
Explanation as Evaluation: Using explanation quality to
measure AI system performance
Paul Groth1, Michael Cochez2, Michel Dumontier3, Fajar J. Ekaputra4 and Monica Palmirani5

1University of Amsterdam, Amsterdam, Netherlands
2Vrije Universiteit Amsterdam, Amsterdam, Netherlands
3Maastricht University, Maastricht, Netherlands
4WU Vienna, Vienna, Austria
5University of Bologna, Bologna, Italy

Abstract
Traditional benchmarking approaches for evaluating AI systems face limitations when applied to complex, real-
world domains such as legal decision-making, medical research, and scientific discovery. These limitations include
missing or incorrect ground truth data, data leakage, confirmation bias, and deployment mismatches that make
systematic evaluation challenging. Here, we propose a novel approach explanation as evaluation, which uses the
quality of AI-generated explanations as a proxy for overall system performance. Our process operates across three
phases: (1) Design and Development, where explanation quality dimensions are selected; (2) Deployment, where
explanations are generated alongside system outputs; and (3) Evaluation, where explanations are systematically
assessed against the selected dimensions. We argue that this approach addresses key desiderata for AI evaluation:
the ability to evaluate multifaceted outputs without ground truth, support for continuous evaluation, efficient
use of human expertise, and ready application across diverse domains. We demonstrate the feasibility of our
approach through a proof-of-concept evaluation in clinical trial outcome prediction. Using explanations for AI
evaluation builds on the growing regulatory requirement for explainable AI systems, potentially enabling more
robust and continuous assessment of AI performance in complex, dynamic domains.
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1. Introduction

Evaluation has driven massive progress in AI [1]. Systematic assessment provides insights into a model’s
strengths and limitations, revealing not only how accurately it performs a given task but also how
well it generalizes, handles uncertainty, and upholds ethical standards. Robust evaluation frameworks
aid in the assessment of competing approaches, foster transparency, and build trust among end-users
and stakeholders. However, evaluation has primarily adopted a benchmarking approach [2] using
standardized datasets with training and tests splits1. While effective for certain tasks, this approach
has numerous shortcomings, which have been widely discussed in the literature [3, 4]. Generalized
evaluation of more sophisticated use cases that move beyond well-defined tasks such as classification
or text generation introduces additional complexity.

For some cases, systematic evaluation remains challenging owing to the lack of expert annotations
as well as evolution in domain knowledge. As such, even highly trained experts may disagree on the
soundness or completeness of a AI generated answer. Many AI systems also need to be evaluated before
and during deployment, meaning that evaluation approaches need to be able to be continually run. To
overcome these challenges, we need new approaches to evaluation.

We argue that the use of explanations for evaluation of AI systems is one such approach. Specifically,
we posit that the quality of explanations is an indicator of the performance of an AI system. Assume
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that AI system generates an output along with an explanation of that output. The explanation is then
evaluated along multiple dimensions for its quality (e.g. is it rigorous, convincing, effective). We regard
the quality of the explanations given for the particular outcomes as an important indicator of the quality
of the AI system.

This is analogous to how we evaluate outcomes of complex human processes. For example, in science,
legal cases, and healthcare reviewers consider the evidence base on which an outcome is derived, the
methodology and reasoning used to come to the outcome, the credibility of the organizations involved,
and so on.

Importantly our approach builds upon the significant work in two areas:

• eXplainable AI (XAI) provides the basis for both creating explanations as well as evaluating their
quality [5]. XAI systems are widely available [6] and explainability is becoming a requirement
for the deployment of such systems [7]. Additionally, there are frameworks that allow for the
evaluation of the results produces by XAI systems [8]. We go further and say that these results
are not just a measure of the explanation quality, but a measure of the AI system performance
itself.

• Argument quality assessment [9, 10] that uses the social science literature to derive metrics
for argument quality. This is especially useful in verbal explanations produced by Generative
AI-based systems [11]. It also provides further metrics for understanding the quality.

Evaluating through explanations has a number of benefits. As long as an AI system is able to generate
explanations, we can evaluate the quality of an output regardless of problem, task, or domain. We can
focus part of the human effort on determining the best metrics for explanation quality rather than on
specific domains.

The rest of this paper is organized as follows. First, we describe three use cases that exemplify where
the evaluation of AI Systems is challenging. We then summarize common evaluation pitfalls from
which we derive a set of desiderata for evaluation approaches. Next, we define Explanation-Based
Evaluation and discuss existing literature with respect to our approach. Finally, we describe a proof of
concept, discuss future work and conclude.

2. Complex Use Cases for AI Systems

Legal Predicting the success of a legal appeal requires considering evolving legislation and the judicial
environment, making static benchmarks unreliable. For example, relying on old case-law can lead to
an inaccurate prediction if the legislation has been recently amended when related case data is scarce.
In addition, the legal domain puts further requirements on the AI system; it must have the ability
to produce explanations to judges, enabling informed decision-making, while maintaining neutrality,
impartiality, and fairness. This explanation does not themselves provide a justification, but is rather a
necessary step to find a legal basis, justifying the final decision made by the human judge. To effectively
utilize AI, judges must trust the system’s quality and understand the reasoning (the chain of thought)
behind its outputs. Consequently, argumentation theory, grounded in logic, is frequently employed to
evaluate both the quality of AI systems and their outputs within the legal domain [12].

For a judge, it is important to distinguish between prediction, explanation, and justification. The
prediction can help the judge to find and contrast with cases which are not just lexically similar, but
also similar in terms of arguments, facts, and their legal basis [13]. Argumentation theory can help
evaluate the output of neuro-symbolic AI system, and can provide the judge with relevant elements for
their decision-making process, including the creation of autonomous opinions, justifying the opinion,
and providing arguments for the decision.
Medicine: Fewer than 1 in 10 clinical trials ultimately succeed in bringing a molecular therapeutic

to market [14]. Clinical trials often fail due to reasons of safety and efficacy owing complex factors such
as incomplete understanding of disease and drug mechanisms, heterogeneous patient populations, and
suboptimal trial design. AI systems hold the promise of unlocking new insights from vast datasets to



guide fundamental health research as well as in trial planning and execution, ultimately reducing failure
rates. However, harnessing this potential requires more than just accurate predictions—it requires
trustworthy explanations that make the decision-making process transparent and understandable
to clinicians, researchers, and regulators. Well structured, evidence-based explanations will help
stakeholders pinpoint where AI-driven insights come from, how they align with clinical reasoning, and
where potential biases or gaps may lie, such as a lack of genetic evidence [15]. Reasoned explanations
will allow innovators to properly assess risk, and potentially refocus their efforts on better developed or
more promising directions. By ensuring AI models are not only powerful but also interpretable, the
medical community can gain the confidence and clarity needed to design more effective trials, refine
interventions in real time, and maximize patient benefit.
Scientific research: A feature of scientific research is that it always ventures into unchartered

territory. The most interesting questions are those for which the answer is not known yet. [16] stated
that the search space for scientific knowledge is potentially infinite or unboundable. Hence, if we have
an AI system which aids in the process of making new findings, it will eventually draw from this space.
Now, given this space is unbounded, it is not generally possible to define an absolute benchmark or
ground truth for this AI system. An example can be found in climate research where we might want to
predict sea surface temperature. [17] found that a large fraction of the differences in this measure for
2023/24 could not be predicted from linear extrapolation from the past four decades. One could conceive
of a more expressive predictive model, but the only way to make sure its predictions are correct is to
do an experiment which is not only impractical, but likely also not ethical. Alternatively, one could
attempt running a simulation to evaluate, but in practice this cannot be as granular as the real world
system. So, even if a system predicts well for all observations we have until today, there is no guarantee
that it will perform well in the future.

3. Common Evaluation Pitfalls

Evaluating AI models is critical for understanding their performance, limitations, and suitability for
real-world applications. However, several challenges or pitfalls can arise in the current ways we perform
these evaluations. We discuss only some here.

Missing or Incorrect Ground Truth Data Ground truth data is the data used to train and evaluate
an AI system. Missing or incorrect elements in ground truth data may have a substantive impact on the
ability of the AI system to learn patterns that generalize to real-world situations and to accurately report
their anticipated performance [18] . Building a good quality ground truth dataset is challenged by the
high cost of human annotation [19, 20], the varying quality of annotated data [21], the challenging
nature of the annotation process itself [22] and the ability to broadly cover representative data [23].

Data Leakage Data leakage occurs when during the model training information is used that would
not be expected to be available at prediction time, causing the predictive scores (metrics) to overestimate
the model’s utility. One example is the incorrect split of train-test (e.g., time steps in a time-series
dataset are randomly split so that future data is available during training). The issue of data leakage
is commonly known in machine learning and practitioners take measures to avoid it. However, this
becomes more difficult for complex systems with multiple sources of information [24].
Confirmation Bias AI system designers aim to evaluate their systems well. However, they might

be guided by confirmation bias. For example, imagine a designer evaluates their new system with a
dataset and obtains excellent results on the commonly used dataset and metrics. There is incentives
to stop and either publish the work or deploy the system. However, a superficial evaluation may not
uncover systematic issues in the model and result. First, the results might be due to a bug in the system,
due to luck (e.g., we would only obtain these with a very specific seed) or due to data leakage. Further
issues could occur when comparing the outcomes to existing research results. Often there is no capacity
to re-evaluate all other systems for comparison, and existing results are reused. Unfortunately, this
has caused misleading comparisons where what is compared is not the system itself, but rather an
environmental factor, similar to a hidden confounder. An example can be found in the link prediction



literature where what was in fact compared were the the optimization tricks used, rather than the
systems [25]. The above are examples of confirmation bias but there are a wide variety of other biases
that emerge in the testing and validation process [26].

Deployment mismatch A large majority of ML approaches are evaluated with the assumption that
the distribution of instances that will be seen at inference time will be similar to the distribution that
was used to train the system. This assumption is valid in a rather limited number of real-world settings.
In practice, the real-world deployment of AI systems is much more involved and the “sterile” evaluation
results found in research papers hardly ever apply [20]. To illustrate, methods to predict new or missing
links in graphs are evaluated with benchmarks containing complete knowledge [27], which is never
the intended application of such methods. This is an example of the focus on the internal validity of
results rather than their external validity [3].

4. Desiderata for Evaluating AI Systems

We now formulate desiderata for evaluation approaches that can be used in the kinds of AI systems
discussed above and would overcome common pitfalls.

To cope with the complex outputs produced by AI systems, the approach should 1 be able to evaluate
such multifaceted and complex outputs. Given the difficulty in creating correct ground truth data the
approach should be able to be applied when 2 no ground truth is available.

Given the importance of evaluating in deployed environments, the approach should be able to 3 run
in a continuous manner and to 4 cope with changes in outputs.

The domains in the use cases above are complex. Hence, expertise is often limited therefore the
evaluation approach should 5 efficiently make use of human effort. This also entails that the approach
should be able to be 6 readily applied to new problems, tasks and domains with a minimal amount of
effort. AI systems produce outputs that are often specific to a requester (e.g. a user, or organization).
Hence, evaluation approaches should be able to 7 cope with variation in the tailored outputs.

We now define explanation based evaluation and describe how it addresses these desiderata.

5. Explanation-Based Evaluation

As AI systems are integrated into decision-making in domains such as healthcare, finance, and law,
explanations become crucial. They act as the bridge between the system’s internal reasoning and
human trust; they ensure that users can understand, validate, and, if necessary, challenge the system’s
outputs. Poor-quality explanations—those that are unclear, logically flawed, or misleading—can erode
trust, perpetuate biases, and lead to harmful outcomes, especially in high-stakes contexts. Moreover,
explanations can help identify whether an AI system adheres to ethical and legal standards, aligns
with domain-specific knowledge, and is robust against adversarial conditions. A systematic approach
to explanation quality ensures that AI systems remain interpretable, transparent, and accountable,
fostering responsible adoption and use.

Given these benefits, AI-systems increasingly provide various forms of explanation. We aim to use
these explanations not just for these benefits but to evaluate the performance of the AI system itself. In
other words, the quality of explanations is a proxy for the performance of an AI system.

Definition 1 (AI System performance). Given a set of tasks, and corresponding outputs and their
explanations created by an AI system. AI System performance is the aggregation of the quality of the
explanations.

5.1. Process Steps

We define a set of process steps to operationalize our approach, organized into three steps across
lifecycle phases of AI systems: Design and Development, Deployment, and Evaluation. Each phase and
its associated steps are depicted in Figure 1 and briefly described in the following.



Figure 1: The Process Steps for ”Explanation as Evaluation” Approach

Phase: Design and Development. We initiated the evaluation process from the early design and
development phase, where the objectives, tasks, and contexts of the AI systems needs to be defined.
These information will become an input for both AI system development, and the explanation quality
dimension selection process.

• Step 1: Explanation Quality Dimension Selection. This step defines the most relevant dimensions
and metrics for the evaluation. We summarized some potential quality dimensions from logical
and rhetorical point of views in Table 1.

Phase: Deployment. This process phase facilitate the operationalization of AI systems, where users
can execute commands on AI systems and retrieve execution results. The system can also produce
execution traces, providing additional context to the execution results. Both the execution results and
traces will become an input for the explanation generation step.

• Step 2: Explanation Generation. This step will generate the explanation of the execution results
based on AI system execution results and process traces. The explanation can be generated
through various methods, ranging from symbolic (e.g., decision-tree), sub-symbolic (e.g., LLMs),
neurosymbolic (e.g., RAG), to heuristics approaches.

Phase: Evaluation. The goal of this process phase is to determine whether the AI system meets
its intended objectives. In our approach, we focus on a specific evaluation method of explanation
assessment.

• Step 3: Explanation Assessment assesses the generated explanation from Step 4 in accordance to
the selected dimensions and metrics. Similar to the explanation generation method, the evaluation
assessment method can vary from manual assessment to neurosymbolic AI.

5.2. Evaluating the quality of a explanation

Explainable AI (XAI) methods aim to make the decisions made by AI systems more transparent and
understandable for people. xAI outputs can take a variety of forms depending on the modal output. For
instance, an explanation pertaining to image classification may highlight pixels that are relevant to
the decision. A growing number of efforts have emerged to systematically assess xAI methods on a
variety of problems so to help end-users select appropriate methods for particular tasks or problems



Logical Dimensions Rhetorical Dimensions

Dimension Definition Dimension Definition

Validity Does the argument follow from its
premises?

Clarity Is the argument expressed clearly
and unambiguously?

Soundness Are the premises of the argument
true, or plausible?

Accessibility Are the terms and concepts suffi-
ciently well defined for the target
reader to understand them?

Consistency Are there any internal contradic-
tions within the argument?

Persuasiveness Does the argument effectively ap-
peal to the intended audience?

Coherence Does the argument flow logically
with good transitions between
points?

Free of Fallacies Includes strawman arguments,
ad hominem attacks, false di-
chotomies, appeal to authority,
slippery slopes, circular reasoning,
emotional appeals.

Conciseness Does the argument contain redun-
dant premises or evidence?

Representative Does the argument rely on exam-
ples or data that are representative
of the broader context, or are they
cherry-picked?

Completeness Does the argument address all as-
pects of the issue; does it omit im-
portant information?

Use of Evidence Is evidence credible, relevant, repre-
sentative, and sufficient?

Relevance Are all the premises and pieces of
evidence pertinent to the conclu-
sion, or are there irrelevant details?

Use of Counter-
factuals

Does the argument acknowledge
and address potential counterargu-
ments or alternative viewpoints?

Timeliness Does the argument use information
that is accurate for the period?

Accuracy Does the argument present infor-
mation truthfully, without misrep-
resentation or distortion?

Focused Does the argument stay on topic, or
does it go off topic?

Fairness Is the argument neutral, impartial,
and just?

Contextual-
ized

Does the argument consider spe-
cific contextual considerations? For
instance, spatial or geopolitical con-
siderations.

Acceptability Whether the argument is satisfac-
tory and able to be agreed to or ap-
proved of by the target recipient

Novelty and
Creativity

Does the argument present new
perspectives or solutions? Is it orig-
inal, or does it rehash well-known
ideas?

Table 1
Examples of dimensions for assessing argument quality sourced from [28].

[29, 8]. However, these xAI evaluation frameworks do not purport that the systematic assessment of
the quality of the explanations of an AI system can be used as a measure of system performance.

Explanations should align with established research on argument quality along logical and rhetorical
dimensions are listed in Table 1 and cover aspects relating to cogency (e.g. logical soundness, relevance,
and sufficiency of evidence), reasonableness (e.g. consideration of alternative viewpoints and global
accessibility), and effectiveness (e.g. Persuasiveness, clarity, and credibility) [28].

6. Proof-of-Concept

We exemplify the approach in an anecdotal use case on Clinical Trials (cf. the section on use cases) to
demonstrate the feasibility of our approach. In this use case, we assume the existence of an AI system
that can predict the result of clinical trials based on trial descriptions to help (a) decision makers to issue
the permit for such a trial, and (b) patients to decide whether or not enrolling on such trials.



Dimension Default perspective Lay-users
GPT Gemini GPT Gemini

Soundness 4 4 4 3
Coherence 5 4 4 4
Clarity 3 3 2 2
Persuasiveness 3 3 2 3

Table 2
LLMs’ assessment results for ”sound and coherent”, but ”unclear and unpersuasive” explanations on a 5 point
Likert scale (5 = very good) from two different personas (Default and and lay-users.)

Bringing the use case to life, we are using a public real-world clinical trial descriptions2 as the
input data to the AI system. We selected an example case of a clinical trial on the effectiveness of an
experimental drug INM-176 for patients with Alzheimer-type dementia in comparison to the standard,
control drug Donezepil3.

In our proof-of-concept (PoC), we utilized three different LLMs accessed through their web interfaces:
a) OpenAI gpt-4o-mini (GPT), b) Anthropic claude-3.5-haiku (Claude), and c) Google gemini-
2.0-flash (Gemini). These LLMs are used for both explanation generation (Step 4) and explanation
assessment (Step 5) steps.

The goals of our PoC are two-folds: (A) to evaluate whether the LLMs-based assessment is able to
capture the specified dimensions intended in the generated explanation, and (B) to evaluate the effect
of context, specifically different personas in LLM-based explanation assessment process, representing
different types of users. We briefly describe each step in our evaluation setup as the following:
1) Explanation Dimension Selection. We selected two logical (“soundness” and “coherence”) and

two rhetorical (“clarity” and “persuasiveness”) dimensions for this feasibility evaluation. Furthermore,
a Likert-scale (1-very poor, 5-very good) and text justification are used as evaluation metrics for
assessment.
2) Explanation Generation. We conducted this process step through asking LLMs to generate

explanations for our input dataset (clinical trial results) with various quality wrt. chosen dimensions.
Concretely, we generated two sets of explanation on a specific statement of “why INM-176 is more
effective compared to the standard treatment” with the following characteristics with regards to the
selected dimensions: (EXP-1) “Sound and coherent”, but “unclear and non-persuasive” explanations4,
and (EXP-2) “Clear and persuasive”, but “unsound and incoherent” explanations5.

3) Assessment of Explanation Dimension. We conducted quality assessment through prompting
several LLMs with different personas (i.e., default vs lay-users). This follows the arguments from recent
work showing that LLMs can make for quality argument assessors [30].

For assessing explanations, we use LLMs that are not used for explanation generation to ensure the
neutrality of the assessment process. The assessment results are shown in Table 2 and Table 3. Detailed
prompts and assessment results for Table 2 (i.e., GPT6 and Gemini7) and Table 3 (i.e., Claude8 and
Gemini9) are available online.

Assessment Result Analysis. We analyse the evaluation assessment results with regards to the two
goals we defined earlier:

(A) to evaluate whether the LLMs-based explanation assessment is able to capture the specified dimensions

2https://clinicaltrials.gov
3https://clinicaltrials.gov/study/NCT01245530
4Prompts and results: https://short.wu.ac.at/y8ab
5Prompts and results: https://short.wu.ac.at/6hp7
6https://short.wu.ac.at/s7bn
7https://g.co/gemini/share/91152728d968
8https://short.wu.ac.at/fghu
9https://g.co/gemini/share/20a81777b1d7

https://clinicaltrials.gov
https://clinicaltrials.gov/study/NCT01245530
https://short.wu.ac.at/y8ab
https://short.wu.ac.at/6hp7
https://short.wu.ac.at/s7bn
https://g.co/gemini/share/91152728d968
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Dimension Default perspective Lay-users
GPT Claude GPT Claude

Soundness 1 1 1 3
Coherence 2 2 2 4
Clarity 3 3 3 5
Persuasiveness 1 1 1 4

Table 3
LLMs’ assessment results for “clear and persuasive”, but “unsound and incoherent” explanations

intended in the generated explanation. The results demonstrate the ability of LLMs to correctly assess
the intended quality dimensions in almost all cases (especially in Table 2), with exceptions related to
the given personas, which lead to the next point.

(B) to evaluate the effect of context, specifically different personas in LLM-based explanation assessment
process, representing different types of users. While generally the results are stable, particular LLMs are
more diverge in terms adapting personas for assessing the explanations. Table 3 shows an extreme case
of assessment with different user personas with Claude LLM, where it specifically mention the lack of
medical knowledge as the reason of high-assessment for all dimensions, especially on soundness and
persuasiveness.

7. Discussion & Conclusion

In this work, we have argued that the quality explanations can be a powerful proxy for the quality of
an AI system’s performance.

This contention presupposes that AI systems will be able to provide such explanations. This is a
good question [31]. Here, we point to the fact that explanations are becoming a critical requirement
on AI systems according to policy, regulatory and standard bodies. For example, European legislation
(AI Act art. 13, 14, 8610) refers to explainability. In the USA, NIST includes explainability in the main
principles for designing a good AI system. See, the Four Principles of Explainable Artificial Intelligence,
202111). In the UK, guidelines on AI regulation include explainability as a main pillar of AI system
design12. Likewise, UK guidelines on AI and cybersecurity also focus on explanation.13.

At the international level, standardization bodies (e.g. ISO/IEC/ JTC1/SC42 Working Groups on AI
Standardisation, CEN-CENELEC, ETSI) have been working on AI standards that include explanation (14).
Furthermore, the EU AI ACT delineates a roadmap for approving these standards with the participation
of all the stakeholders (Art. 40 (Harmonised Standards and Standardisation Deliverables)). Thus,
explaining the results of AI systems is seen by these bodies as a fundamental principle to implement
transparency, trustworthiness, fairness, and accountability in the use of AI by end users.

An interesting side effect of using explanations as the source of evaluation is that the many benefits of
using XAI also are produced, whether that is improved debugging, reproducing results, understanding
the provenance of training data, improving the trust in the system, or helping justify a final decision of
the system15.

There is a wide variety of future work to be considered in using explanations as a source of evaluation.
First, one could tailor the evaluation dimensions according to the domain and use-case, the needs of the
applications, the deepness of explanation (e.g., judge, teacher, citizen). In the legal domain, for example,

10http://data.europa.eu/eli/reg/2024/1689/oj
11https://nvlpubs.nist.gov/nistpubs/ir/2021/NIST.IR.8312.pdf
12https://ico.org.uk/media/about-the-ico/consultation-responses/4029424/regulating-ai-the-icos-strategic-approach.pdf
13https://www.gov.uk/government/news/world-leading-ai-cyber-security-standard-to-protect-digital-economy-and-deliver
-plan-for-change

14https://www.iso.org/obp/ui/en/#iso:std:iso-iec:ts:25058:ed-1:v1:en
15In case of an automated decision system, art. 22 GDPR Reg. 2016/679 http://data.europa.eu/eli/reg/2016/679/oj
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“Conciseness” or the “Persuasiveness” are less important respect the Validity, Soundness, Timeliness,
Contextualized, Use of counterfactual, Fairness.[6]

Second, developing systems for continues evaluation based on explanations is critical for implemen-
tation in practice. Lastly, there is significant amount of work in verifying whether this approach to
evaluation corresponds to what stakeholders view as quality.

Traditional benchmarking approaches to AI evaluation have significant limitations especially in
complex and dynamic domain. There is often a lack of ground truth data. It is challenging to evaluate
system output in a continuous manner. Furthermore, complex and multifaceted outputs are often
difficult to evaluate even for experts. In this paper, we have argued that by evaluating AI systems
through the explanations that they generate these challenges can be overcome. Explanations can be
generated continuously and there is a rich literature, for example on argument quality, that can be
used to evaluate explanations in an independent manner. We hope that this approach to AI system
evaluation will help to continue to drive forward progress in the field based on systematic assessment.
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