At the 

end of the day, the government also plays a significant role in AI ethics. They can support the 

AI industry, regulate its laws and policies, build trust with the private sector and push it towards 
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open-source policies. Because leaving everything to the private sector to take the lead on the 

AI ethics scene could turn accountability into a theoretical debate and never leave research 

papers. 
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Appendix 
 
Interview guide:  

• What do think about AI ethics in Sweden 
• How AI small companies are doing towards ethics  
• What are funding organisations and their role to ensure ethical accountability when 

they have conditions to fund? 
• What is the Process to develop ethical AI product for small organisation? 
• How small companies get their dataset and how to ensure their context and not bias?  
• What are the sources of the dataset?  
• How to control the quality of it?  
• Do small companies build channels to make users and society be involved in those 

decisions? 
• What methods to use? and why? Fully transparency  
• Who to hold responsible and why? Organisations, users? 
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• As developers, do you discuses ethics of AI with managers? 
• How managers and developers interact and work together to ensure ethics? 
• Is there an ethical comminutes to assist small companies? 
• Do press or third part can help in exploring the weak points on systems on behalf of 

public? 
• What challenges small AI organisation face regarding accountable algorithms? 
• What's the role of Small private companies and their interaction with both big 

companies in private sector and public sector? 
• Who are the oversight bodies in Sweden? 


