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[bookmark: _Toc228218218]Executive Summary
This report offers strategic advice to Siemens AG, a world-leading technology company based in Munich, Germany, with a presence in more than 190 countries across the industrial automation, smart infrastructure, mobility, and healthcare technology sectors. This is a component of an RFD Global internship application. The argument advanced is that artificial intelligence is no longer a technology layer at Siemens that can be added to its products and services - it is the organising principle that underpins product and service development, manufacturing and delivery. Responsibly managing this transition is a moral, economic and regulatory imperative.
The report uses Porter's Five Forces, Porter's Diamond of National Advantage and a PESTLE analysis to assess Siemens' operating environment in the United Kingdom and Germany/EU. The key challenges are identified as the distinctive governance challenges of the integration of the operational technology (OT) and information technology (IT) environments; the regulatory obligations of the EU AI Act for AI in critical infrastructure; and the cultural and organisational aspects of implementing AI governance across a 312,000-person workforce. The report recommends a staged roll-out plan to develop credible and verifiable AI governance that will see Siemens become a world leader in responsible industrial AI.
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[bookmark: _Toc228218219]1. Introduction
This report has been developed for RFD Global, a global consultancy focused on economic, regulatory and policy issues affecting global enterprises. The aim is to provide strategic and governance advice on the impact of artificial intelligence on Siemens AG, a multinational conglomerate based in Munich, Germany, specialising in technology and industrial automation. The analysis is focused on two key regulatory regions: the UK, where Siemens has major engineering, infrastructure and railway businesses; and the European Union (EU), with Germany as its home country. These jurisdictions are considered in concert because the post-Brexit regulatory divergence between UK and EU AI governance frameworks gives rise to particular dual regulatory compliance considerations that are pertinent to Siemens' strategic considerations.
In FY2024, Siemens recorded revenues of €75.9 billion and had a global workforce of around 312,000 in the divisions of Digital Industries, Smart Infrastructure, Mobility and Siemens Healthineers (Siemens AG, 2024). It has a non-incremental approach to AI. The company's $10 billion (approximate) acquisition of Altair Engineering in 2024 - Siemens' largest ever - is explicitly positioned as a wager on industrial software with AI capabilities as the organising framework in its future business model. The Industrial Copilot, a collaboration with Microsoft Azure, is used by some 120,000 engineers (Microsoft Source, 2024). The digital twin initiative for the Nanjing plant increased production by 200%. These are not demonstrations, but real-world deployments.
The regulatory environment for this use is rapidly evolving. The EU AI Act (European Parliament, 2024) classifies AI used in critical infrastructure as high risk, requiring conformity assessment, testing for bias, technical documentation and human oversight, and full enforcement from August 2027. In the UK, the pro-innovation regulatory setting (UK Government, 2023) is principles-based, more flexible but also less certain - a different approach that is discussed in detail in Section 2.2. The role of AI within the broader industrial sector is highlighted by McKinsey and Company (2023) who report that generative AI is creating new competitive structures in what were once capital-intensive industries, changing the entry rules and competition rules for existing industries. This report considers how Siemens might adapt to this new environment.


[bookmark: _Toc228218220]2. Analytical Findings
[bookmark: _Toc228218221]2.1 Market Power and the Competitive Frontier: Porter's Five Forces
Based on the analysis of the AI market of the industrial sphere using Porters Five Forces (Porter, 1979), it is possible to note that the competitive order is stable in its property and dynamic in its technology. The arrival of AI as a major attribute of competitive advantage has enhanced competitive rivalry among incumbents - Siemens, ABB, Honeywell and Rockwell Automation. According to English and Fascinari (2026), the introduction of AI has become a sixth competitive force, transforming the industry organization in ways that are not expected. The acquisition of Altair Engineering by Siemens is also a strong indication of such restructuring: the combination of AI-based simulation and computational science characteristics will allow Siemens to establish competitive advantages that are hard to develop based on manufacturing investments.
Barriers to new entrants in industrial technology have traditionally been high due to capital intensity, safety, quality certification and skill requirements. AI has created a new entrant type however: pure-software AI and cloud hyperscalers that partner with industrial firms to supply AI capabilities without operational risk. McKinsey and Company (2023) report this shift, stating that generative AI is creating new industrial competitive structures in capital-intensive industries. Buyer power is concentrated among large manufacturing and infrastructure customers in their preference for AI safety and regulatory certification in procurement. Szadeczky and Bederna (2025) contend that in critical AI applications, governance quality has become a buyer criterion. Supplier power is high for specialised AI experts and cloud computing. Still, the risk of substitution is increasing with open-source industrial AI platforms, albeit with significant safety certification switching costs.

[bookmark: _Toc228218222]2.2 Reading the External Environment: A PESTLE Analysis
A formal PESTLE analysis is useful for Siemens as the firm operates across regulatory, sector and cultural boundaries (Belsare, 2025). Miller (2023) observes that the importance of the PESTLE analysis in AI strategy is to convert external factors into actionable information - between immediate compliance requirements vs strategic opportunities. Table 1 maps the PESTLE dimensions in Siemens' AI environment. The narrative below expands on the two dimensions with immediate strategic impact.

Table 1: PESTLE Analysis of Siemens AG's AI Environment (Source: Self-made)
	Factor
	Macro-Environmental Driver
	AI Risk or Strategic Opportunity for Siemens

	Political
	EU AI Act (European Parliament, 2024) now in force; UK pro-innovation regulation (UK Government, 2023); German Industrie 4.0 government backing; geopolitical pressures on technology supply chains
	High-risk classification of safety-critical AI creates mandatory compliance obligations in the EU; UK-EU regulatory divergence post-Brexit means Siemens must manage dual compliance architectures across British and continental operations, each with distinct institutional expectations

	Economic
	Global industrial AI market projected to expand at 13.5% CAGR to 2030; Siemens generated €75.9 billion revenue in FY2024 (Siemens AG, 2024); Altair Engineering acquisition for approximately $10 billion signals software-first competitive repositioning
	AI investment delivers economic efficiency through reduced downtime and optimised production; capital intensity of AI governance infrastructure reinforces the incumbent advantage of established players like Siemens over smaller industrial competitors

	Social
	Workforce displacement concerns from automation; skills gap in AI-literate engineering talent; growing stakeholder expectations around responsible AI; cross-cultural variation in worker attitudes towards AI-assisted decision-making
	Siemens' DEGREE commitment to employability — averaging 27 digital learning hours per employee in 2024 (Siemens, 2024a) — addresses social licence risk; Hofstede (2011) highlights that German high uncertainty avoidance and UK lower scores require culturally differentiated workforce AI communication strategies

	Technological
	Industrial Copilot deployed across 120,000 engineering users with Microsoft Azure (Microsoft Source, 2024); digital twin programme at Nanjing achieving 200% capacity gains; Industrial Foundation Model in development
	OT-IT convergence creates new data governance obligations and cybersecurity vulnerabilities; black-box AI in safety-critical contexts raises explainability challenges that current XAI methods do not fully resolve (Rosati et al., 2022)

	Legal
	EU AI Act classifies AI in critical infrastructure as high-risk (European Parliament, 2024); GDPR data governance obligations on training datasets; NIS2 cybersecurity directive for industrial systems; UK GDPR post-Brexit divergence
	Fines of up to 7% of global annual turnover for non-compliance (PricewaterhouseCoopers, 2024) make regulatory risk a board-level financial concern; conformity assessment, bias testing and human oversight requirements apply to safety-critical AI systems

	Environmental
	CSRD sustainability disclosure requirements; EU Green Deal industrial targets; Siemens' net zero commitment for operations by 2030 and value chain by 2050 (Siemens AG, 2025b)
	AI-enabled energy optimisation delivers ESG benefits — Siemens' technologies helped customers avoid 694 million metric tonnes of CO₂e cumulatively to 2025; AI training infrastructure energy intensity must be transparently disclosed (Nica, Chiriță and Georgescu, 2025)



.The legal aspect should be given particular consideration since it has the most tangible and immediate compliance requirements. PricewaterhouseCoopers (2024) breaks down the EU AI Act in its entirety, emphasizing that the data governance (Article 10) and transparency (Article 13) requirements are a major compliance burden on industrial developers of AI systems whose systems fall on the OT-IT interface. Bolgouras et al. (2025) puts the broader EU regulatory framework in context - indicating that the AI acting, the General Data Protection Regulation (GDPR) and the Network and information security 2 (NIS2) cybersecurity regulations impose interdependent requirements on the companies, such as Siemens, whose AI systems handle personal data, which are located in critical infrastructure and are deployed in many of the EU member states.
Politically, a specific study on the UK and EU is needed. The pro-innovation approach taken by the UK Government (2023) is quite specific in staying silent on specific regulations, which lets companies operate with AI at will, but also creates a regulatory vacuum which some industrial buyers might struggle to navigate. This contrasts with the prescriptive, risk-based approach of the EU AI Act. This suggests two things to Siemens, which must comply with both regulatory regimes: EU-bound AI systems would have to go through formal conformity assessment and receive CE marking; UK-bound AI systems would be governed by principles that are not currently prescriptive, but may become more prescriptive as the FCA and other UK regulators revise their AI guidance post-2025. Cannas et al. (2023), studying AI in multiple industrial case study organisations, report that firms operating in multiple regulatory regimes consistently report that regulatory diversity is a greater governance cost component than the burden of any one regime. In the case of Siemens' engineering and railway systems in the UK, this means compliance processes that meet EU standards even for systems that only operate in the UK, because the cost savings of having only one global standard that can be used everywhere outweighs the marginal cost of having multiple standards.
[bookmark: _Toc228218223]2.3 From Munich to the World: Porter's Diamond and German Industrial Advantage
Porter's Diamond of National Advantage (Porter, 1979) explains why Germany has given birth to world-leading industrial technology companies, and why Siemens is well placed to take the lead in industrial AI. Vlados (2019) offers a strong theoretical discussion of the diamond model, and argues that Germany is emblematic of Porter's argument that competitive advantage is "made" rather than "born" - that engineering excellence is nurtured by institutional investment rather than factor endowments. The Review, H.E. (2024) Porter framework analysis of Germany is a good place to start. Still, the diamond analysis here is triangulated with primary company sources and academic research on supply chain and governance to avoid over-reliance on a single secondary source.
Germany's factor conditions for industrial AI are indeed "world class". The dual vocational education system provides engineers with industrial knowledge that can be readily applied to industrial AI - a skills combination that technology companies from outside the sector take time to develop. Siemens' R&D outlay totalled €6.2 billion in FY2023, with a focus on simulation and digital twins, data analytics and AI, connectivity and edge computing, and cybersecurity (Siemens AG, 2024). The new €100 million Siemens Technology Centre near Munich, with more than 1,000 R&D experts working on AI and data analytics, is a proactive upgrade of advanced factor conditions that cannot be mimicked by competitors through capital investment. Barney (1991) confirms resources that create sustainable competitive advantage must be valuable, rare, inimitable and non-substitutable; Siemens' mix of engineering domain expertise, proprietary industrial data and co-built AI solutions with Microsoft and NVIDIA both passes these tests.
The element of demand conditions is also strong. Car companies, chemicals and infrastructure utilities are the German industrial customers of Siemens, who are some of the most advanced in terms of using industrial technologies. According to the Review, H.E. (2024), this technical home market traditionally motivated German industrial companies to possess better technical performance and safety standards. In the case of AI playbook of Siemens, its advanced domestic customers are already demanding AI technology which not only works, but also safe and controllable, compelling the AI governance strategy of Siemens to be in tandem with this expectation and hence offering an initial advantage in the regulatory compliance wars in the international markets.
The dimension of related and supporting industries is important in the era of AI The German industrial ecosystem - automotive suppliers, chemicals, precision engineering and research universities - is a place of testing and innovation partner of Siemens. According to Cannas et al. (2023), the companies that are part of ecosystems embrace AI technologies significantly better than companies that experiment with AI alone. One such partnership is that of Siemens with NVIDIA, Microsoft and AWS. Company strategy, structure and competition - intense local competition with Bosch, local German operations and engineering software companies of ABB - provides the last spark, requiring innovation as opposed to platform dependency.
[bookmark: _Toc228218224]2.4 Where Steel Meets Silicon: OT-IT Convergence and AI Risk
The most distinctive of AI risk at Siemens - and the point where it differs with a bank or pharmaceutical - is the physical effect of system failure. Hardware and software used to program and monitor industrial processes: programmable logic controllers, SCADA systems and robots, are known as operational technology (OT). These systems were constructed decades ago to be reliable, safe and isolated - not to be connected to internet-linked AI systems. These dynamic operational environments are meeting the information technology environments with the Industrial Internet of Things, which introduces new governance responsibilities that are not handled by the conventional IT risk management.
Liu et al. (2025) examine this convergence in detail, stating that there are five interconnected domains (communication, IT support to OT, human centricity, advanced industrial control systems and cybersecurity) and management of risks in the five domains is a governance. In the case of Siemens, whose Industrial Copilot and digital twins solutions operate at this OT-IT interface, every AI suggestion to an engineer in the manufacturing line may have an impact on the real world that AI in financial services cannot.
Predictive maintenance is one such risk example. Rakholia et al. (2025) explain how predictive maintenance is a key element of Industry 4.0 smart manufacturing, facilitating real-time failure prediction using IoT data collection and machine learning models. A systematic review of models and methods by Abdelhafid, Anwar and Mustapha (2026) verifies that unplanned downtime in industrial sectors is estimated to cost the world economy nearly half a trillion US dollars a year, making the case for AI investment attractive. But Rosati et al. (2022), in an industrial case study, show that predictive maintenance AI continues to struggle with issues related to data quality, model explainability and integration that "accuracy" measures don't reveal. When models are faced with edge cases and out-of-distribution failure modes they can be highly confident but wrong - a failure mode that could be catastrophic in safety-critical applications. This is borne out in Ayvaz and Alpay (2021), who show that while machine learning algorithms perform significantly better than traditional preventive maintenance on benchmark datasets, they perform significantly worse in new operating conditions.
Digital twins take the technology and the governance challenge further. Dai et al. (2025) report AI-digital twin integration transforming manufacturing processes through real-time monitoring, predictive maintenance and process optimisation. Nguyen et al. (2025) offer a review across hierarchical manufacturing levels, which confirms the transformational potential but also state that explainability of digital twin AI components is technically difficult. Hu et al. (2024) locate this within the evolution of intelligent manufacturing and suggest that the shift to AI-based digital twin systems demands a governance framework adaptable to evolving capabilities. Tao et al. (2022) lay the technical foundations of the digital twin modelling concept, which forms the conceptual basis for understanding how it creates accountability considerations. A systematic review of the literature on smart manufacturing AI by Ramzan and Recupero (2025) also confirms that the lack of human-technology collaboration and data scarcity remain the biggest barriers to the deployment of reliable industrial AI - insights that underpin the design recommendations for governance in Section 3.
[bookmark: _Toc228218225]2.5 The Governance Gap: Data Ethics, Regulatory Compliance and Trust
At the core of Siemens' AI governance problem lies a key tension. Strategic advantage is gained by using AI at scale and speed in a wide range of industrial applications. Regulatory and ethical considerations demand that this be done responsibly, transparently, and with documented accountability. These are not distant goals, but do require institutional design to be pursued in parallel. Table 2 compares Siemens' existing governance arrangements with the regulatory and industrial stakeholders' obligations, highlighting the gaps that the implementation plan presented in Section 3 aims to address.

Table 2: AI Governance Maturity Assessment - Siemens AG: Current vs Target State (Source: Self-made)
	Governance Dimension
	Current State (2025)
	Target State (2027+)
	Key Gap and Action Required

	Board-Level AI Accountability
	ESG criteria embedded in executive compensation; Supervisory Board monitors sustainability and digital risk
	Dedicated AI Risk Committee with board reporting; named senior AI governance officer
	Formalise AI risk as a distinct category within enterprise risk framework alongside financial and operational risk

	AI Ethics Framework
	Internal AI Principles documented; Industrial Copilot governed by internal guidelines
	Published, externally verified AI Ethics Charter aligned with NIST AI RMF and EU AI Act obligations
	Current principles lack external verification; third-party ethics review required to build stakeholder trust (Leslie, 2019)

	OT Data Governance
	IT-standard data governance applies to software AI; OT-specific data governance policies still developing
	Unified OT-IT data governance standard covering training data quality, access controls and lineage documentation
	OT environments have historically lacked IT-standard data governance; Bolgouras et al. (2025) identify this as the most common EU AI Act compliance gap in industrial organisations

	Workforce AI Literacy
	27 digital learning hours per employee annually (Siemens, 2024a); general AI fluency programmes in place
	Role-specific AI governance training for engineers, operators, managers and compliance staff
	General literacy does not guarantee governance competency; domain-specific training required for safety-critical AI contexts (Hofstede, 2011)

	Regulatory Compliance Readiness
	EU AI Act self-assessment activities under way; high-risk AI system inventory in progress
	Documented conformity assessment for all high-risk systems by August 2027; proactive engagement with EU AI Office
	Voluntary early compliance ahead of August 2027 mandatory deadline provides both competitive and reputational advantage (European Parliament, 2025)



At the core of Siemens' AI governance problem lies a key tension. Strategic advantage is gained by using AI at scale and speed in a wide range of industrial applications. Regulatory and ethical considerations demand that this be done responsibly, transparently, and with documented accountability. These are not distant goals, but do require institutional design to be pursued in parallel. Table 2 compares Siemens' existing governance arrangements with the regulatory and industrial stakeholders' obligations, highlighting the gaps that the implementation plan presented in Section 3 aims to address.
The operational data governance dimension is critical for analysis because it is the highest priority compliance gap. Historically, industrial sensor data has been produced and used locally, without documentation, data lineage or with any expectation that it will be used to train machine learning algorithms. With the emergence of IIoT and industrial AI, this changes: data generated by Siemens' industrial systems is now the "input" material for AI models, and the quality of the data used is a critical determinant of the quality and fairness of AI decisions. Batool, Zowghi and Bano (2025) point to data governance as one of the most underdeveloped areas of AI governance, noting that organisations tend to prioritise model governance while neglecting the data quality and documentation processes that underpin model training.
The ethical deployment of AI in industrial settings raises different concerns to consumer AI. Floridi et al. (2018) claim that ethical AI should be accountable, explainable, inclusive, safe and secure. In manufacturing, accountability means recording maintenance tasks guided by AI that impact employee safety. Explainability means giving engineers AI recommendations that they can challenge. Jobin, Ienca and Vayena (2019) undertook a worldwide review of AI ethics guidelines, finding principles of accountability, transparency and human oversight recurring most frequently - the same principles that were embedded in the EU AI Act. Hilb (2020) suggests AI is a corporate governance issue that has a reputation and financial risk for which they cannot leave responsibility to the IT department. Cihon, Schuett and Baum (2021) explicitly position this as public-interested corporate governance: companies operating AI on the scale of Siemens need to consider systemic social and safety impacts on communities where their technologies are used, not just efficiency gains within the company.

[bookmark: _Toc228218226]2.6 Building the Framework: An AI Governance Lifecycle for Siemens
The following five-stage AI governance lifecycle for Siemens (Diagram 1) illustrates an approach to governance across the industrial ecosystem. This is distinct from a general governance model which views deployment as a one-time affair, as industrial AI systems are continually updated and refined during operation based on experience, model enhancements and regulatory developments. Thus, AI governance is an ongoing operational task rather than a one-off compliance task. The stages align with EU AI Act requirements, but are also feasible within Siemens' engineering and quality management framework.

Diagram 1: Siemens AI Governance Lifecycle - From Design to Monitor (Source: Self-made)
	1. Design
Define AI objectives, data requirements, risk classification
	→
	2. Develop
Build and train models; apply data governance; document lineage
	→
	3. Validate
Bias testing; safety assessment; XAI review; regulatory pre-check
	→
	4. Deploy
Conformity assessment; CE marking for EU; human oversight protocols
	→
	5. Monitor
Continuous performance tracking; incident reporting; post-market surveillance

	 Governance feedback loop: findings from Monitor inform redesign at Stage 1



The Design stage requires EU AI Act risk classification prior to development commencing: governance investment upfront, avoiding redesign post-deployment. European Parliament (2025) advice stresses the importance of the "best way" to achieve compliance - integrating governance. The Develop stage requires the application of the OT-IT integrated data governance standard in Table 2, including data lineage documentation and GDPR-compliance data processing for training data. The Validate stage is where this framework most directly interacts with regulatory compliance: independent bias, safety and explainable AI reviews must be performed and documented prior to deployment. Bolgouras et al. (2025) note that this validation documentation is the particular gap most frequently referenced in industrial organisations' self-assessment of EU AI Act compliance.
The Deploy stage mandates conformity assessment and, where required, CE marking of AI in regulated products. PricewaterhouseCoopers (2024) report that most industrial organisations lag in their documentation infrastructure for this stage. The Monitor stage completes the governance cycle by continuously monitoring performance and incident reporting, which are mandates of the EU AI Act for learning AI systems. The loop from Monitor back to Design is based on the reality that industrial AI systems are not static: new deployment data, changing process conditions, and model retraining mean that governance activities return to the Design stage, not that deployment marks the end of the governance cycle.
[bookmark: _Toc228218227]2.7 Sustainability, the DEGREE Framework and the SDG Commitment
Siemens' DEGREE framework - Decarbonisation, Ethics, Governance, Resource efficiency, Equity and Employability - delivers a governance framework that links deployment of AI with ESG goals (Siemens, 2024b). Zaye and Ogunyomi-Oluyomi (2025) assess DEGREE against sustainable performance indicators for 2019-2023 and conclude that while significant progress has been made in most areas, there are still gaps in biodiversity and waste reduction. The ethics and governance components of DEGREE are relevant for AI governance: the same corporate discipline that has led to a 60% reduction in CO₂e emissions from its own operations since 2019 (Siemens, 2024a) needs to be applied to AI governance. Human resource management for sustainability, including AI knowledge and reasoning skills, is essential for organisations adopting SDGs (Chams and García-Blandón, 2019). For Siemens, with a €442 million budget for lifelong learning in FY2024 and an average of 27 hours of digital learning per employee (Siemens, 2024a), the capability is there; they need to prioritise the skills that are relevant to responsible AI in industry. Nica, Chiriță and Georgescu (2025) show that the Triple Bottom Line is becoming a standard approach to assess AI strategies across economic, social and environmental dimensions - which is the same multi-faceted accountability that DEGREE offers. Samuels (2025) adds that the most sustainable AI supply chain strategies explicitly include social and environmental governance alongside efficiency goals, confirming that Siemens' strategy is sound.

[bookmark: _Toc228218228]3. Implementation Strategy
The strategy below is based on a three-pronged approach. It is explicitly proactive: Siemens must act faster than the regulators' timetable to gain the competitive advantage of proactive governance. The cost estimates are based on publicly reported information on other industrial AI governance initiatives, and the Siemens DEGREE investment disclosures.
[bookmark: _Toc228218229]Phase One: Governance Infrastructure (0 to 12 Months)

· Create an Industrial AI Governance Board that reports to the Supervisory Board's Risk and Audit Committee. Hilb (2020) shows that AI governance without enforcement powers at board level has an advisory role. Siemens' current ESG-based executive accountability framework can serve as an obvious extension. Cost benchmark: governance restructuring projects for large European industrial companies have cost between €2 and €5 million in the initial year, mainly for hiring experts, reporting systems and governance frameworks.
· Engage an independent audit of all AI systems against EU AI Act risk classifications, particularly focusing on AI systems embedded in OT that present the biggest compliance gaps. Since AI systems designed for critical infrastructure safety are required to comply from August 2027, systems that require redesign should start in early 2026. The audit should include a compliance plan for each high risk system. Cost benchmark: similar audits for industrial AI compliance for Tier 1 manufacturing companies have ranged from €2 to €4 million, due to the volume of documentation for OT systems.
· Publish a Siemens AI Ethics Charter in line with the principles of the EU regulatory landscape outlined by Bolgouras et al. (2015), including external audit mechanisms and explainability assurances. Leslie (2019) shows publicly accountable AI ethics frameworks are far more effective at establishing trust with stakeholders than governance documents.
· Create a data governance standard that integrates OT and IT systems in terms of training data quality assurance, data lineage and GDPR-compliant data processing practices. Batool, Zowghi and Bano (2025) show that the investment in data governance upstream delivers regulatory compliance and quality improvements to the models that ultimately save downstream governance costs.

[bookmark: _Toc228218230]Phase Two: Capability Development and Regulatory Engagement (One to Three Years)

· Establish a Centre of Excellence for Industrial AI Safety and Ethics, staffed with experts in model risk, safety engineering, regulatory, data governance and cross-cultural AI system integration. This team will oversee EU AI Act conformity assessment, engage with the EU AI Office and UK regulators and establish the technical documentation framework needed for high-risk AI system approvals. Cost benchmark: annual staffing and operational costs for similar Centre of Excellence programmes at major industrial conglomerates have ranged from €8 to €15 million per year, based on Siemens' own report of a total investment in learning of €442 million and industry average costs for specialist regulatory roles.
· Deliver tailored training on AI literacy for different employee populations, tailored for UK and German branches. Hofstede (2011) stresses that governance programs for the German engineering culture, high in uncertainty avoidance and proceduralism, need to be tailored for the UK, where procedural compliance attitudes differ. One-size-fits-all training has low take-up in the cultural settings where AI governance is most operationally significant.
· Join the EU AI Act regulatory sandbox program from 2028 onwards to ensure Siemens is involved in industrial AI compliance standard setting. European Parliament (2025) reports that sandboxing offers flexibility to test real-world applications and see forthcoming guidance. Integrate the AI governance lifecycle model in Diagram 1 into the Xcelerator platform development lifecycle to ensure that all the AI components delivered via Xcelerator have governance documentation.
[bookmark: _Toc228218231]Phase Three: Market Leadership and Governance Differentiation (Three to Five Years)

· Annually report an Industrial AI Transparency Report in the DEGREE sustainability reporting framework, capturing governance activities, bias audit results, safety incident reports and regulatory engagement results. Siemens' existing ESG reporting platforms (CDP Climate A List, EcoVadis Platinum) offer institutional capacity to be leveraged for AI transparency, rather than starting from scratch.
· Create an internal Industrial AI Certification Standard to certify Siemens AI systems against safety, fairness, explainability and governance standards. Iansiti and Lakhani (2020) note that for sustainability, the "best" strategic advantage in the era of AI is for companies to embed their governance criteria into the ecosystems of others. Siemens has the scale, expertise and regulatory clout to do this.
· Conformity assessment of all high-risk systems with the EU AI Act by January 2027 - six months before the August 2027 deadline. This should be made public and should be used to signal to industrial customers that Siemens is the safe choice for the procurement of AI-enabled industrial technologies in regulated markets. PwC (2019) highlight that governance leadership in regulated industries leads to positive reputational feedback loops that are hard to catch up with. Estimated cost range for this phase: €25-40 million from Siemens' R&D budget (at Siemens' R&D spending for the FY2024 of about €6.2 billion).

[bookmark: _Toc228218232]4. Conclusions
This report's analysis shows that the governance challenge faced by Siemens AG is not of the same nature as that faced by pharmaceutical firms or retail banks. Industrial AI failure can have physical rather than just financial or reputational consequences and the regulatory settings now being applied to industrial AI reflect this elevated risk status. The EU AI Act's identification of safety-critical infrastructure AI as high risk, and the UK's parallel but different pro-innovation approach to regulation, creates a twin regime of compliance that demands active institutional design.
The PESTLE, Five Forces and Diamond analyses all point to the same conclusion: Siemens enjoys structural advantages in the industrial AI sector - the depth of its engineering domain expertise, its capabilities for R&D and its rigorous domestic market and innovation ecosystem - that are hard to match. But the question remains: is the company's internal governance infrastructure keeping pace with the scale and safety-critical nature of its AI deployment? The governance maturity assessment highlights the absence of OT data governance and a dedicated AI risk function at the board level as the most significant short-term governance challenges.
The proposed implementation plan is aimed at addressing these issues over a five-year timeframe. It is tailored to the challenges of industrial AI governance, and maximises the use of publicly available investment data, rather than relying on hypothetical cost estimates. Floridi et al. (2018) contend that good AI is AI that benefits human flourishing; in Siemens' industrial setting this means AI that drives factory safety, productivity and sustainability - delivered via governance structures that are transparent, accountable and ever-improving. The imperative to invest in that governance is not just ethical but also economic: in regulated industrial sectors, governance is what is increasingly being purchased.
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