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Abstract

:

The current energy prices do not include the environmental, social, and economic short and long-term external effects. There is a gap in the literature on the decision-making model for the energy transition. True Cost Accounting (TCA) is an accounting management model supporting the decision-making process. This study investigates the challenges and explores how big data, AI, or blockchain could ease the TCA calculation and indirectly contribute to the transition towards more sustainable energy production. The research question addressed is: How can IT help TCA applications in the energy sector in Europe? The study uses qualitative interpretive methodology and is performed in the Netherlands, Germany, and Poland. The findings indicate the technical feasibilities of a big data infrastructure to cope with TCA challenges. The study contributes to the literature by identifying the challenges in TCA application for energy production, showing the readiness potential for big data, AI, and blockchain to tackle them, revealing the need for cooperation between accounting and technical disciplines to enable the energy transition.
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1. Introduction


The energy markets face challenges in the transformation towards sustainable alternatives, with some European countries such as Sweden and the Netherlands showing stronger readiness than others, i.e., Poland and Hungary [1,2,3]. The technical and social aspects of energy production in transitioning towards renewable alternatives seem extensively covered in literature [4,5,6,7]. From the economic perspective, there are business models for classification [8] and accounting frameworks introduced to track the energy efficiency trends [9]. There is a gap, however, in the literature on the decision-making model for the energy transition. Specifically, studies are scares on how to enable decision-makers throughout the energy production chain (from energy sources and production entities to energy (pro)consumers) to make better decisions, i.e., choose more sustainable alternatives. This paper addresses this gap by analysing the True Cost Accounting model for energy cost estimation based on a broad scope of information covering all aspects of the energy production chain, both internal and external. The analysis goes beyond a single discipline and combines technical and accounting literature to critically assess the TCA model for energy cost estimation. Further, it explores the potential of an innovative idea of strengthening the TCA model with big data, Artificial Intelligence, and blockchain. In doing so, it contributes to developing a new body of literature on big data use in the accounting field. The study investigates the transition challenges facing the energy sector and explores how the use of big data, AI, or blockchain could ease the TCA calculation and indirectly support the move towards more sustainable operations. The primary research question guiding this study is how IT can help TCA applications in the energy sector in Europe. In answering this question, we investigate the current challenges of TCA and the current use of big data in management accounting.



Big data, AI, and blockchain, as elements of Industry 4.0, show different levels of development across countries in the European Union [10,11]. The current study applies a multidisciplinary and multinational approach to collect opinions from a diverse group of relevant stakeholders—IT specialists, sustainability and energy experts, and accountants—in the European energy market, with particular focus on the Netherlands, Germany, and Poland, and the countries with contrasting energy markets, levels of industry 4.0 advancement, and development of the accounting discipline.



1.1. Literature Review


True Cost Accounting Framework


TCA is a management accounting concept that estimates a true cost [12,13]. TCA is a holistic approach accounting for current and future, internal and external impacts, by discounting it in a single price [12,14,15]. TCA provides insight into the complex economic, social, and ecological processes through which sustainability should be attained [16]. As a result of the TCA application, the existing prices of products and services can be adjusted to include the internal and external impacts throughout the whole lifecycle of the products or services [17]. Consequently, sustainable decision making may be stimulated by putting a price on otherwise seemingly free impact costs to society [13]. The stimulation can enable the energy markets playing an important role in tackling the climate change [10,18], making the externalities of energy production visible which are hardly included in the cost estimations [11,19].



The TCA framework consists of five steps as shown in Figure 1 [20]. The first four steps are essential for calculating the cost, the fifth step consider management decisions made after the estimation and will be omitted in the current study.




	
Analyse company situation and map stakeholders engaged. Identify a cost object by analysing the company situation [20]. A cost object refers to a process, a waste stream, an industry, or an entity. Based on the cost object, a True Cost price calculation will be performed.



	
Define the cost object to identify and outline the scope of the impacts: here, all the possible externalities (side-effects/by-products or unintended production results) should be identified. It is essential to set the limit on how far to go. Externalities can be endless, so a well-defined scope is required.



	
Measure all impacts within the scope of the cost object [20]. Life cycle assessment (LCA) analyses are helpful since they specify the full usages of materials and the waste streams created.



	
Monetise all the significant impacts into a monetary unit [20]. This helps overcome comparison and integration issues for social and environmental impacts [21,22].








Literature on TCA reveals several challenges in its application. For example, the measurement and monetisation methods are incomplete, and TCA requires development to provide complete and comprehensive coverage of all the identified impact categories [17]. Furthermore, TCA is complex and should therefore provide useful information efficiently in order to improve its applicability for practice [17]. This effectivity–efficiency tradeoff is important since the costs of the analysis should not outweigh the benefits of more useful accounting information. When analysing the challenges of TCA, three categories are identified: complexity, accuracy, and timeliness.





1.2. TCA Challenges


1.2.1. TCA Complexity


	
Society, the environment, and the economy are interrelated elements interacting with each other. TCA deals with the different scales and domains of social, environmental, and economic impacts and those impacts are interrelated. Measurements not integrated into one single and comparable unit [23] have consequences for interpreting the result.



	
Across industries and throughout the life cycle of a product, different metrics are used for measurement and monetisation [17]. There is no consensus on measurement and monetisation, and this lack of standardisation makes it difficult to measure the product’s impacts uniformly [23]. Especially with regard to monetisation, many different valuation methods exist [24,25].



	
TCA uses data from multiple disciplines, such as bioscience, biology, psychology, economy, and accounting, to understand the interaction among organisations, society, and the natural environment [26]. Each new practice for measurement and monetisation creates a new focus for negotiation, contestation, and political struggle over values [27].







1.2.2. TCA Accuracy


	
Some impacts deal with emotions and subjectivity, for example, landscape or stress, and are difficult to quantify and assign value [28].






Monetisation uses different valuation methods: direct behavioural and indirect valuation [17]. The first technique measures the monetary value directly from the preferences or behaviour of the stakeholder and uses available market prices and observed actual behaviour [17]. The accuracy challenge occurs in all situations where differences appear between what stakeholders say ‘they would do’ and what ‘they actually do’ [17]. The indirect techniques estimate either cost of avoidance and restoration or damage costs [17]. The avoidance and the restoration approaches use real market prices for existing technological solutions to avoid, restore, or control pollution or damage. The damage costs approach estimates the damage caused by a pollutant using scientific, statistical, and behavioural valuation methods [17]. All the approaches mentioned above share shortcomings in the availability of the data and the reliability of the price estimates, causing inaccuracies in this step.



	2.

	
The true cost of an impact depends on its context and the interlinkages of variables. Takin the water usage on its own, for instance, is an incomplete measure to capture the true cost of the water usage (water use in areas with plentiful rainfall is less stressful than the water used for milk and cattle grazing) [23].








1.2.3. TCA Timeliness


	
Long-term cost estimation is characterized by different time lags and inertia, which masks those important cause–effect relations when captured at one point in time [26]. For example, one ton of extra CO2 emission now will lead to more expenditures for tackling climate change in the future. However, it is difficult to determine now how aggressively the climate will warm up in the upcoming years and what those expenditures will be in the future. Many variables determine the true cost of an impact [29], and these become fully visible only in the long run.



	
The time lag in the measurement and the monetising of the impact are uncertain [30]. It takes some time to gain insight into those processes or for the information to reach managers [31]. When the accounting impact information reaches the user, a problem may arise that the accounting information has become outdated [31].







1.2.4. IT and TCA


The current study proposes to address the challenges in TCA application, using IT as the primary data source for account management [32]. Generally, IT systems can collect, organize, process, and distribute large amounts of data [33], allowing accountants to interpret data from many sources [34]. IT systems can be defined as a set of interrelated components, such as software, hardware, people, procedures, and data that collect, process, store, and distribute information to support decision making and organisational control [35]. IT systems have shifted from traditional data processing to more progressive and automated data capture, and consequently, more variety of unstructured data sources such as big data can be exploited [36]. Accounting methods integrate with this new reality of big data [37]. AI is an outcome of a successful application of big data that can help understand the past and predict the future based on a large amount of data [38]. It prevents information overload, predicts future events, and analyses voice-based data and images and other data sources that are currently not being used in accounting [38]. In addition, blockchain may be useful in accounting. Blockchain is described as a series of blocks used to establish and record the ownership of assets, in which an arbiter is not required [39,40]. This enables the direct exchange of accurate financial information and improves the efficiency and reliability of transactions [41] and the integrity of transaction history.



Table 1 shows the literature overview on big data applications in accounting, including several trials data mining applications are prominent within management accounting [42].




1.2.5. TCA Big Data in Coping with Complexity


Big data and AI enhance the processes of data collection, identification of cause and effect relations, integration of data, translation of raw data into meaningful information, and the representation of the data on a manageable and accessible scale more efficiently [65]. Automating the processes of identifying cost drivers, forecasting future costs, measuring impacts, and evaluating impact in a monetary unit may increase efficiency. Descriptive and predictive data mining helps identify cause–effect relations in the database, allocating impact costs to certain activities and estimating future costs. Moreover, to reduce the complexity, it is important to reduce the scope of TCA. Within big data analytics, it is important to determine the goal of the analysis [66]. A clear question enables the designer of the big data tool to exclude all but the relevant data. Therefore, big data and AI may reduce TCA’s complexity and consequently enhance the TCA’s potential application. Blockchain may also reduce the complexity of TCA since it supports the automated exchange of relevant data by all involved parties accurately and efficiently [67]. Moreover, blockchain uses predefined protocols for a uniform sharing of information, and this standardisation of data sharing may further reduce the complexity of TCA.



Proposition 1.

Big Data, AI, and blockchain reduce the complexity of TCA practices.






1.2.6. TCA Big Data in Coping with Accuracy


Big data, AI, and blockchain may improve the accuracy of TCA, particularly its measurement and monetisation steps. Here, data mining may be useful. Data mining, defined as the process of identifying valid, potentially novel, and understandable patterns in data [68], allows for the identification of causal relations and better forecasting of future costs. Data mining is the most important current paradigm of advanced intelligent business analytics and decision-supporting tools [42]. In data mining, specific algorithms are used to extract patterns from data with three different goals: description, prediction, and prescription [42]. Descriptive data mining refers to understanding and interpretation of the data. Predictive data mining analyzes the past to predict the future by detecting patterns of behaviour and extrapolating future actions based on those patterns [42]. Prescriptive data mining refers to achieving the best possible outcome. So far, within management accounting, the prediction function has been used the most often since estimation is the most common task in managerial accounting application of data mining [42]. AI uses data mining tools to build logic behind the data to forecast future outcomes and identify patterns for allocating impacts to activities [45]. In order to arrive at the true cost estimations, the interplay between discounting, uncertainty, damages, and risk aversion is important to consider [29]. Those four elements can be integrated into a formula, and consequently, the true cost can be estimated. Accounting may help determine the need and formula to extract value from the data [69]. Insight should be provided in what data is needed and what relevant variables capture the problem, based on which an analytic model can be built [42].



Consequently, analytics tools can translate the raw data into valuable decision-making knowledge [70]. Blockchain is a distributed digital ledger used to record and share information through the peer-to-peer network [71]. Identical copies of the ledger are validated collectively by all network members [72]. This technology implies that, due to the decentralisation feature of blockchain, it is impossible to alter information in a block at a single location. This results in efficient, secure, transparent, and accurate processing [72]. Thus, blockchain in TCA may enable linking measurement data from the production line to the monetisation for environmental, social, and economic impacts accurately and efficiently. Consequently, it allows the sharing of TCA measurement data between all the involved parties within the value chain. Together, blockchain, big data, and AI may help identify the cause–effect relations within the data, support forecasting of future costs, and accurately share the measurement data.



Proposition 2.

Big data, AI, and blockchain result in more accurate TCA applications.






1.2.7. TCA Big Data in Coping with Timeliness


Digitalisation allows accounting information to be produced, distributed, and interpreted in real time [73]. Different databases connected to each other provide, via automated censoring, real-time insight into the TCA. The measurement of the impacts identified in the lifecycle of a product, or a service, can be linked directly to the monetisation of the external and internal costs resulting in a real-time true cost price. The environmental, social, and economic external data can be integrated with the internal database of production and automatically updated [45]. The analytical tools will identify relations and correlations and allocate impact costs to production processes. Big data enables open-source information sharing so that all involved parties within the life cycle provide and use the required real-time data to perform the TCA analysis. Blockchain allows for automated exchange and verification of information, measurement data between parties in the whole value chain can be directly shared [67]. For TCA, that is advantageous since, in order for TCA to work, the required data should come from measurement for which consensus is required by the involved stakeholders. Blockchain, furthermore, allows the secured exchange of that data between all the parties without the approval of an arbiter [67]. This improves the real-time accounting of information and thus the real-time awareness regarding sustainability.



Proposition 3.

Big data, AI, and blockchain application results in timelier TCA information.





Figure 2 presents the conceptual model for the study and summarises the propositions.






2. Materials and Methods


This research aims to contribute to the literature on sustainability accounting by providing insights into improving the TCA methodology with the application of big data, AI, and Blockchain. The task requires an exploratory research design and interpretive research to explore the reasons and dynamics behind the complex, interrelated processes [74]. The concept of sustainability accounting is complex and draws together many academic disciplines. Therefore, the potential application of IT technologies and their influence on the TCA application could only be explored within their social context [74]. Using a qualitative approach to understand the processes behind the TCA method can provide meaningful insight into how to improve its methodology [75]. Inductive reasoning was used, as there was no theory at the start of the research, and any theories that were developed are a result of this research [76].



2.1. Constructs


The selection of impacts used in the True Cost Accounting exercise used in the current study is shown in Table A1 in the Appendix A. In preparation for this study, the TCA application and estimate of the true price of energy production showed a high complexity of the exercise and low accuracy and timeliness. The complexity, accuracy, and timeliness were the core concepts guiding the current study. The accuracy referred to the degree to which relevant estimates were reliable, the degree to which cause and effect chains between activities and impacts could be identified, the degree to which subjectivity and uncertainty could be reduced in estimating costs, and the degree to which the measurements provided detailed and reliable data. Complexity was operationalized as the degree to which different metrics were required to measure environmental, social, and economic impacts, the degree to which the TCA analysis was costly and time consuming, the degree to which different academic disciplines were needed in the analysis and the degree to which they diverged, the degree to which different monetisation methods were required and the degree to which different dimensions and attributes of data sources could be brought together into one scale. Timeliness relates to the degree of accounting data processing in real time, the degree to which the data were available and to which measurement from the production could be directly linked to the monetisation assessments.



In order to discuss the application of big data, AI, and blockchain, the different types of energy production costs were discussed with each respondent to discern the types of costs IT allowed to arrive at more accurate, timelier, and less complex TCA estimation. The scoping was limited to the material impacts, meaning that the plant and system costs have been identified as internal costs. Greenhouse gas emission costs, air pollution costs, landscape and noise impacts, loss of biodiversity, and upstream costs of material and construction have been identified as the external costs for the energy market [25].



The true cost estimation trial for wind and coal energy in the Netherlands conducted prior to this research showed that construct is defined fractionally, and selected impacts are included in the energy cost due to the shortcomings in data availability and processing ability. In an attempt to identify a complete scale of material impacts, several were identified and monetized, as shown in Table 2.




2.2. Data Collection and Respondents


The data were collected in a cross-sectional manner and consisted of interviewing the experts on how impacts of energy production can be measurable and translated into meaningful data. The current study used an earlier developed stakeholder map for the Dutch energy market of Bosma [25]. The respondents were selected based on their expertise in big data, analytical software, and accounting tools to provide insights on how big data applications might help TCA processes. Similarly, Galliers and Huang [77] used experts to provide alternative narratives to the dominant paradigm. The expert panel provides a forum where leading experts in a given field can share their experiences and insights [78].



The same (Dutch) proxy of the stakeholders was used for Polish and German energy markets due to the time constraints and since the system complexity of energy generation was treated as similar across the EU countries.



The more variety exists in the data, the more patterns, relationships, and knowledge can be extracted [79]. The Netherlands, Poland, and Germany energy markets were selected for the study. Poland and the Netherlands are among the least sustainable European energy markets [80] but show contrasting trends in industry 4.0 developments; the Netherlands is one of the most advanced, Poland the least [10,11]. Germany, in contrast, is currently reducing the amount of CO2 emissions significantly and is on the way to becoming the pioneer in renewable energy [81]. In total, 16 respondents were interviewed (see Appendix B, Table A2) with a total interview time of almost 22 h. The interviews were conducted via Google Meet due to COVID-19 restrictions on location in the summer of 2021. Before the interview, a document containing the stakeholders’ analysis, an overview of the types of energy production costs, an infographic presenting the environmental and societal impacts of energy production, and the true cost calculation for the Dutch energy market preparation study were shared with the respondents [25]. Consequently, these documents were discussed with the experts to introduce them to the concept of TCA. The interview guide was used as a baseline for the interview questions (see Appendix C). The interviews were recorded to improve the data analysis process, and the transcripts were sent to the respondents for verification purposes.




2.3. Data Analysis Method


In preparation for this study, the true cost estimation outcomes (Table 2) were discussed with the representatives of coal (RWE) and wind energy-producing companies. The current study used an interpretative and thematic data analysis approach. The interviews were divided into three themes: accuracy, timeliness, and complexity. Consequently, the interview transcripts were coded according to the three themes. Quotes from the interviews are placed in tables in the results section (and also appear in the narrative itself). The narratives were created following Gray [82]. Gray states that narratives are needed to provide alternative insights and move the boundaries of TCA [82]. Narratives are used to enrich the current literature on TCA and provide insights into overcoming the current challenges. Based on the quotes from the respondents, the researcher attempted to assess the degree to which IT can make the TCA methodology more accurate, timely and less complex, making use of the coding software but leaving much space to diverse opinions and trying to grasp the richness of information.





3. Results


In general, in Europe, the energy prices do not cover the external influences of energy production [83]. The estimations made during the preparation for this research were new to most of the respondents and were received with much interest. Presenting Table 2 to the respondents certainly contributed to broadening awareness of the externalities issue and revealed the lack of applicable and common methodologies. According to the wind farm owners we interviewed in Poland, there are no reliable procedures for this influence. Further, they mentioned that the cost of avoiding negative impacts should be accounted for in the investment planning stage. Owners are aware of potential external influences of production. The owner shared the information that during the service of the wind farm, the service technicians found that there was a bird’s nest with eggs in the high gondola of the power plant. The owner believed that this is little evidence that the production of energy from this source does not pose a radical threat to the birds. A wind power plant is also a wintering place for ladybugs and other insects. The wind farm became part of the natural environment. The coal energy plant controller in the Netherlands mentioned a similar situation. Including the external effects during the investment, phase is essential as then is easier to make a change rather than when the energy production takes place already. However, the obstacle mentioned was missing the procedures and techniques to make it visible and account for it.



Further results are presented according to the constructs described in the literature review part. During the first interviews, a new aspect appeared to challenge the respondents, namely TCA implementation. It was added in the following interviews and reported in the results, as it kept coming back.



Overall, the level of awareness about TCA was more advanced in the Netherlands than in Poland, in the last country where the interviewer faced difficulties in bringing the concept of TCA into the discussion. Moreover, in Germany and the Netherlands, relative openness and transparency were experienced while it was to a lesser extent present in Poland.



3.1. Complexity


The results of complexity experiences could be divided into five areas: metrics, cause and effect relationships, diversity of experts needed to collaborate, number of indicators, resource consumption. Table 3 shows the challenges and solutions developed from the results.



To summarise, big data and AI allow for the automation of data collection and management in TCA, resulting in a decrease in the complexity of TCA processes. The tools are becoming cheaper and are available in identifying patterns, forecasting costs, and allocating costs to drivers. This shows support for Proposition 1.




3.2. Accuracy


The accuracy of TCA estimations is a challenge in five areas: quantification and monetisation, fluctuation, objectivity, data availability and ethics. All respondents mentioned the importance of having a good base—input for interpretation. (…) We first have to make sure that the basis is good before we let big data and artificial intelligence let loose on it. (…) R10. Table 4 provides an overview of the most important findings on accuracy deficiencies and potential solutions.



At last, ethical consideration is important as well. Social values, such as equality, the right to live a worthy life, and freedom are currently included in the TCA estimation in the descriptive elements. The IT application would allow for pattern recognition and quantification at a later stage.



To summarise, the IT technologies enable objective identification of patterns and forecasting future costs technically possible. Further, blockchain allows for exchanging verifiable and hygienical data, which improves TCA accuracy. The results show support for Proposition 2.




3.3. Timeliness


The availability of real-time data in TCA is essential to be able to communicate the holistic aspect of sustainability. If some data is available later, then the estimation of true cost isfragmented. Currently, due to the manual data collection at each step of TCA, a time-lag is created by the process itself. Table 5 presents the solutions to the challenges for the timeliness aspect.



Here, the received solutions show a mixed picture. The costs of providing real-time insight may not outweigh the benefits of real-time information; therefore, the real-time data available should be explored further.



(…) The adding of all new details may not be necessary. It may be better to update the whole analysis once in a while instead of real time. The cost and benefit consideration are important here (…) R7.



To summarise, the tools and technologies currently available allow for improving the timeliness of TCA information to some extent showing partial support for Proposition 3. Clearly, no information needs to be available in real time at all costs. Some delays can potentially strengthen the results.




3.4. Implementation


The implementation of the TCA technique in general and specifically with support of IT in combination with big data, AI, or blockchain kept running into obstacles. Currently, the human aspect of collaboration between parties to arrive at reliable and comprehensive true cost estimation seems to be the biggest challenge. Institutions seem to be working independently of each other lacking collaboration and developing too many methods not accepted by the industry. The results suggest that adopting an open blockchain would eliminate the need for collaboration, therefore, solving this challenge instantly.



Ownership of data is an issue in the implementation. Companies are hesitant to share sensitive information. Blockchain and automation may deal with these issues around data ownership and other parties looking into the sensitive data.



(…) Companies are probably only willing to share their data, preferably by AI in an automated manner (…) R9.



(…) The first attempts have been taken to make an open protocol to enable uniform and congruent sharing of data (…) R9.



The main challenge concerning the application of blockchain technology in TCA is gaining mutual consensus on working in one platform.



(…) The whole circular chain of events in the lifecycle of energy production should be united in the blockchain. That means that you will need to combine different blockchains since you can never have just one blockchain. So that may become complex exercise (…) R4.





4. Discussion


The early stage of adopting True Cost accounting to include the externalities is due to a lack of awareness of what they are and what they constitute. We find the results repeatedly in The Netherlands, Germany, and Poland. In all three countries initiated by us, the open discussion about the challenges to estimate the true cost of energy prediction, including the externalities on economic, social, and environmental dimensions, was received with ingenious interest. Participants engaged in the TCA exercise agreed on the importance and the value of this approach in decision-making on the transition to sustainable energy prediction. When presented with opportunities for improving the TCA estimation with the aid of IT, specifically big data, AI, and blockchain, many opportunities emerged, most of them supporting the Propositions developed in the literature review.



4.1. Complexity


The results support Proposition 1, which means that big data technology enables search for patterns and cost drivers to predict and allocate costs to activities in a more efficient manner also by developing standards. Big data application allows dealing with the TCA’s information overload and time consumption challenges. Individuals cannot comprehend that complexity, and therefore automation of TCA using big data technology seems highly promising. Currently available IT technologies are advanced enough to deal with massive amounts of data sets to find patterns. The combination of TCA and big data is, therefore, value adding. More variables can be included in the analysis, and consequently, the system can be analyzed as a whole instead of as isolated elements of the system. Literature on management accounting already acknowledges the potential of big data for accounting [84] in general. The current study adds to the literature showing the potential of big data for such advanced management accounting as TCA, which requires combining financial and nonfinancial data from interdisciplinary resources.



Although big data implementation in TCA has not yet started, the application of big data and AI may accelerate the TCA development by reducing or even eliminating TCA complexity.




4.2. Accuracy


The results show support for Proposition 2. This indicates that the application of IT reduces the negative challenges of TCA concerning the accuracy of measurement and monetisation.



Therefore, installing a big data environment and consequently statistically modelling afterwards enable precise quantifications and valuation, improving the cost allocation and reducing uncertainty in predicting future costs. Technically, everything is possible.



The problem is that all involved parties should cooperate to help install the data environment This cooperation is weak or absent at the moment. A government may step in here to steer the industry or mandate information measuring and sharing using blockchains. It may have no interest to do so or fear the change in that applying blockchain would allow for the perfect exchange and continuous verification and sharing of TCA data. The application of blockchain technology would enable sharing of data without manipulation. If happening, the uncertainties within the parameters will permanently cease to exist. It is impossible to precisely predict what will happen in the future, and a complete story of causality in the system is challenging. In the meantime, TCA may use standard risk management accounting techniques, e.g., Groot and Selto discuss the risk in decision making [85]. Some types of costs in energy production are not deterministic and rather stochastic due to unpredictable future conditions. A distribution function here can help predict the uncertainty since it allows to define the mean value and the standard deviation especially in cases where sufficient data about the past is available [85]. Consequently, this provides an interesting range to work within TCA. Automation of the TCA practices and big datasets provide sufficient data and enable dealing with subjectivity, human intervention, and the variety in scales and units.



TCA requires a dynamic process of measurement and monetisation and is not fixed standardized. This contradicts the current literature that emphasizes that standardisation of sustainability accounting is required [86]. It may be wise to be careful in standardizing all TCA processes or define built-in evaluation mechanisms to prevent metrics from being unable to fully grasp the total impact of products or services.




4.3. Timeliness


Although the standardisation is important to cope with earlier described complexity, it makes the TCA process too static. It must be done with caution not to jeopardize the machine learning effect from big data. In order to make big data applications in TCA function, it is crucial to achieve a degree of timeliness. Complex analysis that requires a lot of computing power may take weeks to arrive at the output. This is extremely costly, and it may not outweigh the benefits of real-time TCA information. This tradeoff should be considered when implementing IT technologies in TCA. Then, TCA and big data may work together to provide more useful information. TCA may look into management accounting literature. The expected value of additional information can be calculated based on different conditions and probabilities [87]. Not all extra details in decision making are essential. It is important to calculate the expected value of relevant decision-making information to determine its maximum price [87]. The cost of establishing the whole data environment that provides the required TCA input should be subtracted here to determine whether combining TCA and big data for timelier information is beneficial. The costs of installing the data environment can be determined accurately and consequently, and the expected value of additional information can be calculated. Bayes’ Theorem, based on posterior probabilities and conditional probabilities, is helpful to arrive at the expected value and determine whether additional information is beneficial [88].




4.4. Implementation


During the research, the implementation struggles arrived quickly. The organisation in the energy market seem to await governmental institutions to mandate the establishment of the data environment. Similar to Seele, it seems capturing the concept of sustainability in an algorithm needs a unified definition and, therefore, involvement of the stakeholders and the legal authorities to make the required data operational [89].



Confidentiality and sharing are important itching issues. Currently, companies most likely already have a lot of data that they keep for themselves. Therefore, establishing an industrial protocol per type of cost is important to enable all parties to collectively provide and exchange their TCA input data in a uniform and transparent manner. Blockchain allows data to be used in the calculation without other parties diving deep into the data to extract sensitive data. It secures ownership of data. The protocol should not come from companies themselves but rather from an independent foundation that checks and owns a protocol; every type of cost should secure the data sharing.



The blockchain is a revolutionary new technology, and its application will be expanded and reconsidered, and all the difficulties over time should be addressed with the help and guidance of a third party to prevent misuse [90]. Given a well-functioning data environment that gathers, processes, and shares TCA input data, analytical tools can perform predictive and descriptive analysis.



It is recommended that the academic and business worlds work together more intensively to deal with the current TCA and IT challenges.



All the implementation barriers should be more extensively studied, and it might be important to link all these barriers to the wider available literature on barriers to sustainability practices i.e., of the circular economy and its barriers as studied by Galvão et al. They adopted bibliometric research and identified barriers in 6 groups: technological, policy and regulatory, financial, and economic, managerial, performance indicators, customers and social [91]. These themes can be used as an umbrella for the implementation barriers identified in TCA. The lack of collaboration and standardisation is related to the policy, regulatory and managerial barriers; the financing hurdle relates to the financial and economic barrier, and the lack of advanced technologies is a technological barrier. This understanding of implementation barriers from broader literature helps study TCA implementation in a broader context.




4.5. Future Research


Besides the recommendation to focus on the literature on the implementation barriers, it is important to dive into establishing protocols for all different types of energy production costs. It is helpful to attempt to collaborate with practitioners to establish a protocol on how to share the relevant TCA input data and in which format. Furthermore, it is important to dive further into the social impact assessment and what role big data could play here. Ethical considerations concerning human rights should be at the bottom of how society, companies, and the environment relate to each other. Much research has already been done on quantifying social values [92,93].



TCA literature should go even further by attaching monetary values to social impacts since that would lead to a better weighting and comparison in all three dimensions and between organisations. At last, it might be helpful in the future to enable the experts within the panel to interact with each other. This would create a different interview dynamic where disciplines come together to search for answers.




4.6. Strengths and Limitations


This research approached a whole new field of research by applying big data, AI, and blockchain technologies into True Cost Accounting combining academic and practitioners’ disciplines. Due to its experimental nature, it was important to interview experts from many different relevant research fields. This research was multidisciplinary and internationally oriented since local and top experts participated from the Dutch, Polish, and German energy markets. However, more research is needed. Given the exploratory nature of this study, this study was mainly about providing new insights to TCA literature, i.e., the potential for big data and blockchain applications to cope with complexity, timeliness, and accuracy.



A limitation here might be that when looking at the respondents’ insights, one participant showed a contrasting opinion by mentioning that TCA should include ethical consideration before “letting big data loose on it”. Other respondents showed enthusiasm about big data’s potential for TCA. This might bias the results, and in future research, more critical experts should be engaged.





5. Conclusions


The study categorized the TCA challenges into complexity, accuracy, timeliness, and a fourth group of challenges emerged under “implementation”. The study reviewed the current use of big data, AI, and blockchain in accounting literature in answering the research question: What is the current use of big data in management accounting?



The study explored an innovative idea of adopting IT to cope with the TCA challenges. It used an innovative, multidisciplinary, and multinational approach to collect opinions from a diverse group of relevant stakeholders, IT specialists, sustainability and energy experts, and accountants in the European energy market; specifically the Netherlands, Germany, and Poland. It showed ready-to-use technical feasibility of big data infrastructure that measures the TCA impacts, analyses the data, identifies patterns, allocates costs to cost objects, and reduces negative challenges. Simultaneously, it identified barriers concerning financing, and potential standardisation of TCA practices as issues to be solved before the real adoption can start. Although blockchain technology enables creating protocols for all types of energy production costs and assures secure, accurate data sharing between all involved parties, the essential implementation throughout the whole chain, including policy levels, was perceived as most challenging. The study contributes to the literature by categorizing the challenges in TCA application for energy production and presenting. the readiness potential for big data, AI and blockchain to tackle those TCA challenges. Furthermore, it reveals the need for cooperation between accounting and technical disciplines to enable the energy transition. Future research should further explore the implementation barriers, especially the cooperation aspects and establish protocols for blockchain applications to ease the big data TCA application.
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Table A1. Description of the true costs in the cost price of energy generation.






Table A1. Description of the true costs in the cost price of energy generation.





	Types of Costs
	Description of the Cost





	Installation costs
	Capital costs encompass all investment cost, refurbishment, assembly, decomposing, and financing costs in an LCOE measure (Samadi, 2017)



	Fuel costs
	The price of the fuel used for the energy in the LCOE measure



	Non-fuel operation and

maintenance costs
	Non-fuel operations encompass all fixed costs such as wages, insurance, equipment, maintenance costs and variable costs at the power plant via an LCOE measure (Samadi, 2017)



	Grid costs
	Grid costs can be defined as the extra costs in the transmission and distribution system when power generation from a new plant is integrated into that system (Holttinen et al., 2011).



	Balancing costs
	The central system operator of the grid, who ensures a stable operation of the energy supply and demand, manages the electrical systems to compensate for unplanned short-term fluctuations in the electricity supply and demand by contracting sufficient reserves ahead of time (Samadi, 2017). This holding of reserves to deal with added flexibility to the grid is being regarded as balancing costs (Mattman et al., 2016).



	Profile costs
	Profile costs are additional specific capital and operational costs that the energy production from a new plant may cause in the residual electricity system. The extra costs due to the overproduction of renewable energy generation systems are considered to be profile costs (Samadi, 2017)



	GHG emission costs
	GHG emissions contribute to global warming and thus lead to damages for the society in tackling climate change. The carbon cost for society is used here, reflecting the GHG emission in the energy generation process.



	Air pollution
	The extraction, transportation and conversion of fossil fuels lead to the release of several forms of pollutants into the environment, such as SO2, NOx, NMVOC, NH3, fine particles, Cd, As, Ni, Pb, Hg, Cr, Formaldehyde, Dioxin (Samadi, 2017). They affect the air, water, and soil quality, which affects the health of humans, crops, building materials and the natural environment.



	Landscape and noise impacts
	The welfare of people is affected by the visual appearance of the power plant, landscape changes or the noise the power plant generates (Samadi, 2017). The valuation of properties may be negatively impacted after changes in the use of the land.



	Impacts on biodiversity
	Impacts on ecosystems can be in the form of damage to land, plant life or animals. When the damage affects the ability of a plant or an animal species to survive is threatened, biodiversity may be reduced (Epstein et al., 2011).



	Employment benefits
	Employment will create economic and social benefits for employees, and the government has less cost of unemployment.



	Upstream costs
	The upstream costs result from the extraction of natural resources (Greenstone & Looney, 2012). Here, upstream activities for operating the power plant have been considered. For the extraction of the resources and production of the required materials for the power plants, much energy is needed, and GHG is emitted (Jensen, 2019). During the transport of the resources and the construction of the power plants, energy use and CO2 emission are inevitable.



	Downstream costs
	The costs of the nonrecyclable components of the power plant could be taken into consideration as downstream costs since the nonrecyclable waste streams may affect future generations (Shokrieh & Rafiee, 2020; Jensen, 2019)

Source: [16,24,94,95,96,97,98]
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Table A2. The list of interviewees participating in the research.






Table A2. The list of interviewees participating in the research.





	

	
Name

	
Respondent Field of Expertise

	
Duration and Date of the Interview






	
R1

	
Florin Schürkens

	
Master student at University of Groningen who researched the German energy market

	
04 September 2021: 45 min




	
R2

	
Marco Aiello

	
Expert in application of big data and artificial intelligence, University of Stuttgart

	
12 April 2021:

45 min




	
R3

	
Jeroen Kuper

	
Expert on the application of IT in accounting and control, in the Netherlands

	
13 April 2021: 1.5 h




	
R4

	
Gideon Laugs

	
Expert in system integration in the energy market, Energy academy Groningen

	
14 April 2021:

1 h 45 min




	
R5

	
Victor Ipekoglu

	
Master student at University of Groningen who researched the German energy market

	
17 April 2021:

45 min




	
R6

	
Ruben Bour

	
TCA expert, Deloitte Netherlands

	
28 April 2021:

35 min




	
R7

	
Harmen-Sytze de Boer

	
Expert in Modelling of Climate Change at Planbureau voor de Leefomgeving (PBL) in the Netherlands

	
29 April 2021:

1 h 5 min




	
R8

	
Dick de Waard

	
Prof of Accountancy University of Groningen, Netherlands

	
11 May 2021:

45 min




	
R9

	
Anonymous

	
Expert on blockchain application in the Dutch energy market

	
12 May 2021:

30 min




	
R10

	
Elly Reinierse

	
Expert on evaluation of social impacts of mining activities around the globe, The Hague

	
13 May 2021:

1 h 30 min




	
R11

	
Maciej Maciejowski

	
Expert, implementer in IT and big data, PlanBe Poland

	
13 May 2021: Respondents 11, 12 and 13 were interviewed together in an expert discussion session duration of 1 h 30 min in total




	
R12

	
Agnieszka Maciejowska

	
Expert, implementer in IT marketing, PlanBe Poland




	
R13

	
Justyna Wojcik

	
Expert in carbon footprint and

sustainability, PlanBe Poland




	
R14

	
Anonymous

	
Wind turbine owners from northern Poland.

	
15 June 2021:

5 h




	
R15

	
Anonymous

	
A manager from a company dealing with photovoltaic installation in the southern part of the Masovian Voivodeship.

	
25 June 2021:

2 h 15 min




	
R16

	
Anonymous

	
The energy industry CEO of a large company dealing in energy production, manager in the energy industry with 25 years of experience.

	
12 July 2021:

2 h 30 min








Source: own study.












Appendix C


Cost price calculation from Table 2 in the text was central to discuss costs and see how to come to better cost price calculations. Table A1 Appendix A and Table 2 exhibited in the text were sent to the respondents in advance together with the Interview guide. Infographic served as an icebreaker and a brief explanation of the TCA concept to energy and IT experts.





[image: Energies 15 01089 g0a1 550] 





Figure A1. Infographic overview of externalities in energy production. 
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Thank you for making time for me. I really appreciate it. I want to briefly introduce you to my research topic. Last year I did make a true cost price calculation of energy to see how sustainable energy generation really is. I wanted to include all greenhouse gas emission impacts, air pollution impacts, and landscape impacts to provide a full overview in order to make the comparison between wind and coal energy generation. However, last year I found out that the measurement and valuation of those impacts is challenging and requires expertise from many disciplines than just experts in accounting only, which is my field of discipline. In the energy sectors, many impacts on stakeholders can be identified. An overview of all the impacts is shared with you via the e-mail. The current research aims to explore how big data, AI and maybe blockchain to strengthen the true cost estimations we conducted previously. In the infographic, you see an overview of the impacts of energy generation. The impacts that it has on the air, the nature, the mining areas, the land, the society, and the financing. With that in mind, I wanted to ask you some questions. So let’s start.




	
Complexity



To what degree do you think that energy prices do cover external impacts of energy production?




	-

	
If not, why do you think that is the case or what is the bottleneck?




	-

	
Where do you think the complexity comes from?




	-

	
How do you think current energy prices are determined? What influence does the market, regulation and subsidies have?









What do you know about the impacts of energy generation on:




	
Biodiversity



	
GHG emission



	
Air pollution



	
Landscape and noise impacts.



	
Upstream impacts of all materials used in the process of energy generation



	
System impacts



	
Subsidies and taxation








	-

	
Consequently, what do you know of the measurement/quantification of those impacts (a–g)




	-

	
If the respondent does not know anything on the measurement of the impacts, ask: where would you start in trying to measure the impacts?




	-

	
To what degree do you think that is difficult/ do you experience complexity in a sense that there are different metrics and unit?




	-

	
What would be the ideal situation to measure those impacts? (e.g., what variables do you need?)




	-

	
If you had to value the impacts, where would you start? (e.g., Do you use market values? Do you look at the cost of avoidance? Do you look at the costs needed to restore the damage? Do you look at all the different outputs in the lifecycle assessment and try to attach a value to it?)







What do you know of big data? In what fields?




	-

	
TCA requires input from experts of many disciplines, and large numbers of upstream and downstream processes need to be tracked. How can big data help in reducing the complexity?




	-

	
When applying big data to measure the impacts of energy production. We need a lot of data points in order be able to determine what processes in energy production lead to what impacts and lead to what costs. Where would you start?




	-

	
What information do you need? (e.g., data on actual costs, quantities of elements, conversion of costs, time periods, quality, technical parameters, etc.)




	-

	
Where to find that data or what institutions are available in your country that measure most of the information.




	-

	
Big data is often unstructured. How to make different units of measurement comparable? What techniques are there available to integrate all dimensions into one single monetary unit?




	-

	
Big data can be used to find correlations or forecast costs. How can big data make estimations of the true cost, for example of 1 ton of CO2 emission, better?




	-

	
How would you determine the causality between certain activities and impacts (e.g., How do you assign air pollution due to energy production for example to health? What variables and what correlations do you need?)




	-

	
How can big data help in valuing the impact of energy production on climate change, air pollution, biodiversity loss, landscape and noise impacts, subsidies, upstream impacts, system impacts?




	-

	
How to make sense of those different units of measurement? How can big data help and what techniques are available to compare or integrate the different units (e.g., use of ratio scales in performance measurement?)









Are you familiar with big data and Artificial intelligence?




	-

	
What do you know of AI?




	-

	
In what fields and circumstances?




	-

	
What role can AI play in reducing the complexity of TCA we just discussed?









	
Accuracy



To what degree do you think that subjectivity exist in the valuation of that externalities.




	-

	
How do you think that is possible




	-

	
Where does this subjectivity comes from?)




	-

	
In order to assign impacts to energy generation there should be insight in what emission lead to what climate costs and what air pollution lead to what health costs. So there should be an identification of cause and effect relations. How would you identify such cause and effect relations? What processes lead to what impacts and to what costs?




	-

	
When you look for example at biodiversity, biodiversity is vital for us as human and all the things we grow, it shows that it is difficult to assign a value to the biodiversity services. Can big data or AI play a role in reducing the difficulty?




	-

	
What implication can big data have on the cost estimation and its subjectivity? How would the impact of big data on that estimation work?




	-

	
How can big data and AI contribute? (e.g., focus on prediction of costs? Identification of patterns and cause- and effect chains? Classification of costs?)




	-

	
How can big data provide insight in those cause and effect relationships between for example GHG emission costs and climate change, air pollution and health costs/ loss on crops, placement of a power plant and the noise and landscape impacts? Power plant interferences on biodiversity?









Are you familiar with blockchain? (e.g.,




	-

	
What do you know of Blockchain?




	-

	
How can blockchain be useful to make sure that the data is accurate?)









	
Timeliness



Do you think it is possible to have real time insight in the impacts of energy production?




	-

	
What about the availability of all the data measurement points as discussed earlier?




	-

	
To what degree is data on biodiversity, GHG emission, air pollution, landscape and noise impacts and subsidies and system impacts available in a real time manner?




	-

	
What needs to happen in order to have real time insight in those impacts? (e.g., does it require a whole paradigm shift in measurement?)




	-

	
To what degree is it the same for all types of impacts of energy production? (e.g., is there a differences between the loss on biodiversity, air pollution costs, GHG emission costs, Landscape and noise impacts and subsidies?)









How can big data/ AI / Blockchain helps in providing real time measurements?




	-

	
How can those real time measurement be linked to real time valuation techniques to obtain a real time true cost price calculation.




	-

	
Can it be linked to an external database that contains the valuation of a unit of output from the production?)




	-

	
If you see this model of calculating a true cost price with the help of big data and other technological tools evolving, where might we stand in about 10 years?














Those are all the questions I have for you today. I really want to thank you for your time. I think It was really interesting and helpful to get an insight in your ideas about how to measure sustainable performance of energy production. I can definitely move forward with this. Do you have any questions remaining? Or do you want to come back on anything? I will type out the transcript of this interview and I will send it to you so that you are able to determine whether you agree with it.





References


	



Neofytou, H.; Nikas, A.; Doukas, H. Sustainable energy transition readiness: A multicriteria assessment index. Renew. Sustain. Energy Rev. 2020, 131, 109988. [Google Scholar] [CrossRef]

	



ÓhAiseadha, C.; Quinn, G.; Connolly, R.; Connolly, M.; Soon, W. Energy and climate policy—An evaluation of global climate change expenditure 2011–2018. Energies 2020, 13, 4839. [Google Scholar] [CrossRef]

	



Gielen, D.; Boshell, F.; Saygin, D.; Bazilian, M.D.; Wagner, N.; Gorini, R. The role of renewable energy in the global energy transformation. Energy Strategy Rev. 2019, 24, 38–50. [Google Scholar] [CrossRef]

	



Lupi, V.; Candelise, C.; Calull, M.A.; Delvaux, S.; Valkering, P.; Hubert, W.; Sciullo, A.; Ivask, N.; van der Waal, E.; Iturriza, I.J.; et al. A Characterization of European Collective Action Initiatives and Their Role as Enablers of Citizens’ Participation in the Energy Transition. Energies 2021, 14, 8452. [Google Scholar] [CrossRef]

	



Nicolas, C.; Tchung-Ming, S.; Bahn, O.; Delage, E. Robust Enough? Exploring Temperature-Constrained Energy Transition Pathways under Climate Uncertainty. Energies 2021, 14, 8595. [Google Scholar] [CrossRef]

	



Wang, X.; Wang, L.; Chen, J.; Zhang, S.; Tarolli, P. Assessment of the External Costs of Life Cycle of Coal: The Case Study of Southwestern China. Energies 2020, 13, 4002. [Google Scholar] [CrossRef]

	



Bonou, A.; Laurent, A.; Olsen, S.I. Life cycle assessment of onshore and offshore wind energy-from theory to application. Appl. Energy 2016, 180, 327–337. [Google Scholar] [CrossRef]

	



Giehl, J.; Göcke, H.; Grosse, B.; Kochems, J.; Müller-Kirchenbauer, J. Survey and classification of business models for the energy transformation. Energies 2020, 13, 2981. [Google Scholar] [CrossRef]

	



Ang, B.W.; Mu, A.R.; Zhou, P. Accounting frameworks for tracking energy efficiency trends. Energy Econ. 2010, 32, 1209–1219. [Google Scholar] [CrossRef]

	



Brodny, J.; Tutak, M. Assessing the level of digitalization and robotization in the enterprises of the European Union Member States. PLoS ONE 2021, 16, e0254993. [Google Scholar] [CrossRef]

	



Castelo-Branco, I.; Cruz-Jesus, F.; Oliveira, T. Assessing Industry 4.0 readiness in manufacturing: Evidence for the European Union. Comput. Ind. 2019, 107, 22–32. [Google Scholar] [CrossRef]

	



Cuckston, T. Bringing Tropical Forest Biodiversity Conservation into Financial Accounting Calculation. Account. Audit. Account. J. 2013, 26, 688–714. [Google Scholar] [CrossRef]

	



D’Onza, G.; Greco, G.; Allegrini, M. Full cost accounting in the analysis of separate waste collection efficiency: A methodological proposal. J. Environ. Manag. 2016, 167, 59–65. [Google Scholar] [CrossRef] [PubMed]

	



Bebbington, J.; Larrinaga, C. Accounting and sustainable development: An exploration. Account. Organ. Soc. 2014, 39, 395–413. [Google Scholar] [CrossRef]

	



Zgrzywa-Ziemak, A. Towards Reporting for Sustainable Development. In Efficiency in Business and Economics; Dudycz, T., Osbert-Pociecha, G., Brycz, B., Eds.; Springer: Berlin/Heidelberg, Germany, 2018; pp. 293–309. [Google Scholar] [CrossRef]

	



Epstein, P.R.; Buonocore, J.J.; Eckerle, K.; Hendryx, M.; Iii, B.M.S.; Heinberg, R.; Clapp, R.; May, B.; Reinhart, N.L.; Ahern, M.M.; et al. Full cost accounting for the life cycle of coal. Ann. N. Y. Acad. Sci. 2011, 1219, 73–98. [Google Scholar] [CrossRef]

	



Jasinski, D.; Meredith, J.; Kirwan, K. A comprehensive review of full cost accounting methods and their applicability to the automotive industry. J. Clean. Prod. 2015, 108, 1123–1139. [Google Scholar] [CrossRef]

	



Wu, X.; Xu, Y.; Lou, Y.; Chen, Y. Low carbon transition in a distributed energy system regulated by localized energy markets. Energy Policy 2018, 122, 474–485. [Google Scholar] [CrossRef]

	



Freedenthal, C. How Green is My Energy Big Factor in Fuel Choice. Pipeline Gas J. 2013, 240, 18–19. [Google Scholar]

	



Bebbington, J.; Gray, R. An Account of Sustainability: Failure, Success and a Reconceptualization. Crit. Perspect. Account. 2001, 12, 557–587. [Google Scholar] [CrossRef]

	



Gee, K.; Burkhard, B. Cultural ecosystem services in the context of offshore wind farming: A case study from the west coast of Schleswig-Holstein. Ecol. Complex. 2010, 7, 349–358. [Google Scholar] [CrossRef]

	



Spangenberg, J.H. Sustainability Science: A review, an analysis, and some emperical lessons. Environ. Conserv. 2011, 388, 275–287. [Google Scholar] [CrossRef]

	



Unerman, J.; Chapman, C. Academic Contributions to Enhancing Accounting for Sustainable Development. Account. Organ. Soc. 2014, 39, 385–394. [Google Scholar] [CrossRef]

	



Samadi, S. The Social Costs of Electricity Generation—Categorising Different Types of Costs and Evaluating Their Respective Relevance. Energies 2017, 10, 356. [Google Scholar] [CrossRef]

	



Bosma, P. True Cost Accounting in Wind Energy and Coal-Fired Energy Generation in the Dutch Energy Market; University of Groningen: Groningen, The Netherlands, 2020. [Google Scholar]

	



Jerneck, A.; Olsson, L.; Ness, B.; Anderberg, S.; Baier, M.; Clark, E.; Hickler, T.; Hornborg, A.; Kronsell, A.; Lovbrand, E.; et al. Structuring sustainability science. Sustain. Sci. 2021, 6, 69–82. [Google Scholar] [CrossRef]

	



Sullivan, S.; Hannis, M. Mathematics maybe, but not money: On balance sheets, numbers and nature in ecological accounting. Account. Audit. Account. J. 2017, 30, 1459–1480. [Google Scholar] [CrossRef]

	



Maccagnan, A.; Wren-Lewis, S.; Brown, H.; Taylor, T. Wellbeing and society: Towards quantification of the co-benefits of wellbeing. Soc. Indic. Res. 2018, 141, 217–243. [Google Scholar] [CrossRef]

	



Van Den Bergh, J.C.; Botzen, W.J. A lower bound to the social cost of CO2 emissions. Nat. Clim. Change 2014, 4, 253–258. [Google Scholar] [CrossRef]

	



United Nations. The Problem of Lagging Data for Development—And What to Do about It. 2020. Available online: https://www.un.org/en/un-chronicle/persistent-problem-lagging-data%E2%80%94and-what-do-about-it (accessed on 15 February 2021).

	



Müller, H.; Hamilton, D.P.; Doole, G.J. Response lags and environmental dynamics of restoration efforts for Lake Rotorua, New Zealand. Environ. Res. Lett. 2015, 10, 1–12. [Google Scholar] [CrossRef]

	



Knauer, T.; Nikiforow, N.; Wagener, S. Determinants of information system quality and data quality in management accounting. J. Manag. Control. 2020, 31, 97–121. [Google Scholar] [CrossRef]

	



Beard, J.W.; Sumner, M. Seeking strategic advantage in the post-net era: Viewing ERP systems from the resource-based perspective. J. Strateg. Inf. Syst. 2004, 13, 129–150. [Google Scholar] [CrossRef]

	



Richins, G.; Stapleton, A.; Stratopoulos, T.C.; Wong, C. Big data analytics: Opportunity or threat for the accounting profession? J. Inf. Syst. 2016, 31, 63–79. [Google Scholar] [CrossRef]

	



Laudon, J.P.; Laudon, K.C. Management Information Systems: Managing the Digital Firm, 16th ed.; Pearson: London, UK, 2020; pp. 1–648. [Google Scholar]

	



Vasarhelyi, M.A.; Kogan, A.; Tuttle, B.M. Big data in accounting: An overview. Account. Horiz. 2015, 29, 381–396. [Google Scholar] [CrossRef]

	



Liu, G.; Yin, X.; Pengue, W.; Benetto, E.; Huisingh, D.; Schnitzer, H.; Wang, Y.; Casazza, M. Environmental accounting: In between raw data and information use for management practices. J. Clean. Prod. 2018, 197, 1056–1068. [Google Scholar] [CrossRef]

	



Zhang, Y.; Xiong, F.; Xie, Y.; Fan, X.; Gu, H. The Impact of Artificial Intelligence and Blockchain on the Accounting Profession. IEEE Access 2020, 8, 110461–110477. [Google Scholar] [CrossRef]

	



Wang, S.; Ouyang, L.; Yuan, Y.; Ni, X.; Han, X.; Wang, F.Y. Blockchain-enabled smart contracts: Architecture, applications, and future trends. IEEE Trans. Syst. Man, Cybern. Syst. 2019, 49, 2266–2277. [Google Scholar] [CrossRef]

	



Moll, J.; Yigitbasioglu, O. The role of internet-related technologies in shaping the work of accountants: New directions for accounting research. Br. Account. Rev. 2019, 51, 100833. [Google Scholar] [CrossRef]

	



Carlin, T. Blockchain and the journey beyond double entry. Austral. Account. Rev. 2019, 29, 305–311. [Google Scholar] [CrossRef]

	



Amani, F.A.; Fadlalla, A.M. Data mining applications in accounting: A review of the literature and organizing framework. Int. J. Account. Inf. Syst. 2017, 24, 32–58. [Google Scholar] [CrossRef]

	



Esmat, A.; Usaola, J.; Moreno, M. A decentralized local flexibility market considering the uncertainty of demand. Energies 2018, 11, 2078. [Google Scholar] [CrossRef]

	



Wald, A.; Marfleet, F.; Schneider, C.; Gorner, A.; Gleich, R. The Hidden Potential Overhead Cost Reduction: A Study in European Countries. Cost Manag. 2013, 27, 28–38. [Google Scholar]

	



Hämäläinen, E.; Inkinen, T. How to generate economic and sustainability reports from Big Data? Qualifications of process industry. Processes 2017, 5, 64. [Google Scholar] [CrossRef]

	



Chou, J.S.; Cheng, M.Y.; Wu, Y.W.; Tai, Y. Predicting high-tech equipment fabrication cost with a novel evolutionary SVM inference model. Expert Syst. Appl. 2011, 38, 8571–8579. [Google Scholar] [CrossRef]

	



Chou, J.S.; Tsai, C.F. Preliminary cost estimates for thin-film transistor liquid–crystal display inspection and repair equipment: A hybrid hierarchical approach. Comput. Ind. Eng. 2012, 62, 661–669. [Google Scholar] [CrossRef]

	



Dessureault, S.; Benito, R.O. Data mining and activity based costing for equipment replacement decisions Part 1–establishing the information infrastructure. Min. Technol. 2012, 121, 73–82. [Google Scholar] [CrossRef]

	



Kostakis, H.; Sarigiannidis, C.; Boutsinas, B.; Varvakis, K.; Tampakas, V. Integrating activity-based costing with simulation and data mining. Int. J. Account. Inf. Manag. 2008, 16, 25–35. [Google Scholar] [CrossRef]

	



Liu, X.B.; Zhou, S.K.; Meng, Q.N.; Bo, H.G.; Yang, J.P. Activity-based standard cost variance analysis. Comput. Integr. Manuf. Syst. 2012, 18, 1881–1893. [Google Scholar]

	



Tan, K.; Chen, Q.Y.; Ji, H.A. A coevolutionary algorithm for rules discovery in data mining. Int. J. Syst. Sci. 2006, 37, 835–864. [Google Scholar]

	



Shi, H.; Li, W. The integrated methodology of rough set theory and artificial neural-network for construction project cost prediction. Int. Symp. Intell. Inf. Technol. Appl. 2008, 2, 60–64. [Google Scholar]

	



Migliaccio, G.C.; Guindani, M.; Zhang, S.; Ghorai, S. Regression-Based Prediction Methods for Adjusting Construction Cost Estimates by Project Location. In Proceedings of the Annual Conference of the Canadian Society for Civil Engineering, Ottwwa, ON, Canda, 14–17 June 2011. [Google Scholar]

	



Vouk, D.; Malus, D.; Halkijevic, I. Neural networks in economic analyses of wastewater systems. Expert Syst. Appl. 2011, 38, 10031–10035. [Google Scholar] [CrossRef]

	



Chang, P.C.; Lin, J.J.; Dzan, W.Y. Forecasting of manufacturing cost in mobile phone products by case-based reasoning and artificial neural network models. J. Intell. Manuf. 2012, 23, 517–531. [Google Scholar] [CrossRef]

	



Yeh, T.H.; Deng, S. Application of machine learning methods to cost estimation of product life cycle. Int. J. Comput. Integr. Manuf. 2012, 25, 340–352. [Google Scholar] [CrossRef]

	



Deng, S.; Yeh, T.H. Applying least squares support vector machines to the airframe wing-box structural design cost estimation. Expert Syst. Appl. 2010, 37, 8417–8423. [Google Scholar] [CrossRef]

	



Deng, S.; Yeh, T.H. Using least squares support vector machines for the airframe structures manufacturing cost estimation. Int. J. Prod. Econ. 2011, 131, 701–708. [Google Scholar] [CrossRef]

	



Petroutsatou, K.; Georgopoulos, E.; Lambropoulos, S.; Pantouvakis, J.P. Early cost estimating of road tunnel construction using neural networks. J. Constr. Eng. Manag. 2012, 138, 679–687. [Google Scholar] [CrossRef]

	



Kaluzny, B.L.; Barbici, S.; Berg, G.; Chiomento, R.; Derpanis, D.; Jonsson, U.; Shaw, R.H.A.D.; Smit, M.C.; Ramaroson, F. An application of data mining algorithms for shipbuilding cost estimation. J. Cost Anal. Parametr. 2011, 4, 2–30. [Google Scholar] [CrossRef]

	



Chen, S.; He, J. Research on Cost Management System of Distribution Network Construction Projects Based on Data Mining. In Proceedings of the 2012 China International Conference on Electricity Distribution, Shanghai, China, 10–14 September 2012; pp. 1–7. [Google Scholar]

	



Yu, M.C. Multi-criteria ABC analysis using artificial-intelligence-based classification techniques. Expert Syst. Appl. 2011, 38, 3416–3421. [Google Scholar] [CrossRef]

	



Xing, W.; Guo, R.; Petakovic, E.; Goggins, S. Participation-based student final performance prediction through interpretable genetic programming: Integrating learning analytics, educational data mining and theory. Comput. Hum. Behav. 2015, 47, 168–181. [Google Scholar] [CrossRef]

	



Zhou, L.; Lu, D.; Fujita, H. The performance of corporate financial distress prediction models with features selection guided by domain knowledge and data mining approaches. Knowl. Based Syst. 2015, 85, 52–61. [Google Scholar] [CrossRef]

	



Wu, K.J.; Liao, C.J.; Tseng, M.L.; Lim, M.K.; Hu, J.; Tan, K. Toward sustainability: Using Big Data to explore the decisive attributes of supply chain risks and uncertainties. J. Clean. Prod. 2017, 142, 663–676. [Google Scholar] [CrossRef]

	



Kayser, V.; Nehrke, B.; Zubovic, D. Data science as an innovation challenge: From big data to value proposition. Technol. Innov. Manag. Rev. 2018, 8, 16–25. [Google Scholar] [CrossRef]

	



Dai, J.; Vasarhelyi, M.A. Toward blockchain-based accounting and assurance. J. Inf. Syst. 2017, 31, 5–21. [Google Scholar] [CrossRef]

	



Pujari, A.K. Data Mining Techniques, 1st ed.; Universities Press: Hyderguda, India, 2001; pp. 1–284. [Google Scholar]

	



Parise, S.; Iyer, B.; Vesset, D. Four strategies to capture and create value from big data. Ivey Bus. J. 2012, 76, 1–5. [Google Scholar]

	



Hesse, B.W.; Moser, R.P.; Riley, W.T. From big data to knowledge in the social sciences. Ann. Am. Acad. Political Soc. Sci. 2015, 659, 16–32. [Google Scholar] [CrossRef] [PubMed]

	



Ducas, E.; Wilner, A. The security and financial implications of blockchain technologies: Regulating emerging technologies in Canada. Int. J. Can. J. Glob. Policy Anal. 2017, 72, 538–562. [Google Scholar] [CrossRef]

	



Bonsón, E.; Bednárová, M. Blockchain and its implications for accounting and auditing. Meditari Account. Res. 2019, 27, 725–740. [Google Scholar] [CrossRef]

	



Troshani, I.; Janssen, M.; Lymer, A.; Parker, L.D. Digital transformation of business-to-government reporting: An institutional work perspective. Int. J. Account. Inf. Syst. 2018, 31, 17–36. [Google Scholar] [CrossRef]

	



Bhattacherjee, A. Social Science Research: Principles, Methods, and Practices, 2nd ed.; University of South Florida: Tampa, FL, USA, 2012; pp. 1–159. [Google Scholar]

	



Eisenhardt, K.M.; Graebner, M.E. Theory Building from Cases: Opportunities and Challenges. Acad. Manag. J. 2007, 50, 25–32. [Google Scholar] [CrossRef]

	



Babbie, E.R. The Basics of Social Research, 6th ed.; Cengage Learning: Boston, MA, USA, 2014; pp. 1–542. [Google Scholar]

	



Galliers, R.D.; Huang, J.C. The teaching of qualitative research methods in information systems: An explorative study utilizing learning theory. Eur. J. Inf. Syst. 2012, 21, 119–134. [Google Scholar] [CrossRef]

	



Lewthwaite, S.; Nind, M. Teaching research methods in the social sciences: Expert perspectives on pedagogy and practice. Br. J. Educ. Stud. 2016, 64, 413–430. [Google Scholar] [CrossRef]

	



Khan, M.S.; Kausar, M.A.; Nawaz, S.S. Big Data Analytics Techniques to Obtain Valuable Knowledge. Indian J. Sci. Technol. 2018, 11, 14. [Google Scholar] [CrossRef]

	



EC Europa. Renewable Energy Statistics. 2020. Available online: https://ec.europa.eu/eurostat/statistics-explained/index.php/Renewable_energy_statistics (accessed on 24 March 2021).

	



Curry, A. Germany Faces its Future as a Pioneer in Sustainable and Renewable Energy. Nature 2019, 567, S51–S53. [Google Scholar] [CrossRef] [PubMed]

	



Gray, R. Is accounting for sustainabililty actually accounting for sustainability…and how would we know? An exploration of narratives of organisations and the planet. Account. Organ. Soc. 2010, 35, 47–62. [Google Scholar] [CrossRef]

	



Karkour, S.; Ichisugi, Y.; Abeynayaka, A.; Itsubo, N. External-Cost Estimation of Electricity Generation in G20 Countries: Case Study Using a Global Life-Cycle Impact-Assessment Method. Sustainability 2020, 12, 2002. [Google Scholar] [CrossRef]

	



Cockcroft, S.; Russell, M. Big data opportunities for accounting and finance practice and research. Aust. Account. Rev. 2018, 28, 323–333. [Google Scholar] [CrossRef]

	



Groot, T.L.C.M.; Selto, F. Advanced Management Accounting; Pearson: Harlow, UK, 2013. [Google Scholar]

	



Flasher, R.; Luchs, C.K.; Souza, J.L. Sustainability assurance provider participation in standard setting. Res. Account. Regul. 2018, 30, 20–25. [Google Scholar] [CrossRef]

	



Boncompte, M. The expected value of perfect information in unrepeatable decision-making. Decis. Support Syst. 2018, 110, 11–19. [Google Scholar] [CrossRef]

	



van de Schoot, R.; Depaoli, S.; King, R.; Kramer, B.; Märtens, K.; Tadesse, M.G.; Vannucci, M.; Gelman, A.; Veen, D.; Willemsen, J.; et al. Bayesian statistics and modelling. Nat. Rev. Methods Primers 2021, 1, 1. [Google Scholar] [CrossRef]

	



Seele, P. Predictive sustainability control: A review assessing the potential to transfer big data driven ‘predictive policing’ to corporate sustainability management. J. Clean. Prod. 2017, 153, 673–686. [Google Scholar] [CrossRef]

	



Dai, J.; Vasarhelyi, M.A. Imagineering Audit 4.0. J. Emerg. Technol. Account. 2016, 13, 1–15. [Google Scholar] [CrossRef]

	



Galvão, G.D.A.; de Nadae, J.; Clemente, D.H.; Chinen, G.; de Carvalho, M.M. Circular economy: Overview of barriers. Procedia CIRP 2018, 73, 79–85. [Google Scholar] [CrossRef]

	



Mathews, M.R. Social and environmental accounting: A practical demonstration of ethical concern? J. Bus. Ethics 1995, 14, 663–671. [Google Scholar] [CrossRef]

	



Lazcano, L.; San-Jose, L.; Retolaza, J.L. Social Accounting in the Social Economy: A Case Study of Monetizing Social Value. In Modernization and Accountability in the Social Economy Sector; IGI Global: Hershey, PA, USA, 2019; pp. 132–150. [Google Scholar]

	



Holttinen, H.; Meibom, P.; Orths, A.; Lange, B.; O’Malley, M.; Tande, J.O.; Estanqueiro, A.; Gomez, E.; Söder, L.; Strbac, G. Impacts of large amounts of wind power on design and operation of power systems, results of IEA collaboration. Wind Energy 2011, 14, 179–192. [Google Scholar] [CrossRef]

	



Mattmann, M.; Logar, I.; Brouwer, R. Wind Power Externalities: A meta-analysis. Ecol. Econ. 2016, 127, 23–36. [Google Scholar] [CrossRef]

	



Shokrieh, M.M.; Rafiee, R. Fatigue Life Prediction of Wind Turbine Rotor Blades. In Fatigue Life Prediction of Composites and Composite Structures, 2nd ed.; Elsevier: Amsterdam, The Netherlands, 2020; pp. 681–710. [Google Scholar]

	



Greenstone, M.; Looney, A. Paying too much for energy? The true costs of our energy choices. Daedalus 2012, 141, 10–30. [Google Scholar] [CrossRef]

	



Jensen, J.P. Evaluating the environmental impacts of recycling wind turbines. Wind Energy 2019, 22, 316–326. [Google Scholar] [CrossRef]








[image: Energies 15 01089 g001 550] 





Figure 1. True Cost Accounting framework. Source: [20]. 
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Figure 2. Conceptual model. Source: own study. 
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Table 1. Data mining applications within accounting literature.
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	Application of Data Mining Studies in Management Accounting
	Brief Description of the Research





	Esmat et al. (2018)
	Data mining was used to predict customer demand



	Wald et al. (2013)
	Data mining was used to allocate costs to activities more efficiently



	Hämäläinen and Inkinen (2017)
	Data mining was used to reduce emission costs



	Chou et al. (2011)
	Data mining was used for the estimating equipment manufacturing costs



	Chou and Tsai (2012)
	Data mining was used to improve the accuracy of equipment inspection and repair in cost management



	Dessureault and Benito (2012)
	Data mining was used for tracing equipment replacement costs



	Kostakis et al. (2008); Liu et al. (2012)
	Data mining was used in defining drivers in activity-based costs and improving production routing



	Yu et al. (2006); Shi and Li (2008); Miglaccio et al. (2011); Vouk et al. (2011)
	Data mining was used to construct cost management, create neural network systems for a faster and more accurate estimation of the total unit cost of construction, and for operation and maintenance



	Chang et al. (2012)
	Data mining was used to forecast product unit cost



	Yeh and Deng (2012)
	Data mining was used to estimate product life cycle cost



	Deng and Yeh (2010); Deng and Yeh (2011)
	Data mining was used to estimate project design and product manufacturing costs



	Petroutsatou (2012); Kaluzny et al. (2011)
	Data mining was used to develop a project-level cost–control system



	Chen and He (2012)
	Data mining was used to develop a project level cost–estimate system



	Yu (2011)
	Data mining was used to develop ABC classification techniques



	Xing et al. (2015)
	Data mining was used to evaluate and predict educational performance



	Zhou et al. (2015)
	Data mining was used to predict financial distress







Source: [43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64].
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Table 2. True Cost Accounting estimate for wind and coal energy.
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Cost price of Energy Generation in

EUR/kWh.

	
Onshore Wind

	
Offshore Wind

	
Hard Coal

	
Coal with CCS after Combustion






	
Installation costs

	
4.4

	
7.6

	
1.5

	
7.0




	
O&M costs

	
1.0

	
2.0

	
0.8

	
1.0




	
Fuel costs

	
0.0

	
0.0

	
2.0

	
2.0




	
Sum of plant-level costs (a)

	
5.4

	
9.6

	
4.3

	
10.0




	
Grid costs

	
1.0

	
1.0

	
0.5

	
0.5




	
Balancing costs

	
0.3

	
0.3

	
0.0

	
0.0




	
Profile costs

	
1.5

	
1.5

	
0.0

	
0.0




	
Sum of system costs (b)

	
2.8

	
2.8

	
0.5

	
0.5




	
GHG emissions costs

	
0.1

	
0.09

	
7.11

	
2.34




	
Air pollution costs

	
0.07

	
0.07

	
1.37

	
1.47




	
Landscape and noise impacts

	
0.9

	
0.08

	
<0.1

	
<0.1




	
Loss on biodiversity

	
Data not available

	
0.2

	
0.3




	
Employment benefits

	
(<0.01)

	
(<0.01)

	
(<0.01)

	
(<0.01)




	
Upstream costs of materials and construction

	
0.45

	
0.45

	
1.9

	
1.9




	
Cost of nonrecyclable materials

	
0.0000015

	
0.0000015

	
<0.0000015

	
<0.0000015




	
Sum of all quantifiable external costs (c)

	
1.53

	
0.7

	
10.6

	
5.6




	
Sum of all quantifiable costs (a+b+c)

	
9.73

	
13.1

	
15.4

	
16.1




	
Year

	
2019 S1

	
2019 S2

	
2020 S1

	
2020 S2




	
Energy market prices in the Netherlands EUR /kWh (Statista, 2021)

	
20.52

	
20.55

	
14.27

	
13.61




	
Market prices energy in Germany (Statista, 2021)

	
30.88

	
28.78

	
30.43

	
30.06




	
Market prices energy in Poland (Statista, 2021)

	
13.43

	
13.76

	
14.75

	
15.71








Source: own calculations.
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Table 3. TCA complexity and solutions.
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	Result
	Challenge
	Solution
	Result





	(…) thousands of indicators that all interrelate (…) R10
	Large number of interrelated indicators
	Technology is available. Data can be stored in data centres; AI used to detect patterns, blockchain secures
	(…) having large amounts of data is crucial for the evaluation of the whole situation (…) R3

(…) The technologies are already there. (…) R4, R11





	(…) we compared 30 to 40 different metrics (…) R2
	Common standard
	AI detects patterns can serve as standard development
	(…) we have a lot of artificial intelligence that can detect patterns very well, and we can visualize data very nicely (…) R4, R11



	(…) It is hard to consider the whole chain in the life cycle since something can have almost no impact in the direct environment, but a huge impact elsewhere (…) R4

(…) You have to be an expert in all areas. Everything comes together in such a study (…) R7
	Cooperation throughout the life cycle /supply chain
	Sharing data would potentially ease cooperation. Blockchain would
	No direct support in the data found; data sharing is an issue.



	(…) In order to comprehend something like biodiversity loss, it is difficult to see how a population develops, and that is cost-intensive (…) R3

(…) These all are sub-topics that are all in-depth and time-consuming (…) R5
	Manual data collection is costly due to human resource and time consumption
	Sensors connected to a blockchain system
	(…) sensing is becoming cheaper and cheaper (…) R2

(…) Automated cost systems process a large amount in a short time. (…) R3







Source: own study.
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Table 4. TCA accuracy and solutions.
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	Result TCA
	Challenge
	Solution
	Result IT





	(…) In many cases, there are impacts that cannot be expressed in CO2 equivalents.

(…) life expectancy, child mortality and human development index are typically things that are not really monetary (…) R7
	Uncertain estimations
	AI modelling
	(…) Technically, you can model each little step of it, and I think you can come up with pretty precise models (…) R2



	(…) Impacts can occur in 10 years or 100 years, so there is always an uncertainty range here. (…) R5

(…) This gives a lot of data problems since data is often not available (…) R6
	Data unavailable
	Data mining
	(…) I believe this information is not available in real time. I use this information ex post. (…) R16



	(…) It is difficult to predict future climate change policies and whether or not countries will stick to the climate agreements. A value, therefore, is never definite, and it is constantly subject to changes (…) R5
	Fluctuating values
	Identifying relationships through AI modelling
	(…) If you caught those parts in a well-defined causal relation with triggers and conditions, then a computer is able to forecast (…) R4



	(…) If data is collected manually, they have a low credibility (…) R11–13

(…) Everything is built on assumptions and proxies (…) R5

(…) Currently, there is a great deal of subjectivity in assessing externalities, biodiversity, etc. R16
	subjective character
	Objectivity inherent in the blockchain
	(…) Blockchain is perfect for getting verifiable data. Given ten different categories of costs, you also have ten different protocols and foundations that verify those numbers. (…) R9

(…) If everyone uses the same protocol, data can be exchanged uniformly and verified (…) R9



	(…) I haven’t seen those social values on your list yet. But if you leave it out, you take the heart out of the system. So, my advice is put them in (..) R10
	Ethical quantification of social impacts
	Data streams to develop definitions
	(…) data streams and the democratisation of data, i.e., making this data available allows socially to simplify and show the effects of an action: that something good or bad (…) R11–13







Source: own study.
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Table 5. TCA timeliness and solutions.
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Result TCA

	
Challenge

	
Solution

	
Result IT






	
(…) data from 2014 and here is a study from 2016 and together you arrive at this number (…) R9



	
Time lag in TCA process

	
IoT sensors and data mining models

including immediate processing

	
(…) The IoT devices that we have, and sensing that we have, absolutely allow to get real-time measurements (…) R2

(…) The input data can be measured in real time via sensors and IoT devices. I do not believe that the human can use it directly. So, you need an immediate processing (…) R2




	
(…) It does depend on what is being measured. For example, CO2 emissions and nitrogen are already being measured in real time. (…) R5

	
Time lag in data availability




	
(…) I believe that aggregate data influences long-term decisions, i.e., investments. Real data is needed, e.g., when the level of pollution is close to the maximum, harmful to people, then we should be able to make decisions and take action fast, to change the source. (…) R16

	
Data in different metrics appear in different timeframes

	
Standardisation of data models

	
(…) You can report on it, in a calculation model, in every time frame window or even live, provided that you have standardized it. That is really important here (…) R4, R11




	
(…) I wonder how much the data collected here and now delivers to us versus the data aggregated after a quarter or half a year or a year. I believe that aggregate data influences long-term decisions, i.e., investments. (…) R16

	

	

	
(…) Here, the analysis in the real state makes sense, certain things at the level of companies can be arranged and optimized in this way (…) R16








Source: own study.
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