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Abstract

A cornerstone of machine learning evaluation
is the (often hidden) assumption that model
and human responses are reliable enough to
evaluate models against unitary, authoritative,
“gold standard” data, via simple metrics such
as accuracy, precision, and recall. The genera-
tive Al revolution would seem to explode this
assumption, given the critical role stochastic
inference plays. Yet, in spite of public demand
for more transparency in Al—along with strong
evidence that humans are unreliable judges—
estimates of model reliability are convention-
ally based on, at most, a few output responses
per input item. We adapt a method, previously
used to evaluate the reliability of various met-
rics and estimators for machine learning eval-
uation, to determine whether an (existing or
planned) dataset has enough responses per item
to assure reliable null hypothesis statistical test-
ing. We show that, for many common metrics,
collecting even 5-10 responses per item (from
each model and team of human evaluators) is
not sufficient. We apply our methods to several
of the very few extant gold standard test sets
with multiple disaggregated responses per item
and show that even these datasets lack enough
responses per item. We show how our methods
can help Al researchers make better decisions
about how to collect data for Al evaluation.

1 Introduction

Arguably, the two central questions of experimen-
tal design are: What degree of detection capability
must the study possess to ensure that a genuine
effect, if present, is measured? and How reliably
can we predict the same outcome in future trials,
given the observed evidence? Here, power anal-
ysis (PA) (Bausell and Li, 2002) helps to answer
the first question by controlling for false-negatives,
and null hypothesis statistical tests (NHSTs) — or,
in some cases, confidence intervals (CIs) — address
the second by controlling for false-positives.

For Al evaluation, nearly all existing implemen-
tations of these fundamental tools for capturing
experimental reproducibility measure only the vari-
ation of the inputs. Yet they fail to capture the vari-
ance of the output responses—model or human—
associated with each test input item.

On the model side, response variance can come
from stochastic inference, which is responsible
for the creative power of foundation models, such
as LLMs. It can also come from race con-
ditions (Shanmugavelu et al., 2024), mixtures
of experts (Shazeer et al., 2017), Monte Carlo
dropout (Gal and Ghahramani, 2016), and ensem-
bling (Lakshminarayanan et al., 2017).

On the human side, annotation and feedback
continue to play a critical role in making Al use-
ful, by providing gold standard responses. The
increasingly sophisticated behavior of Al models
has made it easier for people with little-to-no com-
puter training to interact with them (Daugherty and
Wilson, 2018).

In this paper, we present a humans-in-the-loop
method for estimating the number of test items /V,
and responses per item K, needed for reproducibly
estimating the performance difference between two
Al models, while accounting for sampling variance
across both items and responses per item, before
more data are collected and models are retrained.
This gives critical information about how to budget
resources for building benchmark datasets. Our ap-
proach, which builds on methods from Wein et al.
(2023), simulates the responses from a large pool
of human raters and two ML models, rather than
relying on methods that aggregate, and hence ig-
nore, response variance. Simulation enables us to
generate enough response data to explore the signif-
icance boundary for NHST under various metrics,
for N test examples (items) with K responses per
item for each model and pool of human raters. Our
contributions are as follows:
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* While Wein et al. (2023) used their simulator
to answer the questions of what are the best
metrics and bootstrap configurations to use,
they did not investigate the optimal trade-off
in annotator budget between number of items
N and raters per item K.

L]

The simulator of Wein et al. (2023) can only
estimate p-values for NHST. We extend the
simulator to also estimate the type-1I error
rate, allowing for statistical power.

We examine the trade-off between NV versus
K and report these results on seven real-world
datasets; by contrast, Wein et al. (2023) only
investigated p-value estimation using a sin-
gle dataset. We show that these datasets, in
their current size, lack enough responses for
reproducibility of model performance. We fur-
ther show that one can boost the reproducibil-
ity with fewer overall responses by collecting
fewer items with more responses per item. In
fact, our results in Section 5.3 indicate that,
for a fixed budget of N x K overall responses,
apportioning the budget to as many as 100
responses per item can provide more repro-
ducibility than with fewer responses per item.

2 Related Work

Statistical testing is critical to understanding state-
of-the-art performance on a task or within a domain,
in particular due to the flawed nature of bench-
marking practices in machine learning evaluation
(Ethayarajh and Jurafsky, 2020; Raji et al., 2021;
Rodriguez et al., 2021; Hernandez-Orallo, 2020).
Existing statistical tests such as Student’s t-test
(Student, 1908) are based on strong assumptions,
such as that the datasets are normally distributed
or have the same standard deviation, which are not
realistic, especially when testing the system on new
datasets (Sggaard, 2013). Dietterich (1998) applied
hypothesis testing to machine learning systems and
Dror et al. (2020); Deutsch et al. (2021) provide
a survey and guide to state-of-the-art techniques
for statistical significance testing in Al systems.
Longjohn et al. (2025) study the problem of aggre-
gating across multiple tests. All of these studies
apply to the case where each model yields a single
response and a single correct label exists for each
training example; therefore, the issue of response
variance is ignored.

More recently, Gundersen (2020) exploited

pseudo-random seeds to generate multiple model
responses that could be used for improved statisti-
cal testing in the presence of a single correct label
for each item. Goldberg et al. (2018) showed how
to revise p-value calculation when “gold” annota-
tions exist but are unknown and in their place multi-
ple noisy “bronze” annotations are available, where
the probability of a bronze annotation matching the
gold is given. In contrast, we consider settings
where annotations are subjective and, hence, there
is no single right answer but rather the ground truth
is a distribution.

Our approach incorporates response variance
from both ML models and human raters. The na-
ture of response variance of the former was stud-
ied in Szymanski and Gorman (2020), claiming
that human rater response variance on individual
items is most often due to measurable differences
in perspective or ambiguity of the item, as opposed
to noise. Nuanced analysis of the nature of re-
sponse variance in ML has been studied by R Art-
stein (2008); Plank et al. (2014); Peng et al. (2024);
Weerasooriya et al. (2023). See Plank (2022) for a
survey.

Although none of these methods have been
widely adopted, beginning with Dawid and Skene
(1979), researchers have recognized the importance
of response variance, and have sought to charac-
terize it. Most of these methods can be character-
ized as tableau-based, where items are visualized
as rows and respondents as columns of an (often
sparse) table (Passonneau and Carpenter, 2014),
and the models typically seek to jointly model both
dimensions.

Lalor et al. (2016) apply item-response theory
(IRT) to ML datasets. IRT is widely used in survey
design and educational testing, two domains where,
ironically, variance among respondents is widely
reported, but variance among the items is not. (This
makes sense for survey design, where each ques-
tion addresses a different problem, but not in ed-
ucational tests that contain multiple instances of
the same problem, such as the Scholastic Aptitude
Test (SAT).) And so they present a mirror image
to the case of ML where, generally speaking, peo-
ple tend to analyze variance along one dimension
of the tableau, regardless of the domain, although
which dimension is used depends on the domain.

Related crowdsourcing studies have examined
the trade-offs between cost and quality of anno-
tation collection (Snow et al., 2008) or gave rec-
ommendations for which crowdsourcing platforms
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and protocols to use (Wang et al., 2013). Chau
et al. (2020) explored the use of peer-review and
self-review to resolve disagreement in annotations,
and Hovy et al. (2013) developed an unsupervised
model to identify which Mechanical Turk raters are
reliable. Recent assessments of leaderboard prac-
tices have also led to models being able to indicate
which items are most useful to annotate for evalu-
ation purposes (Rodriguez et al., 2021). Welinder
and Perona (2010) developed a system to select
the most useful/informative labels to collect, which
can lead to a reduction in annotation cost.

Sheng et al. (2008) focus on ML data curation
and examines when one should obtain multiple,
noisy training labels to improve model accuracy,
assuming there exists a single correct label for each
example. Lin et al. (2014) claim that response
variance is less important than item variance — at
least for training data — and suggests collecting
more items with a single response is more valuable
than collecting multiple responses per item.

Wein et al. (2023) investigate p-value sensitivity
of both metrics and test-set sampling methods in
hypothesis testing, which therefore can affect the
power analysis. While the latter did not turn out to
be important in our study, metrics did. Clearly, dif-
ferent metrics (e.g., mean absolute error vs Spear-
man rank-correlation) will produce different scores
for the same matrix of responses, so it stands to
reason that any comparison will have different p-
values for different metrics. They model a met-
ric as a function I'(M, G), where M is a matrix
of model predictions which returns a score for
M. We assume I' is given here but focus on the
best performing of these metrics in experiments.
Homan et al. (2024) initiates a study of the trade-
off between number of items and responses using
a toy simulator. By contrast, we use real datasets
to investigate these trade-offs and perform exper-
iments that shed light on the mechanism for how
response variance provides statistical significance.
Recently, in a follow-up paper (Pandita et al., 2025)
to this work, we modeled categorical datasets using
a Bayesian approach and examined the optimiza-
tion problem of allocating a fixed human annotation
budget (N x K). The current work provides the
foundational evidence, for regression models, that
increasing responses per item (K) is often more
critical for significance than increasing the number
of items (V).

The term multistage sampling is commonly used
in statistics when the data is subsampled at multi-

ple levels of granularity, usually for stratification.
Bootstrap resampling has been applied in this set-
ting (Mashreghi et al., 2016) and so the sampling
method we describe herein can be seen as an in-
stance of these. The Pigeonhole Bootstrap (Owen,
2007) is quite different from our multistage boot-
strapping in that it resamples independently over
rows and columns to form a Cartesian product
rather than being nested.

It would be remiss not to mention other classes
of techniques besides hypothesis testing that are
commonly used for measuring statistical differ-
ences in model performance; see Riezler and Hag-
mann (2021) for a survey. Likelihood ratios provide
an alternative form of significance testing and have
been used for evaluating the impact of variability
in data characteristics and hyperparameter settings
on ML models (Hagmann et al., 2023). Estimation
statistics for reliability, most notably confidence
intervals, take variance into account to produce
a range of values and are often used to assess a
difference in model performance via non-overlap.
Circularity testing based on general additive mod-
els has been proposed for evaluating the validity of
ML models (Riezler and Hagmann, 2021).

3 Problem Statement

We wish to apply null hypothesis significance test-
ing (NHST) to compare the performance of two
ML models, A and B, on a test set of N items
with K responses per item and decide if one model
is significantly better than the other. We evaluate
this with respect to human-annotated benchmark
“gold” responses, GG, and according to a metric,
T", which we assume is provided as a design hy-
perparameter. For example, a common metric for
evaluating regression models is the mean absolute
error (differences) between model predictions and
gold annotations.

The null hypothesis assumes that the respective
model output distributions are the same in relation
to G. Our goal is to determine whether the obser-
vations would be less than 5% likely under the null
hypothesis and, therefore, the null hypothesis can
be rejected. The 5% level is what our calculated
p-values are compared against to conclude signifi-
cance. Our motivation here is to determine whether
a dataset—which we represent as GV ¥, a matrix
of N items and K responses—is large enough to
provide replicable test results. This can be applied
either post-hoc, as a test of the reliability of results,
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or at design time, before data is gathered and to
help determine how best to allocate the usually lim-
ited amount of resources available for gathering
human annotations.

A key innovation in this work is to treat a data
set GV*K (as well as the responses from models
A and B) as a matrix of responses, instead of the
pervasive simplifying assumption that G is a vector,
whose value for each item is an aggregation, such
as the mean of several independent annotator (or
model) responses. The notation captures the further
insight that the distribution of responses for each
item in a dataset is different.

4 Methods

Our main contribution is a human-in-the-loop pro-
cess that allows one to (1) estimate the amount
of data in terms of items, N, and responses per
item, K, needed to detect, with high confidence,
a difference of performance according to metric I'
of at least ¢; and (2) compute p-values for exist-
ing experimental data comparing the performance
of two models against gold data. Note that when
the amount of experimental data is insufficient we
can fit the data to a parameterized model and per-
form (1) to rerun the experiments with a sufficiently
large dataset. It is precisely this use case that our
experiments address.

Given an evaluation dataset (7, arbitrary /N and
K, € > 0 and metric I' the process has the follow-
ing steps.

1. Fit a two-stage probabilistic response model
model to G.

2. Use that model via simulation to determine
p-values for NV, K, e, and I

To fit a dataset to a response model, we create two
histograms, one of all the individual responses over
as a flat distribution and another of the average rat-
ings of each item. We then find distribution families
whose members visually match the distributions.
Finally, we use the scipy package to find optimal
parameters for the chosen model families fitting
the dataset. See Section 5.1 and the appendix for
more details.

We then use a simulator to generate new gold
responses as the same (fitted) distribution as G. We
use the same given distribution to generate data
for both A and G, so that A represents an ideal
model for G. We add perturbation (governed by
€) to this distribution to generate data for B. This

ensures that model A performs better than model B
with respect to G under almost any metric, and that
“ground-truth” p-values should converge to zero as
€, N, and/or K increase. The simulator then esti-
mates p-values (or, in the case of power analysis
1 — ) based on a large number of repetitions b.
Typically b = 10000, although power analysis re-
quires two levels of repetitions: one to generate a
distribution over effect sizes and one to estimate
the p-value, given the effect size. We report the
number of repetitions in the figures associated with
each of our results (Figure 4).

The time complexity of computing p-values in
terms of the number of calls to the metric function
I is simply b7'(I"), where 7' measures the time
complexity of I". For most of the choices of I' that
we consider here, including MAE and Wins (see
below), T'(T") is linear in the size of the matrix,
hence the total complexity is O(bN K).

5 Experiments

5.1 Data

Unfortunately, precious few public datasets have
both a large number of items and disaggregated
responses. We apply the metrics and p-value esti-
mators to the following datasets, all of which are
secondary to us. We essentially ignore the content
of each item in each dataset and use only the human
responses associated with each item. Even though
these responses were generated by humans—and we
believe modeling human annotators is a promis-
ing direction to explore—to simplify our analysis
and minimize risk we ignore any information about
those humans and treat the responses for each item
as, effectively, an anonymous sample.

In the experiments, we use the data to fit param-
eterized models. This allows us to study the per-
formance (counterfactually) of the metrics under
different values of /N, K than the ones inherent to
datasets, and for different values of € due to differ-
ent (hypothetical) models. We need to rely on coun-
terfactuals and hypotheticals, even though we have
real data, because no extant dataset has enough
responses for large enough N and K or models
with specific € for us to run our experiments, and
collecting that data would be prohibitively expen-
sive. In fact, the motivation behind this research
is precisely the problem that we need to choose
reasonable values for N and K before we collect
data, because no one has the budget to collect data
for arbitrary values of N or K.
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The MultiDomain Agreement (Leonardelli
et al., 2021) dataset contains tweets about Black
Lives Matter, the US 2020 presidential election,
and COVID-19, annotated for offensiveness. The
test set has 3057 items annotated by 5 raters
each. We fit the means and standard devia-
tions of the item responses to truncated nor-
mal distributions with (u = —0.5,0 = 1) and
(b = —0.3923,0 = 0.8502), respectively. In-
structions for directly obtaining the dataset from
the author are available at https://github.com/
dhfbk/annotators-agreement-dataset.

The Stanford Toxicity dataset (Kumar et al.,
2021) was also used in Wein et al. (2023). It con-
tains 107,620 items annotated by 5 raters each with
ratings on a 5-point Likert scale: not/slightly/mod-
erately/very/extremely toxic. We use the same dis-
tributions as they do, namely, a folded normal with
(1 =0.19,0 = 0.11) for the means and a triangu-
lar distribution with (¢ = —0.05,b = 0.21,¢ =
0.45) for the standard deviations. The data is
available at https://data.esrg.stanford.edu/
study/toxicity-perspectives. It is encrypted,
but the website gives instructions for how to de-
crypt it. There is no published license.

5.2 Fitting the Simulator to Real Data

The simulator allows us to generate many test sets
to extrapolate patterns beyond one domain or sys-
tem. By holding the item distributions for A, B,
and G fixed, we can draw from them repeatedly to
generate test sets similar to a real dataset but with
arbitrarily large values of NV and K, which would
be infeasible with actual human annotations.

Like Wein et al. (2023), for each set of responses
(from models A or B, or (), we sample from mul-
tistage parameterized models to simulate multiple
samples for fixed N and K from a data source.
This multistage process uses two probabilistic mod-
els, where for each item ¢ the second stage model
generates responses for the item P(i), while the
first stage model generates for 7 parameters unique
to ¢ for the second stage model to generate each
response (i.e., P(j|i) for response j to item 7). In
contrast to Wein et al. (2023), we choose the param-
eterized models to fit real datasets. Each dataset
has enough responses over all items for us visual-
ize the a priori distribution (i.e., P(j) for item 7,
without regard to the item i it is associated with),
say, as a histogram and use that to make informed
choices about what families of parameterized dis-
tribution might fit the data. However, none of these
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Figure 1: Shapes possible with censored normal.

datasets has enough responses per item for us to
conclude anything about the shape of the prior
distribution of responses for any item (we are not
aware of any dataset that has both enough gold
responses per item to visualize responses). And
so for the second state model, we apply the princi-
ple of maximum entropy and assume the per-item
distribution of responses is a generalized normal
distribution N (11;, 0;). With more data per item,
we could easily swap in a different family of dis-
tributions if we observed meaningful patterns in
per-item responses.

However, because we do have enough responses
over all items, we do choose for the first stage spe-
cific distributions for each dataset that, paired with
the second stage described above, fit the data. We
used the censored normal distribution for A/, which
assumes a latent continuous distribution that is not
observed exactly but measured to within intervals,
including left and right intervals which pool (not
truncate) the smallest and largest values, respec-
tively. This provides support for head and/or tail
bias; Figure 1 illustrates a variety shapes that this
distribution can capture. For example, items in the
Stanford Toxicity dataset (see Section 5.1) rated
at either extreme (either “not toxic” or “extremely
toxic”) tend to have more agreement among raters.

We use distributions fitted to each dataset from
distribution families tailored to each dataset. Note
that we chose the folded and truncated normal and
triangular distributions for these datasets based on
visually matching histograms of the responses of
each dataset, as described in Section 4. We can use
any family of distributions we like, i.e., they need
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not be any flavor of normal distribution, as long
as there are algorithmically feasible ways of fitting
them to the data. Figure 2 illustrates goodness-of-
fit for simulations of two datasets used in this paper.
Details about computing p-values and results for
additional datasets can be found in Appendix A
and B.
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Figure 2: Empirical CDFs of item-level response means
and standard deviations in (a) the Stanford Toxicity
dataset vs clipped, folded normal CDF with (u =
0.19,0 = 0.11) and clipped triangular distribution CDF
with (a = —0.05,b = 0.21,¢ = 0.45), respectively;
and (b) the MultiDomain-Agreement dataset vs trun-
cated normal CDF with (¢ = —0.5,0 = 1) and trun-
cated normal CDF with (y = —0.3923,0 = 0.8502),
respectively.

5.3 Results

We mainly used the following metrics in experi-
ments:

* Mean absolute error difference (MAE).
The distances (errors) from the per-item
mean gold response to the model response
averaged over the items: I'vag(4, B,G) =

1 N/|l1 K 1 K
sz‘ (‘sz Bij — Fzg‘ Gij
1 K 1 K
%25 A - % X Gy)
e Jtem-wise wins (Wins). The fraction of items
in the test set for which the absolute error

of A is smaller than B: I'wins(A, B,G) =
Yr 1([4; - Gil, |Bi - Gi|)/N

* Mean EMD difference (MEMD). The Earth
mover’s distance for each item between
the system and the gold standard re-
sponses, and then take the mean of those
item-wise EMDs: T'viemp (A, B, G) =
Y, (EMD(B;, G;) — EMD(4;, G;)) /N

We utilize the Variance Estimation Toolkit
(VET)! to run our experiments. We used the Python
libraries NumPy, Pandas, and SciPy, versions 2.2.3,
2.2.1, and 1.13.1, respectively. Our experiments
took various times to run, with the longest experi-
ments (producing any of the points in our figures)
running approximately nine hours.

Figure 3 demonstrates that trading off items for
responses is beneficial at a wide range of (N x K)
values, with p-value decreasing as K increases.
(The benefit of increasing K is strikingly more ap-
parent when viewing p-values vs K with a fixed NV,
but we omit these graphs for brevity.) Here I'\iar
was used with distortion € = 0.05 for Toxicity and
€ = 0.1 for MultiDomain, but similar trends were
observed using other metrics, amounts of distor-
tion, as well as different datasets. The graphs on
the left are based on using the multistage bootstrap
whereas those on the right use the baseline “flat”
bootstrap over only the items, after the per-item
responses have been aggregated. Note that the mul-
tistage bootstrap p-values are smaller, hence closer
to the ground-truth values of zero, as it makes bet-
ter use of response variance. There is indeed a
point where trading NV for K is beneficial for sta-
tistical significance: in this case, the curves hit an
inflection point before K = 500; see Figure 4.

Figure 5 graphs p-value as a function of number
of responses at € = 0.1, where the number of items
varies such that NV x K = 2500, and demonstrates
a similar trend across five different metrics.

Power Analysis

Figure 6 demonstrate greater statistical power for
Multistage Bootstrap as sample size with respect
to either number of items or responses increases,

"https://github.com/google-research/vet

4263


https://github.com/google-research/vet

® NxK=1000 L]
NxK=2500 ®

NxK=5000 (]
NxK=10000 ®

NxK=25000
NxK=50000

® NxK=1000
NxK=2500

® NxK=5000
® NxK=10000

® NxK=25000
® NxK=50000

0.4 0.4 -
wn n
=] e
7 03 T 0.3
o &
a a
o o
® 0.2 0.2
w o
3 3
S 01 S o1 \
o o
.\_
0.0 —— et 0.0 1 L
0 20 40 60 80 100 0 20 40 60 80 100
Num Responses (K) Num Responses (K)
(a) Toxicity (e = 0.05): MultiStage (left) vs “flat” bootstrap (right)
® NxK=1000 ® NxK=5000 ® NxK=25000 ® NxK=1000 @ NxK=5000 ® NxK=25000
NXK=2500 ® NxK=10000 ® NxK=50000 NxXK=2500 @ NxK=10000 ® NxK=50000
0.4 0.4
~ o
9 03 T 034
1] ]
o Q
] 0]
§ 0.21 ® 0.2 7 \\\‘
L [
3 3
s s
> 0.11 2 0.1 \
o @ =3
&— P - y
0.0 o 0.0 L
0 20 40 60 80 100 0 20 40 60 80 100

Num Responses (K)

Num Responses (K)

(b) MultiDomain (e = 0.1): MultiStage (left) vs “flat” bootstrap (right)

Figure 3: p-value vs K with I'\jag at various N x K. Each data point is the estimated from 10, 000 samples.
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Figure 4: p-value vs K with I'\jzg at various N x K
for Toxicity at log-scale on the y-axis. Each data point
is the estimated from 10000 samples.

achieving a power of 90% (i.e., probability of not
rejecting the null hypothesis when it’s false) before
baseline hypothesis tests. As usual, we use o =
0.05 as the significance level for power calculation,
i.e., the data is inconsistent with the null hypothesis
at least 95% of the time. While the power of all
these tests benefit from having more responses, the
rate of improvement is markedly more rapid for
Multistage Bootstrap.

For the baseline (paired) hypothesis tests, the
mean response of each item was pre-computed for
Model A, Model B and for “gold” G, resulting in

a;, b;, g;, respectively, for each item ¢. The base-
line tests then consider the null hypothesis that
the distributions across the items of |a; — g;| and
|b; — gi| are the same in the case of the permuta-
tion test, or have the same center in the case of
Welch’s t-test and the Wilcoxon signed-rank test.
In contrast, Multistage Bootstrap resamples both
the set of items and, for each item, the set of re-
sponses at each iteration, hence more effectively
taking into account the disaggregated distribution
of responses.

6 Discussion

Our results indicate that the number of raters and
items have a notable impact on p-value estimation,
to different degrees depending on the metric. I'yins
provides a discrete decision for each item, counting
those decisions (i.e.“wins’’) across the test set and
normalizing by the number of items. I'wyips is also
presented as a meta-metric of sorts: it can use any
item-level metric, with absolute error being used
here, and requires both models’ predictions as well
as input to directly compare their predictions at the
item level.

In general, increasing N (number of test set
items) increases the statistical power of any mea-
surement by simply providing more scores to base
the final metric score on. The more scores there are,
the more stable the variance across simulation runs
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Figure 5: p-value vs K with a fixed budget N x K =
2500 for various metrics. Each data point is estimated
from 10, 000 samples.

will be, and the lower the p-value. All examined
metrics respond well to increasing N.

Increasing K (number of responses per item)
increases the statistical power of each item level
aggregate. As K increases, the lower the variance
of an individual item’s aggregate will be across
simulation runs, thereby lowering the p-value. All
tested metrics also respond well to increasing K.

The difference between the metrics lies in the
way the item-level scores are used. For Wins,
which responds better to increasing N, the A’s
and B’s item-level scores are directly compared. In
each run, these item-level scores will vary, but in
many cases that variance won’t change the pairwise
comparison. For example, if A;’s metric score is
0.10 and B;’s is 0.12 on the first simulation, a win
is recorded for A. In the next simulation, if the
scores are 0.11 and 0.12, respectively, this score
change does not change the Win, as A;’s score is
still lower. This indicates the item-level variance in
the discrete win decision is far lower than the score
variance - so adding more responses is less likely
to further reduce the variance than adding items.

By contrast, for I'vjag and I'vignvip, any changes
in item-level metric scores do impact the variance,
both at the item and test-set level. Since the item-

1.0
Multistage Bootstrap

e ftest

0.8 ® wilcoxon
® permutation

== power=0.9

0.6

Power

0.4
0.2

0.0

200 300 400 500 600 700 800 900 1000
Number of Items

(a) Varying N with K =5

Power

Multistage Bootstrap
e fttest

0.2 ® wilcoxon
® permutation

== power=0.9
0.0

200 300 400 500 600 700 800
Number of Items

900 1000

(b) Varying N with K = 10

1.0
0.8

0.6

Power

.4
o Multistage Bootstrap

e fttest

® wilcoxon

® permutation
== power=0.9

0.2

2 4 6 8 10
Number of Responses

(c) Varying K with N = 1000

Figure 6: Power Analysis of Toxicity data (¢ = 0.1).
Each data point is the estimated from 1000 outer-level
samples, each consisting of 10000 inner level samples.

level scores come from the response distribution,
adding more responses stabilizes the simulated dis-
tributions under repeated test set generation, re-
ducing the metric variance across simulations and
lowering the p-value.

The implications of these results are that the
item/response trade-off should be handled differ-
ently depending on the metric itself, and the de-
mands on the number of raters and items are high
for all metrics in order to provide statistical guar-
antees. However, our results suggest that shifting
the budget to account for as many as 100 raters per
item could improve the sensitivity of experiment
data to effect sizes.

The datasets we explored here have simple out-
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put domains. What about generative models whose
outputs may be highly complex? In this case, the
ratings tend to be specific for each model, provided
by a human or, increasingly, another generative
model. And the ratings tend to be simple. In this
case, our methods can be adapted. Essentially, we
drop the gold dataset and only model the distribu-
tion of ratings received for each models not the
actual model responses. This also requires a differ-
ent comparision metric that does not require a gold
dataset and instead of model responses takes as in-
put the ratings each model received for its outputs.
However, the basic process is the same.

7 Conclusion

In this work, we experimented with simulated data
in order to examine the trade-off between the num-
ber of items and the number of responses per item
necessary to compare two models against human
judgments with statistical significance (p < 0.05).
As expected, we see that when two models are more
similar in performance, a greater number of anno-
tations is required to achieve significance on their
comparison. Further, the metric itself affects the
utility of an increase in either items or responses.

These results suggest that current evaluation
practices are not sufficient to confidently assess
two models’ performance against gold judgments,
as using 25,000-50,000 annotations in a test set
is rarely seen. Even when using 1000 items, at
least 25 raters are needed for models to achieve
significance with MAE.

Additionally, we found that the trade-off be-
tween the number of items and the number of
responses per item depended on the metric. For
two of our tested metrics, MAE and mean EMD,
adding more responses than items is a more optimal
division to achieve lower p-values. For the Wins
metric, the opposite is true: more items and fewer
responses per item lead to lower p-values. Still, in
all cases for all metrics, increasing the total num-
ber of responses consistently lowers p-values, and
thereby increases the sensitivity of the evaluation
instrument. For real-world data, we actually found
MAE to be more sensitive than Wins.

Limitations

The effectiveness of Wein et al. (2023)’s simulator
depends on how well the probabilistic models cap-
ture realistic distributions of responses over items.
Although we used rigorous methods to fit the pa-

rameters of these distributions to our datasets, our
choice of distribution family to use for each dataset
was based on visual inspection of the data. Given
more datasets with disaggregated responses, we
hope in future work to develop rigorous methods
for model selection. However, the dearth of such
publicly-available datasets impedes progress in this
direction. One key limitation future work will ad-
dress is that we treat the responses as independent
from item-to-item, when in reality responses usu-
ally depend on which human annotator or instance
of a model produced the response. Hypothesis
testing such as that described here is not a compre-
hensive measure of data quality; it only estimates
the likelihood of sampling error. It does not ac-
count for sampling bias, leading to data that is not
representative of the sampling distribution.

The simulator is only intended to capture the
complexity of the annotations. It is not intended
to capture the complexity of real model predic-
tions but rather to compare a near-perfect model,
A, against a version, B, that has been perturbed by
a controlled amount via a variance parameter. In
practice, this functions as an approximate bound
on the model response variance.

Otherwise, we have taken precautions to avoid
common “p-hacking” pitfalls, such as that the null
hypothesis and significance threshold o are inde-
pendent of the dataset. We attempt to avoid op-
tional stopping by performing power analysis.

While the distribution of responses depends on
each item, we do not assume a fixed correspon-
dence between annotations and raters. This as-
sumption is valid, for example, with a large rating
pool where each rater annotates at most one item.
Therefore, there is no meaningful ordering of the
responses within each item. For convenience, we
use the term “matrix” for what is really a sequence
of multisets. Modeling the dependence of annota-
tions from the same raters across multiple items is
something we chose to ignore in this paper so as
not to distract from its main focus on the impact of
response variance on hypothesis testing.

Ethical considerations

The paper focuses on a method to ensure that
enough data is collected during testing to ensure
that large enough observed differences between
the performance of two models on the data are
significant. While such analysis can ensure that
experiment results are meaningful and replicable,
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p-values have a tendency to be used more than they
are understood. It is important to understand what
p-values guarantee and what the limitations of our,
or any other particular NHST framework, are. Mis-
interpreting the analysis can lead to dishonest or
misleading claims about the reliability of the data
for testing.
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A Using the simulator to estimate
p-values

A.1 Simulator

We use a simulator to generate “gold” annotations
and model predictions by modeling the responses
for each item as a random variable. The purpose
of this is to be able to control how similar, or dif-
ferent, predictions from models A and B are to G
as well as to each other. By using the same given
distribution to generate data for both A and G, and
by adding perturbation (governed by parameter )
to the given distribution to generate data for B,
we can ensure that model A performs better than
model B with respect to G under almost any metric,
and that “ground-truth” p-values should converge
to zero as €, N, and/or K increase.

The simulator takes input parameters N and
K, along with perturbation parameter €. In the
first stage, it randomly chooses hyperparameters
01,...,0n8 ~ Pjitems, each corresponding to an
item 6;, from a fixed distribution that serve as
model parameters for the second stage. In the sec-
ond stage, for each item ¢ we sample K responses
from a second distribution Py.csponses(0i). We do
this for each of the datasets, respectively repre-
senting responses from gold annotations, GV * %
and two models, ANV*X and BN*K The specific
distributions that were used in our experiments
were modeled from real datasets; for details see
Appendix 5.2.

These choices operationalize a solution to the
paradox that one must have data in G, A, and B to
know if it has enough statistical power. Instead, we
simulate a set of gold items and responses () and
then simulate an ideal model (A) — ideal because
it draws its simulated responses from the same dis-
tribution as the gold — and then explore how such
an ideal system would compare in significance to
another model (B) whose response distributions
differ from gold by an amount (e¢) we experimen-
tally control. This gives us a-priori control over
the hypothesis test, because we know which model
is better through a controllable parameter.

For any given selection of N and K, we have
response matrices GV *% and AN*X and, for each
¢, a matrix BV XK€ We then seek to compare A
and B to each other to determine which is better;
the answer should almost always be A unless € = 0.
When evaluating Al models, the comparison of
A and B involves differencing each of their item
responses to those of GG using a suitable metric,
which is then aggregated across the items. We
compare the performance between A and B via
I'(A, B,G).

A.2 Estimating p-values

Given N, K, and ¢, p-values are esti-
mated by drawing b (bootstrap) resam-
ples Sy, = <G]1VXK,A{VXK,B{\;XK>, ey

(G?XK,AéVXK,BlﬁXK) for the alternative
hypothesis according to the process described in
Section A.1. Since the null hypothesis makes
the assumption that the distributions of A and
B are the same with respect to G, we construct
Spuu by pooling the items from AN*K and
BN*K and then independently sampling from

this pool. When sampling responses from A,
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for each item ¢, we sample each response by
sampling from Prcsponses(8i), where 8; = (14, o).
Sampling responses from B is similar but we first
choose d; ~ Unif(—e¢,¢€) and then sample from
Presponses(ei), where 0; = (Hz + 4, Ui)-

Next, we estimate the expected p-value under the
alternative hypothesis as the average one-sided p-
value over all samples in .S,;;, computed by count-
ing for each sy = (G%XK, Ai\lftXK, Bi\l[tiK> €
Sait the fraction of samples s, € Shyn Where
['(spun) 1s at least as extreme as I'(s4;¢). Here “at
least as extreme” is determined by computing I",;;
(respectively, I';,,,17), the median of I" over S,;; (re-
spectively, Spui). If gz > Ty, then “at least as
extreme” means I'(S,q11) > T'(sq¢). Otherwise, it
means I'(sp11) < T'(Sqi¢). The estimator is fast to
compute if the I" values are presorted, and because
it is averaged over a large number of samples from
the alternative hypothesis, it is a robust estimator
for determining whether N x K is a large enough
sample size.

Finally, as is typical for NHST, we reject the null
hypothesis when the p-value is below the signifi-
cance level o = 0.05.

B Results on Additional Datasets

The Amazon reviews dataset (Zhang et al., 2015)
contains 20,415 products rated by 5 reviewers
on a scale of 1-5, which were selected from the
full dataset of reviews from 6, 643, 669 users on
2,441,053 products from those products having at
least 5 reviews. We fit the means and standard de-
viations of the item responses to truncated normal
distributions with (z = 0.552121, ¢ = 0.032093)
and (p = 0.318177,0 = 0.018281), respectively.

The HS-Brexit dataset (Akhtar et al., 2021)
contains 1120 tweets related to Brexit and is la-
beled for hate speech by 6 raters each. We fit
the means and standard deviations of the item
responses to truncated normal distributions with
(u = —0.278260,0 = 0.181938) and (u =
—0.340141, 0 = 0.408186), respectively.

The ConvAbuse dataset (Cercas Curry et al.,
2021) contains 4185 dialogues between users and
two conversational agents and is labeled for abuse
by at least 3 experts each. We fit the means and stan-
dard deviations of the item responses to truncated
normal distributions with (¢ = 1.124694,0 =
0.512993) and (u = —0.324344,0 = 0.417337),
respectively.

The ArMIS dataset (Almanea and Poesio, 2022)

contains 964 Arabic tweets for misogyny detec-
tion and is labeled by 3 raters each. We fit
the means and standard deviations of the item
responses to truncated bi-normal distributions
with (43 = —0.430701,01 = 0.418148, o =
1.194010,01 = 0.525248) with the likelihood
of choosing the first distribution as 0.652561
and (u; = —0.264113,017 = 0.530150, uy =
0.362404, 0o = 0.632262) with the likelihood of
choosing the first distribution as 0.76639, respec-
tively.

The Measuring Hate Speech (MHS) dataset
(Sachdeva et al., 2022) contains 39,565 comments
labeled for hate speech by 7912 raters. We fit
the means and standard deviations of the item
responses to fruncated normal distributions with
(n = —0.211147,0 = 0.106442) and (u =
—0.243672, 0 = 0.148406), respectively.

Tables 1-3 show the results for minimum p-
value, K, and corresponding effect size (A) for
lowest N K with p < 0.05 for different e. In Table
2 (e = 0.1), we observe that minimum p-values are
consistently obtained with a higher X' = 100 for
all datasets except MHS, where minimum p-values
are obtained at K = {5,10}. We notice a similar
trend for e = 0.0.05 and € = 0.2. Figures 7-11
show results for p-values for e = 0.1 for different
datasets and metric combinations.
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Figure 7: p-value plots for Amazon dataset, e = 0.1.
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Figure 8: p-value plots for HS-Brexit dataset, e = 0.1.
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Figure 9: p-value plots for ConvAbuse dataset, e = 0.1.
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Figure 10: p-value plots for ArMIS dataset, e = 0.1.
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Figure 11: p-value plots for MHS dataset, e = 0.1.
Dataset ‘ Stat ‘ I'vag IM'wins I'veMD Dataset ‘ Stat ‘ I'mag I'wins I'mveEMD
NK 10000 25000 25000 NK 2000 5000 4000
Toxicity p-value | 0.047 0.026 0.011 Toxicity p-value | 0.041 0.040 0.024
K 100 100 100 K 100 100 100
A 0.007 0.227 0.546 A 0.021 0.443 1.403
NK 100000 - 100000 NK 20000 40000 20000
MultiDomain | p-value | 0.019 - 0.033 MultiDomain | p-value | 0.015 0.030 0.024
K 100 - 100 K 100 100 100
A 0.006 - 0.195 A 0.018 0.169 0.546
NK 40000 100000 - NK 4000 10000 25000
Amazon p-value | 0.043 0.031 - Amazon p-value | 0.039 0.042 0.045
K 100 100 - K 100 100 100
A 0.005 0.118 - A 0.018 0.335 0.331
NK - - - NK 100000 100000 50000
HS-Brexit p-value - - - HS-Brexit p-value | 0.009 0.037 0.047
K - - - K 100 100 100
A - - - A 0.004 0.077 0.153
NK 40000 100000 40000 NK 10000 20000 10000
ConvAbuse p-value | 0.020 0.037 0.033 ConvAbuse p-value | 0.010 0.028 0.020
K 100 100 100 K 100 100 100
A 0.009 0.093 0.279 A 0.025 0.212 0.732
NK 100000 - 100000 NK 20000 40000 20000
ArMIS p-value | 0.025 - 0.047 ArMIS p-value | 0.018 0.035 0.024
K 100 - 100 K 100 100 100
A 0.005 - 0.169 A 0.016 0.158 0.491
NK 20000 40000 20000 NK 4000 5000 4000
MHS p-value | 0.041 0.044 0.037 MHS p-value | 0.028 0.044 0.040
K 100 100 100 K 10 5 10
A 0.001 0.107 0.246 A 0.004 0.049 0.053

Table 1: Minimum p-value, K, and corresponding effect

size (A) for lowest N K with p < 0.05 (¢ = 0.05).

Table 2: Minimum p-value, K, and corresponding effect

size (A) for lowest N K with p < 0.05 (e = 0.1).
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Dataset | Stat | M'vag Twins I'memD
NK 500 1250 1250
Toxicity p-value | 0.048  0.045 0.046
K 50 5 50
A 0.045 0.192 1.056
NK 2500 10000 4000
MultiDomain | p-value | 0.042  0.026 0.029
K 50 50 100
A 0.042  0.246 1.390
NK 1000 2500 4000
Amazon p-value | 0.024  0.041 0.018
K 100 50 100
A 0.053 0479 1.220
NK 10000 20000 10000
HS-Brexit p-value | 0.024  0.030 0.024
K 100 50 100
A 0.014  0.129 0.531
NK 2000 4000 2000
ConvAbuse p-value | 0.023  0.037 0.044
K 50 10 100
A 0.057 0.127 1.659
NK 4000 10000 4000
ArMIS p-value | 0.018  0.028 0.034
K 100 25 100
A 0.043  0.154 1.250
NK 200 200 1000
MHS p-value | 0.038  0.039 0.016
K 1 1 10
A 0.020  0.097 0.185

Table 3: Minimum p-value, K, and corresponding effect
size (A) for lowest N K with p < 0.05 (e = 0.2).
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