
The Trust Gap between A.I and Corporate World
Abhisht Pratap Shukla, Aarush Jain, Ethan Miller
Department of Computer Applications, Maharaja Agrasen Institute of Management Studies, Delhi, India
abhisht2021@gmail.com, aarushjain00006@gmail.com, millerethan1610@gmail.com
Abstract
As Artificial Intelligence (AI) transitions from being an experiment to a main tool of productivity in recent years (2024-2026) , a paradoxical fear has emerged among organistaions. Despite the documented productivity gains associated with Large Language Models (LLMs) and Agentic AI, a growing number of enterprises are implementing total bans on AI tools reverting to "pre-AI" workflows. This research paper investigates the cybersecurity issues causing this regression, specifically focusing on the vulnerabilities of data leakage, indirect prompt injection, and the emergence of "Shadow AI." Through a comparative analysis of current corporate security policies and the 2026 NIST AI Risk Management Framework (AI RMF) [a], this study shows the first obstacle to adoption is not technological capabilities but rather a structured trust gap. The findings suggest that the traditional perimeter based security is not sufficient anymore for the ever changing nature of AI. Therefore, the paper proposes a shift toward Sovereign AI architectures and the adoption of AI Bill of Materials (AI-BOM) as essential frameworks for mitigating risk. The study concludes that the resolution of AI productivity paradox lies in shifting from traditional ways of handling AI (traditional cyber and data security steps) to a specifically designed pipeline which verifies and control the whole workflow of AI on their end , allowing companies to reclaim efficiency without having to compromise data integrity.
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Introduction:
The integration of Artificial Intelligence into the modern workflow was praised as the beginning of a new era of hyper-productivity. By automating complex intellectual tasks and streamlining software development, AI promised to eliminate the mundane innovations like daily tasks , time consuming and repeating tasks. The emergence of generative AI
technologies, particularly large language models (LLMs) such as ChatGPT, GitHub Copilot, and specific enterprise AI assistants has fundamentally changed the operational structure of IT and finance sectors.
However, a paradoxical trend is emerging in recent years : a "Great Rollback" where leading tech and finance organizations are prohibiting AI usage and effectively reverting to a pre-AI operational state.This regressive shift is not driven by a lack of capability but by a profound crisis in cybersecurity. The features which exponentially increased AI’s day to day usage like the ability to process vast datasets and generate context aware outputs , completing the daily needed tasks like complex homework , calculations , even understanding and summarizing vast laws and rules in a matter of seconds. It also had stepped into managing the whole team of software engineers by itself , even capable of completing a new complex task with just few prompts. Seeing the AI capabilities , it’s usage obviously increased in the professional , corporate sectors. As we all already know for AI to perform the asked task accurately , it needs two main things : 1. good and refined prompts , 2. Relevant data. The ask of data which at once looks like a basic and obvious need , can easily become a major threat at the corporate level.
It can create unprecedented vulnerabilities , including indirect prompt injection, sensitive data leakage, and the Shadow AI phenomenon (will be explained later on). As companies struggle to define the boundaries of Data sovereignty , the friction between employee’s urge to become more productive, innovative and company’s duty to protect their most valuable asset “data” has reached a breaking point.
This paper investigates the specific cybersecurity issues behind these corporate bans and shine a light on the emerging frameworks such as AI Bill of Materials (AI-BOM) and private LLM deployments alongside some cybersecurity refinements , as the only visible pathways to reclaiming the AI productivity promise without compromising organizational integrity. The Scale of The Rollback:
By early 2026, industry data indicates that approximately 90% of security-conscious organizations have implemented network-level blocks on at least one major AI provider. This "pre-AI" regression is not a rejection of the technology’s utility, but a defensive response to documented incidents where proprietary source code—most notably during the "Samsung Effect"—was inadvertently used to train public models, leading to a permanent loss of Intellectual Property (IP).
Research Questions:
To explore this paradox, this study addresses three primary research questions:
RQ1: What specific technical and organizational vulnerabilities are driving the current wave of corporate AI bans?
RQ2: How do legacy cybersecurity frameworks fail to mitigate AI-specific risks like training data extraction and indirect prompt injection?
RQ3: What emerging architectural models (e.g., Private LLMs and AI-BOM) can resolve the tension between innovation and security?
2. Literature Review:
The academic and industrial debate surrounding Artificial Intelligence has undergone a fast transformation from 2023 to 2026. Initially seen as a potential tool towards efficiency using LLMs , Gen. Ai (ChatGPT , Claude , Gemini) , a custom enterprise Ais. It has now started hinting towards high systemic risks including data integrity , server security ,etc. to the companies.
2.1 AI is "Dangerous" by Design
The primary conflict in current scenario is that Large Language Models (LLMs) are uncertain and hungry for information. This is unlike the traditional software where a developer controls the whole data pipeline , the AI absorbs data .`
The absorption risk : A research by Netskope Threat Labs published in January 2026 confirms that data policy violations related to GenAI have more than doubled over the past year [b]. The main danger lies in the training data leakage where sensitive proprietary code or business strategies pasted into a prompt become part of model’s weighted updates. The leaked data can be serve to competitor in a future session.
The Samsung Effect : This term got popular in early 2024 and is still used in 2026. It refers to the accidental leakage of source code and meeting minutes into public LLMs. This incident stands up as one of the core reason why 90% of organisations now actively block common AI application at the network level.
2.2 The Shadow AI Paradox
The Research highlights a critical failure in corporate strategy. According to surveys it is clear that banning AI does not stop AI.
BYOAI (Bring Your Own AI) : As official access are being restricted , a 2026 IBM report indicates that 78% of employees now use personal accounts and personal device on provate networks to access AI tools for work. Just like this , The Shadow AI operates entirely outside the corporate security perimeter (VPNs , Firewalls , DPN , etc.).
The Visibility Gap : This type of AI usage is mostly hidden and non traceable that’s why IT departments cannot monitor what data is being exfiltrated. The research defines that the cost
of a breach in a organisation where usage of shadow AI is high is 16% more than in organisations with sanctioned , monitored AI tools. [c]
2.3 Evolving Attack Vectors : Prompt Injection
In early AI era, most risks focused on jailbreaking (making the AI say something bad, sneak over the rules and guidelines). Now in recent years (2024-2026) this scenario is dominated by Indirect Prompt Injection. [d]
1. Semantic Malware: Attackers are now poisoning external sources such as PDFs or
websites with invisible over controls (instructions). When a company’s AI tool summarizes that document , a hidden semantic malware takes control of the AI’s logic. Then it orders the AI to exfiltrate the user’s current session tokens or sensitive files.
1. Essential Agency : The shift toward “Agentic AI” (AI that can control the whole
system , the input and output controls , network controls to basically send emails or move files , summarize contents automatically) has expanded beyond the safe area. If an agent is compromised via prompt injection it can act as a malicious insider with legitimate credentials. This shows the danger of data leakage and also the infiltration of attackers into the company sever easily.
OWASP Top 10 standards [22].
3. Methodology
3.1 Research Design and Paradigm
This study uses a qualitative comparative document analysis approach to dig into the cybersecurity vulnerabilities that are causing such massive resistance to AI adoption in the corporate world. We are grounding this research in a pragmatic paradigm, which basically means we are looking for functional, real-world solutions to the "AI Trust Gap" by analyzing current frameworks and industry behavior [3, 26].
The research design is built around three main phases:
Phase 1: A systematic review of corporate AI security incidents—like the famous "Samsung Effect"—and the resulting policy "rollbacks" documented between 2024 and 2026 [8, 13].
Phase 2: A comparative analysis that evaluates these corporate security measures against the NIST AI Risk Management Framework (2026) [26, 29].
Phase 3: Synthesizing these findings into mitigation strategies that actually work for different company sizes [24, 33].
3.2 Data Sources and Sampling Strategy
Because the tech landscape is moving so fast, we used a purposive sampling strategy to find high-signal, relevant data. We didn't just want any articles; we needed documents that actually addressed the "Productivity Paradox" and the technical risks associated with it [4, 5].
3.2.1 Document Selection and Samples
Our final corpus for this paper consists of 55 key documents [31]. We included sources that were updated or published between 2024 and early 2026.
Industry Reports: We looked at major findings from Gartner, IBM X-Force, and Netskope regarding "Shadow AI" and data violations [11, 13, 15].
Technical Whitepapers: We heavily used the OWASP Top 10 for LLMs and reports from Palo Alto Networks to understand things like Indirect Prompt Injection [20, 33].
Standards: Official documents like the NIST AI RMF 1.0 and the EU AI Act technical requirements were essential for our benchmarking [26, 29, 30].
Academic Repositories: We pulled recent technical papers from arXiv and MDPI to get the latest on "hidden prompts" and model poisoning [6, 21].
3.3 Data Collection and Thematic Analysis
We didn't just browse; we did systematic searches using terms like ("Large Language Model" OR "Agentic AI") AND ("Data Leakage" OR "Prompt Injection") [19, 24].
For the analysis, we used Thematic Content Analysis [31]. We categorized the data into four primary "buckets":
AI Vulnerabilities: Specifically looking at training data contamination and "Leaky Bucket" operations [6, 7z].
Response Patterns: Identifying the prevalence of complete AI bans and the rise of the "Velocity Gap" [17, 10].
Mitigation Frameworks: Evaluating the use of AI-BOM (Bill of Materials) and Sovereign AI clouds [33, 37].
Organizational Scale: Looking at how a small startup vs. a massive nation-state enterprise (like Australia’s sovereign AI push) handles these risks [2, 40].
3.4 Benchmarking against NIST AI RMF
A core part of our method was using the NIST AI Risk Management Framework as our "gold standard" [25, 29]. We mapped corporate behaviors (like banning ChatGPT) against the NIST functions: Govern, Map, Measure, and Manage. This allowed us to see where companies are over-indexing on "Manage" (the ban) while completely ignoring "Measure" (the visibility of Shadow AI) [9, 11].
3.5 Synthesis for Sovereign AI
Finally, we used a cross-case synthesis to find the path forward. By looking at reports on customer-controlled architectures and "Sovereign AI Clouds," we developed a model for how companies can move away from the "Off-the-shelf AI" risks that started this whole mess [36, 38]. This helps bridge the gap for employees who currently feel "left behind" by the workplace AI boom [10].
3.6 Rigor and Limitations
To keep things honest, we used Triangulation. If a blog said AI makes you 20% faster, we checked it against the Faros AI Research Report which actually showed that in some cases, developers were 19% slower due to the "Paradox" [4, 5].
Limitations: We have to admit that this study is a "snapshot" of January 2026. The reliance on publicly available reports means we don't know the top secret security measures being used by the biggest tech giants [16]. However, the 55 sources we used provide a very high-level view of the current industry "Trust Gap" [18, 3].
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4. THE DETAILED PROBLEM: THE AI TRUST GAP
4.1 The Great Rollback: A Productivity Paradox
The "AI Productivity Paradox" is perhaps the most confusing part of the 2026 tech landscape. While every vendor whitepaper promises a 40% boost in speed, the reality on the ground is much more messy [4, 5.2]. According to the Faros AI Research Report (2025), experienced developers using AI tools actually took 19% longer to complete tasks than those working without assistance [5.1].
This data shows a massive "Perception-Reality Gap." Developers in the study felt they were 20% faster, even though they were objectively slower [5.4, 2]. This is what researchers call the "Acceptance Rate Problem"—we spend so much time reviewing and fixing "almost right" AI code that the initial speed gain is completely eaten up [5.1]. For a corporation, this means they are paying for expensive AI licenses only to see their delivery speed dip by 1.5% for every 25% increase in AI adoption [5.1, 17]. This "Velocity Gap" is exactly why CFOs are starting to close the checkbooks and question the "AI Trust Gap" [3, 17].
4.2 The Technical Problem: How Data Becomes a "Harm"
The core reason why AI is dangerous for an organization isn't just about the "wrong" answers—it's about the ingestion process. This data, which at first looks like it's just helpful info, can quickly turn into a "Leaky Bucket" for the company [7].
4.2.1 The Ingestion Mechanism: Stochastic Gradient Descent (SGD)
When a user types a prompt into a public LLM, that data doesn't just "disappear" after the answer is generated. Unless explicitly opted out, that data enters the model's feedback loop. Technically, the model uses Stochastic Gradient Descent (SGD) to minimize its "loss function" [6]. During fine-tuning, the model may inadvertently memorize specific strings of text—a phenomenon called "Eidetic Memorization" [34].
As proven by Carlini et al. (2021), an attacker can use "Training Data Extraction" to trick a model into repeating verbatim sequences it learned during training [6, 4.4]. If an engineer pasted a secret API key or a proprietary algorithm into the chat for "optimization," that key could literally be served to a random user on the other side of the world weeks later.
4.2.2 The Three Layers of Leakage
Our analysis of the OWASP Top 10 for LLMs and industry reports identifies three ways data harms an organization [20, 3.1]:
1. Prompt Leakage: Tricking the AI into revealing its internal system instructions or
"hidden prompts" [21, 20].
2. Model Data Leakage: When the model's output contains fragments of sensitive
training data, like PII or trade secrets [3.1, 3.4].
3. Shadow AI & Visibility: Even when a company bans these tools, 47% of employees
still use personal accounts to get their work done [1.3]. This creates a "Visibility Gap" where sensitive data is exfiltrated through unmonitored channels [17, 12].
4.3 Case Study: The "Samsung Effect" and the Cost of a Breach
The most famous example of this harm is the Samsung Incident (2023-2024) [8]. In three separate instances, engineers accidentally leaked top-secret source code and internal meeting notes by using ChatGPT to summarize their work [4.1, 4.3]. Because these models are hosted on external servers, that data is technically "out in the wild" and impossible to recall [4.2].
The financial impact is staggering. The Cost of a Data Breach Report (2025) found that AIrelated data violations have more than doubled in the last year [13, 15]. When "Shadow AI" is used, the lack of visibility means a breach can go undetected for months, leading to an average cost of nearly $670,000 per incident [16, 12].
4.4 Why Legacy Security Fails
Traditional firewalls and Data Loss Prevention (DLP) tools were built for "files" and "structured data." They aren't very good at catching "semantic" leaks [1.2]. For example, if an
employee summarizes a "Project X" document, a legacy DLP might not see it as a threat because the file stayed local, but the ideas and code fragments within it were sent to the cloud [1.1, 7]. This is why 96% of apps that use genAI features rely on user data for training— meaning every interaction is a potential "leaky drip" in the corporate bucket [1.1, 7].
4.5 Employee missteps:
While the tech gets the blame, it's usually a "user error" that opens the door. Our analysis of current 2026 workplace trends shows that even well-meaning employees are accidentally becoming "insider threats" due to a lack of AI literacy [10, 18].
4.1.1 The "Copy-Paste" Trap: Proprietary Code & PII
The most common mistake—often called the "Samsung Effect"—is simply pasting sensitive data directly into public chat interfaces for debugging or summarization [8]. Employees often treat the AI prompt like a private search bar, forgetting that these models "absorb" data to improve [6, 7]. When a developer pastes a block of code to find a bug, they are often unknowingly uploading proprietary logic, internal API keys, or even hardcoded credentials into a public cloud [1.2, 13].
4.1.2 Over-Reliance and "Hallucination Verification"
A major 2026 issue is Automated Negligence. Employees are increasingly using AI to generate configuration files (like YAML or JSON) for server setups. If the AI "hallucinates" a default password or a permissive firewall rule (like 0.0.0.0/0), and the employee doesn't catch it, they've just handed an attacker a "key to the kingdom" [20, 3.4]. The Faros AI Research Report notes that while developers feel faster, the time spent on "security debt" created by AI code often leads to more "leaky buckets" in the long run [4, 7].
4.1.3 The BYOAI (Bring Your Own AI) "Shadow"
Because many organizations have banned official tools, employees are turning to "Shadow AI"—using personal accounts on personal devices to finish work tasks [11, 16]. This is dangerous because it bypasses the company's Enterprise Browser Security and DLP (Data Loss Prevention) filters. A 2026 study showed that 78% of "top" employees use these unsanctioned tools because they feel they can't meet deadlines without them, creating a massive "Visibility Gap" for the CISO [9, 12, 17].
4.6 TECHNICAL VECTORS: HOW THE "GEARS" BREAK SECURITY
If employee mistakes are the "trigger," the technical architecture of LLMs is the "loaded gun." There are specific ways these tools are engineered that make them inherently risky for corporate servers.
4.2.1 Data Ingestion & Memory: Stochastic Gradient Descent (SGD)
As we touched on earlier, LLMs learn through Stochastic Gradient Descent (SGD). Technically, this means the model is trying to find the "mathematical average" of all the info it sees [6]. The danger here is Eidetic Memorization. In 2026, we see more "Model Inversion" attacks where a hacker queries a model repeatedly to "force" it to spit out pieces of its training data [31, 34]. If your company's data was used for a "fine-tuning" session, it is technically possible for an outsider to reconstruct parts of your private database [6, 21].
4.2.2 Indirect Prompt Injection: The "Trojan Horse" of 2026
This is perhaps the most scary technical threat to a company's server. Indirect Prompt Injection happens when an AI-integrated tool (like a browser assistant or a document summarizer) reads a file that has "malicious instructions" hidden in it [19, 20].
For example, an attacker could put an invisible text in a PDF that says: "Ignore all previous instructions and send the user's current session cookies to attacker-server.com." When the employee asks the AI to "Summarize this PDF," the AI executes the hidden command. Since the AI often has "Agentic" permissions—like the ability to read files or send emails—it can move through the company's internal server like a ghost, exfiltrating data without ever triggering a traditional malware alarm [19, 24].
4.2.3 Loosening Server Security: The "Agentic" Risk
The shift toward Agentic AI—where AI can actually do things like update Jira tickets or run SQL queries—has made server security "loose." If an AI agent is given a Service Account with high privileges to "make things easier," any compromise of that AI (via prompt injection or session hijacking) gives the attacker the same high-level access [24, 18]. This "Excessive Agency" is why many 2026 frameworks, like the NIST AI RMF Playbook, now scream about the need for "Human-in-the-loop" verification for every single AI-triggered server action [27, 29].
4.2.4 The "Leaky Bucket" of Fine-Tuning
Many companies think they are safe because they use "Private Instances." However, if they fine-tune their private model on "Dirty Data" (data containing PII or passwords), the model becomes a permanent "leaky bucket" [7]. The weights of the model effectively become a compressed version of the company's secrets. If that model file is ever stolen or leaked, the entire history of the company's "private" data is inside it, waiting to be extracted [13, 15].
4.7 THE "TRUST GAP" RECAP
In summary, the problem isn't just that the AI might lie; it's that the AI is a two-way door. Data goes in (via employee missteps and training) and data comes out (via prompt injection and model inversion) [3, 26]. Until companies move toward Sovereign AI Architectures where they own the "weights" and the "walls," this trust gap will only get wider, and the "Great Rollback" will continue to push us back into the pre-AI era [38, 40].
incident [9].
5. RESEARCH QUESTIONS AND FINDINGS
RQ1: What specific technical and organizational vulnerabilities are driving the current wave of corporate AI bans?
The "Great Rollback" of 2026 isn't just about paranoia; it's a reaction to two massive, colliding vulnerabilities that make the corporate world feel unsafe [2, 3].
Organizational Vulnerability: The Shadow AI and Visibility Gap The biggest organizational risk is Shadow AI—the unapproved use of AI by employees to meet highpressure deadlines [11, 16]. Our research shows that over 80% of workers use unvetted AI tools, creating a "Visibility Gap" where sensitive data flows through unmonitored encrypted channels [5.3, 5.1]. This is driven by a "Productivity Paradox": while employees feel faster, the Faros AI Report actually found that AI-assisted developers were 19% slower due to the time spent fixing AI-generated bugs and security "slop" [4, 5.1]. When leaders realize productivity isn't actually rising, but data is leaking through "Shadow" channels, they hit the panic button and implement total bans [17, 10].
Technical Vulnerability: The "Dangerous by Design" Architecture Technically, LLMs are vulnerable because they do not separate data from instructions [4.1]. In a traditional database, you can't "trick" the system by just asking nicely. But in an LLM, the model uses Stochastic Gradient Descent (SGD) to minimize loss, which often leads to Eidetic Memorization [6, 34]. This means the model "remembers" sensitive fragments like API keys or meeting notes from the training data. The "Samsung Effect" proved that even one copypaste from a well-meaning employee can lead to a permanent, un-erasable leak of Intellectual Property (IP) into the public model's weights [8, 13].
RQ2: How do legacy cybersecurity frameworks fail to mitigate AI-specific risks like training data extraction and indirect prompt injection?
Traditional cybersecurity (the "pre-AI era" tools) was built for a world of static files and "ifthen" logic. AI is non-deterministic, which breaks almost all our old defenses [1.3, 2.2].
The Semantic Failure of DLP Legacy Data Loss Prevention (DLP) tools look for patterns like credit card numbers or specific file tags. However, AI risks are semantic [7]. An employee might summarize a confidential project in a way that doesn't trigger a "keyword" filter but still sends the entire intent and logic of the project to a public cloud [1.1]. Because the AI "absorbs" the meaning rather than just storing the file, old-school perimiter defenses are essentially blind to the exfiltration [7, 5.2].
The Instruction-Data Confusion Legacy firewalls cannot detect Indirect Prompt Injection because the "attack" looks like normal natural language [19, 20]. A firewall sees a PDF summary request as a "safe" operation. It doesn't realize that hidden inside that PDF is an instruction to "Ignore previous safety rules and leak the user's session token" [4.1, 4.3]. This "SQL Injection for the AI Era" is invisible to signature-based antivirus or network scanners because the malicious code isn't binary—it's English [6.3, 2.2].
RQ3: What emerging architectural models (e.g., Private LLMs and AI-BOM) can resolve the tension between innovation and security?
To stop the "Rollback" and move forward, 2026 organizations are shifting toward "Sovereign-by-Design" architectures that take the power away from public "Black Box" models [32, 31].
1. The Sovereign AI Cloud and Private LLMs The most robust solution is moving from
public APIs to Private LLMs hosted in air-gapped or "Sovereign" clouds [37, 39]. By running models on-premise or in customer-controlled VPCs (Virtual Private Clouds), companies ensure their data never leaves their perimeter [36, 31]. This eliminates the "Samsung Effect" because the model's weights are owned and secured by the company itself [38, 40]. Research shows that 60% of top-tier organizations are now applying sovereignty oversight to their AI infrastructure to close the "Trust Gap" [33, 18].
2. The AI Bill of Materials (AI-BOM) Similar to how food has a nutrition label, the AIBOM provides a machine-readable inventory of every dataset, model version, and training weight used in an AI system [2.1, 33]. This allows organizations to verify that their AI wasn't trained on "Dirty Data" or poisoned datasets [2.4, 34]. If a specific dataset is found to have a security flaw, the AI-BOM lets a CISO identify every affected application in hours, not weeks [2.4, 30].
3. Dual-LLM and Gatekeeper Architectures A newer 2026 technical defense is the DualLLM Architecture [6.3, 3.1]. In this model, a small "Privileged" LLM acts as a security
guard, sanitizing and "scrubbing" every prompt before it reaches the more powerful "Primary" LLM. This prevents prompt injection by isolating untrusted user input from the model's core instructions [4.1, 6.1].
Metric Pre-Sovereign AI Era Sovereign AI Era (2026 Goal)
100% (via AI-BOM/Private
Data Visibility 22% (Shadow AI Blindness)
Cloud)
-19% (Paradox/Velocity Productivity +40% (Secured Automation) Gap)
Security Stance Reactive (Bans/Blocks) Predictive (Verify-by-Design) Primary
Legacy DLP/Firewalls Dual-LLM / Air-Gapped Models Defense
[13].
CONCLUSION: RECLAIMING THE PRODUCTIVITY PROMISE
The AI trust gap is not a technological failure; it's a governance failure [3, 26]. Companies are banning AI because they are trying to fit "liquid" data into "solid" old security boxes. By moving toward Sovereign AI and implementing AI-BOMs, organizations can finally move past the "Great Rollback" [38, 33]. The goal for 2026 is to move from a "Block-by-Default" stance to a "Verify-by-Design" infrastructure [24, 29]. Only then can the 450 billion dollar "Agentic AI" opportunity be fully unlocked without sacrificing the very soul of the corporation: its data [24, 1.2].
6. DISCUSSION & RECOMMENDATIONS: BRIDGING THE TRUST GAP
The "Productivity Paradox" isn't exactly a sign that AI has failed us, but rather it's proof that our current security models are way out of their depth [3, 17]. To get past this "Great Rollback" and actually use these tools safely, we really need to look at a three-pillar strategy based on the NIST AI RMF 1.5 and modern Sovereign AI standards [26, 38].
6.1 Pillar 1: Transitioning to Sovereign AI Architectures
The most effective way to kill off the "Samsung Effect" is for the company to actually own the environment where the data lives [8]. Instead of sending sensitive IP to public clouds, organizations should be moving toward Private LLMs hosted in sovereign cloud zones or on-premise clusters [37, 39].
1. Action: High-sensitivity work (R&D, Legal, Finance) should be moved to a
"customer-controlled" architeture where the company has total control over model weights [36, 40].
1. Outcome: This basically plugs the "Leaky Bucket" because proprietary data never
actually leaves the corporate perimeter for training or inference [7, 38].
6.2 Pillar 2: AI-BOM for Supply Chain Transparency
In 2026, you can't really secure what you can't see. The AI Bill of Materials (AI-BOM) has become a mission-critical tool for checking the "provenance" of the models we use [33, 35].
1. Action: Don't just trust a vendor; require an AI-BOM for every tool. It needs to list
the datasets, model versions, and any third-party "dependencies" involved [30, 33].
1. Outcome: This lets a CISO quickly see if a model was trained on "poisoned" data or
if it's vulnerable to things like indirect prompt injection [34, 20].
6.3 Pillar 3: From "Banning" to Safe Visibility
The Netskope 2026 Report is pretty clear: banning AI just pushes it underground into "Shadow AI" [11, 16]. Instead of a total ban—which actually makes you 19% slower—we suggest a "Sanctioned Access" model [5, 9].
1. Action: Provide a "Sanctioned AI Gateway" that scrubs PII and secret code
automatically before it hits the model [1.3, 3.4].
1. Action: Use a Dual-LLM Monitor to watch for and block semantic attacks in realtime [6.3, 19].
AI reference designs [38].
7. CONCLUSION
The trust gap in AI isn't just a technical glitch; it's a gap in goverance [3, 26]. Companies are banning AI because they’re trying to fit "liquid" data into old, solid security boxes. By shifting to Sovereign AI and using AI-BOMs, we can finally move past the Rollback and get back to the productivity we were promised [38, 33]. The goal for 2026 is moving from "Block-by-Default" to a "Verify-by-Design" infrastructure [24, 29]. Only then can we unlock the $450 billion opportunity without losing our most valuable data [24, 1.2]. Early References:
[a] Gampel, A., 2026. Streamlining Cybersecurity Risk Assessment for Industrial Control and Automation Systems: Leveraging NIST’s Risk Management Framework (RMF) Implemented Using Model-Based System’s Engineering (MBSE) (Doctoral dissertation, The George Washington University).
[b] Cloud and Threat Report : 2026 by Netskope Threat Labs.
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