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Abstract

Evaluating large language models (LLMs) is crucial for both assessing their capa-
bilities and identifying safety or robustness issues prior to deployment. Reliably
measuring abstract and complex phenomena such as ‘safety’ and ‘robustness’ re-
quires strong construct validity, that is, having measures that represent what matters
to the phenomenon. With a team of 29 expert reviewers, we conduct a systematic
review of 445 LLM benchmarks from leading conferences in natural language
processing and machine learning. Across the reviewed articles, we find patterns
related to the measured phenomena, tasks, and scoring metrics which undermine
the validity of the resulting claims. To address these shortcomings, we provide
eight key recommendations and detailed actionable guidance to researchers and
practitioners in developing LLM benchmarks.

1 Introduction

Benchmarks and evaluations play a critical role in the development of large language models. They
help determine which model improvements are considered useful and set the direction of future
research [1, 2]. Creating a benchmark requires operationalising phenomena (abstract concepts) into
concrete tasks and metrics that serve as measurable proxies for model capabilities [3]. As an example,
the ‘intelligence’ of LLMs is frequently debated [4, 5], but cannot be measured directly, making
it necessary to develop proxies [6]. The value of a benchmark depends on whether it is a good
proxy for the real-world phenomenon it intends to measure. This property is known as construct
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Claim 68 [bean_construct_2025]: Bean et al. systematically review 445 LLM benchmarks and find systematic construct validity failures: benchmarks do not reliably measure what they claim to measure. 'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity.' The review demonstrates that the benchmark ecosystem for LLM safety certification has pervasive construct validity problems.

'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity' — Bean et al.'s foundational criterion. The position paper applies this: safety benchmarks lack construct validity for clinical mental health contexts because the benchmark's operationalization of 'safety' does not represent what matters in clinical deployment.

Claim 68 [bean_construct_2025]: Bean et al. systematically review 445 LLM benchmarks and find systematic construct validity failures: benchmarks do not reliably measure what they claim to measure. 'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity.' The review demonstrates that the benchmark ecosystem for LLM safety certification has pervasive construct validity problems.

'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity' — Bean et al.'s foundational criterion. The position paper applies this: safety benchmarks lack construct validity for clinical mental health contexts because the benchmark's operationalization of 'safety' does not represent what matters in clinical deployment.

Claim 68 [bean_construct_2025]: Bean et al. systematically review 445 LLM benchmarks and find systematic construct validity failures: benchmarks do not reliably measure what they claim to measure. 'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity.' The review demonstrates that the benchmark ecosystem for LLM safety certification has pervasive construct validity problems.

'Having measures that represent what matters to the phenomenon' — the operational definition of construct validity. Current LLM safety benchmarks measure refusal rates on adversarial prompts, which does not represent what matters for clinical safety: trajectory-level support quality, crisis recognition accuracy, and absence of long-term harm.

Claim 68 [bean_construct_2025]: Bean et al. systematically review 445 LLM benchmarks and find systematic construct validity failures: benchmarks do not reliably measure what they claim to measure. 'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity.' The review demonstrates that the benchmark ecosystem for LLM safety certification has pervasive construct validity problems.

A systematic review of 445 LLM benchmarks — the largest systematic construct validity audit of the LLM benchmark ecosystem. The finding of pervasive construct validity problems across 445 benchmarks generalizes to the safety benchmark ecosystem the position paper critiques.

Claim 68 [bean_construct_2025]: Bean et al. systematically review 445 LLM benchmarks and find systematic construct validity failures: benchmarks do not reliably measure what they claim to measure. 'Reliably measuring abstract and complex phenomena such as safety and robustness requires strong construct validity.' The review demonstrates that the benchmark ecosystem for LLM safety certification has pervasive construct validity problems.

'Evaluating large language models is crucial for both assessing their capabilities and identifying safety or robustness issues prior to deployment' — the benchmark system's stated purpose is pre-deployment safety identification. Bean et al. show this purpose is systematically undermined by construct validity failures.



A. Identification and Screening

ICML/ICLR/NeurIPS/ACL/NAACL/EMNLP (n = 46,114)

Identified articles (n = 2,189)

Included articles (n = 445)

Screened articles (n = 522)

NLP filtering with expert verification

[topic, empirical, modality]

Manual expert filtering 
[topic, empirical, modality, novelty]

Keywords filtering 
[‘benchmark’ AND ‘LLM’ OR ‘language model’]

Annotated benchmarks (n = 445)

Benchmarks (n = 445)

Metric

Phenomenon

Claims Task

Construct validity codebook

B. Expert Review C. Analysis, Recommendations, Checklist

Operational checklist

Annotated benchmarks (n = 445)

Best practices with broad applicability

Define the phenomenon of interest

Measure the phenomenon and only it

Construct a representative dataset

Acknowledge limitations of reusing datasets

Prepare for contamination

Use statistical methods to compare models

Conduct an error analysis

Justify construct validity

Figure 1: Systematic review process. (A) Identification and screening from relevant proceedings.
(B) In-depth review and annotation of included benchmarks. A phenomenon is operationalised via a
task, scored with a metric, to support a claim about this phenomenon. (C) Synthesis of best practices.

validity: the degree to which a benchmark score provides evidence for making claims about the target
phenomenon [7, 3, 8]. If a benchmark has high construct validity in measuring ‘intelligence’, then a
model which does well is in some sense ‘intelligent’, but if the construct validity is low, then a high
score may be irrelevant or even misleading.

The science of evaluating large language models (LLMs) is still in its early stages, with a pressing
need for shared standards and best practices [9, 7]. Certain specific issues such as reproducibility
and cost have been addressed via shared implementation standards [10, 11], and item selection
methods [12], respectively. Other issues, such as the best use of statistical methods [13, 14, 15] and
social responsibility [7, 16] have also been raised. Reuel et al. [17] aggregate best practices and
provide recommendations for the whole lifecycle of a benchmark. However, identifying concrete best
practices for creating benchmarks with high construct validity remains a difficult task. Benchmarks
with low construct validity have real consequences, since unrecognised weak links between tasks
and the underlying phenomena they claim to measure can lead to poorly supported scientific claims,
misdirected research, and policy implications that are not grounded in robust evidence.

Here, we assess practices around the construct validity of LLM benchmarks through a systematic
review of 445 articles from leading ML and NLP conferences. The articles were coded by experts in
ML and NLP using a detailed conceptual and methodological schema that identifies useful practices
in the design and interpretation of benchmarks for increasing the validity of measurements. Almost
all articles have weaknesses in at least one area across phenomena, tasks, metrics, and claims. Key
concepts are often poorly defined or operationalised, limiting the reliability of the conclusions they
draw. We call for improved practices and reporting standards for establishing construct validity in
new benchmarks, and release an operational checklist of best practice recommendations.

2 Background

Construct validity evaluates whether an empirical test measures the phenomenon it intends to mea-
sure [18]. Formal assessments of construct validity originate from psychological testing as a means
of creating tests for phenomena which cannot be directly verified, such as personality [8].

Construct validity as an overarching concept can be assessed by considering various features of the test
design [19]. At the level of phenomena, face validity considers whether a test appears prima facie a
valid representation of the phenomenon [20, 21]. At the task level, content validity considers whether
the task content represents all important aspects of the phenomenon being measured [22]. Ecological
and predictive validity concern the relevance of the test to real-world settings [23], including how it
predicts future performance [18]. Convergent, discriminant, and criterion validity measure whether
test findings correlate with, and only with, tests for similar phenomena [24].

With LLMs, construct validity is key for benchmarking abstract abilities such as ‘reasoning.’ The value
of construct validity has been emphasised in previous NLP literature [7, 3]. Standard benchmarks
and narrowly-defined tasks are now quickly becoming saturated [25] and attention is shifting towards
testing general-purpose abilities of LLMs [26, 27]. The interpretation of such evaluations has become
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contested, with disagreements about whether results show signs of intelligence [4, 5] or emergent
abilities [28, 29], making assessing construct validity all the more crucial.

3 Methods

Study design We conducted a systematic review, as illustrated in Fig. 1. Our corpus consisted of
46,114 articles drawn from the proceedings of ICML, ICLR and NeurIPS (accessed via proceedings
websites) between 2018 and 2024, and from ACL, NAACL and EMNLP between 2020 and 2024
(accessed via ACL Anthology). The ACL range was limited by abstract availability.

We identified and selected articles whose titles or abstracts contained the keywords ‘benchmark’ and
either ‘LLM’ or ‘language model’, resulting in an initial set of 2,189 articles, with most articles
coming from recent years, and only 14 in 2018 and 2019.

We applied four inclusion criteria to assess the relevance and suitability of each article. First, we
evaluated whether the article concerned the capabilities of LLMs, excluding those focused solely on
technical aspects such as inference speed or energy consumption. Second, we determined whether
the article introduced an empirical benchmark and reported LLM performance, excluding opinions,
reviews or policy frameworks. Third, we assessed whether the benchmark was compatible with text
and vision models, filtering out those that required other modalities such as audio or video. Finally,
we checked that the article introduced a novel benchmark or made a substantial modification to an
existing one, excluding repackaged or minimally altered combinations of prior benchmarks.

We first used GPT-4o mini [30] to screen the articles on the basis of the first three criteria. This
model-assisted step was validated against human-labelled data for a sample of 50 articles and achieved
an F1 score of 84%. This automated step reduced the set to 522 articles eligible for manual filtering.
We then assigned the 522 eligible articles to 29 reviewers matched on area of expertise, to manually
determine inclusion using all four criteria, resulting in 445 articles included for final review.

Codebook and expert review We created an initial a priori codebook for phenomena, tasks, metrics
and claims. Building on the definition of a benchmark from Raji et al. [3], we consider a benchmark
to be a ‘task’ and ‘metric’ which are used together to represent a ‘phenomenon’ of interest. These
elements are considered alongside the interpretation of the results by the authors.2 For example, in
GSM8K [31], the phenomenon is ‘multi-step mathematical reasoning’, which is measured via the task
of answering short free response questions drawn from grade-school mathematics word problems,
which are scored via the ‘exact match’ metric.

Items in the codebook were derived deductively based on prior literature to provide indications of
key aspects of construct validity, including face, predictive, content, ecological, convergent and
discriminant validity (see § 2). Each article was coded by a primary reviewer using this codebook.
A second reviewer mapped the responses onto a simplified list of options for computing statistics
and these mappings were verified by the primary reviewer. A random sample of 46 papers were
reviewed twice, with a mean Brennan–Prediger Kappa of .524 across all 30 categorical questions.
The first author then read a subset of 50 articles and reviewed all the 445 annotations to synthesise
the findings into an initial set of recommendations through an inductive open coding process. Finally,
these recommendations were collaboratively refined through an iterative process involving multiple
authors across five meetings.

4 Results

The reviewing process resulted in a dataset containing responses to 21 question items on 445
benchmark articles, annotated by 29 experts in the areas of NLP and machine learning. Fig. 2 shows
that the number of included articles increases significantly in each subsequent year. The dataset
contains information covering all of the stages of the benchmarks, from how they initially define their
phenomenon of interest, to which tasks they select in an attempt to measure this phenomenon, to the
metrics they use to estimate and compare the performance of language models on these tasks, to the

2We chose to use the terms ‘task’ and ‘phenomenon’, rather than ‘dataset’ and ‘task’, to better capture
benchmarks that involve dynamic elements or aim to measure abstract capabilities rather than specific tasks.
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Figure 2: Summary of reviewed articles. (A) Three most common categories of benchmark
phenomena, grouped into general capabilities, general applications, and specific applications. (B)
Number of articles by publication year and number which discuss the construct validity of their
benchmark.

claims they make about their benchmark’s ability to accurately measure the phenomenon. Fig. 3 shows
the results of key questions from the reviewing codebook which motivate our recommendations.

Phenomenon The reviewed benchmarks cover a wide range of phenomena (Fig. 2 (A)), including
areas such as reasoning (18.5%), alignment (8.1%) and code generation (5.7%). Most of the articles
provided a definition of their measured phenomenon (78.2%). Of the articles that provided definitions,
52.2% of these definitions are widely agreed upon, but 47.8% are contested, addressing phenomena
with many possible definitions or no clear definition at all (Fig. 3). For example, a benchmark
measuring the extent to which LLM generations correspond to established psychometric categories
[32] has clear, widely agreed definitions. However, as a category, alignment benchmarks often target
phenomena with contested definitions (e.g. ‘harmlessness’).

The definitions of the phenomena also varied in whether they defined the phenomenon they tested
as a composite (61.2%) or a single unified whole (36.5%). For example, some phenomena can be
tested alone, (e.g. measuring the ability to traverse a 2D map [33]), while other phenomenon are
overarching abilities integrating many sub-abilities (e.g., a model’s ‘agentic capabilities’ requiring
sub-abilities such as intent recognition, alignment, and structured output generation [34]).

Task The tasks chosen to measure the target phenomena varied widely, ranging from answering
medical licensing exam questions [35] and detecting errors in computer code [36] to reconciling
conflicting information on Wikipedia [37]. Less than 10% of benchmarks used complete real-world
tasks, such as writing a correct SQL query given a natural language query and a database structure [38].
Overall, 40.7% of all reviewed benchmarks make use of constructed tasks, such as reading fictional
multi-party conversations and answering questions about the beliefs of the conversation participants
to test ‘theory of mind’ [39], with 28.5% using exclusively constructed tasks. Partially real-world
tasks, such as accomplishing e-commerce tasks collected from real people on a mock website [40],
and representative tasks, such as answering exam-style science questions [41], are used in 32.3% and
36.9% of reviewed benchmarks, respectively.

Benchmarks included task items from various sources, with only 33.6% relying on a single source.
Authors most commonly handcrafted new task items (43.3%), followed by reusing data from existing
benchmarks (42.6%) and generating data with LLMs (31.2%). Human exams and other pre-existing
sources were used in 38.2% of benchmarks. Among those with a single task source, the most common
was another benchmark (7.7% of benchmarks sourced their tasks solely from another benchmark).

Task items within any benchmark are effectively a sample from a much larger conceptual set of
possible items that could be used to operationalise the phenomenon. The methodology used to select
this sample significantly impacts the benchmark’s validity. In 12.3% of cases, authors exclusively
used readily accessible datasets as the source of their task items, a practice known as convenience
sampling [42]. Another 27.0% incorporated convenience sampling as part of their sampling strategy.
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Widely-agreed
(40.9%)

Contested
(37.4%)

Undefined
(21.7%)

No Convenience
(60.7%)

Partial Convenience
(27.0%)

Only Convenience
(12.3%)

Not Reused
(51.9%)

Partially Reused
(38.2%)

Only Reused
(9.9%)

Used
(16.0%)

Not Used
(84.0%)

Discussed
(53.4%)

Not Discussed
(46.6%)

Definition of
Phenomenon

Use of Convenience
Sampling

Task Source Statistical Tests Construct
Validity

Figure 3: Key codebook results. The distribution of codebook responses on selected items. In each
column, the options are ordered from most to least preferred for high construct validity. The shaded
area indicates the benchmarks that follow the best practices for all five items.

Overall, 55.2% of benchmarks used at least partially targeted sampling, which involved defining a
task space and strategically selecting items within it (e.g., compiling news sources with differing
opinions and testing how well models can synthesise the information [43]). 46.2% used criterion
sampling, where items are selected from a larger set based on specified rules, as part of their strategy
(e.g., filtering recent machine learning articles to produce literature review questions [44]). Finally,
17.1% used random sampling, which involves defining a task space and randomly selecting items
from it (e.g., collecting samples of informal text from Semantic Scholar and evaluate rewriting in
academic prose [45]). Of all reviewed articles, 17.5% exclusively used targeted sampling, 10.8%
exclusively used criterion sampling, and 7.0% exclusively used random sampling.

Benchmarks included task items that require responses in a range of formats. Free response was the
most common response format (used partially by 46.4%, exclusively by 17.8%), followed by multiple
choice (used partially by 40.0%, exclusively by 18.5%). Short free response, where responses were
limited to a few words, was used partially by 38.5% and exclusively by 13.2%, and other structured
response formats such as JSON were used partially by 21.1% and exclusively by 8.6%.

Metric The most common metric used to score the benchmarking tasks was exact matching (used
at least partially by 81.3%, exclusively by 40.7%). Other commonly used metrics include soft match
scores, which have an exact correct answer but allow for partial credit (used at least partially by
20.9%, exclusively by 0.9%), LLM-as-a-judge (at least partially by 17.1%, exclusively by 3.1%), and
human ratings (at least partially by 13.0%, exclusively by 1.8%). Once the responses were scored,
16.0% used uncertainty estimates or statistical tests to compare the results.

Claims To support their results, 53.4% of articles presented evidence for the construct validity of
their benchmark. This included benchmarks using real-world tasks to ensure the problems reflected
actual coding [46] or authors suggesting that their designs better captured user intents [47]. 35.2% of
articles also included a comparison to other benchmarks of similar phenomena, 32.4% to a human
baseline, 31.2% to a more realistic setting, enabling an understanding of similarities and differences.

5 Recommendations

Based on our review, we provide recommendations to strengthen the construct validity of LLM
benchmarks. We prioritise broadly applicable recommendations, noting that not all apply to every
benchmark. Each includes a specific checklist of items to address when creating a new benchmark.
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5.1 Define the phenomenon

Define the phenomenon

□ Provide a precise and operational definition for the phenomenon being measured
□ Specify the scope of the phenomenon being covered and acknowledge any excluded aspects
□ Identify if the phenomenon has sub-components and ensure they are measured separately

The target phenomenon should be clearly defined before operationalising it in a benchmark. 78.2%
of reviewed benchmarks provide definitions, helping users to understand what is being measured and
how. Phuong et al. [48] shows an example of how a clear definition can guide task design and clarify
the operationalisation of an abstract concept.

When multiple definitions exist for a single term, stating one helps clarify the intention of the
benchmark and how the results should be interpreted. If there is no consensus for defining a
phenomenon, as we observe in 47.8% of benchmarks, providing a negative or apophatic definition
can help set boundaries (e.g., repeating memorised answers is not reasoning) [49]. If the target
phenomenon has sub-components, as in 61.2% of benchmarks, benchmarking each element separately
increases clarity and improves interpretation. Although, benchmarks which combine several different
measures of the same concept can be useful in no single measure is adequate.

5.2 Measure the phenomenon and only the phenomenon

Measure only the phenomenon

□ Control for unrelated tasks that may affect the results
□ Assess the impact of format constraints on model performance
□ Validate any automated output parsing techniques for accuracy, consistency and bias

Completing a benchmark task involves a combination of task-specific and more general abilities,
such as instruction-following. Additional, unmeasured, subtasks can confound the measurement
of the target phenomenon. For example, 21.1% of benchmarks require specific output formats
that can themselves be challenging for models [50]. Others may involve complex instructions
that disproportionately reduce performance in weaker models [49]. In tasks such as commonsense
reasoning, it can be difficult to separate reasoning ability from model’s existing knowledge [51].

Several strategies can mitigate these confounding effects. Baselines can be established for perfor-
mance on the relevant subtasks alone. If a benchmark requires world knowledge but does not intend
to measure it, models should first be tested on this world knowledge directly and scores adjusted
to avoid penalising failures arising from lack of knowledge. If a benchmark uses strict formats
or complex instructions, test those skills independently and allow retries to distinguish formatting
proficiency from task performance. If LLMs are used to parse original model responses, the extractor
LLM should be validated to avoid introducing new biases or performance artifacts. Though less
applicable on individual benchmarks, factor analysis techniques are also being explored to extract
latent capability dimensions with less interference from auxiliary tasks [52, 53, 54].

5.3 Construct a representative dataset for the task

Construct a representative dataset for the task

□ Employ sampling strategies to ensure task items are representative of the overall task space
□ Verify the quality and relevance of all task items especially for large or automatically

generated datasets
□ Include task items that test known LLM sensitivities (e.g. input permutations or variations)
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Benchmarks use finite sets of task items as proxies for complex phenomena. Each item can be
seen as drawn from a larger possible set, so sampling should be representative of the task space.
However, 27.0% of reviewed benchmarks used convenience sampling, relying on the validity of the
existing sample. For example, if a benchmark reuses questions from a calculator-free exam such as
AIME [55], numbers in each problem will have been chosen to facilitate basic arithmetic. Testing
only on these problems would not predict performance on larger numbers, where LLMs struggle.

We recommend that authors adopt more robust sampling techniques, such as random or stratified
sampling (17.1% of reviewed benchmarks use at least one of these). With better sampling methods,
smaller well-designed datasets can provide higher construct validity than larger datasets at less
computational cost [56]. The risk of having non-representative sampling of benchmark tasks should
also be taken into account when generating synthetic examples to increase the size of benchmarks,
as occurs in 47.5% of the benchmarks we reviewed. Task items can also be explicitly designed to
test for common weaknesses in LLMs. For example, human examinations are unlikely to have the
same question repeated in several different phrasings, but LLMs are known to be sensitive to minor
variations in prompts [57, 58] and variations could improve the robustness of the results.

5.4 Acknowledge limitations of reusing datasets

Acknowledge limitations of reusing datasets

□ Document whether the benchmark adapts a previous dataset or benchmark
□ If so, analyse and report the relevant strengths and limitations of the adapted prior work
□ If so, report and compare performance on the new benchmark against the original
□ Explain modifications to reused datasets and how they improve construct validity

38.2% of reviewed benchmarks reuse data from previous benchmarks or human exams. Reusing
existing datasets makes it difficult for authors to control the construct validity of their benchmark and
limits options for design choices such as task and metric. Reuse of existing materials also increases
the chances of benchmarking tasks appearing in pre-training data (see § 5.5), compromising results.

Newly constructed datasets should be preferred to reused datasets. When datasets are reused, such as
when a benchmark improves upon an older version (7.7% of cases), authors must investigate which
changes have been introduced and what the new benchmark preserves. Differences between the
original and new datasets should be clearly documented and justified. Reporting differences in results
between the new and original benchmarks can help to demonstrate the impact of changes, including
whether the new benchmark has improved the construct validity.

5.5 Prepare for contamination

Prepare for contamination

□ Implement tests to detect data contamination and apply them to the benchmark
□ Maintain a held-out set of task items to facilitate ongoing, uncontaminated evaluation
□ Investigate the potential pre-exposure of benchmark source materials or similar data in

common LLM training corpora

For many phenomena, the process through which an LLM reaches the answer is equally as important
as whether the correct answer was reached. In these cases, the validity of the results can be undermined
both by direct contamination of benchmark items and by memorisation of partial answers or closely-
related information. Benchmark contamination is likely to occur even with model developers acting
in good faith [59]. When a benchmark is widely used, the progressive effort to improve on that
benchmark means that newly developed techniques will be specifically suited to solving that task.
Over time, this selection of methods can lead to overfitting, similar to the repeated use of a validation
set [60], effectively contaminating the benchmark.
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We recommend vetting test items for dataset contamination when the benchmark is created, espe-
cially when the dataset is already public, or when an LLM is used to generate task examples [61].
Including these contamination checks within the benchmark itself can provide ongoing verification
of the validity. Dynamic benchmarks have also been proposed as a solution to this issue [25], and
procedurally generated tasks, in particular, can be used to keep benchmarks up-to-date [62].

5.6 Use statistical methods to compare models

Use statistical methods to compare models

□ Report the benchmark’s sample size and justify its statistical power
□ Report uncertainty estimates for all primary scores to enable robust model comparisons
□ If using human raters, describe their demographics and mitigate potential demographic

biases in rater recruitment and instructions
□ Use metrics that capture the inherent variability of any subjective labels, without relying on

single-point aggregation or exact matching

To support valid interpretation and comparisons across models, prior work has highlighted the
importance of using statistical techniques in the analysis of benchmark results [14, 13]. At present,
only 16.0% of reviewed benchmarks conducted any statistical testing. Increasing the use of robust
statistical methods for LLM benchmarking is critical.

In addition, scoring methods based on human or LLM ratings provide subjective metrics that may
vary across samples. Since there is real variation in human preferences, the aggregation and reporting
should consider the meaning of the distribution of ratings. In particular, benchmark creators should
consider the representativeness of the raters, and whether there are meaningful differences between
groups [63]. For example, bias benchmarks operate with concepts of harm and bias which are
culturally and socially contingent [64]. By considering the distribution of ratings, overall results will
better incorporate potential real-world uses of LLMs.

5.7 Conduct an error analysis

Conduct an error analysis

□ Conduct a qualitative and quantitative analysis of common failure modes
□ Investigate whether failure modes correlate with non-targeted phenomena (confounders)

rather than the intended construct
□ If so, identify and discuss any potential scoring biases revealed in the error analysis

After a benchmark is created, an error analysis can reveal the types of errors models make. If the
benchmark has high construct validity, these errors will indicate useful research directions for the
target phenomenon. Therefore, error analysis can provide an indication of the construct validity
of the benchmark based on the avenues for improvement which are indicated. If the failure cases
correspond to failures to demonstrate the target phenomenon, the validity is high. If not, this may be
a reason to modify the benchmark to be more precise. As an example, Phuong et al. experiment with
repeated trials and find that the highest scores come from low probability generations, allowing them
to identify that the tasks are possible for the models, but not likely to be solved.

5.8 Justify construct validity

Justify construct validity

□ Justify the relevance of the benchmark for the phenomenon with real-world applications
□ Provide a clear rationale for the choice of tasks and metrics, connected to the operational

definition of the phenomenon
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□ Compare similarities and differences between the benchmark and existing evaluations of
similar phenomena

□ Discuss the limitations and design trade-offs of the benchmark concerning construct validity

Improving scores on a benchmark requires attention and resources, so it is helpful for the authors to
explain why the benchmark is relevant. However, only about half (53.4%) of reviewed benchmarks
justify why they are a valid measure of an important phenomenon. To establish high construct
validity, we recommend authors articulate the rationale behind the chain of decisions from defining
a phenomenon, to operationalising it via a task, to selecting specific task items to test, to the code
implementation of the task, up to making validity claims.

Authors should discuss key design trade-offs. For example, multiple-choice formats are easy to score
but can be gamed and rarely reflect real-world use cases [65]. Free-text responses are more realistic
but harder and costlier to evaluate [10]. With many benchmarks aiming at similar phenomena (e.g.
‘reasoning’), clarity about how a benchmark aligns or diverges from others is critical. Convergent and
discriminant validity help clarify what each benchmark actually tests [18]. These choices should be
addressed directly in the limitations to enable more reliable and interpretable progress.

Example
As a practical demonstration of our recommendations, we discuss the GSM8K benchmark
[31]. We chose this benchmark because of its widespread adoption and examples of simple
ways to address many, but not all, of our recommendations.

Define the phenomenon: GSM8K describes itself as ‘grade school math problems...using ba-
sic arithmetic’ which are ‘useful for probing the informal reasoning ability of large language
models’. This definition describes both the phenomenon, [mathematical] reasoning, and the
task, arithmetic-based math problems, making the operationalisation of ‘reasoning’ and the
scope of the assessment clear. The authors also note that the difficulty comes from a combi-
nation of ‘reading comprehension’ and ‘logical reasoning’. Based on our checklist, we would
recommend assessing the relative impact of each of these skills. One approach would be to
annotate the relative demand for each skill on each of the problems, similar to Zhou et al. [66].

Measure only the phenomenon: Beyond reading comprehension and logical reasoning,
GSM8K requires arithmetic calculations. The authors note this as a potential confounder and
provide a calculator tool to their model. However, we would recommend building this into
the benchmark directly to avoid score differences due to testing setups [10]. Instead, the
answer could be provided as a mathematical expression which is evaluated as part of the
scoring. The answer format itself is simple, although the potential impacts of tokenization
should be considered [67].

Construct a representative dataset for the task: Annotators creating the dataset are given
a diverse set of seed prompts and the dataset is tested for reliability by human annotators
prior to release. Additional tests to target known LLM weaknesses, such as re-wording the
questions, would improve the robustness of the results [68].

Acknowledge limitations of reusing datasets: The dataset is created from scratch for this
project, which avoids the issues of reused datasets.

Prepare for contamination: We recommend the addition of a canary string and a set of
held-out task items. Testing performance on a new set of similar benchmark questions also
shows significant performance drops, likely indicating that contamination has occurred [69].

Use statistical methods to compare models: The benchmark reports a large sample size
justified by the deliberate creation of diverse questions. Comparisons between the models
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being tested are reported over multiple runs with standard deviations.

Conduct an error analysis: No error analysis is conducted. By creating a typology of error
types on GSM8K, other works were able to guide improvements in future models [70, 71].

Justify construct validity: The authors describe how their dataset differs from existing sets
of maths problems in quality and scale. We would also recommend a discussion of how
maths reasoning problems relate to logical reasoning broadly given the stated requirements
of ‘reading comprehension’ and ‘logical reasoning’.

Conclusion: GSM8K is a generally valid benchmark for measuring performance on grade
school maths questions. Contamination has likely been a factor in increased scores over time
which may have been partially avoidable. An error analysis would also have furthered the
usefulness of the benchmark. Where interpretation stretches from ‘math problems’ to ‘logical
reasoning’, greater clarity would be valuable to help readers interpret the results.

6 Discussion

We performed a systematic review of 445 benchmarks from the NLP and ML literature to assess the
best practices around construct validity. We found that the operationalisation of abstract phenomena
was often insufficient, with definitions being missing or contested. Tasks were frequently taken from
pre-existing data sources without adjustments to ensure that they were representative of the target
phenomenon. Statistical testing was also rarely performed. About half of the reviewed articles did
discuss the validity of their benchmark, but nearly every paper had weaknesses in at least one area. In
light of these gaps, we created a list of recommendations covering the design of phenomena, tasks,
and metrics as well as interpretation to improve the construct validity of future LLM benchmarks.

We developed the operational checklist as a practical tool to support researchers in proactively
engaging with construct validity throughout the benchmark lifecycle. We recommend its use early
in the design phase to guide critical design decisions regarding task selection, sample construction,
metric justification, as well as later when interpreting findings. We do not expect that every benchmark
will satisfy every item, as practical trade-offs will sometimes be necessary. We recommend reporting
the checklist as an appendix with answers and explanations for each skipped item, allowing users to
assess if a benchmark aligns with their needs and matches best practices. Beyond new benchmark
developments, the checklist can also serve as an evaluation framework for existing benchmarks, or
for adapting them to new domains or capabilities.

We describe limitations of our approach. Our focus on leading conference proceedings, while
ensuring a baseline of peer-reviewed quality, may systematically exclude certain types of impactful
benchmarks. For example, it does not capture benchmarks developed and released by industry labs
without formal peer review, or those published in specialised domain-specific venues, may not be
captured. We primarily review benchmarks prevalent in mainstream academic AI research.

To manage the extensive initial corpus, we employed GPT-4o mini for preliminary screening against
topic, empirical, and modality criteria, prior to manual review. This automated step was only used
to exclude articles, and validated against human annotation (see § C indicating good agreement).
Nevertheless, this may have introduced undetected false negative systematic errors. Distributional
shift in language usage may also have contributed to the lower inclusion of older papers, alongside
the general increase in papers being published in this area. The scale of the review also necessitated
limiting the number of reviewers per paper, reducing the robustness of the reviews.

7 Conclusion

The rapid advancement of LLMs requires robust evaluation. Our systematic review of 445 bench-
marks reveals prevalent gaps that undermine the construct validity needed to accurately measure
targeted phenomena. To address these shortcomings, which can hinder genuine progress, we propose
eight recommendations and a practical checklist for designing and interpreting LLM benchmarks.
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Ultimately, “measuring what matters” requires a conscious, sustained effort from the research com-
munity to prioritise construct validity, fostering a cultural shift towards more explicit and rigorous
validation of evaluation methodologies.
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A Construct Validity Checklist

For usability, we have reproduced the complete construct validity checklist here, grouped by rec-
ommendation. We recommend that checklist users consider each of these questions and whether
the answer is adequately addressed in the benchmark and corresponding paper. We anticipate that it
may be difficult to adopt every recommendation in every case. For example, computing confidence
intervals may be prohibitively expensive. In these cases, considering and discussing the tradeoffs of
adopting the recommendations as limitations would enable readers of these papers to better interpret
the results.

Define the phenomenon

□ Provide a precise and operational definition for the phenomenon being measured
□ Specify the scope of the phenomenon being covered and acknowledge any excluded aspects
□ Identify if the phenomenon has sub-components and ensure they are measured separately

Measure only the phenomenon

□ Control for unrelated tasks that may affect the results
□ Assess the impact of format constraints on model performance
□ Validate any automated output parsing techniques for accuracy, consistency and bias

Construct a representative dataset for the task

□ Employ sampling strategies to ensure task items are representative of the overall task space
□ Verify the quality and relevance of all task items, especially for large or automatically generated

datasets
□ Include task items that test known LLM sensitivities (e.g. input permutations or variations)

Acknowledge limitations of reusing datasets

□ Document whether the benchmark adapts a previous dataset or benchmark
□ If so, analyse and report the relevant strengths and limitations of the adapted prior work
□ If so, report and compare performance on the new benchmark against the original
□ Explain modifications to reused datasets and how they improve construct validity

Prepare for contamination

□ Implement tests to detect data contamination and apply them to the benchmark
□ Maintain a held-out set of task items to facilitate ongoing, uncontaminated evaluation
□ Investigate the potential pre-exposure of benchmark source materials or similar data in common

LLM training corpora

Use statistical methods to compare models

□ Report the benchmark’s sample size and justify its statistical power
□ Report uncertainty estimates for all primary scores to enable robust model comparisons
□ If using human raters, describe their demographics and mitigate potential demographic biases

in rater recruitment and instructions
□ Use metrics that capture the inherent variability of any subjective labels, without relying on

single-point aggregation or exact matching.

Conduct an error analysis

□ Conduct a qualitative and quantitative analysis of common failure modes
□ Investigate whether failure modes correlate with non-targeted phenomena (confounders) rather

than the intended construct
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□ If so, identify and discuss any potential scoring biases revealed in the error analysis
□ Conduct experiments or propose new directions to improve model scores on the benchmark

Justify construct validity

□ Justify the relevance of the benchmark for the phenomenon with real-world applications
□ Provide a clear rationale for the choice of tasks and metrics, connected to the operational

definition of the phenomenon
□ Compare similarities and differences between the benchmark and existing evaluations of similar

phenomena
□ Discuss the limitations and design trade-offs of the benchmark concerning construct validity
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B Complete Codebook

This section describes each of the items in the codebook with summaries of the results where possible.
The complete codebook is available as a dataset on Hugging Face and the code used to clean the
dataset is available on GitHub.

B.1 General Background and Summary

bibkey
Description: The unique identifier to match the reviewed paper to a .bib file.
Codebook question: ID of article (this is provided in the list of papers)

title
Description: The title of the article.
Codebook question: Title of article

benchmark
Description: The name of the benchmark.
Codebook question: The name of the benchmark, if one exists (e.g. GSM8K)

inclusion
Description: Whether the paper was included in the review.
Codebook question: According to the criteria, should this paper be included or excluded?

exclusion_criteria
Description: The criteria for excluding the paper, if any.
Codebook question: If exclude, what criteria is violated?

exclusion_criteria_detail
Description: Any additional details about the exclusion criteria.
Codebook question: If exclude, why? (optional, 1 sentence)

short_summary
Description: A short summary of the paper.
Codebook question: Short summary of paper contribution and method. Likely to be similar to the abstract. (2-3
sentences, no need for numbers)

contribution
Description: Any additional notes about the article contribution
Codebook question: Other useful notes on contribution details (optional, only if something stood out)

B.2 Phenomenon

target_phenomenon
Description: The main phenomenon measured in the paper, as defined by the authors.
Codebook question: According to the authors, what capability or specific application is being measured? (a few
words, e.g. knowledge, reasoning, natural language understanding)

phenomenon_short
Description: Whether the phenomenon is a general capability or a specific application.
Codebook question: Which category does the target phenomenon fall into?

Summary of values:
General Capability (A broadly useful ability, which could be relevant to multiple applications): 321
Specific Application (A single use case, where the benchmark is likely to be examples of that use case): 118
Other: 16

phenomenon_defined
Description: Whether the phenomenon is defined in the paper.
Codebook question: Is the targeted phenomenon explicitly defined?
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Summary of values:
Yes: 348
No: 99

phenomenon_definition
Description: The definition of the phenomenon.
Codebook question: How is the phenomenon of interest defined? (copy paste if possible, otherwise summarise
what is being said)

phenomenon_taxonomy_root
Description: The root category of the phenomenon taxonomy.
Codebook question: None

phenomenon_taxonomy_leaf
Description: The leaf category of the phenomenon taxonomy.
Codebook question: None

phenomenon_taxonomy_alternate
Description: An alternate for the phenomenon taxonomy if highly relevant.
Codebook question: None

phenomenon_contested
Description: Whether the definition of the phenomenon is broadly agreed upon, or if many definitions exist for
the same term.
Codebook question: Does the target phenomenon have a widely agreed-upon definition, or is this definition
contested?

Summary of values:
Contested: 225
Widely-agreed: 203
Not defined: 27

phenomenon_contested_clean
Description: Standardised mapping of phenomenon_contested values for statistical analysis.
Codebook question: None

Summary of values:
[’Contested’]: 225
[’Widely-agreed’]: 203
[’No definition’]: 27

definition_scope
Description: Whether the benchmark covers everything within the phenomenon definition or only a subset.
Codebook question: Does the benchmark claim to measure everything covered by the definition, or focus on a
more specific case or subset?

Summary of values:
Subset: 253
Comprehensive: 196

definition_integrity
Description: Whether the definition is described as containing separate sub-phenomena.
Codebook question: Do the authors describe the phenomena as a single cohesive whole, or does it consist of
sub-elements?

Summary of values:
Composite phenomenon: 278
Single cohesive phenomenon: 166
Other: 10

definition_integrity_detail
Description: If the definition includes sub-elements, what are they?
Codebook question: If the target phenomenon consists of sub-elements, are they measured separately?

Summary of values:
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Yes: 261
Not applicable: 144
No: 46

purpose_extra
Description: Any additional notes about the conceptual details of the paper.
Codebook question: Other useful notes on conceptual details (optional, only if something stood out)

B.3 Task and Dataset

task_definition
Description: The definition of the benchmarking task.
Codebook question: How is the task defined? (1-2 sentences)

task_face_validity
Description: An assessment of the face validity of the benchmark.
Codebook question: Is there prima facie reason to believe that this task could benchmark the target phenomenon?

task_face_validity_clean
Description: Standardised mapping of task_face_validity values for statistical analysis.
Codebook question: None

task_item_definition
Description: The definition and/or an example of a single item in the task.
Codebook question: What does a single item in the task dataset look like? (If the task is stored as a table, what
is represented by one row in the table?) (1-2 sentences)

task_definition_detail
Description: Any additional notes about the task definition.
Codebook question: Any additional details on task definition. (optional, only if something stands out)

task_source
Description: The source of the task items.
Codebook question: What is the source of the dataset task items? (Choose all that apply. If additional comments
are needed, use the next question.)

task_source_clean
Description: Standardised mapping of task_source values for statistical analysis.
Codebook question: None

task_source_detail
Description: Any additional notes about the task source.
Codebook question: Other useful notes on task source (optional, use this is something needs to be clarified)

task_ecology
Description: How closely does the benchmarking task resemble the real application?
Codebook question: Is the task ecologically valid? (e.g. would a person really use a model in this way?) In the
case of benchmarks which cover foundational abilities across many potential applications, you may need to
select multiple responses and clarify below.

task_ecology_clean
Description: Standardised mapping of task_ecology values for statistical analysis.
Codebook question: None

task_ecology_detail
Description: Any additional detail about the ecological validity of the task
Codebook question: Any additional detail about the ecological validity of the task

task_train_val
Description: The data splits that are provided.
Codebook question: Which of the following dataset splits are provided? (if no splits are provided, assume the
entire task is the test set)
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Summary of values:
Test: 275
Test, Train, Validation: 96
Test, Train: 51
Test, Validation: 17
Other: 2

task_dataset_size
Description: The numbers of items in the task test dataset.
Codebook question: Size of the task dataset (count, test set only, if none is reported write "NA")

task_dataset_size_extra
Description: The number of items in the task train and validation datasets, if they exist.
Codebook question: The size of the train and validation splits, if they are provided

task_dataset_size_detail
Description: Any additional notes about the task dataset size.
Codebook question: Any additional notes (e.g. the test set for some of the subcategories is very small)

task_dataset_metadata
Description: Whether additional metadata is provided about the task items.
Codebook question: Does the dataset provide any metadata? (e.g. topic area, difficulty level. Do not look in the
dataset, this must be described in the paper to count.)

Summary of values:
Yes: 322
No: 126

dataset_metadata_detail
Description: A description of any metadata provided.
Codebook question: If metadata is provided, what is it? (comma-separated list of fields, e.g. human difficulty,
date, language)

dataset_sampling_method
Description: The method by which task items were selected from the space of possible task items.
Codebook question: How does the dataset relate to the population it represents? (Choose all that apply, see the
image for examples)

dataset_sampling_method_clean
Description: Standardised mapping of dataset_sampling_method values for statistical analysis.
Codebook question: None

response_format
Description: The format of the expected response.
Codebook question: What is the format of the expected response? (Choose all that apply. Try to stick with the
provided categories, and use the next question to clarify.)

response_format_clean
Description: Standardised mapping of response_format values for statistical analysis.
Codebook question: None

response_format_detail
Description: Any additional notes about the response format.
Codebook question: Any additional details about the required response format to clarify how it fits in the
categories above (optional)

B.4 Metric

metric_definition
Description: The definition of the metric used to score the benchmark.
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Codebook question: What is the primary metric for scoring the benchmark? (Choose all that apply. Please try to
stick to the provided categories and elaborate below.)

metric_definition_clean
Description: Standardised mapping of metric_definition values for statistical analysis.
Codebook question: None

metric_access
Description: Whether the metric requires model access or not.
Codebook question: Does this metric require model access, or can it be computed from responses alone?

Summary of values:
Outputs alone: 422
Model access required (e.g. logits): 32

metric_definition_detail
Description: Additional details on metric definition.
Codebook question: Any additional details on metric definition. (optional, only if something stood out)

metric_face_validity
Description: An assessment of the face validity of the metric.
Codebook question: Is there prima facie reason to believe that this metric could benchmark the target phe-
nomenon?

metric_face_validity_clean
Description: Standardised mapping of metric_face_validity values for statistical analysis.
Codebook question: None

metric_aggregation
Description: The method(s) used to aggregate metric scores.
Codebook question: How are the results aggregated, if at all? (e.g. mean, weighted mean, correlation)

metric_subscores
Description: Whether subscores are provided for any specific subsets of the task.
Codebook question: Are scores provided for any specific subsets of the task? (e.g. by difficulty)

Summary of values:
Yes: 363
No: 91

metric_subscores_detail
Description: Standardised mapping of metric_subscores values for statistical analysis.
Codebook question: If so, what subsets are provided?

metric_metascoring
Description: Whether the scoring involves meta-scoring techniques (pass@k, consensus@k, etc.).
Codebook question: Does the scoring involve any meta-scoring techniques? If so, which ones?

metric_fewshot
Description: Whether evaluation uses few-shot prompting.
Codebook question: Does the scoring involve few-shot prompting or other similar in-context learning techniques?

Summary of values:
No: 214
Yes: 79

metric_statistics
Description: The statistics used to aggregate and compare metric scores.
Codebook question: What statistical methods are used to aggregate and compare the results? (e.g. simple
mean/sum, mean and variance, clustered standard deviations)

metric_statistics_clean
Description: Standardised mapping of metric_statistics values for statistical analysis.
Codebook question: None
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B.5 Results and Claims

result_interpretation
Description: Connection between claims and phenomenon definition.
Codebook question: Are the claims made in the results consistent with the scope of the definition being used?

Summary of values:
Yes: 435
No: 18

results_comparison
Description: Comparison of results to other benchmarks.
Codebook question: Are comparisons made to results on other benchmarks of similar phenomena? (this requires
a comparison of the nature of the results, not just a literature review)

Summary of values:
No: 294
Yes: 160

results_comparison_explanation
Description: Free-form explanation of the comparison.
Codebook question: If so, are theories offered to explain the similarities and differences?

Summary of values:
No comparisons made: 261
Yes: 144
No: 27

results_human_baseline
Description: Whether model results are compared to human performance.
Codebook question: Does the paper present a human baseline on the task?

Summary of values:
No: 305
Yes: 146

results_author_validity
Description: Whether benchmark authors directly address construct validity.
Codebook question: Do the authors present their own assessment of the validity of their benchmark? (i.e. do
they directly address the question of construct validity for their benchmark?)

results_author_validity_clean
Description: Standardised mapping of results_author_validity values for statistical analysis.
Codebook question: None

results_author_validity_detail
Description: Free-form explanation of results_author_validity.
Codebook question: If so, please describe their evidence.

results_realism
Description: Whether benchmark results compare to real settings.
Codebook question: Are comparisons made between the benchmark results and results from more realistic
settings? (e.g. MedQA vs supporting doctors in practice)

Summary of values:
No: 308
The benchmark is itself realistic: 119
Yes: 23
Other: 4

results_realism_clean
Description: Standardised mapping of results_realism values for statistical analysis.
Codebook question: None
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B.6 Procedural

authorship
Description: Authorship composition (industry or academia).
Codebook question: Authorship composition of the article

Summary of values:
Academia: 230
Mix (multiple authors from industry and academia): 186
Industry: 33
Other: 4

benchmark_availability
Description: Benchmark online availability.
Codebook question: Whether the benchmark artefact is publicly available

benchmark_location
Description: Benchmark URL.
Codebook question: A link to the benchmark, if available (GitHub or similar)

procedural_extra
Description: Optional additional notes on procedural details.
Codebook question: Other useful notes on procedural details (optional, only if something stood out)

notes_extra
Description: Final optional notes.
Codebook question: Any final notes about the paper not covered by above sections
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Figure 4: Flowchart of the systematic review process. Searching across EMNLP, NAACL, ACL,
ICML, ICLR, and NeurIPS, we identified 2,189 papers matching the keyword search, and 445 which
ultimately met the review criteria.

C Inclusion and Exclusion Process

We conducted a systematic review, using a combination of keyword search, LLM filtering, and human
filtering to identify articles. Figure 4 shows the steps of the search process and the number of papers
included at each step.

C.1 Keyword Search and LLM Filtering

Keyword search across the six target conferences identified 2,189 papers which included the keywords
‘benchmark’ and ‘LLM’ or ‘language model’ in the title or abstract. A manual scan of these articles
indicated that many articles were technical papers developing techniques for language modelling
which reported improvements on various benchmarks. Since these papers were not the target of the
review, further filtering was conducted via LLM.

For the LLM filtering, we used GPT-4o mini to identify the features about the papers relevant to
inclusion and exclusion. We processed the inclusion criteria in order, removing articles at each step
which did not meet the criteria. Table 7 shows the steps of this process.

We validated the results of this process by randomly selecting 50 articles from the 2,189 and manually
categorising them for inclusion and exclusion. Table 8 shows the confusion matrix of the LLM
exclusion relative to the human gold standard classes. The overall precision in this subset is 80%
and the recall is 89%. As such we expect the filtering to be highly effective in capturing the relevant
articles for human review, though not perfect, which we note as a limitation.

Of the overall batch of 2,189, 522 articles were selected for review, about 24%, which is similar to
the 20% of articles selected in the random sample. The fraction of the manually reviewed articles
which were included in the final study was 445, indicating that the precision in the full study was
about 85%, similar to this sample.
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Criterion LLM Prompt
Articles
Excluded

Articles
Remaining

System Prompt You are an academic assistant, filtering articles
to identify which ones are relevant to a literature
review.

- 2,189

Exclude articles which
do not implement a
benchmark

Please read the paper title and abstract below, and
tell me whether the paper creates and describes a
new benchmark for large language models.
After reading the title and abstract, please very
briefly describe whether the article implements a
new benchmark for large language models. Then,
on a new line write **Answer:** followed by a
single word answer of ‘Yes’ or ‘No’ as to whether
the article creates and describes a new benchmark.

1,251 938

Exclude articles which
require modalities be-
yond text and vision

Please read the paper title and abstract below, and
tell me the primary modality of the dataset being
used.
After reading the title and abstract, please very
briefly describe the primary modality of the article.
Then, on a new line write **Answer:** followed
by a single word answer describing the primary
modality considered in the article. Your answer
should be either Language, Image, Video, Audio,
Multimodal or Other. Use Other only when the pri-
mary modality is not one of the previous options.

92 846

Exclude articles
which are not primar-
ily about creating a
new benchmark

Please read the paper title and abstract below, and
tell me the primary focus area of the paper.
After reading the title and abstract, please very
briefly describe the primary focus of the paper.
Then, on a new line write **Answer:** followed
by a single word answer of ‘Benchmark’, ‘Techni-
cal’, ‘Methodological’ or ‘Other’ to categorize the
primary contribution.

324 522

Table 7: LLM Filtering Steps. The prompts used for progressive filtering of the articles to be
reviewed, and the number of articles excluded at each step.

Criterion
Articles
Compared

True
Inclusion

False
Inclusion

True
Exclusion

False
Exclusion

Exclude articles which do not im-
plement a benchmark

50 14 9 22 5

Exclude articles which require
modalities beyond text and vision

14 13 0 1 0

Exclude articles which are not
primarily about creating a new
benchmark.

9 8 0 0 1

Overall 50 8 2 39 1

Table 8: LLM Filtering Human Validation. A comparison between human and LLM filtering on a
subset of 50 articles drawn at random from the initial list of 2,189. Human filtering results are treated
as gold-standard. The steps were conducted in the same order as the real filtering, so that the number
of papers remaining falls at each step. The confusion matrix is shown for each step of the filtering
process.
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D Inter-rater Agreement

To assess the reliability of our annotation procedure and the consistency of coding judgments across
reviewers, we measured inter-rater agreement on a randomly selected subset of 46 benchmark papers.
Each paper in this subset was independently annotated by two reviewers using our codebook of 30
categorical items relating to phenomena, tasks, metrics, and validity claims.

Inter-rater agreement is essential in systematic reviews where subjectivity or interpretation may
influence labelling decisions. High agreement indicates that the annotation schema is sufficiently
well-defined and that results can be considered reliable across different coders. Conversely, low
agreement may indicate ambiguity in the coding process. Prior work in empirical machine learning
has emphasized the importance of such reliability assessments when coding qualitative features or
design properties [1, 2].

Given the mix of binary, multi-class, and multi-label questions in our codebook, and the presence
of strong label imbalance in many fields, we report agreement using both Percent Agreement and
Brennan–Prediger Kappa (BPK) [3].

Percent agreement is computed as the proportion of items on which both raters agreed. For binary
and multi-class fields, agreement is determined via exact label match. For multi-label questions (i.e.
‘check all that apply’), we compute the Jaccard similarity between the two sets of selected options for
each item and take the average of these values across all items as the percent agreement score.

BPK adjusts for chance agreement under the assumption of uniform response distributions and is
more robust to label imbalance than standard chance-corrected metrics such as Cohen’s Kappa, Fleiss’
Kappa, or Krippendorff’s Alpha, which often degrade in skewed settings. It is defined as:

BPK =
Po − k−1

1− k−1
,

where Po is the observed proportion of agreement and k is the number of valid response categories
for the question. For binary fields (k = 2), this simplifies to BPK = 2Po − 1.

We compute BPK for all binary and multi-class single-label questions using the corresponding value
of k. For multi-label fields, we threshold the Jaccard similarity at 0.3 and treat item pairs with
similarity above this threshold as “agreed”, thus converting the comparison into a binary decision
before applying BPK. While BPK does not handle missing values, Krippendorff’s Alpha does, it is
less suited to class-imbalanced data, and therefore we prefer BPK in our setting.

Across the 30 annotated fields, we observe a mean percent agreement of 68.1% and a mean
BPK of 0.524, indicating overall moderate consistency. Structured and objective fields exhibit
very high agreement. In contrast, interpretive or compositional fields such as task_ecology and
dataset_sampling_method show lower consistency, highlighting areas where definitions could be
improved.

These findings support the overall reliability of our coding process and offer a basis for targeted
improvements in future annotation protocols, especially in interpretive or multi-choice fields.

Additional Reviewed Papers

[1] R. Artstein and M. Poesio. “Inter-coder agreement for computational linguistics”. In: Comput.
Linguist. (2008).

[2] R. S. Geiger et al. ““Garbage in, garbage out” revisited: What do machine learning application
papers report about human-labeled training data?” In: Quantitative Science Studies (2021).

[3] R. L. Brennan and D. J. Prediger. “Coefficient Kappa: Some Uses, Misuses, and Alternatives”.
In: Educational and Psychological Measurement (1981).
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Table 9: Inter-rater agreement across all fields.
Codebook Field Question Type Percent Agreement (%) BPK
task_face_validity Multi-class 95.12 0.927
metric_access Binary 95.12 0.902
benchmark_availability Multi-class 95.12 0.939
inclusion Binary 93.48 0.870
result_interpretation Binary 92.68 0.854
metric_aggregation Multi-label 87.20 0.756
metric_face_validity Multi-class 85.37 0.780
task_train_val Multi-label 84.15 0.951
metric_metascoring Multi-class 82.93 0.787
results_human_baseline Binary 80.49 0.610
task_dataset_metadata Binary 75.61 0.512
metric_fewshot Binary 73.17 0.463
authorship Multi-class 73.17 0.642
response_format Multi-label 71.54 0.707
metric_subscores Binary 70.73 0.415
definition_integrity_detail Multi-class 60.98 0.415
results_comparison Binary 60.98 0.220
phenomenon_short Multi-label 60.98 0.220
results_realism Multi-class 58.54 0.447
definition_integrity Multi-class 58.54 0.378
definition_scope Multi-class 56.10 0.341
results_comparison_explanation Multi-class 56.10 0.341
metric_definition Multi-label 55.37 0.512
task_source Multi-label 54.23 0.561
results_author_validity Multi-class 53.66 0.305
phenomenon_defined Binary 53.66 0.073
phenomenon_contested Multi-class 48.78 0.317
exclusion_criteria Multi-class 40.00 0.200
dataset_sampling_method Multi-label 37.80 0.122
task_ecology Multi-class 31.71 0.146

Mean — 68.11 0.524
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