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About the AI Assurance Initiative and 
Report Series   
Strengthening the AI Assurance Ecosystem is a multiphase effort by Partnership on 
AI and Resaro to examine and address the key needs, barriers, and opportunities 
shaping AI assurance today. Grounded in extensive stakeholder consultations and 
guided by PAI’s AI Assurance Working Group, the initiative is resulting in a series of 
reports aimed at helping assurance stakeholders identify gaps, build on existing 
efforts, and advance robust assurance frameworks, tools, and providers. The 2026 
body of work is structured around key questions that are central to establishing AI 
assurance in practice:  

● what a functioning assurance ecosystem requires;  
● who risks being excluded from its development;  
● how justified trust in assurance providers can be established; 
● how AI assurance for trustworthiness and quality can be operationalised;  
● what generates sustainable demand for external assurance; and  
● how accountability for AI systems can be maintained beyond the point of 

deployment. 

Report Series Overview 
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The first report in the series, Strengthening the AI Assurance 
Ecosystem, establishes why independent AI assurance is essential to 
building the trust that responsible AI adoption requires, and maps the 
full ecosystem needed to support it, building on tried-and-tested 
structures and mechanisms from more established technologies. 
Examining who conducts assurance and when, what inputs are needed, 
and how the ecosystem’s elements interact, it identifies priority areas 
for action, including improving multistakeholder collaboration, 
strengthening post-deployment assurance, and developing mechanisms 
to establish justified trust in AI assurers themselves. 
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The second report, Building Justified Trust in AI Assurers, asks what it 
takes for those relying on assurance outcomes to have genuine 
confidence that assessors are impartial, skilled, and professional. It 
analyses the prerequisites for trustworthy assurance and recommends 
that policymakers prioritise the development of shared competency 
frameworks and professional standards for assurance providers, built 
through inclusive, multistakeholder processes and designed to remain 
relevant as the ecosystem evolves. 
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The third report, Demand and Incentives for External AI Assurance, 
examines why demand for independent AI assurance falls short of the 
value it offers. It traces the barriers, including limited risk awareness, 
regulatory fragmentation, and restricted access to AI systems, and 
recommends a suite of policy levers to address them, including 
embedding assurance requirements in government procurement and 
funding frameworks, raising awareness of AI risks across the value 
chain, and accelerating the development of AI insurance as a 
complementary driver of assurance uptake. 
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This fourth report, Pathways for Operationalising AI Assurance, now 
turns from ecosystem architecture to the practical challenge at the heart 
of assurance: verifying that an AI system is actually “good.” It addresses:  

● assurance practitioners seeking a standardised and scalable 
assessment method,  

● AI adopters who would otherwise have to rely on unverified 
vendor claims when making procurement decisions, and  

● AI vendors who want to differentiate their systems through 
demonstrated, measurable quality.  
 

This paper has been led by Resaro, contributing a Partner perspective to 
PAI’s Strengthening the AI Assurance Ecosystem initiative. 

 

The report analyses the cross-stakeholder challenges that operationalising this core 
part of assurance entails, and highlights a practical framework for addressing them, 
illustrated through case studies from legal services, public safety, and public 
administration. Together, these cases demonstrate that context-sensitive, rigorous AI 
quality verification is not only achievable but essential to building the kind of trust 
that AI adoption at scale requires. 
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The Quandary of Procurement and 
Deployment Decisions 

Organisations deploying AI today are making procurement decisions under 
profoundly opaque conditions. Although each of them has seen a product demo, 
reviewed a benchmark report, and received a vendor’s quality claim, none of them 
typically have an independent, verifiable basis for knowing whether the application 
they bought is actually good at what it is supposed to do. The consequences are both 
predictable and evident in the growing number of incidents where AI systems, once 
deployed, behave in unexpected and often problematic ways, or do not deliver 
sufficient performance.  

This is not a failure of due diligence by individual organisations, but a 
structural feature of the current AI economy. Organisations do not knowingly deploy 
unsafe or poorly performing systems, but the signals they base their decisions on do 
not reliably track the properties that matter in practice. Compounding the problem is 
the fact that many organisations are not aware of the opacity they are operating in. 
The pressure to deploy AI rapidly for fear of falling behind competitors is substantial, 
and the dominant discourse emphasises AI’s capabilities more than the lack of 
evidence in their reliability and consistency. The result is adoption that outpaces 
verification. 

The problem is not that AI lacks capability. It is that capability is not the same 
as quality. A system that performs impressively in a controlled demonstration is not 
necessarily one that performs consistently, predictably, and reliably in the conditions 
it will face in operation. Apparent competence is not the same as reliable, 
transparent, and uncertainty-aware performance under use conditions, a distinction 
made clear by recent work on explainability and uncertainty in deep learning 
systems. 

Underlying this gap is a conceptual error that treats performance and 
trustworthiness as competing concerns: Safety as a constraint on capability, rather 
than an expression of quality. This framing is mistaken. In any well-engineered 
system, reliability is not a constraint on performance, it is the consistent delivery of 
it. A customer service chatbot that handles routine queries well but fabricates 
information under edge conditions is not a capable system with an occasional safety 
issue - it is an unreliable one. Markets that treat these properties as competing 
dimensions reward the wrong things and evaluate systems against too narrow a 
standard. 

What can bridge this gap is AI assurance, the systematic evaluation, 
verification and communication of reliable evidence about the quality of AI systems.  
Assurance makes quality in the market legible to all stakeholders: to procurers who 
require a valid evidence base for deployment decisions, and to vendors whose 
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high-quality AI systems would otherwise be indistinguishable to the market. By 
providing standardised evaluation methodologies, independent verification, and 
meaningful transparency across the AI value chain, assurance can restore the 
informational conditions that functional markets require: one in which investment in 
quality is rewarded and weaker products face competitive pressure. 

In established sectors involving complex, high-consequence systems, mature 
quality infrastructure exists to ensure this, precisely because vendor representations 
are recognised as insufficient grounds for procurement decisions: independent 
testing, product standards, regulatory certification, and professional liability 
frameworks together create conditions under which quality can be assessed and 
compared. No equivalent infrastructure yet exists for AI. Buyers are routinely 
expected to make high-stakes deployment decisions on the basis of model-only, 
hard-to-interpret technical benchmark figures and commercial assurances that, by 
themselves, cannot establish whether a system will behave sufficiently well in 
deployment. 

Our first report in this series examined what it takes to move from today’s 
fragmented and incomplete landscape to a robust and effective quality assurance 
ecosystem for AI. Taking a framework-level perspective, the report identified the 
institutions, infrastructure, guidance and incentives needed to make a high-quality 
AI market a reality rather than an aspiration.  

This report builds directly on that work. Where the first made the case for AI 
assurance at the ecosystem-level, this one addresses the question of 
operationalisation: what does “good” mean for a given system, context, and user? 
And how can quality aspects like reliability, fairness and robustness be translated 
into measurable and verifiable system properties? Answering these questions is the 
precondition for everything else the assurance ecosystem is designed to achieve, and 
requires solving a set of problems that existing governance frameworks have 
identified, but not resolved.  
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The Principles-to-Practice Gap in AI 
Assurance 
 Consider the process of buying a car. A prospective buyer compares models, 
and expects meaningful answers to substantive questions: top speed, fuel-efficiency, 
crash test ratings, stopping distance, engine power, range, boot space, leg room, etc. 
They expect these answers to come not only from vendors themselves but also from 
independent sources, e.g. standardised tests carried out by entities with no stake in 
the outcome. The car market has an infrastructure designed to provide precisely this 
information, so that any buyer, regardless of technical expertise, can make an 
informed choice and compare products on a common evidence base.   

Buyers of AI systems have no equivalent. Ask a vendor how accurate their 
system is, and the answer is typically a benchmark score measured under controlled 
conditions, possibly not even pertaining to the whole system, one that may bear little 
resemblance to actual deployment environments. Ask how the system performs 
under adversarial conditions and the response may amount to little more than a 
“Trust us, the system is secure.” The car dealer who declines to provide a stopping 
distance or an NCAP rating would lose business immediately. The AI vendor who 
does the same loses nothing, because the market currently lacks the infrastructure to 
demand better.  

This absence is not because of a lack of vision. Over the past decade, 
governments, standards bodies, and international forums have converged on a 
broadly shared vision of what high-quality, responsible AI should look like: valid, 
reliable, safe, robust, secure, and fair are the key properties outlined in numerous 
frameworks from across the world.  

What they have not yet solved is how to verify that any given AI system 
actually embodies these properties. Agreeing that an AI system should be fair or 
reliable is not the same as being able to measure and demonstrate that it is. Closing 
this gap is the central challenge this report addresses. The sections that follow 
examine six difficulties that explain why that gap has proven so challenging to close. 

Difficulty 1: Stakeholders don’t share a language for what “good” means 

The many actors involved in developing, procuring, deploying, and overseeing an AI 
system all have a stake in its quality. But they do not speak the same language. This 
cuts two ways. First, the same term may mean different things to different actors. A 
technical team concerned with “explainability” may produce a saliency map while a 
governance team may understand it as the ability to justify decisions to affected 
individuals. “Fairness” may mean balanced predictive accuracy for some. For others, 
it denotes the accessibility of the system for individuals with disabilities. AI 
assurance requires a shared vocabulary that is meaningful across roles.  
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Second, the same information is not equally useful across stakeholders. Benchmark 
scores and technical performance metrics are meaningful to engineers, but are 
largely opaque to legal teams and executives who need to make consequential 
decisions about whether and how to invest in and deploy an AI system. Even when 
assurance information exists, it often fails to translate across the organisation in a 
way that is actionable. In addition to a shared vocabulary, AI assurance requires 
shared formats and standards that are meaningful evidence of quality across the 
roles that depend on it.  

Difficulty 2: Translating principles into measurable, comparable, 
verifiable properties 

Even when stakeholders agree on what they want, translating those goals into 
properties that can actually be measured is another challenge. The difficulty is not 
only that concepts like fairness are abstract, but that they manifest differently across 
system types and deployment contexts. For example, fairness in a chatbot may 
involve evaluating linguistic bias or harmful outputs. In contrast, fairness in a 
computer vision system is often assessed through error rates and demographic 
accuracy across subgroups. A hiring tool may base fairness on equal opportunity 
across protected characteristics. Each system and use case demands its own 
measurement approach and threshold for what it considers acceptable. This makes 
developing comparable, verifiable assessments across the AI market difficult. 

Difficulty 3: Benchmark performance does not equal operational 
performance 

A widely used method for evaluating AI systems is benchmarking: testing a model 
against a standardised, often public, dataset under controlled conditions. But a 
system that performs well on a benchmark may perform poorly in deployment, 
because real-world environments introduce factors that benchmarks systematically 
exclude, like noisy or incomplete data. The structural reason for this gap is that 
benchmarks are static artefacts. They measure performance on known, fixed 
distributions, but deployment environments are dynamic and messy. A medical 
transcription tool benchmarked on clean, studio-quality audio will face accented 
speech, background noise, and interrupted sentences that never appeared in its 
training data. The benchmark cannot anticipate all of these conditions. This 
limitation is especially pronounced for edge AI and safety-critical systems, where 
distribution shift, environmental variability, and operational uncertainty can alter 
performance long after evaluation has concluded.  

Benchmark limitations also create a damaging market incentive. According to 
Goodhart’s Law, when a measure becomes a target, it ceases to be a good measure. 
As vendors optimise for benchmarks, the market, lacking better signals, cannot tell 
the difference between actual system capability and performance that has been 
optimised to the test rather than the task. 
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Difficulty 4: Bespoke, labour-intensive evaluations do not scale 

The obvious response to benchmark limitations is more rigorous, context-specific 
evaluation like field studies, expert review, and real-world data collection. These 
methods can produce more valid assessments, but are expensive, time-consuming, 
and difficult to replicate or compare across organisations. Greater rigour and greater 
scalability are, under current approaches, in direct tension. Evaluation quality 
becomes a function of resources. Large, well-capitalised organisations can absorb the 
cost of bespoke assessment. Smaller deployers typically cannot. The result is a 
two-tier assurance landscape in which the organisations least equipped to absorb the 
consequences of AI failures are also the least equipped to evaluate AI quality before 
deployment. This is not only a fairness problem. It is a systemic risk problem: 
under-evaluated deployments do not confine their failures to the organisations that 
made them. What the ecosystem needs are evaluation approaches that enable 
comparison, customisation, and reusability. There is a need for methods rigorous 
enough to be valid, structured enough to be comparable, and efficient enough to be 
scalable and accessible to the full range of organisations that need them, including 
smaller actors. 

Difficulty 5: Deciding what "good enough" is 

Even with valid, context-specific measurements in hand, someone must decide when 
a system meets the bar for deployment. An internal enterprise chatbot probably does 
not need to be as resilient to adversarial prompts as a public-facing one; a medical 
transcription system must tolerate less error than one that takes meeting notes. 
These thresholds are use-case and context specific and involve trade-offs, since no 
system will excel across every dimension of quality simultaneously. Compounding 
this, AI systems are not static products. A system that was “good enough” at launch 
may not remain so, which means assurance cannot be a one-time gate but must be an 
ongoing process.  

Difficulty 6: The trustworthiness vs. performance perspective 

A persistent misconception compounds all of the above: that investing in 
trustworthiness comes at the expense of performance. Investments in safety or 
fairness are sometimes seen as a drag on resources that could be used to make the 
underlying model “better”, often understood as maximising some technical accuracy 
benchmark. And it is true that trade-offs exist between certain characteristics, for 
example between accuracy and explainability: many of the highest-performing 
systems offer little insight into their internal workings. But often, they are aligned: 
Reliability refers to the consistent and predictable delivery of performance. 
Robustness requires maintaining performance across a variety of real-world 
deployment conditions. Even fairness often simply means that performance be 
equally distributed across all populations the system serves.  
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The optimisation that drives much AI system development and that treats these 
facets of performance as being in tension with each other reflects a failure to define 
quality in a way that matters in practice. When evaluation is built on that false 
distinction, no amount of rigour on either side produces a meaningful picture of 
whether a system is fit for purpose. The good news is that the reverse is equally true: 
when quality is defined holistically–as the consistent delivery of what a system is 
supposed to do, for the people it is supposed to serve, under the conditions it will 
actually encounter–trustworthiness and performance reinforce rather than 
undermine each other. Getting the definition right is not a constraint on building 
good AI systems. It is the precondition for it. 
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Taken together, these six difficulties explain why the AI market has yet to 
evolve its own equivalent of fuel consumption figures and NCAP ratings, the 
same way the car market did. The different stakeholders involved in AI 
procurement, deployment, and oversight do not share a common language for 
quality, a problem the car market solved long ago by standardising what gets 
measured and reported (Difficulty 1). Even when stakeholders agree on what 
quality means, translating those shared definitions into metrics that are 
measurable, comparable, and verifiable across contexts is harder than it 
sounds–there is no universal AI equivalent of stopping distance (Difficulty 2). 
Tests conducted in controlled environments do not transfer reliably to 
deployment, the way brake performance on a test track transfers to the average 
freeway (Difficulty 3). The obvious remedy, bespoke context-specific evaluation, 
does not scale, and assurance across an entire market requires approaches that 
are standardised, reusable, and updatable without sacrificing validity (Difficulty 
4). What counts as “good enough” varies so dramatically by deployment context 
that no single threshold applies, unlike a universal speed limit or a minimum 
safety rating (Difficulty 5). And the instinct to treat trustworthiness and 
performance as competing priorities has obscured the fact that they are, as in 
any well-engineered system, the same thing (Difficulty 6). 

The car market’s quality infrastructure was not built overnight. Nor was it 
built by vendors alone. It required standardisation bodies, independent testing 
organisations, regulatory mandates, and decades of iteration. The AI market 
needs the same, and the absence of that infrastructure is not a technical 
inevitability but a solvable design problem.  



 

A Practical Approach to 
Operationalising AI Assurance 

While principles tell us that AI should be reliable, fair, transparent, 
performant and robust, they do not tell us how to verify that any given system 
actually is. Closing the principles-to-practice gap requires that organisations first 
define what AI system quality means in practice, how it should be measured, and 
how different dimensions of quality should be evaluated and compared. A practical 
approach to AI assurance must address the difficulties enumerated previously. It 
must provide a definition of “good” that is grounded in the system’s intended use 
context rather than generic benchmarks. It must support a multidimensional 
definition of quality that treats trustworthiness and performance as integrated rather 
than competing concerns. It must create shared formats and standards that make 
quality evidence meaningful and actionable across stakeholders. It must produce 
measurable properties backed by valid metrics that are specific to the system type, 
and allow acceptance thresholds specific to the deployment context. It must be 
automatable, repeatable, and comparable across organisations, so that rigorous 
evaluation can scale beyond one-off bespoke exercises. And it must support ongoing 
assessment rather than one-time certification, because AI systems change and the 
environments they operate in change with them.  

1.1. The AI Solutions Quality Index (ASQI) framework 

One evaluation framework that already puts these requirements into practice 
is the AI Solutions Quality Index (ASQI) methodology. ASQI offers a 
use-case-specific measure of AI quality that is integrated in an interpretable 
decision-making framework designed to answer the questions “What does good 
mean?” and “What is good enough?” The index consists of a set of quality indicators, 
reflecting the idea that AI quality is not a single metric but a combination of 
dimensions such as performance, safety, security, and convenience characteristics. 
Each quality indicator captures a distinct and measurable dimension of quality. 

The construction of an ASQI is governed by eight core principles that centre 
on translating operational requirements into rigorous, testable, and interpretable 
evaluation criteria for AI. The approach is designed to make evidence of quality the 
basis on which AI systems are compared, procured, and deployed.   

Requirements Elicitation – Defining what “good” means 

Principle 1: Specific to the use case 

What “good” looks like in an AI system depends heavily on its use case. Accurate 
processing of medical terminology matters more in a healthcare context than in 
accounting. System performance under load is critical when launching an 
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enterprise-wide application, but less so for a team of five. Quality definitions in an 
ASQI context therefore reflect the specific technical, operational and governance 
requirements of the intended environment. Grounding the quality definition in the 
Operational Design Domain (ODD) or in intended use ensures testing captures 
relevant, context-sensitive system capabilities rather than generic ones.   

Principle 2: Compatible with standardised task catalogues 

While ASQI is designed to evaluate quality at the system or solution level, an 
assessment often needs to refer to two or three core tasks that a system is actually 
built to perform. Rather than defining these tasks in bespoke or vendor-specific 
terms, ASQI grounds them where possible in broadly recognised task catalogues - 
the kind currently being developed across a range of industry standardisation 
initiatives. This enables deep diagnostics of performance within complex systems, 
facilitates reuse of indicators across deployment contexts, and is vendor-agnostic 
by design. As standardisation efforts mature, ASQI-based evaluations will remain 
compatible with the broader ecosystem of AI governance and benchmarking 
rather than becoming siloed artefacts. 

 

Test Plan Design – Capturing system quality 

Principle 3: Mapped to automatable technical tests 

With the appropriate dimensions of quality defined, one can specify the observable 
features that reflect the relevant system characteristics . For example, the presence 
of personal data in a system’s output is an observable feature that reflects the 
system’s adherence to data protection standards. Using such observable features, 
every quality indicator is mapped to executable, automatable technical evaluations 
that can be independently validated and repeated as systems, threats, and 
measurement methods evolve. To ensure ecological validity, the tests must be 
operationally representative, using realistic tasks, representative data, and 
production-like system configurations rather than ideal laboratory settings.  

Principle 4: Non-binary  

Quality exists on a spectrum. In the ASQI framework, an indicator is scored across 
five performance levels on an A to E scale, from inadequate performance via basic 
operational adequacy to state-of-the-art, rather than in a pass/fail binary. 
Measuring quality as a spectrum enables meaningful trade-offs between quality 
aspects based on system requirements and resource constraints, and produces 
results with the discriminability essential for competitive evaluation. It enables 
deployers to set nuanced, use-case specific acceptance criteria based on risk 
tolerance, intended users, deployment protocols and oversight (automated, 
human-in-the-loop), human baselines, and policy requirements. At the same time, 
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a five-level scale is simple and standardised enough to be understandable to every 
kind of stakeholder, without burdening decision makers with unnecessary detail or 
precision. 

Principle 5: Independence / Orthogonality 

Orthogonality between indicators safeguards the conceptual clarity and 
explanatory power of every test result. It prevents artificial correlations that would 
mask unique performance patterns, and allows organisations to isolate the 
contribution of each quality dimension without confounding influences from 
others. In practical terms, this means that e.g. a low score on a robustness 
indicator cannot be obscured by a high score on an accuracy indicator. Each 
dimension stands on its own. 

 

Reporting – Actionable test results for different stakeholders 

Principle 6: A shared language 

ASQI creates a common language for AI quality. Quality indicators are phrased to 
be understandable across operational, governance, and technical stakeholder 
communities. This allows quality requirements to be expressed in natural 
language by non-technical stakeholders, enables communication about required 
system capabilities across organisational boundaries, and ensures results are 
actionable to decision-makers without technical expertise.  

Principle 7: Compatible with established AI governance frameworks  

Quality indicators are aligned with established AI governance frameworks, 
ensuring that evaluation results can support broader risk management and 
compliance objectives. ASQI is not a substitute for regulatory compliance, but is 
designed to work alongside it, so that the evidence generated through quality 
assessment also serves the governance functions that organisations are required to 
demonstrate. 

Principle 8: The right level of granularity 

For a given use case, ASQI targets typically around  fifteen indicators spanning key 
performance and risk dimensions. This number is sufficient for comprehensive 
assessment without overwhelming stakeholders. Aggregating across indicators 
risks “adding up apples and oranges.” A single composite score would obscure the 
distinctions that make an assessment useful. 

The ASQI framework operationalises requirements elicitation, test design and 
reporting for meaningful assurance of the quality of AI systems. It is currently 
being prepared for standardisation in one of the recognised European 
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standardisation development organisations (ETSI). The following section presents 
a number of case studies to illustrate how this is working in practice.  

1.2. Illustrative Case Studies, undertaken by Resaro 

Resaro has applied the ASQI framework to a number of real-world deployments, 
working alongside AI deployers to ensure their systems are not only technically 
capable but safe, reliable, and fit for the contexts in which they operate. The 
following case studies illustrate how the ASQI methodology translates from theory 
into practice across three domains with very different quality requirements, risk 
profiles, and stakeholder environments. 

1.2.1. Citizen information chatbot for official statistics 

The Ministry of the Interior (MoI) of a major German state had been publishing a 
statistical report on crime numbers in the state every year for many years. This was 
traditionally made available as a PDF with several hundred pages and numerous 
figures and tables. 

In 2026, the Ministry for the first time wanted to make such data more accessible to 
citizens by operating a RAG-based chatbot that can be queried by citizens and 
provides factual answers. Given the sensitivity of the subject, the government being 
the operator, the public-facing nature, and the timing just weeks prior to an election 
in the state, the need for excellent quality of this chatbot was paramount which led to 
Resaro being tasked with testing it. 

The chosen twelve quality indicators reflected the characteristics that were of 
particular importance, including the degree of factual accuracy, the degree of 
robustness (including the handling of repeated questions, out-of-domain queries, 
spelling idiosyncrasies etc.), the degree of safety (including aspects such bias, 
stereotypes or toxic behaviour), the degree of security (including resilience to prompt 
injections in single or multi-turn conversations), and efficiency. 

Some of the quality indicators, composed of the indicator questions and the possible 
answers reflecting five quality levels from A to E are shown in Figure 1. They 
illustrate how the language is crafted carefully to be understandable by non-technical 
operational and governance stakeholders and decision makers, but with sufficient 
clarity to be translated into underlying technical benchmark scores. 

The testing was performed in Resaro’s TEVV platform (AIP), with two kinds of 
reporting being used by the Ministry: 

● Measured quality levels for 12 QIs as a concise (but not excessively simplified) 
summary of chatbot quality. This formed the core of the decision 
recommendation provided for the Minister of the Interior. 
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● Detailed drill-downs into individual tests down to the single prompt level, 
performed by Ministry staff to understand where exactly the chatbot was 
hitting quality limits and assessing the relevance of such edge cases. 

The reported test results provided a solid basis for the Minister’s go-live decision, 
and the chatbot has performed in line with expectations since then. 

Figure 1: Illustrative subset of quality indicators and their levels used to 
evaluate the AI chatbot for questions on the 2025 security situation in 
Baden-Württemberg 

1.2.2. Legal research assistance  

As part of a broader effort to improve the efficiency and quality of legal research, the 
operator of a legal research platform deployed a RAG-based question-and-answer 
system that allows legal practitioners to pose questions in natural language and 
receive concise, AI-generated answers grounded in relevant, authoritative national 
case law and legislation. The application’s primary users are qualified practitioners 
whose profession is characterised by high professional standards that manifest in a 
low tolerance for error and ambiguity, and significant reliance on authoritative 
sourcing. In this context, the consequences of a misleading or incomplete answer can 
affect the quality of the research and legal submissions built on it, the integrity of 
legal decision-making, and the trust placed in the platform.  
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The test plan design concentrated on three dimensions that reflected the 
application’s most pressing quality concerns:  

1 
the correctness and comprehensiveness of answers: as described, 
incorrect, fabricated or incomplete answers can have significant 
downstream consequences  

 

2 
the protection of sensitive information: data leakage could create 
legal and reputational risks for both the users and the deployer  

 

3 

the consistency of responses to identical or similar queries: the 
application needed to be robust to typos and semantically identical 
but paraphrased questions, as inconsistency would reduce confidence 
in the application  

 
Accuracy (1) was assessed through two metrics: correctness, meaning the share of 
claims in the reference answer found in the system’s response, and faithfulness, 
meaning the share of claims in the system’s response which were supported by the 
retrieved context. Sensitive data leakage (2) was evaluated by testing the system’s 
resistance to elicitation attempts designed to surface confidential information such 
as the system prompt, and measured as the share of successful attempts. Reliability 
and robustness (3) were assessed by examining variations in responses across 
repeated identical queries and their meaning-preserving variations (typos, 
synonyms, tonal shifts), evaluating the stability of legal conclusions and correctness 
across these perturbations. The testing was executed on Resaro’s TEVV platform.  

The application achieved a high faithfulness score, indicating that its responses are 
well-grounded in the retrieved legal sources rather than the result of plausible but 
unsupported reasoning. At the same time, the evaluation surfaced low retrieval 
quality, revealing a subtle but consequential failure. While the system’s answers are 
grounded in the sources it retrieves, it frequently fails to surface the most relevant 
references available in its knowledge base. The generated response is therefore not 
fabricated, but it may not be complete or relevant to the user’s question. By breaking 
down system quality into several core tasks - in this case, generation quality and 
retrieval quality - the ASQI approach enables deeper diagnoses of performance than 
end-to-end-testing can uncover. Through this distinction, the evaluation enabled the 
organisation’s engineering team to identify and prioritise targeted remediation 
efforts, rather than treating accuracy issues as a single, undifferentiated problem. 

1.2.3. Anomaly detection in medical imaging  

An initiative by a major healthcare provider sought to accelerate the review of chest 
X-rays at polyclinics by deploying an AI-powered solution designed to identify and 
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prioritise X-rays with abnormalities. With imaging volumes rising, patients were 
waiting for radiologist review before being discharged or referred for further care. 
The question was whether AI could safely and reliably triage that workload. 

The evaluation benchmarked clinical accuracy against a practising radiologist, 
assessing sensitivity and specificity across the range of abnormalities encountered in 
a polyclinic setting. Quality aspects included performance consistency across 
variations in image quality, acquisition conditions, and patient presentation. A 
central focus of the assessment was calibrating the trade-off between false positives 
and false negatives. This looked beyond whether the system performed well, but at 
what operating point it should be configured to best serve its clinical purpose, since a 
system that meets aggregate accuracy targets may still produce a clinically 
unacceptable rate of missed findings. The quality of workflow integration was also 
assessed, including the safety of handoff protocols between AI prioritisation and 
radiologist review. 

The evaluation informed the launch of an initial pilot at a local polyclinic, and laid 
the groundwork for the development of a reusable framework for assessing radiology 
AI to help health systems assess and procure solutions in this space. In a domain 
where procurement decisions carry real clinical risk, this kind of stringency and 
shared standard proved to be as important as any individual evaluation result. 
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Operationalising AI Assurance: 
Ecosystem Perspective 
Operationalising AI assurance is not a single problem with a single solution. It 
encompasses a range of interdependent functions spanning testing and evaluation, 
governance and oversight, documentation and incident response, and more. Each 
part is necessary and none is sufficient on its own.  

Rigorous, independent testing is one piece of an indispensable foundation for high 
quality AI. Without measurable and verifiable assessments of system performance, 
safety, and reliability, claims about AI quality remain just claims. The ability to 
benchmark systems against context-specific criteria, to detect failure modes before 
deployment, and to produce evidence that can be scrutinised by external 
stakeholders is what distinguishes a transparent, competitive AI market from one 
built on marketing and assumption. TEVV (testing, evaluation, verification, and 
validation) frameworks like ASQI make quality legible. 

Assurance is an ecosystem that spans testing and evaluation, governance and 
oversight, regulation and standardisation, documentation and incident response. It 
is a collaborative environment that brings together policy makers, data providers, 
procurers, deployers, academics, investors, insurers, advisory firms, end-users, and 
many other stakeholders. Functions that would be ineffective in isolation become 
cornerstones when connected.  

Testing and governance are mutually dependent, and neither is sufficient without the 
other. Meaningful risk assessments require a well-founded understanding of AI 
systems’ capabilities, limitations, and vulnerabilities. That understanding comes 
from rigorous testing. The dependency runs in the other direction too. Test results do 
not interpret themselves, and do not automatically produce responsible behaviour. 
Testing informs governance strategies including deployment decisions, human 
oversight designs, and the formulation of end-user communication. Without 
governance structures capable of acting on what testing reveals, even the most 
rigorous evaluations produce little practical value. Additionally, the stochastic nature 
of AI paired with limited capacity for abstract reasoning and generalisation means 
testing provides a snapshot of system performance and safety, but cannot provide a 
long-term guarantee. Governance is needed to manage residual risk. These functions 
enable each other.  

AI TEVV is a rapidly developing field. Methods used two years ago may be 
inadequate for the systems deployed today, and the threat landscape continues to 
evolve with the technology. The validity of test approaches must be critically and 
continuously questioned, and ongoing findings from academic and other research 
institutions should support the development of new and improved evaluation 
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methods. Responsible assurance requires collective effort across the ecosystem to 
keep pace with this developing field.  

Conclusion  
 AI is being deployed at scale across sectors where the consequences of failure 
are significant. The trust gap this creates–between what AI systems promise and 
what deployers, users, and regulators can verify–is not a problem that will resolve 
itself as the technology matures. AI assurance is increasingly recognised as essential 
to bridging this divide.  

 However, operationalising assurance in practice remains a genuine challenge. 
Translating high-level governance principles such as fairness, accountability, and 
robustness, into measurable, context-specific quality criteria demands technical 
rigour, domain expertise, and a framework capable of producing evidence that is 
meaningful to a wide range of stakeholders. This paper proposed ASQI as one such 
framework and illustrated how it has been applied across domains with very different 
risk profiles: defence, healthcare, financial services, and public administration. Each 
of these cases demonstrates that rigorous, context-sensitive evaluation is not only 
possible but practically achievable, and that it produces something generic 
benchmarks cannot: a defensible basis for deployment decisions. 

 AI assurance is not a barrier to innovation. The detailed examination and 
assessment of AI systems is often treated as a cumbersome process, a speedbump 
that slows deployment and diverts resources from development. This view mistakes 
the cost of assurance for its effect. When assurance is done well, it accelerates the 
right kind of progress. It builds the user trust that drives adoption. It prevents 
investment being wasted on systems that fail in deployment. It reduces the incidents, 
harms, and reputational damage that follow when unsafe or underperforming 
systems reach the market. And by making quality transparent and comparable, it 
sharpens competition between vendors, creating strong incentives to innovate. 

 A market in which AI quality can be independently verified is not a more 
cautious one. It is a better-functioning one where trust is earned rather than 
assumed, where procurement decisions are grounded in evidence, and where the 
systems that succeed do so because they are proven to. 

 What remains is for the market to demand it. Vendors who can demonstrate 
quality should want that quality to be visible. Deployers who bear the consequences 
of AI failure should want the tools to evaluate quality before they take it. And 
regulators who cannot govern what they cannot measure should want the evidence 
base that rigorous assurance produces. The infrastructure for trustworthy AI is being 
built and the opportunity to get this right has never been greater.  
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About Resaro 
Resaro enables confident AI deployment in mission-critical environments through 
independent, platform-based testing and validation that goes beyond the lab. 
Co-headquartered in Singapore and Munich, we work with defence, government, and 
critical-infrastructure operators to move AI systems from pilots into real-world use. 
 
Resaro’s Approved Intelligence Platform (AIP) gives engineers and operators the 
control and evidence they need to move from development to deployment. It 
validates systems across the AI lifecycle — producing clear, auditable evidence of 
performance, failure points, and behaviour under real operating conditions.  
 
This evidence is distilled into an AI Solutions Quality Index (ASQI), giving engineers, 
operators, and governance teams a shared view of system readiness. The index 
supports oversight and deployment decisions, helping organisations determine 
when, where, and how AI can be used with confidence. By turning technical test 
results into decision-ready insight, Resaro helps organisations move beyond 
experimentation and deploy AI at scale — where reliability, safety, and real-world 
outcomes matter. We believe scalable AI deployment requires an independent, 
evidence-based layer of trust — a bridge between business, governance, and technical 
teams that gives them the clarity to act.  
 
 

About Partnership on AI 
 
Partnership on AI (PAI) is a non-profit community of the tech industry, academic, 
civil society, philanthropy and companies who convene to address the most 
important questions concerning the future of AI. Our work contributes to the 
rigorous development of resources, recommendations, and best practices for 
responsible AI. PAI currently brings together 145 Partner organisations across 19 
countries. 
 
This Pathways for Operationalising AI Assurance Paper has been led by Resaro, 
contributing a Partner perspective to PAI’s Strengthening the AI Assurance 
Ecosystem initiative. 
 
 
 

19 


